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Application of Densenet201- Convolution Neural Network for
Detection of White Spot Syndrome Virus (WSSV) in Shrimp
to Enhance Aquaculture Disease Management
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ABSTRACT
Background: White Spot Syndrome Virus (WSSV) is a major pathogen in shrimp aquaculture, causing severe economic losses.
The early detection of WSSV is essential for managing outbreaks. Traditional diagnostic methods are effective but often slow and
resource-intensive. This study investigates the DenseNet201-Convolution Neural Network model for efficient WSSV detection.
Methods: An online dataset of shrimp images was prepared, including healthy and WSSV-infected samples. Images were
preprocessed and fed into DenseNet201 - convolutional neural network. The model was fine-tuned for WSSV detection. Its performance
was evaluated using classification metrics.
Result: The model demonstrated high performance, achieving a training accuracy of 99.8% and a validation accuracy of 97%.
Precision, recall and F1 score for the WSS class were 97.06%, 94.29% and 95.65%, respectively, while for the healthy class, they
were 93.10%, 96.43% and 94.74%. The overall accuracy reached 95.24%, with an MCC of 0.905. The ROC curve showed an AUC
of 1 for both classes, indicating perfect classification performance. The DenseNet201-based CNN model successfully detects WSS in
shrimp with high accuracy and generalizability. This approach provides a robust tool for early disease detection in aquaculture, though
future work should focus on dataset expansion and real-world validation to enhance the model’s robustness under diverse conditions.
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INTRODUCTION
Seafood farming is a vital part of the aquaculture industry
and plays an important part in the economy of India.
Over the past five years, India’s marine product production
and exports have shown steady growth. Production
increased from 141.64 lakh tonnes in 2019-2020 to an
estimated 182.70 lakh tonnes in 2023-24. Similarly, exports
are projected to rise from 13.29 lakh tonnes to 18.19 lakh
tonnes during the same period (PIB, 2024). However, the
growth of shrimp farming faces significant challenges due
to diseases like White Spot Syndrome Virus (WSSV). WSSV
is harmful infection, causing high mortality rates and
economic losses in the industry.

Early and accurate detection of this virus is essential
for effective disease management in aquaculture.
Traditionally, WSSV detection relies on conventional
methods (Wang et al., 2023; Zhang et al., 2022). While
these methods are accurate, they have limitations, including
high costs, the need for skilled personnel and time-
consuming procedures. These challenges often delay
disease detection, increasing the risk of outbreaks in
shrimp farms. Advances in AI and DL have generated new
avenues for reducing these challenges. Convolutional
Neural Networks (CNNs) are particularly effective in
detecting complex patterns from images, providing a faster
and more accessible alternative. DenseNet201, a CNN
architecture with densely connected layers, excels in feature
extraction and reuse, making it an ideal tool for WSSV detection.

CNN models are renowned for their promptness and
high accuracy, making them well-suited for disease
detection tasks (Abade et al., 2021). CNNs are trained to
analyze raw image data and effectively classify shrimp into
categories based on visible signs of disease (Zhang et al.,
2023). The models are further capable of localizing and
identifying lesions, abnormalities, or pathogenic impacts,
addressing critical challenges in shrimp health monitoring.
Object detection algorithms built on CNN architectures,
such as Faster R-CNN and YOLO, enhance the precision
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of disease detection by delineating regions of interest
within shrimp images. These methods enable automated
identification of diseased areas, facilitating continuous
disease diagnosis and monitoring (Lai et al., 2022; Zhou
et al., 2023; Zhang et al., 2022; Lugito et al., 2022; Wirawan
and Mahendra, 2024). Such automation minimizes human
involvement while improving diagnostic efficiency, which
is particularly beneficial in large-scale aquaculture (Cho,
2024; Kim and AlZubi, 2024; Min and Kim, 2024).

Satoto et al. (2023) applied InceptionResNetV2 with
data augmentation for classifying coastal shrimp species.
They trained the model on a limited dataset of 350 images
across seven shrimp classes. Despite this limitation, the
model achieved an impressive 99.4% accuracy on average.
However, the reported prediction accuracy ranged widely
from 90.01% to 99.8%, underscoring the need for validation
on larger datasets to ensure reliability and scalability.
Prema et al. (2022) introduced a hybrid CNN-SVM model
designed to assess shrimp freshness and quality through
real-time vision-based systems. The model is IoT-enabled,
allowing for continuous monitoring to ensure shrimp quality,
which is often affected by improper storage, handling and
processing. Their approach primarily targets the detection
of spoilage post-harvest to prevent potential human health
risks. By combining the deep learning capabilities of CNN
model with the classification strength of Support Vector
Machines, the model provides an effective framework for
identifying and classifying shrimp quality based on freshness.

The main objective of proposed work is to develop a
DL-based solution for detecting WSSV in shrimp, using the
DenseNet201-CNN architecture. The study aims to enhance
disease detection accuracy by effectively distinguishing
between healthy and WSSV-infected shrimp through image
classification. By using advanced deep learning techniques,
the model seeks to address the limitations of conventional
methods such as PCR and histopathology, which can be
time-consuming, costly and require specialized expertise.
Additionally, the study focuses on evaluating the model’s
performance using metrics such as classification matrices,
ROC-AUC and Matthews Correlation Coefficient (MCC), to
ensure reliable and interpretable results.

MATERIALS AND METHODS
Algorithm environment
The algorithm was built and executed in a Jupyter Notebook
using Anaconda. It was developed in a Python v3.11
environment and trained on a PC with 16 GB of RAM. The
training process utilized a TPU-v3:8 (8-core Tensor
Processing Unit) environment to accelerate the machine
learning tasks. TensorFlow module and Keras API were
used to build and train the model.

Data collection
In  this study, the dataset contains labeled  shr imp
images collected from an online dataset repository (Fig 1).
The dataset is organized in subdirectories, where each
subdirectory corresponds to a unique class (healthy
and WSSV) and each class contains multiple images.
The images were captured under varying conditions,
including lighting and background and resized to a fixed
resolution for input into the model. A total of 238 images
were used for training, 30 for validation and 30 for testing.
The following steps were performed for data preprocessing.

Data preprocessing
Image loading and labeling
Images were loaded using the Python Imaging Library (PIL).
For each image, a check was performed to ensure that it
could be opened and properly converted to the RGB color
format. The images were resized to a uniform size of
224  224 pixels, maintaining their aspect ratio. The labels
were automatically assigned based on the subdirectory
names (sorted alphabetically), where each subdirectory
represents a unique class. These labels were mapped to
integer values for classification purposes.

Data augmentation
The variability of the dataset was enhanced using data
augmentation process. These techniques included random
horizontal flipping, random rotation (up to 20%) and random
zooming (up to 20%). This augmented dataset enabled
the model to generalize better to unseen images.

Fig 1: Images from datasets.
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Data normalization
Image pixel values were normalized by scaling them to
the range [0, 1] by dividing each pixel value by 255.
This normalization step is essential for improving model
convergence during training.

Data splitting
The dataset was divided into three subsets: training,
validation and testing. A stratified split, which maintains
the class distribution across splits, was performed.
Typically, 80% of the data was used for training, 10% for
validation and 10% for testing. The data were randomly
shuffled before splitting.

DenseNet201- Convolutional neural network model
architecture
A DenseNet201 model, pre-trained on the ImageNet
dataset, was employed as the base architecture for the image
classification task. DenseNet201 is a deep convolutional
neural network that is known for its efficiency and performance
in various computer vision tasks. A block diagram of Dense
Net201-CNN is given in Fig 2. The model was modified by
adding a custom classification head, as outlined below.

Base model
The DenseNet201 model was used without the top
(classification) layer, allowing for the replacement of the
original classifier with a custom one tailored for this task.
The pre-trained weights were initialized using the ImageNet
dataset to use the feature extraction capabilities learned
from a diverse set of images.

Custom classification head
The output of the DenseNet201 base model was passed
through a Global Average Pooling (GAP) layer to reduce the
spatial dimensions of the feature maps

This layer was followed by a fully connected layer with
512 units and a ReLU activation function. To reduce
overfitting, a dropout layer with a rate of 0.5 was applied
after the fully connected layer. The final output layer
consisted of two units (corresponding to the two classes)
with a softmax activation function, which provides class
probabilities.

Thus, the model can be expressed as

Loss function and optimizer
The model was compiled using categorical crossentropy
as the loss function, which is standard for multi-class

classification tasks. The optimizer chosen was Adam, with
a learning rate of 0.0001, to improve convergence speed
and stability during training. Accuracy was used as the
primary evaluation metric during training and validation.

Training procedure
Model checkpointing
A model checkpoint callback was used to prevent overfitting.
This function monitored the accuracy of validation and
saved the weights of the model to a file (best_densenet
201.keras) whenever the validation accuracy improved.

Training process
The model was trained for 30 epochs, with 32 batch sizes.
The training process was conducted using TensorFlow
and Keras, which allowed for efficient parallel computation
across multiple CPU cores.

Evaluation
The ability of the trained model was accessed using
several metrics to assess classification accuracy. The
primary evaluation metric was classification accuracy,
computed as the percentage of correctly classified images.

A confusion matrix was generated to visualize the
model’s performance. Where true positive, true negative,
false positive and false negative values are filled in the
matrix.

The ROC(AUC) curve was generated to evaluate the
ability of the model to discriminate between classes.

For binary classification tasks, the Matthews Correlation
Coeffic ient (MCC) was calculated as an additional
evaluation metrix to provide a balanced measure of
classification performance. The formula for MCC is:

RESULTS AND DISCUSSION
In this study, a deep learning model was developed for the
detection of White Spot Syndrome (WSS) in shrimp using a
DenseNet201-based convolutional neural network (CNN).
The performance of the model was assessed by training

Output = Dense (512, activation = relu)  Dropout
(0.5)  Dense (2, activation = softmax)

Modalfinal = Modal (inputs = Modelbase. input,
   outputs = output)

 Loss = Categorical crossentropy, Optimizer
    = Adam (lr = 0.0001)

DenseNet201 (Weights = Imagenet, includetop
= False)

Modelbase =

GAP output = Global average pooling 2D (Modelbase)

Accuracy =
Correct prediction
 Total predictions

Predicted class

Healthy   Powdery Mildew Rust

Actual class Healthy TP FN FN
Powdery mildew FP TP FN

Rust FP FP TP

AUC =         ROC curve dt
1

0

MCC =                      TP . TN - FP . FN
(TP + FP) (TP + FN) (TN + FN) (TN + FN)
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 and validation accuracy and their losses, across 30 epochs
(Fig 3).

The training accuracy steadily improved, reaching
about 99.8% by the final epoch. This shows the model
effectively learned from the training data. However, the
validation accuracy increased more gradually and showed
some fluctuations. It stabilized around 97%, suggesting
that the model could generalize well to unseen data, but
faced some challenges. For loss metrics, the training loss
decreased consistently, reaching a low value of around
0.0009 by the final epoch. This indicates effective error
minimization on the training data. The validation loss followed
a similar pattern, initially dropping sharply and then

stabilizing at approximately 0.0016. This suggests that
while the model learned the key features for WSS detection,
its performance on the validation set reached a plateau.

Overall, the model demonstrated strong performance,
with high accuracy and low loss on both the training and
validation datasets. However, the slight gap between
training and validation performance indicates that further
fine-tuning could improve generalization and reduce
overfitting.

The confusion matrix for detecting W hite Spot
Syndrome (WSS) disease reveals the model’s performance
in classifying WSS Disease and Healthy samples (Fig 4).
Specifically, 27 samples of WSS Disease were correctly
classified as WSS Disease, while 1 sample of W SS
Disease was misclassified as Healthy. Additionally, 2
healthy samples were incorrectly classified as WSS
Disease and 33 healthy samples were accurately classified
as Healthy. These results suggest that the model performed
well overall, with only a few misclassifications, particularly
between WSS Disease and Healthy samples. The relatively
low number of misclassifications indicates strong model
performance and its ability to distinguish between the
two classes.

The classification metrics for detecting WSS disease
in shrimp show strong performance (Table 1). The precision
for WSS Disease is 97.06%, indicating that the model correctly
identified most WSS Disease instances. The recall for WSS
Disease is 94.29%, meaning it identified 94.29% of all
actual WSS Disease cases. For healthy samples, the
precision is 93.10% and recall is 96.43%. This shows the
model performed well in identifying healthy samples as well.

Application of Densenet201- Convolution Neural Network for Detection of White Spot Syndrome Virus (WSSV) in Shrimp to....

Fig 2: Block diagram of DenseNet201-CNN.

Fig 3: Training and validation results over epochs.

Fig 4: Confusion matrix.
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The F1 scores are 0.9565 for WSS Disease and 0.9474 for
healthy class, indicating a good balance between precision
and recall. The overall accuracy is 95.24%, reflecting strong
performance across both classes. The macro and
weighted averages show high precision, recall and F1
scores, further supporting the model’s effectiveness.
The support values of 28 for WSS Disease and 35 for
healthy samples suggest a balanced dataset. Overall, the
model performs well in classifying both WSS Disease
and Healthy shrimp, with minor variations between the
two classes.

The model achieved a remarkable classification
performance, with an ROC curve yielding an AUC of 1 for
both classes (Fig 5). This indicates that the model can
perfectly distinguish between WSS Disease and Healthy
samples, with no false positives or false negatives. The ROC
curve passes through the top-left corner, reflecting a true
positive rate (TPR) of 1 and a false positive rate (FPR) of 0.
This demonstrates the model’s exceptional ability to
accurately classify both classes without any misclassification,
indicating optimal performance. The Matthews Correlation
Coefficient (MCC) for this confusion matrix is approximately.

Fig 5: ROC(AUC) curve.

Table 1: Classification matrix.

Metric WSS Disease Healthy Macro Avg Weighted Avg Support

Precision 0.9706 0.931 0.9508 0.953 28
Recall 0.9429 0.9643 0.9536 0.9524 35
F1 Score 0.9565 0.9474 0.9519 0.9525
Accuracy 0.9524 63

Table 2: A comparison of different model performance in Shrimp disease detection.

Author(s) Model Dataset Accuracy

Ramachandran Dense inception CNN Images of Litopenaeus
 et al. (2023)  (DICNN) vannamei (LV) and 97.22%

Penaeus monodon (PM)
shrimp with WSSV

Duong-Trung Transfer learning with CNNs Shrimp disease images from 90.02%
 et al. (2020) the Mekong Delta
Tuyen et al. (2023) Decision tree (DT)-based Spatial data and physio- ET: 71.3%,

Models (RT, ET, J48)  chemical factors RT: 70.1%,
J48: 64.1%

Ashraf and Atia (2021) MobileNetV1 (Transfer White spot disease and 95%
Learning)  black gill disease detection

 in shrimp
Hu et al. 2020 ShrimpNet Six categories of shrimp 95.48%
Proposed study DenseNet201-CNN WSSV infected shrimp 95.24%
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This value indicates a strong positive correlation between
the predicted and actual values, meaning the model
performs well in distinguishing between the two classes.

A comparison of the presented model with other existing
models is conducted in the preceding section (Table 2).
This comparison highlights the strengths and weaknesses
of the proposed model in terms of classification accuracy
and overall effectiveness.

Ramachandran et al. (2023) detected WSS Virus in
shrimp.  They used a Dense Inception CNN method. They
also used the Inception structure to enhance multi-
dimensional feature extraction. The model achieved an
accuracy of 97.22%. Duong-Trung et al. (2020) addressed
shrimp disease classification using DCNNs with transfer
learning. The research focused on diseases affecting
shrimp in Vietnam, particularly in the Mekong Delta, a major
shrimp farming region. The authors used data collected
from fieldwork in the Mekong Delta, which involved images
of six diseases in shrimp. The model achieved an overall
accuracy of 90.02%, demonstrating its effectiveness in
handling non-standard images. The study shows the
importance of early disease detection and the need for
collaborative efforts in shrimp disease prevention.

Tuyen et al. (2023) developed W SSV disease
susceptibility maps in shrimp. The ET model achieved good
accuracy, with an AUC of 0.713, compared to Random Tree
with 0.701 and J48 with 0.641. The susceptibility maps
created with these models are expected to help better plan
and control the spatial spread of WSSV in shrimp farming.
Ashraf and Atia compared several DL models to detect
diseases in shrimp. Their goal was to identify the best
model for early shrimp disease detection. The study used
five transfer learning models and found that MobileNetV1
achieved 95% accuracy in the first experiment and 92.5%
accuracy in the second experiment. Hu et al. (2020)
introduced ShrimpNet, CNN architecture designed for
shrimp recognition in aquaculture. The dataset used for
training and testing included six different categories of
shrimp. ShrimpNet achieved an accuracy of 95.48%,
making it a valuable tool for intelligent shrimp aquaculture.

The proposed DenseNet201-CNN model holds a
strong position in WSSV detection with 95.24% accuracy,
though it slightly lags behind DICNN model, which
reached 97.22%. When compared to other models, such
as ShrimpNet (95.48%) for recognition or Transfer
Learning with CNNs (90.02%) for disease classification,
the proposed model demonstrates comparable accuracy
in disease detection tasks, especially in a targeted
environment for WSSV detection.

CONCLUSION
The proposed DenseNet201-based CNN model for
detecting White Spot Syndrome (WSS) in shrimp achieved
remarkable results in terms of classification accuracy and

performance metrics. The model demonstrated strong
potential for use in shrimp disease detection with an overall
accuracy of 95.24% and an MCC of 0.905. The ability of
model to classify both WSS-infected and healthy shrimp
was further validated by a ROC (AUC) score of 1. Although
the model performed well, some challenges were
observed with validation performance, suggesting that
further fine-tuning could improve generalization and reduce
overfitting. The model’s strong performance highlights the
potential for CNN-based approaches in biological and
medical image analysis, providing valuable tools for early
disease detection in aquaculture.

The proposed model shows promising results, stile
there are several limitations to consider. The dataset used
in this study was relatively small, with only 238 images for
training, which may not fully capture the diversity of shrimp
images encountered in real-world settings. The model’s
performance could be further enhanced by increasing the
dataset size and incorporating additional image variations
such as different shrimp species, lighting conditions and
backgrounds. Future work will include advanced data
augmentation procedures and the implementation of
hybrid model architectures, such as EfficientNet or ResNet,
to further boost performance and generalization.
Additionally, the computational cost of training the model
on a TPU environment may be a limiting factor for practical
deployment in resource-constrained settings. Exploring
model compression techniques or transfer learning on
smaller datasets could help address this limitation. Overall,
the proposed model represents a promising approach to
early disease detection in shrimp farming and further
improvements in both dataset size and model architecture
could lead to even more accurate and efficient systems.
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MCC =
             (27  33) - (2  1)
(27 + 2) (27 + 1) (33 + 2) (33 + 1)
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