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Melanoma is one of the most aggressive forms of skin cancer, necessitating advanced diagnostic tools to improve
early detection. This study presents a novel Al-driven approach that combines deep neural networks with
quantum computing techniques for enhanced lesion classification. Specifically, we employ a U-Net model for
segmentation and a hybrid Convolutional Neural Network - Quantum Neural Network (CNN-QNN) for classifi-
cation. Our approach achieves a precision of 99.67 %, recall of 99.67 %, and an overall accuracy of 99.35 % on

the HAM10000 dataset. Additionally, we report a sensitivity of 99.4 %, a specificity of 99.2 %, and a macro F1-
score of 99.5 %, significantly surpassing traditional CNN-based classifiers. This hybrid model outperforms
conventional deep learning approaches, demonstrating its potential for aiding dermatologists in clinical decision-
making. A comparative analysis with state-of-the-art models further validates the effectiveness of our method.

1. Introduction

The use of artificial intelligence in dermatology is an area that is
attracting growing interest from both the healthcare system and com-
panies operating in the sector. Through artificial intelligence, it is
possible not only to differentiate between benign and malignant pig-
mented lesions, but also to improve the diagnosis and management of
other dermatological conditions such as psoriasis and other inflamma-
tory diseases, evaluate the individual characteristics of skin ulcerations,
and profile gene expression. Melanoma is a serious skin cancer and its
incidence is rapidly increasing in many countries. The incidence in
white populations has increased by 3-5 % per year since the mid-20th
century, partly due to increased sun exposure during summer months,
with current rates ranging from 20 to 60 cases per 100,000 people per
year [4]. Melanoma, a type of often aggressive tumor, primarily de-
velops on the skin but can occasionally occur in the eyes or mucous
membranes [1]. This cancer originates from a genetic mutation in me-
lanocytes, the cells responsible for skin pigmentation. The incidence of
skin cancer, with melanoma as its deadliest form, is steadily increasing
[2]. Although traditional melanoma diagnosis relies on visual observa-
tion by dermatologists, this approach can be limited by subjectivity and
the potential for human error. However, thanks to recent advances in
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medical technology, including automatic recognition methods and the
approach to artificial intelligence (AI), there is a shift in how skin lesions
are evaluated. The introduction of artificial intelligence in dermatology
not only enhances the diagnosis of skin lesions but also opens new
frontiers in patient care and clinical research. However, the effectiveness
of Al lies not only in its diagnostic capabilities but also in its integration
with clinical expertise. Al in fact, does not replace the dermatologist but
supports them in the decision-making process, reducing the risk of
human error and improving the quality of care. Computer-aided diag-
nosis systems offer a more objective and accurate alternative. Through a
series of stages, including image acquisition, lesion segmentation,
feature analysis, and lesion classification, these systems aim to improve
the accuracy and timeliness of melanoma diagnosis [3]. Interest in
automatic melanoma recognition methods is growing as efforts are
made to enhance early diagnosis effectiveness and reduce human error
rates [5]. These promising developments offer new hope for quicker and
more accurate melanoma diagnosis, with the potential to significantly
improve treatment outcomes and patient survival prospects. Despite the
advantages, the widespread adoption of Al presents significant chal-
lenges, including the need to standardize the datasets used to train the
models and ensure that they are representative of diverse populations.
Moreover, the use of Al raises important ethical issues, such as
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protecting patient privacy and ensuring algorithmic transparency. This
paper proposes a hybrid CNN-QNN architecture to leverage the
strengths of classical and quantum computation. Unlike previous works
that rely solely on classical deep learning, our model integrates quantum
layers to enhance feature representation and classification accuracy. Our
contributions are:

1. The implementation of a novel hybrid CNN-QNN model that im-
proves melanoma classification accuracy by leveraging quantum
feature mapping.

2. A systematic performance comparison between our hybrid model
and conventional CNN architectures, highlighting the advantages of
quantum-assisted learning.

3. A detailed analysis of the impact of the quantum layer through
ablation studies, showcasing its role in boosting classification
performance.

4. An exploration of statistical significance in our experimental results
to ensure robustness and reliability in real-world applications.

The paper is structured as follows: Section 2 provides a detailed
background on melanoma, describing the various skin lesions and
associated risk factors. Section 3 examines the deep learning architec-
tures used for the analysis of dermatological images. This includes a
description of autoencoders, the U-Net network, and quantum neural
networks, exploring how these technologies can be applied to the seg-
mentation and classification of skin lesions. Section 4 highlights the
existing literature on the use of artificial intelligence and deep learning
in the diagnosis of skin diseases. It analyzes previous studies that have
employed machine learning techniques for the segmentation and clas-
sification of skin lesions, highlighting the strengths and limitations of
these approaches. Section 5 describes the HAM10000 dataset, which
was used for training and validating the proposed models. The dataset
contains a wide variety of skin lesion images, accompanied by detailed
annotations provided by expert dermatologists. Section 6 presents the
image preprocessing process, including hair removal using the Canny
edge detector algorithm and autoencoders. Subsequently, the segmen-
tation of dermatological images using the Otsu algorithm and the U-Net
neural network is described. Finally, the classification of skin lesions
using a quantum-classical hybrid model is illustrated. Section 7 reports
the performance of the proposed models, and finally, Sections 8 and 9
highlights the benefits and limitations of the adopted methodologies.
Possible directions for future improvements and research are also
suggested.

2. Melanoma background

The cutaneous melanoma is a malignant tumor that originates in
melanocytes, the epithelial cells responsible for melanin production, so
it originates in the skin or, more rarely, in the eyes or mucous mem-
branes [44]. Furthermore, melanocytes are responsible, under normal
conditions, for the presence of dark spots on the surface of the skin
known as moles, clinically defined as nevi [6]. Cutaneous melanoma can
manifest on intact skin or from moles located on the skin that may be
present from birth or early childhood (congenital) or appear later in life
(acquired) [7]. Clinically, four types of cutaneous melanoma can be
distinguished:

e Acral lentiginous melanoma: it is the rarest type of melanoma in
people with fair skin and manifests at the extremities of the limbs,
especially on the palms, soles, and subungual sites. This particular
melanoma has a rapid intraepidermal phase, and the appearance of a
nodular region reflects the onset of vertical tumor growth [8].

e Lentigo maligna melanoma: it is relatively rare (about 5-10 % of
cases) and mainly occurs in elderly people; it tends to appear in sun-
exposed areas damaged by chronic sun exposure and therefore
mainly manifests on the face, where it takes the form of an
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asymmetrical, flat spot ranging from pale brown to dark brown. Its
evolution is rather slow, and only in advanced stages can nodules
appear on the surface [9].

e Nodular melanoma: it is a type of melanoma characterized by poor
or even absent radial growth and by vertical growth from the
beginning; for this reason, it is very aggressive and often presents
metastases at diagnosis. It occurs in 10-15 % of cases of melanoma,
especially in males around 50-60 years of age; its diagnosis is diffi-
cult as it does not give symptoms and sometimes does not present the
characteristic tumor coloration [10].

e Superficial spreading melanoma: it is the most common melanoma,
approximately 60-70 % of cases, and often has a biphasic course:
initially, it has stable and slow horizontal growth manifested as a
macular lesion; subsequently, there is a vertical growth that corre-
sponds to an invasion depth and has an evolution of the lesion into a
plaque with polychromatic or sometimes clear areas [11].

The risk of developing melanoma, a type of skin cancer, is influenced
by a combination of environmental and genetic factors [12]. While
sunlight exposure is often associated with melanoma, it’s essential to
recognize that other factors also play significant roles in its develop-
ment. The interplay between genetic predisposition and environmental
influences determines an individual’s susceptibility to melanoma [13].
Several factors contribute to the likelihood of developing melanoma
independently and significantly. Firstly, skin phototype and pigmenta-
tion are crucial. People with fair skin, light hair and eyes, as well as those
with freckles (phototypes 1-2), are at a higher risk. Individuals with
darker skin tones (phototype 4) generally have a lower risk compared to
those with fairer complexions [14]. Family history is another important
factor. If a person has a family member who has had melanoma, their
own risk increases.

Around 10 % of melanoma patients have another case of the disease
within their family [15]. Genetics also play a role, particularly muta-
tions in the CDKN2A gene [16]. The likelihood of inheriting this mu-
tation rises with the number of family members affected by melanoma.
The number of moles on the body can also indicate risk. Having
numerous acquired moles, especially over 100, or having 5 or more
atypical moles (larger than 6 mm, irregular border, variegated color)
increases the risk of developing melanoma [17]. A personal history of
melanoma also increases the risk of developing another melanoma in the
future. The cumulative probability of a second melanoma occurring at 5
and 10 years is notable, highlighting the importance of ongoing moni-
toring. Sunburn experiences during childhood and adolescence, as well
as intense and intermittent sun exposure throughout life, contribute
significantly to melanoma risk. Additionally, the presence of a giant
congenital mole is a risk factor. These large moles present from birth can
increase the likelihood of melanoma development.

It’s crucial to recognize and understand these risk factors to take
proactive measures. Regular skin checks and sun protection practices
can aid in early detection and effective treatment of cutaneous mela-
noma, ultimately improving outcomes for those affected by the disease.
The first step in distinguishing a mole from a melanoma is summarized
in the ABCDE rule [18]:

e Asymmetry in shape: a mole is generally circular or rounded, while a
melanoma has a more irregular shape.

e Irregular borders: a melanoma, unlike a benign mole, has jagged
edges.

e Disparate color: moles are generally characterized by a uniform
color, contrary to melanomas which have varying colors within.

e Diameter larger than 6 mm: typically, the maximum dimensions of a
mole are around 6 mm in diameter, while a melanoma is charac-
terized by development, both in width and depth.

e Evolution: unlike moles, melanomas change appearance in a rela-
tively short time.
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Other warning signs that should be evaluated by a doctor are a mole
that bleeds, itches, or is surrounded by a lump or a reddened area. The
presence of all these characteristics facilitates the recognition and
diagnosis of a melanoma. However, when the melanoma is in the early
stages or when only some clinical characteristics of the ABCDE are found
in a mole, the diagnosis can be challenging [1]. The difficulty of clinical
evaluation can lead to both a high rate of unnecessary mole removals
and an underestimation of the diagnosis. For this reason, in order to
increase diagnostic sensitivity, the specialist may resort to the use of
tools that allow better observations than direct naked-eye observation
[19].

3. Deep learning architectures: a review

We now provide an overview of the key properties of the deep
learning architectures employed in the remainder of this paper. For
additional details one can refer, for instance, to Refs. [20,53,54].

3.1. Autoencoder architecture

Autoencoders [21] are a type of artificial neural network designed to
learn a compact and meaningful representation of data, typically used
for unsupervised learning. Autoencoders find numerous applications,
such as dimensionality reduction, where the goal is to compress data
into a reduced latent space, image denoising, where autoencoders are
used to remove noise from data, and anomaly detection, in which sig-
nificant deviations between the input and the reconstruction indicate
potential anomalies. Their architecture consists of two main compo-
nents: the encoder and the decoder [22].

e Encoder: The encoder maps the high-dimensional input, typically
represented as a vector x € R", into a lower-dimensional space,
called the latent space or latent code z € R™, where m < n. Mathe-
matically, this transformation can be expressed as:

z = f(x) = 6(W.x +b,) (@]

where W, is the encoder’s weight matrix, b, is the bias, and ¢ is a
nonlinear activation function (such as ReLU or sigmoid).

Decoder: The encoder maps the high-dimensional input, typically
represented as a vector x € R", into a lower-dimensional space,
called the latent space or latent code z € R™, where m < n. Mathe-
matically, this transformation can be expressed as:

z = f(x) = 6(W.x +b,) ()]

where W, is the encoder’s weight matrix, b, is the bias, and ¢ is a
nonlinear activation function (such as ReLU or sigmoid).

The goal of the autoencoder is to minimize the difference between
the input x and its reconstruction X. This difference is measured using a
loss function, commonly the Mean Squared Error (MSE). The learning
process of autoencoders involves optimizing the weights W, and Wy, and
the biases b, and by, using optimization algorithms such as Adam or
Stochastic Gradient Descent (SGD). The optimization process aims to
minimize the loss function L(x, X), improving the model’s ability to
faithfully reconstruct the input [23].

3.2. U-Net architecture

As depicted in Fig. 1, the U-Net model exhibits a fairly symmetrical
architecture, with a contraction part on the left mirroring roughly the
expansion part on the right, hence the “U” shape. Moreover, both the
expansion and contraction phases consist of four levels. The contraction
part comprises, for each phase, two convolutional layers followed by a
max-pooling layer to decrease dimensions. With each contraction phase,
the number of image channels doubles. In the expansion part, for each
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Fig. 1. The U-Net architecture used for dermatological image segmentation.
The structure consists of a contraction path (encoder) for feature extraction and
an expansion path (decoder) for segmentation reconstruction. Skip connections
help preserve image details.

phase, there exists a layer for up-convolution, taking low-resolution
images as input and producing higher resolution ones, along with two
convolutional layers. At each expansion phase, the number of channels
halves. The output from the network’s contraction path is concatenated
to each up-convolution layer. Finally, at the end of the expansion phase,
a convolutional layer is added to create the feature map within the
desired classes [24].

3.3. Quantum neural network

Quantum neural networks (QNNs) are an innovative fusion of
quantum theory and traditional neural networks. These models, sys-
tems, or devices combine the characteristics of quantum mechanics with
the properties of neural networks, which are models of interconnected
units inspired by the functioning of biological neurons. In the context of
quantum neural networks, neurons are conceived as qubits, which are
quantum processing units that can simultaneously represent O and 1
thanks to the principle of quantum superposition. This theoretical
approach paves the way for a new form of information processing,
where concepts from quantum physics are leveraged to enhance the
capabilities of neural networks in learning and data processing. Essen-
tially, quantum neural networks harness the power of quantum me-
chanics to improve the performance of traditional neural networks,
offering new opportunities to solve complex problems in fields such as
pattern recognition, optimization, and cryptography [25]. In the case of
quantum neural networks (QNNs), the process of neuron operations is
significantly different from classical neural networks.

In classical neural networks, information processing occurs through
classical bits, while in quantum neural networks, qubits or quantum bits
are used [25]. The field of quantum computing, including quantum
neural networks, is still in its early stages and faces significant technical
challenges [26]. In a classical neuron, the output is determined by
applying an activation function to the weighted sum of the inputs,
adding a bias term. This is expressed by the following formula:

Output = Activation (Zwixi + b) 3)
i

where w; represents the weight associated with the input x;, and b is the
bias, while Activation is the activation function. As for the quantum
neuron, it utilizes quantum states to represent information and applies
quantum gates to perform computations. This is expressed by the
following formula:

|Wout> = U(Q) |Win> (4)

Where, U(6) is a quantum gate parameterized by 6), and i, and y o are
the input and output quantum states, respectively. Quantum layers are
essential components of QNNs. In a quantum layer, qubits encode in-
formation, and a series of quantum gates perform operations on these



M. Frasca et al.

qubits. These gates exploit quantum phenomena such as superposition
and entanglement, allowing for parallel information processing. Quan-
tum states are manipulated through a set of quantum gates, and the
resulting quantum information is often measured to obtain a classical
output. The challenge lies in mitigating issues such as quantum deco-
herence and errors. The classical output can be used as feedback to
adjust the parameters of the quantum gates in subsequent layers,
contributing to the learning process [27].

The classical layers in classical neural networks are composed of
layers of interconnected neurons:

Layer,, = Activation(Layer;, - Weights + Biases) 5)

The quantum layer in QNNs has quantum layers composed of
quantum neurons.

Wou) = U(On)U(6n-1).--U(01)[Win) Q)]

where U(6;) is the quantum gate in the i-th neuron. Training the
quantum circuit involves updating the parameters of the quantum gates
in response to a loss function:

Hnew = gold - n'vﬁLloss (7)

where 6,14 and 6,y re the old and updated parameters, respectively, 1 s
the learning rate, and Vy Ljos;s is the gradient of the loss with respect to
the parameters [28].

3.3.1. Convolutional neural networks-quantum neural networks

Hybrid CNN-QNN neural networks (Convolutional Neural Networks
- Quantum Neural Networks) combine elements of classical convolu-
tional neural networks (CNNs) with quantum neural networks (QNNs),
aiming to leverage the strengths of both technologies to enhance data
processing and analysis capabilities. In a hybrid CNN-QNN network, the
initial convolutional models are used to extract features from images in a
classical way, and then these results are passed to a quantum component
for further processing. Specifically, the CNN handles feature extraction,
transforming complex data into simpler, more compact representations,
which can then be processed by the quantum neural network [29]. The
QNN utilizes quantum computational power to analyze these represen-
tations and make more accurate or faster decisions. The main operations
are shown below:

e Convolution Operations: The convolution of an image I with a filter
K of size m x n is defined as:

3
-

n—

S(i.j) = I(i+k,j+1)-K(k,1) ©)

T
o
Il

=)

where:
- I'is the input image.
— K is the kernel (filter) applied to the image.
— S(i, j) is the result of the convolution at position (i, j).

The output of the CNN, represented by a vector of numerical fea-
tures extracted from the images, is prepared for quantum processing
through dimensionality reduction and a dedicated mapping process.
Each value in this vector is transformed into a rotation angle Ry(6),
encoding the information into the qubits of the quantum circuit. The
circuit then applies quantum gates, such as the CNOT gate, to create
entanglement between qubits, leveraging the properties of quantum
mechanics to establish complex correlations among the variables.
After measuring the states along the Z-axis, the results are returned to
the classical domain as a set of values seamlessly integrated into the
final dense layers to complete the classification process. To ensure
effective training, the entire system employs an optimization strat-
egy that combines classical and quantum techniques. The CNN uses
the Adam algorithm for rapid and stable weight updates, while the
quantum component leverages the parameter-shift rule to compute
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the gradients needed for optimizing the circuit’s parameters. This
synergy allows the model to be trained end-to-end, simultaneously
optimizing both components to ensure robust and precise data
processing.

Quantum Operations: Quantum neural networks use operations on
qubits. A common operation is the rotation of a qubit around the Y
axis, represented as:

cos(6/2)
sin(6/2)

—sin(0/2)

Ry(0) = cos(6/2)

©)

where 6 is the rotation angle of the qubit.
Entanglement via CNOT: Entanglement between two qubits can be
implemented with a CNOT gate:

1 0 00O
01 00

CNOT = 00 0 1 10)
0010

This operation creates quantum correlations between the qubits.
An example of a CNN-QNN hybrid network is shown in Fig. 2.
4. Related work

Al techniques are transforming melanoma diagnosis. These methods
analyze dermatological images to identify malignant lesions with high
precision, often surpassing the capabilities of human dermatologists.
Adegun et al. [30] describe the use of a deep learning-based system for
automatic melanoma detection. Utilizing CNNs, the system analyzes
dermoscopic images to identify malignant lesions with high precision.
Techniques such as data augmentation, transfer learning, and image
preprocessing are employed to enhance model performance. The model
is trained on large datasets of dermatological images, significantly
improving its ability to detect melanoma compared to traditional
methods. The results show an accuracy exceeding 90 %, highlighting the
potential of deep learning to improve early diagnosis and reduce mis-
diagnoses. Seeja et al. describe an approach that combines CNNs for skin
lesion segmentation and Support Vector Machines (SVM) for classifica-
tion. The CNN is used to accurately segment lesions from dermoscopic
images, while the SVM classifies the lesions as benign or malignant. The
results show a segmentation accuracy of 94 %, classification accuracy of
92 %, precision of 91 %, sensitivity of 90 %, and specificity of 89 %. This
combined approach demonstrates improved melanoma diagnosis
compared to traditional methods. Daghrir et al. [31] present an inno-
vative method combining deep learning and traditional machine
learning techniques to improve melanoma diagnosis. Utilizing CNNs to
extract features from dermoscopic images and algorithms like SVM and
Random Forest for classification, the hybrid approach showed promising
results. It achieved an accuracy of 95 %, precision of 93 %, sensitivity of

Fig. 2. Schematic representation of the hybrid CNN-QNN neural network used
for skin lesion classification. The model combines a CNN for feature extraction
with a quantum neural network to enhance data representation and
generalization.
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Fig. 3. Compact block diagram of the proposed CNN-QNN pipeline for melanoma classification, showing preprocessing, segmentation, feature extraction, quantum

mapping, and final prediction.

92 %, and specificity of 90 %. These results demonstrate that the hybrid
approach can provide more accurate diagnoses, significantly reducing
misdiagnoses and improving the clinical management of melanoma.
Acosta et al. [32] use deep learning techniques to improve melanoma
diagnosis. Employing Mask R-CNN for lesion segmentation and
ResNet152 for classification, the system achieved a segmentation ac-
curacy of 94 %, classification accuracy of 92 %, precision of 91 %,
sensitivity of 90 %, and specificity of 89 %. These results demonstrate
that deep learning can effectively identify malignant lesions, surpassing
traditional methods and reducing misdiagnoses. Hussain et al. [33] aim
to improve nail melanoma diagnosis using quantized deep-learning
models based on transfer learning. Utilizing annotated nail image
datasets, the models achieved over 95 % accuracy while maintaining
computational efficiency through quantization. This approach allows for
implementation on mobile devices, making the technology accessible for
real-time clinical applications and enhancing early diagnosis and clin-
ical management of nail melanoma. Sivakumar et al. [34] explore the
use of deep learning for skin lesion analysis and malignant melanoma
identification. Utilizing CNNs such as VGG16 and ResNet50, the system
analyzes dermatological images to segment and classify lesions. The
results show a classification accuracy of 93 %, precision of 91 %,
sensitivity of 90 %, and specificity of 88 %. Lopez et al. [35] explore the
integration of quantum computing in the diagnosis of melanoma. Using
CNNs such as U-Net for segmentation and ResNet for classification,
optimized through quantum algorithms like Quantum Approximate
Optimization Algorithm (QAOA) and Variational Quantum Eigensolver
(VQE), the system significantly improves skin lesion segmentation and
classification. The results show a segmentation accuracy that exceeds 96
% and a classification accuracy of 94 %, demonstrating the potential of
quantum techniques to improve the early diagnosis and treatment of
melanoma.

Li et al. [36] describe an approach that integrates quantum
computing with the Inception-ResNet-V1 architecture to classify
multi-class skin damage images. By utilizing quantum algorithms to

optimize the classification process, the system improves accuracy and
efficiency compared to traditional methods. The results indicate a
classification accuracy of over 95 %, highlighting the impact of quantum
technologies in enhancing diagnostic capabilities in dermatology.

Razmjooy et al. [37] describes an innovative approach for skin
melanoma segmentation. Utilizing CNNs such as U-Net and Fully Con-
volutional Network (FCN) optimized by the Quantum Invasive Weed
Optimization (QIWO) algorithm, the system improves skin lesion seg-
mentation compared to traditional methods. The results show a seg-
mentation accuracy of over 95 %, demonstrating that the integration of
quantum optimization techniques can significantly enhance the perfor-
mance of deep learning models in melanoma diagnosis. Ciccincione
et al. [38] describe the use of Transformer models for melanoma
detection in dermoscopic images. Utilizing the Transformer architec-
ture, known for its success in natural language processing, the system
analyzes and classifies skin lesion images. The results indicate that the
Transformer-based approach improves diagnostic accuracy compared to
traditional models, achieving a classification accuracy of over 96 %. This
method offers new possibilities for early and precise melanoma
diagnosis.

Recent studies have highlighted the increasing role of hybrid
quantum-classical approaches in enhancing medical image analysis. For
instance, in Ref. [46], the integration of quantum layers within classical
deep learning architectures is shown to improve pattern recognition and
classification capabilities, supporting our decision to incorporate a QNN
component. Similarly, the application of quantum neural networks to
real-world biomedical tasks, as discussed in Refs. [47,48], validates the
potential of quantum computing in clinical contexts.

Moreover, optimization of neural architectures remains a key chal-
lenge in deep learning, particularly in medical domains where model
efficiency is crucial. The bio-inspired optimization strategies presented
in Ref. [51] offer insights that could be adapted to refine preprocessing
or feature extraction stages in dermatological imaging.

From a broader perspective, the works in Refs. [50,52] emphasize
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the importance of scalability and interpretability in Al-driven di-
agnostics. These aspects align with the challenges identified in our
study, particularly regarding the computational cost of simulating
quantum circuits and the need for transparent model outputs in clinical
practice.

5. Dataset

The dataset used was the HAM10000 ("Human Against Machine with
10.000 training images”™), is a large collection of data containing images
of skin lesions from patients with various dermatological conditions
[39]. This dataset was created with the aim of providing a valuable
resource for research in the field of computational dermatology and
artificial intelligence applied to the diagnosis of skin diseases. The
composition of the dataset includes various types of skin lesions,
including:

e Nevi: Images of benign moles, which are common skin lesions and
generally non-cancerous.

e Melanomas: Images of melanomas, which are a type of skin cancer
derived from melanocytes, are particularly important for the study of
early diagnosis and treatment of the disease.

e Actinic keratoses: These skin lesions, commonly called “sunspots,”
are precancerous and can progress to squamous cell carcinoma if left
untreated.

e Angiomas: Images of angiomas, which are benign vascular
formations.

e Other benign and malignant skin lesions: The dataset also includes
other dermatological conditions such as warts, seborrheic keratoses,
dermatitis, and other common skin lesions.

Each image in the dataset is accompanied by detailed annotations
provided by expert dermatologists. These annotations include informa-
tion about the clinical characteristics of the lesions, such as size, shape,
asymmetry, irregular borders, color variations, and other features rele-
vant to the diagnosis and classification of skin lesions. The predominant
part of the dataset is composed of images of melanocytic nevi (nv 6.705),
benign lesions similar to keratosis (bkl 1.099) and melanomas (mel
1.113).

Additionally, the HAM10000 dataset also includes clinical metadata
associated with each image, such as patient age, gender, lesion location,
and any previous clinical diagnoses.

The diverse and detailed composition of the HAM10000 dataset
makes it a valuable resource for research in the field of computational
dermatology and artificial intelligence applied to the diagnosis and
treatment of skin diseases.

6. Methodology

To facilitate a clearer understanding of the overall proposed meth-
odology and to clearly highlight the different operational phases adop-
ted in this study, a synthetic block diagram has been created 3.

This diagram clearly illustrates the work’s innovative contribution,
consisting of the combination of classical techniques and quantum
computing applied to automated diagnostic support for melanoma.

6.1. Pre-processing and hair removal

Preprocessing of dermoscopic images is crucial to ensure the quality
and accuracy of automated analysis and diagnosis of skin lesions. For
preprocessing, we applied the Gaussian filter for noise removal. The
Gaussian filter is a convolutional mask based on the Gaussian function
that improves the visual quality of the image, facilitating subsequent
analyses. The image is convolved with the Gaussian mask, which
smooths the image by attenuating high frequencies, reducing high-
frequency noise without significantly altering the main details.
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Although the Gaussian filter effectively reduces noise, it can also slightly
blur the edges. We applied the Canny Edge Detection algorithm to
minimize this effect for edge refinement after convolution. For hair
removal from dermoscopic images, we applied two processes: the Canny
algorithm and an autoencoder architecture.

6.1.1. Canny edge detection algorithm

For hair removal from dermatoscopic images with the Canny edge
detection algorithm, we reduced noise in the image by first applying a
Gaussian filter (kernel size = 5 x 5, sigma = 1.5) to smooth the image
and remove high-frequency noise. We then computed intensity changes
to identify edges, removed pixels that do not represent main edges, and
applied dual-threshold hysteresis (low threshold = 50, high threshold =
150) to distinguish strong from weak edges. Specifically, Canny edge
detection occurs in two main stages: in the first stage, light and dark
hairs are segmented using an adaptive Canny edge detector and refined
with morphological closing operations (structuring element = 3 x 3) to
ensure continuity in detected structures. In the second stage, hairs are
repaired using a coherence-based retouching technique at various res-
olutions, ensuring smoother texture reconstruction. This multi-
resolution approach significantly enhances image quality, making it
easier to accurately diagnose skin lesions (see Fig. 3).

The hair removal process includes several steps. First, noise reduc-
tion with a Gaussian filter (5 x 5, sigma = 1.5) is applied, which at-
tenuates high frequencies while preserving essential image details. Next,
the image is converted to grayscale to facilitate segmentation. We
enhance contrast using adaptive histogram equalization to improve the
differentiation between hair and skin regions. Hair segmentation is
performed using Otsu’s thresholding, which dynamically calculates an
optimal threshold to separate hairs from the background, creating a
binary mask where hairs are represented by white pixels on a black
background. Following segmentation, morphological operations are
used to remove isolated noise and refine the mask. After segmentation,
inverting the colors of the binary mask improves the visibility of the
hairs, making them black on a white background. This inversion makes
it easier to identify hairs in the original image. The next step involves
using the mask to remove hair from the original image through image
inpainting techniques based on coherence diffusion, where hair pixels
are replaced with interpolated values from surrounding skin regions. To
further enhance this process, we use a GAN-based inpainting model
trained on dermoscopic datasets to predict and restore occluded regions
with realistic skin textures. The combined process of Gaussian filtering,
edge detection, threshold-based segmentation, morphological refine-
ment, and coherence-based inpainting ensures that hairs are effectively
removed from the dermatoscopic image, as shown in Fig. 4.

6.1.2. Autoencoder architecture for hair removal

The first step in the process is preprocessing the images to separate
the hair from the skin. This is achieved by converting the image to
grayscale and applying an intensity threshold (set to 100) to create a
binary mask that distinguishes the hair (dark areas) from the rest of the
image. The binary mask is then inverted to isolate the hair and applied to
the original image to remove the corresponding hair regions, filling
them with a uniform background color, typically white. Subsequently,
the autoencoder is defined to learn to reconstruct the original image
without hair. The autoencoder is composed of encoder and decoder
blocks: the encoder reduces the dimensionality of the image and extracts
its main features, while the decoder uses these features to reconstruct
the original image. To improve reconstruction accuracy, we integrate
skip connections between encoder and decoder layers, ensuring that fine
details are preserved.

e EncoderBlock 1: Reduces the image from 3 channels (RGB) to 128
channels.
e EncoderBlock 2: Further reduces it from 128 to 256 channels.
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Inpainting
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Fig. 4. Application of the Canny edge detection algorithm for hair removal in
dermoscopic images. The process occurs in two steps: edge detection followed
by interpolation to fill in the removed areas. This enhancement allows for more
accurate segmentation.

The decoder, on the other hand, uses these features to reconstruct the
original image without hair:

e DecoderBlock 1: Expands the image from 256 channels to 128 chan-
nels, using skip connections that concatenate data from the encoder
to enhance the reconstruction.

e DecoderBlock 2: Reconstructs the final image in 3 channels (RGB),
aiming to reproduce the color fidelity and structural coherence of the
original image.

The learning process is guided by a highly customized loss function
that combines various terms, such as L1 Loss, L2 Loss, SSIM Loss, and TV
Loss. These terms help optimize different aspects of the reconstructed
image: color fidelity, structural coherence, and spatial regularity. To

Input data

Encoder
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further improve performance, we apply data augmentation techniques
such as random rotations and brightness adjustments to increase
generalization. After training, the model is capable of generating hair-
less skin images with high fidelity to the original image, preserving
essential details and minimizing distortions introduced by hair removal,
as shown in Fig. 5.

6.2. Segmentation

The segmentation of dermatoscopic images represents a crucial
aspect of automated analysis of skin lesions, as it allows for the precise
isolation of regions of interest, such as lesions, from the surrounding
tissue [40]. This process is fundamental in supporting accurate diag-
nosis, especially in skin diseases like melanoma, where distinguishing
between healthy and malignant tissues is essential. Automated seg-
mentation utilizes advanced algorithms capable of learning and recog-
nizing complex patterns of color, shape, and texture present in
dermatoscopic images. These algorithms can identify critical features,
such as irregular margins, asymmetries, and color variations, which are
typical signs of malignant lesions [41]. Accurate segmentation is
particularly important not only for the initial diagnosis but also for
monitoring lesions over time, enabling dermatologists to assess their
evolution and make more informed therapeutic decisions.

The automated segmentation of dermatoscopic images is made
complex by several technical challenges. Dermatoscopic images are
often subject to significant variability in terms of lighting, contrast, and
quality, which can interfere with the accuracy of the segmentation. For
the segmentation in our article, we used the Otsu algorithm and the
UNet neural network.

6.2.1. Otsu algorithm

The Otsu method is a widely used global thresholding technique that
determines an optimal threshold by minimizing intra-class variance. It
provides a simple and computationally efficient way to segment der-
matoscopic images. However, it is sensitive to illumination changes and
lacks the adaptability required for complex skin lesions. To enhance
robustness, we incorporated a pre-processing step that includes
Gaussian smoothing (kernel size = 5 x 5) to reduce noise before
applying the Otsu method.

The first step in the segmentation process is converting the image
from a color format (BGR) to grayscale. After converting to grayscale,
the image is passed through a median filter using a 5 x 5 window. This
filter effectively reduces noise while preserving sharp edges in the

An encoder-decoder CNN for hair removal

Compressed

—r x
representation

Decoder

Skip connections

Fig. 5. Results obtained using an Autoencoder architecture for hair removal in dermoscopic images. The autoencoder learns a latent representation of the image and

reconstructs a version without interference, improving segmentation quality.
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structures present in the image. Next, an adaptive thresholding tech-
nique is applied to generate a binary mask. Unlike global thresholding
methods that apply the same threshold across the image, this adaptive
threshold dynamically adjusts based on local intensity variations,
making it particularly useful for dermoscopic images with uneven
lighting conditions. To further refine this step, we integrated a local
contrast enhancement method before thresholding, improving lesion-
background separation. Once the binary mask is created, colors are
inverted, ensuring lesions (or areas of interest) appear white while the
background remains black. This enhances the segmentation’s visibility
and facilitates further analysis. To restore original color details in the
segmented regions, we apply a bitwise,nd operation, allowing the orig-
inal lesion details to be retained while removing unwanted background
noise. Additionally, we employ a morphological closing operation
(kernel size = 3 x 3) to refine the lesion shape and reduce artifacts in the
binary mask. This approach significantly improves segmentation qual-
ity, as illustrated in Fig. 6.

6.2.2. UNet neural network

In this segmentation process using UNet, the images are resized to
128 x 128 pixels and converted to grayscale to simplify processing.
Additionally, brightness enhancement with a factor of 1.5 is applied
using the ‘ImageEnhance.Brightness‘ class from the PIL library. This step
aims to make the features of the skin lesions more prominent in the
images, facilitating the segmentation task for the model. The U-Net
network consists of several convolutional layers, organized into an
encoding path (encoder) and a decoding path (decoder), connected by a
“bottleneck.” The structure of the network is as follows:

e Input Layer: Input shape: (128, 128, 1) (grayscale image).
e Encoding Path (Encoder):
— Convl: Two convolutional layers with 64 filters, 3 x 3 kernel size,
ReLU activation, and padding. These layers extract the initial
features from the image.
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Fig. 6. Results of segmentation using the Otsu algorithm. The original image is
converted to grayscale, and an optimal threshold is computed to separate the
lesion from the background. This method is effective for images with high
contrast but may be limited under varying lighting conditions.
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- MaxPoolingl: Pooling operation with a 2 x 2 window, reducing
the spatial dimension of the features by a factor of 2.

— Conv2: Two convolutional layers with 128 filters, 3 x 3 kernel
size, ReLU activation, and padding.

— MaxPooling2: Pooling with a 2 x 2 window.

— Conv3: Two convolutional layers with 256 filters, 3 x 3 kernel
size, ReLU activation, and padding.

— MaxPooling3: Pooling with a 2 x 2 window.

— Conv4: Two convolutional layers with 512 filters, 3 x 3 kernel
size, ReLU activation, and padding.

— MaxPooling4: Pooling with a 2 x 2 window.

¢ Bottleneck:

— Conv5: Two convolutional layers with 1024 filters, 3 x 3 kernel
size, ReLU activation, and padding. This is the deepest layer of the
network, where highly abstract representations of features are
learned.

e Decoding Path (Decoder):

- Up6: Upsampling operation with a factor of 2, followed by
concatenation with the features from Conv4 (skip connection),
followed by two convolutions with 512 filters, 3 x 3 kernel size,
ReLU activation, and padding.

— Up7: Upsampling with a factor of 2, concatenation with the fea-
tures from Conv3, followed by two convolutions with 256 filters.

— Up8: Upsampling with a factor of 2, concatenation with the fea-
tures from Conv2, followed by two convolutions with 128 filters.

— Up9: Upsampling with a factor of 2, concatenation with the fea-
tures from Convl, followed by two convolutions with 64 filters.

e Output Layer:

— A convolutional layer with 1 filter, 1 x 1 kernel size, and sigmoid
activation. This layer generates a binary probability map indi-
cating the presence or absence of lesions in each pixel of the image.

The U-Net model is compiled using the Adam optimizer, known for
its efficiency in quickly converging during training. The loss function
used is binary_crossentropy, suitable for binary segmentation, where
each pixel is classified as lesion or non-lesion. The model was trained for
100 epochs with a batch size of 32 using the training data, while per-
formance was evaluated on a separate validation set to prevent over-
fitting. After training, the model was used to segment the images in the
test set. The segmented masks are generated by applying a threshold to
the network output, with a threshold value set at 32 to highlight finer
lesions. These masks are then superimposed on the original color im-
ages, restoring the colors in the segmented areas, as shown in Fig. 7.

6.3. Classification

For the classification, we used a simulation of a quantum neural
network (QuantumNet) [42]. Training a real quantum neural network
on a normal classical computer is not possible, as an authentic quantum
neural network requires the use of qubits and access to a quantum
computer to perform quantum operations. However, there are some
approaches that allow the simulation of quantum neural networks on
classical computers. The specifications of our PC are:

e HP Zbook Fury 17 G7 Mobile workstation computer;
e High-level NVIDIA Quadro RTX 3000 GPU;

e Windows 11 Pro 64-bit operating system;

e Core i9-10885H CPU with 2.40 GHz processor speed.

Original Image Segmentation Mask Overlay with Mask

Fig. 7. Process for the lesion segmentation and extraction with Unet
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We implemented a hybrid quantum-classical model using a con-
volutional neural network architecture integrated with a simulated
quantum circuit. The images were resized to 128 x 128 pixels and
converted to grayscale. This resizing is essential to ensure that all images
have the same dimensions and can be processed. The classical part of the
network includes:

e Convolutional Layers:

— Convl: First convolutional layer with 16 filters, a 3 x 3 kernel size,
stride of 1, and padding of 1. This layer extracts low-level features
from the image, such as edges and textures.

— Conv2: Second convolutional layer with 32 filters, a 3 x 3 kernel
size, stride of 1, and padding of 1. It increases the complexity of the
extracted features.

— Conv3: Third convolutional layer with 64 filters, a 3 x 3 kernel
size, stride of 1, and padding of 1. Extracts high-level features.

- MaxPooling: A 2 x 2 pooling operation is applied after Conv2 and
Conv3, reducing the spatial dimensionality of the input images
while retaining the most important features.

— Flattening: After the last convolutional layer, the output is flat-
tened into a vector of size 64 x 32 x 32 to be passed through the
subsequent dense layers.

e Quantum Component:

— Quantum Layer: The quantum layer is implemented through a
simulated quantum circuit defined in the quantum circuit
function. This circuit receives as input a feature vector of size
n_qubits (4 in our case). Each value of the vector is mapped onto
an RY rotation on each qubit. CNOT operations are applied to
create entanglement between the qubits. The weights q_params,
initialized randomly, are optimized during training.

— Quantum Output: The output of the quantum circuit consists of
the expectations of the qubits measured along the Z axis (PauliZ),
which is subsequently converted into a PyTorch tensor for use in
the subsequent dense layers of the neural network.

e Dense Layers:

— FC1: Dense layer that takes as input the output of the convolu-
tional network (flattened into a vector) and maps it to a space of
size n_qubits (4 qubits). This vector is then passed through the
quantum circuit.

— FC2: Dense layer that maps the output of the quantum circuit (of
size 4) to 128 units.

— FC3: Final output layer that maps the 128 units to the predicted
output classes (n_classes), using a softmax activation function.

The model optimization was carried out using the Adam algorithm,
which is chosen for its efficiency in handling gradient descent. Adam
adjusts the learning rate for each parameter during training, contrib-
uting to faster and more stable convergence. In our case, the learning
rate was set to 0.001, a value carefully chosen to balance the speed of
learning with the stability of training. To identify the optimal learning
rate for our CNN-QNN model, we tested several configurations,
including 0.01, 0.001, and 0.0001. The results demonstrated that 0.001
provided the best trade-off: it ensured stable and rapid convergence
without the oscillations observed at higher values like 0.01, while
significantly reducing training time compared to lower values such as
0.0001. Regarding the loss function, CrossEntropyLoss was used, which
is appropriate for multi-class classification problems. This loss function
measures the distance between the probability distribution predicted by
the model and the actual distribution of the labels, penalizing incorrect
predictions. The model was trained for 100 epochs, where it learned
from the training images and updated its parameters to improve its
predictive accuracy. Additionally, we utilized the k-fold cross-validation
technique with k = 5, allowing the model’s performance to be assessed
across multiple data subsets. This approach helped to prevent overfitting
and enhance generalization.
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7. Results

The results obtained for the segmentation with the UNet neural
network are shown in Table 1 2 3.

To evaluate the performance of the QuantumNet model, we calcu-
lated the following metrics [43]:

e Macro Averaged Accuracy. This metric is calculated as the average
accuracy across all classes. Initially, the accuracy for each class k is
determined individually:

TPy

A _ 11
ccuracyy TP, 1 TN, an

After that, the overall average of these accuracy values is
computed:

K
> kqAccuracyy

X 12

MAAccuracy =

Macro Averaged Precision. To compute this metric, the precision for
each class k is first calculated separately:
TPy

Precisiony, = ————— 13
recision; TP, 1 P, 13)

Then, the average precision across all classes is determined:

K ..
> k1 Precision

X 14

MAPrecision =

Macro Averaged Recall. This metric is computed by first deter-
mining the recall for each class k:

TPy

_ 1
TPy + FNy (15)

Recall, =

Subsequently, the average recall across all classes is calculated:

oK, Recall
K

MARecall = ae)

Macro Averaged F1. The F1 score is the harmonic mean of precision
and recall. This score is calculated as follows:

Macro_Precision x Macro_Recall
Macro_Precision + Macro_Recall

Macro F1 = 2 x a7

Macro Averaged OVR AUC. This metric measures the model’s
ability to distinguish between each class (One Versus Rest). To obtain
this, the AUC for each class’s ROC curve is computed, and the
average across all classes is taken.

The comparison with other models, including traditional CNN ar-
chitectures, ResNet, and SOM, has been thoroughly explored in previous

Table 1
Dataset HAM 10000 without hair removal.

Metrics Original Dataset Otzu Segmentation U-Net Segmentation
Accuracy 73.09 % 73.09 % 78.07 %
Precision 53.42 % 53.42 % 73.14 %
Recall 73.09 % 73.09 % 78.07 %
F1 Score 61.72 % 61.72 % 73.46 %
AUC 48.57 % 42.17 % 85.64 %
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Table 2
Dataset HAM 10000 with Autoencoder Neural Network hair removal.

Metrics Original Dataset Otzu Segmentation U-Net Segmentation
Accuracy 73.09 % 73.09 % 99.67 %
Precision 53.42 % 53.42 % 99.35 %
Recall 73.09 % 73.09 % 99.67 %
F1 Score 61.72 % 61.72 % 99.51 %
AUC 52.97 % 63.87 % 99.76 %
Table 3

Dataset HAM 10000 with Canny Algorithm hair removal.

Metrics Original Dataset Otzu Segmentation U-Net Segmentation
Accuracy 73.09 % 73.09 % 98.37 %
Precision 53.42 % 53.42 % 98.15 %
Recall 73.09 % 73.09 % 98.37 %
F1 Score 61.72 % 61.72 % 98.21 %
AUC 48.60 % 50.13 % 98.68 %

studies as [5,19,45,49]. In this analysis, we have focused on a detailed
evaluation of performance metrics to provide a more comprehensive
assessment of the effectiveness of the proposed model.

Specifically, using the same image preprocessing and segmentation
pipeline, we compared the performance of the CNN-QNN model with
ResNet-50. The results showed in Fig. 8 and in Table 4 that:

e Explained Variance by PCA: ResNet and CNN-QNN exhibit similar
values (6.38 % vs. 6.39 %), suggesting that both architectures
compress features in a comparable manner within the first two
principal components.

Intra-Class Distance: ResNet shows a higher intra-class distance (9.96
vs. 9.80 for CNN-QNN), indicating that the melanoma image features
within ResNet are more dispersed compared to CNN-QNN.
Inter-Class Distance: CNN-QNN slightly reduces the distance be-
tween classes compared to ResNet (9.93 vs. 9.98), suggesting a better
class separability.

These results indicate that CNN-QNN may offer a more compact and
discriminative feature representation compared to ResNet, although the
difference is not substantial. However, the lower intra-class distance of
CNN-QNN may suggest a higher risk of overfitting, which should be
further validated on real clinical data.

7.1. Comparative analysis with previous studies

As shown in Table 5, the proposed CNN-QNN model significantly

PCA - Feature Distribution (ResNet vs CNN-QNN)

Class
3 Benign
Melanoma

Principal Component 2
o

-2

=3

=3 =2 =1 0 1 2 3 4

Principal Component 1

Fig. 8. Principal Component Analysis (PCA) visualization comparing feature
distributions of ResNet and CNN-QNN models. The first two principal compo-
nents are plotted, showing the separation between benign (blue) and melanoma
(red) cases. The CNN-QNN model provides a slightly more compact represen-
tation of features, potentially enhancing classification performance.
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Table 4

Comparison of PCA results for ResNet and CNN-QNN models. The table reports
the explained variance, intra-class distance, and inter-class distance. Lower
intra-class distance and higher inter-class distance indicate better class
separability.

Model Explained Variance Intra-class Inter-class
(PCA) Distance Distance
ResNet 0.063778 9.960223 9.980202
CNN- 0.063992 9.802606 9.931106
QNN

Table 5

Comparison of melanoma classification performance with previous studies.
Study Accuracy Precision Recall
Adegun et al. (2019) [30] 90 % - -
Seeja et al. (n.d.) 92 % 91 % 90 %
Daghrir et al. (2020) [31] 95 % 93 % 92 %
Acosta et al. (2021) [32] 92 % 91 % 90 %
Hussain et al. (2023) [33] 95 % - -
Sivakumar et al. (2024) [34] 93 % 91 % 90 %
Lopez et al. (2023) [35] 94 % - -
Li et al. (2022) [36] 95 % - -
Razmjooy et al. (2020) [37] 95 % - -
Cirrincione et al. (2023) [38] 96 % - -
Proposed (CNN-QNN) 99.67 % 99.35 % 99.67 %

outperforms existing approaches in the literature. While classical models
such as CNN-SVM hybrids or ResNet-based architectures typically ach-
ieve accuracies between 90 % and 95 %, our hybrid quantum-classical
network reaches a peak accuracy of 99.67 %. Furthermore, the preci-
sion, recall, and F1-score of our method exceed 99 %, highlighting both
its sensitivity in detecting melanoma and its ability to minimize false
positives.

These results demonstrate the effectiveness of quantum feature
mapping in enhancing classification performance, particularly in high-
dimensional and clinically relevant datasets. The inclusion of U-Net
segmentation and hair removal preprocessing also contributes to the
overall robustness of the pipeline. Notably, even compared to other
quantum-enhanced systems, our model achieves higher classification
scores, confirming the added value of our end-to-end design.

Such improvements may translate into more accurate diagnostic
support in real-world dermatology settings, offering a reliable Al-based
second opinion for early melanoma detection.

8. Discussion

This study explores the use of advanced deep learning models to
analyze dermatological images, with the aim of improving the automatic
diagnosis of skin lesions, particularly melanoma. By comparing U-Net
models with Otsu-based segmentation techniques, it evaluates their
performance using key metrics such as accuracy, precision, recall, F1
score, and AUC.

One of the standout aspects of this work is the innovative use of a
hybrid CNN-QNN model. This approach takes advantage of CNNs’
strengths in extracting relevant features from images and combines
them with the unique capabilities of QNNs to manage complex re-
lationships and high-dimensional data. Together, these methods create a
powerful tool that outperforms traditional approaches, reducing over-
fitting risks, and improving generalization. The inclusion of the quantum
component is particularly exciting as it opens new doors for integrating
quantum technologies into machine learning.

The robustness of the model is another strong point. It consistently
performs well across multiple folds of the HAM10000 dataset, high-
lighting its reliability in various scenarios. Clinically, this is sig-
nificant—it means dermatologists could use this tool to detect
melanoma more accurately and quickly, improving patient outcomes.
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Additionally, its ability to integrate smoothly into existing workflows
makes it an attractive option for both routine screenings and prevention
programs, with the potential to reduce melanoma-related deaths.

In our study, we chose not to balance the HAM10000 dataset to
preserve the clinical relevance of its natural distribution, where benign
lesions are significantly more common than malignant ones. This deci-
sion reflects the real-world conditions encountered in dermatological
practice, ensuring that the model is trained in a realistic context. How-
ever, this class imbalance could introduce a risk of bias, potentially
reducing the model’s ability to accurately identify underrepresented
lesions, such as melanomas. To address this, we implemented a loss
function weighting strategy that assigns greater penalties to errors
involving minority classes, without altering the original data distribu-
tion. This approach allowed the model to handle the inherent imbalance
effectively, maintaining its clinical applicability. Moving forward, it will
be essential to validate the model on external datasets drawn from more
diverse populations to assess its generalizability and identify any limi-
tations that may arise in different clinical contexts.

Despite these strengths, the hybrid CNN-QNN model isn’t without its
challenges. One major limitation is the computational power required.
Quantum neural networks depend on quantum computers, which are
still not widely available and demand significant resources. Even sim-
ulations on classical hardware are resource-intensive, with complexity
growing exponentially as more qubits are added. This limits the ability
to apply these models to larger, more complex datasets.

Training these models is another hurdle. Unlike traditional neural
networks, quantum circuits require tailored optimization techniques,
making it harder to update weights and achieve convergence. Inte-
grating the classical CNN with the quantum component is also tricky, as
the two operate on different types of data: continuous for CNNs and
discrete for quantum circuits. Balancing these differences without losing
performance is no small feat.

Although the proposed hybrid CNN-QNN model demonstrated
excellent performance in classifying melanoma images, it is important to
acknowledge some significant limitations. First, the quantum compo-
nent of the model was implemented through classical simulation, as real
quantum hardware is not yet widely accessible. This entails a consid-
erable computational burden and limits the scalability of the approach.
Simulating quantum circuits becomes exponentially more demanding as
the number of qubits increases, making it impractical for very large or
complex datasets.

While classical CNNs are well-suited for large-scale datasets, hybrid
neural networks currently face scalability challenges due to the con-
straints of quantum computing. At present, their applications are
restricted to relatively simple problems, as only a limited number of
qubits can be accurately simulated. Furthermore, the hardware re-
quirements for training the hybrid model are not negligible. Even when
executed on high-performance workstations, the addition of quantum
layers significantly increases training time and memory usage. This
could hinder real-world implementation, unless future advancements in
quantum processors enable more efficient and scalable training pipe-
lines. As quantum hardware continues to evolve, it may eventually
become possible for hybrid models to address more complex dermato-
logical datasets effectively.

9. Conclusion

The analysis conducted in this study has highlighted the potential of
hybrid CNN-QNN models in the field of medical image analysis,
particularly for the early diagnosis of melanoma. The comparison be-
tween the original dataset, Otsu-based segmentation, and the U-Net
approach within the CNN-QNN framework demonstrated a clear
improvement in performance across all key evaluation metrics. The
integration of classical convolutional neural networks and quantum
neural networks has enabled superior results compared to traditional
methods, confirming the value of the hybrid approach in enhancing
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diagnostic accuracy and model generalization. One of the most signifi-
cant aspects of our work was the improvement in dermatological image
segmentation through the use of the U-Net network, which showed
greater precision compared to Otsu thresholding, especially after
applying hair removal techniques. The preprocessing steps, particularly
the use of autoencoders and edge detection algorithms such as Canny,
allowed for noise reduction and enhanced the quality of the input for the
final classifier. From a computational perspective, our hybrid architec-
ture demonstrated that introducing a quantum layer can provide a sig-
nificant advantage in processing image features, improving the model’s
ability to distinguish between benign and malignant lesions. However,
there are still limitations related to model scalability, mainly due to the
difficulty of simulating quantum circuits on classical hardware and the
need for access to quantum computers to fully exploit the benefits of
quantum computing.

From a clinical standpoint, the proposed approach could serve as an
important support tool for dermatologists, enabling faster and more
accurate diagnoses. The high level of sensitivity and specificity achieved
by the model could help reduce the number of false negatives, thus
improving early treatment opportunities for melanoma patients.
Furthermore, integrating these tools into dermatological screening
programs could support a more standardized and objective diagnosis,
reducing reliance on the expertise of individual specialists.

Regarding future developments, it will be crucial to test the model on
larger and more diverse datasets to validate its robustness in real clinical
scenarios. Additionally, optimizing the quantum component could lead
to further performance improvements, particularly with the advance-
ment of quantum hardware in the coming years.
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