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ABSTRACT The Discrete Cosine Transform (DCT) is an integral part of classical image compression, which
becomes the basis of the JPEG standard. With advances in quantum computing, there is growing interest in
exploring quantum analogues of classical algorithms for such transforms. This paper presents a simulation
of the Quantum Discrete Cosine Transform (QDCT) using the Qiskit Python library, applied to standard
grayscale images segmented into 8 x 8 and 4 x 4 blocks. The QDCT algorithm is formulated as a unitary
operator and evaluated using state-vector simulation. Due to the current constraints of quantum hardware
and challenges in circuit synthesis, this study focused on simulation results, as direct quantum circuit
measurement leads to amplitude collapse and unusable output. The performance of QDCT is quantitative
compared to classical DCT using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM),
and compression ratio metrics. The result of this study reveals the feasibility and current limitations of
QDCT-based image compression while providing a reproducible benchmark for future quantum image
processing research. This study offers a realistic assessment of the potential and technical limitations of
QDCT in the context of emerging quantum technologies.

INDEX TERMS Compression algorithm, discrete cosine transforms, image compression, quantum
algorithm, quantum computing, quantum information.

I. INTRODUCTION While the Quantum Fourier Transform (QFT) is well-

With the rapid growth of digital images in communications,
entertainment, and scientific domains, efficient compression
algorithms have become increasingly crucial. Recently,
quantum computing has attracted attention for its potential
speedups for specific problems by harnessing superposition
and entanglement principles [1]. In 1992, the JPEG spec-
ification was published, which implemented the Discrete
Cosine Transform (DCT) as the main compression algorithm.
JPEG compression splits images into blocks (commonly
8 x 8), applies DCT to each block, and then quantizes the
coefficients to control compression rate and visual quality [2].
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studied, real-valued transforms such as DCT remain rel-
atively unexplored in the quantum context, despite their
importance in classical applications, especially in image
compression. To address this gap, this paper investigates
the simulation of the Quantum Discrete Cosine Transform
(QDCT) for image compression using the Qiskit Python
library.

Beyond being an academic exercise, QDCT holds poten-
tial practical advantages. It provides a foundation for
quantum-native compression pipelines, reducing costly data
transfer between classical and quantum devices in hybrid
architectures. Since it directly operates on quantum states,
it enables integration with quantum encryption or commu-
nication protocols (e.g., BB84), offering compression and
security advantages [3], [4]. Moreover, due to quantum
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registers scaling logarithmically with input size, QDCT-based
approaches may eventually support high-dimensional multi-
media data more efficiently than classical DCT, once scalable
quantum hardware is available [1], [4], [5], [6]. Compressed
quantum states could also serve as low-dimensional inputs
for Quantum Machine Learning (QML) models, reducing
overhead in emerging applications [7].

This paper benchmarks QDCT against classical DCT
using metrics such as Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM), and compression ratio.
Due to current hardware limitations, the implementation is
restricted to statevector simulation, as real quantum hardware
and circuit synthesis approaches cause state collapse, leading
to unsatisfactory results.

The main contributions of this paper are:

o Quantitative comparison of QDCT and classical DCT
on standard test images, reporting PSNR, SSIM, and
compression ratio

o Analysis of practical limitations and prospects for
quantum image compression

o Formulation and simulation of the QDCT operation for
image compression using Qiskit
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FIGURE 1. QDCT image compression pipeline (statevector simulation).

Il. BACKGROUND
In this section, this paper provides the necessary background
information to understand the implementation and evaluation
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FIGURE 2. Quantum circuit generating entanglement.

of the Quantum Discrete Cosine Transform (QDCT) for
image compression. Furthermore, this section will discuss
the Discrete Cosine Transform (DCT) and its central role in
classical image compression techniques, particularly in the
JPEG standard image compression.

A. QUANTUM COMPUTING BASICS

Quantum computing extends classical computation by
exploiting superposition, entanglement, and unitary evolu-
tion [1], [8], [9]. Unlike classical bits, a qubit can exist in
a superposed state

) =al0) +B11), la®+I187 =1, (1

allowing quantum computers to process large state spaces
simultaneously. When multiple qubits are combined, the
Hilbert space grows exponentially (2" states for n qubits), and
entanglement introduces non-classical correlations. Fig. 2
illustrates a basic two-qubit entangling circuit.

Quantum circuits are built from unitary gates, the quantum
analogue of classical logic gates. Standard single-qubit gates
include Hadamard (superposition), Pauli-X /Y /Z (axis rota-
tions), and phase rotations, while multi-qubit gates such as
CNOT or Toffoli perform controlled operations. Fig. 3 shows
an example quantum circuit. Unlike classical computation,
measurement collapses superposition to definite outcomes
based on the Born rule, making full amplitude readout
infeasible on hardware [10].

FIGURE 3. Example of a quantum circuit composed of single- and
multi-qubit gates.

Given current hardware limitations (low qubit counts,
noise, and decoherence), most research relies on quantum
simulators such as Qiskit Aer’s statevector backend [11].
These simulators enable exploration of quantum algorithms
for domains like image processing, including Quantum
Discrete Cosine Transform (QDCT), without being restricted
by device errors. The relevance to image compression arises
because unitary transforms, such as the Fourier or Cosine
transform [12], can be represented as quantum circuits and
applied to vectorized image blocks, forming the foundation
of the methodology used in this work.
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FIGURE 4. DCT coefficient matrix.

B. DISCRETE COSINE TRANSFORM (DCT) AND JPEG
COMPRESSION

Discrete Cosine Transform (DCT) is a widely used trans-
formation technique in digital signal and image processing.
It was introduced by Ahmed, Natarajan, and Rao in
1974 based on an adaptation of another transform named
Karhunen-Loéve Transform (KLT), where it produces an
uncorrelated coefficient because the coefficient can be treated
independently without loss of compression efficiency [13],
[14]. DCT Transforms will take a signal or image from
the spatial domain to the frequency domain, with the
essential property that most of the signal’s energy tends
to be concentrated in a small number of low-frequency
components [15].

1) DCT IN IMAGE COMPRESSION

In the context of image compression, it uses DCT-2D (Dis-
crete Cosine Transform 2D), which operates on square blocks
(commonly using an 8 x 8 pixel block), transforming pixel
values into coefficients that represent the spatial frequency
of the pixel values. Since the basis functions of DCT are
cosine waves of varying frequency, and the result of the
transformation is a set of coefficients, each of the coefficients
represents the strength of a particular spatial frequency in
the block. Unlike DFT (Discrete Fourier Transform), which
produces complex-valued coefficients, DCT produces real-
valued output, which makes it computationally efficient and
suitable for compression tasks [13], [15].

Most natural images have strong correlations between
neighboring pixels, causing DCT to concentrate most of
the information in a few low-frequency coefficients (top-
left corner of the DCT matrix), while the higher-frequency
coefficients (bottom-right) are often small or zero. These
low-frequency and high-frequency concentrations are useful
since human eyes cannot distinguish high-frequency data
even if that particular section is set to zero [15]. In mathe-
matical formulation for DCT-2D, it is defined as:

N—-1N-1
Cuy = a@a(®) D > fiy
x=0 y=0
[ﬂ(2x+1)u} |:71(2y+ 1)v}
cos cos 2)
2N 2N

199066

where:
e u,v=_0,1,...,N — 1 are the frequency indices,
e f(x,y) is the pixel value at position (x, y),

o a(u), a(v): normalization factors, where a(k) = Il\, for

k=0,a(k) = /2 fork > 0.

After applying the transform to reconstruct the spatial
value blocks from their frequency coefficients, it uses the
inverse discrete cosine transform 2-dimension (IDCT-2D),
and it can be defined in mathematical formulation as:

N—-1N-1

[y =20 D aamFu,v)

x=0 y=0
T 1 T 1 3
cos[ﬁ (x—i—z)u}cos[ﬁ (y—i— E)v] 3)

e f(x,y) are the original pixel intensity at the position
(x. y),

e F(u,v) the DCT coefficient multiplies as a cosine basis
function of horizontal and vertical frequency,

where:

o «a(u), a(v): normalization factors, where a(k) = 1% for
k=0,ak) = \/%fork >0,

e x,y=0,1,...,N — 1is the pixel location in the block,

e u,v=0,1,...,N — 1is the frequency indices

2) JPEG COMPRESSION STANDARD

The JPEG compression standard, published in 1992, is built
around DCT as its primary compression algorithm. The usual
JPEG compression pipeline includes several key stages:

« Color space conversion The input image is typically in
RGB (Red, Green, Blue) format. JPEG will convert it
to YCbCr (Y: Luminance, Cb/Cr: Chrominance), since
human eyes are more sensitive to brightness (Y) than
color (Cb, Cr). This format allows better compression
by reducing color (Cb, Cr) data.

o Chrominance sub-sampling Since human eyes are less
sensitive to color, JPEG often reduces the resolution of
the Cb/Cr channel, usually with a ratio of 4:2:0 or 4:2:2

« Block splitting The image will be divided into blocks,
typically 8 x 8 pixels. This will help compression since
it will limit the computational burden and localize the
effect of the quantization.

« 2D DCT Application Each block will undergo DCT,
which will convert spatial pixel values into frequency
domain coefficients

o Quantization DCT coefficients are divided by a quan-
tization matrix and rounded to the nearest integer.
This step introduces lossy compression, prioritizing
the retention of perceptually important low-frequency
information. In this step, the quality of the JPEG
compression is governed by the quantization matrix.
If the quantization matrix values are larger, it will reduce
the image quality and vice versa
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o Zig-zag ordering The DCT coefficients are ordered
in a zig-zag pattern while grouping low-frequency
values first to help with efficient encoding, as after
quantization, many high-frequency coefficient values
are zero or near zero.

« Encoding The JPEG standard usually uses Huffman
encoding to further compress the values.

For gray-scaled images, color space conversion and
chrominance sub-sampling will not be applied, since
gray-scale photos do not have a color data channel. Decoding
the output image of the JPEG compression can be done by
reversing the process [13], [14], [16].

C. QUANTUM DISCRETE COSINE TRANSFORM (QDCT)
While the Quantum Fourier Transform (QFT) is a
well-established primitive in quantum algorithms, the QDCT
is less explored but holds promise for image and signal
processing tasks on quantum hardware [12], [17].

1) DIRECT MATRIX-BASED IMPLEMENTATION

In this research, QDCT is implemented directly as a
unitary matrix operation within a quantum circuit using
the Qiskit Python library. Unlike other quantum image
processing schemes that employ specialized encodings, this
study utilizes direct amplitude mapping: small image blocks
are flattened into vectors, normalized, and initialized into
quantum states via Qiskit’s initialize instruction. The
DCT itself is implemented as a unitary operator, consistent
with the requirement that quantum operations must be
unitary.

2) PRACTICAL LIMITATION

Because information is encoded directly into quantum ampli-
tudes, retrieving all coefficients on real quantum devices is
infeasible due to state collapse upon measurement. Thus,
this work relies on statevector simulation to access the
full output for benchmarking. Additionally, quantization can
produce zero vectors, leading to normalization issues and
flat reconstructions. These limitations highlight the current
technological gap between theoretical QDCT feasibility and
practical realization.

Ill. RELATED WORK

Image compression and quantum algorithms have been the
focus of researchers in recent years, with growing interest
in applying classical transforms to quantum computers. This
section summarizes prior work on classical DCT/JPEG, the
development of QDCT-based schemes, and identifies gaps
that motivate this study.

A. CLASSICAL IMAGE COMPRESSION AND DISCRETE
COSINE TRANSFORM (DCT)

The Discrete Cosine Transform is a cornerstone of digital
signal processing, and it is widely used, especially in image
and video compression. Since its introduction and adoption
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in the JPEG standard [2], [14], [17], DCT has been the
foundation of practical image compression for over three
decades. The JPEG standard operates by dividing the image
into fixed-size blocks (commonly 8 x 8), applying DCT to
each block, quantizing each block’s coefficients, and finally
encoding the result using Huffman’s encoding to reduce
redundancy [16]. DCT enables efficient energy compaction,
meaning that most information is concentrated in a small
subset of coefficients, which allows for significant data
reduction with minimal loss in visual quality, as it removes
or minimizes high-frequency data from the images or signal.

More recent educational work, such as ‘Discrete Cosine
Transform JPEG Compression’ [15] revisits and modernizes
the implementation of DCT, focusing not only on com-
pression performance, but also on pedagogical clarity. This
work highlights the robustness and flexibility of DCT-based
JPEG, even as digital imaging technology and use cases,
such as video compression, have evolved. Moreover, with
the advancement of computational technology, the need for
efficient and scalable compression methods remains critical,
making DCT-based algorithms as relevant as ever.

However, while classical JPEG remains successful, its
compression efficiency is fundamentally bounded by clas-
sical computation. As image and data volumes continue to
grow exponentially [18], researchers have begun to explore
whether quantum algorithms could offer performance or
security advantages over established classical pipelines.

B. QUANTUM DISCRETE COSINE TRANSFORM (QDCT)
AND QUANTUM IMAGE COMPRESSION

With the advancement of quantum computing theory and
technologies, especially in quantum simulation, there has
been substantial interest in mapping classical signal pro-
cessing operations such as DCT into the quantum domain.
Early theoretical work by Klappenecker and Rotteler [12]
established the mathematical formulation of DCT and its
fast variants (such as DCT-II, used in JPEG) as quantum
circuits, demonstrating that DCT can be expressed as a
unitary transformation which is compatible with quantum
operations. This foundational step showed feasibility but did
not yet provide image-level implementations or benchmarks.

Following Klappenecker and Rotteler’s work, numerous
studies explored the application of Quantum Discrete Cosine
Transform (QDCT) in image compression and encryp-
tion. For example, Xiao et al. [4] and Jing et al. [19]
developed hybrid quantum compression-encryption schemes,
combining QDCT with an additional security layer such as
hyper-chaotic Henon maps. These approaches highlight the
potential for integrating QDCT into secure communication
frameworks, but they focus more on cryptography than on
direct comparison to classical compression.

Other studies, such as “Quantum Discrete Cosine Trans-
form for Image Compression” [20] and ““‘Signal and Image
Compression Using Quantum Discrete Cosine Transform”
[21], focus on the fundamental feasibility and efficiency of
QDCT in image compression. However, their evaluations are
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largely theoretical or limited to abstract simulation scenar-
ios, often without standardized test images or reproducible
pipelines. In the paper “Quantum JPEG” [22], for instance,
a quantum implementation of the JPEG standard algorithm
is proposed, providing an open-source code, and evaluating
quantum compression on simulated platforms. Yet, this work
relies on the Quantum Fourier Transform (QFT) rather than
QDCT, meaning the direct comparison between classical
DCT and its quantum analog remains underexplored.

Another recent study, such as “Advanced Quantum
Image Representation and Compression Using A DCT-
EFRQI Approach” [5], investigated a more sophisticated
hybrid representation of combining QDCT with an advanced
quantum image encoding scheme to achieve improved com-
pression ratios and better image fidelity. While valuable, this
introduces significant state-preparation overhead, making it
less directly comparable to JPEG’s block-based workflow.

Taken together, the literature demonstrates that QDCT has
been studied in diverse ways—from theoretical formulations
to hybrid encryption schemes—but most works either avoid
direct benchmarking with classical DCT, rely on alternative
transforms like QFT, or assume idealized encoding of
quantum images.

C. LIMITATION AND RESEARCH GAP IN QDCT RESEARCH
Despite considerable theoretical advancement, the practical
implementation of QDCT-based image compression remains
challenging. Many studies [5], [12], [15], [20], [22] use
quantum simulation environments (especially statevector
simulators) rather than using a real quantum device due
to the latter’s limitation in qubit counts, gate fidelity, and
susceptibility to decoherence, especially in complex quantum
circuits. A common limitation in quantum approaches is the
issue of measurement collapse: after applying QDCT as a
unitary operation, extracting meaningful image information
encoded into the qubit amplitude via direct measurement is
nontrivial, often resulting in amplitude collapse and loss of
data, especially for higher-dimensional images.

Another gap in current research is the direct, empirical
comparison of QDCT and classical DCT using real images
and practical, interpretable metrics (such as PSNR, SSIM,
and compression ratio), particularly in the context of
block-based image processing, analogous to the JPEG stan-
dard. While theoretical circuit depth and quantum resource
estimates are discussed [12], [20], detailed, reproducible code
and step-by-step pipelines for quantum image compression
are less common, with many studies relying on idealized
or abstract assumptions about state preparation and noise.
In particular, reproducibility is rarely emphasized: while
Roncallo’s Quantum JPEG offers open-source implementa-
tion, many other QDCT works remain descriptive without
accessible implementations.

Furthermore, few works have directly addressed the
limitation of amplitude collapse and the impact of using
quantum circuit vs. statevector simulators. As a result, a gap
remains in practical usage, end-to-end evaluation of QDCT
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implementation using widely available quantum simulation
tools (such as the Qiskit library) and standardized image
blocks [23].

D. SUMMARY OF THE CURRENT WORKS

Building upon the extensive body of prior research, this study
aims to provide a practical, comparative evaluation of QDCT
and classical DCT for block-based image compression. The
implementation leverages statevector simulation via Qiskit
Aer to avoid amplitude collapse, which resulted in unreadable
image data, allowing direct comparison of QDCT outputs
to classical DCT on identical input data and compression
settings. Unlike previous schemes that may include additional
encryption, encoding, or nonstandard representation, this
study focuses on a clear, reproducible pipeline that mirrors
the classical JPEG workflow as closely as possible within the
quantum simulation framework.

In particular, unlike previous approaches, this study
provides a direct block-based comparison between QDCT
and classical DCT using identical images and quantiza-
tion matrices, with quantitative evaluation (PSNR, SSIM,
compression ratio). By focusing on practical reproducibility
in Qiskit and explicitly analyzing limitations (statevector
reliance, amplitude collapse), it addresses an unmet need in
bridging theory with practice. This contribution is significant
because it:

o grounds QDCT in practical benchmarks

« arealistic JPEG-like workflow

« highlights concrete limitations and opportunities for

quantum image compression in near-term devices.

IV. METHODOLOGY

This section details the step-by-step process taken to
implement, simulate, and compare the Quantum Discrete
Cosine Transform (QDCT) and the classical Discrete Cosine
Transform (DCT) for image compression. The pipeline is
divided into preprocessing, classical and quantum transfor-
mation, quantization, reconstruction, and metric evaluation.

A. DATA SELECTION AND PRE-PROCESSING

A single high-resolution 512 x 512 grayscale image (JPEG
Format) is selected for use as a dataset, providing a
sufficiently large data domain for block-based analysis. The
image is loaded using the OpenCV library and resized
to the target dimensions if necessary. Each pixel value
is converted to a floating-point format, enabling precise
mathematical operations using the NumPy data type. For
transform and compression analysis, the image is divided into
non-overlapping blocks of size 8 x 8 or 4 x 4. There are two
different strategies were employed for block extraction:

« Sequential extraction: Blocks are taken in raster-scan
order, starting from the top-left corner and proceeding
row by row until the bottom-right. This method ensures
that all blocks are processed, allowing full-image recon-
struction. It is mainly used for the primary quantitative
evaluation of PSNR, SSIM, and compression ratio.
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+ Random extraction: Blocks are randomly sampled
from different image locations using a fixed random
seed for reproducibility. This method provides represen-
tative samples without reconstructing the full image, and
was primarily used during early testing and qualitative
visualization, especially when analyzing 4 x 4 blocks to
highlight local variations.

This dual approach allows both complete reconstruction
for benchmarking and efficient sampling for exploratory
analysis.

B. CLASSICAL DISCRETE COSINE TRANSFORM (DCT)
PIPELINE

The 2D-DCT is applied to each image block using the
standard DCT-II formula (see section II-B, eq 2), where,
in this study, it uses either the SciPy library to perform DCT or
a custom matrix DCT multiplication. To simulate JPEG-style
compression, this study uses the quantization JPEG standard
matrix (or a 4 x 4 cropped/scaled version). Apart from the
size of the quantization matrix, this study explores 3 modes
compression, such as:

« No quantization — coefficients are left unmodified.

o Lossless quantization — Division by the quantization
matrix; float values are retained (no rounding)

o Lossy quantization — Division and rounding to the
nearest integer (this method mimics the JPEG pipeline
standard)

To reconstruct the compressed image, inverse 2D-DCT
(IDCT) is performed (as described in section II-B, eq 3) to
reconstruct the image block.

C. QUANTUM DCT (QDCT) IMPLEMENTATION

The QDCT is implemented using Qiskit and simulated via
the statevector simulator backend. Before the QDCT can
be implemented, the image block must be flattened and
normalized to form a quantum state vector:

1
W) = ——[x0, X1, - - -, xy2_q 17 )

1]
Since quantum operation is only an accepted unitary oper-
ation, the QDCT operator is constructed as the Kronecker
product of two DCT matrices for a 2D transform (e.g.,
DCT4®DCTy), the normalized vector is initialized in a Qiskit
QuantumCircuit, the QDCT unitary is applied, and the result
is extracted from the statevector. IQDCT is applied to obtain
the reconstructed block, which is reshaped to its original
dimensions.

D. IMPLEMENTATION DETAILS
This study uses Python 3.X as its code base, and with several
libraries/frameworks:

« Qiskit (quantum circuit simulation)

o NumPy (matrix and linear algebra simulation)

¢ OpenCV (image loading/manipulation)

« Scikit-image (metric computation)
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« Matplotlib (visualization)

o SciPy (discrete cosine transform library)
All the code is organized in Jupyter Notebooks for trans-
parency and ease of reproduction.

E. CIRCUIT COMPLEXITY ANALYSIS

To better understand the feasibility of implementing the
Quantum Discrete Cosine Transform (QDCT) on quan-
tum hardware, the constructed QDCT and Inverse QDCT
(IQDCT) circuits were transpiled into standard quantum gate
sets and their depth and gate counts if were measured. Both
4 x 4 and 8 x 8 block sizes were analyzed, as they reflect
common configurations in classical JPEG compression.

FIGURE 5. 8 x 8 QDCT unitary circuit.

FIGURE 6. 8 x 8 QDCT decomposed circuit.

Fig. 5, fig. 6 and 7 illustrate the transpiled quantum circuit
for the QDCT and IQDCT operations. The figures are shown
in two formats: a high-level (decomposed) view for clarity,
and a decomposed view into native single- and two- qubit
gates to reflect the actual resource requirements on real
hardware.

TABLE 1. Circuit complexity metrics for QDCT and 1QDCT.

Circuit Depth  Single-Qubit Gates CNOT Gates  Reset Ops
QDCT-8x8 12,383 18,598 1,925 6
IQDCT-8x8 12,372 18,585 1,925 6
QDCT-4x4 666 1,036 111 4
IQDCT-4x4 650 1,023 111 4

FIGURE 7. 4 x 4 QDCT decomposed circuit.

Table 1 summarizes the circuit complexity metrics. For
8 x 8 blocks, the QDCT circuit reaches a depth exceeding
12,000 with nearly 10,000 single-qubit gates and 1,925
CNOT gates, which places QDCT well beyond the capability
of current Noisy Intermediate-Scale Quantum (NISQ) device.
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The 4 x 4 circuits 7 are substantially smaller, with depths
around 650 and gate counts near 1,000 single-qubit gates
and just over 100 CNOTs, but they remain non-trivial for
present-day devices. These result justify the use of statevector
simulation rather than execution on bare metal quantum
hardware.

F. EVALUATION AND METRICS

Comparison is performed block-by-block, and results are
aggregated or visualized using bar charts for Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), and
compression ratio.

Original

S0 O

—o x xmOT>

AEEEENS

August Speial Edition

(a) Original

(b) CDCT No Quant

[ [ e &3

(c) CDCT Lossless (d) CDCT Lossy

QDCT (No Quar QDCT Lossless (Qu oat QDCT Lossy (F

7
fil F,
(e) QDCT No Quant

7]

(f) QDCT Lossless

(g) QDCT Lossy

FIGURE 8. Visual comparison for 8 x 8 blocks: Classical DCT (b-d) and
QDCT (e-g) under no quantization, lossless, and lossy settings.

V. RESULT AND DISCUSSION

A. VISUAL COMPARISON

Fig. 8 displays the original input image along with all the
reconstructed outputs of both classical DCT and QDCT,
with approaches for the grayscale image block 8 x 8. Each
method is illustrated in three ‘modes’ compression modes: no
quantization, lossless quantization, and lossy quantization:

o Original image: The reference image (Fig. 8(a)) is
a standard grayscale test image with visually distinct
structures and text, providing a challenging yet realistic
benchmark for compression and reconstruction.

o Classical DCT (No Quantization and Lossless Quan-
tization): Fig. 8(b) and 8(c) confirm that classical
DCT achieves nearly identical results to QDCT in the

199070

non-lossy cases, as expected from the mathematical
equivalence of the transforms.

o Classical DCT Lossy (Quantization + Rounding):
Fig. 8(d) illustrates that aggressive quantization leads to
clear detail loss and blocking effects, similar to the lossy
QDCT outcome.

« QDCT No Quantization and Lossless Quantization:
Fig. 8(e) and 8(f) show that the QDCT, when simulated
in statevector mode, reconstructs the image with high
fidelity, preserving most visual information with only
negligible artifacts.

o QDCT Lossy (Factored Quantization + Rounding):
In Fig. 8(g), lossy QDCT introduces visible blocking
and quantization artifacts. However, the overall image
structure remains recognizable.

Original

(a) Original

Classical DCT Lossless

(b) CDCT No Quant (c) CDCT Lossless

(d) CDCT Lossy

QDCT Statevector (No Quantization ) QDCT Statevector Lossiess. QDCT Statevector Lossy y

(e) QDCT No Quant (g) QDCT Lossy

(f) QDCT Lossless

FIGURE 9. Visual comparison for 4 x 4 blocks: Classical DCT (b-d) and
QDCT (e-g) under no quantization, lossless, and lossy settings.

For an additional analysis of block size, Fig. 9 presents
analogous results for block compression 4 x 4. In all
cases, qualitative visual inspection suggests that QDCT
simulated via state vector provides results nearly indistin-
guishable from classical DCT, except when quantization
is used.

B. QUANTITATIVE EVALUATION

To complement the visual findings, this study calculated three
objective metrics: PSNR, SSIM, and compression ratio for
all methods and block sizes. These results are summarized in
Table 2 (for 8 x 8 blocks and 4 x 4 blocks) and visualized in
Fig. 10.

VOLUME 13, 2025



F. Montalfu et al.: Simulation of Quantum DCT for Grayscale Image Compression Using Qiskit

IEEE Access

TABLE 2. QDCT and DCT result.

PSNR
7.946948

SSIM CR
0.170360  1.092166

Image BS

QDCT (No 8x8
Quantization)

QDCT Lossless 8x8
(Quantization

Float)

QDCT Lossy 8x8
(Factored

Quantization +
Rounding)

Classical DCT 8x8
(No

Quantization)

Classical DCT 8x8
Lossless

(Quantization

Float)

Classical DCT 8x8
Lossy

(Quantization +
Rounding)

QDCT (No 4x4
Quantization)

QDCT Lossless 4x4
(Quantization

Float)

QDCT Lossy 4x4
(Factored

Quantization +
Rounding)

Classical DCT 4x4
(No

Quantization)

Classical DCT 4x4
Lossless

(Quantization

Float)

Classical DCT 4x4
Lossy

(Quantization +
Rounding)

7.946948  0.170360  1.092166

5.675853  0.066131 1.836349

7.946948  0.170360  1.092166

7.946948  0.170360  1.092166

8.024458  0.208759 1.574378

60.000000  1.000000 1.000000

25.173758  0.974705 0.933333

9.826521  0.544654  1.000000

60.000000  1.000000  1.000000

60.000000  0.974705 1.092166

8.085521  -0.011360  14.000000

To further illustrate the trends across methods and block
sizes, Figure 10 presents a normalized comparison of PSNR,
SSIM, and compression ratio for both 8§ x 8 and 4 x 4 block
sizes. Normalization enables direct visual comparison by
scaling each metric to a [0—1] range, highlighting relative
performance rather than absolute magnitudes. The figure
highlights relative trends between block sizes: (i) 4 x4 blocks
consistently achieve higher PSNR and SSIM (reflecting more
faithful reconstruction) at the cost of lower compression
efficiency, while (ii) 8 x8 blocks provide stronger compres-
sion ratios but degrade reconstruction quality, especially
under lossy quantization. This visualization emphasizes the
trade-off between fidelity and compression, which is less
immediately apparent from the tabular data. Overall, the com-
bined metrics visualization confirms the expected trade-off
between compression efficiency and reconstruction quality,
while also emphasizing that QDCT performs comparably
to CDCT across block sizes, particularly in the non-lossy
scenarios.
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FIGURE 10. Normalized comparison of all metrics for QDCT and classical
DCT both 8 x 8 and 4 x 4 blocks.

1) PEAK SIGNAL-TO-NOISE RATIO (PSNR)

In Table 2, the PSNR values for no quantization and lossless
quantization cases show a clear dependence on block size.
For smaller 4 x 4 blocks, reconstruction accuracy approaches
the theoretical maximum (& 60 dB), reflecting near-perfect
recovery of the original structure. For larger 8 x 8 blocks,
PSNR values are notably lower (= 7.9 dB), which can be
attributed to sensitivity in scaling and normalization when
more coefficients are processed simultaneously. This scaling
effect amplifies small deviations across the coefficients,
producing lower PSNR values even though the reconstructed
images remain visually similar to the originals. The trend
indicates that block size plays a critical role in the stability
of the simulation when using statevector-based QDCT.

2) STRUCTURAL SIMILARITY INDEX (SSIM)

A similar trend is observed in SSIM. For 4 x 4 blocks, SSIM
remains close to 1.0, indicating strong structural fidelity in
the reconstructions. For 8 x 8 blocks, SSIM drops to = 0.17,
reflecting higher sensitivity to small coefficient distortions
in larger block reconstructions. Since SSIM penalizes
luminance and contrast deviations more heavily than PSNR,
the metric amplifies these accumulated distortions, resulting
in lower reported values. Despite this, the qualitative structure
of the reconstructed image is preserved, showing that the
numerical degradation in SSIM does not fully reflect visual
similarity. This highlights a limitation of applying SSIM
directly to simulated quantum reconstructions at larger block
sizes.

3) COMPRESSION RATIO

For classical DCT, the lossy quantization mode led to the
highest compression ratios, e.g., up to 14 : 1 for classical
DCT with 4 x 4 blocks and 1.8:1 for 8 x 8 blocks. QDCT-
lossy achieved similarity, but slightly lower compression
ratios, demonstrating that quantum approaches can achieve
comparable data reduction in principle.

C. DISCUSSION

1) COMPARISON WITH CLASSICAL METHODS

The statevector-based QDCT implementation demonstrates
that, when state preparation and measurement are not
constrained by hardware, quantum DCT can match classical
DCT performances both visually and quantitatively. This is
consistent across multiple block sizes and compression levels.
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2) LIMITATION OF QUANTUM HARDWARE

Despite promising simulation results, direct hardware imple-
mentation remains a key barrier. Attempts to encode image
data directly as quantum states and reconstruct via an actual
quantum circuit resulted in amplitude collapse, which yielded
blank or highly degraded outputs. The success of QDCT
in this work relies on the statevector simulation available
in Qiskit, which bypasses the difficulties of practical state
encoding, decoherence, and measurement.

As aresult, actual quantum hardware implementation is not
yet feasible for practical compression at this scale; however,
this issue can be mitigated using an advanced quantum
state tomography — a process in which the quantum state is
prepared and measured repeatedly in various bases, allowing
the reconstruction of the entire statevector or density matrix.
Since, quantum state tomography scales exponentially with
the number of qubits, making it infeasible to large-scale
images or systems.

3) IMPLICATION AND OUTLOOK

This study validates that QDCT is mathematically equivalent
to classical DCT for image compression when simulated
ideally. However, major research challenges remain before
true quantum advantage can be demonstrated in real-world
image processing applications:

« Efficient quantum state preparation: Transforming clas-
sical data into quantum states for compression remains
an open problem

« Robust quantum state measurement: Amplitude collapse
and information loss during measurement are obstacles
that must be overcome with better algorithm and
method.

« Scalability: The current methodology is limited to small
images/blocks due to the exponential scaling of the
quantum state space.

VI. CONCLUSION

This study explored the feasibility and performance of
implementing the Discrete Cosine Transform (DCT) on quan-
tum computers by simulating a Quantum Discrete Cosine
Transform (QDCT) using Qiskit’s statevector simulator. The
approach was compared to classical DCT (as used in the
JPEG standard) using a grayscale image divided into 8 x 8 and
4 x 4 blocks.

Experimental results demonstrate that, in the absence of
quantum hardware noise and when using the statevector
model, QDCT can achieve lossless or near-lossless compres-
sion performance comparable to classical DCT, as measured
by PSNR and SSIM. In lossy settings, both QDCT and DCT
exhibited degradation in reconstruction quality, although the
overall structural features of the image were preserved.

However, attempts to encode image data directly into
quantum circuits for real-device simulation resulted in ampli-
tude collapse, yielding uninformative (flat) output images.
This highlights a significant practical limitation of current
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quantum hardware and encoding schemes for real-world
quantum image compression.

The results confirm that QDCT is mathematically feasible
and can be simulated for small-scale images, but real quan-
tum implementation faces substantial challenges, including
quantum state preparation, decoherence, and measurement
collapse.

FUTURE WORK
There are several avenues for future research to build upon
this work:

o Quantum state preparation and tomography: Investigat-
ing practical and scalable methods for encoding classical
image data into quantum states (beyond amplitude
encoding) and reliability extraction using quantum state
tomography.

o Hybrid quantum-—classical schemes: Developing a
hybrid algorithm that combines a quantum subroutine
with classical post-processing to mitigate current
hardware limitations.

o Compression beyond statevector simulation: Testing
QDCT on more realistic quantum simulators (including
Noisy Intermediate-Scale Quantum (NISQ) models)
and, as hardware improves, on real quantum devices

« Efficient quantum circuit design: Optimizing quantum
circuits for the DCT to reduce depth and gate count,
making real-device implementation more feasible

o Comparison with other quantum transforms: Bench-
marking QDCT against quantum versions of other
transforms (such as Quantum Wavelet or Quantum
Fourier Transform) for image compression.

« Application-specific benchmarking: Assessing the
potential usage of QDCT for other applications, such
as medical image storage, satellite imaging, or pattern
recognition, where compression efficiency is crucial.
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