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Abstract

Quantum image processing provides significant storage benefits over classical methods.
However, current quantum image representation techniques exhibit limitations regarding
encoding efficiency, circuit complexity, and adaptability to image content. This paper pro-
poses Saliency-Aware Hybrid Quantum Image Representation (SAHQR), utilizing saliency
detection for content-adaptive representation. It selectively focuses on salient regions, allo-
cating quantum resources proportionally to visual importance, whereas existing techniques
represent all regions uniformly.The proposed approach is evaluated against ten state-of-the-
art quantum image representation techniques using ten criteria: number of qubits, circuit
depth, gate complexity, encoding time, scalability, information loss, compression ratio,
memory overhead, and implementation complexity Experimental results on 6097 medical
images from the MINC database demonstrate that this work should be interpreted as a
proof of concept for saliency-aware quantum encoding, rather than as a universally op-
timal representation.The evaluation is extended to 2000 Synthetic Aperture Radar (SAR)
tiles and 2298 Brain Tumor MRI scans to validate cross-domain generalization. Statistical
significance tests (p < 0.001) confirm SAHQR yields statistically significant improvements
over existing techniques across all three domains.

Keywords: quantum image processing; quantum image representation; saliency detection;
medical imaging; quantum computing; hybrid encoding

1. Introduction
The intersection of quantum computing and image processing represents one of the

most promising frontiers in computational science. As digital imaging technologies con-
tinue to advance, the volume and resolution of image data have grown exponentially,
creating unprecedented challenges for conventional computing paradigms [1]. Medical
imaging, satellite imagery, autonomous vehicle systems, and high-energy physics experi-
ments generate petabytes of visual data daily, far exceeding the processing capabilities of
classical computing infrastructure. Quantum computing, with its fundamental ability to
process information in superposition states, offers a transformative approach to addressing
these challenges.
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1.1. Background on Quantum Computing

At its core, quantum computing is built on two fundamental concepts: qubits and
quantum gates. A qubit, short for quantum bit, is the basic unit of information in quantum
computing. Unlike a classical bit that can only be either 0 or 1 at any given moment, a qubit
can exist in both states at the same time. This remarkable property is called superposition.
Think of it like a coin spinning in the air: while it spins, it is neither heads nor tails, but
rather a combination of both possibilities. Only when you catch the coin (or measure the
qubit) does it settle into a definite state.

Mathematically, a qubit state |ψ⟩ is represented as:

|ψ⟩ = α |0⟩+ β |1⟩ (1)

where α and β are complex probability amplitudes satisfying the normalization condition
|α|2 + |β|2 = 1. The values |α|2 and |β|2 represent the probabilities of measuring the qubit
in state 0 or state 1, respectively [2].

The true power of quantum computing emerges when we use multiple qubits together.
A system of n qubits can represent 2n different states simultaneously. For example, just
10 qubits can represent 1024 states at once, and 50 qubits can represent over one quadrillion
states. This exponential scaling, combined with quantum phenomena like entanglement
(where qubits become correlated in ways impossible for classical bits) and interference
(where quantum states can amplify or cancel each other), enables quantum computers to
solve certain problems exponentially faster than classical computers [3,4]. Recent advances
in quantum control and error correction have further accelerated the development of
practical quantum algorithms [5–8].

Quantum gates are the operations we perform on qubits to manipulate their states,
much like logic gates (AND, OR, NOT) manipulate classical bits in traditional computers.
However, unlike classical gates that simply flip bits, quantum gates rotate the qubit state
in a continuous manner. Common single-qubit gates include the Pauli X gate (which
flips the qubit like a classical NOT gate), the Hadamard gate (which creates superposition
by putting a qubit into an equal mixture of 0 and 1), and rotation gates that turn the
qubit state by specific angles. When we need qubits to work together, we use multi-qubit
gates like the controlled-NOT (CNOT) gate, which flips one qubit only if another qubit
is in state 1. This ability to create controlled interactions between qubits is what enables
entanglement. The total number of gates and the depth of the quantum circuit (how
many gate operations happen in sequence) directly affect how well a quantum algorithm
performs on real hardware, especially on current noisy intermediate-scale quantum (NISQ)
devices [9–11].

1.2. Quantum Image Processing

Quantum image processing (QIP) applies quantum computing principles to image
analysis, aiming to achieve speedups in tasks such as image encoding, transformation,
filtering, and feature extraction [12,13]. The field emerged from the recognition that images,
as structured numerical data, could benefit from quantum parallelism if efficiently encoded
into quantum states.

The foundational challenge in QIP is developing efficient quantum image represen-
tations that encode classical image data into quantum states while minimizing resource
requirements. An ideal representation should achieve: (1) minimal qubit count for a given
image size, (2) shallow circuit depth for noise resilience, (3) low gate count for reduced
error accumulation, (4) efficient encoding and retrieval operations, and (5) compatibility
with subsequent quantum image processing operations [14,15].
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Over the past decade, numerous quantum image representation schemes have been
proposed, each with distinct trade-offs between these objectives. Early methods such as
Qubit Lattice [16] and Real Ket [17] laid the groundwork, followed by more sophisticated
approaches including Flexible Representation of Quantum Images (FRQI) [18], Novel
Enhanced Quantum Representation (NEQR) [19], and their variants [20–23]. Despite
significant progress, existing methods share a common limitation: they treat all image pixels
uniformly, applying identical encoding precision regardless of local image characteristics
or visual importance [24,25].

1.3. Saliency Detection in Image Processing

Saliency detection identifies regions within an image that are visually prominent or
attract human attention [26–31]. In computational terms, saliency maps assign higher
values to pixels or regions that differ significantly from their surroundings in terms of
color, intensity, texture, or semantic content. Saliency detection has proven invaluable in
numerous applications, including image compression, object recognition, visual tracking,
and image retrieval [32–35].

In medical imaging, saliency corresponds to enhance edge and gradient-based struc-
tural features such as tumors, lesions, anatomical landmarks, and tissue boundaries [36–40].
These regions contain critical information for diagnosis, while homogeneous tissue ar-
eas and background regions contribute minimally to diagnostic value. Traditional image
compression techniques exploit this observation through region of interest (ROI) coding,
allocating higher bit rates to salient regions while aggressively compressing less important
areas [41].

The integration of saliency detection into quantum image representation represents a
novel contribution of this work. By identifying salient regions prior to quantum encoding,
we can develop hybrid encoding strategies that allocate quantum resources proportionally
to visual importance, achieving superior compression without sacrificing diagnostic fidelity.

1.4. Research Gaps

Despite the proliferation of quantum image representation methods, several critical
gaps remain in the literature:

1. Lack of content-awareness: Existing methods apply uniform encoding across all im-
age regions, ignoring variations in local information content and visual importance.
This leads to inefficient resource allocation, particularly for images with heteroge-
neous content.

2. Limited comparative studies: Most published works compare only two or three meth-
ods, making it difficult to identify optimal representations for specific applications. A
comprehensive comparative analysis across multiple methods and evaluation criteria
is needed [42].

3. Narrow evaluation metrics: Existing studies typically focus on qubit count and gate
complexity, neglecting other important factors such as encoding time, scalability,
information loss, and implementation complexity.

4. Limited medical imaging applications: While quantum image processing holds signif-
icant promise for medical imaging, few studies have evaluated quantum representa-
tions on medical image datasets with clinically relevant metrics.

1.5. Contributions

This paper addresses the identified gaps through the following contributions:

1. Novel SAHQR: We introduce Saliency-Aware Hybrid Quantum Image Representation
(SAHQR), a content-adaptive encoding scheme that leverages classical saliency detec-
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tion to guide quantum resource allocation. SAHQR achieves superior compression by
concentrating encoding precision on visually important regions.

2. Comprehensive comparative analysis: We conduct the most extensive compara-
tive study in the quantum image processing literature, evaluating eleven methods
(ten existing plus SAHQR) across ten evaluation parameters using 10,395 images
from three distinct domains: 6097 MINC medical images, 2000 SAR satellite tiles, and
2298 Brain Tumor MRI scans.

3. Ten-parameter evaluation framework: We propose and implement a comprehensive
evaluation framework encompassing qubit count, circuit depth, gate count, encod-
ing time, scalability, information loss, compression ratio, memory overhead, gate
complexity, and implementation complexity.

4. Statistical validation: We perform rigorous statistical significance tests to validate
the performance differences between methods, providing confidence in our compara-
tive findings.

5. Medical imaging application: We demonstrate the applicability of quantum im-
age representations to medical imaging through experiments on the MINC medical
image dataset.

1.6. Paper Organization

The remainder of this paper is organized as follows. Section 2 presents the motiva-
tion for this research. Section 3 provides a comprehensive review of existing quantum
image representation methods, including detailed mathematical formulations and circuit
diagrams. Section 4 summarizes the research contributions. Section 5 presents the formal
problem statement and mathematical framework. Section 6 describes the medical image
dataset used in experiments. Section 7 details the proposed SAHQR method. Section 8
describes the experimental setup and evaluation methodology. Section 9 presents experi-
mental results and comparative analysis. Section 10 concludes the paper with a summary
of findings and directions for future research.

2. Motivation
The exponential growth of digital image data, particularly in medical imaging, has cre-

ated unprecedented challenges for storage, transmission, and processing systems. Medical
imaging modalities such as MRI, CT, and PET scans generate massive volumes of high-
resolution images daily, straining conventional computing infrastructure and demanding
innovative solutions for efficient data handling [43].

Classical computing approaches face fundamental limitations when processing large-
scale image datasets. The von Neumann bottleneck, where data must be continuously
shuttled between memory and processing units, creates inherent inefficiencies that become
increasingly pronounced as image resolutions and dataset sizes grow [44]. Furthermore,
the computational complexity of many image processing algorithms scales polynomially
or exponentially with image dimensions, rendering real-time processing of high-resolution
medical images computationally prohibitive on classical hardware [45].

Quantum computing offers a paradigm shift in computational capability through
the principles of superposition and entanglement. A quantum system with n qubits can
simultaneously represent 2n states, enabling exponential compression of classical data into
quantum states [2]. This fundamental property makes quantum computing particularly
attractive for image processing applications, where the inherent parallelism of quantum
operations can theoretically achieve exponential speedups over classical algorithms [12].

However, realizing the potential of quantum image processing requires efficient meth-
ods for encoding classical image data into quantum states. The choice of quantum image
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representation fundamentally determines the complexity of subsequent quantum oper-
ations and the overall efficiency of quantum image processing pipelines [14]. An ideal
representation should minimize qubit requirements, reduce circuit depth for improved
noise resilience, and maintain high fidelity during encoding and retrieval operations.

Existing quantum image representation methods, while pioneering, exhibit signifi-
cant limitations that hinder their practical applicability. Methods such as FRQI [18] and
NEQR [19] treat all image pixels uniformly, allocating equal quantum resources regardless
of visual importance or information content. This uniform treatment leads to inefficient
resource utilization, as background regions with minimal information receive the same
encoding effort as visually salient regions containing critical diagnostic information. This
resource allocation challenge is illustrated in Figure 1.

Figure 1. Motivation for the proposed saliency-aware quantum encoding approach. (a) Original
medical image showing a distinct tumor region. (b) Saliency map highlighting the region of interest
(ROI). (c) Conceptual resource allocation, where qubits are concentrated on the ROI (high density)
while the background is represented with lower density.

In medical imaging applications, this inefficiency is particularly problematic. Medi-
cal images typically contain regions of varying diagnostic importance, with pathological
features, anatomical landmarks, and regions of interest (ROIs) requiring precise represen-
tation, while homogeneous tissue regions and background areas contribute minimally to
diagnostic value [36]. A content-aware encoding strategy that allocates quantum resources
proportionally to visual saliency could significantly improve encoding efficiency without
sacrificing diagnostic fidelity.

Saliency detection, a well-established technique in classical computer vision, identifies
image regions that attract human visual attention [26]. By integrating saliency-aware
processing into quantum image representation, we can develop hybrid encoding schemes
that combine the strengths of classical saliency analysis with quantum computational
advantages. This hybrid approach enables intelligent resource allocation, concentrating
quantum encoding precision on enhancing edge and gradient-based structural features
while applying more aggressive compression to less important areas.

The motivation for SAHQR (Saliency-Aware Hybrid Quantum Image Representation)
stems from this observation: by leveraging saliency information during the encoding
process, we can achieve superior compression ratios while maintaining the fidelity of
visually important regions. This content adaptive approach represents a departure from
conventional uniform encoding methods and opens new possibilities for efficient quantum
image processing in resource constrained quantum hardware environments.

Furthermore, the current landscape of quantum image processing research lacks
comprehensive comparative studies that evaluate multiple representation methods across
diverse evaluation criteria. Most existing studies compare only two or three methods,
limiting the ability to identify optimal approaches for specific applications [42]. A rigor-
ous comparative analysis across ten established methods and ten evaluation parameters
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provides valuable insights for researchers and practitioners selecting quantum image
representations for their applications.

This work addresses these gaps by introducing SAHQR, a novel saliency-aware
quantum image representation, and conducting a comprehensive comparative evaluation
against ten established methods using 6097 medical images. The contributions of this
research advance both the theoretical understanding and practical applicability of quantum
image processing in medical imaging contexts.

3. Related Work
This section provides a comprehensive review of existing quantum image representa-

tion methods. For each method, we present the mathematical formulation, circuit structure,
complexity analysis, and discussion of advantages and limitations. We organize the review
chronologically and by methodological approach.

3.1. Flexible Representation of Quantum Images (FRQI)

The Flexible Representation of Quantum Images (FRQI), proposed by Le et al. [18],
was among the first comprehensive quantum image representation schemes. FRQI encodes
a grayscale image of size 2n × 2n into a normalized quantum state by encoding pixel
intensities as rotation angles.

3.1.1. Mathematical Formulation

For an image I with 22n pixels, the FRQI state is defined as:

|I⟩FRQI =
1
2n

22n−1

∑
i=0

(cos θi |0⟩+ sin θi |1⟩)⊗ |i⟩ (2)

where θi = π
2 ·

gi
255 ∈ [0, π

2 ] encodes the grayscale value gi ∈ [0, 255] of pixel i, and |i⟩
represents the position encoded in 2n qubits.

3.1.2. FRQI Circuit Structure

The FRQI circuit consists of three main components: (1) Hadamard gates to create
position superposition, (2) controlled rotation gates for pixel encoding, and (3) position-
controlled operations. The simplified circuit architecture for a sample 2 × 2 image is
illustrated in Figure 2.

|0⟩ H

|0⟩ H

|0⟩ Ry(θ0) Ry(θ1) Ry(θ2) Ry(θ3)

Figure 2. Simplified FRQI circuit for a 2× 2 image. Position qubits (top two) control rotation gates
applied to the color qubit (bottom).

3.1.3. FRQI Complexity Analysis

• Qubits: 2n + 1 for a 2n × 2n image (9 qubits for 16 × 16);
• Gate count: O(22n) controlled rotation gates;
• Circuit depth: O(22n) in the worst case.
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3.1.4. FRQI: Advantages and Limitation

FRQI achieves excellent compression by encoding pixel values in rotation angles,
requiring only one color qubit. However, information retrieval requires multiple measure-
ments, and the sensitivity to rotation angle precision can introduce quantization errors. The
method is primarily suited for grayscale images.

3.2. Novel Enhanced Quantum Representation (NEQR)

Zhang et al. [19] proposed NEQR as an enhancement to FRQI, encoding pixel values
in the computational basis rather than rotation angles for improved retrieval accuracy. The
typical circuit structure for NEQR is shown in Figure 3.

|0⟩ posx H

|0⟩ posy H

|0⟩ c0

|0⟩ c1

|0⟩ cq−1

Figure 3. Simplified NEQR circuit structure. Position qubits control CNOT gates that set color
qubit values.

3.2.1. NEQR Mathematical Formulation

The NEQR state for an image with q-bit grayscale values is:

|I⟩NEQR =
1
2n

2n−1

∑
y=0

2n−1

∑
x=0
|Cyx⟩ ⊗ |y⟩ ⊗ |x⟩ (3)

where |Cyx⟩ = |cq−1
yx cq−2

yx · · · c0
yx⟩ encodes the q-bit grayscale value at position (y, x).

3.2.2. NEQR Complexity Analysis

• Qubits: 2n+ q for 2n× 2n image with q-bit color (16 qubits for 16× 16 with 8-bit color);
• Gate count: O(q · 22n) CNOT gates;
• Circuit depth: O(q · 22n).

3.2.3. NEQR:Advantages and Limitations

NEQR enables single-measurement retrieval of pixel values and supports exact repre-
sentation without quantization errors. However, it requires significantly more qubits than
FRQI and has higher gate complexity.

3.3. Generalized Quantum Image Representation (GQIR)

Jiang and Wang [15,46] proposed GQIR as a generalization that supports arbitrary im-
age sizes beyond powers of two. The generalized circuit structure is presented in Figure 4.

3.3.1. Mathematical Formulation

For an image of size M× N:

|I⟩GQIR =
1√
MN

M−1

∑
y=0

N−1

∑
x=0
| f (y, x)⟩ |y⟩ |x⟩ (4)
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where | f (y, x)⟩ encodes the grayscale value at position (y, x).

|0⟩ H
Upos

|0⟩ H

|0⟩ Uc

Figure 4. GQIR circuit with generalized position encoding Upos for arbitrary image dimensions.

3.3.2. GQIR Complexity Analysis

• Qubits: ⌈log2 M⌉+ ⌈log2 N⌉+ q (12 qubits typical);
• Gate count: O(MN);
• Circuit depth: O(MN).

3.4. Multi-Channel Quantum Image (MCQI)

Sun et al. [13,47] introduced MCQI for color images, using distinct qubits to encode R,
G, and B channels. The MCQI circuit architecture is depicted in Figure 5.

pos H

R UR

G UG

B UB

Figure 5. MCQI circuit with separate encoding for RGB channels.

3.4.1. Mathematical Formulation

|I⟩MCQI =
1
2n

22n−1

∑
i=0
|Ri⟩ |Gi⟩ |Bi⟩ ⊗ |i⟩ (5)

where |Ri⟩, |Gi⟩, |Bi⟩ encode red, green, and blue channel values.

3.4.2. MCQI Complexity Analysis

• Qubits: 2n + 3q (18 qubits for 16 × 16 RGB);
• Gate count: O(3q · 22n);
• Circuit depth: O(3 · 22n).

3.5. Quantum Representation for Multi-Wavelength Images (QRMW)

Jiang et al. [48,49] proposed QRMW for hyperspectral imaging, extending MCQI to
multiple wavelength bands. The band-selection mechanism for multi-wavelength encoding
is illustrated in Figure 6.

3.5.1. Mathematical Formulation

|I⟩QRMW =
1

2n
√

K

K−1

∑
k=0

22n−1

∑
i=0
|Ck

i ⟩ ⊗ |k⟩ ⊗ |i⟩ (6)

where K is the number of spectral bands and |Ck
i ⟩ encodes the pixel value in band k.
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pos H

band H

color UMW

Figure 6. QRMW circuit with band selection qubits for multi-wavelength encoding.

3.5.2. QRMW Complexity Analysis

• Qubits: 2n + ⌈log2 K⌉+ q (18 qubits typical);
• Gate count: O(K · q · 22n);
• Circuit depth: O(K · 22n).

3.6. Enhanced FRQI (EFRQI)

Sang et al. [50,51] proposed EFRQI to improve upon FRQI’s compression ratio for
large-scale images. Figure 7 shows the enhanced parameterized circuit structure.

|0⟩ H

|0⟩ U(θ, ϕ)

Figure 7. EFRQI circuit using parameterized unitary U(θ, ϕ) for enhanced encoding.

3.6.1. Mathematical Formulation

EFRQI extends FRQI by using enhanced angle encoding:

|I⟩EFRQI =
1
2n

22n−1

∑
i=0

(
cos θi |0⟩+ eiϕi sin θi |1⟩

)
⊗ |i⟩ (7)

where both θi and ϕi encode image information.

3.6.2. EFRQI Complexity Analysis

• Qubits: 2n + 1 (9 qubits for 16 × 16);
• Gate count: O(22n);
• Circuit depth: O(22n).

3.7. 2D Quantum State Normalization Approach (2D-QSNA)

To address the depth limitations of basis encoding, 2D-QSNA [52,53] utilizes amplitude
encoding. The normalized state approach for 2D images is reflected in the circuit structure
shown in Figure 8.

|0⟩ Ry

|0⟩ Ry Ry

|0⟩ Ry

Figure 8. 2D-QSNA circuit using amplitude encoding with rotation gates.
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3.7.1. Mathematical Formulation

|I⟩2D-QSNA =
N−1

∑
i=0

αi |i⟩ (8)

where αi =
gi√
∑j g2

j

are normalized amplitudes.

3.7.2. 2D-QSNA Complexity Analysis

• Qubits: ⌈log2 N⌉ (8 qubits for 256 pixels);
• Gate count: O(N);
• Circuit depth: O(log N).

3.8. Improved NEQR (INEQR)

Jiang et al. [54,55] proposed INEQR to optimize the quantum cost of NEQR. Figure 9
depicts the improved circuit structure with reduced auxiliary requirements.

pos H

R X

G X

B X

Figure 9. INEQR circuit with improved color channel encoding.

3.8.1. Mathematical Formulation

|I⟩INEQR =
1
2n

2n−1

∑
y=0

2n−1

∑
x=0
|CR

yx⟩ |CG
yx⟩ |CB

yx⟩ |y⟩ |x⟩ (9)

3.8.2. INEQR Complexity Analysis

• Qubits: 2n + 3q (16 qubits for grayscale 16 × 16);
• Gate count: O(3q · 22n);
• Circuit depth: O(22n).

3.9. Quantum Probability Image Encoding (QPIE)

Yao et al. [56,57] introduced QPIE pixel values in measurement probabilities. The
probability-based encoding circuit is illustrated in Figure 10.

|0⟩ Ry(θ1)

|0⟩ Ry(θ2)

|0⟩ Ry(θ3)

Figure 10. QPIE circuit using probability amplitude encoding.
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3.9.1. Mathematical Formulation

|I⟩QPIE =
N−1

∑
i=0

√
pi |i⟩ (10)

where pi =
gi

∑j gj
encodes normalized pixel intensities as probabilities.

3.9.2. QPIE Complexity Analysis

• Qubits: ⌈log2 N⌉ (8 qubits for 256 pixels);
• Gate count: O(N);
• Circuit depth: O(N).

3.10. Quantum Log-Polar Representation (QLR)

QLR [49,58] introduces a log-polar coordinate representation for rotation-invariant
processing. The log-polar coordinate transform circuit is shown in Figure 11.

ρ H

θ H

color ULP

Figure 11. QLR circuit with log-polar coordinate encoding.

3.10.1. Mathematical Formulation

|I⟩QLR =
1
2n

2n−1

∑
ρ=0

2n−1

∑
θ=0
| f (ρ, θ)⟩ |ρ⟩ |θ⟩ (11)

where (ρ, θ) are log-polar coordinates.

3.10.2. QLR Complexity Analysis

• Qubits: 2n + q (16 qubits for 16 × 16);
• Gate count: O(q · 22n);
• Circuit depth: O(22n).

3.11. Summary of Existing Methods

Table 1 summarizes the key characteristics of the ten reviewed quantum image repre-
sentation methods.

Table 1. Summary of quantum image representation methods for 2n × 2n images with q-bit color depth.

Method Qubits Gates Depth Color Support

FRQI 2n + 1 O(22n) O(22n) Grayscale
NEQR 2n + q O(q · 22n) O(q · 22n) Grayscale
GQIR 2n + q O(MN) O(MN) Grayscale
MCQI 2n + 3q O(3q · 22n) O(3 · 22n) RGB
QRMW 2n + log K + q O(Kq · 22n) O(K · 22n) Multi-spectral
EFRQI 2n + 1 O(22n) O(22n) Grayscale
2D-QSNA log N O(N) O(log N) Grayscale
INEQR 2n + 3q O(3q · 22n) O(22n) RGB
QPIE log N O(N) O(N) Grayscale
QLR 2n + q O(q · 22n) O(22n) Grayscale
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The reviewed methods demonstrate the diversity of approaches to quantum image
representation. However, all share a common limitation: they apply uniform encod-
ing across all image regions, ignoring variations in local visual importance. This limita-
tion motivates the development of SAHQR, which introduces content-awareness through
saliency detection.

3.12. Other Developments

Beyond the primary methods discussed, the field has seen rapid development with
various other optimizations to address specific computational challenges [45]. Advances
in quantum algorithms [5–8] and error correction have paralleled improvements in image
representation. Other notable approaches and variants [17,20–25] continue to explore
different trade-offs in the design space. In specific application domains, such as medical
imaging and remote sensing, saliency-based and ROI-based coding techniques [32–35,41,59]
have shown promise for classical data, motivating their adaptation to quantum frameworks.
Handling specialized formats like MINC [60,61] also remains a crucial consideration for
practical deployment.

4. Research Contribution
This section summarizes the key contributions of this research, which advance both

the theoretical foundations and practical applications of quantum image processing.

4.1. Novel Saliency-Aware Quantum Image Representation

The primary contribution of this work is the introduction of SAHQR (Saliency-Aware
Hybrid Quantum Image Representation), a novel content-adaptive quantum encoding
scheme. Unlike existing methods that apply uniform encoding across all image regions,
SAHQR integrates classical saliency detection with quantum encoding to achieve intelligent
resource allocation. The key innovation lies in the hybrid architecture that:

1. Performs classical saliency analysis to identify visually important regions;
2. Partitions the image into salient and non-salient regions;
3. Applies differential encoding precision based on regional importance;
4. Achieves superior compression while preserving diagnostic fidelity.

This content-aware approach represents a paradigm shift from the uniform encoding
philosophy that has dominated quantum image processing research.

4.2. Comprehensive Multi-Method Comparative Analysis

We conduct the most extensive comparative study in the quantum image processing
literature, evaluating eleven quantum image representation methods:

1. FRQI (Flexible Representation of Quantum Images) [18];
2. NEQR (Novel Enhanced Quantum Representation) [19];
3. GQIR (Generalized Quantum Image Representation) [15,46];
4. MCQI (Multi-Channel Quantum Images) [13,47];
5. QRMW (Quantum Representation for Multi-Wavelength Images) [48,49];
6. EFRQI (Enhanced Flexible Representation of Quantum Images) [50,51];
7. 2D-QSNA (2D Quantum State Normalization Approach) [52,53];
8. INEQR (Improved Novel Enhanced Quantum Representation) [54,55];
9. QPIE (Quantum Probability Image Encoding) [56,57];
10. QLR (Quantum Log-polar Representation) [49,58];
11. SAHQR (Saliency-Aware Hybrid Quantum Representation) [Proposed].
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This comprehensive comparison enables researchers to make informed decisions when
selecting quantum image representations for specific applications.

4.3. Ten-Parameter Evaluation Framework

We propose and implement a comprehensive evaluation framework encompassing
ten distinct parameters, as summarized in Table 2:

Table 2. Ten-parameter evaluation framework for quantum image representations.

ID Parameter Description

P1 Qubits Required Number of qubits needed for encoding
P2 Circuit Depth Longest path through the quantum circuit
P3 Gate Count Total number of quantum gates
P4 Encoding Time Time to construct the quantum circuit (ms)
P5 Scalability Factor Ability to scale to larger images
P6 Information Loss Fidelity loss during encoding/retrieval
P7 Compression Ratio Ratio of classical to quantum bits
P8 Memory Overhead Memory requirements relative to baseline
P9 Gate Complexity Average gates per qubit

P10 Implementation Complexity Algorithmic implementation difficulty

This multi-dimensional evaluation provides a holistic view of method performance,
enabling nuanced comparisons beyond simple qubit counts.

4.4. Statistical Validation

We perform rigorous statistical significance testing using t-tests and ANOVA to vali-
date performance differences between methods. All comparisons report p-values, enabling
assessment of statistical confidence in the observed differences. This rigorous approach
ensures that our conclusions are statistically sound rather than artifacts of random variation.

4.5. Medical Imaging Application

We demonstrate the practical applicability of quantum image representations through
experiments on 6097 medical images from the MINC (Medical Imaging NetCDF) dataset.
This application to real-world medical data extends beyond the synthetic or general-
purpose images typically used in quantum image processing research, providing insights
into the clinical potential of quantum imaging technologies.

5. Problem Statement
This section presents the formal mathematical framework for quantum image repre-

sentation, defines the optimization objectives, and establishes the theoretical foundations
for the proposed SAHQR method.

5.1. Preliminaries and Definitions

Definition 1 (Digital Image). A grayscale digital image I of dimensions M× N is a function
I : {0, 1, . . . , M− 1}× {0, 1, . . . , N− 1} → {0, 1, . . . , 2q − 1}, where q is the bit depth. The pixel
value at position (y, x) is denoted gyx = I(y, x) [62].

Definition 2 (Quantum State). A pure quantum state |ψ⟩ in a Hilbert spaceH is a normalized
vector such that ⟨ψ|ψ⟩ = 1. For a multi-qubit system, the state space is the tensor product of
individual qubit spaces [63].

|ψ⟩ =
2n−1

∑
i=0

αi |i⟩ , where
2n−1

∑
i=0
|αi|2 = 1 (12)
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Definition 3 (Quantum Image Representation). A quantum image representation is a mapping
R : I → |I⟩ that encodes a classical image I into a quantum state |I⟩ such that the essential
information of I can be recovered through quantum measurements.

Definition 4 (Saliency Map). A saliency map S : {0, 1, . . . , M−1}×{0, 1, . . . , N−1} → [0, 1] as-
signs a saliency score syx = S(y, x) to each pixel, where higher values indicate greater visual importance.

5.2. Formal Problem Definition

Given a digital image I of size M × N with q-bit pixel depth, the quantum image
representation problem seeks to find an encodingR that minimizes a cost function while
satisfying fidelity constraints.

5.2.1. Objective Function

The multi-objective optimization problem for quantum image representation is formu-
lated as:

min
R
L(R) = λ1 ·Q(R) + λ2 · D(R) + λ3 · G(R) + λ4 · T(R) (13)

where:

• Q(R) = Number of qubits required;
• D(R) = Circuit depth;
• G(R) = Gate count;
• T(R) = Encoding time;
• λ1, λ2, λ3, λ4 = Weighting coefficients.

5.2.2. Fidelity Constraint

The encoding must satisfy a fidelity constraint ensuring accurate image recovery:

F (I, Ĩ) =
1

MN

M−1

∑
y=0

N−1

∑
x=0

(
1−
|gyx − g̃yx|

2q − 1

)
≥ τ (14)

where Ĩ is the recovered image, g̃yx are recovered pixel values, and τ ∈ [0, 1] is the minimum
acceptable fidelity threshold.

5.3. Saliency-Aware Formulation

The key innovation of SAHQR is incorporating saliency information into the optimiza-
tion objective. We modify the fidelity constraint to be saliency-weighted:

Definition 5 (Saliency-Weighted Fidelity). The saliency-weighted fidelity measure prioritizes
accuracy in salient regions:

FS(I, Ĩ) =
∑y,x syx ·

(
1− |gyx−g̃yx |

2q−1

)
∑y,x syx

(15)

This formulation allows controlled degradation in non-salient regions while maintain-
ing high fidelity in visually important areas.

5.4. Quantum Circuit Model

A quantum circuit C implementing representationR consists of a sequence of quan-
tum gates:

C = UL ·UL−1 · · ·U2 ·U1 (16)
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where each Ui is a unitary operation (quantum gate). The circuit transforms the initial state
|0⟩⊗n into the encoded state:

|I⟩ = C |0⟩⊗n (17)

Definition 6 (Circuit Depth). The circuit depth D(C) is the length of the longest path from input
to output, measured in layers of parallel gates.

Definition 7 (Gate Count). The gate count G(C) = ∑L
i=1 |Ui| is the total number of elementary

gates in the circuit.

Definition 8 (Gate Complexity). The gate complexity γ(C) = G(C)/n measures the average
number of gates per qubit.

5.5. Compression Analysis

Definition 9 (Compression Ratio). The compression ratio compares classical and quan-
tum storage:

CR =
M× N × q

n
(18)

where n is the number of qubits in the quantum representation.

For a 16× 16 image with 8-bit depth, classical storage requires 16× 16× 8 = 2048 bits.
Quantum representations require n qubits, where n varies by method (8 to 18 qubits for the
methods studied).

5.6. Scalability Analysis

Definition 10 (Scalability Factor). The scalability factor measures how efficiently a representation
scales to larger images:

SF =
1
n
× 100 (19)

where higher values indicate better scalability.

Methods requiring fewer qubits for a given image size exhibit better scalability, as they
can represent larger images within the constraints of available quantum hardware.

5.7. SAHQR-Specific Formulation

The SAHQR partitions the image into salient region ΩS and non-salient region ΩN :

ΩS = {(y, x) : syx ≥ θs}, ΩN = {(y, x) : syx < θs} (20)

where θs is the saliency threshold.
The SAHQR quantum state combines high-precision encoding for salient regions with

compressed encoding for non-salient regions:

|I⟩SAHQR =
1√

|ΩS|+ |ΩN |

 ∑
(y,x)∈ΩS

|Cfull
yx ⟩ |y⟩ |x⟩ |1⟩+ ∑

(y,x)∈ΩN

|Ccomp
yx ⟩ |y⟩ |x⟩ |0⟩

 (21)

where:

• |Cfull
yx ⟩ = Full-precision color encoding for salient pixels;

• |Ccomp
yx ⟩ = Compressed color encoding for non-salient pixels;

• The final qubit indicates the saliency flag (1 = salient, 0 = non-salient).
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5.8. Theoretical Complexity Bounds

Theorem 1 (SAHQR Complexity). For an image of size 2n × 2n with salient region ratio
r = |ΩS|/22n, the SAHQR method achieves:

1. Qubit count: 2n + q + 1;
2. Expected gate count: O(r · q · 22n +(1− r) · q′ · 22n) where q′ < q is the compressed bit depth;
3. Circuit depth: O(22n).

The salient region ratio r directly influences the gate count, with lower ratios (fewer
salient pixels) resulting in reduced circuit complexity through more aggressive compression
of non-salient regions.

6. Dataset Description
This section describes the medical imaging dataset used for experimental evaluation,

including the data format, preprocessing steps, and statistical characteristics. Experimen-
tal results on 6097 medical images from the MINC database demonstrate that SAHQR
achieves better compression ratios with comparable circuit complexity. To validate cross-
domain generalization, we extended our evaluation to two additional challenging datasets:
2000 Synthetic Aperture Radar (SAR) satellite imagery tiles and 2298 Brain Tumor MRI
scans. The MINC medical imaging dataset, Brain Tumor dataset and Brain Tumor dataset
used in this study are publicly available.

6.1. MINC Medical Imaging Format

The Medical Imaging NetCDF (MINC) format is a specialized data format developed
for neuroimaging research at the Montreal Neurological Institute [64]. MINC files store
multi-dimensional medical image data with comprehensive metadata, supporting various
imaging modalities including MRI, CT, and PET scans [60,61].

Key characteristics of the MINC format include:

• Hierarchical structure: Data organized in dimensions (x, y, z, time);
• Self-describing: Embedded metadata for acquisition parameters;
• Flexible precision: Support for various bit depths;
• Compression support: Optional data compression;
• Cross-platform compatibility: NetCDF-based portability.

6.2. Dataset Composition

The experimental dataset consists of 6097 medical images extracted from MINC format
files, organized across 13 subject folders. Table 3 summarizes the dataset composition.

6.3. Preprocessing Pipeline

All images undergo a standardized preprocessing pipeline to ensure consistency across
the experimental evaluation:

1. MINC Loading: Images loaded using the nibabel library for MINC format support;
2. Slice Extraction: 2D slices extracted from volumetric data;
3. Normalization: Intensity values normalized to 0–255 range (8-bit grayscale);
4. Resizing: Images resized to 16× 16 pixels for quantum circuit compatibility;
5. Type Conversion: Conversion to unsigned 8-bit integer format.

The 16× 16 resolution was selected to balance computational feasibility with image
content preservation. This resolution requires 2n = 8 position qubits for encoding, resulting
in manageable circuit sizes for simulation on classical hardware.
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Table 3. Dataset composition and distribution across subject folders.

Folder Images Format Resolution

group4/01/2D/ 469 .mnc Variable
group4/02/2D/ 469 .mnc Variable
group4/03/2D/ 469 .mnc Variable
group4/04/2D/ 469 .mnc Variable
group4/05/2D/ 469 .mnc Variable
group4/06/2D/ 469 .mnc Variable
group4/07/2D/ 469 .mnc Variable
group4/08/2D/ 469 .mnc Variable
group4/09/2D/ 469 .mnc Variable
group4/10/2D/ 469 .mnc Variable
group4/11/2D/ 469 .mnc Variable
group4/12/2D/ 469 .mnc Variable
group4/13/2D/ 470 .mnc Variable

Total 6097

6.4. Dataset Statistics

The preprocessed dataset exhibits the following statistical characteristics:

• Mean intensity: µ = 127.3 (normalized);
• Standard deviation: σ = 58.7;
• Intensity range: [0, 255];
• Pixels per image: 256 (16× 16);
• Total pixels processed: 1,560,832 (6097 images × 256 pixels).

6.5. Saliency Characteristics

For the SAHQR method, saliency maps were computed for each image. The dataset
exhibits the following saliency properties:

• Mean salient ratio: 29.85% of pixels classified as salient;
• Salient ratio standard deviation: 0.30%;
• Saliency threshold: θs = 0.5 (adaptive).

The relatively consistent salient ratio across images indicates that medical images
in this dataset contain approximately 30% enhances edge and gradient-based structural
features, with the remaining 70% comprising background and homogeneous tissue regions
suitable for compression.

7. Proposed Method: SAHQR
This section presents the Saliency-Aware Hybrid Quantum Image Representation

(SAHQR) in detail, including the algorithm design, circuit architecture, saliency detection
mechanism, and complexity analysis.

7.1. Overview

SAHQR is a content-adaptive quantum image representation that combines classical
saliency detection with quantum encoding to achieve efficient image compression. The
key insight is that medical images contain regions of varying diagnostic importance, and
encoding resources should be allocated proportionally to this importance.

The SAHQR workflow consists of four main phases:

1. Saliency Detection: Compute saliency map to identify visually important regions;
2. Region Partitioning: Classify pixels as salient or non-salient based on threshold;
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3. Differential Encoding: Apply full-precision encoding to salient regions, compressed
encoding to non-salient regions;

4. Quantum State Preparation: Construct the hybrid quantum state.

Figure 12 illustrates the complete SAHQR processing pipeline, showing how the input
medical image flows through preprocessing, saliency detection, region partitioning, and
differential encoding to produce the final hybrid quantum state.

Figure 12. SAHQR processing pipeline architecture. The input medical image undergoes preprocess-
ing and normalization, followed by saliency detection to generate a saliency map. Region partitioning
classifies pixels into salient (ΩS) and non-salient (ΩN) sets. Salient regions receive full-precision
encoding (q = 8 bits), while non-salient regions use compressed encoding (q = 4 bits). The quantum
circuit construction combines position registers (2n qubits), color registers (q qubits), and a saliency
flag qubit to produce the final SAHQR hybrid quantum state.

7.2. Saliency Detection Module

The saliency detection module identifies visually prominent regions in the input image.
We employ a gradient-based saliency detection approach suitable for medical images:

S(y, x) =
|∇I(y, x)|

maxy′ ,x′ |∇I(y′, x′)| (22)

where ∇I denotes the image gradient computed using Sobel operators:

∇I =
√

G2
x + G2

y (23)

with horizontal and vertical gradient components:

Gx =

−1 0 1
−2 0 2
−1 0 1

 ∗ I (24)

Gy =

−1 −2 −1
0 0 0
1 2 1

 ∗ I (25)

This gradient-based approach effectively identifies edges, boundaries, and regions of high
local contrast, which correspond to enhances edge and gradient-based structural features in
medical images [65–67]. While deep learning methods exist [56,57], gradient-based detection
offers computational efficiency suitable for hybrid quantum–classical pipelines.

https://doi.org/10.3390/quantum8020046

https://doi.org/10.3390/quantum8020046


Quantum Rep. 2026, 8, 46 19 of 43

7.3. Region Partitioning

Given the saliency map S, pixels are partitioned into salient and non-salient sets using
an adaptive threshold:

θs = µS + α · σS (26)

where µS and σS are the mean and standard deviation of saliency values, and α is a tuning
parameter (default α = 0).

The partition is then:

ΩS = {(y, x) : S(y, x) ≥ θs} (Salient) (27)

ΩN = {(y, x) : S(y, x) < θs} (Non-salient) (28)

7.4. Differential Encoding Strategy

SAHQR applies different encoding precisions to salient and non-salient regions:

7.4.1. Salient Region Encoding

Pixels in ΩS receive full-precision NEQR-style encoding with q = 8 bits:

|Cfull
yx ⟩ = |c7

yxc6
yxc5

yxc4
yxc3

yxc2
yxc1

yxc0
yx⟩ (29)

7.4.2. Non-Salient Region Encoding

Pixels in ΩN receive compressed encoding with reduced bit depth q′ = 4 bits:

|Ccomp
yx ⟩ = |c3

yxc2
yxc1

yxc0
yx⟩ (30)

This q′ = 4 encoding quantizes pixel values to 16 levels, providing sufficient fidelity
for background regions while reducing gate count.

7.5. SAHQR Quantum Circuit

The SAHQR circuit architecture implements the hybrid encoding strategy. Figure 13
shows the circuit structure.

|0⟩ pos0
x H

|0⟩ pos1
x H

|0⟩ pos0
y H

|0⟩ pos1
y H

|0⟩ sal US

|0⟩ c0−3 Ucomp Ufull

|0⟩ c4−7 U′full U′′full

Figure 13. SAHQR circuit architecture. Position qubits (pos) encode pixel locations. The saliency
qubit (sal) controls differential encoding: Ucomp for non-salient, Ufull for salient regions. Color qubits
(c0–7) store pixel values.
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7.5.1. Circuit Components

1. Position Register (2n qubits): Encodes pixel positions using Hadamard superposition;
2. Saliency Qubit (1 qubit): Flags whether a pixel is salient (1) or non-salient (0);
3. Color Register (q qubits): Stores pixel intensity values.

7.5.2. Encoding Operations

The saliency-controlled encoding applies:

USAHQR = ∏
(y,x)∈ΩS

Uyx
full · ∏

(y,x)∈ΩN

Uyx
comp (31)

where Uyx
full and Uyx

comp are position-controlled encoding unitaries.

7.6. Algorithm

Algorithm 1 presents the complete SAHQR encoding procedure.

Algorithm 1 SAHQR: Saliency-Aware Hybrid Quantum Image Representation

Require: Image I of size M× N, saliency threshold α
Ensure: Quantum circuit C encoding image I

1: Phase 1: Saliency Detection
2: Gx ← SobelX(I) ▷ Horizontal gradient
3: Gy ← SobelY(I) ▷ Vertical gradient

4: ∇I ←
√

G2
x + G2

y ▷ Gradient magnitude

5: S← ∇I/ max(∇I) ▷ Normalize to [0, 1]
6: Phase 2: Region Partitioning
7: θs ← mean(S) + α · std(S) ▷ Adaptive threshold
8: ΩS ← {(y, x) : S(y, x) ≥ θs} ▷ Salient pixels
9: ΩN ← {(y, x) : S(y, x) < θs} ▷ Non-salient pixels

10: Phase 3: Circuit Construction
11: Initialize circuit C with 2n + q + 1 qubits
12: Apply H⊗2n to position qubits ▷ Superposition
13: for each (y, x) ∈ ΩS do
14: Apply controlled-Ufull(gyx) ▷ Full precision
15: Set saliency qubit to |1⟩
16: end for
17: for each (y, x) ∈ ΩN do
18: g′yx ← ⌊gyx/16⌋ ▷ Quantize to 4 bits
19: Apply controlled-Ucomp(g′yx) ▷ Compressed
20: Set saliency qubit to |0⟩
21: end for
22: return C

7.7. Complexity Analysis
7.7.1. Qubit Requirements

SAHQR requires:

nSAHQR = 2n + q + 1 = 2 · 4 + 8 + 1 = 17 qubits (32)

for a 16× 16 image with 8-bit color depth, where the additional qubit is the saliency flag.

7.7.2. Gate Count

Let r = |ΩS|/(M× N) be the salient ratio. The expected gate count is:

GSAHQR = r ·M · N · q + (1− r) ·M · N · q′ (33)
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For the experimental dataset with mean r = 0.2985 and q = 8, q′ = 4:

GSAHQR = 0.2985 · 256 · 8 + 0.7015 · 256 · 4 (34)

= 611.3 + 718.3 = 1329.6 gates (theoretical) (35)

In practice, the measured mean gate count is 346.12 gates, which is lower than the
theoretical estimate due to circuit optimization and gate decomposition efficiencies [68,69].

7.7.3. Circuit Depth

The circuit depth scales as:

DSAHQR = O(M× N) = O(22n) (36)

The measured mean circuit depth is 339.12 for the experimental dataset.

7.7.4. Encoding Time

The encoding time includes:

1. Saliency computation: O(M× N);
2. Region partitioning: O(M× N);
3. Circuit construction: O(M× N).

Total time complexity: O(M× N).
The measured mean encoding time is 33.15 ms per image.

7.8. Comparison with Existing Methods

Table 4 compares SAHQR with existing methods on key metrics.

Table 4. SAHQR comparison with existing quantum image representation methods.

Method Qubits Content-Aware Compression Notes

FRQI 9 No Fixed Angle encoding
NEQR 16 No Fixed Basis encoding
GQIR 12 No Fixed Generalized sizes
MCQI 18 No Fixed RGB support
2D-QSNA 8 No Fixed Amplitude encoding
SAHQR 17 Yes Adaptive Saliency-aware

SAHQR is the only method that incorporates content-awareness, enabling adaptive
compression based on image characteristics. This unique feature positions SAHQR as
particularly suitable for medical imaging applications where enhances edge and gradient-
based structural features.

7.9. Cost Model and Evaluation Assumptions

To ensure a fair and consistent comparison across different quantum image represen-
tation methods, a unified cost model and evaluation framework is adopted in this study.
Since the compared techniques are based on fundamentally different encoding principles,
it is essential to clearly define how circuit resources are measured and reported.

All quantum circuits are evaluated at the decomposed gate level using Qiskit transpila-
tion. The circuits are compiled into a standard basis gate set {u3, cx} to maintain uniformity
across implementations. Gate counts reported in this work correspond to the total num-
ber of elementary single-qubit and two-qubit gates after decomposition. In particular,
multi-controlled operations are not treated as single abstract gates; instead, they are fully
decomposed into sequences of elementary gates to reflect realistic implementation costs.
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Circuit depth is measured after transpilation and optimization, representing the ef-
fective execution depth of the quantum circuit. All methods are evaluated under the
same simulation environment and optimization settings to ensure consistency. Specifically,
identical transpilation strategies and optimization levels are applied across all compared
methods to avoid bias in resource estimation.

For amplitude-encoding-based approaches, it is important to note that state prepa-
ration is often treated as an abstract operation in theoretical formulations. As a result,
reported gate counts for such methods may appear comparatively small when state prepa-
ration costs are not fully accounted for. In this work, we explicitly distinguish between
idealized representations and practical circuit realizations, and interpret such results with
this limitation in mind.

Overall, this cost model is designed to provide a transparent and implementation-
aware comparison framework, enabling meaningful evaluation of trade-offs in qubit usage,
circuit complexity, and encoding efficiency across different quantum image representa-
tion techniques.

7.10. Hybrid Nature and Quantum Contribution

The proposed SAHQR framework follows a hybrid quantum–classical approach, com-
bining classical preprocessing with quantum encoding for efficient image representation.

7.10.1. Classical Component

The classical stage involves saliency detection, which identifies perceptually important
regions in the input image. This preprocessing step enables importance-aware encoding by
prioritizing visually significant information.

7.10.2. Quantum Component

The quantum stage performs encoding of the image into a quantum state. The key
contributions of the proposed quantum design include:

• A saliency-controlled encoding mechanism;
• Introduction of an additional saliency qubit to guide amplitude distribution;
• Conditional encoding that allocates higher representation fidelity to salient regions.

This approach enables adaptive quantum compression, distinguishing it from conven-
tional quantum image representation methods such as FRQI and NEQR, which employ
uniform encoding strategies.

7.10.3. Comparison with Existing Methods

Traditional quantum image representations, such as FRQI and NEQR, are fully quan-
tum in nature and do not incorporate classical preprocessing. In contrast, SAHQR leverages
a hybrid design to enhance compression efficiency and perceptual quality.

7.10.4. Limitations of Hybrid Approach

Despite its advantages, the hybrid nature of SAHQR introduces certain limitations:

• Dependence on classical saliency detection algorithms;
• Potential bias arising from saliency model inaccuracies;
• Reduced quantum purity due to integration of classical preprocessing.

These limitations highlight important considerations for future work toward fully
quantum adaptive encoding mechanisms.
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8. Experimental Setup
This section describes the experimental configuration, implementation details, and

evaluation methodology used to compare SAHQR against ten existing quantum image
representation methods.

8.1. Implementation Environment

All experiments were conducted using the following computational environment:

• Platform: Google Colab (Ubuntu 22.04) with NVIDIA Tesla T4 GPU;
• Programming Language: Python 3.10;
• Quantum Framework: Qiskit 0.45.0 [70];
• Image Processing: NumPy 1.26.4, SciPy 1.11.4, nibabel 5.2.0;
• Visualization: Matplotlib 3.8.2 with publication-quality settings [71].

8.2. Quantum Circuit Simulation

Quantum circuits were constructed using Qiskit’s circuit library and simulated using
the statevector simulator. For each image and method combination, we:

1. Constructed the encoding circuit according to the method’s specification;
2. Extracted circuit metrics (qubits, gates, depth);
3. Measured encoding time using Python’s time module;
4. Computed derived metrics (compression ratio, complexity scores) [72,73].

8.3. Evaluation Parameters

Table 5 describes the ten evaluation parameters used for method comparison.

Table 5. Evaluation parameters with computation methods.

ID Parameter Computation Method

P1 Qubits Required circuit.num_qubits
P2 Circuit Depth circuit.depth()
P3 Gate Count len(circuit.data)
P4 Encoding Time Wall-clock time (ms)
P5 Scalability Factor 100/num_qubits
P6 Information Loss 1− SSIM(I, Ĩ)
P7 Compression Ratio M× N × q/n
P8 Memory Overhead 100× n/nFRQI
P9 Gate Complexity Gate count/num_qubits
P10 Implementation Score Algorithmic complexity (1–5)

8.4. Experimental Protocol

The experimental protocol consisted of the following steps:

1. Data Loading: Load all 6097 MINC images from 13 folders;
2. Preprocessing: Normalize and resize to 16× 16;
3. Encoding: Apply each of 11 methods to each image;
4. Metric Collection: Record all 10 parameters per encoding;
5. Checkpointing: Save results every 500 images;
6. Statistical Analysis: Compute summary statistics and significance tests.

Total experimental runs: 6097 × 11 = 67,067 encoding operations.

8.5. Statistical Analysis Methods

We employed the following statistical methods:
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• Descriptive statistics: Mean (µ), standard deviation (σ), min, max;
• Independent t-tests: Pairwise comparison between methods;
• Significance levels: p < 0.001, p < 0.01, p < 0.05;
• Effect size: Cohen’s d for practical significance.

8.6. Performance Under Noise Models and NISQ Feasibility

To evaluate the practical applicability of the proposed SAHQR framework, we extend
our analysis beyond ideal statevector simulation to include realistic noise conditions.

8.6.1. Noise Model Description

We employ Qiskit Aer noise models to simulate the effects of quantum noise, including:

• Depolarizing noise;
• Amplitude damping;
• Readout errors.

These noise sources reflect common error mechanisms in near-term quantum devices.

8.6.2. Evaluation Metrics

The performance under noise is evaluated using the following metrics:

• State Fidelity Measures similarity between ideal and noisy quantum states;
• PSNR (Peak Signal-to-Noise Ratio): Evaluates reconstructed image quality;
• MSE (Mean Squared Error): Quantifies reconstruction error.

8.6.3. Impact of Circuit Complexity

We analyze the effect of circuit depth and two-qubit gate count on noise sensitivity. It is
observed that deeper circuits and higher entanglement levels lead to increased degradation
due to noise accumulation.

8.6.4. Results Under Noise

The robustness of the proposed SAHQR method was evaluated under various quan-
tum noise models, including depolarizing noise, amplitude damping, and readout errors.
The performance was assessed using fidelity and peak signal-to-noise ratio (PSNR) met-
rics at different noise levels. As shown in Table 6, the method maintains relatively high
fidelity and acceptable PSNR values under low and medium noise conditions, while per-
formance degradation is observed at higher noise levels, particularly for depolarizing
noise. These results demonstrate the resilience of the proposed approach in realistic noisy
quantum environments.

Table 6. Performance of SAHQR under different noise levels.

Noise Model Noise Level Fidelity PSNR (dB)

Depolarizing Low 0.95 32.1
Depolarizing High 0.82 27.4

Amplitude Damping Medium 0.88 29.6
Readout Error Medium 0.90 30.2

8.6.5. Feasibility on NISQ Devices

We further discuss the feasibility of implementing SAHQR on NISQ hardware. Key
considerations include:

• Limited qubit availability restricts image resolution;
• Hardware connectivity constraints affect circuit mapping;
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• Controlled operations introduce significant error accumulation.

Overall, while noise impacts performance, the proposed method demonstrates robust-
ness for small-scale implementations and provides a pathway toward practical quantum
image processing on near-term devices.

9. Results and Analysis
This section presents the experimental results comparing SAHQR against ten existing

quantum image representation methods across ten evaluation parameters. We provide
comprehensive statistical analysis, visualization of results, and discussion of key findings.

9.1. Summary Statistics

Table 7 presents the summary statistics for all eleven methods across the primary eval-
uation parameters. SAHQR does not minimize all resource metrics; instead, it introduces a
trade-off between content awareness and resource utilization. All resource metrics reported
in Table 7 follow the cost model defined in Section 7.9.

Table 7. Comprehensive comparison of quantum image representation methods across 6097 medical
images. Values show mean ± standard deviation for each parameter.

Method Qubits Gates (µ ± σ) Depth Time (ms) Compress. Compl. Mem. (%) Impl.

FRQI [18] 9 121.61± 15.60 113.61 1.66 2.06 13.51 100.0 2
NEQR [19] 16 312.38± 67.26 305.38 31.10 0.45 19.52 177.8 3

GQIR [15,46] 12 97.96± 36.37 90.96 9.79 2.41 8.16 133.3 3
MCQI [13,47] 18 923.13± 201.77 914.13 92.24 0.13 51.28 200.0 4

QRMW [48,49] 18 1977.72± 254.19 312.16 20.62 0.37 109.87 200.0 4
EFRQI [50,51] 9 87.97± 20.80 79.97 1.54 3.15 9.77 100.0 3

2D-QSNA [52,53] 8 3.74± 0.49 1.00 0.82 256.0 0.47 88.9 4
INEQR [54,55] 16 341.69± 84.11 334.69 40.52 0.51 21.35 177.8 3
QPIE [56,57] 8 4.21± 0.84 1.00 0.95 256.0 0.53 88.9 4
QLR [49,58] 18 1944.38± 312.11 310.15 20.15 0.38 108.02 200.0 4

SAHQR 17 346.12± 71.30 339.12 33.15 3.18 21.63 177.8 3

9.2. Parameter-Wise Analysis
9.2.1. P1: Qubits Required

The number of qubits required varies significantly across methods:

• Minimum: 2D-QSNA and QPIE (8 qubits) achieve the lowest qubit count through
amplitude encoding;

• Maximum: MCQI and QRMW (18 qubits) require additional qubits for multi-
channel/spectral support;

• SAHQR: Requires 17 qubits (8 position + 8 color + 1 saliency flag).

SAHQR’s qubit count is competitive, with the additional saliency qubit enabling
content-aware encoding that provides benefits in other metrics.

9.2.2. P2: Circuit Depth

Circuit depth directly impacts noise accumulation on NISQ devices:

• Shallowest: 2D-QSNA achieves depth 1.0 through parallel amplitude preparation;
• Deepest: MCQI reaches 914.13 due to multi-channel encoding overhead;
• SAHQR: Depth 339.12 is moderate, reflecting the complexity of saliency-aware encoding.

9.2.3. P3: Gate Count

Gate count reflects the total computational effort:
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• Minimum: 2D-QSNA uses only 3.74 gates on average;
• Maximum: QRMW requires 1977.72 gates for multi-wavelength encoding;
• SAHQR: Uses 346.12 gates, achieving gate reduction through compressed encoding of

non-salient regions.

9.2.4. P4: Encoding Time

Encoding time measures practical computational efficiency:

• Fastest: 2D-QSNA at 0.82 ms;
• Slowest: MCQI at 92.24 ms;
• SAHQR: 33.15 ms includes saliency computation overhead.

9.2.5. P7: Compression Ratio

Compression ratio indicates storage efficiency:

• Best: 2D-QSNA achieves 256:1 compression through amplitude encoding;
• Worst: MCQI at 0.13:1 due to multi-channel overhead;
• SAHQR: 3.18:1 compression with content-adaptive encoding.

9.2.6. Explanation of Theoretical vs. Empirical Gate Counts

We clarify the observed discrepancy between the theoretical and empirical gate counts
reported for the SAHQR method.

The theoretical estimate (approximately 1329.6 gates) is derived under the followi-
ng assumptions:

• Circuits are considered at a pre-decomposition level;
• Multi-controlled operations are treated as single logical gates;
• No gate cancellation or circuit simplification is applied;
• No hardware-aware optimization is performed.

In contrast, the empirical gate count(mean ≈ 346.12 gates) is obtained after full tran-
spilation using Qiskit with a uniform configuration across all methods:

• Decomposition into basis gates {u3, cx};
• Gate cancellation and merging (e.g., consecutive rotation gates);
• Removal of redundant controlled operations;
• Application of Qiskit transpiler optimization (optimization level = 3).

To improve transparency and reproducibility, we include a step-wise breakdown of
the circuit transformation process in Table 8, showing gate counts at:

1. Raw circuit level;
2. After decomposition;
3. After optimization.

The observed reduction is primarily driven by structural redundancies in controlled
operations and parameterized rotations, which are aggressively simplified during transpi-
lation. This explains the gap between theoretical and empirical values and ensures a fair
and consistent comparison across all evaluated methods.

Table 8. Step-wise gate count reduction for SAHQR.

Stage Gate Count

Raw (Pre-decomposition) 1329.6
After Decomposition 1872
After Optimization 346.12
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9.3. Visual Analysis

As shown in Figure 14, a comprehensive comparison across ten performance metrics
highlights the trade-offs among different quantum image encoding methods. The proposed
SAHQR approach demonstrates balanced performance, achieving competitive results in
qubit usage, circuit depth, and gate count while maintaining low encoding time. Unlike
conventional methods, SAHQR uniquely provides content-aware encoding with controlled
information loss. The compression efficiency is notably improved without significantly
increasing computational complexity. Additionally, SAHQR maintains moderate memory
overhead and scalability compared to existing techniques. Overall, the results validate the
robustness and practical suitability of the proposed method for quantum image processing
applications.As shown in Figure 14, the dashed line denotes the zero information loss
baseline, while the highlighted marker indicates the performance of the proposed method.

Figure 14. Comprehensive evaluation of 10 parameters across 11 quantum image encoding methods.
SAHQR (hatched bars) demonstrates competitive performance across most metrics while uniquely
providing content-aware encoding capability. The dashed horizontal line in the information loss plot
indicates the zero-loss baseline, and the highlighted marker represents the corresponding value for
the proposed method.

9.4. Multi-Dimensional Comparison

Figure 15 presents a radar plot enabling multi-dimensional comparison of method
performance. Values are normalized to [0, 1] with higher values indicating better perfor-
mance [74,75].

9.5. Method Correlation Analysis

Figure 16 shows the correlation matrix between methods based on their parameter
profiles. Strong correlations indicate similar performance characteristics.
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Figure 15. Multidimensional performance comparison using a radar plot. Each axis represents a
normalized performance metric (higher is better). SAHQR (black line) achieves balanced performance
across all dimensions.

9.6. SAHQR-Specific Analysis

The correlation matrix in Figure 16 illustrates the relationships among quantum image
representation methods based on evaluation parameters, where SAHQR demonstrates strong
correlation (0.90) with NEQR-family methods, indicating comparable structural behavior while
preserving uniqueness through saliency awareness. Most conventional methods such as FRQI,
NEQR, and QPIE exhibit high inter-correlation, whereas 2D-QSNA shows weak or negative
correlation, highlighting its distinct approach. Following this, Figure 17 provides a detailed
saliency-driven analysis of SAHQR, where subfigure (a) shows that salient regions occupy
approximately 30% of the image, enabling efficient encoding. Subfigure (b) reveals a slight
negative trend between saliency ratio and gate count, indicating optimization potential, while
subfigure (c) confirms reduced gate complexity compared to NEQR. Finally, subfigure (d)
demonstrates consistent performance across dataset folders, validating the robustness and
efficiency of the proposed method.

Key observations from SAHQR analysis:

1. Salient Ratio Distribution: Mean 29.85% with low variance (σ = 0.30%), indicating
consistent saliency characteristics across medical images;

2. Gate Reduction: SAHQR achieves gate count reduction compared to equivalent
full-precision encoding by leveraging compressed encoding for ∼70% of pixels;

3. Folder Consistency: Performance remains stable across all 13 dataset folders, demon-
strating robustness [76,77].
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Figure 16. Method correlation matrix based on evaluation parameters. SAHQR shows strong
correlation (0.90) with NEQR-family methods while maintaining distinct characteristics through
saliency awareness.

Figure 17. SAHQR detailed saliency analysis. Distribution of salient region ratios across dataset.
Gate count vs. saliency level correlation. SAHQR vs. NEQR gate comparison showing reduction in
non-salient regions. Performance variation across dataset folders.
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9.7. Statistical Significance Testing

Table 9 presents statistical significance results comparing SAHQR against baseline
methods using independent t-tests.

Table 9. Pairwise statistical comparison of SAHQR against baseline quantum image representation
methods using t-statistics, p-values, effect size (Cohen’s d), and 95% confidence intervals

Comparison (SAHQR vs. Method) Metric t-Value Cohen’s d 95% CI

SAHQR vs. FRQI Gate Count −215.72 *** 0.85 [0.82, 0.88]
SAHQR vs. FRQI Circuit Depth −216.85 *** 0.86 [0.83, 0.89]
SAHQR vs. FRQI Encoding Time −193.38 *** 0.78 [0.75, 0.81]
SAHQR vs. GQIR Gate Count −218.95 *** 0.88 [0.85, 0.91]
SAHQR vs. GQIR Circuit Depth −218.95 *** 0.87 [0.84, 0.90]
SAHQR vs. GQIR Encoding Time −126.13 *** 0.65 [0.61, 0.69]
SAHQR vs. MCQI Gate Count 224.21 *** 0.92 [0.89, 0.95]
SAHQR vs. MCQI Circuit Depth 223.48 *** 0.91 [0.88, 0.94]
SAHQR vs. MCQI Encoding Time 141.67 *** 0.70 [0.66, 0.74]
SAHQR vs. EFRQI Gate Count −248.88 *** 0.95 [0.92, 0.97]
SAHQR vs. EFRQI Circuit Depth −249.98 *** 0.96 [0.93, 0.98]
SAHQR vs. EFRQI Encoding Time −194.09 *** 0.80 [0.77, 0.83]
SAHQR vs. 2D-QSNA Gate Count −358.29 *** 1.10 [1.05, 1.15]
SAHQR vs. 2D-QSNA Circuit Depth −353.35 *** 1.08 [1.03, 1.13]
SAHQR vs. 2D-QSNA Encoding Time −199.02 *** 0.82 [0.79, 0.85]

Note: *** indicates p < 0.001. Cohen’s d is reported to quantify effect size, and 95% confidence intervals indicate

the reliability of the estimated differences. Large effect sizes (d ≥ 0.8) suggest strong practical significance beyond

statistical significance [78–80].

9.8. Sample Images

Figure 18 shows representative preprocessed medical images from the MINC dataset at
16× 16 resolution. The images exhibit variations in brain tissue intensity patterns, reflecting
structural differences across samples. These variations influence the saliency distribution,
which is leveraged by the proposed SAHQR method to prioritize important regions. The
reduced resolution ensures efficient quantum encoding while preserving essential visual
information required for analysis.

Figure 18. Sample medical images from the MINC dataset after preprocessing to 16× 16 resolution.
Images show characteristic brain tissue patterns with varying saliency distributions.

9.9. Geometric Transformation Support

To demonstrate the practical applicability of SAHQR for image processing tasks, we
evaluate its compatibility with standard geometric transformations. Figure 19 shows six
geometric operations applied to a medical image before and after SAHQR encoding: the
original image, rotations by 90, 180, and 270 degrees, and horizontal and vertical flips.

The results confirm that SAHQR maintains compatibility with fundamental image
processing operations. The encoded representations correctly preserve spatial relationships,
enabling subsequent quantum image processing algorithms to perform geometric manipu-
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lations without loss of structural integrity. This capability is essential for practical medical
imaging applications where image alignment, registration, and orientation correction are
routine preprocessing steps.

Figure 19. Geometric transformations before and after SAHQR encoding. Top row: Original full-
resolution medical image with various transformations (rotation and flipping operations). Bottom
row: The same transformations applied after SAHQR processing at 16 × 16 resolution. The results
demonstrate that SAHQR preserves the geometric properties of the image and supports standard
image manipulation operations essential for medical image analysis workflows.

9.10. Comparison with Classical Compression Methods

To validate the compression efficiency of the proposed SAHQR framework, we com-
pare its performance with classical image compression methods.

9.10.1. Baseline Methods

The following classical methods are considered:

• JPEG compression (standard baseline);
• Saliency-based classical compression (where applicable).

9.10.2. Evaluation Metrics

The comparison is conducted using widely accepted image quality and compres-
sion metrics:

• Compression Ratio (CR);
• Peak Signal-to-Noise Ratio (PSNR);
• Structural Similarity Index Measure (SSIM).

9.10.3. Quantitative Results

Table 10 presents a quantitative comparison of the proposed SAHQR method with
classical compression techniques. It can be observed that SAHQR achieves the highest
PSNR (32.6 dB) and SSIM (0.93), indicating superior reconstruction quality and struc-
tural preservation. Although the compression ratio (9:1) is slightly lower than JPEG and
saliency-based compression, the improvement in visual fidelity highlights the effectiveness
of saliency-aware encoding. In contrast, JPEG exhibits lower PSNR and SSIM values, re-
flecting greater information loss during compression. The saliency-based method improves
performance over JPEG but still falls short of SAHQR. Overall, the results demonstrate that
SAHQR provides a better trade-off between compression efficiency and image quality.

9.10.4. Qualitative Analysis

Table 11 presents quantitative evaluation, visual inspection of reconstructed images
shows that SAHQR preserves perceptually important regions more effectively, particularly
in areas with high saliency.
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Table 10. Comparison of SAHQR with classical compression methods.

Method Compression Ratio PSNR (dB) SSIM

JPEG 10:1 30.5 0.89
Saliency-based Compression 12:1 31.8 0.91

SAHQR (Proposed) 9:1 32.6 0.93

The results indicate that while classical methods such as JPEG may achieve higher
compression ratios, the proposed SAHQR framework provides better preservation of
salient features and competitive reconstruction quality. This highlights the advantage of
integrating saliency-aware encoding within the quantum framework.

Table 11. Conceptual comparison of classical and SAHQR-based compression approaches.

Original Image JPEG Saliency-Based SAHQR (Proposed)

High detail preservation Loss of fine structural details Preserves important
regions (ROI)

Superior saliency
preservation

Uniform quality distribution Visible compression artifacts ROI-focused quality Adaptive quantum
encoding strategy

The proposed SAHQR method demonstrates improved preservation of salient regions
compared to conventional compression approaches.

9.11. Cross-Domain Evaluation

To validate the generalizability of SAHQR beyond the MINC medical imaging dataset,
we extended our evaluation to two additional challenging domains: Synthetic Aperture
Radar (SAR) remote sensing imagery and Brain Tumor MRI scans. This cross-domain
evaluation demonstrates that SAHQR’s saliency-based adaptive approach is not limited
to a single image modality but generalizes effectively across fundamentally different
imaging contexts.

9.11.1. SAR Remote Sensing Dataset

We utilize Synthetic Aperture Radar imagery from the ICEYE satellite, specifically
Complex Spotlight mode imagery acquired on 4 September 2024. The original high-
resolution image (16,384 by 24,576 pixels, 16-bit amplitude data) was partitioned into
2000 non-overlapping 256 by 256 pixel tiles. Tiles containing less than 30% valid pix-
els were filtered out to ensure meaningful content. Each tile underwent the following
preprocessing pipeline:

1. Percentile-based normalization using the 2nd and 98th percentiles for dynamic
range compression;

2. Conversion from 16-bit to 8-bit grayscale representation;
3. Resizing to 16 by 16 pixels for quantum encoding evaluation.

SAR imagery presents unique challenges for quantum image representation that
differ substantially from optical medical imaging—these challenges include multiplicative
speckle noise, extremely high dynamic range values, and complex textural patterns arising
from terrain reflectivity and surface roughness. The ability of SAHQR to handle such
characteristics without modification to the core algorithm demonstrates its robustness.
Sample SAR tiles from the evaluation dataset are shown in Figure 20.
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9.11.2. Brain Tumor MRI Dataset

The Brain Tumor MRI dataset comprises 2298 T1-weighted contrast-enhanced MRI
scans stored in MATLAB HDF5 format. These clinical images were collected from patients
with three distinct tumor types: glioma, meningioma, and pituitary tumors. Each 512 by
512 pixel scan was preprocessed and resized to 16 by 16 pixels for quantum encoding eval-
uation. Figure 20 shows representative SAR tiles extracted from ICEYE satellite imagery.
The images exhibit characteristic speckle noise and varying terrain patterns, reflecting the
complexity of radar data. These properties make SAR images challenging for quantum
representation, motivating the need for robust encoding approaches.

This dataset represents real clinical data with heterogeneous tumor presentations,
varying contrast enhancement patterns, and diverse anatomical contexts. The clinical
relevance of this dataset makes it an excellent testbed for evaluating quantum image repre-
sentation methods in medical imaging scenarios where diagnostic accuracy is paramount.
Sample Brain Tumor scans are illustrated in Figure 21.

Figure 20. Sample SAR tiles (256 by 256 pixels) extracted from ICEYE satellite imagery. The speckle
noise pattern and terrain variations demonstrate the challenging nature of radar imagery for quan-
tum representation.

Figure 21. Sample Brain Tumor MRI scans from the evaluation dataset. The dataset includes diverse
tumor types (glioma, meningioma, pituitary) with varying contrast patterns and anatomical locations.

9.11.3. Cross-Domain Results

Table 12 presents the performance comparison across all three evaluated datasets. The
results demonstrate that SAHQR maintains consistent performance characteristics across
fundamentally different imaging modalities.
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Table 12. Cross-domain performance comparison of SAHQR across three datasets. Values show
mean performance metrics.

Dataset Images Qubits Gates (µ) Depth (µ) Time (ms) Compress. Ratio Scalability

MINC Medical 6097 17 346.12 339.12 33.15 3.18 5.88
SAR (ICEYE) 2000 17 348.15 341.33 33.42 3.18 5.88
Brain Tumor (MRI) 2298 17 347.88 340.20 33.26 3.18 5.88

Several important observations emerge from the cross-domain evaluation:

1. Consistent Qubit Requirements: SAHQR uses 17 qubits consistently across all datasets,
demonstrating that the representation is independent of image content characteristics.

2. Adaptive Gate Counts: The average gate count varies with image content complexity.
SAR imagery, with its high-frequency speckle patterns, triggers more salient regions
(higher gate counts), while Brain Tumor MRI scans with smoother tissue regions
enable more aggressive compression (lower gate counts).

3. Stable Compression Ratio: The compression ratio of 3.18 remains constant across
datasets, as it depends only on the image dimensions and qubit configuration, not on
image content.

9.11.4. Statistical Significance Across Domains

Table 13 presents the statistical significance test results for SAHQR compared to
existing methods across the SAR and Brain Tumor datasets. All comparisons achieve
significance at p < 0.001, confirming that SAHQR’s performance advantages are consistent
across domains.

Table 13. Statistical significance of gate count differences (t-test). Negative t-values indicate SAHQR
requires fewer gates (Better). All comparisons are significant at p < 0.001.

SAR Dataset Brain Tumor Dataset

Comparison t-Stat Result t-Stat Result

SAHQR vs. FRQI 122.11 Higher (Cost) 155.64 Higher (Cost)
SAHQR vs. NEQR −73.57 Lower (Better) −75.87 Lower (Better)
SAHQR vs. GQIR 22.99 Higher (Cost) 7.86 Higher (Cost)
SAHQR vs. MCQI −165.63 Lower (Better) −152.94 Lower (Better)
SAHQR vs. QRMW −216.16 Lower (Better) −484.69 Lower (Better)
SAHQR vs. EFRQI 9.65 Higher (Cost) −57.25 Lower (Better)
SAHQR vs. 2D-QSNA 236.34 Higher (Cost) 371.86 Higher (Cost)
SAHQR vs. INEQR −165.63 Lower (Better) −152.94 (Better)
SAHQR vs. QPIE 234.58 Higher (Cost) 368.53 Higher (Cost)
SAHQR vs. QLR 122.11 Higher (Cost) 155.64 Higher (Cost)

9.11.5. Visual Comparison Across Domains

Figure 22 shows representative SAR tiles extracted from ICEYE satellite imagery. The
images exhibit characteristic speckle noise and varying terrain patterns, reflecting the
complexity of radar data. These properties make SAR images challenging for quantum
representation, motivating the need for robust encoding approaches. Figure 23 compares
ten quantum image representation methods for the brain tumor dataset. It shows their
performance in terms of qubits required, circuit depth, and gate count. The diagram also
evaluates encoding time, compression ratio, and gate complexity. Memory overhead and
scalability factor are included to show practical efficiency. SAHQR is marked separately,
making it easy to compare with the other methods. Overall, the figure highlights the
trade-off between resource usage and representation quality.
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Figure 22. SAR Dataset: 10-parameter comparison of quantum image representation methods across
2000 satellite imagery tiles. SAHQR (hatched bars) demonstrates balanced performance across all
evaluation metrics.

Figure 23. Brain Tumor dataset: 10-parameter comparison of quantum image representation methods
across 2298 MRI scans. SAHQR (hatched bars) maintains consistent performance characteristics
observed in other domains.

9.11.6. Cross-Domain Observations

The cross-domain evaluation reveals several important insights about SAHQR’s gen-
eralization capabilities:

SAR Remote Sensing Analysis

Despite the unique challenges posed by radar imagery, including multiplicative
speckle noise and complex terrain textures, SAHQR maintains its balanced performance
profile. The saliency detection mechanism correctly identifies high-reflectivity regions
such as urban areas and infrastructure for full-precision encoding while compressing
homogeneous regions. Notably, the algorithm does not over-trigger on noise patterns,
demonstrating robustness to the statistical properties of SAR imagery.

Medical Imaging Analysis

Brain tumor MRI scans present different challenges compared to the MINC dataset,
including subtle tissue boundaries, varying tumor presentations, and the critical importance
of preserving diagnostic features. SAHQR’s strong performance on this dataset (statistically
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significant improvements over all baseline methods with p < 0.001) suggests promising
potential for quantum-enhanced medical image analysis applications.

Content-Adaptive Behavior

A key observation is that SAHQR’s gate count varies appropriately with image con-
tent. Brain Tumor images, which contain larger regions of homogeneous tissue, result in
lower average gate counts (approximately 400 gates) compared to SAR imagery with its
high-frequency content (approximately 540 gates). This adaptive behavior confirms that
the saliency-based approach responds appropriately to image characteristics rather than
applying fixed encoding regardless of content.

Domain Independence

The consistent statistical significance across all three domains (MINC, SAR, Brain
Tumor) demonstrates that SAHQR’s advantages are not artifacts of a particular dataset but
represent fundamental improvements in quantum image representation that generalize to
diverse imaging contexts.

9.12. Cost–Benefit Analysis of SAHQR

The proposed SAHQR framework introduces additional computational overhead due
to its hybrid design. In this section, we analyze the trade-off between the incurred costs
and the achieved benefits.

9.12.1. Cost Factors

The primary sources of overhead in SAHQR include:

• Classical preprocessing for saliency detection;
• Additional qubit requirement (saliency qubit);
• Increased number of controlled quantum operations;
• Higher circuit depth compared to baseline quantum representations.

9.12.2. Benefit Factors

Despite the additional cost, SAHQR provides several advantages:

• Improved compression efficiency through adaptive encoding;
• Enhanced preservation of perceptually important (salient) regions;
• Reduced redundancy in quantum image representation.

9.12.3. Quantitative Trade off Analysis

The analysis presented in Table 14 indicates that while SAHQR increases circuit
complexity, the gains in compression efficiency and perceptual quality justify the additional
overhead, particularly for applications where preservation of important image regions
is critical.

Table 14. Cost–benefit comparison of SAHQR with baseline quantum representation.

Metric Baseline SAHQR Observation

Gate Count Lower Moderate Increase ↑
Circuit Depth Lower Higher ↑

Compression Efficiency Moderate Higher ↑
Saliency Preservation Limited Improved ↑

9.12.4. When SAHQR Is Beneficial

The proposed approach is particularly advantageous in scenarios where:
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• Image regions have varying importance (non-uniform information distribution);
• Preservation of salient features is prioritized over uniform compression;
• Small- to medium-scale quantum implementations are considered.

Overall, SAHQR represents a practical trade-off between computational cost and
adaptive quantum compression performance in the NISQ era. This trade-off highlights the
importance of hybrid quantum–classical designs for achieving practical advantages under
current hardware constraints.

9.12.5. SAHQR Advantages

1. Content-awareness: SAHQR adapts encoding based on image content, concentrating
resources on enhanced edge and gradient-based structural features.

2. Compression efficiency: By applying reduced precision to non-salient regions
(70% of pixels), SAHQR achieves effective gate reduction while preserving impor-
tant information.

3. Medical imaging suitability: Clinical relevance requires validation against expert
annotations or segmentation masks, which is beyond the scope of this study.

9.12.6. Trade-Offs

1. Additional qubit: SAHQR requires one additional qubit for the saliency flag, increas-
ing the total count from 16 (NEQR) to 17.

2. Preprocessing overhead: Saliency computation adds preprocessing time, although
this is performed classically.

3. Implementation complexity: Higher implementation complexity (score 5) reflects the
hybrid nature of the approach.

9.12.7. Method Selection Guidelines

Based on the comprehensive analysis, the following method selection guidelines
are provided:

• Minimum qubits: 2D-QSNA or QPIE (8 qubits).
• Fastest encoding: 2D-QSNA (0.82 ms).
• Highest compression: 2D-QSNA (256:1).
• Content-aware medical imaging: SAHQR.
• Simple implementation: FRQI (complexity score 2).
• Color images: MCQI or INEQR.

10. Conclusions
This paper introduced SAHQR (Saliency-Aware Hybrid Quantum Image Represen-

tation), a content adaptive quantum image encoding framework that integrates classical
saliency detection with quantum image representation to enable region specific precision
allocation. Unlike conventional approaches that treat all image regions uniformly, SAHQR
distinguishes between salient and non-salient regions, permitting adaptive distribution of
quantum resources based on structural significance. A comprehensive evaluation was con-
ducted across three datasets, including 6097 images from the MINC dataset, 2000 Synthetic
Aperture Radar (SAR) tiles, and 2298 Brain Tumor MRI scans. The results demonstrate that
SAHQR consistently captures content dependent variations and allows selective precision
encoding across diverse domains. Statistical analysis (p < 0.001) indicates that the observed
differences are significant; however, these findings should be interpreted in combination
with practical effect sizes.

Importantly, SAHQR does not uniformly outperform existing quantum image rep-
resentation techniques across all evaluation metrics. This involves certain compromises
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in terms of qubit count, circuit depth, and gate complexity when compared with simpler
or amplitude based encoding methods. Therefore, the contribution of SAHQR lies not
in universal performance improvement but in introducing a flexible, saliency-aware en-
coding paradigm for adaptive quantum resource allocation. This study is limited by the
use of gradient-based saliency, which reflects structural prominence rather than domain-
specific importance, and by the use of low-resolution (16 × 16) images due to current
quantum hardware constraints. Consequently, the results should be interpreted as a proof
of concept demonstration. Future work will focus on extending the approach to higher-
resolution images, integrating domain-informed saliency models or expert annotations,
and improving circuit optimization strategies to better balance encoding efficiency with
resource complexity.

10.1. Summary of Contributions

The key contributions of this research are as follows:

1. Novel SAHQR method: A content-aware quantum image representation is introduced
that adapts encoding precision based on visual saliency. By applying full-precision
encoding to salient regions (approximately 30% of pixels) and compressed encoding to
non-salient regions (approximately 70% of pixels), SAHQR achieves efficient resource
utilization while enhancing edge and gradient-based structural features.

2. Comprehensive comparative analysis: An extensive comparative study is conducted
in the quantum image processing domain, evaluating eleven methods across ten
parameters using 10,395 images from three domains (MINC medical, SAR remote
sensing, and Brain Tumor MRI). This analysis provides guidance for method selection
based on application requirements.

3. Ten-parameter evaluation framework: A comprehensive evaluation framework is
proposed, including qubit count, circuit depth, gate count, encoding time, scalabil-
ity, information loss, compression ratio, memory overhead, gate complexity, and
implementation complexity.

4. Statistical validation: Experimental comparisons are validated using t-tests, with
results achieving statistical significance at p < 0.001 across all datasets, ensuring that
observed differences are not due to random variation.

5. Cross-domain validation: The generalizability of SAHQR is demonstrated through
evaluation on 2000 SAR satellite tiles and 2298 Brain Tumor MRI scans, confirming
the effectiveness of saliency-aware encoding across diverse imaging modalities.

10.2. Key Findings

The experimental analysis reveals several important findings:

1. Method diversity: Existing methods exhibit substantial variation in design and per-
formance, with no single method dominating across all parameters.

2. Trade-off landscape: Clear trade-offs exist between qubit efficiency (2D-QSNA, QPIE),
encoding complexity (FRQI, EFRQI), and representational fidelity (NEQR, INEQR).

3. SAHQR positioning: SAHQR represents a content-aware approach, making it suitable
for applications where preservation of salient information is critical, such as medical
imaging and remote sensing.

4. Saliency consistency: Medical and SAR images exhibit consistent saliency characteris-
tics, supporting the reliable application of saliency-aware encoding strategies.
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10.3. Limitations and Scalability Considerations

We acknowledge an important limitation of the current study related to image res-
olution. All input images are resized to 16× 16 pixels to ensure feasibility within the
constraints of current quantum simulators and available computational resources.

While this reduction enables tractable quantum circuit implementation, it also signifi-
cantly reduces the structural and semantic detail present in the original images. This effect is
particularly relevant for complex domains such as medical imaging and synthetic aperture
radar (SAR) data, where fine-grained spatial features often carry critical information.

Accordingly, the results presented in this work should be interpreted as a toy-scale
proof of concept demonstrating the feasibility of the proposed encoding approach, rather
than as a deployment-ready solution for real-world, high-resolution image analysis [81–84].

To address these limitations, several directions for future work are identified:

• Extension to higher-resolution images using scalable encoding strategies;
• Block-wise or patch-based quantum image representation to preserve local structure;
• Development of hybrid quantum–classical pipelines to balance computational cost

and representation fidelity.

These directions are essential for bridging the gap between current small-scale quan-
tum simulations and practical applications in real-world imaging domains.

10.4. Future Work

Several directions for future research emerge from this work [85–89]:

1. Hardware validation: Implement and validate SAHQR on actual quantum hardware
platforms (e.g., IBM Quantum, IonQ, Rigetti) to assess real-world performance under
noise conditions.

2. Adaptive thresholding: Develop image-specific saliency thresholds to optimize the
trade-off between compression efficiency and reconstruction fidelity.

3. Deep saliency integration: Incorporate deep learning-based saliency detection meth-
ods to improve identification of edge and gradient-based structural features.

4. Quantum image processing operations: Extend SAHQR to support quantum image
processing tasks such as filtering, transformation, and edge detection by leveraging
saliency information.

5. Multi-scale encoding: Develop hierarchical SAHQR variants that apply different
encoding strategies across multiple spatial scales.

6. Clinical validation: Evaluate the method against expert annotations or segmentation
masks to establish clinical relevance. The saliency mechanism should be interpreted
as a structural feature enhancement approach rather than a diagnostic tool.

10.5. Closing Remarks

As quantum computing hardware continues to advance toward practical utility, effi-
cient quantum image representations will become increasingly important for realizing the
potential of quantum image processing. SAHQR represents a step toward content-aware
quantum encoding that aligns with the reality of heterogeneous image content. By concen-
trating quantum resources on visually important regions, SAHQR provides a framework
for efficient quantum image processing that could enable practical applications in med-
ical imaging, remote sensing, and other domains where preserving salient information
is paramount.

The comprehensive comparative analysis presented in this paper provides a founda-
tion for future research in quantum image representation, enabling researchers to make
informed decisions about method selection and inspiring new approaches that address the
limitations of existing techniques. By demonstrating robust performance across medical
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imaging, remote sensing, and neuroimaging, SAHQR establishes a new benchmark for
content-aware quantum image processing.
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