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Introduction 

Melanoma incidence has been escalating globally, 
with a particular surge observed in the United 
States. In 2023, it is projected that approximately 
97,610 adults [1] in the United States will receive a 
diagnosis of invasive melanoma, with 58,120 cases 
in men and 39,490 cases in women. Worldwide, 
around 324,635 individuals were diagnosed with 
melanoma in 2020. Among men in the United 
States, melanoma ranks as the fifth most common 
cancer, and it holds the same position among 
women. The incidence of melanoma is 20 times 
higher in White individuals compared to Black 
individuals. On average, melanoma is typically 
diagnosed around the age of 65. Before the age of 50, 
women have a higher rate of melanoma diagnosis 
than men, but after age 50, the rates become higher 
in men. Although melanoma primarily affects older 
individuals, it can also manifest in younger people, 
including those under 30 years old. In fact, it is one 
of the most frequently diagnosed cancers in young 
adults, particularly among women. It was estimated 
that approximately 2,400 cases of melanoma would 
be diagnosed in individuals aged 15 to 29 in 2020. 
Melanoma is characterized by its aggressive nature, 
displaying rapid growth and metastatic potential. 

Consequently, it ranks among the most life-
threatening forms of skin cancer. De- spite 
accounting for a relatively small proportion of skin 
cancer cases, melanoma contributes to a majority of 
skin cancer-related fatalities. This high mortality rate 
underscores the urgent need for effective prevention, 
early detection, and treatment strategies. Moreover, 
the incidence of melanoma has been steadily 
increasing worldwide, particularly among fair-
skinned individuals with a history of sun exposure 
or a familial predisposition. This escalating trend 
amplifies the significance of research efforts to 
understand the underlying mechanisms, risk factors, 
and potential interventions. Furthermore, the 
multifaceted nature of melanoma calls for a 
comprehensive approach encompassing genetics, 
immunology, tumor biology, and clinical 
management. By unraveling the complexities 
associated with melanoma development, progression, 
and therapy, researchers can contribute to improved 
diagnostic tools, targeted treatments, and 
personalized medicine. Advancements in the field, 
such as the emergence of immunotherapy and 
targeted therapies, offer hope for patients with 
advanced melanoma. Overall, the significance of 
melanoma research lies in its potential to enhance 
patient out- comes, reduce mortality rates, and 
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Abstract 
Melanoma cancer has been considered as one of the deadliest cancers. Melanoma is a highly malignant form of skin 
cancer that originates from melanocytes, the cells responsible for producing skin pigment. It is characterized by 
the uncontrolled prolife-elation of abnormal cells, which have the potential to invade surrounding tissues and 
spread to distant parts of the body. In this work, we aim to classify the skin disease into 7 classes. Our objective 
is to propose a deep learning CNN model to improve the accuracy of melanoma detection by customizing the 
number of layers in the network architecture and activation functions followed by reducing the computational 
cost. A comparative study is made between the improved model and the use of pre-trained Models like Resnet, 
Dense Net, Inception, VGG and Dense Net-II which has been giving impeccable accuracy. The HAM10000 
dataset is used for research and we have got better results for the proposed model. Also, graphical results have 
been obtained for the same. 
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contribute to the broader understanding of cancer 
biology. 
The objective of the paper is to propose a new 
model with fewer layers and fewer computational 
costs. The proposed architecture will have fewer 
parameters and better accuracy run with the same 
number of epochs. Also, data augmentation is done 
in order to capture different angles of skin lesion 
images which helps in extracting every important 
feature. Also, over-fitting of the data is avoided by 
using regularization and dropout layers. 
 

Related Works 

There has been a lot of works in this area of research, 
but not as much in the field of melanoma. The recent 
works include the implementation of Machine 
Learning and Deep Learning models by several 
researchers. 
 

Machine Learning based models 

There have been several research works made on 
melanoma detection using different machine 
learning models. In [8], it says AI is quickly gaining 
traction. It has the potential to transform patient 
care, especially in terms of enhancing the sensitivity 
and accuracy of screening for skin lesions using 
ensemble of ML models [18] talks about the 
implementation of SVM+RF inorder to diagnose 
skin cancer and it provides better results than 
other ML models. 
Ontiveros-Robles et al. [19] employed a combination 
of techniques and concepts, such as Type-1 member 
functions, statistical quartiles, and nature-inspired 
optimizations, to develop a supervised fuzzy classifier 
(Borlea et al. 2021) [6]. One notable advantage of 
this classifier is its ability to effectively handle data 
uncertainties. The researchers utilized methods like 
random sampling to address noise and outliers, 
followed by estimating the core of uncertainty and 
determining the membership functions. These 
approaches significantly impact the system’s 
performance, ensuring robustness in the presence of 
uncertainties. 
 

Deep Learning based models 

There have been heaps of DL based works which 
have given extraordinary results for melanoma 
detection. Few include, which implements a Dense 
net II model [9] and gives accurate results than 
many other transfer learning models on HAM 

10000 dataset. In a study conducted by [11], a 
novel optimization technique was introduced to 
enhance the application of convolution neural 
networks (CNN) in tasks such as image recognition 
and pattern classification. The optimization aimed 
to reduce the number of parameters that need to 
be trained, thus improving the efficiency of the 
CNN model. In, the patients can ascertain the skin 
cancer in a very effective and accurate way while 
saving their time and prepares them for the 
treatment. In this paper, the diagnosing method 
uses an image processing methodology. In [21], the 
focus was on exploring the effectiveness of several 
deep learning models in solving a specific problem. 
The researchers aimed to investigate the performance 
of these models and analyze their capabilities in 
handling the complexities of the given task. 
To conduct their study, the researchers selected a 
diverse range of deep learning models that are widely 
recognized for their state-of-the-art performance and 
have shown promising results in related domains. 
These models were carefully chosen based on their 
architectural features and their potential to excel in 
the given problem domain. 
The experiments conducted involved training the 
deep learning models [16] on the avail- able labeled 
data and evaluating their performance on separate 
test sets. The evaluation metrics employed in the study 
were carefully selected to measure the models’ 
accuracy, robustness, and generalization capabilities. 
These metrics provided valuable insights into how 
well the models performed in comparison to existing 
techniques or benchmarks. 
The results obtained were nothing short of 
extraordinary. The deep learning models exhibited 
in [15] shows exceptional performance, surpassing 
previous approaches or bench- marks in the field. 
The high accuracy scores and impressive metrics 
achieved by these models demonstrated their 
superior ability to tackle the complexity of the 
problem at hand. These findings underscore the 
potential and effectiveness of deep learning models in 
solving challenging tasks and highlight their 
relevance and applicability in real-world scenarios. 
In our paper, we have implemented an efficient and 
cost-effective CNN model using HAM 10000 dataset 
which is preprocessed and then used upon an 
improved architecture to improve the evaluation 
metrics followed by comparative study with the other 
transfer learning models. 
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Melanoma Detection Dataset 

The dataset used for my research is the HAM 10000 
dataset. 
The HAM10000 dataset is a publicly accessible 
dataset widely used in the fields of derma- tology and 
computer vision. It comprises a collection of 10,015 
dermo copy images obtained from various sources, 
representing a range of skin lesions and diseases. The 
dataset’s name, “HAM” stands for “Human Against 
Machine,” highlighting its purpose of comparing the 
performance of machine learning and deep learning 
algorithms with that of human dermatologists. 

The images within the HAM10000 data set, see Fig.1 
are categorized into seven distinct classes, 
corresponding to different types of skin diseases, 
including 
• melanoma 
• melanocytic nevi 
• basal cell carcinoma 
• benign keratosis 
• actinic keratosis 
• intraepithelial carcinoma 
• dermatofibroma 
• vascular lesions 

 

 
Figure 1: Few samples of HAM 10000 dataset 

 
Each image is accompanied by additional metadata 
such as clinical information, demo- graphic details, 
and the diagnostic category of the lesion. 
Researchers and practitioners frequently utilize the 
HAM10000 dataset to train and evaluate models 
for tasks involving skin lesion classification and 
diagnosis. Its large size, diverse range of skin lesions, 
and accompanying clinical information make it a 
valuable resource for studying various aspects of 
dermatology and developing algorithms that aim to 
automate or assist in the identification and 
differentiation of skin diseases. 
 

Pre-processing of HAM10000 dataset 

The preprocessing [14] phase played a crucial role 
in preparing the HAM dataset for subsequent 
analysis and modeling. The first steps involved 
loading the dataset from a file, ensuring that the RGB 
image data was readily available for processing. To 
establish a structured for- mat, the dataset was 

sorted based on a specific attribute, enabling 
efficient organization and subsequent analysis. The 
resetting of the index to a sequential order further 
facilitated easy referencing and identification of 
individual entries within the dataset. 
Addressing the challenge of imbalanced data, the 
preprocessing steps focused on creating a more 
balanced representation. This was achieved by 
identifying specific labels within the dataset and 
obtaining their corresponding indices. Subsets were 
then created by grouping entries with the same label, 
forming more homogeneous subsets. To increase the 
representation and diversity of the data, these subsets 
were expanded through duplication. By augmenting 
the size of these subsets, the resulting dataset became 
more balanced and encompassing, providing a more 
accurate representation of the various labels present. 
Furthermore, the concatenated dataset, comprising 
the expanded subsets, streamlined the data and 
allowed for more comprehensive analysis. Redundant 
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information, such as the “index” column, was 
dropped, removing unnecessary attributes that did 
not contribute to the subsequent analysis and 
modeling tasks. To eliminate any inherent ordering or 
bias, the entries were shuffled, ensuring that the order 
of the data did not influence the subsequent analyses. 
Finally, the separation of the dataset into data and 
corresponding labels enabled supervised learning 
tasks [9], where models could learn to associate the 

given data with their respective labels. The 
preprocessing steps taken in this research not only 
addressed the challenge of imbalanced data but also 
ensured the dataset’s suitability and reliability for 
subsequent analysis, modeling, and classification 
tasks. The Figure. 2a shows the bar chart of the 
imbalance in dataset and Figure. 2b shows the bar 
chart after balancing.

 

 
Figure 2(a): Imbalanced data. 

 

 
Figure 2(b): Balanced data. 

 
Data Augmentation 

In order to enhance feature extraction from the 
HAM 10000 dataset, several modifications have 
been implemented to improve the classification 
accuracy of skin cancer images. These modifications, 
including rotations and flipping, aim to address 
challenges related to variations in lighting, 
orientations, and deformations. 
The first step in the feature extraction process is 
normalization. This ensures that all values in the 
dataset are adjusted to a common scale, allowing 
for consistent comparisons between different 
images. Normalization involves subtracting the 

mean value and dividing by the standard deviation 
of the dataset. By normalizing the data, the range 
of values is standardized, enabling better 
convergence during model training and improving 
the overall performance of the classification model. 
Next, the dataset is divided into two parts: the 
training set and the test set. The training set is used 
to train the classification model, while the test set 
is reserved for evaluating its performance. This 
train-test split ensures that the model is evaluated 
on unseen examples, providing an assessment of its 
ability to generalize to new data.  The test set plays 
a crucial role in validating the model’s performance 
and determining its accuracy in real-world 
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scenarios. Data augmentation techniques are then 
applied to the training data. These techniques involve 
various transformations [25], such as rotations, 
shifting, distortion, and flipping of the images. By 
introducing these transformations, the training 
dataset becomes more diverse, capturing a broader 
range of variations present in real-world scenarios. 
This augmentation process helps the model become 
robust to different variations and improves its 
ability to generalize to unseen examples. On the other 
hand, the test data is subjected to a simpler 
transformation, scaling the pixel values down to a 
range between 0 and 1. This ensures that the test data 
is in the same format as the training data, 
facilitating consistent evaluation and comparison. 
To efficiently process and load the augmented data 
during model training and testing, data generators 
are created. These generators split the data into 
small batches and provide them to the model 
sequentially. Batching the data helps in efficient 
memory usage and allows the model to be trained 
on a subset of the data at a time. Data generators 
also help in handling large datasets by loading data 
on-the-fly, enabling efficient utilization of 

computational resources. Overall, the creation of 
data generators enhances the training and 
evaluation process, enabling the model to learn 
from augmented data and achieve improved 
classification performance. 
 

The Improved Dense Net II 
Architecture 

This architecture finds its basis from the Dense Net 
II [9] architecture. It has been cost efficient and 
fewer layers have been used in its implementation. 
 

The architecture and its layers 

In this study, we propose a convolutional neural 
network (CNN) architecture tailored for image 
classification tasks. The model architecture 
comprises multiple layers designed to extract 
meaningful features from input images and make 
accurate predictions. Our aim is to provide a 
detailed understanding of the theoretical aspects 
and functionality of each component in the 
architecture Figure 3.

 

 
Figure 3: Incorporated model 

 
The initial layer in our CNN architecture is a 2D 
convolutional layer (Conv2D). This layer applies 64 
filters of size 3x3 to the input images, which are 
represented as 28x28 pixels with 3 color channels 
(RGB). By convolving these filters over the images, 
the layer detects local patterns and features, such as 

edges, corners, and textures. To introduce non-
linearity and enable the model to capture complex 
relationships, we employ the rectified linear unit 
(relu) activation function [2]. This activation 
function helps in preserving the positive aspects of 
the extracted features while disregarding negative 
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values. To enhance the stability and efficiency of 
the training process, we incorporate a Batch- 
Normalization layer [12, 18] after the convolutional 
layer. This layer normalizes the outputs of the 
previous layer by adjusting and scaling them to 
have zero mean and unit variance. By mitigating 
the internal covariate shift problem, batch 
normalization improves the con- vergence speed 
and performance of the model. Additionally, it 
allows for a higher learning rate and reduces the 
dependence of the model on specific initialization 
conditions. 
To reduce the spatial dimensions of the feature maps 
and retain the most salient features, we utilize the 
MaxPooling2D layer [21, 7]. This layer divides each 
feature map into smaller non-overlapping regions 
and retains the maximum value within each region. 
Through this process of down sampling, the spatial 
resolution of the feature maps is reduced while 
preserving the most significant features. 
Consequently, the model becomes less sensitive to 
small spatial variations and gains a degree of 
translation invariance, enabling it to focus on the 
most prominent features relevant for classification. 
Subsequently, our architecture incorporates 
additional convolutional layers (Conv2D) to 
capture increasingly complex and high-level 
features. Following each convolutional layer, a 
Batch Normalization layer is introduced to 
maintain stability and prevent the internal covariate 
shift. Moreover, a MaxPooling2D layer is applied to 
further down sample the feature maps, reducing 
computational complexity and extracting the most 
informative features. 
After the convolutional layers, we employ a Flatten 
layer to transform the feature maps into a 1-
dimensional vector, preparing them for input into 
the fully connected layers. The first fully connected 
layer (Dense) consists of 256 neurons and applies 
weights and biases to the flattened feature vector. 
By performing a non-linear transformation, this 
layer enables the model to learn higher-level 
representations and abstract features. To prevent 
overfitting, we introduce a Dropout layer [26, 14], 
randomly deactivating a fraction of the neurons 
during training. This regularization technique 
encourages the model to learn more generalized and 
robust representations, enhancing its ability to 
generalize to unseen data. Finally, the output layer 
(Dense) comprises 7 neurons, corresponding to the 
number of classes in the classification task. To 

produce a probability distribution over the classes, we 
utilize the SoftMax activation function [4]. This 
distribution represents the model’s confidence for 
each class. During the training process, the model 
optimizes its parameters using the sparse categorical 
cross entropy loss function, which measures the 
dissimilarity between the predicted probabilities and 
the true class labels. The model’s performance is 
evaluated based on the accuracy metric [20, 17], which 
quantifies its ability to correctly classify the input 
images. 
Our proposed CNN architecture incorporates 
convolutional, normalization, pooling, and fully 
connected layers to effectively extract features and 
classify images. The thoughtful design and 
integration of each component allow the model to 
capture intricate patterns, generalize well to unseen 
data, and achieve high accuracy in image 
classification tasks. The combination of 
convolutional layers for feature extraction, batch 
normalization for stabilize tion, pooling layers for 
down sampling, and fully connected layers for high-
level representations contributes to the overall 
effectiveness and robustness of our model. 
 

Advantages of the improved 
architecture 

The architecture of the model for classifying the 
HAM 10000 dataset has been significantly 
enhanced to improve its performance and accuracy. 
One of the key improvements is the increased 
model complexity [13, 8], achieved by 
incorporating a larger number of layers and 
parameters. This allows the model to capture more 
intricate details and relationships within the data. 
By adding additional convolutional layers and 
dense layers, the model gains a greater capacity to 
learn complex patterns and extract meaningful 
features. This architectural modification enables 
the model to have a more nuanced understanding 
of the input images, resulting in improved accuracy 
in classifying skin lesions. In order to optimize the 
training process and further enhance the model’s 
performance, batch normalization layers have been 
integrated into the architecture. Batch normalization 
plays a crucial role in stabilizing and accelerating the 
training process by normalizing the outputs of the 
previous layers. This technique reduces internal 
covariate shift, leading to faster convergence and 
improved generalization [18, 19]. By maintaining 
the stability of the network during training, batch 
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normalization helps the model to better generalize its 
learned representations to unseen data. This ensures 
that the model can effectively classify skin lesions 
even in the presence of variations and noise in the 
input images. 
The enhanced architecture also includes multiple 
dense layers towards the end of the model. These 
dense layers enable the model to learn more abstract 
and higher-level features from the flattened feature 
maps [29, 27]. By extracting intricate relationships 
and patterns within the data, the model gains a 
deeper understanding of the input images, allowing 
for more accurate predictions. Additionally, dropout 
regularization is applied after the dense layers to 
prevent over fitting. Dropout randomly deactivates a 
certain proportion of neurons during training, 
forcing the model to rely on different sets of 
neurons for each forward pass. This regularization 
technique [13] encourages the model to learn more 
generalized representations and reduces its tendency 
to memorize specific details of the training data, 
thereby improving its ability to generalize to unseen 
images. The enhanced architecture of the model for 
the HAM 10000 dataset includes increased model 
complexity, batch normalization layers, multiple 
dense layers, and dropout regularization. These 
architectural modifications collectively contribute to 

the improved performance and accuracy of the 
model. By capturing intricate patterns, optimizing the 
training process, extracting abstract features, and 
improving generalization capabilities, the model 
demonstrates enhanced accuracy, robustness, and 
reliability in classifying skin lesions [16]. This 
advanced architecture provides a powerful tool for 
dermatologists and researchers in accurately 
diagnosing and understanding skin diseases. 
 

Results and Discussions 

The architecture incorporated gives outstanding 
results which will be discussed in the further sections. 
 

Training and Testing 

Our research focused on the implementation of pre-
trained deep learning convolutional neural networks 
for the classification of skin cancer using the 
HAM10000 dataset. We compared the performance 
of various robust CNN architectures, including Res 
Net [18], Dense Net [9], InceptionV3 [7], VGG-16 
[20], Dense Net-II [9] and improved Dense Net-II 
model. Fig. 4 shows predicted versus actual values 
in the grid for a set of nine images.

 

 
Figure 4: 9X9 image grid 

 
Our findings demonstrate the effectiveness of deep 
learning CNN architectures for skin cancer 
classification. The improved model emerged as the 
top performer, surpassing other architectures. The 
training process involved 20 epochs, and no 

significant improvement was observed beyond that 
point. The confusion matrix obtained while analyzing 
the results clearly indicates how well the proposed 
model has performed on the dataset. Fig 5 briefly 
summarizes the performance of the proposed model.
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Figure 5: Confusion Matrix 

 
Comparison with other DL models 

The implemented convolutional models showed 
superior accuracy compared to traditional machine 
learning algorithms used in previous research. 
Among the models, the improved architecture 
achieved the highest accuracy of 99.30%.  The 
Dense Net II architecture gave an accuracy of 

96.272% [9]. A combined model of Res Net and 
Dense Net also performed well with an accuracy of 
92% [5]. Res Net [28], Dense Net [3], and VGG-16 
[10] achieved accuracy of 86.90%, 87.30%, and 
75.27%, respectively. Fig 6 shows the accuracy and 
loss of the training and validation phase of the 
model.

 

   
(a) Training and Validation Accuracy         (b) Training and Validation loss 

Figure 6: Imbalanced and balanced charts 

 
Evaluation metrices 

Some evaluation metrices [22, 27] include Precision, 
Recall and F1 score and comparison of each of these 
measures used in different works and their respective 
models has been discussed below: 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

where, TP (True Positives) refers to the number of 
correctly predicted positive instances of skin cancer 
by a classification model. In this scenario, the 
classification model is trained to identify whether a 
given skin lesion or image is indicative of skin 
cancer (positive class) or not (negative class). When 

the model correctly predicts a positive instance, it 
is counted as a True Positive. 
FP (False Positives) refers to the number of wrongly 
predicted positive instances of skin cancer by a 
classification model. In this scenario, the 
classification model is trained to identify whether a 
given skin lesion or image is indicative of skin 
cancer (positive class) or not (negative class). When 
the model correctly predicts a negative instance, it 
is counted as a False Positive. Fig. 7 demonstrates 
the precision values of the comparative models and 
the proposed CNN model after training for 20 
epochs. The findings clearly highlight the superiority 
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of the improved CNN model over the other models, 
as it achieves the highest accuracy of 98.8%. On the 

other hand, the VGG-16 model exhibits the lowest 
accuracy, measuring at 77.53%.

 

 
Figure 7: Precision comparison of few DL models 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

In Figure 8, the recall measure is depicted, showing a 
strong correlation with the precision values obtained 

after training for 20 epochs. The proposed CNN 
model stands out with the highest recall of 98.8%, 
outperforming all other models. 

 

 
Figure 8: Recall comparison of few DL models 

 

F1Score = 
2.𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

The F1-score, calculated as the harmonic mean of 
precision and recall, reinforces the trends observed 
in the previous metric results. Consistently, the 

proposed CNN model exhibits the highest F1-score 
of 98.8%, while the VGG-16 model displays the 
lowest F1- score of 74.8%. These findings further 
support the superior performance of proposed model 
compared to other models as shown is Figure 9.
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Figure 9: F1 score comparison of few DL models 

 
Conclusion and Future scope 

Melanoma has proven to be a more fatal condition 
than indicated by statistics [1, 22, 15], primarily due 
to delayed detection and treatment. However, 
computer-based methods offer a promising solution 
for the future. While achieving absolute precision in 
melanoma detection may not be feasible yet, 
significantly accurate detection provides crucial timely 
warnings to patients. Our research demonstrates that, 
particularly for datasets like HAM10000, 
convolutional neural networks with a customized 
number of layers outperform other models which use 
pre-trained models. In future work, we aim to train 
our model on multiple datasets and train the 
algorithm to handle a broader range of image 
inputs. Additionally, our focus will be on enhancing 
the accuracy and efficiency of our models by 
incorporating diverse datasets beyond HAM10000, 
thus increasing their robustness and adaptability. 
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