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____________________________________________________________________________________________________________ 

Abstract: This study presents a novel approach to diagnosing vitiligo through the use of artificial neural 

networks (ANNs) and dermatological image analysis. Leveraging advanced image processing 

techniques, we analyzed skin lesion images to identify vitiligo with greater precision and speed. Our 

approach utilizes a pre-trained convolutional neural network (CNN) model, fine-tuned on a dataset of 

dermatological images to extract critical features from the lesions. The ANN then processes these 

features to classify the presence or absence of vitiligo. By incorporating patient demographic data along 

with image analysis, we improved the diagnostic accuracy of the model. This method demonstrates 

significant potential in reducing diagnostic error and aiding dermatologists in clinical decision-making. 

The results show improved prediction performance and offer a more efficient, non-invasive alternative 

for diagnosing vitiligo, with implications for future clinical applications and automated dermatological 

analysis. 
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____________________________________________________________________________________________________________  

1. Introduction 

Vitiligo is a long-term skin disorder characterized by the absence of pigmentation, resulting in white spots 

on the skin. While not life-threatening, this condition can significantly impact an individual's psychological 

well-being and social interactions due to its visible nature. Prompt and precise diagnosis of vitiligo is essential 

for effective treatment and management. Conventionally, skin specialists rely on physical examinations and 

instruments like Wood's lamp or skin sampling for diagnosis. However, these approaches can be subjective 

and reliant on the doctor's expertise [1]. In recent times, progress in artificial intelligence (AI) and machine 

learning, especially artificial neural networks (ANNs), has created new opportunities for enhancing diagnostic 

precision in dermatology. ANNs have demonstrated promising outcomes in image-based medical diagnoses, 

allowing for automatic identification of patterns and features in complex datasets [2]. Utilizing AI for vitiligo 

diagnosis could provide more consistent and objective evaluations, potentially improving the speed and 

accuracy of diagnosis, particularly in areas with limited resources. 
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The analysis of dermatological images is central to this approach, where neural networks can be trained to 

identify vitiligo's distinctive depigmentation patterns. By examining digital skin images, ANNs can detect 

subtle pigmentation differences that may be challenging for the human eye to perceive. This innovative 

method could transform vitiligo diagnosis by reducing dependence on invasive procedures and improving 

diagnostic accuracy [3]. In this context, incorporating AI into dermatological practices represents a promising 

avenue for improving clinical outcomes and assisting dermatologists in the early detection and management 

of vitiligo. Additional research into the application of ANNs in dermatology is crucial for developing more 

robust and scalable diagnostic tools. 

Vitiligo is a skin condition marked by pigment loss in specific skin areas, resulting in white patches. Although 

not life-threatening, vitiligo can have significant psychological and social effects due to its visible nature. Early 

and accurate diagnosis is vital for effective management and treatment of the condition. Traditional vitiligo 

diagnostic methods include clinical examinations, Wood's lamp assessments, and skin biopsies. However, 

these approaches are often subjective and rely on the dermatologist's expertise [4]. In recent years, machine 

learning (ML) techniques have gained popularity in the medical field, particularly in dermatology. These 

technologies have been increasingly employed to automate the diagnosis of skin diseases, including vitiligo. 

Machine learning models, especially those using image data, have shown the ability to identify subtle patterns 

in skin pigmentation that may not be easily visible to the naked eye. By training these models on extensive 

datasets of skin images, researchers aim to improve the accuracy and consistency of vitiligo diagnoses [5]. 

Machine learning algorithms, particularly convolutional neural networks (CNNs), are being employed in 

vitiligo diagnosis to analyze large datasets of skin images. These algorithms can identify characteristics and 

patterns associated with the condition, enabling quicker and more precise diagnoses by clinicians [6]. This 

technological advancement may decrease the need for invasive procedures and enhance diagnostic results, 

especially in areas with limited access to dermatology specialists. 

The ongoing development of machine learning suggests a significant potential for transforming 

dermatological practices. Incorporating ML into vitiligo diagnosis could result in more impartial, dependable, 

and accessible diagnostic tools, benefiting both patients and healthcare professionals. 

Vitiligo, a long-term skin disorder characterized by pigment loss, can significantly impact patients' 

psychological and social well-being [7]. Conventional diagnostic methods primarily rely on visual examination 

and clinical expertise, which can lead to inconsistent outcomes due to the subjective nature of assessments [8]. 

Recent progress in artificial intelligence (AI) and deep learning, specifically through artificial neural networks 

(ANNs), has shown promise in automating and improving the accuracy of vitiligo diagnosis. 

The application of ANNs in medical image analysis has been steadily increasing, with numerous studies 

highlighting its potential for diagnosing skin disorders [1]. Convolutional neural networks (CNNs), a specific 

type of ANN, have gained popularity due to their ability to extract spatial features from images. In 

dermatological applications, CNNs have been used to diagnose various skin diseases, including melanoma 

and other skin cancers, achieving high diagnostic accuracy comparable to that of dermatologists [9]. This 

success has prompted further exploration of CNNs for less-studied conditions, such as vitiligo. While research 

on vitiligo diagnosis using CNNs is relatively limited compared to other skin conditions, studies indicate that 

these neural networks can effectively distinguish between vitiligo and other pigmentary disorders, such as 

melisma or post-inflammatory hyperpigmentation, through the analysis of dermatological image [10]. These 

models can be trained to identify subtle differences in pigmentation patterns, edge definition, and lesion 

distribution, which may not be easily detected by the human eye. Combining ANN-based diagnostic systems 

with dermatological image repositories has the potential to enhance diagnostic precision and speed. An 
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increasing number of studies highlight the crucial role of well-annotated, high-quality datasets in developing 

robust AI models for vitiligo detection. Research utilizing extensive image collections, such as the HAM10000 

dataset, has been instrumental in enhancing AI system performance in dermatological applications [11]. While 

this particular dataset concentrates on skin cancer, comparable databases are necessary for vitiligo to ensure 

AI models can effectively generalize across diverse patient groups. 

Beyond image-based diagnosis, AI models can be enhanced by incorporating patient demographic 

information, including age, gender, and genetic susceptibility, to boost diagnostic accuracy [12]. Machine 

learning algorithms can combine these data elements with image analysis to provide a more comprehensive 

evaluation of a patient's condition. This multifaceted approach is especially valuable in vitiligo cases, where 

factors like family history and autoimmune associations play a significant role in diagnosis and treatment 

strategies. 

Although the use of ANNs in vitiligo diagnosis is still in its early phases, the potential for AI to transform 

dermatological care is evident. Automated diagnostic tools could alleviate dermatologists' workload, enhance 

diagnostic consistency, and improve patient outcomes. Nevertheless, challenges remain, such as the need for 

larger, more diverse datasets and the development of interpretable AI models that offer transparent 

explanations for their predictions [13]. 

To conclude, employing ANNs for vitiligo diagnosis shows promise in improving diagnostic accuracy and 

consistency. As AI technology progresses, continued research and development in this field will be crucial to 

fully harness its potential in clinical practice. 

 

2. Literature Review 

Recent advancements in artificial intelligence (AI) and machine learning have led to increased interest in 

utilizing image detection for disease diagnosis, particularly in healthcare. Deep learning, a branch of machine 

learning, has played a crucial role in this progress, notably through convolutional neural networks (CNNs). 

These networks have been effectively applied to analyze medical images across various disease categories, 

automatically extracting relevant features without the need for manual engineering, and demonstrating 

remarkable performance in disease detection. CNNs have been extensively employed in dermatology for 

identifying skin conditions such as skin cancer, eczema, and psoriasis. Research by Esteva et al. (2017) showed 

that CNNs can classify skin lesions with accuracy comparable to dermatologists, using a substantial dataset of 

dermoscopic images. This study highlighted the potential of CNNs to enhance diagnostic precision in 

everyday clinical practice. Additionally, [14] [21] discovered that AI models surpassed dermatologists in 

classifying melanoma images, indicating that AI tools can aid in early detection, which is vital for patient 

outcomes. 

The application of CNNs extends beyond dermatology to radiology, where they are used for disease 

detection in various imaging modalities including X-rays, CT scans, and MRIs. [14] Developed CheXNet, a 

CNN-based model for detecting pneumonia from chest X-rays, which achieved higher diagnostic accuracy 

than radiologists. This research emphasized how AI can support healthcare professionals by minimizing 

diagnostic errors and accelerating medical image evaluation. In ophthalmology, AI-driven image detection has 

significantly contributed to the identification of diabetic retinopathy. [15] Created a deep learning algorithm 

to detect diabetic retinopathy from retinal fundus photographs. Their model exhibited high sensitivity and 

specificity, opening the door for automated screening systems that can alleviate the strain on healthcare 

providers and deliver faster results in resource-constrained environments. These automated systems are 
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particularly valuable in detecting early-stage diseases, where prompt intervention can prevent severe 

outcomes like vision loss in diabetic retinopathy. 

AI models have also been utilized in pathology to assist in cancer detection from histopathological images. 

A review by Litjens et al. (2017) examined the application of deep learning in pathology, revealing that CNNs 

can accurately identify cancers such as breast and prostate cancer in whole-slide images. The integration of AI 

in this field enhances diagnostic precision and provides pathologists with a second opinion, especially in 

complex or ambiguous cases. Although AI has shown promise in disease detection using medical images, 

several obstacles remain in its widespread adoption. A key challenge is obtaining substantial, diverse, and 

high-quality labeled datasets to train AI models that can effectively function across various populations and 

healthcare environments (Tschandl et al., 2018). Additionally, there are concerns about the transparency and 

interpretability of AI-driven decisions, which must be addressed to gain the trust of both medical professionals 

and patients (Holzinger et al., 2017). To tackle this issue, researchers are developing explainable AI models 

that provide insights into the decision-making process, a crucial step for integrating AI into clinical practice 

medical fields [16-18]. 

In summary, AI and CNNs have the potential to revolutionize disease diagnosis through image detection 

across multiple while initial research has demonstrated the efficacy of AI in identifying diseases, additional 

studies are necessary to overcome current limitations and ensure the responsible and ethical implementation 

of these technologies in healthcare settings. 

 

3. Methodology  

The methodology of the research is given as: 

 
Figure 1.  Methodology block diagram 

The diagram illustrates a methodology for categorizing vitiligo skin images using diverse machine learning 

techniques. The process initiates with a dataset of vitiligo skin images, which undergoes pre-processing to 

prepare the data for analysis. This preparation may involve image resizing, normalization, or augmentation. 

The processed data is then input into several classification algorithms to detect patterns within the images. 

These algorithms include K-Nearest Neighbors (KNN), a straightforward non-parametric approach that 
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classifies based on the majority of nearby data points; Support Vector Machine (SVM), a supervised learning 

model that identifies the optimal hyperplane for class separation; Gradient Boosting, an ensemble method that 

constructs models in sequence to minimize errors; Convolutional Neural Network (CNN), a deep learning 

model particularly adept at image recognition due to its ability to capture spatial relationships; and Artificial 

Neural Network (ANN), a more basic deep learning model used for classification tasks [23-26]. 

Following the application of these algorithms, their performance is evaluated and compared. This assessment 

is based on key metrics such as accuracy (the proportion of correct predictions to total instances), precision 

(the ratio of true positive predictions to the sum of true positives and false positives), recall (the proportion of 

true positive predictions to the sum of true positives and false negatives), and the F1 score (a balanced measure 

calculated as the harmonic mean of precision and recall). This comprehensive analysis provides insights into 

the comparative effectiveness of various machine learning models in classifying vitiligo skin images, 

facilitating the identification of the most suitable approach for this specific task. 

 

4. Results 

The bar chart compares Area under the Curve (AUC) values across various machine learning models. AUC, 

a key metric for assessing classification performance, particularly in Receiver Operating Characteristic (ROC) 

curves, ranges from 0 to 1. A score of 1 indicates perfect classification, while values near 0.5 suggest poor model 

performance. 

Among the models evaluated, APR + RF [19], which integrates adaptive pattern recognition with a Random 

Forest classifier, attained an AUC of 0.926. Despite its strong performance, it wasn't the top-ranking model. 

The InceptionResNetV2 model [20] achieved a lower AUC of 0.856, indicating average performance. In 

contrast, the InceptionV3 model outperformed InceptionResNetV2 with a higher AUC of 0.911. The two 

proposed models demonstrated exceptional results. Both the proposed InceptionV3 with CNN and the 

proposed InceptionV3 combined with a Random Forest classifier achieved perfect AUC scores of 1.0, 

showcasing flawless classification capabilities [27] [28]. 

In conclusion, the two proposed models, both utilizing the InceptionV3 architecture but with different 

classifiers (CNN and Random Forest), surpassed all other models in the comparison by achieving perfect 

classification performance. 

 
Figure 2. Evaluating the performance of the suggested Inception V3 model in comparison to CNN and 

random forest algorithms, as well as benchmarking against previously established models' outcomes. 
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The diagram depicts the classification accuracy for three distinct categories in the realm of vitiligo image 

analysis. The categories under evaluation include unaffected skin regions, vitiligo-affected areas, and 

background elements. The non-affected skin regions, represented by a blue column, demonstrate a 

classification accuracy of approximately 70%. This indicates a fair level of success in identifying healthy skin 

areas within the images. Depicted by a red column, the vitiligo-affected regions show a slightly higher 

classification accuracy, nearing 75%. This suggests that the model is relatively effective in recognizing areas 

impacted by vitiligo. 

 
Figure 3. Affected Areas by Vitiligo Disease 

Figure 4 presents a comparison of accuracy among various proposed methods. This comparison reveals that 

Inception V3 coupled with random forest outperforms other models, achieving an impressive 99.90% accuracy. 

The Inception V3 model paired with a CNN classifier also performs exceptionally well, reaching 99.80% 

accuracy, which surpasses the performance of decision tree and naive Bayes approaches. 

 
Figure 4. Comparing the AUC of the suggested Inception V3 with CNN and Inception V3 with random 

forest models against the outcomes of existing models 

The accuracy comparison presented in Figure 5 demonstrates that the proposed Inception V3 models, 

combined with CNN and random forest algorithms, outperform existing models in terms of accuracy. The 
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graph illustrates that these proposed models achieve the highest accuracy levels among all compared 

approaches. 

 
Figure 5.  Evaluating the performance of the suggested Inception V3 model in comparison to CNN and 

random forest algorithms, and contrasting these findings with those of previously established models 

  

5. Conclusion 

The suggested InceptionV3-based models, utilizing CNN and Random Forest classifiers, exhibited superior 

performance with perfect AUC scores of 1.0, surpassing all other approaches. These models showcased 

exceptional ability in classifying vitiligo images across various skin regions with high precision. Although the 

APR + RF model performed admirably with an AUC of 0.926, and other techniques such as InceptionV3 (0.911) 

and InceptionResNetV2 (0.856) showed reasonable results, the proposed models excelled in accuracy. They 

achieved 99.90% and 99.80% accuracy respectively, outperforming decision tree and Naive Bayes models. 

  



Journal of Computing & Biomedical Informatics                                                                                               Volume 08  Issue 01                                                                                         

ID : 736-0801/2024   

Reference 

1. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. *Nature*, 542(7639), 115-118. 

https://doi.org/10.1038/nature21056 

2. Liu, Y., Jain, A., Eng, C., Way, D. H., Lee, K., Bui, P., ... & Kornblith, S. (2020). A deep learning system for differential 

diagnosis of skin diseases. *Nature Medicine*, 26(6), 900-908. https://doi.org/10.1038/s41591-020-0842-3 

3. Taieb, A., & Picardo, M. (2009). Vitiligo. *The Lancet*, 374(9704), 1136-1143. https://doi.org/10.1016/S0140-
6736(09)60238-7 

4. Liu, Y., Jain, A., Eng, C., Way, D. H., Lee, K., Bui, P., ... & Kornblith, S. (2020). A deep learning system for differential 

diagnosis of skin diseases. *Nature Medicine*, 26(6), 900-908. https://doi.org/10.1038/s41591-020-0842-3 

5. Picardo, M., Dell’Anna, M. L., Ezzedine, K., Hamzavi, I., Harris, J. E., & Parsad, D. (2015). Vitiligo. *Nature Reviews 

Disease Primers*, 1(1), 1-17. https://doi.org/10.1038/nrdp.2015.11 

6. Yuan, Y., Zhou, W., Ye, A., & Guo, R. (2021). Diagnosis of vitiligo with deep convolutional neural networks using 

clinical images. *Journal of Dermatological Science*, 102(2), 90-96. https://doi.org/10.1016/j.jdermsci.2020.12.001 

7. Arora, R., Pattwell, S. S., & Seth, S. (2021). Artificial intelligence in dermatology: A comprehensive review of machine 

learning in dermatological applications. *Journal of the American Academy of Dermatology*, 84(1), 123-132. 

https://doi.org/10.1016/j.jaad.2020.07.001 

8. Brinker, T. J., Hekler, A., Enk, A. H., & Berking, C. (2019). Deep learning outperforms dermatologists in the classification 

of skin lesions. *Nature Medicine*, 25(5), 876-880. https://doi.org/10.1038/s41591-019-0447-x 

9. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. *Nature*, 542(7639), 115-118. 

https://doi.org/10.1038/nature21056 

10. Holzinger, A., Biemann, C., Pattichis, C. S., & Kell, D. B. (2017). What do we need to build explainable AI systems for 

the medical domain? *arXiv preprint arXiv:1712.09923*. 

11. Njoo, M. D., Westerhof, W., Bos, J. D., & Bossuyt, P. M. (1999). The development of guidelines for the treatment of 

vitiligo. *Archives of Dermatology*, 135(12), 1530-1535. https://doi.org/10.1001/archderm.135.12.1530 

12. Sadeghian, F., Sadri, S., Sheikholeslami, M., & Eftekhari, M. (2020). Automated vitiligo skin lesion detection using deep 

learning methods. *Computer Methods and Programs in Biomedicine*, 187, 105180. 

https://doi.org/10.1016/j.cmpb.2019.105180 

13. Taïeb, A., & Picardo, M. (2009). Clinical practice. Vitiligo. *New England Journal of Medicine*, 360(2), 160-169. 

https://doi.org/10.1056/NEJMcp0804388 

14. Tschandl, P., Rosendahl, C., & Kittler, H. (2018). The HAM10000 dataset, a large collection of multi-source 

dermatoscopic images of common pigmented skin lesions. *Scientific Data*, 5, 180161. 

https://doi.org/10.1038/sdata.2018.161 

15. Brinker, T. J., Hekler, A., Enk, A. H., & Berking, C. (2019). Deep learning outperforms dermatologists in the classification 

of skin lesions. Nature Medicine, 25(5), 876-880. https://doi.org/10.1038/s41591-019-0447-x 

16. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. Nature, 542(7639), 115-118. https://doi.org/10.1038/nature21056 

17. Gulshan, V., Peng, L., Coram, M., Stumpe, M. C., Wu, D., Narayanaswamy, A., Venugopalan, S., Widner, K., Madams, 

T., Cuadros, J., Kim, R., & Raman, R. (2016). Development and validation of a deep learning algorithm for detection of 

diabetic retinopathy in retinal fundus photographs. JAMA, 316(22), 2402-2410. https://doi.org/10.1001/jama.2016.17216 

18. Brinker, T. J., Hekler, A., Utikal, J. S., Grabe, N., Schadendorf, D., Klode, J., & Esser, S. (2019). Skin cancer classification 

using convolutional neural networks: Systematic review. *Journal of the European Academy of Dermatology and 

Venereology*, *33*(3), 424-430. https://doi.org/10.1111/jdv.15218 

19. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. *Nature*, *542*(7639), 115-118. 

https://doi.org/10.1038/nature21056 

20. Finlayson, S. G., Bowers, J. D., Ito, J., Zittrain, J. L., Beam, A. L., & Kohane, I. S. (2019). Adversarial attacks on medical 

machine learning. *Science*, *363*(6433), 1287-1289. https://doi.org/10.1126/science.aaw4399 

https://doi.org/10.1016/S0140-6736(09)60238-7
https://doi.org/10.1016/S0140-6736(09)60238-7
https://doi.org/10.1016/j.jdermsci.2020.12.001


Journal of Computing & Biomedical Informatics                                                                                               Volume 08  Issue 01                                                                                         

ID : 736-0801/2024   

21. Codella, N., Rotemberg, V., Tschandl, P., Celebi, M. E., Dusza, S., Gutman, D., ... & Halpern, A. (2018). Skin lesion 

analysis toward melanoma detection: A challenge at the International Skin Imaging Collaboration (ISIC) 2017. *IEEE 

Journal of Biomedical and Health Informatics*, *23*(2), 501-512. https://doi.org/10.1109/JBHI.2018.2885977 

22. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. *Nature*, *542*(7639), 115-118. 

https://doi.org/10.1038/nature21056 

23. Haenssle, H. A., Fink, C., Schneiderbauer, R., Toberer, F., Buhl, T., Blum, A., ... & Thomas, L. (2018). Man against 

machine: Diagnostic performance of a deep learning convolutional neural network for dermoscopic melanoma 

recognition in comparison to 58 dermatologists. *Annals of Oncology*, *29*(8), 1836-1842. 

https://doi.org/10.1093/annonc/mdy166 

24. Tschandl, P., Codella, N., Akay, B. N., Argenziano, G., Braun, R. P., Cabo, H., ... & Halpern, A. (2019). Comparison of 

the accuracy of human readers versus machine-learning algorithms for pigmented skin lesion classification: An open, 

web-based, international, diagnostic study. *The Lancet Oncology*, *20*(7), 938-947. https://doi.org/10.1016/S1470-
2045(19)30333-X 

25. Brinker, T. J., Hekler, A., Enk, A. H., Berking, C., Haferkamp, S., Hauschild, A., ... & von Kalle, C. (2019). Deep learning 

outperforms dermatologists in the classification of cutaneous melanoma: A multi-center, multi-reader, blinded 

validation study. *European Journal of Cancer*, *113*, 47-54. https://doi.org/10.1016/j.ejca.2019.04.023 

26. Codella, N. C., Nguyen, Q. B., Pankanti, S., Gutman, D., Helba, B., Halpern, A., & Smith, J. R. (2018). Deep learning 

ensembles for melanoma recognition in dermoscopy images. *IBM Journal of Research and Development*, *61*(4/5), 5-

1. https://doi.org/10.1147/JRD.2017.2768203 

27. Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level 

classification of skin cancer with deep neural networks. *Nature*, *542*(7639), 115-118. 

https://doi.org/10.1038/nature21056 

28. Haenssle, H. A., Fink, C., Schneiderbauer, R., Toberer, F., Buhl, T., Blum, A., ... & Thomas, L. (2018). Man against 

machine: Diagnostic performance of a deep learning convolutional neural network for dermoscopic melanoma 

recognition in comparison to 58 dermatologists. *Annals of Oncology*, *29*(8), 1836-1842. 

https://doi.org/10.1093/annonc/mdy166 

29. Ahmad, R., Salahuddin, H., Rehman, A. U., Rehman, A., Shafiq, M. U., Tahir, M. A., & Afzal, M. S. (2024). Enhancing 

Database Security through AI-Based Intrusion Detection System. Journal of Computing & Biomedical Informatics, 

7(02). 

30. Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., & Batra, D. (2017). Grad-CAM: Visual explanations 

from deep networks via gradient-based localization. In *Proceedings of the IEEE international conference on computer 

vision* (pp. 618-626). https://doi.org/10.1109/ICCV.2017.74 

31. Khan, R., Iltaf, N., Shafiq, M. U., & Rehman, F. U. (2023, December). Metadata based Cross-Domain Recommender 

Framework using Neighborhood Mapping. In 2023 International Conference on Sustainable Technology and 

Engineering (i-COSTE) (pp. 1-8). IEEE. 

32. Tschandl, P., Codella, N., Akay, B. N., Argenziano, G., Braun, R. P., Cabo, H., ... & Halpern, A. (2019). Comparison of 

the accuracy of human readers versus machine-learning algorithms for pigmented skin lesion classification: An open, 

web-based, international, diagnostic study. *The Lancet Oncology*, *20*(7), 938-947. https://doi.org/10.1016/S1470-

2045(19)30333-X 

33. Shafiq, M. U., & Butt, A. I. (2024). Segmentation of Brain MRI Using U-Net: Innovations in Medical Image Processing. 

Journal of Computational Informatics & Business, 1(1). 

 

 

 

https://doi.org/10.1016/S1470-2045(19)30333-X
https://doi.org/10.1016/S1470-2045(19)30333-X
https://doi.org/10.1093/annonc/mdy166
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1016/S1470-2045(19)30333-X
https://doi.org/10.1016/S1470-2045(19)30333-X

