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Childhood malnutrition remains a critical public health challenge in
developing countries, with Indonesia ranking fifth globally for stunting
burden. Traditional anthropometric assessment methods are time-consuming,
resource-intensive, and require trained personnel, necessitating efficient
computer-based early detection approaches. This study proposes a deep
learning-based method for automated nutritional status classification using
facial image analysis. We developed and compared multiple transfer learning
architectures including visual geometry group 16 (VGG16), densely
connected convolutional network 121 (DenseNetl121), mobile network
version 2 (MobileNetV2), and residual network 50 (ResNet50) for classifying
children into three categories: healthy, malnutrition, and stunting. Results
demonstrated that VGG16, a simpler architecture trained for only 10 epochs,
achieved optimal performance with 91.8% accuracy, and significantly
outperforming more complex modern architectures like ResNet50. This
finding challenges the conventional assumption that newer, deeper models
invariably perform better, and particularly when working with limited medical
datasets. The study revealed that longer training durations led to performance
degradation due to overfitting, emphasizing the importance of balancing
model complexity with dataset characteristics. These findings support the
development of practical artificial intelligence (Al)-based malnutrition
screening systems suitable for resource-constrained environments, potentially
improving early detection capabilities, and public health outcomes in
developing regions.
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1. INTRODUCTION

Malnutrition in children under five years of age remains a significant public health challenge in
developing countries, including Indonesia [1], [2]. Childhood malnutrition encompasses various conditions
such as stunting (impaired linear growth), wasting (acute underweight), underweight, and obesity. Malnutrition
in children negatively affects cognitive development and educational achievement in adulthood, directly
threatening future human resource potential [3], [4]. United Nations Children's Fund (UNICEF) reports that
more than two million children in Indonesia experience nutritional issues such as stunting and wasting [5], with
the national stunting rate reaching approximately 37% [6]. This high prevalence places Indonesia as the fifth

Journal homepage: http://beei.org


https://creativecommons.org/licenses/by-sa/4.0/

Bulletin of Electr Eng & Inf ISSN: 2302-9285 g 3121

country globally with the largest stunting burden [7]. The situation is exacerbated by multifactorial
determinants, including socioeconomic aspects and environmental conditions such as sanitation and hygiene,
which ultimately have significant humanitarian and economic impacts [8]. Therefore, early detection of
malnutrition becomes a crucial initial step in addressing childhood malnutrition.

The causal factors of childhood malnutrition are complex and multidimensional. Poverty directly
affects limited access to nutritious food for children. Low parental education levels contribute to limited
knowledge about children's nutritional requirements. Poor environmental conditions, including inadequate
sanitation and limited access to clean water, increase infection risks that can worsen children's nutritional status.
Additionally, limited access to healthcare facilities such as community health posts, whether due to distance or
transportation cost constraints, and creates barriers to routine child growth monitoring. The impact of
malnutrition on children occurs in both short-term and long-term periods. In the short term, malnutrition causes
physical growth disorders such as stunting (permanent linear growth failure) and wasting (acute underweight).
This condition also weakens children's immune systems, increases susceptibility to infectious diseases, reduces
cognitive ability, and motivation for activities. In the long term, malnutrition impacts academic performance
decline, economic productivity reduction, and increased risk of non-communicable diseases in adulthood.

Detection and assessment of children's nutritional status are conducted using manual anthropometric
measurements. Children under five years undergo measurements of body weight, height, body mass index
(BMI), upper arm circumference, and head circumference [4], [7]. However, this approach is susceptible to
assessment subjectivity, requires significant time and resources, and must be performed by trained healthcare
personnel. Therefore, an efficient computer-based early detection method for malnutrition is needed [9].
Various studies have utilized statistical analysis to measure nutritional status using anthropometric data. These
studies explore significant factors related to malnutrition and stunting from large-scale datasets. Statistical
analysis of survey data has successfully identified factors influencing stunting, ranging from socioeconomic
aspects to sanitation and hygiene conditions [6]-[8]. This analysis is crucial for policy formulation, although
the ability to predict nutritional status at the individual level remains limited.

The development of artificial intelligence (Al) has provided breakthroughs in various sectors
[10]-[16]. In health and nutrition fields, machine learning (ML) is used to address limitations of traditional
approaches [17]. Various studies employ ML to develop malnutrition prediction models in children [18], [19],
for early stunting detection [9], [18]-[21], and to predict malnutrition cases at the regional level [22]-[24].
Along with Al advancement, ML limitations can be addressed through deep learning approaches [25],
particularly for processing unstructured data such as images [26]. In this context, researchers focus on deep
learning approaches [9]. Various deep learning models have been developed to detect malnutrition [27], [28].
Specifically, several studies have demonstrated the effectiveness of facial image analysis for malnutrition
detection and stunting classification [29]-[32]. Nevertheless, deep learning research for malnutrition
classification still faces challenges, including model performance consistency for varying image datasets.

This study proposes a deep learning approach for child nutritional status classification based on image
analysis. We conduct a comprehensive evaluation of various deep learning models using transfer learning,
including visual geometry group 16 (VGG16), densely connected convolutional network 121 (DenseNet121),
mobile network version 2 (MobileNetV2), and residual network 50 (ResNet50) for nutritional status
classification. This research also presents comparative analysis of model architectures to identify the most
reliable and effective approach as a foundation for future malnutrition detection system development. This
paper consists of several sections. Section 2 presents the method used in this study, including discussion of
dataset preprocessing and the proposed model architecture. Section 3 presents results and discussion.
Section 4 presents conclusions and recommendations for future research.

2. MATERIAL AND METHOD

The objective of this research was to train and evaluate several deep learning architectures for image
classification of children's nutritional status into three categories: healthy, malnutrition, and stunting. The
overall research workflow, from data preprocessing to model evaluation, is illustrated in Figure 1. The first
stage involves data preprocessing, which aims to standardize the quality and format of images used.
Normalization and augmentation processes were applied to address potential bias caused by data imbalance
and to enhance the generalization capability of the models. This step is crucial because real-world variations,
such as differences in lighting conditions, camera angles, or photo quality, can affect system performance.
Through this preprocessing, we expected the models to identify visual patterns more effectively. The
subsequent stage encompasses training and evaluation, where several deep learning architectures were directly
compared to identify the best-performing model. To ensure objective comparison, we conducted all
experiments under uniform conditions, ensuring that the obtained results genuinely reflect the differences in
capabilities between models. We performed evaluation using standard metrics including accuracy, precision,
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recall, and Fl1-score. Primary focus was given to recall and F1-score metrics to ensure that positive cases
(malnutrition and stunting) could be accurately identified without being missed.

Image dataset acquisition
(1681 images, 3 classes)

Y
Dataset splitting
(train, validation, test)

\

Dataset pre-processing
(Resize 224 %224, normalization, augmentation)

Experiment Loop:
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Figure 1. Block diagram of the proposed method

2.1. Data

This study utilized a secondary public dataset named "Deteksi Stunting Dataset” obtained from the
Roboflow Universe platform. The dataset contains a total of 1,681 images of children that have been annotated
in common objects in context (COCO) JavaScript object notation (JSON) format and classified into three
nutritional status classes: 'Healthy', 'Malnutrition’, and 'Stunting’. Dataset composition analysis revealed
significant class imbalance, where the 'Malnutrition' class contained substantially fewer samples compared to
the other two classes. Detailed dataset composition is presented in Table 1, while representative examples from
each class are visualized in Figure 2.

To ensure objective model evaluation, we randomly divided the dataset into three parts: training set,
validation set, and test set with proportions of 70%, 20%, and 10%, respectively. Table 2 presents the
distribution of data samples for healthy and malnutrition classes across training, validation, and test sets.

Table 1. Dataset composition

Class Number of images  Percentage (%)
Healthy 880 52.3
Malnutrition 46 2.7
Stunting 755 45.0
Total 1681 100
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Figure 2. Sample of dataset images from each class

Table 2. Dataset distribution details

Class Training data  Validation data  Testdata  Total
Healthy 619 174 87 880
Malnutrition 24 15 7 46
Stunting 533 145 77 755
Total 1176 334 171 1681

2.2. Preprocessing

All images in the dataset underwent a series of preprocessing stages for standardization and
augmentation. This stage was crucial for maintaining uniform input quality and enhancing the generalization
capability of convolutional neural networks (CNN) models. We initiated this process by resizing all images
from their original resolution of 640x640 pixels to 224x224 pixels to match the input dimensions of pre-trained
model architectures. Subsequently, we performed pixel value normalization, where the original integer value
range was converted to floating-point values in the range using:

__ Poriginal
Pnormaitizeda = —
Pmax
This normalization step was essential for stabilizing and accelerating model convergence during training.
Given the limited labeled dataset, we applied data augmentation techniques exclusively to the training
set. The augmentation aimed to increase synthetic sample diversity, thereby minimizing overfitting. We
designed augmentation parameters to replicate real-world variations, including camera angles, subject
positioning, and lighting conditions. Examples of each transformation are presented in Figure 3. The random
transformations applied included: rotation of £20°, horizontal and vertical shifts of <20% of image dimensions,
shear of <20%, zoom of £20%, and horizontal flipping.

Original
T |

Augmentation #1 Augmentation #2
a—
T _l17

Augmentation #3

Augmentation #4 Augmentation #5 Augmentation #6 Augmentation #7

Figure 3. Data augmentation process
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2.3. Architecture

This study implemented transfer learning by leveraging pre-trained CNN. This approach proves
highly effective for image classification when labeled data is limited, as it enables knowledge transfer from
large-scale models trained on ImageNet. Pre-trained models have mastered hierarchical visual features—from
edges and corners to textures and complex shapes—allowing this foundation to be efficiently adapted for
nutritional status classification. The approach comprised two stages: i) a base architecture consisting of pre-
trained models and ii) a custom head classifier positioned on top to generate final predictions. We froze all
layers in the base architecture to preserve the features learned from ImageNet during training. Consequently,
the optimization process focused on parameters in the relatively simple classifier head.

To evaluate performance, we compared four models: VGG16, ResNet50, DenseNetl21, and
MobileNetV2. These models not only represent the best achievements of their respective eras but also embody
diverse neural network design philosophies, providing comprehensive perspectives on the most suitable
architecture for nutritional status classification.

2.3.1. VGG16

Introduced by Simonyan and Zisserman [33] VGG16 is known for its simple yet deep architecture.
Its innovation lies in its repeated use of 3x3 convolutional blocks. By stacking several 3x3 layers, VGG16
achieves a receptive field equivalent to larger kernels (5x5 or 7x7) while reducing the number of parameters,
and increasing non-linearity. Its uniform structure simplifies understanding and implementation. Although its
parameter count is relatively large compared to modern models, VGG16 remains a crucial baseline for
evaluating new architectures.

2.3.2. ResNet50

ResNet introduced shortcut connections to overcome the vanishing gradient problem [34]. Instead of
learning a direct mapping H(x), each block learns a residual function F(x) = H(x) — x, making the final
output y = F(x) + x. If the identity mapping is already optimal, the network only needs to drive F (x) towards
zero, which simplifies optimization and enables the training of deeper networks without performance
degradation.

2.3.3. DenseNet121

DenseNet employs dense connectivity, where each layer within a dense block receives and forwards
its feature maps to all other layers [35]. This rich flow of information and gradients mitigates the vanishing
gradient problem and encourages the direct reuse of foundational features, making DenseNet highly parameter-
efficient and more robust on smaller datasets.

2.3.4. MobileNetV2

Designed for computational efficiency on resource-constrained devices, MobileNetV2 utilizes
depthwise-separable convolutions and inverted residual blocks [36]. Depthwise-separable convolution splits
the process into depthwise and subsequent 1x1 pointwise convolutions, drastically reducing the parameter
count. Meanwhile, the inverted residual block follows a "narrow-wide-narrow" pattern, maintaining
performance while minimizing memory requirements.

2.3.5. Uniform classifier head
On top of the frozen base architectures, we attached an identical head classifier to ensure a fair
comparison.

— Global average pooling 2D (GAP): the GAP layer connected the feature maps to the fully connected layers
while reducing dimensionality by averaging each map. This also served as a regularization technique to
prevent overfitting [37].

— Dense layer (hidden): a fully connected layer with 1024 neurons used the rectified linear unit (ReLU)
activation function, f(x)=max(0,x), to learn non-linear feature combination.

— Dense layer (output): the output layer contains 3 neurons (according to the number of classes) with SoftMax
activation:

— eZi .
o(2); _Wforl =1,..,K
j=

Algorithm 1. Transfer learning pipeline
Require: DATASET PATH(string), EPOCHS (integer), models list(dictionary)
Ensure: Trained models and performance comparison results
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>Setup and data preparation
Load COCO dataset
Parse JSON annotations to create DataFrames
Extract class names and count classes
Validate dataset completeness

>Data preprocessing
Configure image size (224x224) and batch size (32)
Create data generatorss with augmentation for training
Apply only rescaling for validation/test sets

function CreateModel (base model fn, name, num classes)
Load pretrained model (ImageNet weights)
Freeze base model layers
Add GlobalAveragePooling2D layer
Add Dense layer (1024 units, Relu activation)
Add output layer (num classes, SoftMax activation)
Compile with Adam optimizer and categorical crossentropy
return model
end function

>Training and evaluation pipeline

models«<{VGG1l6, DenseNetl2l, MobileNetV2, ResNet50}
all resultse{}
for each model in models do

Create model using transfer learning

Train model for specified epochs

Evaluate on test set

Generate classification report

Save trained model and results
end for

>Results processing and analysis
Parse model results from saved files
Extract performance metrics (accuracy, precision, recall, Fl-score)
Create comparison DataFrame
Identify best performing model based in Fl-score

> Performance visualization
Generate comparison charts for each epoch
Create performance trend analysis
Generate confusion matrices
Export results

2.4. Experimental scenario

This experiment was designed for a fair performance comparison among the four different model
architectures. The primary variable we investigated was the effect of training duration on model performance
at three intervals: 10, 50, and 100 epochs. Each combination of model and target epoch was trained and
evaluated under identical conditions. The entire training process was run from scratch for each experiment to
ensure the independence of the results. Table 3 summarizes the hyperparameters that were held constant
throughout all experiments. By maintaining consistency across these parameters, any performance differences
could be directly attributed to the capabilities of the base architecture and the impact of the training duration.

Table 3. Hyperparameter configuration experiment
Parameter Value/method
Image input size ~ 224x224x3
Base architecture  VGG16, ResNet50, DenseNet121, and MobileNetV2

Optimizer Adam

Learning rate 0.001

Batch size 32

Loss function Categorical crossentropy

2.5. Evaluation metrics

To evaluate the predictive performance of each classification model, this study used a series of
standard metrics derived from a confusion matrix. The confusion matrix is a table that visualizes model
performance by comparing the predicted and actual labels on the test data [38]. The four fundamental
components of the confusion matrix in the context of this research (with 'stunting' as the positive class) are:
— True positive (TP): the number of children who are actually stunted and were correctly predicted as stunted.
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— True negative (TN): the number of children who are not stunted (e.g., 'healthy") and were correctly predicted
as not stunted.
— False positive (FP) (type I error): the number of children who are not stunted but were incorrectly predicted
as stunted.
— False negative (FN) (type Il error): the number of children who are actually stunted but were incorrectly
predicted as not stunted (a missed case).
Based on these components, this study used four primary metrics to assess model performance:
— Accuracy
Measures the proportion of all correct predictions. This metric provides a general overview of
performance but can be misleading on imbalanced datasets.

TP+TN

Accuracy = ————
TP+TN+FP+FN

— Precision
Measures the reliability of a positive prediction. High precision for the 'stunting' class indicates that if
the model identifies a child as stunted, that prediction is highly likely to be correct.

TP
TP+FP

Precision =

— Recall
Measures the model's ability to identify all positive cases. High recall for the 'stunting’ class is critical,
as it indicates the model can find most of the children who are genuinely stunted with few missed cases.
P

T
Recall = ——
TP+FN

— F1-score

The harmonic mean of precision and recall. This metric is crucial for imbalanced datasets because it
requires a balance between both precision and recall. A high F1-score indicates a model that is not only accurate
but also comprehensive in its identification.

F1 — score = 2 X Prec?sfoanecall
Precision+Recall

Given the significant class imbalance in this dataset, accuracy alone is insufficient. In medical
applications such as stunting detection, reducing false negatives is often considered more critical than reducing
false positives. Therefore, the recall and F1-score metrics serve as more relevant evaluation indicators [38]. To
report representative scores, this study used precision, recall, and F1-Score based on a weighted average, which
calculates the metric for each class according to the proportion of its samples [39].

3. RESULTS AND DISCUSSION

This section presents the results of the comparative experiments. The performance of the four model
architectures (VGG16, DenseNet121, MobileNetV2, and ResNet50) was evaluated at three training duration
intervals: 10, 50, and 100 epochs.

3.1. Performance comparison between architectures

The evaluation results of the four architectures on the test set are presented in Table 4. This table
summarizes the accuracy, precision, recall, and F1-score metrics for each combination of model and training
duration. The results show that peak performance was achieved at the 10-epoch training duration. The VGG16
model at 10 epochs reached the highest accuracy of 91.8%, while MobileNetV2 at 10 epochs recorded the
highest F1-score of 90.4%. In contrast, ResNet50 consistently demonstrated the lowest performance among
the four architectures tested.

Table 4. Evaluation results
Epochs 10 50 100
Model Accuracy Fl-score Precision Recall Accuracy Fl1-score Precision Recall Accuracy Fl-score Precision Recall
DenseNet121 0.8830 0.8713 0.8728 0.8830 0.9064 0.8961 0.8944 0.9064 0.9064 0.8903 0.8750 0.9064
MobileNetvV2 0.9123 0.9038 0.8988 0.9123 0.8830 0.8649 0.8488 0.8830 0.8889 0.8769 0.8734 0.8889
ResNet50 0.7602 0.7455 0.7469 0.7602 0.7602 0.7440 0.7287 0.7602 0.6491 05914 0.7209 0.6491
VGG16 0.9181 0.8993 0.8821 0.9181 09064 0.8880 0.8723 0.9064 0.8772 0.8625 0.8556 0.8772
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This finding reveals an interesting phenomenon: a simpler architecture like VGG16 can outperform
more modern and complex architectures such as ResNet50. This indicates that for this specific malnutrition
classification dataset, the relevant visual features are likely fundamental, and do not require a highly complex
architectural structure. The complexity of ResNet50, which was designed for large-scale datasets, appears to
be a disadvantage on this limited dataset, making it more prone to overfitting. The superiority of VGG16
suggests an optimal balance between model complexity and dataset size, where an architecture appropriately
scaled to the data's capacity exhibits better generalization. DenseNet121 and MobileNetV2 demonstrated
distinct performance characteristics. MobileNetV2, true to its design, proved to be a well-balanced model,
achieving the highest F1-score at 10 epochs. This makes it a suitable choice for applications requiring
computational efficiency without sacrificing performance. Meanwhile, DenseNet121 exhibited the most
consistent learning curve, as its performance did not degrade drastically at higher epochs. This stability is likely
due to its design, which is inherently more resistant to overfitting compared to the other models.
Figure 4 (in Appendix) illustrates the performance comparison of four models across varying epoch counts.
Specifically, Figure 4(a) visualizes the model performance at 10 epochs, where VGG16 achieves the highest
scores in term accuracy and recall metrics relative to the other models. Figure 4(b) presents the evaluation
results at 50 epochs, highlighting the stable performance of DenseNet121. Finally, Figure 4(c) provides a
comparison at 100 epochs, revealing a significant decline in the ResNet50 model's scores compared to its
performance at 10 and 50 epochs.

3.2. Analysis of learning trends and overfitting

The learning trend for each architecture as the number of epochs increased is displayed in Figure 5.
The graphs show that three models (VGG16, MobileNetV2, and ResNet50) experienced a performance decline
after 10 epochs, which indicates overfitting during longer training durations. Conversely, DenseNet121 showed
a stable learning curve. The performance degradation in the three models after 10 epochs confirms the onset of
overfitting. As the models continued to train, they began to "memorize" specific details of the training data that
could not be generalized to new, unseen test data. This phenomenon was amplified by the models' architectural
complexity and the limited size of the dataset. This result has significant practical implications: for the task of
malnutrition status detection using transfer learning on similar datasets, a shorter training time is not only more
computationally efficient but also yields a more accurate model. The stability of DenseNet121 can be attributed
to its feature reuse mechanism, which makes it more robust against overfitting.

Model accuracy progression over epochs

0.90 // \

———

0.85

S
%
S

Accuracy

0.75

0.76, Models

—o— DenseNet121

MobileNetV2
—=— ResNet50
0.65| —+—vGGl6

10 50 100
Number of epochs

Figure 5. Model accuracy progression over epochs

Achieving optimal performance in a short duration (10 epochs) suggests that in practical applications,
the process of retraining the model can be performed quickly and efficiently. This is beneficial when the model
needs to be updated with new data, as it does not require substantial computational resources to reach peak
performance. In additions a summary of the F1-score performance and consistency for each model is presented
in heatmap of the models (Figure 6) and Box Plot chart (Figure 7). The heatmap visually confirms that the
highest scores were concentrated at the 10-epoch mark, while the box plot illustrates that the performance
distribution of ResNet50 was consistently lower than the other architectures. The heatmap shows that
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MobileNetV2 achieved the highest performance at 10 epochs, while DenseNet121 reached its peak at 50 epochs.
Furthermore, the confusion matrix analysis reveals that the 'Malnutrition' class is the most difficult to classify
due to significant data scarcity, which hinders the model from learning sufficient discriminative features.
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Figure 6. Heatmap of the models (F1-scores per epoch)
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Figure 7. Distribution of F1-scores across the models

3.3. Analysis of the best model

Based on the comparative results, the VGG16 model trained for 10 epochs was selected for in-depth
analysis, as it achieved the highest accuracy of 91.8%. The model's ability to discriminate between classes was
analyzed using the receiver operating characteristic (ROC) curve, presented in Figure 8. The curve indicates
that the model has strong predictive capabilities for the 'Healthy' and 'Stunting' classes, reflected by their high
area under the curve (AUC) values. However, its performance on the 'Malnutrition' class proved more
challenging, which is consistent with this class's minority status in the dataset.

To understand the model's limitations, we conducted an error analysis by visualizing misclassified test
images, as shown in Figure 9. This visualization revealed that the model primarily misclassified images between
the 'Stunting' and 'Healthy' classes, indicating a visual feature similarity in certain samples. The model's
difficulty in correctly identifying the 'Malnutrition' category likely stems from the significant class imbalance in
the dataset. Although the model achieved high overall accuracy, its performance on the minority class remains
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a primary obstacle. Meanwhile, errors in distinguishing between 'Stunting' and 'Healthy' suggest an inherent
limitation of methods that rely solely on visual data. This finding directs future research towards integrating
image data with clinical or anthropometric information to develop more comprehensive and reliable predictive
models. Additionally, one potential approach to mitigate this issue is the use of generative adversarial networks
(GANS) to create synthetic data, which can help balance the dataset and improve minority class recognition.
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Figure 9. Misclassified image by the model

The analysis of the best-performing model revealed two principal limitations: the impact of an
imbalanced dataset and the ambiguity of visual features. The difficulty in classifying the 'Malnutrition' class
highlights the need for better approaches to handling minority data, such as implementing synthetic data
generation or oversampling techniques. Concurrently, misclassifications among the majority classes indicate
that a unimodal, image-based approach has its limits. These two limitations form the foundation for future
research, which is outlined in the conclusion.

4. CONCLUSION
This study developed a transfer learning-based method and compared the performance of several deep
learning architectures to identify the most effective model for classifying malnutrition status. The experimental
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results showed that a simpler architecture, VGG16, trained for a short duration (10 epochs), and achieved the
best performance with an accuracy of 91.8%. This finding is significant when contrasted with more modern
and complex architectures like ResNet50, which exhibited the lowest performance and experienced
degradation with longer training times. The pattern of longer training leading to reduced performance due to
overfitting demonstrates that a brief training duration was most effective for this task. This research provides
empirical evidence that challenges the common assumption that newer and deeper models are invariably
superior. The results emphasize the need for an optimal balance between model complexity, dataset size, and
task-specific characteristics. In the context of medical image classification with limited data, an architecture
with an appropriate capacity proved more effective. This indicates that an efficient and accurate malnutrition
screening system can be developed without relying on the largest models, a relevant finding for implementation
in resource-constrained environments.

The primary constraints are the limited volume and imbalanced composition of the dataset and the
high dependency on visual features from images. These limitations present opportunities for future research.
For future work, we recommend using larger and more multimodal datasets that combine visual data with
supplementary information, such as medical records or anthropometric data. This integration is expected to
improve predictive accuracy and reduce bias. Furthermore, exploring advanced regularization techniques, data
augmentation, and ensemble methods could potentially enhance model stability and performance.

This research supports the development of Al-based systems in the healthcare sector, particularly for
the early detection of malnutrition in children. By leveraging a simple architecture, this study demonstrates
that practical technology can be effectively implemented, especially in regions with limited resources. With
further research, these findings are expected to contribute to more advanced and sustainable systems, ultimately
improving public health services.
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Figure 4. Comparison of model performance based on; (a) 10 and (b) 50
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Figure 4. Comparison of model performance based on; (c) 100 epochs (continued)
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