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 The study presents an enhanced AlexNet-based deep learning system for 

binary classification of melanoma skin cancer as either benign or malignant 

using two paired dermatoscopic and clinical image datasets. The study 

evaluates the resilience of the models across different image sets with 

common preprocessing and specific data augmentation, using a melanoma 

dataset containing 10,000 images and a benign versus malignant dataset with 

3,600 images. The AlexNet refinement exceeded several standard machine 

learning (ML) classifiers and other deep architectures on the two datasets 

with practical training times, gaining 97.12% and 96.21% in balanced 

accuracy. The training proceeded with SGD as optimiser and cross-entropy 

as loss on 256×256 images. Benchmarking against support vector machine 

(SVM), k-nearest neighbour (KNN), and other convolutional neural 

networks (CNNs) designs shows that the selected architecture and 

hyperparameters achieved the highest performance on cost-effective 

computation for the routine melanoma triage. The report highlights the need 

for external validation, incorporation into dermatological workflows, and 

explainability to improve trust, diminish dataset bias, and support the safe 

clinical deployment in practice. 
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1. INTRODUCTION 

Skin cancer is one of the most prevalent tumours worldwide, and melanoma typically makes news 

due to its rapid spread and high death rate. Millions of new cases of skin cancer are reported by the WHO 

each year, underscoring the importance of early detection and effective treatment. If the initial symptoms are 

disregarded, melanoma, which begins in pigment-producing melanocytes, can turn fatal [1], [2]. Doctors now 

have sharper optics and additional eyes to detect skin issues thanks to exciting advancements in medical 

imaging and machine learning (ML) tools [3]. On the other hand, routine inspections that mostly rely on a 

specialist's glance may occasionally overlook or misread small signs. In this case, deep learning techniques—

particularly convolutional neural networks, or CNNs—fill that need as trustworthy helpers for skin photo 

tagging [2], [4], [5]. The popular AlexNet architecture has already been modified for this specific task; it was 

once revolutionary in routine picture searches [1]. The current effort focuses on two primary categories of 

skin cancer: the ostensibly benign but obviously cancerous moles. The team aims to increase diagnosis rates 

while maintaining a manageable level of false alarms by optimising a pretrained version of AlexNet. In order 

to improve dermatologists' clinical practice skills, the current study intends to add to this expanding body of 

knowledge by showcasing how well the AlexNet model classifies skin cancer [1], [2], [6]–[10]. 
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2. RELATED WORK 

The advancements in melanoma detection have resulted in a surge in cancer diagnostic computing 

research. The first systems utilized classical image analysis and ML procedures in which features like colour 

and texture, as well as lesion shape, were created by domain experts and classified by support vector machines 

(SVMs), k-nearest neighbours (KNNs), decision trees, random forests, naive Bayes, and functional link 

artificial neural network (FLANN) [11], [12]. These techniques, while baselines were useful, suffered from 

poor performance due to considerable intra-class variability and image noise. The dead images were often 

present in low-quality dermatoscopic and clinical photographs. The precise and timely diagnosis of melanoma 

and skin lesion categorization, which deep learning excels in analyzing, came from deployable CNNs. Over the 

years, studies have documented almost every architecture to be competing with a dermatologist in performance, 

if not outperforming them [13]–[18]. Typical CNNs, LeNet, VGG16, ResNet, GoogLeNet, Inception, GANs, 

and the recent transformer-inspired networks have all been studied. These approaches, however, require not 

only a wealth of annotated datasets and high-end computers but also often draw upon considerable learning 

to finalize a solution and capture images with complex visual patterns that would be almost impossible to 

describe manually [2], [19]. 

Several works continue to be slowed down because of the same practical issues that make 

translation challenging: limited access to diverse and well-annotated dermatoscopic images, privacy and 

regulatory constraints of medical data sharing, and difficulties in building costly and scalable data ingestion, 

annotation, training, and validation pipelines. Consequently, more recent works have developed new models, 

but also attempted to build the requisite infrastructure and legal frameworks that would enable the use of AI 

in clinical practice while safeguarding anonymity [20]–[22]. However, most of the available and developed 

research continues to examine a very narrow range of ML baselines, or a singular deep learning architecture, 

and typically, using a single dataset with different data preparation/evaluation methodologies [23], [24]. 

Consequently, there is little evidence to support the optimal models and the trade-off between structure, 

flexibility, and cost, and there are little evidence and guidance available to physicians to help them select the 

most appropriate technologies for clinical melanoma screening [25]. 

The current work addresses this gap by performing a methodical, side-by-side comparison under the 

same experimental framework among several conventional and deep learning approaches for skin cancer 

classification. This article assesses a fine-tuned AlexNet against multiple classic ML classifiers, such as 

SVM, KNN, random forest, and fast library for approximate nearest neighbours, and other deep networks, 

including a standard CNN, LeNet, VGG16, ResNet, GoogLeNet, and a generative adversarial network-based 

model, adopting a coherent preprocessing, training, and testing procedure on two complementary publicly 

available datasets: the melanoma skin cancer dataset, consisting of 10,000 images, and the skin cancer 

malignant vs. benign dataset. The article allows for a more complete benchmark by jointly considering 

accuracy, AUC, precision, recall, F1-score, and training time on both datasets and also demonstrates that an 

optimized AlexNet can achieve superior diagnostic performance while still being computationally viable for 

integration into practical dermatology workflows [26]. 

 

 

3. OBJECTIVES 

Evaluate deep learning techniques: to assess the effectiveness of deep learning architectures, 

particularly the AlexNet model, in classifying skin cancer from medical images.  Compare with ML 

models: to compare the performance of the AlexNet model against traditional ML classifiers, such as 

SVM, KNN, and random forests, in terms of accuracy, precision, recall, and F1 score. Utilize diverse 

datasets: to utilize two distinct datasets, namely the melanoma skin cancer dataset and the skin cancer: 

malignant vs. benign dataset, to ensure a comprehensive evaluation of the model's performance across 

varying image characteristics. Optimize model performance: to fine-tune the AlexNet model by optimizing 

hyperparameters, including learning rate, batch size, and image preprocessing techniques, to achieve the  

highest possible classification accuracy and efficiency. Visualize results: to present the performance 

metrics and model architecture through flowcharts and graphs, facilitating a clear understanding of the 

model's structure and its classification capabilities. Contribute to clinical applications: to contribute to the 

field of dermatology by providing insights into the potential of AI-driven diagnostic tools for early 

detection and accurate classification of melanoma skin cancer, ultimately aiming to enhance patient 

outcomes [27]. 

 

 

4. METHODOLOGY 

In this study, the AlexNet architecture—a pretrained deep learning model—was used and refined for 

the binary classification of melanoma skin cancer into benign and malignant groups [6], [7]. The size that the 
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network requires, 256 by 256 pixels, was applied to each picture that was pushed into the pipeline. A fast 

two-unit linear layer that spits either benign or malignant material was used to complete the task, replacing 

the last fully connected layer [1], [6], [7]. To ensure smooth and quick learning, pixels were then normalised 

using the traditional ImageNet mean and standard deviation values (0.485, 0.456, 0.406) / (0.229, 0.224, 0.225). 

Stochastic gradient descent (SGD) at 0.001 with 0.9 momentum was used for training [1], [28]; this pair 

accelerates progress while controlling noisy jumps. During training, cross-entropy loss was used as the 

objective function to measure classification mistakes efficiently [28]. Together, these hyperparameters and 

architectural modifications allowed the AlexNet model to attain high classification accuracy with reliable 

training results and realistic execution times, establishing it as a reliable method for diagnosing melanoma 

skin cancer [6], [7], [29]. 

 

 

5. DATASET DETAILS 

The first collection of dermatoscopic images is taken from Kaggle’s melanoma skin cancer dataset 

of 10,000 images, which has a size of 300×300 pixels [6]. The model has a lot of visual detail to work with 

because the photos are clearly divided into groups that are benign and malignant, as in Figure 1. The remaining 

1,000 images are held back for final testing, while the remaining 9,600 are designated for training [6], [8]. The 

second collection, which can be found in the skin cancer: malignant vs. benign Kaggle project, contains 

3,600 clinical images of size 224×244 pixels that are evenly divided between 1,800 benign and 1,800 

malignant moles [7]. The combination of the two datasets pushes the system to address issues that it will 

encounter in actual clinics by displaying cancer on a range of skin tones, sizes, colours, and textures. These 

image collections are being used because doctors urgently need a way to spot melanoma early and get 

patients the right care fast [1], [6], [7]. 

Melanoma is dangerous-it spreads quickly and can be deadly if the diagnosis comes too late. When 

clinicians search for early melanoma indications, the pixels in the first collection—which was crowdsourced 

by Kaggle users—show minute details from dermatoscopic photographs taken with expensive skin-scanning 

devices. Every image has a thorough label that is either human or malware-formed following clinical 

examinations and microscopy slides [6], [7], [16]. This allows students to rely on such labels when they 

develop new supervised code. As the provider observes, the second collection, which was borrowed from the 

ISIC archive, collects regular clinic photos of skin patches, combining benign and malignant cancer in about 

equal proportions [1], [7]. The teams removed camera artefacts and size mismatches by trimming, resizing, 

and normalising the pixels to make each batch easier to input into neural nets or vintage machines. 

Combining the two sources enables researchers to create models that learn more comprehensive patterns than 

any one clinic can identify and then. 

Data splitting and evaluation strategy: in this implementation, all images in the generated dataset 

were placed into a single folder structure and loaded through an image-folder interface. During training, 

those images were then shuffled randomly and presented repeatedly to the network. Given metrics reflect 

performance on the training distribution rather than a strictly independent validation set, because the same set 

of images was used to calculate accuracy, precision, recall, and F1-score at the end of training. Although this 

setup gives an initial idea of how well the fine-tuned AlexNet can fit the melanoma classification task, it can 

also inflate generalization since the model is tested on photos that it has already seen during tuning. The next 

steps in this development will focus on separating training, validation and test training sets that are not 

overlapping—for example 70%, training 15%, validation 15% testing efforts could be employed to avoid bias 

and have an unbiased representation of your algorithm's true applicability within an actual production 

environment. Additionally, implementing cross-validation across multiple different dataset sets can provide 

you with an unbiased assessment of your algorithm's performance and add to the reliability of the estimates 

you provide. 

 

 

6. DATA PRE-PROCESSING 

The pre-processing stage of the data was essential for getting the melanoma skin cancer and 

malignant versus benign mole image datasets ready for efficient training and the best possible performance 

from the AlexNet model, as in Figure 2. The following are important pre-processing actions and specifics of 

hyperparameter optimisation: 

i) Image standardisation: all input images were resized uniformly to 256×256 pixels to maintain consistent 

dimensions suitable for the AlexNet architecture. The images were normalised using channel-wise mean 

values of (0.485, 0.456, 0.406) and standard deviations of (0.229, 0.224, 0.225), aligning with the 

pretrained ImageNet model’s expected input distribution [30]. 

ii) Data augmentation: to improve dataset diversity and decrease overfitting, training methods like random 

rotation, horizontal and vertical flipping, scaling, shearing, and translation were used [2], [17], [23], [31]. 
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iii) Training configuration: the final fully-connected layer of the pretrained AlexNet model was adjusted to 

provide two classes (malignant and benign). Using SGD as the optimiser, the momentum was set at 0.9, 

and the learning rate was set at 0.001. Cross-entropy loss was the classification loss function, which was 

suitable for jobs involving binary classes. 

iv) Model optimisation: outperforming frameworks for deep learning for the two datasets, the 10,000-images 

melanoma skin cancer dataset had a model accuracy of 97.12% after 6453 seconds of training. The skin 

cancer: malignant vs. benign dataset, in contrast, demonstrated the efficacy and efficiency of the AlexNet 

model in skin cancer classification with an accuracy of 96.21% and a training time of 1700 seconds. 

 

 

 
 

Figure 1. Sample image from the combined dataset illustrating benign and malignant skin cancer 

 

 

 
 

Figure 2. Overview of the methodology: data processing, augmentation, training 

 

 

7. EXPERIMENTS 

This research presents a comprehensive analysis of how various skin cancer spots can be sorted 

using deep learning and conventional ML techniques described in Figure 3 [1]–[4], [6], [7], [23]. Two image 

pools were employed in the test runs: the malignant-versus-benign set and the 10,000-image melanoma skin 

cancer dataset [6], [7]. To identify the method that best classifies cancer, models from both families were 

scored side by side [25], [32]. 

 

7.1.  Deep learning networks 

Standard CNNs, ResNet, LeNet, GoogLeNet, VGG16, InceptionV3, GANs, and AlexNet were 

among the powerful deep learning models that the researchers investigated [1]–[4], [11], [23]. The skin 

cancer datasets were used to refine each model, which began with pretrained weights from AlexNet. 

Accuracy and training pace varied significantly across systems, despite the fact that nearly all of them 

generated positive results. For example, LeNet and VGG16 were faster but trailed behind, whereas ResNet 



Comput Sci Inf Technol  ISSN: 2722-3221  

 

 Advances in dermatological imaging: enhancing skin melanoma classification for … (Debadutta Sahoo) 

115 

and GoogLeNet achieved respectable accuracies. When combined, the findings unequivocally demonstrate 

that overall design, depth, and complexity influence—and occasionally impede—skin cancer categorisation 

performance [33], [34]. 

 

7.2.  Machine learning networks 

SVMs, KNNs, decision trees, random forests, naive Bayes, and flexible local approximate nearest 

neighbour are some of the well-known classifiers that the team also examined and visualised [1], [2], [4], 

[5], [11], [13], [14], [20], [21], [28], [31]. Before making a final approximation, these models relied on 

manually created features taken from a typical image-processing pipeline. Deeper neural networks won the 

gold medal despite SVM and KNN slipping into the mid-80% accuracy range because of their superior 

ability to handle the noise and fine details present in skin cancer images [1]. Nevertheless, the older 

algorithms established reliable baselines and served as a reminder of the advantages and disadvantages of 

the traditional toolkit. 

 

 

 
 

Figure 3. Visual representation of image preprocessing steps: from raw input to normalization 

 

 

7.3.  Proposed model 

AlexNet comprises eight layers in total, with three fully connected layers coming after five 

convolutional layers, as shown in Figure 4 [1]. Together, they enable the model to pick up different details 

in the depth of unprocessed photos. The layer is followed by a 3×3 max pooling layer with a stride of 2.  

As it enhances generalisation and decreases the spatial dimensions of the feature maps, it captures the most 

prominent features. The model learns the most relevant information or features of the picture, which 

reduces the computing load in addition to learning to generalise factually [1], [2], [6], [7]. For instance, the 

second layer contains 256 5×5 filters, while the third, fourth, and fifth layers have 384 and 256 3×3 filters, 

respectively. Together with the first layer, all of these layers carefully describe the rough to exact patterns 

or shapes, which is crucial for determining if a skin disease is benign or cancerous [6], [7]. Rectified linear 

unit (ReLU) activation functions are also incorporated into all of these levels; these activation functions 

are consistent throughout the conflicting layers. Since the AlexNet model achieves a good balance of 

accuracy, precision, recall, F1 score, and manageable training time, we decided to employ it. The network 

produced remarkable results after adjusting a few hyperparameters for each dataset: a 0.001 learning rate 

with 0.9 momentum using SGD, a 256×256-pixel input size, and cross entropy loss. 

On the melanoma set, the accuracy was 97.12% in 6453 seconds, and on the malignant-versus-

benign set, it was 96.21% in 1700.85 seconds. These impressive results, combined with reasonable 

training times, imply that AlexNet may be a dependable tool for routine clinical diagnoses. The model's 

effectiveness is further demonstrated by the training times of 6453 seconds for the melanoma dataset and 

1700.85 seconds for the malignant vs. benign dataset, which make it a viable option for practical 

dermatology applications. The findings of this study not only highlight the AlexNet model's potential to 

improve diagnostic precision, but they also add to the expanding corpus of research on the use of AI in 

medical image processing. 

 

 

8. RESULTS AND DISCUSSION 

The new AlexNet model consistently and accurately detects melanoma spots as either benign or 

malignant, according to tests conducted on two distinct collections of skin cancer images. On the bigger 

melanoma skin cancer dataset, it achieved 97.12% accuracy and 96% AUC after approximately 6453 seconds. 



                ISSN: 2722-3221 

Comput Sci Inf Technol, Vol. 7, No. 1, March 2026: 111-120 

116 

On the balanced Malignant vs Benign set, it recorded 96.21% accuracy and 96% AUC in approximately 1700 

seconds, visualised in Figure 5. 

The model demonstrated its strength when presented with a variety of clinical images by producing 

balanced precision, recall, and F1 scores across both runs, as displayed in Table 1. In terms of raw accuracy, 

area-under-curve values, and training speed, AlexNet outperformed several more recent deep learning and 

conventional ML approaches in head-to-head comparisons, demonstrating the importance of the selected 

architecture and adjusted hyperparameters. When combined, the findings imply that the system may be a 

reliable tool for early, precise melanoma identification, which would enhance physician judgment and, 

eventually, patient outcomes [6], [35]. Figure 6 illustrates the average performance analysis of machine 

learning models evaluated using two distinct skin cancer datasets. 

 

 

 
 

Figure 4. Overview of the proposed model architecture and evaluation process 
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Figure 5. Average time complexity comparison of the deep learning models in seconds 

 

 

Table 1. Average performance comparison of the two datasets across evaluation metrics 
DL model Accuracy (%) Precision (%) Recall (%) F1 score (%) 

AlexNet 97.12 96 95 97 

CNN 91 95 85 90 
LeNet 88.45 46.79 47 46.95 

GoogLeNet 87 47 51 49 
SNN 87 86 87 87 

FLANN 86 89 80 84 

ResNet 66.86 47 16 24 
GAN 53 52 67 58 

VGG16 51 50 44 47 

 

 

 
 

Figure 6. Average performance analysis of machine learning models using two distinct skin cancer datasets 

 

 

9. LIMITATIONS AND FUTURE DIRECTIONS 

Noteworthy limitations must be taken into consideration regarding the said AlexNet-based 

methodology, despite the accuracy, AUC, and balanced precision–recall achieved on two publicly 

accessible skin cancer datasets being relatively good. To begin with, the melanoma skin cancer dataset and 

skin cancer malignant vs. benign dataset are culled from particular online repositories and, therefore, may 

not accurately represent the variation of the real-world clinical population, imaging devices, and processes 

of acquisition. Under-representation of certain skin tones, the early-stage melanomas, or lesion type, may 

lead to dataset bias and limit the applicability of the reported performance to other hospitals or regions [1]. 

In addition, such studies often use the labels created by dataset developers. While these labels may be of 

poor quality, there is no way to control the differences that may exist within the dataset itself during the 
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course of the study. Even with the popularity of these datasets, we suspect that there is no true ground for 

the metrics used, and thus no true basis for the metrics, due to the existence of what we have called 

‘labelling noise’, differences related to the histopathology approval at hand, and the control of the 

diagnosis. Also, the study lacks tests on a more significant domain shift, such as images taken from a 

variety of dermatoscopes or smartphone cameras, as the focus of the assessment is on two similar datasets. 

This may indicate a gap in the study concerning such a domain shift. 

Lastly, none of the trials have been done in the setting of a future study on readers (dermatologists 

or other healthcare providers). Therefore, many of the important issues, including trust in the model by the 

users, how interpretable and how well workflows can be incorporated into daily practice, and how much 

AI assistance affects the speed of diagnoses and how quickly decisions can be made based on diagnosis, 

were not tested. The current model only does an image-level classification and does not yet do lesion 

segmentation or provide structured explanations that would have been useful in proving the clinical 

validity of the models. 

The limitations of our findings provide many avenues for future research. Future research should 

corroborate our model's results by validating it against independent, multi-centre datasets with more 

extensive variations in skin types, lesion types, and image acquisition methods, as well as by utilizing cross-

dataset evaluation methods to quantify the impact of domain shift. Additionally, uncertainty estimation and 

calibration should be incorporated into future studies to allow better quantification of the certainty associated 

with individual predictions, particularly for borderline or infrequently observed instances. Lastly, future 

studies should provide for the incorporation of explanations of the AI's decisions through the use of 

techniques like saliency maps and class-activation visualizations, and the conduct of prospective studies 

employing human-AI collaboration in actual clinical settings [4], [36] before AI-based decision-support 

systems can be implemented and integrated into clinical practice. 

 

 

10. CONCLUSION 

This study confirms that fine-tuned AlexNet excels at classifying skin cancer images, achieving 

97.12% accuracy on the melanoma skin cancer dataset and 96.21% on the skin cancer malignant vs. benign 

dataset, while outperforming traditional ML methods and several competing deep networks. The model 

should be incorporated into the dermatology triage process with saliency maps for clinical use so that the 

model is transparent, validated through multicentre trials across various populations, and used as a 

collaborative tool to facilitate early detection of melanoma and improve patient care. In dermatological 

practice, where our model will serve as a triaging tool, we propose that the clinical implementation of our 

model will occur in the future, with an emphasis on using saliency mapping techniques to highlight the 

relevant visual features that aid in the diagnostic process. To validate the use of our model in the clinical 

setting, we plan to conduct multi-site studies that include a large number of patients accessed by multiple 

photographic capture devices. Our model acts as a supplementary tool to aid dermatologists; thus, both 

community and practice experiences will support our model's use to expedite melanoma detection and 

improve the standard of care practices for all patients. 
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