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Vannamei shrimp (Litopenaeus vannamei) cultivation is an important sector of the fisheries 

industry. However, it is vulnerable to diseases such as White Spot Syndrome Virus 

(WSSV), Bacterial Gill (BG) disease, and the combined infection White Spot Syndrome 

Virus and Bacterial Gill (WSSV_BG) disease, all of which can result in substantial 

economic losses. Early disease detection is essential, yet conventional approaches—

including visual inspection and laboratory testing—are often limited by time, cost, and 

diagnostic accuracy. This study aims to develop a digital image-based early-detection 

system for shrimp diseases by integrating the MobileNet-V3 architecture as a feature 

extractor and the K-Nearest Neighbours (KNN) algorithm as a classifier. MobileNet-V3 

was chosen for its ability to extract image features accurately and efficiently, while KNN is 

used as a classifier, requiring no retraining. The combination of the two produces an image 

classification system suitable for real-time implementation on resource-constrained devices, 

unlike previous studies that rely entirely on deep learning. The dataset consists of four 

categories of shrimp conditions (healthy, BG, WSSV, BG_WSSV) obtained from field 

documentation and collaborative sources. The processing pipeline includes image 

preprocessing, data augmentation, feature extraction using pretrained MobileNet-V3, and 

classification with KNN using Euclidean distance and a weighting scheme. Experimental 

results demonstrate strong performance, achieving 92% accuracy, 91.5% precision, 91.1% 

recall, and 91.1% F1-score. Compared with baseline models like MobileNet-V3–Softmax 

and conventional Convolutional Neural Networks (CNNs), the proposed approach performs 

better, especially in data-limited scenarios. These findings demonstrate the potential of 

integrating deep learning and classical machine learning to support lightweight, accurate, 

and adaptive mobile-based diagnostic systems for field deployment. 
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1. INTRODUCTION

The cultivation of shrimp, in particular Litopenaeus 

vannamei (shrimp), plays a strategic role in the national and 

global fisheries sector [1-3]. Indonesia is one of the largest 

exporters of shrimp in the world [4], with marked exports 

reaching USD 2.16 billion in 2023 [5], and the target is to 

increase by up to 250% by 2024 [6]. The vannamei commodity 

accounts for around 75% of total national shrimp production 

[7, 8]. However, productivity and sustainability commodities 

are very vulnerable to diseases such as White Spot Syndrome 

Virus (WSSV) [6-8], Early Mortality Syndrome (EMS) [9-

11], and Infectious Hypodermal and Haematopoietic Necrosis 

Virus (IHHNV) [12-14], as well as other diseases [15-17]. 

Infection can cause death, with mass casualties even reported 

to reach 100% if not handled quickly [18], with estimated 

economic losses cumulative in the Asian region exceeding 

USD 1 trillion [19]. In Indonesia, various centre cultivation 

also reported losses of hundreds of millions of rupiah due to 

epidemic disease [20]. Practice field detection is still 

dominated by manual visual observation and/or laboratory 

tests, which are reactive, time-consuming, and inefficient in 

terms of cost and resource use [21]. This leads to an increased 

risk of late diagnosis, wider disease spread, and significant 

losses for cultivators. 

Given the challenge mentioned, it is necessary to detect 

shrimp disease early, accurately, reliably, and applicable to 

vannamei in operational pond environments. The issues raised 

in the study. This is how designing a system for detecting 

disease in digital images that not only identifies disease 

quickly and precisely, but also provides information and 

recommendations for supporting decision-making at the 

cultivation level. For that, the research proposes integrating 

the Convolutional Neural Network (CNN) MobileNet‑V3 [22] 

architecture as a feature extractor with the K-Nearest 

Neighbours (KNN) [23] algorithm as a classifier. 

MobileNet‑V3 was selected for its efficiency, competitive 

compute performance, and performance on devices with 

limited power, such as smartphones and edge devices [24-26]. 

On the other hand, KNN offers simple nonparametric 

classification, is effective on non-linear data, is relatively 

robust to variations in class distributions, and is easy to 
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implement [27-29]. This integration is intended to produce an 

accurate, lightweight, and ready system for a wide range of 

fields. 

The combination of MobileNet-V3 CNN as a feature 

extractor with the KNN classifier can achieve high 

performance [30]. This achievement indicates that the features 

generated by MobileNet-V3 can represent visual 

characteristics more compactly and discriminatively, making 

it easier for KNN to distinguish between classes in the feature 

space. The advantages of MobileNet-V3, which uses a 

depthwise separable convolution architecture, squeeze-and-

excitation, and a non-linear activation (h-swish) mechanism, 

produce more informative and stable features than 

conventional CNNs [31]. When these features are classified 

using KNN, the classification process tends to be more 

effective because KNN can leverage the proximity between 

feature vectors that are well-structured by MobileNet-V3. 

Conventional CNNs show that basic architectures without 

optimisations such as depthwise convolution, bottleneck 

blocks, or attention modules are unable to produce features 

sufficiently representative for complex classification [32]. 

Conventional CNNs are also more prone to losing important 

information through pooling operations and are less efficient 

at capturing visual variations and global spatial relationships 

[33]. As a result, both the feature extraction process and the 

classification stage are suboptimal, resulting in lower 

performance than MobileNet-V3. 

Meanwhile, the MobileNet-V3 + Softmax combination 

outperforms the Conventional CNN but not the MobileNet-V3 

+ KNN CNN. This is because Softmax relies on the linearity 

of the decision boundary in the output layer. Softmax tends to 

be suboptimal when the feature distributions across classes are 

not perfectly linearly separable [34]. In other words, although 

MobileNet-V3 can provide a good feature representation, 

Softmax is not always able to capture the complexity of the 

relationships among those features, especially when the class 

distribution is non-linear. 

As progress in computer vision continues, studies have 

shown the potential for detecting diseases in shrimp using 

image-based methods. The SHRIMPAI mobile application, 

for example, utilizes CNNs for WSSV detection in the field, 

achieving accuracy up to 99% and specificity of 98.9% [35]. 

Edge–machine learning approaches have also been proposed 

for WSSV monitoring using MobileNet-V3–Small and 

EfficientNetV2B0 architectures, reporting F1‑scores of 0.72 

and 0.99, respectively, while highlighting issues of data 

imbalance and the need for efficient inference on-device [36]. 

In the related domain, the integration of MobileNet‑V3 into 

framework detection (MobileNet–CAYOLO) shows accuracy 

around 92%–93% with good parameter efficiency on the edge 

[37], strengthening the relevance of a lightweight architecture 

for image-based application detection. In the context of 

vannamei, other studies demonstrate the utilization of CNN for 

the detection of disease LeNet [38], detection of existence, 

quantification, and measurement size shrimp in the pond [39], 

detection of disease with YOLOv5 [40], classification results 

cultivation [41], detection size [42], and calculation of fry 

[43]. Outside image: approach-based profiles of fatty acids are 

also used to distinguish between freshwater and seawater 

growth media [44]. Meanwhile, KNN has been reported to be 

beneficial for WSSV classification in vannamei [45], 

classification of shrimp samples based on Bbf concentration 

[46], and assessment of pond water quality. In general, corpus 

study. This confirms the effectiveness of CNN in extracting 

visual features and the feasibility of KNN for task 

classification in aquaculture. 

Despite this, there are still relevant gaps. The majority of 

studies use conventional CNN architecture or real-time 

detectors (e.g., YOLOv5), which are relatively heavy in a way 

computing [38-43], so that less than optimal for 

implementation wide on mobile/edge devices in the pond [36, 

37]. On the other hand, although KNN has been applied to 

several task-related [45, 46] applications, integrating 

systematic MobileNet-V3 as an extraction backbone with 

KNN as a classifier for multi-class detection of disease in 

shrimp vannamei based images. Not yet reported in a way 

adequate in the literature we reviewed. Thus, the novelty and 

state-of-the-art position of the research lie in the integration of 

the lightweight CNN, MobileNet-V3 [24-26]. With KNN [27-

29], a system detection is produced that is accurate, efficient, 

and early in computation, and practical for operation in the 

field. 

Unlike previous studies, which were entirely based on deep 

learning (CNN and YOLO) and directly processed images for 

classification, this study uses a hybrid model. This model uses 

deep learning only for image feature extraction, which is 

converted to a numeric vector. These feature vectors are then 

classified using a data mining KNN algorithm. This 

separation-based approach results in a faster, more 

computationally efficient classification process. 

In line with the research background and identified research 

gaps, this study aims to develop and evaluate an early disease 

detection system in Litopenaeus vannamei shrimp by 

integrating MobileNet-V3 and the KNN algorithm. The 

proposed system is expected to improve classification 

accuracy and consistency under heterogeneous field data 

conditions. 

 

 

2. RESEARCH METHODS 

 

2.1 Research design 

 

This research uses a quantitative experimental approach 

with a digital image-based detection system development 

method. The goal is to build a classification model for 

vannamei shrimp disease by integrating the MobileNet-V3 

deep learning architecture as a feature extractor and KNN as a 

classification algorithm. Validation is performed using 

evaluation metrics such as accuracy, precision, recall, and F1-

score. 

 

2.2 Research stages 

 

The method used in this study is the integration of 

MobilNet-V3 with KNN. MobilNet-V3 is a CNN architecture 

specifically designed for mobile devices with optimizations 

for inference speed and computational efficiency [47]. 

Meanwhile, KNN is a simple machine learning algorithm that 

classifies data based on proximity (distance) to training 

samples [48]. The integration of MobilNet-V3 with KNN was 

carried out by utilizing MobilNet-V3 as a visual feature 

extractor used to identify disease patterns in white shrimp, 

such as white spots, discoloration of the gills, and others. The 

results of MobilNet-V3 were classified using KNN to 

determine disease diagnoses based on proximity to the training 

sample data through optimizing the k-value parameters (3, 5, 

and 7) and distance matrix to overcome the limitations of the 

1118



 

available data and class imbalance. The following is the flow 

of the research methodology carried out: 

 

2.2.1 Dataset acquisition 

The vannamei shrimp image collection in this study covers 

four condition categories: healthy shrimp, shrimp infected 

with BG, WSSV, and shrimp with a combined BG and WSSV 

infection (BG_WSSV). The image dataset was obtained 

through several sources, including collaborations with farmers 

or aquaculture laboratories, the use of public datasets, and 

direct field documentation using a high-resolution smartphone 

camera. A partial display of the dataset used can be seen in 

Figure 1. 

 

 

 
 

Figure 1. Dataset 

 

Next, the dataset was distributed evenly in terms of quantity. 

The distribution of the dataset used can be seen in Figure 2. 

 

2.2.2 Image labeling and preprocessing 

The labeling process was carried out by classifying each 

image based on the shrimp's condition, namely, between 

healthy and infected shrimp. Next, image preprocessing was 

carried out to prepare the data to suit the needs of the 

MobileNet-V3 model. This preprocessing included resizing 

the images to 224 × 224 pixels, normalizing pixel values to a 

0–1 scale, and data augmentation through rotation, flipping, 

and brightness adjustments. This augmentation aimed to 

balance the distribution between classes and enrich the 

diversity of the training data. 

 

2.2.3 Feature extraction with MobileNet-V3 

The MobileNet-V3 architecture, both the Large and Small 

versions, was used as a feature extractor in this study. The 

model was pre-trained on the ImageNet dataset, with the final 

classification layer (fully connected layer) removed to focus 

the model's function as a feature extractor. The processed 

images were then passed through this model, and the final 
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features generated from the bottleneck layer were extracted 

and stored in vector form as a representation of each image. 

The following is a visualization of the MobileNet-V3 CNN 

stages.

 

 
 

Figure 2. Dataset distribution graph 

 

 
 

Figure 3. MobileNet-V3 Convolutional Neural Network (CNN) stages 

 

Figure 3 shows the stages of the proposed system 

architecture, which consists of two main phases: feature 

extraction and classification [49, 50]. 

1) MobileNet CNN Phase (Feature Extraction) 

● Input Image: The process begins by feeding the raw 

image into the model.  

● Depthwise Separable Convolutions: This is a key 

component of MobileNet, which divides standard 

convolution into two stages: Depthwise Convolution 

(applying one filter per input channel) and Pointwise 

Convolution (a 1 × 1 convolution to concatenate the 

outputs). This technique significantly reduces the 

computational burden and the number of parameters. 

● Feature Maps: The network processes the image 

through recurrent convolution modules to generate 

feature maps that represent the image's important 

characteristics.  

● Global Average Pooling (GAP): Before classification, 
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global average pooling is performed to reduce the 

dimensionality of the data and convert the feature 

maps into a single feature vector (the extracted 

feature). 

2) KNN Classifier Phase (Classification) 

● Extracted Features: The feature vector generated by 

MobileNet is used as input to the KNN algorithm.  

● K-Nearest Neighbors (KNN): The KNN workflow is 

illustrated by finding the nearest neighbors (symbols 

'K', 'C', 'N') around the test data (star symbols) based 

on the distance metric.  

● Classification Output: The final class is determined 

based on the majority label of these nearest neighbors. 

An outline of the stages of the MobileNet-V3 + KNN CNN 

combination can be seen in Figure 4. 

 

 
 

Figure 4. Convolutional Neural Network (CNN) 

MobileNet‑V3 + K-Nearest Neighbours (KNN) stages in 

outline 

 

2.2.4 Classification with the K-Nearest Neighbours (KNN) 

algorithm 

The features extracted from the MobileNet-V3 architecture 

are then used as input for the KNN algorithm. Determining the 

best k-value is done through a cross-validation process for 

adaptive k-values by testing several candidate values [51], 

such as k ranging from 1 to 20. In addition, to improve 

accuracy, we calculate the weights on the nearest neighbors, 

while to measure the similarity between feature vectors, the 

Euclidean distance calculation method is used as a basis for 

determining the closeness between images. The following is a 

visualization of CNN MobileNet-V3 + KNN. 

 

2.2.5 Model evaluation and validation 

The dataset was divided into two parts: training data and test 

data, with common proportions such as 80:20, 70:30, and 

90:10 to ensure fair and representative model evaluation. 

Model performance was evaluated using several classification 

metrics, including accuracy, precision, recall, and F1-score, to 

provide a comprehensive overview of the prediction 

performance. Furthermore, a confusion matrix analysis was 

performed to identify patterns of misclassification between 

classes. For comparison, model performance was also 

compared with baseline approaches, such as MobileNet-V3 

directly combined with the Softmax classification function, 

and conventional CNN architectures. 

The data preprocessing and augmentation processes in this 

study were carried out systematically to ensure the model 

obtained sufficient training data and met experimental 

reproducibility standards. All images were first resized to 224 

× 224 pixels using bilinear interpolation, then normalized to 

the range 0–1 by dividing the pixel value by 255. To increase 

data diversity, geometric and photometric transformation-

based augmentation was performed, including random 

rotation of ±15°, horizontal flip with a probability of 0.5, 

random zoom in the range 0.9–1.1, and brightness adjustment 

of ±20%. This augmentation was applied on-the-fly so that 

each image had the opportunity to undergo a different 

transformation at each training epoch. After the images 

underwent feature extraction by MobileNet-V3, the resulting 

feature vectors were normalized using a z-score based on the 

mean and standard deviation of the training set. L2 (unit norm) 

normalization was then applied to maintain the stability of the 

distance calculation between features before being used as 

input to the KNN algorithm. 

In the classification stage, KNN uses the Euclidean distance 

metric as the primary measure of closeness between features. 

The Euclidean distance was chosen based on the 

characteristics of MobileNet-V3 features, which are 

continuous and have undergone a standardization process, 

ensuring that each feature dimension contributes equally to the 

distance calculation. Furthermore, Euclidean has low 

computational complexity and has proven effective in various 

CNN feature-based studies, making it a relevant choice for 

small- to medium-scale datasets. To improve performance and 

reduce sensitivity to relatively distant samples [52], this study 

implemented an inverse-distance weighting scheme, where the 

weight of each neighbor is calculated using the function Eq. 

(1): 

 

𝜔𝑖 = 1/(𝑑𝑖 + 𝜖) (1) 

 

with the value shown in Eq. (2): 

 

𝜖 = 1 ×  10−5 (2) 

 

To prevent division by zero. This scheme gives greater 

influence to the nearest neighbors, which are geometrically 

more representative of the test sample. Additionally, 

alternative weighting methods, such as Gaussian weighting, 

are shown in Eq. (3): 

 

𝜔𝑖 = 𝑒−𝑑𝑖
2 2𝜎2

 (3) 

 

to assess the model's sensitivity to variations in the weight 

function, with the σ parameter set based on the average 

distance between training samples. 

The k-value for KNN was selected through a stratified 5-

fold cross-validation process to ensure that the class 

distribution remained proportional across each fold. The k-

values tested ranged from 1 to 20, and the best value was 

selected based on the highest average F1-score on the 

validation data. If several k-values showed relatively similar 

performance, a lower value was chosen to avoid unnecessary 

increases in complexity. All models were then evaluated using 

standard metrics, including accuracy, precision, recall, and F1-

score, as well as a confusion matrix to identify patterns of 

misclassification between classes. 

 

2.3 Developer tools and devices used 

 

The system is implemented using the Python programming 
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language with support for deep learning frameworks such as 

TensorFlow/Keras or PyTorch. Additional libraries include 

Numpy, which plays a key role in numeric array manipulation, 

such as image conversion and normalization in the form of 

pixel matrices, and serves as a standard input format for deep 

learning models. Pandas is used to manage image metadata, 

such as class labels, file names, and category information, in 

the form of structured tables, facilitating the integration of 

image data and labels during model training and evaluation. 

Scikit-learn is used for model evaluation, and Matplotlib is 

used for visualization and manipulation of numeric data. The 

model training and testing process is run on hardware in the 

form of a computer equipped with a GPU (GTX1070) or using 

cloud computing services such as Google Colab or AWS for 

efficiency. For field testing purposes, an Android smartphone 

is used to simulate the implementation of a mobile-based 

detection application. 

 

2.4 Advanced development plan (optional) 

 

As a next step, the developed model was integrated into a 

mobile application to support real-time shrimp disease 

detection in the field. Field trials were conducted with farmers 

to validate the system's performance under real-world 

conditions, while also assessing its usability and detection 

accuracy in an operational environment. In the future, the 

system has the potential to be further developed with 

additional features such as multi-disease detection, 

segmentation of affected shrimp body parts, and heatmap 

visualization to more informatively show the location of 

disease indications on the shrimp body. 

 

 

3. RESULTS AND DISCUSSION 

 

3.1 Feature extraction results 

 

After image preprocessing and augmentation, the entire 

dataset is passed through the MobileNet-V3 architecture 

(Large version) for feature extraction. Each image generates a 

fixed-dimensional feature vector from the bottleneck layer, 

which is then used as input to the KNN algorithm. This process 

successfully reduces the image dimensionality to a lighter 

numerical representation while still containing relevant visual 

information. 

 

3.2 Classification experiments with K-Nearest Neighbours 

(KNN) 

 

Classification experiments were conducted using KNN with 

varying k-values from 1 to 20, both with and without distance 

weighting. Cross-validation results showed that the optimal k-

value ranged from 1 to 5, depending on the distribution of the 

training and test data. The use of distance-based weighting 

showed a consistent increase in accuracy compared to the 

uniform approach, especially in cases of imbalanced data. 

The selection of the k-value in the KNN algorithm plays a 

crucial role in classification performance. The k-value 

determines the model's level of generalization to the data. Too 

small a k-value can cause the model to be sensitive to noise 

(overfitting), while too large a k-value can blur the boundaries 

between classes (underfitting). Experimental results show that 

determining the optimal k-value balances model complexity 

and predictive accuracy, thereby improving classification 

performance stability. Thus, the k parameter is not merely a 

technical variable but a crucial component that influences the 

model's ability to scientifically and empirically represent data 

distribution patterns. 

 

3.3 Model performance evaluation 

 

Evaluasi performa dilakukan terhadap beberapa skenario 

dataset division, namely 70:30, 80:20, and 90:10. The test 

results in the best scenario (90:10) produced the following 

performance: 

 

Table 1. Model performance evaluation 

 
Evaluation Metric  Value (%) 

Accuracy 92.00 

Precision 91.50 

Recall 91.10 

F1-Score 91.10 

 

 
 

Figure 5. The confusion matrix results from the experiment 

 

Evaluation results in Table 1 show that the integration of 

MobileNet-V3 with KNN is capable of classifying shrimp 

conditions with a high degree of accuracy. Confusion matrix 

analysis shows that most misclassifications occur between the 

BG and BG_WSSV classes, which share significant visual 

similarities. Meanwhile, the confusion matrix can be seen in 

Figure 5.  

The "Health" row represents data that are actually healthy. 

The total healthy data is 92 + 5 + 6 + 1 = 104 samples. 92 

samples are actually healthy and predicted as "Health" (True), 

5 samples are actually healthy but predicted as "BG" (False), 

6 samples are actually healthy but predicted as "WSSV" 

(False), and 1 sample is actually healthy but predicted as 

"BG_WSSV" (False). 

The "BG" row represents data that are actually infected with 

"BG". The total BG data is 2 + 93 + 0 + 0 = 95 samples. 93 

samples are actually "BG" and predicted as "BG" (True), while 

2 samples are actually "BG" but predicted as "Health" (False). 

The "WSSV" row represents data that are actually infected 

with "WSSV". The total WSSV data is 4 + 2 + 75 + 7 = 88 

samples. 75 samples are actually "WSSV" and predicted as 

"WSSV" (True). 7 samples were actually WSSV but predicted 

BG_WSSV (False). 

The "BG_WSSV" row represents data actually infected 

with both BG and WSSV. The total BG_WSSV data is 0 + 1 

+ 8 + 104 = 113 samples. Of these, 104 samples were actually 
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BG_WSSV and predicted BG_WSSV (True), and 8 samples 

were actually BG_WSSV but predicted WSSV (False). 

 

3.4 Comparison with baseline 

 

For comparison, classification experiments were conducted 

using MobileNet-V3 directly combined with a fully connected 

layer and the Softmax activation function, as well as a 

conventional CNN model. The comparison results are shown 

in the following Table 2. 

 

Table 2. Comparison with baseline 

 

Model 
Accuracy 

(%) 

CNN MobileNet-V3 + KNN 92.00 

CNN MobileNet-V3 + SoftMax 89.50 

CNN Konvensional 87.00 

 

From these results, the feature extraction approach using 

MobileNet-V3 combined with KNN shows advantages in 

terms of accuracy and generalization, especially on limited 

data amounts. 

 

3.5 Discussion 

 

The results show that the integration of MobileNet-V3 as a 

feature extractor and KNN as a classification algorithm can 

provide excellent detection performance for shrimp diseases 

based on digital images. The feature extraction process from 

the bottleneck layer of MobileNet-V3 successfully represents 

images into low-dimensional yet informative numeric vectors, 

enabling efficient classification without complex training. 

KNN classification experiments with varying k-values 

demonstrate that the use of distance weighting is superior to 

uniform weighting, especially in addressing data imbalance 

between classes. This indicates that the influence of distance 

between features in the vector space has a significant impact 

on classification quality. Model evaluations at different data 

sharing ratios show that the 90:10 ratio provides the best 

results, with an accuracy of 92%, an F1-score of 91.1%, and 

consistent performance in other metrics. Test results show that 

the combination of the MobileNet-V3 CNN as a feature 

extractor and the KNN algorithm as a classifier provides the 

highest performance, with an accuracy of 92.00%. This 

achievement indicates that the features generated by 

MobileNet-V3 are able to represent visual characteristics more 

compactly and discriminatively, making it easier for KNN to 

distinguish patterns between classes in the feature space. 

MobileNet-V3's advantage, which utilizes a depthwise 

separable convolution architecture, squeeze-and-excitation, 

and a non-linear activation (h-swish) mechanism, produces 

more informative and stable features than conventional CNNs. 

When these features are classified using KNN, the 

classification process tends to be more effective because KNN 

can exploit the proximity between feature vectors, which are 

well-structured by MobileNet-V3. 

Compared to baselines such as MobileNet-V3–Softmax and 

conventional CNNs, the MobileNet-V3–KNN approach 

demonstrates superior accuracy and generalization on limited 

datasets, confirming the effectiveness of this hybrid approach 

in the context of edge computing. This can be seen in the graph 

in Figure 6. However, this system still faces challenges in 

distinguishing between combined conditions (BG_WSSV), 

which visually share a high similarity to a single class (BG or 

WSSV). Misclassification errors in this area suggest the need 

for additional approaches, such as shrimp body part 

segmentation or the integration of ensemble learning 

techniques, to improve sensitivity to various infections. These 

findings provide a strong basis for suggesting that combining 

lightweight deep learning models and classical classification 

algorithms can be an effective solution for real-time shrimp 

disease detection, which is resource-efficient and easy to 

implement on mobile devices in the field. The combination of 

MobileNet-V3 + Softmax achieved an accuracy of 89.50%, 

slightly lower than KNN. This occurs because Softmax relies 

on the linearity of the decision boundary in the output layer. 

Softmax tends to be suboptimal when the feature distribution 

between classes is not completely linearly separable. In other 

words, although MobileNet-V3 is capable of providing a good 

feature representation, Softmax does not always capture the 

complexity of the relationships between these features, 

especially if the class distribution is non-linear. 

 

 
 

Figure 6. Comparison of accuracy results 

 

On the other hand, a conventional CNN only achieved an 

accuracy of 87.00%, which is the lowest score in this test. This 

indicates that a basic CNN architecture without optimizations 

such as depthwise convolution, bottleneck blocks, or attention 

modules is unable to produce features representative enough 

for complex classification. Conventional CNNs are also more 

susceptible to losing important information due to pooling 

operations and are less efficient at capturing visual variations 

and global spatial relationships. As a result, both the feature 

extraction and classification stages are suboptimal, resulting in 

model performance that is not as good as MobileNet-V3. 

Overall, these results confirm that the use of a more 

sophisticated feature extraction architecture, such as 

MobileNet-V3, has a significant impact on improving the 

quality of image representation. Furthermore, the choice of 

classification algorithm also influences the final performance. 

KNN proved to be more adaptive in utilizing the non-linear 

feature structure generated by MobileNet-V3, allowing for 

more accurate mapping of feature variations and proximity 

between classes compared to Softmax or conventional CNNs 

directly. These findings confirm that integrating modern CNN 

architectures with appropriate traditional classifiers can yield 

substantial and consistent performance improvements. 

 

 

4. CONCLUSION 

 

This research successfully developed an early disease 
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detection system for Litopenaeus vannamei shrimp by 

integrating the MobileNet-V3 architecture as a feature 

extractor and the KNN algorithm as a classifier. This 

combination achieved superior classification performance, 

with a peak accuracy of 92% and an F1-score of 91.1%. 

MobileNet-V3 effectively extracts representative and compact 

image features, while KNN provides a lightweight 

classification mechanism without requiring retraining, making 

it ideal for real-time systems on resource-constrained devices 

such as smartphones. 

Experimental results show that the MobileNet-V3–KNN 

approach outperforms baseline methods such as MobileNet-

V3–Softmax and conventional CNNs, especially in scenarios 

with limited training data. The application of image 

augmentation and distance weighting in KNN has been shown 

to improve the model's resilience to class imbalance and 

reduce the risk of prediction bias. However, the system still 

has limitations in distinguishing cases of combined infections 

(e.g., BG_WSSV), indicating the need to improve the model's 

ability to understand multi-label patterns and more complex 

spatial features. 

For further research, it is recommended to apply the feature 

fusion method between MobileNet-V3 and an attention-based 

network architecture to enrich the extracted visual 

information. Furthermore, integration with adaptive ensemble 

learning or graph-based KNN can be explored to improve the 

classification of overlapping data. Overall, this research 

provides a significant scientific contribution by demonstrating 

the effectiveness of a combination of lightweight deep feature 

extraction and instance-based classification for aquaculture 

disease detection. This approach is not only computationally 

efficient but also opens new directions in the development of 

computer vision-based intelligent systems that can be 

practically implemented in the digital fisheries sector. 

 

 

ACKNOWLEDGMENT 

 

We would like to express our gratitude to the Ministry of 

Higher Education, Science, and Technology of the Republic 

of Indonesia, through the Directorate of Research, 

Technology, and Community Service, for providing funding 

for this research through the Fundamental Grant program for 

the 2025 fiscal year, under Contract No. 0070/C3/AL.04/2025 

dated 23 May 2025 concerning the Recipients of the 

Operational Assistance Program for State Universities for 

Research and Community Service Programs, Fiscal Year 

2025. We would also like to thank the LPPM of Mataram 

University for facilitating this research activity. 

 

 

REFERENCES  

 

[1] Alderman, S.L., Gillis, T.E. (2024). Encyclopedia of Fish 

Physiology (Second Edition). Elsevier Inc. 

[2] Jamal, M.R. (2023). Can vannamei shrimp (Litopenaeus 

vannamei) revitalise Bangladesh’s dying shrimp industry? 

Aquaculture International, 31: 1637-1641. 

https://doi.org/10.1007/s10499-022-01045-9 

[3] Usman, A., Andayani, S., Herawati, E.Y. (2018). White 

Spot Syndrome Virus (WSSV) detection at traditional 

ponds of Lithopenaeus vannamei in Pasuruan District. 

The Journal of Experimental Life Science, 8(3): 173-176. 

https://doi.org/10.21776/ub.jels.2018.008.03.07 

[4] N’Souvi, K., Sun, C., Che, B., Vodounon, A. (2024). 

Shrimp industry in China: Overview of the trends in the 

production, imports and exports during the last two 

decades, challenges, and outlook. Frontiers in 

Sustainable Food Systems, 7: 1287034. 

https://doi.org/10.3389/fsufs.2023.1287034 

[5] Nuryati, S., Setiyawan, D. N., Yuhana, M., Gustilatov, 

M. (2026). Prevention of Vibrio parahaemolyticus 

infection in pacific white shrimp (Penaeus vannamei) 

using oral Moringa oleifera leaf powder as an alternative 

to antibiotics. Comparative Immunology Reports, 10: 

200269. https://doi.org/10.1016/j.cirep.2025.200269 

[6] Mustafa, A., Syah, R., Paena, M., Sugama, K., Kontara, 

E.K., Muliawan, I., Suwoyo, H.S., Asaad, A.I.J., Asaf, R., 

Ratnawati, E., Athirah, A., Makmur, Suwardi, Taukhid, 

I. (2023). Strategy for developing whiteleg shrimp 

(Litopenaeus vannamei) culture using intensive/super-

intensive technology in Indonesia. Sustainability, 15(3): 

1753. https://doi.org/10.3390/su15031753 

[7] Ummah, Y.L., Mahasri, G., Sulmartiwi, L. (2024). 

Intensity and ectoparasites in Vaname Shrimp 

(Litopenaeus vannamei) cultivated in intensive ponds. 

Journal of Aquaculture Science, 9(1): 7-13. 

https://doi.org/10.24073/joas.v9i1.510115 

[8] Saputra, A., Maftuch, M., Andayani, S., Yanuhar, U. 

(2023). Pathogenicity of Vibrio parahaemolyticus 

causing acute hepatopancreatic necrosis disease 

(AHPND) in shrimp (Litopanaeus vannamei) in Serang, 

Banten, Indonesia. Biodiversitas Journal of Biological 

Diversity, 24(4): 2365-2373. 

https://doi.org/10.13057/biodiv/d240451 

[9] Azhar, F., Scabra, A.R., Muahiddah, N., Affandi, R.I. 

(2025). Efficiency of using kappa-carrageenan as an 

immunostimulant agent in the non-specific immune 

system of vannamei (Litopenaeus vannamei) infected 

with AHPND (acute hepatopancreatic necrosis disease). 

Journal of Fish Health, 5(1): 76-85. 

https://doi.org/10.29303/jfh.v5i1.6358 

[10] John, A.S., Gopalakrishnan, A., Nivas, N., Gunasekaran, 

B., Sravani, S., Poddar, P. (2024). Incidence of running 

mortality syndrome (RMS) in Pacific whiteleg shrimp, 

Litopenaeus vannamei, in an intensive biofloc grow-out 

pond. International Journal of Aquatic Biology, 12(1): 

11-19. https://doi.org/10.22034/ijab.v12i1.2063 

[11] Kuhn, D.D., Smith, S.A., Williams, R.C., Galagarza, 

Ó.A., Thompson, M., Drahos, D.J., Stevens, A.M. (2024). 

Use of direct-fed microbes to enhance shrimp resistance 

to a vibrio parahaemolyticus strain causing early 

morality syndrome (EMS). Aquaculture, Fish and 

Fisheries, 4(5): e70002. 

https://doi.org/10.1002/aff2.70002 

[12] Dominic, D.D., Muneer, A., Eldho, L., Jose, S., Sajeevan, 

T.P., Puthumana, J., Philip, R., Joseph, V., Singh, I.B. 

(2024). Propagation of IHHNV (Infectious hypodermal 

and haematopoietic necrosis virus)/PstDVI and MBV 

(Monodon baculovirus)/PmNV in shrimp primary 

haemocyte culture. Journal of Invertebrate Pathology, 

203: 108062. https://doi.org/10.1016/j.jip.2024.108062 

[13] Chen, C.Y., Yang, N., He, C., Gao, Y., Chang, L.R., Li, 

T., Si, L., Yan, D.C. (2024). The immune response of 

Caspase-3 gene in infectious hypodermal and 

hematopoietic necrosis virus (IHHNV) infection of 

Litopenaeus vannamei. Aquaculture, 581: 740472. 

https://doi.org/10.1016/j.aquaculture.2023.740472 

1124

https://doi.org/10.1016/j.cirep.2025.200269


 

[14] Weerachatyanukul, W., Pooljun, C., Chotwiwatthanakun, 

C., Jariyapong, P. (2025). Binding of infectious 

hypodermal and haematopoietic necrosis virus-like 

particles to mannose receptor stimulates antimicrobial 

responses in immune-related tissues of Peneaus 

vannamei. Journal of Fish Diseases, 48(2): e14051. 

https://doi.org/10.1111/jfd.14051 

[15] Rahbar, M., Safari, R., Perez-Rostro, C.I. (2024). 

Defining desired genetic gains for Pacific white shrimp 

(Litopenaeus vannamei) breeding objective using 

participatory approaches. Journal of Animal Breeding 

and Genetics, 141(4): 390-402. 

https://doi.org/10.1111/jbg.12848 

[16] Massu, A., Mahanil, K., Limkul, S., Phiwthong, T., 

Boonanuntanasarn, S., Teaumroong, N., Somboonwiwat, 

K., Boonchuen, P. (2024). Identification of immune-

responsive circular RNAs in shrimp (Litopenaeus 

vannamei) upon yellow head virus infection. Fish & 

Shellfish Immunology, 144: 109246. 

https://doi.org/10.1016/j.fsi.2023.109246 

[17] López-Landavery, E.A., Urquizo-Rosado, Á., Saavedra-

Flores, A., Tapia-Morales, S., Fernandino, J.I., Zelada-

Mázmela, E. (2024). Cellular and transcriptomic 

response to pathogenic and non-pathogenic Vibrio 

parahaemolyticus strains causing acute hepatopancreatic 

necrosis disease (AHPND) in Litopenaeus vannamei. 

Fish & Shellfish Immunology, 148: 109472. 

https://doi.org/10.1016/j.fsi.2024.109472 

[18] Desmieata, D., Amalina, S., Hakim, D.P., Kahlil Gibran, 

I.M., Purnama, A.R., Fasya, A.H. (2024). 

Characterization of gold nanoparticle (NP-AU) 

biosynthesis with bioreductor Chaetoceros calcitrans as 

a disease inhibitory power of AHPND in vannamei 

shrimp (Litopenaeus vannamei). Journal of Aquaculture 

Science, 9(2): 142-150. 

https://doi.org/10.24073/joas.v9i1.61961 

[19] Patil, P.K., Geetha, R., Ravisankar, T., Avunje, S., et al. 

(2021). Economic loss due to diseases in Indian shrimp 

farming with special reference to Enterocytozoon 

hepatopenaei (EHP) and white spot syndrome virus 

(WSSV). Aquaculture, 533: 736231. 

https://doi.org/10.1016/j.aquaculture.2020.736231 

[20] Iftehimul, M., Hasan, N.A., Bass, D., Bashar, A., Haque, 

M.M., Santi, M. (2025). Combating White Spot 

Syndrome Virus (WSSV) in global shrimp farming: 

Unraveling its biology, pathology, and control strategies. 

Viruses, 17(11): 1463. 

https://doi.org/10.3390/v17111463 

[21] Anissa, R.K., Lisdiana, L., Widyayanti, A.T. (2024). 

Optimization of nested PCR Method for Vibrio 

parahaemolyticus AHPND detection in vannamei shrimp 

(Litopenaeus vannamei). LenteraBio: Berkala Ilmiah 

Biologi, 13(1): 1-13. 

https://doi.org/10.26740/lenterabio.v13n1.p1-13 

[22] Aristan, T., Kusuma, G.P. (2023). Evaluation of CNN 

models in identifying plant diseases on a mobile device. 

Revue d'Intelligence Artificielle, 37(2): 441-449. 

https://doi.org/10.18280/ria.370221 

[23] Gaikwad, V.P., Musande, V. (2023). Advanced 

prediction of crop diseases using Cetalatran-optimized 

deep KNN in multispectral imaging. Traitement du 

Signal, 40(3): 1093-1106. 

https://doi.org/10.18280/ts.400325 

[24] Wang, X., Tang, Z., Guo, J., Meng, T., Wang, C., Wang, 

T., Jia, W. (2025). Empowering edge intelligence: A 

comprehensive survey on on-device AI models. ACM 

Computing Surveys, 57(9): 1-39. 

https://doi.org/10.1145/3724420 

[25] Saha, D., Mangukia, M.P., Manickavasagan, A. (2023). 

Real-time deployment of MobileNetV3 model in edge 

computing devices using RGB color images for varietal 

classification of chickpea. Applied Sciences, 13(13): 

7804. https://doi.org/10.3390/app13137804 

[26] Kumar Lilhore, U., Simaiya, S., Sharma, Y.K., Kaswan, 

K.S., Rao, K.B., Rao, V.M., Baliyan, A., Bijalwan, A., 

Alroobaea, R. (2024). A precise model for skin cancer 

diagnosis using hybrid U-Net and improved MobileNet-

V3 with hyperparameters optimization. Scientific 

Reports, 14(1): 4299. https://doi.org/10.1038/s41598-

024-54212-8 

[27] Sun, J.W., Du, W.X., Shi, N.C. (2018). A survey of kNN 

algorithm. Information Engineering and Applied 

Computing, 1(1): 1-10. 

https://www.researchgate.net/publication/348305327_A

_Survey_of_kNN_Algorithm. 

[28] Ali, N., Neagu, D., Trundle, P. (2019). Evaluation of k-

nearest neighbour classifier performance for 

heterogeneous data sets. SN Applied Sciences, 1(12): 

1559. https://doi.org/10.1007/s42452-019-1356-9 

[29] Bhatia, N., Vandana. (2010). Survey of nearest neighbor 

techniques. arXiv preprint arXiv:1007.0085. 

https://doi.org/10.48550/arXiv.1007.0085 

[30] Dhanalaxmi, B., Kumar, B.N., Raju, Y., Channapragada, 

R.S.R. (2025). MobileNetV3: An efficient deep learning-

based feature selection and classification technique for 

cardiovascular disease. Journal of Engineering and 

Applied Science, 72(1): 107. 

https://doi.org/10.1186/s44147-025-00654-4 

[31] Duan, Z., Liu, H. (2025). Improving network structure 

for efficient classification network based on 

MobileNetV3. IEEE Access, 13: 191296-191308. 

https://doi.org/10.1109/ACCESS.2025.3630207 

[32] Chawla, S., Gupta, D., Pippal, S.K. (2025). Review on 

architectures of convolutional neural network. In 2025 

3rd International Conference on Disruptive Technologies 

(ICDT), Greater Noida, India, pp. 442-448. 

https://doi.org/10.1109/ICDT63985.2025.10986472 

[33] Younesi, A., Ansari, M., Fazli, M., Ejlali, A., Shafique, 

M., Henkel, J. (2024). A comprehensive survey of 

convolutions in deep learning: Applications, challenges, 

and future trends. IEEE Access, 12: 41180-41218. 

https://doi.org/10.1109/ACCESS.2024.3376441 

[34] Wang, S.Q., Wang, Y.Z., Zheng, B.S., Cheng, J.H., Su, 

Y., Dai, Y.F. (2024). Intrusion detection system for 

vehicular networks based on MobileNetV3. IEEE Access, 

12: 106285-106302. 

https://doi.org/10.1109/ACCESS.2024.3437416 

[35] Eder, M.S., Ampolitod, K.C., Bolao, N.H., Pajal, R.J.A., 

Racho, E.M.D. (2024). SHRIMPAI: A mobile 

application for the early detection of white spot 

syndrome virus in shrimp using convolutional neural 

network. Mindanao Journal of Science and Technology, 

22(2): 196-220. 

https://doi.org/10.61310/mjst.v22i2.2189 

[36] Querol, L.S., Cordel II, M.O., Rustia, D.J.A., Santos, 

M.N.M. (2023). Application for white spot syndrome 

virus (WSSV) monitoring using edge machine learning. 

arXiv preprint arXiv:2308.04151. 

1125



 

https://doi.org/10.48550/arXiv.2308.04151 

[37] Jia, L., Wang, T., Chen, Y., Zang, Y., Li, X., Shi, H., Gao, 

L. (2023). MobileNet-CA-YOLO: An improved 

YOLOv7 based on the MobileNetV3 and attention 

mechanism for rice pests and diseases detection. 

Agriculture, 13(7): 1285. 

https://doi.org/10.3390/agriculture13071285 

[38] Wang, Q., Qian, C., Nie, P., Ye, M. (2023). Rapid 

detection of Penaeus vannamei diseases via an improved 

LeNet. Aquacultural Engineering, 100: 102296. 

https://doi.org/10.1016/j.aquaeng.2022.102296 

[39] Zhou, C., Yang, G.W., Sun, L.H., Wang, S.F., Song, 

W.P., Guo, J.L. (2024). Counting, locating, and sizing of 

shrimp larvae based on density map regression. 

Aquaculture International, 32(3): 3147-3168. 

https://doi.org/10.1007/s10499-023-01316-z 

[40] Chen, Y., Huang, X., Zhu, C., Tang, S., Zhao, N., Xiao, 

W. (2023). Quality detection method of Penaeus 

vannamei based on lightweight YOLOv5s network. 

Agriculture, 13(3): 690. 

https://doi.org/10.3390/agriculture13030690 

[41] Melinda, M., Muthiah, Z., Arnia, F., Elizar, E., 

Irhmasyah, M. (2024). Image data acquisition and 

classification of vannamei shrimp cultivation results 

based on deep learning. MATRIK: Jurnal Manajemen, 

Teknik Informatika dan Rekayasa Komputer, 23(3): 491-

508. https://doi.org/10.30812/matrik.v23i3.3850 

[42] Lai, P.C., Lin, H.Y., Lin, J.Y., Hsu, H.C., Chu, Y.N., 

Liou, C.H., Kuo, Y.F. (2022). Automatic measuring 

shrimp body length using CNN and an underwater 

imaging system. Biosystems Engineering, 221: 224-235. 

https://doi.org/10.1016/j.biosystemseng.2022.07.006 

[43] Fasya, Z.D.M., Gunawan, A.I., Dewantara, B.S.B. 

(2025). A compact Litopenaeus Vannamei post-larvae 

fry counting network with optimized scale aggregation 

network. International Journal of Intelligent Engineering 

& Systems, 18(2): 1-13. 

https://doi.org/10.22266/ijies2025.0331.01 

[44] Han, C., Xiao, Y., Guo, X., Zhang, H., Ren, J., Yang, J. 

(2025). Authentication of Pacific white shrimp 

(Litopenaeus vannamei) reared in freshwater and 

seawater areas using fatty acid profiles combined with 

chemometrics. Food Control, 168: 110897. 

https://doi.org/10.1016/j.foodcont.2024.110897 

[45] Ramachandran, L., Mangaiyarkarasi, S.P., Subramanian, 

A., Senthilkumar, S. (2024). Shrimp classification for 

white spot syndrome detection through enhanced gated 

recurrent unit-based wild geese migration optimization 

algorithm. Virus Genes, 60(2): 134-147. 

https://doi.org/10.1007/s11262-023-02049-0 

[46] Adade, S.Y.S.S., Lin, H., Johnson, N.A.N., Qianqian, S., 

et al. (2024). Rapid qualitative and quantitative analysis 

of benzo (b) fluoranthene (BbF) in shrimp using SERS-

based sensor coupled with chemometric models. Food 

Chemistry, 454: 139836. 

https://doi.org/10.1016/j.foodchem.2024.139836 

[47] Khanapure, A., Kashyap, H., Bidargaddi, A., Habib, S., 

Anand, A., M, M.S. (2024). Bone fracture detection with 

X-ray images using MobileNet V3 architecture. In 2024 

IEEE 9th International Conference for Convergence in 

Technology (I2CT), Pune, India, pp. 1-8. 

https://doi.org/10.1109/I2CT61223.2024.10544356 

[48] Halder, R.K., Uddin, M.N., Uddin, M.A., Aryal, S., 

Khraisat, A. (2024). Enhancing K-nearest neighbor 

algorithm: A comprehensive review and performance 

analysis of modifications. Journal of Big Data, 11(1): 113. 

https://doi.org/10.1186/s40537-024-00973-y 

[49] Howard, A. G., Zhu, M., Chen, B., Kalenichenko, D., 

Wang, W., Weyand, T., Andreetto, M., Adam, H. (2017). 

MobileNets: Efficient convolutional neural networks for 

mobile vision applications. ArXiv preprint 

arXiv:1704.04861. 

https://doi.org/10.48550/arXiv.1704.04861 

[50] Bhatt, P.M., Malhan, R.K., Rajendran, P., Shah, B.C., 

Thakar, S., Yoon, Y.J., Gupta, S.K. (2021). Image-based 

surface defect detection using deep learning: A review. 

Journal of Computing and Information Science in 

Engineering, 21(4): 040801. 

https://doi.org/10.1115/1.4049535 

[51] Palomino Ojeda, J.M., Quiñones Huatangari, L., 

Cayatopa Calderón, B.A. (2023). Employing data mining 

techniques for engineering soil classification: A unified 

soil classification system approach. Mathematical 

Modelling of Engineering Problems, 10(6): 1994-2002. 

https://doi.org/10.18280/mmep.100609 

[52] Shepard, D. (1968). A two-dimensional interpolation 

function for irregularly-spaced data. In ACM '68: 

Proceedings of the 1968 23rd ACM National Conference, 

pp. 517-524. https://doi.org/10.1145/800186.810616 

 

1126

https://doi.org/10.1186/s40537-024-00973-y



