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ABSTRACT

Background: Early and accurate detection of fish diseases is essential for improving aquaculture productivity and reducing
economic losses. Convolutional neural networks (CNNs) offer a promising solution for automated disease classification using image-
based analysis, yet the impact of different data split strategies on model performance requires further investigation.

Methods: A CNN-based approach was developed to classify common fish diseases using a dataset comprising Aeromoniasis, Gill
disease, Healthy Fish, Parasitic diseases, Red disease, Saprolegniasis and White spot disease. Two data split ratios, 80:10:10 and
70:15:15, were evaluated. Model performance was assessed using accuracy, macro-average F1-score, confusion matrices,
validation loss and ROC curves.

Result: The 70:15:15 split achieved higher overall accuracy (86.46%) compared to the 80:10:10 split (82.81%) and demonstrated
a superior macro-average F1-score (0.8474 vs. 0.8266). However, this configuration exhibited signs of overfitting, reflected by
increased validation loss. In contrast, the 80:10:10 split showed more stable validation loss and reduced misclassification in certain
disease categories. High precision was consistently observed across most classes, although recall varied due to class imbalance
and overlapping visual features. The findings indicate that increasing the validation set size can enhance classification performance
but may also introduce overfitting risks. Implementing appropriate regularization and data balancing techniques is therefore essential.
The proposed CNN-based framework demonstrates strong potential for integration into automated aquaculture monitoring systems,
enabling timely disease detection, minimizing losses and improving overall fish health management.

Key words: Convolutional neural network, Deep learning, Fish disease classification, Image-based disease detection, Model generalization.

INTRODUCTION
Coastal communities and developing countries rely heavily
on fish rearing and aquaculture. The growing dependence
on aquaculture is boosting national economies. It plays a
key role in addressing hunger and increasing per capita
income. As a sustainable approach, aquaculture contributes
to food security and ensures a balanced diet. It also
supports global economic growth and social stability (FAO,
2024). Over the past five decades, economic growth has
led to a rise in fish consumption. Many people depend on
aquatic food as a primary protein source. Fish provides
essential nutrients to billions worldwide. Advancements in
smart aquaculture technologies have increased fish
production. As a result, per capita fish consumption rose
from 9.0 kg in 1961 to 20.2 kg in 2015 and further to 22.8 kg
by 2020 (Coppola et al., 2021). Various stakeholders,
including industries, policymakers, NGOs and consumers,
focus on improving aquatic environments for sustainable
seafood production.

Global fish and seafood production currently stands
at approximately 200 million tonnes annually (FAO, 2024).
However, 20-25% of production is wasted due to factors
such as disease outbreaks, poor transportation and
industrial challenges (Siddiqui et al., 2017). Ensuring fish
health is essential for sustaining this sector (Svein et al.,
2021; Zhao et al., 2024). Disease spread is faster in fish
farms than in the wild due to confined environments.
Consequently, diseases pose a major challenge to fish
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farming. Traditional disease detection methods depend
on fishermen and manual techniques. These are slow,
prone to errors and often inaccurate (Li et al., 2022; Cho,
2024; AlZubi, 2023; Hai and Duong, 2024). Machine-
based detection minimizes errors and enables data
reproduction with high precision (Penttinen et al., 2018;
Al-Dosari and Abdellatif, 2024; Untari and Satria, 2022;
Wihardjo et al., 2024; Lugito et al., 2022). While human
expertise is still valuable, Al and machine learning (ML)
enhance characterization, classification and segmentation
of fish diseases.

Deep learning has advanced automated image
processing for specific problems (LeCun et al., 2015;
Hasan et al., 2022). CNN models analyze raw image data,
making them useful for object detection, classification and
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segmentation (Schmidhuber et al., 2015). Various
algorithms like backpropagation, recurrent neural networks
and deep reinforcement learning help train models for
accurate image recognition (Jensen et al., 2015). CNNs
enable efficient feature extraction and model training,
making them effective for detecting fish diseases (Abade
et al., 2021). Krizhevsky et al. (2017) introduced CNNs for
image classification in the ImageNet Large Scale Visual
Recognition Challenge, achieving significantly higher
accuracy than classical algorithms. Lyubchenko et al.
(2016) suggested object clustering within images,
integrating K-means clustering with mathematical
morphology for segmentation. However, their approach
lacked a classifier, making it difficult to estimate accuracy.
Additionally, their method was time-consuming and
inefficient. Malik et al. (2017) worked on detecting Epizootic
Ulcerative Syndrome (EUS) using edge detection and
morphological operations for segmentation. They evaluated
multiple classification models, achieving 86% accuracy
with a neural network and 63.3% with the K-NN model.
Ahmed et al. (2022) investigated salmon disease
classification using a machine vision approach, where
image processing techniques were employed for feature
extraction, followed by SVM-based classification. Their
model achieved 91% accuracy without augmentation and
94% with augmentation. However, the dataset was limited
to 163 infected and 68 healthy fish images.

The present study proposes a CNN-based ML approach
for classifying fish health states using an advanced classifier
algorithm. By employing a systematic evaluation with
multiple metrics and graphical representations, the model's
performance is rigorously assessed. The trained model is
optimized to minimize loss and maximize accuracy on the
validation set, demonstrating strong pattern recognition and
generalization capabilities.

MATERIALS AND METHODS
Dataset and preprocessing

This study utilized an open-source dataset to develop a
fish disease detection model using CNN method (Biswas,
2023). The dataset consists of images representing fish
affected by seven different conditions, which are categorized
into bacterial infections (Aeromoniasis, Bacterial Gill
Disease, Bacterial Red Disease), fungal infection
(Saprolegniasis), parasitic infection (Parasitic Disease)
and viral infection (White Spot Disease), as well as a class
representing healthy fish. Each condition contains 250
images, ensuring a well-balanced dataset for both training
and evaluation.

The dataset was sourced from a publicly accessible
repository on Kaggle and collected from various sources,
including a university agricultural department, an
agricultural farm in Odisha, India and several agricultural
websites. To facilitate model training, preprocessing steps
were applied to the images. The original images varied in

size, so they were resized to a consistent dimension of
256x256 pixels to ensure uniformity when fed into the
neural network. This resizing step is essential for DL
models, as it ensures that all input data is of the same size
and shape, thus preventing shape mismatches during the
training phase. The resizing transformation can be
expressed mathematically as follows:

Resize () - |, wherel = Resize [1, (256,256)]

Next, the pixel values of the images were normalized
to a range of [0, 1]. This normalization process involves
dividing the pixel values by 255, as image pixel values
usually range from 0 to 255 in RGB images. This
transformation helps stabilize the gradient during training,
making the model learn more efficiently. The pixel
normalization can be described as:

= L where |

norm 25

o € [0, 1]

To further improve the generalization capability of the
model, data augmentation techniques were applied during
training. Data augmentation helps prevent the model from
overfitting by artificially increasing the variety of the training
dataset. The augmentations applied include.

Random horizontal and vertical flip

This technique randomly flips an image along the horizontal
and vertical axes. This introduces transformations of the
images while preserving the main features of the objects
(e.g., fish) in different orientations.

Random rotation

The images were randomly rotated by a maximum of +20
degrees. This allows the model to become more invariant
to rotational transformations in the input data, which is
common in real-world applications where the object’s
orientation can vary.
Mathematically,
represented as:

Augment (I) — Flip [Rotate (1)]

these augmentations can be

This equation indicates that the image (l) is first rotated
(as denoted by Rotate(l)) and then flipped [as denoted by
Flip (Rotate(l)]. The transformations are applied
sequentially to create a new augmented version of the
original image. Fig 1 shows the output of the image after
resizing, flipping and segmentation.

For evaluating the model's performance, two different
partitioning schemes were used for this experiment. The
dataset was split into three subsets: training, validation
and testing.

70:15:15 split
In this partitioning scheme, 70% of the dataset was
allocated for training, 15% for validation and the remaining

15% for testing. This partitioning method ensured that the
model was trained on a substantial amount of data, while
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also being validated and tested on independent subsets
to assess its generalization.

80:10:10 split

In this alternative partitioning, 80% of the dataset was used
for training, with 10% for validation and 10% for testing.
This partitioning was used to explore how the model would
perform with a larger training set and smaller validation
and test sets.

The training set was used to fit the model. The
validation set was used to monitor the model's performance
during training and the test set was reserved for evaluating
the model’s final performance. The splitting process was
implemented using shuffling to ensure that the data points
were randomly distributed across the training, validation
and test sets. This shuffling helps avoid any bias in the
model evaluation, which could occur if the data was split in
a non-random manner. The splitting ratio (r) can be
expressed mathematically as follows.

Train split = r,

Where,

N= The total number of images and the partition ratios are
either set as 70:15:15 or 80:10:10, depending on the
chosen split configuration.

xn, Val split=r_ xn, Test split=r__ xn

rain | est

Model architecture

A sequential CNN model was designed for the fish
classification task. CNNs are particularly well-suited for image
classification tasks due to their ability to automatically learn
spatial hierarchies of features from images. The architecture
of the model includes multiple layers of convolution followed
by pooling layers, which progressively learn more complex
representations of the input image. The architecture of the
model consists of the following layers.

¢ Input layer

The model accepts inputs with a fixed shape of 256x256
pixels and 3 color channels (RGB images).

¢ Convolutional layers

The model includes six convolutional layers with
increasing filter sizes. The first few layers use 64 filters,
followed by layers with 256 and 512 filters, aimed at

capturing progressively more complex features of the
images, such as textures and patterns associated with
different fish diseases. All convolutional layers use the
ReLU (Rectified Linear Unit) activation function, which
introduces non-linearity and allows the model to capture
complex patterns in the image data.

¢ Max-pooling layers

After each convolutional layer, max-pooling operations were
applied with a pool size of (2, 2). Max-pooling helps to
reduce the spatial dimensions of the feature maps, which
reduces computational complexity and prevents overfitting
by downsampling the data.

¢ Flatten layer

After the convolutional and pooling layers, the feature maps
were flattened into a 1D vector to be used as input for the
fully connected layers.

¢ Fully connected layers

The flattened vector was passed through two fully
connected layers. The first layer has 64 units and uses the
ReLU activation function. The second fully connected layer
corresponds to the output layer, which has 7 units (one for
each class) and uses the softmax activation function to
output class probabilities. The softmax function ensures
that the output values sum to 1 and can be interpreted as
probabilities for the respective classes. Fig 2 illustrates
the process of feature extraction and classification using
the sequential-CNN method.

Training procedure

The model was trained for 200 epochs, with each epoch
consisting of multiple iterations over the training data. An
epoch refers to one complete cycle through the entire training
dataset. During each epoch, the model's parameters were
updated using the Adam optimizer, which adapts the learning
rate during training to improve convergence. The Sparse
Categorical Crossentropy loss function was used, as it is
appropriate for multi-class classification problems where
the labels are provided as integers.

L@)=-2_ Y9 (/)

Horizontal Flip

Fig 1: Image output after resizing, flipping and segmentation.
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Where,

y= The true label for the i" class (often represented as a
one-hot encoded vector),

p;= The predicted probability for the i class (i.e., the output
of the model’'s softmax layer),

N= The total number of classes (in the present case, 7
different fish disease categories).

The model's performance was evaluated by
monitoring both training and validation accuracy and loss
at the end of each epoch.

Evaluation metrics

After training, the model's performance was evaluated on
the test set using several. These metrics are:

TP + TN
Accuracy % = x 100
TP + TN + FP +FN
TP
isi o, =— x 100
Precision (P) % TP + FP
TP
Recall (R) % =———— x 100
TP + FN
1 seore2TPTR
- Score =———

The confusion matrix provides a detailed breakdown of
the model's performance for each class. A confusion matrix
for a two-class classification problem is represented as:

Actual\predicted Class 1 Class 2
Class 1 TP, FP,
Class 2 FN ™

1 2

The Receiver Operating Characteristic (ROC) Curve
and Area Under the Curve (AUC) are a graphical
representation that shows the performance of a model as
the decision threshold varies.

Efficiency considerations

To optimize the training process, several techniques were
implemented to ensure efficient use of computational
resources. Caching and prefetching techniques were
applied to improve the data pipeline’s performance.

¢ Caching

Caching stores the dataset in memory after it is loaded
and preprocessed for the first time. This ensures that the
data is available for faster subsequent epochs, reducing
the time required for loading the data during training.

¢ Prefetching

Prefetching is used to overlap the data loading and training
processes. This helps improve throughput by ensuring
that the model never has to wait for data to be loaded,
reducing bottlenecks in the data pipeline.

RESULTS AND DISCUSSION

The performance of the CNN model was evaluated based
on two different data split ratios: 80:10:10 and 70:15:15.
Fig 3 presents the training and validation accuracy as well
as the corresponding loss curves over 200 epochs for both
configurations. For the 80:10:10 split, the model achieved
a training accuracy of 93.80% with a training loss of 0.1576,
while the validation accuracy reached 84.38% and the vali-
dation loss was 0.3984.

This result indicates that the model learned well from
the training data while maintaining reasonable generali-
zation on the validation set. In comparison, the 70:15:15
split resulted in an improved training accuracy of 98.79%
and a significantly lower training loss of 0.0466. The
validation accuracy also improved to 92.68%; however, the
validation loss increased to 0.6901. The higher validation
accuracy suggests better generalization, while the
increased validation loss may indicate some degree of
overfitting. The larger validation set in this split may have
contributed to a more robust model evaluation but also
introduced greater variability.

Fig 4 illustrates the confusion matrices for both split
ratios, detailing the model's ability to correctly classify dif-
ferent fish diseases. The model trained on the 70:15:15
split demonstrates improved classification performance,
particularly for "Healthy Fish" and "Gill Disease," showing
higher true positive values. However, the 80:10:10 split
achieves more stable predictions, particularly for
"Aeromoniasis" and "White Spot Disease," with lower
misclassification rates.

Input

256x256x3

Convolutions

Max pooling

Feature extraction

SoﬁMax
Function

Convolutions Max pooling

Fig 2: Process of feature extraction and classification using sequential-CNN method.
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A noticeable observation is that the 70:15:15 model size in 70:15:15 provides a better generalization
encounters more misclassifications for "Parasitic estimate, it also introduces instability in certain dis-
Diseases” and "Saprolengniasis,” likely due to higher ease classifications.
variance in training data distribution. The confusion matrices Table 1 and 2 present the classification metrics at
further confirm that although increasing the validation set data split ratios of 80:10:10 and 70:15:15, respectively.

Trainina and alidation Acciiracy Trainina and Validation | ncc ‘
Training and Validation Accuracy Training and Validation Loss
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Fig 3: Training and validation accuracy and loss over 200 epochs at two data spilt ratios (80:10:10 and 70:15:15).
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Fig 4: Confusion matrix showing true and false predictions for two data split ratios: 80:10:10 and 70:15:15.

Table 1: Classification metrics at data spilt ratio 80:10:10.

Class (80:10:10 ratio) Precision Recall F1-score Support
Aeromoniasis 1 0.8333 0.9091 6
Gill disease 1 0.875 0.9333 8
Healthy Fish 0.7188 0.9583 0.8214 24
Parasitic diseases 1 0.4286 0.6 7
Red disease 0.7143 1 0.8333 5
Saprolegniasis 1 0.8 0.8889 5
White spot disease 1 0.6667 0.8 9
Accuracy 82.81% 64
Macro avg 0.919 0.7946 0.8266 64
W eighted avg 0.8722 0.8281 0.8226 64
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At an 80:10:10 split ratio, several classes (e.g.,
Aeromoniasis, Gill disease, Parasitic diseases,
Saprolegniasis and White spot disease) exhibit perfect
or near-perfect precision (i.e., 1.0).

However, recall for Parasitic diseases is relatively low
(0.4286), suggesting the model struggles to correctly
identify all positive cases for this class. Healthy Fish also
shows a lower precision (0.7188) but a very high recall
(0.9583), indicating the model is good at detecting most
healthy fish but sometimes misclassifies other classes
as healthy. Overall, the 82.81% accuracy indicates solid
performance but also reveals potential issues with
imbalanced predictions. The high macro-average
precision indicates that, on average, the model avoids
false positives; however, the lower macro-average recall
highlights its tendency to miss some positive samples in
specific classes.

When the validation set is larger (70:15:15), the
overall accuracy improves to 86.46% and both macro and
weighted averages also increase, reflecting better overall
performance. Classes like Aeromoniasis, Gill disease and

Table 2: Classification metrics at data spilt ratio 70:15:15.

Healthy Fish achieve both high precision and high recall,
demonstrating that the model distinguishes these
conditions effectively. However, some classes, such as
Red disease and Saprolegniasis, show perfect precision
(1.0) but relatively low recall (0.6667 and 0.5556, respectively),
indicating that while the model rarely mislabels other diseases
as Red disease or Saprolegniasis, it does fail to capture a
portion of true positive cases in those classes.

Fig 5 shows example outputs from the model’'s
classification of fish diseases, highlighting the actual
disease label, the model’s predicted label and the
confidence score for each sample. At 80:10:10 data separation,
the fish with White spot disease is correctly predicted with
99.94% confidence, the healthy fish is identified with 100%
confidence and the fish with Red disease is classified at
99.55% confidence. At 70:15:15 data separation, similar
high-confidence predictions for White spot disease, healthy
fish and Red disease, further illustrate the model’s
capability to accurately recognize these conditions.

Fig 6 compares the ROC curves and AUC values for
each disease class under the two data splits (80:10:10 vs.

Class (70:15:15 ratio) Precision Recall F1-score Support
Aeromoniasis 0.8462 0.9167 0.88 12
Gill disease 0.8571 0.9231 0.8889 13
Healthy fish 0.8108 0.9677 0.8824 31
Parasitic diseases 0.9 0.8182 0.8571 "
Red disease 1 0.6667 0.8 9
Saprolegniasis 1 0.5556 0.7143 9
White spot disease 0.9091 0.9091 0.9091 "
Accuracy 86.46% 96
Macro avg 0.9033 0.8224 0.8474 96
Weighted avg 0.8785 0.8646 0.8596 96
80:10:10

Actual: White spot disease,
Predicted: White spot disease.

Confidence: 95.94%

Actual: White spot disease,
Predicted: White spot disease.
Confidence: 100.0%

Actual: Healthy Fish,
Predicted: Healthy Fish.
Confidence: 100.0%

70:15:15

Actual: Healthy Fish,
Predicted: Healthy Fish.
Confidence: 100.0%

Actual: Red disease,
Predicted: Red disease.
Confidence: 95.55%

Actual: Red disease,

Predicted: White spot disease.
Confidence: 99.73%

Fig 5: Confidence score for actual and predicted diseased classes.
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Fig 6: ROC(AUC) curves.

70:15:15). The left plot (80:10:10) shows that each
disease class achieves a high AUC, ranging roughly from
0.92 t0 0.99. This indicates that, for every disease, the model
is able to maintain a high true positive rate (TPR) while
keeping the false positive rate (FPR) relatively low. In par-
ticular, Red disease exhibits the highest AUC at about 0.993,
suggesting the model is especially adept at distinguishing
this class from others. Conversely, Saprolegniasis and White
spot disease have slightly lower AUC values but still remain
above 0.92, reflecting robust performance.

In the right plot (70:15:15), the AUCs remain high, with
most classes showing slight improvements over the
80:10:10 split. For instance, Aeromoniasis improves from
about 0.9655 to 0.9772 and Parasitic diseases also show
a notable increase (0.9500 to 0.9900). As with the 80:10:10
split, Red disease remains one of the best-classified
conditions (AUC ? 0.9924). Although Saprolegniasis and
White spot disease maintain strong AUCs, they still rank
slightly lower compared to the other classes. Overall, both
ROC plots confirm the model’s strong discriminatory power
across all disease classes. The consistently high AUC
values, well above the 0.5 random-guess threshold,
illustrate that the classifier performs significantly better
than chance. The slight variations between the two splits
echo earlier findings: while the 70:15:15 split can yield higher
accuracy and AUC for certain classes, it may also show
signs of overfitting in other metrics (such as validation loss).

Fig 3 highlights that both splits show an upward trend in
accuracy and a downward trend in loss. However, the 70:15:15
split exhibits more fluctuation in validation loss, hinting at
greater sensitivity to the validation data. Although the 70:15:15
split yields a higher validation accuracy (92.68% vs. 84.38%)
and a better overall accuracy (86.46% vs. 82.81%), the in-
creased validation loss (0.6901 vs. 0.3984) suggests
overfitting. This finding is further supported by the confusion
matrices (Fig 4), where the 70:15:15 model correctly classi-
fies more instances in some diseases but shows instability
in others. Many classes achieve near-perfect precision, indi-
cating the model’s caution in labeling diseases. However,
certain classes (e.g., Parasitic diseases, Saprolegniasis)
have lower recall, meaning the model fails to identify some
positive cases. This discrepancy may be due to class imbal-
ance or overlapping visual features among diseases.

Despite the potential for overfitting, the higher
validation accuracy under the 70:15:15 split suggests it
provides better generalization for most disease categories.
To further improve the model, data augmentation and
balancing techniques could help address low recall in
underrepresented classes. Additionally, regularization
methods such as dropout, batch normalization, or weight
decay can mitigate overfitting-particularly valuable in the
70:15:15 scenario. Finally, adjusting decision thresholds
per class could help optimize the balance between
precision and recall, especially for classes with skewed
performance metrics. Overall, the results indicate that while
the 70:15:15 split leads to higher accuracy and AUC values
for most classes, the 80:10:10 split exhibits more stable
validation loss. Selecting the optimal approach may
depend on the specific application requirements (e.g.,
whether minimizing false negatives or false positives is
more critical) and the available dataset size. To further
enhance model performance, implementing data augmentation
techniques or gathering additional samples for
underrepresented classes (e.g., Parasitic diseases,
Saprolegniasis) could improve recall. Moreover, employing
regularization methods such as dropout, batch normalization,
or weight decay may help mitigate overfitting, particularly in
the 70:15:15 split. Adjusting decision thresholds for each
class could also help balance precision and recall for those
classes with skewed performance metrics.

CONCLUSION

In conclusion, the CNN-based model effectively identifies
multiple fish diseases with high accuracy, demonstrating
its potential for aquaculture diagnostics. The study finds
that a 70:15:15 data split improves generalization but
increases validation loss, while an 80:10:10 split provides
more stability with slightly lower accuracy. However, class
imbalance, particularly in Parasitic diseases and
Saprolegniasis, affects recall and the model shows a
tendency to overfit larger validation sets. To enhance
performance, future work will focus on data augmentation
techniques like rotation, flipping and color jitter, along with
exploring advanced architectures such as Vision
Transformers and attention-based CNNs. Stronger
regularization methods like dropout and batch nor-
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malization, as well as optimized decision thresholds, could
improve adaptability. Ultimately, this study highlights the po-
tential of Al-driven disease detection to revolutionize aquac-
ulture health management by enabling early diagnosis, re-
ducing economic losses and improving fish welfare.
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