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Abstract

Dermatitis is an inflammatory skin disease characterized by symptoms such as redness and itching, requiring early identification to prevent
the development of more serious conditions. The use of image processing technology and deep learning is important as a supporting
solution in the process of rapid and accurate skin disease detection. This study aims to compare the performance of the You Only Look
Once (YOLO) model on several image size variations, evaluate the model's ability to detect types of dermatitis based on precision, recall,
and mean Average Precision (mAP) metrics, and determine the optimal number of epochs to improve model performance. The dataset
used consisted of 440 images of patients' skin obtained from Dr. Rivai Abdullah General Hospital and augmented to 1,320 images. The
data was divided into training, validation, and test data. The YOLOv11 model was trained to detect four types of dermatitis, namely contact
dermatitis, atopic dermatitis, static dermatitis, and circumscribed neurodermatitis. The results showed that image size and epoch number
affected model performance. The best configuration was obtained with an image size of 640 x 640 pixels and 150 epochs, resulting in a
precision value of 0.693 and a recall value of 0.674. These results indicate that the YOLO model has the potential to be used as an effective
early identification support system for dermatitis.
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1. Introduction

Dermatitis is a common inflammatory skin disorder characterized by erythema, pruritus, and irritation of the epidermal layer, affecting
individuals across various age groups and representing a significant public health concern worldwide. According to the World Health
Organization (WHO), atopic dermatitis affects approximately 204 million people globally, accounting for 2.6% of the world's population
[1], while regional health reports consistently identify dermatitis as one of the most prevalent skin diseases treated in public healthcare
facilities [2]. Although epidemiological data in Indonesia remain limited, particularly in South Sumatra Province, previous studies have
reported that 9.6% of pineapple farmers experience contact dermatitis due to pesticide exposure [3], while atopic dermatitis affects
approximately one in five children and one in ten adults in high-income countries [4]. The high prevalence of dermatitis, combined with
risk factors such as irritant exposure, inadequate preventive knowledge, and poor personal hygiene, highlights the importance of early
identification to prevent disease progression and reduce potential complications. However, the clinical manifestations of dermatitis often
overlap with other skin disorders, including psoriasis and tinea, increasing the likelihood of misdiagnosis during initial examinations and
emphasizing the need for more systematic and objective diagnostic support tools. In this context, advances in Artificial Intelligence (Al),
Computer Vision, and Deep Learning have created new opportunities for automated medical image analysis, enabling computational
models to recognize complex visual patterns from skin lesion images with high efficiency and consistency. The availability of digital skin
images obtained from RSUP Dr. Rivai Abdullah further supports the development of image-based diagnostic systems, although variations
in skin color, lighting conditions, and image resolution remain important challenges that can significantly affect feature extraction and
model performance. Among various deep learning approaches, the You Only Look Once (YOLO) framework has emerged as one of the
most effective object detection methods due to its ability to perform object localization and classification within a single computational
process, resulting in faster inference times [5] than traditional multi-stage detection [6] approaches and enabling real-time implementation
[71[8] in medical imaging applications. Previous studies have demonstrated the effectiveness of YOLO-based models for skin disease
analysis, including the use of YOLOVS5 for skin cancer classification with an accuracy of 89.1% [6], YOLOVS for skin cancer detection
achieving 89% accuracy, 0.975 precision, and 0.969 recall [5], as well as YOLO-based detection of pigmented dermoscopic lesions with
an accuracy of 89.7% [7]. Despite these promising results, most existing studies have primarily focused on skin cancer and pigmented
lesions, whereas research specifically targeting dermatitis detection remains relatively scarce. Furthermore, the influence of image size
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variation, a critical factor that directly affects feature representation and extraction within convolutional neural networks, has received
limited attention, particularly in the context of the recently developed YOLOvVI11 architecture. To the best of our knowledge, studies
comparing multiple image size configurations in YOLOv11 for dermatitis detection are still limited, creating a significant research gap in
understanding how image resolution influences model performance. Therefore, this study investigates the impact of image size variations
and training epochs on the performance of the YOLOvV11 model for detecting four types of dermatitis, namely contact dermatitis, atopic
dermatitis, stasis dermatitis, and circumscribed neurodermatitis. By evaluating model performance across different image resolutions and
epoch settings, this research aims to identify the optimal configuration for dermatitis detection and provide practical insights for improving
the effectiveness of Al-based skin disease identification systems in clinical settings.

2. Literature Review

Digital image processing is used to extract visual information from images so that it can be analyzed computationally. This process
generally involves preprocessing, feature extraction, and object detection stages. The preprocessing stage aims to improve image quality
and adapt the data format to the needs of the learning model. Commonly used techniques include noise removal, intensity normalization,
and image resizing [9][10]. Variations in image size affect the amount of visual information processed by the model. Low resolution can
obscure object details, while high resolution increases computational complexity during training [11]. Therefore, resizing is often combined
with data augmentation to enrich image variations and improve the model’s generalization ability.

Deep learning approaches are widely applied in image analysis because they can automatically extract features. Convolutional Neural
Networks (CNNs) have become the primary architecture in various computer vision systems across medical applications [12][13] because
they can learn spatial patterns in images through convolution and pooling operations [14]. Advances in CNN-based object detection
methods have yielded two main approaches: two-stage detectors and one-stage detectors. The two-stage method separates the processes of
region proposal generation and object classification, resulting in high accuracy but requiring greater computational time. Conversely, the
one-stage approach performs detection and classification simultaneously, making it more efficient for real-time applications [15].

You Only Look Once (YOLO) is a one-stage object detection algorithm widely used in various computer vision applications [16]. This
method divides the input image into several grids and predicts bounding boxes and object class probabilities for each grid. The agreement
between predicted bounding boxes and ground truth is measured using Intersection over Union (IoU), while duplicate detections are filtered
using Non-Maximum Suppression (NMS) [17]. The performance of object detection models is typically evaluated using the mean Average
Precision (mAP) metric as well as other classification metrics such as accuracy, precision, recall, and F1-Score, which are calculated via
the Confusion Matrix [18].

3. Methodology

3.1. Research Stages
This study develops an early detection system for dermatitis based on skin images using the YOLOvV11 object detection model, which is

built using a CNN architecture. This approach allows for simultaneous object localization and classification in a single detection stage,
resulting in a more efficient inference process.The research workflow is illustrated in a flowchart, as shown in Fig. 1.
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Fig. 1: Flowchart Research Phases

3.2. Problem Identification

Problem identification was conducted through a literature review by examining and analyzing various books, articles, and scientific journals
related to image-based skin disease detection, particularly dermatitis, as well as the concepts of computer vision, deep learning, and CNNs.
This study aims to identify the methodological approaches used in previous research and to understand the challenges in the process of
automatic skin disease detection. The results of this literature review are used as a basis for formulating an appropriate methodological
approach, including the application of a YOLO-based object detection model to develop an early dermatitis identification system.
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3.3. Dataset Preparation

The research dataset was obtained from medical records at Dr. Rivai Abdullah General Hospital and consists of 440 images of dermatitis,
including contact dermatitis, atopic dermatitis, static dermatitis, and circumscribed neurodermatitis. The dataset was then expanded using
data augmentation techniques, bringing the total number of images to 1,320. Next, the data was divided into three parts with a ratio of
70:20:10, namely 924 images as training data, 264 images as validation data, and 132 images as test data. The training data was used to
train the model to recognize visual patterns of the disease, the validation data was used to monitor the model’s performance during the
training process, while the test data was used to evaluate the model’s ability to make predictions on new, previously unseen data.

3.4. Data Pre-processing

The preprocessing stage was conducted to standardize the quality and format of the images before they were used in the model training
process. This process included adjusting the image orientation (auto-orientation) and resizing the images so that all images had uniform
orientation and dimensions, specifically 540x540, 640x640, and 740x740 pixels. Additionally, an annotation process is performed to mark
skin areas affected by dermatitis using the bounding box technique. This study uses four disease classes: contact dermatitis, atopic
dermatitis, static dermatitis, and circumscribed neurodermatitis. The labeling process was performed using the Roboflow platform, and the
annotation results were exported in a format compatible with YOLOv11 as .txt files containing class identifiers, object center coordinates
((x,y)), and relative bounding box dimensions ((w,h)).

In addition to preprocessing, data augmentation techniques were also applied to increase the variation in training images. The augmentation
techniques used included rotation, flipping, cropping, and shearing. This process generated new image variations from the original data,

thereby improving the model’s generalization ability. After augmentation, the dataset size increased from 440 images to 1,320 images,
comprising training, validation, and test data.

4. Results and Discussion

4.1. Dataset
The dataset consists of 440 images, evenly divided into four classes: contact dermatitis, atopic dermatitis, circumscribed neurodermatitis,
and static dermatitis. The dataset was then divided into three subsets: training data, validation data, and test data, with a split ratio of

70:20:10. The complete breakdown of the dataset for each class is presented in Table 1.

Table 1: Dataset Distribution for Each Class

Total Data
Kelas Total Data Data Latih Data Valid Data Uji
(Augmentasi)
Dermatitis Kontak 110 330 231 66 33
Dermatitis Atopi 110 330 231 66 33
Neurodermatitis Sirkumskripta 110 330 231 66 33
Dermatitis Statis 110 330 231 66 33
Jumlah 440 1320 924 264 132

Based on the table above, Table 1 shows the distribution of the dataset before and after the augmentation process. Initially, each class had
110 images, resulting in a total dataset of 440 images. After augmentation, the number of images in each class increased to 330, for a total
of 1,320 images. Next, the dataset was divided into three subsets: training data, validation data, and test data, in a 70:20:10 ratio, resulting
in 924, 264, and 132 images, respectively. This division was performed to support the model training process and enable a more objective
performance evaluation.

4.2. Model Training

Once the dataset was ready for use, the next step was to train the model using the YOLOv11 framework to identify the most optimal image
size configuration. The training process was conducted online via the Google Colab platform, which utilizes a cloud-based computing
environment. At this stage, an exploration of the number of epochs specifically 150 epochs was conducted to observe its impact on model
performance. These image size variations were applied to obtain a training configuration capable of producing the best detection
performance in identifying dermatitis in skin images. The model was trained using the entire augmented dataset, totaling 1,320 images.

After the training process was completed, a validation stage was conducted to evaluate the model’s performance and determine the
configuration yielding the most optimal results. Validation was performed using a separate dataset consisting of 264 images that were not
used during the training process and had therefore never been learned by the model previously. This validation dataset included 284 objects
divided into four categories of dermatitis on human skin. The details of the number of objects in each class within the validation data are
presented in Table 2.

Table 2: Breakdown of Validation Data Object Counts by Class

No | Kelas | Jumlah Gambar | Jumlah Objek
1 Kontak 66 74
2 Atopik 66 69
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3 Neurodermatitis Sirkumskripta 66 67
4 Statis 66 74
Total 264 284

Table 2 shows the distribution of the valid data that will be used to evaluate the performance of the YOLOv11 model across three image
size variations: 540x540 pixels, 640x640 pixels, and 740%740 pixels. Each dermatitis class has the same number of images, namely 66
images, but the number of objects contained varies between classes, ranging from 67 to 74 objects. This variation in the number of objects
occurs because some images contain more than one dermatitis lesion, so even though the number of images is uniform, the representation
of objects in each class is not entirely identical.

These results are further visualized in Fig 2, which displays a comparison of model performance based on evaluation metrics for each
image size.

4.3. Model Training Results

The YOLOv11 model was trained using three image resolution variations: 540x540, 640x640, and 740x740 pixels, with the dataset split
into 70% training data and 20% validation data. A comparison of model performance across these three resolutions is presented in Fig 2,
illustrating the impact of image size variations on the model’s accuracy and consistency in object detection. Model performance was
evaluated using the metrics precision, recall, mAP@50, mAP@50-95, and the confusion matrix, which are visualized in Fig 3 through 8.

GRAFIK HASIL PENGUJIAN MODEL MENGGUNAKAN DATA VALID

540x540 piksel 640x640 piksel 740x740 piksel

Precision Recall MmAP@50 M mAp@50-95

Fig 2: Model Testing Results Using Validation Data

Confusion Matrix

metrics/precision(B) metrics/recall(B)
60
0.8 0.9 atogi =
0.64 0.8
50
0.7
0.4 kontak 14
0.6
0.2 .
5 0.5
3
-
0017 T 044, T 3 neure ¥ L 30
0 100 0 100 =
metrics/mAP50(B) metrics/mAP50-95(B)
0.8 statis - s =
0.81
0.6 10
0.6 background - 8 5 2 3
0.4
0.4 : . c . c e
.44 z x 2
B | g 3 E
0.2 < g H w e
g &
£
92 . . . 2
0 100 0 100 True

Fig.3: Training Results Graph at 540x540 Pixels Fig.6: Confusion Matrix at 540x540 Pixels
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Fig.5: Training Results Graph at 740x740 Pixels Fig.8: Confusion Matrix at 740x740 Pixels

4.4. Model Performance Comparison

As shown in Fig. 2, it is evident that an increase in image size does not always correlate directly with an improvement in overall
performance. The 640x640-pixel model demonstrates an optimal balance between detection accuracy and training time efficiency, with a
precision of 0.864, recall of 0.855, mAP@50 of 0.897, and mAP@50-95 of 0.825, although the training time is slightly longer compared
to the 540x540-pixel size.

Meanwhile, the 540x540-pixel image size yields the fastest training time 0.794 hours with performance metrics of precision 0.862, recall
0.843, mAP@50 0.882, and mAP@50-95 0.810. Although the detection metrics are slightly lower than those for the 640x640-pixel size,
this configuration still demonstrates the model’s ability to recognize objects with reasonable accuracy.

For the 740%x740-pixel image size, although the highest precision of 0.890 was achieved, the recall value of 0.831 decreased slightly
compared to the 640x640-pixel configuration, indicating that the model’s ability to detect all objects did not increase proportionally. The
mAP@50 value of 0.892 and mAP@50-95 of 0.821 indicate good detection performance; however, the training time of 0.848 hours is
relatively longer compared to the 540x540-pixel size and nearly equivalent to the 640x640-pixel size.

Overall, this comparison demonstrates that the 640x640-pixel image size offers the best balance between prediction accuracy,
comprehensive object detection capability, and training time efficiency. These results underscore the importance of selecting a balanced
image size to optimize the performance of object detection models in the context of automated dermatitis identification.

To support the analysis, a confusion matrix at the 640x640-pixel resolution was used to evaluate the patterns of successful and incorrect
predictions during the training process. This matrix illustrates the model’s ability to distinguish and classify the four types of dermatitis,
including the number of correct predictions as well as classification errors for each class and the background class. Based on the
visualization in Fig 7, it is evident that the model can recognize all classes with adequate accuracy. Specifically, the Static Dermatitis and
Circumscribed Neurodermatitis classes exhibit relatively higher performance compared to other classes, with the number of true positives
reaching 67 and 61 objects, respectively.
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4.5. Model Evaluation on the Test Dataset

After undergoing the training and validation processes, the model demonstrated the best performance when using a 640%640-pixel image
size compared to other image size configurations. Based on this configuration, the subsequent testing phase was conducted to evaluate the
model’s ability to detect and classify types of dermatitis on the test dataset, which had not been used during training or validation. The test
dataset consists of 132 images obtained from Dr. Rivai Abdullah General Hospital, with a total of 139 objects divided into four dermatitis
classes, consistent with the class division in the training and validation data. The detailed number of objects in each class for the test dataset
is presented in Table 3

Table 3: Breakdown of the Number of Test Data Objects by Class

No | Kelas | Jumlah Gambar | Jumlah Objek
1 Kontak 33 38
2 Atopik 33 34
3 Neurodermatitis Sirkumskripta 33 33
4 Statis 33 34
Total 132 139

Although the number of images in Table 4 is consistent for each class, the number of successfully detected objects varies. This variation
arises because some test images contain more than one lesion, so the number of objects per image is not always the same. The evaluation
metrics are presented in Fig 11, while the Confusion Matrix and examples of predictions on the test data are visualized in Fig 10 and 9 to
provide a comprehensive overview of the model’s performance.

Fig.9: Sample Training Data
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Fig.10: Confusion Matrix Using Test Data
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Fig.11: Model Testing Results Using Test Data

As shown in Fig 11, YOLOv11 achieved an average precision of 0.693, a recall of 0.674, and an F1-score of 0.673, with an mAP@50-95
of 0.586, indicating that the bounding boxes lack precision at strict IoU thresholds. Confusion matrix analysis in Fig 10 reveals that Static
Dermatitis and Circumscribed Neurodermatitis are detected most optimally, while Contact Dermatitis and Atopic Dermatitis have low
recall due to visual similarity between classes, an unbalanced training data distribution, and image variability. These results confirm that
the model is capable of detecting all four types of dermatitis with reasonably good average metrics; however, performance varies across
classes, necessitating an expanded dataset, class-based data augmentation, and training optimization.

5. Conclusion

Based on the results of the study, it can be concluded that variations in image size affect the performance of the YOLO model, where the
use of 640x640-pixel images yields the most optimal and consistent performance compared to 540x540-pixel and 740%740-pixel images,
as evidenced by the balance between precision and recall values and the highest Mean Average Precision (mAP) score of 0.897.

Additionally, the evaluation results for detecting types of dermatitis on the test data show that the YOLO model is capable of delivering
fairly good performance with an average precision of 0.693, recall of 0.674, mAP@50 of 0.672, and mAP@50-95 of 0.586, although
there are still performance differences across dermatitis classes.

Based on testing with varying numbers of epochs, it was found that using 150 epochs yields the most optimal number of epochs for
improving average evaluation metrics. However, the resulting model performance is not yet fully optimal for application in real-world
medical settings, likely due to differences in distribution between the training and test data, as well as variations in lighting conditions,
backgrounds, and image capture angles. Therefore, further development is required, particularly regarding the improvement of data
quality and diversity, so that the YOLO-based dermatitis detection model can be used more effectively and reliably in diverse medical
settings.
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