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RECURSIVE WAVELET TRANSFORM ALGORITHM FOR IMAGE PROCESSING

This study presents the design and real-world implementation of advanced recursive image compression algorithms based on wavelet
transform techniques. The proposed method aims to improve overall compression efficiency while preserving high image quality and optimizing
computational performance. The visual quality of reconstructed images while simultaneously reducing computational demands to accelerate
processing speed. A multilevel recursive wavelet decomposition scheme is formulated to provide adaptive, scale-sensitive analysis of image features.
To improve the segmentation stage, a unified quadtree-based partitioning strategy is proposed, enabling flexible subdivision of image areas according
to local texture characteristics and intensity distribution. Furthermore, the study presents a parametric segmentation method that relies on ranking
block intersections. Candidate domain blocks are assessed using similarity measures and ordered through a prioritization mechanism, which
significantly limits unnecessary comparisons and reduces the effective search space. This optimization decreases the total number of domain blocks
involved in encoding, thereby improving computational efficiency without negatively affecting compression effectiveness.The study was conducted
using a dataset comprising 102 flower categories, each containing at least 40 images. The photographs were captured from multiple perspectives
and under varying conditions to ensure diversity and robustness of the data. lighting conditions to ensure variability. Performance evaluation
considered objective similarity indicators, encoding time, and overall processing performance. Although the compression ratios achieved by all
methods were comparable, examined models were nearly equivalent, noticeable differences were observed in processing speed. Among the deep
learning architectures incorporated into the preprocessing stage, MobileNet V2 demonstrated the highest computational efficiency while maintaining
strong reconstruction accuracy. As an outcome of this research, a dedicated software application was created to realize the recursive compression
framework built upon wavelet transform techniques. The application provides fast and reliable image data compression by integrating content-
independent compression techniques with adaptive segmentation procedures, making it well suited for large-scale image processing applications.
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COJIOJKA BAJIEHTAHA, MATJAE€HKO MHAKOJIA, TOMAIIEBCHKHIA IBAH, TOTHSIK OJIEKCAH/IP

Jlep>kaBHUH yHIBEPCUTET IHTENEKTyaIbHIX TEXHOJIOTIH Ta 3B’ 3Ky

PEKYPCUBHHMMI AJITOPUTM BEUBJIET-IEPETBOPEHHS /1151 OBPOBKM 306PAKEHB

YV yiii nokasani ma nagedeni HO8I ma NEpPCNEKMUGHI cxemu - PeKYPCUSHI 3MeHuleHH 300padicenb, 6 udi CMUCHEHHSA Ha Geliglem-
nepemeopeny, siki € ocnhosolo. Iloxkasani cxemu Hanpaeneni ne MiibKu HA AKICMb PI3KOCMI, W0 NIOBUWYE DOCTIONCYBATbHE 300padicetdb, ane i Ha
3MEHWeHHsT 4acy nepepoOKu 3d PAXyHOK CKOPOUeHHs KiNbKOCMi HeOOXIOHUX oOuucieHb. 3anponoHO8aHO KOMNIEKCHUll nioxio 00 peanizayii
aneopummy Keaopooepesd, d maxko#C po3pooieHo i NPOOEMOHCIMPOBAHO HOBULL NAPAMEeMPULHUL MEMOO ceeMenmayii 300paxceHs i3 6UKOPUCTIAHHAM
pandcosanux nepemunie 6nokxie. Tlokasano, wo 3anponoHosanull areopumm 3MeHULYe KinbKicms domennux 6Onokie. [{na excnepumenmy 6yno
BUKOPUCMAHO HAOIp 0aHux, wo ckradacmoca 3i 102 nabopis 300pasiceHb K8imis, npu Ybomy O KO#CHOI kame2opii 0y10 doCmynHo WoHaumeHule
40 300pasicens, ompumMarux 3 pi3HUX paxypcie ma 3a pisHUX YMO8 0c8imieHHs. Bionogiono 0o excnepumeHmanbHux pe3yibmamis, Hatoiibul
npuoammny Mooenv 6yn0 06pano Ha OCHOGI pieHs NOOIOHOCMI Ma Yacy KOOY8amHs, OCKLIbKU Koeqiyicnm cmuchenns O0ns 6Cix aneopummie 0y
npubnusHo ooHaxosum. Modeno MobileNet V2 npodemoncmpysana naviguwy weuokicnms o6pooku.B ybomy ompumani pezyivmami niomeepoxcye
3a6e3neyeHts WeUOKOCMI ma eqheKmusHOCMI CMUCHEHHS, OAHUX 13 BUKOPUCAHHAM KOMOIHAYIT Memooié CIMUCHEHHS, He3ANeHCHUX 8I0 6MICmY.
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Introduction

This section presents a comprehensive approach to implementing the quadtree algorithm and introduces a new
parametric image segmentation method based on ranked block intersections. The developed algorithm minimizes. The
quantity of domain blocks is reduced, which consequently decreases the number of comparisons between ranked and
domain blocks, thereby enhancing the compression performance of the target image.

At the same time, several issues remain unresolved.issues persist, as existing ITU compression standards
struggle to deliver acceptable quality when encoding high-definition (HD) and ultra-high-definition (UHD) images,
especially under real-time transmission constraints. Contemporary compression methods designed for UHD resolutions
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such as 2K, 4K, and 8K place stringent demands on both processing speed and computational efficiency. These demands
must be satisfied while remaining within the hardware limitations and operational frameworks imposed by modern
compression standards.

Consequently, modern recursive image compression techniques are designed not only to enhance visual quality
but also to shorten processing time by significantly reducing computational complexity.

Materials and Methods

The proposed compression method is implemented in accordance with the fundamental standards MPEG-2,
MPEG-4 AVC, and UHDTYV, as defined in ITU-R Recommendations BT.1737 and BT.1870. These recommendations
outline video coding technologies for digital terrestrial broadcasting systems utilizing MPEG-2, MPEG-4 AVC, and
MPEG-H HEVC formats. The principal encoding specifications and parameters are additionally clarified in ITU-R
Recommendation BT.2073., which defines the essential HEVC configuration for HDTV and UHDTV broadcasting
environments [1].

Wavelet-based image coding is standardized in JPEG-2000 [3], which addresses still-image compression and
includes extended tools for image processing. The Motion JPEG-2000 standard [6] extends this methodology to video
compression by applying wavelet coding independently to each frame in a video sequence.

Image quality evaluation in video conversion and encoding systems commonly relies with particular emphasis on
the peak signal-to-noise ratio (PSNR) as a primary quality assessment metric. Furthermore, additional guidance is provided
in ITU-R Recommendation BT.1683 [4] and ITU-T Recommendation J.144, which address objective methods for
evaluating video quality. [5] introduce the enhanced PSNR (EPSNR) metric, which is specifically designed to assess noise
behavior near object boundaries. These recommendations outline the principles for applying EPSNR, particularly in
wavelet-based image processing, where it is often considered a more suitable quality indicator than conventional PSNR.

It is worth noting that integrating the intraframe coding tools of the JPEG-2000 standard [6] into video coding
standards, alongside existing techniques defined in MPEG-based frameworks, could have further increased overall
compression efficiency.

Wavelet-based methods underpin several compression standards developed for specialized applications. JPEG-
2000 relies entirely on wavelet transforms, and numerous studies present theoretical models for spectral image coding
using edge-adaptive wavelet bases. When properly implemented, these techniques demonstrate notable gains in
compression efficiency, especially for high-resolution images reconstructed with minimal distortion.

At present, H.265/HEVC represents the most advanced video compression standard, incorporating decades of
research in digital image and video coding. A simplified functional diagram of an HEVC encoder is shown in Figure
1.1, while its operational principles are described in detail in [2].

During encoding, reconstructed reference frames are stored in a buffer and reused for predicting subsequent
frames. As a result, the sequence of frames in the compressed bitstream does not necessarily match the temporal order
of the original video.

One of the key characteristics of the wavelet transform is its capacity to concentrate the signal’s energy within a
limited set of coefficients. Following the transformation process, the signal is decomposed into multiple subbands, where
most of the energy is typically localized in the low-frequency components. (LF) subband. This characteristic makes scalar
quantization particularly effective, as fewer bits are required to encode regions with low energy. However, this approach
does not fully exploit the structural dependencies present in the high-frequency (HF) subbands. Strong signal components
often reappear across multiple subbands because they originate from image edges. If the wavelet basis cannot adequately
represent these features at higher decomposition levels, some of the energy spreads into HF coefficients.

Smooth image regions are well approximated by the LF wavelet components, leading to dense clusters of
coefficients in the low-frequency band. This behavior repeats at successive decomposition levels, resulting in a
noticeable similarity between subbands. Such interband relationships can be explained by prior knowledge of typical
image content, which consists of smooth areas, textures, and edges.

To exploit this structure, the algorithm organizes wavelet coefficients into a spatial tree. Each tree begins at a
selected root coefficient in a given subband and branches into four child coefficients located in the corresponding
subband of the previous decomposition level.

Following the wavelet transform, entropy coding is applied to convert the quantized coefficient blocks into a
compressed bitstream.

The SPIHT (Set Partitioning in Hierarchical Trees) algorithm is a high-efficiency coding method that encodes
wavelet coefficients using a bit-plane representation. Wavelet transforms facilitate this process by ensuring strong
energy compaction. Nevertheless, the residual structure within the high-frequency coefficients must still be addressed.
Regions with high energy tend to preserve their spatial location and shape across subbands, and imperfect representation
by the transform causes energy leakage into HF bands. In contrast, smooth regions are accurately modeled by the LF
basis, producing compact low-frequency coefficient distributions. This pattern persists across multiple decomposition
levels, reinforcing the similarity between subbands.

Understanding image characteristics—such as edges, textures, and smooth regions—helps explain these
hierarchical relationships. Zero-tree coding techniques leverage this structure by combining interband dependencies
with efficient representation of insignificant coefficients, achieving high compression performance.

The Embedded Zero Tree (EZW) algorithm, introduced by Shapiro, encodes both significant and insignificant
coefficients. At low bitrates, the significance map may dominate the bitstream; however, this map exhibits substantial
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redundancy that can be efficiently compressed. If a parent coefficient has low magnitude, its descendants are likely
insignificant as well, leading to the formation of zero-trees. When the probability of this event approaches one, the
associated information content becomes minimal, requiring very few bits to encode. In cases where one or more
descendants are significant, an isolated zero symbol is produced, which occurs infrequently but requires additional bits.

EZW generates hierarchical, embedded bitstreams that support progressive image transmission. This means
that the image quality improves as more bits are received. For two transmission rates Ri > Ro, the bitstream at rate R.
forms a prefix of the bitstream at rate Ri.

Such embedded coding provides several advantages: precise control over the output bitrate; optimal image
reconstruction for any truncated bitstream; efficient adaptation to channels with varying bandwidth; fast preview and
browsing of large image databases.

In the EZW algorithm, coefficients are evaluated using a threshold T. Coefficients with magnitudes greater
than T are classified as significant, while the others are considered insignificant. The scanning process proceeds from
low-frequency to high-frequency subbands. Binary symbols indicate the significance state and spatial relationship of
coefficients, including a root zero-tree symbol that represents an insignificant coefficient and all of its descendants.
After significance coding, the corresponding bits are entropy-coded, typically using arithmetic coding. If the available
bitrate allows, the threshold T is reduced by half and the procedure is repeated. Figure 1 illustrates this iterative process.
Zero-trees prevent repeated transmission of insignificant coefficients, and once a coefficient becomes significant, its
quantized magnitude is transmitted.

SPIHT is an enhanced version of the EZW algorithm, designed to provide both highly efficient compression
and optimal progressive transmission. Its primary objective is to maximize reconstructed image quality for a given
bitrate while maintaining efficient decoding.

A key feature of SPIHT is its embedded (nested) coding structure. The encoder produces a sequence of
bitstreams in which any shorter stream of m bits corresponds exactly to the first m bits of a longer stream, ensuring
optimal performance at all truncation points.

~
T

~
”~

Fig. 1. Sorting Wavelet coefficients in a bit plane for scanning

In practical implementations, the encoding process usually ends when the iteration index reaches n = 0;
however, the encoder may terminate earlier if required. In such cases, tThe least informative components—specifically,
the lower-order bits of the wavelet coefficients—are intentionally omitted during transmission, thereby decreasing
computational burden. This deliberate and controlled data reduction resembles scalar quantization in principle; however,
it achieves better performance because the wavelet coefficients are arranged and encoded in an optimized hierarchical
sequence. While the encoder has the capability to send every coefficient in full precision, the decoding procedure can
be stopped at any stage once the reconstructed image reaches a predefined quality threshold. This threshold may either
be user-defined or adaptively selected according to time or resource constraints.

Recursive image compression methods originate from the framework of iterative function systems (IFS). A
pioneering role in this field was played by Michael Barnsley, who showed that IFS theory could effectively describe
image structures. Expanding upon these ideas, Jacquin proposed a fractal compression algorithm based on partitioning
the image into blocks. In this scheme, the image is segmented into non-overlapping range blocks and a larger set of
overlapping domain blocks.

For each range block, the algorithm searches for an appropriate domain block and determines an affine
transformation that provides the closest approximation. Instead of storing pixel data directly, the image is represented
as the fixed point of a contractive mapping. Through iterative application of this mapping, the image progressively
converges to its reconstructed form. By virtue of Banach’s fixed-point theorem, any contractive transformation
guarantees convergence to a single, unique fixed point corresponding to the decoded image. The primary limitation of
fractal compression lies in its computational intensity, as the encoding phase demands exhaustive comparisons between
numerous pairs of blocks. Nevertheless, fractal-based techniques remain a meaningful alternative to traditional Fourier-
based compression methods. At present, fractal regression approaches are mainly used in archival systems, such as
digital encyclopedias, where data is encoded once and decoded repeatedly. They are also applied in specialized domains,
including satellite imagery and medical imaging. In medical diagnostics, for example, fractal-based processing of X-
ray images can enhance the visibility of clinically relevant details.

For discrete image data, one of the most widely used wavelet-based techniques is the Mallat algorithm, named
after Stéphane Mallat. This method decomposes an image into two parts: a set of high-frequency components that
capture abrupt intensity changes, and a low-frequency, downsampled approximation of the original image. The
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decomposition is performed using a pair of filters, each operating at half the original spatial resolution. Typically, finite
impulse response (FIR) filters are employed, where pixel values within a small neighborhood are multiplied by
predefined coefficients, summed, and then shifted across the image to generate successive outputs. Although wavelets
are not explicitly present in the algorithm, they arise implicitly through repeated application of these filters to an image
containing a single impulse.

Since images are two-dimensional, filtering is carried out in both horizontal and vertical directions. This
procedure is applied iteratively, with each stage using the previously obtained low-frequency approximation as its input.
The resulting detail subbands usually consist of sharp edges and large regions with near-zero values. If fine details are
not essential, coefficients with small magnitudes can be discarded, leading to significant compression gains. The original
image is recovered using the inverse Mallat transform, which applies the same filter pairs in reverse order.

Recursive and wavelet-based image compression methods thus provide powerful tools for reducing data size
while preserving essential visual information. Given M X N image from Q=(0, M]x(0,N]eR> pixels .

In this case, each pixel is associated with a specific area:

{Cmense(-1jlnel@-1] (1)

The specified point (i,j) € £ is the upper right corner of the pixel area.

We will look for a mapping of the type: 4:X—>X

The main point of this compression is that the original image is given by the Z = S(& 1) function ,
using some compression map, the given points correspond to the original image. The set of vectors with X, R”, where
n = M X N are the coordinates of the vectors, corresponding to the pixel

xi=f(1+(i—1)modN,l£J+1),i=1,...,n,\- J - this means rounding.

To create such a display, it is necessary to split the image into a set of R data blocks, R,,R,,...,R,
where. R, cQ,i=1,...,r

J —blocks Dy, D, ...D; (D; € 2)- a square (possibly intersecting) 2B X 2B fragment of pixels and U; D; = 2
Given function fF:R — R j=1,...,r are the brightness characteristics of each pixel. The average
brightness value - (£, 77) Y
1 )
Fi§m =s; -ZZ(f(s’irf): En) eW ™ (E -1 xMm—-1nDNnZ%)

S;- the contrast parameter, and this is O; for brightness.

X, = Fy (E(k), (k)

n(k)= {J +1
neé(k) =1+ (k—1)N, the vector coordinates are the data of the upper right corner of the K

pixel area and i(k) the number of the block containing the point.
In recurrent coding, the map is chosen such that the distance between a vector and its image is minimal
according to some metric.
According to Banach's theorem, this is a compressed map where the complete metric space is the metric:
x4 = Axa) 3)
converges to a single fixed transformation point x, € X for any point x4 € X :
It is shown that the reconstructed image only needs to remember the reflection.
p(x,y) < Lp(A(x),)A)), 4)
where p is a metric with norm [® . For convergence of the interaction process, it is sufficient that the
parameters S; are §; <1 Vi=1,..,r. N is the norm of the indices. It should be noted L < 1 that is not mandatory
for recovery. N - norm does not always coincide exactly with the image A(x) . N - norm, but if some conditions are met
on the operator 4 , then it is x, guaranteed to be similar to a value close X to as and A(x).
The following theorem [7] gives an estimate between (x) and A(x).
Let us show this theorem:

1
p(x,x4) < — p(x, A(X)),
where L < 1 is the Lipschitz constant that compresses the operator 4 in a certain metric p.
For a Euclidean metric, the Lipschitz constant of the operator can be calculated as follows [8].

(5)
1
L = max 7 E (s?:j) =)

1<j=d
In the algorithm proposed below, the Euclidean metric is used as a parameter A(x)close to the original image
vector. In other words, it is necessary to find A a mapping that is minimal p(A(x), x). This is equivalent to the problem
of finding, for each block R, R;,i = 1,...,, a triple such (W;, D;(;, F;).
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When solving this problem for any variant and D; ;) and W;, the least squares linear regression method can be
used to select the optimal parameters s; and o;.

7y = f(§1,m), 22f (§2,M2), -+ 2k = f(§p2,Mp2), (6)

1
7 =7 ) FE M) €W (G~ LE] X 01— LmD 0 2%) o

1
Ze=3 D FE MY E ) €W (e = 1.8 X (i — L) 0 2%) ©

(¢x,M) € R; and Z,’{ average brightness reading of the prototype pixel(&,17x) Yk = 1,..., B2
For analysis, it is necessary to consider a function that is minimized at the point where the private derivative of

2
the parameter « and the parameter S; and O; is equal to the minimum value 0. After differentiation and
transformation for the parameters, we see a system of 2 simultaneous equations with 2 unknowns, from which we obtain

S; and O; the following equation.
[B2(382, zhzie) - (352, 24 ) (282, )|

522, 2 (35, 24) o ©)
— (B 2 — i - 22y %)

which coincides with the equation of the original block. If s; = 0, To 0; = %ZQ; Z

S; =

The idea of these algorithms is to classify blocks D and R and to find blocks D that are in the same class as the
ranked regions. This is done as follows.

The output block is divided into 4 parts. The mean value A; and variance of pixels are calculated for the part
V;. Then the block is classified according to the following principles. Let's define three main types of blocks. Type 1 -
A=A, = A4, SA‘*,TypeZ— A =24,=2 A4, 2A3,Type3— A=A, = A4, 2A3_

It is obvious that any block can be transformed into a form corresponding to any of these types by means of
the appropriate affine quadratic transformation. After determining the 3 main classes, the blocks are classified by
variants.

Thus, each of the three classes has 24 subclasses, for a total of 72 classes; the search for D blocks close to R
blocks is carried out by a specific search class.

Genetic algorithms are algorithmic approaches to solving extreme single criteria selection problems based on
modeling the main factors of the evolutionary development of a population.

If we use a genetic algorithm (GA) to find the optimal solution for each element x € X, the optimization space
looks like this: shown as a vector b€ B of N binary letters 4 = {0,1}, where B = A". X denotes the optimization space,
which must also consist of a finite number of elements.

Population IT = ( %!, ¥%..., ¥M) is a vector in the space BM, and its coordinates are the genotypic individuals
of this population.

The next stage. Transition to GA is a transition from the current generation to another, Il;,; that is I,
obtaining a new population. The operator participates in the construction of the next individual of the new population
Select crossover, mutation and random selection: Select: BM ™ {1,.
when generating the next generation.

..,M} selects the identification number of the parent

To define this algorithm, ¢ must specify the intersection operator Cross: BxB — BB and the mutation
operator Mut: B—B.

The crossover (x’, ") = Cross(x, ) operation consists in randomly selecting position j, which is evenly
distributed from 1 to N - 1, and the result has the following form

X' =X o Xp Tistre 0 IND) T = (T Toe e, Tjy Xjr1s - o0 XN)-

The shutter effect is set using the basic probability parameters P.,., s that trigger this operator (otherwise it does
not change at all).

The mutation operator at each position of the argument replaces its contents with A, a random element of the
lifetime alphabet, chosen based on a uniform distribution, with a given probability.

The basic function of this problem is replaced by a non-negative genotype compatibility function in GA,

?(x), x €B.
The algorithmic process itself is a sequential change of generations, at each stage of which the population is

replenished with pairs of descendants from individual individuals of the population according to the formula

t+1 tH1y _ t t t+1 t+1
kKoo X ka1) = Mut(Cross(X seiecty) » X setectnp))s (X & » X k41

Individuals with the lowest fitness level in the population are II; in I1;,; That is, individuals are removed after
mating, and then in pairs, and mutations accumulate. If you change the parameters of mutation and crossover probability,
you will see permission to tune the behavior of GA and adapt to specific tasks.
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The presented scheme of the GA algorithm is applied to the fractal compression problem. As the genotype of
the GA, it is convenient to take a vector whose components are the number of encoding pixel coordinates and the affine
transformation of the region of the Dj;) original image defined on the toroidal Surface W;. There are 8 ways to glue a
square to a square: rotate it from all sides or reflect and rotate it from all sides. So, 3 bits are enough to encode this
transformation. Let's have a fitness function like this
- 1 (10)

1+ X(fEm - F(EmI* (€ n) € RynZ?))

This function satisfies the GA requirement (non-negative) and is suitable for the Crossingoffer selection
operator y “f.

In this operator, each individual from the population I, ; has its own probability, which is calculated

o (1) (11)
) Ji @ ()

The specified chromosomes identifying a given genotype are represented in such a way that any vector in the
decision space is acceptable, and the fitness is never zero. The mutation operator in the algorithm is standard, while the
crossover operator has been modified as follows:

Crossovers can only occur at bifurcation points in the binary coordinate representation.

As described above, the main disadvantage of this compression method is that the computational effort required
to encode the image is enormous. Programs implementing this method use both traditional acceleration techniques, such
as integer arithmetic and assembly language routines, as well as specialized approaches that employ only one type of
affine transformation or various strategies for segmenting the display area.

Below is a schematic diagram of two algorithms that can significantly reduce the computational complexity
for several classes of images. The parameters of the first algorithm are the level of loss during encoding and the
minimum block size. This algorithm ensures uniform encoding quality across the entire image.

The second algorithm uses the number of blocks as its main parameter, which directly affects the computational
complexity but does not influence the accuracy of encoding individual image regions.

Results

A series of flower images, consisting of 102 datasets of different flower species, was selected for the
experiment. Each category contains at least 40 images taken from various angles and under different lighting conditions.
The dataset was sourced from Kaggle [3]. For the experiment, 100 color classes were selected, each represented by a
single image.

The test image was divided into 8x8 blocks of 1,500 pixels each. A total of 20,000 copies were generated as
auxiliary parts.

Table 1 shows the results of encoding the test images using models with different architectures.

Figures 3 - 4 show graphs of the experimental results. In these graphs, the similarity measure (SSIM) has been
scaled by a factor of 83% for visualization purposes.

The figures display a series of embossments in blue, while similarity values are shown in red.

Figures 3 - 4 show graphs of the experimental results. In these graphs, the similarity measure (SSIM) has been
scaled by a factor of 83% for visualization purposes.

Pselect (x*) =

Fig. 2. Test image, 200x300 pixels, data size: 180,128 bytes

The figures display a series of embossments in blue, while similarity values are shown in red.

Based on the experimental results, the most suitable model was selected according to similarity levels and
encoding time, as the compression ratios of all algorithms were approximately the same. The MobileNet V2 model
demonstrated the highest speed.

Other models showed similar performance: the first model was slightly faster, while the second achieved
slightly better similarity scores.
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The number of such fragments in the database plays an important role in the developed encoding method. In
this study, we examined how the quality of the decoded image and the encoding time depend on the number of fragments
requiring similar images.

Table 2 presents the results of this study.

Table 1
Model Comparison
Model Encoding time, . Compression e
seconds Output size, bytes percentage, % Similarity, SSIM
MobileNet V2 33.03 3829 97.87 0.53
Inception V3 50.46 3777 97.9 0.84
NASNet-A (mobile) 79.47 3773 97.9 0.76
B BifgcoToK CTUCHEHHS, B MoaibHicTe, SSIM * 100
100

75
50
25
© MobileNet V2 Inception V3 NASNet-A (mobile) ResNet V1 50 ResNet V2 50
Mogperns
Fig. 3. Compression level and similarity graph
80
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g

=
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£ a0

8

g

8

= 20

° MobileNet V2 Inception V3 NASNet-A (mobile) ResNet V150 ResNet V2 50
Mogens
Fig. 4. Encoding time graph
Table 2
Experimental Results
Number of clusters Encoding time, Output size, bytes Compression Similarity, SSIM

seconds seconds percentage, %
20 000 15.55 3733 97.93 0.84
50 000 27.56 4069 97.74 0.86
100 000 44.67 4677 97.40 0.88
150 000 63.36 4905 97.28 0.89
200 000 82.83 5005 97.22 0.89

The experimental results indicate that the proposed approach is less effective than the standard JPG and JPEG
formats when evaluated by absolute compression efficiency. Nevertheless, it demonstrates a very high similarity
coefficient. Concurrently, the approach proposed in this study demonstrates a noticeably higher compression efficiency
when benchmarked against conventional reference methods.
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It should be noted, however, that the reconstructed image generated by the developed algorithm occupies a file
size roughly 3.5 times greater than the initial JPG version and approximately 3.6 times larger than the corresponding
original JPEG file.

A comparative evaluation was performed against JPEG and MJPEG compression schemes. While JPEG and
MIPEG achieved the highest image similarity index of 0.73, the developed method reached a value of 0.97, indicating
a significantly improved ability to retain the visual and structural characteristics of the original image.

Throughout this research, the image compression process was thoroughly examined. In accordance with the
stated problem, the research objectives and tasks were formulated, and appropriate methods for their implementation
were identified and applied.

When examining how image processing impacts compression outcomes, it becomes clear that each graphics
editor applies unique transformations tailored to specific visual effects. This variability makes it challenging to
anticipate the precise modifications introduced into an image. Similarly, determining which editor provides the most
effective compromise between compression efficiency and visual fidelity is far from straightforward.

The task of comparing different compression techniques is further complicated by the absence of uniform
datasets and evaluation standards. Certain specialized fields, such as security-sensitive applications, may require
bespoke compression approaches to meet their specific needs. The findings also indicate that, in general, lossless
compression methods excel at maintaining the original data’s integrity compared to lossy alternatives.

As a result of this investigation, a software application was developed that enables rapid and efficient data
compression through the combined use of content-independent compression techniques.
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