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A study on service parts demand forecasting considering parts

life cycle
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"Department of Industrial and Management Engineering, Inje University

Abstract

This research studies on the demand forecasting for service parts considering parts life cycle, that

gets relatively less attentions in the field of forecasting. Our goal is to develop forecasting method

robust across many situations, not necessarily optimal for a limited number of specific situations. For

this purpose, we first extensively analyze the drawbacks of the existing forecasting methods, then we

propose the new demand forecasting method by using these findings and reinforcement leaning

technique. Using simulation experiments, we proved that the proposed forecasting method is better than

the existing methods under various experimental environments.
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If y, =0 then
2y =21 D=1, q=qT1
Else

zt:ayt+(1—a)zt_],

pt:aq+(1_a)pt—ll q=1

[Figure 1] Procedure for Croston’ s forecasting
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<Table 1> Experimental result in case of Case 1(c=0.001)

ME MSE
«Q 3 absolute «Q 3 average
0.10 0.20 0.30 average 0.10 0.20 0.30
SBA -0.0089 | -0.0088 | -0.0120 - 0.0099 | 0.1763 | 0.1774 | 0.1788 - 0.1775
Croston | 0.0026 | 0.0155 | 0.0261 - 0.0147 | 0.1763 | 0.1782 | 0.1810 - 0.1785
SES -0.0022 | -0.0013 | -0.0006 - 0.0014 | 0.1840 | 0.1945 | 0.2061 - 0.1949
-0.0150 | -0.0150 | -0.0150 0.01 0.1760 | 0.1760 | 0.1760 0.01
-0.0090 | -0.0090 | -0.0090 0.02 0.1766 | 0.1766 | 0.1766 0.02
-0.0061 | -0.0061 | -0.0061 0.03 0.1774 | 0.1774 | 0.1774 0.03
-0.0045 | -0.0045 | -0.0045 0.04 0.1783 | 0.1783 | 0.1783 0.04
TSB -0.0036 | -0.0036 | -0.0036 0.05 0.0053 0.1792 | 0.1792 | 0.1792 0.05 0.1840
-0.0022 | -0.0022 | -0.0022 0.10 0.1840 | 0.1840 | 0.1840 0.10
-0.0013 | -0.0013 | -0.0013 0.20 0.1945 | 0.1945 | 0.1945 0.20
-0.0006 | -0.0006 | -0.0006 0.30 0.2061 | 0.2061 | 0.2061 0.30
New - - - - 0.0012 - - - - 0.1753
<Table 2> Experimental result in case of Case 1(c=0.9)
ME MSE
o 3 absolute o 3 average
0.10 0.20 0.30 average 0.10 0.20 0.30
SBA -0.0167 | -0.0418 | -0.0651 - 0.0136 | 8.3531 | 8.4167 | 8.4958 - 8.4219
Croston | 0.0252 | 0.0440 | 0.0669 - 0.0454 | 8.3609 | 8.4561 | 8.5989 - 8.4720
SES -0.0046 | 0.0017 | 0.0038 - 0.0034 | 8.6066 | 9.0464 | 9.5465 - 9.0665
-0.0323 | -0.0619 | -0.0811 0.01 8.3304 | 8.3436 | 8.3725 0.01
-0.0190 | -0.0477 | -0.0670 0.02 8.3495 | 8.3660 | 8.3962 0.02
-0.0108 | -0.0383 | -0.0573 0.03 8.3679 | 8.3886 | 8.4214 0.03
-0.0052 | -0.0314 | -0.0499 0.04 8.3842 | 8.4095 | 8.4458 0.04
TSB -0.0010 | -0.0259 | -0.0436 0.05 0.0284 8.3986 | 8.4288 | 8.4691 0.05 8.4941
0.0111 | -0.0078 | -0.0213 0.10 8.4564 | 8.5099 | 8.5735 0.10
0.0199 | 0.0069 | -0.0008 0.20 8.5699 | 8.6564 | 8.7634 0.20
0.0224 | 0.0116 | 0.0064 0.30 8.7022 | 8.8072 | 8.9474 0.30
New - - - - 0.0029 - - - - 8.3975
<Table 3> Experimental result in case of Case 2(c=0.001)
ME MSE
(6% (6%
0.10 | 020 | 030 g Javerage 0007020 | 030 g | average
SBA 0.0672 | 0.0535 | 0.0452 - 0.0553 | 0.0977 | 0.0966 | 0.0968 - 0.0970
Croston | 0.0763 | 0.0712 | 0.0718 - 0.0731 0.0990 | 0.0990 | 0.1008 - 0.0996
SES 0.0158 | 0.0083 | 0.0056 - 0.0099 | 0.0959 | 0.1009 | 0.1063 - 0.1010
0.0669 | 0.0669 | 0.0669 0.01 0.0970 | 0.0970 | 0.0970 0.01
0.0506 | 0.0506 | 0.0506 0.02 0.0948 | 0.0948 | 0.0948 0.02
0.0402 | 0.0402 | 0.0402 0.03 0.0940 | 0.0940 | 0.0940 0.03
0.0331 0.0331 0.0331 0.04 0.0938 | 0.0938 | 0.0938 0.04
TSB 0.0281 | 0.0281 | 0.0281 0.05 0.0311 0.0939 | 0.0939 | 0.0939 0.05 0.0971
0.0158 | 0.0158 | 0.0158 0.10 0.0959 | 0.0959 | 0.0959 0.10
0.0083 | 0.0083 | 0.0083 0.20 0.1009 | 0.1009 | 0.1009 0.20
0.0056 | 0.0056 | 0.0056 0.30 0.1063 | 0.1063 | 0.1063 0.30
New - - - - 0.0085 - - - - 0.0956
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<Table 4> Experimental result in case of Case 2(¢=0.9)
ME MSE
« «
0.10 | 020 | 030 B javerage o 020 | 030 g | average
SBA 0.4250 | 0.2680 | 0.1841 - 0.2924 | 8.5839 | 8.6347 | 8.7239 - 8.6475
Croston | 0.4893 | 0.3863 | 0.3573 - 04110 | 8.6594 | 8.7895 | 9.0010 - 8.8166
SES 0.1612 | 0.0828 | 0.0556 - 0.0999 8.6543 9.0769 | 9.5600 - 9.0971
0.7088 | 0.6859 | 0.6730 0.01 89642 | 9.2291 | 9.5383 0.01
0.5290 | 0.5083 | 0.4966 0.02 8.6729 | 8.8792 | 9.1136 0.02
04185 | 0.3993 | 0.3883 0.03 8.5481 8.7256 | 8.9208 0.03
0.3459 | 0.3280 | 0.3174 0.04 8.4873 | 8.6503 | 8.8242 0.04
TSB 0.2954 | 0.2786 | 0.2685 0.05 0.3200 8.4548 8.6107 8.7731 0.05 8.7580
0.1775 | 0.1646 | 0.1574 0.10 8.4147 | 8.5709 | 8.7282 0.10
0.1094 | 0.0998 | 0.0963 0.20 8.4528 8.6271 8.8094 0.20
0.0848 | 0.0758 | 0.0738 0.30 8.5423 | 8.7271 8.9269 0.30
New - - - - 0.0867 - - - - 8.5488
<Table 5> Experimental result in case of Case 3(¢=0.001)
ME MSE
« «
0.10 | 020 | 030 B Javerage 00T T 020 | 030 g | average
SBA 0.1040 | 0.1034 | 0.0995 - 0.1023 0.1057 | 0.1068 | 0.1070 - 0.1065
Croston | 0.1149 | 0.1264 | 0.1355 - 0.1256 | 0.1082 | 0.1127 | 0.1169 - 0.1126
SES 0.0168 | 0.0084 | 0.0056 - 0.0103 | 0.0888 | 0.0929 | 0.0985 - 0.0934
0.0746 | 0.0746 | 0.0746 0.01 0.0951 | 0.0951 | 0.0951 0.01
0.0586 | 0.0586 | 0.0586 0.02 0.0914 | 0.0914 | 0.0914 0.02
0.0470 | 0.0470 | 0.0470 0.03 0.0896 | 0.0896 | 0.0896 0.03
0.0384 | 0.0384 | 0.0384 0.04 0.0887 | 0.0887 | 0.0887 0.04
TSB 0.0321 | 0.0321 | 0.0321 0.05 0.0352 0.0882 | 0.0882 | 0.0882 0.05 0.0917
0.0168 | 0.0168 | 0.0168 0.10 0.0888 | 0.0888 | 0.0888 0.10
0.0084 | 0.0084 | 0.0084 0.20 0.0929 | 0.0929 | 0.0929 0.20
0.0056 | 0.0056 | 0.0056 0.30 0.0985 0.0985 0.0985 0.30
New - - - - 0.0097 - - - - 0.0905
<Table 6> Experimental result in case of Case 3(c=0.9)
ME MSE
o «
0.10 | 020 | 030 B Javerage 000" 020 | 030 g | average
SBA 0.3857 | 0.3508 | 0.3114 - 0.3493 | 4.5714 | 4.5988 | 4.6357 - 4.6020
Croston | 0.4286 | 0.4376 | 0.4423 - 04362 | 4.6127 | 4.7003 | 4.8202 - 47111
SES 0.0671 | 0.0336 | 0.0224 - 0.0410 | 4.4121 | 4.6454 | 4.9053 - 4.6543
0.2861 0.2576 | 0.2312 0.01 44133 | 4.4032 | 4.4016 0.01
0.2340 | 0.2118 | 0.1903 0.02 43623 | 4.3643 | 4.3719 0.02
0.1945 | 0.1770 | 0.1591 0.03 4.3355 | 4.3450 | 4.3586 0.03
0.1651 | 0.1509 | 0.1357 0.04 43216 | 4.3364 | 4.3544 0.04
TSB 0.1430 | 0.1314 | 0.1181 0.05 0.1390 43148 | 4.3337 | 4.3554 0.05 4.3853
0.0882 | 0.0833 0.0753 0.10 43187 | 4.3512 | 4.3864 0.10
0.0576 | 0.0564 | 0.0517 0.20 43747 | 4.4230 | 4.4767 0.20
0.0469 | 0.0467 | 0.0431 0.30 44539 | 4.5139 | 4.5823 0.30
New - - - - 0.0365 - - - - 4.3615
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