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Abstract: Problem statement: The effect of varying the number of nodes in tiddén layer and
number of iterations are important factors in teeognition rate. In this paper, a novel and eféecti
criterion based on Cross Pruning (CP) algorithrprigposed to optimize number of hidden neurons
and number of iterations in Multi Layer PerceptridiLP) neural based recognition system. Our
technique uses rule-based and neural network pateognition methods in an integrated system in
order to perform learning and recognition of dyneatly printed numeral®\pproach: The study
investigates the effect of varying the size of tletwork hidden layers (pruning) and number of
iterations (epochs) on the classification and perémce of the used MLP. The optimum number of
hidden neurons and epochs is experimentally estaddli through the use of our novel Cross Pruning
(CP) algorithm and via designing special neuralketasoftware. The designed software implements
sigmoid as its shaping functiofResults: Experimental results are presented on the claasifn
accuracy and recognition. Significant recognitiaterimprovement is achieved using 1000 epochs and
25 hidden neurons in our MLP OCR numeral recognitgstem.Conclusions’Recommendations:

Our approach has a significant improvement in liegrmand classification of any numeral, character
MLP based recognition system.
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INTRODUCTION Network pruning offers an excellent approach for
dynamically determining an appropriate network
A major problem in applying neural networks is topology. Pruning techniques involves training eliént
specifying the size of the network. Even for motlelsa  network sizes and compare the performance in tefms
size networks the number of parameters may becomdassification and error. The process comprises
large compared to the number of data methodical and consistence elimination or additdn
Artificial neural networks have been successfullyneurons which subsequently removes or adds weights
applied to problems in pattern classification, fimet to the hidden layers of the system.
approximation, optimization, pattern matching and Most of available systems capture inputs as a
associative memori€¥. Multilayer feed forward sequence of coordinate points, taking into account
networks trained using the back propagation-learnin character blending and merging and the problem of
algorithm is limited to searching for a suitablgé s characters that have close similarity to each othis
weights. This initiates the problem of selectingis solved via pre-processing of the charactersrgoo
appropriate topology (number of hidden layers) andecognition, hence, performing a shape recognition
weights to solve the learning problem in hand. Twoprocess. The post-processing recognition procesbea
small networks are unable to adequately learn thachieved using zones that define directions ofefrav
problem while excessively large networks tend terov where characters are recognized as connected zones
fit the training data and consequently result irompo using a lookup table for matching and classifiqatio
generalization and weak performance. The primary task of OCR recognition is to take an
Most practical learning problems are known to beinput and correctly assign it as one of the possibl
computationally complex and hard to optimize.output classes. This process can be divided into tw
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general stages: feature selection and classifitatio performance and will result in massive errors arissm
Feature selection is critical to the whole proceisge  classifications.
the classifier will not be able to recognize fromody
selected featur&d. Learning rate: The learning rate is bounded due to the

Some requirements for character recognitionfollowing:
system design suggest themselves such as:

« Two small a learning rate will cause the system to

e To create a system which can recognize non- take a very long time to converge

perfect numerals e To large a learning rate will cause the system to
 To create a system which can use both static and oscillate indefinitely and diverge

dynamic information components
« To perform recognition with image data presented Based on the above two mentioned factors our

at field rate or as fast as possible learning rate was chosen to be equal 0.25.
» To recognize as quickly as possible, even before
the full image sampling is completed Transfer function: Even though some literature

. To use a recognition method which requires aindicates that anti Symmetric functions will caube
small amount of computational time and memory System to learn faster, this research used thelatan
« To create an expandable system which carfigmoid function which is known to be a stable fiowe

recognize additional types of characters due to its range from 0-1. .
«  High recognition rate All the above is considered in our research when
« In the event of an error, non-recognition is hidden layer neurons and number of epochs arelglose
' examined.

implemented instead of  miss-recognition,
especially in critical conditions

* Recognizes inputs quickly

* Require minimal training

M athematical modeling: Figure 2 shows our designed
and implemented MLP neural engine used in our OCR
system and characterized by the following threenmai

In this study network performance is examined as gauations:

function of both network size and number of iterasi.
This is carried out using a feed forward multi laye
perceptron neural model. This system captures and

intelligently recognizes numerals. There are many Targe
proposed methods for on-line recognition, which ase

wide variety of pattern recognition techniques. f¢u

networks have been proposed as good candidates for Input Neuralnetwork ]

character recognition. Studies have also beenechirri
out for OCR recognition, comparing techniques sagh
dynamic programming, Hidden Markov Models and
recurrent neural network&*®,

ouq(") =in - The output of the input lay Q)

J Comparn

Adjust Weigh

MATERIALSAND METHODS Fig. 1 Used OCR MLP system

System design: Figure 1 shows the used OCR MLP. In
designing our OCR system the following factors are
considered:

1+Exp¥npul

Preparatio
Initial weights. Since we used a gradient decent Preprocessin
learning algorithm that is known to dynamicallyate
all weights in similar manner and to avoid a situabf
no learning, random function is included in our
algorithm. Such a function is specifically desigrted
guarantee that the network will not end in global
minima which will adversely affect the system Fig.2: OCR neural classification system

Recognitior
Proces

Podprocessin
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* Applying Eg. 9, 10 and 11 will produce all layers
out! = f[Zou{O) g,\pj ~ The output of the hidden lay  (2) oEt%ztsg a P Y
J « Using Eq. 5 and 6, the necessary weight
modification values are obtained
out? _f[zouﬁ _ jq The output of the output lay ~ (3) e Adding the results of 5 and 6 to the original
weights according to the following equations will
update the weight matrix

Using Eq. 1-3 we can rewrite Eq. 3 to become:

w; (t+1) = w; () +Aw, (11)
ouf? =1 Souft ol = (o Sl || @ (-, (9, 2
Learning in an MLP is known to occur via  Eachtime Eq. 11 and 12 are applied, a singleecycl
modification of weights as indicated in the follmgi S completed (epoch). However there is a need to
equations: compute the sum squared error for each two layeds a

for the overall network using the following equatio

awl) = nZ(targ; ouﬁz)) Douf? [@ i OLjf)) O ot (5) 1 ,
> E(w,) =EZZ(targK— out) (13)

P
Awi(jl) = nzp:(tarq— outz)) Douj@ [@ T onﬂ)) 0ot (6) RESULTS
Where n the learning rate and p is is the pattern on  Table 1-3 show the effect of varying both number

which the equation is applied. of hidden neurons and number of epochs on the
It is clear that for the output layer the hiddegdr ~ recognition of Arabic numerals, while Table 4 and 5

appears as an input layer and for the input lajer t clearly shows classification accuracy and sunaseq
hidden layer appears as an output layer.
Equation 5 and 6 are obtained using the sigmoid@able 1 Recognition results using 100 epochs
function as the shaping function, which takes the dden Reference
following form:

Neurons 0 1 2 3 4 5 6 7 8 9
5 7 7 0 7 ©0 7 5 17 1 17
. 1 10 7 3 5 7 6 7 6 17 1 7
f(input) = ————— o~ inpu) (N 15 o 0o 0o 1 1 5 6 7 1 1
20 7 7 6 5 4 5 5 7 5 7
25 0 1 2 1 0 5 6 7 8 9
Applying Eg. 7 to Eq. 1, 2 and 3 we obtain theg0 8 i g é i g 2 ; g g
shaped outputs for the three layers used in our MLP 20 o 1 92 3 4 5 & 7 8 9
45 0 1 2 3 4 5 6 7 8 9
layer( 0 :Ouf) = in (8) 50 0 1 2 3 4 5 6 7 8 9
1 Table 2 Recognition results using 1000 epochs
|ayer(]) ZOUP = (9) _ Reference
_ 0) ) Hidden

1+ eXF{ (Z ouf D"\?D Neurons 0 1 2 3 4 5 6 7 8 9
: 5 2 0 2 9 4 5 5 7 9 9
10 7 7 7 7 5 5 6 7 6 6
@ 1 15 0 1 2 3 4 5 6 7 8 9
layer( 2) :ouf? = (10) % o 1 2 3 4 5 6 7 8 9
1+exd = S oub w2 25 0 1 2 3 4 5 6 7 8 9
{ (Z‘ P v 30 o 1 2 3 4 5 6 7 8 9
35 0 1 2 3 4 5 6 7 8 9
) ) _ ) 40 0 1 2 3 4 5 6 7 8 9
Calculation of weight adjustments in our used MLP45 0 1 2 3 4 5 6 7 8 9
follows the following steps: 50 0 1 2 3 4 5 6 7 8 9
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errors. Table 6 and 7 show the extracted weight DISCUSSION
matrices for bpth inpu_t-hiddenand_hidden-o_utputchh _ Traditionally, pruning is carried out on hidden
is made available via the spez_:lally Designed Bralr]ayers and hidden layer neurons however we intred
Da_tabase (_DBD) _that aut_omatlcally adds_ the Ne%h our work the principle of Cross Pruning (CP)wdrat

trained engine weights to its contents while kegpin \ye can call the pruning matrix whereby we carried o

track of all previously used weights. pruning on both hidden layer neurons and number of
epochs which serves as a two dimensional contgpllin
Table 3 Recognition results using 10000 epochs matrix function for the design and implementation o
Reference MLP based recognition systefii§"**%)
Hidden Figure 3 shows the effect of pruning and learning
Neurons 0 1 2 3 4 5 6 7 8 9 process on the classification accuracy and redcognit
5 6 7 6 6 5 5 6 7 6 6 rateofour MLP based OCR system. It is clear ftben
10 ror 0 o7 7 7 7 7 T graphs that best accuracy and classification iaioéd
;g (7) Z g ; Z ; Z ; g g when using 1000_epochs and 25 hidden neurons. It
o5 o 1 2 3 4 5 § 7 g g Observed that using 100 epochs resulted in under
30 o 1 2 1 01 7 7 7 g g learning _ano_l poor recognition of tes_t(_ed n_umeralt_h wi
35 o 1 2 3 4 5 6 7 8 o slow oscillations due to slow recognition time vehdt
40 o 7 2 3 3 5 6 7 8 5 the other extreme of 10000 epochs’ instability famt
45 0 1 2 3 4 5 6 7 8 9 oscillations which indicates shorter recall timel aver
50 6 1 2 3 4 5 6 7 8 9 |learning with slightly better recognition than 2100
epochs case.
Table 4 Percentage classification o
Table 5 Classification and sum squared errors
Percentage Percentage Percentage Sum squared Sum squared Sum squared
Hidden Classification classification classification Hidden error error error
Neurons 100 Epochs 1000 Epochs 10000 EpochsNeurons (100 Epochs) (100 Epochs) (100 Epochs)
5 10 40 30 5 0.5090 0.35100 0.50000
10 20 30 10 10 0.5060 0.50080 0.50000
15 40 90 o0 15 0.1270 0.00390 0.13070
20 30 20 100 20 0.5033 0.00294 0.00048
25 80 100 100 25 0.1127 0.00293 0.00032
30 90 100 60 30 0.0538 0.00581 0.02530
35 80 100 100 35 0.0986 0.00330 0.00028
40 90 100 70 40 0.0855 0.05110 0.12500
45 100 100 100 45 0.0536 0.00106 0.00490
50 100 100 100 50 0.0150 0.00220 0.00014
Table 6: Hidden-output weight matrix
Wi:20 Wa1:40 Wia1:60 We1:80 We1:100 Wio1:120 Wa21:140 Woaa1:160 Wae1:180 Wiag1:200
-0.7384 -0.716210  0.123308 0.887697  0.014582 0BD29 0.444217  -0.946150 -0.797750  -0.553820
0.187194  0.253935  0.438999  -0.455240  0.383340 8%B2  0.493849 0.095120 0.400409  -0.135570
-0.21763  -0.317750  -0.483780  0.502167 -0.171300 063B30 0.298933  -0.295410 -0.962740  0.557803
0.75599  -0.743930  -0.913310  -0.280830  0.712710 29340 -0.103260  -0.448650 -0.692260  -0.491680
-0.06732  0.333320 -0.656110  -0.824540 -0.224590 58637 -0.560870  -0.639430 -0.671780  0.939861
-0.01499  -0.419550  -0.458600  -0.640310 -0.681850 .104110 -0.320470  -0.240550 0.646042  -0.329020
-0.54418  0.777422  0.416540  -0.477290  0.872413 G450 0730660  -0.541800 0.929757  0.775350
-0.96502  -0.753570  0.263159  -0.238450  0.537143 390140 -0.864750 0.550791 0.242063  0.444053
-0.30225  -0.965410  0.682166  0.236304  -0.064590 108D 0.622521 0.081475 -0.810210  -0.132490
-0.61636  -0.040450  -0.576440  -0.886810  0.438242 87OI1 -0.067430 0.939009 -0.432320  0.183444
-0.3216 0.691387  -0.420860  -0.045920  -0.788150 584 -0.938130 0.392654 -0.854190  -0.148270
-0.38814  0.850727  0.848113  -0.108260  0.919719 8®6 -0.629370 0.827983 -0.848960  -0.126400
0.733219  0.683133  -0.790960  0.072790  -0.914960 66483 0.729384 0.508201 0.291481  0.102784
0.478894  0.129642  -0.502290 -0.577420  0.597251 25630 -0.326980 0.383929 -0.723240  0.405845
0.287646  -0.666060  0.892322  0.069366  0.411091 Q&B4  0.157430 0.382600 -0.523940  0.899859
0.599062 -0.035420  0.801635  0.915521  0.793179 0868  -0.366740 0.384021 0.287710  0.083222
-0.1732 0.717059  0.169277  -0.607440  -0.448910 8995 -0.206470  -0.237550 0.999136  -0.088080
-0.46738  0.401398  0.654608  0.789937  -0.560170 =7 -0.575580  -0.645910 -0.699230  0.164478
0.623036  -0.101940 -0.191160  0.487330 -0.338820 064380 0.571663  -0.226630 -0.536870  0.565854
-0.39686  0.634015  -0.609550  0.601572  0.209401 4917  -0.114810  -0.192100 0.649275  0.759553
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W0 I Wisi:160 I Wi61:240 I Wa41:320 I Ws21:400 I Wa01.480 Wias1:560 Wse1:640 Wea1:720 W1721:800
0.4027637 -0.5742482 0.4578005 0.3506368 0.4889897 -0.7937924 0.6900722 0.7386004 0.1621374 0.08943069
-0.9394081 0.5275164 0.3039289 0.3546679 -0.8948634 -0.4981773 0.5236177 0.1255918 0.02172875 -0.7196238
0.2715555 -0.9868838 0.566203 -0.02375829 -0.2717465 0.3931757 -0.3423754 -0.8909732 -0.3296283 0.2728473

-0.03968 0.05863595 0.252403 -0.9144807 -0.6807699 -0.740478 0.2266734 0.6004941 -0.08280802 0.4745111
0.3040608 -0.2098812 0.1497356 -0.7893106 -0.4596812 -0.5857326 0.9813191 -0.8242253 0.9734839 -0.2927119
0.9177358 0.8665442 0.4649401 0.3511703 -0.2300031 0.5636785 0.207006 -0.8241148 0.2893493 0.3706515
0.5170184 0.1996459 0.8727201 0.756754 0.7771298 0.6495029 -0.5639268 -0.6273028 -0.7374705 -0.3295215
0.2732477 0.3882072 -0.5358007 0.9339237 -0.4577699 0.6648569 0.9054878 0.06583047 0.4556599 0.7762465
0.7173284 -0.3660754 0.6203038 -0.404348 -0.737568 -0.8246866 -0.5976046 0.5107228 -0.08674395 -0.1818048
0.1217806 -0.6624317 -0.7646356 -0.09424472 -0.06968236 -0.1506116 0.07121849 0.4781699 0.3045056 -0.5104096
0.07334101 -0.7207505 0.5150603 0.1776365 0.816187 -0.4141697 0.9611114 0.04445636 0.5330824 0.4586812
0.5989089 0.1713688 -0.8236611 0.5338252 0.3649998 -0.02449656 -0.5226543 0.8147132 -0.4309499 0.4765797
-0.7435418 -0.2814783 0.06640446 0.4583012 0.4742988 -0.615513 0.7459036 0.471594 -0.9520611 -0.9776284
0.4560516 -0.7184691 -0.3504963 0.5807471 -0.2458103 -0.7014725 -0.6365523 0.4729977 -0.2741036 -0.5384662
-0.2844523 -0.6458999 -0.4846817 -0.09921277 -0.5338472 -0.4915675 -0.3838378 0.9276489 -0.276848 0.2894331
0.2372303 0.7266023 -0.05246234 0.7535331 0.5503564 -0.1023617 0.4169786 0.06210828 -0.4869988 0.2445779
-0.8533303 0.2134658 0.9368902 0.1316968 0.01246727 -0.9517418 -0.2873505 -0.4615091 -0.8263949 0.4376153
0.8698895 -0.185235 -0.01419973 -0.9369984 -0.6430304 0.5166867 -0.3937235 -0.6549392 | -0.02366066 -0.4419119
0.720616 0.2001985 0.1631669 0.4466995 0.5059577 -0.2744631 -0.04152358 0.5931977 -0.4105011 -0.5270852
0.9822793 -0.6490953 -0.466223 -0.362231 0.386508 0.1315789 0.6776335 0.720247 0.5609334 0.7746992
0.130761 0.1854728 0.08881676 0.4130713 0.1373132 0.1906747 -0.68247 -0.9002808 0.5888907 -0.8944479
0.7599008 0.2378552 -0.7019129 -0.08336782 0.5825293 0.0567224 0.1932461 0.5544424 0.5532365 -0.7206247
-0.9762734 -0.8364061 0.4221071 -0.7074538 0.5289856 0.7035743 -0.7572664 -0.2141463 -0.1094543 -0.3662399
0.6535139 0.01272058 0.669554 -0.6199858 -0.2816968 0.9030333 -0.06063604 = -0.8201234 0.06257796 0.8180423
-0.124642 -0.03868783 -0.5563072 0.8469802 0.4392909 -0.7403876 -0.3108054 0.1080376 -0.6303986 -0.1021138
-0.2487924 0.5026224 -0.5531621 0.1329718 -0.7154934 -0.7999933 0.7955377 0.867866 0.8541708 0.6352832
-0.1254867 0.09243691 -0.164282 0.5893282 0.09932339 0.7234284 0.7840034 -0.6695539 -0.4414564 0.8673059
-0.8729672 0.5567579 -0.6508687 0.1522658 0.4784813 0.99435 -0.228879 -0.4084904 -0.1538179 -0.2864037
-0.1228353 0.8375009 -0.8562697 -0.9575676 0.2451824 -0.9669744 -0.6727759 0.2369081 0.155996 -0.07735026

-0.02130246 0.8491538 -0.3695831 0.509994 0.1075547 0.2376773 0.9815466 0.889946 0.5833659 0.9267151

0.993313 0.6275498 -0.06609309 -0.9318753 0.7018617 -0.9633139 -0.5743164 0.5381321 0.6058215 -0.7234541
0.8668251 0.7272983 -0.3922126 0.3862865 -0.2009599 0.2757683 0.7469592 0.6466744 0.4997585 0.6765501
-0.1307865 -0.5017568 -0.7919058 -0.1708602 0.1489846 -0.9748036 0.1970729 -0.4632543 -0.6909636 -0.2882332
0.868274 -0.1501629 -0.5836711 0.1835632 -0.9502873 -0.7481124 -0.5200894 0.09443712 0.2829361 -0.2245717
0.2274157 -0.8232306 -0.8608409 0.4463428 -0.1291562 -0.4781126 -0.8931388 0.1126469 0.5310367 -0.5484906

-0.04397917 0.9258308 0.803066 -0.4451454 0.7125041 0.7366681 0.6746178 0.859165 0.1523354 0.6970699
0.7271146 -0.1359288 -0.3108472 0.9137675 0.6473619 0.3929852 0.000522971 0.5911685 0.5666376 0.5139772
0.4181058 0.3680756 0.2724695 -0.3413157 0.3382721 -0.6029437 -0.1897171 0.355485 0.3641362 -0.7225113
-0.2926854 -0.7251142 0.172788 0.333968 0.1540912 0.8407756 -0.6064237 -0.4434458 -0.7745754 -0.2807461
-0.3718596 0.1729856 -0.6039732 -0.5469859 -0.08401561 0.01681995 0.4809766 0.3462908 -0.2447932 0.07205892
-0.1246935 | -0.001904607 = 0.05424154 -0.9638165 -0.6227468 -0.6579195 -0.9180652 -0.828838 -0.8000821 0.3543421
0.9798777 0.8395383 -0.7180603 0.3407526 -0.3723979 0.6811182 -0.4354174 -0.2172592 0.6386118 0.3603978

0.502956 -0.2601079 0.08016837 -0.3601862 0.3490895 -0.9054531 -0.3649281 -0.9769224 0.3790487 -0.8414851
0.2983451 -0.3602171 -0.8834872 -0.02067542 -0.3579752 -0.5623651 -0.2566938 0.9518476 0.8631823 0.1903112
-0.8066941 -0.4877459 -0.9106113 0.6257092 -0.2339734 -0.9667512 -0.1655031 -0.4088031 0.6694485 -0.8085202
-0.4599602 -0.9465902 -0.1999667 0.5668044 0.2605982 0.2467735 0.1882441 0.2711713 0.349649 0.7733011
-0.2200106 -0.6707653 0.1552821 0.4777716 -0.447848 0.9801008 -0.3799556 0.8121806 -0.6129495 -0.3531443
0.09468651 0.678884 0.5029879 -0.5828888 -0.7733152 0.5334148 0.7205176 0.3213549 -0.08416295 0.04413629
-0.5780426 -0.526436 0.5945143 0.957369 -0.06949651 | -0.01141512 0.6064757 -0.2277743 -0.2184962 0.1734616
0.5010579 0.4336402 0.7910044 0.1367664 -0.4882035 -0.8472621 -0.7385323 -0.6405675 0.7034245 0.6969848
0.0240835 -0.103937 -0.8366741 0.5730613 -0.9353296 -0.09019721 0.7328931 -0.8466457 -0.2441002 -0.2330819
-0.3062971 -0.6441593 0.03598547 -0.7842853 -0.6092103 -0.8618925 0.8844128 0.9799628 -0.9812381 0.5106094
0.8810116 0.8103698 0.8241347 -0.1918596 -0.1667918 -0.7568897 0.1074661 -0.7499849 0.3443114 0.7940618
-0.3944154 0.8201954 0.1163032 -0.6552939 -0.8813763 0.433351 -0.7195308 -0.9347756 | -0.09974432 -0.7248745
-0.0526315 0.04547942 -0.3550509 0.1684808 0.7993644 -0.2781183 -0.3900293 0.118498 0.009644389 -0.7873284
-0.7494919 -0.5196548 -0.2814426 -0.7282584 -0.9788196 -0.8464692 -0.04906607 0.3369732 -0.7751868 -0.8671787
0.7306157 -0.7814056 0.8940948 -0.3867959 0.9386183 -0.6581401 0.3146409 0.9216598 -0.6756982 0.549008
0.9967136 -0.2496932 -0.9466045 0.5100813 0.3126473 0.2020435 0.93873 -0.677737 0.6658506 -0.3544593
-0.5458428 -0.7092103 -0.1072458 -0.5693442 0.1865319 0.72098 0.2958328 0.03146422 -0.9038397 -0.3043357
0.1896145 0.1374807 0.2978959 -0.289686 0.4519632 -0.2592914 -0.5885859 -0.9541717 0.3153632 -0.5988715
0.03487837 0.5679888 -0.3121825 -0.3268677 0.3694144 -0.6730913 -0.120999 -0.04816735 0.4311661 -0.9077691
-0.7808204 0.2397215 -0.4229872 -0.7993419 -0.6491747 -0.4928489 0.9082472 -0.7384703 -0.7218807 0.4714384
0.8809975 0.7097527 0.1075469 -0.002158523 -0.4197012 -0.4751045 0.8994881 -0.3756913 0.7107702 0.351272
0.1263788 -0.2810292 0.7965841 0.3420091 -0.7542398 -0.3287528 0.563827 0.5353613 -0.6327147 0.5344031
0.07273018 0.8083819 -0.7374464 0.477353 -0.4372696 -0.9915627 0.03162563 -0.8209654 | -0.09066308 0.8921143
0.06119061 -0.9360478 0.1404021 0.4427812 -0.4532437 0.5431318 0.1207836 0.9925215 0.6233919 -0.02733278
-0.0117346 0.1008302 -0.9454139 -0.1928834 0.1648692 0.6752542 0.7506486 0.6935402 -0.1644028 -0.3550512
0.4046729 0.4544296 0.5438457 0.80725 0.4749591 -0.05473113 -0.9559631 -0.9589543 -0.9891291 -0.2387173
0.937555 0.3759311 0.7556323 -0.09756911 -0.5735968 -0.4889206 0.9899219 -0.9781553 0.4243807 0.387745
0.8675952 -0.4604728 -0.04342389 0.2051451 -0.1980705 -0.4389157 0.5491173 -0.1154988 -0.7591417 0.4569664
-0.1335851 -0.07693541 -0.7801665 0.9072319 0.3607754 0.5437602 0.7155222 -0.7436293 | -0.00459516 -0.2215229
0.3781345 0.5846503 -0.2932053 0.845283 -0.4970367 0.07266116 -0.19116 0.1362457 0.9948268 -0.8985794
0.6934396 0.4444977 0.7907108 0.2731951 -0.004777312 0.4301721 -0.03275907 | -0.1148297 -0.4176236 -0.3548368
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Fig. 5: Effect of cross pruning on miss-classificat

Figure 4 demonstrates application of Eq. 13
conjunction with our cross pruning approach to imbta
much more reliable and reflective representatiartte
errors that have occurred as a
classification. It is clear from the diagram théket

number of epochs that produce a stable classificati
system with minimum number of errors as a functén
hidden layer neurons is a 1000 epochs.

Figure 5 deals with an important aspect of
designing our MLP OCR system and in general
contributes to designing a much more accurate
classification system through the plotting and wriag
of what we can call Statistical Classification Reac
(SCR) whereby the figure indicates through the afse
our Cross Pruning (CP) technique the effect of wayy
both number of epochs and number of hidden layer
neurons on the absolute statistical differenceunfieral
miss classification which can be generalized toecov
character and word miss classification. It is cligam
Fig. 5 and by applying our SCR technique that our
system will be most unstable when using 100 and
10000 epochs with low number of hidden layer nesiron
and it also shows that the numeral the system hast m
difficulty in learning and classifying is the nuraéB as
it shares common properties with numerals 2, 8. The
figure also indicates that epoch numbers and hidden
neuron numbers had no effect on the classificatibn
the numeral 7 as its composition is simple and s
share many features with other numerals; hence it i
difficult to be confused or misclassified.

CONCLUSION

It is known that the choice of hidden units depend
on many factors such as the amount of noise in the
training data, the type of the shaping or activatio
function, the training algorithm, the number of ump
and output units and number of training patterns.

Overall, deciding how many hidden layer neurons
to use is a complex task which this research tted
clarify and quantify. In doing so and to have a

inmeaningful characterization for the system perforcea

in terms of classification and to include and aralthe
dependency of all the mentioned factors the concept

result of missross pruning is introduced together with the Statl

Classification Reach (SCR) and weight matrix auto

greatest percentage of miss classification occurenw update. These two techniques helped in deciding the
using a 100 epochs with larger oscillation periodoptimal number of hidden layer neurons and numiber o
compared to a 1000 epochs the number of teste@hidd epochs and pinpointed to the numerals that theesyst

neurons with the difference of amplitude reduction
the sum squared errors at earlier stage due ttatpge
number of cycles but still unstable due to ovechérzg

found difficult to classify. Our approach is centgi
novel in terms of reducing time and effort and
simplifying approaches to system design and

and over fitting compared to the 100 epochs casehwh modification which will assist in eliminating anyeak
suffers instability due to under learning and undemoints found in numeral based system in terms of

fitting. It is clear from the curve that the optimu

58:

numeral, MLP based recognition system.
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