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Abstract: Objective: The goal of this research is to use scalp and hair images to create an efficient deep learning framework for 

the automated detection and severity categorization of Alopecia Areata (AA). Methods: Using scalp and hair images collected from 

the Derm-Net and Figaro1K databases, the proposed ADAR-Net framework is developed to detect and assess Alopecia Areata. 

Important local and global characteristics are first extracted from the input images by two distinct FRCNN-based encoder networks. 

The model combines Cross-Residual Learning (CRL) and Multi-Task Learning (MTL) strategies to improve feature learning and 

enhance information transfer between related tasks. The relationships between the collected characteristics are then captured by 

combining them and passing them via an LSTM layer. However, the model is able to focus on the most important areas of the 

images while minimizing the impact of irrelevant data thanks to Channel Attention and Spatial Attention methods. The images are 

then classified into four categories: Healthy Alopecia Areata, Mild Alopecia Areata, Moderate Alopecia Areata, and Severe 

Alopecia Areata after the improved features are put into a fully connected layer and a SoftMax classifier. Conclusion: The test 

findings demonstrate that, in comparison to all previous conventional systems, the proposed Attention-Driven Alopecia detection 

Network (ADAR-Net), which is designed to enhance the automated detection and classification of Alopecia Areata using hair and 

scalp image databases, achieves an accuracy of 95.1%. Novelty: The combination of the CRL, MTL, LSTM, and attention processes 

in a single model for Alopecia Areata identification is what makes this work innovative. By using attention-guided learning, the 

suggested architecture concurrently learns complementing scalp and hair characteristics and improves their representation. 
Keywords: Dermatological Classification, Scalp Image Analysis, Deep Learning, Multi-Task Learning, Cross-Residual Learning, 

Alopecia Areata 

 

1. INTRODUCTION: 

With the growing incidence of hair and scalp diseases, scalp-related disorders are an important area of research 

in dermatology. Several diagnostic methods were proposed to identify abnormalities located in the scalp, but it is still 

difficult to accurately recognize each of the different types of scalp conditions due to the similarity among the visual 

symptoms and the complexity of the scalp textures [1]. In recent years, mathematical techniques of artificial 

intelligence and deep learning have advanced greatly, and such advances have had great impact on automated medical 

image analysis systems, particularly in dermatological applications such as examination of the scalp and hair. [2] 

Different smart scalp analysis systems have been created to automatically analyze the micro image of the scalp and 

support the diagnosis of the diseases. Advanced feature extraction methods enable deep learning-based systems to 

detect common skin conditions on the scalp, including psoriasis, dandruff, hair thinning, cellulitis, and baldness. [2] 

Typically, these systems comprise image capturing modules, diagnostic engines on the web and automatic 

classification modules for effective scalp condition monitoring. Recently, convolutional neural networks and residual 

learning models have had successful applications to determine complicated scalp abnormalities from image datasets.  

Alopecia Areata (AA), which is manifested by sudden non-scarring hair loss in discrete areas of the scalp, is 

one of the most common scalp disorders affecting about 2% of the population throughout life [3,4]. Because the 
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process of disease progression is best, the treatment can be more effective if the diagnosis is made early. Trichoscopy 

and biopsy-based studies (which require some experience and take time and might not be applicable for wide screening 

applications) are conventional diagnostic methods used in AA [5]. This means that computer-assisted methods are 

necessary to enhance the efficiency and accuracy of diagnosis. 

In recent years, the use of deep learning algorithms for scalp and dermoscopic image analysis for the diagnosis 

of hair loss disorders has proven to be effective [6–8]. However, most of the current models are difficult to train both 

local scalp patterns and global feature representations simultaneously. Moreover, most traditional machine learning 

and deep learning methods show poor generalization to various and complex scalp image datasets. 

In this work, a multi-task deep learning framework is proposed to address the mentioned drawbacks: automatic 

recognition of Alopecia Areata and analysis of the condition of the scalp using an attention mechanism. The proposed 

system consists of multi-task learning and cross-residual learning techniques to enhance the representation of 

discriminative scalp & hair features. To represent the local and global characteristics of the image at various scales, 

hybrid deep architecture is used, which includes Faster Residual Convolutional Neural Networks (FRCNN) and Long 

Short-Term Memory (LSTM) networks. Learning tasks can be related, so that cross-residual connections enable 

effective knowledge sharing among learning tasks and better generalization across the network. In addition, the 

framework is enhanced by the addition of attention mechanism, which assigns higher weights to diagnostically 

relevant scalp regions while lower weights are assigned to the irrelevant background information. 

The extracted feature representations are then fed into fully connected layers and SoftMax classifier to correctly 

classify various AA conditions. The contributions of this work are as follows: (i) Cross-residual learning (CR) method 

for efficiently transferring knowledge between different related tasks; (ii) multi-task deep learning architecture with 

FRCNN, LSTM and attention mechanism for extracting comprehensive features; (iii) Unified framework to improve 

the classification performance of Alopecia Areata and analyze the condition of the scalp. The experimental results 

demonstrate the performance of the proposed framework in classification process when evaluated in comparison to 

the conventional machine learning and deep learning-based system which reveals the significance of cross-task feature 

integration in the intelligent dermatological diagnosis system. 

2. RECENT WORK: 

In this regard, a number of research studies have studied the diagnosis of scalp diseases using artificial 

intelligence and deep learning technology and detection of hair loss. Various computational frameworks have been 

proposed to boost the identification and classification of Alopecia Areata (AA) and other scalp-related abnormalities. 

A Deep Neural Network (DNN)[9] was developed to estimate the Severity of Alopecia Tool (SALT) score and to 

detect affected areas on the scalp of patients with AA. In this method, the texture-based analysis was performed on 

the scalp images processed before to detect the region of the lesions. The framework is successfully effective in 

diagnostic performance, but the data obtained in this research are still obtained from a single medical institution, 

making the diagnostic model difficult to generalize. Furthermore, the training process was time consuming and was 

affected by artefacts in the images due to errors in the illumination and exposure conditions. A pre-trained image 

processing-based scalp disease classification framework [10] was also developed for automatizing the scalp condition 

recognition. The first step in this process was to obtain and preprocess scalp images, in order to enhance image quality. 

The Region of Interest (ROI) was extracted after preprocessing by multiple visual characteristics including texture, 

shape and color information. The extracted pre-trained features were then used for disease categorization using 

Support Vector Machine (SVM) classifier. The framework, however, took a long time in processing and was examined 

only in a relatively small data set. A lightweight CNN model, Hair Diagnosis Mobile Net (HDM-Net) [11] was 

proposed to identify the severity of hair damage. The extracted features were further classified using an SVM based 

classifier and the architecture HDM-Net was used for efficient feature extraction and feature selection. The framework 

limited the number of trainable parameters and computation, but the classification precision was not high enough to 

be used in practice. The trichoscopic properties of Female Pattern Hair Loss (FPHL) among Chinese Han patients 

were analyzed in another study [12]. In this concept, photographs of the hair were taken from various regions of the 
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scalp and analyzed to assess various trichoscopy parameters including hair density, hair shaft thickness, vellus hair 

ratio, and follicular unit percentage. The variations between male and female FPHL patients were also investigated. 

However, the study made use of small samples of data, and the results were not applicable to wider, healthier 

populations. A machine learning based classification method [13] has been developed for classification of healthy hair 

conditions from Alopecia Areata. The initial processing and segmentation of scalp and hair images was performed 

into various regions. Each segment subsequently underwent a number of visual features such as texture, shape and 

color features. The last two classifiers, SVM and KNN, were applied for the classification of healthy and AA 

conditions. Although the performance is moderate, the classification accuracy declined in the case of the large-scale 

dataset. In addition, a deep learning framework [14] was suggested for automatic trichoscopy scan analysis and 

quantitative classification of androgenetic alopecia in males. This approach involved processing trichoscopic images 

of the scalp with a CNN-based deep learning architecture to extract the detailed patterns of the scalp. Several ordinal 

logistic regression models were then used to predict the primary and detailed alopecia classifications. The sample size 

for training, however, was small and most participants were from a particular geographical population, which 

decreased the diversity and robustness of models. Their effectiveness of scalp density analysis using deep learning 

techniques also was investigated [15]. RGB scalp images obtained from male alopecia patients were used to extract 

the information on the position of the follicles and to classify the hair follicles into groups based on the number of 

hairs visible in the images. Advanced object detection models were used for identification and classification of 

follicles, which are Efficient, YOLOv4 and Detectors. However, the efficiency of the above models for classification 

was significantly reduced owing to similarity in visual features of some of the groups of follicles, particularly Group-

3 sample. Furthermore, the problems of class imbalance negatively influenced the overall prediction performance. 

Later, an intelligent system for scalp diagnosis and classification was introduced using an automated approach that 

utilizes the Efficient Net architecture, called AI-Scalp Grader [16]. The framework showed good results, but the 

accuracy achieved was not satisfactory, from 87.3% to 91.3%, which means there is a need to further improve the 

diagnostic ability. In a similar fashion, a method with 2D CNN was suggested for recognizing multiple scalp diseases 

and hair loss disorders on a dataset of scalp images gathered from the internet [17,18]. But the framework was not as 

effective and generalizable due to the lack of a common dataset and the lack of diversity in the images. The analysis 

of the previous studies shows that there are still a number of challenges such as limited size of datasets, inadequate 

representation of features, decreased generalization and decreased classification accuracy in the existing machine 

learning and deep learning techniques.[19,20] Hence, there is a heavy need of the development of an intelligent 

framework with advanced capabilities for the effective learning of local and global scalp features for the overall 

enhancement of the efficiency and reliability of Alopecia Areata diagnosis. 

3. Methodology: 

A brief explanation of the proposed Attention-Driven Deep Learning Framework for Alopecia Areata 

Recognition is given in this section. The pipeline of the presented study is presented in a schematic way in Figure 1. 

Healthy and AA hair and scalp photos for the first are acquired from websites that are easily accessible. These images 

are then used to train the MT Deep model in accordance with the MTL (Multi-Task Learning) and CRL (Cross-

Residual Learning). Furthermore, the learned model is used for the classification of test samples to healthy or different 

AA states. 

Figure 1 shows the overall process of the proposed Attention-Based Multi-Task Deep Learning framework for 

the classification of Alopecia Areata. 
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Fig 1. An overview presented Study for AA Classification 

3.1 Dataset Description  

The two publicly available datasets used to develop and evaluate the proposed model for Alopecia Areata (AA) 

detection and classification are scalp and hair images. The datasets contain images of both healthy and different stages 

of Alopecia Areata, which helps the model to distinguish between various classes and learn effectively.  

Figaro1K Dataset 

The Figaro1K dataset consists of ~1050 hair images of various hair types and textures including straight, wavy 

and curly hair. A total of 350 images of healthy and normal hair condition were selected for this study. The healthy 

class consisted of these images to help the model distinguish between healthy and cases of Alopecia Areata.  

Derm-Net Dataset 

The Derm-Net data set contains images of different skin and scalp diseases, such as Alopecia Areata. This data 

set was used to collect 1,050 images of Alopecia Areata and classify them in three categories: mild, moderate and 

severe. There are 350 images in each category and samples are equally distributed across all stages of the disease.  

Images from both obtained datasets were digitally merged and a total scalp image dataset was obtained. Before 

model training, all images were preprocessed to maintain consistent image size and quality. The trained and tested 

dataset was then used to train and evaluate the proposed ADAR-Net framework. Images of healthy scalp and Alopecia 

Areata images were shown as representative examples as seen in Figure 2. 

3.2 Cross-Residual Learning for Multi-Task Feature Extraction 

 Advanced extension to the Residual Learning, namely Cross-Residual Learning (CRL) which enhances the 

feature extraction by enabling the information to be shared across different related tasks. The input features are passed 

through a shortcut and added to the transformed features learned by the network in a conventional residual network. 

This process is useful in maintaining important information and use in training deep neural networks effectively. 

The output of a basic residual block is given by: 

 (1) 
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In Equation (1)x is the feature map that is given as input, F (x, Wi) is the residual feature map learned by the 

network, and Ws is the shortcut projection used to align the feature maps when needed. Cross-Residual Learning is a 

method to further enrich learning by providing extra linkages between the related task branches. Each task can use 

helpful features that were learned from other jointly related tasks as well as task-specific residual information. This 

cooperative learning approach allows for the network to learn more discriminative and powerful feature 

representations.  

The output of a cross-residual block is:  

 (2) 

In Equation (2) y(t) is the output of the target task t, N is the total number of tasks related to task t, W(j)x is the 

information provided by the other branches of the task. Such cross-task relationships promote representation sharing 

and enable the model to learn both task-specific and shared representations at the same time. The proposed work is 

based on CRL that would be added to the multi-task learning architecture, which would enhance the analysis of scalp 

and hair images for Alopecia Areata detection. The network learns richer local and global features through the 

exchange of complementary information between similar tasks, limits the overtraining problem, produces better 

classification performance and generalization ability. 

 

Fig 2.Scalp hair and Alopecia Areata image samples 

3.2.1 Early Normalization Strategy 

By enhancing model robustness and reducing a possibility of overfitting, regularization and normalization 

techniques are essential to deep learning optimization. Apart from reducing the prediction error, the purpose of training 

is to ensure the robustness and generalizability of the feature representations learnt under different types of data. 

Conventional deep learning models often implement regularization to minimize the number of changes made to the 

parameters of the network and to smooth the translations of the features[22] 

 In the proposed architecture, the Cross-Residual Learning (CRL) method is used to exchange information 

among related learning tasks as internal normalization approach. In training, the network enables the representations 

of features to influence and regulate each other instead of doing each task independently. This collaborative learning 

approach ensures uniformity across task-specific feature spaces, and avoids the use of extreme specialization towards 

a specific task. The suggested cross-residual method normalizes directly in the intermediate layers of the network, 

which is different from the typical normalizing methods that are applied at the end of the loss computation process. 

The network constantly improves its learnt representations by adding complementary knowledge from related tasks 
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as feature information moves across the cross-residual pathways. As a result, during the training process, feature 

distributions develop more reliable and informatively. 

 Another advantage of this approach is to minimize training variability. By having multiple tasks concurrently 

participating in feature refinement, noise and small changes within certain task branches are less likely to affect the 

learning process, and thus the model's convergence behavior and its ability to generate reliable feature representations.  

Consequently, the cross-residual layer can be regarded as an in-network normalizing process which benefits 

knowledge sharing, promotes feature consistency, and boosts the generalization capability of the multi-task learning 

framework. The proposed architecture is more stable and effective in providing training for Alopecia Areata 

identification by introducing normalization at the stage of feature learning along with output stage. 

3.2.2 Connection to Multitask Learning & Residual Networks 

Residual networks can be thought of as a reduced version of bridge networks, a network in which the 

information passes through the network with a shortcut without the need to explicitly use change and carry gates. The 

output of a bridge layer in a bridge network is defined as:  

 (3) 

The feature mapping is changed in the transformed way by H (x, WH); the change and carry gates are T (x, 

WT) and C (x, WC), respectively. The number of transformed and original information propagated through the 

network is controlled by these gates. If both gates are active, the bridge layer is similar to a conventional residual 

layer.  

On this idea, Cross-Residual Learning (CRL) is proposed to include multiple shortcut pathways contributing 

information in parallel. CRL enables feature representations from related tasks to interact and share knowledge, rather 

than the use of a single residual connection. These interactions help to develop a more robust representational capacity 

of the network and the capacity for collaborative learning across task branches.  

The same correlation exists between residual networks and Long Short-Term Memory (LSTM) architectures 

as well. The information flow in an LSTM network is directed by the use of gating mechanisms and memory cells. 

One input gate, one forgets gate and one cell state update can be expressed as: 

 (4) 

 (5) 

 (6) 

Where t: time step, it: input gate, ft: forget gate, Ct: memory cell state, ht: hidden state.  

All of these components play a role in regulating the retention, updating and transfer of information during 

learning. When the recurrent connections are switched off and all the gating mechanisms are assumed to be fully 

active, the LSTM architecture can be interpreted as a feed-forward residual network. In such situations, information 

is passed mostly by short-cut ways of information passing, like residual learning. Applying this logic, one can consider 

Cross-Residual Learning to be a feed-forward network where information from various task branches flows from one 

module to the other through shared residual units. The cross-residual weights are similar to the memory-control 

mechanism in that they control what tasks are influenced by the learning of the other. Therefore, the knowledge learned 

in one task may help the learning process in other related tasks and improve the feature representation and 

classification performance.  
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The proposed cross-residual framework is a novel combination of transformed representations and multiple 

information streams for a particular task, compared to traditional residual networks, which fuse transformed features 

with a single shortcut connection. This sharing of features allows the network to gather more contextual information 

and to transfer knowledge between tasks that are related. This enables the proposed framework to attain better 

generalization property, better feature learning and better performance in Alopecia Areata recognition and disease 

level classification. 

3.3 Multi-Task Cross-Residual Learning-Based AA Recognition Model 

This section introduces a multi-task cross-residual learning-based AA recognition model. The proposed 

Attention-Driven Deep Learning Framework for Alopecia Areata Recognition. Areata recognition which integrates 

Multi-Task Learning and Cross-Residual Learning. The main purpose of this design is to learn local features of the 

scalp and global features of the hair simultaneously and to share information efficiently between learning tasks. The 

architecture is comprised of several feature extraction branches, linked by cross-residual pathways. These connections 

allow representations related to a given task to interact and enhance the discriminative ability of deeper layers in the 

network. Consequently, the framework achieves superior feature learning without too large feature spaces as input. In 

order to further boost the classification performance, an attention-guided mechanism is added on to the network. This 

module allows the framework to pay attention to informative scalp areas and ignore the background patterns. 

3.3.1 Attention Based Feature Enhancement  

An attention mechanism is introduced to the MT Deep architecture before the SoftMax classification layer in 

order to improve the proposed framework's feature learning capacity. By reducing the impact of irrelevant background 

patterns, the attention module enhances the network's ability to focus on informative scalp areas. This is accomplished 

by identifying features linked to the condition and improving the characteristic maps created throughout the learning 

process. 

Channel Attention and Spatial Attention are the two supporting components of the attention module. The 

purpose of channel attention is to evaluate each feature channel's value and give channels with discriminative 

information more weight. This is accomplished by performing L2-normalization across all spatial locations inside 

each feature channel, which reduces duplicated information and highlights the most relevant channel-wise responses. 

The following is an expression for the channel attention operation: 

 (7) 

where xᵢ, c is the feature value at the c-th channel's i-th spatial point. 

Spatial attention, on the other hand, concentrates on locating significant areas within the feature map. By 

analyzing the spatial correlations between pixels, this system produces attention scores that show how important 

certain visual regions are. To create spatial attention weights, feature values are first standardized across all channels 

and then processed using a sigmoid activation function. 

The definition of the spatial attention function is: 

 (8) 

where xᵢ,c represents the feature vector at the i-th spatial position, μc is the mean value of the feature map 

corresponding to the c-th channel, and σc is the standard deviation. 
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The network reduces noise and irrelevant visual input while maintaining significant scalp features due to the 

combined impact of channel and spatial attention. Feature representations thus become more discriminative and 

appropriate for accurate Alopecia Areata classification. 

3.3.2 Proposed Architecture of the Attention-Driven Deep Learning Framework for Alopecia Areata 

Recognition 

Figure 3 shows the overall architecture of the proposed Attention-Driven Deep Learning Framework for 

Alopecia Areata Recognition (ADAR-Net). It starts by obtaining images of hair and scalp from the Figaro1K and 

Derm-Net datasets. The images are first preprocessed by resizing the images, normalizing them and augmenting the 

data with techniques to increase the diversity of the training data and improve the image quality. 

The preprocessed images are then fed into two different feature extraction networks, Hair Encoder (FRCNN) 

and Scalp Encoder (FRCNN). The extracted important features from the images of hair and scalp by these encoders. 

Then the extracted features are passed on to the Cross-Residual Learning (CRL) module, which provides the 

possibility of information exchange between the two learning streams. The Multi-Task Feature Fusion (MTL) module 

then merges the learnt features in a single feature representation.  

Features are then fused and passed through an LSTM network to learn of the context and enhance feature 

learning. To focus on the most relevant disease-related regions, Channel Attention and Spatial Attention mechanisms 

are applied. These attention modules increase desirable attributes and diminish the effects of less desirable 

information. 

Lastly, a Fully Connected Layer is used to refine the features and a SoftMax Classifier is employed for the 

classification. The proposed system categorizes input images into four categories, namely Healthy, Mild AA, 

Moderate AA, and Severe AA, which will help for the recognition and severity of Alopecia areata. 
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Fig. 3. Overall framework of the proposed ADAR-Net, incorporating dual FRCNN encoders, Cross-

Residual Learning (CRL), Multi-Task Learning (MTL)-based feature fusion, LSTM-driven contextual 

representation, attention-based feature refinement, and SoftMax classification for Alopecia Areata 

recognition. 

4. Results and Discussion 

MATLAB R2017b was used to assess the efficacy of the suggested “An Attention-Driven Deep Learning 

Framework for Alopecia Areata Recognition”. The Figaro1k and Derm-Net datasets, which are detailed in Section 

3.1, were used for experimental analysis. 1,050 Alopecia Areata (AA) images from the Derm-Net repository and 350 

normal hair images from the Figaro1k collection made up the 1,400 scalp and hair images used in the experiment. 

The dataset was divided into training set and test set to develop and test the classification model. The model 

was trained using about 80% of the pictures (1,120 samples), with the remaining 20% (280 samples) were reserved 

for performance assessment. 840 AA images, which represented mild, moderate, and severe illness categories, and 

280 normal scalp images made up the training dataset. The testing set consisted of 70 images of each class across the 

three classes of severity (210 AA, 70 normal). 

The Stochastic Gradient Descent (SGD) technique was used to optimize the proposed network. The batch size 

used for training was 25, and weight decay and momentum coefficient were 0.0001 and 0.9, respectively. Furthermore, 

it was decided that a starting learning rate of 0.001 should be used, to ensure good convergence and parameter tuning. 
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The performance of the proposed framework was tested and compared with some of the existing machine 

learning and deep learning algorithms, which are mentioned in the literature, such as Scalp Eye [2], Deep Neural 

Network (DNN) [9],Support Vector Machine (SVM) [10],K-Nearest Neighbor (KNN) [13], YOLOv4 [15] and AI-

Scalp Grader [16]. The comparative evaluation was carried out on the basis of some popular classification measures 

which include accuracy, precision, recall, and F-measure. 

4.1 Performance Evaluation Metrics 

The following statistical measures were used to evaluate the developed framework's classification ability:[21] 

Accuracy 

The percentage of correctly categorized samples out of all the samples that were analyzed is known as accuracy. 

It offers a general assessment of the categorization system's efficacy. 

 (9) 

 where: 

● TP (True Positive): the number of healthy samples that were accurately classified as healthy. 

● TN (True Negative): the number of Alopecia Areata samples that were accurately classified as AA. 

● FP (False Positive): the number of AA samples that were incorrectly categorized as healthy. 

● FN (False Negative): the number of healthy samples that were incorrectly categorized as AA. 

Precision: Precision measures the percentage of correctly predicted positive samples among all positive 

samples. It shows how consistent the model's helpful predictions are. 

(10) 

Recall:Recallsometimes referred to as sensitivity, measures how well the model can recognize real positive 

samples.  A higher recall value indicates better disease detection capability. 

(11) 

F-Measure:By combining Precision and Recall into a single statistic, the F-Measure offers a fair evaluation of 

model performance. When there is an imbalance in class distributions, it is very helpful. 

(12) 
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The performance of the suggested An Attention-Driven Deep Learning Framework for Alopecia Areata 

Recognition was thoroughly examined using these evaluation metrices, and its effectiveness was compared with other 

approaches for classifying scalp diseases. 

Table 1 presents the confusion matrix and indicates the results of each class (normal, mild AA, moderate AA, 

and severe AA). 

 

Diagonal values (67, 66, 67, and 67) denote correct classifications, while off-diagonal values indicate 

misclassifications. The results indicate that the proposed method An Attention-Driven Deep Learning Framework for 

Alopecia Areata Recognition has good classification performance and has learned the features well, most of the images 

of the three types of Normal, Mild AA, Moderate AA and Severe AA are classified correctly. 

 

Fig 5. Compared the precision, recall and f-measure of various AA classification models. 

Figure 5 Presents the comparison of various Alopecia Areata (AA) classification models using Precision, Recall 

and F-measure. The results indicate that the proposed method (ADAR-Net) is superior to all compared methods. In 

terms of Precision, the proposed model achieves approximately 94.0%, whereas KNN, SVM, DNN, YOLOv4, Scalp 

Eye, and AI-Scalp Grader achieve about 71.0%, 78.0%, 80.0%, 83.5%, 90.0%, and 90.5%, respectively. Similarly, 

the Recall value of the proposed framework reaches approximately 95.0%, which is higher than KNN (72.0%), SVM 

(78.0%), DNN (80.0%), YOLOv4 (84.0%), Scalp Eye (89.0%), and AI-Scalp Grader (90.0%). For F-measure, the 

proposed model attains nearly 95.0%, while KNN, SVM, DNN, YOLOv4, Scalp Eye, and AI-Scalp Grader obtain 

around 71.5%, 78.0%, 80.0%, 84.0%, 89.5%, and 90.0%, respectively. The results show that the proposed ADAR-
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Net is more accurate and reliable for the classification of Alopecia Areata. The improved performance is mainly due 

to the effective combination of Cross-Residual Learning (CRL), Multi-Task Learning (MTL), LSTM-based feature 

modeling, and attention mechanisms, which enhance feature representation and disease recognition capability. 

 

Fig 6. A comparison of the accuracy of various AA classification models. 

Figure 6 Presents the classification accuracy of various Alopecia Areata (AA) recognition models. The results 

demonstrate that the proposed ADAR-Net method achieves the best accuracy compared to the other methods 

compared. The proposed framework achieves an accuracy of around 95.1%, whereas the KNN, SVM, DNN, 

YOLOv4, Scalp Eye and AI-Scalp Grader achieve around 74.0%, 80.0%, 82.0%, 86.0%, 90.5%, and 92.0%, 

respectively. The proposed model has better accuracy, which shows that the model can classify more accurately 

different types of Alopecia Areata than the existing models. The main contributions to this improvement are primarily 

due to the introduction of Cross-Residual Learning (CRL), Multi-Task Learning (MTL), feature modeling using 

LSTM, and the attention mechanisms. These components facilitate the framework to learn meaningful information 

from both scalp and hair images, leading to more discriminative feature representations and better classification 

results. The results validate the suggested ADAR-Net as a stable and solid method for Alopecia Areata identification 

and severity classification. 

5. Conclusion 

In this study, the authors introduced an Attention-Driven Deep Learning Framework for Alopecia Areata 

Recognition (ADAR-Net) for automatic detection and severity classification of Alopecia Areata. The proposed 

framework combines the feature extraction technique based on FRCNN, Cross-Residual Learning (CRL), Multi-Task 

Learning (MTL), LSTM-based contextual modeling, and attention mechanism, which can effectively extract the 

discriminative information from scalp and hair images. The framework is able to enhance recognition of different 

conditions of Alopecia Areata by integrating local and global feature representations.  

The results of the experiment showed that the proposed approach was successful with an accuracy of 95.1% 

and it outperforms several existing approaches in terms of Precision, Recall, F-measure, and Accuracy. CRL and MTL 

were added to boost feature sharing and representation learning, and the attention module and LSTM was added to 

help the model concentrate on clinically relevant patterns. Consequently, the framework was able to accurately 

categorize images into four classes: Healthy, Mild AA, Moderate AA, and Severe AA.  

The overall proposed ADAR-Net can be considered as a useful computer-aided tool to assist in the diagnosis 

and severity assessment of Alopecia Areata. For future work, a larger and more diverse data set will be used to further 

extend the robustness and generalization ability of the framework. Moreover, more sophisticated data augmentation 

and feature enhancement methods can be explored, in order to improve the classification accuracy in real-world 

clinical settings. 
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