Scientific Journal of RigaTechnicalUniversity
Computer Science. Information Technology and Mansege Science

2010
Volume 44

Research of Artificial Neural Networks Abilities
In Printed Words Recognition

AndreyBondarenkadRiga Technical University, Arkady BorisovRiga Technical University

Abstract-This paper provides a brief overview on document
analysis and recognition area, highlighting main sps and
modules that are used to build recognition system®f the
mentioned type. We underline basic workflow of suchsystem
down to the problem of single character recognitiomproblem and
highlighting possibilities and ways for artificial neural networks
usage. Further we are conductinga formal compariso of
abilities of printed characters recognition betweentwo well
known types of second generation neural networks,amely feed-
forward back-propagation multilayer perceptron (MLP) and
Kohonen self-organizing features map (SOM).
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I. INTRODUCTION

The last decade has showna growing interest ificzati
neural networks (ANN),their functioning backgroutehrning
algorithms, architectures and practical applicatiddood
introduction material can be found in [1] and [Z)ddment
analysis and recognition systems are using adlficeural
networks on different analysis and recognition stepptical
character recognition systems are of great intdresause the
count of paper documents which are part of busipessesses
of every company, institution or even householddastantly
increasing. Because of computer capabilities tosiger

The comparison of performance of multilayer feedafard
perceptron (MLP) and self-organizing features mgp@M)
presents practical and scientific interest. In {héper we are
providing a comparative analysis of the effectienef the
mentioned architectures for pattern recognition pointed
letters images. It should be noted that abstraatufes like
relative placement of elements in character or tjonc
patterns and their count are omitted in our expeniis due to
the fact that raster image was fed into the MLP&@M [2]
networks in the form of one-dimensional array. Esashown
that MLP is more preferable for solving characesgagnition
problem with described input data.

This paper is organized as follows: Section Il given
overview of the document analysis and recognitigstesn as
a whole. Subsections II.A, 11.B, 1.C and II.D af@cused on
neural networks applications on different stagesi@fument
image processing. Section Il describes experinmesetaip for
neural networks performance measuring and prestm@s
results of test runs. Section IV contains analgsid concludes
the paper.

II. DOCUMENTANALYSIS AND RECOGNITION

Document analysis and recognition problem considts
several sub problems. As per [3] we can name basitules

process, search and mine knowledge on large amafntsfor such a system along with their respective rdEsument
electronic documents the mentioned systems capable image preprocessing is a phase where noise reduction,

automatic translation of paper documents into thgitad

format are ofgreat interest. Neural networks arecessfully
applied in the above-mentioned area due to thélitieb to

give rather low classification errors even whenythere
applied to disrupted and noisy data. Recently spieed

approaches were developed to enable ANN usage
mentioned area. One of the basic components of system
is optical character recognition module which iivarge for
recognition of separate characters. According telatlkst
studies,while reading textsthe human brain is peirgg

information in chunks of letters in defined contesing some
knowledge about subject area, thus even noisydetiewords
can be recognized relatively easy using
information. This approach is extensively used bgunent
analysis systems. Nevertheless, basic system maodplable
to classifying single character
classification rate as possible. Therefore

algorithms for printed characters recognition
interest.

reseamth
isgreht

brightnessbalancing and skew detection and coomedtke
place. Layout analysisin this step system is searching for
regions of similar content, which usually is eithext or
graphicsbut other mixed types as well as speciésylike
signature can be present, this step is catlleghical layout
analysis. Detected regions are marked with respective
recognized type so that later they will be procésséth
appropriate module.This step is calledical layout analysis.
As a next step system feeds found region into dribeothree
modules:signature segmentation, graphic item segmentation
and word recognition. Once signature segmentation is done,
bounded signature image is fed into thgnature verification

contextuatodule. Output of graphic segmentation module is fed into

graphic item recognition module which gives digitized
graphic as a result. Finally, segmented words ca&n b

should give as highecognized in several wayscharacter segmentation and

recognition, word recognition andmixed approach which uses
recognized characters data along with recognizeadsvo
data.The described parts and general workflow efsystem
areshown in Figure 1.
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Fig. 1. Document analysis and recognition workfiowal figures are denoting workflow
stages where artificial neural networks can beesstdly applied. Diamonds are
representing information which is passed in betstgres.
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A. Layout Analysis/ Zoning

Segmentation algorithms are usually divided intxepi
classification and region-based classification, levfartificial
neural networks are usually applied to problems nekt
categories: page classification, pixel classifmatand region
classification.
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Fig. 2. Filtering process utilizing neural netwddkget cleared pixel value on
the output image.

Skewed imagesare severely limiting the rate of essiul
image segmentation. Merged and broken graphicsand
characters as well as non-constant backgroundxarepes of
not welcome properties of image which is fed intone
detection module. Therefore detection of such festus
essential for successful image analysis [4]. Taocwme skew
problem, artificial MLP networks are successfulppied. To
do that respective properties of the image areaetdd and a
network is trained to produce skew angle as itpwutThis
angle can be used for de-skewing.As well text rasit;n can
be applied to improve text image quality. Text oestion step
is used to repair broken and merging characters.$tap is
very useful for later phases of document analySigical
approaches to text image restoration are line vigtig [5],
Kalman filtering[6] and morphological filtering [7Although
it was reported that MLP network can be used fiterfng. To
do that, MLP network is fed with pixels from movimgndow
of fixed size.Filtering process is shown in FigWe It is
impossible to use same trained neural network Herwhole
diversity of the document images thus it is comntwretrain
MLP network for each separate page.

In its simplest form pixel classification assigrak pixel to
background or foreground [8]. Later pixel classifion
evolved to handle classification of text, graphasd lines.
Several authors used neural networks for pixelsdiaation
[91.[10] .

For classification of the region its global featuege usually
extracted and are used as inputs to linear clas$ifil]. When
neural networks are applied to this problem sarg@mreglobal
features along with local ones are used. Localufeat are
computed for each pixel of the region [12]. It vadmwn [13]
that on this problem RBF networks are performintidsethan
MLP, SOM and Probabilistic Neural Network.

The problem of page classification addresses @éiffier
methods aiming at different goals. Earlier methedpiired the
presence of ruling lines in pre-printed form layduf]. In
business applications typical classes are busiletss and
technical papers, but lately classification of bquges and
journal pages received significant attention [1&$@ layout
can be described by zoning or by using tree [16fm@ph
based [17] representation.The problem of fixed sizénput
window of the neural networks for the classificatis usually
dealt either by using recurrent neural networks via
formation of feature vector of the fixed size.

B. Sgnature Segmentation

Signature segmentation is needed for its verificati
Usually both dynamic [18] and structure [19] aresahed for
the elimination of skilled forgery. Dynamics coatds with
grey level variations along the line and with thelse width of
the signature. Thus extraction of such variatienssisential for
successful verification. The majority of the sigmat
verification systems are dealing with the structurfe the
signature global and local graphometric features.

C. Text/ Graphical Segmentation

Text and graphical segmentation can be represergddo
class classification problem as assigning regionth wi
certainclass. For the classification of the docunregion as
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text/non-textmultiple approaches are used. Appreseised to original image.To examine abilities of neural netigo and
tackle this problem can be divided intop-down andbottom- compare two architectures we setup and run several
up. The most commoriop-down techniques are run-length experiments with different parameters. One of thainm
smoothing [20]-[21] andprojection profiles [22]-[25]. Top- questions was to determine how the size of thetinpage
down approaches are splitting image into regions wtdch influences neural network ability to correctly rgoize
later identified and further spitted into text cwmlas then previously unseen characters.We used rectangularacter
paragraphs, text lines and finally words [23]. Sapiproach is images of sizes 18x18, 16x16 and 14x14 pixels.Tdteecf the
showing poor performance on non-rectangular bloodks input image uniquely determines the size of theiirgyer of
textBottom-up methods [26], [27] are typically iteratively the neural network.The second question that weaedsta to
grouping elements starting from the pixel leveltdrasuch determine how the size of the train data set imibes correct

groups are forming higher order components of wolides
and paragraphs [28]. Neural networks can be appfietthis
area [29].

D. Word Segmentation and Recognition

The existing strategies for splitting text into asgte words
and characterscan be divided into three main grainasacter
segmentation and recognition, where image is divided into
regions which are matching character propertieslated each
character image is recognizedprd recognition approach,
which is dealing with recognition of the whole weravoiding
segmentation and, finallytegrated approach which is a mix
of previous two approaches, it integrates the tesoll both
words recognition and character segmentation acabretion.
Neural networks can be applied to character segtient
(identification of touching characters and locatiohcutting
points). The results of our experiments can beiagph this
phase as we are comparing networks performancehfor
character recognition module.

[ll. EXPERIMENTSSETUP AND RESULTS

For formal comparison of MLP and SOM network we are 4

using scanned image of page with 16 machine prifitess,
each containing all Latin alphabet letters printadcapital.
Each character line was printed using different famd each
one contains 26 characters. Segmentation technise® was
based on the assumption that there are no actar& é&hough)
pixels between rows of text in different lines axt and
between characters in the same line. For resizepprate
characters, antialiasing was applied. Resizingrdalgn used
in the experiments is resizing character to thetareyular
image with equal height and weight.After resizingthw
antialiasing some pixels are losing their brighthese. black
pixels located on the boundaries of character ldrning and
becoming too bright to give high enough input te treural
network. To overcome this immediately after
nonlinear contrast correction is applied accordmfprmula 1.

. 2* B 15
Br =m|n{ 1r . (1)

regjzin common

recognition rate. We used data sets of the finst find first
eight fonts that are depicted inFigure 3.

# Font letters

1 | ABCDEFGHIJKLMNOPQRSTUVWXYZ

2 | ABCDEFGHIJKLMNOPQRSTUVWXYZ

: | ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ

s | ABCDEFGHITKLMNOPQRSTUVWXYZ

7 | ABCDEFGHIJKLMNOPQRSTUVWXYZ

s | ABCDEFGHIJKLMNOPQRSTUVWXYZ
o ABCDEFGHIKLMNOPQRSTUUWKYI

ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHUKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPQRSTUVWXYZ

ABCDEFGHIJKLMNOPQRSTUVWXYZ
ABCDEFGHIJKLMNOPOQRSTUVWXYZ

10
11

12

13

14

15

Fig. 3. Whole characters data set. Two font set®weed for the training of
the neural networks. First sets contains font #ileasecond set contains fonts
#1, #2 and #6.

It should be noted that we could determine the bestof
five and eight fonts respectively that are giviresbpossible
training for the network, by training and testingts with
different combinations of fonts fed to the netwankdifferent
sequence. But in our case, the aim was to find th@nsize of
the data set is influencing recognition rate, netedmination
of the optimal combination of defined size of toats that are
describing whole data set. These experiment factoese
for both MLP and SOM neural networks
experiments. The third factor specific for MLP netlwwasthe
size of the hidden layer. We choose three diffesgzgs: 50,
75 and 100 neurons. We used only one hidden layét is
known that MLP with arbitrary count of hidden lagaran be
reduced to network with single hidden layer. At the fourth
factor, which is also specific to MLP, was maximumember

WhereBr denotes the brightness of the pixel and belongs tf training epochs; we choose 1500 and 3000 reispéct

domain [0, 1].Thus semi-black pixels are transfatmeto
‘pure’ black. Such sequence of transformations rmisdes
character restoration algorithm as it gives a®iutput resized
character with minimal count of artifacts not prasen the

Thus for the MLP network we have 36 unique expenitse
For the SOM network the third parameter was the sizthe
Kohonen layer it was chosen to be 30 and 60 eleanent
respectively thus for the SOM network we get 12quei
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experiments. Each experiment was conducted 20 timegt
statistically meaningful results.

Looking from the technical point of view,experimgentere
carried out by Encog library [30]. We used singlddien layer
for the MLP network along withtanhactivation function.
Learning rate was constant and was set to 0.8, mmewas
remained to be 0.3. SOM network was
NeibourhoodBuble neighborhood function.

MLP network recognition performance we can cleasbe
thatthe increase in epochs count gives stable @roeft
recognition rate. By saying recognition rate we r@ferencing
to mean correctly recognized letters count acrdssteat
fonts.For both tables, the size of the number degot
recognition rate (lowest two rows for Table 1 amgjke lowest

run withrow for Table 2) is denoting results performanceamparison
Neighborhoodto other experiments results. Bold underlined nundsnotes

value for mentioned function was set to 5. We Iihea best recognition rate, ‘small’'underlined numbernggd in

decreasedlearning rate and neighborhood radiusOtb @hd 1
respectively. Epochs count was set to be 50 aadjrstarting
from 10th or 20th epoch network error was constaaking
further training pointless.The fact that SOM netwatilizes
learning without teacher makes it a little bit i€t for use as
a classifier. We used a simple approach. Firstlaitahe end
of training interrogate network using all trainidgta. During
that process save information about best matchnitg(BMU)
neurons for each letter respectively. Filter out BMthat are
winners for more than one letter. Afterwards tést metwork.
In case the network gives BMU not known to persistees,
then determine closest BMU to the new winning naursing
Euclidean distance. Here we are utilizing clustggmoperties
of the SOM network assuming that nearby (in senfe
Euclidean distance) neurons are classifying saraeacker.
The results of the experiments can be found in &4bénd
Table 2 for MLP and SOM networks respectively. Liogkat

small font size denotes the worst result. It cansben that
training fonts count gives better recognition resalong with
lower hidden neurons count. On the other handutage of
largest input image - 18x18 pixels in combinatioithvonly 5
training fonts gives worst results.

Looking at SOM results in Table 2 we can noticeersed
input image dimensions size influence on recogmitate. The
larger input image is, the better results the ndtwoan
produce. SOM experiments show interesting cor@tati
between recognition rate and Kohonen neurons Ilsiger The
larger the layer is, the better recognition ratéwoek can
show. Same is true for input image size. Both odséh
correlations are topical due to cauterization reatfrthe SOM
aetworks. Larger count of input neurons, i.e. digiens can
be mapped into lower dimension of Kohonen netwarknbre
diverseway.

TABLE |
MULTILAYERED PERCEPTRON TESTFONTSMEAN RECOGNITIONRATES (%)
Image Dimensions
o 18x18 16x16 14x14
1 Training Fonts Count Training Fonts Count Training Fonts Count
E 8 5 8 5 8 5
Hidden Neurons Hidden Neurons Hidden Neurons Hiddemrons Hidden Neurons Hidden Neuron
50 75 100 50 75 100 50 79 100 50 75  1Q0 b0 75 1000 |575 100
- 1500
S |Train |59| 54| 49| 43 | 38| 27 (67| 59| 54 | 47| 41 | 28 | 73| 68| 62| 50 | 47| 35
‘€ S |Cycles —
o2
S & [3000
@ |(Train [61| 59 | 52| 43 | 40| 3¢ | 67| 63| 56 | 50| 42 | 39 | /5| 69| 67| 53 | 48| 43
Cycles -
TABLE Il
SELF-ORGANIZING FEATURESMAP:TESTFONTSMEAN RECOGNITION RATES (%)
Image Dimensions
S 18x18 16x16 14x14
o Training Fonts Count Training Fonts Count Training Fonts Count
m 8 5 8 5 8 5
Output Neurons Output Neurons Output Neurons Output Neurons Output Neurons Output Neurons
30 60 30 60 30 60 30 60 30 60 30 6(Q
Recogniton | 35 | 37 | 18 17 13 30 21 21 17 18 1 19 | 20
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IV. CONCLUSION

results for
iscorrelated with network function

Experimental
recognition rate

parameters. For MLP network input image with Iowef

dimensions show better results, while for SOM nekwve
see an opposite trend. The main reason for thisetaorks

(8]

both networks show thapj

10]

functioning background. For SOM network to do hettell!]

classification it is crucial to have as large inpotage as
possible. We can foresee that an uncontrolled &serén input
field size starting from one point will cause sraall
recognition rate. Obviously same is true for MLRwwk,

reduction of input layer size at the end will calsss of
critical features (due to resizing) and networl & unable to
recognize characters correctly. All such problems @used
by fact that we are working with optical informatiof lowest
possible level. As well our networks are not usiegeptive
fields like, for example, Cognitron and Neocognitroeural
networks do [31]. These networks are able to tackdeal

information by extracting abstract featureslikenjsiand their
orientation. For OCR systems utilizing regular MafRd SOM
networks this is usually done by preprocessing reodinich

is extracting such abstract information from chea@mage.

(12]

(23]

(14]

(15]

(16]

(17]

Thus we clearly see two ways of development, eithétl

introduction of more advanced neural architectutes are
mimicking human visual cortex and processing infation in
hierarchical way — by extracting abstract features, by
utilizing preprocessing modules that can extracstralot
information regardless of character size, positiand
orientation and feed such information to regulassificatory
like MLP or SOM. It should be noted that usually Mland
SOM are set up in document analysis systems in \athat
output of one network is in fact input of anothetwork. Both
approaches have pros and cons, Cognitron and Neibeny
are computationally more intensive than oppositer@gches
(which is an issue for mobile computing), on theesthand
they can substitute a large amount of simpler auenected

modules. Thus with development of such systems a®e c

(19]

(20]

(21]

(22]

(23]

T. Taxt, P. J. Flynn, A. K. Jain, Segmentation of document images.
IEEE Trans. PAMI vol. 11, no. 12, pp. 1322-1329899

K. Etemad, D. S. Doermann R. Chellappa Multiscale segmentation
of unstructured document pages using soft decision integration. IEEE
Trans. PAMI, vol. 19, no. 1, pp. 92-96, 1997.

K. Nakamura, S. Yamamotq T. Itoh, Document image segmentation
into text, continuous tone and screened-halftone region by the neural
networks. In ISET / SPIE, pp.358-361, 1998.

D. Wang, S. N. Srihari, Classification of newspaper image blocks using
texture analysis. Computer Vision, Graphics, and Image Processiog, v
47, no. 3, pp. 327-352, 1989.

C. Strouthopoulos N. Papamarkos Text Identification for document
image analysis using a neural network. Image and Vision Computing,
vol. 16, no. 12/13, pp. 879-896, 1998.

D. X. Le, G. R. Thoma H. Wechsler, Classification of binary
document images into textual or nontextual data blocks using neural
network models. Machine Vision and Applications, vol. 8, no. 5, pp.
289-504, 1995.

S. L. Taylor, R. Fritzson, J. A. Pastor, Extraction of data from
preprinted forms. Machine Vision and Applications, vol. 5, no. 5,. pp
211-222,1992.

C. K. Shin, D. S. Doermann Classification of document page images
based on visual similarity of layout structures. In Proc. SPIE — Doc.
Rec. Retr. VII, 182-190, 2000.

G. Nagy, S. Seth Hierarchical representation of optically scanned
documents. 7" Int. Conf. Pattern Recognition, pp. 347-349, 1984.

J. Yuan, Y. Y. Tang, C. Y. Suenfour directional adjency graphs
(FDAG) and their application in locating fields in forms. In Proc. &'
Int'l Conf. Doc. Anal. Rec., pp. 752-755, 1995.

M. Ammar, Y. Yoshida, T. Y. Fukurama, A New Effective Approach
for Off-Line Verification of Signature by Using Pressure Features. 8"
ICPR, pp. 566-569, Paris, France, October 1986.

R. Sabourin, R. Plamondon On the inplementation of some
graphometric techniques for interactive signature verification: A
feasability study. Proc. & Int. Symp. on Handwriting and Computer
Applications, pp. 160-162, Montreal Canada, Juh2301987.

P. Chauvet J. Lopez-Krahe, E. Taflin, H. Maitre, System for an
intelligent office document analysis, recognition and description. Signal
Processing, vol. 32, no. 1-2, pp. 161-190, 1993.

F. Shih, S.-S. ChenD. Hung, P. Ng A document image segmentation,
classification and recognition sysem. In Proc. Intl. Conf. Systems
Integration, pp. 258-267, 1992.

O. Iwaki, H. Kida, H. Arakawa, A segmentation method based on
office document hierarchical structure. In Proc. Int'l Conf. Systems,
Man and Cybernetics, pp. 375-390, 1987.

D. Wang, S. N. Srihari, Classification of newspaper image blocks using
texture analysis. Computer Vision, Graphical Image Processing, v@). 4
pp. 327-325, 1989.

] G. Nagy, S. Seth A prototype document image analysis for technical

come to a situation when only several (1-3) modules

containing sophisticated hierarchical networks Wwél present.
Further research can concentrate on either of ppraaches
to the problem of optical character recognition.
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Andrejs Bondarenko, Arkadijs Borisovs. Maksligo neironu tiklu iespgju pétijums drukato vardu atpaziSara

Dokumentu ana@es un atpaganas si§tnas nomigumu ir geiti parvertet, jo &idas sistmas atrod sev plasu pielietojumu aidas cilveku darbbas jomas. Saj
darhs ir dots farskats par dokumentu afeds un atpa%anas sismas iek8§jo strukfiru un &is noZmigakajiem moduliem. Dotajparskat ir aplikotas naksligo
neironu 1klu pielietojuma iesfjas mirktaja sisEma. Darba ietvaros bija uzsfits uzdevums salzinait daudzsipu perceptronu (MLP) ar lidas
atpakdizplatiSanu, kur§ ir apatams ar ap#citaju, unpasorgangoso pazmju Kohonena karti(SOM),kura ir agicama bez apacitaja, lielo latpu alfaleta
drukato burtu klasifilacijai un atpa®anai, kuri ir drukti, izmantojot seSpadsmit dadus fontus. Eksperimenti bija saditi ta, lai atrastu korékiju starp
dazdiem neironuiklu funkcioreS8anas parametriemurkliaiesggju klasificet drukatus burtus no testu datiem.MLEkIs tika testts ar sekojoSiem maigiem
parametriem: ieejas akh izmeri — 18x18, 16x16 un 14x14 pikseli, apeibas datu kopas lielums — 8 un 5 fonip#d slana apjoms 50, 75 un 100 neironu, ka ar
apnicibas periodu daudzums — 1500 un 3000. Katrs no 3feelknentiem tika uzatits 20 reizes, lai s@mtu statistiski namigus rezulitus. Lalakus
rezulitus pafidija tikls, kura sipta skina izners bija 50 neironi, tas tika agpieits izmantojot 8 fontus 3000 apnibas periodu laik ar ieejas gha izneriem
14x14 neironi. Vidjais veiksnigais atpatSanas procents Sim MLEkkam,@rbaudot to uz testu fontiem, bija 75%. SOiMam izemot ieejas 8ha iznerus,
apnicibas un testu fontu daudzumu startp eksperimentiemtaints Kohonena sha neironu skaits — 30 un 60 neironi. Seitilabvidgjo atpazSanas rezidtu
- 37% paididija fikls, kurs tika apricits izmantojot 8 apatibas fontus, Kohonenazagh 60 neironus un ieejas @it izmerus — 18x18 pikdeTadgjadi, paadits
lielu ieejas un pamju sknu izmerunoZmigumslabai atpazanai (klasteririjai) SOM tklam,ka af mazas ieejas unégita shnpa izneri MLP tiklam.
SaidzimaSanas gaittika pa&dita MLP tkla priekSrotba par SOMiklu uzstdita uzdevuma robag.NepiecieSams atmet, ka izskaitie neironu ikli neizmanto
receptora laukuma principus un tie nav hierarhigkii tadgjadi tie nav spjigi patsévigi iegit abstraktas ieejas @t paimes. Atpasanas iesju palielirajums
ir iespejams tikaiar SOM un MLPikla kombirgto izmantoSanu, ieejas @# priekSaps#ides algoritmu izmantoSanu, lai atrastu invariastamolu pammes, &
afn izmantojot kompleksas hierarhiskas neiraklutarhitektiras.

Amnnpeii Bonnapenko, Apkaauii Bopucos.MccienoBanne BO3MOKHOCTelH HCKYCCTBEHHBIX HelPOHHBIX ceTeil B pPACIO3HABAHUM NEYaTHBIX CJI0B
3HauyeHHe CHCTEM aHalM3a M PAClO3HABAaHUs JOKYMEHTOB CJIOXHO IEPEOLCHHUTH;IIONO0HBIE CHUCTEMBbl HAaXOIAT INPHMEHEHHE B pa3iIMYHBIX OO0JACTIX
YeJIOBEUECKOH  JIeATENbHOCTH.  BhaHHOWCTaThenpHBEICHOO30PIOCTAHAAPTHON — CTPYKTYpPECHCTEMBl — aHAIM3auPACIIO3HABAHUSJIOKYMEHTOB, a  TaKXKe-
BO3MOKHOCTEHICIIOIb30BaHMSINCKYCCTBCHHBIXHEHPOHHBIXCHCTEMBHIX. Bbla MOCTABJICHA 3aa4a o
CPaBHEHUIOBO3MOXKHOCTEHHCKYCCTBECHHBIXHEHPOHHBIXCETEHTHITAMHOT OCIIOMHBlIepcenTpoHcoOpatHbiMpacipoctpanenremoinOku(MLP),  oOysaemoit ¢
y4HTENIeM, HMKapThicaMopranusyroumxcsanpuznakosKoxonena (SOM) ¢ obydenneM 6e3 yduTens Ansl PELICHHS 3aJaqyd PAclO3HABaHWA U KIAacCH(HKALUH
3arJIaBHBIX [EYATHBIX CHMBOJIOB JIATUHCKOTO andasura, HaleJaTaHHBIX Pa3THYHBIME mpudramu.
DKCIEepUMEHTHIOBUINCOCTABICHBITAKUMOOPa30M, 4TOOBIBBIIBUTHBIINSHAE Pa3INYHBIX MMapaMeTpOB PabOThl ceTeif Ha CHOCOOHOCTh KIaCCH(MKAILMH TIEYaTHBIX
OykB U3 TecToBoro Habopa nanHeIX.CeTbMLPTecTHpOBaTachCcOCICAYIOIMMHN3MEHIEMBIMUIIApAMETPAMHU: pa3MepBXogHoronzodpaxenus 18x18, 16&16u 14x14
mIKceneii, pa3mep obydaromei BEIOOpkH - 8 u 5 mpudTos, pazmep ckpsrtoro ciaos — 50, 751 100HeiipoHOB, a Taxske KOIHIecTBO 310X o0ydenus — 1500u 3000.
Kaxnpritnz 36 sxcnepumenrtoBnpoBowics 20 pa3, HauTydIrepesyabraTbinokasanacetbc50 HepoHaMH B CKPBITOM clloe, o0ydaemas Ha 8 mpudTax B TCUCHUN
3000 osmox, u pazmepoM BxomHoro ciost 14x14 HEHpOHOB — CpemHMil NPOLEHT pPACIO3HABAaHWS CHMBOJIOB IO TECTOBOH BBIOOpKe coctaBun 75%.
JsiceruSOMkpome pa3Mepa BXOZHOTO CIOSL U KOIMYECTBAa MIPU(TOB B 00ydaromell BEIOOPKE MEHSIOCH KOIMYECTBO HeHpoHoB B cioe Koxonena — 30u 60
HEUpPOHOB. 31eChbHAMTYYIINICPeHUApEe3yIbTaTpacno3HaBanusaB3 7% Obu1 JOCTUTHYT HpH pasMmepe cios Koxonena 60 Heitponos, 8 oOyuaronmx mpudrax u
pasmepe BxonHOro nsobpaxenus 18x18 mmkceneil. Takum 00pa3oM, Noka3aHa BaXHOCTh OOJBIIMX BXOIHOTO clios M ciosi KoXOHeHa mis yCIHEHIHOro
pacro3HaBaHus (KJIaCTepU3aLMi) CUMBOJIOB, a TAK)KE MCIIOJIB30BAHMSI MEHBIIIEr0 BXOAHOro cios 1 ceth MLP. B xozxe cpaBHEHHS IOKa3aHO NPEUMYIIECTBO
cern MLPHax cerpto SOM B pamkax nocraBieHHOH 3agaun. HeoGXoaMMo OTMETHTh, YTO PacCMOTPEHHBIC HEHPOHHbBIE CETH HE HCHOJIB3YIOT NMPHHIIHUIIOB
PELENTOPHOTO MOJIs, a TAKXKE HE SBIAIOTCA HEPApXUYECKUMH CETAMH, TaKMM 00pa3oM, OHH HE B COCTOSHHM CaMOCTOSATENBHO H3BJIEKaTh aOCTPAaKTHBIC
mapaMeTpsl BXOJHOTO wu300paxeHus. IloBblleHHe BO3MOXHOCTEH pACcIIO3HABAaHMS BO3MOXHO C HCHONIb30BaHHeMKoMOuHammu cerer SOMu MLP,
UCHOJIb30BAHUEM AJITOPUTMOB MPEA0OPabOTKH HM300paKeHMs JUISl BBIABICHHUS WHBAPHAHTHBIX HPHU3HAKOB CHMBOJIOB, a TaKXkKe C HPHUMEHEHHEM Ooiee
HPOJIBUHYTHIX HEPAPXUIECKUX aPXUTEKTYP HEHPOHHBIX CETEH.
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