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Enhanced recurrent capsule
network with hyrbid optimization
model for shrimp disease detection
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Disease detection plays an important role in shrimp aquaculture to ensure the health and sustainability
of farming operations. Specifically, detecting viral infections at early stages can prevent significant
losses. Image processing applications have been developed to detect different types of diseases in
shrimp. However, theaccuracy of detection models needs improvement to detect various diseases
through a single model. Therefore, this research presents a novel disease detection model using

an Enhanced Recurrent Capsule Network (ERCN) with a hybrid optimization model for enhanced
detection performance. The proposed ERCN utilizes dynamic routing of capsules to extract spatial
hierarchies and patterns in shrimp images, while the recurrent layer extracts temporal dependencies.
Performance is further improved by incorporating spatial and channel attention models to select
optimal regions and features in the images for the fusion process. The dual-level feature fusion
procedure combines local and global features, providing a final fused data to classify different types

of diseases. Additionally, the proposed work incorporates a hybrid optimization that combines Harris
Hawks Optimization (HHO) with the Marine Predator Algorithm (MPA) to fine-tune the classifier model
parameters. Experiments evaluate the performance of the proposed disease detection model through
various metrics such as accuracy, precision, recall, specificity, Matthews correlation coefficient, and
Fl1-score. The resutls confirms that the performance of the proposed model is superior with precision of
94.9%, recall of 93.5%, F1-score of 94.6% and detection accuracy of 95.2% over conventional Recurrent
Neural Network (RNN), Convolutional Neural Network (CNN), Gated Recurrent Unit (GRU), and Long
Short Term Memory (LSTM) Networks.

Keywords Shrimp disease detection, Deep learning, Capsule network, Recurrent network, Harris Hawks
optimization, Marine predator algorithm

In the global seafood industry, shrimp aquaculture occupied a significant place in providing nutritious seafood
to consumers. The billion-dollar business has a market size valued around 68.40 billion USD in 2022 and it is
expected to increase to 110.75 billion USD in 2031. Shrimps has many nutritional health benefits, and it is rich
in vitamins, proteins, minerals, and antioxidants. To meet the increasing demand, large scale shrimp cultivation
is followed throughout the world. However, maintaining sustainability and increasing profitability while doing
large scale farming is threatened due to the infections and diseases that affect shrimp production. The economic
losses due to the diseases in shrimps provide serious challenge to food production?. Early detection of diseases
in shrimp aquaculture will help to reduce the mortality rate of shrimps, help to secure the remaining shrimps
in the farms and thus ensure the sustainability of the shrimp farming®. The major factor that affects shrimps
are viruses, bacteria, fungi, and parasites. The diseases can cross the shrimp population quickly and lead to
significant mortality and reduce overall productivity. Some of the diseases and their symptoms are presented in
Table 1 to better understand the diseases factors.

Among all viral diseases, WSSV is the most dangerous disease as these infections cause widespread
destruction in shrimp farms worldwide. Bacterial infections caused by vibrio species leads to vibriosis'® and the
fungal infections results in Fusariosis. The infections due to the parasites are less but it also brings a threat to
shrimp health. Detecting diseases with specific symptoms and making accurate decisions for timely diagnosis
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Disease Pathogen Symptoms Effects
4 . . . Impaired respiration,
Black Gill Fungal or bacterial pathogens | Blackened gills, reduced feeding, lethargy increased mortality
Taura Syndrome ° Taura Syndrome Virus (TSV) | Red tail, necrosis, soft shell I—_hgh mortality rate's,
significant economic losses
White Spot Syndrome Virus (WSSV) ¢ WSSV Whit‘e spots on exoskeleton, lethargy, reduced High mortality rates, rapid
feed intake spread through populations
Yellow Head Virus (YHV) 7 YHV Yellowish cephalothorax, anorexia, mass mortality Severe losses in shrimp

populations

Infectious Hypodermal and Hematopoietic Necrosis IHENV

Chronic impact on growth
Virus IHHNV) 8

Blue shell, irregular growth, deformities and survival rates

Reduced growth, increased

ST . ) . . .
Vibriosis Vibrio spp. Red discoloration, lesions, necrosis of appendages susceptibility to other diseases

Table 1. Shrimp disease symptoms and effects.

is challenging in shrimp aquaculture. The manual inspection and biochemical test are time consuming, and
it requires more labor support. To handle these issues, modern farming industries adopt image processing
applications for diagnosing shrimp diseases. Advanced machine learning and deep learning techniques are
introduced in various domains as efficient image processing applications'"12. Specifically in shrimp aquaculture
CNN has been extensively used to learn and recognize disease patterns from the shrimp images'’. Deep learning
models exhibit a promising result over traditional image processing applications in detecting shrimp diseases!?.
However, the existing models have limitations in processing complex spatial relationships in the input shrimp
images. The limitation is distinct if the symptoms are not noticeable and dispersed across different parts of the
shrimp. The performance of these models reduces when the input image has large variations due to the presence
of noise, effects due to lighting conditions and image quality.

To overcome the above challenges in shrimp disease detection, this research work presents a novel shrimp
disease detection model. The proposed optimized ERCN overcomes the limitations in traditional deep learning
models in shrimp disease detection by effectively capturing the spatial and temporal dependencies in shrimp
images. The proposed model utilizes the capsule networks dynamic routing mechanism to handle the spatial
hierarchies which are essential in recognizing shrimp disease patterns. The recurrent layer in the proposed
ERCN analyzes the sequence of image frames and helps to detect the progression of diseases over time. The
proposed model additionally employed a hybrid optimization model by combining HHO with MPA to fine tune
the ERCN parameters. The hybrid optimization algorithm provides a better balance between exploration and
exploitation in search space and provides optimal configurations to the model to detect the diseases with high
accuracy. The main contributions to the proposed work are summarized as follows:

o Presented a novel optimized ERCN to capture the spatial and temporal features in shrimp images. The com-
plex disease patterns in the shrimp images are extracted and classified through the proposed ERCN model to
attain better performance in disease detection.

o The proposed ERCN model incorporates spatial and channel attention mechanisms to enhance the feature
extraction performances. The extracted features are fused through dual level feature fusion procedure and
then classified to detect different types of diseases.

o Presented a hybrid optimization algorithm that combines HHO and MPA for optimizing the parameters of
proposed ERCN model.

 Presented a detailed simulation analysis of proposed model using different types of shrimp images and eval-
uated the performance through metrics like precision, recall, f1-score, specificity, Mathew correlation coefhi-
cient and accuracy.

o A detailed comparative analysis is presented to validate the better performance of proposed model over exist-
ing methods like CNN, RNN, LSTM, GRU and VGG16 deep learning algorithms.

The remaining discussions in the research work are arranged in the following order. Section 2 provides a
brief discussion on existing algorithms. The research gaps are summarized in Sect. 3 and Sect. 4 presents the
proposed ERCN model in detail. Section 5 presents the simulation results and discussion, and Sect. 6 presents
the conclusion of research work.

Related works
Recent studies suggest numerous approaches for shrimp disease detection. Machine learning models are used
widely in shrimp disease detection research works. A combination of random forest and chi squared automatic
interaction detection model was presented in!° to detect white spot diseases in shrimps. The presented ensemble
model utilizes the random forest for feature extraction and classification. The CHAD model used in the research
work statistically analyzes the detection results and improves the detection accuracy further. However, the
presented experimental model results highlight the need for further enhancement of real time efficiency and
integrating recent learning technologies to attain better accuracy in disease detection.

A comparative analysis of different machine learning models presented in'® utilizes logistic regression,
artificial neural network, decision tree and k-nearest neighbor algorithms for detecting diseases in shrimps.
The analysis utilizes different shrimp images and evaluates the machine learning models’ performance. The
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experimental results highlight the superior detection accuracy of decision tree model over other algorithms
in case of training. But in case of validation accuracy, logistic regression model attained better performances
over other algorithms. Similar comparative analysis presented in'” utilizes machine learning algorithms like
random tree, extra tree and J48 decision tree algorithms to analyze the shrimp images. The presented model
includes spatial features in addition to that image features to classify different types of diseases in shrimps. The
experimental results highlight the superior performance of extra tree model over other decision tree algorithms.
However, it has a limitation of lower variance in results due to the randomization procedure followed in extra
tree model.

An unsupervised machine learning based segmentation model presented in!® detects white, black, and red
spot diseases in aquatic animals. The presented model utilizes k-means clustering for image segmentation and
then normalizes the images to enhance the details. Further classification is performed based on the Euclidean
and Manhattan distances. The experimental results highlight that the presented model attain better accuracy
in detecting spots over existing methods. The shrimp disease detection model presented in'*-?? utilizes canny
edge detection with gray level co-occurrence matrix for feature extraction. Further the extracted features are
classified through a simple artificial neural network model to detect shrimp diseases. The presented model
detects white spot syndrome with better detection accuracy. However, the model requires improved feature
extraction procedure to attain better accuracy in detecting shrimp white spot disease.

The shrimp disease detection model presented in?* detects IHHNV infections in shrimp farms using
polymerase chain reaction and sequencing analysis tests. The typical analysis utilizes specific primers to detect
viral nucleic acids and then perform phylogenetic analysis to detect the strain in the raw shrimp images. The
experimental results highlight that the disease detection model has high specificity and sensitivity. However
recent advanced image processing applications are simple compared to this sequence analysis and more accurate
than the test results. A threshold-based image fusion procedure reported in?* detects WSSV with better detection
performance over traditional segmentation procedure. The presented approach utilizes adaptive median filter
to eliminate the noise in the input shrimp image. Then using thresholding algorithm, the preprocessed image
is segmented based on intra and inter class variances. Finally using expectation maximization algorithm, the
detection procedure is fine-tuned and attained better detection performance.

The deep learning model presented in?® for WSSV disease detection preprocess the input image using local
binary pattern technique. Then using total variation based fuzzy c-means algorithm the images are segmented
and then the features are extracted using probabilistic linear discriminant analysis. The extracted features are then
classified using enhanced GRU to attain better detection accuracy. The presented model additionally includes
Wild Geese Migration Optimization algorithm to fine the classifier parameters. The presented approach attains
better detection performance in shrimp disease analysis compared to traditional GRU and machine learning
algorithms.

The disease detection model presented in®® utilizes the deep CNN model, hybrid optimization algorithm
and random forest algorithms. The essential features from the images are initially extracted through the CNN
model and then to solve the global optimization a hybrid optimization is presented by combining Ant Colony
Optimization and genetic algorithm. Finally, the features are classified through random forest and attained better
detection performance. However, due to the multiple models, the computational complexity of the presented
approach increases compared to traditional methods®!-*°.

Research gaps

From the literature analysis it can be observed that utilizing deep learning algorithms in shrimp disease detection
provides enhanced performance over traditional approaches. The incorporation of optimization algorithms in
the disease detection model enhances the classification performance by fine tuning the classifier parameters.
However, the existing models struggle to capture complex spatial relationships in the shrimp images specifically
when the symptoms are spread across different portions of shrimps. The existing methods need to enhance
detection accuracy and efficiency by incorporating efficient learning algorithms to detect different types of
diseases. Accurate feature extraction methods are required for precise disease detection which highlights the
need for improved techniques. Thus, in this research work a novel shrimp disease detection model is presented
using advanced image processing technique with hybrid optimization algorithm. The features of ERCN with
hybrid optimization are combinedly utilized to detect different types of diseases in shrimps with enhanced
detection performance over traditional approaches.

Proposed work

The proposed novel shrimp disease detection model utilizes advanced image processing and machine learning
algorithms to attain high detection accuracy in identifying various types of shrimp diseases. The hybrid optimized
learning network comprises of An ERCN for disease detection. To fine tune the detection model performance
the parameters of the classifier are selected using hybrid optimization algorithm that combines HHO and MPA.
The main element of the proposed model is the ERCN classifier which is developed to extract the spatial and
temporal dependencies in shrimp images. Unlike traditional CNN that exhibit limited performance in defining
the local spatial relationships due to the loss of important contextual information, the proposed ERCN utilizes
the capsule network dynamic routing mechanism to preserve the hierarchical spatial relationships. This will
help to recognize the complex patterns associated with shrimp diseases. The enhanced model utilizes recurrent
layer to capture the temporal dependencies which is further useful in analyzing sequence of image frames so that
the progression of disease over time can be identified. The proposed model utilizes the hybrid HHO-MPA that
ensures better exploration and exploitation in the search space to provide optimal configurations to the ERCN
model. The complete overview of the proposed model is presented in Fig. 1. The proposed shrimp detection
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Fig. 1. Proposed Hybrid optimized Enhanced Recurrent Capsule Network.

model has a preprocessing step that enhances the quality of input images. Normalization, data augmentation and
segmentation are performed in the preprocessing step.

Preprocessing

The disease detection model processes the shrimp image through the optimized ERCN model. Before providing
the input to the ERCN model, the input image is preprocessed. The input image is normalized and then augmented
in the preprocessing step. Since the data used in the proposed work is created by collecting different types of
shrimp images available in open-source platforms and to increase the number of samples, data augmentation
is performed in the preprocessing step. After that, to remove the unnecessary elements in the input image, the
proposed model includes Grab cut segmentation algorithm that isolates the shrimps from the background. The
normalization in the preprocessing adjusts the pixel values of input image into standard scale. Mathematically
the normalization process is expressed as

I(x,y) — min (1)

max (I) — min (1) W

Tnorm (2,y) =

where I represents the input image, min (I) represents the minimum pixel value in the image and max (1)
represents the maximum pixel value in the image. I (z,y) represents the pixel value at position (z,y) in the
input image, and the normalized pixel value is represented as Inorm (2, y). Followed by normalization, the
input images count is increased through data augmentation. The common data augmentation procedures like
rotation, flipping, scaling and translation are employed. In the rotation, the images are rotated at an angle of 90°,
180°, and 270°. While applying flipping, the input images are flipped horizontally and vertically. The images are
resized through a scaling factor and using translation the image is shifted either horizontally or vertically by a
certain number of pixels. The mathematical formulation for data augmentation is presented as follows.

Iot (x’ ,y') = Inorm (xcos® — ysin® , xsin® + ycosO ) ()
Tiips (2,y) = Inorm (z, N —y — 1) 3)

Triipy (2,y) = Inorm (M — 2 — 1,y) (4)

Lscate (2" y") = Inorm (x/5,y/5) (5)

Iirans (2',Y") = Inorm (x + A2,y + Ay) (6)

where It (z',y") represents the rotation, (x’,3y’) represents the coordinates of the rotated image.
Tfiipr (z,y) and Ifipyv (z,y) represents the horizontal and vertical flip respectively. Iscaie (z,y")
and Iirans (@' ,y') represents the scaling and translated input image respectively. After performing these
preprocessing steps, segmentation is performed using Grab cut segmentation algorithm.

Segmentation using grab cut algorithm
The Grab cut segmentation algorithm!® is an advanced segmentation procedure that utilizes graph cuts to
iteratively enhance the image segmentation. The proposed model utilizes different color images thus color image
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segmentation is performed. The unnecessary backgrounds in the input image are removed and the exact portion
that is occupied by shrimps are segmented through the Grab cut model. The initialization phase of the Grab cut
use a bounding box around the object. In this initial segmentation process, the pixels inside the box are marked
as foreground and the other are considered as background. Basically, the likelihood of pixels is measured to
differentiate the foreground and background. Mathematically it is expressed as

UM, 2)=7 ~logP (Iy|My, Z) 7)

J

where the probability of pixel I;; belongs to foreground or background is represented as P (I;;|M;;, Z). The
binary mask is represented as M and the data is indicated as U. Further a smoothness factor V' is used to
encourage neighbor pixels to have similar labels. This process provides smoothness in the segmentation, and it
is mathematically formulated as

V (M, K, Z) = CKiw (M % M
(M,K,Z) Z(i,j),(k,l)e/\/’ﬁ gkt - [Mij # M) (8)

where N represents the set of neighbor pixel pairs, K;j x: represents the penalty term based on color difference
and it is mathematically expressed as

Kijp =exp (=y - I — Iu|?) )

where v and 3 are the constant parameters. The grab cut model utilizes Gaussian Mixture Models (GMM) for
foreground and background. A graph is constructed considering each pixel as a node that connects two points.
The edge weights of the nodes are obtained from the GMM probabilities data (U) and smoothness (V') factors.
The graph cut procedure utilizes min-cut and max flow algorithm to segment the graph from background.
Based on the graph cut results the mask M is updated, and this process continues till there is no change between
successive iterations. Compared to other segmentation algorithms, the accuracy of segmentation is better in
grabcut algorithm due to the integration of data (U) and smoothness (V') factors. The segmented images are
further fed into ERCN for feature extraction and classification.

Enhanced recurrent capsule network for feature extraction and classification
The proposed ERCN model extracts the features from the segmented shrimp image to detect different types
of diseases. The proposed model utilizes the features of capsule networks?, recurrent layers?, and attention
mechanism!? to capture the spatial and temporal features in the segmented images. The capsule network
comprises of small group of neurons called capsule which provides an output vector for the given input. The
vector summarizes various properties of the object like position, orientation, scale. This provides a better
representation of spatial hierarchies in the data. The capsule network represents each capsule output as an
activity vector instead of a single scalar value. Consider the output vector of capsule () in each layer is u; and
this vector dimensionality will vary depending on the complexity. Using a transformation matrix, each capsule
in the lower layers predicts the output of subsequent higher layer capsules.

The ERCN model is depicted in Fig. 2.

This transformation helps to learn the relationship between the capsules. A learned weight matrix is used to
calculate the predicted output vector for capsule in the next layer. Mathematically the process is formulated as

Uy = Wijus (10)

where W;; represents the weight matrix represents the output of capsule 4 in the lower layer to capsule j in the
higher layer, w;); represents the predicted output vector for capsule j in the next layer. Through this, spatial
relationships are learned and modelled by the network. The main feature of the capsule network is its dynamic
routing mechanism. This procedure defines how the lower layer capsule outputs are routed to the higher layer
capsules. This iterative procedure refines the coupling coefficient that represents the degree of agreement
between lower layer capsules and higher layer capsules. The coupling coefficient is mathematically formulated as

-~ exp(by)
Cij = Z kexp (bzk) (11)

where c;; represents the coupling coefficient, b;; represents the logits. These logits start as zero and updates
iteratively based on the predicted output u;); and actual output s; of the higher layer capsule. Mathematically
the process of calculating total input to capsule is defined as a weighted sum of the predicted outputs as follows.

S; = Z icijﬂju (12)

The actual output vector of a capsule is obtained by applying a non-linear squashing function to s;. This process
ensures that the vector length remains in range 0 and 1, which is essential to represent the probability of the
object’s presence. Mathematically it is given as
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Fig. 2. ERCN layer visualization.
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where v; represents the actual output vector of a capsule j. Further the agreement between predicted output
and actual output is measured through dot product which is expressed as follows.

Gij = Uj|;-Vj (14)
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where a;; represents the agreement that made between predicted uj|; and actual output v;. The logits are
updated based on the agreement and it influences the coupling coefficient in the subsequent iterations.
mathematically the update process is formulated as b;; <— b;; + a;;. Due to this update procedure the routing
process continuously refines the coupling coefficient and improves the connection between capsules. The
iterative routing procedure allows the network to dynamically adjust the routing paths to provide more accurate
and robust representation of the input data.

In the proposed work a recurrent layer is included to learn the temporal dependencies in the input image.
The incorporated recurrent layer allows the network to process the sequence of feature vectors over time. The
information from the previous time steps can be retained and utilized to enhance the ability to recognize the
changes over time. The recurrent layer in the proposed work utilizes LSTM network which is suitable to process
complex input images. The gates in the LSTM network relation or forget the information based on the necessity
to ensure its higher performance in capturing the long-term dependencies. The input, output and forget gate in
the LSTM is controlled by a set of parameters and sigmoid activation function. Consider h; is the hidden state,
c¢ is the cell state, v, is the feature vector at time step ¢ the update equations are formulated as follows.

it = 0 (Wivg + Uihg—1 + b;) (15)
fr=0 (Wyve + Ushi—1 + by) (16)
or =0 (Wove + Ushi—1 + bo) 17)
¢, = tanh (Wov; + Uchy—1 + be) (18)
G=fi® 1+t ® ¢4 (19)

hi = 0t ® tanh (c:) (20)

where the input gate is indicated as i, forget gate is indicated as f;, output gate is indicated as o, sigmoid
function is indicated as o . The weights and biases of input, forget, output and cell state are indicated as
(Wi, Wy, Wo, We), (Us,Us,Us,,Ue) and (bs, by, bo, be) respectively. The input gate defines the quantity of
new input v, into the cell state. The forget gate defines which previous cell state (c;—1) information must be
retained for further process. The output gate control how the cell state is exposed to the hidden state. The element
wise multiplication ® ensures that the gates can control the information flow. The information is accumulated
over time in cell state c; and the output that includes the temporal dependencies at each time step is provided by
the hidden state h¢. The recurrent layer in the proposed work processes the feature vectors v; from the capsule
network. The information about the previous state is retained in the recurrent layer to recognize the temporal
patterns and changes which indicate the presence of disease in shrimps.

Spatial and channel attention mechanisms

The proposed model includes a spatial and channel attention mechanism to enhance the feature extraction
performances. The attention mechanism allows the ERCN model to focus on the most relevant features in the
input image which is essential for accurate disease detection. The spatial attention mechanism identifies and
highlights the most important portions in an image. A spatial attention map is generated in which a weight is
assigned to each spatial location in the feature map to represent its importance. The spatial attention mechanism
is mathematically formulated as

Fia (x’y’c) =M, (x’y)' F(a:,y,c) (21)
Ms =0 (Fspatial) (22)
Fspatial = Conv (F) (23)

where input feature map is indicated as F, the spatial coordinates are indicated as (z,y) and the channel
index is indicated as c. The dimension of feature map is given as H X W x C in which H indicates the
height, W indicated the width and C indicates the number of channels. The spatial attention map is computed
by applying convolution to the input feature map. This convolution process collects information across the
channels and generates a two-dimensional feature map Fipatiaz. Then by applying an activation function o
the spatial attention maps M, are generated. The spatial locations which are most essential are highlighted
through the attention map. Finally, the spatially attended feature map Fi, is obtained by performing element
wise multiplication of input feature map F' and spatial attention maps M.

The spatial attention mechanism highlights the important region in an image while the channel attention
mechanism identifies the most informative features across different channels. The channel attention mechanism
generates a channel attention map as follows.

FCG (:rvyvc) = MC (C) - F (a:,y,c) (24) MC =0 (FC (G)) (25)

1 H w
G(c) = mz z:lzy:1F(x’y’c) (26)

where F' indicates the input feature map and it utilizes global average pooling to summarize the spatial
information into channel descriptor. The global average pooling provides a one-dimensional feature vector F
with dimensions of (1 X 1 x C). The channel attention map M. is obtained by applying a sigmoid activation
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function to the channel descriptor G. Finally, the channel-attended feature map F, is obtained by performing
element wise multiplication with input feature map F' and channel attention map M..

The proposed model utilizes the spatially attended feature map Fl, and channel attention feature map Fe,
to produce the final feature map as follows.

(mvyv C) = M. (C) - Ms (:C,y) : F(x,y,c) (27)

where F'finq indicates the final feature map that includes spatial and channel attention features.

To enhance interpretability and user trust in the proposed Enhanced Recurrent Capsule Network (ERCN),
we have included visualizations of the spatial and channel attention maps alongside capsule activation patterns.
These visualizations offer insights into the regions and features within shrimp images that the model emphasizes
during the disease detection process. The spatial attention maps highlight disease-relevant areas in the input
images, such as blackened gills or white spots, while disregarding irrelevant backgrounds. For instance, brighter
regions in the maps correspond to areas with significant disease features, confirming that the model effectively
identifies critical regions for classification. Similarly, the channel attention mechanism highlights the most
informative features across different channels, showcasing how the model differentiates between diseases based
on these features.

The capsule layers provide a hierarchical representation of spatial features, with activity vectors summarizing
properties such as position and orientation. Visualizations of capsule activation patterns demonstrate how
the dynamic routing mechanism selectively routes disease-relevant features to higher-level capsules, which
reinforces the model’s decision-making process. Additionally, the recurrent layers analyze temporal dependencies
in sequences of shrimp images, tracking the progression of disease symptoms over time. Visualizations of
sequential attention patterns further highlight how the model integrates spatial, temporal, and feature-based
information to make accurate predictions. By demonstrating the reasoning behind its predictions, the proposed
ERCN model not only achieves high performance but also enhances user trust, offering actionable insights
for stakeholders in shrimp aquaculture. This additional layer of explainability contributes to the reliability and
practical applicability of the model in real-world settings.

Dual-Level feature fusion

In the next stage of proposed ERCN, dual level feature fusion is employed to combine the local and global features
which are extracted from the input image. This feature fusion ensures the utilization of detailed and contextual
information in the shrimp disease detection process. The features obtained through the capsule network,
recurrent layer and attention mechanism are integrated in the fusion process. The local feature indicates the
details and specific patterns in the small regions of the image. In the proposed work capsule network, captures
the spatial hierarchies and its output vectors encodes the properties like position, scale and orientation to provide
details about the local features. While the global features are obtained from the recurrent layers. The sequence of
feature vectors v; at each time step ¢ is processed by the recurrent layer as follows.

hy = f ('Ut,htfl) (28)

where the hidden state is indicated as h:. From this hidden layer, the final global features are obtained. Further
the local and global features are fine-tuned through spatial and channel attention mechanisms. Finally, the dual
level feature fusion combines the fine-tuned local and global features into a single feature by concatenating the
weighted local and global features as follows.

Ffused = Concat (Eocal © Ms, Fglobal O] Mc) (29)

where the local features are indicated as Fiocai, global features are indicated as Fjiopa1, Spatial attention map
is indicated as M, and channel attention map is indicated as M.. The element wise multiplication is indicated
through © operator. The final fused vector is then passed into the classification layer to detect different types
of diseases in shrimps.

Classification

The final layer in the proposed model is the classification layer which classifies the feature representations into
specific class probabilities that indicate the presence or absence of diseases in shrimp images. The fused feature is
processed by a fully connected layer which transforms the high dimensional feature vector into vector of logits.
The logit vector obtained through the fully connected layer is formulated as

z = WfFfused + bf (30)

where Wy and by indicates the fully connected layer weights and biases respectively. z indicates the logits
vector. The logits are then converted into class probabilities by applying a SoftMax activation function. The
SoftMax function normalizes the logits and makes them interpretable as probabilities. Mathematically it is
expressed as

Ye = A (z) (31)
Z ;(:1exp (Z])
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where zj indicates the logit for class k. The proposed ERCN model is trained and the discrepancy between the
true class labels and predicted probabilities are obtained through cross entropy loss function. The cross-entropy
loss function used in the proposed work is formulated as

K
L= —Z kzlyme,klog (yx) (32)

where the true label for class k is indicated as y¢rue, k. Generally, model parameters like weight and biases are
obtained through backpropagation during the training process. The gradient procedure indicates the direction
of parameters to be adjusted to minimize the loss. To avoid this and to provide optimal parameters for better
classification performance a hybrid optimization model is proposed in the research work.

Hybrid optimization model for ERCN parameter optimization

The proposed hybrid optimization!® for ERCN parameter optimization incorporates HHO and MPA. The
proposed hybrid optimization algorithm provides a better balance between exploration and exploitation in
search space to find the optimal solutions for the given problem.

The cooperative and chasing strategies of Harris Hawks are formulated in HHO optimization. The
optimization begins with initializing the Hawks population that represents a potential solution. Consider
X ={X1,X5,... ,Xn} be the population of N hawks in which X; indicates the vector of parameter for
i'" hawk. After initialization, the fitness of each hawk f (X;) is evaluated through an objective function. In
the proposed work, the entropy loss in the ERCN training process is considered as an objective function. After
fitness evaluation, the process guiding the search process towards optimal solution is formulated considering
prey as optimal solution. Mathematically the position of prey is given as

Xprey = argrr)l{i?f (X3) (33)

where X indicates the i*" hawk position, X, indicates the prey position. The arg function indicates that
minimizes the fitness function (f) identifying the hawk with the best performance. The position of the prey is
considered as reference point so that other hawks update their position based on this reference point. While the
hawk trying to attack the prey, the escaping energy of the prey is formulated

E =2E, (1 - %) (34)

where the initial escaping energy is indicated as Ej, the current iteration is indicated as ¢ and the total number
of iterations are indicated as 7. The escaping energy indicated as E decreases over time as the prey gets tired
which switches the algorithm from exploration to exploitation phase. The decrease of energy is linear from 2FEjy
to 0. When the escaping energy is high the algorithm highlights the exploration and allows hacks to search in
diverse regions. When the energy decreases the algorithm shifts towards exploitation and focuses on refining the
solution around the best prey position.

The position update of hawk is performed based on the escaping energy and position of prey. Different
strategies are followed based on the escaping energy to update the hawk position such as soft besiege, hard
besiege, and surprise pounce. When the escaping energy is less than 1 |E| > 1, soft besiege is performed which
is formulated as

X[ = XM+ B (Xprey — X{') + R (35)

In the hard besiege strategy, hawks are more aggressive and perform a direct approach in this stage the escaping
energy will be |E| < 1 and it is formulated as

X[ = Xprey + E (Xprey — X7'') + R (36)

In the surprise pounce or rapid dive strategy the hawks perform rapid dives to surprise the prey which is
formulated as

X' = Xprey + B (2Xprey — X{') (37)

where X' indicates the position of i*" hawk before update, and X[*** indicates the position of ‘" hawk
after update. In order avoid local minima a random perturbation R is introduced in the position update process.
When the escaping energy is high, the optimization model exploration phase searches the solution while in the
exploitation phase, the optimization model finds the global optimum.

The hybrid model includes MPA in addition to HHO to obtain the optimal parameters. The foraging
strategies of marine predators are formulated by combining the levy flight and Brownian motion so that a better
balance between exploration and exploitation are obtained in the optimization process. The initialization of
MPA includes P = {P1, P, ... , Pn} as the initial predator population in which P; indicates the predator
parameter vector. After evaluating the fitness of each predator, the optimization model utilizes levy flight and
Brownian motion to model the marine predator movement. This combination provides better exploration and
exploitation by obtaining different search patterns and effectively navigates the predators into solution space.
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The levy flight formulates the series of step with length based on levy distribution and it allows the algorithm
to explore the search space extensively. Levy provides the advantage that the search agent can move over large
distance so that the optimization model avoids local optima and discovers the new search space. The flight of the
levy is mathematically formulated as

AX=S8-Levy(\) (38)

where the step size is indicated as A X, search space scaling factor is indicated as .S and it controls the step size.
The levy distribution Levy (A ) is formulated as

Levy M) =t", (1 <A < 3) (39)

where A is the distribution parameter. The levy distribution in the MPA produces a higher probability of large
steps compared to normal distribution. This ensures the predators’ significant movement which improves the
exploration ability.

The Brownian motion used in the MPA takes small successive steps in random directions. This small step
movement is used to refine the local search and allows the predators to exploit for promising solution. The
Brownian motion is mathematically formulated as

AX=N(0,0%) (40)

where normal distribution with mean zero and variance o2 is indicated as N (0, o 2). The MPA utilizes

both levy and Brownian motion to provide better exploration and exploitation. Further the position update of
predator is defined based on the step size A X as follows.

P = PP LA X (41)

where P?'® indicates the old position and P;*** indicates the predator new position. The step size A X is
obtained either by using levy flight or Brownian motion based on the strategy selected for the current iteration.
The movement of predators based on levy and Brownian motion is formulated as

Pinew _ PiOZd 4 9. LeVy (A) (42)

P =P+ N (0,0?) (43)

The position update through the combined strategy in MPA for exploration and exploitation phase is formulated
as
prew _ PP 4 SLevy (\) if exploration (44)
CT P4 N (0, o 2) if exploitation

The levy flight in the MPA provides wide exploration features while the Brownian motion focuses on exploitation
to optimize the search process. The adaptive transition between these phases enhances the ability to solve
complex optimization problems. The final solution of hybrid optimization combines the solutions of HHO and
MPA through weighted averaging procedure. Mathematically it is formulated as

Xfinat =aXgro+ (1 — ) Pupa (45)

where o indicates the weighting factor. The HHO best solution is indicted as Xy ro and the best solutions of
MPA is indicated as Pasp 4. This combined solution is used to update the ERCN model parameters to minimize
the loss and improve the detection performances. The summarized pseudocode for the proposed optimized
ERCN model is presented as follows.
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Pseudocode for the proposed hybrid optimized ERCN model for shrimp disease detection
Input: Shrimp image data

Initialize Number of iterations (T), Population size (N), Initial learning rate (1), Scaling
Jactor (S), Standard deviation for Brownian motion (o)

Output: Disease type

Begin

For iteration=11t0 T

For each hawk in HHO population

Evaluate fitness using cross-entropy loss

End For

Update prey position based on lowest fitness in HHO and MPA populations

For each hawk in HHO population

Update position based on Harris Hawks strategies (soft besiege, hard besiege, rapid dive)
IfIEl =1

Xrew = x4 + S - Levy(A)

Else
XPV = X'+ E - (Xprey — X7'%) + R

End For
For each predator in MPA population
Update position If iteration is exploration phase

prew = pPit 4+ 5 - Levy(2)
Else

Pinew — Piold + N(O, 0.2)

End For
Combine best solutions from HHO and MPA populations
Update ERCN model parameters
Train the ERCN model with optimized parameters
Validate the ERCN model
End

The hybrid Harris Hawks Optimization (HHO) and Marine Predator Algorithm (MPA) method is employed
to optimize key parameters of the Enhanced Recurrent Capsule Network (ERCN), significantly enhancing
its performance in shrimp disease detection. The parameters optimized include those related to the capsule
network, such as the number of capsules and their dimensionality, which influence the networK’s ability to
encode spatial hierarchies effectively. In the recurrent layers, the number of LSTM units is optimized to ensure
accurate modeling of temporal dependencies in sequential data. The spatial and channel attention mechanisms
are fine-tuned by optimizing the spatial attention kernel size and the channel attention reduction ratio, enabling
the model to focus on the most relevant regions and feature channels. Additionally, regularization parameters
like the dropout rate and regularization weight are optimized to mitigate overfitting, while training parameters
such as the batch size and learning rate are fine-tuned to balance computational efficiency and convergence. The
cross-entropy weight in the loss function is also adjusted to achieve an optimal balance in training. By combining
the exploration capabilities of HHO and the exploitation strengths of MPA, this hybrid optimization ensures
optimal tuning of these parameters, resulting in improved accuracy, precision, recall, and other performance
metrics, thereby enhancing the model’s reliability in detecting shrimp diseases.

Results and discussion

The proposed model experimentation analysis for shrimp disease detection is performed in python tool using
our own dataset. The simulation environment includes essential python libraries like TensorFlow and Keras
for deep learning model implementation. To perform image preprocessing OpenCV and scikit-image libraries
are used in the proposed model experimentation. The proposed model is aimed at detecting different types
of shrimp diseases thus the data set includes different diseased shrimp images. The dataset consists of shrimp
images collected from various open-source platforms to ensure diversity in environmental conditions, lighting,
and disease symptoms. The dataset includes a total of 1,599 images, distributed across six disease categories:
Black Gill (320 images), Infectious Hypodermal and Hematopoietic Necrosis Virus (IHHNV; 280 images),
White Spot Syndrome Virus (WSSV; 300 images), Yellow Head Virus (YHV; 180 images), Taura Syndrome Virus
(TSV; 245 images), and Vibrios (274 images). The sample images of shrimps are presented in Fig. 3. To enhance
the generalization ability of the model, data augmentation techniques such as rotation, flipping, scaling, and
translation were applied to increase the number and variability of samples during preprocessing.
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(b) IHHN Virus (¢) Taura Syndrome Virus

(d) Vibrios (e) White Spot Syndrome Virus (f) Yellow Head Virus

Fig. 3. Sample images in the dataset.

1 BG 256 64 320
2 IHHNV 224 56 280
3 WSSV 240 60 300
4 YHV 144 36 180
5 TSV 196 49 245
6 VIB 219 55 274

Total 1279 320 1599

Table 2. Dataset details.

Additionally, the images were annotated using expert-based manual labeling to ensure high-quality
annotations. To further improve dataset representativeness, segmentation was performed using the Grab Cut
algorithm to isolate shrimp features from irrelevant backgrounds. The dataset distribution across categories has
been clarified in Table 2 of the manuscript to highlight its representativeness. These steps ensure diversity and
robustness, which contribute to improving the model’s generalization ability. From this, the entire dataset is
divided into the ratio of 80:20 for training and testing. The details about the dataset are presented in Table 2. For
training the proposed optimized ERCN model, 1279 sample images are used and to test the model 320 sample
images are used.

In order to attain the best performance in disease detection, the parameters of the proposed ERCN are
optimized through the hybrid optimization algorithm that combines HHO with MPA. The simulation parameters
used in the proposed model experimentation are listed in Table 3.

In the proposed work, input image is initially normalized and then data augmented to increase the number
of samples. Further the images are segmented using Grab cut segmentation algorithm. This segmentation
provides shrimp images and removes the external backgrounds in the input image. Due to this, the computation
complexity of the proposed classifier is reduced.

The performance of the proposed model is evaluated through metrics like accuracy, precision, recall, f1-
score, specificity, and Mathew correlation coefficient. Table 4 provides the performance results of the proposed
model for the training and testing process. From table it can be observed that the proposed model achieved the
highest accuracy of 95.8% in the training process and in the testing process the proposed model attained 95.2%
of accuracy. The precision obtained in the training and testing process is 95.4% and 94.9% while the recall in
the training and testing process is 93.8% and 93.5%. The F1-score of the proposed model for the training and
testing process is 95.0% and 94.6%. The proposed model attained specificity of 98.0% and 97.8% for the training
and testing process. In case of MCC, the proposed model exhibited 92.4% and 92.1% in the training and testing
process. These results indicate the proposed model effectiveness in disease detection during the training and
testing process.
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S.No | Algorithm | Description Range/Type
1 Population Size (N) 50

2 Number of Capsules 64

3 Capsule Dimensions 16

4 LSTM Units 128

5 Dropout Rate 0.3

6 Fully Connected Layer Units 256

7 ERCN Batch Size 32

8 Number of Iterations (T) 200

9 Epochs 50

10 Cross-Entropy Weight 1

11 Regularization Weight 1.00E-05
12 Spatial Attention Kernel Size 7

13 Channel Attention Reduction Ratio 16

14 Initial Escaping Energy (E0) 1.5

15 Random Perturbation (R) 0.2

16 HHO-MPA Levy Distribution Parameter (A) 1.8

17 Brownian Motion Standard Deviation (o) | 0.5

18 Weighting Factor (a) 0.7

19 Mutation Probability 0.05

Table 3. Simulation hyperparameters.

Metric Training Result (%) | Testing Result (%)
Accuracy 95.8 95.2
Precision 95.4 94.9
Recall 93.8 93.5
F1-Score 95.0 94.6
Specificity 98.0 97.8
Matthews Correlation Coefficient | 92.4 92.1

Table 4. Performance analysis of proposed model.

The accuracy and loss curves of proposed model for training and testing process is presented in Figs. 4 and
5 respectively. The analysis given in Fig. 4 demonstrate the proposed model better accuracy through the stable
line after 15 epochs. The accuracy increases from the beginning and after continuous update and fine tuning
of parameters the proposed model exhibit accuracy of 95.8% in the training process and 95.2% average in the
testing process. Similarly, the loss analysis given in Fig. 5 indicates the minimum loss of proposed model. During
the initial stage of epoch, the loss is high, and it gradually reduces and reaches to minimum after 20th epoch.
The minimum error continued till the last with slight variations which indicates the stable performance of the
proposed model.

The precision recall analysis of proposed model is given in Fig. 6 for different diseases classes. It can be
observed from the results, the average precision (AP) value of all the disease classes is above 0.99 which indicates
the better performance of the proposed model. Specifically, the proposed model attained better AP for BG and
YHV classes as 0.9948 and 0.9949 respectively. The minimum AP score 0.9876 of WSSV class indicates that the
proposed model showed slightly reduced performance in detecting WSSV. However, the consistent performance
of proposed model for all the other classes indicates the model reliability in multi-class classification.

To evaluate the superior performance of the proposed model, the performance metrics are comparatively
analysed with existing deep learning algorithms. As the dataset was created on our own, standard deep learning
models are considered as existing methods and compared with the proposed model performance. Algorithms
like CNN%, RNN2¢, LSTM?°, GRU** and VGG16°! are used for comparative analysis. Each model is implemented
individually using the parameters listed in Table 5 and then the results are used to plot the comparative analysis
graphs. For all the algorithms, the epoch is commonly selected, Adam optimizer is used for LSTM and VGGIS6,
Nadam optimizer is used for GRU, RMS prop optimizer is used for RNN and CNN has SGD as optimizer.

The comparative analysis given in Fig. 7 depicts precision analysis of proposed and existing deep learning
algorithms in shrimp disease detection. The result depicts the superior performance of proposed model reaching
maximum of 94.9%, but the existing models RNN and VGG16 exhibits around 90% as precision which is 5%
lesser than the proposed. Similarly, the CNN and GRU exhibits precision of around 88% which is 7% lesser than
the proposed model. The precision of LSTM model is around 92% which is 3% lesser than the proposed model.
This indicates the proposed model better learning ability and providing reliable results over different types of
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Fig. 6. Precision-Recall analysis.

inputs in shrimp disease detection. Table 6 depicts the numerical values of precision attained by the proposed
and existing deep learning algorithms.

The comparative analysis given in Fig. 8. depicts recall analysis of proposed and existing deep learning
algorithms in shrimp disease detection. The result depicts the superior performance of proposed model reaching
maximum of 93.5%, but the existing models RNN and VGG16 exhibits around 90% as recall which is 4% lesser
than the proposed. Similarly, the CNN and GRU exhibits recall of around 87% which is 6% lesser than the
proposed model. The precision of LSTM model is around 91% which is 3% lesser than the proposed model.
Table 7 depicts the numerical values of recall attained by the proposed and existing deep learning algorithms.
The superior recall value of the proposed model highlights the model ability in identifying relevant instances for
disease detection compared to existing deep learning models.

The comparative analysis given in Fig. 9 depicts F1-score analysis of proposed and existing deep learning
algorithms. The result depicts the proposed model superior performance with maximum f1-score of 94.6%. The
existing models RNN and VGG16 exhibits around 90% as F1-score which is around 5% lesser than the proposed.
Similarly, the CNN and GRU exhibits F1-score of around 88% which is 7% lesser than the proposed model. The
F1-score of LSTM model is around 91% which is 4% lesser than the proposed model. The numerical values of
F1-score attained by the proposed and existing deep learning algorithms are comparatively presented in Table 8
to better understand the superior performance of the proposed model.

The specificity comparative analysis given in Fig. 10 for the proposed and existing deep learning algorithms
depicts the proposed model superior performance with maximum specificity of 97.8%. The existing models
RNN and VGG16 exhibits specific of around 94% which is 4% lesser than the proposed. Similarly, the CNN and
GRU exhibits specificity of around 93% which is 5% lesser than the proposed model. The LSTM model exhibit
specificity of around 95% which is 2% lesser than the proposed model. Table 9 depicts the results of proposed
and existing models for different epochs, and it highlights the superior performance of the proposed model.

Figure 11 depicts Mathew correlation coefficient analysis of proposed and existing deep learning algorithms.
The better performance of proposed model is depicted in the comparative results with maximum MCC of
92.1% whereas the existing RNN and VGG16 models exhibits around 88% specificity which is 3% lesser than
the proposed. Similarly, the specificity of CNN and GRU exhibits is around 86% which is 6% lesser than the
proposed model. The specificity of LSTM model is around 89% which is 3% lesser than the proposed model.
Table 10 depicts the numerical values of the proposed model and existing models for specificity metric.
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Algorithm | Description Type/Value
Learning Rate 0.01
Batch Size 64
Optimizer SGD with Momentum
CNN
Number of Epochs 30
Dropout Rate 0.25
Number of Filters 128
Learning Rate 0.005
Batch Size 32
Optimizer RMSpro
RNN P prop
Number of Epochs 40
Dropout Rate 0.2
Hidden Layers 2
Learning Rate 0.002
Batch Size 32
Optimizer Adam
LSTM
Number of Epochs 50
Dropout Rate 0.3
Hidden Units 512
Learning Rate 0.003
Batch Size 16
Optimizer Nadam
GRU
Number of Epochs 45
Dropout Rate 0.2
Hidden Units 256
Learning Rate 0.001
Batch Size 64
Optimizer Adam
VGG16
Number of Epochs 25
Dropout Rate 0.5
Number of Dense Layers | 3

Table 5. Simulation parameters of existing algorithms.

The accuracy comparative analysis of proposed and existing model is given in Fig. 12 and the results depicts
the maximum accuracy of proposed ERCN model over existing deep learning algorithms. The maximum
accuracy of 95.2% is 4% higher than the RNN and VGG16 models. when compared to CNN and GRU, the
proposed model exhibited 5% higher accuracy for 50th epoch. The performance of LSTM is comparatively less
with accuracy of 92.3% which is 3% lesser than the proposed model. From the results the proposed ERCN model
superior performance can be obtained and numerically it can be observed in Table 11.

Results in Table 12 indicate that the incorporation of HHO-MPA optimization significantly enhances
the performance of the ERCN model. For instance, accuracy improves from 89.5 to 95.2%, resulting in an
enhancement rate of 6.38%. Similarly, the precision, recall, and F1-score were improved by 6.99%, 7.23%, and
7.63%, respectively. These improvements demonstrate that the hybrid optimization method effectively fine-
tunes the model parameters, enabling it to capture spatial and temporal features more accurately and enhance
its classification capabilities. The specificity, which measures the ability to correctly identify negative cases, also
shows a notable improvement of 3.71%, indicating the model’s robustness in detecting different types of shrimp
diseases.

To evaluate the individual contributions of the Spatial Attention and Channel Attention modules to the
performance of the proposed Enhanced Recurrent Capsule Network (ERCN), a series of ablation experiments
were conducted. The model was tested under four configurations: (1) without any attention mechanism
(baseline), (2) incorporating only the Spatial Attention module, (3) incorporating only the Channel Attention
module, and (4) utilizing both modules (full model). For each configuration, the model was trained and tested
using the same dataset and experimental setup as described in the manuscript. The evaluation metrics, including
accuracy, precision, recall, F1-score, and specificity, were used to assess the impact of each attention module.
This approach allowed us to isolate and quantify the performance improvements introduced by the Spatial and
Channel Attention modules, as well as their combined effect. The results, summarized in Table 13, provide a
comprehensive understanding of how these attention mechanisms enhance the model’s detection capabilities.

The results from the ablation analysis shown in Table 13 clearly demonstrate the contributions of the Spatial
and Channel Attention modules to the performance of the proposed ERCN model. It is found that incorporating
only the Spatial Attention module improved the model’s ability to focus on critical spatial regions within the
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Fig. 7. Precision comparative analysis.

Epochs | CNN | RNN | LSTM | GRU | VGG16 | Proposed ERCN
10 80.4 |825 |843 79.0 |81.5 88.9
20 827 |850 |86.7 81.7 | 84.0 90.5
30 853 |87.3 |889 84.0 |86.3 92.4
40 86.8 |88.9 |90.2 85.6 | 88.0 93.6
50 89.5 |90.8 |91.7 88.9 |90.4 94.9

Table 6. Precision analysis.

input images, resulting in a notable increase in precision and accuracy compared to the baseline. Similarly, using
only the Channel Attention module enhanced the selection of discriminative features across channels, leading
to a significant improvement in recall and F1-score over the baseline. The full model, combining both modules,
achieved the highest performance across all metrics, emphasizing the complementary effects of these attention
mechanisms. The accuracy improved by 6.1% over the baseline, while the F1-score and specificity improved by
6.7% and 3.5%, respectively, highlighting the synergistic benefits of integrating both modules.

The computational complexity of the model was evaluated by analyzing the number of parameters,
floating-point operations per second (FLOPs), and memory requirements. The proposed ERCN model, which
incorporates capsule networks, recurrent layers, and attention mechanisms, contains approximately 2.5 million
trainable parameters and requires 4.1 GFLOPs for processing an input image. While this complexity is higher
than traditional CNN models, it is justified by the enhanced detection accuracy and robustness achieved by the
proposed architecture. The real-time performance was measured in terms of inference time per image using
a standard system configuration with an NVIDIA RTX 3060 GPU and TensorFlow framework. The average
detection time was found to be 58 ms per image, which translates to approximately 17 frames per second (FPS).
This performance demonstrates the model’s suitability for real-time disease detection in practical aquaculture
scenarios.

Conclusion

This research work presents an optimized ERCN model for detecting different types of shrimp diseases. The
proposed optimized ERCN model effectively captures the spatial and temporal features from the segmented
images. The features are then combined through dual level feature fusion procedure and then classified to detect

Scientific Reports |

(2025) 15:10400 | https://doi.org/10.1038/s41598-025-94413-3 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Recall Comparison

Proposed ERCN
CNN

925 4

o
a
A
90.0 {
-

Epochs

Fig. 8. Recall comparative analysis.

Epochs | CNN | RNN | LSTM | GRU | VGG16 | Proposed Model
10 79.2 | 81.3 |83.0 77.8 | 80.1 87.5
20 81.8 |83.8 |855 80.3 | 82.6 89.0
30 843 |86.0 |87.8 82.7 |85.0 91.0
40 85.7 |87.6 |89.1 84.3 | 86.7 92.2
50 88.7 190.2 |91.0 87.5 190.0 93.5

Table 7. Recall analysis.

different types of diseases. The parameters of the classifier are optimized through a hybrid optimization model
that combines HHO with MPA. The detection accuracy of the proposed model is enhanced due to the optimal
selection of parameters using the hybrid optimization algorithm. The experimental results demonstrate the
superior performance of proposed model with detection accuracy of 95.2% over existing CNN, RNN, LSTM,
GRU, and VGG16 models which attain accuracy of 90.1%, 91.3%, 92.3%, 89.8% and 91.7%. Though the proposed
model has better detection performance, it has a minor limitation in terms of its computation complexity due
to multiple algorithms. However, it can be neglected due to its higher detection performance. In future, this
research work can be extended to optimize the computational efficiency of the proposed model considering
quantization techniques.
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Fig. 9. Fl-score comparative analysis.

10 80.0 |82.2 |839 78.6 |81.2 88.1
20 823 |84.7 |86.3 81.1 |83.7 89.7
30 84.8 |869 |885 83.5 |86.0 91.6
40 86.2 |884 |89.8 85.1 |87.6 92.8
50 89.1 |90.5 |91.3 88.1 |90.2 94.6

Table 8. F1-Score analysis.

Scientific Reports|  (2025) 15:10400 | https://doi.org/10.1038/s41598-025-94413-3 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Specificity Comparison

98 g
% p
94 4
2
4
5‘5 92 -
1]
&
90 - —e— Proposed ERCN
—~&— CNN
—&— RNN
88 1 —— ISTM
- GRU
—+— VGG16
86 - 1
0 10 20 30 40 50

Epochs

Fig. 10. Specificity comparative analysis.

10 88.5 |89.7 |90.5 87.9 |89.3 94.0
20 90.2 914 |92.0 89.5 |91.0 95.0
30 91.7 1928 |933 90.8 |92.4 96.1
40 929 939 |9%42 91.7 |934 96.9
50 932 | 941 |954 92.7 | 94.6 97.8

Table 9. Specificity analysis.
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Matthews Correlation Coefficient (MCC) Comparison
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Fig. 11. MCC comparative analysis.
10 784 |80.2 |[8L7 |77.0 |793 86.0
20 80.1 |82.1 [835 |78.8 |81.2 87.5
30 825 |843 [858 |812 |835 89.4
40 84.0 |859 |87.2 82.8 |85.0 90.6
50 86.7 |883 |89.3 859 | 889 92.1
Table 10. MCC analysis.
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Accuracy Comparison
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Fig. 12. Accuracy comparative analysis.

10 812 |[834 |85.0 80.1 |82.3 88.5
20 84.0 |86.1 |87.5 83.5 |85.0 90.1
30 86.5 |88.3 |89.8 86.0 |87.3 92.0
40 88.1 (899 |91.2 87.4 |89.0 93.2
50 90.1 |913 |92.3 89.8 | 91.7 95.2

Table 11. Accuracy analysis from the results, the superior performance of proposed optimized ERCN model
is visible through various metrics. The proposed model exhibits its consistent performance over existing CNN,
RNN, LSTM, GRU and VGG16 algorithms. The leading performance of proposed optimized ERCN model for
all metrics highlights the importance of feature selection and optimization in shrimp disease detection process.

Accuracy | 89.5 95.2 6.38
Precision | 88.7 94.9 6.99
Recall 87.2 935 7.23
F1 Score | 87.9 94.6 7.63
Specificity | 94.3 97.8 3.71

Table 12. Ablation analysis of proposed model (Optimization Based).
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Model Configuration Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | Specificity (%)
Without Attention (Baseline) 89.5 88.7 87.2 87.9 94.3
With Spatial Attention Only 92.1 91.9 89.5 90.7 95.8
With Channel Attention Only 91.7 90.8 90.0 90.4 95.6
Full Model (Both Attention Modules) | 95.2 94.9 93.5 94.6 97.8

Table 13. Ablation analysis of proposed model (Attention model Based).

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author upon
reasonable request.
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