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ABSTRACT

In the last decades Online Handwriting Recognition systems (OHR) have
shown a dramatic improvement especially in English language, however Arabic
language recognizers are still lagging behind. The main aim of this project is to
support Arabic recognizer’s efforts. The main idea of this project is to follow a
Divide and Conquer strategy to build an accurate and efficient recognizer.

Therefore the proposed classifier has two phases .In the first phase the
classifier identifies the letter’s class, while the second phase was devoted for
recognizing the letter inside its small group. A neural network was designed and
trained using Online Handwriting Isolated Arabic letters [1] . The resulting
network succeeded in classifying the training data with accuracy of 76.7%, the
reasons were discussed and we expect better accuracy when these problems
solved.

A subprogram has been written in the second phase to determine the
letter inside its group.
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Osmas JS & Uadll dad Cilua 45,30 i Cus (Back propagation) eUaadu alall Ly
Gloa 3ale Ly 4,80 4 58 Cua (Weight update) o) 3 sY) Cuans aiy @l 2y o ddlall Sl o
Laasaill J1 50 053 Of (AN JLEY) A D 5id) | A el saal) adll Loy sai s ol 5591 S
OsY) Jaas Als je (A 4dY (3ELI AL i saaal) Ledanin U (Activation Function)
(3l il Clus b Tapsal) A0a 45l A1) Jexis

: (Kohonen)ashasill 43513 (50 g8 S ilSul -3

(plae ) B pall pee adladll elase Ao aaiad Al dpelilaa¥) dpnaall AN & 63 gaal oo
e gana (e AS0El 038 (oS ¢ Al (ansds o) Jult g Caniall “\L@ASJMQY\_AA‘;A:?M'" S g

. a.:\shh«a\i\ ;\.,,\,\.«4’.3\ Gludd) et 8.1.3

gl s il fasm e 1548 aain e UauaY) dgpecmall Ao il e

. (pattern recognition) bla¥l e <o el Jlas
. (speech recognition) <l sl e Ca il
bl pasil c¥laay -

. (image recognition) Jsall Jde s jaill - -
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: dadia 1.2.3

Dbaid) 5o ¢ o gulaldl aladiuly 34 g IV Aadaty) avenad g a8 3auba 8120 QL) yuiay
<l yaiall 5 ol Al ae QL) A3 Jalai Cumy ild sdiaall i (g} (Matrix Laboratory)-
PRI g Gl ghiaall e Sblee o QL 8 Al )l Slileall @lld e 2l g dpialy ) G eSS

I3 apanali g Cany 31aS deliall L Liayl addiiey 5 desiall Cilpzaly jl 5 o glall Jie C¥lae bae & 4l S

,L?JL:;A}AJA
sy 252.2.3

Al U J)sall g il sl e il 48 858 s ¢ Apbal) plgall danadia dona p gy shal Ay 310 5
JI52 LS e 0Ule Aaayy A 2ol LS Al jl) ¥ aladl) 153 calite s Jus 3 LIS dyiaal)
o 5ol a3 Ol <l aal) (5 5815 ot (e s s 5 DAY Gl el o apaall AiLaYl Aials el
Pl g1 5 e el 5Ll )

3ac (4] Lagt bl el dallae JIA (e ULl Jia g Jalad illamy o g8y owdit sl pp 458 ) Adlaly

: Blosalal () £13.2.3

Cile Ao puas sdinall Apbeal) Cilileall 61 jal -
iy e sl -

Laclically aslall g 56 en 8 AdLS A Akl aranais slSlae -
lisiul p bl Jilas - -

A alag¥) il A liall 5 igh) Cllasadl) ave, -
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: Blosulal) il <0 4.2.3

DR At el ol dued e oS0

:(Matlab Language) 4=l 4l -]
Glazaall 5 Cild shiaall led axiing doe j3 Cildle (e 4583 jala Ao p 43l e Bl (g
Ay el Jsall
:(Working Environment) Jeall lassa -2
Laall 138 (5 sing 5 Jall e pasisall Sl aadind Cleud s Qi s de sane oo B ke
e sbrall Jlis ) s calag a5y LS b jniall 5 la) 5 el Jilsy e
:(Graphics Handle) 4l a sl alaia -3
AU 5 Gaaxall Dl el g 1 el ) o (5 i camund an ) dashaie oo B le s
Sty Clenadll el sall e (5 sing LS ¢ alay)
:(Library Matlab) sl )l J) sall 30l S -4
Jie Cle ) sadl 5 Azl )l ) sall 5 ol il (0 B 5S A sana o B e
sum , sin, cosine , matrix inverse ,matrix eigenvalues ,Fast Fourier
. transforms
:(Application program interface) 4a) sl clinkai g el 0 -5
. UL g AN Slaly Banall zal yall day y rand Baclie Jilu g e 3 ke

:(Toolboxes) 3 buall cBliLall il 531 5.2.3

e el Sl (Toolboxes) (sani s daadiall Clandaill ac b Jilu g e A (g giag
 anadial L S aladiud 5 delicall claa b o sh )y ALl

(neural Network lein (e dallaadl ililee 8 dariivall COlilal @l ool (e ES0) cllia
: (tool) 313 (e JiSI Lgd 2 505 Toolbox)

Neural fitting tool(nftool) -1
2
3
4

Neural Clustering tool(nctool)

Neural pattern Recognition tool(nprtool)

Neural Network training Display tool(nntraintool)

14



Neural Network tool(nntool) -5

fLiY aadiud a5« Casall i (Neural pattern Recognition tool ) alasiul &3 3

Bl e el b deadiall il

:(nprtool) W 6.2.3

CuB e JS (o g8 Al): JBa (g a) Al asladiind sale ] e (S g2 35S i g8 2D
(sl ARkl Ol suanl) dae s (K15 4K
Cbla¥) Caial Jlae 8 Jant] dguand) 4S80 Tl el HLall sy o 585 -3

. (nprtool) alasiul7.2.3

Welcome to the Neural Network Pattern Recognition Tool.

Solve a pattern-recognition prob lem with a two-layer feed-fo rward network.

Introduction

In pattern recognition problems, you want a neural network to classify
inputs into a set of target categories.

For example, reagnize the vineyard that a particular bottle of wine came
fram, based on chemical analysis (wine_dataset); or classify a tumor as

benign or malignant, based on uniformity of cell size, clump thickness,

mitosis (cancer_dataset).

The Meural Network Pattern Recognition Tool will help you select data,

create and train a network, and evaluate its performance using mean square
error and confusion matrices,

B To continue, dick [Next].

Meural Network

Hidden Layer Qutput Layer

Atwo-layer feed-forward network, with sigmoid hidden and output
neurans (newpr), can classify wectors arbitrarily well, given enough neurons
in its hidden layer.,

The network will be trained with scaled conjugate gradient backpropagation
(trainscg).

4 Back | & Next | | aCanceI |

(nprtool) 8 4eals Js Ji (1.2.3) JS&
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4 Neural Network Pattern Recognition Tool (nprtool) = =

Y Select Data
I ‘What inputs and targets define your problem?

Get Data from Workspace Summary

o Inputs: @ (none) v Mo inputs selected.

@ Targets:

Samples are oriented as: @ E|||] Colurmns () EE] Rows No targets selected.

Want to try out this tool with an example data set?

Load Example Data Set

0 Select inputs and targets, then click [Next].

4 Back W Mext @ cancel

Csthall Al Jisi 2 ASull el i ] (2,2.3) Jsall

16



Validation and Test Data
Set aside some samples forwvalidation and te sting.
Select Percentages Explanation

a Randomly divide up the 3000 samples: a Three Kinds of Samples:

. Training: T0% 2100 samples ' Training:
— These are presented to the network during training, and the network is
‘ 450 |
W validation: SR adjusted according to its error,
.Testing: 450 samples

i ‘alidation:

These are used to measure network generalization, and to halt training
when generalization stops improving.

. Testing:

These have no effect on training and so provide an independent measure of
netwaork performance during and after training.

Restore Defaults

* Change percentages if desired, then dick [Next] to continue.

| 4@ Back ” & Next |

(validation)gsasill 4 5 (testing) JLis Sl ) ot (M) ASLEN JAde andl a5 (3.2.3) Jill

((training)< il Aleal JiaeS aa i Al A

17



Network Size
Setthe dimensions of the self-organizing map's output layer.

~Hidden Layer

Mumber of Hidden Neurons:

Restare Defaults

~Recom ion

Return to this panel and change the number of neurons if
the netwark does not perform well after training,

~Neural Network

Hidden Layer

Qutput Layer

20

» Change the number of neurons if desired, then click [Next] to continue.

| 4@ Back || & Next | | a(:ancel |

A Al b i paanll 230 3083 S deal o)l s3a & (4.2.3) JSa
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Train Network
Train the network to classify the inputs according to the targets,

Train Metwork Results

Train using scaled conjugate gradient backpropagation (trainscg). 5 Samples MSE

W Training: 2400

W Validation: 300

(7] Testing: 300
Training automatically stops when generalization stops improving, as
indicated by an increase in the mean square error of the validation
samples,

Plat Confusion PletROC
Motes

h Training multiple times will generate different results due

Mean Squared Error is the average squared difference
to different initial conditions and sampling.

between outputs and targets, Lower values are better, Zero
means no error,
Percent Error indicates the fraction of samples which are

misclassified. & value of 0 means no misclassifications,
100 indicates maximum misclassifications,

o Train network, then dick [Next].

* ot

(5.2.3) Jsal

s Lad (pladd LAl (5,2,3) Jed) 8

A il 7 jde G COBEAY) a0 e Jaw 53 Jiey - Mean Squared Error (MSE) -1
CilS Ll duall (e dnill < 58 IS (target) dall Jsa sall o jall cangdl 5 (output)
celbd an o Y i s Al S 130e Jucadl

dall) Capaill (8 Chnia Lpal (Al G e e 3 I e : Percent Error (%E ) -2
(il Cugaa e e J Lils Al dagill il 131 L) ¢ JalS Caiatl) () e JS s
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| & - -
] i Neural Network
Train Network cural letwor
1 Train the network to das
Train Network
Train using scaled conjugate gradig MSE %E
Algorithms R R
Training: Scaled Conjugate Gradient (trainsco) - -
Training automatically stops when Perforr.n.ar?ce: Mean Squ.ar.e:.i Errar lgmsej
) indicated by an increase in the mea Data Division: ~ Random (dividerand)
samples. Plat ROC
Progress
Not
ores Epoch: 0 |I 28 iterations 1000
%y Training multiple times will ge Time: 0:00:04 ared difference
to different initial conditions a B 0401 [ DiMEE 0.00 lues are better. Zero
1 Gradient: 100 [EEE 0000 1.00e-06
! ‘alidation Checks: o 1 [} samples which are
isclassifications,
l ons.
l
| Performance (plotperfarm)
| Training State (plottrainstate)
| Confusion (plotconfusion)
| Receiver Operating Characteristic (plotroc)
Plot Interval: D 1epachs
@ Training network. @ Training neural network..
N @ Stop Training | | @ cancel | 3 ® Next @ cancel

& ol eyl ddee 88 655 (Training) <ol Alee x5 (6.2.3)JSAl
.(Validation Data) ¢gaaill wlly alaaiuly sy 53l (Generalization)
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@ Evaluate Network
Optionally test network on more data, then decide if network performance is good enough.

~Iterate for improved performance ~Optionally perform additonal tests

Try training again if a first try did not generate good results B inputs: | data
or you require marginal improvement.

@ Targets: | target

Samples are oriented as: (O} [.] Columns () [E] Rows

Increase network size if retraining did not help. Inputs ‘data’ is a 15x3000 matrix, representing 3000 samples of 15 elements.

| Bl Adjust Network Size

Targets 'target’ is a 15x3000 matrix, representing 3000 samples of 15

. elements.
Mot working? You may need to use a larger data set.

| - Import Larger Data Set

t Test Network

Plot Confusion Plot ROC

o Click an improvement button, test, or clide [Next]

| @@ Back ” B MNext | | °Cancel |

. (testing) s Jee (S JSEN 13 (7.2.3) JSal

21



@ Save Results
Save network and data to workspace, an m-file or Simulink.

~Save Data to Workspace

Save network to MATLAB network object named:

Save performance and data set information to MATLAE struct named:
Save outputs to MATLAE matrix named:

Save errors to MATLAB matrix named:

[[] Save inputs to MATLAB matrix named:

[[] Sawe targets to MATLAB matrix named:

results

Restore Defaults & Save Results

a Generate M-File

[[] Sawe ALL selected values above to MATLAE struct named:

o ==

E EN
I | |

o

jad

Generate an M-function to reproduce these results and solve other problems:

Generate a Simulink version of the netwark: | i@ Generate Simulink Diagram

0 Saveresults and click [Finish].

* ot

.(Matlab Function) 3_all s 55 (e (Sad g Ladaldl il Jla aa sidgal oll oda (3(8.2.3) J<all
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function net = create_pr_net(inputs,targets)

%CREATE_PR_NET Creates and trains a pattern recognition neural network.
%

% NET = CREATE_PR_NET(INPUTS, TARGETYS) takes these arguments:
% INPUTS - RxQ matrix of Q R-element input samples

% TARGETS - SxQ matrix of Q S-element associated target samples, where
%  each column contains a single 1, with all other elements set to 0.

% and returns these results:

% NET - The trained neural network

%

% For example, to solve the Iris dataset problem with this function:

%

% load iris_dataset

% net = create_pr_net(irisInputs,irisTargets);

% irisOutputs = sim(net,irisInputs);

%

% To reproduce the results you obtained in NPRTOOL.:

%

% net =create_pr_net(data',target’);

% Create Network

numHiddenNeurons = 20; % Adjust as desired

net = newpr(inputs,targets,numHiddenNeurons);

net.divideParam.trainRatio = 80/100; % Adjust as desired
net.divideParam.valRatio = 10/100; % Adjust as desired
net.divideParam.testRatio = 10/100; % Adjust as desired

% Train and Apply Network

[net,tr] = train(net,inputs,targets);

outputs = sim(net,inputs);

% Plot

plotperf(tr)

plotconfusion(targets,outputs)

. (nprtool) e Alsiall 3 24l Jiay (9.2.3) Jsill
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da Atual) UK Gl 5 (UPX Format [2]) dasas leras o3 Sl Lile (5 ain Al @byl de gana

- Al AS a (e

. all 45 &l (Pen strokes) <l pall e ]

A e S S (pen tip) dSTcldlayl 2

.(pentip) &S~ S e 3

Al Al 4
aaloall Al 8 1] s e el ) i) bl Ao gana e 3 3al) 8 ad]
X_coordinate ) ) il e dlias (@) eldl Cijad JY) 4 il maza sy (1.1.4) IS4
.« il Je (Y _coordinate Time Status

Y e 2al 0 plaie (5 e b 58 5 (HIMELTiCS) (oand Lol 3an 55 Ledada o ClLilaaY) o2a £l g
. (Display Resolution) 4aLall 4y e aaiai ¥ g aal ol el 8
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<trace id="Stroke0">
7312404301
7304 4048 16 1
73124033161
73124028311
73124033311
7312 4028 47 1
7312 4028 47 1
73204033631
73294033781
7337 4028 94 1
7337 4028 1251
7337 4023156 1
7337 4023187 1
7337 40232191
7337 4043 250 1
7353 4069 281 1
735341103121
7362 4152 3431
737041983751
7378 4250 406 1
73954291 437 1
74204343 468 1
7436 4390 499 1
7444 4431 546 1
7444 4472 577 1
7436 4524 609 1
7411 4565 640 1
737046126711
7295 4643702 1
7229 4674733 1
71304695 765 1
70314715796 1
6932 4736 827 1
6841 4762 858 1
67254777 889 1
66254788 921 1
65104798 952 1
641048149831
6295 4824 1014 1
6187 4829 1045 1
6071 4829 1092 1
5964 4829 1123 1
5848 4824 1155 1
5749 4819 1186 1
5649 4803 1217 1
5550 4783 1248 1
5467 4752 1279 1
5410 4700 1311 1
5352 4638 1342 1
5319 4581 1373 1
5285 4519 1404 1
5277 4457 1435 1
5277 4390 1467 1
5285 4338 1498 1
5319 4291 1529 1
</trace>

£l Caad Y1 ol ey (1.1.4) JSa)
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L)l S5 dae 5 a5 adl a5y (1.1.4) Jsaad)

281

269

253

=) s sl
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|
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302
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261
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232

272
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249
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[
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: (Data preprocessing ) 4l s¥) daltaall 1.2.4

AT Baa (e Ll saiS ¢ i) JSUie Jilis 51 A 5] dlee o il e 40 691 dalladl)
. (noises) wila sl A1 3)

SAd Y Al il s -
. (Data resampling) <blall Jidisale) |1
.(Smoothing) sl 2

: (Data Resampling) <blall Jdiad sale) | ]
SI(Himetrics) sk 8 il (pen tip) J) &) se Jagais a5 Als jall 028 8
lgiallae 5 Lgiul Hal 48U L8 e je S (Pixels)
J) e Altie de pandd (pixel) 338 A ellacly o5 o 51 daa 3 5801 Golaty ik

. (pen tips)
xh X 2540 1
X, =
P 96 (D)
}”p = L 96 (2)

58 (Xp,Yn) s ¢ Screen Pixel odda pentip J) gase s (Xp,Y,) Sus
. Himetrics J) (+tias (pentip) J) ga e
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: (Smoothing) sl 2
Lo Llle &aas Al (Noises) <la gl gy Jalas o3 Als jall 038 4
Gkl e sl (Hardware problem) bl aasiud) jlea 3 JSLa]
Bl o Al 48 a
_.[4] 3[3] Crfilalaal) Gt 3

m
r
X; = Z A Xiyk (3)
k=—m
m
r - .
Vi = Z Xk Vitk (4)
k=—m

8okl Blall s S M 5 ¢ (K, Yiag) bl xie o) 5l Jiad o S
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s dadial) 1.3.4

Al FSY) il slaall a5 sind el (5585 ) g dsanll GISLAN ae daladl) 2ie

) d#\@wa%ﬁ\@goéjgﬁdm‘M\@M&@MQTM
: (Feature vector) Jaal) dada (peSi @l ghd 2.3 4

. a4 &l 4l 4 uzll (chain code) Alwlud) 3 i olis) ]

.(chain code vector normalization) aukill 5 cadasill 2
:(chain code) Aleludl b )il ¢L&) 1.2.3.4

oyl A1 Byl pa 5 pall 5l 5 ) guall prain 5 LaS A ola) Jada ALl 3k wigd

bl 5 aball
4 3 2
-/-
5 4 1 3
- ?:_.
6 7 8 S S P
Clalaay (1.3.4) JSa (2.3.4)dsa
L)
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2 2 2 2

(Normalization) J shll cuis Jé sbeall o jal AL 3 58 e 5y(3.3.4) JSA
 Cmal i8] A jad g Ciyall Al A ) e Alulll 5500 Gl

¢ agiliS A3yl & Gl Caling 38 4] Cua Tkl Laal ) (S5 ¢ V1A ) o J5Y)
i) o5 AU 8 IS B geailall e eUadl ) AdLaYL

Cly_aall 0 55 Gulil) (mms (815 ¢ 5 S Aapal Lilia OIS 5 ¢ Gaall 83 i Jshl a1 S
(Ul Caya ) e Al 4 puall e J shal 4 53L0)

\
c LlA Cayias

(<) (")
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(chain code normalization) gkl s Claisll 2.2.3.4
- cadawll ]

¢ SMoothing sl dla e 8 Ll ) &5 Al ) 5 ALY oL Ul (any 4y juiall (5 gin 38
- uﬁuﬂ;}ﬂm“&\alﬁsL;sﬂh\jj\)&w\oﬁ)mhsw}a;&:.ﬁ};}uﬂbgjﬁ\)u}\}

(S 2y ol sha) ¢ M) B3 seale e ASall (sSE ) e

(S W) ¢ gl ) D) Joop il JSG e Gapall ssing o e
Liad 38 5 ¢ dage iy cal) 5) 8 ) oK Ul ol cUnlld &1 3] ) o8 Ulay) < i o) pualiall o &) 3) ()14
Sl b Ll Sl

N A M O 0 A O O NN
A DN O O M O 00O NN
A DN O O M O 00O NN
N A O 0 A O © N N
N A O 0 A O © N N
N A O 0 A O © N N
N A O 0 A O © N N
N A O 0 A O O NN
N A O 0 A O O NN
N A O 0 A DM O NN
N A DN O M DN O O N
N M M O O M O O N

2l gl S Gl aliall A1) aay dall Ca_all ALl 5k praa 50 (5.3.4) IS
:(Normalization) aukill 2

(p=ic) DA 15 Jskay (Normalized Chain code) <l J sk asia ) Alalid) 3,85 )y el
- @w‘u&w\éﬂ.\hfﬁéeﬂ‘)&ﬂ\ ‘)mhcw‘)m.\cdgk_!\‘)\‘)ﬂ\ume}sa
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- Y] ALl 3588 Wal 2 il
41351114444222222
Dt Al e el ) S35 8,0l jualic
4135142
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Dl ) SEN QS pealiall A1) ) aas Led) ) S5 8 88 jualic
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346
:Janal) aniall 8 jeaie JS 1 S5 da s ay L3l ) S35 5588 jualic
14 2
34 46 6.9

Al o3 85500 glal 815 ge Jshall 534 ) (8 ot 38 )5 3yl ) gl oy 580 dlae o) jaly
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il Sl 1.2.4 4

(Feature 2 sl Jasall Jsh Jici 15 Cua [15 X 3000] 222 53 Jaae Ao ASE (uy yai o
codled Cile sanall UK (e 3l 222 (Jia3 3000 5 Vector)

s Jiay Cia JS8 ¢ Cajal 4 gt ) Cle sanal) 88 Ao gaan S e e 200 3 &
) Jiay aadl elld (8 Jadd aal 5 a0 5ST Al Ao sanall (B 5 ¢ Ao sanal Clie a0
VAN

oY Sl 3.2.44

38 shaall oLt &3 ¢ ol de gena JS (e Aie 30 by g gind 5 LAY A shona o L) &

A sde 3 ) gy W A &5 A g il (84S e L je o8 (Al Sllad) e e Ll pde
L

AliaY Aliy 3l ) Cogiualll Chena ol 48 e o Laeludl G ja Y1 odg] ) sa Jaxy Liad
B Capall O8I L gl ¢ e i L S A (30 (e dpee 43y Hlal A8 e Ayl
e Gyl dpanl) A4S0 adainsd old Slal Llala 5 ) guay 454US Cual

g (e JLRY) Clie 230 & gane 4 450 Cus [15 X 450 ] ) L JLaY) dd siias
e 30 22 @ Hli de geaae JS ¢ Aile gandll
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: (Training) «wu4l 1.5.4
oAl Jadin (2.2.3) J<all « (Function) 4dla a3 (nprtool) JI alasiu) o3

saasall il el Crn 30811 LA o 585 3 Jaae JS (e (Target) <sthall Caagls (Input)
e 3 ) gy Lgaladin] g La JLIA) 5 Loy Bale) Sy ¢ ppac 405 a3 5 « (Parameters)
& leeladin) Jeow s 48l A5dall 8 (Neurons) <l suasll sae Juindl 3l gall Allal) Jians o3
ol Jae
2 A3l A ) ppaiall o gaa o

L %80 cuoill A deodiadl bl 4w e

210 arenll b A2 86l 30l ) (e Fia 8 Ferdionall Ll G o

Y10 JLiRY) b dexdiveddl ULl o o

Al k) 3 (same (256206 156 10 ¢ 5) 5 5m Anme 3u5 L] o
ISl e 5 (Retrain) 4Suill cysisdle) s o

.(confusion matrix)d! 42 aladiuly Caagll xe z Haall 45 jlaay il 8 AL 3ol (ulB 5 @
c ol ddae s (1.5.4) Jsall

oo ST Caiat A Ll o £8al) Aalall 8 () guac 25 520 J) Culd Sl o Jas sl (i) dylee day
s Jas e (S 5 g )i A () smac 23 (5 et A8l L) 238 ¢ JS1 9% 47.8 5 %.858 daws siay iy AY)
. %56.9 L Caiail)

Ll ) @ sme 25 J) @ o Jeb o ey S () sae 23 520 J) ) Gl e ganae O (0 a2l
9%76.7 S s Cagiatll L 3US el e L seand () suac 25 I @) il gaa) U sl
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Aail) il 8 il pumal) 2o e Casieaill s (1.5.4)J soa))

Net | No of neurons | Classification (%)
115 32
2|5 41
3|5 40.2
415 52.2
5|5 35.8
6|10 29.5
7110 62.9
810 62.9
910 62.9
10| 10 27.2
11|15 40.7
12 |15 52.6
13|15 61.5
14 | 15 31.7
16 | 15 28.8
17 | 20 53.1
18 | 20 64.5
19|20 75.9
20 | 20 69.3
21|20 315
22 | 25 5.6
23 | 25 72.8
24 | 25 37.8
25|25 46.1
26 | 25 76.7
27 | 30 37.1
28 | 30 42.2
29 | 30 61.9
30| 30 17.6
31|30 59.3
32|23 58.2
33|23 76.1
34|23 66.5
35|23 38.9
36 | 23 45.1
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