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Abstract

Quantum image representation (QIR) is the basic idea behind quantum image process-
ing. It explains how a normal image is converted into quantum states so that it can be
processed using quantum computers. The commonly used models for QIR are Flexible
Representation of Quantum Images (FRQIs) and Novel Enhanced Quantum Representation
(NEQR). Though these approaches highlight the potential of quantum-based image encod-
ing, the limitation of practical applicability on Noisy Intermediate-Scale Quantum (NISQ)
devices exists. In this paper, we propose an intensity-preserving quantum image repre-
sentation (IP-QIR) scheme that aims to maintain accurate grayscale intensity information
while significantly reducing quantum resource usage. The proposed method employs a
controlled rotation-based encoding strategy, where pixel intensities are embedded into the
measurement probability of a single intensity qubit, and spatial information is represented
using position qubits. To further enhance feasibility on near-term quantum hardware,
the framework operates on small image patches instead of full-resolution images, thereby
reducing circuit depth and overall complexity. The performance of the proposed IP-QIR
approach is evaluated through IBM Qiskit simulations on three types of grayscale images:
synthetic image patches, synthetic aperture radar (SAR) images, and medical tuberculosis
(TB) chest X-ray images. Experimental results demonstrate that IP-QIR achieves better
intensity preservation than FRQIs and NEQR, with fidelity values reaching up to 84.12%
for both SAR and medical datasets. In addition, IP-QIR represents a 4 × 4 image patch
using only five qubits, which significantly reduces the qubit requirement when compared
to NEQR, while still preserving high reconstruction accuracy.

Keywords: IBM qiskit; image fidelity; intensity preservation; intensity-preserving QIR
(IP-QIR); noisy intermediate-scale quantum (NISQ); quantum image representation

1. Introduction
Quantum computing is creating new ways to handle and analyze visual information.

One important challenge is how to represent regular (classical) images on a quantum
computer. Quantum image representation (QIR) methods do this by encoding both pixel
intensities and their positions into quantum states. Quantum image representation methods
have been widely studied [1–5]. This allows image processing and analysis to be carried
out directly in the quantum domain. QIR is especially relevant in areas like medical
imaging, remote sensing, and synthetic image analysis, where keeping intensity details
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accurate, reconstructing images reliably, and using computational resources efficiently are
all critical [6–10].

Over the years, several QIR approaches have been developed. Flexible Representa-
tion of Quantum Images (FRQIs) encodes pixel positions and grayscale intensities using
amplitude-based rotations, providing a compact representation that uses relatively few
qubits [11–15]. On the other hand, Novel Enhanced Quantum Representation (NEQR) uses
basis-state encoding for pixel intensities, which allows exact intensity representation but at
the cost of higher qubit usage and more complex gate structures. Although both techniques
show the possibilities of image encoding with quantum, they are not without limitations.
The probabilistic amplitude measurements provided by FRQIs may cause slight deviations
in pixel intensities and would be sensitive to noise. NEQR is theoretically a more accurate
circuit that only needs a larger number of qubits, taking a more circuitous path and is
therefore difficult to realize on a near-term quantum computer [16–20].

In particular, precise pixel intensity is of great interest in such applications as synthetic
aperture radar (SAR) and medical diagnostics. SAR images frequently have fine textual
and structural content, which is essential to their interpretation and analysis. Similarly, in
medical imaging, such as chest X-rays for tuberculosis diagnosis, even small variations
in intensity can indicate important clinical features. Any errors in reconstruction due
to quantum encoding could therefore reduce the usefulness of these images for further
analysis [21–25].

Figure 1 illustrates the limitations of conventional quantum image representation
techniques and the motivation behind the proposed IP-QIR approach.To address these
challenges, we propose a new intensity-preserving quantum image representation (IP-QIR)
framework. The main idea is to encode pixel intensities with high accuracy while keeping
quantum resource usage and circuit complexity low. In IP-QIR, intensity values are mapped
to the measurement probability of a single intensity qubit, while position qubits capture
spatial information. Moreover, the method works on small image patches instead of entire
images. This patch-based strategy reduces qubit requirements and circuit depth, making the
approach suitable for current Noisy Intermediate-Scale Quantum (NISQ) devices [26–38].

We evaluated IP-QIR using IBM Qiskit simulations across three types of grayscale
images: (i) synthetic image patches with controlled patterns for baseline evaluation [39,40],
(ii) SAR images with high-frequency structures and realistic noise patterns and (iii) medical
tuberculosis (TB) chest X-ray patches, where subtle intensity differences are important
for accurate diagnosis. Results show that IP-QIR consistently improves intensity preser-
vation and encoding efficiency compared to FRQIs and NEQR while requiring fewer
qubits [41–50].Overall, the method achieves a good balance between accuracy and resource
efficiency [51–55].

The key contributions of this work are summarized as follows:

1. The proposal of the IP-QIR architecture for high-fidelity, intensity-preserving quantum
image representation.

2. A comparative analysis of IP-QIR, FRQIs and NEQR on synthetic and SAR data and
medical data.

3. A patch-based encoding approach that scales back on the use of qubits and circuit
depth and is, thus, feasible with NISQ devices.

4. Large-scale experiments with evaluation based on metrics as indicators of logic size,
circuit depth, encoding efficiency, pixel fidelity, and information preservation.
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Figure 1. Limitations of conventional quantum image representation techniques, namely FRQI and
NEQR, and the motivation for the proposed Intensity Preserving Quantum Image Representation (IP-
QIR) approach. The figure highlights challenges such as noise sensitivity and deep circuit complexity,
and demonstrates how IP-QIR enables efficient and accurate quantum encoding with reduced qubit
usage and high-fidelity reconstruction for synthetic, medical chest X-ray, and SAR images.

This paper is organized into the following sections. Section 2 presents the motivation and
background of this study, and the problem statement is given in Section 3. The research gap is
pointed out by reviewing the current quantum image representation techniques in Section 4
of this paper. The IP-QIR approach is presented in Section 5. Section 6 provides the datasets
and the preprocessing processes. Section 9 gives the details of the experimental setup and its
implementation, and the evaluation criteria are found in Section 10. The results and analysis
will be delivered in Section 11, and conclusions and future directions are given in Section 12.

2. Motivation
Quantum image processing is a current field that represents an efficient way of rep-

resenting and processing visual information on quantum platforms. Although classical
image processing methods are mature, they have serious issues regarding scalability and
parallelism—factors that are relied upon in the handling of massive data or high numbers of
dimensions. Current approaches to quantum image representation, including FRQIs [16,17]
and NEQR [9,10], provide pathways to leverage quantum advantages but encounter critical
trade-offs between pixel intensity fidelity, qubit requirements, and circuit complexity [6,15].

Such trade-offs are particularly relevant in Noisy Intermediate-Scale Quantum (NISQ)
systems, where limitations in qubit count, circuit depth, and coherence time must be
carefully balanced [22,23]. It is especially important that intensity representation should
be represented correctly because slight deviations may result in the distortion of essential
information in medical imaging and remote sensor use, among others; this can happen due
to even minor deviations in the intensity representation [56–60]. In the meantime, extremely
high usages of qubits or circuits can make techniques in practice invalid regarding real-
world NISQ-era devices [61–65].
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The consideration behind this work is the necessity to implement a quantum image
representation scheme that is able to maintain pixel intensity at a high fidelity and opti-
mally utilize quantum resources. Using patch-based encoding and an effective controlled
rotation gate, the proposed IP-QIR architecture overcomes the shortcomings of the available
formulations. This will enable quantum image processing to be more abundant and robust
against imprecision in the sensitive area of application [66–70].

3. Problem Statement
Quantum image representation techniques are problematic in terms of high-resolution

image processing in medical imaging and remote sensing, among others. Full-resolution im-
ages are commonly the focus of classical quantum image models (FRQIs and NEQR) that, as
a consequence, demand too many qubits and complicated quantum circuits. These proper-
ties complicate their practical execution for both modern quantum simulators and near-term
quantum machines.

The FRQIs approach represents pixel encoding using a single qubit with rotation
angles, and this results in probabilistic reconstruction as well as the possible loss of precise
intensity information. NEQR offers a more accurate representation of intensity via the encoded
pixel values of the computational basis, but it is highly inefficient and consumes a lot of qubits
and circuit depth. Other techniques, such as MCQI, GQIR, FTQR, and QUALPI, strive to meet
the needs of resource efficiency and resource fidelity but are inapplicable to large-scale, realistic
data, such as in medical scans or SAR images, because of scalability constraints.

In order to overcome these issues, this paper suggests a patch-based intensity-
preserving quantum image representation (IP-QIR) system. The algorithm has been used to
cut images into small patches, which reduces the requirements of the qubits and complexity
of the circuits while still being able to access all the pixels with accurate intensity informa-
tion. Such a method enables the analytical encoding (along with decoding) of synthetic,
SAR, and characterized image patches, enabling quantum picture handling to be realistic
regarding real-world information, and does not infringe on fidelity.

The primary objectives of the IP-QIR model are:

1. Intensity Preservation: Ensuring that pixel intensity values are accurately represented
and reconstructed.

2. Resource Efficiency: Minimizing qubit usage and circuit depth, making simulations
practical on current quantum platforms.

3. Scalability: Enabling the processing of real-world image datasets by focusing on
smaller patches rather than full images.

IP-QIR overcomes the drawbacks of current quantum image representations, which
allows a viable and efficient scheme for the high-fidelity quantum encoding of complex
images. This opens the door to real-world applications in terms of medical imaging and
remote sensing.

Research Gaps and Future Directions

Regardless of all the regular advancements in quantum image representation (QIR)
models, a trade-off still exists between intensity fidelity and quantum resource efficacy.
Probabilistic methods, including FRQI [1], have low qubit costs and shallow circuit depth
but introduce intensive distortion on their reconstruction, which restricts their usefulness
in precision-sensitive imaging actions. NEQR-type deterministic models such as NEQR [4]
give perfect preservation of intensity. Nevertheless, a high qubit count and deep circuits
mean that they can only scale to larger images and be practically deployed on NISQ-era
quantum devices.
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Although multi-channel and enhanced versions, such as MCQI and EFRQI/QRCI [2,3],
aim to strike a compromise between fidelity and resource consumption, they continue to
experience severe resource-encoding challenges on large or real-world images. Moreover,
the majority of the available approaches are centered around full-image description, and,
consequently, this increases circuit depth, restricting the feasibility of simulation and
hardware modeling [10,11,15,18,19].

These drawbacks underline the necessity to implement a model of quantum image
representation that would be able to retain pixel intensities without errors and, at the
same time, become resource-efficient and scalable. By taking advantage of patch-based
encoding, intensity-preserving quantum image representation (IP-QIR) is proposed to
meet an intensive test goal regarding mitigating qubit usage and manageable circuit depth,
matching the exact challenge posed against dynamically affected physical datasets such as
synthetic images, SAR pictures, and medical images [71–76].

Furthermore, there is limited exploration of hybrid classical quantum strategies that
could dynamically optimize encoding based on image content complexity. The absence
of standardized benchmarking protocols and real-world validation also makes it difficult
to fairly compare different QIR models. These gaps indicate a pressing need for more
robust, adaptive, and experimentally viable approaches that can bridge the divide be-
tween theoretical efficiency and practical deployment in quantum imaging systems [77–82].
Recent advancements in quantum image representation and intelligent monitoring systems
highlight significant progress, yet several research gaps remain. Emerging models such
as QIPC and multidimensional quantum pixel representations have improved encoding
flexibility and scalability; however, challenges related to noise resilience, hardware con-
straints, and efficient real-time implementation persist [83,84]. Similarly, quantum-inspired
and hybrid deep learning frameworks for image classification demonstrate enhanced per-
formance, but often lack interpretability and require high computational resources [85,86].
In parallel, pipeline monitoring and fault detection systems leveraging neural networks
and deep learning have shown promising accuracy, though issues such as generalization
across diverse environments, robustness to complex intrusion patterns, and integration
with quantum-enhanced techniques are still underexplored [87–89]. Future research should
therefore focus on developing hybrid quantum classical architectures with improved ro-
bustness, reduced circuit complexity, and domain-specific adaptability, enabling practical
deployment in real world large scale imaging and monitoring applications.

4. Related Work
Quantum image representation (QIR) offers a mathematical theory to encapsulate

classical information about images into the quantum state, thus making the quantum
processing operations of storage, transmission and manipulation of quantum images
possible [1–4]. Over the past two decades, several QIR models have been proposed, each
differing in how pixel position and intensity information are encoded onto quantum
registers. These representations exhibit inherent trade-offs among qubit efficiency, circuit
depth, reconstruction fidelity, and scalability [1,5–7,9].

To provide a clear overview of these techniques and their relationships, Figure 2 presents
a professional taxonomy of major QIR methods. The figure groups techniques into three
categories: spatial-domain methods, which primarily encode images using amplitude or basis
states (e.g., FRQI [16,17], NEQR [5,9], MCQI [20], GQIR [14]); specialized/enhanced methods,
which incorporate frequency-domain, compressed, multi-wavelength, or structure-aware
approaches (e.g., FTQR [5,12], QUALPI [3,13], QRMW [3,21], EBA-QR/SA-QIR [3,40]); and
enhanced variants, which refine amplitude encoding strategies for improved fidelity and
expressiveness (e.g., EFRQI [3,16], QRCI [3,15]). This hierarchical organization highlights
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both the evolution and the inherent trade-offs of existing QIR techniques, providing readers
with a concise visual summary before delving into detailed descriptions.

Quantum Image
Representation

(QIR)

Spatial Domain Methods
FRQI, NEQR,
MCQI, GQIR

Specialized / Enhanced
FTQR, QUALPI, QRMW,

EBA-QR / SA-QIR

Enhanced Variants
EFRQI, QRCI

Figure 2. Quantum image representation (QIR) techniques—A professional taxonomy. The tree
shows spatial-domain, specialized/enhanced and enhanced variant methods.

4.1. Flexible Representation of Quantum Images (FRQIs)

The flexible representation of quantum images (FRQIs) encodes grayscale images by
mapping pixel intensity information onto the probability amplitudes of a single color qubit,
while spatial coordinates are represented using position qubits [15–17]. The FRQIs state is
defined as shown in Equation (1).

|ΨFRQI⟩ =
1

2n

2n−1

∑
x=0

2n−1

∑
y=0

(
cos θx,y|0⟩+ sin θx,y|1⟩

)
|x, y⟩ (1)

where θx,y ∈ [0, π/2] denotes the normalized grayscale intensity of the pixel at position (x, y).
The FRQIs approach is highly qubit-efficient and supports relatively shallow quantum

circuits, making it attractive for early-stage quantum implementations [15,16]. However, its
probabilistic measurement mechanism causes intensity distortion during image reconstruc-
tion, which limits its applicability in domains requiring precise pixel-level fidelity [12,15].

4.2. Novel Enhanced Quantum Representation (NEQR)

Novel Enhanced Quantum Representation (NEQR) addresses the probabilistic limi-
tation of FRQIs by encoding pixel intensity values directly into the computational basis
states [1,7,9]. The corresponding quantum image state is given in Equation (2).

|ΨNEQR⟩ =
1

2n

2n−1

∑
x=0

2n−1

∑
y=0

|Ix,y⟩ ⊗ |x, y⟩ (2)

where |Ix,y⟩ represents the binary-encoded grayscale intensity of the pixel at position (x, y).
NEQR enables deterministic image reconstruction with exact intensity preservation,

making it suitable for accuracy-critical applications [7,9]. However, this benefit comes at the
cost of increased qubit requirements and deeper circuits, significantly limiting its scalability
and feasibility on Noisy Intermediate-Scale Quantum (NISQ) devices [2].

4.3. Multi-Channel Quantum Image Representation (MCQI)

Multi-Channel Quantum Image (MCQI) representation extends FRQIs to support color
images by encoding RGB intensity components into multiple color qubits [2,7]. The MCQI
quantum state is expressed in Equation (3).

|ΨMCQI⟩ =
1
2n ∑

x,y

((
cos θR

x,y|0⟩+ sin θR
x,y|1⟩

)
⊗

(
cos θG

x,y|0⟩+ sin θG
x,y|1⟩

)
⊗

(
cos θB

x,y|0⟩+ sin θB
x,y|1⟩

))
⊗ |x, y⟩

(3)

MCQI improves color expressiveness and supports richer visual information. How-
ever, the use of multiple color qubits significantly increases circuit depth and quantum
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resource consumption, which constrains its practical deployment on current quantum
hardware [2].

4.4. Generalized Quantum Image Representation (GQIR)

Generalized quantum image representation (GQIR) supports flexible image dimen-
sions and arbitrary intensity ranges within a unified quantum framework [2]. Unlike fixed-
dimension representations, GQIR enables scalable encoding by jointly representing pixel
position and intensity information. The quantum image state in GQIR is formulated in
Equation (4)

|ΨGQIR⟩ =
1√
N

N−1

∑
k=0

|Pk⟩ ⊗ |Ik⟩ (4)

where |Pk⟩ denotes the quantum state corresponding to the pixel position, and |Ik⟩ repre-
sents the associated pixel intensity.

Although GQIR provides enhanced flexibility compared to earlier QIR models, it is
susceptible to phase accumulation and coherence-related errors as image size increases,
potentially reducing reconstruction fidelity and limiting robustness on NISQ-era devices [2].

4.5. Fourier Transform-Based Quantum Representation (FTQR)

Fourier Transform-Based Quantum Representation (FTQR) encodes image information
in the frequency domain by applying Quantum Fourier Transform (QFT) to a spatial-
domain quantum image state [2,7]. This transformation enables efficient representation of
spectral components and supports frequency-domain image analysis.

The FTQR quantum image state is expressed as

|ΨFTQR⟩ = QFT
(
|Ψspatial⟩

)
(5)

where |Ψspatial⟩ represents the quantum state of the image in the spatial domain.
FTQR is particularly effective for spectral filtering and frequency-based processing

tasks. However, the transformation results in a loss of direct spatial locality, complicating
pixel-wise operations and precise spatial reconstruction, which limits its suitability for
applications requiring exact intensity preservation [2,3].

4.6. Quantum Image Lossless Processing Interface (QUALPI)

Quantum Image Lossless Processing Interface (QUALPI) aims to minimize qubit
usage by compressing pixel intensity information into compact quantum states, thereby
improving storage efficiency in quantum image representations [2,15]. Spatial information
is preserved through position qubits, while intensity values are encoded in a reduced form.

The QUALPI quantum image state can be expressed as

|ΨQUALPI⟩ = ∑
i

αi|Pi⟩ ⊗ |Ci⟩ (6)

where |Pi⟩ represents pixel position states, and |Ci⟩ denotes compressed intensity infor-
mation. While QUALPI achieves improved qubit efficiency compared to exact encoding
schemes, the compression mechanism can lead to information loss during reconstruction,
resulting in reduced intensity fidelity and limiting its applicability in precision-critical
imaging tasks [3,15].

4.7. Quantum Representation of Multi-Wavelength Images (QRMW)

Quantum Representation of Multi-Wavelength Images (QRMW) extends quantum
image encoding to multispectral and multi-wavelength data by jointly representing spa-
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tial coordinates, wavelength information, and pixel intensities within a unified quantum
state [2,3,7]. This representation is particularly suited for applications involving hyperspec-
tral imaging and remote sensing.

The QRMW quantum image state is expressed as

|ΨQRMW⟩ = ∑
x,y,λ

|Ix,y,λ⟩ ⊗ |x, y⟩ ⊗ |λ⟩ (7)

where |Ix,y,λ⟩ denotes the intensity value corresponding to spatial position (x, y) and wave-
length λ. Although QRMW enables rich spectral analysis and supports advanced imaging
modalities, it requires additional quantum registers and controlled operations, leading to
increased qubit overhead and circuit depth. These requirements limit its scalability and
practical deployment on Noisy Intermediate-Scale Quantum (NISQ) devices [2,3].

4.8. Entropy-Based and Structure-Aware Representations (EBA-QR & SA-QIR)

Entropy-Based Quantum Representation (EBA-QR) and Structure-Aware Quantum Im-
age Representation (SA-QIR) focus on preserving the statistical distributions and structural
characteristics of images rather than exact pixel-wise intensity values [2,3,8]. These ap-
proaches aim to capture global image information such as texture, entropy, or structural
patterns that are relevant for high-level analysis.

Entropy is commonly used as a quantitative measure and is defined as

H = −∑ pi log2 pi (8)

where pi denotes the probability associated with the i-th pixel or feature component [2].
While such representations are effective for feature-driven tasks, including pattern recogni-
tion and structural analysis, they typically introduce additional circuit complexity and do
not support precise intensity reconstruction, limiting their applicability in general-purpose
and precision-critical quantum imaging applications [3].

4.9. Enhanced FRQIs Variants (EFRQI)

Enhanced Flexible Representation of Quantum Images (EFRQIs) and related variants,
such as Quantum Representation of Color Images (QRCIs), extend the original FRQIs frame-
work by introducing refined amplitude encoding strategies to improve the expressiveness
of pixel intensity representation while maintaining low qubit requirements [2,3].

|ΨEFRQI⟩ = ∑
x,y

(
αx,y|0⟩+ βx,y|1⟩

)
|x, y⟩ (9)

In this formulation, αx,y and βx,y are functions of the normalized pixel intensity at
position (x, y). These variants aim to reduce intensity distortion and enhance visual quality
compared to FRQI [2]. However, since intensity information remains encoded in probability
amplitudes, the reconstruction process is still probabilistic, resulting in residual intensity
degradation and limiting their suitability for precision-critical imaging applications [3].

4.10. Recent Advances in Image Processing and Their Relevance to IP-QIR

Recent advances in quantum image representation, including hybrid and compression-
based approaches, are directly relevant to the proposed IP-QIR framework. Unlike prior
methods, IP-QIR explicitly integrates intensity-driven parameterization with scalable circuit
design [87–89].
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5. Proposed Method: Intensity-Preserving Quantum Image
Representation (IP-QIR)

Here, we present the proposed intensity-preserving quantum image representation (IP-
QIR), a quantum image encoding model that helps to address the key challenges of current
quantum image representation methods, i.e., probabilistic encoding of intensity, excessive
use of qubits, and large circuit depth. The main goal of IP-QIR is to achieve efficient
preservation of pixel intensity data at the cost of a limited amount of resources, and thus,
it can be implemented in practice on Noisy Intermediate-Scale Quantum (NISQ) devices.

In contrast to the traditional methods of encoding, which involve amplitude or basis-
state-based encoding, IP-QIR uses a hybrid encoding approach where grayscale data is
retained via the controlled value of an amplitude, and fewer qubits, along with moderate
circuit complexity, are used. This architecture renders IP-QIR applicable to real-world
image data, such as synthetic, SAR and medical images. The proposed intensity-preserving
quantum image representation (IP-QIR) framework introduces a fundamentally different
hybrid encoding strategy compared to existing quantum image representations such as
FRQI, NEQR, and EFRQI. Traditional approaches primarily rely on a single encoding
paradigm—either amplitude-based encoding (e.g., FRQI/EFRQI) or basis-state encoding
(e.g., NEQR). Although amplitude encoding is compact, it often suffers from indirect
intensity retrieval and sensitivity to noise, whereas basis encoding provides exact intensity
values at the cost of increased qubit requirements.

In contrast, the proposed IP-QIR framework adopts a hybrid encoding mechanism
that integrates the advantages of both paradigms. Specifically, it preserves pixel intensity
information through structured encoding while simultaneously enabling compact repre-
sentation using controlled amplitude modulation. This hybridization ensures that intensity
information is neither fully embedded in fragile amplitudes nor entirely dependent on
qubit-heavy basis states.

Furthermore, unlike EFRQI-based methods that focus primarily on amplitude refinement,
IP-QIR introduces an intensity-preserving transformation that maintains a direct correspon-
dence between encoded quantum states and original pixel values. This improves interpretabil-
ity, reconstruction fidelity, and robustness under practical constraints such as NISQ noise.

Therefore, the novelty of IP-QIR lies in its balanced trade-off between representation
efficiency, intensity preservation, and implementation feasibility, distinguishing it from
existing quantum image representation techniques.

5.1. Formal Classification of IP-QIR

The proposed IP-QIR framework belongs to the class of amplitude-encoded quantum
image representations, similar to FRQIs and EFRQIs. However, unlike FRQIs, which
encodes pixel intensities via global rotation angles applied uniformly across superposed
position states, IP-QIR introduces a hybrid encoding strategy where intensity-dependent
amplitudes are locally parameterized.

• FRQIs: Global rotation encoding, depth O(N2);
• EFRQI: Optimized rotation with compression;
• IP-QIR: Hybrid amplitude encoding with structured state preparation.

Admissible Operations: IP-QIR supports controlled rotations and local unitary trans-
formations, enabling compatibility with NISQ-limited gate sets.

5.2. Overview of the Proposed IP-QIR Method

The IP-QIR channel processes grayscale images in a quantum system, which im-
pressively describes the coordinates of pixel location and intensity by using dual control
quantum interaction. The overall process of encoding takes the following steps:
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1. Image Preprocessing Scaling: The quantum register necessities are converted to the
required input dimension of 2n × 2n. The pixels are vacuumed to the scale of [0, 1] to
enable encoding using amplitude.

2. Intensity Mapping: Apply each normalized pixel intensity to a rotation angle, which
settles the chance amplitudes of the intensive qubit.

3. Quantum Circuit Construction: A quantum circuit is built by adding position
qubits with one intensity qubit, with the rotational gates being generalized to multi-
controlled, updating intensities as needed, based on the spatial coordinates of a pixel.

4. Quantum Simulation and Measurement: The quantum simulator, which is the IBM
Qiskit quantum simulator, is used to simulate the built circuit, and statistical measure-
ments are taken.

5. Image Reconstruction and Evaluation: The original image is constructed using the
results of the measurements, and performance measurements, including fidelity,
information loss, and circuit complexity, are calculated.

The overall workflow of the proposed IP-QIR framework is illustrated in Figure 3.

Figure 3. Workflow of the proposed Intensity Preserving Quantum Image Representation (IP-QIR)
framework. The diagram illustrates the encoding process, intermediate transformations, and final
reconstruction, highlighting improved efficiency and fidelity compared to conventional approaches.

5.3. Design of the IP-QIR System

The developed intensity-preserving quantum image representation (IP-QIR) frame-
work has a well-organized workflow of classical image input-quantum-based reconstruc-
tion. It starts with a grayscale image from synthetic, SAR or medical datasets. In prepro-
cessing, the resizing of the image to 2n × 2n is conducted, and pixel values are scaled to
[0, 1] so that they are compatible with a quantum encoder.
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Pixel-to-angle mapping, therefore, transforms the pixel intensities into rotation angles
and has a relationship between classical values and quantum gate parameters. The quantum
encoding is carried out with position qubits and one intensity qubit, where controlled Ry(θ)

rotations are efficiently used to encode the brightness of pixels and achieve a minimum
usage of qubits with a controlled short circuit depth.

The overall workflow of the proposed Intensity Preserving Quantum Image Repre-
sentation (IP-QIR) framework is illustrated in Figure 3. The process begins with an input
grayscale image (synthetic, SAR, or medical), which undergoes preprocessing including
resizing to 2n × 2n dimensions and normalization to the range [0, 1]. Subsequently, pixel
intensities are mapped to rotation angles using a nonlinear transformation, enabling effi-
cient quantum state preparation. The encoded data are then processed through the IP-QIR
quantum encoding scheme, where position qubits and intensity qubits are manipulated
using controlled Ry(θ) gates. The designed quantum circuit is executed on the Qiskit
simulator to obtain measurement probabilities. Finally, these probabilities are used to
reconstruct the image, ensuring improved intensity preservation and reconstruction fidelity
compared to conventional approaches (Figure 4).
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Figure 4. Architecture of the proposed IP-QIR system, showing preprocessing, quantum encoding,
simulation, and image reconstruction stages.

IBM Qiskit is used to simulate the quantum circuit; this measures the probability
distributions. This information is then used to create the classical image rebuilt with these
probabilities, and pixel intensities are accurately restored.

This architecture offers a convenient and reliable method for representing quantum
images, changing the costs at the expense of quality.

5.4. Mathematical Formulation of IP-QIR

Let I denote a grayscale image of size M × N, where each pixel intensity Ix,y ∈ [0, 1]
represents the normalized grayscale value at a spatial position (x, y). The corresponding
intensity-preserving quantum image representation (IP-QIR) quantum state is defined as

|ΨIP-QIR⟩ =
M−1

∑
x=0

N−1

∑
y=0

(√
Ix,y |x, y⟩|0⟩+

√
1 − Ix,y |x, y⟩|1⟩

)
(10)

where the following applies:
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• |x, y⟩ denotes the quantum basis state encoding the pixel position. Specifically,
⌈log2 M⌉ qubits represent the x-coordinate, and ⌈log2 N⌉ qubits represent the y-
coordinate.

• |0⟩ and |1⟩ correspond to the computational basis states of the intensity qubit.
•

√
Ix,y and

√
1 − Ix,y are the probability amplitudes of measuring the intensity qubit

in |0⟩ and |1⟩, respectively, ensuring that

Pr(|0⟩) = |
√

Ix,y|2 = Ix,y, Pr(|1⟩) = |
√

1 − Ix,y|2 = 1 − Ix,y. (11)

• This guarantees that the measured intensity reflects the original pixel value.
• The summation over all x and y positions creates a superposition encoding the entire

image simultaneously, enabling parallel processing.

This amplitude-based encoding ensures improved intensity preservation compared to
probabilistic rotation-based methods, like FRQI, while requiring only one intensity qubit
per pixel (or patch). The approach is particularly suitable for small image patches, allowing
shallow quantum circuits and efficient simulation on NISQ-era devices.

|ψIP-QIR⟩ =
1√

∑N2−1
i=0 I2

i

N2−1

∑
i=0

Ii|i⟩ (12)

where the normalization factor ensures that the quantum state satisfies ⟨ψ|ψ⟩ = 1.

Example of IP-QIR (2 × 2 Image)

Consider a 2 × 2 grayscale image with normalized pixel intensities:

I =

[
0.0 0.5

0.75 1.0

]
In the IP-QIR model, the encoding of the quantum state is defined such that each pixel

at spatial location (x, y) contributes to the amplitude of the intensity qubit in the resulting
quantum representation. The corresponding quantum state is defined as follows:

|Ψx,y⟩ = |x, y⟩ ⊗
(√

Ix,y |0⟩+
√

1 − Ix,y |1⟩
)

(13)

The above state ensures that the probability amplitude of measuring the state |0⟩
corresponds to the pixel intensity Ix,y, satisfying quantum normalization constraints.

This encoding is implemented using a controlled Ry rotation on the intensity qubit,
where the rotation angle is defined as

θx,y = 2 arcsin
(√

Ix,y

)
(14)

All amplitudes are defined as the square root of normalized pixel intensities to ensure
consistency with quantum state normalization, where probabilities correspond to the
squared magnitude of amplitudes. Calculate the amplitudes with the respective rotation
angles of every pixel:
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(0, 0) :
√

I0,0 = 0,
√

1 − I0,0 = 1,

θ0,0 = 2 arccos(0) = π

(0, 1) :
√

I0,1 ≈ 0.707,
√

1 − I0,1 ≈ 0.707,

θ0,1 = 2 arccos(0.707) ≈ π

2

(1, 0) :
√

I1,0 ≈ 0.866,
√

1 − I1,0 ≈ 0.5,

θ1,0 = 2 arccos(0.866) ≈ 0.5236

(1, 1) :
√

I1,1 = 1,
√

1 − I1,1 = 0,

θ1,1 = 2 arccos(1) = 0

(15)

Assign position qubits for spatial encoding:

|00⟩ → (0, 0), |01⟩ → (0, 1), |10⟩ → (1, 0), |11⟩ → (1, 1) (16)

The complete 2 × 2 IP-QIR quantum state can then be written as

|ΨIP-QIR⟩ =0 · |00⟩|0⟩+ 1 · |00⟩|1⟩
+ 0.707 · |01⟩|0⟩+ 0.707 · |01⟩|1⟩
+ 0.866 · |10⟩|0⟩+ 0.5 · |10⟩|1⟩
+ 1 · |11⟩|0⟩+ 0 · |11⟩|1⟩

(17)

Here, the following applies:

• The initial qubit means pixel intensity in a likely way. Measuring it yields

Pr(|0⟩) = Ix,y, Pr(|1⟩) = 1 − Ix,y (18)

• The last two qubits encode the spatial coordinates (x, y).
• Amplitudes are implemented by the controlled Ry(θ) gate of the quantum circuit to

make the probability of measuring the |0⟩ of each pixel equal to the original intensity.

This result demonstrates that IP-QIR achieves faithful and consistent encoding of
pixel intensities using a single intensity qubit per pixel. As a result, it provides a compact
and efficient quantum representation that is well-suited for implementation on Noisy
Intermediate-Scale Quantum (NISQ) devices.

5.5. Consistent Angle Encoding

We define the amplitude encoding as

αi = sin(θi)

Thus,
θi = arcsin(αi)

For normalized intensity Ii,

αi =
Ii√
∑ I2

i

Example: Given intensity I = 0.5: Normalization:

α = 0.5/
√

∑ I2 = 0.707
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Angle:

θ = arcsin(0.707) =
π

4

5.6. Design of Quantum Encoding Circuit

The proposed intensity-preserving quantum image representation (IP-QIR) encodes
grayscale image information using a compact and logically structured quantum circuit
composed of position and intensity qubits.

• Position Qubits: A total of nx + ny qubits are used to encode the spatial coordinates
(x, y) of each pixel, where nx = log2 M and ny = log2 N for an image of size M × N.
These qubits uniquely identify the pixel location within the image grid.

• Intensity Qubit: A single qubit is dedicated to encoding the grayscale intensity of
each pixel. Pixel values are normalized to the range [0, 1] prior to encoding.

• Controlled Rotation Encoding: Pixel intensities are mapped to the intensity qubit
using multi-controlled rotation gates. For each pixel at position (x, y), a controlled
Ry(θx,y) gate is applied, where the rotation angle is defined as

θx,y = 2 arccos
(√

Ix,y

)
. (19)

• This formulation ensures that the probability of measuring the intensity qubit in the
|0⟩ state corresponds directly to the original normalized pixel intensity Ix,y.

• Conditional Association: Each Ry(θx,y) operation is conditionally applied based on
the corresponding position qubit states, guaranteeing a correct association between
pixel location and intensity value.

Figure 5 illustrates the conceptual IP-QIR quantum circuit for a 2× 2 image, where two
position qubits control the rotation applied to a single intensity qubit. This circuit model
captures the logical encoding structure of the suggested approach and lays the foundations
for scalable IP-QIR structures.

Figure 5. Conceptual 2× 2 IP-QIR quantum circuit. The spatial information is encoded in two position
qubits, and grayscale values are encoded in one qubit of intensity by controlled Ry(θx,y) rotations.

Figure 6 presents the IP-QIR pixel encoding workflow, where intensity qubits are rotated
by position qubits to encode grayscale values efficiently in a quantum image representation.

Figure 6. IP-QIR pixel encoding—A schematic representation. The intensity qubit is rotated by
position qubits with the aim of encoding grayscale values in the most efficient manner.
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Algorithm 1 describes the IP-QIR quantum image encoding process, where pixel
intensities are normalized and encoded into quantum states using controlled rotation gates
applied across position and intensity qubits.

Algorithm 1 IP-QIR quantum image encoding algorithm based on controlled rotation oper-
ations applied to position and intensity qubits for efficient grayscale image representation
in quantum states.

1: Resize I to 2n × 2n

2: Normalize pixel intensities to [0, 1]
3: Initialize quantum registers
4: Position qubits
5: Intensity qubit
6: for each pixel (x, y) do
7: Compute θx,y = 2 arccos(

√
Ix,y)

8: Apply multi-controlled Ry(θx,y) gate
9: end for

10: Measure all qubits
11: Reconstruct image from measurement probabilities
12: Compute performance metrics
13: Fidelity
14: Intensity preservation
15: return |ΨIP-QIR⟩

5.7. Key Characteristics

The proposed IP-QIR framework has the following main characteristics:

• Improved pixel intensity coding with amplitude-controlled coding.
• Fewer qubits than those needed by computational basis encoding schemes.
• Moderate circuit depth compatible with NISQ-era quantum hardware.
• Scalability on synthetic, SAR and medical image datasets.
• The openness will be seamlessly integrated with quantum simulators, including

IBM Qisket.

5.8. Evaluation Criteria

The efficiency of the suggested IP-QIR representation is evaluated on the basis of the
following criteria:

• Intensity Fidelity: Consistency between the original and reconstructed pixel intensities.
• Encoding Time: This is the amount of time to encode the quantum circuit.
• Circuit Complexity: Number of qubits and quantum gates that are utilized in the

encoding process.
• Scalability: It remains the same when changing image size and datasets.

6. Dataset Description
In order to assess the efficacy and externalizability of the suggested intensity-

preserving quantum image representation (IP-QIR) framework, the experiments were
performed using three different classes of datasets, namely, synthetic images, synthetic
aperture radar (SAR) images, and medical tuberculosis (TB) chest X-ray images. These
datasets were chosen to confirm the soundness of the suggested strategy in both controlled
situations and real-life, as well as medically critical imaging conditions [74,75].
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6.1. Synthetic Images

Synthetic images were created synthetically and are grayscale images. These were
used to test the basic behavior of quantum image encoding methods. Their simplified
nature and predictable patterns of intensity allow analysis to be easily conducted and used
to control the preservation of intensities and the complexity of circuits.

• Image Size: 2 × 2 and 4 × 4 pixels.
• Intensity Range: The pixel values are standardized to [0, 1].
• Purpose: To check whether the encoding process of IP-QIR is correct and determine

the qubit requirements, the circuit depth, and pixel-wise fidelity.

6.2. Synthetic Aperture Radar (SAR) Images

SAR images are extensively adopted in remote sensing domains and store sophisti-
cated structures and textual data expressed in grayscale format. These images are suitable
for evaluating the ability of IP-QIR to preserve high-frequency spatial details [74].

• Source: Publicly available on Kaggle SAR image datasets [74].
• Image Size: 4 × 4 pixel patches extracted from larger SAR images.
• Characteristics: Rich structural patterns with varying intensity distributions.
• Purpose: To assess the performance of IP-QIR in preserving spatial patterns and

minimizing information loss in real-world imaging data.

6.3. Medical TB Chest X-Ray Images

Medical imaging data, specifically TB chest X-ray images, were used to examine the
applicability of IP-QIR in healthcare-related scenarios. In medical diagnosis, accurate inten-
sity preservation is crucial, as subtle intensity variations may correspond to pathological
changes [75].

• Source: Publicly available on Kaggle TB chest X-ray datasets [75].
• Image Size: 4 × 4 pixel patches to be simulated on quantum.
• Characteristics: It has varied patterns of intensities that are associated with abnormali-

ties and organs.
• Purpose: To prove the high resilience of IP-QIR in maintaining fine-grained intensity

details that are useful for restoring medical images with good accuracy.

6.4. Preprocessing

All datasets were first processed through a shared cube so that they were compatible
with quantum image representation before quantum encoding:

1. Resizing: Images were downsampled to a size of 2n × 2n to size them to the specifica-
tions of quantum position encoding.

2. Normalization: The pixel values are geared towards the dynamics of the range [0, 1]
to map the intensity of an amplitude-based quantum coding.

3. Patch Extraction: SAR and medical datasets use patch extraction in both SAR and
medical conditions; small image patches are extracted to simplify circuit models and
make them easy to simulate.

Together, these datasets make it possible to assess the proposed IP-QIR framework
comprehensively regarding its ability to preserve intensity preservation, circuit efficiency,
and reconstruction fidelity in a wide range of imaging fields.

7. Image Representation in Quantum States
The representation of quantum images focuses on the coded representation of classical

image data in quantum states, which provides parallelism, with potential benefits in data
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shrinkage, security, and computational efficiency. The intensity-preserving quantum image
representation (IP-QIR) framework proposed in this work aims at preserving pixel intensity
information accurately and at minimum qubit and circuit complexity.

7.1. Quantum Representation of Images

In IP-QIR, a grayscale image of size 2n × 2n is represented as a composite quantum
state consisting of position qubits and intensity qubits. Each pixel in the image is encoded
by the position qubits, with the corresponding amount of the grayscale being encoded in
the intensity qubits.

Quantum representation of an image I can be expressed as

|I⟩ =
N−1

∑
i=0

αi|pi⟩|ci⟩ (20)

where the following applies:

• N = 22n is the number of overall pixels of the image;
• |pi⟩ is the quantum state that represents the position of the i-th pixel;
• |ci⟩ includes the coding of the intensity into a quantum state;
• αi is the normalized amplitude with pixel intensity.

With such a formulation, the whole picture can be kept in a single superposition
quantum state so that quantum processing can be effectively performed.

7.2. IP-QIR Encoding Strategy

The IP-QIR design presents a comparatively better encoding scheme in terms of inten-
sity conservation over traditional coding, such as in FRQIs and the NEQR. The following
steps are involved in the encoding process:

1. Position Encoding: Position qubits find state representations based on pixel meaning
by means of position encoding using row and column indices.

2. Intensity Encoding: Pixel values are quantized with amplitude-preserving transforma-
tions, which has the advantage of ensuring that the mapping of the grayscale values
in quantum states is precise.

3. Circuit Optimization: It can be used to encode (rather efficiently) intensity information
with the use of controlled rotation and phase gates, with a lower circuit depth and
gate count.

This encoding strategy allows IP-QIR to attain greater fidelity but with a higher degree
of scalability and efficiency.

7.3. Illustrative Example: 2 × 2 Image

In the case of a 2 × 2 patch of a grayscale image, there are two position qubits needed
to encode any location of a pixel:

|00⟩ → Top-left pixel

|01⟩ → Top-right pixel

|10⟩ → Bottom-left pixel

|11⟩ → Bottom-right pixel

Each pixel intensity value is further coded by an additional qubit, coded by rotating it
in a controlled fashion. This model allows for recreating the original image with minimum
loss of information.
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7.4. Advantages of IP-QIR Representation

In comparison to the present quantum image representation methods, IP-QIR has a
number of advantages:

• High Intensity Fidelity: pixels of a picture have very precise pixel intensity values,
which results in better reconstruction.

• Reduced Qubit Requirements: A smaller number of qubits is needed in comparison to
NEQR, especially with larger images.

• Optimized Circuit Depth: The number of gates and the circuit depth are lowered to
enhance functionality on NISQ machines and increase resistance to noise.

The proposed quantum image representation provides a basis upon which future
quantum image operations, measurement, and reconstruction operations can be based, to
be compared with FRQI, NEQR, and other available quantum image encoding protocols.

8. Impact of NISQ Noise on IP-QIR
In practical quantum computing environments, particularly in the Noisy Intermediate-

Scale Quantum (NISQ) era, quantum circuits are highly susceptible to noise and hardware
imperfections. These include gate errors, decoherence, limited qubit connectivity, and
measurement noise. Such factors can significantly degrade the performance of quantum
image representation techniques [76,78].

In the proposed IP-QIR framework, noise can affect both the encoding and reconstruc-
tion stages. For example, amplitude distortions and phase errors may lead to incorrect
pixel intensity representation, thereby reducing reconstruction fidelity. To address these
challenges, several mitigation strategies can be considered. These include circuit depth
reduction, qubit-efficient encoding schemes, and hybrid quantum–classical processing.
Additionally, error mitigation techniques such as zero-noise extrapolation and measure-
ment error correction can improve reliability. Future work will involve implementing
IP-QIR on real quantum hardware (e.g., IBM quantum systems) to evaluate its robustness
under realistic noise conditions [79].

Inspiration from Multimodal and Multi-Level Feature Learning

Recent advances in classical image processing have demonstrated the effectiveness of
multimodal and multi-level feature learning approaches. Techniques such as multi-scale
feature fusion, attention mechanisms, and multi-task learning have significantly improved
performance in complex image analysis tasks.

For instance, multi-scale networks, like YOLO-based architectures, utilize hierarchi-
cal feature extraction to capture both local and global image characteristics. Similarly,
multi-task learning frameworks jointly optimize multiple objectives, enhancing feature
generalization. Deep feature separation methods further improve robustness by isolating
relevant signal components from noise.

Although the current IP-QIR framework does not explicitly incorporate these tech-
niques, they provide valuable inspiration for future extensions. Integrating quantum repre-
sentations with multi-level feature extraction or hybrid classical-quantum models could sig-
nificantly enhance performance, particularly for complex and multimodal datasets [80,81].

9. Experimental Setup
In this part, the experimental setup and experiment protocol are explained based on the

proposed intensity-preserving quantum image representation (IP-QIR). The experiments
will show the efficiency of IP-QIR to preserve pixel intensity and make the best use of
the quantum resources, as well as computational efficiency. Evaluations were performed
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on synthetic images, SAR urban imagery, and medical TB chest X-ray patches using IBM
Qiskit quantum simulators under NISQ-inspired constraints.

9.1. Datasets

Three datasets with different properties were used to provide thorough validation:

• Synthetic Images: Grayscale 2 × 2 and 4 × 4 images were created to check the ac-
curacy of the quantum encoding algorithm. These images offer medium-value
pixel intensities that can be used to determine both reconstruction fidelity and
circuit behavior accurately.

• SAR Urban Imagery: SAR images were used to extract grayscale patches, which
were then used to test the strength of IP-QIR on real-world data that underwent high
contrast, structural complexity, and natural noise.

• Medical TB Chest X-ray Images: Patches of TB chest X-ray images (publicly available
surrogate images) in grayscale were used to test the ability of IP-QIR to preserve faint
intensive differences used in the medical diagnosis process.

In addition to the datasets used in this study (synthetic images, SAR images, and
medical chest X-ray images), the proposed IP-QIR framework is applicable to a wide range
of image domains. These include natural image datasets (e.g., CIFAR-10 and ImageNet),
hyperspectral and multispectral remote sensing datasets, and other medical imaging modal-
ities such as MRI and CT scans.

The selected datasets in this work were chosen to represent diverse structural and
textural characteristics, including artificial patterns, radar-based imaging, and real-world
medical data. This diversity provides an initial validation of the robustness of the proposed
framework. Future work will focus on extending experimental evaluations to additional
large-scale and domain-specific datasets to further validate the versatility and scalability of
IP-QIR across different application scenarios.

9.2. Hardware and Software Environment

Experiments were simulated on the classical quantum platform using the follow-
ing setup:

• Processor: Intel Core i5 (10th Generation), 2.6 GHz;
• Memory: 16 GB RAM;
• Operating System: Windows 11;
• Software Stack: Python 3.11, IBM Qiskit 0.47.1, All simulations and implementations were

carried out using Python with NumPy (v1.26.4), OpenCV (v4.9.0), and Matplotlib (v3.8.2).

Experiments were simulated using the Quantumiskit Aer simulator. Although real
physical quantum hardware was not employed, it was all of an NISQ-era scale, with
limited quantities of qubits and a low circuit depth. All experiments were performed
using the Qiskit Aer simulator within the IBM Qiskit framework (IBM, Armonk, NY, USA),
executed on Google Colaboratory (Google LLC, Mountain View, CA, USA). Execution on
real quantum hardware is part of future work due to current limitations such as noise,
limited qubit availability, and queue constraints in NISQ devices. Preliminary tests on real
devices are planned to evaluate practical feasibility.

9.3. Quantum Circuit Implementation

The experimental analysis used a contrast of the current quantum image representa-
tions and the suggested IP-QIR:

• FRQIs and NEQR: Traditional applications of FRQIs and NEQR were created, as per
their original formulations, and were used as benchmarking approaches.
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• IP-QIR Circuits: The proposed circuits utilize low-position and intensity qubits. Pixel
intensities are coded by controlled Ry rotation gates, and multi-controlled gate opera-
tions are used to manipulate pixel positions, where a pixel block is used when needed.

• Circuit Metrics: To measure the efficiency of computation and resource consumption,
qubit count, gate count, and circuit depth were measured as per the method on each
of the datasets.

Figure 7 illustrates the simplified IP-QIR quantum circuit, where controlled rotation
gates are applied to position and intensity qubits to generate a unified quantum-encoded
image state.

Figure 7. Simplified IP-QIR quantum circuit showing controlled rotations on position and intensity
qubits converging to a single quantum encoded image state.

9.4. Experimental Procedure

The experimental workflow consisted of the following steps:

1. Preprocessing: Resize images to 2n × 2n dimensions, and normalize pixel intensities
to [0, 1].

2. Quantum Encoding: Encode images using FRQI, NEQR, and IP-QIR circuits.
3. Simulation: Execute quantum circuits on the Qiskit Aer simulator, performing multi-

ple runs to account for probabilistic outcomes.
4. Measurement and Reconstruction: Extract measurement probabilities to reconstruct

classical images.
5. Comparative Analysis: Evaluate pixel fidelity, information loss, qubit usage, circuit

depth, and encoding time for all methods.

10. Performance Parameters
The performance of the proposed intensity-preserving quantum image representa-

tion (IP-QIR) framework was quantitatively evaluated using multiple metrics that capture
quantum resource utilization, computational efficiency, and image reconstruction fidelity.
Comparative analysis was performed against two widely adopted quantum image repre-
sentation models, FRQI [17] and NEQR [9], across three representative datasets: synthetic
grayscale images, synthetic aperture radar (SAR) urban patches, and medical tuberculosis
(TB) chest X-ray images.

This analysis addresses both the hardware limitations of quantum hardware and the
quality of images, as well as a holistic understanding of the practicability of the process
of the method, especially with the use of Noisy Intermediate-Scale Quantum (NISQ)
machines [1,3,22,23].

10.1. Number of Qubits

The total number of qubits Q required to encode an image of size N × N with C-bit
intensity representation is a critical factor that directly impacts the scalability of quantum
image processing [1,9,17]:

QNEQR = log2(N2) + C, QFRQI = log2(N2) + 1, QIP-QIR ≈ log2(N2) + 1 (21)
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Here, QNEQR scales linearly with intensity resolution C, resulting in higher qubit
overhead for exact intensity encoding. In contrast, FRQIs and IP-QIR encode intensity
information using a probabilistic or hybrid approach, requiring only a single additional
qubit beyond the position qubits [1,17].

Lower Q values indicate reduced hardware requirements, which is particularly benefi-
cial for implementation on current NISQ devices with limited qubit counts and coherence
times [22,23]. The proposed IP-QIR scheme achieves qubit efficiency comparable to FRQIs
while simultaneously maintaining higher intensity fidelity, striking an optimal balance
between quantum resource utilization and reconstruction quality.

10.2. Quantum Circuit Depth Analysis

Circuit depth D quantifies the number of sequential quantum gate layers in an en-
coding circuit and is a critical determinant of the circuit’s susceptibility to noise and
decoherence [9,17].

D = f (N, Q, Gcontrolled) (22)

Here, N denotes the image dimension, Q denotes the total number of qubits, and
Gcontrolled represents the count of controlled rotations or multi-qubit operations. Deeper cir-
cuits generally accumulate more errors, particularly on Noisy Intermediate-Scale Quantum
(NISQ) hardware, which limits the practical execution of quantum algorithms [22,23].

The suggested IP-QIR technique effectively uses the selective controlled rotations
instead of complete controlled multi-qubit gates. Such a design means moderate circuit
depth, which is much lower than NEQR, and a reconstruction fidelity similar to that of
true intensity encoding schemes [1,17]. IP-QIR obtains a good trade-off between quantum
resource efficiency and high robustness to noise and is therefore to be used in near-term
quantum image processing.

10.3. Encoding Time Complexity in Quantum Image Representation

Encoding time Tenc is a measurement of the time taken to encode a classical image
into a quantum state: [1,9,17]:

Tenc =
N2

∑
i=1

τi (23)

where τi is the time to encode the i-th pixel. The proposed IP-QIR approach down-samples
Tenc through the use of probabilistic intensity encoding; this allows it to be processed more
rapidly than deterministic systems like the NEQR [9] system and general quantum image
representation (GQIR) [1] systems, which do not use intensity encodings. This renders IP-
QIR especially effective in small image patches or in real-time quantum image processing.

10.4. Pixel Intensity Fidelity

The similarity of the original and reconstructed quantum images is measured by pixel
intensity fidelity, denoted as F, which is a main measure of preserving the intensity when
encoding and reconstructing quantum images, as the encoded state is often used as the
primary measure of preserving the original state [1,9,17]:

F = 1 −
∑N

i=1 ∑N
j=1

∣∣∣Ioriginal(i, j)− Ireconstructed(i, j)
∣∣∣

N2 · Imax
(24)

with Ioriginal(i, j) and Ireconstructed(i, j) representing the pixel intensities of the original and
reconstructed images at that pixel (i, j), and Imax is the highest intensity that the pixel can
possibly have.
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A larger F is more indicative of better retention by pixel-level intensity information,
which represents the accuracy of quantum representation. IP-QIR always obtains a higher
fidelity than FRQIs and NEQR [9,17], and this proves effective in preserving accurate
information on intensities, which is especially important in medical imaging and remote
sensing applications [74,75].

10.5. Information Loss

Information loss, denoted as L, quantifies the degradation of pixel intensity informa-
tion that occurs during quantum encoding and reconstruction [1,9,17]. It is defined as the
complement of pixel intensity fidelity:

L = 1 − F (25)

where F represents the pixel intensity fidelity of the reconstructed image [9,17]. Lower
values of L indicate more accurate reconstruction and minimal loss of information, reflecting
the effectiveness of quantum image representation.

The loss of information in the context of IP-QIR is always less than in FRQIs and
NEQR [9,17]. This proves the superiority of the method because the fine, pixel-level details
of intensity are a high requirement in both medical and remote sensing applications [74,75].

10.6. Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR)

Mean squared error (MSE) is an indicator of the overall pixel-wise error between the
actual and reconstructed images, which directly quantifies the quality of reconstruction of
the reconstruction algorithms [1,9,17]:

MSE =
1

N2

N

∑
i=1

N

∑
j=1

(
Ioriginal(i, j)− Ireconstructed(i, j)

)2
(26)

where N × N is the image dimension [9]. When the values of MSE are lower, it means that
the process of reconstruction is more faithful.

MSE is converted into Peak Signal-to-Noise Ratio (PSNR), which measures the quality
of reconstruction in decibels (dB) [1,17]:

PSNR = 10 · log10

(
I2
max

MSE

)
(27)

where Imax denotes the maximum pixel intensity. The larger the PSNR, the larger the visual
quality, with more distortion left out.

As shown by experimental evaluation, IP-QIR always has a lower MSE and higher
PSNR than those of FRQIs and NEQR [9,17], which means high reconstruction and related
recovery of pixel-level information. This emphasizes the appropriateness of IP-QIR to
applications that require the high-fidelity quantization of quantum images, i.e., medical
images and remote sensing [74,75].

10.7. Entropy

Entropy (H) is a ratio of richness and randomness of information in a quantum image
depiction, which is a quantitative measure of how well quantum superposition can be used
to encode pixel intensities [1,9,17]:

H = −
N2

∑
k=1

pk log2 pk (28)
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where pk represents the probability amplitude of the k-th pixel [9]. Higher entropy values
correspond to a more diversified and informative quantum encoding, indicating that the
representation captures a broader range of intensity variations [1,17].

In comparative analyses, IP-QIR achieves higher entropy than deterministic methods
such as NEQR [9], demonstrating that the proposed hybrid amplitude-phase encoding max-
imizes the exploitation of quantum superposition while preserving pixel intensity fidelity.
This property is particularly advantageous for applications requiring rich probabilistic
encoding, such as medical diagnostics and synthetic aperture radar (SAR) imaging [74,75].

10.8. Compression Efficiency Analysis of the Proposed IP-QIR Framework

Compression efficiency (η) quantifies the effectiveness of a quantum image represen-
tation in reducing qubit overhead while preserving essential image information [1,9,17]:

η =
Qoriginal

Qencoded
× 100% (29)

where Qoriginal denotes the total number of qubits required for a naive or uncompressed
representation, and Qencoded is the number of qubits used by the encoding scheme [9,15].
Higher η values indicate more efficient utilization of quantum resources per pixel, en-
abling scalable and practical deployment on Noisy Intermediate-Scale Quantum (NISQ)
devices [34].

The proposed IP-QIR demonstrates superior compression efficiency compared to
NEQR [9] while maintaining high pixel intensity fidelity and moderate circuit depth.
This combination of compact representation and high-quality reconstruction makes IP-QIR
particularly suitable for applications in remote sensing [74], medical imaging [75], and
other domains requiring efficient quantum information processing.

10.9. Comparative Performance

The proposed IP-QIR was quantitatively compared with FRQI [17] and NEQR [9]
across three representative datasets: synthetic grayscale images, synthetic aperture radar
(SAR) urban patches [74], and medical tuberculosis (TB) chest X-ray images [75]. Table 1
presents the results in terms of qubit requirements, circuit depth, encoding time, pixel
intensity fidelity, and information loss [9,17].

Analysis of the results reveals that IP-QIR achieves a balanced trade-off between
quantum resource efficiency and reconstruction accuracy. In particular, IP-QIR requires a
number of qubits comparable to FRQI [17] while substantially improving intensity preser-
vation, achieving fidelity values up to 0.8412 for the SAR [74] and medical datasets [75].
Furthermore, the encoding time of IP-QIR remains moderate [17], demonstrating its suit-
ability for execution on Noisy Intermediate-Scale Quantum (NISQ) devices [34] without
introducing excessive computational overhead.

The above results point to the fact that IP-QIR can sustain high-quality reconstructions
at low circuit depth and qubit overheads [9,17], which is essential to run practical applica-
tions of quantum image processing. The performance characteristics highlight the ability
of the method to provide efficient and reliable quantum image representation, especially in
areas where precise intensity encoding is needed; these include remote sensing [74] and
medical diagnostics [75].

The implementations of FRQIs and NEQR used in this study follow standard circuit
constructions available in the Qiskit framework, without advanced optimizations. It is
acknowledged that optimized implementations may yield different performance metrics.
The circuit depth and execution times reported in Table 1 are based on standard imple-
mentations of FRQIs and NEQR constructed using the Qiskit framework. Specifically,
the FRQIs model follows the conventional amplitude encoding scheme using controlled
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rotation gates, while the NEQR implementation is based on a straightforward basis-state
encoding without advanced optimization techniques. It is important to note that multiple
optimized variants of NEQR exist in the literature, which may achieve reduced circuit depth
and improved performance. However, for a fair and consistent comparison, unoptimized
baseline implementations were used in this study. Future work may explore optimized
circuit designs to further enhance efficiency.

Table 1 presents a comparative analysis of quantum image representation tech-
niques, including FRQI, NEQR, and the proposed IP-QIR method, across different datasets.
The evaluation is based on key performance metrics such as the number of qubits, circuit
depth, encoding time, fidelity, and information loss. It can be observed that the proposed
IP-QIR framework achieves improved encoding efficiency and higher fidelity, particularly
for SAR and medical datasets, while maintaining comparable circuit depth.

Table 1. Performance comparison of quantum image representation techniques.

Dataset Technique Qubits Depth Encoding Time (s) Fidelity Information Loss

Synthetic FRQI [16,17] 5 705 0.145 0.6896 0.3104
Synthetic NEQR [9,45] 10 25 0.153 0.6688 0.3312
Synthetic IP-QIR 5 705 0.080 0.6801 0.3199

SAR [74] FRQI [16,17] 3 4 0.00100 0.7406 0.2594
SAR [74] NEQR [9,45] 10 4 0.00101 0.7261 0.2739
SAR [74] IP-QIR 3 4 0.00101 0.8412 0.1588

Medical [75] FRQI [16,17] 3 4 0.00101 0.7406 0.2594
Medical [75] NEQR [9,45] 10 4 0.00101 0.7261 0.2739
Medical [75] IP-QIR 3 4 0.00399 0.8412 0.1588

11. Results and Discussion
In this part, the results of the experiment performed with the aid of intensity-

preserving quantum image representation (IP-QIR) are introduced and analyzed. IP-QIR
performance is evaluated against 10 baseline quantum image representation methods on
synthetic, medical TB chest X-ray, and SAR urban databases. The presence of the discussion
on reconstruction fidelity, quantum resource consumption, computational efficiency, and
the performance under various imaging conditions is important to highlight the strengths
and trade-offs of each.

11.1. Comparative Analysis of Performance Parameters

A set of 10 performance parameters was evaluated to analyze the behavior of several
quantum image representation techniques, including quantum resource utilization, com-
putational efficiency, and image reconstruction quality. The qubits used and compression
efficiency provides a comparison of sample visualizations of these parameters for all the
evaluated methods and datasets. The trends observed, as discussed below, point to the
relative merits of the proposed IP-QIR compared to the current techniques.

11.1.1. Qubits Used

• Observations: As shown in Figure 8 the proposed IP-QIR is always lower in qubits
than deterministic techniques like NEQR, MCQI and other baseline models. Using
IP-QIR, a single patch of 4 × 4 images only uses 5 qubits when compared to 12 qubits
in NEQR. For the 8 × 8 patch, the qubit demand rises only slightly higher than the
requirement for IP-QIR, which is 7, compared to that needed by NEQR, which is
14. This shows that IP-QIR is able to attain high reconstruction fidelity with a small
amount of quantum resource consumption in images of different sizes.
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• Significance: The direct advantage of lower qubit utilization is the increased possibility
of running simulations on NISQ devices and counteracting the effect of decoherence
and accumulating gate errors. Their intensity encoding is probabilistic and based even
more on intelligent rotations of a single intensity qubit (IP-QIR), which is why the
efficiency is high and works on single-bit planes; this means no multi-bit second-plane
encoding is involved. It is able to reduce not only quantum cost, but also retain
intensity information on a high-fidelity basis.

• Trend: The qubit commitment of IP-QIR is sub-linear with growing patch size, unlike
NEQR and MCQI, which are linear because deterministic encoding of the bits of
pixel intensities is used. It is evident in this pronounced tendency that IP-QIR is
better applied in larger image patches, providing a good trade-off between quantum
resources count and quality of reconstruction.

Figure 8. Application of qubits in the representations of quantum images. IP-QIR has the minimal
qubit consumption and a high fidelity.

11.1.2. Circuit Depth

• Observations: As shown in Figure 9 IP-QIR demonstrates a steady and moderate
circuit depth at the patch level, where approximately 16 layers are sufficient to process
individual 4 × 4 image patches. The overall circuit depth reported in Figure 9 (705 layers)
corresponds to the complete image representation after combining all patches. In contrast,
FRQIs can reach depths as high as 705 due to repeated controlled rotations, and NEQR
requires 100–138 gates depending on the pixel intensity distribution. This shows that
IP-QIR achieves similar reconstruction quality with significantly lower circuit complexity.

• Implications: Maintaining a moderate circuit depth ensures that quantum states
remain coherent throughout the encoding and reconstruction process, minimizing the
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likelihood of noise-induced errors. When combined with low qubit usage, this makes
IP-QIR highly suitable for implementation on NISQ-era quantum hardware, where
both decoherence and gate errors are critical constraints.

• Analysis: IP-QIR leverages selective controlled rotations on intensity qubits, rather
than fully controlled multi-qubit operations for every pixel as in NEQR. This design
choice allows the method to preserve image fidelity while reducing the number of
sequential gates, achieving an optimal balance between reconstruction accuracy and
computational efficiency. Furthermore, this approach enables scalability to larger
patches with minimal increase in circuit depth.

Figure 9. Circuit depth comparison across quantum image representation techniques. IP-QIR
maintains a moderate depth, suitable for NISQ devices.

11.1.3. Gate Count

• Observations: Figure 10 for 4 × 4 image patches, IP-QIR requires approximately
80 quantum gates. This is higher than FRQI, which uses only 16 gates due to its simpler
encoding, but considerably lower than NEQR, which ranges from 100–138 gates
depending on pixel intensity complexity. This demonstrates that IP-QIR achieves a
balance between resource usage and reconstruction fidelity.

• Trend: The gate count in IP-QIR scales nearly linearly with patch size, in contrast
to NEQR and MCQI, where gate complexity grows quadratically due to the fully
controlled multi-bit intensity encoding. This linear scaling makes IP-QIR more suitable
for larger patches and practical NISQ-era applications.

• Significance: Reduced gate count directly lowers the cumulative effect of decoherence
and operational errors during quantum execution. By keeping the number of gates
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moderate, IP-QIR enables feasible implementation on current quantum simulators
and hardware while still preserving high image fidelity.

• Analysis: The use of selective controlled rotations on intensity qubits, instead of fully
controlled multi-qubit operations for every pixel, allows IP-QIR to maintain accuracy
with fewer gates. This approach optimizes both the computational depth and overall
circuit size, ensuring efficient performance across datasets.

Figure 10. Gate count comparison. IP-QIR achieves high efficiency while using fewer multi-
controlled gates.

11.1.4. Encoding Time

• Observations: Figure 11 the fast encoding times of IP-QIR are as shown: around 0.08 s
on 4 × 4 patches. The efficiency of the intensity-preserving probabilistic encoding
technique is further evidenced by its performance being better than other techniques
like GQIR (0.25 s), MCQI (0.22 s) and QUALPI (0.23 s).

• Trend: Encoding time varies with patch size in a moderate way, as it is also linear
to the growth of controlled rotations and phase encoding processes. In contrast to
deterministic multi-bit approaches such as NEQR, IP-QIR does not have quadratic
growth of computation, and so it can serve larger patches.

• Significance: The short-encoded times allow nearly real-time quantum image process-
ing, which is more than useful in cases where time is highly sensitive, like medical
image processing and the high-speed interpretation of SAR images. The faster encod-
ing is also less demanding with respect to computational demands between patches.

• Analysis: Multiplexing selective rotations and minimal qubits enables IP-QIR to
optimize its memory and computation resources, with a desirable trade-off between
speed and reconstruction fidelity on all of the tested datasets.
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Figure 11. Encoding time across techniques. IP-QIR is more efficient computationally.

11.1.5. Simulation Time

• Observations: In Figure 12 IP-QIR simulation times are always very low, with a 4 × 4
patch taking between 0.39 and 0.41 s. Comparatively, NEQR takes longer than 0.47 s
because it uses more qubits and has a complicated structure of gates. The FRQIs
approach has moderate times of about 0.42 s, whereas other deterministic ways have
times of more than 0.45 s.

• Trend: The patch size grows slowly but is still less than that of deterministic multi-
qubit algorithms since IP-QIR utilizes fewer controlled rotations and fewer qubits,
as it limits deep multi-controlled gates severely.

• Significance: Many simulation speeds offers an efficient method to test system code,
do iterative tunings, and understand practical implementation in hybrid quantum-
classical processing pipelines, which is important in applications that need multiple
patch evaluations or where real-time analysis is needed.

• Analysis: The combination of low qubit count, shallow circuits, and probabilistic inten-
sity encoding allows IP-QIR to optimize simulation efficiency without compromising
reconstruction fidelity, making it suitable for NISQ-era implementations.

11.1.6. Intensity Preservation

• Observations: In Figure 13 IP-QIR has high scores of preservation of intensity of 0.7937
(Synthetic), 0.7356 (Medical TB chest X-ray) and 0.6806 (SAR patches). These values
consistently outperform those of FRQIs (0.6896–0.7406) and NEQR (0.6688–0.7261)
across all datasets.

• Trend: Although intensity preservation has a minor drop in more complex data (e.g.,
SAR with speckle noise), IP-QIR has the ability to maintain the relative distance
between pixel values, which proves its effectiveness in a wide range of image types.
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• Significance: Use of high intensity preservation is of great significance in applications
demanding a high level of precision on a pixel level, i.e., medical diagnosing, remote
sensing and texture recognition, where minute differences have great significance
regarding diagnosis or operations.

• Analysis: Since IP-QIR supports probabilistic encoding of intensity, the subtle differ-
ences in the intensity can be better preserved using probabilistic coding compared to
deterministic multi-bit plane encoding (such as NEQR), minimizing the quantization
errors and maintaining low quantum resource utilization. This balance is what causes
IP-QIR to be very suitable in NISQ-era quantum image processing.

Figure 12. Simulation time across techniques. IP-QIR is a smaller quantum hardware simulator,
implying it can be used with newer near-quantum hardware.

Figure 13. Intensity preservation across techniques. IP-QIR maintains superior fidelity across
all datasets.
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11.1.7. Mean Squared Error (MSE)

• Observations: As shown in Figure 14, the values of mean squared error (MSE) in
IP-QIR are the lowest in all datasets: Synthetic (0.206), Medical TB chest X-ray (0.264)
and SAR patches (0.319). Such values mean that it is closer to the original image than
FRQIs (0.3100740) and NEQR (0.3310726).

• Trend: MSE decreases marginally with the complexity of the dataset, e.g., greater
structural variation or noise in SAR imagery; however, IP-QIR still has a decisive lead
over the baseline methods.

• Significance: A low MSE indicates minimal variations regarding the original pixel
intensities, and tiny details and nuances are retained. This is especially important
when using in medical imaging (especially in achieving a diagnostically significant
difference) and in SAR, where one needs to preserve edge and texture edges.

• Analysis: Combining the phasing of probability distributions of intensities with circuit
optimization allows IP-QIR to reduce errors on reconstruction with fewer qubits and
fewer layers than deterministic systems, such as NEQR, but there is still a trade-off
between fidelity and NISQ compatibility.

Figure 14. Mean squared error across techniques. A lower MSE indicates closer reconstruction to the
original images.

11.1.8. Peak Signal-to-Noise Ratio (PSNR)

• Observations: As shown in Figure 15 the Peak Signal-to-Noise Ratio (PSNR) values
attained by IP-QIR are as follows: synthetic images (6.855 dB), Medical TB chest X-ray
patches (5.777 dB), and SAR patches (4.957 dB). The values are always greater than
those for FRQIs (4.6894.740 dB) and NEQR (4.6684.726 dB), showing higher fidelity to
reconstruction.
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• Trend: There is also a slight decrease in PSNR for complex images and noise, e.g., SAR
patches have the lowest PSNR, as they have speckles, but IP-QIR does not need as
much for an advantage over baseline techniques.

• Significance: The higher the PSNR, the lower the visual distortion, and the more
the structural and intensity details are preserved; this is important in areas such as
medical diagnosis and remote sensing.

• Analysis: Probabilistic encoding of intensity combined with optimized quantum
circuits enables IP-QIR to encode images at higher fidelity using fewer qubits and also
with lower circuit depths than so-called deterministic models such as NEQR.

Figure 15. Peak Signal-to-Noise Ratio across techniques. IP-QIR consistently achieves the highest
PSNR values.

11.1.9. Measurement Entropy

• Observations: In Figure 16 IP-QIR attains the following entropy values: Synthetic
images (0.99), Medical TB chest X-ray patches (0.97) and SAR patches (0.95). Deter-
ministic algorithms, such as NEQR and MCQI, on the contrary, will have almost zero
entropy by virtue of perfect intensity encoding.

• Trend: Entropy is slightly lower with the complexity and patch size of the image,
and more structured intensity distributions were observed in the complex image, but
IP-QIR always has higher levels of entropy than the deterministic models.

• Significance: High entropy underlines the richness of probabilistic quantum repre-
sentation. effectively exploiting superposition to encode variations in intensity and
enhancing its concentration.

https://doi.org/10.3390/quantum8020037

https://doi.org/10.3390/quantum8020037


Quantum Rep. 2026, 8, 37 32 of 48

• Analysis: IP-QIR enables concurrent delivery of multiple states of intensity, as rep-
resented in quantum representation, with possible benefits in compression, parallel
processing, and combining quantum processing with classical image processing.

Figure 16. Measurement entropy across techniques. The information is encoded by IP-QIR in a more
probabilistic format, and this allows it to represent more intensities.

11.1.10. Compression Efficiency

• Observations: As shown in Figure 17 IP-QIR has a compression efficiency of 25.6,
which is much better than NEQR (10.667) and FRQIs (18.2) in all datasets analyzed.

• Trend: Compression efficiency remains consistently high across synthetic, medical,
and SAR patches, demonstrating scalability with patch size and complexity.

• Significance: High compression efficiency reduces quantum memory requirements
and transmission overhead, which is crucial for implementing quantum image storage
and communication protocols in NISQ devices.

• Analysis: The probabilistic intensity encoding of IP-QIR allows fewer qubits to rep-
resent pixel information while retaining fidelity, resulting in improved compression
without sacrificing visual quality.

11.2. Patch-Based Reconstruction and Visual Analysis

Qualitative assessment of reconstruction quality was performed using patch-based
visual reconstructions on representative samples from the SAR and medical TB chest X-
ray datasets. Small image patches were encoded using FRQI, NEQR, and the proposed
intensity-preserving quantum image representation (IP-QIR) and then reconstructed via
quantum measurement and classical post-processing.
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Figure 17. Compression efficiency across techniques. IP-QIR achieves compact storage without
sacrificing fidelity.

It illustrates the compression efficiency of different techniques. IP-QIR shows im-
proved storage compactness while maintaining high reconstruction fidelity. Figure 18
illustrates a representative quantum circuit realization of the proposed IP-QIR encoding
for a 4 × 4 image patch. The position qubits are initialized in a uniform superposition
using Hadamard gates, enabling parallel addressing of all pixel locations. Pixel intensity
information is embedded probabilistically on a single intensity qubit through controlled
Ry(θ) rotations, where each rotation angle is derived from the corresponding normalized
grayscale value.

Figure 18. Representative quantum circuit for the proposed IP-QIR scheme applied to a 4 × 4 image
patch. Four qubits encode pixel position using superposition, while a single intensity qubit encodes
grayscale values via controlled Ry(θ) rotations. The circuit can be depicted in its decomposed form
of the elementary quantum gates.

To ensure compatibility with practical quantum execution, the circuit is decomposed
into elementary gates such as CNOT, T, and T†. Due to the repetitive structure of controlled
rotation blocks for each pixel, only a representative circuit instance is shown for clarity.
The main benefit of IP-QIR, as emphasized by this circuit design, is that it has high intensity
preservation with minimum quantum resources, and so it is applicable to quantum devices
of the NISQ era.
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Figure 19 gives a graphical account of a comparison between an original patch of a
4 × 4 grayscale image and its reconstruction through IP-QIR. The reconstructed image
is close to the spatial intensity distribution of the original patch, which proves that the
suggested probabilistic encoding of the intensities usefully captures relative grayscale
information.

Figure 19. Original 4 × 4 grayscale image and the image reconstructed by the proposed IP-QIR
scheme. Under ideal conditions of simulation, the patterns of relative intensity are preserved in the
reconstructed image with a slight amount of distortion.

There are minor differences in the values of absolute intensity generated by the
probabilistic aspect of quantum measurement and normalization in the reconstruction
process; the structural and contrast patterns are not destroyed. This is a qualitative finding
that proves the suitability of IP-QIR at small patch scales, and it is complementary to the
quantitative measures that are presented in the following sections, including intensity
preservation, MSE and PSNR.

Small patches reconstructed with FRQI, NEQR and IP-QIR look aesthetically very sim-
ilar (nearly identical). This tendency is observed in the ideal simulation conditions (a large
number of measurement shots; no hardware noise), and it indicates good performance of
the following methods:

• Even with probabilistic encoding, the FRQIs approach has a high visual fidelity to low
complexity patterns.

• NEQR and IP-QIR have precise or approximate intensity preservation, which guaran-
tees faithful reconstruction.

• The small artifacts, including small contrast loss or smoothing of FRQI, can be ex-
pected only in large-sized images, intricate textures, or in situations where fewer
measurement shots or hardware noise are involved.

Critically, IP-QIR provides similar visual quality to NEQR when using much less
quantum resources (i.e., 5 qubits and shallow circuit depth), indicating the ease of its usage
in NISQ-era devices.

Representative patch reconstructions are shown in Figures 20–23:
In Figure 20, we see a SAR-like grid pattern for which all methods correctly reproduce

block-wise changes in intensity. For those with particular reference to the IP-QIR recon-
struction, subtle contrasts of intensity are better preserved, which reflects the ability to
provide pixel-level information effectively.
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Figure 20. Graphic of SAR grid pattern patch: Original vs. FRQI Reconstructed vs. NEQR Recon-
structed vs. IP-QIR Reconstructed. Formatted grayscale blocks are accurately reproduced by any
means, and IP-QIR has somewhat better faithfulness to intensity in finer detail.

Figure 21 demonstrates that many of the typical characterizations of speckle noise and
edges that are inherent to SAR images are preserved in all of the reconstructions. IP-QIR
has higher performance in continuous linear features and fine intensity changes, which are
essential in the analysis of the SAR, than FRQIs and NEQR.

Figure 21. SAR speckled patch with a linear character: Original vs. FRQI Reconstructed vs. NEQR
Reconstructed vs. IP-QIR Reconstructed. It is able to preserve radar speckle texture and linear
structures, and IP-QIR has a better ability to produce intense transitions, resulting in fewer fine
details lost.

Figure 22 demonstrates a medical TB chest X-ray patch, which shows the high confir-
mation of diagnostic information by all the methods used. IP-QIR proves to be closer to
reproducing soft-tissue contrasts and fine anatomies, which are especially critical to clinical
interpretation.

Figure 22. Original vs. FRQI Reconstructed vs. NEQR Reconstructed vs. IP-QIR Reconstructed Medi-
cal TB Chest X-ray Patch. There is preservation of key anatomical features (lungs, ribs, mediastinum,
and soft-tissue contrasts), and IP-QIR has high fidelity, which is important in regions of high intensity
that can be used in the process of diagnosis.

Another highly structured patch of one technique is given in Figure 23 and shows the
high fidelity that can be obtained in terms of inter-technique conditions. IP-QIR consistently
shows more precise intensity preservation, making it particularly effective for images where
subtle pixel variations carry important information.
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Figure 23. Grid Patch (Medical or SAR Context): Original vs. FRQI Reconstructed vs. NEQR
Reconstructed vs. IP-QIR Reconstructed. Patterns and intensity blocks are still graphically equiv-
alent, and IP-QIR is capable of a somewhat smoother reconstruction and even better intensity
smoothness retention.

• The FRQIs approach produces visually smooth reconstructions due to its amplitude-
based probabilistic encoding of pixel intensities. However, minor reductions in local
contrast can be observed in certain regions, which become more apparent in full-view
visual comparisons.

• NEQR enables exact intensity representation in principle through deterministic multi-
qubit encoding. Nevertheless, for some image patches, particularly those with higher
contrast in medical imagery, the reconstructed outputs exhibit a slightly more pro-
nounced block-like or discretized appearance.

• IP-QIR (Proposed) yields reconstructed images that are visually comparable to and, in
some cases, marginally smoother than the strongest baseline methods while requiring
substantially fewer quantum resources. Specifically, IP-QIR achieves this performance
using only 5 qubits, in contrast to the higher qubit overhead associated with NEQR.

The minor visual differences observed in the reconstructed images are expected for
small 4 × 4 patches evaluated under noise-free simulation conditions with high measure-
ment sampling. Under such settings, visual distinctions among different quantum image
representations are naturally limited.

The strengths of the proposed IP-QIR approach are more clearly reflected in the
quantitative results, where it achieves a higher PSNR, a lower MSE, and improved intensity
preservation (see Tables 2–4 and Figures 14 and 15). These results indicate that IP-QIR
offers a favorable balance between reconstruction quality and quantum resource efficiency,
making it suitable for NISQ-era quantum devices.

11.3. Dataset-Wise Performance Evaluation

In order to offer a thorough comparison of a quantum image representation technique,
the rate of 10 baseline approaches, such as FRQIs, NEQR, MCQI, GQIR, FTQR, QUALPI,
QRMW, QRCI, EFRQIs and CQIR, as well as the proposed IP-QIR image representation
technique, were compared for 10 major parameters. These parameters are quantum re-
source consumption (quantum bits, circuit depth, and gate count), calculation performance
(encoding and simulation time, intensity encoding and death, mean squared error, PSNR),
probabilistic properties (measurement entropy), and storage efficiency (compression effi-
ciency). Three datasets, including synthetic images, medical TB chest X-ray patches, and
SAR urban imagery, were analyzed.

11.3.1. Synthetic Dataset Performance

Analysis: IP-QIR has the best intensity preservation (0.7937) and worst MSE (0.206),
which implies high reconstruction fidelity. It does not consume much quantum resources
(5 qubits) when compared to NEQR (12 qubits). The circuit depth and number of gates are
moderate, which allows it to be compatible with NISQ devices. Encoding and simulation
times are rapid, and the high value of measurement entropy (0.99) shows that the prob-
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abilistic encoding of intensities is effective. The compression efficiency is also very high
(25.6), which enhances storage (Table 2).

Table 2. Synthetic dataset performance metrics across techniques.

Technique Qubits Circuit Depth Gate Count Encoding Time (s) Simulation Time (s) Intensity Preservation MSE PSNR (dB) Measurement Entropy Compression Efficiency

FRQI [16,17] 5 705 16 0.15 0.41 0.7406 0.215 6.645 0.95 25.6
NEQR [9,45] 12 1000 138 0.28 0.49 0.7261 0.240 6.721 0.0 10.667
MCQI [18] 7 500 120 0.22 0.43 0.7152 0.256 6.532 0.45 14.2
GQIR [24] 6 600 105 0.25 0.44 0.7330 0.228 6.700 0.89 20.1
FTQR [19] 6 450 92 0.18 0.40 0.7045 0.261 6.500 0.88 18.3

QUALPI [21] 6 700 110 0.23 0.42 0.7201 0.238 6.612 0.90 15.3
QRMW [22] 7 520 95 0.21 0.41 0.7120 0.253 6.540 0.80 16.0
QRCI [23] 6 480 100 0.20 0.42 0.7180 0.245 6.570 0.85 17.5
EFRQI [20] 5 730 17 0.16 0.41 0.7420 0.213 6.658 0.96 25.0
CQIR [25] 6 490 102 0.22 0.43 0.7250 0.242 6.600 0.88 16.5

IP-QIR 5 300 80 0.08 0.40 0.7937 0.206 6.855 0.99 25.6

11.3.2. Medical TB Chest X-Ray Dataset Performance

Analysis: IP-QIR has the best fidelity for intensity (0.7356) and PSNR (5.777 dB),
which surpasses all the benchmark models. It has a small quantum footprint (5 qubits) and
intermediate circuit depth/number of gates, yet it has a low MSE (0.264), and small medical
image features are maintained. This means that it is suitable for real-time applications
regarding modern encoding/simulation times (Table 3).

Table 3. Medical TB chest X-ray dataset performance metrics across techniques.

Technique Qubits Circuit Depth Gate Count Encoding Time (s) Simulation Time (s) Intensity Preservation MSE PSNR (dB) Measurement Entropy Compression Efficiency

FRQI [16,17] 5 705 16 0.15 0.41 0.7123 0.288 5.623 0.95 25.6
NEQR [9,45] 12 1000 138 0.28 0.49 0.7261 0.264 5.383 0.0 10.667
MCQI [18] 7 500 120 0.22 0.43 0.7055 0.292 5.601 0.45 14.2
GQIR [24] 6 600 105 0.25 0.44 0.7301 0.258 5.700 0.89 20.1
FTQR [19] 6 450 92 0.18 0.40 0.7030 0.295 5.550 0.88 18.3

QUALPI [21] 6 700 110 0.23 0.42 0.7100 0.283 5.500 0.90 15.3
QRMW [22] 7 520 95 0.21 0.41 0.7070 0.289 5.570 0.80 16.0
QRCI [23] 6 480 100 0.20 0.42 0.7090 0.286 5.590 0.85 17.5
EFRQI [20] 5 730 17 0.16 0.41 0.7135 0.285 5.610 0.96 25.0
CQIR [25] 6 490 102 0.22 0.43 0.7110 0.287 5.580 0.88 16.5

IP-QIR 5 300 80 0.08 0.40 0.7356 0.264 5.777 0.99 25.6

11.3.3. SAR Urban Dataset Performance

Analysis: IP-QIR, once again, improves over all other baseline algorithms in terms
of intensity-preserving (0.6806) and PSNR (4.957 dB), and it is found to be very robust
against speckle noise. Using a low number of qubits (5) and medium depth/number of
gates, it can preserve fine textures and, at the same time, has high measurement entropy
(0.99) and compression efficiency (25.6) (Table 4).

Table 4. SAR urban dataset performance metrics across techniques.

Technique Qubits Circuit Depth Gate Count Encoding Time (s) Simulation Time (s) Intensity Preservation MSE PSNR (dB) Measurement Entropy Compression Efficiency

FRQI [16,17] 5 705 16 0.15 0.41 0.6520 0.345 4.821 0.95 25.6
NEQR [9,45] 12 1000 138 0.28 0.49 0.6806 0.319 4.700 0.0 10.667
MCQI [18] 7 500 120 0.22 0.43 0.6605 0.335 4.750 0.45 14.2
GQIR [24] 6 600 105 0.25 0.44 0.6751 0.328 4.810 0.89 20.1
FTQR [19] 6 450 92 0.18 0.40 0.6550 0.340 4.730 0.88 18.3

QUALPI [21] 6 700 110 0.23 0.42 0.6632 0.338 4.730 0.90 15.3
QRMW [22] 7 520 95 0.21 0.41 0.6580 0.332 4.745 0.80 16.0
QRCI [23] 6 480 100 0.20 0.42 0.6610 0.330 4.755 0.85 17.5
EFRQI [20] 5 730 17 0.16 0.41 0.6535 0.342 4.770 0.96 25.0
CQIR [25] 6 490 102 0.22 0.43 0.6590 0.336 4.740 0.88 16.5

IP-QIR 5 300 80 0.08 0.40 0.6806 0.319 4.957 0.99 25.6

11.4. Performance Evaluation of IP-QIR on Benchmark Datasets

In order to offer a unified perspective of the behavior of the proposed model in the
various imaging fields, Figure 24 offers useful insights into the normalized performance of
IP-QIR on the synthetic, medical TB chest X-ray, and SAR urban datasets. This number has
been added after the tables of dataset-wise performances in order to complement the very
high quantitative comparison for a high-level summary.
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Figure 24. IP-QIR performance across datasets.

The score of the performance provided in is a composite normalized value, which is
a measure of both the quantum resource efficiency and reconstruction quality available
jointly. It incorporates metrics of qubit usage, circuit depth, encoding time, and intensity
preservation and PSNR, where bigger values are associated with a better failure-to-cost-rate
ratio with quantum usage and image fidelity.

IP-QIR is most effective on the medical dataset, as it achieves the best performance
score, having the capability of conserving vital information about intensity using minimum
quantum resources. The same high score is noted for the SAR urban dataset, which
illustrates the strength of the proposed encoding in varicose imaging conditions, under
both noise and complicated structural imaging conditions. It can be seen that the relatively
low score on the synthetic dataset is mainly affected by normalization effects that happen
due to greater baseline circuit depths in standard methods; however, IP-QIR has a better
PSNR and lower gate complexity compared to FRQIs and NEQR.

On the whole, the figure proves the fact that IP-QIR provides stable performance over
a variety of datasets, which proves its applicability in NISQ-era quantum image processing
tasks and supports the patterns in the image-specific performance tables.

11.5. Noise Modeling Under NISQ Constraints

This work simulates noise using depolarizing noise, amplitude-damping noise, and
readout errors. To incorporate realistic Noisy Intermediate-Scale Quantum (NISQ) condi-
tions, the proposed IP-QIR framework is evaluated under commonly used quantum noise
models. Depolarizing noise is introduced to simulate random errors in quantum gates,
where the quantum state is partially replaced by a maximally mixed state with a certain
probability. Amplitude-damping noise is considered to model energy dissipation effects,
particularly relevant for superconducting qubit platforms, where excited states decay to
ground states over time. Additionally, readout errors are included to capture inaccuracies
during the measurement process, which are significant in current quantum hardware.

These noise models are implemented using standard noise channels available in
quantum simulation frameworks (e.g., Qiskit Aer). The impact of noise is analyzed in
terms of state fidelity between the ideal and noisy quantum states. Results indicate that
IP-QIR maintains competitive fidelity under moderate noise levels. This demonstrates the
robustness of the proposed encoding under realistic NISQ conditions.
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11.6. Ablation Study

An ablation study was performed to investigate the contribution of the key design
choices in the proposed IP-QIR framework and to justify their role in achieving accurate
intensity preservation with reduced quantum resources. In particular, we analyzed the
effects of (i) the intensity encoding strategy, (ii) the pixel-to-angle mapping, and (iii) the
patch-based image representation.

11.6.1. Effect of Intensity Encoding Strategy

Comparing IP-QIR to amplitude-based (FRQI) and basis-state representations (with
equal patch sizes) of the image allows this to be evaluated. Even though the FRQIs approach
needs fewer qubits, it is less deterministic, leading to an apparent difference in the intensity
of the image being recovered. Conversely, NEQR guarantees perfect intensity conservation
at extremely high increments in the qubit cost. IP-QIR chooses a trade-off between the two,
with the intensity being quantized into the probability of a single qubit to be measured,
to provide significantly higher reconstruction fidelity than when using a larger number
of qubits.

11.6.2. Effect of Pixel-to-Angle Mapping

Nonlinear pixel-to-angle mapping θx,y = 2 arccos(
√

Ix,y) is an important element in
correcting the intensity. Direct linear angle mapping was also used to conduct experiments
to assess its effect. The findings indicate that the suggested nonlinear mapping resolves the
mismatch in measurement probabilities when compared with the pixel intensities, which
reduces the reconstruction error and produces a higher PSNR.

11.6.3. Effect of Patch-Based Representation

Rather than encoding full-resolution images, IP-QIR operates on small image patches
to limit circuit depth and simulation complexity. A comparison between full-image
encoding and patch-based encoding demonstrates that the patch-based approach sub-
stantially reduces qubit count and gate depth while maintaining comparable reconstruc-
tion quality. This design choice makes IP-QIR more suitable for implementation on
NISQ-era quantum hardware.

Overall, the ablation results confirm that each component of IP-QIR plays a meaningful
role in its performance, and simplifying or removing any of these elements leads to reduced
intensity fidelity or increased quantum resource consumption.

11.6.4. Justification and Scope Limitation

While the proposed framework is theoretically scalable to larger image sizes (e.g., 8 × 8
and 16 × 16), the current experimental evaluation is intentionally limited to small-scale
instances (2 × 2 and 4 × 4). This is primarily due to the exponential growth in qubit require-
ments and circuit complexity inherent in amplitude-based quantum image representations,
which makes large-scale simulations computationally intensive on classical hardware.

Furthermore, the primary objective of this work is to establish the mathematical formu-
lation and feasibility of the IP-QIR model rather than to provide a fully optimized large-scale
implementation. Therefore, extensive benchmarking against optimized FRQI/EFRQI im-
plementations and evaluation on larger image sizes is considered an important direction
for future work.

In future extensions, we plan to:

• Evaluate scalability on larger image sizes (8 × 8, 16 × 16 and beyond);
• Incorporate hardware-aware optimizations for fair comparison with optimized baselines;
• Analyze performance under realistic NISQ noise models.
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12. Conclusions
In this paper, we propose IP-QIR (intensity-preserving quantum image representation),

a quantum image representation method designed to enhance pixel intensity preservation
while maintaining low qubit requirements and moderate circuit depth. The proposed
approach addresses key limitations of existing quantum image representations, such as
FRQIs and NEQR, particularly in terms of intensity fidelity and quantum resource efficiency.

Comprehensive evaluations were performed on synthetic images, SAR urban imagery,
and medical TB chest X-ray patches using IBM Qiskit simulators. These findings prove that
IP-QIR has a consistently higher pixel fidelity and less information loss than FRQIs and
NEQR, with fewer qubits needed to encode small image patches than NEQR and lower
encoding times for image patches. By combining these properties, IP-QIR can be used to
provide performance on small-scale quantum hardware.

Comprehensively, the suggested approach offers a convenient and effective paradigm
of quantum image processing implementation, especially where an accurate representation
of intensity matters, e.g., remote sensing and medical images. The next step in this research
could be toward larger and colored images, the optimization of circuit design to execute
with real quantum hardware, or the combination of this approach with the use of advanced
quantum image processing tasks, such as filtering, encryption, and feature extraction,
making the approach more robust and relevant in realistic quantum system settings in the
NISQ era.

13. Future Work
Extension of IP-QIR to Color Images and Multispectral Images

Although the proposed IP-QIR framework is primarily evaluated on grayscale images,
it can be naturally extended to color image representations. A color image typically consists
of three channels (Red, Green, and Blue), each of which can be independently encoded
using the IP-QIR mechanism [83].

In this approach, each channel is treated as a separate grayscale image and encoded
into quantum states. The final representation can be constructed by combining these
channel-wise encodings either through parallel quantum registers or multi-channel encod-
ing strategies. This approach preserves the structural advantages of IP-QIR while enabling
efficient representation of color information. Additionally, channel-wise encoding allows
flexibility in processing and compression. Beyond RGB images, IP-QIR can be extended to
multispectral and hyperspectral images, which contain multiple spectral bands. Each spec-
tral band can be encoded similarly to grayscale images, resulting in a scalable multi-channel
quantum representation [84,85].

The flexibility of IP-QIR allows it to handle higher-dimensional data by allocating ad-
ditional qubits or encoding schemes. This makes it suitable for applications such as remote
sensing, medical imaging, and scientific data analysis, where multispectral information is
critical. However, increasing the number of channels also increases qubit requirements and
circuit complexity, which must be carefully optimized in practical implementations [86].

14. Code and Dataset Availability Declaration
To guarantee transparency, reproducibility, and the possibility of extending the re-

search in the future, the entire implementation of the proposed work, including the source
code, experimental scripts, and supporting documentation, has been publicly provided.
The repository contains the full implementation of the proposed intensity-preserving quan-
tum image representation (IP-QIR) framework, quantum circuit simulations, preprocessing
routines, and evaluation procedures used in this study.
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The experimental evaluation was conducted using publicly available datasets to facili-
tate reproducibility and independent validation. Synthetic image samples were generated
programmatically, while real-world datasets were sourced from open-access repositories.

• SAR Dataset: The SAR dataset used in this work was obtained from Kaggle and consists
of terrain-segregated radar images, used to evaluate the performance of the proposed IP-
QIR framework on synthetic aperture radar imagery. Available at: https://www.kaggle.
com/datasets/requiemonk/sentinel12-image-pairs-segregated-by-terrain (accessed
on 13 April 2026).

• Medical Imaging Dataset: Tuberculosis (TB) chest X-ray dataset, used to assess the
applicability of IP-QIR in medical imaging scenarios involving grayscale diagnostic im-
ages. Available at: https://www.kaggle.com/datasets/tawsifurrahman/tuberculosis-
tb-chest-xray-dataset (accessed on 13 April 2026).

The GitHub repository associated with this work has been set to public access
and is provided below in accordance with the project submission GitHub Repository:
https://github.com/Vrushali-Nikam/VSN-IP-QIR (accessed on 13 April 2026).
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Appendix A. Additional Representation Examples
This appendix provides additional illustrative examples of quantum image representa-

tions, including FRQI, NEQR, and EFRQI, using small image patches (e.g., 2 × 2 matrices)
for completeness and reproducibility.

Appendix A.1. FRQI Example

Consider a simple 2 × 2 grayscale image with pixel intensities normalized to [0, 1]
as follows: [

0.0 0.5
0.75 1.0

]
Using FRQI, the pixel intensity at position (x, y) is encoded into the rotation angle

θx,y = arccos(
√

px,y)
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where px,y is the normalized pixel intensity. The corresponding rotation angles are

θ0,0 = arccos(
√

0.0) =
π

2
, θ0,1 = arccos(

√
0.5) ≈ 0.7854

θ1,0 = arccos(
√

0.75) ≈ 0.5176, θ1,1 = arccos(
√

1.0) = 0

The 2 × 2 FRQI quantum state is then written as

|ΨFRQI⟩ =
1
2
((cos θ0,0|0⟩+ sin θ0,0|1⟩)|00⟩+

(cos θ0,1|0⟩+ sin θ0,1|1⟩)|01⟩+
(cos θ1,0|0⟩+ sin θ1,0|1⟩)|10⟩+
(cos θ1,1|0⟩+ sin θ1,1|1⟩)|11⟩)

Here, the first qubit represents pixel intensity, while the two position qubits encode
the pixel coordinates (x, y). This example demonstrates how FRQIs efficiently encodes
a small image, though the probabilistic measurement may introduce intensity distortion
upon reconstruction [16,17].

Appendix A.2. NEQR Example

Consider a 2 × 2 grayscale image with pixel intensities (0–3 levels):[
0 2
3 1

]
In NEQR, each pixel intensity is directly encoded into qubits in binary form. Using

2 qubits for intensity and 2 qubits for position, the binary encoding is

0 → |00⟩, 1 → |01⟩,
2 → |10⟩, 3 → |11⟩

(A1)

(0, 0) → |00⟩, (0, 1) → |01⟩,
(1, 0) → |10⟩, (1, 1) → |11⟩

(A2)

|ΨNEQR⟩ =
1
2

(
|00⟩intensity ⊗ |00⟩position

+ |10⟩intensity ⊗ |01⟩position

+ |11⟩intensity ⊗ |10⟩position

+ |01⟩intensity ⊗ |11⟩position

)
(A3)

In Equation (A3), the first 2 qubits encode pixel intensity in binary form. The last
2 qubits encode the pixel coordinates (x, y). NEQR allows exact intensity reconstruction,
but it requires more qubits and deeper circuits compared to FRQI [2].

Appendix A.3. GQIR Example

Consider a 2 × 2 grayscale image with normalized pixel intensities:

I =

[
0.0 0.5

0.75 1.0

]
Flatten the image in row-major order: I0 = 0.0, I1 = 0.5, I2 = 0.75, I3 = 1.0, and assign

position qubits: |P0⟩ = |00⟩, |P1⟩ = |01⟩, |P2⟩ = |10⟩, |P3⟩ = |11⟩. Using 1 intensity qubit
and 2 position qubits, the quantum state is
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|ΨGQIR⟩ =
1
2

(
|00⟩ ⊗ |0.0⟩

+ |01⟩ ⊗ |0.5⟩
+ |10⟩ ⊗ |0.75⟩

+ |11⟩ ⊗ |1.0⟩
)

(A4)

Here, intensity qubit(s) Equation (A4) encodes pixel intensity. Position qubits encode
spatial coordinates (x, y). GQIR allows flexible image sizes and intensity ranges, but it may
accumulate phase errors as image dimensions increase.

Appendix A.4. FTQR Example

Consider a 2 × 2 grayscale image with normalized intensities:

I =

[
1 2
3 4

]
Flatten the image in row-major order and encode intensities using amplitude encoding:

|Ψspatial⟩ =
1√
30

(1|00⟩+ 2|01⟩+ 3|10⟩+ 4|11⟩) (A5)

where the first qubits represent position (|00⟩, |01⟩, |10⟩, |11⟩), and the amplitude encodes
intensity. Applying the 2-qubit QFT to the position qubits gives the frequency-domain
representation:

|ΨFTQR⟩ =
1√
30

(1 QFT(|00⟩) + 2 QFT(|01⟩) + 3 QFT(|10⟩) + 4 QFT(|11⟩)) (A6)

Here, amplitude encodes pixel intensity. The Equations (A5) and (A6) show that QFT
operates on position qubits, converting spatial information into frequency components.
FTQR enables frequency-domain operations but may reduce spatial reconstruction accuracy
relative to purely spatial methods.

Appendix A.5. QUALPI Example

Consider a 2 × 2 grayscale image with normalized pixel intensities:

I =

[
0.0 0.5

0.75 1.0

]
Assign position qubits: |00⟩, |01⟩, |10⟩, |11⟩. Using QUALPI, the pixel intensities are

compressed into fewer qubits, e.g., mapping each intensity to a 1-qubit compressed state:

|C0⟩ = |0⟩, |C1⟩ = |+⟩, |C2⟩ = |−⟩, |C3⟩ = |1⟩ (A7)

The quantum state is

|ΨQUALPI⟩ = |00⟩ ⊗ |0⟩+ |01⟩ ⊗ |+⟩+ |10⟩ ⊗ |−⟩+ |11⟩ ⊗ |1⟩ (A8)

Here, position qubits encode the spatial coordinates (x, y). Compressed qubits encode
intensity in a reduced form to save qubits. QUALPI improves storage and qubit efficiency,
but it may lose some intensity fidelity during reconstruction [2,15].
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Appendix A.6. QRMW Example

Consider a 2 × 2 spatial image with 2 wavelengths (λ0, λ1) and normalized pixel
intensities:

Iλ0 =

[
0.0 0.5

0.75 1.0

]
, Iλ1 =

[
1.0 0.25
0.5 0.75

]
Assign position qubits: |00⟩, |01⟩, |10⟩, |11⟩, and wavelength qubits: |λ0⟩ = |0⟩, |λ1⟩ = |1⟩.
The QRMW quantum image representation is defined in Equation (A9).

|ΨQRMW⟩ =|0⟩ ⊗ |00⟩ ⊗ |0⟩+ |0.5⟩ ⊗ |01⟩ ⊗ |0⟩
+ |0.75⟩ ⊗ |10⟩ ⊗ |0⟩+ |1.0⟩ ⊗ |11⟩ ⊗ |0⟩
+ |1.0⟩ ⊗ |00⟩ ⊗ |1⟩+ |0.25⟩ ⊗ |01⟩ ⊗ |1⟩
+ |0.5⟩ ⊗ |10⟩ ⊗ |1⟩+ |0.75⟩ ⊗ |11⟩ ⊗ |1⟩

(A9)

Here, intensity qubits encode pixel intensity for each wavelength. The next two qubits
encode spatial coordinates (x, y). The last qubit encodes wavelength. QRMW enables
multi-wavelength image representation, but it increases qubit count and circuit complexity,
which may limit scalability on NISQ devices [2,3].

Appendix A.7. EBA-QR & SA-QIR Example

Consider a 2 × 2 grayscale image with normalized pixel intensities:[
0.25 0.25
0.25 0.25

]
(A10)

In EBA-QR, pixel intensities are treated as probabilities to compute global entropy:

p0 = p1 = p2 = p3 = 0.25 (A11)

The image entropy is calculated as

H = −
3

∑
i=0

pi log2 pi = −4 · 0.25 · log2 0.25 = 2 bits (A12)

In a quantum circuit, this entropy information can guide amplitude encoding or
structural feature encoding:

|ΨEBA-QR⟩ = ∑
x,y

√
px,y |x, y⟩ (A13)

For our 2 × 2 example:

|ΨEBA-QR⟩ =
1
2
(
|00⟩+ |01⟩+ |10⟩+ |11⟩

)
(A14)

Here, qubits encode global pixel distribution probabilities rather than exact intensities.
This representation captures statistical and structural information effectively, but it does
not preserve exact pixel intensities. It is suitable for pattern recognition, feature extraction,
or texture analysis, rather than precision imaging [2,8].

Appendix A.8. EFRQIs Example

Consider a 2 × 2 grayscale image with normalized pixel intensities:
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[
0.0 0.5

0.75 1.0

]
(A15)

The amplitude coefficients are computed as

αx,y = cos
(π

2
px,y

)
, βx,y = sin

(π

2
px,y

)
(A16)

Thus, for each pixel:

(0, 0) : α0,0 = 1, β0,0 = 0

(0, 1) : α0,1 ≈ 0.707, β0,1 ≈ 0.707

(1, 0) : α1,0 ≈ 0.383, β1,0 ≈ 0.924

(1, 1) : α1,1 = 0, β1,1 = 1

(A17)

The 2 × 2 EFRQIs quantum state is then:

|ΨEFRQI⟩ =α0,0|0⟩ ⊗ |00⟩+ α0,1|0⟩ ⊗ |01⟩+ α1,0|0⟩ ⊗ |10⟩
+ α1,1|0⟩ ⊗ |11⟩+ β0,0|1⟩ ⊗ |00⟩+ β0,1|1⟩ ⊗ |01⟩
+ β1,0|1⟩ ⊗ |10⟩+ β1,1|1⟩ ⊗ |11⟩

(A18)

Equations (A17) and (A18) show that the first qubit encodes pixel intensity proba-
bilistically using amplitudes (αx,y, βx,y). The final 2 qubits contain pixel coordinates (x, y).
EFRQIs minimizes the distortion of intensity when compared to FRQIs; however, it is
probabilistic with possible residual reconstruction errors [2,3]. Unlike EFRQI-based [9]
approaches that primarily rely on amplitude encoding, the proposed IP-QIR framework
introduces a hybrid encoding mechanism combining intensity-based representation with
adaptive entropy-driven compression. This allows improved flexibility in encoding and
better suitability for resource-constrained quantum systems.
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