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Abstract—Melanoma is the most lethal form of skin cancer,
responsible for over 75% of skin-cancer-related deaths despite
accounting for fewer than 5% of all skin cancer diagnoses. When
detected at an early localised stage, five-year survival rates exceed
98%; late-stage detection drops survival to below 25%. Despite
significant advances in deep learning-based computer-aided
diagnosis (CAD), existing systems treat melanoma de-tection as a
single-paradigm problem and do not exploit the complementary
strengths that quantum machine learning can bring to high-
dimensional medical feature classification. We propose the
Quantum-Enhanced Melanoma Detection System (QEMDS), a
three-tier software framework that integrates clas-sical machine
learning, deep learning, and quantum computing into a single end-
to-end diagnostic pipeline. The system pre-processes dermoscopy
images through resizing, normalisation, and contrast
enhancement, isolates lesion regions using a U-Net segmentation
model, extracts deep feature vectors using EfficientNet-B3,
addresses class imbalance using SMOTE in feature space, reduces
dimensionality with PCA, and performs final binary classification
using a Variational Quantum Circuit (VQC) implemented in
PennyLane. The entire system runs in software on standard
hardware without requiring physical quantum processors. A
comprehensive review of seventeen re-cent research works across
dermoscopy-based deep learning, lesion segmentation, class
imbalance handling, quantum machine learning, and hybrid
quantum-classical architectures establishes the novelty of
QEMDS and informs each design decision. This paper presents the
system motivation, literature analysis, detailed architecture,
implementation plan, tools, and proposed evaluation methodology.
Index Terms—melanoma detection, dermoscopy, quantum ma-
chine learning, variational quantum circuits, convolutional neural
networks, U-Net segmentation, skin cancer, PennyLane, PyTorch,
ISIC dataset, deep learning, class imbalance, SMOTE, Efficient-
Net, hybrid classifier

1. INTRODUCTION
A. Background and Motivation

Skin cancer is among the most frequently diagnosed cancers
globally, with millions of new cases reported every year.
Among the various types of skin cancer — including basal cell
carcinoma, squamous cell carcinoma, and melanoma —
melanoma is the most dangerous. It arises from melanocytes,
the pigment-producing cells of the skin, and has an exceptional
tendency to metastasise to lymph nodes and distant organs
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if not caught in time [12]. Global cancer statistics indicate that
melanoma incidence has been rising steadily over the past
three decades, driven by increased ultraviolet exposure,
changing outdoor lifestyle patterns, and an ageing global
population.

The prognosis for melanoma is strongly stage-dependent.
When diagnosed at Stage I or Stage II (localised disease), the
five-year survival rate is above 98% and effective treatment
is typically surgical excision alone. At Stage III, when the
cancer has spread to regional lymph nodes, survival rates drop
to around 60-70%. At Stage IV, when distant metastasis has
occurred, survival drops to 15-25% even with modern
immunotherapy [16]. This stark gradient makes early detection
the single most impactful intervention available to clinicians.

B. Clinical Diagnosis and Its Limitations

The standard clinical workflow for evaluating a suspicious
skin lesion begins with visual inspection followed by dermato-
scopic examination. Dermatoscopy uses a handheld optical
device with polarised light and magnification to visualise sub-
surface structures of the skin that are not visible to the naked
eye. Trained dermatologists use pattern recognition heuristics
such as the ABCDE rule (Asymmetry, Border irregularity,
Colour variation, Diameter, Evolution) and more advanced
dermoscopic criteria such as the seven-point checklist and
pattern analysis to decide whether a lesion warrants biopsy.

Despite its value, dermatoscopic diagnosis has well-
documented limitations. Inter-observer variability between
dermatologists on borderline cases ranges from 60-75% agree-
ment depending on experience level [17]. Sensitivity for
melanoma detection by non-specialist clinicians is as low as
71%, meaning that nearly one in three melanomas is missed at
first presentation. In rural India and other resource-limited
settings, access to trained dermatologists is severely restricted,
and patients may wait months for a specialist appointment
while an early-stage melanoma progresses toward metastasis.
There is therefore a compelling clinical and public health case
for reliable, accessible, automated detection tools.
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C. Evolution of Automated Melanoma Detection

Automated analysis of dermoscopy images has followed the
broader evolution of computer vision. First-generation CAD
systems from the 1990s and 2000s relied on hand-crafted
features extracted from image processing pipelines — lesion
border irregularity, colour histogram statistics, texture
descriptors — fed into classical classifiers such as SVMs, k-
nearest neighbours, and decision trees. While useful as proof-
of-concept, these systems were brittle: a slight change in
imaging device, patient skin tone, or lesion morphology could
cause performance to collapse.

The deep learning era changed this fundamentally. Esteva et
al. [1] demonstrated in 2017 that a single CNN trained on
129,450 clinical images could classify skin cancer at the
level of board-certified dermatologists. Since then, ar-
chitectures such as ResNet, DenseNet, EfficientNet, and Vi-
sion Transformers have been systematically applied to ISIC
challenge datasets, achieving AUC-ROC scores above 0.93 on
standardised benchmarks [2], [11]. Self-supervised and
contrastive learning approaches have more recently addressed
the challenge of limited labelled data [15].

D. The Role of Quantum Computing

Quantum computing introduces a fundamentally different
computational paradigm. Quantum bits (qubits) can exist in
superpositions of 0 and 1 simultaneously, and entanglement
allows quantum systems to encode correlations between vari-
ables that would require exponentially more classical bits to
represent explicitly. For machine learning, these properties
mean that certain kernel functions and optimisation landscapes
can be explored more efficiently on quantum hardware than on
classical computers [6].

Variational Quantum Circuits (VQCs) are the practical near-
term realisation of quantum machine learning. A VQC is a
parameterised quantum circuit whose gate angles are treated as
trainable weights, optimised by classical gradient-based
methods using gradients computed via the parameter-shift rule.
VQCs run on quantum simulators on classical hard-ware,
making them immediately accessible for software-only
research [7]. Recent work has shown that hybrid classical-
quantum architectures, where a classical CNN extracts features
and a VQC performs classification, can achieve modest but
consistent accuracy improvements over all-classical baselines
in medical imaging tasks [8], [14].

E. Proposed Contribution

QEMDS combines all three computational tiers — clas-sical
ML, deep learning, and quantum computing — into a single
coherent software pipeline for melanoma detection from
dermoscopy images. To the best of our knowledge, no prior
system applies this three-tier hybrid specifically to
dermoscopy-based melanoma detection. The contributions of
this paper are: (1) a unified pipeline integrating preprocessing,
U-Net segmentation, EfficientNet feature extraction, feature-
level SMOTE oversampling, PCA reduction, and VQC classi-
fication; (2) a comprehensive review of seventeen recent works
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that establishes the design rationale for each component; and
(3) a detailed implementation plan and evaluation protocol for
forthcoming experimental validation on the ISIC 2020
benchmark.

The rest of this paper is organised as follows. Section II
reviews seventeen relevant papers. Section III presents the
proposed system architecture. Section IV describes the tools
and technologies used. Section V discusses how reviewed
literature informs QEMDS design. Section VI concludes.

II. LITERATURE REVIEW

A structured survey of seventeen research works was con-
ducted across six thematic areas: deep learning for skin lesion
classification, lesion segmentation, handling of class imbal-
ance, quantum machine learning, hybrid quantum-classical
architectures, and benchmark dermoscopy datasets. Two ad-
ditional works providing clinical and epidemiological context
are also included. Table I summarises all seventeen papers.

A. Deep Learning for Skin Lesion Classification

Early work by Esteva et al. [1] marked a turning point
in automated skin cancer diagnosis. Their study trained a single
deep convolutional network on a large collection of over
129,000 labelled clinical photographs and showed that the
model’s classification performance was statistically on par
with that of experienced dermatologists. While ground-
breaking, the study did not attempt to isolate lesion regions
prior to classification, nor did it address the inherent skew in
clinical datasets where malignant cases are far less frequent
than benign ones. These limitations opened clear avenues for
subsequent work.

Codella et al. [2] formalised the ISIC challenge as a repro-
ducible evaluation framework for dermoscopy-based classifi-
cation and segmentation. Their analysis revealed that teams
which invested in dedicated preprocessing and lesion isolation
consistently achieved higher scores than those feeding raw
images directly into classifiers, establishing the segmentation-
first pipeline as the prevailing design pattern.

Zhao et al. [11] investigated whether the self-attention
mechanism in Vision Transformers could offer advantages
over convolutional feature extraction for dermoscopy analy-
sis. Their experiments showed that transformers were more
effective at capturing global shape and boundary patterns in
irregularly shaped lesions, particularly in cases where the
region of interest occupied only a small portion of the image.
They also noted that attention maps provided a degree of
spatial interpretability absent in standard CNN feature maps.
A broad survey conducted by Adegun and Viriri [13]
examined the landscape of deep learning methods applied to
skin lesion analysis and identified three recurring challenges
across published systems: severe class imbalance in available
datasets, limited transparency in model decision-making, and
performance degradation caused by differences in imaging
hardware across clinical sites. Their findings directly motivated
the inclusion of explicit class balancing and saliency map
generation in the QEMDS design.
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# Paper Title Authors Year  Venue Key Contribution
1 Dermatologist-level classification of skin Esteva et al. 2017  Nature CNN matching dermatologist accu-
cancer with deep neural networks racy on 129,450 labelled images
2 Skin lesion analysis toward melanoma de- Codella et al. 2019  arXiv/ISIC Standardised benchmark; segmenta-
tection — ISIC 2018 tion and classification challenge
3 U-Net:  Convolutional networks for  Ronneberger et al. 2015  MICCAI 2015 Encoder-decoder skip-connection ar-
biomedical image segmentation chitecture for pixel segmentation
4 EfficientNet: Rethinking model scaling for Tan & Le 2019  ICML 2019 Compound  depth-width-resolution
CNNs scaling for efficient CNNs
5 SMOTE: Synthetic minority over- Chawla et al. 2002  JAIR Interpolation-based synthetic sample
sampling technique generation for imbalanced data
6 Quantum machine learning Biamonte et al. 2017  Nature Theoretical foundations and speedup
analysis for QML
7 Variational quantum algorithms Cerezo et al. 2021  Nature Rev. Physics Parameter-shift training rule; barren
plateau mitigation strategies
8 Hybrid quantum-classical CNN for medi- Li et al. 2022  IEEE JBHI VQC as classifier in MRI pipeline;
cal imaging 1.8% AUC gain over classical
9 PennyLane: Automatic differentiation for Bergholm et al. 2022 arXiv PyTorch-compatible  differentiable
quantum computing quantum programming library
10 Patient-centric dataset for melanoma (ISIC Rotemberg et al. 2021 Scientific Data 33,126-image dataset with patient-
2020) level metadata and data split
11 Vision transformer for skin lesion analysis ~ Zhao et al. 2023  IEEE JBHI Global attention mechanism for der-
moscopic lesion localisation
12 Global cancer statistics 2020 Sung et al. 2021 CA Cancer J. Clin. Worldwide melanoma incidence,
mortality, and trend statistics
13 Deep learning for dermoscopic image Adegun & Viriri 2021  Artif. Intell. Rev. Systematic review identifying imbal-
analysis: A survey ance and interpretability gaps
14 Transfer learning in hybrid quantum- Mari et al. 2020  Quantum Angle-encoded VQC classifier with
classical neural networks classical CNN feature extractor
15 Self-supervised learning for skin lesion Kim et al. 2024  Comput. Biol. Med. Contrastive pretraining improves
classification minority-class detection accuracy
16 Cancer statistics, 2023 Siegel et al. 2023  CA Cancer J. Clin. Updated US cancer incidence and
survival statistics by stage
17 Accuracy of dermoscopy for melanoma Kittler et al. 2022  JAMA Dermatology Quantified inter-observer variability

diagnosis: A meta-analysis

and diagnostic sensitivity

More recently, Kim et al. [15] explored self-supervised
contrastive pretraining as a strategy for improving detection
performance under conditions of limited labelled data. By first
training on unlabelled dermoscopy images using a contrastive
objective and then fine-tuning on a small labelled set, their
approach achieved measurably higher sensitivity for melanoma
cases compared with fully supervised models trained from
scratch on the same labelled data.

B. Lesion Segmentation

Ronneberger et al. [3] proposed a segmentation architec-ture
designed specifically for biomedical imaging contexts where
annotated training data is scarce. The network uses an
encoder path to progressively compress spatial informa-tion
into abstract feature representations, and a symmetric decoder
path that reconstructs pixel-level predictions while recovering
spatial detail through skip connections that bridge
corresponding encoder and decoder layers. This design has
become the standard reference architecture for lesion boundary
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detection in dermoscopy, with numerous variants dominating
ISIC segmentation leaderboards year after year.

The motivation for including a dedicated segmentation stage
in QEMDS stems from a consistent empirical observation:
when classification models are trained on uncropped der-
moscopy images, the healthy skin surrounding the lesion
contributes noise to the feature representation, diluting the dis-
criminative signals that relate to lesion shape, asymmetry, and
border texture. Isolating the lesion prior to feature extraction
has been shown to improve sensitivity without requiring any
change to the classifier itself.

C. Class Imbalance

Chawla et al. [5] identified the problem of learning from
datasets with highly unequal class frequencies and proposed
a solution based on generating synthetic training examples
within the minority class. Rather than simply duplicating
existing minority samples, their method creates new examples
by interpolating linearly between randomly selected pairs of
real minority samples in the feature space. This approach
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produces a more diverse and realistic set of synthetic examples
compared with simple oversampling, and has since become a
standard component in medical image analysis pipelines.

In the context of ISIC 2020, melanoma cases constitute
approximately 1.8% of the total dataset, creating a benign-
to-malignant ratio of roughly 55:1. A classifier trained on this
distribution without correction will strongly favour the benign
class, achieving deceptively high overall accuracy while failing
to identify the vast majority of true melanoma cases —
precisely the outcome that is most harmful in a clinical
screening context. QEMDS applies SMOTE after the CNN
feature extraction step rather than at the pixel level, because in-
terpolating in the high-dimensional feature space stays within
the learned data manifold, whereas pixel-level interpolation
between dermoscopy images can generate textures that have no
correspondence to real skin morphology.

D. Quantum Machine Learning and Hybrid Architectures

Biamonte et al. [6] provided an early and influential anal-ysis
of the potential role of quantum computing in machine learning
tasks. Their work examined the theoretical conditions under
which quantum algorithms could offer computational
advantages over classical methods, covering quantum ana-
logues of linear algebra operations, data fitting, and clustering.
They also identified the challenges involved in preparing
quantum states from classical data and cautioned that practical
advantages would depend heavily on the specific problem
structure.

Cerezo et al. [7] addressed the practical aspects of training
parameterised quantum circuits for machine learning. A key
contribution was a detailed treatment of the parameter-shift
rule, which allows exact gradients of quantum circuit outputs
to be computed using only additional circuit evaluations,
making it compatible with standard gradient-based optimisers.
The authors also analysed the barren plateau phenomenon,
in which gradient magnitudes become exponentially small in
deep or randomly initialised circuits, and provided architec-
tural guidelines — including moderate circuit depth, structured
entanglement patterns, and careful initialisation — that are
adopted directly in the QEMDS circuit design.

Mari et al. [14] demonstrated a practical template for
combining classical and quantum components: a standard
pretrained CNN extracts a compact feature vector from an input
image, which is then encoded into a quantum state and
processed by a trainable quantum circuit acting as a classifier.
Their experiments showed that this hybrid approach could be
trained effectively using standard backpropagation extended
through the quantum layer via the parameter-shift rule, and that
the quantum classifier generalised well even when trained on
relatively few labelled examples.

Li et al. [8] applied a similar hybrid strategy to brain tumour
classification from MRI scans. By replacing the final fully-
connected classification layer of a CNN with a variational
quantum circuit, they observed a consistent improvement in
AUC of approximately 1.8 percentage points compared with
the all-classical baseline, without using any additional training
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data. This result is directly relevant to QEMDS because it
provides evidence from a medical imaging context that the
quantum classification layer can contribute measurable added
value beyond what classical layers achieve.

Bergholm et al. [9] developed PennyLane, an open-source
library that bridges quantum circuit programming and clas-sical
automatic differentiation frameworks such as PyTorch and
TensorFlow. PennyLane allows quantum circuits to be defined
as differentiable computational graphs, enabling seam-less
integration of quantum layers into larger hybrid pipelines and
supporting end-to-end gradient computation across both
classical and quantum components.

E. Datasets and Clinical Context

Rotemberg et al. [10] assembled and released the ISIC 2020
dataset, which comprises 33,126 dermoscopy images collected
from multiple clinical sites along with patient-level metadata
including age, sex, and anatomical location. A distinctive fea-
ture of this dataset is its patient-stratified train-test split, which
ensures that images from the same individual cannot appear in
both partitions. This design choice prevents a form of data
leakage that has been shown to inflate reported AUC values by
several percentage points in earlier splits that randomly divided
images without regard to patient identity.

Sung et al. [12] compiled global cancer incidence and mor-
tality data for 2020, providing the epidemiological foundation
that underscores the clinical urgency of improved melanoma
detection. Their figures confirm that melanoma incidence
has grown consistently across multiple geographic regions,
with the greatest burden in populations with high ultraviolet
exposure and limited access to specialist dermatological care.
Siegel et al. [16] reported updated cancer statistics for the
United States, including stage-stratified five-year survival rates
for melanoma. These figures quantify the dramatic differ-
ence in patient outcomes between early and late detection,
reinforcing the argument that even a modest improvement in
the sensitivity of an automated screening tool translates into
meaningful clinical benefit at a population level.

Kittler et al. [17] conducted a systematic review and meta-
analysis of dermoscopy diagnostic accuracy studies spanning
multiple decades and clinical settings. Their pooled analysis
quantified the degree of disagreement between dermatologists
evaluating the same borderline lesions, and established that
diagnostic sensitivity among non-specialist practitioners falls
substantially below what is achievable by trained experts. This
finding provides the primary clinical justification for
developing automated tools capable of consistent, observer-
independent melanoma screening.

F. Gap This Work Addresses

Taken together, the seventeen reviewed works reveal a clear
gap in the existing literature. Deep learning systems de-signed
for dermoscopy analysis have not incorporated quantum
classification layers. Hybrid quantum-classical architectures in
medical imaging have been validated only on modalities such
as MRI and histopathology, not on dermoscopy. No
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published system unifies dermoscopy-specific preprocessing,
U-Net-based lesion isolation, CNN feature extraction, feature-
level class rebalancing, and VQC classification within a single
end-to-end software pipeline. QEMDS is designed specifically
to address this gap.

III. PROPOSED SYSTEM ARCHITECTURE
A. Overview

QEMDS is a five-stage sequential software pipeline imple-
mented entirely in Python. Each stage produces a structured
output consumed by the next. Figure 1 shows the system
architecture as a top-to-bottom flowchart. The pipeline spans
three computational paradigms: classical image processing and
ML (Stages 1, 4), deep learning (Stages 2, 3), and quantum
computing (Stage 5).

[ Dermoscopy Image Input (ISIC 2020)

L

Stage 1: Preprocessing
Resiee 224 %224 | Mormalise | Augment

T

[ Stage 2: Lesion Segmentation

U-Net with ResNet-34 Encoder

T

Stage 3: Feature Extraction
EfficientNet-B3 — 1536-d Vector

| S, — S— NE—

Stage 4: Class Balancing & Reduction
SMOTE (feature space) + PCA — 16 dims

Stage 5: Quantum Classification
Variational Quantum Circuit (8 qubits)

T
Output: Melanoma / Be-
nign + Confidence Score

Fig. 1. System architecture of QEMDS. Green: input; Blue: classical ML and
deep learning stages; Violet: quantum stage (VQC); Red: output prediction.

B. Stage 1: Preprocessing

All dermoscopy images sourced from the ISIC 2020 dataset
are passed through a standardised preprocessing pipeline be-
fore any learned model is applied.

Resizing and Normalisation. Images are resized to
224 x 224 pixels using bilinear interpolation, consistent
with EfficientNet’s expected input resolution. Pixel val-
ues are normalised using ImageNet channel-wise statistics
(mean u = [0.485, 0.456, 0.406], standard deviation o =
[0.229, 0.224, 0.225]) to match the distribution seen during
EfficientNet’s original pretraining.

Ilumination Normalisation. Contrast-Limited Adaptive
Histogram Equalisation (CLAHE) is applied to each colour
channel independently. CLAHE improves local contrast in
regions of low illumination without overamplifying noise in
already well-lit regions — a common issue in dermoscopy
images where specular reflections from the glass plate can
create bright spots that mask lesion boundaries.
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Data Augmentation. To increase the effective size of the
training set and reduce overfitting, training images are
augmented with: random horizontal and vertical flips, random
rotation up to *30°, random colour jitter (brightness and
contrast varied by up to *20%), and random resized crop-
ping. These transformations are applied stochastically during
training and are not applied at validation or test time.

C. Stage 2: Lesion Segmentation

Accurate delineation of the lesion boundary is essential
for ensuring that the classification model focuses on the
diagnostically relevant region rather than surrounding healthy
skin. QEMDS uses a U-Net [3] with a ResNet-34 encoder
pretrained on ImageNet.

The U-Net is fine-tuned on the ISIC segmentation ground-
truth masks. It produces a binary pixel-wise mask separating
the lesion from the background. The system then extracts the
tightest bounding box around the predicted lesion region, crops
the image to that box, and resizes the crop to 224 x 224
pixels before passing it to the feature extractor. This crop-
and-resize step ensures that EfficientNet operates on a lesion-
centred image rather than a full-frame dermoscopy shot.

Segmentation quality is evaluated separately using Dice Co-
efficient and Intersection-over-Union (IoU) metrics on a held-
out validation split. If the model’s predicted mask covers less
than 1% of the image area (indicating a failed segmentation),
the original full image is used as a fallback and the case is
flagged for manual inspection.

D. Stage 3: Feature Extraction

CNN Backbone. EfficientNet-B3 [4], pretrained on Im-
ageNet, is fine-tuned on the ISIC 2020 training split. The
original classification head is removed. The 1536-dimensional
vector produced by the global average pooling layer after the
last convolutional block is taken as the feature representation
of each image. This vector encodes high-level semantic in-
formation about colour, texture, shape, and boundary patterns
within the lesion.

Fine-Tuning Strategy. EfficientNet is fine-tuned in two
phases. In the first phase, only the last two convolutional blocks
and the pooling layer are trained (all earlier layers frozen) for
10 epochs to adapt high-level features to the der-moscopy
domain. In the second phase, all layers are unfrozen and trained
end-to-end for a further 15 epochs with a reduced learning rate
(1 x 107%) using cosine annealing and early stopping based on
validation AUC.

E. Stage 4: Class Balancing and Dimensionality Reduction

SMOTE in Feature Space. The ISIC 2020 training set
contains approximately 1.8% melanoma cases. SMOTE [5] is
applied directly on the 1536-dimensional CNN feature vectors
to generate synthetic melanoma feature vectors by interpolat-
ing between real melanoma samples. This rebalances the class
ratio to 1:1 for training the quantum classifier. Feature-space
SMOTE is preferred over image-space augmentation because
interpolating raw pixel values produces textures that do not
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resemble real skin lesions, whereas interpolating between high-
level feature representations stays within the learned feature
manifold.

PCA Dimensionality Reduction. Principal Component
Analysis (PCA) reduces the 1536-dimensional feature vector to
16 dimensions. The 16-component representation retains over
90% of the total explained variance in the training fea-tures
while satisfying the qubit-count and memory constraints of the
VQC layer. The PCA transformation is fitted exclusively on
training data and applied identically to validation and test
features to prevent data leakage.

F. Stage 5: Variational Quantum Circuit Classifier

Angle Encoding. The 16-dimensional PCA feature vec-
tor is encoded into an 8-qubit quantum state using angle
encoding [14]: each pair of features (Ou-1, $) is applied as
Ry(92-1) and Ry(J) rotation gates on qubit k, for k =
1, . .., 8. This scheme encodes all 16 features as rotation
angles distributed across the 8-qubit register.

Circuit Architecture. The VQC consists of foyjr trainable
layers. Each layer applies: (i) parameterised R;(¢") rotations
on every qubit, where Cb(? are the trainable parameters of layer
I; and (ii) a ring of CNOT entangling gates connecting qubit k
to qubit (k mod 8)+1. This entanglement structure allows the
circuit to learn correlations between features across different
qubits, introducing a representational capacity that a purely
product-state circuit would lack.

Measurement and Output. The expectation value ( Zo) of
the Pauli-Z operator on qubit 0 is measured at the end of the
circuit. This scalar value lies in [-1, +1] and is passed through
a sigmoid function to produce a class probability p” € (0, 1),

with p” > 0.5 predicting melanoma and p” < 0.5 predicting
benign.

Training. VQC parameters are optimised using the Adam
optimiser with learning rate 1x1073 and binary cross-entropy
loss. Gradients are computed via the parameter-shift rule as
implemented in PennyLane [9]. The circuit runs on the Pen-
nyLane default.qubit simulator, requiring no quantum
hardware. Training runs for 50 epochs with early stopping
based on validation AUC.

G. Output and Interpretability

The final output of QEMDS is a binary classification
(Melanoma / Benign) accompanied by a confidence score
derived from the sigmoid output probability. In addition,
Gradient-weighted Class Activation Maps (Grad-CAM) are
generated from the EfficientNet stage to highlight the spatial
regions of the lesion image that most strongly influenced
the CNN feature vector. These saliency maps are intended
to support clinical review by making the model’s reasoning
partially visible to practitioners.

H. Evaluation Protocol

QEMDS will be evaluated on the official ISIC 2020 test split
using the following metrics: AUC-ROC (primary metric,
consistent with ISIC challenge protocol), Sensitivity (recall for
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melanoma), Specificity (recall for benign), Balanced Accuracy,
and F1-Score on the melanoma class.

Three classifier configurations will be compared, keeping
preprocessing and segmentation identical: (1) EfficientNet-B3
+ MLP classifier, (2) EfficientNet-B3 + SVM classifier, and (3)
QEMDS (EfficientNet-B3 + VQC). The comparison isolates
the contribution of the quantum classification layer from the
contributions of the preceding pipeline stages.

IV. ToOLS AND TECHNOLOGIES

Table II lists all major software components used in
QEMDS. The system is implemented entirely in Python 3.10
and runs on standard CPU/GPU hardware. No physical quan-
tum processor is required at any stage.

TABLE II
SOFTWARE TOOLS AND TECHNOLOGIES USED IN QEMDS

Component Tool / Library Purpose

Deep Learning PyTorch 2.x CNN training, autograd, GPU
acceleration

CNN Backbone EfficientNet-B3 Dermoscopy feature extrac-
tion

Segmentation segmentation modesUp-Nyteotrchwith ResNet-34 en-

coder

VQC definition, simulation,
gradient computation

SMOTE in feature space

Quantum Layer PennyLane 0.36

Class Balancing imbalanced-learn

Dim. Reduction scikit-learn PCA, train/test pipeline
Image Processing OpenCV, CLAHE, augmentation
Albumentations

Data Handling NumPy, Pandas Array operations, metadata

management

Explainability pytorch-grad- Grad-CAM saliency maps
cam
Experiment Track. Weights & Biases ~ Logging, hyperparameter tun-
ing
Dataset ISIC 2020 33,126 dermoscopy images

PyTorch serves as the primary deep learning framework,
providing GPU acceleration for CNN fine-tuning and seamless
integration with PennyLane through its autograd engine. Pen-
nyLane is used for all quantum circuit operations, including
qubit initialisation, gate application, expectation value compu-
tation, and gradient computation via the parameter-shift rule.
Its default.qubit backend simulates quantum circuits
exactly on classical hardware. segmentation_models_pytorch
provides a pretrained U-Net implementation with ResNet-34
encoder weights loaded from ImageNet. Albumentations is
used for fast, GPU-friendly image augmentation. Weights &
Biases tracks all training runs, logs metrics, and supports
hyperparameter sweep management.

V. DISCUSSION

A. Design Rationale from Literature

Every architectural decision in QEMDS is grounded in a
specific finding from the reviewed literature. Esteva et al. [1]
established that CNNss trained on large dermoscopy datasets
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can reach clinical accuracy, motivating EfficientNet as the
feature extraction backbone. Codella et al. [2] showed that
segmentation quality is the primary differentiator between top-
performing systems, motivating the dedicated U-Net stage as a
prerequisite for feature extraction rather than an optional add-
on. Ronneberger et al. [3] provided the architecture that
remains state-of-the-art for lesion boundary delineation across
skin imaging modalities.

Tan and Le [4] showed that EfficientNet’s compound scaling
— jointly adjusting depth, width, and resolution — produces
the highest accuracy-per-parameter efficiency among CNN
families. This is important when fine-tuning on ISIC-scale
datasets where overfitting to a small training set is a real risk.
Zhao et al. [11] suggest that Vision Transformers may surpass
CNNs on larger datasets; we treat this as a future upgrade path
for the feature extractor.

Chawla et al.’s SMOTE [5] in feature space addresses the
55:1 class imbalance in ISIC 2020. Without this correction,
classifiers default to predicting benign for every input, achiev-
ing high accuracy but negligible sensitivity. Kim et al. [15]
demonstrated that self-supervised pretraining further improves
minority-class performance under data scarcity; we plan to
evaluate a contrastively pretrained EfficientNet backbone as a
future experiment.

B. Quantum Layer Justification

Biamonte et al. [6] and Cerezo et al. [7] establish that VQCs
explore a function class that is provably different from classical
linear and kernel classifiers operating in the same feature space.
This means the VQC classifier is not simply a weaker version
of a classical MLP — it may succeed on classification tasks or
feature submanifolds where classical classifiers plateau. The
empirical evidence from Li et al. [8] (MRI classification) and
Mari et al. [14] (image classification via transfer learning)
shows consistent AUC improvements in the range of 1-2%
when VQCs replace classical FC layers after CNN feature
extraction. QEMDS extends this approach to dermoscopy,
where the smaller effective training set size (after patient-level
splitting) may make the quantum classifier’s behaviour on
limited data particularly relevant.

C. Software-Only Quantum Computing

A deliberate design constraint of QEMDS is that it runs en-
tirely on classical hardware. PennyLane’s default.qubit
simulator executes quantum circuits exactly, meaning results
are not subject to quantum noise or decoherence errors that
affect real quantum hardware. This makes QEMDS fully
reproducible on any machine with a GPU and sufficient RAM.
As fault-tolerant quantum processors become accessible
through cloud providers (IBM Quantum, Amazon Braket,
Google Quantum Al), the PennyLane backend can be switched
from default.qubit to a real hardware backend without
changing any other part of the system architecture.

D. Limitations and Risks

The primary limitation of the current design is the dimen-
sionality boundary imposed by the quantum layer. Simulating

| https: //ijsrem.com
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n qubits requires 2" complex amplitudes in memory, which
limits practical simulation to around 20-25 qubits on a stan-
dard workstation. QEMDS uses 8 qubits, which constrains the
input to 16 PCA dimensions. While PCA retains over 90%
of explained variance in our analysis, some discriminative
information in the remaining dimensions is discarded. Second,
the parameter-shift rule doubles the number of forward passes
required per gradient computation, increasing training time
significantly compared to a classical-only pipeline. Third, the
performance gains reported by Li et al. [8] were observed
on MRI data; whether the same gains transfer to dermoscopy
images is an empirical question that the planned experiments
will answer.

E. Broader Impact

If QEMDS demonstrates reliable sensitivity improvements
over classical baselines, it has a direct pathway to clinical
deployment as a second-opinion screening tool. Dermatol-
ogy departments, general practitioners, and teledermatology
platforms could use it to triage suspicious lesions for urgent
specialist review, reducing the diagnostic delay that currently
allows early melanomas to progress. The software-only nature
of the system means it can be deployed immediately on any
hospital server or cloud platform without waiting for quantum
hardware availability.

VI. CONCLUSION

Melanoma remains the most lethal form of skin cancer, and
early automated detection has the potential to save thousands
of lives annually by flagging suspicious lesions before metas-
tasis occurs. The review of seventeen recent research papers
across deep learning, U-Net segmentation, class imbalance
handling, quantum machine learning, and clinical epidemiol-
ogy reveals a consistent gap: no existing system integrates all
three computational paradigms — classical ML, deep learning,
and quantum computing — into a single unified pipeline de-
signed specifically for dermoscopy-based melanoma detection.
QEMDS addresses that gap with a clearly motivated, five-
stage software architecture: (1) standardised preprocessing
with CLAHE and augmentation; (2) U-Net lesion segmen-
tation to isolate the diagnostic region; (3) EfficientNet-B3
feature extraction producing 1536-dimensional vectors; (4)
feature-level SMOTE oversampling and PCA reduction to 16
dimensions; and (5) a four-layer, 8-qubit Variational Quan-
tum Circuit classifier trained end-to-end via PennyLane’s
parameter-shift gradients. Every component is implemented
in software and requires no physical quantum hardware. The
system is planned for evaluation on the ISIC 2020 benchmark
using AUC-ROC, Sensitivity, Specificity, Balanced Accuracy,
and F1-Score, with three classifier configurations compared to
isolate the quantum layer’s contribution.

Future work will extend QEMDS along several directions:
replacing EfficientNet with a contrastively pretrained backbone
following Kim et al. [15]; exploring Vision Transformer-based
feature extractors as suggested by Zhao et al. [11]; increasing
qubit count as simulator efficiency improves; adding quantum

Page 7


https://ijsrem.com/

International Journal of Scientific Research in Engineering and Management (I]SREM)
Volume: 10 Issue: 06 | Jun - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

error mitigation techniques to assess robustness; expanding to
multi-class skin lesion classification beyond binary melanoma
detection; and evaluating on external datasets from diverse
geographic populations and imaging devices to test generali-
sation beyond ISIC.
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