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Adaptive Identification Method of EDM
Parameters Using Neural Network

Keon-Beom Lee*, Sang-Yoon Ju**, Gi-Nam Wang***

ABSTRACT

Adaptive neural network approach is presented for determining Electrical Discharge Machining (EDM)
parameters. Electrical Discharge Machining has been widely used with its capability of machining hard
metals and tough shapes. In the past few years, EDM has been established in tool-room and large-scale
production. However, in spite of it's wide application, an universal selection method of EDM parameters
has not been established yet. No attempt has been tried before to suggest a logical method in determining
essential machine parameters considering the machining rate and resulting surface roughness integrity.

The paper presents a method, which is focusing on determining appropriate machining parameters.
Depending on the electrode wear and surface roughness, an adaptive neural network is designed for provid-

ing suitable machining guideline.

Key Words : EDM (Electrical Discharge Machining), Electrode wear(A=2w}2), Cavity(F|ulEl])
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Fig.1 EDM Condition and Machining Characteristics
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Fig. 2 Procedure of Determining EDM Parameters
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Table 1 Input Data of Over-cut Neural Network
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Table 2 Input Data of Roughness Neural Network

dezd | T AR Z2 A9 AR
W 0 1 2

Rmax g gt 2 g Ex
B 40 30 20




oAy - & - WA

Fig.3¢& Wa7z23& 23317 st & G4
Aotd AA%e 72 Jehd Aoz 47t 3§19 A4
AE AAY o A AR 474G 2 FASHAYUL
Table 13 Table 29 472 % Q& 7)280o) ZRA
7 B9 AR 9 4% 39 AV AF ARG ¥
A7b2 235 AR&n, 2EAHA) R (e
Y A4, o8 A AE ARG BAstgEdes 2
A 5 JES g ow A AE A% AY 2L
ASLRGY(W), 5% 7180 Z(C,,). ZAHM)
o e Aoz PARACH, FH AL AR AF
el 48 22 AFARYA(W), EX XY AHYI
(R,y). ZHEM) 9 3749 w2 FAHUG, 27)
o 2Y & 5§/l AE ARY 2% 47 12709} 7
og F4HQoen, 29 & Tl AR 44T EF
E2¥ 1 2389 9le) 7HEAA Eo] 7ol # # 9
EE 3-k-k-99 F2E e AAHo T FAIAL.

§'f\ *//A\ : :

input Layer Output Layer

Hidden Layer s

Fig. 3 Schematic Diagram of Expert Neural Networks
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Table 3 Learning Data of Over-cut Neural Network

| _input Data Target Data
Mod Cy; Moffl, T, 7. V Ad Au

Arc Lev Sv

0 120 40{ 8 2t 12 60 20 & 1 3 9
0 140 40p 11 22 12 60 20 5 1 3 9
0 160 400313 22 12 €60 20 5 1 3 9
0 250 40115 24 12 60 20 5 1 3 9
0 280 40|18 24 12 60 20 5 1 3 9
0 300 40f22 26 12 60 20 § 1 3 9
0 320 40024 26 12 60 20 5 1 3 9
0 500 40) 26 28 12 60 20 5 1 3 9
055 4030 30 12 60 20 5 1 3 9
1 3 303 12 8 5 15 7 3 4 7
1 60 30| 5 12 8 s0 15 7 3 4 7
1 75 304 6 14 8 5 15 7 3 4 7
1 85 308§ 7 14 8 50 15 7 3 4 7
1 110 3010 16 8 850 15 7 3 4 7
1 160 30411 18 8 S0 15 7 3 4 7
L1180 30018 20 8 50 15 7 3 4 7]
2 25 20 1 3 3 4 10 9 5 5 6
2 30 20§ 3 7 7 4 10 9 5 5 &
2 3 200 5 8 7 4 10 9 S5 5 ©
2 40 20/ 5 9 8 40 10 9 &5 5 6
2 45 20§ 6 9 8 40 10 8 & 5 6
2 55 204 6 10 8 40 W0 9 5 5 b
2 60 20410 10 8 40 10 9 S5 & 6
2 70 20§11 12 8 40 10 9 5 5 6

Table 4 Learning Data of Roughness Neural Networks

input Data Jarget Data
0d Rpwx Molll, 7, T, V Ad Au Arc Lev Sv
0 18 403 21 12 60 7 6 2 3 9
0 27 40f{8 21 12 60 12 6 2 3 9
0 35 40Hl11 22 12 60 15 6 2 3 8
4] 43 4013 22 12 60 15 6 2 3 9
0 56 40|15 24 12 60 20 6 2 3 9
0 67 40f/18 24 12 60 20 6 2 3 8
0 78 4022 26 12 60 20 6 2 3 8
0.9 40)i24 26 12 60 20 6 2 3 9]
1 16 303 12 8 5 5 5 3 4 7
1 22 30| 5 12 8 s 7 5 3 4 7
1 26 30lle 14 8 50 10 5 3 4 7
1 32 30{7 14 8 5 12 5 3 4 7
1 38 3010 16 8 8 12 5 3 4 7
1 47 30411 17 9 50 15 5 3 4 7
1 53 3013 18 12 5 15 5 3 4 7
.72 fl1e 20 12 50 15 5 3 4 7
2 <] 201 3 5 40 5 4 4 5 6
2 ] 2012 4 5 40 5 4 4 5 6
2 1t 2013 7 6 40 5 4 4 5 8
2 17 2005 9 7 40 7 4 4 5 6
2 20 206 10 8 40 12 4 4 5 6
2 24 20ll10 10 9 40 12 4 4 5 6
2 28 20f]11 12 9 40 15 4 4 5 6
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Fig.4 Simulation Results of Over-cut Expert Neural Net-
work to the Overall Condition
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Fig. 5 Simulation Results of Over-cut Expert Neural Net-
work to the Rough Condition
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Fig. 6 Simulation Results of Over-cut Expert Neural Net-
work to the Medium Condition
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Fig.7 Simulation Resuits of Over-cut Expert Neural Net-
works to the Fine Condition
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Fig.8 Simulation Results of Roughness Expert Neural Net-
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Fig. 9 Simulation Results of Roughness Expert Neural Net-

work to the Rough Condition
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Fig. 10 Simulation Results of Roughness Expert Neural Net-
work to the Medium Condition
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