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Abstract

The transmission of video is greatly aided by video compression. Redundancy (spatial, temporal, statistical, and
psycho-visual) within and between video frames is something that video compression approaches aim to get rid
of. The degree to which similarity-based redundancy exists between consecutive frames, however, is a function of
how often the frames are sampled and how the objects in the scene are moving. Existing neural network-based
video compression approaches rely on a static codebook to perform compression, which prevents them from
adapting to new video’s data. In order to create an optimal codebook for vector quantization, which is then
employed as an activation function inside a neural network's hidden layer, this research offers a modified video
compression method based on a Qutrits based Quantum Genetic Algorithm (QQGA). Using quantum
parallelization and entanglement of the quantum state, QQGA is capable of solving the same set of problems as a
traditional genetic algorithm while considerably accelerating the evolutionary process. The technique is built on
the concept of utilizing Quitrits (three-level quantum system) to represent population individuals. The evolution
operator, which is responsible for the updates to the quantum system state, has been constructed using a
straightforward approach that does not need a lookup table. Compared to qubit, qudit provides a larger state space
to store and process information, and thus can enhance the algorithm’s efficiency. To create the context-based
initial codebook, the background subtraction algorithm is used to extract moving objects from frames. Moreover,
important wavelet coefficients are compressed losslessly using Differential Pulse Code Modulation (DPCM),
whereas low energy coefficients are compressed lossy using Learning Vector Quantization neural networks
(LVQ). To obtain a high compression ratio, Run-Length Encoding is then used to encode the quantized
coefficients. In comparison to the conventional evolutionary algorithm-based video compression method,
experiments have shown that the quantum-inspired system may achieve a greater compression ratio with
acceptable efficiency as evaluated by PSNR.

Keywords: Video compression; Adaptive coding; Optimization; Quantum machine learning; Context-based
compression, Quantum genetic algorithm

1. Introduction

Over the last several decades, digital information has been more in demand due to the proliferation of multimedia
technologies. Due to this terrible need, existing technology is unable to effectively manage the enormous volume
of data. This issue is resolved by video compression, which reduces the redundancies that are present in it [1]. The
primary objective of video compression is to keep video quality constant at a lower bit rate for transmission and
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storage. Lossless and lossy compression are the two kinds of compression methods [2]. When compressing or
encoding video, lossless compression ensures that the original can be properly restored from the compressed or
encoded version. These are also known as noiseless compression methods since they do not introduce any
additional noise to the original frame, in contrast to lossy compression methods, where the recovered video does
not have the same quality as the original. Due to its high compression rate, this kind has seen extensive application
[3-5]. Figure 1 illustrates the video compression’ main steps [1].
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Figure 1. Video compression procedure using variable length coding (VLC) and decoding (VLD).

Unfortunately, there are still several issues or obstacles that prevent video compression from gaining widespread
use. The issue at hand is how to find a trade-off between compression level and video quality as measured by peak
signal-to-noise ratio (PSNR) is how to find a trade-off between compression level and video quality as measured
by peak signal-to-noise ratio (PSNR). The video quality after reconstruction decreases if the compression ratio is
large. The algorithmic complexity of video compression should be addressed as well. Another difficulty lies in the
fact that the foundations for creating perception-aware coding techniques—knowledge of videos frame colour
spaces and their perceptual mechanisms—are still being developed. Furthermore, researchers have often been
impeded in their search for broadly applicable perceptual compression strategies by users' varying expectations of
quality across applications and contexts. However, perceptual video compression has significant promise as a
solution to ease the management of multimedia material because of its efficacy in reducing data rates [6-9] [10].

In an effort to address these issues, numerous new methods have been proposed recently. Spatial, temporal,
statistical, and psycho-visual redundancy make up the taxonomy of these methods [10]. Elements, such as pixels
in a video frame, may be replicated inside a structure due to spatial redundancies (intra-coding). Compression is
carried out by making use of spatial redundancy; any unresolved detail is averaged out. When two video frames
share the same values at the same locations, this is called inter-coding, or temporal redundancy. The compressed
coefficients are encoded using statistical redundancies. In the last step of video compression, variable-length
coding is utilized to make use of binary codes to take advantage of these statistical redundancies and increase
compression rate. The term "psycho-visual redundancy"” describes a redundancy that corresponds to the varied
sensitivities of all frame signals seen by human eyes. As a result, it could be acceptable if we ignored certain minor
details when processing visual data. By taking advantage of spatial redundancy, higher frequencies may be
effectively removed or reduced without compromising the perceived quality [1][3][7].

Due to its ease of use and efficiency, vector quantization (VQ) has become a popular method for compressing
video. Encoding, codebook generation, and decoding are all steps in the VQ process [11]. In VQ, we encode a
number of samples at a time (a vector). The easiest thing to do is to compare the vector against every potential
encoding in a codebook and then transmit the index of the code word. Designing vector quantization codebooks
can be done randomly, which works surprisingly well, or by K-means or other machine learning techniques. The
Linde-Buzo-Gary (LBG) algorithm is the most popular choice for VQ in the academic literature. However, LBG
suffers from a local optimum issue, and each code word in the codebook has very little utility. The codebook
ensures minimal distortion at the local level but not at the global level, which is the source of the local optimality
issue. Since each data point is represented by its index to the nearest centroid, the inaccuracy is less for more often
occurring data and larger for less frequently happening data. Therefore, lossy data compression is a good fit for
VQ [11-14].
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The vast majority of published video encoding techniques make use of neural networks, which include both a
spatial component that encodes intra-frame visual patterns and a reconstructive component that aggregates
information to forecast de-details. Several of these techniques deepen the spatial component to take advantage of
spatial redundancies during reconstruction of high-frequency structures [15-17]. The performance of the neural
video compression approach using the predictive VQ algorithm relies on accurate recognition of key frames. When
it comes to explicitly identifying relationships, neural networks are somewhat of a "black box" with limited
capabilities. Recently, evolutionary optimization approaches have been used to improve NN learning and construct
intelligent vector quantization. These techniques include genetic algorithms (GAs) and swarm intelligence [18]
[19]. Many complex optimization problems have been solved successfully with GA thanks to its useful solutions
for NN learning and optimal codebook design [20] [21]. The process of creating a codebook may be thought of as
a search problem, with the desired outcome being the identification of the best possible codebook to use for
compressing videos. The main disadvantage of GA is the convergence speed which is in turn is enhanced by the
quantum adaptation of the algorithm.

Quantum machine learning is an advancement on and sometimes acceleration of conventional machine learning
that makes use of quantum methods to tackle machine learning problems [22]. In order to use such algorithms on
a quantum computer, one must first encode the provided classical data set into the quantum computer's language.
Measurements of the quantum system are then used to deduce the outcome of the quantum computation after the
use of quantum information processing algorithms [22] [23]. Four different approaches to combine the disciplines
of quantum computing and machine learning (see Figure 2). Quantum-Inspired optimization algorithms exploit
some of the advantages of quantum computing on classical hardware, providing a speedup over traditional
approaches.

Type of Algorithm

classical grantir

CC | CQ
QC | QQ

Figure 2. Quantum machine learning types.

classical

Type of Data

quantum

The quantum genetic algorithm (QGA) is a new evolutionary algorithm based on a combination of quantum
computation and conventional genetic algorithm technology [24]. This algorithm can be applied to the same set of
problems that the conventional genetic algorithm is used for, but it significantly accelerates the evolutionary
process through quantum parallelization and entanglement of the quantum state. The probabilistic mechanism of
quantum computations combined with the evolutionary algorithm provides a global search for a solution with rapid
convergence and a small population. These algorithms have demonstrated their effectiveness for solving
combinatorial and functional optimization problems, video processing, and many others [24] [25]. Recently,
ternary quantum logic has been employed, which helps in reaching better optimum values faster than the qubit-
based existing metaheuristics. A Quitrit (or quantum trit) is a unit of quantum information that is realized by a
three-level quantum system that may be in a superposition of three mutually orthogonal quantum states [26][27].
Qudits may minimize circuit complexity, and enhance algorithm efficiency by storing and processing information
in a greater state space than qubits.

The suggested video compression scheme's novelty is that it is based on removing several forms of redundancies
in a single package. The system deals with spatial redundancy in the frame by removing the duplicate in the high-
frequency coefficients of the discrete wavelet transform (DWT) by adapting vector quantization based neural
network, and by using differential pulse code modulation (DPCM) to remove the redundancy in the low-frequency
(high energy) coefficients. By using the background subtraction technique to extract motion objects inside frames,
the system is able to regulate the enter-frame temporal redundancy and provide a reduced initial codebook. The
method uses run-length encoding to reduce statistical redundancy and improve compression. By using Qutrits
Quantum Genetic Algorithm (QQGA) with a fitness function based on the Euclidean distance between the original
codebook and each frame in the video, we can generate the ideal codebook for vector quantization, which is crucial
to the system's overall performance. This is the first time that the QQGA has been utilized for building optimal
codebook in the video compression domain.
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The remaining sections of the paper are structured as follows: Recent studies in this field are discussed in Section
2. Section 3 provides a comprehensive overview of the proposed system. Section 4 presents the results and provides
discussion. In Section 5, the research results are summarized.

2. State of the Art

Research in the field of video compression has gained a lot of attention in recent years. Mainly because it is difficult
to successfully achieve a high compression ratio and quality after decoding without reconstructed video
degradation [1][3][10][28][29]. In [30], the authors presented an algorithm that handles the low compression ratio
of the neural video codec (NVC) because of its constrained contexts. The authors argued that expanding NVC's
temporal and spatial context diversity is the best way to do so. To begin, the model is instructed to learn hierarchical
quality patterns across frames, which improve the quality of long-term yet high-quality temporal contexts.
Additionally, the authors presented group-based offset diversity, where cross-group interaction is advocated for
improved context mining, to fully realize the promise of an optical flow-based coding system. Encoding the latent
representation concurrently increases the diversity of spatial contexts, and this research proposes a quad tree-based
partition to achieve this. In comparison to prior NVC methods, experimental results indicated that their codec
reduced bitrate by 23.5%.

In order to more accurately depict spatiotemporal information, the authors in [31] used a novel convolutional
architecture for video representation and a training technique that could optimize both frame rate and distortion
simultaneously. By concurrently learning all network and quantization parameters from end to end, they eliminate
the need for time-consuming post-training methods common in prior efforts. New state-of-the-art results for video
compression using a network video recorder (NVR) are achieved. Learned transforms and entropy coding
transforms were suggested in [32] as potential (non-)linear drop-in replacements or improvements for linear
transforms in already-existing codecs. Multi-rate capabilities of these transforms make it possible for a single
model to function throughout the full rate-distortion space. To prove our framework's worth, they compressed
intra-frame AV1 block prediction residuals using the DCT plus learned quantization matrices and adaptive entropy
coding. In comparison to more sophisticated nonlinear transforms, they found significant gains in BD-rate and
perceptual quality at a fraction of the computing cost.

In [33], the authors introduced a video compression technique called sandwiched video compression, which uses
neural networks to compress videos by encasing a regular video codec in a compressed format. A common video
codec sits in the middle of a neural pre-processor and a post-processor in the sandwich design. With the aim of
vastly outperforming the baseline codec across a wide range of compression use cases, the networks are trained
simultaneously to optimize a rate-distortion loss function. A distinguishable proxy for the baseline video codec
that includes temporal processing with motion correction, inter/intra mode choices, and in-loop filtering is
necessary for end-to-end training in this context. Furthermore, differentiable approximations to critical video codec
components were provided, and it was shown that the neural codes of the sandwich yield much higher rate-
distortion performance compared to compressing the original frames of the input video in two crucial cases. By
using low-resolution HEVC to transmit high-resolution video, the sandwich system improves compression
efficiency by 6.5 dB compared to baseline HEVC.

The key to video compression, as opposed to image compression, is to effectively exploit the temporal context in
order to eliminate inter frame redundancy. The coding performance can't be improved any more than it already is
since existing learned video compression approaches depend on either image-oriented codecs or short-term
temporal correlations. In order to boost the efficiency of learned video compression, the research described in [34]
proposes a new temporal context-based video compression network (TCVC-Net). In order to aggregate long-term
temporal context and acquire an accurate temporal reference for motion-compensated prediction, a global temporal
reference aggregation (GTRA) module is provided. Additionally, a temporal conditional codec (TCC) is developed
to maintain structural and detailed information by utilizing the multi-frequency components in temporal context,
allowing for effective compression of the motion vector and residue. The suggested TCVC-Net achieved better
PSNR and MS-SSIM outcomes in experiments than existing public state-of-the-art approaches.

In order to improve the efficiency of motion compensation, the authors in [35] created a multiple-hypothesis-based
method for the learned video compression. This method fuses together different hypotheses in a timely manner. In
particular, we suggest the use of the multiple hypotheses module, which generates multiple movements and warped
features for mining enough temporal information. Using a channel-wise squeeze-and-excitation layer and a multi-
scale network, the hypotheses attention module is implemented to make better use of these speculations. To further
strengthen the contexts with potent temporal priors, the context combination is used to fuse the weighted
hypotheses. By combining weighted and warped features based on the valid contexts, compression efficiency is
improved. Extensive experiments validated the effectiveness of the suggested strategy in enhancing the rate-
distortion performance of learned video compression. Over 13% bit rate reductions can be accomplished on
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average in terms of PSNR and MS-SSIM compared to the state-of-the-art technology for end-to-end video
compression.

In [36], the authors suggested a semantic-aware video compression (SAC) framework for transmitting video
frames from automotive cameras to the processing unit(s), where the data would be used for perception tasks like
object detection, semantic segmentation, etc. The experimental results demonstrate that, for a given overall
compression ratio, their SAC technique retains equivalent or superior image quality when evaluated using both
conventional and semantic-aware measures. Despite years of research, learning-based video compression still has
problems adjusting to different motion patterns and entropy models. In [37], the authors suggested a multi-mode
video compression (MMVC) framework based on block-wise ensemble deep video compression. MMV C chooses
the best mode for feature domain prediction and can adapt to various motion patterns. In order to make temporal
predictions using spatial block-based representations, the authors partitioned the feature space into blocks. In order
to maximize compression efficiency, entropy coding takes into account both dense and sparse blocks of post-
quantization residual data. As such, their approach employs a dual-mode entropy coding technique directed by a
binary density map, which provides a substantial rate decrease that more than compensates for the additional cost
of sending the binary selection map. Their technique achieves superior or competitive results in terms of PSNR
and MS-SSIM when compared to state-of-the-art video compression algorithms and popular codecs.

In order to increase the video signal’s data rate and efficiency, the method proposed in [38] employs the removing
temporal redundancy (RTR) approach to get rid of the highly redundant information included in each video signal
block. The PSNR values of this method are compared to those of the JPEG video compression standard. The
method was discovered to be appropriate for wireless networks and embedded devices due to its low memory and
processing demands. Results from a comprehensive battery of tests show that the RTR compression method is
capable of a compression ratio of 22.71 and a decrease in bit rate of 95% with no impact on signal quality. The
self-similarity notion is used in fractal video compression, which means that the fractal image has self-similarity
inside itself that is explained and expressed by change. Since fractal video encoding requires more processing
power, researchers have come up with a variety of techniques to lower this overhead. Using the diamond-search-
pattern-block-matching motion estimation method and the hash-based fractal video compression technology to
speed up the decoding process is the primary goal of the work suggested in [39]. In [40], each pair of odd and even
frames was compressed and decompressed using an adaptive FIS (Fuzzy Inference System). At first, all feature
pairs of each odd-even frame pair were used to train adaptive FIS. The adaptive FIS is a codec used for video
compression and decompression. Mean, standard deviation, mean absolute deviation, and mean standard deviation
are some of the measures used. The average DCT (Discrete Cosine Transform) components of all video frames
are used as a quality metric in this research.

By reusing pixels from previously decoded frames in accordance with motion and residual correction, video
compression may increase coding efficiency. Hierarchical redundancy in video frames is specified on two levels
by the authors in [41]: In the first order, motion and residual compensation successfully capture redundancy in
pixel space, i.e., similarities in pixel values across neighbouring frames; in the second order, smooth motion in
natural videos causes redundancy in motion and residual maps. Second-order redundancy is captured in neural
video codecs using predictors, a challenge not addressed in the previous research on neural video coding. They
implemented residual predictors that learn to extrapolate from previously decoded data as well as general motion
predictors. These predictors are lightweight and can be used to enhance the performance of most neural video
codecs in terms of rate distortion. Their results on the UVG dataset indicated that combining our predictors with a
popular neural video codec reduced bitrate by 38% in the RGB colour space and 34% in the YUV420 colour space.

In terms of subjective quality and rate distortion, neural video compression algorithms are almost on par with
hand-crafted codecs. On the other hand, many neural codecs are rigid black boxes that don't let users tweak the
bitrate or quality of the reconstructed signal. Combining concepts from variable-bitrate codecs and region-of-
interest-based coding, the authors in [42] introduced a versatile neural video codec. They were able to acquire
granular control over the per-frame bitrate and the reconstruction quality in the ROI by conditioning the model on
a global rate-distortion trade-off parameter and a region-of-interest (ROI) mask. The resultant codec offers realistic
use cases, including encoding under bitrate limits with constant ROI quality at the expense of just a small amount
of performance loss due to rate distortion. Their codec significantly outperforms non-ROI codecs in the area of
interest, with BD-rate reductions over 60% in certain circumstances, when the sequence comprises complicated
motion, such as sequences with camera panning or sports videos.

In most current neural video codecs, only motion coding supplies motion vectors for frame coding; this one-way
flow of information is called "unidirectional information flow. In [43], the authors propose that the synergy
between motion coding and frame coding may be attained through information exchanges. Together, motion
coding and frame coding benefit from motion information propagation's successful introduction of bidirectional
information exchanges. The high-dimensional motion feature from the motion decoder acts as motion guidance to
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reduce alignment errors while producing the temporal contexts for frame coding. Meanwhile, the feature from
context generation will be conveyed as a motion condition for encoding the next motion latent, in addition to aiding
frame coding at the present time step. This feedback loop is crucial for feature propagation in motion coding,
which improves the system's ability to take advantage of temporal correlation across large distances. Experiments
validated that their solution is superior to the prior-generation SOTA neural video codec in terms of bit rate savings
(12.9%).

In [44], the authors presented a number of designs that, when applied to high-definition video, provide state-of-
the-art compression performance, and they examined the benefits and drawbacks of each. They suggested (i)
enhanced temporal autoregressive transformations, (ii) enhanced entropy models with structural and temporal
dependencies, and (iii) variable bitrate versions of our techniques. Their work supports the argument that the
generative modelling perspective may contribute to the development of neural video coding, given that its
enhancements are broadly applicable to pre-existing models.

Based on a compressive sensing (CS) framework, the work in [45] is devoted to video coding. Assumptions are
made in computer science that if a video sequence is sparse in any transform domain, it may be reconstructed using
fewer samples (also known as measurements) than are required by the Nyquist-Shannon theorem. Here, the quality
of the codec is determined by the methods used to acquire (or sense), compress, and rebuild the video from the
decoded measurements. In this case, a quicker encoding time may be possible using this codec instead of the more
common block-based intra-frame encoding methods as Motion JPEG (MJPEG), H.264/AVC, or H.265/HEVC.
However, current CS-based video codecs perform poorly in terms of rate distortion compared to legacy codecs,
rendering them worthless in real-world applications. The authors introduced a CS-JPEG video codec. Their results
demonstrate that the proposed CS-JPEG encoding is 2.2 times faster than MJPEG, 1.9 times faster than
H.264/AVC, and 30.5 times faster than H.265/HEVC when compared to their optimized software
implementations, and it improves the peak SNR by 2.33 dB, 0.79 dB, and 1.45 dB, respectively. For video
applications with severe constraints on processing resources or the battery life of an upstream streaming device, it
may be more appealing.

Encoding videos as neural networks is a recently proposed approach that allows for new forms of video processing.
For the purpose of video compression, however, conventional methods continue to perform better than neural
video representation (NVR) approaches. Existing NVR methods use architectures that either don't get a good
representation of temporal and spatial information in a small space or try to minimize rate and distortion by
overfitting the video network and then compressing the model to make up for the performance gap. There is still
space to make video compression more efficient and useful in real-world applications, despite the fact that it has
been researched for over ten years. Studies in the past, as summarized in the aforementioned review, focused
mostly on (1) using the video data to employ a variety of redundancies for compression (both intra- and inter-
frame). (2) The problems with codebook building for vector quantization compression techniques (often
constructed at random) are ignored. (3)Most neuro-coding methods need extensive training since they depend on
weight matrix adjustment to accomplish compression. However, as far as we're aware, no serious effort has been
put into developing a new optimal codebook and increasing its efficiency for vector quantization —based
compression techniques. This paper utilizes a quantum genetic algorithm based on a three-level quantum (Qudit)
system in order to accelerate the evolutionary process to deal with the third issue. Qudit is a structure with several,
or more than two, states that can also be used to encode a chromosome. A qudit is basically a unit of quantum
information, which may be in any of the n states or in any superposition of those.

3. Methodology

This research suggests a novel approach that merges intra-frame and inter-frame video coding into a single
framework with the objective of reducing spatial, temporal, and statistical redundancy. Intra-frame coding is
accomplished by integrating information from wavelet transformation and quantization. The wavelet transform
de-correlates the pixels of the input frame. This process converts the pixels into a set of coefficients that can be
encoded more efficiently compared to the original pixel values. The quantization information is derived from
differential pulse code modulation (DPCM), which serves as the fundamental component of nearly all lossless
compression algorithms. The success of the model as a whole is determined by how well the optimal codebook for
vector quantization is built. The suggested model makes use of the Qutrits-based Quantum Genetic Algorithm
(QQGA,) for this purpose, with the fitness function being the Euclidean distance between the initial codebook and
each frame of the video. Utilizing QQGA seems to increase the population's size with the aim of improving the
optimal feature selection process that is required for building codebook.

The statistical success of promoting advantageous building codebooks (blocks) in conventional genetic algorithms
may be attributed to their capacity to generate children who possess high fitness, enabling their survival and further
propagation of the beneficial building block. Nevertheless, when a novel constituent emerges within the

48
DOI: https://doi.org/10.54216/]CIM.150205
Received: April 27, 2024 Revised: June 24, 2024 Accepted: October 11, 2024



https://doi.org/10.54216/JCIM.150205

Journal of Cybersecurity and Information Management (JCIM) Vol 15, No. 02, PP. 43-64, 2025

population, it is afforded just one opportunity to prove its worth. The integration of superimposed individuals
within the QQGA framework serves to mitigate a significant portion of the inherent stochasticity associated with
traditional genetic algorithms (GAs). Therefore, the QQGA is expected to have a much higher statistical advantage
when using effective building blocks. Consequently, this phenomenon is expected to result in an accelerated
proliferation of high-quality building blocks. In our case, Qudit, the unit of quantum information described by a
superposition of d states where the number of states is an integer greater than two, provides a larger state space to
store and process information, which can enhance the algorithm's efficiency. Figure 3 depicts the primary
components of the compression and decompression phases, respectively, as well as their interconnections.

Video Frames |I

For each frame

Background
Subtraction

High-level
coefficients

Low-level

Feature Selection using Qutrits-

based Quantum Genetic Algorithm Wavelet Transform coefficients

Decomposition

Neural Network Code Modulation
Optimal Codebook

Video ID, Frame ID
LH, HH

Build Index Table

Merged Coefficients

Run Length encoding

Compressed Frame

Figure 3. Flow diagram of proposed quantum machine learning video compression system: compression phase.
Step 1: Initial Codebook Generation

At this stage, an off-line codebook is constructed for each video by isolating the frames' moving parts (foreground)
and their associated static backdrop parts (background); they are then represented by code words. Background
subtraction is used to separate out the moving items. Detecting moving objects in videos captured by stationary
cameras is a common task, and one for which the background subtraction technique is often used [46].

|fc_fp|<8 (l)

f is the current frame, f, is the previous frame, and & is the threshold; the precision of this method depends on
how quickly movement occurs in the scene. A greater threshold could be necessary for faster movement. To begin,
a dataset P = {pi|i =12, ...,N,,} is created by erasing the background, and then the LBG method is employed to
construct an initial codebook. N,, is the total number of moving objects plus background. For more information,
please refer to [47][48].

Step 2: Codebook Optimization

After an initial codebook has been established, the code words inside it may be fine-tuned in accordance with a
predefined objective function. To do this, we make use of the Qutrits-based Quantum Genetic Algorithm (QQGA),
which is well-suited to the search for optimal solutions to optimization problems with discrete or decidable sets of
potential solutions. When used to generate a codebook, QQGA seems to increase the population size in an effort
to enhance the optimum feature selection process [26][27]. Qudit, with its greater state space for storing and
processing information, may improve the efficiency of algorithms even further than qubit. It is possible to express
the qutrit state as a superposition using a linear combination:

lg) = < |0) + B|1) + ¥|2), with constraint «?+ g% +y? =1 7))
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In this case, there are 3V base states in a system with N qutrits, as opposed to 2" in binary logic.In many-valued
logic, the number of basis states grows exponentially, resulting in improved algorithm speed while maintaining
the same level of search accuracy as in binary logic. The number of basis states in a quantum system, the required
search accuracy &, and the search area [X,,4, — Xmin] all play a role in determining the optimal length of a quantum
chromosome; n is a number of quantum system basis states.

N = log, (M + 1) 4)

Accordingly, the length of the quantum chromosome must be at least 21 qubits with n = 2, search accuracy ¢ =
107¢, and search area [-1, 1]. With n = 3, only 14 qutrits are needed. In this analogy, each codeword is a gene and
each codebook is a chromosome. For Qutrit Encoding, a quantum chromosome is a structure made up of N qutrits,
which may be represented by a matrix as follows.

Xy Ky g e Xy
Bi Bz Bz e By 5)
Y1 V2 VY3 e VN

Here, {;, B;,v:} represent the state of the ith qutrit, and N qutrits represent a single individual in the population.
Given that the qutrits' initial state contains no information about the system's state, initializing the base population
by making all probability state amplitudes equal is the simplest approach. This implies that by the time the
initialization process is complete, each qutrit is in the state.

@) = 510)+ %11 +512) )

Regarding the observation of genes, the final state vector |1} contains classical information about the solution to
the issue and may be recovered by observation at the quantum scale. The classical representation of a quantum
chromosome is the Quitrit in one of the basic states, which is derived by quantum observation. Algorithm 1 may
be put forward for quantum N-qutrit state chromosome observation [26]. Following execution of the procedure,
the quantum chromosome is converted to its classical representation in the ternary numbering system given that

the ground state p (0, 1 or 2) with a probability oc;2, ;% and ;2 respectively.

ocl 0(2 ocl TS ‘XN
[ Bl Bz Bz arsoaes omes wan ﬁN ]
Y1 Y2 V3 e v | @)
Observatwn
lo 2 0112 10 ol

Algorithm 1: Quitrit state observation

(1) Foriini,...,Ndo

(2) r<«<random number in range [0, 1]
(3) Ifr <[ai]? then

(4 p<0

(5) elseif r <[ai]® + [Bi]* +[ ¥i]*then
6) p<1

(7) else
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@8 p—2
(9) endif
(10) end for

The algorithm of the quantum gate is the central challenge in the development of any quantum genetic algorithm,
since it contains all relevant information about the problem and the technique for solving it. Algorithm 2 presents
the pseudocode for the genetic operator updating the qutrit state (the evolutionary quantum gate) due to changes
in the probability amplitudes «;, §;, and y;. Importantly, the lookup table used by the classic QGA is not required
by the utilized quantum gate technique. For example, if the best individual in the classical representation of the
population has the value 2 at location i, then all amplitudes are increased by a factor p of except for y;. Its value,
which is determined experimentally, is somewhere between [0, 1]. Therefore, only the probability amplitude,
which represents the best individual in the population at the previous stage of evolution, would increase.
Simultaneously, the amplitudes of the probabilities and will drop. All solutions have the same probability in the
initialized population. This indicates a random search is performed as the first step in the QGA procedure. The
distribution changes during the course of evolution. In general, the process of local convergence works best when
there are more individuals in the area of the best individual, and it is desirable to use an adaptive quantum gate
operator y

Algorithm 2: Update of quantum states

(1) foriinl,...,Ndo

(2) bestamp — ith gene of the population’s best individual
(3) sum<—0

(4) forampin{0, 1,2} do

(5) if amp # bestamp then

(6) qlamp]=p-q

(7 sum < sum + q'[amp]2
(8) endif

(9) end for

(10) q'[bestamp] <— V1 — sum
(11) end for

If a population evolves on the quantum stage, it might eventually converge on a locally optimum solution. When
the fitness function has a complicated structure around the global optimum, or when the search area is huge, this
topic becomes paramount. In general, using a quantum disaster operation is a good way to escape the local
optimum solution. The simplest implementation of the quantum disaster operation is illustrated in Algorithm 3,
which involves the initialization of some individuals in the population other than the best with an initial state. This
operation "virtually" enlarges the size of the population and increases the area for optimal value search.

Algorithm 3: Quantum disaster

(1)foriinl,...,sdo

(2) if the chromosome is not the best then
3) if disaster condition then

4) foriinl,...,Ndo
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(5) =B =Y = \%
(6) end for

(7) endif

(8) endif

(9) end for

By comparing the source vector to all the code vectors in the codebook, the newer generations find the one with
the least dissimilarity (distortion). The codebook's layout is crucial to the success of vector quantization (VQ).
Contradictions between distortion and complexity, such as the size of the codebook and the dimension of the code
vector, affect VQ's performance. To get the optimal centroid of each partition, GA is utilized [12-14]. Here, we
turn each frame into a vector and use the Euclidean distance between the original codebook and each frame to
determine the fitness function [21]. By producing an ideal codebook that supports expressing the majority of frame
data in a correct index, this method improves the efficiency of video compression and reduces the computing cost
of VQ coding by taking full use of the robustness of Qutrits based quantum—inspired evolutionary algorithms. In
order to utilize this codebook table in the decompression process, it will be saved to a database.

Step 3: Compression

When designing data compression systems, designers must strike a balance between a number of competing
considerations, such as the compression ratio, the amount of distortion imposed by lossy compression, and the
amount of processing power needed for compression and decompression [30]. Lossless compression using DPCM
and lossy compression using an improved LVQ neural network make up the two primary steps of the compression
process. On the Haar wavelet domain of each frame, both stages operate. One of the key advantages of Haar
wavelets is their ability to efficiently represent signals with sharp transitions. This makes them particularly useful
in image compression algorithms, where preserving important details while reducing file size is crucial. By
decomposing an image into Haar wavelet coefficients, it becomes possible to selectively discard less significant
coefficients, resulting in a compressed representation of the image [49]. Figure 4 visualizes the schematic diagram
of Haar wavelet transform (HWT) for 2D video’s frame [50].

Stage 1: Lossless Compression

To prevent irretrievable loss of essential details (salient features), lossless compression is applied to each frame's
high-energy low-wavelet-frequency coefficients. DPCM is used here as a signal encoder; it builds on the
foundation of pulse-code modulation (PCM), but with additional features based on the prediction of the signal
samples [51]. PCM is inefficient because it creates many more bits than it needs and uses more bandwidth.
Therefore, the DPCM was developed as a solution to the aforementioned issue. DPCM is also made up of sampling,
quantization, and coding processes like PCM. The difference between the actual sample and the predicted value is
quantized in DPCM, which differs from PCM as illustrated in Fig. 5. As an outcome, the difference between
adjacent samples is consist of an average power which is smaller than the average power of the original signal.
Differential PCM is so named because of this feature. By using this method, the signal's short-term redundancy
(positive correlation between nearby values) is removed, and compression ratios of 2 to 4 can be attained by
entropy coding the differences between the two signals. This is because the entropy of the difference signal is
much smaller than that of the original discrete signal, which is treated as independent samples.
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Figure 4. Schematic depiction of the Haar wavelet transform, in which a wavelet transformation of the rows and
columns is performed in dimension one.
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Figure 5. Difference between PCM and DPCM
Stage 2: Lossy Compression

Each frame's high wavelet frequency coefficients that contain little energy (i.e., are not salient features) are lossy
compressed in order to get a high compression ratio. An optimized codebook for each video is used by the LVQ
neural network [52] as a dynamic vector quantization that is integrated in the hidden layer as an activation function,
allowing the network to compress these coefficients. The proposed approach adopts the optimized VQ obtained in
step 2 as an activation function incorporated in each neuron of the hidden layer, which is an improvement over the
present techniques that use the neural network as a black box for lossy compression. As a compression approach,
we use a vector quantization neural network, which combines vector quantization with supervised learning. When
it comes to supervised video compression, the LVQ neural network, see Fig.6, outperforms the back-propagation
one in terms of minimizing errors while preserving rapid convergence [53]. Configure the settings of both the
competitive and linear layers as the initial phase in the building of an LVQ neural network. Each frame's HL
wavelet band (chosen based on trial results) is used as a vector input to the input layer. The optimized codebook
(a vector for each node in the hidden layer) is stored in the hidden layer, and the index used for encoding is the
output. To update the codebook, LVQ may be utilized since it is a supervised learning method. Utilizing a feed-
forward neural network, it combines clustering and classification procedures.
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Figure 6. The LVQ competitive neural network architecture.
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Figure 7. The flowchart of the run length encoding procedure.

For the original data array P(n), which is to be encoded, the temporary variable Tmp is compared with P(n) for
increasing the index n. Because the temporary variable Tmp is set to P(n-1) in the n-1 time step, the encoded data
array Q(m) should increase until Tmp is not equal to P(n) in the n time step. When the Tmp is equal to P(n), Q(m)
should stop increasing and be set to 0. When the index n is greater than N, the total number of original data arrays
is P(n), and the iteration process is finished.

Stage 3: Run Length Encoding

After the DPCM lossless compression stage, the quantized coefficient vector and the VQ index vector from the
LVQ neural network lossy compression stage are combined into a single vector with carefully defined boundaries
so that they may be decoded together. In this situation, each frame has a single unified vector. Run-length encoding
(RLE) is used to deal with statistical redundancy among unified vector elements, which increases the compression
ratio. If the source has numerous strings of identical symbols, a run-length algorithm will perform extremely well.
Each video is ultimately represented as a matrix, with each row containing the RLE of a single frame and the total
number of rows being equal to the total number of frames in the movie. Fig 7 illustrates the main steps of run
length encoding method [54] [[55].

Step 4: Decompression

As shown in Fig. 8, the stages involved in decompression are the inverse of those involved in compression. To get
the combined coefficient vector, we must first apply run-length decoding, see Fig. 9, to each row of the video
compression matrix. Each frame's quantized coefficients and VQ index are included in this vector. The
uncompressed coefficients (low frequencies) may be obtained by applying inverse DPCM as illustrated in Fig. 10
to the quantized coefficients. In order to get the high frequency coefficients (there is one such vector in each frame),
the index value for the VQ vector is translated to the corresponding vector using the codebook table that has been
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previously saved. The decompressed frame is obtained by combining the bands obtained in the previous phase (LL
and HL) with the two unmodified bands (LH and HH) provided by the database and inverting the HWT. To restore
the original video, follow the same steps for each row of the compressed matrix.

‘ I Compressed Frame

Video ID, l
Frame ID i
LH, HH Run Length Decoding
Field Splitter
LL- Low level HL- High level
coefficients coefficients
Differential Pulse Search in Lookup
Decoder Table
v
I E <
h

Inverse Wavelet
Decomposition

v

Decompressed Frame

Figure 8. Flow diagram of proposed quantum machine learning video compression system: decompression
phase.

compressed Q(m), m=1~2\l
decompressed P(n), n=1~N
¥

T

Figure 9. The flowchart of the run length decoding procedure.
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In the case of run length decoding, it should be determined whether the index m is odd or not when there is an data
array Q(m) which is to be decoded. If m is odd, the 1’s are occurring in data file repeatedly corresponding to the
value of Q(m). And if m is even, the 0’s are filled up in the sequences of an interval of next Q(m) points. This
process is repeated until the index m is greater than the number of data array M.

N Q, Binary
Quantizer P Encoder p———p data
output
Predictor [¢—
v
DPCM encode
Binary X;

data - —el  Dacoder

Predictor p———

DPCM decoder

Figure 10. DPCM System Block Diagram

4. Results and Discussions

A benchmark video dataset https://media.xiph.org/video/derf/ was used for the experiments to evaluate the
Quantum evolutionary based intelligent vector quantization approach proposed in this study. The testbed is a
collection of videos saved in a variety of formats, including avi, and mpeg. Samples of the testbed videos are
shown in Table 1 associated with its description of this dataset. All of these videos have a static background, while
the action takes place either in a somewhat static foreground, as in Miss America, or in a dynamic foreground,
such in Aquarium. The impact of changing Quitrits based Quantum Genetic Algorithm parameters on the overall
system assessment has been explored by testing many iterations of the proposed system. Additionally, eight video
sequences with varying spatial and temporal information were downloaded in the uncompressed format *.YUV to
validate the proposed model's dependability while dealing with Full HD (1920x1080) and Ultra HD (3840x2160)
video sequences. SJTU YUV (SJTU 4 K Video Sequences; available online at
http://medialab.sjtu.edu.cn/web4k/index.html).

The suggested model has been implemented in MATLAB (Release 2022a). The model has been implemented
using the laptop computer with the following specifications: Processor: Intel (R), Core (TM) i7 CPU, L640 @ 2.31
GHz 2.31 GHz with RAM: 4 GB. System type: 64-bit operating system. Microsoft Windows 8.1 Enterprise as
running operating system, and Hard Disk: 500 GB. The compression ratio (CR) and peak signal-to-noise ratio
(PSNR) are commonly used metrics that were put to use in order to evaluate the effectiveness of the suggested
model in comparison to other current strategies. Intuitively, a better signal-to-noise ratio corresponds to a higher
PSNR value. In this case, the original frame serves as the signal, while the mistake in reconstruction serves as the
noise [56-58]. Using the right values for crossover and mutation probability prevents GA from being stuck at local
optima, which is an issue plaguing all GA-based video compression methods. Wide exploration and deep
exploitation are balanced in a good GA [59]. To hasten the algorithm's convergence, the best solution produced at
each iteration might be subjected to the local search approach based on the utilized Quitrits quantum coding.

The first set of experiments was conducted to demonstrate the effect of the wavelet detail bands on the PSNR
quality of the proposed system. Table 2 demonstrates that compression ratio is independent of band type. The
proposed approach encodes a small number of lossy detail coefficients in contrast to approximation coefficients,
which include a high number of coefficients, which may be one rationale for these results. A single index is used
to decode these small coefficients from a lookup table. The index representation of the coefficients in the three
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bands is similar because of the relationship between the bands. As a result, the compression ratios throughout these
spectrums are identical. The results in the table also show that the HL band provides the greatest PSNR since it
comprises the most salient features, especially in the frame with the texturing and smooth areas.

To demonstrate how the suggested system's effectiveness varies with codebook size, a second series of experiments
was carried out. Table 3 demonstrates that with a bigger codebook, the CR increases but the PSNR decreases. It
has been observed that when the codebook size is increased to 256 or more, CR stabilizes or even significantly
improves. These results may be explained by the fact that a bigger codebook vector contains more information.
Due to the fact that this information is represented by a single index, the compression ratio improves as the
codebook grows in size. When decompressing, the lookup table is used to accomplish the searching; if there's an
error in the index representation, the mistake will be represented for a lot of data, which will lower the PSNR and,
by extension, the video quality.

In the third set of experiments, we compared the compression ratios and quality performance of the proposed
system, which employs the Qutrits based Quantum Genetic Algorithm (QQGA) to construct an optimal codebook
for vector quantization that is used as an activation function inside the neural network’s hidden layer, to that of a
purely randomized LBG-based video compression technique [48] and that relies on tradition Qubit based Quantum
Genetic Algorithm with the same main steps. Table 4 demonstrates that compared to the LBG video coding
method, Qutrits QGA may enhance compression ratio by around 6 % and PSNR by about 10 %. In addition, Qutrits
QGA outperforms conventional Qubit QGA by around 3% and 4% for CR and PSNR respectively.

Table 1: Samples of Benchmark Dataset

Frame

Video resolution Number of frames Time Extension
Aquarium 720 % 480 155 5 sec. MPEG
Man running 160 < 120 154 5 sec. AVI
Traffic road 512 < 512 48 2 sec. MPEG
Akiyo 720 = 480 89 3 sec. AVI
Boxing 160 <120 154 5 sec. AV1
Miss America 640 < 480 89 3 sec. AVI
Tennis 320 = 240 30 1 sec. MPEG
Suzie 192 =< 144 30 1 sec. MPEG
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Table 2: System Performance Evaluation Regarding the Wavelet Details Bands (Code book size=256)

HH HL LH
Wavelet Bands CR___PSNR_CR__PSNR_CR PSNR
Man running 33.61 4134 3361 4525 3361 39.72
Traffic road 33.52 3496 3352 36.26 3352 32.08
Aquarium 33.51 33.82 3351 3586 3351 32.17
Akiyo 33.61 4424 3361 4595 3361 42.73
Miss America 33.61 4456 33.61 4597 3361 4291
Boxing 33.61 42.14 3361  43.63 3361 41.42
Runners (UHD) 33.50 4290 3350 44.08 33.50 42.34
Fountains (FHD) 33.18 4294 33.18 4415 33.18 42.52

Table 3: Effect of Codebook Size of Vector Quantization on Video Coding in terms of CR and PSNR based on
HL bands

Codebook size  Video CR PSNR

Man Running 28.93 45.23

Traffic Road 26.90 32.55

Aquarium 25.26 34.22

16 Akiyo 26.51 35.99

Miss America 29.92 45.33

Boxing 26.19 43.65

Runners (UHD)  25.86 44.10

Fountains (FHD) 25.94 44.20

Man Running 30.66 42.59

Traffic Road 271.72 33.42

Aquarium 27.56 33.40

32 Akiyo 29.51 34.60

Miss America 30.37 45.31

Boxing 28.65 42.36

Runners (UHD)  29.87 44.03

Fountains (FHD) 29.65 44.40

Man Running 31.50 41.32

Traffic Road 32.54 33.39

Aquarium 32.55 34.28

128 Akiyo 32.65 42.50

Miss America 32.87 43.89

Boxing 32.34 42.36

Runners (UHD)  33.68 44.08

Fountains (FHD) 33.43 44.12

Man Running 33.63 45.24

Traffic Road 33.50 36.23

Aquarium 33.50 35.84

256 Alfiyo _ 33.64 45.93

Miss America 33.68 4591

Boxing 33.62 43.60

Runners (UHD)  33.53 44.15

Fountains (FHD) 33.20 44.18

Table 4: Performance evaluation with random, GA, qubit QGA, and Qutrits QGA-based cookbook generation
with code book size=256

Ra_nd_om codebook Codebook Co_de_book _ Co_de_book _
Video bu_lldlng method building using GA bmldmg using bU|Id_|ng using

using LBG Qubit QGA Qutrits QGA

CR PSNR CR PSNR CR PSNR CR PSNR
Man Running 30.37 37.56 31.61 40.29 32.04 4177 33.63 45.24
Traffic Road 29.34 27.25 30.67 3051 3113 3218 3350 36.23
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Agquarium 28.97 28.25 30.60 31.80 3148 3285 3350 3584
Akiyo 28.79 27.97 30.32 30.15 3132 3234 33.64 4593
Miss America 2841 40.70 30.34 25.46 31.35 3223  33.68 45091
Boxing 29.67 37.86 30.33 40.86 3131 4247 33.62 43.60
Runners (UHD) 28.31 37.63 30.11 40.76 ~ 30.59 4259 3353 44.15
Fountains (FHD) 28.37 37.71 30.13 40.52  30.84 4287 33.20 44.18

One of the benefits of a qubit QGA is that it may locate an optimum solution in all dimensions simultaneously.
This skill is also helpful when creating a VQ codebook that is optimized for video compression. As a result, we'll
have a better chance of obtaining a really representative codebook. The suggested model employs the lossless
compression to compress several important coefficients, which accounts for the low compression ratio. When the
quantization vector had few items, the two techniques qubit QGA and Qutrits QGA were comparable in all cases.
When the number of items to be considered increases, however, Qutrits QGA outperforms qubit QGA in every
case. Our method relies on the use of qutrits (a three-level quantum system) to stand in for individuals within a
population. The evolution operator, which is in charge of modifying the state of the quantum system, has been
built in a basic manner that does not include a lookup table. Qudit, in comparison to qubit, offers a greater state
space in which to store and process information, which may improve the effectiveness of the algorithm.

In the fourth round of experiments, we look at how adjusting the threshold for the background subtraction & in
Eq.1 affects the performance of the proposed system. Table 4 shows the PSNR obtained by the system in different
videos as the & value shifts from 0.06 to 0.10. In general, thresholds for video compression algorithms need to be
higher when there is more motion in the video, and they need to be lower when there is less motion. Table 6
demonstrates that a better PSNR may be achieved by adjusting the threshold upwards depending on the kind of
video being analyzed. After a certain point 6 = 0.08, there is no further rise in PSNR. The explanation for these
findings is that each codeword in the codebook comprises a tiny quantity of data since the big threshold leads to a
reduction in the number of dissimilar pixels across the frames. Due to the enormous size of the codebook, the
PSNR of the decompressed data will be low if there was any distortion.

In the next set of experiments, we'll see how our suggested system stacks up against several similar video
compression techniques [60][61]. With the use of an ant colony-based motion estimation approach and a modified
fast Haar wavelet transform, the temporal redundancy is eliminated in the first comparative procedure [61]. In
order to get rid of spatial redundancy, the second approach [61] uses a quick curvelet transform combined with
run-length encoding and Huffman coding. Instead, the suggested approach eliminates temporal and spatial
redundancy via the use of optimum vector quantization, spatial redundancy through the use of DPCM, and
statistical redundancy through the use of run-length encoding.

Table 5 demonstrates that the suggested system outperforms the first and second algorithms in terms of PSNR of
the reconstructed video. The new method improves PSNR by around 8% and 11%, respectively. Furthermore, in
comparison to the alternative methods, the compression ratio is enhanced by 2 % and 7 % respectively in the
suggested system. These results are explained by the fact that Qutrits QGA aids in the construction of an accurate
codebook with minimal distortion for the vector quantization method. In addition, as compared to the second
technique, the CR is increased when RLE is used for statistical redundancy, DPCM is not used, and vector
quantization is used.

The process of creating a codebook may be thought of as a searching problem, with the desired outcome being the
identification of the most representative codebook that can be used effectively for video compression [62-64].
More PSNR is expected if the QQGA-based vectors are mapped to their closest codebook equivalent with regard
to a distortion function. The evolution operator, which is responsible for the updates to the quantum system state,
are used in QQGA to identify the most representative codebook for video compression.

Table 5: The Effect of Background Subtraction Threshold for Reconstructed Videos in Terms of PSNR with
code book size=256

Threshold Value 6 Video PSNR
Man Running 40.43
Traffic Road 32.68
0.06 Aq_uarium 33.02
Akiyo 41.56
Miss America 44.91
Boxing 41.43
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Suzie 41.73
Runners (UHD)  43.11
Fountains (FHD) 43.15

Man Running 41.05

Traffic Road 33.18
Aquarium 33.53
Akiyo 42.20
0.07 Miss America 45.68
Boxing 42.06
Suzie 42.01

Runners (UHD)  43.77
Fountains (FHD) 43.81

Man Running 41.32

Traffic Road 33.39
Aquarium 34.28
Akiyo 42.50
0.08 Miss America 43.89
Boxing 42.36
Suzie 42.31

Runners (UHD)  44.08
Fountains (FHD) 44.12

Man Running 45.24

Traffic Road 36.23
Aquarium 35.84
Akiyo 45.93
0.1 Miss America 45.91
Boxing 43.60
Suzie 42.31

Runners (UHD)  44.15
Fountains (FHD) 44.18

Table 6: Comparative result with related video coding techniques

Choudhury, H. et al. Nithin, S. et al. Proposed
Video [60] [61] System

CR PSNR CR PSNR CR PSNR
Man Running 32.35 36.76 25.98 33.49 33.63 45.24
Traffic Road 31.45 30.63 26.24  32.23 3350  36.23
Aquarium 30.49 30.34 25.72  31.70 3350 3584
Akiyo 31.83 32.09 2641  32.28 33.64 4593
Miss America 31.41 39.80 27.13 50.31 33.68 45091
Boxing 32.06 38.65 28.34 34.46 33.62 43.60
Runners (UHD) 33.36 39.16 29.84 35.09 33.53 44.15
Fountains (FHD) 33.19 39.97 2945  35.16 33.20 44.18

Time complexity analysis, which is a subfield of computational complexity theory and is used to characterize how
an algorithm makes use of computer resources, was used to the final set of experiments to assess the proposed
system's complexity. Compressing and decompressing takes more time as the number of frames grows, as seen in
Table 11. We also know that the majority of the time required to run the program is spent on the compression
phase, which includes several different subprograms including the wavelet transform, neural network, DPCM, and
RLE. However, this process may be done offline once before the video is sent, and then used whenever necessary.
In the case of Full HD and Ultra HD video sequences, compression and decompression times naturally rise. This
time is very machine-dependent and may be decreased by using a high-configuration machine or a parallel
processing paradigm.
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Table 7: Average Time Consumed for the Whole System Performance in Seconds (average).

Video Compression Time  Decompression Time
Suzie 60 2
Miss America 100 4
Aquarium 270 5

4.1 Limitations

In general, there are several limitations to utilizing the suggested system, such as (1) only using static backdrop
videos (not a moving camera) to effectively apply the background subtraction technique, and (2) only using
grayscale video. Since the identical procedures must be applied to each color channel when working with color
video. Finally (3) more memory space is required to store certain information (wavelet HH and LH bands) that are
employed in the decoding process,

5. Conclusions

There are many different criteria and parameters that must be met in order to create an effective video compression
system, just as there are with any other issue. Vector quantization requires the use of an optimal codebook, which
is not always easy to find. Therefore, there is a necessity for optimization-based approaches that can be employed
to get an optimal solution that satisfies the criteria. In a perfect world, the optimization strategy would result in the
objective function's global optimum. This study presents an improved strategy for video compression using a
QQGA bhased on Qutrits. QQGA can solve the same class of problems as a classic genetic algorithm while vastly
speeding up the evolutionary process thanks to quantum parallelization and entanglement of the quantum state.
The method is based on the idea of representing individuals within a population as Quitrits (a three-level quantum
system). A simple method that does not need a lookup table has been used to generate the evolution operator,
which is responsible for the changes to the state of the quantum system. Qudit, with its bigger state space for
storing and processing information, may improve the efficacy of the algorithm. The background subtraction
technique is used to separate moving objects from frames in order to generate the context-based initial codebook.
In addition, Differential Pulse Code Modulation (DPCM) is used to losslessly compress important wavelet
coefficients, while Learning Vector Quantization (LVQ) neural networks are used to lossy compress low energy
coefficients. After the coefficients have been quantized, Run-Length Encoding is employed to compress them
further. The system can be improved such that it can process movies shot with a moving camera instead of a fixed
one. In addition, other transformations, such as the ripple and chirplet transforms, may be studied for accurate
frame’ features representation. Finally, an alternative optimization approach may be used in lieu of the GA to
choose the best codebook for vector quantization.
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