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Abstract. We apply a Hermite transform joint with a classical correlation analysis to
successfully recognize phytoplankton species even in such complicated cases when
the relevant images reveal the patterns of inhomogeneous illumination and natural
distortions. The images of phytoplankton species are divided into two groups
consisting of 30 samples each. Those belonging to the first group are the images
with neither inhomogeneous illumination nor noise, while the second one embraces
the images with the background noise, inhomogeneous illumination and real
distortions. We find the optimal Hermite-transform order to be used in finding
correlations among the images. It is given by a so-called ‘peak correlation energy’
metric. Using the images modified by the Hermite transform with a classical
Vander-Lugt filter, we are able to distinguish all the phytoplankton species in the
test images. A classical composite filter is also applied to the two groups of images.
For the first group, the composite filter is created using different patterns of
illumination of the same species. In the second group, this filter is composed using
various specimens of the same species in order to identify a specific species. In the
both cases, the Hermite transform joined with the classical correlation analysis can
distinguish all the phytoplankton species.

Keywords: Hermite transform, classical composite filter, Pearson correlation,
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1. Introduction

Recognition of images and patterns is something that human beings do daily if not every minute.
Many images and patterns are interpreted as indications or warnings. Perhaps, unconsciously, we
analyze and perform counting, search and classification of what we see. Studies for the recognition
of complex images or patterns have formed a unique area of optics. It is the use of mathematical
transformations that has made these applications possible. Their specific forms vary from a classic
filter [1] to multiple filters suggested in contemporary optics. In particular, image correlation
analysis has been successfully used in engineering [2—4], identification of marine species [5-9],
inclusion bodies [10], carcinogenic spots on the skin [11], etc.

The properties required from different transformations and the reasons for applying them
have to do with obtaining of invariant correlations. Often the images under test are not similar to
each other. For instance, carcinogenic spots on the skin or images of histological cuts do not have
the same shape [12], whereas their morphology is notably varied. The need in identification and
analysis of these images has favoured the studies of novel mathematical approaches. In biomedical
applications, a Hermite transform with neural networks has been used for iris recognition [13],
estimation in cardiac computed tomography [14] and fetal echocardiography [15]. It has also been
applied to reducing noise and fusing images [16, 17].
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On the other hand, little research has been conducted on this transform with the aim of
optimizing image correlation [18]. The Hermite transform has been used in image indexing, using
a method of texture content and edge detection for extracting characteristic information from
images [19]. In this respect, the Hermite functions have been used to perform the correlation
analysis of simulated radar signals basing on neural networks [20]. However, no correlation
technique has ever been developed that involves the 2D Hermite transform. In principle, this
approach can be intended to identify the objects with such distortions as noises, or varying
illumination conditions, image scales and image displacements.

In the present work we consider the correlation analysis that involves the 2D Hermite
transform. We find out the optimal order of the transform and then subject the images to the
correlation analysis. We prefer to call this technique as a Hermite correlation. It is compared with
the classical correlation technique using an important practical example, the problem of
recognizing different phytoplankton species.

2. 2D Hermite transform and peak correlation energy metric

The Hermite transform is a particular case of polynomial transforms. It represents in fact an image
description model [21]. In this sense the Hermite transform is nothing but an image-decomposition
technique. It includes the two following steps. First an input image L(xy) is multiplied by a
window function ¥(X—P.,¥—q). To describe the entire signal, this process takes several positions
(p,q) over the image forming a sampling lattice S, where (x,y) are the coordinates of a pixel.

The input signal is multiplied by the window function v(x -p,y —q) at the positions p and ¢, and

the original signal is given by

L(x,y)= ! Z L(x,y)v(x—p,y—q), (1

W(x’y) (p.q)eS

where W (x,y)= D v(x—p,y—q) is the weighting function. This function must be different
(p.g)es

from zero for all the coordinates (x,y).
Second, the signal is described using the window function and the polynomials
G (x,y), with the polynomial grades m and n — m. A standard orthogonality condition

m,n—m

.[ j v? (x, y)Gm,n—m (x, y)Gl,k—l (x, y)dxdy = 6,6, 2

must be satisfied for n,/=0,...,0 and m,k =0,..,00, with 6, and O,, denoting the Kronecker

delta functions.
In a particular case of Hermite transform, one uses the Gaussian window function:

v(x,») =—\/ﬁ exp[——(xz;y )J )

where o is the standard deviation (the case o =1 can be specified for convenience). Then the

associated orthogonal polynomials represent the Hermite polynomials A, (x) :

) I —— [ij H, (lj . @)
2" (n - m)!m! o c

Ukr. I. Phys. Opt. 2018, Volume 19, Issue 2 107



Castro-Valdez A. et al

In either case, the polynomial coefficients L, ,_,, ( p,q) are calculated by convoluting the

original image L(x,y) with the filter function D,, ,,_,, (x,y) =Gy pem (x,y)v2 (—x,—y) , which is
followed by subsampling at every position (p,q) of the sampling lattice S. In other words, we

have
o0 o0

Lm,n—m (PaQ) = J. J. L(xay)Dm,n—m ('x_pay_q)dXdy . (5)

As a result, the filter functions for the Hermite transform correspond to the Gaussian

derivatives of the orders m in x and (n—m) in y. Fig. 1 illustrates the Hermite-transform
calculations performed for a phytoplankton species, with considerations of the transform order.

Fig. 1. (a) Hermite transform for a phytoplankton species and (b) a diagram that shows the coefficient orders.

There are many methods for calculating the performance of filters, which are based on so-
called metrics [22]. In this work, we employ a known peak correlation energy metric (or PCE

parameter) defined as [23]
2

e
E {|C (x,y)lz}

where C(0,0) denotes the correlation value in the central plane, C(x,y) the correlation value in

PCE = (6)

(),

E{C (0,0)}|2 the square of the correlation peak, and E {|C (x, y)|2} the square of the

mean energy in the correlation plane.

3. Hermite correlation and its optimal order

The correlation methods are based upon the known correlation theorem, while the correlation
plane is normalized using the Pearson correlation coefficient [24]. In this study, two types of
correlations are used. First, it is the classical correlation, in which the images are Fourier
transformed. Then the target image is conjugated and, finally, the inverse Fourier transform is
applied (see Fig. 2a). In case if the correlation is calculated using the Hermite transform, the
method can be called as a Hermite correlation. In this correlation, the Hermite transform of an
optimal order must be used (see Fig. 2b).

Let us apply the Hermite transform to some input image. The transform can be successfully
used in the correlation process after the optimal order is found (see Fig. 3). This is done after
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calculating all of the PCE values and selecting the optimal order such that its PCE is the highest
(see Table 1). Notice that in our case the order L, ; is the highest. Let us use a Latin letter E (Arial

font) as illustrated in Fig. 4. Comparing the correlation planes associated with the cases of no

Hermite transform and the Hermite transform L,;, one can make certain that a much clearer

pattern is obtained in the latter case. This order is further used as an optimal order for the

correlation analysis.
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Fig. 2. Correlation diagrams for (a) classical and (b) Hermite correlations.
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Table 1. PCE values associated with auto-correlation of Latin letter E.

PCE values found for letter E (Arial, font size 75, 256 X 256 pixels)
No Hermite L

Order transform 0,0 Ll,O L0,1 Lz,o L1,1 Lo,z
fafi 1.708x10°° 1.34x10° 1.08x10* 3.51x10° 1.08x10* 3.83x10°  3.51x10°
Correlation plane Correlation plane
1 1
0.5 0.5
0 0
0 0

100 200
100 2% 200 100

0 () 0 (b)

Fig. 4. Auto-correlation planes observed for letter E in the cases when (a) no Hermite transform and (b) Hermite
transform of the order L4 4 are used.

4. Influence of illumination patterns

We have considered a number of illumination patterns to compare the performance of the classical
and Hermite correlations (see Fig. 5). When a given illumination pattern is applied to each image
(see Fig. 6), the value of every image pixel is modified by the pixel value corresponding to this
illumination pattern. Then the influence of inhomogeneous illumination conditions can be studied
using the simulations of variations in the pixel values of real images.

FaE 3
--DO

Fig. 5. Typical inhomogeneous illumination patterns analyzed in the present work.

.* =.

Fig. 6. Particular illumination pattern used in case of a phytoplankton species.
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5. Classical composite filter

Classical filters are not distortion-tolerant. In other words, if an image is deformed, as is the case
with the most of real images, any matched filter fails. Then there is an alternative, a composite
filter. These filters are created from representative images of objects, which are called ‘training
images’ (see Fig. 7). The training images include different versions of rotation, scaling and
illumination of a target to be recognized. In order to provide a high enough performance, one
should reduce the number of the training images to less than 216 [25]. We have taken the training
images and applied the Fourier transform to them. The appropriate results have been added, and
then their complex conjugates have been calculated to create the classical composite filter. In our
case this composite filter is a linear combination of the classical filters [26],

N .
HCMF (u,v) = Z|Hn (u,v)| .el¢,,(ll,v) , (7)
n=l1
where N is the number of the training images in the filter, H,, (u,v) the Fourier transform of the
nth target image, and ¢, (u,v) the phase of the nth image to be recognized.

In the first classical composite filter, the training images have been obtained by illuminating
the same species with different patterns, while in the second case different specimens of the same
species have been used as the training images. The training images have been preliminarily treated
with the Hermite transform. The order L,; has been taken to create the composite filter

T EERm -kl

FT (Foumer Transtorm)

T |Sumemation)

[‘ Comples comugals ‘
i

r_ Oz ical ooimposba fiher -{

Fig. 7. Classical composite filter using the training images.
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Fig. 8. Classical composite filter built on Hermite-based technique using the training images.
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6. Simulations, analyses and comparison of the results

We have used the images of 30 different phytoplankton species (see Fig. 9). The correlations
among these species have been calculated. This analysis has been performed using the two
competing techniques mentioned before. Then the both techniques have been compared to make
conclusions about the optimal one. The correlation values obtained for the first nine species in the

frame of the two techniques are gathered in Table 2 and Table 3.

Species 1 Species 2 Species 3 Species 5

Species 10 Species 11

Species 9

Species 7

Species 14 Species 16 Species 18

Species 20 Species 21 Species 22 Species 23 Species 24

Species 25 Species 26 Species 27 Species 28 Species 29 Species 30

Fig. 9. Phytoplankton species used in our correlation analysis: 1 — Acanthogonyaulax spinifera, 2 — Ceratium
gravidum, 3 Dinophysis hastata, 4 — Diplosalopsis orbicularis, 5 — Histioneis, 6 — Lingolodinium polyedrum,
7 — Ornithocercu armata, 8 — Ornithocercus magnificus, 9 — Oxytoxum scolapax, 10 — Podolampas bipes 1,
11 — Podolampas Spinifer 1, 12 — Podolampas bipes 2, 13 — Podolampas palmipes, 14 — Podolampa spinifer 2,
15 — Protoperidinium, 16 — Dinophysis rapa, 17 — Dinophysis hastate, 18 — Ceratocorys horrida 1,
19 — Ceratocorys horrida 2, 20 — Ceratium furca, 21 — Ceratium lunula, 22 — Ceratium hexacatum,
23 — Ceratium praelongum, 24 — Ceratium breve, 25 — Asterolampra marylandica, 26 — Hemidiscus cuneiformis,
27 — Thalassionema nitzschioides, 28 — Pyrocystis, 29 — Hemidiscus, and 30 — Dinoflagellata.

As seen from Table 2 and Table 3, the auto-correlations acquire the unit values. Although we
can distinguish every species with the both techniques, the cross-correlation values for the case of
the Hermite transform are smaller, if compared with those typical for the classical correlation.
With these smaller correlation values, we arrive at a higher reliability level.

To probe the Hermite technique under conditions of inhomogeneous illumination patterns,
we have calculated the correlations by the two techniques for comparing and discriminating
different species. The image corresponding to the species | has been multiplied by eight
illumination patterns, as shown in Fig. 10. Then we have calculated the correlations of these

images with those corresponding to the same species but taken with no illumination pattern added
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using a classical filter (see Fig. 11). The correlations for the same species images with different
illuminations are similar for the both techniques. However, the Hermite correlation produces
smaller correlation values (~107) in case of different species. This means that this correlation is
better for distinguishing among the species (see Fig. 12).

Table 2. Correlations among the images of the first nine phytoplankton species (see Fig. 9)
obtained using the classical correlation analysis.

Image (species)

1 2 3 4 5 6 7 8 9
— 1 0.0805  0.5164 0.3819 0.3632 0.5227  0.4929 0.4344  0.2973
o 0.0805 1 0.0991 0.1143 0.0935 0.1709  0.1347 0.1103 0.0726
% ] 05164  0.0991 1 0.5943 0.4776 0.6993  0.7193 0.4686  0.2863
.g <[ 03819 0.1143  0.5943 1 0.4855 0.8200  0.6514 0.4428  0.2021
% 1 03632 0.0935 04776 0.4855 1 0.5442  0.5472 0.4135 0.1461
% ©l 0.5227 0.1709  0.6993 0.8200 0.5442 1 0.7710 0.5451 0.2800
104929 01347 07193 0.6514 0.5472 0.7710 1 0.5392  0.2980
“1 04344 0.1103  0.4686 0.4428 0.4135 0.5451 0.5392 1 0.1752

=1 02973  0.0726  0.2863 0.2021 0.1461 0.2800  0.2980 0.1752 1

Table 3. Correlations among the images of the nine phytoplankton species (see Fig. 9) obtained
using the Hermite transform of the order L, ;.

Image (species)

1 2 3 4 5 6 7 8 9
— 1 0.0003 0.0005 0.0001 0.0003 0.0002 0.0002 0.0002 0.0003
| 0.0003 1 0.0006 0.0001 0.0000 0.0001 0.0001 0.0001 0.0002
% ] 0.0005 0.0006 1 0.0005 0.0003 0.0001 0.0006 0.0003 0.0004
Eﬂ <[ 0.0001 0.0001  0.0005 1 0.0001 0.0003  0.0005 0.0003 0.0002
\2’ 1 0.0003 0.0000 0.0003 0.0001 1 0.0000  0.0000 0.0002  0.0001
% ° [ 0.0002 0.0001  0.0001 0.0003 0.0000 1 0.0003 0.0002  0.0001
* =1 0.0002 0.0001 0.0006 0.0005 0.0000 0.0003 1 0.0000  0.0005
1 0.0002 0.0001  0.0003 0.0003 0.0002 0.0002  0.0000 1 0.0001

<1 0.0003 0.0002  0.0004 0.0002 0.0001 0.0001 0.0005 0.0001 1

F 1 F 4
F 5 F 8
Fig. 10. Images of species 1 taken with eight illumination patterns added.

Since any real image involves distortions, one has to distinguish a target with these
problematic images. To solve the problem, we need to evaluate our new technique. Using the
phytoplankton images with real distortions (see Fig. 13), we have calculated the correlations
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among the images of 22 phytoplankton species and compared the correlation values obtained using
the both techniques. In Table 4 and Table 5 we present the correlation values typical for the first

nine species.

Correlation with species 1

lllumination pattern
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Fig. 11. Correlation values found among the images of same species with different illumination patterns: F_0
corresponds to the image with homogeneous illumination.
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Fig. 12. Correlation values found among the image of species 1 (a target image) and the images of species 2
taken with eight illumination patterns.

Table 4. Correlation values found among the images of nine phytoplankton species using the
classical correlation.

Image (species)
1 2 3 4 5 6 7 8 9
— 1 0.0000  0.0167 0.0094 0.0245 0.0184  0.0174 0.0000  0.0207
« | 0.0000 1 0.0011 0.0018 0.0046 0.0001 0.0195 0.0019  0.0002
—~ | 0.0167 0.0011 1 0.0005 0.0097 0.0002  0.0180 0.0001 0.0004
'% < | 0.0094 0.0018  0.0005 1 0.0045 0.0017  0.0000 0.0031 0.0047
o,
% [ 0.0245 0.0046  0.0097 0.0045 1 0.0503  0.0002 0.0052  0.1140
g o 0.0184 0.0001  0.0002 0.0017 0.0503 1 0.0437 0.0062  0.2867
" | 00174 00195 0.0180 0.0000 0.0002 0.0437 1 0.0277  0.0262
oo 0.0000 0.0019  0.0001 0.0031 0.0052 0.0062  0.0277 1 0.0060
o[ 0.0207 0.0002  0.0004 0.0047 0.1140 0.2867  0.0262 0.0060 1
114
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Table 5. Correlation values found among the images of nine phytoplankton species using the
Hermite transform of the order L ;.

Image (species)

1 2 3 4 5 6 7 8 9
— 1 0.0002  0.0009 0.0002 0.0006 0.0003  0.0001 0.0005  0.0002
« [ 0.0002 1 0.0009 0.0003 0.0009 0.0016  0.0018 0.0015  0.0029
7o 0.0009  0.0009 1 0.0004 0.0006 0.0007  0.0008 0.0017  0.0002
'S <[ 0.0002 0.0003  0.0004 1 0.0001 0.0006  0.0001 0.0002  0.0002
Z v 00006 00009 0.0006 0.0001 1 0.0017  0.0003 0.0013  0.0004
g’ © 1 0.0003 0.0016  0.0007 0.0006 0.0017 1 0.0017 0.0029  0.0020
B~ ™1 0.0001 0.0018  0.0008 0.0001 0.0003 0.0017 1 0.0009  0.0001
o[ 0.0005 0.0015  0.0017 0.0002 0.0013 0.0029  0.0009 1 0.0014

o[ 0.0002 0.0029  0.0002 0.0002 0.0004  0.0020  0.0001 0.0014 1

The cross-correlation values based on the Hermite transform are smaller, thus providing a
higher reliability level of this technique (cf. the data of Table 4 and Table 5). Nevertheless, the
main real problem is to identify different specimens of the same species. To probe this point, we
have built two classical composite filters. The first one is made using varying patterns of
illumination of the same species (see Fig. 10). The second filter, which is in fact multi-object, is
made using different specimens as the training images (see Fig. 14).

ecies 1 peci ecies 3 i |e01es 6

Species 6 i ecies 7 ecies 8 Species 9 Species 10

. | .

Species 11 ecies 12 ecies 13 Species 14 Species 15 Species 16

Species 21

Species 17 Species 18

Species 19 Species 20 Species 22

Fig. 13. Images of phytoplankton species with real distortions used in our correlation analysis: 1 — Asterolampra
marylandica, 2 — Asteromphalus heptactis, 3 — Hemidiscus cuneiformis, 4 — Hemidiscus, 5 — Odontella
mobiliensis, — 6 — Diplosalopsis lenticulatum, 7 — Ampbhisolenia bidentata, 8 — Acanthogonyaul spinifera,
9 — Podolampas bipes, 10 — Ceratium macroceros, 11 — Ceratocorys armata, 12 — Ceratocorys horrida,
13 — Climacodium, 14 — Dactyliosolen antacticus, 15 — Dinophysis hastata, 16 — Goniaulax scippsae,
17 — Heterodinium, 18 — Linguloinium polyedrum, 19 — Octactis octonaria, 20 — Ornithocercus steinii,
21 — Oxytoxum scolapax, and 22 — Phalacroma cuneus.
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Fig. 14. Images of different specimens of the species Diplosalopsis lenticulatum used in the
classical composite filter.

In Fig. 15 one can see nine bars that correspond to different species. The first bar refers to the
image with no variations of illumination and the others to inhomogeneous illuminations illustrated
in Fig. 5. Using the classical composite filter, we have compared the correlation values among the
images of each of the species and the eight images with illumination variations. This has been
done in the frame of the both techniques. Using the classical technique and a composite filter
based on illumination variations for the species 6, we have found the correlations for the first ten
species. The classical correlation suffers difficulties in distinguishing among the target species and
the species 7 (see Fig. 15). In case of the same filter with the Hermite correlation, all the species

can be easier identified because the correlation values for the other species are smaller (~107> —
see Fig. 16).

1 Correlation with species 6

Correlation value
IS I3 o
S (o)) oo

o©
N}
T
T

1 2 3 4 5 6 7 8 9 10
Phytoplankton species

Fig. 15. Correlation values obtained using the classical composite filter and the classical correlation technique.

Using the classical composite filter, we have found the cross-correlations among different
species of which images are shown in Fig. 13. The correlation values have been compared for the
two techniques under analysis. The classical correlation fails to identify the target species that
correspond to dotted bars in Fig. 17. On the other hand, the Hermite transform of the order L,
provides a possibility to distinguish these species (see Fig. 18). In Fig. 17 and Fig. 18 showing the
images of different species and specimens, the correlation values for the samples 6, 7, 8 and 9 are
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higher than those for the others samples. Although the target specimens could not be distinguished
using the classical correlation, the Hermite method enables one to identify successfully every
target specimen.

4 Correlation with species 6

© o o
ES o e
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Correlation value
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1 2 3 4 5 6 7 8 9 10

Phytoplankton species

Fig. 16. Correlation values obtained using the classical composite filter and the Hermite-correlation technique..
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Fig. 17. Correlation values among the images of phytoplankton species found using the classical composite
filter with the classical correlation.
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Fig. 18. Correlation values among the images of phytoplankton species found using the classical composite
filter with the Hermite transform of the order L ;.

Now we return to Fig. 2a and Fig. 2b that compare the schemes of the classical and Hermite
correlations from a technical viewpoint. The runtimes are equal to 0.0331 s and 0.1420 s for the
techniques based on the classical and Hermite correlations, respectively. These times correspond
to an HP Notebook with a processor 2.20 GHz AMD A8 and 12 GB RAM. In principle, the both

Ukr. J. Phys. Opt. 2018, Volume 19, Issue 2 117



Castro-Valdez A. et al

techniques could recognize the images. However, the Hermite correlation manifests a higher
reliability level when the images displayed in Fig. 9 and Fig. 13 are used.

We have also tested the influence of noise added to the images upon the performance of the
two competing techniques. Contrary to the conventional correlation with the classical filter, the
Hermite transform is not so noise-immune. This is readily understood since the Hermite transform
selects only a part of the total information on images. Summing up, the both techniques can
distinguish the problematic images with the Gaussian noise whenever the variance is as large as
unity. Moreover, the classical technique can identify the images even under the conditions of very
dense noise (including impulse one) as high as 95%, while the Hermite technique is supported
under the conditions of less than 65% noise density.

7. Conclusion

In the present work, we have compared the classical correlation versus the Hermite correlation
techniques. The auto-correlations for the group of images associated with phytoplankton species
have been calculated to find out the optimal order of the Hermite transform necessary for the
efficient recognition process. For this aim we have evaluated the corresponding PCE values and
compared them to each other. Our analysis has demonstrated that the optimal order corresponds to
Ly;.

The main methodological results of the present study have been tested using the two
phytoplankton groups. The first one includes the phytoplankton images with black background and
no distortions. The second group involves the images with natural distortions, different
background noises and inhomogeneous illumination.

In principle, the two techniques can distinguish different species in the both cases. However,
the Hermite correlation generally provides higher reliability levels in the species recognition,
especially in case if the phytoplankton images from the first group are characterized by
inhomogeneous illumination patterns. It is noteworthy that identification of the phytoplankton
species issuing from their specimens has proven to be impossible with the classical correlation.
Nonetheless, the results appear to be successful in every case when the Hermite correlation is used.
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Anomauin. Mu noeonanu nepemeopennss Epmima 3 KIACUuHuM KOPeIAYIUHUM aHANI30M O
PO3NIZHABANHS PI3HUX UOI8 PIMONIaHKmMoHy. Po3niznasanns eUs6uiocs YCniuHum Hagimos y mux
CKIAOHUX ~ BUNAOKAX, KOAU GIONOBIOHI  300pAdCEHHST  XAPAKMEPUZVIOMbCSL  HEOOHOPIOHUM
BUCBIMJICHHAM [ NPUPOOHUMU CROMEOPEHHAMU. 300padicenHss 6udié BIMONIAHKMOHY NOOLICHO HA
061 epynu, koxcha 3 sikux ckiadaemocsi 3 30 npo6. Ti, wo ioHocsamves 0o neputoi epynu, — ye
300padicenHsl, 0N AKUX GI0CYMHI HEeOOHOPIOHe OCGIMIeHHS Mma Wymu, a 00 Opy2oi 6x00samv
300pasicenHs i3 (QOHOBUMU WYMAMU, HEOOHOPIOHUM OCGIMIEHHAM | CHOMBOPEHHAMU. 3HATIOeHO
onmumanbHull nopsadok nepemgopenns Epmima, sxuil cuid eukopucmogysamu Onsi ROULYKY
Kopenayiti mixc 306padxcennamu. Lle Oae max 36ana mempuka euepeii NiKoOSUX KOpensyill.
Buxopucmosyiouu 306pasicenns, moougixosani nepemeopennsim Epmima 3 knacuunum ginompom
Banoep-Jloema, mu odepoicaru 3mo2y pospisnumu 6ci 6uou GIMONIAHKMOHY 8 MeCcmogux
300pacicennax. Knacuunuti  xomnosumnuil  inemp makoxic 3acmocosaHo 00 080X 2pyn
300padicens. /i nepwoi epynu KOMRO3UMHUL Qintbmp 6YI0 CMEOPEHO 3a 0ONOMO20I0 DIZHUX
KapmuH nioCeiuy8amnHs mozo dic eudy. s Opyeoi epynu yei @inbmp copmo8ano Ha OCHOGL
PI3HUX 3pasKie mo2o ¢ eudy O ideHmugikayii KoHKpemHo2o 6udy. B o6ox eunaodxax
nepemeopennst Epmima 6 nocoOnanni 3 KiacuuHum KopemsiyitiHum ananizom 0ae 3mo2y po3nizHamu
6Ci 6UOU DIMONIAHKMOHY.
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