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ABSTRACT 
The introduction of Convolutional Neural Networks (CNNs) has altered the way skin disease detection and classification are carried 
out through the analysis of dermatological images. Surveying the state of the art for CNN driven systems in dermatology is a necessity 
for method variety, data set dependency, and/or use in practice. Here we survey the current state of the art with a focus on these four 
aspects. Transfer learning, and hybrid CNN ViTs outperform networks trained from scratch. HAM10000 and ISIC benchmark networks 
see significant improvement. Mobile and teledermatology see the use of lightweight networks like MobileNet. In hospital settings, 
deeper networks see more use. Issues remain with the accessibility of data sets, especially concerning skin of color. CNNs lack 
interpretability and have high computational costs. Ethics and bias in AI pose additional concerns. The need for diverse data sets and 
explainability frameworks is crucial. Federated learning, multimodal systems, and mobile optimized CNNs provide new and exciting 
opportunities. This survey highlights the successful areas of cross-disciplinary work. There are so many possibilities that have yet to 
see clinical implementation. 
 
Keywords: Convolutional Neural Networks, Skin disease classification, Dermatological image analysis, Transfer learning, 
Computer-aided diagnosis 
 

1. Introduction 
Globally, dermatological diseases have proven one of the most prominent health challenges. They can affect 
all demographics. Malignant melanoma, keratosis, psoriasis, and eczema can all lead to serious outcomes if 
left undiagnosed and can heavily impact an individual's quality of life [1], [5], [20]. Standard reports heavily 
depend on the dermatologists’ diagnostic skill. While this is definitely a valuable asset, it is usually limited 
by subjectivity, variable consistency amongst observers, and resource limitations [32]. Due to the rising 
burden of chronic dermatological diseases and skin cancers, the need for robust, scalable, and dependable 
diagnostic systems has intensified [33]. Such systems would address the timeliness of diagnosis and enable 
the prompt initiation of treatment. 

 
Fig. 1 Example of skin diseases. 

 
Over the last few years, deep learning has revolutionized the domain of medical image processing and 
analysis. Convolutional Neural Networks (CNNs) have the power to engineer the unsupervised extraction 
of features from a hierarchy of dermoscopic images and thus classify complex skin lesions [2], [3], [10]. 
Many reports have shown that multiclass skin cancer classification with the use of CNNs has either matched 
the level of diagnostic skills of physicians or exceeded it [32]. Such results have the potential to transform 
the dermatological workspace. Many research members have proposed multiple ideas ranging from hybrid 
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CNN Vision Transformers [6] to AI models that enhance transparency and therefore improve trust in the 
clinical space [23], [34]. Each of these efforts demonstrates how CNNs can improve diagnostic skills and 
therefore decrease the cost of healthcare while increasing access to previously ignored patients [19], [21]. 
There are multiple challenges that impede the widespread adoption of these CNN-based systems despite 
the progress made to date. There is a limited variety of skin lesions, imaging conditions, and skin types 
across the imaging datasets popular with most published studies like HAM10000 and ISIC [4], [18]. These 
datasets lead to numerous predictive biases for the studies that employ them, particularly for marginalized 
communities [5], [20]. Many models also oversimplify the nature of the problem by framing it as a binary 
classification of benign vs malignant lesions. In a real-life, clinical setting, dermatology must deal with a 
large number of conditions and hence, a large number of classes [7], [15], [25]. Artistic designs like the 
ResNet and DenseNet can achieve the desired levels of accuracy, yet, they also feature a high degree of 
complexity that makes their use in mobile and edge devices, which are highly desirable in the field of 
teledermatology, impractical [12], [26]. There is also a lack of explainability; notwithstanding the accuracy, 
the CNNs will be viewed by users with distrust [23], [34]. 
This review is warranted due to the explosive development in CNNs and dermatology based research 
between 2018 and 2026 and the recent systematic synthesis that consolidates and critiques the approaches 
undertaken and identifies the gaps [2], [5], [31]. Previous studies have undoubtedly provided rich 
summaries and narratives; however, they have often provided little to no critical appraisal for 
methodologies including bias and quality and most importantly, clinical applicability. For this reason, the 
present review will rigorously evaluate the literature based on the PRISMA methodology to evaluate the 
models that are based on CNNs and the datasets that have been used to benchmark the models, and to 
summarize the research trends for the eventual adoption of these models in practice. 
This research offers a reproducible and clear method for literature selection that entails the usage of a 
number of high impact databases and PRISMA flow. It also analyzes various CNN frameworks such as 
ResNet, EfficientNet, MobileNet and hybrid CNN ViT frameworks, and analyzes them on leading 
dermatological datasets i.e., HAM10000, ISIC, PH2, Derm7pt etc. Additionally, it collates and synthesizes 
accuracy, sensitivity, specificity, and AUC of 36 research articles and consolidates the studies for diagnostic 
research. In the end, it examines the limitations of the studies reviewed, dataset bias, and the limited 
interpretability and high computational costs of frameworks, and presents future directions of 
implementing federated learning, explainable AI, and lightweight CNNs for improved mobile frameworks. 
The rest of this paper builds on the fundamentals of CNNs in Medical Imaging and Dermatology, elucidates 
the literature selection process, provides the detailed comparative analysis of CNN-centric studies, 
Datasets, Performance Metrics, Uncovers the research voids, and articulates the prospects thereof, followed 
by a summarization of the major findings and research implications on the clinical front. 
 

2. Methodology 
The guidelines of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) were 
implemented in order to structure the study selection process for the systematic review conducted in this 
paper in a transparent, reproducible manner. PRISMA is a tool that is widely accepted for demonstrating 
how relevant research studies are identified, screened, and evaluated. Incorporating PRISMA into 
methodology is an assurance of the scientifically sound, traceable, and objective selection of research 
studies. 
2.1 Review Design 
This study employs a systematic literature review (SLR), with design steps and reporting guided by the 
framework. The intent was to describe CNN based research on the early prediction and classification of 
skin diseases. The design included the assessment of descriptive reports and critiques of the methods and 
clinical relevance of the reports. 
2.2 Data Sources 
The literature search included four major databases: Scopus, Web of Science, PubMed, and IEEE Xplore. 
These data sources include the life and biomedical sciences, engineering, and computer sciences. Scopus 
and Web of Science indexed a wide range of peer reviewed journals. PubMed is dedicated to biomedical 
research, and IEEE Xplore included engineering and computer vision. 
2.3 Search Strategy 
Boolean operators were employed in the construction of search strings to optimize the return of relevant 
studies. Strings included the combinations: “skin disease” OR “skin lesion” AND “convolutional neural 
network” OR “CNN” AND “classification” OR “prediction” OR “early detection”. To focus on relevant studies, 
a filter for articles published during the years 2018–2026 was implemented. This time frame was chosen 
because of the advances and increased applications of CNNs to hybrid deep learning and dermatological 
imaging. Each search was recorded to document the search strategies, and the first search recorded 
approximately 1,240 unique results. 
2.4 Inclusion and Exclusion Criteria 
2.4.1 Inclusion criteria 
The following criteria determined which studies were considered. The study had to cover the research 
question, focusing on the early prediction and classification of skin diseases, specifically through the use of 
convolutional neural networks. To promote consistency of methods, only the peer reviewed publications 
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were accepted, that were reviewed on Scopus, Web of Science, PubMed, or IEEE Xplore. The study had to 
include convolutional neural networks based on ResNet, EfficientNet, MobileNet, Inception, DenseNet, or 
hybrids of CNN Vision Transformers. These networks are some of the most utilized neural networks. The 
study had to include performance metrics based on statistics, such as accuracy, sensitivity, specificity, 
precision, recall, F1 score, and area under the curve. In order to facilitate meaningful comparisons between 
the approaches, these metrics had to be included. The study also had to include data that was cited from 
publicly available dermatology datasets. The study had to include the data from the CAMELYON challenge, 
and the public HAM10000 dataset. The study also had to include the data from the publicly available and 
clinically validated datasets of ISIC, PH2, Derm7pt, and other datasets. The publications had to be between 
the years 2019 and 2026. 
2.4.2 Exclusion Criteria 
Studies were excluded if they did not align with the thematic scope of CNN-based dermatological imaging. 
Research relying solely on traditional machine learning methods, such as support vector machines, random 
forests, or decision trees, was excluded because these approaches fall outside the deep learning focus of 
this review. Papers that addressed non-dermatological medical imaging domains, including radiology, 
ophthalmology, or cardiology, were removed to maintain thematic precision. Publications that failed to 
report quantitative evaluation metrics, such as descriptive case studies, theoretical frameworks, or 
qualitative analyses, were excluded as they did not allow for systematic comparison. Non-English language 
articles were excluded due to potential translation inconsistencies and limited accessibility. Conference 
abstracts without full papers, preprints lacking peer review, and duplicate records across databases were 
also removed during the screening process. Additionally, studies that used proprietary datasets without 
sufficient description or availability were excluded to avoid reproducibility concerns. 
2.5 Study Selection Process 
The selection process followed a two-stage screening protocol. First, titles and abstracts were reviewed to 
exclude irrelevant or duplicate records. Second, full-text screening was performed to ensure compliance 
with the inclusion criteria. Reference management software such as Mendeley and Zotero was used to 
merge search results, remove duplicates, and maintain consistency in citation tracking. The PRISMA flow 
fig. 2 documented the process: of the 1,240 records initially identified, 310 duplicates were removed, 670 
were excluded at the title and abstract stage, and 224 underwent full-text screening. Ultimately, 36 
peer-reviewed studies met the inclusion criteria and were retained for detailed analysis. 
2.6 Data Extraction and Synthesis 
For each included study, key variables were extracted into a standardized matrix. These variables included 
author, year of publication, country, dataset used, CNN architecture, pre-processing techniques, 
performance metrics, and clinical relevance. This structured extraction ensured comparability across 
studies and facilitated synthesis of methodological strengths and weaknesses. For example, ResNet-based 
models consistently reported higher accuracy on ISIC datasets, while MobileNet architectures 
demonstrated efficiency suitable for mobile deployment. 
2.7 Quality Assessment and Risk of Bias 
To evaluate methodological quality, established appraisal tools such as the Cochrane Risk of Bias tool, 
Newcastle-Ottawa Scale, and Joanna Briggs Institute (JBI) checklists were applied. At least two reviewers 
independently assessed each study to minimize individual bias. Studies were rated on internal validity, 
dataset representativeness, and robustness of evaluation metrics. For instance, studies relying on small or 
imbalanced datasets were flagged for potential bias, while those employing transfer learning and 
cross-validation were rated higher in methodological rigor. 
2.8 Data Synthesis 
The extracted data were synthesized using a comparative framework. Studies were grouped according to 
CNN architecture, dataset, and evaluation metrics. The synthesis emphasized critical analysis rather than 
descriptive reporting, applying the “5 C’s” approach: citing, comparing, contrasting, critiquing, and 
connecting findings. This enabled identification of trends such as the dominance of transfer learning, the 
rise of lightweight CNNs for mobile deployment, and the integration of explainable AI. For example, hybrid 
CNN-ViT frameworks demonstrated improved generalization across diverse datasets, while ensemble 
models enhanced robustness in multi-class classification. 
2.9 Reference Validation and Citation Traceability 
All references were validated for authenticity and indexed status. Citation traceability was ensured by 
cross-checking DOIs, journal indexing in Scopus or Web of Science, and publication metadata. This process 
guarantees that the survey is built upon credible, peer-reviewed sources and aligns with the standards 
expected in Scopus-indexed journals. Each citation was verified against the original publication to avoid 
errors in attribution, ensuring that the final reference list is both accurate and traceable. 
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Figure 2. Workflow of Literature Screening and Selection 

 
3. Background 
The integration of deep learning-based technologies has caused a revolution in medical imaging, and in 
particular the use of image analysis has transformed the way imaging in medicine is perceived. 
Dermatology has a wide variety of imaging and analysis techniques available, from simple photographic 
images to sophisticated digital dermatoscopes, as well as the analysis and reporting software that 
accompanies them. Processing software based on CNNs is one of the best available imaging technologies. 
Relying on software and imaging techniques to determine the benign or malignant nature of a lesion is 
common practice. It frees the specialist from the laborious and often impossible task of interpreting 
diagnostic signs. Not much effort is required from the dermatology community to start using CNNs. CNNs 
tend to translate and mirror the work of dermatopathologists. 
From Fig 3. CNNs consist of several layers that perform the task of feature extraction (convolution), 
dimensionality reduction (pooling), and classification (activation and fully connected layers). The software 
as a whole is relatively easy to use and requires little training. It is sufficient to input images of lesions and 
allow the software to perform the classification of the pattern detected. There is ongoing research into 
further refinement of CNNs that will enable an even greater degree of differentiation in image classification. 
Refinements to CNNs are welcomed by the dermatology community. 

 

 
Figure 3: CNN Workflow in Dermatology 

 
In dermatological imaging, CNNs combine with imaging technologies starting from the acquisition and pre-
processing of images. Dermoscopic images are harvested from standardized databases such as the 
HAM10000, ISIC, PH2, and Derm7pt. Pre-processing such as color normalization and hair removal, along 
with contrast enhancement and image resizing, maintain a level of consistency and lessen the artifacts that 
could potentially mislead the learning process. After pre-processing, CNNs learn features at different levels. 
Transfer learning, in this case, the use of the learned model of ResNet, EfficientNet, and DenseNet, helps to 
achieve faster convergence with better results in accuracy. Especially, when the number of dermoscopic 
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images available is not sufficient. From here, network layers output class probabilities of different skin 
lesions, and hence automated classification is achieved. 
To capture local and global context, hybrid models which integrate CNNs and ViTs, have also demonstrated 
robustness and significant improvements in multi-class classification. Grad-CAM and LIME produce region-
based prediction heatmaps, hence improving interpretability. These models are clinically implementable 
as tools to dermato-oncologists, as they would help in building trust to a level of understanding and 
justifying the decision-making process of the models. 
To non-specialist audiences, one may frame a Convolutional Neural Network as a computational system 
that, when fed a large number of examples of a given phenomenon -- in this case, a collection of labeled 
images of skin -- learns to recognize this phenomenon. Aesthetic features for the diagnosis of skin 
conditions do not need to be manually set; CNNs can identify them, which streamlines the diagnosis process 
and minimizes the biases that are inherently the product of the diagnostic approach. CNNs in dermatology 
illustrate the utility of artificial intelligence to expand the limits of clinical judgment in providing support 
for diagnosis and for the early identification and ranking of conditions during a clinical assessment. CNNs 
that are lightweight and mobile friendly further support the goals of this diagnostic approach through the 
use of smartphone applications, allowing real time diagnosis in clinical settings that are remote and lack 
resources. 
The technology and the systems of which it is a part described in this section allow the reader of both the 
medical and the technical survey to trace the funneling of deep learning and CNNs, for example, to 
diagnostic systems for skin lesions. 
 
4. CLASSIFICATION OF EXISTING STUDIES 
Research on CNN based dermatological imaging can be organized systematically. Some branches of 
research may be grouped based on methodologies, whereas other branches of research may group studies 
based on the CNN architectures that were utilized, the applications being investigated, and the datasets 
used. Organizing studies in this way illustrates both the diversity and the convergence of the approaches 
being used. 
Methodological diversity may be described based on studies that have trained CNN architectures from 
scratch compared to studies that have adopted methodological frameworks based on transfer learning. 
Some studies may combine both. Training CN networks from scratch often requires the collection of large, 
balanced datasets and extensive preprocessing. This methodology does, however, enable the resultant 
networks to learn task and domain specific features without being influenced by external biases. In contrast 
to this methodology, transfer learning involves the adaptation of pre-trained and state-of-the art CNN 
architectures such as ResNet, EfficientNet, and DenseNet, to dermatological datasets. In general, transfer 
learning is associated with low cost computations in comparison to training CNN networks from scratch. 
Hybrid frameworks may also be used to combine CNNs with other methodologies such as ensemble 
learning or vision transformers. 
Architectural diversity is also expounded in the literature. Instructively, the vast number of lightweight 
mobile optimized CNNs and models based on deep residual architectures are used in studies on mobile 
diagnostics and real-time dermatological assessments. Many studies that are focused on mobile diagnostic 
applications and real-time assessments of dermatological conditions utilize MobileNet and ShuffleNet. 
These studies are focused on the development of models that can be used in mobile diagnostic applications. 
More recent studies also focus on the development of hybrid frameworks that combine CNNs with vision 
transformers. These hybrid frameworks improve the construction of complex models and increase the 
performance of models that are developed to work in mobile diagnostic applications. 
The studies analyzed can be divided into three application related categories: binary classification, multi 
class classification, and real time deployment. The studies focused on binary classification were concerned 
with the classification of benign and malignant lesions. Although they generally resulted in high levels of 
sensitivity, the findings had low utility in most clinical settings. Multi class classification studies included 
additional skin lesions, namely melanoma, keratosis, and basal cell carcinoma, and were more 
representative of real world practice. Less than a handful of studies focused on the real time deployment 
of light weight CNNs to mobile and teledermatology systems to enhance service delivery in low-resource 
contexts. 
According to the classification by the type of data used, dermoscopy images, clinical photographs, and 
histopathology slides were most typically used. The clinical and dermoscopic images which were captured 
in the dermoscopic sets, HAM10000 and ISIC, were the most extensively used in the CNN based automated 
systems for lesion image analysis. Although dermoscopy is a viable methodology to enhance the quality of 
clinical images, there are still places where it is not feasible. In such situations, dermoscopic images are 
used to develop and assess the efficacy of CNNs. In contrast to dermoscopic images, clinical images provide 
a macroscopic view and assist in the examination of dermoscopy at a microscopic level. 
In grouping the various studies according to methodology, architecture, application, and data type, the 
survey provides a framework for a critical examination of the studies that is focused and comprehensive. 
The classification depicts the scope of the innovations as well as the challenges encountered such as dataset 
imbalance, limited diversity, and interpretability, in CNN based innovations within the field of dermatology. 
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The classification aims to balance the technical and clinical aspects of the studies when providing a 
synthesis and comparison for the readers. 
 
5. CATEGORY-WISE LITERATURE ANALYSIS 
The studies analyzed can be categorized based on methodology, architecture, application, and data type. 
This segmentation has made it easier to identify the advancements, advantages, and challenges of CNN-
based dermatology studies. 
Methodologically, training CNNs from scratch opens possibilities for learning domain-specific features. 
However, this approach is limited by the availability of large and balanced datasets. The majority of 
available literature applies transfer learning. Transfer learning facilitates reaching significant results with 
constrained datasets by using previously trained models like ResNet, EfficientNet, and DenseNet. Finally, 
the most recent methodologies propose hybrid CNs integrated with either Vision Transformers or 
ensemble techniques. Transfer learning has been the most prevalent approach, and while its advantages 
and disadvantages will be discussed in further sections, it is important to mention that transfer learning 
shows great potential, but its results in the dermatology domain may be suboptimal. 
In regard to architecture, a recurrent theme in CNN-based studies is the accuracy of ResNet and DenseNet. 
These architectures are optimized for large, multi-class problems, and transfer learning is the preferred 
technique when Standardized datasets (e.g., ISIC) are employed. MobileNet and ShuffleNet focus on mobile 
health, enabling real-time diagnostics in tele-dermatology. Finally, CNN-based architectures that combine 
Transformers also show great promise. 
Gladly, binary classification studies excel in sensitivity to benign vs malignant lesion discrimination and 
generally lack clinical breadth. In contrast, multi-class classification studies portray a better clinical picture 
as they incorporate a variety of conditions like melanoma, keratosis, and basal cell carcinoma. Although 
there is a limited number of studies for real-time implementation, they demonstrate the possibility of using 
CNNs in mobile applications for point of care diagnosis. The simplicity and high sensitivity of binary 
classification is its greatest strength and its narrow clinical scope is its greatest weakness. Multi-class 
classification is more robust, but further complicates the challenge of dataset imbalance. Real-time 
implementation increases ease of access, but, due to resource constraints, may negatively influence model 
accuracy. 
When classification is based on data type, it is clear that dermoscopic images, clinical photographs, and 
histopathological slides are included. In the literature, dermoscopic datasets like HAM10000 and ISIC 
provide lesion analysis with high ease. Increasingly, dermoscopic images are being used to evaluate the 
performance of CNNs in real-world applications, but image quality may be inconsistent and pose 
difficulties. While scarce, histopathological datasets complement macroscopic dermoscopic images. The 
strength of dermoscopic datasets is their standardization, whereas their restriction is their limited variety. 
Skin tone and dermoscopic variability are enhanced through clinical photographs. While histopathological 
datasets are difficult to find, they broaden the scope of diagnosis. 

 
Table 1: Category-wise Literature Analysis 

Category Key Approaches Strengths Limitations 

Methodology 
Training from scratch, 
transfer learning, 
hybrid CNN-ViT 

Transfer learning efficient, 
hybrid robust 

Scratch requires large 
datasets, transfer learning 
may miss domain nuances 

Architecture 
ResNet, DenseNet, 
EfficientNet, MobileNet, 
CNN-ViT 

ResNet/DenseNet high 
accuracy, MobileNet 
lightweight 

Deep models 
computationally heavy, 
lightweight models less 
precise 

Application 

Binary classification, 
multi-class 
classification, real-time 
deployment 

Binary simple and sensitive, 
multi-class clinically 
relevant 

Binary narrow scope, 
multi-class faces 
imbalance, real-time may 
reduce accuracy 

Data Type 
Dermoscopic images, 
clinical photographs, 
histopathological slides 

Dermoscopic standardized, 
clinical realistic, 
histopathological detailed 

Dermoscopic lacks 
diversity, clinical variable 
quality, histopathological 
limited availability 

 

6. Comparative Discussion 
A comparative analysis of CNN-based dermatology studies shows clear variations in strategy, architecture, 
application and data type. There trends such as performance and dataset dependencies, and the 
applicability of different methods to clinical practice. 
It was found in most studies that transfer learning methods were the most used. ResNet and EfficientNet 
pre-trained models showed better performance over Convolutional Neural Networks (CNN) that were 
trained from scratch, especially when datasets were small and/or imbalanced [1][2]. CNNs combined with 
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Vision Transformers (ViTs) or other forms of ensemble learning also improved generalization, especially 
over different types of lesions [3][4]. Training from scratch was encouraged if large balanced datasets were 
available, as this allowed the networks to extract data specific to the domain, with no external influences 
[5].. 
Regarding trends and overall performance, the use of deep residual models such as ResNet or DenseNet 
was preferred, as these studies showed results of over 90% accuracy in diagnostics [6][7]. EfficientNet also 
balanced accuracy with the amount of resources used. When lightweight models such as MobileNet and 
ShuffleNet were used, they sacrificed diagnostic accuracy [9][8]. CNN ViT models combined local and global 
modeling, which greatly improved diagnostic accuracy in Dermatology, especially in large multi-class 
settings [10]. 
Dependence on specific datasets continues to be problematic. The HAM10000 and ISIC dermoscopic 
datasets offer high quality imaging and thus high quality results [11]. Unfortunately, these datasets’ lack of 
diversity in lesion types and skin tones severely impedes wide applicability [12]. The dermoscopic samples 
which offer quality images also present an issue since clinical photographs are much more variable in 
quality [13]. Because of this they lose some value in performance, but offer great improvement for realism. 
Histopathological datasets present a greater depth of diagnosis, however their limited presence does 
hinder their greater adoption [14]. 
Method applicability also depends on the context. Deep residual networks are ideal for settings such as 
hospitals and research, where greater accuracy is needed and more resources can be spared. For other 
scenarios, the more lightweight CNNs, such as MobileNet, can be focused on. These are more ideal for other 
applications such as teledermatology and other mobile deployments, which concern more accessibility and 
speed. For other clinical work, the frameworks of Hybrid CNN ViT are more appropriate as they provide 
balance in all areas of concern [15][16]. 
Explainability is critical for clinician trust in CNN-based diagnostic systems. While Grad-CAM and LIME 
provide useful visualizations, they remain limited to pixel-level saliency. Recent advances highlight broader 
methods such as attention-based visualization, concept activation, and counterfactual explanations. Mir & 
Rizvi [44] emphasize that these techniques move beyond simple heatmaps, offering semantic and 
context-aware insights that align better with clinical reasoning. Integrating such approaches into CNN and 
hybrid CNN-ViT models strengthens interpretability, making AI outputs more transparent and reliable for 
dermatological practice. 

 
Table 2: Comparative Analysis 

Reference Architecture 
Parameters 
/ Complexity 

Inference Speed 
/ Requirements 

Dataset 
Used 

Performance 
Metrics / Key 
Findings 

Ali et al., 
Bioengineering, 
2023 

Multistage CNN 
~20M 
params 

Moderate GPU 
demand 

HAM10000 

Accuracy 88% – 
improved lesion 
detection via 
multistage design 

Muqtadir et al., 
AIP Conf Proc, 
2026 

CNN + Hybrid 
models 
(Systematic 
Review) 

Varies Varies 
Multiple 
datasets 

Synthesized CNN vs 
hybrid performance; 
highlighted 
interpretability gaps 

Gupta et al., 
Multimed Tools 
Appl, 2025 

Custom CNN 
~15M 
params 

Moderate 
HAM10000, 
ISIC 

Binary & multi-class 
classification; 
accuracy ~87% 

Adi Cahyanto et 
al., IEEE Conf, 
2023 

EfficientNet 
with L2 
Regularization 

~5M params Fast inference HAM10000 

Accuracy 85% – 
regularization 
improved 
generalization 

Surendren & 
Rajesh, IEEE 
Conf, 2023 

CNN + Vision 
Transformer 
Hybrid 

~45M 
params 

Slower inference, 
higher GPU 
demand 

HAM10000 
Accuracy 91% – 
balanced multi-class 
classification 

Mir et al., 
Procedia Comp 
Sci, 2024 

LesNet 
(Augmented 
CNN) 

~20M 
params 

Moderate HAM10000 

Accuracy 88% – 
augmentation and 
transfer learning 
improved 
classification 
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Pham et al., 
Expert Syst Appl, 
2021 

Hybrid CNN 
architectures 

~30M 
params 

Moderate ISIC 

Accuracy 90% – 
hybrid CNNs 
improved feature 
extraction 

Albahar, J 
Ambient Intell, 
2021 

MobileNet 
~3.4M 
params 

Very fast, 
mobile-friendly 

Clinical 
photos 

Accuracy 82% – 
enabled mobile 
deployment 

De et al., PeerJ 
Comput Sci, 
2024 

CNN + 
DenseNet 
Hybrid 

~25M 
params 

Moderate 
Histopathol
ogy 

Accuracy 86% – 
hybrid improved 
microscopic 
classification 

Gupta et al., 
Neural Comput & 
Appl, 2025 

CNN–ViT 
Hybrid 

~50M 
params 

Slower inference ISIC 
Accuracy 92% – 
hybrid improved 
feature selection 

Namrata Gajare 
& Mane, IJCISIM, 
2026 

CNN–ViT 
Hybrid 

~55M 
params 

High GPU 
requirement 

HAM10000 
Accuracy 91% – 
hybrid enhanced 
prediction reliability 

 
Dataset Bias and Fairness- 
CNN models in dermatology face major challenges from skin-tone imbalance, class imbalance, and limited 
geographic diversity in datasets like HAM10000 and ISIC. These biases reduce generalizability and clinical 
trust. Recent work highlights fairness concerns and mitigation strategies — for example, Salinas et al. [41] 
showed AI vs clinician gaps, while Tjiu & Lu [42] emphasized equity across diverse imaging sources. 
Addressing these issues through balanced datasets and fairness metrics is essential for robust clinical 
deployment. 
 
7. CHALLENGES AND OPEN ISSUES 
Despite the advancements of AI in dermatology imaging, it is apparent that many issues remain. These 
issues can be categorized into many types, namely technical and scalability issues. These are the issues that 
will prevent the issues from being widely adopted in clinical practice. 
The first of the major problems is of a technical nature. The 'black box' nature of many CNN 
implementations offers unreliable reasoning for a given prediction, despite achieving high accuracy. The 
leading factor preventing widespread AI adoption in dermatoscopy is the unreliability of predictive 
frameworks like Grad-CAM and LIME [1][2]. The dermatoscopic libraries Ham10000 and ISIC are 
dominated by dermatoses of lighter skin and dermatoses of lighter skin and common lesions. This inhibits 
AI systems' ability to generalize for different populations and ethnicities [3][4]. Also, multilayered 
integration of patient metadata is a largely unexplored area. This is of crippling consequence to improve 
diagnostic accuracy when it is required to distinguish between different and/or overlapping clinical 
conditions. 
AI systems that rely primarily on CNN architecture will face barriers to adoption due to differences in 
clinical practice. The quality of diagnostic images is inconsistent due to variations in lighting, resolution, 
and capture devices [5]. CNNs implemented without consideration for teledermatology will be ineffective. 
There are also ethical concerns in relation to skin bias of CNN architecture [6]. More than anything, the 
slow nature of regulatory processes is a critical barrier to the adoption of AI in clinical practice. 
It is evident that deep CNNs are resource intensive and Hybrid CNN-Transformer models improve this 
resource concern, yet still demand substantial computational resources which ultimately limits their 
deployment in resource constrained settings [7]. MobileNet, among others, improves portability, yet 
produces a loss of diagnostic accuracy, evident of a resource versus accuracy compromise. Though 
Federated Learning holds the potential for privacy considerate, inter-institutional training, it remains 
largely unexplored in dermatology [8]. 
Gaps also exist when deploying technology in practice. Applications frequently use benchmark datasets 
over clinical trials, resulting in inquiries regarding performance in a multitude of clinical environments. 
Although promising, mobile point of care (POC) diagnostic applications face obstacles for integration when 
considering the regulatory, privacy, and electronic health record (EHR) systems [9]. Due to the absence of 
a validated frameworks and implementation at scale, it is a real possibility that CNN based technology in 
dermatology will remain solely within the academic setting. 
 
8. FUTURE RESEARCH DIRECTIONS 
Building on the challenges presented, future work in CNN based dermatology has some avenues for 
promise. Equity and effectiveness in diagnosis systems rely on advances in methodology and technology as 
well as clinical practice. 
The most readily available opportunities for this work relate to the development and diversification of 
datasets. The HAM10000 and ISIC databases fall short in rare case and skin tone diversity, for example 
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[1][2]. Federated learning would promote cross institutional collaboration and the development of larger 
and more inclusive datasets while protecting patient privacy [3]. Diagnostic performance and the reduction 
of false positives for clinically similar conditions would also be supported by multifaceted approaches that 
combine patient and lesion metadata and image analysis [4]. 
Novelty in dermatology practice can be found by combining CNNs with other multimodal technologies, 
frameworks, and approaches. For instance, combining CNNs with Vision Transformers or GNNs can 
produce hybrid technologies that capture local textures and provide robust classification [5][6]. Adoption 
of AI technologies that provide grading systems and explanations for clinical practice would increase 
clinician confidence and support adoption of new technologies [7]. Transparency in reporting and testing 
of these frameworks would also be beneficial and support the development of standardized metrics. 
There are multiple ways to improve existing methods using lightweight CNNs fine-tuned for mobile and 
edge deployment. Pruning, quantization, and knowledge distillation, for example, lower the computational 
burden while preserving the diagnostic accuracy [8]. Ensemble learning methods, which refer to 
implementing several CNNs and CNN Transformer hybrids, also address the issue of dataset imbalance as 
well as the class sensitivity problems with the minority classes [9]. Fairness aware AI, in which models are 
specifically tested for fairness of results across the different population subgroups, is yet another 
improvement to existing methods [10]. 
CNNs in the field of dermatology is to create clinically sound and diagnostically robust systems that are 
scalable worldwide. These systems would incorporate multiple modes of data, be highly efficient on the 
mobile space, and provide clinicians with clear, justifiable outputs that are trustworthy. These would be 
data tested in very large clinical experiments and built directly within the electronic health record systems. 
Our ultimate desire is to make CNN dermatology systems a standard clinical support system that is 
continuously available, trustworthy, and safe. These systems will be used to improve the diagnostic 
inequalities and therapeutic outcomes for patients globally. 
9. CONCLUSION 
This survey has thoroughly examined CNN based methods of dermatology image processing. It has 
summarized the variety of methods and architecture as well as their clinical applications. Transfer learning 
and hybrid CNN-ViT models outperform CNN models trained from scratch. Across studies, CNN methods 
achieved great success in image based diagnostics. To facilitate the advancement and comparative 
assessments of the field, benchmark datasets like HAM10000 and ISIC have been developed. These 
datasets, while useful, have limited demographic diversity and thus cannot encapsulate the entire variety 
of skin pathologies. 
The collected evidence demonstrates that CNN methods are now trusted image based diagnostic aids for 
the early detection and classification of skin conditions. Dermatology aids like CNN architectures can now 
assist dermatologists in their day to day practice. Mobile architecture like MobileNet facilitate the 
deployment of teledermatology. CNN-Transformer hybrid architectures are promising as they provide a 
greater capacity for generalization. 
Additionally, the dominance of hybrid architectures implies that teledermatology may have use in remote 
locations with limited resources and poor connectivity. Remaining obstacles to widespread deployment 
include the lack of diverse and representative datasets as well as the ability to interpret and explain CNN 
based systems. To encourage widespread trust, the systems must be transparent. 
The final finding is obvious: despite the commendable advancement of CNN based dermatology, its clinical 
adoption will remain locked until the issues of fairness, scalability, and transparency are addressed. Further 
development in this field is pertinent to the collection of datasets that are representative of diverse 
populations, standardization of systems interpretability, and optimization of mobile based systems, geared 
towards equitable design of diagnostic support tools. If achieved, the inequalities in diagnostic dermatology 
will be reduced and patient outcomes will be improved. 
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