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ABSTRACT

The article discusses methods of compressing a graphical database for use in
pedagogical facilities and institutions. Application of cluster systems to improve the
quality of communication, transmission and storage of information.
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INTRODUCTION

Images contain large amounts of information that requires much storage space,
large transmission bandwidths and long transmission times. Therefore it is
advantageous to compress the image by storing only the essential information needed to
reconstruct the image. Wavelet analysis is very powerful and extremely useful for
compressing data such as images and a lot of work has been done in the area of wavelet
based lossy image compression. It's power comes from its multiresolution. Although
other transforms have been used, for example the DCT was used for the JPEG format to
compress images, wavelet analysis can be seen to be far superior, in that it doesn't
create 'blocking artifacts'. This is because the wavelet analysis is done on the entire
image rather than sections at a time. Wavelet analysis can be used to divide the
information of an image into approximation and detail subsignals. The approximation
subsignal shows the general trend of pixel values, and three detail subsignals show the
vertical, horizontal and diagonal details or changes in the image. If these details are
very small then they can be set to zero without significantly changing the image. The
value below which details are considered small enough to be set to zero is known as the
threshold. Thegreater the number of zeros the greater the compression that can be
achieved. The amount of information retained by an image after compression and
decompression is known as the "energy retained" and this is proportional to the sum of
the squares of the pixel values. If the energy retained is 100% then the compression is
known as lossless, as the image can be reconstructed exactly. This occurs when the
threshold value is set to zero, meaning that the detail has not been changed. If any
values are changed then energy will be lost and this is known as lossy compression.
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Ideally, during compression the number of zeros and the energy retention will be as
high as possible. However, as more zeros are obtained more energy is lost, so a balance
between the two needs to be found.

Advantages of cluster systems in data compression

There are many different forms of data compression. This investigation will
concentrate on wavelet transforms. Image data can be represented by coefficients of
discrete image transforms. Coefficients that make only small contributions to the
information contents can be omitted. Usually the image is split into blocks(subimages)
of 8x8 or 16x16 pixels, then each block is transformed separately.

METHODOLOGY

However this does not take into account any correlation between blocks, and
creates "blocking artifacts", which are not good if a smooth image is required. However
wavelets transform is applied to entire images, rather than subimages, so it produces no
blocking artifacts. This is a major advantage of wavelet compression over other
transform compression methods.

Cluster-systems analysis

The best way to describe discrete wavelet transform is through a series of
cascaded filters. The input image X is fed into low pass filter (L) and high pass filter(H)
separately. The output of the two filters are the subsampled. The resulting low pass
subband y; and high pass subband yy are shown in figure(1). The original signal can be
reconstructed by synthesis filters (L) and (H) which take the up sampled y; and yy as
inputs.
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Figure(l). Wavelet decomposition and reconstruction process
The mathematical representations of y; and yy can be defined as :
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where t; and ty are the
lengths of L and H respectively.




For a two dimensional images, the approach of the 2D implementation of the
discrete wavelet transform(DWT) is to perform the one dimensional DWT in row
direction and it is followed by a one dimensional DWT in column direction. See
figure(2), in the figure, LL is a coarser version of the original image and it contains the
approximation information which is low frequency, LH, HL, and HH are the high
frequency subband containing the detail information. Further computations of DWT
can be performed as the level of decomposition increases, the concept is illustrated in
figure(3), the second and third level decompositions based on the principle of
multiresolution analysis show that the LL1 subband shown in figure(3) is decomposed
into four smaller subband LL2, LH2, HL2, and HH2.
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Figure(2). 2D row and column computation of DWT
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Figure(3): second and third level row and column decomposition

Numerous filters used to implement the wavelet transform, in present work we
used the Daubechies
filter whereas, the Daubechies basis vectors(forward and inverse transform), for
4x4 segments, are:
Low pass: $[1+\/§,3+\/§,3—«/§,1—\E]

High pass : ﬁ[l W
Low passim:%[f} —33+431+43,1- JE]
High paSSi.W:ﬁ [T TR W R
The representation of f(x,y) at various resolutions can be done by a very simple

iteration process. Moreover, the reconstruction of the original function from the
coefficients of this representation is equally simple and fast.




DISCUSSION

Images are treated as two dimensional signals, they change horizontally and
vertically, thus 2D wavelet analysis must be used for images. 2D wavelet analysis uses
the same ‘mother wavelets® but requires an extra step at every level of decomposition.

In 2D, the images are considered to be matrices with N rows and M columns. At
every level of decomposition the horizontal data is filtered, then the approximation and
details produced from this are filtered on columns.

At every level, four sub-images are obtained; the approximation(LL), the vertical
detail, the horizontal detail and the diagonal detail (LH, HL, HH). As See Figure (3).

Cluster-systems compression and thresholding

For some signals, many of the wavelet coefficients are close to or equal to zero.
Thresholding can modify the coefficients to produce more zeros. In Hard thresholding
any coefficient below a threshold T, is set to zero. This should then produce many
consecutive zero‘s which can be stored in much less space, and transmitted more
quickly. To compare different wavelets, the number of zeros is used. More zeros will
allow a higher compression rate, if there are many consecutive zeros, this will give an
excellent compression rate. The energy retained describes the amount of image detail
that has been kept, it is a measure of the quality of the image after compression. The
number of zeros is a measure of compression. A greater percentage of zeros implies
that higher compression rates can be obtained.

The number of zeros in percentage (PoZ) is defined by:

100%* (number of zeros of the current decomposition)/ (number of
coefficients).

To change the energy retained and number of zeros values, a threshold value is
changed. Thresholding can be done globally or locally. Global thresholding involves
thresholding every subband (sub-image) with the same threshold value. Local
thresholding involves uses a different threshold value for each subband.

RESULT

Definition of Wavelet compression is fix a non negative threshold value T and
decree that any detail coefficient in the wavelet transformed data whose magnitude is
less than or equal to zero (this leads to a relatively sparse matrix). Then rebuild an
approximation of the original data using this doctored version of the wavelet
transformed data. In the case of image data, we can throw out a sizable proportion of
the detail coefficients in this and obtain visually acceptable results. This process is
called lossless compression, when no information is loss (e.g., if T = 0). Otherwise it is
referred to as lossy compression (in which case T>0). In the former case, we can get
our original data back and in the latter we can build an approximation of it. We have




lost some of the detail in the image but it is so minimal that the loss would not be
noticeable in most cases.

The wavelet divides the energy of an image into an approximation subsignal, and
detail subsignals. Wavelets that can compact the majority of energy into the
approximation subsignal, therefore, the results calculated used global thresholding
(threshold=STD of image), it was found to be a fair way of calculating threshold
values.

The results proved to be more useful in understanding the effects of
decomposition levels, wavelets and images. Changing the decomposition level changes
the amount of detail in the decomposition. Thus, at higher decomposition levels, higher
compression rates can be gained. However, more energy of the signal is vulnerable to
loss. The quality of compressed image depends on the number of decompositions. The
number of decompositions determines the resolution of the lowest level in wavelet
domain provide the best compression. This is because a large number of coefficients
contained within detailed subsignals can be safely set to zero, thus compressing the
image. However, little energy should be lost.

Wavelets attempt to approximate how an image is changing, thus the best wavelet
to use for an image would be one that approximates the image well.

CONCLUSION

The image itself has a dramatic effect on compression. This is because it is the
image's pixel values that determine the size of the coefficients, and hence how much
energy is contained within each subsignal. Furthermore, it is the changes between pixel
values that determine the percentage of energy contained within the detail subsignals,
and hence the percentage of energy vulnerable to thresholding. Therefore, different
images will have different compressibilities.

To conclude, wavelets are useful for compressing signals but they also have far
more extensive uses. They can be used to process and improve signals, in fields such as
telecommunication where image degradation is not tolerated they are of particular use.
They can be used to remove noise in an image.

REFERENCES:
1. 'ynbaes, H. A., Kyaparumnoes, H. A. (2020). Cocrosinue npobiieM ymnpaBieHHUs
CUCTEM C PacCpelIOTOYECHHBIMU OO0BEKTaMHU (Ha MpPUMEpPE DISKTPUUECKUX CeTei).
Science and World, 6(82), 29-32.
2. T'ynb6aes, H. A., Kyapatumnoes, H. A. (2020). MogenupoBanue u ymnpaBlieHUE
TeppUTOpUATbHO-pacIipeieeHHbIMU cucTeMaMu. Science and World, 6(82), 25-28.




3. I'ynbaes, H. A., Kynparunnoes, H. A. (2020). Moaenu ynopsiiounuBaHusi CTPYKTYP
yIPaBJICHUs] CUCTEM C PacCPEAOTOYCHHBIMU OO0BbekTaMu. EBpasuiickuii Coto3 Y4eHbIX
(ECY), 6(75), 46-48.

4. Majidov, J. (2020). Mustaqil ta’limda talabalarning bilimlarini rivojlantirishda
axborot texnologiyalarining roli haqida. Apxus Hayunsix [Ty6mukaruit JSPI, 1(61).

5. Majidov, J. (2020). Ponp m 3HaueHWE TICHUXOJIOTO-TICAATOTHYCCKUX 3HAHWN B
TEOPETHUYECKOW W MPaKTUYECKOM MOJArOTOBKH Oyayiero yuumrtens. ApxuB Hayunbix
[Ty6nukamuit JSPI, 1(51).

6. Majidov, J. (2020). AMmanuér - QaoUIMKHM MIAKUIAHTUPYBYM BOcUTa cudatuja.
ApxuB Hayunbix [Tyonukanuii JSPI, 1(46).

7. Majidov, J. (2020). MogenupoBaHue u pa3MelieHHe MpodhecCUOHATIbHbBIC
00pa3oBaTEIbbHBIX YUPEKIECHUW HAa OCHOBE MHOTOCTYNEHYAaTONW CHUCTEMbl. ApXUB
Hayunbix [Tyonukanumii JSPI, 1(48).

8. Majidov, J. (2020). Xyaynnapaa faulaudiidK XYKaJIUKIapuaa uiuiad 4uKapuii
TapkuOuHu MakOysutamtupuil. ApxuB Hayuneix [Tyomukanuii JSPI, 1(18).

9. Majidov, J. (2020). Pedagogical vocational guidance has its own specifics. ApxuB
Hayunbix [Ty6nukanuii JSPI, 1(4).

10. Majidov, J. (2020). [Icuxuyeckas 1eaTeabHOCTh U €€ CTPYKTYphl . ApxuB HayuHbix
[Ty6nukanwmii JSPI, 1(67).

11. Majidov, J. (2020). CounanbHo-puaocoPpckre OCHOBbI HHHOBAIIMOHHOTO Pa3BUTHUS
BbICIIETro oOpa3zoBaHus Y30ekucrana. Apxus Hayunsix [lyonukammit JSPI, 1(46).

12. Majidov, J. (2020). O kauecTBax, HEOOXOAMMBIX OYyIyIIEMYy YUYUTEIIO. APXUB
Hayunbix [Ty6mukanmii JSPI, 1(52).

13. Majidov, J. (2020). CynHocTh U 0COOEHHOCTH MaTEeMaTHYSCKOTO MOICITMPOBAHUS U
MporHo3upoBaHus B skonoruu. Apxus Hayunsix [TyOnukanmii JSPI, 1(46).

14. Majidov, J. (2020). Manaka omwupuiln Ba KacOWil Taill€piail TU3UMHUIA TabIUM
texHosorusuiapu. Apxus Hayunsix [Tyonukarmit JSPI, 1(61).

15. J Majidov. (2020). CymHOCTh U OCOOEHHOCTH MaTEMAaTHUYE€CKOTO MOJICIMPOBAHUS U
pOrHo3upoBanus B 3kojoruu. Apxus Hayunsix [lyonukanuit JSPI

16. J Majidov. (2020). DaexTpoH TabiIuM pecypciapuian GormaamaHuIl TabIuM
cudarunu ommpuin omuwin cudaruna. Apxu Hayunsix [TyOmuxaruit JSPI

17. J Majidov. (2020). IToaroToBka Kk megarorndyeckou aesiTreabHOCTH. ApxuB HaydHbix
[Ty6nukanuit JSPI

18. J Majidov. (2020). Tabnum  >kapaéHuaa DJIEKTPOH  JapCiuKiapiaH
(boigaaHUIIHUHT TIeAAroTUK-TICUXO0JOTUK xuxatiapu. ApxuB Hayunwix [lyOnukanuit
JSPI




19. J Majidov. (2020). OcHOBHBbIE HalpaBi€HHUS 00pPa30BATEIBHOIO KOMILJIEKCAa Ha
OCHOBE 3KOHOMHKO-MaTeMaTH4eckoro MojenupoBanus. ApxuB Hayunsix [lyOnukammii
JSPI

20. J Majidov. (2020). Psychological criteria of the leader personality. Apxus Hayunsix
[Ty6nuxkaruit JSPI

21. J Majidov. (2020). Pedagogical vocational guidance has its own specifics. ApxuB
Hayunbix [Ty6nukanuii JSPI

22. J Majidov. (2020). Formation of pedagogical abilities and personality traits
necessary for professional activity. ApxuB Hayunbix [ly6nukanuii JSPI

23. Axmenos, b. A. (2021). 3agaun oOecrieueHUsT HAACKHOCTH KJIACTEPHBIX CHCTEM B
HEIpEPBIBHOM 00pazoBaTenbHOU cpene. Eurasian Education Science and Innovation
Journal, 1(22), 15-19.

24. Akhmedov, B. A., Xalmetova, M. X., Rahmonova, G. S., Khasanova, S. Kh. (2020).
Cluster method for the development of creative thinking of students of higher
educational institutions. OxkoHomuka u coruym, 12(79), 588-591.

25. Akhmedov, B. A., Makhkamova, M. U., Aydarov, E. B., Rizayev, O. B. (2020).
Trends in the use of the pedagogical cluster to improve the quality of information
technology lessons. DxoHomuka u counym, 12(79), 802-804.

26. Akhmedov, B. A., Majidov, J. M., Narimbetova, Z. A., Kuralov, Yu. A. (2020).
Active interactive and distance forms of the cluster method of learning in development
of higher education. Oxonomuka u counym, 12(79), 805-808.

27. Akhmedov, B. A., Eshnazarova, M. Yu., Rustamov, U. R., Xudoyberdiyev, R. F.
(2020). Cluster method of using mobile applications in the education process.
DOkxoHOMUKa H cotuyM, 12(79), 809-811.

28. Akhmedov, B. A., Kuchkarov, Sh. F., (2020). Cluster methods of learning english
using information technology. Scientific Progress, 1(2), 40-43.

29. Akhmedov, B. A. (2021). Development of network shell for organization of
processes of safe communication of data in pedagogical institutions. Scientific progress,
1(3), 113-117.

30. Axmenos, b. A., laiixucmamos, H., Mananumos, T., Maxmymaos, K. (2021). Smart
TEXHOJIOTHSICH Ba YHJIaH TabJIMM/Ia TU3UMHUJA KJIacTepian (HOoNTaTaHuIT UMKOHUSTIAPH.
Scientific progress, 1(3), 102-112.

31. Akhmedov, B. A., Majidov, J. M. (2021). Practical ways to learn and use the
educational cluster. OxonHomuka u coruym, 2(81).

32. Akhmedov, B. A. (2021). Cluster methods for the development of thinking of
students of informatics. Academy, 3(66), 13-14.

33. Kamunosna, A. W. (2020). Jloitnxanam QaoausTHHUHT OOCKUYJIApU JiolnXara
EHanryB MOXHUATH Ba Makcamiap yurynmurd. Science and Education, /(2), 18-26. 22.




34. KammioBHa, A. W. (2020). I'moGatamryB mapoutuia EnUiapHUd BaTaHMApPBaPIIUK
pyxuaa TapOusnamHuHT nom3aponauru. Science and Education, /(2), 204-211.




