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Development of a Multi-scale Hierarchical
Representation of Quantum Images as a Basis
for Applied Noise Reduction of B-SCAN OCT

Images
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ABSTRACT

This study develops a Multi-scale Hierarchical
Representation of Quantum Images (MHRQI) and a
heuristic denoising operation for B-scan OCT speckle
suppression. Validation was performed in classical
quantum simulation using a stratified sample of 32
B-scan OCT images from Kermany2018 (Normal,
CNV, DME, Drusen). For encoder validation on a
128×128 synthetic image (25 qubits, 2,000,000 shots),
reconstruction reached MSE = 0.0242 and PSNR
= 64.29 dB. For denoiser validation on a synthetic
gradient image (25 qubits, 2,000,000 shots), MSE im-
proved from 1934.77 to 426.60 and PSNR from 15.26
to 21.83 dB. On the 32-image benchmark, classical
baselines yielded stronger absolute speckle suppres-
sion (best SSI: NLM 0.545± 0.110; best NSF: SRAD
0.579± 0.180), while the proposed method preserved
structure more consistently (EPF 0.924±0.042, Rank
1). Wilcoxon signed-rank testing (α = 0.05) showed
EPF was significantly better than BM3D, NLM, and
SRAD (p = 9.90× 10−6, 0.011, 4.66× 10−10). These
results position MHRQI as a structure-aware quan-
tum image representation with demonstrated empir-
ical behavior in simulation.

Keywords: Optical coherence tomography, speckle
noise reduction, quantum image processing, hierar-
chical quantum representation, diabetic retinopathy,
B-scan OCT

1. INTRODUCTION

In 2024, diabetes affected an estimated 800 mil-
lion adults worldwide, primarily in low- and middle-
income countries [1]. Among its complications, dia-
betic retinopathy (DR) stands out as a leading cause
of preventable vision impairment.

DR is a microvascular complication where high
blood sugar damages retinal blood vessels. Studies
estimate that 25% to 27% of individuals with dia-
betes develop DR, with the disease burden projected
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to rise through 2045 [2, 3]. As such, the growing im-
pact necessitates enhanced screening and early detec-
tion techniques; and among them is optical coherence
tomography (OCT).

OCT is a non-invasive imaging modality that uses
light waves to create 3D cross-sectional images of the
retina [4]. Clinicians use 2D slices, known as Bright-
ness Scans (B-SCANs), to inspect retinal layers [5].

However, B-SCAN OCT images are inherently cor-
rupted by speckle noise, created by the constructive
and destructive interference of scattered light waves.
This noise acts multiplicatively: y = x · n, where
y is the observed noisy intensity, x is the true sig-
nal intensity, and n is the noise component. Because
the noise is embedded within the observed signal, the
true signal intensity and the noise component are un-
knowns [5]. Mathematically, this is an ill-posed in-
verse problem.

Researchers have tackled OCT speckle noise
through various approaches. Classical digital image
processing techniques effectively reduce noise but of-
ten require careful parameter tuning and risk over-
smoothing critical anatomical features [6–8]. To ad-
dress these limitations, machine learning approaches
algorithmically and iteratively optimize parameters
by learning from paired datasets of clean and noisy
images. However, obtaining truly noise-free in vivo
OCT reference images is virtually due to the nature
of their acquisition process. Training datasets must
therefore rely on synthetically produced references or
averaged scans, that of which introduces errors and
can compromise the accuracy of retinal structures de-
spite improved overall denoising performance [5].

Quantum computing is also important because it
is now being applied to concrete reliability and op-
timization problems, not only theoretical demonstra-
tions. Recent ECTI-CIT studies include a surface-
code error-correction analysis for quantum gate trans-
lation of a classical ALU under depolarizing noise
and a D-Wave quantum annealing implementation
for disaster-response resource allocation in Marikina
City [9, 10].

Consequently, researchers have explored quantum-
based denoising frameworks to model these pixel in-
teractions as particles in a controlled quantum sys-
tem [11–14]. Most of these approaches, however,KENO S. J
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simulate the physical image formation process rather
than performing direct image domain processing.
Upon observation of the quantum image process-
ing domain, it is found that existing quantum im-
age representations primarily encode pixel intensi-
ties, lacking the structural encoding required to pre-
serve spatial relationships and multiscale anatomy.
To our knowledge, speckle suppression relies on struc-
tural context, this limitation obscures how anatomi-
cal boundaries might be distinguished from noise na-
tively within a quantum state. As a result, structure-
aware quantum image processing for practical OCT
denoising remains an open theoretical challenge.

This study introduces the Multi-scale Hierarchical
Representation of Quantum Images (MHRQI) frame-
work, functioning as a basis for a quantum denoising
operation on B-scan OCT images. The objective is
to formally define and analytically verify this quan-
tum image representation, and to empirically test
it through classical simulation whether introducing
this method can offer a statistical advantage in noise
suppression compared to established classical filtering
methods.

2. RELATED WORKS

This section summarizes OCT denoising ap-
proaches from classical filtering, to machine learn-
ing, to quantum and quantum-inspired methods,
then motivates the representational gap addressed by
MHRQI.

2.1 Classical Denoising Methods

Classical OCT denoising began with spatial fil-
tering and wavelet-domain methods, but these ap-
proaches can blur retinal boundaries or under-handle
multiplicative speckle noise [15]. Nonlocal and
transform-domain methods (e.g., NLM and BM4D)
improve denoising by exploiting patch similarity [16,
17], while diffusion and regularization-based meth-
ods such as SRAD, TV, and WNNM better model
OCT noise statistics and edge preservation [8, 18, 19].
Their main practical limitation is parameter sensitiv-
ity, where stronger smoothing can suppress diagnos-
tically relevant structures.

2.2 Artificial Intelligence and Machine Learn-
ing

Deep learning methods, including CNN and GAN
variants, often improve quantitative denoising met-
rics compared with classical filters [20, 21]. However,
supervised OCT denoising is constrained by the ab-
sence of truly noise-free in vivo references, so train-
ing commonly depends on synthetic or averaged tar-
gets [5, 22]. This can reduce performance stability un-
der distribution shift and introduces risk of anatom-
ically misleading outputs when optimization priori-

tizes learned objectives over faithful structure reten-
tion [23].

2.3 Quantum and Quantum-Inspired Image
Processing

Quantum-related OCT research follows two di-
rections. Hardware-focused studies use nonclassical
light and report benefits such as dispersion-related
improvements [11, 14, 24]. Algorithmic quantum-
inspired studies apply quantum formalisms to classi-
cally acquired images and report adaptive denoising
behavior [25–27]. Both directions are valuable, but
neither directly performs denoising on a natively en-
coded quantum image representation used for down-
stream image-domain operations.

2.4 Quantum Image Representations

Existing quantum image representations (ampli-
tude or basis-state families) encode positions and
intensities efficiently and reversibly [28–30]. Yet
they primarily act as coordinate-addressing schemes
and provide limited native multiscale spatial context.
This limitation complicates local structural consis-
tency checks needed for speckle suppression, moti-
vating the hierarchical spatial register introduced by
MHRQI.

3. METHODOLOGY

This section details the Multi-scale Hierarchical
Representation of Quantum Images (MHRQI) algo-
rithm and the corresponding quantum denoising op-
eration developed for B-scan OCT images. The en-
coder translates classical image data into a struc-
tural quantum state, and the denoiser evaluates local
neighborhood consistency to suppress speckle noise.

3.1 Quantum Image Representation

First, the classical mathematical formalism pre-
processes positional and intensity data before execut-
ing the quantum encoding circuit.

3.1...1 Classical Preprocessing

3.1...1.a Pixel Intensity NormalizationLet a classical
image be represented as a matrix of pixel intensity
values. For a grayscale image with dimensions N×N ,
the matrix is defined as:

I =


I(0, 0) I(1, 0) · · · I(N − 1, 0)
I(0, 1) I(1, 1) · · · I(N − 1, 1)

...
...

. . .
...

I(0, N − 1) I(1, N − 1) · · · I(N − 1, N − 1)


(1)

For a b-bit grayscale image, the number of possible
intensity levels L is given by:

L = 2b (2)KENO S. J
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Each pixel intensity satisfies the valid range:

0 ≤ I(x, y) ≤ L− 1 (3)

Intensity values are then expressed in binary form
using exactly b bits. For a pixel at position (x, y),
the binary representation is:

I(x, y) = (bb−1bb−2 . . . b0)2 (4)

where each bit bk ∈ {0, 1}. The equivalent bitwise
expanded form is:

I(x, y) =

b−1∑
k=0

bk2
k (5)

This converts each grayscale value into binary compo-
nents stored in a 1D array using row-major ordering.
For an image width N , each pixel (x, y) is assigned a
linear index:

i = y ·N + x (6)

The binary vector stored per pixel is:

B[i] = (bb−1, bb−2, . . . , b0)(x,y) (7)

Producing the final linear array of binary intensity
values:

B = [B[0], B[1], B[2], . . . , B[N2 − 1]] (8)

3.1...1.b Position Coordinate RemappingTo organize
pixel positions hierarchically, the image is divided
into progressively smaller subdivisions. At each level
k, the size of each subdivision sk is defined as:

sk =
N

dk
(9)

where d is the subdivision factor. The maximum clas-
sical subdivision level Lmax is computationally deter-
mined as:

Lmax = ⌊logd N⌋ (10)

At each subdivision level k, a pixel’s hierarchical in-
dex in the x and y directions is computed individually
to locate its sub-block:{

Qk(x) = min(⌊x (mod sk−1)·d
sk−1

⌋, d− 1)

Qk(y) = min(⌊y (mod sk−1)·d
sk−1

⌋, d− 1)
(11)

Concatenating these indices across all levels produces
the multi-scale hierarchical coordinate vectorH(x, y):

H(x, y) = (Q1(x), Q1(y), Q2(x), Q2(y),

. . . , QLmax(x), QLmax(y))
(12)

The complete combination across the image forms the
hierarchical matrix H:

H =


H(0, 0) · · · H(N − 1, 0)
H(0, 1) · · · H(N − 1, 1)

...
. . .

...
H(0, N − 1) · · · H(N − 1, N − 1)

 (13)

3.1...2 Encoder Quantum Formulae

The quantum system requires a position register
of paired qudits per hierarchical level, |qxk⟩ and |qyk⟩,
alongside an intensity register of b qubits. The full
system is initialized to the zero state:

|Ψ0⟩ = |0⟩⊗L
qx ⊗ |0⟩⊗L

qy ⊗ |0⟩⊗b
I (14)

The position register creates a uniform superposition
over all hierarchical spatial coordinates, while the in-
tensity register remains zero at this stage:

|Ψ1⟩ =
1√
d2L

d−1∑
qx1=0

d−1∑
qy1=0

· · ·
d−1∑
qxL=0

d−1∑
qyL=0

|qx1 , q
y
1 , . . . , q

x
L, q

y
L⟩ ⊗ |0⟩⊗b

I

(15)

The computational basis state representing the inten-
sity for pixel (x, y) is then explicitly encoded:

|I(x, y)⟩ = |bb−1⟩ ⊗ |bb−2⟩ ⊗ · · · ⊗ |b0⟩ (16)

A controlled intensity loading operator sets the inten-
sity register to |I(x, y)⟩ whenever the position register
equals |H(x, y)⟩:

Wx,y = |H(x, y)⟩⟨H(x, y)| ⊗XI(x,y)

+ (Î − |H(x, y)⟩⟨H(x, y)|)⊗ ÎI
(17)

The global sequence applies this across all pixels while
properly conditioning on the position register:

W =

N−1∏
y=0

N−1∏
x=0

Wx,y (18)

Yielding the quantum state after intensity encoding:

|Ψ2⟩ = W |Ψ1⟩ (19)

Creating the final MHRQI state, directly entangling
hierarchical position with exact binary intensity:

|MHRQI⟩ = 1√
d2L

N−1∑
y=0

N−1∑
x=0

|H(x, y)⟩ ⊗ |I(x, y)⟩
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Algorithm 1 MHRQI Encoder Algorithm

Require: Grayscale image I of size N ×N , bit depth b, subdivision factor d
Ensure: Encoded quantum state |MHRQI⟩
1: Calculate max subdivision levels Lmax = ⌊logd N⌋
2: Initialize position register q with 2Lmax qudits to |0⟩
3: Initialize intensity register i with b qubits to |0⟩
4: Initialize workspace ancilla w to |0⟩
5: Apply Hadamard gates to position register q to create uniform superposition
6: for each pixel (x, y) in image I do
7: Map (x, y) to hierarchical vector H(x, y)
8: Convert intensity I(x, y) to binary string (bb−1 . . . b0)
9: Apply Pauli-X to position register q where H(x, y) bits are 0
10: Apply multi-controlled NOT from q to flip ancilla w to |1⟩
11: for k = 0 to b− 1 do
12: if bk = 1 then
13: Apply CNOT from ancilla w to intensity qubit ik
14: end if
15: end for
16: Uncompute multi-controlled NOT to restore ancilla w to |0⟩
17: Uncompute Pauli-X on position register q
18: end for

3.2 Quantum Denoising Operation

3.2...1 Denoiser Formulae

The transition from the initialized state to the final
denoised state is governed by a composite unitary op-
erator, Ûdenoise. To ensure strict mathematical rigor,
each sub-operation of the denoising circuit is defined
as a tensor product across the entire joint Hilbert
space. The identity operator (Î) is explicitly applied
to all registers not actively manipulated by a given
gate sequence.

The initialized state introduces three ancillae
(parent-average |0⟩p, consistency |0⟩c, and outcome
|0⟩o) directly to the encoded image:

|Ψ⟩ = 1√
M

∑
|H(x, y)⟩⊗|I(x, y)⟩⊗|0⟩p⊗|0⟩c⊗|0⟩o

(21)

Next, a sibling superposition operator (ÛHfine
) iso-

lates the finest-level spatial subdivision by applying
a Hadamard gate (Ĥ) to both the x and y coordinate
qubits at level L− 1, while explicitly maintaining the
state of all parent-level positions, the intensity regis-
ter, and the ancillae.

ÛHfine
=

(
L−2⊗
k=0

Îqyk ⊗ Îqxk

)
⊗
(
ĤqyL−1

⊗ ĤqxL−1

)
⊗ Îint ⊗ Îp,c,o

(22)

Subsequently, a parent-level proxy operator (ÛRp)
accumulates the parent-level intensity proxy within
the work ancilla p. The rotation applied to p is
strictly dependent on the computational basis state

of the b-qubit intensity register.

ÛRp
=

(
L−1⊗
k=0

Îqyk ⊗ Îqxk

)
⊗ Îc ⊗ Îo

⊗

 ∑
i∈{0,1}b

|i⟩⟨i|int ⊗ R̂p(i)p

 (23)

Where R̂p(i)p represents the descending rotational
weights controlled by the specific bits (ib−1, . . . , ib−4)
of the intensity state |i⟩:

R̂p(i)p = R̂y

( π

16

)ib−1

R̂y

(π
8

)ib−2

· R̂y

(π
4

)ib−3

R̂y

(π
2

)ib−4
(24)

Then, a consistency logic operator (ÛXNOR) exe-
cutes the reversible XNOR comparison. It evaluates
the Most Significant Bit (MSB) of the intensity reg-
ister (ib−1) against the state of the parent-average
ancilla (p), targeting the consistency ancilla (c).

ÛXNOR =

(
L−1⊗
k=0

Îqyk ⊗ Îqxk

)
⊗

( ∑
i∈{0,1}b

∑
v∈{0,1}

|i⟩⟨i|int ⊗ |v⟩⟨v|p ⊗ X̂δ(ib−1,v)
c

)
⊗ Îo

(25)

The exponent uses the Kronecker delta function
δ(ib−1, v), which equals 1 if the MSB of the intensity
state (ib−1) matches the state of the parent proxy (v),
applying the Pauli-X gate to c.

Following this, an outcome marking operator
(Ûmark) records the denoising decision on the out-KENO S. J
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come qubit (o). If the consistency ancilla indicates a
mismatch (c = 0), the outcome qubit is flipped.

Ûmark =

(
L−1⊗
k=0

Îqyk ⊗ Îqxk

)
⊗ Îint ⊗ Îp

⊗
(
|0⟩⟨0|c ⊗ X̂o + |1⟩⟨1|c ⊗ Îo

) (26)

The final composite unitary operator Ûdenoise is
the forward sequence of these transformations fol-
lowed by the uncomputation sequence required to
cleanly release the working ancillae and restore the
position register basis. Because the Hadamard and
XNOR operations are their own inverses, their ad-
joints (†) reflect this precise uncomputation:

Ûdenoise = Û†
Hfine

· Û†
Rp

· Û†
XNOR

· Ûmark · ÛXNOR · ÛRp · ÛHfine

(27)

Applying this composite operator to the initial-
ized state yields the final, mathematically reversible
denoised state:

|Ψdenoise⟩ = Ûdenoise|Ψ⟩

=
1√
M

∑
|H(x, y)⟩ ⊗ |I(x, y)⟩

⊗ |0⟩p ⊗ |0⟩c ⊗ |o(x, y)⟩

(28)

3.3 Proof Development

To validate core correctness properties before sim-
ulation, the framework was mechanically checked
in Lean 4. The proof goals were: (i) bijective
coordinate-to-hierarchy mapping for lossless posi-
tional encoding, (ii) reversibility of the denoising cir-
cuit through proper uncomputation, and (iii) correct-
ness of the outcome-qubit consistency logic under the
formal rule set.

3.4 Software Development

The implementation uses a Python/Qiskit work-
flow executed through modular scripts for circuit
construction, preprocessing/reconstruction, baseline
comparison, and statistical benchmarking. Large-
batch runs were executed on high-performance com-
puting resources using SLURM-managed jobs and
isolated software environments, enabling reproducible
dataset-scale experiments.

3.5 Experimental Setup

Experiments used a stratified sample of 32 B-
scan OCT images from Kermany2018 (Normal, CNV,
DME, Drusen). The proposed method was compared
against BM3D, NLM, and SRAD under shared input
conditions. Evaluation used speckle-focused metrics
(SSI, SMPI, NSF, ENL, CNR) and structure-focused

metrics (EPF, EPI, OMQDI), followed by paired sig-
nificance testing using the Wilcoxon signed-rank test
at α = 0.05.

4. RESULTS AND DISCUSSION

This section presents the analytical validation and
empirical results of the encoding algorithm, the quan-
tum denoising operation, and the overall system eval-
uation applied to B-SCAN OCT images. The system
was benchmarked against classical denoising methods
BM3D, NLM, and SRAD.

4.1 Results of the Encoding Algorithm

Analytical proofs confirm that the encoding algo-
rithm mathematically guarantees a lossless represen-
tation of the classical image data.

4.1...1 Analytical Validation

The structural mapping equations of the MHRQI
encoder were mechanically verified using Lean 4. The
formal proofs confirm that the spatial mapping from
the 2D Cartesian plane of pixel coordinates into the
multiscale hierarchical register is strictly bijective.
This guarantees that the quantum image represen-
tation algorithm introduces zero data loss and zero
index collisions, thereby losslessly encoding classical
spatial data into a quantum state.

4.1...2 Empirical Results

The encoding circuit was executed on a 128× 128
synthetic classical test image. The 25-qubit circuit
(depth 130,197) was simulated using 2,000,000 mea-
surement shots. The reconstructed image obtained
a Mean Squared Error (MSE) of 0.0242 and a Peak
Signal-to-Noise Ratio (PSNR) of 64.29 dB when com-
pared directly to the original image. Minor spatial de-
viations were distributed randomly, consistent with
expected statistical sampling variance rather than
structural distortion. These results confirm the ana-
lytically proven lossless correlation.

Fig.1: Encoder Empirical Results using a Synthetic
Test Image
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Algorithm 2 Quantum Denoising Consistency Operation

Require: Encoded |MHRQI⟩ state, bit depth b
Ensure: Denoised consistency outcome state |Ψdenoise⟩
1: Initialize ancillae parent-average p, consistency c, outcome o to |0⟩
2: Apply Hadamard to finest-level position qubits qxL−1, q

y
L−1 (sibling superposition)

3: Apply controlled RY (π/16) from Ib−1 to ancilla p
4: Apply controlled RY (π/8) from Ib−2 to ancilla p
5: Apply controlled RY (π/4) from Ib−3 to ancilla p
6: Apply controlled RY (π/2) from Ib−4 to ancilla p
7: Apply Hadamard to finest-level position qubits qxL−1, q

y
L−1

8: Apply Toffoli-sequence (XNOR) between Ib−1 and p, target c
9: Apply CNOT from c to outcome o conditioned on inconsistency
10: Uncompute Toffoli-sequence on c
11: Uncompute RY operations on p

4.2 Results of the Denoising Operation

4.2...1 Analytical Validation

The discrete logic of the quantum denoising cir-
cuit was similarly verified in Lean 4. The formal
proofs confirm that the algorithmic sequence is theo-
retically reversible, verifying that temporary compu-
tational workspaces uncompute to their initial states
to preserve overall quantum coherence. Additionally,
the verification ensures that the outcome qubit eval-
uates to |1⟩ if and only if the structural inconsistency
condition is met, confirming the denoiser’s logic oper-
ates strictly according to its mathematical definition.

4.2...2 Empirical Results

To isolate the consistency logic, the denoising cir-
cuit operated on a 128 × 128 synthetic image fea-
turing a sharp vertical gradient and artificially in-
jected pixel-level speckle noise. The 25-qubit simu-
lated circuit (2,000,000 shots) recorded quantitative
error reduction. The noisy input registered an MSE
of 1934.77 (15.26 dB PSNR), which improved to an
MSE of 426.60 (21.83 dB PSNR) after denoising. The
outcome qubit flagged inconsistent pixels as defined,
smoothing the speckle while maintaining the gradient
boundary in the simulation environment.

Fig.2: Empirical Validation of the Denoiser on a
Synthetic Image

4.3 System Evaluation on B-SCAN OCT Im-
ages

The system was evaluated against baseline meth-
ods using a stratified sample of 32 B-SCAN OCT im-
ages (Normal, CNV, DME, Drusen).

4.3...1 Speckle Reduction Performance

Table 1 reports the mean quantitative results for
Speckle Suppression Index (SSI), Speckle Suppression
and Mean Preservation Index (SMPI), Noise Sup-
pression Factor (NSF), Equivalent Number of Looks
(ENL), and Contrast-to-Noise Ratio (CNR).

Classical baselines achieved stronger absolute vari-
ance suppression: NLM gave the best SSI (0.545 ±
0.110), SRAD gave the best NSF (0.579±0.180), and
BM3D gave the highest CNR (59.359±155.675). The
proposed method ranked fourth in SSI, SMPI, NSF,
ENL, and CNR (SSI 0.933±0.062, NSF 0.127±0.075),
consistent with its conservative, structure-preserving
denoising rule.

4.3...2 Structural Similarity Performance

The structural consistency findings (Edge Preser-
vation Factor (EPF), Edge Preservation Index (EPI),
and Objective Measure of Quality of Denoised Images
(OMQDI)) are summarized in Table 2.

For structural metrics, the proposed method
achieved the highest EPF (0.924 ± 0.042, Rank 1),
with lower EPF dispersion than BM3D (±0.130),
NLM (±0.105), and SRAD (±0.177). It ranked third
in EPI (0.924±0.043) and second in OMQDI (1.032±
0.033), indicating a favorable edge-preservation pro-
file despite weaker absolute speckle suppression.

4.3...3 Statistical Significance

A Wilcoxon signed-rank test (α = 0.05) compared
differences between the proposed method and the
baseline algorithms. Table 3 reports the p-values and
hypothesis testing results.

Wilcoxon tests reject H0 for SSI and ENL against
all baselines (p = 4.66 × 10−10), confirming stronger
absolute smoothing by classical methods. For EPF,KENO S. J
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Table 1: Mean Speckle Reduction Metrics Results
Algorithm SSI↓ (Rank) SMPI↓ (Rank) NSF↑ (Rank) ENL↑ (Rank) CNR↑ (Rank)
BM3D 0.707± 0.083 (#3) 0.976± 0.019 (#3) 0.212± 0.171 (#2) 160.139± 74.083 (#3) 59.359± 155.675 (#1)
Non-Local Means 0.545± 0.110 (#1) 0.975± 0.017 (#2) 0.137± 0.115 (#3) 292.836± 171.602 (#1) 42.189± 105.090 (#2)
SRAD 0.669± 0.077 (#2) 0.950± 0.023 (#1) 0.579± 0.180 (#1) 175.648± 77.196 (#2) 20.820± 45.559 (#3)
Proposed 0.933± 0.062 (#4) 0.977± 0.012 (#4) 0.127± 0.075 (#4) 87.427± 28.797 (#4) 9.994± 17.194 (#4)

Table 2: Mean Structural Similarity Metrics Results
Algorithm EPF (Rank) EPI (Rank) OMQDI (Rank)
BM3D 0.820± 0.130 (3) 0.937± 0.039 (2) 0.982± 0.080 (4)
NLM 0.865± 0.105 (2) 0.944± 0.033 (1) 0.982± 0.064 (3)
SRAD 0.513± 0.177 (4) 0.823± 0.068 (4) 1.047± 0.091 (1)
Proposed 0.924± 0.042 (1) 0.924± 0.043 (3) 1.032± 0.033 (2)

Table 3: Wilcoxon Signed-Rank Test Results
Metric vs. BM3D (p) vs. NLM (p) vs. SRAD (p)
SSI 4.66× 10−10 (Reject H0) 4.66× 10−10 (Reject H0) 4.66× 10−10 (Reject H0)
SMPI 0.019 (Reject H0) 0.500 (Fail to reject H0) 4.66× 10−10 (Reject H0)
NSF 0.012 (Reject H0) 0.465 (Fail to reject H0) 4.66× 10−10 (Reject H0)
ENL 4.66× 10−10 (Reject H0) 4.66× 10−10 (Reject H0) 4.66× 10−10 (Reject H0)
CNR 0.003 (Reject H0) 2.31× 10−6 (Reject H0) 0.028 (Reject H0)
EPF 9.90× 10−6 (Reject H0) 0.011 (Reject H0) 4.66× 10−10 (Reject H0)
EPI 0.304 (Fail to reject H0) 0.018 (Reject H0) 3.26× 10−9 (Reject H0)
OMQDI 2.84× 10−5 (Reject H0) 6.91× 10−7 (Reject H0) 0.747 (Fail to reject H0)

the proposed method is significantly different from
BM3D, NLM, and SRAD (p = 9.90 × 10−6, 0.011,
4.66 × 10−10), supporting the observed structural-
preservation advantage.

4.3...4 Visual Results

Visual inspection indicates the proposed simulated
algorithm smooths high-frequency speckle while re-
taining localized layer interfaces and pathological
structures more clearly than the evaluated classical
diffusion approaches, though at the expense of leav-
ing residual granular noise.

5. CONCLUSION AND RECOMMENDA-
TIONS

This study formalized MHRQI as a hierarchi-
cal quantum image representation with a reversible
consistency-based denoising circuit, then validated
both analytically and empirically. Encoder simula-
tion on a 128 × 128 test image (25 qubits, 2,000,000
shots) achieved MSE 0.0242 and PSNR 64.29 dB.
Denoiser simulation on synthetic noisy gradients im-
proved MSE from 1934.77 to 426.60 and PSNR from
15.26 to 21.83 dB.

On 32 B-scan OCT images, baseline methods
remained stronger for absolute speckle suppression
(best SSI: NLM 0.545 ± 0.110; best NSF: SRAD
0.579± 0.180), while MHRQI achieved the strongest
EPF (0.924± 0.042, Rank 1). Wilcoxon testing con-
firmed this tradeoff: absolute-noise metrics favored
classical methods, whereas EPF showed significant
differences versus all baselines. The results support
MHRQI as a structure-aware representation in sim-
ulation, while highlighting two constraints for future
work: stronger variance reduction and lower circuit
depth for practical hardware execution.

Recommended next steps are:

• Improve denoising strength while preserving struc-
tural metrics.

• Reduce circuit complexity (including qudit-oriented
variants).
• Validate compressed variants on available quantum
hardware.
• Extend the hierarchy to additional operations (e.g.,
edge/region analysis) and higher-dimensional repre-
sentations.
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