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ABSTRACT

Turning, a main machining process, is a widespread process in metal cutting industries. Many researchers have
investigated the effects of process parameters on the machining process. In the turning process, input variables
including cutting speed, feed, and depth of cut are generally used. Surface roughness and electric current
consumption are used as output variables in this study. We construct a simulation model for the turning process
using a neural network, which predicts the output values based on input values. In the neural network, obtaining the
appropriate set of weights, which is called training, is crucial. In general, back propagation (BP) is widely used for
training. In this study, techniques such as ant colony optimization (ACO) and particle swarm optimization (PSO) as
well as BP were used to obtain the weights in the neural network. Particularly, two combined techniques of
ACO BP and PSO BP were utilized for training the neural network. Finally, the performances of the two techniques
are compared with each other.
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Table 1 Observation data

Input

N N min) fmmirey)  dmm) N Ecc
1 13 0.17 09 7671 4.4
2 13 0.1125 06 5252 4.4
3 70 0.055 0.9 1491 457
4 13 0.055 0.3 1.66 44
5 415 0.1125 03 306 477
6 415 0.1125 0.6 3274 483
7 70 0.17 0.9 744 47
8 70 0.1125 06 2067 453
9 415 0.1125 0.6 3.168 48
10 70 0.17 03 2926 467
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Fig. 3 Values of the MSE for BP
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Fig. 6 Values of the MSE for BP
(Hidden layer=2, data set=10)

Table 2 Values of the MSE for BP

No. of data sets
5 7 10
No. of | 1 | 0.00159 | 0.00423 | 0.00366
hidden
layers 2 0.12273 0.15398 0.23965

A el eEFeE oAl ANE ARSI ACO
XgE e vlbes O /01 nos, N, k, £,

q °lth. o714 nost= 10, N2 5008 AFE3lH ke
Lﬂl =5, év A 57, q% Y FF9 Fe ARESt
Aok IF U9 dAEE 100, Al 50002
AAsAdT. SOt BPE ZE3 PSO BPolA =
ACO BPS} FY3 NN FZ2E AME37|2 gl
PSO 7IHoll AMg=Es uiNRSZEE 71T o,
29t 3 r SOl Atk o] AFANAME cl, 2 o
< 247t 1, 15, 22 FA43 o]E ofF MY =3
o tiste] pSO T2 1S 75T

4. Al A 24

4.1 ACO2} ACO BP, PSO=2} PSO BP2|
H|

Table 3914 Table 67FA= 3] #oloi7) 171
neural network< T4 SE ACO, ACO BP, PSO,

PSO_BP9] U] 7lo] duglEFS o] 83t AlEH o]
S S35t MSE @2 :

Table 39l ACO ¥EEFS ©]&std AlEH o]
A Y3t MSE #e =E3IYTE ke 20, 25,
30, 409 Yl MO S, £+ 085 09, 0959 Al
79 #&E, qE 0.06, 007, 0.08, 0.092] 4 72
e AT Ao k @l st €9 qF
st 123]9] AlEHolAES AASIEL 4 &
otk Hagk Al e (D)EE F35I T Table 300
A k7F 2090 S0l 25, 30, 40RT}t wAEHA
g ARE BT Y3 k7} 25, 30, 4090 5ol
o]E ol 9mde AolF 2|7} oYk ¢
0.85, 0.9¢ we] A7} 0,952 $3lt} =
0.06, 0.07, 0.08, 0.09¢] 47§ %] W3lo] w& {9
gk ARE V)= o€tk Table 49X=
ACO BP &11g|&FE o] &3t AlEdoldE 3
3l MSE &S Z=Z3I3th Table 33 Y3 k,

w3 Y3 23S AFE3IAUTE Table 4004
k7} 20, 25, 30, 403! A5 AHE vlwstH ol&
el oJuQle Afolg FV]e ok £ 085,
0.9, 0.95%01 -2 AAE wwstd o]E T g
Qe zelE 2= ¥t q& 0.06, 0.07, 0.08,
0.099] FtE<] WHslo)] w2 fouet A4S 37|
E o|¥th Table 33} Table 42 2SS F3std
ACO BP &1El&S 48 Alole vl 79 ki,
Al Kol &gk 7H4 qats ol &3l =S T+
A3t AlEFelAS TS Fo| AA A #;E
FolA HapE ﬂo?ﬂ Ht} Table 33 Table 49
F0121 MSE #< 7|F22 ACO$ ACO BP ¥

& WwstAE, ACOETF ACO BP2l 799
MSE Zo] 62% 7radth = ACOY BPE ©Eo
2 AMg3le AXRge F 718e 239 ACO_BP
E AHEStE Ex g AAdE dE F dnh
Table 45 HW gt 4ol FHagkel 0.00020]t
o] 9] vl AA MAEFAAA FoA= A
ket AEolAd mde) Astgro]l AL xpelrt
NS YERATH
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Table 3 Values of the MSE for ACO
(hidden layer=1, data set=5)

Table 5 Values of the MSE for PSO
(hidden layer=1, data set=5)

g . k Ave. cl c2 Ist. 2nd. 3rd. 4th. Sth. Ave.
20 25 30 40 1 |0.1476 | 0.1493 | 0.1485 | 0.1472 | 0.1484 | 0.1482
0.06 | 0.0008 | 0.0004 | 0.0001* | 0.0003* | 0.0004* 1 | 1.5 |0.1488 | 0.1443 | 0.1504 | 0.1477 | 0.1411 | 0.1464
0.5 0.07 | 0.0084 | 0.0066 | 0.0003 | 0.0005 | 0.0040 2| 0.1493 | 0.1453 |0.1474% | 0.1494 | 0.1492 | 0.1481
0.08 0.0005 | 0.0002* | 0.0003* | 0.0013 | 0.0006* 1 0.1488 | 0.1483 | 0.1488 |0.1470* | 0.1472 | 0.1480
009 | 0.0007 | 0.0002% | 0.0003 | 0.0003* | 0.0004* L5 | 1.5 |0.1459%|0.1436* |0.1481*| 0.1503 |0.1336*| 0.1443*
006 | 0.0006 | 0.0012 | 0.0002* | 0.0005% | 0.0006* 2 [0.1467*|0.1434%| 0.1489 | 0.1485 |0.1397*| 0.1455*
007 | 0.0001% | 00068 | 00013 | 00012 | 0.0023 1| 0.1487 | 0.1470 |0.1480* | 0.1492 | 0.1497 | 0.1485
09 008 o000z | 0000 100005 1000 T o001 2 | 1.5 | 0.1488 | 0.1477 | 0.1485 |0.1388* | 0.1439 | 0.1455+
005 1 omoor= | o0ote T 00010 100038 | o00te 2 [0.1459%(0.1352%| 0.1485 |0.1341*|0.1367* | 0.1401*
0.06 | 0.0008 | 0.0009 | 0.0013 | 0.0012 | 0.0010
0.07 | 0.0002 | 0.0003 | 0.0020 | 0.0041 | 0.0017 Table 6 Values of the MSE for PSO_BP
0.95 (hidden layer=1, data set=5)
0.08 | 0.0007 | 0.0003 | 0.0013 | 0.0008 | 0.0008
0.09 | 0.0002 | 0.0003% | 0.0076 | 0.0006 | 0.0022 el | 2 | 1st. | 2nd. | 3rd. | 4th. | Sth. | Ave.

Table 4 Values of the MSE for ACO_BP
(hidden layer=1, data set=5)

k
£ d 20 25 30 40 Ave
0.06 | 0.0002 | 0.0002 | 0.0001* | 0.0002 | 0.0002*
0.85 0.07 | 0.0067 | 0.0065 | 0.0001* | 0.0002 | 0.0034
0.08 | 0.0002 | 0.0001 | 0.0001 | 0.0001 | 0.0002*
0.09 | 0.0002 | 0.0001% | 0.0002 | 0.0002 | 0.0002*
0.06 | 0.0002 | 0.0002 | 0.0001* | 0.0001* | 0.0002*
0.9 0.07 | 0.0001* | 0.0066 | 0.0002 | 0.0002 | 0.0018
0.08 | 0.0001 | 0.0002 | 0.0002 | 0.0004 | 0.0002*
0.09 | 0.0001* [ 0.0003 | 0.0003 | 0.0002 | 0.0002*
0.06 | 0.0002 | 0.0002 | 0.0006 | 0.0001* | 0.0003
0.07 | 0.0001 | 0.0001 | 0.0004 | 0.0002 | 0.0002*
099 0.08 | 0.0002 | 0.0001% | 0.0002 | 0.0001* | 0.0002*
0.09 | 0.0001%* | 0.0001* | 0.0066 | 0.0001 | 0.0017

A JsE S
Mo HagE (HEE FHIACH Table soﬂ/ﬂ =
T ES AHHW clo] 159 2, 27} 159 2¥

ZYERY vAEA e A
S & 4 Ak Table 694 =
PSO BP ¢ E|F< ©|&3ly Al Ed oS I3}

1 {0.0035%| 0.0077 | 0.0076 |0.0066*| 0.0075 [ 0.0066
1 1.5 10.0065*( 0.0078 |0.0072*| 0.0076 {0.0068*| 0.0072
2 |0.0073 | 0.0074 | 0.0074 | 0.0076 [0.0055%*| 0.0071
1 10.0073 | 0.0077 | 0.0077 | 0.0078 | 0.0076 [ 0.0076
L5 [ 1.5 |0.0070 | 0.0077 | 0.0075 | 0.0075 | 0.0074 | 0.0074
2 [ 0.0076 {0.0033*(0.0072*| 0.0075 |0.0061*( 0.0063*
1 |0.0077 [0.0064%|0.0071*| 0.0071 | 0.0077 | 0.0072
2 1.5 1 0.0077 {0.0025*| 0.0073 |0.0058*| 0.0073 | 0.0061*
2 [0.0018*%| 0.0075 [ 0.0076 |0.0068*| 0.0075 | 0.0062*

3 MSE #< EE3t3 =l Table 59 5L cl
29 23S A& T Table 604 BF 4E
A EE c1o] 1.5 2, c27F 1.59F 2 wo] =Fo]
o2 ¥R vAEkA 5 Z2A4E RAFa
s & 5 Utk

Table 59} Table 6= F33tH PSO BP ¢idlH
< A8 Ade 01—8— 159} 2, 2% 1.59F 29] Y
M) z3ol thste] zbzt T2 a9S J1EE & 3
TS T I FolAd HAage zeod HE}
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