ACT

AOI: 10.11234.2024.00031
ACT2024: Special Proceedings of Applied Computer Technology

Revolutionizing fish resource identification and management through Al
Technology

Dr. Nallakumar R, Aravindhan S, Aswath S, Pradeep M, Praveen S

Department of Artificial Intelligence and Data Science
Karpagam Institute of Technology Coimbatore-641105

Email of Corresponding author: nallakumar.ai@karpagamtech.ac.in , aravindhkumar5506 @gmail.com,

Abstract: The depletion of oceanic resources has
necessitated the implementation of innovative
technologies for the management and identification of
fish stocks. The integration of Artificial Intelligence (Al)
and the Internet of Things (IoT) holds significant promise
for revolutionizing the fisheries sector by enhancing data
precision and facilitating real-time decision-making. This
paper outlines a system that utilizes Al for fish detection
and location forecasting, employing ultrasonic sensors in
conjunction with 1oT cloud computing. The system
operates with solar-powered equipment that not only
detects fish but also geotags their locations, transmitting
real-time information to the cloud for further analysis.

The data collected is subsequently processed through
machine learning algorithms to identify areas abundant in
fish, thereby contributing to sustainable fishing practices.
Numerous studies have validated the effectiveness of Al
in sonar image classification (Beni & Rabhi, 2021) and in
monitoring marine ecosystems (Chen, Liu & Zhou, 2020),
demonstrating the feasibility of this approach. The
proposed system is designed to be energy-efficient and
cost-effective, offering a promising yield-based strategy
for the management of marine resources while also being
easily scalable.

In summary, the combination of Al and IloT
technologies presents a transformative opportunity for the
fisheries industry, enabling better resource management
and supporting sustainability efforts. By leveraging
advanced data processing techniques and real-time
monitoring capabilities, this system aims to enhance the
overall efficiency of fishing operations and promote the
conservation of marine ecosystems.
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l. INTRODUCTION

Fish serve as a vital source of livelihood and nutrition
for around 40 million individuals worldwide.
Nevertheless, the absence of effective monitoring
systems, coupled with unsustainable fishing practices,
has placed significant pressure on marine ecosystems.

2. The integration of artificial intelligence (Al) and
Internet of Things (loT) technologies into the
management of fishery resources offers remarkable
opportunities for real-time monitoring and intelligent
forecasting. This advancement not only bolsters
ecosystem protection but also promotes sustainable
fishing practices. By utilizing Al algorithms, resource
planning can identify and predict relevant data streams
effectively. Research indicates that deep learning
methods are proficient in monitoring marine ecosystems
(Chen, Liu, & Zhou, 2020) and classifying fish through
sonar imagery (Beni & Rabhi, 2021), highlighting the
potential of Al in the fisheries sector.

3. This paper introduces an innovative method for
detecting fish presence and forecasting productive
fishing areas through the use of ultrasonic sensors,
cloud computing, solar-powered devices, and Al
algorithms. This approach aims to enhance the
efficiency of fishery management while ensuring the
sustainability of marine resources.
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1. LITERATURE REVIEW

The integration of Artificial Intelligence (Al) into marine
sciences and fisheries has catalyzed a paradigm shift from
traditional resource-intensive  methodologies  to
intelligent, data-driven systems. This section explores the
advancements in Al technologies as applied to fish
species identification, behavioral analysis, stock
management, aquaculture  automation, and the
overarching challenges that still need to be addressed.

Al in Fish Species Identification

The identification of species is crucial for the
conservation of biodiversity, ecological monitoring, and
the management of sustainable fisheries. Traditional
methods of identification, which primarily rely on
morphological traits, require significant taxonomic
knowledge and are prone to human error. Recently,
advancements in deep learning, especially through
Convolutional ~ Neural ~ Networks (CNNs), have
demonstrated remarkable potential in automating the
classification of fish species using images and videos. For
example, Siddiqui et al. (2018) created a CNN-based
framework that can classify more than 20 different fish
species, achieving an impressive accuracy rate of over
95%. This model was developed using extensive
annotated datasets of underwater fish images, showcasing
the capabilities of artificial intelligence in facilitating real-
time ecological research. Additionally, Mandal et al.
(2020) enhanced accessibility by incorporating these
models into mobile applications, enabling local fishers
and citizen scientists to engage in biodiversity monitoring
with minimal technical expertise.

Behavioral and Environmental
Machine Learning

Monitoring Using

Al models have evolved from merely classifying data to
performing dynamic behavioral analyses, which enhances
our comprehension of fish ecology. Techniques such as
supervised learning, including Random Forests, Long
Short-Term  Memory  (LSTM)  networks, and
Reinforcement Learning (RL), are employed to interpret
temporal data, encompassing movement patterns,
spawning activities, and habitat utilization.

In a study by Rathi et al. (2021), unsupervised clustering
methods were utilized to uncover behavioral trends within
fish farms, aiding in the identification of anomalies that
could signal issues like disease outbreaks, overcrowding,
or environmental stressors. Similarly, research by Yu et
al. (2019) leveraged LSTM models to predict migratory
paths influenced by factors such as water temperature,
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salinity, and food supply, thereby enhancing the spatial
planning of marine protected areas.

These advanced techniques are also applicable in the
realm of acoustic telemetry, where machine learning
algorithms are employed to categorize fish signals
obtained from sonar and hydrophone systems. This non-
invasive methodology plays a crucial role in the study
of deep-sea species that are typically challenging to
observe in their natural habitats.

Al in Fishery Stock Assessment and Resource
Management

Stock assessment has historically depended on
statistical models and periodic sampling surveys.
However, these traditional approaches often fall short in
providing the responsiveness and detail required for
contemporary, real-time fisheries management. The
introduction of artificial intelligence has revolutionized
this field by delivering predictive models that utilize
diverse data sources, including satellite imagery,
climate information, fishing vessel trajectories, and
biological metrics.

A notable example is Global Fishing Watch, which
harnesses Al and satellite tracking technology to
oversee fishing activities worldwide and identify trends
related to Illegal, Unreported, and Unregulated (1UU)
fishing. Their innovative system employs pattern
recognition and anomaly detection techniques to
highlight suspicious activities almost in real-time,
thereby improving transparency in the governance of
global fisheries.

Furthermore, research by Chen et al. (2020) introduced
a hybrid forecasting model that integrates Support
Vector Regression (SVR) with genetic algorithms to
anticipate fish population trends in the South China Sea.
This model effectively incorporates both biological and
human-induced factors, resulting in more accurate and
flexible management strategies.

Automation and Al in Aquaculture

In the field of aquaculture, artificial intelligence is
being incorporated into precision aquaculture systems.
These systems utilize real-time data collected from loT
sensors to enhance feeding schedules, identify
irregularities in water quality, and diagnose potential
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diseases. This integration leads to reduced waste,
decreased operational costs, and improved health
outcomes for fish.

A notable example is the work of Zhang et al. (2019),
who developed an edge-computing system that employs
deep learning techniques to identify disease symptoms in
salmon by analyzing facial deformations and color
variations. This system, paired with intelligent sensors
that track water pH, temperature, and ammonia levels,
facilitates automated responses through actuator-based
control mechanisms.

Additionally, advancements are being made with the
deployment of autonomous underwater vehicles (AUVS)
and drones that are fitted with Al-enhanced cameras and
sonar technology. These innovative tools are capable of
inspecting fish cages, assessing biomass, and mapping
seabed conditions—activities that traditionally required
the expertise of divers or the use of manual equipment.

1. PROPOSED SYSTEM

1. The proposed system presents a comprehensive
approach that combines Atrtificial Intelligence (Al), the
Internet of Things (loT), and renewable energy
technologies to facilitate the effective and immediate
identification and management of fish resources. This
architecture is specifically crafted to allow for remote
implementation, scalability, and cost-efficiency, making it
particularly beneficial for small to medium-sized
fisheries.

2. The system is composed of several key components
that work together seamlessly. An ultrasonic sensor array
is installed underwater to detect the presence and
movement of fish by sending out ultrasonic pulses and
analyzing the returning signals. A microcontroller unit
(MCU), such as a Raspberry Pi or Arduino, processes the
initial data from the sensors and oversees communication
with the 10T module. The Al module, which can be either
locally embedded or cloud-hosted, utilizes a machine
learning model trained on sonar and environmental data
to classify different fish species and estimate their
density. Additionally, each sensor unit is equipped with a
GPS module to provide real-time geotagging of fish
locations.

3. To ensure energy efficiency, the entire sensor module
is powered by solar panels, making it suitable for
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deployment in remote or offshore areas. The
microcontroller sends data to a cloud-based platform
through 4G/LTE or satellite communication, depending
on the geographical context. This centralized cloud
system not only receives and stores incoming data but
also processes it, hosting Al algorithms when edge
processing capabilities are limited. End-users, including
fishermen, marine biologists, and fisheries departments,
can access valuable insights through an interactive
dashboard or mobile application, which features tools
such as fish density heatmaps, real-time tracking of fish
locations, and alerts for predictive fishing zones
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Fig 1. Proposed System Block diagram

V. WORKING MECHANISM

The Integrated Fish Resources Management System
employs both hardware and software components which
obtain important information about fish resources for
management purposes. The system has no operational
limitations in terms of geography, as a solar panel and
battery system power the unit, allowing for continuous
use in remote oceanic locations. At the system's core is
an Arduino microcontroller, which gathers data on fish
presence and activity through an underwater ultrasonic
sensor. A GPS module simultaneously marks the
location of detected fish, allowing for geo-spatial
visualization of fish aggregating areas. Using a GSM or
WiFi module, the data is sent to an 10T cloud platform,
with the preference in offshore areas being GSM. The
cloud platform organizes and stores data in real-time for
future use, feeding it into a machine learning model
written in Python. This model utilizes both the present
and pre-existing datasets to provide forecasts on regions
predicted to have high fish populations. These regions



are made available to the fishermen and other
stakeholders through a web-based dashboard that
provides alerts, with the ability to send SMS or emails
from the system to alert users actively.

V. METHODOLOGY

Hardware Setup: The system consists of a
microcontroller, solar panel, battery, GPS module, and an
ultrasonic sensor. It uses an loT system to log detected
fish information. Each 10T system is designed for specific
locations in order to enhance fish tracking and

forecasting.

Fig 2. Electronic circuits setup for fish detection

Basic data capture: Information about the detected fish
and their respective coordinates are gathered and
transferred via wireless communication to cloud servers.
Virtual 10T gateways on board enable users to access fish
data anywhere.

Data Processing: A model capable of predicting zones
populated by high density fish can be created with the
help of machine learning libraries in python.
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Visualization: Fishery planners can make use of
enhanced dashboards displaying the data along with
predictions.
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Fig 3. Dash board displaying number of detected fishes

VI. SYSTEM ARCHITECTURE
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Fig 4. System architecture

1. The initial layer focuses on data collection, utilizing
underwater cameras and drones to capture real-time
video and images in marine settings. These devices can
be mounted on various platforms such as boats, buoys,
or autonomous underwater vehicles (AUVS).
Additionally, 10T sensors gather crucial environmental
data, including temperature, salinity, pH levels, and
dissolved oxygen, while GPS technology aids in precise
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location tracking. Fishing vessels and mobile applications
also contribute by allowing fishers to manually input data
regarding their catches, including species type, time, and
location.

2. The second layer encompasses data ingestion and
storage, where edge computing devices perform
preliminary filtering and processing directly at the
collection sites, such as on boats or buoys. For broader
storage needs, cloud solutions like AWS S3 and Azure
Blob Storage provide scalable options for multimedia
data, sensor logs, and associated metadata. Furthermore, a
data lake or warehouse organizes both structured and
unstructured data, facilitating analytics through platforms
like AWS Redshift and Google BigQuery.

3. The third layer is dedicated to Al processing and
analytics, employing computer vision models, particularly
Convolutional Neural Networks (CNNs), to identify fish
species from images and videos. Techniques such as
object detection and classification, including YOLO and
Faster R-CNN, are utilized. Additionally, time-series and
predictive models like LSTM and ARIMA analyze
historical catch data and environmental factors to forecast
fish stock trends and migration patterns. Anomaly
detection methods are implemented to spot illegal fishing
activities or ecological disruptions, while data fusion
techniques enhance predictions by integrating multiple
data streams. The application and interface layer provides
a fisher dashboard for real-time species recognition,
fishing zone recommendations, and market price
forecasts, alongside an admin portal for regulatory access
to analytics and alerts. Finally, a feedback loop allows
fishers to validate Al predictions, contributing to ongoing
model refinement and accuracy.

VII. RESULT AND DISCUSSION
1. Fish Detection and Location Accuracy

The prototype system, which employs the JSN-SR04T
ultrasonic sensor, underwent testing in controlled aquatic
settings to replicate real-life fish detection scenarios. This
sensor effectively measured underwater distances and
identified objects resembling fish schools at distances of
up to 4 meters.

The findings indicated that the system could recognize
fish-like echoes based on established distance parameters,
providing real-time data with minimal delay.The GPS
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module consistently produced coordinates with an
accuracy of +3 meters in open areas, facilitating precise
geotagging of fish locations.

This information was displayed on the Blynk Map
Widget, allowing users to visually monitor areas with
high fish concentrations. Such accurate spatial tagging
empowers fishermen to optimize their operations by
focusing on regions abundant in marine life, enhancing
their chances of successful catches.

<

10T

DISTANCE HUMIDITY

26 ( 29 ‘ 74
®

(o] 100000 (o] 100 o 100

TEMPERATURE

Fish Detected Medium

www.google.com/maps/dir/10.208264,...

iot send data

Fig 5. Spacial location of concentrations of fishes shown in
Blynk Map Widget.
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2. Environmental Data Monitoring



The DHT11 sensor was employed to continuously track
ambient temperature and humidity levels in the fishing
zones. The data collected revealed fluctuations in
temperature and humidity, which were visualized in real-
time through the Blynk app.

These environmental metrics were integrated into
machine learning models to identify patterns in fish
behavior. For example, increased water temperatures in
shallower areas were associated with higher rates of fish
detection, providing valuable insights for fishing
strategies.

3. Cloud-Based Real-Time Monitoring Using Blynk
API

The integration of the Blynk APl was a fundamental
aspect of this system, facilitating real-time monitoring
and control. The ESP8266 microcontroller was
responsible for transmitting data regarding fish counts,
locations, and environmental conditions to the Blynk
Cloud via virtual pins.

The Blynk dashboard offered users a comprehensive
interface to view fish presence through gauges and
numerical values, track locations on a map, and monitor
temperature and humidity trends via line charts.
Additionally, users received push notifications when fish
detection exceeded specific thresholds, such as when the
fish count surpassed ten. This functionality significantly
improved the system's accessibility, allowing for effective
remote monitoring and management of fishing activities.
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VIIl. CONCLUSION

The convergence of Artificial Intelligence and IloT
technologies offers a groundbreaking opportunity for the
fisheries industry, particularly in tackling issues such as
overfishing, inefficiency, and environmental harm. The
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proposed system utilizes ultrasonic sensors, real-time
geolocation, cloud computing, and machine learning to
accurately detect, classify, and predict fish populations.
Utilizing renewable solar energy, this system is
designed to be sustainable, cost-effective, and adaptable
for extensive implementation across diverse marine
settings.

This innovative approach facilitates real-time
monitoring and predictive analytics, equipping
fishermen with valuable insights that minimize reliance
on manual labor and enhance data-driven decision-
making. Additionally, it serves as a crucial resource for
regulatory agencies and marine researchers, enabling
them to track fish populations and promote responsible
harvesting practices.

In essence, this initiative presents a practical and
forward-thinking solution that aligns with global
objectives for sustainable fishing and marine
conservation, ultimately contributing to the long-term
vitality of our ocean ecosystems.
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