Article

An IoT-Enabled Intelligent Monitoring System for
Sustainable Aquaculture

Dalenda Bouzidi ¥*, Mbarka Belhaj Mohamed 2, Manar Khalid Ibraheem ?,
Abdullah Ali Jawad Al-Abadi ! and Ahmed Fakhfakh 3

1 Laboratory of Signals, Systems, Artificial Intelligence and Networks (SM@RTS), Digital Research Center of
Sfax (CRNS), University of Sfax, National School of Engineers of Sfax (ENIS), Sfax 3038, Tunisia

2 Laboratory of Signals, Systems, Artificial Intelligence and Networks (SM@RTS), Digital Research Center of
Sfax (CRNS), University of Sfax, National School of Engineers of Gabes (ENIG), Gabes 6029, Tunisia

3 Laboratory of Signals, Systems, Artificial Intelligence and Networks (SM@RTS), Digital Research Center of
Sfax (CRNS), University of Sfax, National School of Electronics and Telecommunications of Sfax
(ENET’com), Sfax 1163, Tunisia

* Correspondence: dalendabouzidi9l@gmail.com

Abstract

Aquaculture plays a crucial role in ensuring global food security; however, it continues to face
persistent challenges, including water quality degradation, delayed disease detection, and inefficient
manual monitoring practices. To address these limitations, this study presents an intelligent
aquaculture monitoring system that integrates Internet of Things (IoT) and Artificial Intelligence (AI)
technologies to enable real-time, data-driven management of aquaculture environments. The system
architecture combines ESP32-CAM microcontrollers equipped with temperature and pH sensors for
continuous environmental monitoring and a mobile application for visualization and alerts. A
lightweight YOLOv8n model was trained on a publicly available fish disease dataset to automatically
detect six common fish diseases, achieving an overall mean Average Precision (mAP@0.5) of 0.983,
with balanced precision and recall across all categories. Experimental results demonstrate the
system’s ability to provide timely alerts, reliable sensing, and accurate disease classification in
resource-constrained environments. By uniting IoT-based sensing with Al-driven diagnostics, the
proposed system enhances operational efficiency, supports early intervention, and contributes to
more sustainable and resilient aquaculture practices.

Keywords: aquaculture monitoring; Internet of Things (IoT); Artificial Intelligence (Al) ; fish disease
detection; YOLOv8n

1. Introduction

Aquaculture is one of the fastest-growing food production sectors, crucial for meeting global
protein demand and strengthening food security [1,2]. Yet, traditional practices remain constrained
by labor-intensive monitoring, inconsistent water-quality control, and delayed responses to
environmental changes [3,4], increasing disease risk and resource inefficiency [5].

Manual visual inspection of fish health is subjective and costly [6], while intermittent water-
quality checks overlook rapid parameter shifts such as pH or temperature fluctuations [7]. Moreover,
the lack of integrated data management limits long-term analysis and proactive decision-making [3],
leading to stock losses and reduced efficiency, particularly in small- and medium-scale farms.

Recent advancements in the IoT have revolutionized aquaculture through real-time, data-driven
monitoring and control of aquatic environments. IoT-based systems integrate sensor networks,
actuators, and cloud or edge analytics to continuously track key water quality parameters, including
temperature, dissolved oxygen, pH, turbidity, and ammonia.
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These systems enable early anomaly detection and automated responses, improving operational
efficiency and sustainability. The integration of Artificial Intelligence and Edge Computing known
as the Artificial Intelligence of Things (AloT) further enhances system intelligence and
responsiveness. Al models support water quality prediction, feeding optimization, and early disease
detection, while edge processing reduces latency and dependence on cloud connectivity, which is
crucial in remote settings. However, challenges remain in scalability, energy efficiency, sensor
precision, and Al model generalize on across species and environments. To address these limitations,
this study develops and evaluates an IoT-based intelligent aquaculture monitoring system combining
real-time sensing, Al-driven decision-making, and automated actuation.

The proposed system employs industrial-grade pH and temperature sensors linked to ESP32-
CAM microcontrollers with Wi-Fi transmission to a cloud backend at five-minute intervals. A
threshold-based alert mechanism identifies critical deviations, while an integrated vision module
captures fish images analyzed in real time using an optimized YOLOv8n model trained on seven
common diseases. This modular, low-cost, and scalable framework demonstrates a practical solution
for sustainable aquaculture through enhanced environmental monitoring and early disease
detection.

The remainder of this paper is organized as follows: Section 2 provides a review of relevant prior
work in the field of aquaculture monitoring, highlighting key contributions and existing challenges.
Section 3 offers a concise overview of the proposed aquaculture monitoring system, outlining its main
components and functionalities. In Section 4, we detail the implementation of the system and present
the validation results, accompanied by critical analysis and discussion. Finally, the paper concludes
with Section 5, where we summarize the main findings and suggest potential directions for future
research.

2. Related Works

In recent years, the convergence of Internet of Things, artificial intelligence and edge computing
technologies has significantly advanced intelligent aquaculture monitoring systems, aiming to
enhance productivity, optimize environmental conditions and reduce manual labour and resource
waste. Tsai et al. [8] developed an IoT-based smart aquaculture system integrating wireless sensors
for temperature, pH, dissolved oxygen and water hardness with fuzzy-logic-based aeration and
feeding control, achieving a 33.3% increase in shrimp survival compared with conventional systems.
Jais et al. [9] improved the accuracy of low-cost IoT sensors for Asian seabass aquaculture through
simple linear regression calibration, obtaining accuracies from 76% to 97% and relative errors from
0.27% to 4%. In resource-constrained settings, Nguyen et al. [10] introduced an edge computing
model combining IoT sensors (temperature and pH) with an LSTM algorithm for real-time water
quality forecasting, emphasising high reliability and responsiveness. Saosing and Nattawuttisit [11]
designed a vision-based monitoring system for red claw crayfish post-larvae using ESP32 cameras
and YOLOv5s on Raspberry Pi, achieving F1 scores from 0.85 to 0.93 depending on lighting and
molting conditions. Wan et al. [12] proposed a modular, low-cost IoT system for aquaponic farming
using environmental sensors and a smart camera within a three-tier edge-cloud architecture, focusing
on scalability and cost effectiveness. Huang and Khabusi [13] reviewed “AloT” applications in
aquaculture, identifying challenges such as species-specific models, sensor degradation, lack of
multimodal data and standard benchmarks. Razali [14] combined IoT sensors (temperature,
turbidity, dissolved oxygen and water level) with a Random Forest classifier to categorise pond water
conditions, reaching 92.3% accuracy and enabling automated aeration and water exchange. Eso et al.
[15] implemented an IoT-based system for Litopenaeus vannamei ponds, with sensors yielding
accuracies of 98.30-99.71% and real-time monitoring via MQTT dashboards. Temilolorun and Singh
[16] developed a low-cost unmanned surface vehicle (USV) for shallow-water aquaculture,
integrating GPS, IMU, GNSS and water sensors under ROS and EKF-based fusion, validated for
manoeuvrability and low-cost operation.
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Collectively, these works illustrate promising directions embedding ML models within IoT
infrastructures, improving sensor precision, and adopting autonomous platforms yet highlight the
need for scalable, multimodal, and standardized approaches across diverse aquaculture contexts.
Building upon these advancements, the proposed system addresses remaining gaps by integrating
IoT sensing and Al-driven vision analytics within a modular edge cloud architecture to enhance real-
time decision-making, disease detection, and operational sustainability.

3. Aquaculture Monitoring System

The proposed intelligent aquaculture monitoring system is developed to address two
fundamental challenges in contemporary fish farming: real-time water quality management and
early detection of disease outbreaks. This integrated approach leverages Internet of Things sensing
technologies in conjunction with artificial intelligence algorithms to establish a proactive, data-driven
monitoring framework. By automating processes that have traditionally relied on manual
observation, the system significantly reduces labor requirements while improving the accuracy and
responsiveness of interventions to critical environmental changes.

3.1. System Overview

The aquaculture monitoring system employs a three-tiered architecture combining edge
sensing, cloud analytics, and mobile visualization.
As depicted in Figure 1, the system features:
e  Continuous monitoring of environmental conditions (pH, temperature via ESP32- CAM)
e Vision-based disease detection (YOLOvV8n model processing ESP32-camera feeds)
e  Centralized data management (Node.js backend with MongoDB storage)
e  Mobile access (React Native dashboard for operational alerts)

Precision Al-Powered
Environmental Sensing Disease Detection

~95% |
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Cloud Data

Management

Figure 1. System overview.

3.2. Al Model Development

The YOLOvS8n (nano) model is a real-time object detection architecture derived from the broader
YOLO (You Only Look Once) family of models, which are designed to detect and classify objects
within a single forward pass of the input image [17]. This approach enables efficient inference by
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eliminating the need for multiple passes or region proposal steps, making it particularly suitable for
deployment in resource-constrained environments [18]. YOLOv8n was selected in this context
following a thorough benchmarking process, primarily due to its edge-optimized design, with a
quantized TensorFlow Lite model size of only 2.3MB [19]. Despite its lightweight nature, the model
achieves a competitive accuracy, reporting 91% mean Average Precision (mAP) at an Intersection
over Union (IoU) threshold of 0.5, while maintaining real-time performance at 22 frames per second
(FPS) on an ESP32-CAM [19,20]. Furthermore, the model was adapted specifically for aquaculture
applications through the integration of custom anchor boxes tailored to fish morphology and the use
of a class-balanced dataset, enhancing its detection capabilities for domain-specific tasks [21]. Among
its key advantages, YOLOvS8n also features improved architectural components such as decoupled
head design for separate classification and regression tasks, native support for quantization and
ONNX export, and a modular, PyTorch-based codebase that facilitates rapid customization and
deployment [22,23]. Its robustness, versatility across platforms, and reduced computational footprint
make it a strong candidate for intelligent sensing systems in embedded and edge AI applications
[24].The Freshwater Fish Disease Aquaculture in South Asia dataset, available on Kaggle, is a
comprehensive collection of annotated images designed to support the development and evaluation
of machine learning models for fish disease detection.This dataset includes high-quality images
categorized into several classes representing common fish health conditions such as bacterial diseases
(Aeromoniasis, Gill disease, Red disease), fungal diseases (Saprolegniasis), parasitic diseases, viral
diseases (White tail disease), and healthy fish (Figure 2).

The dataset’s diversity in disease types and fish species is particularly valuable for aquaculture
applications, enabling robust training of object detection and classification models tailored to aquatic
environments.

Fish Disease Dataset (South Asia)

Bacterial Aeromoniasis

Bacterial Gill Disease

)0 O

Bacterial Red Disease

Fungal Saprolegniasis

Parasitic Disease

Viral Disease (“White Tail”
disease)

@ Healthy Fish

Figure 2. Fish Disease Dataset.

With its extensive annotations and class balance, this dataset provides a vital resource for
advancing automated fish health monitoring systems, particularly in resource-constrained settings
common in South Asia. The dataset is publicly accessible via Kaggle [25].

The fish disease detection module employs the YOLOv8n (Nano) variant, a lightweight and
efficient object detection model specifically optimized for real-time classification tasks in aquaculture
settings. To ensure optimal detection performance while maintaining low computational overhead,
the model was trained using a tailored configuration. The training setup utilized the pre-trained
weights, with a total of 70 trainings epochs and an input image resolution of 640x 640 pixels. Model
training and validation were conducted on a Tesla T4 GPU, allowing for accelerated processing and



5 of 15

improved convergence. This configuration balances detection accuracy with computational
efficiency, making it suitable for deployment in edge-based aquaculture monitoring systems.

3.3. UML Design

To ensure clear and effective communication among hardware developers, software engineers,
and other project stakeholders, the system architecture was modeled using the Unified Modeling
Language (UML). UML provides a standardized visual representation that facilitates the
understanding of complex system components and their interactions. In this context, three core UML
diagrams were developed to capture the essential aspects of system functionality: a use case diagram
to outline user interactions, a sequence diagram to represent dynamic behavior over time, and a class
diagram to illustrate the system’s static structure. These diagrams collectively support
interdisciplinary collaboration and serve as a foundational reference throughout the system
development life cycle.

The Use Case Diagram (Figure 3) depicts the primary interactions between farm managers and
the aquaculture monitoring platform. The system supports several core functionalities designed to
assist in daily operational decision-making. First, managers can monitor water quality by accessing
real-time pH and temperature data collected from environmental sensors.

Second, the platform leverages an integrated Al-based detection module to automatically
identify six common fish diseases, reducing the need for manual inspection.

Third, users can review historical data, including sensor readings from the past 30 days, enabling
trend analysis and retrospective assessment.

Aquaculture Monitoring System

Monitor Real-Time . Extends -~ Review Historical

Water Quality <1 Sensor Data

Ijetect Fish Diseases

- via Al Analysis
«Persons —
> ff—?

- 6 common pathologies

JAutomated Detection:
- 91% accuracy (mAP®@O0.5)

~ View Local Alerts

Farm Mana ger—_| /(,—/"’

Figure 3. Use Case Diagram.

Lastly, the platform provides passive alert notifications, whereby localized warning such as
abnormal water conditions or disease risk are automatically displayed when the user opens the
application. These use cases collectively demonstrate how the system enhances responsiveness and
decision support in aquaculture environments. The Class Diagram (Figure 4) presents the structural
architecture and core components of the aquaculture monitoring system, emphasizing the roles and
relationships among the system’s primary entities. At the edge level, the ESP32 device is responsible
for environmental sensing and image acquisition; it measures key water quality parameters such as
pH and temperature, captures images of fish within the tank, and transmits all collected data to the
cloud infrastructure. The Cloud Server acts as the central processing unit of the system: it receives
sensor readings and image data from the ESP32, executes automated disease detection using an
integrated AI model, and stores the results in a MongoDB database for persistence and future access.
The AI Model deployed within the cloud analyzes incoming images to detect six common fish
diseases and returns diagnostic results to the server. Finally, the Farmer’s Mobile Application
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retrieves these results, providing real-time alerts and visual notifications related to water quality
anomalies or signs of fish illness. This object-oriented structure ensures modularity, scalability, and
seamless communication across system components.

The Sequence Diagram (Figure 5) illustrates the sequential flow of interactions that culminate in
the delivery of alert notifications to the farmer. The process begins with environmental sensors
collecting real-time water quality data, such as pH and temperature. Simultaneously, images of the
fish are captured and analyzed by the Al model to detect signs of six common diseases. The outcomes
of both the sensor readings and image-based diagnostics are stored in a centralized cloud database.

Sensor Device\ m\ L m\ \\\
JE N
(€©) espaz f ] =y .

Measures water quality _J © (FDGCEY © DiseaseDetecton Shows real-time alerts b
and fish health B o get_sensor_data() = Requires internet

O SRl i S e show_alerts() e analyze_image()

= A 2
pHftemp/image |getalerts alerts list check image /results
Cloud\
=

1
N @ server ||

o process_data()
e store_to_db()

save data
(€ MongoDB

Figure 4. Class Diagram.

The farmer’s mobile application is configured to periodically query the cloud server at five-
minute intervals to retrieve any newly generated alerts. Upon retrieval, these alerts are immediately
displayed within the application interface, allowing the farmer to receive timely warnings regarding
abnormal water conditions or potential disease outbreaks. This workflow ensures proactive farm
management through automated, near real time monitoring and decision support.

Farmer | ESP32 Device | Cloud Server Al Model | MongoDB | Farmer App

| Checks pond |
—

| POST pH=7.2, temp=26°C, image

| Analyze image

{disease:"Ich", confidence:0.91} |

| Store sensor data + alert

GET /alerts (every 5min)

E JSOMN: {pH:7.2, alerts:[...]}

Shows alert |

Fa?"_n\ler | ESP32 Device | Cloud Server Al Model | MO@ODB | Farmer App

Figure 5. Sequence Diagram.
4. System Implementation and Validation

4.1. Hardware Design

The ESP32-CAM collects sensor data and images, transmitting them via WiFi to a Node.js
backend. The server processes the data and runs fish disease detection using an optimized YOLOv8n
(TFLite) model. Results are then delivered to a React Native mobile application for real-time
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visualization and alert notifications, completing the integrated workflow (Figure 6) from sensors to
user interface.

ESP32-CAM " Sensors | WiFl Stream

Node.js —APLY peact Native

YOLOv8n F Lite

Figure 6. Project Workflow.

4.1. Hardware Setup

The hardware subsystem is built around the ESP32-CAM module, which combines a
microcontroller, camera, and sensor interfaces for environmental monitoring. Due to the
unavailability of a physical pH sensor during development, a potentiometer was used to simulate
analog pH sensor input for testing and calibration purposes. Figure 7 illustrates this provisional
setup, including connections to the potentiometer (pH simulation) and DHT11 temperature sensor.

ESP32-CAM

Figure 7. Hardware Setup.
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5. Results and Discussions

The serial monitor output (Figure 8) provides a detailed account of the system’s initialization
and operational sequence, capturing the real-time log of events from boot to full connectivity. The
process begins with the boot sequence, where firmware loading is verified (load:0x40080400, len:4),
followed by confirmation of successful entry into the main execution program (entry 0x40080504).
Subsequently, the system proceeds to the hardware initialization phase. During this stage, the
onboard camera module is initialized and confirmed to be operational, as indicated by the message
“Camera initialized successfully.” The device then initiates a Wi-Fi connection procedure, displaying
progressive status updates: an initial connection attempt (“Connecting to WiFi..”), successful
network access (“Connected to WiFi”), and finally the assignment of a local IP address (“IP address:
192.168.2.133”). These outputs collectively validate the correct functioning of the embedded system
components and establish readiness for data acquisition and transmission.

Camera initizlized successfully.
Connecting to WiFi..
Connected to WiFi
.
a2
Temp: 27.30°C

pH Value: 7.10

4 Senzor data sent successfully

Figure 8. Serial Monitor Output.

The performance metrics presented in Table 1 offer a comprehensive evaluation of the YOLOv8n
model’s effectiveness in detecting various fish diseases under real-world aquaculture conditions. The
overall mean Average Precision at IoU threshold 0.5 (mAP@0.5) of 0.983 indicates that the model is
highly accurate in localizing disease regions within the images.

Table 1. Model performance.

Disease Class Precision Recall mAP50

All Classes 0.969 0.912 0.983
Bacterial Red disease 0.975 0.945 0.988
Bacterial diseases-

0.992 0.866 0.979
Aeromoniasis
Bacterial gill disease 0.952 0.971 0.993
Fungal diseases Saprolegniasis  0.985 0.910 0.991

Healthy Fish 0.930 0.889 0.975
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Parasitic diseases 0.945 0.909 0.978

Viral diseases White tail disease 0.979 0.894 0.977

Moreover, the high overall precision (0.969) suggests that the model produces very few false
positives, while the recall (0.912) confirms its ability to identify most disease instances present in the
dataset. At the class level, the model exhibits notably strong generalization across diverse
pathological conditions, which often differ in visual manifestation, scale, and contrast.

For instance, Bacterial Gill Disease recorded the highest mAP@0.5 (0.993), along with balanced
precision (0.952) and recall (0.971), indicating that the model not only detects this condition with
excellent accuracy but does so consistently across multiple samples. Similarly, Fungal Saprolegniasis
yielded a mAP@0.5 of 0.991, further affirming the model’s robustness in identifying morphologically
distinct fungalinfections.

Although Bacterial Aeromoniasis achieved the highest precision (0.992), it showed a
comparatively lower recall (0.866), implying that while most of its detections were accurate, some
true cases went undetected potentially due to intra-class variability or occlusion in the dataset. Viral
White Tail Disease and Parasitic Infections also maintained high precision (>0.94) but showed slightly
reduced recall values (<0.91), suggesting the need for additional training samples or improved
augmentation strategies to further enhance sensitivity. Interestingly, the Healthy Fish class achieved
relatively lower precision (0.930) and recall (0.889) compared to disease classes. This may be
attributed to subtle visual differences between early-stage infections and healthy tissue, making it
more difficult for the model to draw a clear distinction. In practical terms, a slight over-detection of
disease in healthy specimens is preferable in early-warning systems, as it favors sensitivity over
specificity, aligning with preventive goals in aquaculture health management.

Overall, the class-wise performance distribution underscores the model’s effectiveness in
handling multi-class detection tasks, even in resource-constrained environments.

The combination of high mAP and balanced precision-recall trade-offs across categories
confirms that YOLOv8n is well-suited for deployment in real-time fish health monitoring
applications, where both accuracy and responsiveness are critical.

Where :
N TP )
Precisiong . ~TP + FP W
TP
Recall g TP +FN ©

TP (True Positives): Number of correctly predicted positive instances.

FN (False Negatives): Number of actual positive instances that were missed by the model.

The Dashboard screen displays real-time environmental parameters captured by the sensors,
such as temperature and pH level. These values are retrieved from the cloud and updated
dynamically in the mobile application.

The User Interface (UI) is designed to be clean and intuitive, with visual indicators to help users
quickly assess the current state of the aquaculture environment. A screenshot of the dashboard is
included below (Figure 9) to illustrate the layout and data presentation.
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Aquaculture Monitoring
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Figure 9. Dashboard Page.

The serial monitor output documents the system’s initialization and operation, from firmware
loading and program entry to hardware setup and network connectivity.

The camera module initializes successfully, followed by Wi-Fi connection and IP assignment
(“IP address: 192.168.2.133”), confirming system readiness for data acquisition and transmission. The
alert system notifies users when thresholds are exceeded such as abnormal temperature or disease
detection through on-screen and push notifications, enabling rapid corrective action to prevent water
imbalance and fish health deterioration.

The alert screen screenshot (Figure 10) demonstrates how critical and non-critical alerts are
visually differentiated to draw attention to the most urgent issues. One of the key features of the
application is the Fish Disease Detection module. This screen shows the output from the Al model,
which analyzes images or data patterns to determine whether fish might be suffering from specific
illnesses.
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System Status

Critical

Recent Alerts

pH level is 5.52
2025-06-13T17:46:32.532Z pH: 5.52

2025-06-13T17:45:36.813Z

| pH level is 5.61

pH level is 5.6
2025-06-13717:45:22.662Z

pH level is 5.77
2025-06-13T17:45:08.816Z pH:5.77

pH level is 5.77
2025-06-13T17:44:53.476Z pH: 5.77

pH level is 5.81

Figure 10. Alert System Page.

Users can view recent analysis results, confidence scores, and suggested actions. The detection
results are synced from the backend and presented in a structured format, often accompanied by
visuals. A screenshot of this feature is provided (Figure 11) to demonstrate how predictions are
displayed, including the type of disease (if detected), the Al confidence level, and timestamps of
detection events.

&, Upload Image () Take Photo

alysis Complete

Detection Results

Viral diseases White tail disease
Confidence: 89%

Recommendations:

+ No direct treatment - supportive care only

* Increase water temperature to 30°C for 3 days
+ Use SPF (Specific Pathogen Free) stock

» Disinfect with calcium hypochlorite (200ppm)

Figure 11. Disease Detection Page.
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Table 2 presents a comparative summary of recent intelligent aquaculture monitoring systems,
highlighting their technological frameworks, monitored parameters, applied models, and
performance indicators. Early works, such as Tsai et al. [9], primarily focused on IoT-integrated fuzzy
control systems for regulating environmental parameters (temperature, pH, DO, and hardness). Their
approach improved shrimp survival rates by 33%, emphasizing process automation (feeding and
aeration). However, the absence of Al-based health or disease detection limited the system’s
diagnostic capability. Subsequently, Nguyen et al. [11] incorporated edge IoT with LSTM forecasting
to predict water quality trends. While this method offered high reliability and rapid response, it
remained constrained to temporal predictions without visual analytics or disease recognition.

Advancements toward vision-based monitoring were introduced by Saosing and Nattawuttisit
[12], who employed YOLOv5s for fish behavior and counting. Despite achieving strong Fl-scores
(0.85-0.93), performance was sensitive to illumination variations, suggesting a need for more robust
detection models under dynamic lighting conditions. In Razali et al. [15], an IoT and Random Forest
integration enhanced classification accuracy (92.3%) for water quality assessment. Yet, this model
was limited to one-dimensional sensor data, excluding multimodal or visual information essential
for comprehensive farm management. Similarly, Eso et al. [16] developed an MQTT-based IoT
dashboard enabling real-time monitoring and alerts with over 98% sensor accuracy. Nonetheless, its
reliance on threshold-based logic prevented adaptive learning or automated disease diagnosis. In
contrast, the proposed system introduces an IoT-Al hybrid framework integrating YOLOv8n
(TFLite) for both environmental monitoring and image-based fish health detection. The model
achieved high precision (0.969), recall (0.912), and mAP@0.5 (0.983), outperforming prior studies in
accuracy and functional scope. Key innovations include real-time disease detection, cloud
synchronization, and mobile alerting, enabling practical deployment in smart aquaculture

environments.
Table 2. Comparative Analysis of Existing Approaches.
Parameter
Al R ted
Study / Technolog s / eporte Key T
. Model Accuracy Limitations
Reference y Focus Monitore Features
d Used / mAP
Improve
IoT T " F ) Automated No Al-based
Tsai et al. [9] o emp uezy d shrimp utomate © Abase
Fuzzy pH, DO, Control . feeding & disease
(2021) . survival ) .
Logic Hardness System o aeration detection
+33%
- (High Predicti
LSTM ( 1'g' redictive No image-
Nguyen et EdgeloT+ Tem H  Forecastin reliability water based
al. [11] (2022) LSTM PP , fast quality , ,
g diagnostics
response) trends
. . . Fish .
Saosing & Vision- Visual Fl-score:  countine & Sensitive to
Nattawuttisi based monitorin ~ YOLOvVb5s 0.85-0 9?; behavi%)r lighting
t [12] (2023) YOLOv5s g ' ' ) conditions
analysis
Temp.,
) TIoT + ML DO, Random Wat'er Limited to
Razali et al. 1 Accuracy quality
[15] (2024) (Random  Turbidity, Forest .92 39, dlassificatio 1D sensor
Forest) Water Classifier e data
n
Level
IoT + H Threshold- Al
Eso et al. [16] © Pt reshold Sensor Real-time N,O /
(2024) MQTT Temp., based accuracy: alerts disease
Dashboard Salinity logic >98% detection
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. Real-time
H Precision disease
Proposed Te}:)m’ + 0.969, detection, Slight recall
P IoT + Al b YOLOv8n  Recall: ’ drop in
System (YOLOvsn) 1ih (TFLite) 0.912 cloud Aeromoniasi
(2025) Health o dashboard,
(Image) mAP@0.5 mobile s class
8 :0.983
alerts

The only noted limitation is a minor recall drop in detecting Aeromoniasis, potentially due to
dataset imbalance or subtle visual cues. Overall, the proposed system demonstrates superior
multimodal capability, real-time adaptability, and diagnostic intelligence, addressing major
limitations of earlier sensor- or rule-based solutions.

The implementation of the intelligent aquaculture monitoring system demonstrates the
successful integration of IoT and Al technologies in a real-world aquatic environment. Through
structured hardware deployment, efficient backend processing, and a user-friendly mobile
application, the system delivers reliable data acquisition and real-time insights.

6. Conclusions

This study presented an intelligent aquaculture monitoring system that integrates Internet of
Things and Artificial Intelligence technologies to enhance real-time water quality management and
fish disease detection. The system demonstrated reliable performance in sensing, data transmission,
and automated analysis, with the YOLOv8n model achieving high detection accuracy (mAP@0.5 =
0.983). By combining environmental sensing and vision-based diagnostics, the proposed solution
offers a scalable, low-cost, and energy-efficient approach to improving aquaculture productivity an
sustainability. Future work will focus on expanding the system’s sensing capabilities to include
additional parameters such as dissolved oxygen and turbidity, as well as integrating predictive
analytics for early risk forecasting. Further optimization of the AI model using larger and more
diverse datasets, along with field deployment in different aquaculture environments, will strengthen
its robustness and adaptability. Ultimately, this work contributes toward the realization of intelligent,
data-driven, and sustainable aquaculture ecosystems.
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Abbreviations

Al Artificial Intelligence

AloT Artificial Intelligence of Things

FPS Frame Per Seconde

IoT Internet of Things

mAP mean Average Precesion

MQTT Message Queuing Telemetry Transport.

Ul User Interface
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Unified Modeling Language

Unmanned Surface Vehicle

YOLOV8n You Only Look Once Version 8 nano
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