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Abstract

Background: Quantum machine learning (QML) holds significant promise for advanc-
ing medical image classification. However, its practical application to large-scale, high-
resolution datasets is constrained by the limited number of qubits and the inherent noise
in current quantum hardware. Methods: In this study, we propose the Fused Quantum
Dual-Backbone Network (FQDN), a novel hybrid architecture that integrates classical con-
volutional neural networks (CNNs) with quantum circuits. This design is optimized for the
noisy intermediate-scale quantum (NISQ), enabling efficient computation despite hardware
limitations. We evaluate FQDN on the task of gastrointestinal (GI) disease classification
using wireless capsule endoscopy (WCE) images. Results: The proposed model achieves a
substantial reduction in parameter complexity, with a 29.04% decrease in total parameters
and a 94.44% reduction in trainable parameters, while outperforming its classical counter-
part. FQDN achieves an accuracy of 95.80% on the validation set and 95.42% on the test
set. Conclusions: These results demonstrate the potential of QML to enhance diagnostic
accuracy in medical imaging.

Keywords: endoscopy images; quantum machine learning; models fusion; classification

1. Introduction

Artificial intelligence (Al) is currently playing a major role in the field of computer
vision. It has helped so much in advancing medical imaging thanks to machine (ML) and
deep learning (DL) [1,2]. Convolutional neural networks (CNNs) [3,4], transfer learning
strategies [5], and transformers [6] have greatly advanced the domain, while ML and DL
have shown impressive results. However, these approaches still suffer from numerous
limitations. One of the biggest concerns is that these algorithms, when dealing with big
datasets, require big computational resources, and sometimes it is hard to capture complex
data patterns [7]. Quantum machine learning (QML) is a novel research era that can solve
this problem [8,9].

QML combines the principles of quantum computing with machine learning principles.
The purpose of this new era of research is to develop machine learning algorithms able to
run on quantum computers [8]. These quantum machine algorithms will be efficient as
they can solve the computational problem very easily [8]. Unlike classical computers that
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work using bits (0 and 1), quantum computers work using quantum bits (qubits). Quantum
systems are more powerful as they can use quantum properties such as superposition
and entanglement, which allow them to represent and process states simultaneously [10],
explore a vast solution space in parallel, and accelerate learning tasks [11]. Currently,
quantum systems still suffer from limited qubit counts and susceptibility to noise, which
act as barriers to developing fully quantum algorithms. This period is referred to as the
noisy intermediate-scale quantum (NISQ) era. However, recent research has shown that
QML can be designed to operate within the constraints of NISQ hardware. A promising
direction is the use of hybrid quantum-—classical architectures [12-14], which combine
classical learning frameworks with quantum components such as parametrized quantum
circuits (PQCs) [15]. These architectures are usually built using CNNs or pre-trained models
followed by variational quantum circuits [7,16]. For example, ref. [15] introduced two
hybrid architectures for image classification. The first, is a hybrid quantum neural network
with parallel quantum dense layers that uses CNNss for feature extraction and trains parallel
quantum circuits for decision making. The second model, is called HQNN-Quanv, which
has a quanvolutional layer that performs quantum convolution operations and reduces
input dimensionality while maintaining important features. Following the same direction,
ref. [17] proposed quantum neural networks (QNNSs), that use quantum convolutional
layers in CNNs, allowing the use of quantum filters for localized feature transformation
and improved accuracy. In another notable contribution, ref. [18] evaluated the impact
of quantum layers on classical architectures like VGG-16, ResNet-18, and AlexNet for
histopathological cancer image classification. Their study demonstrated that augmenting
these networks with variational quantum circuits could improve performance, showing
the power of QML for medical applications.

In this work, we present a new hybrid QML model that uses both classical learning
techniques with PQCs. Our approach combines model fusion with quantum processing to
construct an efficient architecture that reduces the number of parameters while improving
classification accuracy compared to purely classical models. The key contributions of this
study are as follows:

1. We propose a hybrid quantum-—classical framework that effectively combines classical
machine learning with quantum computational components.

2. We use quantum circuits to improve the model’s ability to detect complex patterns in
medical imaging data.

3. We demonstrate that our model achieves superior classification performance with
significantly fewer trainable parameters than its classical counterparts.

The rest of this paper is organized as follows: Section 2 reviews existing deep learning
methods for detecting gastrointestinal diseases using wireless capsule endoscopy (WCE)
images. Section 3 explains the variational quantum circuit. Section 4 describes the proposed
method and provides a detailed explanation of the FQDN architecture. Section 5 presents
the experimental setup, results, and analysis. Finally, Section 6 gives conclusions and
discusses future directions.

2. Literature Review

This section provides a review of existing classical approaches based on the techniques
used. We divided the review into two main parts based on the existing number of papers
and the techniques used: convolutional neural networks and Vision Transformer-based
methods; followed by transfer learning-based methods. To date, for gastrointestinal (GI)
diseases, there exist no quantum machine learning approaches to be included in this
section. For this reason, we restrict our research to classical machine learning and deep
learning approaches.
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2.1. CNN- and Vision Transformer (ViT)-Based Methods

Medical image classification is a challenge of paramount importance in healthcare. Fol-
lowing deep learning approaches, many research studies have succeeded in classification
of gastrointestinal (GI) diseases. Convolutional neural networks (CNNs) are highly used
due to their capacity in feature extraction and classification in the medical imaging domain.
Ref. [19] proposed a CNN ensemble framework that demonstrated improved performance
in detecting bleeding symptoms in capsule endoscopy (CE) images for a binary classifica-
tion problem, achieving 95% accuracy on a public dataset and 93% accuracy on a real-world
validation dataset. However, the efficacy of this approach relies greatly on the quality of
input images. Variability in endoscopic image quality in real-world settings may degrade
model performance. Furthermore, the reliance on handcrafted feature engineering intro-
duces additional complexity. Alternatively, ref. [20] conducted a benchmark comparison of
four models: CNN, CNN-RNN, CNN-BiLSTM, and CNN-GRU. Their findings indicate
that CNN s followed by a Gated Recurrent Unit (GRU) give the highest accuracy (99%) in
classifying WCE images into normal and bleeding categories within the test dataset. While
this approach demonstrated efficacy in a binary classification scenario, its performance in
multi-class problems is worth further investigation.

Recent research has explored the integration of Vision Transformers (ViTs) to improve
classification accuracy. ViTs are capable of capturing long-range dependencies and global
correlations within images, making them suitable for medical image classification tasks.
Ref. [21] utilized a transformer-based model for classifying images extracted from endo-
scopic capsule videos, achieving 99.70% accuracy, 99.64% precision, 99.86% sensitivity,
and 99.54% F1-score on the Kvasir Capsule dataset. This study demonstrates the potential
of ViTs for improved classification accuracy. Another study [22] also focused on Vision
Transformers, integrating a residual block with a ViT backbone and a spatial attention
mechanism to effectively process both local and global image features. Evaluation on
publicly available datasets, including Kvasir and ETIS-Larib, revealed accuracies of 96.4%
in binary classification and 99.7% in multi-class classification. Ref. [23] proposed a Vision
Transformer with shifted windows for gastrointestinal endoscopy image classification,
achieving 95.42% accuracy on the Kvasir v2 dataset and 86.81% accuracy on the HyperK-
vasir dataset. Ref. [24] investigated an attention mechanism within a convolutional neural
network for local feature extraction, achieving 97% accuracy on the public Kvasir Capsule
Endoscopy dataset. However, for medical image datasets, the application of pre-trained
models, known as transfer learning, remains one of the best approaches to follow for
achieving accurate classification.

2.2. Transfer Learning-Based Methods

Transfer learning involves the application of pre-trained models, developed initially
on large datasets such as ImageNet [25], to specific tasks. This technique transfers knowl-
edge gained by the model to address a particular problem. Ref. [26] utilized pre-trained
models, including AlexNet, VGG16, VGG19, ResNet50, and ResNet101, fine-tuning them
on a colonoscopy image dataset comprising four classes: Normal, inflammation, polyps,
and cancer. The combination of these models with data augmentation techniques resulted
in improved classification accuracy, with ResNet50 achieving 94.98% accuracy. This repre-
sents an improvement over traditional models trained from scratch. However, this study
primarily focused on accuracy, with limited consideration of the number of parameters.
The use of a relatively small training dataset with models possessing a large number of
parameters, such as ResNet50 with approximately 25 million parameters, may increase
the risk of overfitting. Ref. [27] utilized AlexNet CNN for feature extraction, followed by
fine-tuning on a capsule endoscopy (CE) image dataset to identify differences between
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bleeding and non-bleeding frames. Furthermore, they integrated a SegNet-based deep
learning model for a pixel-wise bleeding zone, achieving an F1-score of 98.49% for bleeding
frame detection and a global accuracy of 94.43% for bleeding zone identification. Ref. [28]
also investigated transfer learning for classifying abnormalities in a small, unbalanced
wireless endoscopy image (WCE) dataset. They evaluated the performance of EfficientNet,
ResNet50, and Xception. ResNet50 reached the highest performance, with 97% preci-
sion, 99% recall, and an F1-score of 98%. However, given the unbalanced nature of the
dataset, further benchmarking using additional transfer learning models could have been
conducted. Ref. [29] explored the efficacy of transfer learning models in classifying gas-
trointestinal (GI) tract anomalies, retraining VGG16, ResNet, MobilNet, Inception-v3, and
Xception using the Kvasir dataset. VGG16 and Xception achieved top performances of
98.3% and 98.2% accuracy, respectively. Ref. [30] applied transfer learning, but further they
used explainable Al methods, such as Grad-weighted Class Activation Mapping (Grad-
CAM) and its variants (Grad-CAM++, Hires-CAM, Score-CAM) to generate heatmaps,
highlighting the regions contributing most to model predictions. The models used included
DenseNet201, MobileNetV2, ResNet152, ResNet18, and VGG16, with ResNet152 achieving
the highest classification accuracy (98.28%) and validation accuracy (93.46%). This research
contributes to improving the transparency and reliability of deep learning models in med-
ical diagnostics through the application of explainable Al techniques. Ref. [31] utilized
model fusion with feature selection to improve model performance, achieving 96.43%
accuracy. Their approach used ResNet152 and ResNet50 with Ant Colony Optimization
(ACO) for feature selection after fusion to eliminate redundant features. However, this
approach relies heavily on feature engineering, utilizing Mask R-CNN for gastrointestinal
disease localization. Also, the total and trainable parameters of their model were not spec-
ified. Ref. [32] applied transfer learning on the Kvasir dataset, specifically using VGG19
and ResNet50. ResNet50 achieved the highest validation accuracy, 96.81%; recall, 95.28%,
precision, 95%; and F1-score, 94.85%. Similarly, ref. [33] used an ensemble transfer learning
approach, proposing a weighted average ensemble model for Gl-tract disease classification,
achieving 95% accuracy on the Kvasir v2 dataset. Ref. [34] focused on pre-trained mod-
els, specifically AlexNet, DenseNet201, InceptionV3, and ResNet101, on the HyperKvasir
dataset, achieving 97.11% accuracy with DenseNet201.

3. Variational Quantum Circuit

The variational quantum circuit (VQC) is a quantum computing model. The core
idea of it is inspired by neural networks in deep learning. It has been used in many
studies including [7,15,35,36]. A VQC can have multiple layers of quantum gates, including
single-qubit rotation gates, whose angles are parameterized by classical values optimized
during training; and entangling layers, often composed of CNOT (Controlled-NOT) gates,
that introduce quantum correlations (entanglement) among qubits to enable complex
computations. Before the application of parameterized layers, a critical preprocessing step,
referred to as data embedding, should be performed to encode classical data into quantum
data, which is then input into the VQC for computational processing.

3.1. Data Embedding

In machine learning, when we have categorical data we transform this data to numeri-
cal using embedding techniques, because only the numbers are understood. Similarly, in
quantum circuits we need to transform classical data into quantum data because quantum
circuits can only operate on quantum states. Specifically, a classical feature vector x € R"
is encoded into the state of n; qubits, which enables subsequent quantum operations.
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(@) Initial quantum state: The quantum system is initialized in the state |0)®", rep-
resenting 1, qubits, each in the state [0). Here, the symbol ® denotes the ten-
sor product, a mathematical operation used to combine the states of individual
qubits into a single multi-qubit state. For instance, if n; = 4, the initial state is
|0) ® |0) ® [0) ® |0) = [0000).

(b) Embedding technique: Several techniques exist for embedding classical data into
quantum states: (1) amplitude encoding [37], which utilizes the amplitudes of the
quantum state to represent data; (2) basis encoding [38], which maps data to specific
computational basis states; (3) Hamiltonian-based embeddings [39], which leverage
problem-specific Hamiltonians, and a common embedding technique called angle
embedding [40], where classical features are encoded into the rotation angles of
single-qubit gates (Ry(6) or Ry () or R;(6)), providing a straightforward and efficient
data-loading mechanism. Due to its minimal number of qubits, hardware efficiency,
and gate requirements, we used angle embedding as the embedding technique.

To encode classical data x into the quantum system, a unitary operation U(x) is
applied. This operation transforms the initial state |0)“" into a new quantum state |x)*“",
effectively embedding the classical data into the quantum system:

0y £ e o
We denote this embedding operation £ by
E(x) = UK [0)Z" = [x)m. @

3.2. Parameterized Quantum Layer

Once the data is embedded, the VQC applies one or more quantum layers to process

the embedded state. A generic quantum layer £ is defined by a trainable unitary U (w)

operation, where w represents the weights. Acting on an input state |Xpnq), this layer’s
outputs are

L : U(w) [Xng) = [Yng)- 3

3.3. Measurement

After data passes through the parameterized quantum layers, we obtain a final quan-
tum state |iPout). This quantum state contains the processed information, but we need to
extract classical results from it through measurement.

In quantum mechanics, measurement is fundamentally different from classical obser-
vation. When we measure a quantum system, we force it to collapse from a superposition
state to one of its basis states. This process follows the following principles.

First, we have the quantum measurement process, in which the measurement projects
the quantum state into one of the computational basis states |0) or |1) for a single qubit.
This projection is probabilistic, with probabilities determined by the quantum state. For a
state |) = a|0) + B|1), the probability of measuring |0) is |«|? and the probability of mea-
suring |1) is |B|?. second, Pauli measurements, which are the most common measurement
approach, use Pauli operators, particularly the Pauli-Z operator (denoted as Z; for the i-th
qubit). This operator is represented by the matrix

1 0
(i)

When applied to a qubit, the Pauli-Z operator determines whether the qubit is more likely
to be in the |0) state (eigenvalue +1) or the |1) state (eigenvalue —1).
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Third, we have expectation values: Instead of single-shot measurements that give
binary outcomes, quantum algorithms typically work with expectation values. The expec-
tation value of the Pauli-Z operator for the i-th qubit is calculated as

($out|Zi|Pout) (5)

This quantity represents the average result we would obtain if we performed many mea-
surements on identical copies of the state |Pout).

The entire measurement process transforms the quantum state into classical informa-
tion that can be further processed or analyzed:

M: |1,[Jout> =y (6)

This mapping completes the quantum-—classical hybrid approach of variational quantum
circuits, allowing us to use quantum computations for practical applications.

3.4. Overall Structure of the VQC
A variational quantum circuit Q can be seen as being composed of three functions:

1. Embedding &£, which maps classical data x to a quantum state.
Parameterized layers £, which perform trainable transformations on that quan-
tum state.

3. Measurement M, which recovers a classical result y.

Symbolically,
Qx) = M o L, o E (%) @
measure  layer(s)  embed
Here,

*  Q(x): The overall VQC, taking a classical input x and returning a classical output y.
e o: Denotes function composition.

4. Proposed Method

This work proposes the Fused Quantum Dual-Backbone Network (FQDN) for the clas-
sification of gastrointestinal (GI) diseases (see Figure 1). The FQDN integrates MobileNetV2
and EfficientNetB0 for feature extraction. The classifier layers of both networks are replaced
with identity mappings, preserving only the feature extraction pipeline while freezing
their parameters to reduce training complexity. The extracted features from each network
are processed through separate quantum layers, and the quantum-enhanced features are
subsequently fused and passed to a classifier for final classification.

4.1. Feature Extraction with Pretrained Models

Following standard transfer learning practices [41], we used the MobileNetV2 and
EfficientNetBO models that were originally trained on ImageNet, a large dataset covering
diverse objects and images [25]. We took advantage of their built-in feature extraction
capabilities for new tasks, which may involve a different domain. As shown in Figure 1a, all
layers in these pre-trained models were frozen (i.e., no weight updates occurred). Moreover,
we removed the final classification layer in each model and replaced it with an identity
mapping. As a result, these networks now output high-dimensional feature vectors, rather
than class probability distributions, and thus serve purely as static feature extractors [7].
In the experimental setup, the final classification layer of each pre-trained model was
substituted with an identity mapping. It is noted that alternative model combinations
were evaluated; however, the proposed combination gave the optimal fusion performance.
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Substituting with other models rather than MobileNetV2 and EfficientNetB0 did not result
in improved performance, even with a higher number of parameters.
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(b)
Figure 1. The architecture of the proposed model. (a) shows the Fused Quantum Dual-Backbone
Network (FQDN). (b) shows the quantum layer that contains three main parts: the data encoding
part that transforms classical data into quantum data using the angle embedding technique, then
the variational quantum circuit to perform quantum computations on the data, and the final part is
called measurements. The quantum-enhanced features are then fused and passed through the fully
connected network (FCN) for the classification part, as represented in (c).
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4.1.1. MobileNetV2

MobileNetV2, introduced by Sandler et al. (2018) [42], is a deep learning model de-

signed to balance accuracy with computational efficiency. It achieves this using depthwise

separable convolution and inverted residuals with linear bottlenecks.

Depthwise separable convolutions: Traditional convolution layers apply each filter

across all input channels, which can be computationally expensive. MobileNetV2 reduces

this cost by breaking this operation into two parts:

Depthwise convolution: This applies a single convolutional filter to each input channel
individually, rather than all channels at once. Mathematically, for an input feature
map X € RE*WXC the depthwise convolution is defined as

Cp(X) [, w,¢] = f X[h + 8, (k), w + 60 (k), c] - Wplk,c] (8)
k=1

where Wp € REX*C represents the depthwise convolutional kernels, J), (k) and &, (k)
denote the spatial offsets for the height and width dimensions, respectively, K is the
size of the convolutional kernel, i and w are the spatial indices for height and width,
and c indexes the input channels. This operation ensures that each input channel is
convolved independently to keep the number of channels in the output feature map.
Pointwise convolution: Pointwise convolution utilizes 1 x 1 convolutions to combine
the outputs of the depthwise convolution across channels. For an intermediate feature
map Y € RF*W*C the pointwise convolution is defined as

C
Cp(Y)[h,w,c'] =) Y[h,w,c]-Wplc,c'] ©9)
c=1

where the pointwise convolutional kernels are expressed as Wp € RI¥1XCxC" and
there are C’ output channels of the pointwise convolution, i and w are spatial indices
for the height and width, c represents the index of the input channels, and ¢’ represents
the index of the output channels. Pointwise convolution combines the information
across channels, which allows the network to learn more features by merging the
spatial data offered by depthwise convolution.

The combination of these two operations forms the backbone of efficient architectures.
By separating spatial and channel-wise processing, these operations reduce the num-
ber of parameters and computational costs while preserving the ability to capture rich
feature representations [42]. The final feature map is given by

Featureg,, = Cp(Cp (X)) (10)

where Featurey,,) refers to the final feature map after performing pointwise convolu-
tion on the output of depthwise convolution on the input X.

Inverted residuals with linear bottlenecks: Another main feature in MobileNetV2
is the inverted residual block, which reverses the traditional residual block struc-
ture. Instead of reducing and expanding the feature dimensions, it first expands
the number of channels, performs convolutions, and then projects the result back to
lower-dimensional space. Each block consists of the following:

- Expansion: The number of channels in the input feature map is increased.
—  Depthwise convolution: A depthwise convolution is applied to the expanded feature
map, further increasing the spatial feature dimensionality within each channel.
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- Projection: A pointwise convolution is utilized to reduce the number of channels
back to the original input dimension.

4.1.2. EfficientNetB0

The EfficientNet architecture [43] uses a strategy called compound scaling to expand the
depth, width, and input resolution of a neural network in a balanced way. This approach
improves model accuracy without greatly increasing computational demands. The idea is
to manage these three dimensions with a single parameter, ensuring the network grows
proportionally in all relevant directions.

According to [44,45], compound scaling relies on three factors, A, , and v, which
adjust the network’s depth, width, and resolution, respectively. Each factor is given by a
single overall scaling parameter 1:

A=A, w=u¥, r=v¥ (17)

where

*  d controls the depth of the network;

¢  w controls the width of the network, meaning the number of channels per layer;

*  rcontrols the resolution of the image;

* 1 isa constant that the user chooses, which decides the scaling of the whole network.

These scaling factors are chosen so that
Axptxv? 2, (12)

This formula ensures that as the model is scaled up, no single dimension dominates resource
usage, which leads to better accuracy with minimal increase in cost.

4.2. Quantum Circuit Integration

In the proposed hybrid classical-quantum architecture, feature extraction is performed
using two pre-trained classical models. The result is high-dimensional feature vectors.
These vectors are subsequently processed by a quantum layer consisting of a four-qubit
quantum circuit. This design choice is to take into consideration the limitations of the NISQ
era, where increasing qubit counts in hybrid algorithms can negatively impact performance.
Each feature vector is encoded and processed independently within its corresponding
quantum layer. The data encoding process involves the following stages.

4.2.1. Linear Transformation

Following feature extraction, the high-dimensional feature vectors are subjected to
dimensionality reduction to match the input dimension of the four-qubit quantum circuit.
This reduction is achieved via a linear transformation, mathematically defined as

X =W-x+b (13)

where

e x € R": Original input feature vector extracted from MobileNetV2 and EfficientNetB0;

e W & R¥": Weight matrix of the linear layer, transforming the input from n dimen-
sions to 4 dimensions;

e b € R*: Bias vector of the linear layer;

e x' € R*: Reduced feature vector for quantum processing.
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This linear transformation ensures that the high-dimensional features are condensed into
a form compatible with the quantum circuit, reducing computational complexity while
keeping essential information.

4.2.2. Angle Embedding

The reduced classical feature vector X' = [x], x5, x5, x}] is encoded into quantum states
using angle embedding. As mentioned above, this method maps each classical feature
to a rotation angle applied to the corresponding qubit. The initial state of the quantum
system is |0)®4, meaning all four qubits are initialized to the ground state |0). The angle
embedding process transforms this initial state into a new quantum state |0) as follows:

) = Rx(27mx}) ® Rx(27txh) @ Rx (27rx}) @ Ry (27rx}y)|0) &4 (14)

where Ry (0) is the rotational X gate that rotates the qubit around the X-axis by angle 6.
The rotational X gate Rx(6) is mathematically represented as

Ry(6) = cos(g) —isin(%) (15)

HERNOIREG

4.2.3. Variational Quantum Circuit

The variational quantum circuit (VQC), as represented in Figure 1b, comprises a
combination of parameterized single-qubit rotation gates and two-qubit entangling gates,
structured to capture complex feature interactions and correlations. For the parameter-
ized rotation gates, each qubit within the VQC has a series of adjustable rotation gates,
specifically Rx, Ry, and Ry gates. These gates are controlled by trainable parameters «;, 3;,
and 7;, which are optimized during the training process to manipulate the quantum states
based on the input data:

4
Qrot = [ [ Rx(ai) Ry (Bi)Rz(7i) (16)
i=1

where

* Ot Sequence of rotation operations applied to each qubit;
* w, Bi, v;: Trainable parameters for rotations around the X, Y, and Z axes, respectively.

The rotation gates are mathematically represented as

]
(17)
|

(18)

These rotation gates manipulate the quantum states of the qubits, enabling the VQC
to model complex, non-linear transformations. These transformations are essential for
capturing feature interactions in the data.

To introduce quantum entanglement, a phenomenon where qubits become interdepen-
dent regardless of their spatial separation, we use Controlled-NOT (CNOT) gates between
pairs of qubits. The CNOT gate is a two-qubit gate that flips the state of the target qubit
(g;) if and only if the control qubit (g;) is in the state |1). Mathematically, the action of the
CNOT gate can be described as

CNOT(gi,4;) : [0)[¢) = [0)[),  [D]y) = [D]p & 1), (19)
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where |¢) is the state of the target qubit and @ denotes addition modulo 2. The overall
entanglement operation in the circuit is defined as

Qentanglement = H CNOT(% QJ)/ (20)
(i)

This process ensures that each qubit is correlated with its neighbors, which helps for the
propagation of quantum information across the whole circuit.

4.2.4. Overall VQC Operation

Combining the rotation and entangling operations, the VQC is mathematically repre-
sented as
Q(6) = Qentanglement o Qrot (21)

where
-0 = {a;, Bi, 7i}: Trainable parameters of the VQC.
- o : Denotes the function of composition.

4.3. Measurement

The final stage of the quantum circuit is measurement, where the quantum states
are projected back into the classical domain. This process involves evaluating the Pauli-Z
operators for each qubit, resulting in a classical vector y = [y1, Y2, Y3, Yal:

y = [(Z1),(Z2),({Z3),({Z4)], (22)

where (Z;) is the expectation value of the Pauli-Z operator for the i qubit, and the Pauli-Z

z—ll 0]. o3

operator (Z) is defined as

0 -1

It has eigenvalues of +1 (corresponding to the state |0)) and —1 (corresponding to the
state |1)).
The expectation value (Z;) is computed as

(Z;) = (0]Zi]0), (24)

where |0) is the quantum state after data encoding and transformations (e.g., rotation gates
and entanglement), Z; is the Pauli-Z operator acting on the i" qubit, and (6| is the bra
vector (the conjugate transpose of |0)).

The expectation value (Z;) represents the average outcome of measuring the i qubit
in the computational basis (|0) and |1)). The measurement process is repeated multiple
times to estimate (Z;) accurately. The resulting classical vector y encapsulates the quantum
information in a form suitable for classical post-processing.

4.4. Optimization

The optimization process involves adjusting the trainable parameters of the VQC,
specifically, the rotation angles «;, B;, and -y;, to minimize a loss function. The loss function
measures how well the model’s predictions match the true labels in the training dataset.
The optimization is performed using the AdamW optimizer.

4.4.1. Gradient Approximation

To update the parameters, we need to compute the gradient of the loss function with
respect to each trainable quantum parameter 6. In quantum circuits, this is achieved using
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the parameter-shift rule, which allows for exact gradient computation of expectation values
with respect to circuit parameters. The gradient of the loss function with respect to a

parameter 6 is given by
oL(f) L(@+7)—L(0—7)

= 2
L 2 @5)
where
* L(6+ %): The loss evaluated after shifting the parameter 6 by +7;
* L(6 — %): The loss evaluated after shifting the parameter 6 by —7.

4.4.2. Parameter Update Rule

Once the gradient is computed, the parameters are updated using the AdamW op-
timizer [46]. AdamW is an extension of Adam that decouples weight decay from the
gradient-based updates. The update rule for a parameter 6 at iteration f is

0(t+1) =0(t) — - VL((t)) (26)

where

e O(t): Parameter vector at iteration ;
*  7: The learning rate; a hyperparameter that determines the step size for the update;
e VL(6(t)): The gradient of the loss function for 6(t).

4.4.3. Loss Function

For classification, the cross-entropy loss function is used:

pilog(p:) (27)
1

Lclassification

n
1=

where

e 7n: Number of classes;
*  p;: The true probability distribution;
*  p;: The predicted probability distribution.
The cross-entropy loss penalizes incorrect classifications, ensuring the model’s predic-
tions align with the true labels.

5. Experiments and Results

In this section we describe the dataset used. Then, we detail the network setup and
configuration. Finally, we present and analyze the experimental results obtained.

5.1. Dataset
5.1.1. Dataset Details

The dataset utilized in this study is the WCE Curated Disease Dataset [47,48]. This
dataset contains a collection of wireless capsule endoscopy (WCE) images specifically
related to colonic diseases. This dataset was constructed for research purposes by integrat-
ing image data from two gastrointestinal image datasets: the Kvasir dataset [49] and the
ETIS-Larib-Polyp DB dataset [50].

The dataset contains four classes as shown in Figure 2:

1. Normal: Represents healthy intestinal tissue with normal color and surface texture [48].
Polyps: Small growths on the colon lining, appearing individually or in groups, with
distinct color and texture differences from surrounding tissue. While most polyps are
benign and cause no symptoms, some types may develop into colorectal cancer [48].
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3.  Esophagitis: Inflammation of the esophagus. Common symptoms include heartburn,
pain, and sore throat. Without treatment, complications can include ulcers and
bleeding, which may cause painful swallowing [48].

4. Ulcers: A condition affecting the large intestine’s lining, causing inflammation ranging
from mild to severe. Ulcerative areas often show a white coating where the body is
attempting to heal damaged tissue [48]. Patients with this condition are at higher risk
of cancer compared to other people.

Our dataset contains 6000 RGB images in total. A structured distribution was im-
plemented to split the dataset. A total of 3200 images (53.3%) were allocated for training,
2000 images (33.3%) for validation, and 800 images (13.3%) for testing. The dataset has
equal distribution across all four diagnostic categories, with 800 samples per class for train-
ing, 500 samples per class for validation, and 200 samples per class for testing. The original
images have dimensional heterogeneity due to their diverse origins. To address this, all
images were standardized to a resolution of 224 x 224 pixels before being fed into the neural
network architecture. This basically ensures that the feature extraction is consistent while
preserving the essential diagnostic characteristics of the endoscopic imagery.

Normal

Polyps

Ulcers

Esophagitis

Figure 2. Raw samples and corresponding classes.

5.1.2. Data Augmentation and Normalization

During the training phase, we applied several data augmentation techniques to in-
crease the diversity of our data and help the model generalize better. These techniques
included random resized cropping, horizontal and vertical flipping, random rotations,
and color jittering. Additionally, we normalized the images using mean values [0.485,
0.456, 0.406] and standard deviations [0.229, 0.224, 0.225], which are commonly used for
models pre-trained on ImageNet. This normalization ensures that all images have similar
brightness and contrast, making the training process more efficient. For the validation
and testing sets, we resized the images to 256 x 256 pixels and then took a center crop to
224 x 224 pixels, without applying any augmentation.

Table 1 summarizes the data augmentation and normalization techniques used.
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Table 1. Data augmentation techniques.

Technique Parameters

Random resized crop Crop size: 224 x 224 pixels
Random horizontal flip Probability: 50%

Random vertical flip Probability: 50%

Random rotation Degrees: £10°

Brightness: 0.2
Contrast: 0.2
Saturation: 0.2
Hue: 0.2

Mean: [0.485, 0.456, 0.406]
Std: [0.229, 0.224, 0.225]

Color jitter

Normalize

5.2. Network Setup and Training

For the quantum machine learning (QML) experiment, we used Pennylane [51], the
open-source framework developed by Xanadu. There exist other frameworks such as Qiskit
and tensorflow-quantum, but after experimentation we found that Pennylane was more
suitable as it could be integrated and used with pytorch. The FQDN was trained over
100 epochs with early stopping set to 30 epochs to prevent overfitting and reduce unneces-
sary computation once the validation performance stopped improving. For the classical
machine learning components, we employed pytorch, using the AdamW optimizer [46]
with a learning rate of 0.0001. The batch size was set to 32.

5.3. Diagnostic Metrics

For our task of medical image classification, we performed evaluation using accuracy,
precision, recall, and F1-score [52,53]. The following equations define the metrics used:

TP+ TN

ACCUIACY = T TN+ FP+ EN (28)
Precision = TP Fp PTF P (29)
Recall = 7TP1—;—PFN (30)

Fl—>2 Precision x Recall (31)

x Precision + Recall

5.4. Results and Discussion

To evaluate the performance of the FQDN, we first evaluated the performance of
each individual component. We trained the MobileNetV2 and EfficientNetBO models on
our dataset to establish baseline metrics. Then, we compared the FQDN and its classical
counterpart, which combines both backbones without quantum layers. To evaluate our
model further, we conducted a comparison with previous studies that utilized the same
dataset. Following these performance comparisons, we applied SHAP (Shapley Additive
Explanations) to understand the predictions of our model, and to highlight the regions that
most influenced the decision-making process of the FQDN.

5.4.1. Number of Parameters

The Fused Quantum Dual-Backbone Network (FQDN) achieves a 29% reduction in
total parameters (6,385,204 vs. 8,998,412) and a 94% decrease in trainable parameters
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(153,784 vs. 2,766,992) compared to the classical model, as illustrated in Figure 3. Despite
this reduction in parameter count, the FQDN achieves superior performance metrics
compared to its classical counterpart, as will be demonstrated. This enhanced performance
highlights the efficiency and effectiveness of the FQDN in classifying gastrointestinal
(GI) diseases.

1% 10°
8.998.412 Parameter Types
Total Parameters
8- Trainable Parameters
6,385,204

i
=
g
[{5]
o
—
[=]
T 4
0
£
=
= 2,766,992

2 .

153,784
0 T T
Classical Model FQDN

Figure 3. Number of parameters: FQDN vs. classical version.

5.4.2. Performance Analysis

To evaluate the contribution of the quantum layer, we conducted a component-wise
analysis. First, we trained the individual backbones on the dataset separately; MobileNetV2
with 4.34 M parameters and EfficientNetBO with 2.55 M parameters. Training of Mo-
bileNetV2 stopped at epoch 49 due to early stopping, achieving 91.37% accuracy on the test
set, while EfficientNetB0 stopped at epoch 59 for the same reason to prevent overfitting,
and demonstrated superior performance at 94.13% (see Figure 4 and Table 2). The classical
fusion model, combining both backbones without quantum enhancement, achieved 94.67%
accuracy using 8.99 M total parameters (2.77 M trainable). While this represents a 0.54%
improvement over the best individual backbone, it required significantly more parameters.
In contrast, the FQDN achieved 95.42% accuracy with 6.39 M total parameters but only
153,784 trainable parameters.

Figure 5 shows the smooth convergence of the FQDN, reaching its peak performance
of 96.30% validation accuracy by epoch 20, with minimal fluctuation throughout the
remaining 60 epochs. The validation accuracy curve shows a standard deviation of less
than 0.5% after convergence, which indicates stability in the training. On the other hand, the
classical model shows more volatile behavior, with validation accuracy oscillating between
94.5% and 95.7%. The training time of the FQDN (48.72 s per epoch, totaling 81.20 min for
100 epochs) is higher than that of the classical model (44.42 s per epoch, totaling 74.03 min
for 100 epochs) (see Figure 5e,f), primarily due to the additional computational cost of
simulating quantum circuits during training.

Examining the results presented in Table 3, our Fused Quantum Dual-Backbone
Network (FQDN) demonstrates higher performance compared to its classical model across
all evaluation metrics. The FQDN achieved an overall accuracy of 95%, surpassing the
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classical model, which achieved a lower accuracy of 94%. This improvement becomes
more meaningful when we analyze the performance across specific diagnostic categories.
For normal tissue, the FQDN reached 97% precision and 100% recall, resulting in an
impressive Fl-score of 99%. This indicates that the FQDN was able to correctly classify
healthy tissue samples without false positives. In the challenging category of ulcerative
colitis, our FQDN showed more balanced detection capabilities, with 93% precision, 91%
recall, and an F1-score of 92%. While the classical model achieved higher precision of 97%,
its lower recall of 87% resulted in an inferior F1-score of 91%. This difference is clinically
significant, as the FODN’s higher recall means fewer missed cases of this serious condition.
For polyps, the FQDN again outperformed the classical model, with precision and recall
values of 91% and 92%, respectively, compared to 89% and 93%. Both models performed
well in identifying esophagitis, with the FQDN achieving 100% precision and 99% recall
and the classical model achieving 100% in both precision and recall. These results show
that integrating quantum circuits into neural network architectures improves diagnostic
performance for gastrointestinal conditions, particularly for challenging categories, where
detection accuracy impacts clinical decision making.
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Figure 4. Validation accuracy and validation loss curves for MobileNetV2 and EfficientNetBO0.

Table 2. Comprehensive performance comparison of all models.

Model Total Params Trainable Params Test Accuracy Precision Recall F1-Score
MobileNetV2 255M 2.55M 91.37% 91.42%  91.37% 91.33%
EfficientNetB0 434M 434 M 94.13% 94.41%  94.13%  94.09%
Classical Fusion 8.9 M 2.77M 94.67% 94.80%  94.72%  94.66%
FQDN 6.39 M 153,784 95.42% 95.42%  95.45%  95.43%

Table 3. Comparison of performance metrics between FQDN and classical model.

FQDN Classical Model
Class Precision Recall F1-Score Precision Recall F1-Score
Normal 97% 100% 99% 94% 100% 97%
Ulcerative Colitis 93% 91% 92% 97% 87% 91%
Polyps 91% 92% 91% 89% 92% 90%
Esophagitis 100% 99% 100% 100% 100% 100%
Overall 9542%  95.45%  95.43% 94.80%  94.72%  94.66%

Accuracy 95.42% 94.67%
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(a) Training and Validation Accuracy Over Epochs - FQDN (b) Training and Validation Accuracy Over Epochs - Classical Model
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Figure 5. Training and validation performance comparison between the FOQDN model and the
classical model. (a,b) Training and validation accuracy by epoch for the FQDN model and classical
model, respectively. (c,d) Training and validation loss by epoch for the two models. (e, f) Training
time per epoch.

Additionally, the validation set confusion matrices show important performance
differences between the Fused Quantum Dual-Backbone Network (FQDN) and the clas-
sical model. In the FODN confusion matrix (Figure 6a), we see a perfect classification
of normal cases, with all 500 samples correctly identified. For ulcerative colitis, 457 out
of 500 cases were correctly classified, with only 2 misclassified as normal, 39 as polyps,
and 2 as esophagitis. The polyp category shows 461 correct classifications out of 500 sam-
ples, with 8 misclassified as normal and 31 as ulcerative colitis. Esophagitis demonstrates
excellent performance, with 498 correct classifications and only 2 samples misclassified
as ulcerative colitis. The classical model confusion matrix (Figure 6c) also shows perfect
classification of normal cases, with all 500 samples correctly identified. However, its per-
formance differs notably in other categories. For ulcerative colitis, 429 out of 500 cases are
correctly classified, with 14 misclassified as normal, 54 as polyps, and 3 as esophagitis. The
polyp category shows 459 correct classifications out of 500 samples, with 26 misclassified
as normal and 15 as ulcerative colitis. Esophagitis achieves a very good classification,
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with 499 samples correctly identified and only 1 misclassified as normal. The ROC curves
presented in Figure 6b,d explain these performance differences. For class 0 (normal) and
class 3 (esophagitis), we see that both models demonstrate excellent performance, with
curves rapidly approaching a 100% true positive rate with minimal false positives, con-
firming the perfect classification seen in the validation confusion matrices. For classes 1
(ulcerative colitis) and 2 (polyps), the FQDN’s ROC curve rises more and remains closer to
the ideal upper-left corner compared to the classical model’s curve. This shows that the
FQDN is better in terms of classifying ulcers and polyps, demonstrating the efficacy of
the FQDN at correctly identifying significant categories where clinical decision making is
most sensitive (see Figure 7). We also used cross-validation to validate the performance of
the FQDN and to ensure the consistency of our approach. For this we used 5-fold cross-
validation (see Figure 8a,b). The FQDN consistently performed well across all folds, with a
mean accuracy of 95.37 + 0.71% (95% CI: [94.75%, 95.99%]). the confidence interval and
the standard deviation confirm that the quantum enhancement provides stable improve-
ments rather than benefiting from favorable data splits. To evaluate the generalization
capability of our model we conducted an external validation using the Kvasir dataset
[49], a collection of gastrointestinal (GI) endoscopy images. The original Kvasir dataset
contains multiple endoscopic findings; however, to ensure the consistent evaluation, we
kept only the four categories matching our classes in the training. Other categories like
dyed-lifted-polyps and dyed-resection margins were excluded. The model was evaluated
on 2300 images with 800 normal cases and 500 images for each of the other classes. The
FQDN achieved 94.48% accuracy on this dataset without any fine-tuning or adaption,
showing only a 0.94% decrease from the internal test set. Looking at Figure 8c, we see that
the model maintained strong per-class performance: Normal tissue classification achieved
99.75% accuracy, esophagitis 97.20%, ulcerative colitis 90.40%, and polyps 87.40%. The
confusion matrix (see Figure 8d) shows that normal and esophagitis were the classes with
the highest scores, with nearly perfect classification on the normal class. However, the
most challenging discrimination remains between ulcers and polyps. The model correctly
identified 452 of 500 ulcerative colitis cases (90.40% accuracy) but showed some confusion
with polyps (41 cases). Similarly, polyp detection achieved 87.40% accuracy, with 52 cases
misclassified as ulcerative colitis. For explainable Al, we employed Shapley Additive
Explanations (SHAP) to analyze the FQDN model’s decision-making process (see Figure 9).
The SHAP analysis shows that the FQDN has learned clinically relevant features rather
than spurious correlations. For example, for the polyps class, we see the most localized
SHAP patterns, with high positive values, concentrated directly on the polypoid lesions,
while the surrounding normal mucosa shows negative SHAP values, which demonstrates
the model’s ability to distinguish between lesion and background tissue.

For further evaluation, a quantitative comparison was performed between the Fused
Quantum Dual-Backbone Network (FQDN) model and recent methodologies applied to
the WCE Curated Colon Disease Dataset, as detailed in Table 4. The FQDN model shows
a better performance compared to other approaches, offering both higher accuracy and
practical efficiency. In [54] we see that the Vision Transformer (ViT) holds slightly higher
accuracy (95.63%), but it comes with significant computational demands. ViTs rely on
patch-wise processing and self-attention mechanisms, which mean they require more
computational resources and are harder to deploy. In contrast, the FQDN achieves nearly
the same performance and accuracy (95.42%) but with only 6.38 million parameters, far
fewer than ViT or DenseNet201 [54], which has 66.5 million. This makes the FQDN a far
more practical option for real-world healthcare environments, where hardware limitations
are a common challenge. On the other hand, traditional convolutional networks like
VGG16 and InceptionV3 [55], despite achieving good results (94%), are based on fixed
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hierarchical features. These static patterns often fall short when it comes to capturing the
complex irregular nature of gastrointestinal lesions. The FQDN handles these limitations by
using dynamic, multi-scale feature fusion and quantum-enhanced representation learning.
Also, the FQDN uses only 153,412 trainable parameters, while VGG16 uses 529,412 and
InceptionV3 uses 21.8 million, making it more efficient in terms of computational resources.
FQDN’s balanced performance, achieving 95.42% precision and 95.45% recall, shows its
reliability in real-world applications.

(a) Confusion Matrix (validation set) - FQDN (c) Confusion Matrix (validation set) - Classical Model
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Figure 6. Performance analysis and comparison between the FQDN and its classical counterpart.
(a,b) show the confusion matrix and the ROC curve for the FQDN, respectively, while (c,d) show the
confusion matrix and the ROC curve of the classical model without quantum layers, respectively.

Table 4. Comparative analysis of the proposed model against recent works on the WCE Curated
Colon Disease Dataset.

Method Trainable Params Total Params Accuracy Precision Recall F1-Score
VGG16 [55] 529,412 15,244,100 94% 94% 94% 94%
InceptionV3 [55] 21,802,784 23,905,060 94% 94% 94% 94%
Vision Transformer - - 95.63% 91.75%  89.25%  88.75%
(54]

DenseNet201 [54] 66,264,452 66,493,508 71.88% 89.5% 82.75%  80.75%
KNN [56] - - 88.00% 88.33%  88.00%  87.97%

FQDN 153,784 6,385,204 95.42% 95.42% 95.45%  95.43%




BioMedInformatics 2025, 5, 51

20 of 25

FQDN Model Predictions on Test Images
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Figure 7. Representative predictions of the FQDN model on test images, with ground truth labels,
predicted labels, and associated probability distributions.
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Figure 8. Performance validation of the FQDN model. (a) shows the results of the 5-fold cross-
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95.37%. (b) Average confusion matrix across all 5 folds, while (c,d) show the per-accuracy class on
the Kvasir dataset and the confusion matrix, respectively.
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Figure 9. SHAP-based interpretability analysis of the FQDN model for representative samples from
each disease category. For each image, SHAP value heatmaps for all four output classes (0—normal,
1—ulcers, 2—polyps, 3—esophagitis) are shown. Red regions indicate image areas with a positive
contribution to the predicted probability of the corresponding class, while blue regions indicate a
negative contribution, with color intensity reflecting the magnitude of influence.

6. Conclusions and Future Perspectives

In this paper, we presented the Fused Quantum Dual-Backbone Network (FQDN)
for medical image classification and compared its performance to the traditional classical
models. Our results demonstrate that the FQDN achieves higher accuracy and improved
performance metrics across all classes, with 94% fewer trainable parameters and 29%
fewer total parameters. Furthermore, the FODN's ability to accurately classify complex
medical images highlights its potential to improve diagnostic accuracy and support effective
clinical decision making. This indicates that the quantum machine learning era is very
promising, and it can overcome traditional machine and deep learning. In general, the
integration of quantum layers within the neural network architecture proves to be effective,
offering a promising advancement in the field of medical image classification. The FQDN'’s
combination of efficiency and accuracy sets the stage for future developments in quantum-
enhanced machine learning models.

For future directions, we may consider a benchmark between different ansatzes (quan-
tum circuits) with different number of qubits to understand the trade-off between the
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quantum circuit complexity and classification performance. Also a detailed ablation study
will be provided, where quantum layers will be added to each individual backbone model
(MobileNetV2 and EfficientNetB0) to evaluate the specific performance gains from quan-
tum enhancement in isolation. We will investigate the model’s robustness on naturally
imbalanced medical datasets that better reflect real-world clinical scenarios. This will
include exploring different class imbalance ratios and evaluating how quantum encoding
affects the model’s ability to handle minority classes. Furthermore, we plan to explore
advanced quantum feature preprocessing techniques to reduce redundancy in the fused
feature vectors, potentially leading to even more efficient quantum representations.
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