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Abstract 

Atopic dermatitis is one of the most common skin diseases affecting infants and children worldwide and has a particularly high prevalence in 

tropical countries. Traditional diagnosis methods, which still rely on physical examinations and laboratory tests often face challenges such as 

delays, high costs, and limited facilities, thereby necessitating an artificial intelligence–based system that is more efficient and accurate. This 

study aims to develop a hybrid YOLO–CNN model for the automatic detection and severity classification of atopic dermatitis in infants. The 

dataset comprises 2,000 infant skin images, including lesions categorized as mild, moderate, and severe, obtained from an online repository and 

field observations conducted in three villages. The labeling process was performed by a specialist doctor to ensure clinical validity. In the first 

step, YOLO was used to detect the lesion area in real time by generating a bounding box. This produced a region of interest (ROI), which was 

subsequently analyzed by a CNN model employing transfer learning in the second step to determine the severity level. Experimental results 

indicate that YOLO achieved high detection performance, with an mAP@0.5 of 91.2% and an F1-score of 90.2%, while the CNN model attained 

an average accuracy of 85% and a macro-F1 score of 85% in classification. The visualization of predictions indicates that most lesions were 

detected with confidence levels ≥0.9, confirming the model’s consistency. These findings highlight the potential of the hybrid YOLO–CNN 

framework as a supportive system for digital clinical diagnosis, applicable to both mobile applications and teledermatology services, particularly 

in regions with limited medical personnel. Future research should employ larger, multi-center datasets and integrate explainable AI approaches 

to promote broader clinical adoption. 

Keywords: Atopic Dermatitis, Infant, CNN, Skin Lesion Detection, Severity Classification, YOLO 

1. Introduction  

Autopic Dermatitis is a common skin disease that affects infants worldwide [1]. It may result from multiple factors, 

including allergies, irritation, genetic predisposition, and environmental conditions. Among its various forms, atopic 

dermatitis is the most prevalent type in infants. The incidence of atopic dermatitis in infants is notably high, particularly 

in hot and humid tropical climates. Epidemiological studies report that the prevalence of atopic dermatitis among 

children in Southeast Asia ranges between 10% and 20%, with Indonesia exhibiting similar estimates according to 

regional pediatric dermatology surveys [2], [3]. These findings confirm that atopic dermatitis in infants and children is 

a significant global health concern [4]. Furthermore, atopic dermatitis remains among the twelve most frequently 

occurring skin diseases worldwide [5]. 
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The impact of atopic dermatitis in infants extends beyond physical symptoms such as itching, rashes, and inflammation, 

as it may also affect sleep quality and overall comfort. Infancy is often referred to as the “golden age,” representing a 

critical developmental stage from birth to 12 months [6]. Therefore, if not properly managed, recurrent dermatitis can 

increase the risk of secondary infections [7], long-term skin disorders, and developmental delays [8], [9]. Early 

diagnosis of dermatitis in infants is crucial as a preventive measure for both parents and healthcare professionals [10], 

[11]. 

The diagnosis of dermatitis in infants is still predominantly performed using traditional methods, primarily through 

physical examinations conducted by physicians based on clinical symptoms, lesion distribution, family history, and 

daily habits [12], [13]. When necessary, physicians may conduct additional tests, such as allergy testing or 

immunoglobulin E (IgE) blood analysis [14]. However, traditional diagnostic approaches are often inaccurate or 

delayed. Dermatitis, for instance, is frequently misdiagnosed as other skin conditions such as miliaria (commonly 

known as heat rash) or skin infections [15], [16]. Furthermore, allergy tests such as the skin prick test and IgE blood 

test remain relatively expensive and are not available in all healthcare facilities, resulting in many infants in rural or 

remote areas failing to receive accurate diagnoses. Therefore, there is an urgent need to develop innovative and accurate 

diagnostic systems utilizing deep learning models, particularly hybrid YOLO and CNN architectures [17], [18], [19]. 

One of the most promising approaches in developing artificial intelligence, based diagnostic systems is the application 

of You Only Look Once (YOLO), a deep learning model designed for object detection [20], [21], [22], [23]. Several 

previous studies have demonstrated that YOLO achieves outstanding performance in the rapid and precise detection of 

skin lesions [24]. For example, research has shown that YOLO-based models can identify skin abnormalities in real 

time with high sensitivity [25], [26], while other studies have confirmed the model’s effectiveness in detecting various 

types of dermatological conditions in clinical images [27]. These findings suggest that YOLO holds strong potential 

for adaptation in detecting atopic dermatitis in infants. 

The YOLO model can be trained using an annotated dataset of infant skin images to automatically detect and localize 

areas affected by inflammation due to atopic dermatitis. The main advantages of YOLO lie in its remarkable speed and 

accuracy in real-time detection, making it an excellent option for mobile applications and digital clinical services. After 

the lesion area is successfully identified, a Convolutional Neural Network (CNN) can be employed for further analysis 

to extract visual features from the affected region and classify the severity of atopic dermatitis into mild, moderate, or 

severe categories. Previous studies have also demonstrated the effectiveness of CNN in the classification of 

dermatological conditions, showing that CNNs can achieve accuracy levels comparable to dermatologists in evaluating 

clinical skin images [28], [29]. 

Although previous studies have explored hybrid deep learning architectures combining detection and classification 

models, these approaches primarily focus on adult dermatological datasets or perform severity prediction using full-

image classification without explicit lesion localization. In contrast, the present study is specifically designed for infant 

skin images and integrates lesion-level localization with severity assessment in a unified pipeline, addressing the unique 

visual and clinical characteristics of infant atopic dermatitis [29], which primarily focused on the detection or 

classification of skin diseases in general, this study presents a more comprehensive approach that not only automatically 

identifies lesion areas but also evaluates the severity level. The emphasis on infants, whose skin is more sensitive and 

clinically distinct, can add uniqueness and significance to this study, contributing to the advancement of more specific, 

accurate, and clinically relevant AI-based diagnostic systems. The integration of YOLO for lesion detection and CNN 

for severity classification provides a holistic diagnostic framework that can accelerate early diagnosis, assist healthcare 

professionals in timely intervention, and ultimately improve the quality of care for infants with atopic dermatitis. 

2. Research Methodology 

The method proposed in this study integrates two deep learning models: You Only Look Once (YOLO) for skin lesion 

detection and a Convolutional Neural Network (CNN) for classifying the severity of atopic dermatitis in infants. The 

overall system is structured into two main stages. The following is figure 1 of the proposed method in this study: 
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Figure 1. The method proposed in the research 

In the first stage, YOLO was trained on a dataset of infant skin images annotated with bounding boxes by medical 

professionals. This training enabled YOLO to autonomously identify and label inflamed skin regions. The primary 

strength of YOLO lies in its high speed and accuracy in real-time detection, making it highly suitable for 

implementation in mobile applications and digital clinical services. Each detected lesion region was subsequently 

cropped (Region of Interest – ROI), padded, and normalized to prepare it for further analysis. 

In the second stage, a Convolutional Neural Network (CNN) was employed to extract visual features from the Regions 

of Interest (ROIs) detected by YOLO. A transfer learning-based CNN architecture, such as EfficientNet or ResNet, 

was utilized due to its proven effectiveness in medical image classification. The CNN was trained to classify the 

severity of atopic dermatitis into three categories: mild, moderate, and severe. The class imbalance in the severity 

classification stage with address, a weighted cross-entropy loss function was consistently applied throughout all 

experiments. Preliminary comparisons with focal loss were conducted during pilot experiments; however, weighted 

loss demonstrated more stable convergence and comparable classification performance on the validation set, and was 

therefore selected as the final optimization strategy. This combined method offers novelty in its focus on infants, an 

age group with different skin characteristics than adults, as well as full integration between detection and severity 

classification. Unlike previous studies [30],[31] that primarily concentrated on a singular aspect, this approach offers 

more comprehensive information, ranging from the automatic identification of disease locations to the assessment of 

severity levels. The developed model not only accelerates the diagnostic process but also holds significant potential to 

support healthcare professionals in conducting early interventions and improving the quality of care for infants affected 

by atopic dermatitis. 

2.1. Collecting and Labeling Data 

The data collection process in this study was conducted systematically to obtain a representative dataset for training 

and evaluating the YOLO–CNN model. A total of 2,000 images were collected, consisting of infant skin images 

diagnosed with atopic dermatitis and healthy skin images used as controls. The dataset was compiled from two primary 

sources, namely online repositories and direct field observations. 

Data collection was carried out from two primary sources: online repositories and field observations, between July 19, 

2024, and August 31, 2025, resulting in a total of 2,000 images. Online data were obtained from medical image 

repositories, research publications, and open-access dermatology databases, following strict selection criteria based on 

image resolution, lighting conditions, and skin area clarity. This process yielded approximately 1,000 images (50% of 

the total dataset). The remaining 1,000 images (50%) were gathered through field observations conducted in Desa 

Pulau Gadang (Kecamatan XII Koto Kampar), Desa Labuhan Tangga Hilir (Kabupaten Rokan Hilir), and Desa Teluk 

Kenidai in Indonesia. Specifically, 350 images were collected from Pulau Gadang, 350 from Labuhan Tangga Hilir, 

and 300 from Teluk Kenidai. Field images were collected from three rural villages in Indonesia—Pulau Gadang, 

Labuhan Tangga Hilir, and Teluk Kenidai—which share relatively similar socio-environmental characteristics. As a 

result, the dataset may reflect limited demographic variability, including relatively homogeneous skin tone distributions 

and comparable natural lighting conditions during image acquisition. The dataset includes images of infants with atopic 

dermatitis at varying levels of severity, as well as images of healthy infant skin for comparison. All field data collection 

was conducted with informed consent from parents or legal guardians and in accordance with established health 

research ethics standards. 
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The next step involved data labeling. Two independent annotators, a dermatologist and an obstetrician, reviewed and 

labeled each image. Labels for the detection stage consisted of bounding boxes marking the lesion areas on the infant’s 

skin, while labels for the classification stage represented the severity levels of atopic dermatitis, categorized as mild, 

moderate, and severe. In cases where discrepancies occurred between the annotators, a resolution process was carried 

out through consensus between both specialists to ensure the reliability and clinical validity of the labeled data.  

Through this procedure, the resulting dataset not only possesses high visual quality but also strong clinical validity, 

enabling its optimal use for training and evaluating the YOLO and CNN model in detecting and classifying the severity 

of atopic dermatitis in infants. Figure 2 illustrates an example of labeling the severity of atopic dermatitis in infants, 

categorized into mild, moderate, and severe cases used in this study. 

   

(a) (b) (c) 

Figure 2. Labeling (a) Mild (b) Moderate (c) Severe 

2.2. Pre-processing and Augmentation 

Image pre-processing included resizing and pixel normalization to ensure consistent input distribution. During training, 

data augmentation was applied using geometric transformations and color jitter to simulate variations in orientation 

and illumination while preserving lesion characteristics. During the pre-processing stage, all images were adjusted in 

terms of color and illumination to minimize exposure differences that might occur during image capture. The images 

were then resized to a uniform resolution of 640×640 pixels for YOLO detection and 224×224 pixels for CNN 

classification. Pixel normalization was also applied by scaling the image intensity to a [0–1] range to stabilize the data 

distribution. After YOLO identified the lesion area, the region of interest (ROI) was cropped with an additional padding 

of approximately 10–15% to ensure that the inflamed area was fully represented. 

Furthermore, the augmentation process was applied to increase data variability and prevent overfitting. The 

augmentation techniques included geometric transformations such as horizontal and vertical flipping, small rotations 

of ±10°, translation, and zooming in or out. Adjustments in brightness, contrast stretching, and color jitter were also 

applied to simulate variations in lighting conditions during image capture. In addition, mild Gaussian noise was added 

to make the model more robust against visual noise. Random cropping and scaling were used to introduce diversity in 

the framing of skin regions. During the experimental phase, advanced augmentation methods such as MixUp and 

CutMix were selectively implemented to enhance data diversity without compromising the clarity of the lesion areas. 

Through this series of procedures, the resulting dataset became cleaner, more balanced, and more representative, 

thereby improving the performance of YOLO in detecting lesions and CNN in classifying the severity of atopic 

dermatitis in infants. Below is figure 3 which shows the results of Preprocessing and Augmentation: 

 

Figure 3. Pre-processing & Augmentation 
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2.3. Find the Lesion with YOLO 

In this study, the role of YOLO is strictly limited to lesion localization. The model is trained to detect and delineate 

regions of inflamed skin by generating bounding boxes, without performing lesion severity or normal-versus-lesion 

classification. All subsequent classification tasks are handled exclusively by the convolutional neural network using 

the detected regions of interest. In this stage, YOLO architecture was employed to identify skin lesions. YOLO is 

capable of detecting objects in real time with high accuracy. The model was trained using a dataset of infant skin 

images annotated with bounding boxes around the inflamed areas. During training, YOLO extracted essential image 

features through its backbone network and generated bounding box predictions, confidence scores, and lesion 

classifications via the detection head. The optimization process utilized a composite loss function consisting of 

bounding box regression, objectness, and classification components. This procedure enabled the model to accurately 

locate and distinguish between infected and normal skin regions. The detection outputs, in the form of bounding box 

coordinates, were cropped with an additional 10–15% padding to obtain the Region of Interest (ROI), which was 

subsequently used in the severity classification stage with CNN. 

2.4. Severity Classification with CNN 

The classification of atopic dermatitis severity was performed using a Convolutional Neural Network (CNN) that 

received input from the Region of Interest (ROI) identified by YOLO. The CNN extracted key visual features such as 

texture, color distribution, and inflammation patterns on infant skin, and subsequently classified the images into three 

severity categories: mild, moderate, and severe. The CNN training process employed a transfer learning-based 

architecture, such as ResNet or EfficientNet, with weight adjustments applied to the final layer. To prevent overfitting, 

techniques including dropout, batch normalization, and data augmentation were implemented. To address class 

imbalance, the model was optimized using a weighted loss function or focal loss, resulting in more stable and consistent 

classification outcomes. The output of this stage was a severity label for atopic dermatitis, which was then integrated 

with YOLO detection results. This integration enabled the system to provide a comprehensive diagnosis of the infant’s 

skin condition. 

2.5. Training Procedures 

The training process was conducted in stages, beginning with the separate training of the YOLO and CNN models, 

followed by their integration in the inference pipeline. The YOLO model was trained first using a dataset of infant 

images annotated with bounding boxes around the lesion areas, with a batch size of 16–32 and 150 training epochs. 

The AdamW or SGD optimizer was applied, along with an early stopping mechanism to prevent overfitting. Once the 

YOLO model achieved optimal detection performance, the detected Regions of Interest (ROIs) were used as input for 

CNN training. The CNN model was trained for 100 epochs with a batch size of 32–64 using transfer learning from a 

Conv2D-based architecture. To enhance generalization, cosine decay for the learning rate, dropout regularization, and 

image augmentation techniques were employed. To address class imbalance, class weighting or focal loss was applied, 

allowing the model to consistently classify the three severity levels of dermatitis: mild, moderate, and severe. 

Validation was performed using a patient-based k-fold cross-validation scheme to prevent data leakage, and the model 

was subsequently evaluated on a hold-out test set to assess overall system performance.  

2.6. Evaluation 

The model evaluation was performed to objectively measure how well the system could detect and classify atopic 

dermatitis in infants. During the detection phase with YOLO, performance was evaluated using the mean Average 

Precision (mAP) metric at various Intersection over Union (IoU) thresholds, as well as precision, recall, and F1-score 

to ensure a balance between the model's ability to detect lesions and minimize errors. Meanwhile, during the severity 

classification phase with CNN, performance was assessed using accuracy, precision, recall, macro-F1 score, and Area 

Under the Curve (AUC) for each category: mild, moderate, and severe. In addition, a confusion matrix was employed 

to provide a detailed analysis of classification performance by illustrating the distribution of true positives, false 

positives, true negatives, and false negatives for each severity class [32], [33]. 
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3. Results and Discussion 

3.1.Detection Performance using YOLO 

This study employs a clinical image dataset comprising various manifestations of skin lesions in infants. This dataset 

was obtained from visual documentation with varying anatomical locations (hands, arms, legs, and torso), lighting 

conditions, and different levels of severity. To make it easier to train and test the deep learning model, each image has 

been given an annotation in the form of a bounding box that marks the area of the lesion, along with a category label 

(0, 1, 2) that shows how serious the condition is, from normal to severe. The visual representation of this dataset reflects 

the complexity of clinical variations and highlights the challenges faced by computer vision–based automated detection 

systems. Following is figure 4 of Annotated Clinical of Skin Lesions in Children: 

 

Figure 4. Annotated Clinical Images of Skin Lesions in Children 

Figure 4 llustrates the diversity of lesion appearance and anatomical distribution in the infant dataset, high lighting 

variations in lesion size, color intensity, and body location that challenge automated detection models. The clinical 

conditions shown include erythema patches, diffuse rashes, papular lesions, and the distribution of lesions on different 

parts of the body, such as hands, arms, and torso. Double annotation on certain images is used to capture multi-location 

distribution, which helps train deep learning models to detect more than one lesion at a time. The diversity of data in 

terms of lighting, skin color, and anatomical position makes this dataset representative of real clinical conditions and 

serves as an important ground truth in the training, validation, and evaluation processes of computer vision-based 

automatic detection models. The evaluation graph can be seen in figure 5. 

All four evaluation graphs show that the skin lesion detection model works very well for all categories (mild, moderate, 

and severe). The recall-confidence curve shows that the model's sensitivity stays high until the confidence level reaches 

about 0.8, when it drops significantly. The precision–recall curve, on the other hand, shows that the mAP@0.5 value 

reaches 0.991, with almost perfect precision and recall across all classes. The precision-confidence curve shows that 

predictions with a higher level of confidence have a consistent precision above 0.9, and the F1-confidence curve shows 

the best balance between precision and recall with an F1 value of 0.98 at the threshold of 0.57. Overall, these results 

confirm that the model is capable of classifying skin lesions with very high accuracy and consistency across a wide 

range of testing conditions. In terms of efficiency, the average inference speed of 16 milliseconds per image 

demonstrates that YOLO is not only accurate but also capable of real-time deployment, making it suitable for both 

digital clinical systems and mobile applications for infant health monitoring. 
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Figure 5. Evaluation Chart 

The following is figure 6, the results of the evaluation using the confusion matrix. The results of the confusion matrix 

and normalized confusion matrix show that the model for classifying skin lesions can make very accurate predictions 

for all classes (mild, moderate, and severe). Figure 6 indicates that misclassifications occur predominantly between 

mild and moderate classes, suggesting visual overlap in intermediate severity levels rather than random prediction 

errors. The majority of the test data was successfully mapped to its target class, as evidenced by the dominant diagonal 

values in the matrix. In the Heavy class, the model achieved a prediction accuracy of up to 99%. In the mild and 

Medium classes, the accuracy was also very high, with only a few classification errors that were more likely to be 

moved to the background class. Normalizing the matrix makes the model even more consistent, with the ratio of correct 

predictions being close to 1 for almost all classes. This demonstrates that the classification system developed is not 

only accurate but also stable in differentiating the severity of skin lesions under various conditions. 

 

Figure 6. Confusion Matrix 

This finding is consistent with previous studies such as[34], [20], which demonstrate that YOLO excels in detecting 

dermatological abnormalities in adults; however, this research expands the scope by focusing on the infant population. 

This is important because babies' skin is softer, more sensitive to color, and often has environmental artifacts (like skin 

folds, diaper rash, or uneven lighting) that make it harder to detect than in other age groups. 
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3.2. Classification Performance with CNN 

Headings To assess the performance of the CNN model in classifying the severity level of skin lesions, a training 

process was conducted over 50 epochs, monitoring accuracy and loss metrics on both training and validation data. The 

accuracy curve analysis is used to see how well the model can learn patterns from the training data and apply them to 

the validation data. The loss curve shows how well the model can reduce prediction errors as the number of epochs 

increases. The figure 7 below displays the results of this training. 

 

Figure 7. Evaluation Chart 

The figure above shows the accuracy and loss curves for the CNN model training process for classifying the severity 

of skin lesions over 50 epochs. Figure 7 shows stable convergence of the classification model, with decreasing 

validation loss despite minor accuracy fluctuations, indicating limited overfitting and reasonable generalization. The 

accuracy graph indicates that the model's performance gradually improved on the training data, while on the validation 

data, the accuracy value tended to fluctuate but was able to reach more than 0.8 on some epochs, which shows that the 

model can generalize to test data. The loss graph shows a consistent downward trend for both the training and validation 

data. The validation loss drops to about 0.6, which means that the model is getting better at making fewer mistakes in 

its predictions. This pattern shows that CNN can learn to tell the difference between different levels of skin lesions, 

even though the performance changes because of the different validation data. 

The results of training the CNN model, as shown in table 1, show that it is effective at classifying the severity of atopic 

dermatitis in babies based on the Region of Interest (ROI) detected by YOLO. Using the transfer learning-based 

EfficientNet-B0 architecture (g pakai), the model achieved an average accuracy of 85% and a macro-F1 score of 85%, 

indicating consistent performance across all categories. Table 1 provides a more detailed analysis, demonstrating a 

commendable overall accuracy of 85%. In the mild class, the model achieved a precision score of 75% and a perfect 

recall score of 100%, resulting in an F1-score of 86%. The result shows that the model can find all mild cases, even 

though some of its predictions are still not quite right. In the Medium class, the model had a high precision of 100% 

but a low recall of only 60%, which gave it an F1-score of 75%. This outcome means that even though the predictions 

were very accurate, some Medium cases were not found. For the Heavy class, on the other hand, the model did better 

overall, with a precision of 88% and a recall of 100%, which gave it an F1-score of 93%. Overall, the macro-average 

scores showed a precision of 88%, a recall of 87%, and an F1-score of 85%, while the weighted-average values were 

88%, 85%, and 84%, respectively. These results suggest that the model performs consistently in classifying the severity 

of skin lesions, although further improvement is still needed to enhance detection accuracy in the moderate class. The 

results of the CNN model evaluation can be seen in the following table 1: 

Table 1. Results of the CNN Model Evaluation 

Classification Precision Recall F1-Score 

Mild 75% 100 % 86 % 

Keep 100 % 60 % 75 % 

Heavy 88 % 100 % 93% 

Accuracy   85 % 
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Macro avg 88 % 87 % 85 % 

Weighted avg 88 % 85% 84 % 

Although the overall classification performance is satisfactory, the moderate class exhibits a notably lower recall of 

60%, indicating that a substantial portion of moderate cases are misclassified as either mild or severe. This behavior 

suggests significant visual overlap between intermediate severity levels, where lesion characteristics such as erythema 

intensity and texture transition gradually rather than forming distinct boundaries. The results of this study are consistent 

with findings[35], [36], demonstrating that CNN can achieve accuracy comparable to dermatologists in classifying 

dermatological diseases. However, this study offers a novel contribution by concentrating on the infant population, 

which possesses distinct anatomical and physiological skin conditions compared to other age groups. The different 

textures of skin, how sensitive it is to mild, and environmental factors like tropical humidity make classification harder, 

but the CNN model was able to do an impressive job. The following is figure 8 about the search results and 

classification of skin lesions using the CNN-based YOLO model. 

 

Figure 8. The results of finding and classifying skin lesions using the CNN-based YOLO model 

Figure 8 demonstrates that the proposed framework can localize multiple lesions within a single image and assign 

consistent severity predictions with high confidence, supporting its applicability in real-world screening scenarios.  

Shows the results of skin lesion detection and classification using the CNN-based YOLO model on the validation data. 

Each lesion area was successfully identified with a colored bounding box annotation accompanied by a class label 

(Mild, Moderate, and Severe) and a confidence score indicating the model's confidence in the prediction. It is evident 

that the model can identify multiple lesions within the same image while simultaneously differentiating the severity 

based on the emerging visual characteristics. The prediction results indicate that most of the lesions were classified 

with a high confidence value (≥0.9), which shows that the model is consistent in finding patterns in skin lesions. This 

visualization shows that YOLO can not only classify images globally but also segment them based on objects with a 

high level of accuracy. This functionality makes it useful for clinical applications that need to diagnose the severity of 

dermatitis in children. 

3.3. Discussion 

Integrating YOLO and CNN into a two-step pipeline has been shown to create a complete system. Although several 

previous studies have demonstrated the effectiveness of YOLO-based models for dermatological applications, most of 

these works rely on adult datasets. Infant skin presents distinct challenges, including thinner epidermal layers, less 

pronounced texture patterns, higher color homogeneity, and greater sensitivity to illumination changes. These 

characteristics can reduce the contrast between lesions and surrounding skin, making lesion localization and severity 

assessment more difficult compared to adult skin images. YOLO is a fast way to find areas of damage, while CNN is 

a more accurate way to judge how bad the damage is. The stable detection performance of YOLO across various lesion 

sizes supports its reliability in clinical practice, while CNN can provide a relatively balanced assessment across all 

categories, although the heavy class still requires additional data to enhance accuracy. 
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The main advantage of this research is its application to the population of infants, which has rarely been the focus of 

AI dermatology studies. The system has the potential to be applied in digital clinic and mobile health applications, 

especially in areas with limited medical specialists, due to its high level of accuracy. The term real-time in this study 

refers to near real-time inference suitable for point-of-care and mobile health applications rather than high-throughput 

clinical systems. The reported inference time of approximately 16 milliseconds per image corresponds to a processing 

rate of over 60 frames per second on standard GPU hardware, which is sufficient for interactive clinical screening and 

teledermatology workflows. Future work may also explore multi-scale feature extraction and attention-based 

mechanisms to improve robustness against noise, illumination variation, and subtle lesion boundaries commonly 

observed in infant skin images. This research, however, has limitations, such as an imbalance in data distribution among 

classes and variations in image quality due to differences in camera equipment. Therefore, further research needs to 

include larger, multi-flashlight datasets, as well as integration with richer explainable AI systems so that the results can 

be more widely adopted in children's healthcare. The following table 2 presents a comparative evaluation of different 

deep learning models tested on the same dataset to assess their performance in classifying the severity of atopic 

dermatitis in infants: 

Table 2. Performance Comparison of Different Models Using the Same Dataset 

Model Architecture Accuracy (%) Precision (%) Recall (%) Macro-F1 (%) 

CNN (Baseline) Custom CNN 78 76 79 77 

VGG16 (TL) VGG16 + FC 82 81 83 82 

ResNet50 (TL) ResNet50 + FC 84 85 82 83 

EfficientNet-B0 (TL) EfficientNet-B0 + FC 85 88 87 85 

Proposed Model YOLO + CNN (EfficientNet-B0) 85 88 87 85 

The performance comparison presented in table 2 is intended to provide a descriptive benchmark across different model 

architectures. No statistical significance testing or confidence intervals were computed; therefore, the reported 

differences in accuracy and macro-F1 score should be interpreted as indicative rather than conclusive. The comparison 

demonstrates that transfer learning–based CNN architectures generally outperform the baseline CNN model in terms 

of accuracy and macro-F1 score, indicating their superior ability to extract discriminative features from infant skin 

images. Among the evaluated models, EfficientNet-B0 achieved the highest classification performance, reflecting its 

balanced depth and parameter efficiency. However, these models operate solely on full-image classification without 

explicit lesion localization. In contrast, the proposed YOLO–CNN framework provides comparable classification 

performance while simultaneously enabling precise lesion detection and severity assessment. Hyperparameter values, 

including batch size and number of training epochs, were selected based on preliminary experiments to balance model 

convergence stability, generalization performance, and computational constraints. Larger batch sizes resulted in slower 

convergence, while smaller batches led to unstable gradients. Similarly, training beyond the selected number of epochs 

did not yield measurable performance improvements and increased the risk of overfitting. This dual-stage capability 

offers a more comprehensive and clinically meaningful diagnostic approach, particularly for real-world pediatric 

applications where both lesion localization and severity evaluation are required. While recent literature reports strong 

performance of hybrid deep learning models for skin disease detection, most existing studies target adult datasets and 

emphasize disease classification rather than severity grading at the lesion level. This study extends prior work by 

adapting these techniques to infant skin images and by explicitly linking lesion localization to severity assessment, 

addressing a gap not covered by recent adult-focused studies 

4. Conclusion 

The conclusion of this study indicates that the integration of YOLO for lesion detection and CNN for severity 

classification provides an effective, accurate, and efficient two-stage solution for diagnosing atopic dermatitis in 

infants. From a clinical perspective, an accuracy of 85% may be sufficient for preliminary screening and risk 

stratification in pediatric settings, particularly in resource-limited environments. However, it may not yet meet the 

reliability requirements for standalone diagnostic use, underscoring the importance of human-in-the-loop clinical 
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validation. The YOLO model successfully detected areas of inflammation with high performance (mAP@0.5 of 99% 

and F1-score of 98%) as well as real-time inference speed, while CNN managed to classify severity with an average 

accuracy of 85% and a macro-F1 score of 85%. These results confirm that AI-based systems can be a promising clinical 

diagnostic tool. This study contributes to the development of a more adaptive and applicable digital health system, 

particularly for pediatric healthcare services in areas with limited specialized medical personnel. 
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