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ABSTRACT

Skin diseases are the most common than other diseases. Skin diseases may be caused by fungal infection,
allergy, bacteria, viruses, etc. Fungal disease affects more than billions people worldwide. The accurately
of diagnosing skin fungal infections can be challenging in their early stages or present with symptoms,
which mimic other dermatological disorders. The identification and categorization of skin fungal
infections could be improved by recent developments in deep learning and artificial intelligence (Al). It
offers a more effective and dependable substitute for conventional diagnostic techniques. Here we tried
to focus on various methods for identifying fungal skin that rely on deep learning (such as transformers,
convolutional neural networks, and hybrid models), the difficulties related to data diversity and
availability, going over the shortcomings of current datasets, how data augmentation and synthetic data
creation which might help close these gaps. We also investigate how improving interpretability and
usability can help clinical uptake of Al-based diagnostic systems. Finally, the study concludes with
suggestions for further research, highlighting the revolutionary potential of deep learning in dermatology
and stressing the necessity of sophisticated model architectures, a wide range of high-quality datasets,
and thorough clinical validation.

1. INTRODUCTION

Skin conditions can be brought on by viruses, germs, allergies, or fungal infections. The prevalence of superficial fungal
infections is believed to be between 20 and 25 percent of the world's population, and is steadily increasing[1], [2]. It can be
spread directly from one person to another or indirectly by contaminated hairs or desquamated epidermis[3]. Due to their
high frequency and patient volume, fungal infections are often diagnosed and treated by dermatologists. Direct microscopy
usually widely used as a screening method due to its price and speed[4]. The inability for obtaining information about fungal
species is a drawback of microscopy. Thus. whenever information about fungal species is of utmost importance, other
techniques (such as fungal culture or DNA-based PCR methods) should be used[3]. Also, the direct microscopy is a critical
technique for diagnosing superficial fungal infections [4]. Although faster and less expensive than culture or DNA-based
techniques, microscopy has several drawbacks. Depending on the sample condition, user’s experience, and sample size, it
can still be time-consuming for evaluating the entire specimens.[5] Therefore, the diagnosing multiple specimens
simultaneously can be a laborious processes that increases intra- and inter-observer variability and can lead to classification
errors. An image analysis method that had an automatically identifies fungal infections in digital fluorescence microscopy
images, it has been developed to overcome these limitations. One common biotechnological approach to analyze and
characterize fungal development in fermentation processes is to use image processing techniques to identify fungal structures
[2]. However, as far as we are aware, the automated assessment of clinical photos of fungal diseases is a novel subject. The
created analysis plan must be tailored to the particular needs and should be helpful for clinical routines. Most significantly,
a trustworthy diagnosis should be accessible during patient contact time, together with good sensitivity and specificity.
Therefore, the results visualization and image analysis must be tailored to the clinical procedure. In this situation, cutting the
time to diagnosis as much as feasible is essential. This can be achieved by selecting algorithms that need little computation
time and by visualizing the detection results online. In order to assess the benefits and drawbacks of each approach[6], we
will review and examine the several methods that are employed to diagnose fungal infections in the skin. To find the most
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accurate and efficient diagnostic choices, we will also compare various approaches. Our goal is to offer the dependable
solutions that improve patient care while cutting down on diagnostic time and expenses

2. SKIN FUNGAL INFECTIONS

Skin fungal infections are common, affect people of all ages[7]. Particularly in humid regions. Dermatophytosis (ringworm)
and Candidiasis are important forms[6]. While candidiasis, which is frequently associated with compromised immunity or
diabetes, affects moist skin areas, dermatophytosis, which is caused by dermatophytes, appears as red, scaly patches and
extreme contagious. Immunocompromised people may be susceptible to less common illnesses (like aspergillosis), which
could make treatment more difficult.[8] the following figure show some types of fungal skin.

(a) Dermatophytosis (b) Candidiasis

Fig. 1. Some types of Skin Fungal Infections[7]

3. DIAGNOSTIC CHALLENGES

Diagnosing fungal diseases on the skin accurately is crucial yet difficult for a number of reasons. Visual evaluations become
more difficult because illnesses visually mimic other disorders, such as eczema. Traditional techniques like fungal biopsy,
culture, and microscopy have drawbacks like subjectivity, long culture times, and invasiveness[8]. Additionally, the
differences between irregularities and populations in sample collection impact the trustworthiness of diagnostics. These
difficulties highlight the requirement for sophisticated diagnostic equipment. Al and deep learning, both present promising
non-invasive ways to enhance patient outcomes by increasing diagnostic accuracy, speed, and consistency[7], [8].

4. DEEP LEARNING TECHNIQUES FOR FUNGAL DETECTION

In contrast, conventional methods have a variety of models and methodologies , which demonstrated potential in identifying
cutaneous fungal infections the good in developments in deep learning is offering more precise and easily accessible
diagnostic choices[2]. Careful consideration of imaging methods, data preprocessing, and model architecture are necessary
to create efficient deep learning models for this use. These crucial elements are covered in this section.

4.1. Image Acquisition and Preprocessing

it is necessary for the deep learning-based accurate diagnosis of cutaneous fungal infections for high-quality[2]; its important

in all image recognition to get good results. The confocal microscopy offers high-resolution views of skin layers, which it
helps diagnose deeper infections, while the dermoscopy provides a detailed images of skin lesions, capturing patterns that
help differentiate fungal infections[9]. To improve model performance, preprocessing techniques( such picture
augmentation, noise reduction, normalization, and segmentation ) are crucial. By focusing on contaminated regions,
eliminating extraneous parts, ensuring consistency across sources, and increasing dataset variety, these procedures improve
diagnostic accuracy[10].

4.2. Deep Learning Models:

In fungal infection identification, there are several deep learning architectures have been investigated; each has special
qualities that are appropriate for various facets of medical image analysis. Among the important model kinds are:

a) Convolutional Neural Networks (CNNSs) are Effective preprocessing methods and high-quality imagery, that necessary
for the deep learning-based accurate diagnosis of cutaneous fungal infections.[11]. It is used to analyze medical photographs
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to detect fungal diseases on human skin by extraction of information including texture and color changes. This is frequently
accomplished via fine-tuning pre-trained models such as ResNet and VGG, which increase accuracy even when data is
scarce. The ability of CNNs to differentiate fungal infections from other illnesses, is comparable to dermatologists,
facilitating quick diagnosis. For economical detection, they are included with cloud-based and mobile solutions. Despite
ongoing issues with generalizability and dataset availability, CNN technological advancements continue to increase their
efficacy in fungus identification. [6]

b) Transformers and Attentions Mechanisms: In contrast to CNNs types, it may identify long-range relationships in data,
which has led to their recent success in medical imaging. Transformers provide a comprehensive image of the infection area
by evaluating the significance of different visual sections using attention mechanisms (such as Vision Transformers), These
models extract the global context by segmenting images into patches and processing them as sequences. When fungal
infections are dispersed or asymmetrical, this may help[12].

c) Hybrid Models: CNNs for local feature extraction and transformers for large context, both of them are used in hybrid
models, which improve the identification of fungal infections named (CNN-Transformer Hybrids). These models are perfect
for a variety of infection presentations, such as dispersed fungal patches, because they combine the global context of
transformers with the fine-grained detail-capturing capabilities of CNNs[13]. Other types of hybird Models are CNN-RNN;
these models are beneficial for longitudinal research and in situations where temporal data is available, such as the course of
an infection over time. By combining several architectural strengths, hybrid models provide a flexible framework that
increases the accuracy of identifying complicated or unusual fungal illnesses[14].

5. SUMMARIZED AND LITERATURE REVIEW

In recent years, Deep learning has shown a lot of potential in the medical imaging industry, particularly in the detection of
fungal skin infections. The literature review that follows gives a summary of recent research in this field, including deep
learning algorithms, datasets, limitations and contributions for each method as shown in table 1.

TABLE I. SUMMARY OF RECENT STUDIES ON DEEP LEARNING FOR SKIN FUNGAL INFECTION DETECTION

Studies

An algorithm

Data set

limitation

Contributions

Smith et al. [15]

MeFunX (Meta-learning
with CNNs + XGBoost)

DeFungi [16] and
real-world data

Limited number of clinical
mycologists, high costs, time-
consuming procedures

Achieved 92.49% accuracy for early
fungal infection detection in microscopic
images

Johnson et
al.[17]

ResNet-50 for feature
extraction, SVM for
classification

1000-3000 images
of fungi

Sensitive to dataset
variability, lower accuracy on
datasets >2000 images

Accurate detection of fungal infections
like Candidiasis and Tinea

Lee et al. [18]

CNN with transfer
learning and data
augmentation

Microscopic images
of fungi

Achieved up to 97.19% accuracy in
fungal detection

Tanaka et al.
[19]

Transformer with
Convolutional Tokenizer and
attention mechanisms

Fluorescent images

Limited clinical data for
some fungi, complexity of
traditional CNNs

High accuracy in identifying fungal
infections, from 84.38% to 97.19%

Abdurrahim et
al. [20]

Custom deep neural
network, VGG16

Microscopic images
(81 fungi, 235

Manual inspection is time-
consuming and has lower

High accuracy (99.84%) in
onychomycosis detection

ceratine) accuracy
:\:Ig.msgzrziti%a Five CNN architectures, Eczema and ) Achieved maximum validation
[21] best: Inception ResNet v2 Psoriasis datasets accuracy of 97.1%
Hasan Met al. InceptionV'3 with fully Skin fungi image set - Reduced manual identification costs
[22] connected layers

Han Setal. [23]

Ensemble model (ResNet-
152 and VGG-19)

Multiple datasets
from different
universities

Non-standardized images,
varying quality

Outperformed dermatologists in
onychomycosis diagnosis accuracy

Fungal mycelium

Mayya V. et al. Mg ) High recognition speed and accuracy
[24] CNN and m_ycellum free for fungal keratitis
images
Tahir M. et CNN with optical sensor Novel fungus Created a large, labeled fungus spore
dataset (40,800 - - :
al.[25] system . dataset with 94.8% detection accuracy
images)
Images of . . . . o .
stz
Aspergillus fungi gep g 9
2088 IVCM images . -
Essalat M et al. ResNet for training, 535 for Decreased accuracy on Validated model for fungal keratitis

[27]

testing

diabetic patient images

diagnosis
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Vavadande University of Séo Strenaths and limitations of Analyzed effectiveness for skin
4 SVM, CNN, RNN, GANs Paulo Skin Disease gins & ; disease identification, including fungal
K[28] each algorithm discussed - -
Database infections
Jain Aetal. CNN for image analysis, Skin disease Testing and safety Efficient Tinea Corporis detection
[29] \SVM for clinical features datasets evaluations needed with hybrid model
Kumar R. et al. Weightless model in 23 skin disease Limited to few Eil_sease Achieved 96.37% training and 87.75%
. classes, decreased efficiency on
[30] PyTorch images | test accuracy
arger sets
. CNN with VGG-16 for Medical images Demonstrated CNNs’ effectiveness in
Choi etal. [31] . . M - S ;
feature extraction (various skin diseases) skin disease detection
Ahalya R et LeNet CNN architecture Nine skin diseases ) Achieved 95% accuracy in classifying
al.[32] dataset nine skin diseases
. 407 images (four - . . . 0 .
Nigat T. et CNN fungal diseases) from Limited focus on _tmea pedis Achlevgd 93.3% accuracy in fungal
al.[2] C and corporis disease classification
Ethiopia
Martin et al.[33] RESNET-50 Skin disease images High cost of Qermatologlsts Effective skin disease diagnosis with
and equipment neural networks
Kashyap N. et Multiclass CNN with Images of Five skin Challenges in accurate Accurate categorization of skin
al. [34] AlexNet and VGG19 illnesses identification and costly tests diseases, including fungal infections
Annie G. Set RCNN and SVM Eye photos from Limited effectiveness in Achieved 81.65% accuracy for
al.[35] COVID-19 patients advanced diagnostics mucormycosis detection
; 160 images . . . .
Yilmaz A. et al. VGG16 and InceptionV/3 (onychomycosis) and Variable dlagr)0§t!c accuracy Deep Ie_arnllng outperforme_d
[36] - among clinicians dermatologists in fungal detection
297 images (normal)
- - 5 -
Nourin.N.[37] ANN with GLCM and HOG Images of skin ) Achieved 93.5% accuracy with GLCM
diseases features
Kumar Y. al. _ Five skin disease Costly, time-consuming for Improved classification accuracy with
[38] Fine-tuned VGG16 classes dermatologists transfer learning
P.Sri Lakshmi Images of black Sample size variation by Effective prediction of black fungus
CNN K . . e
[39] fungus symptoms disease category infection probabilities
Ahammed Met - ISIC 2019, Manual diagnosis is time- Improved diagnosis speed with
al. [40] Decision Tree, SVM, KNN HAM10000 consuming automated lesion detection

8. RECOMMENDATIONS

To improve the effectivity and reliability of deep learning models for the detection of cutaneous fungal infections, several
key strategies are proposed to address data quality, model architecture, and clinical integration.

1. Enhance dataset quality and diversity: By creating diverse, high-quality datasets is crucial for reliable model performance.
While data-sharing frameworks and synthetic data generation (such as GANSs) might help overcome data scarcity, working
with clinics across regions can increase dataset inclusiveness.

2 Apply Advanced data Augmentation technique: The model (generalization and adaptation) in clinical situations can be
improved by domain-specific methods, like masking and context-specific augmentations , that mimic real-world variability
(such as texture variations).

3 Optimize architecture model selection: Real-time applications in clinical settings are supported by hybrid architectures,
that increase accuracy and efficiency (such as CNNs with transformers, lightweight models, and Efficient-Net).

4 Enhance diagnostic interpretability and usability : When displaying model decision areas, explainable Al (XAl) techniques
like heatmaps help clinicians gain trust, while feedback loops and user-friendly interfaces support clinical usability and
ongoing the development of model .

9. CONCLUSION

Using Al, especially deep learning, to identify fungal diseases on the skin has the potential to revolutionize medical treatment.
Deep learning models provide a promising means of improving the accuracy,
speed and accessibility of fungal infection diagnosis due to their ability to interpret complex visual patternsBy automating t
he detection process, Al may assist dermatologists in making faster and more accurate diagnoses, especially in places with

limited access to specialized medical care. However, significant hurdles remain, particularly regarding data diversity, model
interpretability, and integration into clinical settings. To ensure from that, Al tools are reliable and trustworthy by healthcare
professionals, future research should prioritize developing diverse, high-quality datasets, enhancing model transparency, and
conducting extensive clinical validation. Furthermore, improving clinical usability and acceptance will require creating
interpretable models and user-friendly interfaces. Thus, the application of deep learning models to dermatology has the
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potential to transform the detection of fungal infections, and thereby improve patient care and outcomes across healthcare
systems worldwide, as long as these models continue to evolve and advance. For more realizing the impact of Al, in this
critical area of healthcare, clinicians, academics, and policymakers must continue to collaborate

Conflicts of Interest
The author's disclosure statement confirms the absence of any conflicts of interest.

Funding

The author's paper explicitly states that the research was self-funded and no support was received from any institution or
sponsor.

Acknowledgment

The authors acknowledges the guidance and mentorship received from faculty members at the institution during the
formulation of this research.

References

R. Knackstedt, T. Knackstedt, and J. Gatherwright, “The role of topical probiotics in skin conditions: A systematic review
of animal and human studies and implications for future therapies,” 2020. doi: 10.1111/exd.14032.

T. D. Nigat, T. M. Sitote, and B. M. Gedefaw, “Fungal Skin Disease Classification Using the Convolutional Neural
Network,” J Healthc Eng, vol. 2023, 2023, doi: 10.1155/2023/6370416.

L. Chen and J. Zheng, “Does sensitive skin represent a skin condition or manifestations of other disorders?,” J Cosmet
Dermatol, vol. 20, no. 7, 2021, doi: 10.1111/jocd.13829.

T. Shanthi, R. S. Sabeenian, and R. Anand, “Automatic diagnosis of skin diseases using convolution neural network,”
Microprocess Microsyst, vol. 76, 2020, doi: 10.1016/j.micpro.2020.103074.

D. Seth, K. Cheldize, D. Brown, and E. E. Freeman, “Global Burden of Skin Disease: Inequities and Innovations,” 2017.
doi: 10.1007/s13671-017-0192-7.

A. Sharma and D. Franklin Vinod, “Classification of Bacterial Skin Disease Images Using Modified Convolutional Neural
Network,” in Lecture Notes in Networks and Systems, 2023. doi: 10.1007/978-981-99-0769-4 59.

P. Chanyachailert, C. Leeyaphan, and S. Bunyaratavej, “Cutaneous Fungal Infections Caused by Dermatophytes and Non-
Dermatophytes: An Updated Comprehensive Review of Epidemiology, Clinical Presentations, and Diagnostic Testing,”
2023. doi: 10.3390/jof9060669.

M. T. Garcia-Romero, G. Sanchez-Cardenas, S. A. Carmona-Cruz, and M. Fernandez-Sanchez, “Skin Fungal Infections in
Children: Diagnostic Challenges,” 2020. doi: 10.1007/s12281-020-00407-1.

M. M. Sonawane, R. D. Gore, B. W. Gawali, R. R. Manza, and S. N. Mendhekar, “Identification of Skin Disease Using
Machine Learning,” 2023. doi: 10.2991/978-94-6463-196-8 9.

D. A. Reddy, S. Roy, S. Kumar, and R. Tripathi, “Enhanced U-Net segmentation with ensemble convolutional neural
network for automated skin disease classification,” Knowl Inf Syst, vol. 65, no. 10, 2023, doi: 10.1007/s10115-023-01865-
y.

Z.Wu et al., “Studies on Different CNN Algorithms for Face Skin Disease Classification Based on Clinical Images,” IEEE
Access, vol. 7, 2019, doi: 10.1109/ACCESS.2019.2918221.

A. Parvaiz, M. A. Khalid, R. Zafar, H. Ameer, M. Ali, and M. M. Fraz, “Vision Transformers in medical computer vision—
A contemplative retrospection,” 2023. doi: 10.1016/j.engappai.2023.106126.

Y. Nie, P. Sommella, M. Carratu, M. O’Nils, and J. Lundgren, “A Deep CNN Transformer Hybrid Model for Skin Lesion
Classification of Dermoscopic Images Using Focal Loss,” Diagnostics, vol. 13, no. 1, 2023, doi:
10.3390/diagnostics13010072.

S. Khaki, L. Wang, and S. V. Archontoulis, “A CNN-RNN Framework for Crop Yield Prediction,” Front Plant Sci, vol.
10, 2020, doi: 10.3389/fpls.2019.01750.

S. Rawat, B. Bisht, V. Bisht, N. Rawat, and A. Rawat, “MeFunX: A novel meta-learning-based deep learning architecture
to detect fungal infection directly from microscopic images,” Franklin Open, vol. 6, 2024, doi:
10.1016/j.fraope.2023.100069.

M. A. V. Alvarez, L. Sopo, C. J. P. Sopo, F. Hajati, and S. Gheisari, “P456 Defungi: direct mycological examination of
microscopic fungi images,” Med Mycol, vol. 60, no. Supplement_1, 2022, doi: 10.1093/mmy/myac072.p456.

N. Gaffoor and S. Soomro, “Skin Disease Detection and Classification Using ResNet-50 and Support Vector Machine: An
Effective Approach for Dermatological Diagnosis,” in Proceedings of 2023 IEEE International Conference on Internet of
Things and Intelligence Systems, loTalS 2023, 2023. doi: 10.1109/10TalS60147.2023.10346059.



[18]
[19]
[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

Shakir et al, Mesopotamian Journal of Artificial Intelligence in Healthcare Vol.2024, 177-183

I. CINAR and Y. S. TASPINAR, “Detection of Fungal Infections from Microscopic Fungal Images Using Deep Learning
Techniques,” Proceedings of the International Conference on Advanced Technologies, 2023, doi: 10.58190/icat.2023.12.
Y. Yuan, S. Dai, Z. Wang, and M. Zhu, “A Transformer-based Method for Skin Fungi ldentification from Fluorescent
Images,” in ACM International Conference Proceeding Series, 2023. doi: 10.1145/3613307.3613310.

W. Wei et al., “Application of deep learning algorithm in the recognition of cryptococcosis and talaromycosis skin lesions,”
Mycoses, vol. 66, no. 8, 2023, doi: 10.1111/myc.13598.

M. Sazzadul Islam Prottasha, S. Mahjabin Farin, M. Bulbul Ahmed, M. Zihadur Rahman, A. B. M. Kabir Hossain, and M.
Shamim Kaiser, “Deep Learning-Based Skin Disease Detection Using Convolutional Neural Networks (CNN),” in Lecture
Notes in Electrical Engineering, 2023. doi: 10.1007/978-981-19-8032-9_39.

M. L. Hasan, N. 1. Mahbub, and B. Sarkar, “Identification of Black Fungus Diseases Using CNN and Transfer-Learning
Approach,” in Proceedings of the 2nd International Conference on Computing Advancements, in ICCA ’22. New York,
NY, USA: Association for Computing Machinery, 2022, pp. 118-125. doi: 10.1145/3542954.3542972.

S. S. Han et al., “Deep neural networks show an equivalent and often superior performance to dermatologists in
onychomycosis diagnosis: Automatic construction of onychomycosis datasets by region-based convolutional deep neural
network,” PL0S One, vol. 13, no. 1, 2018, doi: 10.1371/journal.pone.0191493.

V. Mayya, S. K. Shevgoor, U. Kulkarni, M. Hazarika, P. D. Barua, and U. R. Acharya, “Multi-scale convolutional neural
network for accurate corneal segmentation in early detection of fungal keratitis,” Journal of Fungi, vol. 7, no. 10, 2021,
doi: 10.3390/jof7100850.

M. W. Tahir, N. A. Zaidi, A. A. Rao, R. Blank, M. J. Vellekoop, and W. Lang, “A fungus spores dataset and a convolutional
neural network based approach for fungus detection,” IEEE Trans Nanobioscience, vol. 17, no. 3, 2018, doi:
10.1109/TNB.2018.2839585.

J. Lv et al., “Deep learning-based automated diagnosis of fungal keratitis with in vivo confocal microscopy images,” Ann
Transl Med, vol. 8, no. 11, 2020, doi: 10.21037/atm.2020.03.134.

M. Essalat, M. Abolhosseini, T. H. Le, S. M. Moshtaghion, and M. R. Kanavi, “Interpretable deep learning for diagnosis
of fungal and acanthamoeba keratitis using in vivo confocal microscopy images,” Sci Rep, vol. 13, no. 1, 2023, doi:
10.1038/s41598-023-35085-9.

K. Vayadande, “Innovative approaches for skin disease identification in machine learning: A comprehensive study,” Oral
Oncology Reports, 2024, [Online]. Available: https://api.semanticscholar.org/CorpusiD:269129760

A. Jain, M. Lal Saini, A. Saklani, and A. Biju, “Tinea-Corporis Skin Disease Detection Using CNN and Kernel SVM,” in
Proceedings - International Conference on Technological Advancements in Computational Sciences, ICTACS 2023, 2023.
doi: 10.1109/ICTACS59847.2023.10389866.

R. Kumar, H. C. Wang, B. Mukundan, S. K. Gupta, and C. S. Kumari, “Effective machine learning-based skin disease
diagnosis using PyTorch,” in Journal of Physics: Conference Series, 2023. doi: 10.1088/1742-6596/2595/1/012008.

K. Saranya, S. Vijayashaarathi, N. Sasirekha, M. Rishika, and P. S. R. Rajeswari, “Skin Disease Detection Using CNN
(Convolutional Neural Network),” 2024 4th International Conference on Data Engineering and Communication Systems
(ICDECS), pp. 1-6, 2024, [Online]. Available: https://api.semanticscholar.org/CorpusiD:269307665

R. K. Ahalya, G. Babu, S. Sathish, and K. Shruthi, “Automated Skin Disease Detection Using Deep Learning Algorithms,”
in 2024 10th International Conference on Communication and Signal Processing (ICCSP), 2024, pp. 481-486. doi:
10.1109/ICCSP60870.2024.10543405.

Mtende Mkandawire and Dr. Glorindal Selvam, “Prediction of Skin Diseases using Machine Learning Algorithms,”
International Journal of Advanced Research in Science, Communication and Technology, 2022, doi: 10.48175/ijarsct-
71309.

N. Kashyap and A. K. Kashyap, “Enhanced Skin Disease Detection and Classification System Using Deep Learning
Technique,” International Journal of Advanced Technology and Social Sciences, vol. 2, no. 1, 2024, doi:
10.59890/ijatss.v2i1.1292.

G. S. Annie Grace Vimala, R. Kesavan, E. Manigandan, S. Pushpa Latha, B. V. Kumar, and S. Padmakala, “Black Fungus
Infection Detection using Al-based Early Warning System for Patients through Multi-Modal Medical Imaging,” in 2nd
International Conference on Automation, Computing and Renewable Systems, ICACRS 2023 - Proceedings, 2023. doi:
10.1109/ICACRS58579.2023.10404938.

A. Yilmaz, F. Goktay, R. Varol, G. Gencoglan, and H. Uvet, “Deep convolutional neural networks for onychomycosis
detection using microscopic images with KOH examination,” Mycoses, vol. 65, no. 12, 2022, doi: 10.1111/myc.13498.
N. Nourin, P. Kundu, Sk. Saima, and Md. A. Rahman, “GLCM and HOG Feature-Based Skin Disease Detection Using
Artificial Neural Network,” 2023. doi: 10.1007/978-981-19-7528-8 28.

Y. Kumar, A. Koul, R. Singla, and M. F. Ijaz, “Artificial intelligence in disease diagnosis: a systematic literature review,
synthesizing framework and future research agenda,” J Ambient Intell Humaniz Comput, vol. 14, no. 7, 2023, doi:
10.1007/s12652-021-03612-z.



[39]

[40]

Shakir et al, Mesopotamian Journal of Artificial Intelligence in Healthcare Vol.2024, 177-183

P.Sri Lakshmi Durga and M . Kalidas, “BLACK FUNGUS DETECTIONUSING MACHINE LEARNING,” international
journal of engineering technology and management sciences, vol. 6, no. 6, 2022, doi: 10.46647/ijetms.2022.v06i06.070.
M. Ahammed, M. Al Mamun, and M. S. Uddin, “A machine learning approach for skin disease detection and classification
using image segmentation,” Healthcare Analytics, vol. 2, 2022, doi: 10.1016/j.health.2022.100122.



