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Purpose. Digital images are easy to be polluted in the communication. The research on image denoising is aimed to
develop a new image denoising approach based on sparse representation, which will allow removing the noises in the

digital images effectively and improve the image quality.

Methodology. By using K-SVD (K-means Singular Value Decomposition) algorithm, we trained the DCT (Discrete
Cosine Transform) dictionary into a new dictionary, in which every atom was a linear combination of the atoms from the
original DCT dictionary. The composition of these two dictionaries differs greatly, which proves that K-SVD algorithm is

able to improve the dictionary structure effectively.

Findings. At first, we described and analyzed image denoising briefly and then discussed the relevant algorithms and
techniques of sparse representation based on the initialization of DCT dictionary. Based on the above theories and tech-
niques, a new image denoising method based on K-SVD and adaptive dictionary was developed.

Originality. By combining the construction and optimization of over-complete dictionary, we trained the atom dic-
tionary with the samples of the images to be decomposed so that we managed to build the atom dictionary that can ef-
fectively reflect various image features. Through simulation analysis, this noise removal method allows denoising the
images with profound details and increasing the peak signal to noise ratio of the image effectively.

Practical value. The image denoising method based on sparse representation has been developed. This approach
makes contribution to the update steps of the dictionary and it solves the problem of matrix inversion by making iterative
updates to every row of the matrix. Which is more important, this algorithm also updates the relevant coefficients while
updating the atoms in the new dictionary and greatly reduces the computation complexity.

Keywords: image denoising, sparse representation, adaptive dictionary, K-SVD algorithm, Matching Pursuit (MP)

algorithm, Orthogonal Matching Pursuit (OMP) algorithm

Introduction. Most of the information that people ob-
tain from the outside world is visual. Image information
has become an import source and means for people to ob-
tain and utilize information because of its large amount of
information, fast transmission speed, and long operating
distance. In practice, images are usually digitalized. How-
ever, during transmission and processing, external and in-
ternal disturbance is inevitable and it raise noises. This
kind of pollution affects the representation of the image
scenes and degrades the image quality if the signal to
noise ratio (SNR) is below a certain level. In addition, the
noises may cover some significant image details, increase
the entropy of the image and hinder the efficient compre-
ssion of the image data to a certain extent. Denoising can
reduce or remove the noises in the images to a certain de-
gree, preserve details of the image, restore the image to a
higher quality and reduce the errors with the original ima-
ge. Therefore, the image denoising is critical in the image
processing. Through the image denoising, we can obtain
the filtered images with better quality and use it in the
follow-up higher-level image processing [1].
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Image denoising technique became a key point and a
difficulty in the field of image processing. A great num-
ber of scholars researched and analyzed noise removal.
They have developed many different denoising methods
according to the image features, the rules and statistical
characteristics of noise spectrum distribution, including
spatial domain denoising, transform domain denoising
and optimal linear denoising. However, there are still
some defects in these methods. For example, existing fil-
ters are not competent in the preservation of image de-
tails and they cannot balance noise lowering and image
details preservation. They do not do well in denoising
effect or they cannot process the high-density noises. In
the image denoising based on sparse representation, the
useful image information usually has certain structural
features, which coincide with the atom structure. How-
ever, the noises do not possess such feature so that they
cannot be represented with few atoms. Therefore, the re-
searchers used some mathematical transformations to ob-
tain a fixed sparse dictionary, including discrete cosine
transform (DCT), wavelet transform, Contourlet trans-
form and Curvelet transform. Then they researched the
sparsity of the image with the dictionary obtained by the
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mentioned transformations. Nevertheless, since these
means of transformation consider only some of image
features, they can insure that the image is sparse under a
particular feature. After taking the method of machine
learning into account, we conducted the dictionary learn-
ing to the image and got the necessary over-complete
dictionary. Therefore, we can extract few fundamental
atoms according to the image structure to rebuilt the
structural information of the image and effectively sepa-
rate the useful information from the noises to achieve the
purpose of denoising [2].

Description and classification of image noises.
Noises can be deemed as the factors that hamper people’s
sense organs to understand the source information they
receive. The purpose of image denoising is to design
corresponding methods to remove these noises and im-
prove the given image by analyzing the characteristics of
the noises in the image. In practice, there may be various
noises in one image, which may be caused by transmis-
sion or requantization. The distribution characteristics of
noises and the relationship between noises and image
signal depend on the cause of noise. The common image
noise filtering methods include mean filtering, median
filtering, Wiener filtering and image wavelet filtering. In
practice, the interference factors are uncertain, the sourc-
es of noises are numerous, and many different kinds of
image noises exist. Therefore, the filtering of image nois-
es aims to remove as many noises as possible, while pre-
serving as many original details of the image as possible
and improving the image quality. Since there is a need to
receive accurate information from an image, the denoi-
sing pre-treatment is very critical for the follow-up pro-
cessing. The common denoising methods include the
mean filtering, median filtering, and frequency-domain
filtering.

Mean filtering. Mean filtering is a typical linear filtering
algorithm and its main idea is the neighborhood averaging
method, namely to replace the mean value of several pixel
grey-scales. To process the current pixel point, select a tem-
plate, which is composed of several neighborhood pixels;
obtain the mean value of all pixels in the template; give the
mean value to current pixel point (x, y) and take it as the grey-
scale value g(x, y) at that point after the image is processed.
Le. g(x, y) = UUm Xf(x, y) where m is the total number of
pixels of the template (including the current pixel).

Although mean filtering can suppress noises properly,
it processes the image edges and details unsatisfactory,
and in spite of the excellent noise suppression effects, it
makes the image fuzzier [3].

Median filtering. As a non-linear filtering, median fil-
tering is a signal processing technology based on smooth
filtering, which can suppress noises effectively. Under cer-
tain conditions, it can overcome image detail blurs brought
by linear filtering. Mean filtering determines a neighbor-
hood with a certain pixel as the center sorts the gray-scale
value of every pixel in the neighborhood and takes the
median value as a new gray-scale value of the center pixel.
When the window moves, conduct smooth processing on
the image with median filtering.

To conduct filtering processing on a digital signal se-
ries, define a long window L with an odd-numbered length.
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Assuming that at a certain moment, the window sample
within the window iS S;_,y,...,50),.--»Sism and S; is the
value of the signal sample in the window center. After
sorting L signal sample values by size, define the sample
value in 7 as the output value of median filtering according
to the formula

S; = Med {s

ifn:"'"si""’si-f—n} :

Median filtering is most effective in removing impulse
interference and image scanning noises. However, for the
image with many details, especially point, line and pin-
nacle details, median filtering is not applicable [4].

Frequency-domain filtering. In the image transmis-
sion, since the noises are mainly in the high-frequency
part, the filter F(u, v) is used to suppress high-frequency
components, get through the low-frequency components
and perform inverse Fourier transform to obtain the fil-
tered image in order to remove the noises and improve the
image quality. The widely used filtering functions are as
follows.

The transfer function of two-dimensional ideal low-

pass filter is
1.S(u,v) < S
Fu,v)= V)<, .
0.S(u,v)>S,

In this function, S, is a given non-negative value and
S(u, v) is the distance between Point (u, v) and the fre-
quency center.

The transfer function of Butterworth high-pass filter is

1

1+[S(u,v)} !
S

F(u,v)=

Where S, is the distance from the cut-off frequency
and the origin. There is no ringing in first-order Butter-
worth filter.

The transfer function of Gaussian high-pass filter is

F(u,v)=e S w2s,

S(u, v) is the distance from the origin of the Fourier
transform center and S is the cut-off frequency.

In the frequency domain, smoothing can be realized
by filtering the noises in the high-frequency part. In Fou-
rier transform domain, the transform coefficients can re-
flect some image features. Noises usually correspond to
the area with high frequency while the image entity is
located in the low-frequency area. Therefore, the fre-
quency domain is frequently used to eliminate image
noises [5].

The principles of sparse decomposition. The typi-
cal algorithms of sparse representation theory include
MP (Matching Pursuit) algorithm and OMP (Orthogonal
Matching Pursuit) algorithm. As one of the greedy itera-
tive algorithms, MP algorithm has low computation com-
plexity and asymptotic convergence. Although it cannot
restore the signal accurately, it can still obtain the ap-
proximate representation of the signal. What MP algo-
rithm usually obtains is the sub-optimal solution. Com-
pared with other sparse representation algorithms, MP
has better approximation effect and lower computation
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complexity. MP analyzes the signal properties and selects
the proper over-complete dictionary matrix according to
the property to make the property of the atom in the dic-
tionary matrix approximate to that of the signal. Perform
matching operation between the original signal and every
atom in the over-complete dictionary matrix, obtain the
preserve the optimal matching atom. Represent the signal
as the linear combination of the optimal atoms and get
the linear representation of the signal in every optimal
atom [6].

The flowchart of MP algorithm is shown in Fig. 1.

OMP algorithm uses the same atom selection criteria
as MP algorithm and orthogonalizes the selected atom set
with recursion method. It has the iterative optimality and
a few iterations. Additionally, the reconstruction of OMP
algorithm is based on the fact that the number of itera-
tions is known. OMP algorithms can realize the purpose
of orthogonalized processing on all the selected atoms
through every step of iterations. It can guarantee the op-
timality of iteration and reduce the number of iterations
[7]. The diagram of the image sparse representation is
shown in Fig. 2.

The design of image denoising algorithm based on
sparse representation and adaptive dictionary. We
have combined the K-SVD algorithm with the construc-
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of the sparse decomposition
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Fig. 1. The flowchart of MP algorithm
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Fig. 2. Image sparse representation
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tion and the optimization of over-complete dictionary
matrix and trained the dictionary matrix with the sample
of the image to be decomposed so that we can effective-
ly construct the dictionary matrix, which can reflect var-
ious image features. We continuously updated and ad-
justed the atoms in the dictionary in order to achieve the
maximum matching with the signal set to be used for
training.

The image denoising algorithm of sparse representa-
tion based on K-SVD and adaptive dictionary was pro-
posed. The specific steps of the algorithm can be described
as follows.

Step 1. Input the training sample set S = [sy, $5, ..., 5,
The original signal is Y = [y}, Vs, ..., V,]-

Step 2. Initialize the over-complete DCT dictionary
D = D,. Perform sparse decomposition on the noisy image
in the initial dictionary D with OMP algorithm. The objec-
tive function is expressed by the (1). Obtain the necessary
sparse coefficient matrix X by solving the objective func-
tion.

arg min{"S - DX"Z} Vi, ||t,|| Stoax- (1)
DX

Where D is the initial dictionary, X is the sparse coef-
ficient matrix, S is the objective function value, ¢, is the
upper limit of the number of non-zero components in the
sparse representation coefficients, namely the maximum
diversity in the coefficient vector. Solving of the objective
formula (1) is an iteration process [8].

Step 3. Extract pixel blocks to form the training sample
set from the peak of the image matrix to the end point ac-
cording to a certain step length. Decompose the matrix X
to get the X = UAVT with K-SVD method, update the dic-
tionary, select d as the first column of U, update the sparse
vector, select the product of the first column of V" and A(1,
1), generate the optimized dictionary D.

Step 4. Perform sparse decomposition denoising to the
noisy image. The expression formula of the sparse decom-

position is
~ ~ 2
el = el +|U G, + i)

Where y; is the column vector of the transformation of
the noisy images, y, is the useful information of the image,
A0 is the bandwidth of j;l_, 71,0 is the noise in the band with-
in AB, n, is the noise outside the band of A9, U is decom-
position matrix. Get the denoised image sparse representa-
tion coefficient matrix X”.

Step 5. Repeat Step 2—4, update the dictionary by col-
umn until all of the columns are updated, reach the termi-
nation conditions and output the dictionary D, set the
maximum number of iterations ¢, as 100.

Step 6. After getting image sparse coefficient matrix
X’, perform product operation between this matrix and the
previous learning dictionary according to the formula (2),
get the denoised image matrix and restore the denoised
image.

Y’ =DX". 2)
Where Y’ is the denoised image matrix, X is the sparse

coefficient matrix, D is the learning type dictionary ob-
tained on the last step.
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c d

Fig. 3. Camera operator images denoised by different denoising methods: a — noisy image,; b — wavelet hard-threshold;
¢ — wavelet soft-threshold; d — proposed method

c d

Fig. 4. Pears images denoised by different denoising methods: a — noisy image; b — wavelet hard-threshold; c — wave-
let sfi-threshold; d — proposed method

ISSN 2071-2227, HaykoBui BicHuk HIY, 2016, N2 2 113




IHOOPMALIWHI TEXHONOTIT, CUCTEMHUN AHANI3 TA KEPYBAHHSA

Simulation experiment results. The CPU frequency
of the computer used in this experiment is 3.3 GHz, the
memory capacity is 4GB and the simulation platform is
Matlab R2012a. The commonly used image set of the im-
age library was utilized in the experiments. In the experi-
ment, the K-SVD was used to train 5,000 clean sample
image sets to get the global dictionary and obtain the
adaptive dictionary by using K-SVD on the noisy image.
After selecting the sparse dictionary, the sparse denoising
was performed on the image with the same noise intensity
with OMP sparse decomposition algorithms. The denois-
ing effects were compared.

It can be seen from Fig.3, Fig.4, Table 1 and Table 2
that the denoising algorithms based on wavelet hard-
threshold and wavelet soft-threshold did not allow re-
ceiving a denoised image with great vision. The com-
monly seen image noises belong to high-frequency part
while the useful image information belongs to the low-
frequency part. For the global dictionary after training
the natural sample library with K-SVD, it can adapt itself
to most natural images. Therefore, it can represent the
general characters of the natural images, namely the ef-
fective low-frequency part in the image. According to the
understanding of sparse decomposition on noisy signal,
as the noise components increase, the signal noise ratio
(SNR) will reduce and the useful signal components will
reduce, namely, the structural components will reduce.
Therefore, in the process of sparse decomposition, the
fewer atoms match the signals, the sparser the signal rep-
resentation is and the computation volume will fall
sharply. That is why the K-SVD algorithm has a huge
potential to optimize the dictionary structure and process
the image with low SNR. In addition to removing blurs,
it can preserve and strengthen the image edges and tex-
ture and improve the subjective effects and objective
quality of the image. As for the pixel points which have

Table 1
Comparison of PSNR (dB) of camera operator images
Noise Noi Wavelet Wavelet P d
Standard In?ais}é Hard- Soft- 1\? ept?lf)z
Deviation g Threshold | Threshold
10 26.2633 | 29.9827 28.8765 29.9716
20 21.2139 | 25.2802 25.8864 26.1069
30 17.2271 22.8017 23.6115 24.8293
40 16.0133 21.5802 23.0157 25.0386
50 14.0615 | 20.3768 22.9341 24.0138
Table 2
Comparison of PSNR (dB) of pears images
Noise Noi Wavelet Wavelet Pr d
Standard In?as}fl: Hard- Soft- 1\/? fiﬁi:i
Deviation g Threshold | Threshold
10 27.0736 27.6065 26.1258 | 27.8921
20 22.1062 24.6507 23.9231 | 26.0266
30 19.1068 23.0016 23.1822 | 24.3628
40 16.5387 20.9325 21.6273 | 22.5692
50 13.9628 18.3828 19.4835 | 20.3016
114

been defined as noise points, it can filter them in a highly-
efficient and accurate way and it can maintain the image
details and edge information well.

Conclusion. The research was focused on several
typical image denoising filtering algorithms and com-
pares their advantages and disadvantages in the denoising
and image processing. We attempted to combine DCT
over-complete atomic library and K-SVD algorithm and
proposed the image denoising method based on the sparse
representation. This method allows us to build the dic-
tionaries matrix reflecting various characteristics of im-
ages, realize the matching with the signal set used for
training to the maximum, which reduces the computation-
al complexity greatly if compared to other methods. In
addition, this method improves effectively the peak signal
to noise ratio of an image and produces better denoising
effect.
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Meta. [{udposi 300paskeHHS CXMJIBHI J0O MOTip-
IIEHHS SKOCTI y mpoueci komyHikarmii. Jlane mocii-
JUKEHHS 3HIDKEHHS IIYMiB y 300pakeHHSIX HarpaBieHe
Ha CTBOPEHHS HOBOTO ITi/IX0O/ly, 34CHOBAHOTO Ha po3pi-
JDKCHOMY TIPENCTaBIICHHI, IO JO3BONUTH €()EKTUBHO
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BHJQJISITH IIYMU 3 HU(POBHUX 300pakeHb i MOKpallyBa-
TH iX SKICTB.

MeTtoauka. 3a JOIOMOIOI0 CHHTYISPHOTO PO3KJIa-
nmaHHS MeTonoM k-cepenHix (K-SVD) npoBonuthkes Ha-
pyaHHs JIKII-cioBHHKA (OUCKPETHOTO KOCHHYCHOTO
MIEPETBOPEHHS) 3 METOI0 NEPETBOPEHHS HOro B HOBHH
CJIIOBHHK, KOXXCH €JIEMEHT SIKOTO SABIISE€ COOOI0 NiHIHHY
KOMOIHAIIO 3 €JIEMEHTIB BUXIAHOTO CIIOBHUKA. 3 TOYKHA
30py CTPYKTYPH, IIi IBa CIOBHUKA 3HAYHO BiJIPi3HIIOTH-
¢S OJWH BIJI OJHOIO, [0 AOBOAHUTEL 3xaTHicTE K-SVD
ANropuT™My €(pEeKTHBHO IOKPAIyBaTH CTPYKTYpY CJIOB-
HUKa.

Pesyabratn. Ha mnouvarky OyB HajgaHuil KOpOTKHIT
OITUC 1 aHaJi3 3MEHIIEHHS IIYyMY B 300pa)KeHHSX, MMOTIM
PO3IVISIHYTI BIAMOBIZHI JITOPUTMH Ta METOIM PO3piDKe-
HOTO YsIBJICHHS, 3aCHOBaHi Ha iHinianizamii JIKI1-cnoBHu-
Ka. Buxoasun 3 HaBeIeHUX Teopiil 1 METOIB, pO3POOICHO
HOBHUI METOJI 3HIDKCHHSI IITyMiB y 300paK€HHSAX Ha OCHOBI
K-SVD anropurmy Ta aqanTHBHOTO CIIOBHHKA.

HaykoBa HoBu3Ha. O0’eqHaBIIN TOOYIOBY Ta OITH-
Mi3allif0 MOBHOTO CJIOBHUKA, MPU HABYaHHI CJIOBHHKA,
€JIEMEHTH 31 3pa3KaMu 300pakeHb PO3KIIAJAINCS TAKUM
YHHOM, 1100 1OOY/IyBaTH CIIOBHHUK 3 €JIEMEHTIB, 1110 MOXeE
¢(heKTUBHO OMUCYBATH Pi3HI O0COOIMBOCTI 300paKCHHS.
3a J0MOMOroI0 IMITAIIHHOTO aHami3y, el crmocio ycy-
HEHHS IIyMy MOJKE ITPOBOAMTH BHJAJICHHS LIyMY i3 30-
OpakeHb 31 CKJIaJHUMHU JETAISIMHU Ta e(PeKTUBHO 3011b-
LIyBaTH MIiKOBE CITiBBIJHONICHHS CHUTHAI-IIYM y 300pa-
JKCHHI.

I[MpakTuyHa 3HAYMMICTH. 3alPOIIOHOBAHO METOJ
3HIDKCHHS IITYMIB Y 300pa’keHHSIX, 3aCHOBAaHUH Ha pO3piI-
JKCHOMY TIpeACTaBleHHI. Takuil miaxig Cpuse OHOBICH-
HIO CJIOBHHKA, BUPIMNIy€E MpobiaeMy iHBepcCii MaTpui muis-
XOM ITE€PaTUBHOTO TIOHOBIICHHSI KOXKHOTO PsI/IKa MaTpHIIi.
[Ile BaxkiuBiIEe Te, MO IIEH AJITOPUTM TAKOXK OHOBIIFOE
BIJITIOBITHI KOC(II[IEHTH NIPU OHOBJICHHI EJIEMEHTIB Y HO-
BOMY CJIOBHHMKY Ta 3HauHO 3HIJKYE CKIJIQJHICTH OOUMC-
JICHb.

KarodoBi cioBa: 3uuoicenHs wymy 6 300pajicenHi,
pospidoicene ysagnenns, adanmuenuii crosnuk, K-SVD an-
20pUMM, ANeOPUMM ANPOKCUMAYIi 3 nepeciioy8aHHAM
(MP), npsmokymHuii aneopumm anpoxcumayii 3 nepecii-
oyeannam (OMP).

Heas. Luppossle n300paskeHUs] OIBEPKEHBI yXya-
IICHUIO KayecTBa B Ipoliecce KOMMyHuKanuu. [lanHoe
WCCIIEJOBAaHNE TIOHWKEHHS ITyMOB B M300pa)KCHUSIX Ha-
IIPaBJICHO Ha CO3/1aHKE HOBOTO ITOAX0/a, OCHOBAaHHOTO Ha
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Pa3peKeHHOM TPEACTABICHUH, KOTOPBIH IMO3BONUT A(-
(DeKTHBHO ynaisATh HIyMbl U3 HU(PPOBBIX N300pKESHUN U
yJIydIIaTh UX Ka4ecTBo.

MeTtonuka. C TOMOIIBIO CHHTYIISIPHOTO Pa3lIOKEHHS
metonoM k-cpenaux (K-SVD) mpoBomutess oOydeHue
JKII-cnoBapst (AMCKPETHOTO KOCHHYCHOTO ITpeoOpa3oBa-
HHUS) C IEeNbI0 MpeoOpa3oBaHMs €0 B HOBBIH CIOBaph,
Ka)KIIBIH AJIEMEHT KOTOPOTO TPEICTAaBIsAeT co00W JTHHEH-
HYI0 KOMOMHAIIMIO W3 3JIEMEHTOB MCXOIHOTO CIIOBApS.
C TOYKH 3pEHUsI CTPYKTYPBI ATH JIBa CIIOBApPs 3HAUUTEILHO
OTIIMYAIOTCSI IPYT OT JPYTra, YTO JI0KA3bIBAET CIIOCOOHOCTh
K-SVD anropurma >(pQeKkTHBHO yIydiiaTh CTPYKTYpy
cloBapsi.

Pesynbrarsl. BHayase ObUI0 1aHO KpaTKOE ONUCaHNe U
aHAJIN3 TIOJJABJICHUSI IIIyMa B M300paKEHNUSIX, 3aTEM PacCMO-
TPEHBI COOTBETCTBYIOIINE ATTOPUTMBI U METO/IBI Pa3peXkKeH-
HOTO TIPEJCTAaBICHUS, OCHOBAaHHBIC HA HMHHULIHAIN3ALNN
JKII-cnoBapsi. cxons w3 npuBEAECHHBIX TEOPUM M METO-
JIOB, pa3paboTaH HOBBII METOJ TIOHWKCHHS IITyMOB B H30-
OpakeHmsix Ha ocHoBe K-SVD anroputMa n aganTuBHOTO
CIIOBApSL.

Hayunas HoBu3Ha. OObETUHNUB TOCTPOCHUE M ONTH-
MH3ALHMIO [TOJHOTO CJI0Bapsi, Npy 00y4eHHHU CIoBapsi, dJe-
MEHTBI ¢ 00pa3iaMu U300paKCHUH pasjarajiuch TaKHM
00pa3oM, 4TOOBI TOCTPOUTH CIIOBAPH U3 AIIEMEHTOB, KOTO-
pBIii MOXKET S(PPEKTUBHO OTpakaThb Pa3iIMYHbIE O0COOEH-
HOCTH M300pakeHns. C MOMOIIBI0 HMHUTAIIMOHHOTO aHa-
JM3a, 3TOT CHOCO0 yCTpaHEHHWsS IIyMa MOXKET HpPOU3BO-
JUTh yoaJeHne IIyMa B H300paKeHHUsX CO CIIOKHBIMU Jie-
TaIAMH 1 3()(HEKTUBHO YBEINYNBATH TMKOBOE COOTHOIIIE-
HHUE CUTHAJ-IIYM B H300paXKEHHH.

IIpakTHYeckasi 3HAYUMOCTB. [Ipennoxen MeTo mo-
HIDKCHUS [IIyMOB B M300pa)KEHHUAX, OCHOBAaHHBIN Ha pa3-
PEKEHHOM TIpeCTaBICHNU. Takoi moaxo crnocoOcTByeT
OGHOBIICHHIO CIIOBapsi U pellaeT npodieMy UHBEPCUH Ma-
TPHUIBI ITyTEM UTEPATUBHOTO OOHOBIICHHUS KQXK/OH CTPOKU
marpulpl. YTo emie Oojiee Ba)KHO, ITOT aJTOPUTM TaKKe
OOHOBIISICT COOTBETCTBYIOIIUEC KOA(PGUIIMEHTHI MpH 00-
HOBJICHHH 3JIEMEHTOB B HOBOM CJIOBAape M 3HAYUTEIILHO
CHIKAET CIIOKHOCTD BBIYHCIICHHH.

KitioueBble cJI0Ba: nonudicenue wyma 6 usobpagice-
HUU, paspedicennoe npeocmagieHue, aoanmueHblil Clo-
sapv, K-SVD aneopumm, areopumm annpoxkcumayuu c
npecnedosanuem (MP), opmozonansHulii arzopumm an-
npoxkcumayuu ¢ npeciedosanuem (OMP).

Pexomenoosarno 0o nybnikayii 0oxkm. mexH HayK
B. B. I'namywienkom. /lama Haoxooxcenus pykonucy 16.04.15.
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