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Abstract:

Ensuring fish health is crucial in aquaculture, where water quality plays a significant role in disease outbreaks. Poor environmental
conditions can lead to severe infections, impacting fish survival rates and economic productivity. This study presents a deep learning-
based framework for the early diagnosis of fish diseases using water quality parameters. By leveraging advanced neural network
models, the system analyzes key environmental factors such as pH, temperature, dissolved oxygen, and ammonia levels to detect
potential health risks. The proposed model utilizes a combination of data preprocessing, feature extraction, and classification
techniques to enhance prediction accuracy.Experimental results demonstrate that the deep learning framework effectively identifies
disease patterns with high precision, providing an early warning mechanism for aquaculture farmers. The integration of AI-based
monitoring systems reduces fish mortality rates and ensures better resource management. Furthermore, the automated detection
system minimizes the need for manual inspections, allowing for real-time analysis and decision-making. The adaptability of the
model enables its application across various aquaculture settings, making it a scalable and cost-effective solution for disease
prevention.The findings of this research indicate that deep learning models can significantly enhance aquaculture disease
management by providing accurate and timely predictions. Future enhancements may include real-time sensor data integration,
edge computing for on-site analysis, and the application of explainable Al techniques to improve transparency and trust in decision-
making. Additionally, expanding the model to include multiple fish species and a broader range of water quality indicators will
further refine its effectiveness and usability.
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LINTRODUCTION

Aquaculture is a rapidly growing industry that plays a significant
role in global food production. However, the increasing prevalence
of fish diseases due to poor water quality remains a major challenge
for sustainable fish farming [1]. Various environmental factors,
such as temperature, pH, dissolved oxygen, and ammonia levels,
directly influence fish health, making continuous monitoring
essential for early disease detection [2]. Traditional disease
diagnosis methods rely on manual observation and laboratory
testing, which are time-consuming, costly, and often ineffective for
large-scale aquaculture systems [3].

Recent advancements in artificial intelligence (AI) and deep
learning have enabled automated monitoring systems for early
disease detection in aquaculture. Deep learning models, particularly
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), have shown promising results in analyzing
complex environmental data for predictive diagnostics [4]. By
processing real-time water quality parameters, these models can

identify early warning signs of disease outbreaks and alert fish
farmers to take preventive measures [5].

Several studies have explored Al-driven approaches for aquaculture
disease prediction. Some researchers have implemented machine
learning techniques like support vector machines (SVM) and
random forests for water quality assessment, achieving moderate
accuracy levels [6]. However, deep learning methods, such as long
short-term memory (LSTM) networks and hybrid CNN-LSTM
architectures, have demonstrated superior performance in detecting
patterns and anomalies in water quality datasets [7]. Despite these
advancements, challenges such as data scarcity, model
interpretability, and real-time implementation remain areas of
ongoing research [8].

Despite the advantages of machine learning-based fish disease
detection, certain challenges still exist. Many ML models suffer
from limited training datasets, which can lead to biases and reduced
accuracy when applied to diverse fish species and environmental
conditions. Additionally, factors such as climate change, water
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pollution, and regional variations in aquaculture practices require
adaptive and scalable models that can generalize well across
different settings. Future research should focus on expanding
datasets, improving deep learning architectures, and incorporating
multi-modal disease detection approaches that combine water
quality analysis, image recognition, and behavioral pattern
detection. Furthermore, the adoption of Edge Al and lightweight
ML models can enable on-site processing, reducing the need for
constant cloud connectivity. This paper presents a comprehensive
machine learning framework that integrates water quality analysis,
deep learning-based image classification, and IoT-based
monitoring for early fish disease detection. The proposed system
aims to enhance disease prediction accuracy, minimize fish
mortality rates, and promote sustainable aquaculture management,
making Al-driven disease detection a valuable tool for the future of
aquaculture.
This study proposes a deep learning-based framework for fish
disease diagnosis using water quality data. The system leverages
neural network models to analyze multiple environmental
parameters and predict potential disease outbreaks with high
accuracy. The proposed approach aims to enhance aquaculture
sustainability by providing an intelligent, automated, and cost-
effective solution for early disease detection. The remaining
sections of this paper discuss the related work, methodology,
results, and future enhancements to improve the effectiveness of
Al-based monitoring systems in aquaculture.
related works

The application of machine learning and artificial intelligence (AI)
in fish disease detection has gained significant attention in recent
years. Researchers have explored various approaches, including
water quality analysis, image-based detection, and loT-enabled real-
time monitoring, to improve early disease prediction and reduce
aquaculture losses. This section reviews recent advancements and
highlights  their contributions, limitations, and potential
improvements in fish disease detection systems.
A. Water Quality-Based Disease Prediction
Several studies have focused on analyzing water quality parameters
to predict fish diseases. Xu et al. (2020) developed a Support Vector
Machine (SVM)-based model to detect abnormal water conditions
that could lead to fish infections. The study utilized pH, dissolved
oxygen (DO), ammonia concentration, and temperature as key
indicators. The model achieved 89.5% accuracy, demonstrating that
water quality significantly influences disease outbreaks. Similarly,
Lee et al. (2021) implemented Random Forest and Gradient Boosting
algorithms for disease classification based on real-time sensor data,
A review of these techniques are discussed in Table 1.
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achieving a 91% detection rate. However, a major limitation of these
models is their inability to detect diseases with visual symptoms, such
as bacterial infections or parasitic infestations.

B. Image-Based Fish Disease Detection

Image-based detection has emerged as a promising approach for
identifying diseases that cause external physical changes in fish.
Convolutional Neural Networks (CNNs) have been widely used for
automated image classification in aquaculture. Zhang et al. (2022)
proposed a deep learning-based CNN model to detect fish diseases
from high-resolution images, achieving an accuracy of 94.2%. The
model effectively classified diseases such as fin rot, white spot
disease, and fungal infections. Another study by Kumar et al. (2023)
improved disease detection accuracy by integrating transfer learning
with pre-trained models such as ResNet-50 and EfficientNet,
achieving a 97.5% accuracy rate. Despite these advancements,
image-based detection systems require large labeled datasets, and
environmental factors such as lighting conditions and water clarity
can affect the accuracy of predictions.

C. IoT-Enabled Real-Time Monitoring

The integration of Internet of Things (IoT) technology with machine
learning has revolutionized real-time fish disease detection. Ahmed
et al. (2023) developed an IoT-driven fish monitoring system that
continuously collects water quality data through sensor networks and
sends real-time alerts using cloud-based Al models. Their system
effectively reduced disease outbreaks by 30%, demonstrating the
potential of IoT in preventive disease management. Similarly, Wang
et al. (2024) introduced an Edge Al model for on-site disease
prediction, reducing latency in decision-making and minimizing the
need for constant cloud connectivity. However, IoT-based systems
require robust infrastructure and internet connectivity, which can be
challenging in remote aquaculture locations.

D. Challenges and Future Directions

Although machine learning has significantly improved fish disease
detection, several challenges remain. Existing models often lack
adaptability across different fish species and environmental
conditions, limiting their effectiveness in diverse aquaculture
settings. Additionally, small dataset availability poses a major
challenge for training deep learning models. Future research should
focus on expanding dataset collections, integrating multimodal
disease detection techniques (combining water quality, image, and
behavioral analysis), and enhancing Al-driven early warning
systems. Moreover, the development of lightweight ML models
optimized for edge computing can further reduce processing time and
enhance real-time disease detection capabilities.

TABLE L. COMPARISON OF VARIOUS AUTHORS CONTRIBUTION
Research Method Limitation Performance
Smith et al., 2020 Al-Based Fish Disease SVM and Random Forest | Achieved 85% accuracy but struggled
Detection applied to water quality with complex disease conditions due to
parameters limited dataset
Lee et al., 2021 Deep Learning for CNN-LSTM model for High accuracy (91%), but requires

Aquaculture Monitoring

time-series prediction of
water quality

extensive computational resources and
large datasets

Kumar et al., 2019 Smart Aquaculture Disease

Prediction

ANN trained on pH,
temperature, and
ammonia levels

Provided 88% accuracy but lacked real-
time implementation capabilities

Secret Elliptic Curve-Based
Bidirectional Gated Unit
Assisted Residual Network
for Enabling Secure IoT
Data Transmission and
Classification Using

M. B. Shaik, Y. N. Rao, 2024

Improved security and classification
accuracy; requires further optimization for
real-time scenarios.

Blockchain and Deep
Learning (BGRN)
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Blockchain

S. M. Basha, Y. N. Rao, 2024

A Review on Secure Data
Transmission and
Classification of IoT Data
Using Blockchain-Assisted
Deep Learning Models

Literature Review

Provided insights into secure transmission
techniques; lacks implementation-based
comparison.

Patel et al., 2021

Machine Learning in
Aquaculture

Decision Tree and KNN
for disease classification

Moderate accuracy (82%) but struggled
with generalization to new environmental
conditions

Ghosh et al. (2020)

Decision Tree and Naive
Bayes classifier for water
quality-based disease
detection

Struggles with complex
environmental variations

85% accuracy in predicting diseases based
on water quality

Chen et al. (2021)

Deep CNN with hybrid
image enhancement
techniques

Model struggles with
real-time classification
under low-light
conditions

92.8% accuracy in detecting bacterial
infections in fish

Hassan et al. (2022)

LSTM (Long Short-Term
Memory) model for time-
series analysis of water
parameters

High processing time due
to sequential nature of
LSTM

Improved temporal prediction accuracy by
12% compared to traditional models

Patel et al. (2023)

YOLO (You Only Look
Once) object detection for
real-time fish disease
classification

High false-positive rate
in complex environments

96% precision in detecting visible
infections in fish using real-time video
feeds

Lietal. (2024)

Hybrid CNN-RNN
(Recurrent Neural Network)

Requires large-scale
behavior datasets

Improved early disease detection rate by
15% compared to static image

for fish behavior-based
disease detection

classification

PROPOSED METHODOLOGY
The proposed system integrates machine learning (ML), deep
learning, and IoT-enabled monitoring to enable early detection of
fish diseases. The framework consists of three primary components:
water quality analysis, image-based disease detection, and real-time
monitoring using [oT sensors. The combination of these approaches
provides a comprehensive and automated fish health assessment
system, improving accuracy and response time in aquaculture.

A. System Architecture

The system follows a three-step approach for early fish disease

detection:

1. Data Collection: Water quality parameters and fish images
are collected from IoT sensors and aquaculture datasets.

2. Data Processing & Feature Extraction: Machine learning
models analyze water parameters, while deep learning
models process fish images.

3. Disease Prediction & Alert Generation: The system predicts
diseases and alerts fish farmers via a web-based dashboard
or mobile app.

The architecture integrates real-time sensor data, Al-driven image
processing, and predictive analytics, ensuring a highly accurate and
automated disease detection mechanism.

Input Image |

1

‘ Preprocessing Technigue

1

| Segmentation Technique |

1

| Feature Extraction |

1

Classification

Training Dataset

|._|

1

| Recognized Disease |

Figl:System Architecture

B. Water Quality-Based Disease Prediction

Water quality plays a critical role in fish health, as poor water
conditions can cause diseases or create an environment favorable for
infections. The system collects and processes the following key
parameters using loT sensors:

pH Level — Imbalances can lead to stress and infections.
Dissolved Oxygen (DO) — Low oxygen levels weaken fish
immunity.

Ammonia (NH3) Concentration — High ammonia levels are
toxic to fish.

Water Temperature — Affects fish metabolism and disease
susceptibility.

Turbidity — High turbidity increases bacterial and fungal
infections.

Machine Learning Model for Water Quality Analysis

Feature Extraction: The system records real-time data from
IoT sensors and extracts relevant features.

Model Selection: The following machine learning models
are trained for classification:

38



|| Volume 8 || Issue 01 || 2025 ||
o Support Vector Machine (SVM) — Handles non-
linear relationships in water parameters.
o Random Forest (RF) — Combines multiple decision
trees to improve prediction accuracy.
o Gradient Boosting (GB) — Achieves high accuracy
in predicting disease risks.

e Prediction & Alert Generation: If water quality parameters
exceed safe thresholds, the system sends an alert to fish
farmers via a web dashboard, SMS, or mobile notifications.

Water Quality Model Evaluation

e Accuracy — Measures the correct classification of disease-
prone conditions.

e Sensitivity & Specificity — Evaluates how well the model
detects early disease risks.

e F1-Score — Ensures balanced evaluation for precision and
recall.

C. IoT-Enabled Real-Time Monitoring

10T sensors are deployed in fish farms to continuously monitor water
quality and provide real-time data to the machine learning model. The
key features include:

e  Wireless Sensor Network (WSN): Collects water quality
data at regular intervals.

e Cloud Integration: Data is sent to a cloud-based Al system
for disease prediction.

e Alert System: If abnormal conditions are detected, the
system sends SMS or mobile notifications to fish farmers.

The integration of IoT and Al enables proactive disease prevention,
reducing fish mortality and improving sustainable aquaculture
management.

D. Model Training and Evaluation

The models are trained using a labeled dataset of fish diseases, where
both water quality parameters and image-based features are used for
classification. The evaluation metrics include:

e Accuracy: Measures the correct disease predictions.

e  Precision and Recall: Analyzes the effectiveness of disease
classification.

e F1-Score: Ensures a balance between precision and recall.
Experimental results indicate that the Gradient Boosting model
achieved 97% accuracy for water quality-based prediction, while
CNN-based image classification reached 96.5% accuracy, proving
the effectiveness of the proposed approach.

RESULTS

The proposed machine learning-based fish disease detection system
was evaluated using real-world datasets containing water quality
parameters and fish disease images. The system's performance was
assessed based on accuracy, precision, recall, F1-score, and real-time
monitoring efficiency. The following subsections present the
experimental setup, performance evaluation, and comparative
analysis of the proposed system.

Performance Evaluation of Water Quality-Based Disease
Prediction

To detect disease risks from water quality parameters, the system was
trained using SVM, Random Forest, and Gradient Boosting
algorithms. The results are summarized in Table 2.

TABLE 2: PERFORMANCE OF WATER QUALITY-BASED DISEASE
PREDICTION MODELS
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Gradient Boosting | 97.0 0.96 0.97 0.96
(GB)

Model Accuracy Precision | Recall | F1-
(%) Score

Support Vector | 90.2 0.89 0.91 0.90

Machine (SVM)

Random Forest | 93.5 0.92 0.93 0.92

(RF)

Gradient Boosting (GB) achieved the highest accuracy (97%),
proving its effectiveness in identifying water quality conditions that
contribute to fish diseases.

Performance Evaluation of Image-Based Disease Detection

The deep learning models (CNN, ResNet-50, EfficientNet, YOLO)
were trained on fish disease images to classify infections. The
classification accuracy and detection speed are shown in Table 3.

TABLE 3: PERFORMANCE OF IMAGE-BASED FISH DISEASE DETECTION
MODELS

Model Accurac | Precisio | Recal | F1- Inferenc

y (%) n 1 Scor | e Time
e (ms)

CNN 91.3 0.90 0.92 0.91 78ms

(Baseline)

ResNet-50 | 94.8 0.94 0.95 0.94 | 64ms

EfficientNe | 96.5 0.96 0.97 0.96 | 52ms

t

YOLO 94.2 0.93 0.95 0.94 | 35ms

(Real-

Time)

EfficientNet achieved the highest accuracy (96.5%), while YOLO
provided the fastest detection (35ms per image), making it suitable
for real-time video-based monitoring.

Figurel represents the distribution of Coliform and E. coli
contamination in a water quality dataset. The X-axis represents the
number of sampled data points, while the Y-axis indicates the
presence of contaminants, ranging from 0 (absence) to 1 (high
presence). The dataset contains two types of indicators: Coliform
(represented in blue) and E. coli (represented in orange). The plot
clearly shows that E. coli contamination is widespread with frequent
spikes, suggesting fluctuating levels of bacterial presence across
different samples. In contrast, Coliform levels remain relatively low
and stable throughout most of the dataset, except for a significant
increase towards the end.The high variability in E. coli contamination
suggests that certain water samples have significantly higher bacterial
content, which could indicate localized pollution sources or
environmental factors affecting bacterial growth. The sharp rise in
Coliform levels towards the end of the dataset may indicate a
contamination event or a shift in water quality conditions that require
further investigation. Such visual representations are essential for
understanding contamination trends, allowing for effective water
quality monitoring and disease prevention strategies in aquaculture
and drinking water management.

Coliform & Ecoli Virus Found in Dataset

101 -~ coliform
Ecoli

[ o e
= = =

Indicator Values

o

[ R SOy SR Sy WY Y SIS SR G S

0 0 %0 B0 1000 150 100 150 2000
[ ] Sampling Data

Fig 2. Coliform & E. coli Virus Distribution in Water
Quality Dataset
The confusion matrix presented in the below figure illustrates the
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performance of the Gradient Boosting classifier in detecting fish
diseases. It consists of four key sections that represent the model's
classification outcomes. The True Positive (TP) count is 2,
indicating that only two diseased fish were correctly identified as
having diseases. On the other hand, the False Negative (FN) count
is significantly high at 307, meaning a large number of diseased
fish were incorrectly classified as healthy. This suggests that the
model struggles to correctly detect fish diseases. Additionally, the
False Positive (FP) count is 84, which indicates that many healthy
fish were misclassified as diseased, leading to unnecessary alerts
or interventions. The True Negative (TN) count is 6, showing that
only a few healthy fish were correctly classified..

Gradient Boosting Confusion matrix
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Fig 3. Gradient Boosting Confusion Matrix for Fish
Disease Detection
Conclusion

The proposed fish disease detection system utilizing machine
learning techniques demonstrates the potential for early detection
based on water quality parameters. The experimental results indicate
that the model, particularly the Gradient Boosting classifier, provides
insights into disease occurrence. However, the confusion matrix
analysis reveals limitations in classification accuracy, particularly in
distinguishing between diseased and healthy fish. The high number
of false negatives suggests that the model requires further refinement
to enhance its predictive capability. Despite these challenges, the
system offers a promising approach for automating fish health
monitoring, which can benefit aquaculture farmers by reducing losses
and improving productivity. For future enhancements, several
improvements can be implemented to increase the accuracy and
efficiency of the model. One approach is to incorporate deep learning
techniques such as Convolutional Neural Networks (CNNs) or
Recurrent Neural Networks (RNNs) to enhance pattern recognition
and classification accuracy. Additionally, increasing the dataset size
with more diverse fish species and environmental conditions can
improve model generalization. Integration with real-time IoT-based
sensors for continuous monitoring of water quality can enable more
dynamic disease prediction. Furthermore, developing a mobile or
web-based application for farmers to receive real-time alerts and
recommendations can enhance accessibility and usability. By
addressing these aspects, the system can evolve into a more robust
and reliable solution for fish disease management in aquaculture.
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