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Abstract 

The skin serves as the body’s primary protective and most visible layer, making it 

particularly susceptible to lesions that may cause physical discomfort, 

psychological distress, and potential health risks. Addressing skin diseases is 

therefore both a medical necessity and a matter of social sustainability, as untreated 

conditions can significantly reduce quality of life and limit social participation. 

This paper presents an artificial intelligence–based approach for distinguishing 

between Acne and Actinic Keratosis using lightweight image-processing 

techniques that minimize computational requirements and support resource-

efficient healthcare technologies. To address the lack of a unified dataset, lesion 

images were collected from multiple repositories, standardized in size, and 

enhanced through grayscale illumination. Local Binary Patterns (LBP) were 

employed for feature extraction and dimensionality reduction, followed by 

classification using machine learning models. The results show that the Multilayer 

Perceptron (MLP) achieved higher accuracy (99.5%) than the Support Vector 

Machine (SVM) (97.5%). Overall, the proposed approach combines diagnostic 

accuracy with computational efficiency, contributing to accessible and sustainable 

healthcare solutions that improve patient outcomes while reducing technological 

resource demands. 
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1. Introduction  

The skin is the outermost layer covering the human body and accounts for 16% of total body mass. This layer 

is considered the body's first line of defense against external diseases such as bacteria, parasites, and viruses. 

Therefore, maintaining healthy skin is essential for a healthy quality of life [1]. Skin diseases significantly affect 

the patient’s psychological, physical, and social well-being. Common symptoms of skin diseases, such as itching 

and skin discoloration, often lead to a decline in quality of life. Depression, introversion, and low self-esteem 

may be among the consequences of skin diseases that affect an individual's social and productive performance. 

In addition, the long-term safe treatment of skin diseases imposes economic burdens on the patient, exacerbating 

their suffering [2]. 

https://creativecommons.org/licenses/by/4.0/
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Patients often try not to seek medical attention until the disease has progressed and its symptoms become clearly 

visible. Many patients, and even some unprofessional doctors, fail to identify the type of disease, which 

complicates treatment in serious cases like skin cancer. Therefore, there arose a need for a quick and effective 

machine-learning-based disease detection technique [3]. Several studies have proposed methods for identifying 

skin diseases using image processing and analysis techniques that, in turn, feed into machine learning models. 

Machine learning models are divided into two groups: the first, such as SVM and MLP, is fed with distinctive 

features extracted from image processing; the second relies on deep learning, which extracts the main 

characteristics of the disease and classifies it [4] [5]. 

Samir et al. outline a hybrid methodology that integrates deep learning and machine learning techniques for 

detecting skin diseases. Notably, the combination of ResNet50 for feature extraction and a Support Vector 

Machine for classification has proven effective for distinguishing skin diseases. It achieved 99.11% accuracy, 

which exceeds other tested combinations. The authors conduct a comprehensive comparative analysis of 

different feature extraction and classification strategies, reinforcing the efficacy of their hybrid technique [6]. 

Thangakani and Sornam [7] proposed a method for detecting skin cancer using SVM and Bayesian classifiers. 

They used GLCM (Gray-Level Co-Occurrence Matrix) to extract features of the underlying shape, color, and 

skin texture. The two classifiers are used to predict the skin lesions using the extracted feature. Zehra K. S., 

Recep G., et al. evaluate the performance of various ML algorithms, including SVM, ANN, and decision trees, 

for classifying skin lesions.  

The proposed method preprocessed the skin images by resizing, filtering, normalizing, and enhancing them 

before feeding them to the ML algorithms. The article found that both Random Forest (RF) and K-Nearest 

Neighbors (K-NN) algorithms achieved the best performance for classifying the skin lesions [8]. Akasha et al. 

investigated the performance of three machine learning models: SVM, Random Forest (RF), and Decision Trees 

(DTs). These ML models are combined with state-of-the-art (SOTA) pre-trained deep learning models, 

EfficientNet, MobileNetV2, and DenseNet121. For feature reduction, Principal Component Analysis (PCA) 

was used. The RF with DenseNet121 achieved promising results compared with the other models [9], supporting 

sustainable healthcare innovation. 

Sagheer et al. introduce an innovative deep learning framework that leverages the robust capabilities of transfer 

learning using a pre-trained VGG16 architecture, meticulously crafted to accurately identify and predict a 

variety of skin diseases, including chickenpox, measles, and monkeypox. The dataset comprises images 

depicting these conditions alongside images of healthy skin, systematically arranged into training and testing 

subsets. Notably, the model achieves testing accuracy of 93.29% [10]. Huang et al. suggest an optimal skin 

cancer detection system based on deep learning. They provide an improved metaheuristic algorithm for a Deep 

network to diagnose skin cancer from images. The performance of the proposed method is demonstrated through 

comparison with related work [11].  

Sohaib employed various DL models to classify skin lesions. DenseNet201 and ResNet52V2) and 

Convolutional Neural Networks (CNNs) are used to find out which model provides the best performance. The 

combination of two DL models (DenseNet201 and ResNet152V2) has been shown to achieve the best 

performance [12].  Alaa et al. proposed a DL model for early prediction of skin cancer. Their model employed 

multiple schemes for preprocessing skin images to enhance image contrast and construct the ROI image. Then, 

a deep belief network was used to classify skin lesions [13]. Peng et al. trained various DL models to classify 

an imbalanced skin lesion dataset. They used an augmentation strategy to enlarge the small dataset. The 

proposed combination system shows acceptable performance for classifying skin lesions [14]. 

This article is organized into the following sections: the next section outlines the theoretical background for the 

methodological approaches relevant to this work, establishing a preliminary step for the proposed method, 

which is arranged in subsections. Section 3 illustrates the proposed method that serves for sustainability in 

healthcare technology. The next section presents intermediate experimental results for each component of the 
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proposed method, followed by its classification rate. Finally, Section 5 presents a discussion and conclusions 

derived from a comparison with related work.    

2. Methods and materials  

The crucial step in the image preprocessing is the contrast stretching. It is usually termed as image 

normalization. The objective of this technique is to improve image contrast by utilizing the available image 

intensity range, so that it occupies the full range (e.g., 0 to 255 for 8-bit images) [15]. The fundamental method 

involves applying a linear scaling function for each pixel. This is done based on the minimum and maximum 

intensity values a and b of an image Iin. The stretched image Iout is evaluated according to Equation 1. 

𝐼𝑜𝑢𝑡(𝑥, 𝑦) = (
𝐼𝑖𝑛(𝑥, 𝑦) − 𝑎

𝑏 − 𝑎
) × (𝐿 − 1) … … …  1 

Where L is the maximum intensity level of the digital system, the original image often has a narrow histogram 

due to improper exposure or sensor limitations. After applying this process, the pixel density across the image 

spans the full range allowed by the system, enabling it to reveal subtle details in shadows and highlights [16]. 

However, the effectiveness of this method degraded in the presence of image outliers, even with a single extreme 

pixel value. This leads to suboptimal contrast enhancement in the image. To overcome this situation, additional 

operations, such as histogram clipping, can be employed, in which a small number of pixels at both ends of the 

histogram are excluded before the stretching operation is applied [17].  

Improving the visual acuity of an image's edges and enhancing image details is done by a technique called image 

sharpening.  It emphasizes the high frequency of an image in the spatial domain by convolving it with specific 

kernels [15]. The most popular approach uses the Laplacian kernel, a second-order derivative filter. The 

mathematical representation of the sharpening process is illustrated by Equation 2. 

Ish(x, y) = I(x, y) + c * ∇²I(x, y)……..2 

Where I(x, y) is the original image, ∇²I(x, y) is the filtered image, c is the scaling constant that controls the 

sharpening strength, and Ish(x, y) is the sharpened image [18].  

The texture of an image can be evaluated using this method. It is an effective and straightforward technique for 

assessing the weight of a given point relative to surrounding points in a given window, as in Figure 1.  

 

Figure 1. Evaluating the LBP [19] 

This is done by dividing the image into 3x3 windows, and the center pixel value is used as a threshold for 

evaluating the surrounding pixels, starting from the top-left corner with a clockwise direction to cover all the 

window pixels. Each pixel below the threshold is replaced with 0; otherwise, it is replaced with 1. The center 

pixel weight is equal to the summation of 2 to the power N of only the nonzero pixels (ones pixels). Figure 1 

illustrates the LBP technique [19] [20]. 
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An artificial neural network has a foundational and widely used class called the Multilayer Perceptron (MLP), 

which is a feedforward network as in Figure 2. It consists of at least three layers. The first is called the input 

layer, which receives the incoming data. The next layer may comprise one or more hidden layers. These layers 

are responsible for learning complex patterns. The output layer is the last layer of the model. This layer produces 

the final prediction or classification. All these layers consist of nodes that are fully connected to the previous 

and next layer through adjustable weights. For a given neuron, the output is evaluated as the summation of its 

inputs multiplied by the corresponding weights plus a bias term. Then the computed value is mapped by an 

activation function. Equation 3 is the mathematical representation of a single neuron.  

𝑦 = ∑ 𝑤𝑖
𝑛
𝑖=1 𝑥𝑖 + 𝑏, 𝑧 = 𝑓(𝑦) … … … … ..(3) 

where xi is the input features, Wi are the associated weights, b is the bias, and f(.) is an activation function such 

as ReLU or sigmoid. Figure 2 shows the MLP structure. During training, these weights are iteratively adjusted 

until reaching a minimum error, thereby improving model performance [21]. 

 

Figure 2.  MLP architecture with one hidden layer 

SVM is a supervised machine learning algorithm that uses target labels to learn the model. The main goal of 

SVM is to determine the best boundary (hyperplane) that splits data into different classes with the maximum 

possible margin. It searches for a small number of data points called support vectors. These points must be the 

closest to the decision boundary. The separation line or plane is determined via these points. SVMs maximize 

the margin between classes to improve the classification performance. This model can handle linear and 

nonlinear data by using kernel functions such as radial basis functions (RBFs) [21]. Figure 3 illustrates the SVM 

method for choosing the optimal hyperplane in binary classification. Due to the lack of a dataset that 

encompasses both diseases, images were collected from two different online websites, namely Kaggle and 

Roboflow. 

         
(a)                                                 (b) 

Figure 3. Classifying two classes using the SVM: (a) before the classification and (b) after the classification 
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Actinic keratosis images provided by the Kaggle dataset HAM10000. This dataset has 10015 dermatoscopic 

images. These images are collected from different populations, which include only skin lesions: basal cell 

carcinoma (bcc), Actinic keratoses, benign keratosis-like lesions (solar lentigines / seborrheic keratoses and 

lichen-planus-like keratoses, BKL), melanocytic nevi (NV), and vascular lesions (angiomas, angiokeratomas, 

pyogenic granulomas and hemorrhage, dermatofibroma (DF), melanoma (mel). These images are acquired 

using diverse modalities [22]. 

Acne images are downloaded from the Roboflow website. Unfortunately, the website provides limited metadata 

for this dataset [23]. It includes 745 images, but only 601 images are used in this work, depending on their 

quality.  Finally, the composed dataset from both datasets consists of 601 Acne images and 460 Actinic Keratosis 

images. This dataset is split 70% for training, 15% for validation, and 15% for testing. 

3. The proposed method 

The proposed method is based on the characteristic appearance of the skin for each disease, based on Figure 4. 

Actinic keratosis typically appears as reddish patches that are noticeably larger than acne lesions, while acne 

presents as pimples in the form of blackheads, whiteheads, or larger pus-filled blisters. For these reasons, the 

edge extraction plays a key role in capturing distinctive features that help differentiate between the two diseases 

[24, 25]. Therefore, the edge extraction plays as a backbone of our proposed method, which consists of the 

following stages: 

The preprocessing step contains two sub-operations. The first step converts the images to grayscale and resizes 

them to ensure all images in the dataset have the same size (283x640, the smallest image size in the dataset).  

The next sub-operation stretches the image contrast to have the full gray level. The sharpening stage used the 

Laplacian filter to extract only image object edges, then added them to the original image. This enlarges the 

image details. 

 

Figure 4. The proposed method block diagram 

In addition to the disease’s visual appearance, it is important to know how information is distributed at a 

particular point, which is captured using the Local Binary Pattern (LBP) technique as part of the proposed 

method for differentiating between the two diseases. The last stage classifies the skin disease. Figure  illustrates 

the flowchart of the proposed method [26, 27]. 

4. Results and discussion 

This section explores the outcome of all stages in the proposed method, as well as its classification performance. 

The first-stage operation is used to reduce computation time by converting the images to grayscale and resizing 

The income image

Preprocessing

Image sharpening

LBP

Classification
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them to a common size. It is also used to expand the original image spectrum into a full gray-level spectrum by 

stretching its contrast to the full gray-level range. Figure  shows the effect of the preprocessing stage. 

 

 

   (a) (b) 

 Figure 5.  The effect of the preprocessing stage, (a) the original image, (b) the outcome of this stage 

In the sharpening stage, the Laplacian filter is applied to the incoming image for extracting edge information, 

which is then added back to the output of the previous stage to enhance image details. Figure  shows the outcome 

of this stage.  

  

(a) (b) 

Figure 6. Sharpening stage: (a) before sharpening, (b) after sharpening 
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The next stage extracts the most effective features for categorizing the two skin diseases. It also reduces the 

processed data down to 0.03%, and it is done for each image (59/181120). This stage significantly reduces the 

classifier's computation time.  

 

Figure 7. The amount of data reduction for the LBP stage 

Two classifiers (SVM and MLP) were used to distinguish skin diseases. The MLP has one hidden layer with 10 

nodes, and hyperbolic tangent and linear activation functions for the hidden and output layers, respectively. The 

backpropagation optimizer is also used in this classifier. Figure  illustrates the performance of this classifier. 

This figure shows that the MLP needs only 10 epochs to train the classifier, indicating that the chosen features 

help the network learn more effectively during training. It also shows that the classifier doesn’t suffer from 

overfitting, since the test curve is consistent with the training curve.      

 

Figure 8. MLP training performance 
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The SVM is the second classifier used in the classification stage, with a radial basis function as the kernel 

function. The two classifiers show approximately the same performance; see Figure 9 for details. This figure 

shows that the MLP achieved 99.5% accuracy, while the SVM achieved 97.1% accuracy, indicating that the 

proposed method performs well at distinguishing between the two skin diseases [25, 26]. Moreover, the 

proposed method achieves performance comparable to, and in some cases surpassing, that of several recent 

studies [2, 28]. Future works can be considered to employ cloud computing [29], using machine learning [30] 

and optical techniques [31] to enhance the outcomes of this study. 
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Figure 9. The confusion matrices of the two classifiers: (a) MLP confusion matrix, (b) SVM confusion matrix  

5. Conclusion 

The skin is the body's outer layer that protects it and is prone to lesions. These can hurt, make you feel horrible 

about yourself, and even put your health at risk. It is not only necessary for medical reasons to treat skin disorders 

quickly, but it is also important for social sustainability since untreated problems can make patients' lives worse 

and make it harder for them to be involved in their communities. This research shows how to utilize AI to 

determine the difference between acne and actinic keratosis using image-processing approaches that don't need 

as many computational resources. This helps healthcare technologies use fewer resources.  

Because there wasn't a single dataset, lesion photos were taken from different sources, resized to the same size, 

and improved by using grayscale light. We employed Local Binary Patterns (LBP) to extract and simplify 

features, and then we applied machine learning models to sort them. The results showed that the Multilayer 

Perceptron (MLP) was more accurate (99.5%) than the Support Vector Machine (SVM) (97.5%). This strategy 

combines accurate diagnosis with efficient computing to help make long-term healthcare solutions that are 

easier to find, can be utilized by more people, and can enhance patients' health while using fewer technology 

resources. 
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