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Abstract

This paper presents a possible application of artificial neural network in CM system design. CM
systems can be designed based on product lines, part characteristics or part routines. GT{(Group
Technology) which uses part characteristics to design cells is widely applied, however, the
identification of the part-machine families is the fundamental problem in the design process. A
heuristic procedure using SOFM which requires only part-machine incidence matrix is proposed in
this research. Comparison studies on ZODIAC and ROC with SOFM model are done and the results
are discussed and summarized in this paper.
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3.1 ANNC(artificial neural networks)
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Fig. 1 Processing element of artificial neuron
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Azsgold 2z Qe g 483s P 229 = FWE(target vector)7t FolAE 7$ol}
AARRIL Qe Aol o Ty @ol AL mwalA o) g4¥dgE Ay AR &3 a8
wGE £ & 9 s
A&ogold Y ETto] ol Agolth o] e ALy UEYAS] FEAAY S 2o
239 AR R} Qs FF obF #83 Pyold o Wy g Yoz AP FHem
%, ART(adaptive reasonance theory) =%, SOFM(self-organizing feature map) =% So] glct. A&
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Table 1. Learning methods for neural network

Unsupervised learning Supervised learning
Feedforward-only Feedforward-only
Feedback network Feedback network
Network Network
+AG(Additive Grossberg) +LM(Learning Matrix ) +BSB(Brain-State-in-a- |+Perceptron
+SG(Shunting Grossberg) +DRL(Driver-Reinforcement Box) + Adaline, Madaline
+ART1(Binary Adaptive Learning) +FCM(Fuzzy Cognitive |+BP(Backpropagation)
Resonance Theory) *LAM(Linear Associative Map) *CM(Cauchy Machine)
+ART2(Analog Adaptive Memory) +BM(Boltzmann Machine) |+ AHC(Adaptive
Resonance Theory) +OLAM(Optimal Linear sMFT(Mean Field Heuristic Critic)
+DH(Discrete Hopfield) Associative Memory) Annealing) +TDNN(Time Delay
+CH(Continuous Hopfield) +SDM(Sparse Distributed {*RCC(Recurrent Cascade Neural Network)
*BAM(Discrete Bidirectional Associative Memory) Correlation) * ARP(Associative
Associative Memory) *FAM(Fuzzy Associative |LVQ(Learning Vector Reward Penalty)
+TAM(Temporal Associative Memory) Quantization) + AMF(Avalanche
Memory) *CPN(Counterprogation) +BPTT(Backpropagation Matched Filter)
+ABAM(Adaptive Bidirectional through time) + Backpercolation
Associative Memory) +RTRL(Real~time + Artmap
+SOM/TPM(Kohonen Self- recurrent learning) |* ALN(Adaptive Logic
organizing Map /Topology- *EKF(Recurrent Extended Network)
preserving map) Kalman Filter) +*CasCor{Cascade
+Competitive learning Correlation)
+EKF(Extended Kalman
Filter)

3.2 SOFM(Self-organizing feature map) &%
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Figure 3. Structure of SOFM model
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table 3914 R uhe} o] King[8]e] ROC(ranking order clustering) & M€ T4 A9, 714 5,
33 BE 1, 471 s A o2law 714 1,2, 3,4, 59 FE 2 3,4, 57 £ o2 42 745 o
s} e A% 714 59 38 o= 7)A(bottleneck machine)zts ok WA 2 IAE LA P=
g o ROCS 3l table 49 Zt} o] & Agols A LEolFo| wygsta gk M o)Fa:
F3F 2, 3, 6& 2R FE(bottleneck part)olzt $ot. walA o] B2 ZA$ B8 ulfo] L&A g} A
T4 Foll o]k B M3 olF RESF 2F L, BF U Fol 22 Ay Aol

Table 2. Bottleneck machines and parts in a
five-machine, six-part matrix[8]

Part

Machiné
1 1 1

123 45¢6
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—
—
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Table 3. Solution using ROC algorithm

Part

Machine 1 42356
5 1 1
3 1 1
4 1 11
2 11
5 1 1
1 11
3 1

42 37} 7\&

Hod 6714 2AF e i@ vz AFF A Kandiller[717} 713 4 24 F Yoz 3
Aslw )& ZODIACK] 3z da] 28 A %1 ROC[8I$ SOFME vlmstmnzl 3, & o Hrl 7]
zoz A M4, A7 OFEES IF AL et 25A &S Kumar$t Chandrasekharan(12]¢]
AlQHe Whygg Az ot 1§ F &(group efficacy)& A4l WYL G453 o

E = #lollA Al2ld 849 &

B = 714 #A& JvelE 09 £

e = BE-JIAZA P9 ‘1’9 £
ol tf 2EEE q&

—(e=E)
9=(e+B)
o]},
Table 4. Solution using ROC algorithm
Part
Machin 1 4 2 3 5 6
5 1 1141 1
3 1 1 1
4 11
2 1 1
1 1 1
43 Az 4

SOFM =¥-& IBM PC 48 & 71%oM A83yon MicroSoft CE HAMd 3t 48T AE
¥+ table 5, 63 Ztlh SOFM 2¥e] 27A& 7|12 HAE 5 X7|84F58E 082 48t o v
AFE table 73 Tl Table 7914 B uisgl o] SOFM 2% 2 ROCEY $43a ZODIACH A
9 e 7L B33 Utk
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Table 5. Case I(five-machine, six-part matrix from King[10])

Part
Machiné 123456
1 11 1
2 1 1
3 11 1
4 1 1
5 1111 1

Table 6. Case II(8 machine, 20 part matrix from Chandrasekaran and Rajagopalan[5])

‘Part 1 2 3 45 67 8 9 101112 13 14 15 16 17 18 19 20
Machine

1 11 1 1 1 1 1 11 1

2 1 1 1 1 1 1 1

3 1 11 1 1 1 11 1.

4 11 11 1 1 1

5 1 1 1 1 1 1 1

6 1 1 11 1 1 1

7 1 1 1 1 1 1 1 1

8 1 1 1 1 1 1

Table 7. Results of ZODIAC, ROC and SOMF comparison study

Result Method ZODIAC ROC SOFM
number of cells 2 2 2
Case I number of bottleneck parts 2 2 2
group efficacy 0.67 0.67 0.67
number of cells 3 3 3
Case I number of bottleneck parts 9 24 9
group efficacy 0.83 0.24 0.83

5 2 &

£ =fdMe BE-71A 24 PETE 7tAn SOFM 288 o]f3d 4L pASHAL. HE
EdaEs ok @ EoblM HE 33U 71¥22M & dFdME 4 74 AT A4 s58e B
AFUT. 53] LAA Py FoA ofF Hold Aoz FeiA glE ZODIACH ulus] 2 s A9
AR A3E 4€ 4 U

€ =M e e stand HEde vasgod, Ax sS4 WHste AAuerg 23 AS
de Ho JiddE Z3rl =28 4 sledet Azdd mad 2 o dod 4 mye) Hgo] go
2 Az Feo.
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