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Keywords Abstract
Quantum Convolutional In image classification problems, the size of the space and parameter
Neural Networks, MNIST increase are limiting factors to implement a classical convolutional
Dataset, CIFAR-10 Dataset,  neural network (CNN) on resource-constrained systems. This paper
Quantum Computing, investigates hybrid quantum-classical learning models to use CNN as a
Hybrid Quantum-Classical space-saving alternative. Two hybrid quantum neural network
Clomvialhiziomnall Nieuzall architectures are designed, namely HQNN-Parallel and HQNN-Quanv.
N " HQNN-Parallel is one of such quantum neural networks: it is a hybrid
network consisting of a classical convolutional feature extractor and
Article History parallel four-qubit quantum circuits in the hybrid, amplitude encoding,
Received on 20 April 2026 trainable rotation gate, CNOT-based entanglement, and PauliZ
Accepted on 23 May 2026 measurement. HQONN-Quanv proposes to use a quanvolutional layer to
Published on 27 May 2026 help in feature transformation and image-resolution reduction. Tested
on MNIST, Medical MNIST, and CIFAR-10 datasets and comes with
Copyright @Author . o ; .. .
. . metrics including accuracy, loss, precision, recall, FI score, and trainable
Corresp ondmg Author: parameters. HQNN-Parallel on MNIST is much more accurate (99.21%)
Dr Amnah Firdous * than the classical CNN baseline, which is approximately 100,000

parameters. The accuracy of the hybrid model is 84.11 per cent for
CIFAR-10, compared to the classical CNN baseline accuracy of 83.12
per cent. The accuracy of the HQNN-Quanv is 99.0 % on MNIST, while
the classical CNN has 99.1 % accuracy, and there is a reduction of
74.59 % of parameters in the classical CNN compared to the HQNN-
Quanv. The results suggest that competitive accuracy can be obtained
with hybrid quantum-classical models, with enhanced parameter
efficiency. However, the research is limited in that it is only simulation-
based, validating with real devices for noise and no noise. Additional
research will be conducted via noise-model experiments, statistical
testing (repeated experiments), and hardware construction to see if they
provide an actual advantage in the real world.

1. INTRODUCTION

Image classification is a key and highly  including medical imaging, remote sensing,
dynamic area of computer vision with  and autonomous systems. Although
wide-ranging applications in many domains,  traditional Convolutional Neural
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achieved

Networks (CNNs) have
remarkable success in image classification,
they still have several limitations, such as
the requirement for computational
efficiency and the ability to handle large-
scale datasets as they increase in volume.
(Zhang & Lu, 2024) With this increasing
complexity, new ways to improve the
performance and scalability of image
classification systems need to be explored.
In this regard, a new paradigm called
quantum computing (QC) has surfaced as
a promising way to solve the classical
CNNs' limitations, as it promises to enable
more powerful computational operations.
In this context, a new paradigm called
quantum computing (QC) has arisen as a
promising means to overcome the
limitations of classical CNNs, as it allows
powerful

the development of more

computational operations. (Zeng et al.,
2022) Quantum models can use quantum
mechanical phenomena like superposition
and entanglement to hold a tremendous
amount of information and carry out
complex calculations in record time. The
development of Quantum Convolutional
Neural Networks (QCNNs) and Hybrid

Quantum-Classical Convolutional Neural

Networks (HQCNNSs) is also emerging,

which are classical CNN networks with the
addition of quantum circuits to leverage
their strengths. (Yousif et al., 2024).

This field is still in the research stage and is
actively researching various architectures of

HQCNNs and

their capabilities and
limitations. The initial neural network
innovations, imitating the visual neurons
of the human brain, laid the groundwork
for CNNs and were represented by early
models such as LeNet-5 and AlexNet. But
the problems like long training duration,
and high

high resource requirement,

complexity still exist for classical CNNs.
(West et al., 2023) CNN can be composed
of convolutional layers, pooling layers, and
a fully connected layer. Figure 1.1 shows
the architecture of CNNs, where the flow
of data is controlled from convolution and
pooling to classification. Meanwhile,
quantum machine learning (QML) and
quantum-inspired neural networks have
been mentioned for their potential to
enhance image compression and feature
extraction, with a  potential  for
performance exceeding classical techniques.
This  encompasses some  quantum
algorithms such as Amplitude Estimation,
Quantum Fourier Transform, models

including Quantum Perceptrons (QPs),
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(QAEs),
Quantum Boltzmann Machines (QBMs),

Quantum Autoencoders

Quantum Hopfield Neural Networks
(QHNNSs), and
Networks (QBNs).

Quantum  Bayesian
(Shahi et al., 2022)
Although quantum technologies have been
promising in theory, they are still hindered

by the limitations of Noisy Intermediate-

Scale Quantum (NISQ) hardware, which

/4

can cause errors and noise, affecting the
performance and reliability of quantum
computers. Solving these problems will
fault-tolerant

need improvements in

quantum  hardware and in  the
development of good training algorithms

that are less sensitive to noise. (Sarkar et al.,

2025)

=>

i

convolution

Extract Features

Figure 1 Layered Architecture of CNN

To realize the theoretical quantum
advantage and improve the effectiveness of
image classification applications, this
research will focus on developing and
testing new HQOCNN architectures. The
main aims are the design of a novel
HQNN by implementing classical CNN
layers along with a quantum processing to
better classification

achieve image

performance, the development of a

quantum convolution layer to minimize

pooling

convolution Fully connected layer

(Classification

the number of qubits and simplify the

model, study the effect of different

quantum  factors on  classification

performance, and comparison of the
accuracy, speed, and resource efficiency of
the proposed HQNN on the standard
image datasets. (Roeseler et al., 2025) The
lack of comparison between the small
hybrid quantum CNN modules and the

classical CNNs on benchmark datasets,

both in terms of resource utilization and in
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terms of reproducibility, is addressed in
this work. It suggests the use of multiple
small-sized PQC modules (HQNN-Parallel)
or many smallsized PQC modules to
decrease parameters (HQNN-Quanv). The
accuracy, loss, number of parameters, and
reductions are reported for assessments of

MNIST, Medical MNIST, and CIFAR-10.

It also provides a framework for

reproducibility and solves problems such as

simulation-only results and unavailable

results, which can be executed on hardware.

(Rifat et al., 2025)
2. Related Work

This section provides an overview of the

evolution of Hybrid Quantum

Convolutional Neural Networks

(HQCNNSs) for image classification, and
how they can enable more efficient,
scalable, and pattern recognition and
image classification. HQCNNSs can be used
to improve feature extraction, reduce

parameters, speed up training, and

decrease  energy  consumption by

combining quantum circuits with classical

CNNs. (Kulkarni et al., 2022) While there

are challenges like quantum noise,

hardware integration, and the small size of
qubits and the high error rates, the
HQCNNs

opportunities presented by

show great promise for capturing complex
features, particularly for large datasets and
applications in industry. (West et al., 2023)
Other works show the feasibility of using
HQCNNs on NISQ quantum devices,
including models that are capable of high
accuracy on MNIST with reduced
dimensional encoding and real quantum
processors. Classical segmentation and
generation of synthetic data, PCA and
autoencoders, and ensemble learning have
also been integrated with quantum circuits
to enhance robustness and generalization.
(Ajlouni et al., 2023) Yet, even HQCNNSs
have issues such as high circuit design cost,
flat plateau, hybrid optimization problem,
quantum noise, and are not scalable.
Several studies use only small or simplified
datasets, and it's not easy to determine if
outperform

quantum models always

classical CNNs in more realistic scenarios.
(Roeseler et al., 2025)

Superposition,  entanglement, and
parameterized quantum operations are
shown to enhance image Cclassification
using quantum  circuits in  CNN
architectures, as recently demonstrated.
State preparation, convolution, pooling,
and feature re-encoding are examples of
been

quantum operations that have
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implemented using quantum layers, with
models like MERA, distributed QCNNSs,
selective feature re-encoding, and quantum
circuit splitting showing promising results
on MNIST, Fashion-MNIST, X-ray, MRI,
breast cancer, and Alzheimer's datasets.
These  models can  have  similar
performance to classical CNNs, but with
fewer parameters, which is beneficial for
medical imaging and resource-constrained
environments. (Rifat et al.,, 2025) This
study is an extension of the hybrid
quantum-classical ~ image  classification
technique from medical and benchmark
databases to tourism-related imagery. The
study investigates whether the quantum-
enhanced layers could boost the accuracy,
but leave the computational advantage of
SqueezeNet intact, as a lightweight classical
baseline. It also investigates the application
of HQCNNSs in the tourism sector, which
is a relatively unexplored area. (Potempa &

Porebski, 2022)
In the

literature, there are also
mentions of the impact of noise and
hardware errors on Quantum Neural
Networks. Due to gate errors, decoherence,
and depth of circuits, QNN reliability and
learning ability are limited. Researchers

have noted a number of limitations, such

as the need for more robust training

algorithms, fault-tolerant quantum
hardware, and better quantum computing
Reflection

techniques. Equivariant

Quantum Neural Networks have also
emerged to better extract features that are
rotation-invariant, which has been shown
to work well on the MNIST benchmark,
but  hardware and = computational
constraints are still needed. (Hur et al.,
2022)

A few

HQCNN models based on Variational

studies have introduced

Quantum Circuits, Quantum
Convolutional layers, Quantum Neural
Networks, and Quantum Perceptrons with
the aim of enhancing feature extraction
and minimizing the complexity of the
models. They also tend to perform as well
or slightly better than the classical CNNs
with fewer filters or neurons. (Friedrich &
Maziero, 2024)Yet complex training, NISQ
hardware, and scalability problems remain
to make it harder to be more widespread.
Future efforts must be directed towards
improving the efficiency of quantum
circuit design, improving the hardware,
optimizing  new  algorithms, and

benchmarking on larger, more complex

data sets. (Ajlouni et al., 2023) Classical
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CNNs have also gained a lot of
developments with models like the ZFNet
and the NIN, which improve image
classification and enable applications such
as remote sensing. CNNs are still essential
due to their hierarchical architecture,
which is capable of extracting complex
features and yielding correct classification.
There is, however, still a need for more
systematic reviews of CNN-based image
classification methods to aid future
research. (Arthur & Date, 2022)

3. Materials and Methods

This section specifies the experimental
pipeline, mathematical formulation, and

training procedure in a reproducible way.

Only performance values reported in the
uploaded manuscript are utilized in the
revision; derived resource-efficiency
calculations are added if they can be made
based on those reported in the manuscript.
3.1 Data Collection and Preprocessing

There are three benchmark datasets. The
MNIST is a controlled handwritten-digit
classification benchmark. To test the
performance of the model in a medical-
image-like setting, it is tested on the
Medical MNIST dataset. CIFAR-10 is also
provided as a harder natural-image test set

that has a larger intra-class variation in

both color and image content.

Data Cleaning (Handling of missing values and outliers)

&

Encoding (Converting data into numeric)

<

‘ Feature Scaling (Feature standardization) ‘

&

I Data Resampling (under and over sampling) ‘

&

Feature Co-relation and Selection

&

Splitting Data

Figure 2 Data Processing Workflow
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Table 1 Dataset Role and Reported Results

Dataset Task Input handling Purpose in study Reported
result
MNIST 10-class Pixel normalization, | Primary benchmark | HQNN-
Handwritten feature compression | for accuracy and | Parallel:
digit before the input of | parameter efficiency | 99.21%,
classification PQC HQNN-
(HWCD) Quanv: 99.0%
Medical Link to | Medical-image Robustness check in | Accuracy
MNIST medical-image | feature learning domain-specific above  99%
classification images. reported
benchmark
CIFAR-10 | 10-class object | Normalization and | Generalizability HQNN:
image CNN-based feature | check on  more | 84.11%,
classification extraction  before | complex images CNN: 83.12%
the quantum
module

3.2 HQNN-Parallel architecture

HQNN:-Parallel is a classical CNN front
end and multiple small quantum circuits.
Local spatial features are extracted from
the image, and the dimensionality of the

image representation is reduced in the

CNN block. The feature vector is then

flattened and divided into fixed-size chunks
of four qubits for four-qubit amplitude
encoding. They are classified by a final,
dense with  measured

classical layer

expectation values that are concatenated,

with each chunk processed by a small PQC.

https://sesjournal.com

| Shahzad et al., 2025 |

Page 2213




q0

ql

q2

q3

Activation function (ReLU)

Activation function (ReLU)

Activation function (ReLU)

=

Input layer and first hidden layer

&

Second hidden layer

&

Third hidden layer

&

Fourth hidden layer

&

Output layer

Batch Normalization

Batch Normalization

Batch Normalization

Batch Mormalization
ctivation function (softmax)

Figure 3 Dense layers before and after hybrid feature transformation

Amplitude
Encoding

Pauli-Z
Measurement

—=—]

L—— 1

——=—1

L—— 1

Trainable PQC block repeated L times

Figure 4 Four-qubit PQC for HQNN with encoding, gates, entanglement, and

measurement.

3.3 HQNN-Quanv architecture

HQNN-Quanv presents the idea of a
quantum circuit used on local image
patches, which is referred to as a
quanvolutional layer. The values of each of

the local patches are encoded in the pixel

state, then processed by a PQC, and
measured to obtain transformed features.
These features are later given to the
classical layers to be classified. The
motivation is to keep the number of

classical trainable parameters as low as
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possible, while keeping the features Z=W_C[q_1, q_zw q_n] H, p(y=k\x)=exp(z_k) /SU]II_{F”A{C}EXP[Z_C). W

expressive.
L CE=- (N} sum_{i=L}"{N} sum_{k=1}"{C} y_{ik} log(p {ik]). (5)

34 Mathematical formulation Parameter reducton ()= (P_cassia - P hybrid)/ . clssica)x 10,6

Let x be a flattened input vector after

preprocessing and dimensionality ~ Effidency gain factor =P_dassical /P_hybrid. (7)
matching. For a four-qubit circuit, the E plrho)=(1- p)ho+p1/2'n, where pis the depolarizing-noie probabily. (8}
vector must be represented in a 2/\4 = 16 - Var(gjheta)=(1[R) sum_{r=1}"R} (gftheta"{(r)}—mean(gﬁﬂmeta))’?,
dimensional amplitude vector. If necessary, used as a barren-plateau diagnostic across R runs.  (9)

feature compression or patching is applied 3 5 Training and evaluation algorithm
before quantum encoding. Algorithm 1 describes the end-to-end
X i=xd/sqrtlsumjx %), [ psip=sum "2l ilb, n=4 (0 training and evaluation process. It is

explicitly written in order to make this role

Ultheta) = product_{I=11ML} [ U_ent*()}. U_rot"{(1)}{theta 1) ]
clear to the reviewers of journals and to

where U_rot contains Rx, Ry, and Rz gates and U_ent contains CNOT gates. (2)
enhance the reproducibility.

q.j=<psi(x)| Ultheta)'dagger Z j Uftheta) I psifx)p, j=1..0 (3)

Algorithm 1: Training and evaluation of the proposed HQNN models
Input: Dataset D, class count C, qubits n=4, PQC depth L, epochs E, learning rate alpha
Output: Trained model M, accuracy, loss, precision, recall, Fl-score, and parameter count
1. Split D into training, validation, and test subsets using a fixed random seed.
2. Normalize image pixels and reshape inputs according to the selected model.
3. If using HQNN-Parallel:
3.1. Pass each image through the classical CNN feature extractor.
3.2. Flatten and compress the feature vector into 16-dimensional chunks.
3.3. Encode each chunk using amplitude encoding in a four-qubit PQC.
3.4. Apply trainable R, R,, R, gates and CNOT entanglement.
3.5. Measure Pauli-Z expectation values and concatenate quantum features.
4. If using HQNN-Quanv:
4.1. Extract local image patches.
4.2. Encode each patch into a four-qubit PQC.

4.3. Measure expectation values to form quanvolutional feature maps.
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5. Feed the hybrid feature vector into the classical dense classifier.

6. Compute cross-entropy loss and update trainable parameters using backpropagation through the

hybrid model.
7. Repeat steps 2-6 for E epochs.

8. Evaluate the trained model on the test set using accuracy, loss, precision, recall, and Fl-score.

9. Report trainable parameters, parameter-reduction percentage, and efficiency-gain factor.

10. For journal submission, repeat the full procedure for at least five random seeds and report

mean * standard deviation.

3.6 Statistical and noise-aware validation
protocol

The manuscript uploaded reports one
summary accuracy value and a loss value.
The same experiment should be repeated
at least 5 independent random seeds to

make a better journal submission. The

revised protocol, therefore, specifies what
statistical reporting is needed but does not

create unobserved results.

Table 2 Statistical and NISQ-aware
validation items added for journal
readiness.

Validation item

Recommended reporting method

Reason for inclusion

Repeated-run Report the mean + standard | Demonstrates consistency and not
stability deviation for 5 or more seeds accidental difference in accuracy

Significance Compare two different sets of | Conducts a statistical test to
testing results from repeated runs of the | determine if 99.21% is meaningful

experiment  (paired  ttest or

Wilcoxon signed-rank test)

compared to 98.70%.

Noise simulation

Compare depolarizing, bitflip and

phaseflip  noise  at  various

probabilities.

Evaluates the robustness of the
NISQ before deployment of the

hardware

Shot sensitivity

Discuss expectation mode vs finite

shot modes (1024, 4096 shots).

Quantifies measurement uncertainty

Barren  plateau | The standard deviation of the | Recognizes if it is hard to train the
check gradient change per layer and per | PQC

training epoch.
Hardware If possible, deploy a subset of | Discards hardware feasibility from
backend MNIST to a real or cloud quantum | simulator performance

backend.
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4. Experiments and Results
The performance values listed in this
contained in the

section are those

uploaded manuscript, and additional
calculations of derived parameter-efficiency
are included. The outputs of repeated runs
and the backend logs were not included in
the source file, so no additional statistical
or hardware results are inserted.

4.1 MNIST performance and parameter

efficiency
A comparison of the performance of the

MNIST classification in comparison to the

parameter efficiency. In the MNIST dataset,

HQNN:-Parallel outperforms the classical
CNN  baseline by 99.21% against the
baseline's 98.70% accuracy, while having
12,870 trainable parameters compared to
the 100,000+ trainable parameters of the
classical CNN baseline. The magnitude of
the improvement in absolute accuracy is
0.51 percentage points. Most significantly,
the hybrid model requires about 87.13%
fewer parameters (7.77x smaller parameter

budget). This

validates the claim of
parameter efficiency, and the magnitude of
the accuracy difference should be tested

repeatedly with a statistical test.

MNIST Dataset Result

99.4

99,2

99.0

Accuracy (%)

08.8

98.6

CNN

e HOMN vs CNN

HONN

Models

Figure 5 Reported MNIST accuracy comparison between CNN and HQNN.
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Testing Accuracy Comparison (MNIST)

99.2  —a— HONN Test
CNN Test

99.0

98.8

Accuracy (%)
2
(=1

w
=B
~

98.0

6 8 10

Epochs

Figure 6 Reported testing-accuracy trend comparison on MNIST.

Training Loss Comparison (MNIST)

0.200

0.175

0.150

0.125

Loss

0.100

0.075

0.050

0.025

—e— HOQNN Train
CNN Train

Epochs

Figure 7 Reported training-loss comparison on MNIST.

4.2 Medical MNIST and CIFAR-10

performance

The authors

claim to have reached

accuracy rates above 99% on Medical
MNIST, which is a medical-image-like
HQNN:-Parallel

benchmark, under the
model, suggesting that the hybrid feature
representation can perform well on such a

benchmark. The hybrid model achieved

84.11% accuracy on CIFAR-10, a more
complex dataset than MNIST, with color
channels, variations among objects, and a
complex background. This is a 0.99
percentage-point gain, but it should be

taken with a grain of salt until repeated

run variance and noise sensitivity are

published.
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MNIST Accuracy Trends

Training Accuracy

Validation Accuracy
98

Accuracy (%)
g g

w
M

90

2 4 6 8 10
Epochs

Figure 8 Reported MNIST accuracy trends across epochs.

MNIST Loss Trends

Training Loss

0.8 Walidation Loss
0.6
%]
8
—104
0.2
0.0
2 4 G 8 10
Epochs

Figure 9 Reported MNIST loss trends across epochs.

CIFAR-10 Accuracy Trends

84 Training Accuracy

Validation Accuracy
a2

-
o

Accuracy (%)
=~ =~ ~ =l
(=] N =y o

m
==

2 4 & 8 10
Epochs

Figure 10 Reported CIFAR-10 accuracy trends across epochs.
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1.0

Loss
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0.4

CIFAR-10 Loss Trends

Epochs

6

»— Training Loss
+— Validation Loss

8 10

Figure 11 Reported CIFAR-10 loss trends across epochs.

4.3 Comparative result summary

Table 3 Reported performance and derived parameter-efficiency comparison.

Dataset Model Train Test loss | Accuracy | Parameters | Parameter
loss reduction
MNIST | Classical 0.026 0.448 98.70- 100,000 | Reference
CNN 98.72%
MNIST | HQNN- 0.025 0.028 99.21- 12,870 87.13%, 7.77x
Parallel 99.22% fewer
MNIST | Classical Not Not 99.10% | 43,114 Reference
CNN for | reported | reported
Quanv
comparison
MNIST | HQNN- Not Not 99.00% | 10,954 74.59%, 3.94x
Quanv reported | reported fewer
Medical | HQNN- Not Not >99% Not Not
MNIST | Parallel reported | reported reported computable
from available
data
CIFAR- | Classical 0.366 0.549 83.12% | Not Not
10 CNN reported computable
from available
data
CIFAR- | HONN- 0.386 0.521 84.11% | Not Not
10 Parallel reported computable
from available
https://sesjournal.com | Shahzad etal., 2025 | Page 2220




data

MNIST Precision, Recall, and F1 Trends

Precision
Recall
—+— Fl-score

Score (%)
b3

w0
N

90

6 8 10

Epochs

Figure 12 Reported MNIST precision, recall, and Fl-score trends.

4.4 Interpretation of results
The most important contribution of the
present manuscript is the proof that it is
parameter efficient. The MNIST model
parameter count is reduced by about
87.13%, and the classification accuracy is
slightly improved with the HQNN-Parallel
architecture. Likewise, the size of the
parameters is reduced by roughly 74.59%
with performance comparable to the larger
classical CNN baseline in HQNN-Quanv.
Taken together, these results suggest
that the manuscript would be well-suited to
be considered a contribution of Q4 level,
with the caveats that the results are
presented as evidence from simulation-
based models of parameter-efficient hybrid
quantum-classical modeling. The major

drawback of the study, however, is its

statistical weakness. Differences of less
than 1% can be significant due to a variety
random  seed

of factors, including

initialization, optimizer dynamics, data
partitioning, and implementation-specific
factors. Therefore, there is no overbearing
jargon like “revolutionary,”
“transformative,” or “first-time
contribution” in the revised manuscript.
Instead, the findings are presented in a
more modest scientific style, for example,
in terms of competitive, parameter-efficient,
and preliminary simulation-based evidence.
5. Discussion

The results indicate that smaller modules
of PQC can be considered as compact
trainable feature maps within the classical

CNN pipelines. The architecture HQNN-

Parallel is particularly important in the
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context of NISQ, as the whole operation
happens without a large circuit, but rather
with smaller four-qubit modules. This
design decision brings down the need for
more qubits and is more likely to be
scalable to actual quantum devices than
wider and deeper circuits. But from the
available evidence, this does not mean it's
proof of practical quantum advantage.
simulation-based, no

Experiments are

random-seed variation of data is provided,

and no real-device noise results can be read.

Furthermore, the absolute accuracy of the
proposed models on CIFAR-10 s
comparatively weak when compared with
cutting-edge classical CNN models, and the
advantage of the proposed models is
mainly in the parameters' efficiency and
compactness.

The  reported  Medical MNIST
performance, which is stated to have a high
accuracy of over 99%, is encouraging, but
Medical MNIST is an abstract form of
medical image. More ambitious statements
in biomedical informatics would need to
be tested with clinically representative data,
validated, tested for class imbalance, made
explainable, and undergone an ethical

evaluation regarding the implications of

deployment. A primary implication of this

is that hybrid quantum-classical models
need to be evaluated using a resource-aware
framework. There are three components:
accuracy, precision, and appropriateness.
The comparison should involve the
number of parameters, number of shots,
training time, noise sensitivity, and repeat-
run variability per circuit, and the depth of
measurement circuits.

reported

The experiments were

simulated and not executed on actual
devices. The

quantum uploaded

manuscript also included only partial

repeated run outputs, random seeds,
detailed quantum backend settings, and
the number of shots and full code releases.
Also, no statistical significance tests were
performed as only Summary Accuracy
values were provided. In the updated
protocol, noise-model experiments were
scheduled, but these have yet to be
performed and reported as results. The
models were tested on benchmark datasets,
and further testing with real-world datasets
is required. Lastly, some of the original
references were incomplete or inconsistent
in format, and must be double-checked for
accuracy to the reference format used by
before the final

the target journal

submission.
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6. Conclusions
In this work, the following two types of
classification

hybrid quantum image

models have been developed and evaluated:

HQNN-Parallel and HQNN-Quanv. The
results show that HQNN-Parallel obtains a
good accuracy on MNIST using only
12,870 trainable parameters, while the
classical CNN baseline has nearly 100,000
parameters. In the same manner, HQNN-
achieves almost

Quanv accuracy

comparable to the classical model on
MNIST with only slightly less than one-
quarter of the number of parameters.

The results on CIFAR-10 further
indicate that the hybrid approach is not
limited to MNIST, but the performance is
still not comparable with that of advanced
classical architectures. The central novelty

of this work is the creation of parameter-

efficient hybrid models, given the
technological constraints of NISQ-day
quantum devices. If the writing is

improved, the reporting is clearer, and

based

statistical/-noise

added, it

some more

validations are might be

considered for publication at the Q4 level.
Future work should be aimed towards

repeated-run  significance testing, noisy

quantum  simulation, real quantum

hardware experiments, and testing on

larger, more realistic data sets.
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