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3 .

          

     

       

             

    -  

[3]:-

:-
Large, Medium Large, Medium,

Medium Small, Small .x
       y .  

-[4]:-

If  x is Small    Then  y is Small or Medium Small
If  x is Medium Then  y is Medium Small or Medium
If  x is Large    Then  y is Medium or Medium Large or Large

    p      

(AP,  BP)APBP

:-

{(AP, BP)}= {(Small, Small or Medium
Small), (Medium, Medium Small or Medium),
                       (Large, Medium or Medium
Large or Large)}
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[5]:-
Rule:   IF   X1 is  AP1  and … and  Xn is  APn
Then Y1 is BP1  and … and  Yc is BPc
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APi (AP1,…, APn) :.
Yj (Y1,…, Yc) :.

BPj (BP1,…, BPc) :.
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IInnppuutt uunniittss::--
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[0,1]

[2,7] .
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L= 1+ ( no-input*no-hidden + no-output * no-hidden) *2
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9.Experiment and Results
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[0,1]         

.

         

[2,7]         

         

(h= 0.2, 0.4, 0.6, 0.8, 1)  

  
(h= 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1)
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IIrriiss
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Diabetes
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   .     

60 .)4 (

 .

)2 (Synthetic

1100--lleevveell55--lleevveell

GGeenneerraalliizzee rraatteeTTrr.. rraatteeNNeett--eerrrroorrTTrr.. rraatteeNNeett--eerrrroorrRRuunn nnoo..
96%100%0.0011557425%0.00170693Run1
96%100%0.0007602725%0.00331597Run2
96%100%0.0009963225%0.00142017Run3
96%100%0.0011334525%0.00189705Run4
96%100%0.0012822425%0.00335053Run5

1100--lleevveell55--lleevveell

GGeenneerraalliizzee rraatteeTTrr.. rraatteeNNeett--eerrrroorrTTrr.. RRaatteeNNeett--eerrrroorrRRuunn nnoo..
81%100%0.0003153725%0.00085005Run1
81%100%0.0003226825%0.00083197Run2
81%100%0.0003207825%0.00042716Run3
81%100%0.0000999125%0.00083674Run4
81%100%0.0003814925%0.00169150Run5

1100--lleevveell55--lleevveell

TTrraaiinniinngg rraattNNeett--eerrrroorrTTrraaiinniinngg rraattNNeett--eerrrroorrRRuunn nnoo..

96%0.0004934524%0.00054882Run1
96%0.0005843924%0.00054882Run2
96%0.0003359024%0.00210129Run3
96%0.0005021624%0.00229046Run4
96%0.0005899024%0.00097398Run5

)3 (Iris

)4 (Diabetes
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)5 ()6 ()7.(

)5 (Synthetic

77553322sseett nnoo..

TTrr..
RRaatt

NNeett--eerrrroorrTTrr..
RRaatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

1000.0018087920.00126611000.00525291533.506831Run1

1000.0012552920.00416961000.00353341535.516146Run2
1000.0017975920.00362711000.00297651533.677898Run3
1000.0017749920.00281591000.00310971533.557358Run4
1000.0007510920.0022771000.00321631533.570831Run5

)6 (Iris

77553322sseett nnoo..

TTrr..
RRaatt

NNeett--eerrrroorrTTrr..
RRaatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

1000.0005754940.00068321000.0006946980.0009747Run1
1000.0005640940.00061271000.0007127980.0007332Run2
1000.0005509940.00052241000.0006823980.0010478Run3
1000.0005140940.00059961000.0007818980.0009745Run4
1000.0004747940.00609571000.0003742980.0008374Run5

)7 (Diabetes

77553322sseett nnoo..

TTrr..
RRaatt

NNeett--eerrrroorrTTrr..
RRaatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrTTrr..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

1000.00013351000.0004320960.0005899970.0008132Run1
1000.00025461000.0006212960.0015677970.0045568Run2
1000.00156881000.0057896960.0156784970.3566485Run3
1000.00065221000.0014456960.0045685970.0254896Run4
1000.00443251000.0142327960.0556315970.2003541Run5
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)5 ()6 ()7(

           

 .    )5 (     
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Iris
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  7           

  "  .      

)8 ()9 ()10:(-
)8 (Synthetic

77553322sseett nnoo..

GGee..
RRaatt

NNeett--eerrrroorrGGee..
RRaatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

960.0018087-0.0012661900.0052529-33.506831Run1
960.0012552-0.0041696900.0035334-35.516146Run2
960.0017975-0.0036271900.0029765-33.677898Run3
960.0017749-0.0028159900.0031097-33.557358Run4
960.0007510-0.002277900.0032163-33.570831Run5

)9 (Iris

77553322sseett nnoo..
GGee..
RRaatt

NNeett--eerrrroorrGGee..
RRaatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

820.0005754-0.0006832810.0006946-0.0009747Run1
820.0005640-0.0006127810.0007127-0.0007332Run2
820.0005509-0.0005224810.0006823-0.0010478Run3
820.0005140-0.0005996810.0007818-0.0009745Run4
820.0004747-0.0060957810.0003742-0.0008374Run5

)10 (Diabetes

77553322sseett nnoo..

GGee..
rraatt

NNeett--eerrrroorrGGee..
RRaatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrGGee..
rraatt

NNeett--eerrrroorrRRuunn nnoo..

960.0001335950.0004320-0.0005899-0.0008132Run1

960.0002546950.0006212-0.0015677-0.0045568Run2

960.0015688950.0057896-0.0156784-0.3566485Run3

960.0006522950.0014456-0.0045685-0.0254896Run4

960.0044325950.0142327-0.0556315-0.2003541Run5
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9-2
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     [2,7]     

    [0,1] .

      [10,50] .

        

     .  

[20,60].

        

      

         

.

         

.

          

       (1x)   

     (2x)   

   (ux).       

.

       

         

)11  .(

Synthetic

    (1x)    50  "

60.

     (2x)    50  "

50.

     (ux)    50  "

40.

Iris

    (1x)    20  "

60.

    (2x)   20  "

50.

    (ux)   20  "

30.

Diabetes

    (1x)    10   

 25.

    (2x)   10   

30.

    (ux)   10   

25.

)11 (

uuxx22xx11xxttyyppee

TTrr..
RRaatt

NNeett--eerrrroorrSSeett
nnoo..

TTrr..
rraatt

NNeett--eerrrroorrSSeett
nnoo..

TTrr..
rraatt

NNeett--eerrrroorrSSeett
nnoo..

pprroobblleemmss

1000.000611117810.001942533810.001030173Synthetic

1000.0002597151000.000820132940.000307395Iris

1000.000432015950.000835623800.006677245Diabetes
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(ux)           

           

(2x)          
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    (ux)      
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9-3
     

           

  

        

           

.

         

  

:-

Synthetic
          

          

            

       [-0.5,0.5]  

           

  [-0.8,0.8]baise       [-

0.1,0.1] .

    40        

       .  

        10000 .

)12.(

Iris
          

          

             [-

0.5,0.5]      .   

   5      

 .10000

 .)12.(

Diabetes
          

          

             [-

0.5,0.5]      .   

   50      

 .10000

 .)12.(

     )12 (     

         

          

         

        

         

  

         

           

         

    

.
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)12 (

FFuuzzzziiffiieedd NNeeuurraall NNeettwwoorrkkss GGeenneettiicc FFuuzzzziiffiieedd NNeeuurraall NNeettwwoorrkkss NNeeuurraall NNeettwwoorrkkss
PPrroobblleemm Set no. Net-Error Tr. rate Ge.

rate
Set no. Net-Error Tr. rate Ge. rate Net-Error Tr. rate

synthetic 3 0.0009774
8

100% 90% 7 0.00061111 100% 100% 6.49935723 92%

Iris 3 0.0002708
5

100% 81% 5 0.00025971 100% 100% 0.00195592 90%

Diabetes 3 0.0005899
0

96% - 5 0.00043201 100% 98% 17.2007861
7

75%
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HHyybbrriidd SSyysstteemm GGeennoo--FFuuzzzziiffiieedd NNeeuurraall NNeettwwoorrkk
FFoorr SSoollvviinngg SSoommee CCllaassssiiffiiccaattiioonn PPrroobblleemmss

RRaaiiddaahh SSaalliimm KKhhaauuddeeyyeerr & SShhaatthhaa FFaalleehh HHeennddyy

AAbbssttrraacctt
     This paper presented a hybrid method consisting of three intelligent systems (artificial
neural networks, fuzzy logic, genetic algorithms), since these systems are effective in
solving different issues but all the system suffers from some problems that reduce
efficiency, so it was to integrate these systems with some To give the system benefit from
the advantages of each method and encroaches on the disadvantages.
     We used in this research method of a hybrid resulting from a combination of fuzzy
logic and neural networks, as used fuzzy logic to fuzzified training data and weights used
in the neural network, and this method is called fuzzified  neural networks, which gives
the network a greater ability to generalize and accelerate the convergence process, but this
method suffers of a problem in determining the number of fuzzy sets and optimal fuzzy
weights, as the experiment method used to select it. To resolve this problem, genetic
algorithm was used to determine the best number of fuzzy sets and the best fuzzy weights
through research, which makes the network more efficiently trained.

Key words: fuzzy system, neural networks, genetic algorithm, fuzzified neural networks .


