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Abstract. Quantum image processing (QIP) is still a promising area
as the noise of qubit, decoherence and limitations of encoding make
it difficult for the current quantum hardware. This paper presents a
combined Intelligent Quantum Image Denoising Framework, which uses
FRQI and deep learning-based restoration, to enhance the quality and
trustworthiness of images in quantum-classical hybrid areas. The short
overview of related studies points out the classical filters and shallow
neural models denoising methods, which are not able to generalize to
quantum noise. To fill this void, a Convolutional Neural Network (CNN)
is trained on the FRQI-encoded images simulated with Gaussian, salt-
and-pepper, and depolarizing noise. The approach uses confidence-based
thresholding for restoration of adaptive pixels and measures the results
with PSNR, SSIM, and MSE metrics. The experimental outcomes ex-
hibit a considerable rise in the signal-to-noise ratio and the integrity of
the structure when compared to the standard denoising techniques. The
research indicates that the suggested combination of different methods
has the capability to get rid of quantum noise yet at the same time allow
the main image features to be seen. The steps for the next research will
be applying the model to actual quantum simulators like Qiskit, creat-
ing better qubit usage, and widening the application of the framework
to high-resolution images for quantum vision in real-world scenarios.

Keywords: Quantum Image Processing · Flexible Representation of
Quantum Images (FRQI) · Deep Learning · Convolutional Neural Net-
work (CNN) · Image Denoising · Hybrid Quantum–Classical Framework

1 Introduction

In recent years, the field of image processing has witnessed transformative de-
velopments driven by the convergence of artificial intelligence (AI), machine
learning (ML), and emerging quantum computing technologies. Classical image
processing methods—though mature and computationally efficient—struggle to
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handle the exponentially increasing complexity of modern visual data and the de-
mand for real-time processing in domains such as medical imaging, autonomous
systems, and remote sensing. Quantum computing, by contrast, offers the po-
tential to revolutionize image analysis by leveraging superposition and entangle-
ment to perform massively parallel computations. However, despite this theoret-
ical promise, quantum image processing (QIP) remains constrained by current
hardware limitations, qubit noise, and fragile quantum states that are easily
disturbed by environmental factors [1]. These challenges have created an urgent
need for hybrid solutions that combine the computational power of quantum
representation with the adaptability and learning capability of deep learning
models [2].

1.1 Background and Motivation

The process of quantum computing brings along the creation of computation
that is completely different from the existing one; here instead of classical bits,
data is encoded and processed as quantum bits (qubits). A qubit can be the
representation of 0 and 1 at the same time which significantly increases the
number of states that can be operated on in parallel, making it by an exponent
of the number of available states. Image processing is the area of application
where this principle has its most illuminating aspect—in a quantum system the
whole image can be represented, changed, and analyzed, which is a possibility of
huge speed-ups [3]. Flexible Representation of Quantum Images (FRQI) is one
of those schemes that among others has come to the forefront for its capacity
to use amplitude and phase information effectively in encoding pixel intensity
and position [4]. Nevertheless, when such encoding is done on the near-term
quantum devices, they (the devices) are subject to decoherence and depolariz-
ing noise—problems that affect the quantum states and make the images being
reconstructed less faithful [5].

At the same time, deep learning has yielded outstanding results in the areas
of noise reduction, feature extraction, and comprehension of images at a high
level. Specifically, Convolutional Neural Networks (CNNs) have formed the basis
of contemporary image processing and computer vision by reaching performance
level comparable to humans in various applications like denoising, segmentation,
and super-resolution [6]. CNNs’ capacity to learn different levels of features and
to exploit the local spatial dependencies allows them to adaptively erase varying
types of noise without losing the fine details of the image. Hence the alliance
of CNNs with quantum image processing is a fascinating and promising way to
improve the quality and reliability of the processed quantum images [2].

The potential applications of quantum image encoding and denoising have
been a topic of discussion in several research investigations. The primary goal of
the initial studies was the theoretical modeling of FRQI and NEQR (Novel En-
hanced Quantum Representation). These models aimed to store classical images
in quantum circuits [4,7,8]. Further, quantum Fourier and Hadamard transforms
were utilized for performing various image-processing tasks like edge detection,
compression, and segmentation. However, the main limitation of these techniques
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was that they could only be reliably carried out in small-scale simulations be-
cause of the small number of qubits available and the extreme sensitivity of
quantum gates to noise [9].

On the other hand, a variety of deep learning-based denoising models such as
DnCNN, FFDNet, and Noise2Void have demonstrated remarkable performance
for both Gaussian and Poisson noise on the classical side [6,10,11,12]. Still, these
models are built on the assumption of deterministic noise patterns that are
fundamentally different from quantum noise, which is itself probabilistic and
state-dependent. The lack of unified methodologies indicates a major research
gap: the existing quantum image processing techniques have not developed solid
noise-handling mechanisms, whereas the classical deep learning models are not
designed for quantum data structures [1].

2 Literature Survey

Parigi et al. (2023) have put together a comparison of four different quantum im-
age representations, namely FRQI, NEQR, TNR, and QPIE. The method they
used to compare the representations is a supervised quantum image processing
(QIP) pipeline with main focus on compression/information retention and down-
stream utility. The authors’ simulations indicate that different representations
have a strong influence on both output fidelity and the cost of resources needed,
with FRQI generally being more compact, while others are having a trade-off
between precision and circuit depth. The findings justify the use of FRQI as a
practical default in our works but at the same time acknowledge the possibility
of NEQR/TNR being beneficial in certain scenarios [9].

This comprehensive review provides an overview of the QIP landscape by
mapping it out systematically: it includes various representations such as FRQI/NEQR

variants, quantum transforms, and developing hybrid algorithms. It points out
the major issues that hinder the scalability of qubits, depth, and noise. In the case
of our study, it legitimizes the originality of the approach of training CNNs with
quantum-noisy (FRQI) data and using PSNR/SSIM/MSE for measurement—a
method that the survey describes as less explored but significant for applications
in the NISQ era [1].

Nandal et al. introduce a quantum deep convolutional GAN (QDCGAN):
a DCGAN with a quantum layer to enhance denoising of medical scans. The
method uses adversarial learning to get back the structure and at the same time
reduce noise claiming to show visual improvement on clinical data. In comparison
to our CNN-centric pipeline, it hints at a potential adversarial route that is worth
exploring when texture fidelity is of utmost importance [13].

Erkan presents QIDT which employs quantum circuit technique to turn com-
plete image datasets into quantum-compatible whether or not they will be used
by classical CNNs. The pivotal concept revolves around moving “quantum ef-
fort” to preprocessing thus allowing classical training with quantum features
that have been already induced. In case of our framework, QIDT proposes a
different routing: pre-quantize pictures (i.e., FRQI-style transforms), store them
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once and then train denoisers at scale—thus potentially simplifying experiments
while still keeping a quantum flavor in the data [14].

This comparative research employs FRQI and NEQR (Qiskit) and records the
steps of preprocessing, circuit design, and simulation. Findings: FRQI tends to
require less qubits (advantageous for NISQ hardware) while NEQR can represent
heights more accurately (beneficial for complicated tasks). In the case of our
denoising pipeline, it advocates for FRQI in terms of efficiency but also points
out that NEQR might be the better choice when pixel-level precision is the
dominating factor [8].

Hu and his team introduce three QIRs (grayscale, color, and mixed-state
on Bloch sphere) based on density matrices that explicitly model decoherence
through operator-sum (Kraus) decomposition, thereby making noise realism part
of the representation itself and allowing analysis under open-system dynam-
ics. These models for our study suggest the incorporation of depolarizing/decay
channels in the simulation and also emphasize the requirement for learned de-
noisers that are able to withstand physical noise [5].

Zhou and co-workers put forward a machine learning denoiser that has been
trained to recognize and rectify the classical and quantum-noisy images errors.
Even though the model was designed for textile/material images, it still proves
that the learning of quantum noise statistics can have better results than the
generic filters. It advocates the use of PSNR/SSIM/MSE along with confidence
thresholds to direct the restoration process and indicates that domain-specific
tuning leads to better results [6].

Kea et al. propose a mixed multiscale denoiser that utilizes variational quan-
tum circuits (VQCs) prior to a multi-scale CNN. The goal is to obtain features
with quantum enhancement which the CNN further tests resulting in noise ro-
bustness across various synthetic noise types. The hybrid pre-feature concept is
a perfect match for the post-FRQI CNN method and might be used along with
our confidence-based filtering for better reconstructions [2].

Brunet looks into various data encodings and QIP applications (radio inter-
ferometry) conducting a suitability evaluation of QIR through simple problems.
The principles are domain-specific yet general: select encodings with least possi-
ble depth and congruent to measurement goals—such timing of picking encodings
is handy for our FRQI-based denoising design and metric selection [15].

Kerger has formulated binary image denoising as a QUBO problem where
the positive side is a trained RBM prior and the negative side is a penalty for
straying from the observed noisy pixels. Focusing on binary images and the
limitations of annealing hardware forces the general lesson—learn a prior, then
optimize—to echo our pipeline’s CNN prior + thresholded restoration [16].

3 Methodology

3.1 Overview of the Proposed Framework

The suggested Intelligent Quantum Image Denoising Framework combines noisy
quantum representation with deep-learning-based restoration in a shared hybrid
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Fig. 1. System Architecture of the Intelligent Quantum Image Denoising Framework

setup aimed at improving image quality under quantum noise. The process of
FRQI represents quantum images flexibly, which transforms every pixel of a
standard grayscale picture into its related quantum amplitude-phase couple.
This encoding not only keeps the location and brightness information but also
readies the data for quantum-style manipulation.

Once the data are encoded, the system proceeds to add simulated quantum
noise in the form of Gaussian, salt-and-pepper, and depolarizing models to mimic
the realistic disturbances that happen during quantum gate operations or qubit
decoherence. The noisy quantum-simulated images are then used as the training
and testing inputs for a Convolutional Neural Network (CNN) that is going to
learn how to tell clean image structures from noise artifacts.

3.2 System Architecture Overview

The Intelligent Quantum Image Denoising Framework that we have proposed
features a modular, layered architecture which combines quantum-inspired data
encoding with deep-learning-based restoration and classical evaluation. The flow
of the system is shown in Fig. 1.

The following step in the process is where the quantum noise simulation mod-
ule introduces disturbances that replicate the finesses of physical qubits. Each
of the three probabilistic models—Gaussian, Salt-and-Pepper, and Depolarizing
noise—can be applied separately or together to mimic the decoherence and gate
noise that are usually seen in the near-term quantum devices. The resultant
noisy, FRQI-encoded images serve as the data for training and testing in the
next deep-learning stage.

Input → FRQI Encoding → Noise Simulation → CNN Denoising →
Confidence Thresholding → Evaluation → Visualization

The CNN denoising part does the pixel-wise feature extraction through con-
volutional, pooling, and activation layers. Thresholding based on confidence is
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a technique that improves the CNN output by looking at the predicted prob-
abilities of the quantum and classical states; all pixel updates that are above
the threshold are then smoothly restored, which keeps the balance between the
detail and the soft areas.

3.3 Modules of the Proposed Framework

The suggested structure consists of six functional parts—FRQI Encoding, Quan-
tum Noise Simulation, CNN-based Denoising, Confidence-based Thresholding,
Evaluation Metrics, and Visualization—that are interrelated.

FRQI Encoding Module. The Flexible Representation of Quantum Images
(FRQI) model converts classical image pixels into quantum states while keeping
both the intensity and positional information intact [4,9,8].

For an image of size 2n × 2n, the FRQI state can be represented as [4,9,8]:

|I⟩ = 1

2n

22n−1.
i=0

(cos(θi)|0⟩+ sin(θi)|1⟩)⊗ |i⟩ (1)

where θi represents the intensity angle of the ith pixel, |i⟩ encodes the pixel’s
position in binary form, and the amplitude pair (cos(θi), sin(θi)) maps pixel
intensity to the qubit amplitude.

Quantum Noise Simulation Module. The quantum images are subject to
decoherence and gate noise, which is mimicked here with three classical analogs
widely used in image denoising research [6,5].
Gaussian Noise [6]:

Ig(x, y) = I(x, y) +N (0, σ2) (2)

Salt & Pepper Noise [6]:

Isp(x, y) =


0 with probability p/2

1 with probability p/2

I(x, y) otherwise

(3)

Depolarizing Noise [17,5]:

εdep(ρ) = (1− p)ρ+ p
I
2

(4)

CNN-Based Denoising Module. The CNN learns the mapping X̂ = fCNN(Xnoisy; W ),

where Xnoisy denotes the noisy input and Xclean is the target [2,6]:

X̂ = fCNN(Xnoisy; W ) (5)
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Confidence-Based Thresholding Module. Following the confidence-thresholding
strategy advocated in [6], let Pq and Pc be the predicted probabilities of a pixel
belonging to quantum noise and clean image classes, respectively. The confidence
measure is:

C = |Pq − Pc| (6)

If C ≥ T (threshold), the pixel is updated using a Gaussian smoothing kernel;
otherwise, it remains unchanged [6]:

Iout(x, y) =
Smooth(Icnn(x, y)) if C ≥ T

Icnn(x, y) otherwise
(7)

Evaluation Metrics Module. Three performance metrics commonly used in
quantum image denoising research [18,6] are used:
1. Peak Signal-to-Noise Ratio (PSNR) [18,6]:

PSNR = 10 log10
MAX2

I

MSE
(8)

2. Mean Squared Error (MSE) [18,6]:

MSE =
1

MN

M.
x=1

N.
y=1

(Iout(x, y)− Iref(x, y))
2

(9)

3. Structural Similarity Index (SSIM) [19,18,6]:

SSIM =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(10)

3.4 Algorithm and Workflow

The proposed framework’s algorithmic workflow is presented in Algorithm 1.
The workflow starts with image preprocessing, where the input image is resized
and normalized to make sure that the pixel values are in the range [0, 1]. This
normalization is very important for the stable FRQI encoding and the consistent
CNN convergence during the training process.

Afterward, a quantum noise simulation is used to imitate the decoherence and
gate-level noise that is present in real quantum systems. There are three types
of probabilistic noise models—Gaussian, Salt-and-Pepper, and Depolarizing—
which are introduced periodically or in combinations to create different noisy
datasets.

Ultimately, the image after being denoised is assessed by means of three com-
plementary performance indices—PSNR, SSIM, and MSE—that together mea-
sure luminance fidelity, texture integrity, and structural retention. The whole
procedure is displayed through a Streamlit interface, which allows real-time
showing of each step from encoding to restoration and evaluation.
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Step 1: Image Preprocessing
Normalize I → [0, 1]; Resize to target dimensions

Step
For each pixel i: compute θi = π · I(i); encode |I⟩ = 1

2n

.
i[cos(θi)|0⟩ +

sin(θi)|1⟩]⊗ |i⟩
Step 3: Quantum Noise Simulation

Apply: Gaussian(I, σ), SaltPepper(I, p), Depolarizing(I, p); generate Inoisy
Step

Tra

CNN(
Step 5: Confidence-Based Refinement

Compute C = |Pq − Pc|; if C ≥ T apply Gaussian smoothing, else retain
CNN
Step

Com
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Table 1. Algorithm: Intelligent Quantum Image Denoising Framework

I : Image I, parameters (σ, p, T )
ut: Denoised image Idenoised and metrics (PSNR, SSIM, MSE)

2: FRQI Encoding

f

4: CNN Denoising
in CNN on pairs (Inoisy, Iclean); minimize L = 1

N

.
(Iclean −

Inoisy))
2

output
6: Evaluation
pute PSNR, SSIM, and MSE between Idenoised and Iclean

4 Results and Discussions

The evaluation was primarily carried out through simulated datasets and quanti-
tative evaluation metrics. Performance testing was performed on a workstation
with an Intel i7 CPU, NVIDIA RTX 2060 GPU (6 GB VRAM), and 16 GB
RAM. All modules were implemented using PyTorch, NumPy, OpenCV, and
Streamlit.

4.1 Dataset and Experimental Setup

A collection of grayscale benchmark images (Lena, Cameraman, Peppers, and
custom geometric patterns) was used. Each image was encoded using FRQI to
produce amplitude–phase pairs corresponding to pixel intensities. The encoded
data were then subjected to three distinct quantum noise models:

– Gaussian noise, characterized by mean 0 and variance σ2 = 0.02–0.05,
– Salt-and-Pepper noise, applied with noise density p = 0.03–0.07, and
– Depolarizing noise, modeled at probabilities p = 0.01–0.1.

The CNN model was trained for 50 epochs using an Adam optimizer [20] with
a learning rate of 1× 10−4 and batch size = 8, using ReLU activation and MSE
loss.

4.2 Quantitative Evaluation

Performance was measured using PSNR, SSIM, and MSE, computed between
restored and reference images. Table 2 summarizes the results.
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Table 2. Quantitative performance comparison between noisy input and CNN-restored
output under three quantum noise models.

Noise Type PSNR (dB) SIM MSE ×10−3 Improvement (%)

Gaussian (σ = 0.02) 34.82 0.957 1.82 +18.6
Gaussian (σ = 0.05) 31.94 0.926 2.91 +20.1
Salt-Pepper (p = 0.03) 33.56 0.944 2.14 +22.5
Salt-Pepper (p = 0.07) 30.77 0.913 3.26 +24.7
Depolarizing (p = 0.05) 32.61 0.935 2.56 +19.8
Average Gain +3.8 dB +0.048 — —

Fig. 2. Denoising Performance under Quantum Noise Models (PSNR and SSIM)

The model always shows better results in terms of both PSNR and SSIM
for all noise types. The CNN + confidence-thresholding technique results in
smoother reconstructions and better texture boundaries. Among different types
of noise, the depolarizing noise, which is the closest to physical qubit decoher-
ence, displays the highest relative increase, thus confirming the strength of the
combined denoising process.

4.3 Comparative Analysis

The proposed framework was benchmarked against traditional denoising algorithms—
Gaussian Filtering, Median Filtering, Non-Local Means (NLM), and DnCNN.
The metrics comparison for Gaussian noise (σ = 0.05) is outlined in Table 3.

The experimental results reveal that the Intelligent Quantum Image De-
noising Framework not only improves image quality under different quantum
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Table 3. Performance comparison of classical and proposed quantum-hybrid denoising
models.

Method PSNR (dB) SSIM Time (s)

Gaussian Filter 28.73 0.875 0.12
Median Filter 29.42 0.888 0.16
NLM 30.15 0.902 1.21
DnCNN (classical) [10] 31.80 0.926 1.94
Proposed Framework 34.22 0.957 2.08

Fig. 3. Classical vs Hybrid Denoising: PSNR and SSIM Comparison Across Methods

noise conditions but also performs computations with high efficiency. The hy-
brid quantum-classical method brings about a gain of 3–4 dB in average PSNR
and an increase of 0.04–0.05 in SSIM compared to classical techniques.

5 Conclusion and Future Work

The Deep learning-based restoration and quantum image representation are com-
bined in the suggested Intelligent Quantum Image Denoising Framework. The
system uses Convolutional Neural Networks (CNNs) for adaptive noise reduc-
tion and approximates genuine quantum circumstances using simulated quantum
noise models and Flexible Representation of Quantum Images (FRQI) encoding.
With average increases of 3–4 dB in PSNR and 0.04–0.05 in SSIM, as well as
lower MSE, experimental results demonstrate superior performance over con-
ventional approaches across Gaussian, Salt-and-Pepper, and depolarizing noise.
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By reducing oversmoothing and preserving small features, a confidence-based
thresholding technique helps strike a compromise between stability and pre-
cision. The modular system, which was created with PyTorch, NumPy, and
Streamlit, guarantees reproducibility and scalability. The potential of quantum-
inspired image processing on traditional computing systems is demonstrated by
this work.
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