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Abstract. As an emerging research direction in quantum computing, quantum con-
volutional neural networks provide a promising way to combine quantum feature
processing with traditional machine learning algorithms; however, their develop-
ment is constrained by the scarcity of quantum resources. In this work, we propose
a quantum-classical hybrid convolutional neural network model based on quantum
convolution kernels. This model employs a multi-data-per-qubit rotation-angle en-
coding scheme to embed multiple data points into a small number of qubits, aiming
to reduce quantum resource consumption and enhance feature extraction for image
classification tasks. Its compact structure is designed to extract multidimensional
features with fewer qubits and reduced measurement overhead, thereby improving
the utilization of limited quantum resources under the considered setting. To eval-
uate our method, we conducted several experiments to compare our model with
existing approaches and to assess performance under varying numbers of qubits,
different CNOT gate configurations, and diverse encoding schemes. Experimental
results show that the proposed model achieves competitive performance and slightly
higher average accuracy than the traditional convolution structure and three existing
quantum convolution schemes under a Qiskit Aer noisy simulation environment.
This investigation provides a compact design for the structural optimization and
low-resource implementation of quantum convolutional neural networks, offering a
potential scheme for quantum-assisted image feature extraction.

Keywords: Quantum Computing, Image Classification, Quantum Circuits, Quan-
tum Machine Learning (QML), Quantum Convolutional Neural Networks.

1. Introduction

Deep learning has achieved remarkable results in image classification tasks [1,2,3]; how-
ever, its model parameters are large and training energy consumption is high, reveal-
ing bottlenecks in computing efficiency and scalability [4,5,6]. In this context, quantum
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computing is seen as a potential route to break through the bottleneck of traditional im-
age processing [7]. In particular, quantum machine learning models based on parameter-
ized quantum circuits or quantum annealers have shown unique advantages in extracting
high-dimensional features and nonlinear mapping [8,9]. However, in the current “noisy
medium-scale quantum” stage, hardware limitations such as the limited number of qubits,
the short coherence time, and the high quantum gate error rate still severely restrict the
actual deployment of QML models [10,11,12]. Therefore, it is significant to carry out
resource-efficient model design and optimization research to address hardware bottle-
necks, enhancing the practical application of quantum machine learning.

Inspired by the research introduced in [13], this work optimizes the classical data en-
coding process from the coding and circuit architecture perspective, redesigns the quan-
tum circuit, and proposes an innovative quantum-classical hybrid convolutional neural
network architecture. The core of this architecture is to design the quantum computing
unit as a parameterized circuit specifically for performing image feature extraction, while
the traditional computing unit is responsible for the subsequent classification task. This
model uses a rotation-angle encoding strategy based on repeated RY rotations to handle
image classification problems. Compared with the conventional computational basis en-
coding method, this strategy reduces the required number of qubits for local image-block
processing. Unlike circuit architectures in which the number of qubits is directly tied to
the number of data points to be processed, the proposed design allows multiple normalized
data values to be sequentially embedded into a smaller number of qubits through struc-
tural optimization. Although the RY rotations change the amplitudes of quantum states,
the input data are encoded as rotation angles rather than through conventional amplitude
encoding.

To evaluate the effectiveness of our model, we conducted experiments on IBM’s Qiskit
quantum experimental platform and performed a 10-class image classification task on the
MNIST dataset. The experimental results show that the QC-CNN model achieves compet-
itive classification performance while using a compact quantum circuit design, indicating
its potential applicability under limited quantum resources. In addition, in our experi-
ments, we also studied the performance of our model under different encoding gates,
entanglement gates, and the number of qubits to gain a deeper understanding of the prop-
erties and effectiveness of our model.

The main contributions of this research are as follows:

1. To present a novel hybrid quantum Convolutional Neural Network (QC-CNN) de-
signed for multi-class image classification. The model is designed to capture critical
image features by leveraging quantum circuits and demonstrates competitive classifi-
cation accuracy under the current experimental setting.

2. To propose a compact quantum convolution layer, which reduces the use of quantum
gates and qubits in the circuit and simplifies the model structure through circuit-level
optimization.

3. To investigate the relationship between the number of qubits and the number of con-
volution data, and propose a convolution circuit that performs convolution processing
on multiple data with a small number of qubits.

The remainder of this article is as follows. Section 2 introduces the basic concepts
of quantum computing, and Section 3 presents related work in machine learning using
quantum computing. Section 4 details the structure of our model. Section 5 provides a



Enhancing Image Classification with Multi-Data-Per-Qubit Processing 3

comprehensive experimental evaluation of the model’s performance. Section 6 investi-
gates the scalability and computational efficiency of the proposed approach, and finally,
concluding remarks and future work are depicted in Section 7.

2. Background

As the most basic discrete unit in the material world, a quantum has unique physical prop-
erties that provide a new paradigm for information processing. Unlike classical physical
systems, quantum systems exhibit non-classical characteristics such as superposition and
entanglement, which lay the physical foundation for building new computing architec-
tures. In quantum computing, qubits constitute the basic unit of information processing,
essentially different from binary bits in classical computing.

The uniqueness of qubits is that their quantum states can be expressed as a linear su-
perposition of two orthogonal ground states (usually denoted as |0⟩ and |1⟩), as shown
in Eq. (1). In the mathematical expression of this superposition state, the complex coef-
ficients α and β represent the quantum amplitudes of the corresponding ground states,
respectively, whilst the squares of their moduli (|α|2 and |β|2) represent the probabil-
ity that the quantum state collapses to the corresponding ground state when measured.
This probabilistic measurement result reflects the basic principles of quantum mechanics
and is an essential feature distinguishing quantum computing from classical computing.
The superposition state of qubits is not a simple probability mixture, but contains the core
characteristic of quantum coherence, which provides a physical basis for quantum parallel
computing.

|ψ⟩ = α |0⟩+ β |1⟩ , |α|2 + |β|2 = 1, α, β ∈ C (1)

Another crucial property is entanglement. When two or more qubits are in an entan-
gled state, non-local correlations are formed between them. Even if they are far apart in
space, the measurement result of one quantum bit will instantly affect the state of other
qubits. This correlation cannot be explained by classical probability theory, and the entan-
gled state cannot be decomposed into a simple tensor product of the states of individual
qubits. Specifically, for a two-body system, its entangled state |ΨAB⟩ cannot be expressed
in the form of |ψA⟩⊗|ψB⟩ (where ⊗ represents a tensor product operation), which reflects
the non-local and indivisible characteristics of quantum entanglement.

In the process of implementing quantum computing, the quantum circuit model is one
of the most widely used frameworks and consists of three interconnected parts.

2.1. Information Coding

In quantum computing, the input of any quantum algorithm is represented in the form
of quantum states, so classical data must first be converted into corresponding quantum
states. At present, common quantum data encoding methods mainly include computa-
tional basis coding and amplitude coding. Computational basis coding is achieved by
mapping classical data to the ground state of the quantum system. It is usually necessary
to first convert the classical data into a binary representation and then express it with the
corresponding quantum ground state. Amplitude coding uses the amplitude of the quan-
tum state to carry classical data information, so the data needs to be normalized to ensure



4 Wang et al.

that the sum of the squares of all amplitudes is equal to 1. Based on these coding strategies,
researchers have proposed a variety of methods to achieve quantum state representation
of image data [14].
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Fig. 1. Matrix representations of the RX(θ), RY (θ), RZ(θ), H , and CNOT gates.

2.2. Quantum State Transformation

The core of quantum computing lies in the evolution of quantum states, which play a vi-
tal role in a variety of computing tasks. After the classical information is mapped to the
quantum state, several quantum gates are needed to manipulate the qubits to achieve state
conversion. The quantum gate changes the initial quantum state through operations such
as rotation and entanglement to meet subsequent computing needs. Unlike classical logic
gates, quantum gates must satisfy unitary properties to ensure the normalization charac-
teristics of the quantum system and the reversibility of the evolution to avoid information
loss. The basic quantum gates involved in this article include: RX gate, RY gate, RZ
gate, CNOT gate, H gate, and others. The matrix representation of these quantum gates is
shown in Fig. 1.

2.3. Measuring Quantum States

The quantum circuit concludes with a measurement process that transforms quantum state
information into classical data. The resulting expectation value, representing the quantum
computation outcome, is utilized in this work as a feature representation of the input
image, enabling subsequent classification analysis. Regarding QML, PQC is often used
as a hybrid method, such as [15,16,17]. PQC consists of fixed quantum gates, and the
change of quantum states and the entanglement of information are realized through the
cooperation between quantum gates.

3. Related Work

Although quantum hardware still has certain technical limitations, applying quantum
computing to image classification has become a research hotspot and has attracted more
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and more attention. This section briefly reviews the relevant research, first introducing
the research progress of quantum machine learning and quantum neural networks, then
exploring the performance of quantum convolutional networks in image processing.

3.1. Quantum Machine Learning

In recent years, Quantum Machine Learning (QML) has witnessed significant advances,
particularly in understanding quantum models’ generalization behavior and expressive
capabilities. For instance, [18] investigated the generalization properties of QML models
under limited training data and revealed that the generalization error can be effectively
minimized when only a small subset of parameterized quantum gates undergo substan-
tial updates during training. This insight offers theoretical support for model compres-
sion and complexity control within quantum learning frameworks. Motivated by these
theoretical developments, [19] proposed the Quantum Implicit Representation Network
(QIREN), which generalizes Fourier Neural Networks (FNNs) to the quantum regime.
QIREN demonstrates strong performance in various tasks, including signal representa-
tion, super-resolution, and image synthesis, thereby showcasing the potential of QML for
compact and efficient data modeling. At the same time, progress has also been made in
exploiting quantum algorithms for practical advantages. For example, Caro et al. [18]
presented a quantum algorithm based on bilateral correlation for distributed machine
learning under communication constraints, as their method enables efficient solutions to
least-squares fitting and Soft-max regression problems, with extensibility to tasks such
as Hamming distance computation, thereby emphasizing the strengths of quantum algo-
rithms in communication-limited environments. In terms of quantum system optimization
and resource efficiency, Pan et al. [19] proposed a quantum coupon collection protocol
that combines coherent states and linear optics, and experimentally verified that it can
significantly reduce sample collection overhead, providing a practical reference for how
to use limited resources in quantum algorithm design effectively. Recent studies in quan-
tum machine learning have shown the potential of quantum methods in improving com-
munication efficiency and demonstrating task-specific quantum advantage [20,21]. [22]
further studied the problem of automatic quantum architecture search (QAS), constructed
a unified evaluation benchmark covering 900 random quantum circuits and 400 unitary
matrices, and compared six mainstream optimization algorithms, providing a systematic
evaluation framework and standard for quantum neural network structure search.

3.2. Quantum Neural Networks

In the study of quantum neural networks, Zhou et al. [23] and Meng et al. [24] proposed
representative models and methods. Based on single-bit operation and measurement and
using the decoherence effect induced by the environment, Zhou et al. [23] constructed a
new quantum neural network model, which reduced the difficulty of physical implementa-
tion and showed good nonlinear classification ability and noise resistance, promoting the
development of early quantum neural computers. Similarly, Meng et al. [24] proposed the
Residual Matrix Product State (ResMPS) structure from the perspective of combining ten-
sor networks and neural networks. On the basis of retaining the efficient modeling ability
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of tensor networks, nonlinear activation and random deactivation mechanisms were intro-
duced to improve the stability and expression ability of the model, and the interpretability
of the model was enhanced under the theoretical framework of polynomial expansion.

Wu et al. [25] explored the data parallelism problem in quantum neural networks, and
for the first time realized parallel data processing using quantum superposition and entan-
glement, and strictly proved that under orthogonal coding, parallel training and separate
training are equivalent in terms of loss function. These studies have promoted the inte-
gration of quantum computing and neural networks from different perspectives. Among
them, Zhou et al. [23] and Meng et al. [24] focused on the basic theory of quantum neural
networks, and Wu et al. [25] studied the problem of data parallelism. Recent studies have
explored hybrid quantum-classical convolutional neural networks for image classifica-
tion, demonstrating the potential of quantum convolutional structures to enhance feature
extraction and recognition performance [26,27]. These works enrich the theoretical sys-
tem of QML and provide necessary guidance for subsequent research.

Beyond directly related QML studies, recent AI-driven modeling works also provide
useful references for feature representation, temporal dependency modeling, and complex
classification tasks. Okmi et al. [28] reviewed mobile phone data in crime applications
and summarized data types, analytical perspectives, and challenges in real-world data-
driven modeling. Ku et al. [29] demonstrated the use of LSTM-based models for stock
market prediction, showing the importance of temporal feature modeling in complex se-
quential data. He et al. [30] further introduced an attention-based trans-LSTM framework
for epileptic seizure detection, highlighting the role of attention mechanisms and feature
integration in improving representation ability. Taherinavid et al. [31] investigated trans-
portation mode classification using deep reinforcement learning with smartphone sensors,
providing a complementary example of learning-based classification under heterogeneous
sensor data. Although these works address different application domains, they collectively
show that effective feature representation and task-specific model design are central issues
in modern AI-based classification, which is consistent with the motivation of the proposed
compact quantum-classical feature extraction framework.

4. Methodology

This work proposes a Hybrid Quantum Convolutional Neural Network (QC-CNN) de-
signed to classify images through supervised deep learning techniques. As illustrated in
Fig. 2, the proposed model consists of four main components: 1) data processing, 2) quan-
tum convolution layers, 3) measurement layer, and 4) dense layer. The quantum part of
the model is expected to effectively extract significant features from the input images,
while the classical part performs the final classification.

4.1. Data Processing

In the data preparation stage, the original graph data is first reduced in dimension to reduce
computational complexity. Unlike traditional normalization methods [32], the proposed
rotation-angle encoding process normalizes the input feature values to the interval [0, π],
enabling them to be directly used as rotation angle parameters for the quantum RY gate,
thereby completing the encoding transformation from classical data to quantum states.
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Fig. 2. Overall architecture of the model

4.2. Quantum Convolution Layers

Fig. 3. Quantum convolution circuit

As illustrated in Fig. 3, the architecture consists of four quantum data qubits (q0 to
q3) and a classical readout register. For each local 3 × 3 image region, the nine pixel
values are first normalized and arranged in row-major order as x1 to x9. The first four
values are encoded into q0 to q3 through RY rotation gates, while the remaining values
are sequentially embedded through additionalRY rotations placed between the entangling
operations. In this sense, each rotation angle is data-dependent, and the circuit realizes
a multi-data-per-qubit encoding mechanism rather than a one-pixel-one-qubit mapping.
Entanglement among the qubits is achieved using a series of controlled-NOT (CNOT)
gates arranged in a layered topology. The CNOT operations form a chain-like structure
from q0 to q1, from q1 to q2, and from q2 to q3, allowing information to be progressively
propagated across the four qubits. Additional RY rotations are applied between these
entangling operations to enhance the circuit’s expressiveness.
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Measurements are performed on the four qubits in the computational basis, and the re-
sulting classical outcomes are used to construct the feature vector for subsequent classical
processing. The layered structure of encoding, entanglement, and measurement facilitates
the extraction of high-dimensional and nonlinear features, which are crucial for down-
stream classification tasks.

Data Encoding In quantum computing, rotation gates are a class of single-qubit gates
that rotate quantum states around specific axes on the Bloch sphere. The Pauli-Y rotation
gate (RY gate) can be expressed as

RY (θ) = e−i θ
2Y (2)

where Y represents the Pauli-Y matrix:

σy =

[︃
0 −i
i 0

]︃
(3)

When the RY gate operates on the qubit states |0⟩ or |1⟩, its effects are as follows.
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Quantum Convolution In the QC-CNN framework, the quantum convolutional layer
is designed to perform convolution operations, which are crucial for feature extraction
and creating associated feature maps. Within this layer, the kernel size is set equal to the
stride to efficiently down-sample the resulting feature maps. Similar to classical CNN
architectures, these parameters should be adjusted on the basis of the input image di-
mensions. In implementing quantum convolution, the controlled-NOT gate (CNOT gate)
plays an essential role in feature extraction and information transfer as a key two-qubit
operation. The CNOT gate can create quantum entanglement, allowing information ex-
change among different qubits through quantum coherence, thereby achieving more ef-
ficient feature mapping. In addition, the CNOT gate is used in the quantum convolution
layer to build correlations between quantum channels, so that features can be propagated
between different qubits, thereby improving the expressiveness of the model. Compared
with directly increasing the circuit size, this quantum processing structure may reduce
circuit complexity and provide a compact feature representation under limited quantum
resources.

The CNOT gate is a type of controlled gate that operates on two qubits: the control
qubit and the target qubit. Its operation rule is as follows: if the control qubit is |0⟩, the
target qubit remains unchanged; if the control qubit is |1⟩, the target qubit undergoes an
X (NOT) transformation, i.e., |0⟩ ↔ |1⟩.
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Fig. 4. CNOT gate

Mathematically, the operation of the CNOT gate can be expressed as

|c, t⟩ → |c, t⊕ c⟩ (6)

where c is the value of the control qubit, t is the value of the target qubit, and ⊕ represents
the bitwise XOR operation.

In other studies, multiple CNOT gates are typically required. However, in our circuit
design, only three CNOT gates are used to achieve entanglement between data qubits.
These three CNOT gates connect four qubits, creating entanglement among them and
enhancing the quantum circuit’s expressive power for input data. In our convolution cir-
cuit, by strategically placing RY encoding gates at key positions, we enable four qubits
to perform convolution on nine classical data points. This contrasts with other quantum
convolution research, where the number of qubits must match the number of convolution
data points.

Let the initial state of the four-qubit system be |ψ0⟩ = |0000⟩. First, we apply the
RY rotation gates with rotation angles x1, x2, x3, and x4 to qubits q0, q1, q2, and q3,
respectively. These operations encode the classical information into the quantum system
and transform each qubit from the computational basis state into a superposition state:

|ψ1⟩ = RY (x1)⊗RY (x2)⊗RY (x3)⊗RY (x4) |ψ0⟩ (7)

Through the action of the RY gates, the amplitudes of the qubit states are adjusted,
enabling the quantum system to represent the encoded classical features in a superposition
form. This operation lays the foundation for subsequent feature interaction and entangle-
ment construction.

Next, additional RY rotation gates with angles x5 and x6 are applied to qubits q1 and
q2, respectively, to further enrich the encoded quantum features:

|ψ2⟩ = I ⊗RY (x5)⊗RY (x6)⊗ I |ψ1⟩ (8)

At this stage, the quantum states of q1 and q2 are further adjusted, allowing the circuit
to increase the flexibility of feature representation before entanglement operations are
introduced. Then, a CNOT gate is applied with q0 as the control qubit and q1 as the
target qubit. This operation correlates the states of the two qubits and introduces quantum
entanglement between them:

|ψ3⟩ = CNOTq0→q1 |ψ2⟩ (9)
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After that, an RY (x7) rotation gate is applied to qubit q1 to further transform its
quantum state:

|ψ4⟩ = I ⊗RY (x7)⊗ I ⊗ I |ψ3⟩ (10)

This rotation further adjusts the probability amplitudes of q1, thereby influencing the
subsequent entanglement propagation in the circuit.

Subsequently, another CNOT gate is applied, using q1 as the control qubit and q2 as
the target qubit. This operation extends the correlation from the first pair of qubits to the
next one:

|ψ5⟩ = CNOTq1→q2 |ψ4⟩ (11)

Next, the RY (x8) and RY (x9) rotation gates are applied to qubits q2 and q3, re-
spectively, to further refine the encoded information and prepare the system for the final
entangling operation:

|ψ6⟩ = I ⊗ I ⊗RY (x8)⊗RY (x9) |ψ5⟩ (12)

These rotations provide additional data-dependent transformations for the lower two
qubits, enhancing the expressive capacity of the circuit for feature extraction and nonlinear
representation.

Finally, a third CNOT gate is applied with q2 as the control qubit and q3 as the target
qubit, so that the entanglement is propagated through the four-qubit system:

|ψ7⟩ = CNOTq2→q3 |ψ6⟩ (13)

After these operations, the four-qubit system evolves from the initial basis state |0000⟩
into a highly correlated quantum state that contains both superposition and entanglement.
Finally, all qubits are measured to obtain the output of the quantum circuit. Through the
above process, the circuit integrates classical data encoding, amplitude transformation,
and hierarchical entanglement generation into a unified framework. The sequence of RY

rotation gates allows the classical input features to be embedded into the amplitudes of the
quantum states, while the chain of CNOT gates enables interactions among neighboring
qubits. In this way, the circuit can effectively capture complex feature relationships and
enhance the representation capability of the hybrid quantum-classical model.

4.3. Measurement Layer

The quantum measurement layer serves as the core module of the Quantum Convolu-
tional Neural Network (QCNN), acting as a bridge from quantum state space to classical
information space. It achieves efficient dimensionality reduction of quantum data while
preserving key features through measurement techniques. This layer transforms quantum
features extracted by the quantum convolutional layer into classically readable probability
distributions using projective measurement, generalized measurement, or weak measure-
ment, thereby supporting downstream tasks such as classification and regression. Dur-
ing this process, quantum measurement determines information extraction efficiency and
directly affects the model’s expressive power and computational efficiency through the
synergistic effects of quantum state collapse and entanglement characteristics.

Let the measured observable A be a Hermitian operator, which can be expressed as

A = a1P1 + a2P2 + · · ·+ anPn (14)
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Suppose the quantum state of the system is

|ψ⟩ = c1 |φ1⟩+ c2 |φ2⟩+ · · ·+ cn |φn⟩ (15)

The probability of measuring eigenvalue ai is

P (ai) = ⟨ψ|Pi |ψ⟩ = |⟨φi|ψ⟩|2 (16)

If the measurement result is ai, the system collapses to the corresponding eigenstate:

|ψ′⟩ = Pi |ψ⟩√︁
P (ai)

= |φi⟩ (17)

After measuring the four qubits, we obtain four single-qubit measurement-related fea-
tures as shown in Fig. 5. These four expectation values are passed to the subsequent clas-
sification layer through

F (P ) = w0P0 + w1P1 + w2P2 + w3P3 + b (18)

where wi is the weight and b is the bias.

Fig. 5. F(P):Quantum data to classical data conversion

4.4. Dense Layer

After measuring the quantum layer, we input the results into the dense layer. This design
is consistent with classical neural networks [33], where each input node is connected
to each output node, and feature mapping is performed through a linear transformation
(i.e., weighted summation plus bias) followed by a nonlinear activation function. The
dense layer is typically used to extract global features and complete classification tasks,
particularly at the network’s back end to project high-dimensional features into the output
space, such as a classification label probability distribution.

5. Experiments

To evaluate our model, we compared it with other models and conducted experiments to
examine the effects of different factors on its performance. To comprehensively assess
the effectiveness of the proposed model, we designed and carried out two types of experi-
ments. The first type of experiment aimed to compare the overall performance differences
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between the proposed model and multiple reference models in image classification tasks.
The second type of experiment focused on the impact of the quantum circuit’s character-
istics on the model’s performance, specifically including: (1) using different numbers of
qubits for convolution operations, (2) introducing different numbers of CNOT gates in the
circuit to adjust the entanglement strength, and (3) trying different classical data encoding
methods (such as RX , RY , etc.) to investigate their impact on feature expression ability.

Fig. 6. MNIST dataset

In the first type of experiment to evaluate our proposed model’s effectiveness, we
selected three representative quantum models as comparison subjects. These models differ
significantly from our proposed model in terms of circuit structure, encoding methods, and
sequences of quantum gates.

QCNN1 [34] encodes classical data using RY gates and constructs quantum entan-
glement using CNOT gates. Its specific implementation is as follows: four qubits receive
the encoded data through RY gates, respectively, and then CNOT gates are added succes-
sively between the 1st and 2nd qubits and between the 2nd and 3rd qubits for entangle-
ment connection. In this experiment, N = 2 groups of the above structures are repeated
to achieve quantum feature extraction of image blocks.

QCNN2 [15] uses a more specialized circuit structure, and its design sequence differs
from the conventional quantum convolution method. This model first adds CNOT gates
between the 1st and 2nd qubits as well as between the 3rd and 4th qubits to establish initial
entanglement, then adds an extra CNOT gate between the 2nd and 3rd qubits to enhance
information interaction, and finally encodes classical data into qubits through four RY

gates.
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QCNN3 [35] shows a more complex operation process in encoding and entanglement
design. This model first completes data encoding for four qubits through RY gates and
introduces RX and RZ gates on the 1st and 4th qubits, respectively, to enhance the state-
space expression ability. Subsequently, by using the 3rd and 4th qubits as control qubits
and the 2nd and 1st qubits as target qubits, two groups of CNOT gates are constructed to
build an asymmetric entanglement structure.

The baseline QCNN models are reproduced according to their original circuit settings.
Therefore, the comparison reflects the performance of representative circuit designs under
the implemented experimental protocol, rather than a strictly identical circuit-depth or
patch-size controlled comparison.

As shown in Fig. 6, this study employs the MNIST dataset as a standard benchmark for
image classification tasks. Owing to its simple structure, ample sample size, and strong
representativeness, MNIST has been widely adopted as a reference dataset for evaluat-
ing the performance and generalizability of quantum neural networks in numerous prior
works [27,33,35]. Its discrete and low-resolution image format facilitates dimensionality
reduction and quantum state encoding, making it especially suitable for simulation ex-
periments under limited-qubit conditions. Accordingly, we adopt the MNIST dataset to
assess the proof-of-concept effectiveness of the proposed Quantum Convolutional Neural
Network (QCNN) model. Given the computational limitations of current quantum simu-
lators, many studies have resorted to reducing dataset sizes to ensure feasibility [26]. For
instance, [25] used 1,000 3 × 3 Tetris images, [15] employed 250 32 × 32 images for
binary classification, and [23] conducted experiments on MNIST subsets. In line with this
practice, we construct a class-balanced subset of the MNIST dataset, comprising 1,000
samples for training and 200 for testing in our 10-class classification task. Since this sub-
set is relatively small, the results should be interpreted as a proof-of-concept evaluation of
the proposed compact quantum convolution circuit rather than a complete demonstration
of scalability to large-scale image classification tasks.

The proposed QCNN model is implemented and trained using IBM’s Qiskit platform.
To address a key limitation highlighted in [27]—namely, the common use of idealized
quantum circuits without accounting for hardware noise—we incorporate Qiskit Aer’s
noise simulation into our experimental setup. This configuration not only improves the
practical relevance of the results but also enables a more

more practical assessment of model performance than an ideal noiseless simulator. To
mitigate the variability of quantum noise during circuit execution, we conduct multiple
independent training runs for each model configuration and report averaged results. This
approach reduces the influence of randomness in performance evaluation and improves
the reliability of the observed trends.

In terms of experimental settings, we set the number of training epochs to 50 and the
batch size to 64. The loss function is cross-entropy loss with label smoothing (= 0.1)
to alleviate the problem of overfitting to the training samples. The Adam optimizer is
used for parameter updates. The training process of each model is repeated three times
under the same experimental protocol. The average and standard deviation of the three
independent results are then calculated for subsequent comparative analysis.
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Fig. 7. Four quantum circuits for experimental environment noise evaluation

Table 1. Experimental environment noise assessment

qubit a b c d

Noisy Ideal Noisy Ideal Noisy Ideal Noisy Ideal

1 0.492± 0.0276 0.5 0.1467± 0.0312 0.1464 0.5002± 0.0379 0.5 0.0612± 0.0085 0.38
2 0.4732± 0.0321 0.5 0.3220± 0.0265 0.25 0.5034± 0.0026 0.5 0.0872± 0.0124 0.073
3 0.5318± 0.0121 0.5 0.3156± 0.0329 0.3232 0.5206± 0.0428 0.5 0.1136± 0.0186 0.106
4 0.4957± 0.0263 0.5 0.3796± 0.0234 0.375 0.5249± 0.0305 0.5 0.1386± 0.0239 0.136

5.1. Performance Comparison

Table 2. Performance comparison of different models
model qubit gate size Accuracy

CNN / / 3× 3 0.975
QCNN1 4 7 2× 2 0.970854± 0.006114
QCNN2 4 14 2× 2 0.960801± 0.003847
QCNN3 4 10 2× 2 0.977291± 0.001770

this paper 4 12 3× 3 0.978214± 0.002648
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(a) accuracy (b) loss

Fig. 8. Classification performance comparison between the proposed model and others

We compared the proposed quantum convolution model with one classical baseline (CNN)
and three reference quantum convolution models. The corresponding results are presented
in Tab. 2 and Fig. 8. Overall, the proposed model achieved the highest average clas-
sification accuracy in this comparison, with a test accuracy of 0.978214 ± 0.002648,
which is slightly higher than CNN (0.975), QCNN1 (0.970854 ± 0.006114), QCNN2
(0.960801 ± 0.003847), and QCNN3 (0.977291 ± 0.001770). In addition to the highest
mean test accuracy in the reported comparison, the proposed model also maintained a rel-
atively small standard deviation, indicating stable behavior under the current experimental
setting.

The competitive performance of the proposed model is closely related to its circuit
design. The proposed quantum convolution circuit employs four qubits to represent a
3×3 input region through layeredRY encoding and progressive entanglement operations.
Specifically, the nine normalized values from each local image region are sequentially
embedded into the four qubits by repeated RY rotations, enabling efficient information
loading under limited quantum resources. The subsequent cascaded CNOT operations es-
tablish inter-qubit correlations, allowing local features to interact and fuse in the quantum
Hilbert space. This design improves the expressive capacity of the quantum convolution
kernel while keeping the circuit depth moderate, which is beneficial for stable optimiza-
tion.

Compared with the reference quantum models, the proposed circuit shows a better
balance between feature representation and circuit complexity. Although QCNN3 also
achieved competitive performance and the margin between the two models is small, the
proposed model obtained a slightly higher average test accuracy, suggesting that the com-
bination of multi-data encoding and structured entanglement can complete convolution-
like operations over a 3× 3 region and provide useful representations for the subsequent
classifier.

These results support the effectiveness of the proposed quantum convolution archi-
tecture for image classification under the current experimental setting. Rather than rely-
ing solely on increasing gate number or circuit complexity, the performance gain mainly
comes from a more suitable encoding strategy and entanglement pattern. This indicates
that, for hybrid quantum-classical models, the design of the quantum convolution struc-
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ture is crucial for achieving strong classification accuracy and stable learning perfor-
mance.

5.2. Impact of Qubit Number

Table 3. Model accuracy and loss curves with different numbers of qubits
model qubit gate size Accuracy

1qubit 1 9 3× 3 0.700770± 0.004389
2qubit 2 9 3× 3 0.858327± 0.008926
3qubit 3 9 3× 3 0.933126± 0.004351
4qubit 4 12 3× 3 0.978214± 0.002648
5qubit 5 13 3× 3 0.976788± 0.001467

(a) accuracy (b) loss

Fig. 9. Model accuracy with different numbers of qubits

To investigate the effect of qubit number on convolution performance, we constructed
quantum convolution circuits with 1, 2, 3, 4, and 5 qubits. The results in Tab. 3 and Fig. 9
show that model accuracy improves markedly as the number of qubits increases from
1 to 4. Specifically, the test accuracy rises from 0.700770 ± 0.004389 with 1 qubit to
0.858327 ± 0.008926 with 2 qubits and 0.933126 ± 0.004351 with 3 qubits, reaching
the best performance of 0.978214 ± 0.002648 with 4 qubits. When the qubit number is
further increased to 5, the model still maintains a high accuracy of 0.976788± 0.001467,
indicating that the proposed design remains effective under slightly higher quantum re-
sources.

This trend demonstrates that increasing the number of qubits can substantially en-
hance the feature representation capability of the quantum convolution circuit. With too
few qubits, the available quantum state space is limited, making it difficult to capture the
complex local patterns contained in the input data. As the number of qubits increases,
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the circuit can encode and correlate richer feature information, thereby improving clas-
sification performance. Notably, the proposed 4-qubit configuration achieves the highest
accuracy among the tested qubit settings while maintaining moderate circuit complex-
ity, showing an effective balance between representation capability and quantum resource
consumption. This configuration is not claimed to be theoretically optimal in a universal
sense; rather, it is selected as an empirically favorable and resource-balanced setting in the
current experiments. These results further confirm that an appropriate qubit configuration
is crucial for designing efficient and high-performing quantum convolution models.

5.3. Impact of CNOT Gate Number

Table 4. Impact of CNOT gate number on model performance
model qubit gate size Accuracy

3CNOT 4 12 3× 3 0.978214± 0.002648
4CNOT 4 13 3× 3 0.978536± 0.004719
5CNOT 4 14 3× 3 0.973267± 0.001665
6CNOT 4 15 3× 3 0.974333± 0.000365

(a) accuracy (b) loss

Fig. 10. Accuracy and loss curves of models under different CNOT gates

Based on the 4-qubit setting, we further investigated the effect of different numbers of
CNOT gates on model performance. Specifically, the classification results under 3, 4, 5,
and 6 CNOT gates were compared. As shown in Tab. 4 and Fig. 10, the model achieved
test accuracies of 0.978214 ± 0.002648, 0.978536 ± 0.004719, 0.973267 ± 0.001665,
and 0.974333 ± 0.000365 for 3, 4, 5, and 6 CNOT gates, respectively. Among them, the
4-CNOT configuration obtained the highest mean accuracy, while the proposed 3-CNOT
design achieved very competitive performance with lower circuit complexity.

These results indicate that the number of CNOT gates has an important influence on
the feature extraction ability of the quantum convolution circuit. A moderate increase in



18 Wang et al.

entanglement can enhance inter-qubit information interaction and improve feature repre-
sentation, which explains the strong performance of the 3-CNOT and 4-CNOT configu-
rations. However, an excessive number of CNOT gates may introduce redundant inter-
actions and reduce the effectiveness of the circuit. Overall, the results show that an ap-
propriate entanglement depth is essential for achieving strong classification performance,
and that the proposed 3-CNOT structure provides an effective balance between accuracy
and circuit efficiency.

5.4. Impact of Encoding Gates

Table 5. Impact of encoding gates on model performance
model qubit gate size Accuracy

rx 4 12 3× 3 0.976858± 0.003890
ry 4 12 3× 3 0.978214± 0.002648
rz 4 16 3× 3 0.726865± 0.012067

(a) accuracy (b) loss

Fig. 11. Accuracy and loss curves of models with different encoding gates

The choice of encoding gate has a clear influence on the performance of the quantum
convolutional model. To evaluate this effect, we compared three encoding strategies based
onRX ,RY , andRZ gates under the same 4-qubit setting. As shown in Tab. 5 and Fig. 11,
the proposedRY -based encoding achieved the best test accuracy of 0.978214±0.002648,
whileRX encoding also showed competitive performance with an accuracy of 0.976858±
0.003890. In contrast, the performance of RZ encoding dropped markedly to 0.726865±
0.012067, indicating a much weaker feature representation capability in the current circuit
design.

These results suggest that the encoding strategy should be matched carefully with the
circuit structure and measurement process. In the proposed quantum convolution circuit,
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RY encoding provides a more effective way to map classical information into quantum
states and supports subsequent entanglement-based feature extraction, leading to the best
overall classification performance. Although RX encoding also performs well, its accu-
racy is slightly lower than that of RY , indicating that the proposed RY -based design is
better suited to the present architecture. By comparison, RZ encoding mainly introduces
phase variation and is less effective in producing discriminative feature representations
under the current setting. Overall, the results confirm that the proposed RY encoding
strategy is more suitable for the designed quantum convolution model.

6. Evaluation and Analysis

In this section, we further analyze the proposed method based on the experimental results.
We first compared the proposed quantum convolution model with a classical CNN and

three reference quantum convolution models. The results show that the proposed model
achieved the best test accuracy of 0.978214±0.002648, which is slightly higher than CNN
(0.975), QCNN1 (0.970854± 0.006114), QCNN2 (0.960801± 0.003847), and QCNN3
(0.977291± 0.001770). These results indicate that the proposed circuit design can effec-
tively improve feature extraction and classification performance while maintaining good
stability.

To further investigate the effect of qubit number, we constructed quantum convolution
circuits with 1, 2, 3, 4, and 5 qubits. The results show that test accuracy increases from
0.700770± 0.004389 to 0.858327± 0.008926 and 0.933126± 0.004351 as the number
of qubits grows from 1 to 3, and reaches the best value of 0.978214 ± 0.002648 at 4
qubits. When the number of qubits is further increased to 5, the model still maintains a
high accuracy of 0.976788 ± 0.001467. This trend shows that increasing the number of
qubits can substantially enhance the feature representation ability of the quantum circuit,
while the 4-qubit configuration provides the most favorable balance between performance
and resource cost.

We also analyzed the influence of the number of CNOT gates under the 4-qubit setting.
The corresponding accuracies with 3, 4, 5, and 6 CNOT gates are 0.978214± 0.002648,
0.978536 ± 0.004719, 0.973267 ± 0.001665, and 0.974333 ± 0.000365, respectively.
The results indicate that a moderate entanglement depth is beneficial for inter-qubit infor-
mation interaction and feature fusion. Although the 4-CNOT configuration achieved the
highest mean accuracy, the proposed 3-CNOT design produced highly competitive perfor-
mance with lower circuit complexity, showing that an appropriate entanglement structure
is more important than simply increasing the number of entangling gates.

In addition, the choice of encoding gate has a clear impact on model performance. Un-
der the same 4-qubit setting, the proposedRY -based encoding achieved the best test accu-
racy of 0.978214± 0.002648, while RX encoding also showed competitive performance
with 0.976858 ± 0.003890. In contrast, RZ encoding dropped sharply to 0.726865 ±
0.012067. These results suggest that the encoding strategy should be carefully matched
with the circuit structure and measurement process. In the proposed model, RY encod-
ing is better suited to the current quantum convolution architecture and provides more
effective feature representation.

Overall, the experimental results demonstrate that the proposed quantum convolution
kernel achieves strong classification performance through a balanced design of qubit num-
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ber, entanglement depth, and encoding strategy. Rather than relying on a larger number
of gates, the improvement mainly comes from a more suitable circuit structure, which
confirms the effectiveness of the proposed method for quantum-enhanced image feature
extraction.

7. Concluding Remarks and Future Directions

This work proposes a hybrid quantum-classical convolutional neural network based
on a quantum convolution kernel for image classification. The model employs a four-
qubit quantum circuit with layered encoding and CNOT-based entanglement to perform
convolution-like operations on local image regions, followed by classical classification.
This design improves feature representation capability while maintaining relatively low
quantum resource consumption.

Experimental results support the effectiveness of the proposed model under the current
proof-of-concept setting. Compared with CNN and three reference quantum convolution
models, the proposed method achieved the highest average test accuracy of 0.978214 ±
0.002648. Further controlled experiments show that the number of qubits, the number of
CNOT gates, and the choice of encoding gate all have important effects on performance.
In particular, the 4-qubit configuration provided the best balance between accuracy and
resource efficiency, the proposed 3-CNOT design maintained competitive performance
with reduced circuit complexity, and the RY encoding strategy achieved the best overall
results under the current circuit structure.

These findings indicate that the performance of hybrid quantum neural networks can
be improved through careful quantum circuit design. Since the experiments are conducted
on a reduced MNIST subset and a simulator-level noisy environment, the results should be
interpreted as a proof-of-concept evaluation rather than a complete demonstration of scal-
ability to large-scale image classification tasks or deployment on real quantum hardware.
Nevertheless, the results suggest that the proposed quantum convolution architecture pro-
vides a compact and potentially useful scheme for image feature extraction under limited
quantum resources.

In future work, we will further explore more flexible encoding strategies and circuit
structures, evaluate the proposed model on larger and more complex datasets, and investi-
gate its deployment on real quantum hardware. In addition, integrating the current quan-
tum convolution design with other quantum modules may provide a promising direction
for building more powerful hybrid quantum learning architectures.
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