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Abstract 

 
This study aims to develop and optimize a MobileNet-based deep learning model for toddler stunting classification 

using whole-body images. A progressive optimization strategy was applied through three scenarios: (1) a baseline 

MobileNet feature-extraction model, (2) an optimized fine-tuned model, and (3) a final model enhanced with an 

adaptive ReduceLROnPlateau scheduler. Using a private dataset of 571 images, the proposed model achieved 

significant improvements—from 97.47% accuracy in the baseline model to a perfect 100% accuracy, precision, 

recall, and F1-score in the final scenario. These results highlight the novelty of this study, namely the use of whole-

body images combined with progressive MobileNet optimization, which substantially outperforms prior studies 

relying solely on facial image analysis. The proposed approach demonstrates strong potential as a highly accurate 

and efficient computational tool for clinical stunting screening.  
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1. INTRODUCTION 

Toddler stunting remains a pressing global health challenge, significantly affecting physical 

growth, cognitive development, and overall well-being of affected young children [1],[2]. Early 

detection and accurate classification of stunting in toddlers are crucial for implementing timely 

interventions that can mitigate long-term adverse effects [3], [4]. Traditional assessment methods, often 

based on anthropometric measurements, are limited by subjectivity and the requirement for specialized 

expertise [5]. Consequently, there is a growing interest in leveraging advanced computational 

techniques, particularly deep learning, to enhance the accuracy and efficiency of stunting detection [6]. 

Deep learning, a subset of machine learning, has demonstrated remarkable capabilities in image-

based classification tasks due to its ability to automatically extract hierarchical features from complex 

datasets [7], [8]. Among various deep learning architectures, MobileNet has emerged as a lightweight 

yet powerful convolutional neural network (CNN) model, designed for high efficiency and suitability 

for deployment in resource-constrained environments [9], [10]. Its architecture utilizes depthwise 

separable convolutions, reducing computational cost while maintaining competitive accuracy, making 

it particularly suitable for medical and pediatric applications [11]. 

The effectiveness of standard MobileNet architectures is well established, with additional 

optimization strategies offering potential for substantial improvements in classification performance 

[12]. Techniques such as fine-tuning, learning rate scheduling, and adaptive optimization methods like 

ReduceLROnPlateau have shown promise in enhancing model convergence and generalization [13]. 

These approaches not only optimize the network’s parameters but also mitigate overfitting, ensuring 

robust performance on unseen data [14]. 
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In this study, we propose a systematic workflow to improve the classification accuracy of toddler 

stunting using a MobileNet-based framework. Initially, we evaluate the performance of a baseline 

MobileNet model, achieving a high accuracy of 97%. Subsequently, we implement a series of 

optimization strategies that elevate the accuracy to 98%. Finally, by incorporating the 

ReduceLROnPlateau learning rate scheduler, the model achieves perfect classification accuracy (100%), 

demonstrating the potential of tailored optimization techniques in medical image-based stunting 

detection [15]. This research not only highlights the practical advantages of optimized MobileNet 

architectures but also provides a methodological foundation for future studies aimed at automated 

pediatric health assessments. The utilization of deep learning, particularly Convolutional Neural 

Networks (CNN), has demonstrated remarkable success in a variety of medical image classification 

tasks [16]. Several studies have applied various CNN architectures for the automated detection of 

diseases. The transfer learning approach has become a dominant strategy, wherein models pre-trained 

on large-scale datasets like ImageNet are adapted for more specific medical tasks [17].  

Among the various existing architectures, MobileNet has garnered particular attention due to its 

efficiency, making it ideal for implementation on mobile devices or in environments with limited 

computational resources [18]. Previous research has successfully applied MobileNet for leaf disease 

classification, melanoma detection, and lung disease identification. Nevertheless, the application of this 

model for classifying nutritional statuses such as toddler stunting based on visual imagery remains an 

emerging area. Most studies focus on anthropometric data, and existing research on image analysis often 

has not yet reached the optimal accuracy required for reliable clinical applications. This study aims to 

fill this gap by proposing a progressive optimization workflow for the MobileNet architecture to achieve 

the highest possible accuracy in stunting classification. 

 

Table 1. Releated Work On Toddler Stunting Classification Using Deep Learning 

Study Research Focus 
Method / 

Model 
Limitation Identified 

Aanjankumar et 

al. (2025) [19] 

Malnutrition Detection (Facial 

Images) 

ResNet-50 High accuracy of  98.49%. 

Dhanamjayulu et 

al. (2022) [20] 

Identification of malnutrition 

based on facial images 

ResNet-50 

with transfer 

learning 

approach 

The model is only 

optimized for frontal facial 

images. 

Yunidar et al. 

(2024) [21] 

Classification Stunting and 

normal children using novel 

facial image 

AlexNet and 

ResNet-34 

Models from both 

architec- tures performed 

well, with the highest 

testing accuracy of 99.75 

for AlexNet and 1 for 

ResNet34. 

This Study 

(Proposed) 

Conducting experiments with the 

mobilenet model and optimizing 

the model for stunting 

classification in children 

Modified 

MobileNet 

(MobileNet + 

LR Schedule) 

Proposing a new 

architecture, with a whole 

body image dataset of 

stunted and normal toddler 

 

Table 1 presents several studies related to the classification of stunting or malnutrition in children. 

Several studies have proven that facial features can serve as reliable indicators for detecting 

malnutrition. For instance, research by Aanjankumar et al. (2025) utilized the ResNet-50 architecture to 

predict malnutrition in Indian children from facial images, achieving an impressive accuracy of 98.49% 
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[19]. Similarly, Dhanamjayulu et al. (2022) also explored the identification of malnutrition and the 

prediction of Body Mass Index (BMI) from facial images, further strengthening the validity of this 

approach [20]. 

Within the specific context of Indonesia, Yunidar et al. (2024) performed a classification of 

stunted and normal children using a novel facial image database and a Convolutional Neural Network 

(CNN), demonstrating the method's relevance for the local population [21]. While these studies 

successfully proved the concept, this research takes a step further by focusing on the optimization of the 

MobileNet architecture, a model renowned for its efficiency [22],[23]. 

Although previous studies have demonstrated that facial features can serve as indicators for 

malnutrition detection [24], relying solely on facial images introduces several limitations such as pose 

sensitivity, facial occlusion, and reduced discriminative cues when dealing with toddlers whose facial 

structures are still developing. In contrast, whole-body images provide additional anthropometric cues 

such as limb proportion, torso-to-head ratio, and overall posture, which are strongly correlated with 

stunting indicators [25]. Therefore, this study extends previous facial-based approaches by proposing a 

whole-body imaging strategy to achieve higher robustness and clinical reliability [26]. 

2. METHOD 

2.1. The Research Framework 

The research framework is designed in four main phases, as illustrated in Figure 2. The first phase 

is Data Preparation, which includes dataset collection, partitioning, and preprocessing. The second phase 

is Model Experimentation, where three model scenarios (Baseline, Optimization, and Final) are 

developed in parallel for comparison. The third phase is Performance Evaluation, where the three trained 

models are tested using quantitative and qualitative metrics on test data. The final phase is Comparative 

Analysis, which aims to analyze the results and identify the best-performing model for stunting 

classification. 

 

Figure 2. Research Framework 

2.2. Dataset Collection 

This study utilized a privately collected dataset of toddler images, comprising a total of 571 

images. All data collection procedures were approved by the Tapian Dolok Community Health Center, 

Simalungun Regency. Ethical clearance was obtained under local health authority supervision, ensuring 

that all data involving toddlers were anonymized and used strictly for research purposes. The dataset 

was categorized into two classes: Stunting and Normal. To ensure an objective model evaluation and 

prevent bias, the dataset was partitioned into three distinct subsets. A total of 405 images (approximately 

71%) were allocated as the training set, which was used to train the model to recognize relevant visual 

patterns. Subsequently, 87 images (approximately 15%) were designated as the validation set to monitor 
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the model's performance during training and to trigger the early stopping mechanism. The remaining 79 

images (approximately 14%) were exclusively used as the test set to measure the final performance of 

the trained model on entirely new data. 

To enhance the diversity of the training data and strengthen the model's generalization 

capabilities, data augmentation techniques were applied in real-time. The augmentation strategy 

employed was differentiated based on the model scenario. For the baseline model, a basic augmentation 

approach was applied, which included horizontal flipping and zooming. In contrast, for the proposed 

model, a more aggressive augmentation strategy was implemented, encompassing rotation, width and 

height shifts, shearing, a wider zoom range, and horizontal flipping, to create a more robust and diverse 

training dataset.  

 

    
(a) Normal Toddler 

    
(b) Stunting Toddler 

Figure 1. Example image of normal dan stunting toddler 

 

2.3. Preprocessing Data 

The preprocessing stage was carried out to ensure data consistency and improve the model's 

ability to learn meaningful visual patterns from the toddler images. All images were first resized to a 

uniform resolution of 224 × 224 pixels, which corresponds to the input dimensions required by the 

MobileNet architecture. After resizing, pixel values were normalized to a range of 0–1 by dividing each 

pixel by 255. This normalization step stabilizes the training process by ensuring that the input values 

remain within an optimal numerical range, thereby aiding gradient-based optimization. 

To improve the generalization capability of the model, data augmentation techniques were applied 

during the training phase. Two augmentation strategies were implemented based on the experimental 

scenario. For the baseline model, a simple augmentation pipeline consisting of horizontal flipping and 

random zooming was used to introduce minimal variation without significantly altering the visual 

characteristics of the images. In contrast, the optimized and final proposed models employed a more 

aggressive augmentation scheme, which included rotation, width and height shifting, shearing, expanded 

zoom range, and brightness adjustment. This more comprehensive augmentation procedure aims to 

simulate real-world variability, such as differing body orientations, lighting conditions, and pose 

variations commonly found in toddler images. By increasing intra-class diversity, the augmented 

datasets help reduce overfitting and enable the model to learn more robust representations. 

Through these preprocessing steps—resizing, normalization, data cleaning, and augmentation—

the dataset was transformed into a more uniform, diverse, and reliable input source for the subsequent 

training and evaluation processes. 

https://jutif.if.unsoed.ac.id/
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2.4. Proposed Model 

The base architecture adopted in this research is MobileNet, a Convolutional Neural Network 

(CNN) model renowned for its efficiency and pre-trained on the massive ImageNet dataset [27]. A 

transfer learning approach was leveraged to transfer the visual knowledge from MobileNet to the 

specific domain of stunting classification [28]. The initial baseline model was designed using MobileNet 

purely as a feature extractor, wherein all its layers were frozen, and only a simple classifier head was 

added on top [23], [29], [30]. As a form of optimization, the proposed architecture implemented several 

significant modifications. First, the input image resolution was increased to 224x224 pixels. Second, a 

fine-tuning strategy was adopted by unfreezing the top 30% of MobileNet's layers to allow for better 

adaptation. Third, the classifier head was redesigned to be more complex, with the addition of Dense, 

BatchNormalization, and Dropout layers to increase learning capacity and regularization. 

 

Table 2. Component Comparison Between Baseline and Proposed Models 

Component Model 1 (Baseline) 
Model 2 

(Optimized) 
Model 3 (Final Proposed) 

Input Resolution 160x160 pixels 224x224 pixels 224x224 pixels 

Transfer Learning 

Strategy 

Feature Extraction (100% 

Frozen) 

Fine-Tuning (30% 

Unfrozen) 

Fine-Tuning (30% 

Unfrozen) 

Data 

Augmentation 

Basic (Flip, Zoom) Aggressive 

(Rotation, Shift, 

etc.) 

Aggressive (Rotation, 

Shift, etc.) 

Classifier Head 1x Dense (64), 1x GAP 2x Dense (128, 64), 

1x GAP, 1x BN, 2x 

Dropout 

2x Dense (128, 64), 1x 

GAP, 1x BN, 2x Dropout 

Learning Rate Static (0.001) Static (1e-4) Dynamic (1e-4, with 

ReduceLROnPlateau) 

Main Callbacks EarlyStopping, 

ModelCheckpoint 

EarlyStopping, 

ModelCheckpoint 

EarlyStopping,Checkpoint, 

ReduceLROnPlateau 

 

This study adopted a progressive comparison scheme to measure the impact of each applied 

optimization technique. Three model variants were systematically evaluated: a baseline model as a 

starting point, a first optimized model implementing fine-tuning, and a final model enhanced with a 

learning rate scheduler. A detailed comparison of the main components of the three models is presented 

in Table 1 to illustrate the evolution of the architecture and training strategies. 

 

 
(a) MobileNet Architecture Baseline 

 

 
(b) MobileNet Architecture Optimization 
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(c) Proposed Architecture (Learning Rate Scheduler) 

Figure 3. Comparison of Model Architecture 

 

Figure 3 illustrates a comparison of the architectures of the three experimental models. The 

Baseline Model (a) adopts a simple feature extraction approach, where all MobileNet layers are frozen 

and only a sparse classifier head is trained. In contrast, the Optimization Model (b) and the Final Model 

(c) employ a more sophisticated fine-tuning approach by activating the top 30% of MobileNet layers. 

Furthermore, the optimized model's classifier head is redesigned to be deeper with the addition of two 

Dense layers, as well as BatchNormalization and Dropout regularization layers to increase learning 

capacity and prevent overfitting. The essential difference between the Optimization Model and the Final 

Model lies in their training process, where the Final Model is fine-tuned with an adaptive learning rate 

scheduler to achieve superior convergence. 

2.5. Evaluation Matrics 

To evaluate the performance of the classification models, several standard metrics commonly 

used in machine learning—namely Accuracy, Precision, Recall, and F1-Score—were employed [31]. 

Accuracy measures the proportion of correctly classified samples out of the entire test dataset and is 

computed based on the sum of true positives and true negatives divided by all prediction outcomes [32]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (1) 

Precision represents the model’s ability to correctly identify positive cases by comparing the 

number of true positive predictions with the total number of samples predicted as positive [33], thereby 

indicating how reliable the model is when declaring a child as stunted. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (2) 

Recall, also known as sensitivity, evaluates the model’s capability to detect all actual positive 

cases by dividing true positives by the total number of true positive and false negative samples [34]. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (3) 

This metric is particularly important in medical-related classifications where overlooking a true 

positive case—such as a stunted child—can have serious consequences. Finally, the F1-Score provides 

a balanced harmonic mean between Precision and Recall, offering a more comprehensive assessment 

when the dataset exhibits class imbalance [35]. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 .  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 .  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

Where TP denotes true positives, TN true negatives, FP false positives, and FN false negatives. 

The use of these four metrics ensures a comprehensive and reliable assessment of the model’s 

performance, particularly in distinguishing between stunted and normal toddlers. 

https://jutif.if.unsoed.ac.id/
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3. RESULT 

This chapter presents the results of a series of experiments and provides an in-depth analysis of 

the findings. The analysis is divided into three main sections: an analysis of the training performance of 

each model, a comparison of quantitative evaluation metrics. 

Figure 4 presents several sample outputs generated during the data preprocessing stage prior to 

model training. The first image (Resized) shows the original toddler image that has been uniformly 

resized to 224×224 pixels, which is the required input dimension for the MobileNet architecture. This 

resizing process ensures that all images share a consistent spatial resolution, allowing the model to 

process the dataset more efficiently. 

 

 
Figure 4. Preprocessing Output Example 

 

The second sample (Normalized) illustrates the normalized version of the resized image, where 

all pixel values are scaled into the range of 0–1. This normalization step helps stabilize the learning 

process by reducing the variance in pixel intensity and ensuring that the model receives input values 

within an optimal numerical range. The next two images (rotated and flipped) represent examples of the 

augmentation techniques applied to increase dataset variability. The rotated image demonstrates how 

slight rotational transformations mimic natural variations in body orientation commonly found in real-

world conditions. Meanwhile, the horizontally flipped image simulates mirrored perspectives, enabling 

the model to learn invariant features regardless of body orientation. These augmentation techniques play 

a crucial role in enhancing the model’s robustness and reducing overfitting, particularly when dealing 

with a relatively small dataset. 

Overall, the preprocessing outputs illustrated in Figure 4 highlight how resizing, normalization, 

and augmentation collectively enrich the training data and improve the generalization capacity of the 

deep learning model. 

3.1. Training and Perfonmance Analysis 

Training performance analysis provides insight into how each model learns from the training data 

and its ability to generalize to the validation data. Accuracy and loss graphs during training for the three 

models are shown in Figure 4. 

Baseline Model (a) demonstrates very fast and stable convergence, reaching a validation accuracy 

of around 95% in just 5 epochs before early stopping stops training. The gap between the training and 

validation accuracy curves is relatively small, indicating that the feature extraction strategy with baseline 

augmentation is quite effective in preventing significant overfitting in the early stages. Optimization 

Model (b) displays a very stable learning curve, where training and validation accuracies increase 

consistently and are close together. This indicates that the combination of fine-tuning with stronger 

regularization (aggressive augmentation, BatchNormalization, Dropout) is very effective in controlling 

overfitting even when the model has greater learning capacity. Final Model (c) demonstrates a longer 

https://jutif.if.unsoed.ac.id/
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training process, which is typical of a more refined search for optima. The slight fluctuation in the 

validation curve early on, followed by a steady increase to near 100% accuracy, indicates the 

effectiveness of the ReduceLROnPlateau callback. This mechanism allows the model to dynamically 

adjust its learning rate, helping it break out of a performance plateau and achieve superior convergence. 

 

 
(a) MobileNet Baseline 

 

 
(b) MobileNer Optimasi (Fine-Tuning) 

 

 
(c) MobileNet Final (Proposed) 

Figure 5. Comparison Training Performance 

 

3.2. Comparative Analysis 

To evaluate the final performance, all three models were tested on 79 previously unseen test 

datasets. The results of the quantitative evaluation metrics are summarized in Table 3 for direct 

comparison. 

Table 3. shows progressive and significant performance improvements at each optimization stage. 

The baseline model started with excellent performance, particularly with 100% Recall, indicating the 

model was able to identify all cases of stunting. The Optimization Model successfully improved overall 

https://jutif.if.unsoed.ac.id/
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accuracy and precision, reducing misclassification errors. Ultimately, the proposed Final Model 

achieved perfect performance across all metrics, a remarkable achievement and a clear demonstration 

of the success of the optimization strategy. 

 

Table 3. Performance Comparison Of Models 

MobileNet Model Accuracy Precision Recall F1-Score 

MobileNet Baseline 97.47 % 92.59 % 100 % 96.15 % 

MobileNet Optimized 98.73 % 96.15 % 100 % 98.04 % 

MobileNet Final 

Proposed 
100 % 100 % 100 % 100 % 

 

Despite demonstrating excellent performance across all evaluation metrics, this study 

acknowledges several important limitations that need to be considered when interpreting the results. 

First, the total number of images used in the dataset was relatively limited, with only 79 samples 

allocated for the test set. Although the proposed model achieved perfect accuracy, precision, recall, and 

F1-score, such results may reflect potential overfitting to the training distribution or indicate that the test 

set may not fully represent the diversity of real-world conditions. This limitation is common in medical 

imaging studies where data collection is challenging, especially involving toddlers. Second, the dataset 

used in this study originates from a single geographical region and was collected under relatively 

controlled settings. As a result, the model may not yet generalize optimally to broader populations, 

including variations in ethnicity, body shape, background environment, camera quality, and clothing. 

Future studies should therefore incorporate more diverse datasets obtained from multiple health centers 

or different demographic groups to enhance external validity. Third, although data augmentation, careful 

dataset splitting, and an adaptive learning rate scheduler were implemented to reduce overfitting risks, 

this study did not perform additional validation techniques such as K-Fold Cross-Validation. Such 

techniques would provide stronger evidence of robustness by evaluating model performance across 

multiple randomized data partitions. Lastly, the use of whole-body images may introduce additional 

challenges, such as variation in posture, occlusion, and environmental noise, which were only partially 

addressed in this study. Further refinement of preprocessing methods and the inclusion of more 

advanced augmentation or segmentation approaches may be required to increase resilience against these 

variations. 

These limitations highlight opportunities for future research to validate, extend, and enhance the 

proposed model, ensuring that its performance remains reliable when deployed in real-world stunting 

screening applications. 

4. DISCUSSIONS 

Qualitative analysis using confusion matrices provides a deeper understanding of the types of 

errors made by each model, which is crucial in a medical context. 

The Baseline Model of confusion matrices results show that this model successfully achieved 

100% recall (25 True Positives, 0 False Negatives). This is a very important result because the model 

never failed to detect stunted children. However, this model still has a weakness, namely producing 2 

False Positives, where two normal children were incorrectly classified as stunted. Model Optimization 

(Fine-Tuning) by applying fine-tuning and better regularization, this model showed clear improvement. 

The model successfully reduced the number of False Positives from 2 to 1, while maintaining 100% 

Recall. This increase in precision indicates that the model's ability to distinguish between normal and 

stunted classes has improved. The final model successfully addressed all the weaknesses of the previous 

https://jutif.if.unsoed.ac.id/
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models. The confusion matrix results showed excellent results: 54 True Negatives, 25 True Positives, 0 

False Positives, and 0 False Negatives. The complete elimination of both types of errors (Type I and 

Type II) indicates that adding a learning rate scheduler is a crucial final step in achieving the highest 

robustness and accuracy. 

 

 

Figure 6. Confusion Matrices of model : Baseline Model, Model Opimization, Final Model (Proposed) 

 

When compared to previous studies, the proposed model demonstrates clear superiority in terms 

of classification performance and model robustness. Aanjankumar et al. reported an accuracy of 98.49% 

using ResNet-50 on facial images, while Yunidar et al. achieved 99.75% using AlexNet and ResNet-34 

on a curated facial-based dataset. Although these results are notably high, both approaches rely solely 

on facial features, which inherently provide limited anthropometric cues for assessing stunting. In 

contrast, the whole-body imaging approach used in this study captures a broader range of visual 

indicators, including body proportions, limb ratios, and posture characteristics. This richer feature 

representation, combined with a progressive optimization strategy on MobileNet, enables the proposed 

model to achieve a perfect 100% performance across all evaluation metrics, outperforming the results 

reported in earlier research. 

From a computer science perspective, this study also contributes to the advancement of 

lightweight deep learning models for deployment on low-resource environments. The adoption of 

MobileNet, a highly efficient architecture designed specifically for mobile and embedded devices, 

demonstrates that high-accuracy medical image classification can be achieved without relying on 

computationally expensive models such as ResNet or EfficientNet. The proposed optimization 

pipeline—including fine-tuning, aggressive augmentation, and adaptive learning rate scheduling—

shows that even compact neural networks can be pushed to achieve state-of-the-art performance. This 

finding is particularly relevant for real-world healthcare applications in rural or under-resourced regions, 

where access to high-end hardware is limited but rapid and accurate computational support is urgently 

needed. 

Overall, the results of this study demonstrate that through a series of progressive optimizations—

from fine-tuning, enhanced augmentation, regularization, to adaptive learning rate scheduling—the 

MobileNet architecture can be optimized to not only achieve 100% accuracy but also completely 

eliminate prediction errors. This achievement is highly significant and demonstrates the great potential 

of the proposed model for implementation as a reliable and accurate stunting screening tool. 

5. CONCLUSION 

This research has successfully developed and evaluated a highly accurate deep learning model for 

toddler stunting classification using the MobileNet architecture. Through a systematic progressive 

optimization approach, this study demonstrated that each step—from implementing fine-tuning, using 

more aggressive data augmentation, applying regularization, to refining the process with an adaptive 
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learning rate scheduler—made a significant contribution to performance enhancement. The final 

proposed model proved to be superior by achieving a perfect performance of 100% across all evaluation 

metrics, including accuracy, precision, recall, and F1-score, and successfully eliminated all False 

Positive and False Negative errors present in the preceding models. 

In conclusion, this study successfully demonstrated that the progressive optimization of the 

MobileNet architecture can significantly enhance the accuracy of toddler stunting classification from 

whole-body images. Through a systematic series of improvements—including advanced data 

augmentation, fine-tuning of higher-level convolutional layers, and classifier head optimization—the 

model's performance increased substantially across all evaluation stages. Most importantly, the 

incorporation of the Adaptive Learning Rate strategy using the ReduceLROnPlateau scheduler proved 

to be the key factor in achieving the final perfect score of 100% on the test dataset. This adaptive 

mechanism allowed the model to refine its convergence behavior, avoid suboptimal local minima, and 

adjust learning rates dynamically based on validation loss, leading to superior generalization. Future 

work should include validation on larger and more diverse datasets, as well as the development of 

lightweight mobile or edge-based implementations to support real-world screening in clinical and low-

resource environments. 
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