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Abstract

Aquaculture systems require continuous and intelligent monitoring to ensure fish health, optimize productivity, and
maintain environmental sustainability. Traditional monitoring techniques, which rely on manual inspection and basic
statistical methods, often fail to capture complex interactions between biological behavior and environmental conditions.
This study proposes a multimodal deep learning-based framework for real-time fish health monitoring and behavioral
analysis. The framework integrates visual data from underwater cameras with environmental sensor data, including water
quality parameters such as temperature, pH, and dissolved oxygen. Advanced deep learning models, including
convolutional neural networks (CNNs) and recurrent neural networks (RNNS5), are utilized to extract spatial and temporal
features from heterogeneous data sources. Image preprocessing techniques such as noise reduction, contrast enhancement,
and segmentation are employed to improve recognition accuracy. Additionally, edge computing is incorporated to enable
low-latency, real-time decision-making and anomaly detection. The proposed system aims to detect early signs of disease,
abnormal swimming patterns, and environmental stress conditions, thereby enabling timely intervention. Compared to
traditional approaches, the integration of multimodal data and automated feature learning enhances prediction accuracy
and system reliability. This research contributes to the development of intelligent aquaculture systems by providing a
scalable and efficient solution for continuous monitoring and sustainable fish farming practices.
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1. Introduction significant economic losses, thereby necessitating

Aquaculture has emerged as one of the fastest-growing
sectors in global food production, playing a vital role in
meeting the increasing demand for protein-rich food
while supporting economic development and food
security. However, maintaining optimal fish health
within aquaculture systems remains a critical challenge
due to the dynamic and complex nature of aquatic
environments. Fish health is influenced by multiple
factors, including water quality parameters,
environmental conditions, feeding patterns, and
biological behaviors. Even minor fluctuations in these
factors can lead to stress, disease outbreaks, and

efficient monitoring and management systems [1].
Traditional fish monitoring approaches largely rely on
manual inspection, sampling techniques, and periodic
water quality testing. While these methods provide
useful insights, they are often labor-intensive, time-
consuming, and prone to human error. Moreover, they
lack the capability to provide continuous, real-time
monitoring and fail to detect early-stage abnormalities in
fish behavior or environmental conditions. This
limitation restricts timely intervention, which is crucial
for preventing disease propagation and ensuring
sustainable aquaculture practices [2].

FIGURE 1. Diagrammatic description of health monitoring and diagnosis

in aquaculture systems.
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In recent years, advancements in artificial intelligence
(AI) and machine learning (ML) have significantly
transformed monitoring systems in aquaculture.
Machine learning techniques enable automated analysis
of large-scale data, facilitating tasks such as fish species
classification, behavioral analysis, and anomaly
detection. In particular, computer vision-based
approaches using underwater imaging systems have
demonstrated the ability to monitor fish populations
non-invasively and continuously. Convolutional Neural
Networks (CNNs), a subset of deep learning, have
shown remarkable performance in extracting spatial
features from images, enabling accurate detection of fish
health conditions and behavioral patterns [1].Despite
these advancements, conventional machine learning
approaches often rely on single data sources and

handcrafted features, limiting their ability to capture the
complex and nonlinear interactions present in
aquaculture ecosystems. To address these challenges,
deep learning-based methods have gained prominence
due to their capability to automatically learn hierarchical
representations from raw data. These models can
effectively process heterogeneous data sources,
including visual inputs, sensor readings, and time-series
data, thus enabling more comprehensive and accurate
health monitoring systems [1].A key emerging direction
in this domain is multimodal learning, which integrates
multiple data modalities such as underwater images,
behavioral signals, and environmental sensor data. By
combining these diverse data streams, multimodal
frameworks enhance the robustness and reliability of
fish health monitoring systems. Furthermore,
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FIGURE 2. Simplified flowchart of deep |

in aquaculture systems.

the integration of edge computing technologies allows
real-time data processing and reduces latency, enabling
immediate detection of anomalies such as abnormal
swimming patterns or deteriorating water conditions.
This real-time capability is essential for early diagnosis
and timely intervention in aquaculture operations
[2].Motivated by these developments, this study
proposes a multimodal deep learning-based framework
for real-time fish health monitoring and behavioral
analysis in aquaculture systems. The proposed approach
leverages advanced deep learning architectures,
including CNNs and sequence-based models, to extract
both spatial and temporal features from heterogeneous
data sources. By integrating image processing
techniques, environmental sensing, and intelligent data
fusion, the system aims to improve diagnostic accuracy,

based health

enhance operational efficiency, and support sustainable
aquaculture practices.

2. Literature Review

The integration of artificial intelligence (AI) and
machine learning (ML) in aquaculture has significantly
advanced fish health monitoring and management
systems. Traditional monitoring methods, including
manual inspection, sampling, and laboratory testing,
have long been used to assess fish health and
environmental conditions. However, these approaches
are often limited by high labor requirements, delayed
response times, and subjective interpretations, making
them less effective for real-time monitoring in dynamic
aquatic environments [1]. To overcome these
limitations, early machine learning approaches were
introduced to automate fish monitoring tasks such as
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species classification, behavior analysis, and growth
prediction. Techniques such as Support Vector
Machines (SVM), Random Forests (RF), and k-Nearest
Neighbors (k-NN) were applied to structured datasets
and extracted features from images and sensor data.
While these methods improved automation and
accuracy, they relied heavily on handcrafted feature
extraction, which limited their ability to generalize
across varying environmental conditions [3], [4]. With
the rapid development of deep learning, more advanced
models have been adopted for aquaculture applications.
Convolutional Neural Networks (CNNs) have
demonstrated exceptional performance in image-based
fish recognition, disease detection, and behavioral
monitoring due to their ability to automatically learn
spatial features from raw data. Similarly, Recurrent
Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks are widely used for
analyzing time-series data such as water quality
variations and fish movement patterns [5], [6]. These
models significantly outperform traditional machine
learning techniques by capturing nonlinear relationships
and temporal dependencies in complex datasets [1].
Recent studies have further explored multimodal
learning approaches, which combine multiple data
sources such as visual inputs, sensor readings, and
behavioral signals. Multimodal frameworks enhance the

robustness and reliability of fish health monitoring
systems by providing a comprehensive understanding of
both biological and environmental factors. By
integrating heterogeneous data, these systems improve
early disease detection and anomaly identification,
which are critical for sustainable aquaculture operations
[1].

In addition, the incorporation of Internet of Things (IoT)
technologies and edge computing has enabled real-time
monitoring systems capable of processing large volumes
of data with minimal latency. Edge-based architectures
allow data to be processed closer to the source, reducing
dependency on cloud infrastructure and enabling
immediate response to anomalies such as abnormal
swimming patterns or deteriorating water quality. Real-
time alert mechanisms further enhance decision-making
by providing timely notifications to aquaculture
operators [2]. Despite these advancements, several
challenges remain in the deployment of Al-based fish
monitoring systems. These include limited availability
of labeled datasets, sensor noise, high computational
requirements, and lack of model interpretability.
Emerging research directions focus on addressing these
issues through semi-supervised learning, transfer
learning, and explainable Al techniques, which aim to
improve model performance, scalability, and
transparency [7], [8].

Approach Techniques Used Strengths Limitations Key References

Type

Traditional Manual observation, | Simple, Labor-intensive,

Methods lab testing interpretable slow, subjective

Classical ML SVM, RF, k-NN Automated analysis, | Requires  feature | Bishop (2000),
moderate accuracy | engineering Breiman (2001)

CNN-Based Deep CNN | High accuracy in | Data-intensive, LeCun et al

Models architectures image recognition computational cost | (2015),

RNN/LSTM Time-series Captures temporal | Training Hochreiter &

Models prediction dependencies complexity Schmidhuber

(1997)
Deep Learning | CNN, Handles  complex | Requires large
HMD Systems | Autoencoders, DL | nonlinear data datasets
frameworks

Multimodal Sensor + image + | High robustness and | Integration

Learning behavior fusion accuracy complexity

Real-Time IoT + edge + DL Low latency, real- | Hardware cost,

Edge Systems time alerts deployment issues

3. Methodology

This study proposes a multimodal deep learning-based
framework for real-time fish health monitoring and
behavioral analysis. The methodology integrates image
data from underwater cameras and environmental sensor
data (e.g., temperature, pH, dissolved oxygen) to enable

accurate and real-time diagnosis. The overall pipeline
consists of data acquisition, preprocessing, feature
extraction, multimodal fusion, classification, and real-
time deployment [1], [2].

3.1 System Architecture Overview
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The proposed system follows a layered architecture
consisting of:

Data Acquisition Layer

e Underwater cameras capture real-time fish images
and videos

e [oT sensors collect water quality parameters
Preprocessing Layer

e Image enhancement (denoising, contrast adjustment,
segmentation)

e Sensor data normalization and missing value
handling

Feature Extraction Layer

o (NN extracts spatial features from images

o RNN/LSTM extracts temporal features from sensor
data [5], [6]

Multimodal Fusion Layer

e Combines image and sensor features

Classification Layer

e Detects fish health status and behavioral anomalies
Edge Deployment Layer

e Real-time inference and alert generation [2]

3.2 Data Preprocessing

3.2.1 Image Preprocessing

Underwater images often contain noise and poor
visibility. To enhance image quality:

e Gaussian filtering is applied for noise reduction

e Histogram equalization improves contrast

e Segmentation isolates fish from the background
The enhanced image is obtained as:

I, = Fenha.nce(I)

where FenhanceF {\text{enhance} }Fenhance
represents the preprocessing function [7].

3.2.2 Sensor Data Normalization
Sensor values are normalized using min-max
normalization:

This ensures that all features contribute equally during
model training [3].

3.3 Feature Extraction

3.3.1 CNN-Based Spatial Feature Extraction

A Convolutional Neural Network (CNN) is used to
extract spatial features from images. The convolution
operation is defined as:

fii=UxK)ij =YY I(i—m,j - n)K(m,n)

where:

e [II = input image

e KKK = convolution kernel

o fijf {i,j}fi,j = feature map

The CNN learns hierarchical features such as edges,
textures, and disease patterns [5].

3.3.2 RNN/LSTM-Based Temporal Feature
Extraction

To capture temporal dependencies in sensor data, LSTM
networks are used:

hy = f(Wihi1 + Wiz, + b)

where:

e hth tht = hidden state at time ttt

e Xxtx txt=input at time ttt

o Wh,WxW_h, W_xWh,Wx = weight matrices

® bbb = bias

This enables the system to detect trends such as gradual
oxygen depletion or temperature changes [6].

3.4 Multimodal Feature Fusion

The extracted image features FimgF _{\text{img} } Fimg
and sensor features FsensF {\text{sens}}Fsens are
combined:

Ffusion = [Flmg @D F;ens]

where @\oplus@ denotes feature concatenation.

This fusion allows the model to jointly learn
relationships  between Dbiological behavior and
environmental conditions [1].

3.5 Classification Model
The fused features are passed through fully connected
layers and a Softmax classifier:

where:

e P(y=ilx)P(y=i|x)P(y=ilx) = probability of class iii

e ziz_izi = output of the network

The model classifies fish states into:

e Healthy

e Stressed

e Diseased

This approach is widely used in deep learning
classification tasks [7].

3.6 Loss Function and Optimization
The model is trained using categorical cross-entropy
loss:

Optimization is performed using the Adam optimizer to
ensure faster convergence [7].

3.7 Real-Time Deployment with Edge Computing
To enable real-time monitoring, the trained model is
deployed on edge devices:

e Reduces latency
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e Enables on-site processing
e Generates real-time alerts
An anomaly detection condition can be defined as:

4. System Architecture Diagram

1, if P(abnormal) > 6

0, otherwise
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5. Algorithm / Pseudocode

Algorithm 1: Multimodal Fish Health Monitoring
System

Input:

e Image data (I) from underwater cameras

e Sensor data (S) (temperature, pH, dissolved oxygen,
etc.)

Output:

e Fish health status (Healthy / Stressed / Diseased)
e Real-time alerts

Steps:

Acquire data from camera and IoT sensors
Preprocess image data:

Apply noise reduction

Perform contrast enhancement

Segment fish regions

Preprocess sensor data:

Handle missing values

Normalize data

4. Extract spatial features using CNN:

(F_{img} = CNN(I))

5. Extract temporal features using LSTM:
(F_{sens} = LSTM(S) )

0O 0WwWOoO O OWN~

6. Perform multimodal fusion:

(F_{fusion} = concatenate(F_{img}, F _{sens}))
7. Pass fused features through classifier:
(y=Softmax(F_{fusion}) )

Determine class label:

If ( y = Healthy ) — Normal state

Else — Abnormal state

If abnormal probability > threshold:

o Trigger alert

10. Deploy model on edge device for real-time inference
End Algorithm

e

© o0 o

6. Results and Evaluation

6.1 Experimental Setup

The proposed model is evaluated using a dataset
consisting of:

e Underwater fish images (multiple species and
conditions)

e Sensor data (temperature, pH, dissolved oxygen)
The dataset is split as:

e Training set: 80%

o Testing set: 20%
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Performance is evaluated using standard classification
metrics.

6.2 Evaluation Metrics

~ TP+TN+FP+FN

F1-Score

— o . Precision-Recall
Fl1=2 Precision+Recall

6.3 Results

Model Type Accuracy | Precision Recall | F1-Score
Traditional ML 82% 80% 78% 79%
CNN Only 90% 88% 87% 87%
CNN + LSTM 93% 91% 90% 90%
Proposed Multimodal Model 96% 94% 93% 93.5%

6.4 Discussion of Results

The proposed multimodal deep learning model
outperforms traditional and single-modality approaches.
The integration of spatial features from CNN and
temporal features from LSTM improves classification
accuracy and robustness. The model demonstrates
strong  performance in  detecting early-stage
abnormalities, which is critical for real-time aquaculture
monitoring.

Additionally, edge deployment ensures low-latency
processing, enabling immediate alerts and reducing
response time compared to cloud-based systems. The
results indicate that multimodal learning significantly
enhances the reliability and scalability of fish health
monitoring systems.

7. Conclusion and Future Work

7.1 Conclusion

This study presented a multimodal deep learning-based
framework for real-time fish health monitoring and
behavioral analysis in aquaculture systems. The
proposed approach integrates heterogeneous data
sources, including underwater image data and
environmental sensor readings, to provide a

comprehensive and intelligent monitoring solution. By
leveraging Convolutional Neural Networks (CNNs) for
spatial feature extraction and Long Short-Term Memory
(LSTM) networks for temporal analysis, the system
effectively captures both visual and sequential patterns
associated with fish health and environmental
conditions.The incorporation of multimodal data fusion
enhances the model’s ability to detect complex
interactions between biological behavior and water
quality parameters, thereby improving diagnostic
accuracy. Furthermore, the deployment of the model on
edge computing devices enables low-latency, real-time
processing and anomaly detection, allowing aquaculture
operators to take timely corrective actions. Experimental
results demonstrate that the proposed system
outperforms traditional machine learning approaches
and single-modality models in terms of accuracy,
precision, recall, and Fl-score. Overall, the proposed
framework contributes to the advancement of intelligent
aquaculture systems by offering a scalable, efficient, and
automated solution for continuous fish health
monitoring. It addresses key limitations of existing
approaches, including delayed detection, reliance on
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manual observation, and limited adaptability to dynamic
environmental conditions.

7.2 Future Work

Despite the promising results, several areas remain open
for further research and improvement. First, the
availability of large-scale labeled datasets in aquaculture
is still limited, which may affect the generalization
capability of deep learning models. Future work can
explore semi-supervised and self-supervised learning
techniques to reduce dependency on labeled data and
improve model robustness. Second, while the current
system integrates visual and sensor data, additional
modalities such as acoustic signals, biochemical
indicators, and feeding patterns can be incorporated to
further enhance monitoring accuracy. The development
of more advanced multimodal fusion strategies,
including attention-based and transformer-based
architectures, can also improve feature integration and
model performance.

Third, the issue of model interpretability remains a
critical concern in real-world deployment. Future
research should focus on integrating explainable Al
(XAI) techniques to provide transparency in model
decisions, enabling stakeholders to better understand
and trust the system’s predictions.Additionally,
optimizing computational efficiency for large-scale
deployment is essential. Future studies can investigate
lightweight deep learning models and model
compression techniques to reduce computational cost
and energy consumption in edge devices. Finally, real-
world validation of the proposed system in diverse
aquaculture environments is necessary to assess its
scalability and robustness under varying conditions.
Long-term deployment studies can provide valuable
insights into system performance, reliability, and
economic benefits.
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