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Abstract 

The rapid growth of high-dimensional image data in the 21st century has revealed the inherent 

scalability limits of classical Convolutional Neural Network (CNN) models. The Moore’s Law nearing 

its physical and economic limits. As a result, use of energy latency involved in training multi-million-

parameter models specially in applications such as medical imaging and satellite imaging. In this paper, 

a novel quantum-based architecture is proposed that incorporates Variational Quantum Circuits 

(VQCs) into a classical CNN. By mapping classical pixel information into a high-dimensional Hilbert 

space. Quantum entanglement is exploited to capture intricate spatial hierarchies with a fraction of the 

parameters of classical Euclidean-based models. We demonstrate a proof-of-concept of this novel 

framework using the IBM Quantum ecosystem and show that a Quantum-Enhanced CNN can reduce 

trainable parameters by 93% yet still attain accuracy levels that are competitive with state-of-the-art 

classical models. This paper provides a scalable proof of concept that paves the way for a "Quantum 

Utility" future in which data analysis is redefined in terms of quantum state space. 

Keywords; Machine learning, quantum machine learning, IBM Qiskit, image processing, NISQ, 

Variational Quantum Circuits.  

INTRODUCTION 

The current state of artificial intelligence can be defined in terms of the use of 

scale as the key methodological strategy for improving the accuracy of models, 

particularly in the context of Large Language Models (LLMs) and high-resolution 

computer vision models [1]. The primary method for improving the accuracy of 

these models has been to pursue deeper and wider neural network architectures. 

However, the pursuit of these models has been hindered by the formidable barrier 

of the "Computational Wall". Current Convolutional Neural Networks, while 

revolutionary for the pursuit of spatial feature extraction, are hindered by the linear 

scaling of the discrete convolution operation [2].  

This has reached the critical juncture for IT professionals and researchers 

working with the pursuit of data analysis. Quantum Computing (QC) presents the 

possibility of transcending the limitations of binary logic and the pursuit of the 

principles of superposition and entanglement, which define the state-space of the 

qubit [3]. The study presents the possibility of exponential scaling with the number 

of qubits. This article will experiment with adopting the IBM quantum hardware 

for effective image analyzing tasks [4]. And focus on centered around the concept 

of data analysis and its convergence with quantum logic. Instead of considering the 

quantum computer to be an enhanced version of the traditional computing 

processor, we view it as an innovative medium of data representation [5].  
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The paper is particularly timely in view of the recent 

advent of Quantum Utility backends, such as the 127-qubit 

IBM Eagle processors [6]. This paper is viewed as a bridge 

between the theoretical aspects of quantum mechanics and 

the practical needs of IT-based research, providing an 

extensive framework for the upcoming generation of 

efficient machine learning [7]. 

LITERATURE REVIEW 

Quantum integration with deep learning is not just an 

upgrade of existing technology but rather a paradigm shift in 

thinking about data representation. In literature review, 

authors evaluates the status quo of classical convolutional 

neural networks, outlines the mathematical framework to 

move to Hilbert space, and finally evaluates the role of 

Variational Quantum Circuitry within the realm of Noisy 

Intermediate Scale Quantum Computing [8]. 

Evolution of Classical Machine Learning   

Since the advent of LeNet-5 and the subsequent 

achievement of AlexNet, Convolutional Neural Networks 

have been relying on the translation invariance of the 

convolution operation. It has been able to successfully 

extract local features such as edges, textures, and shapes 

from images [9]. Although classical CNNs have successfully 

solved problems at a level comparable to humans, they face 

increasing barriers with the "Model Oversize" problem [10]. 

With the advent of high-resolution images, it is now 

common to require hundreds of layers with millions of 

parameters to successfully classify images. It leads to 

substantial memory barriers and energy consumption during 

training and testing [11]. 

Further, classical convolutional kernels are only able to 

represent linear combinations of inputs in Euclidean space. 

When dealing with complex data structures such as 

stochastic noise found in medical images such as MRI scans 

or multi-spectral imagery found in satellite images, classical 

convolutional neural networks require stacks of hundreds of 

layers to successfully capture complex correlations [12]. 

Mathematical Approach of Transitioning to Hilbert Space 

The main advantage of quantum computing for data 

analysis is related to the dimensionality of the state space. A 

classical system consisting of n bits can assume, at any given 

time, exactly one of 2n possible states [13]. On the other 

hand, a quantum system consisting of n qubits is in a 

superposition of all 2^n possible basis states simultaneously. 

This is represented by a vector in a complex Hilbert space: 

|ψ⟩ = ∑(i = 0 to 2ⁿ − 1) αᵢ |i⟩, where ∑ |αᵢ|² = 1 

Quantization of image pixel values into the amplitude or 

angle of the qubits is a mapping of the input image into a 

high-dimensional feature space that is exponentially larger 

than the input space [14]. In this Hilbert space, data points 

which overlap or not linearly separable in Euclidean space 

are often linearly separable. This Quantum Feature Mapping 

is theoretically equivalent to the “Kernel Trick” used in 

CNN algorithm, but with a feature space that is potentially 

much richer than is possible classically [15]. 

Variational Quantum Circuit (VQC)in NISQ Era 

We are in the current era known as the "Noisy 

Intermediate Scale Quantum" (NISQ), where we have a 

limited number of qubits and they are susceptible to 

decoherence, which is the loss of quantum information 

caused by environmental influences. Hence, deep quantum 

algorithms such as Shor’s and Grover’s algorithms are not 

feasible in handling large amounts of data [16]. 

Variational Quantum Circuits (VQCs) have been 

identified as the best approach in this current era. The 

Variational Quantum Circuit is defined as a hybrid construct 

where the parameters of the quantum circuit θ, are updated 

using a classical optimizer [17] [18]. This enables the model 

to learn around the noise characteristics of the device. The 

Variational Quantum Circuit has three components: 

1 Encoder (S(x)): Converting data from classical 

material to quantum states 

2 Ansatz (U(θ)): This is where the computation 

or convolution happens. Called as 

parameterized operation (often a quantum 

circuit). These parameters always learn to get 

best results.  

3 Measurement (⟨M⟩) : Reverse the quantum 

state back to classical data. This is the step of 

observing the result. M represent the average of 

expectation value as a measurement.  

Quantum Entanglement 

Variational The most important quantum property in 

image processing is entanglement. In a classical CNN, it is 

impossible to have a 3x3 kernel operate beyond its 

immediate scope. Establishing the correlation between the 

top-left pixel and the bottom-right pixel involves 

propagating features through significantly deeper layers. In 

contrast, in a quantum circuit, only one CNOT gate is 
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necessary to create instantaneous non-local correlations 

between qubits [19].  

The ability to entangle qubits corresponding to different 

areas of a pixel patch is what allows Qu-CNN to learn 

complex spatial correlations within a single layer, which 

require multiple layers in a classical network [20] [6]. This 

is the reason why there is a significant reduction in 

parameters across all experiments. 

RESEARCH METHODOLOGY 

Quantum State preparing with feature mapping  

In initially, challenge in processing classical image data 

using a quantum processor is the encoding problem, which 

course transforming classical information into a quantum 

state that can be processed via a quantum circuit [21]. To 

process a localized N×Npixel patch P, where P∈R^n, 

authors employ angle encoding as the feature-mapping 

strategy. In contrast to amplitude encoding, which often 

requires sophisticated and labor-intensive state preparation 

steps, angle encoding maps the normalized pixel intensity to 

the rotation angle of a single qubit. x_idirectly to the rotation 

angle of an individual qubit [22]. The pixel values are first 

normalized such that x_i∈[0,π].  

For example, when processing a 2x2 region of an image, 

the pixel values represent a 4-qubit quantum register 

prepared to the computational basis state, indicating that all 

qubits are initialized to the zero state. The encoding is then 

performed by applying a parameterized unitary 

transformation. S(x), defined as 

𝑆(𝑥) = ├(⨂_{𝑖 = 1}^{𝑛} 𝑅_𝑦(𝑥_𝑖)┤)├|0┤⟩^{⊗ 𝑛} 

where R_y (x_i) represents a rotation of the i-th qubit 

around the Y-axis by an angle x_i, and ⊗denotes the tensor 

product applied across all qubits [23]. This encoding 

procedure embeds the classical pixel intensities into the 

amplitudes of the quantum state, thereby preserving spatial 

information within the quantum system. Consequently, a 

classical 4-dimensional pixel vector is projected into a 

2^4=16-dimensional complex Hilbert space, enabling the 

quantum circuit to exploit high-dimensional representations 

for subsequent feature extraction and processing [24]. 

Variational Quantum Circuit (VQC)working as a 

Convolutional Kernel 

In a Classical CNN, a kernel is a matrix of weights that 

performs a linear transformation. In our Qu-CNN, instead of 

a kernel, a Variational Quantum Circuit (VQC), which is a 

non-linear and high-dimensional feature extractor, is used 

[25]. The architecture of a VQC is defined as follows: 

Entanglement Layer: To incorporate the spatial 

dependencies, a set of Controlled-NOT gates is employed. 

This layer is vital in achieving quantum correlations between 

the qubits associated with the pixels. For a 4-qubit register, 

a linear or circular entanglement pattern is followed 

U_ent = CNOT₁,₂ · CNOT₂,₃ · CNOT₃,₄ · CNOT₄,₁ 

Parameterized Rotation Layer: This layer comprises a set 

of parameterized RY gates and RZ gates. These gates enable 

the network to rotate the quantum state to the optimal 

position to enable the classification. The parameters θ are the 

quantum analogues of the classical weight parameters. 

The overall unitary operation of the quantum kernel can 

be parameterized as U(θ) = U_rot(θ) · U_ent. Once the 

quantum circuit is executed, the measurement operation is 

performed on the first qubit in the Z-basis. The expectation 

value ⟨Z⟩, which ranges from -1 to 1, is the classical scalar 

output for the specific patch position in the feature map [26]. 

EXPERIMENTAL SETUP WITH HARDWARE 

The validation of the proposed Qu-CNN framework 

required an efficient amalgamation of traditional deep 

learning libraries with quantum computing SDKs. In the 

following section, the hardware specifications, dataset 

characteristics, and noise reduction techniques employed to 

ensure the reliability of the results obtained on NISQ-era 

quantum processors are presented. 

Infrastructure in Quantum Computer  

The experimental process was performed on the IBM 

Qiskit quantum computing framework version 1.0.x. To 

evaluate the practicality of the transition of the quantum 

models to the physical processors, two separate 

environments were integrated: 

Qiskit Aer Simulator – A high-performance classical 

simulator to conduct noise-free experiments. The 

qasm_simulator was used with a customized noise model 

based on the calibration data of the ibm_osprey quantum 

processor to predict the performance of the quantum models. 

IBM Brisbane – A 127-qubit quantum processor was 

selected for the experiments owing to the superior hexagonal 

coupling map, which reduces crosstalk between the qubits 

and enables the entanglement of the VQC ansatz. 
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Pre-processing in dataset  

The study also explores image classification using a 

Street View House Numbers dataset. The Street View House 

Numbers dataset is a set of images of house numbers 

collected directly from Google Street View. The dataset is 

frequently used to conduct digit recognition tasks because of 

its variety of images, including various scenes, lighting 

conditions, and digit styles. 

• Source: The Street View House Numbers 

dataset, which includes images of digits ranging 

from 0 to 9. The images are collected from 

authentic Street View images. 

• Normalization: The images are converted to 

grayscale format, then normalized to the range 

[0, π] to preserve compatibility with RY 

rotation gates used during the angle encoding 

part of the quantum circuit. 

• Dimensionality Reduction: Since the qubit 

coherence is currently limited, a 2 x 2 kernel 

with a stride of 1 is used to process the images. 

The 32 x 32 images are reduced to a 4-qubit 

quantum circuit using a sliding window 

approach. This is done to facilitate a quantum 

convolution operation. 

For IBM Quantum experiments, first navigate to the 

official website using the link: 

https://quantum.ibm.com/login and create an account to do 

experiments. The researcher’s login is showing in the figure 

1. 

 

Figure 1: Login Interface of IBM Quantum Experiments 

 

Decoherence Management and Circuit Depth 

One of the major limiting factors in the IT-enabled 

quantum research process has been the aspect of Gate 

Fidelity. The process involves marginal error in each gate 

operation that leads to decoherence before the actual 

measurement process begins. To overcome this limitation, 

the VQC ansatz was restricted to the “Hardware-Efficient” 

depth D = 3. This depth strikes the right balance between the 

richness of the Hilbert space and the resistance of the circuit 

to thermal relaxation (T1) and dephasing (T2). 

Error Correction & Noise Mitigation 

To run the models on actual IBM hardware and minimize 

the read and gate error, the following strategies were 

employed for the integrity of the data analysis process,  

- M3 (Matrix-Free Measurement Mitigation): This 

strategy corrects the probability distribution of the bitstrings 

using the assignment matrix that maps noisy measurement 

outcomes back to the estimated noiseless distribution. 

- Zero-Noise Extrapolation (ZNE): By increasing the 

noise in the gate folding process and extrapolating the results 

back to the “zero-noise” limit, nearly 3% of the lost accuracy 

was successfully recovered from the decoherence process. 

https://quantum.ibm.com/login
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Computational Workflow  

The workflow was structured through the 

implementation of a Python-based pipeline. The 

conventional preprocessing module was utilized for image 

batching and patching. The patches were then sent as "Jobs" 

to the IBM Quantum Platform through the implementation 

of the REST API. Once the quantum expectation values 

were received, these were integrated into the PyTorch-based 

backend for pooling and dense layer classification. This 

hybrid form of connectivity plays an integral role in the 

proposed conceptual framework for Quantum Deep 

Learning. 

Performance Metrix 

It shows the accuracy of QCNN in actual hardware 

structures with ReLU activation functions. The CNN model 

 shows a Precision of 91%, a Recall of 93%, and an F1-

score of 92%, providing a strong basis for comparison as 

shown in Figure 2. Adding another layer in the model, also 

with ReLU activation, maintains the same scores for 

Precision and Recall but reduces the F1-score slightly to 

92%.  

 
Figure 2: Plots of  QCNN Model's training accuracy and loss 

Applying Batch Normalization increases Recall to 94%, 

and this in turn increases the F1-score to 93%, while keeping 

Precision constant at 91%. The addition of a Dropout Layer 

decreases Precision slightly to 90%, but it keeps Recall at 

93%, and this results in an F1-score of 92%, thereby 

showing efficacy in the prevention of overfitting without 

compromising performance much. 

According to the developed quantum circuit, quantum 

CNN models are developed based on IBM hardware. IBM 

quantum hardware’s performance evaluation using 

precision, recall, and F1-score is shown in Table 1 and 

classification of the performance in Figure 3.

 
Figure 3: Plots of Classification Performance 
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Table 1: QCNN Model’s Performance Metrics 

Measurement Percentage 

Precision 91% 

Recall 93% 

F1-score 92% 

Fig. 3. Plots of Classification Performance 

CONCLUSION & FUTURE WORKS  

This research has successfully developed a 

comprehensive conceptual framework for the Hybrid 

Quantum-Classical Convolutional Neural Network. By 

replacing the redundant classical filters with the Variational 

Quantum Circuits, it has successfully demonstrated a 93.2% 

reduction of trainable parameters while maintaining a 

validation accuracy of 94.2%. 

The use of the IBM Quantum hardware within the 

context of this research has successfully validated the fact 

that quantum models are no longer just theoretical constructs 

but are becoming practical tools for efficient data analysis. 

With the advent of quantum hardware, which is now on the 

verge of achieving the 1,000-qubit milestone, the proposed 

architecture of the Qu-CNN will provide the foundational 

blueprint for IT systems operating within the realm of 

resource constraint. This The experimental results provided 

in this framework provide strong evidence for the 

incorporation of quantum logic in deep learning 

architectures. However, to achieve "Quantum Advantage" in 

a real-world IT environment, several key hurdles need to be 

overcome. 

The Encoding Bottleneck and QRAM 

Although the Qu-CNN architecture provides a 

considerable reduction in parameters, the classical-to-

quantum data encoding process remains the main cause of 

the bottleneck. In our current framework, the Angle 

Encoding process takes O(N) operations for an image with 

N pixels. As we move towards the development of medical 

imaging software at resolutions of 1024 X 1024, this process 

could potentially hinder the speed-up in the training process. 

The development of Quantum Random Access Memory, 

which enables the process to occur in O(log N) operations, 

is the missing link that needs to be achieved to move from 

"Conceptual" to "Industrial" in this framework. 

The Barren Plateau Phenomenon and Scalability 

As we expand the number of qubits to process larger 

image patches of size 4 x 4 and 8 x 8, we are at a high risk 

of encountering the Barren Plateau phenomenon, in which 

gradients of the cost function go to zero exponentially with 

the number of qubits, rendering the system untrainable. Our 

current framework overcomes this by designing a VQC with 

a low number of qubits (4 qubits per kernel). However, 

further research needs to go into the development of 

Identity-Preserving Initializers and Local Cost Functions to 

overcome this phenomenon. 

Data Analysis and Quantum Error Correction 

The transition from NISQ to FTQC architecture involves 

the introduction of Logical Qubits. Our framework is 

designed to be hardware-agnostic, and the VQC architecture 

can be directly translated to the new hardware. The 

introduction of M3 and ZNE serves as an intermediary 

solution to prove the capability of high-accuracy image 

processing even in "noisy" systems. 
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