Journal of the KIMST, Vol. 27, No. 3, pp. 406-415, 2024 ISSN 1598-9127(Print) - 2636-0640(Online)
DOI https:/doi.org/10.9766/KIMST.2024.27.3.406

Research Paper Rl s |

ChS oileld 7ls g8t

7 Ii4l7=ll T 75 T20

Az

LYY - o|dE) - ware) - AZSY - UehED

[

a
ot
H
N
=
s
e
s 4
0|

An Empirical Study on Improving the Accuracy of Demand
Forecasting Based on Multi-Machine Learning

Myunghwa Kim™" - Yeonjun Lee" - Sangwoo Park” - Kunwoo Kim" - Tachee Kim"

Y Hanwha Systems Co., Ltd., Korea

(Received 12 December 2023 / Revised 10 April 2024 / Accepted 25 April 2024)

Abstract

As the equipment of the military has become more advanced and expensive, the cost of securing spare parts is
also constantly increasing along with the increase in equipment assets. In particular, forecasting demand for spare
parts one of the important management tasks in the military, and the accuracy of these predictions is directly
related to military operations and cost management. However, because the demand for spare parts is intermittent
and irregular, it is often difficult to make accurate predictions using traditional statistical methods or a single
statistical or machine learning model. In this paper, we propose a model that can increase the accuracy of demand
forecasting for irregular patterns of spare parts demanding by using a combination of statistical and machine
learning algorithm, and through experiments on Cheonma spare parts demanding data.
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Fig. 1. Multi-machine learning based demand
forecasting method
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Fig. 2. Best model performance comparison flowchart
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Table 2. Basic information of data collection
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Table 3. Main variables used by model
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Fig. 3. Verification datasets for test cases
Table 4. Train and validation period
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Table 5. ltem accuracy of top materials
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17 | 18 | 19 | 20 | 21 22

=Rzl
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Table 6. ltem accuracy of sub—materials
|_ |

2s A4 = (Validation) Ha
17 18 19 20 21 22

BEST= ¢l

(Al et g 90.38{92.92 | 924 | 83.18 | 94.18 | 93.36 | 91.9

Moving

91.63190.76 | 91.06 | 78.9 | 88.96| 89 |88.38
Average

SARIMA | 84.27 | 84.27 | 88.43 | 67.37 | 68.88 | 68.28 | 76.92

Prophet | 93.35 | 92.38 | 90.51 | 87.26 | 94.82 | 91.79 | 91.68

Elastic Net | 91.26 | 91.22 | 91.25 | 78.95 | 90.23 | 88.4 | 88.55

Lasso | 90.87|90.26 | 86.17 | 68.49 | 88.63 | 83.64 | 85.51

Lasso Lars | 90.78 | 90.26 | 88.9 | 69 |89.15| 88.5 | 86.1

OMP 92.64 | 90.8 | 89.45|57.07 | 78.16 | 90.62 | 83.12

RNN 93.49 1 91.22 | 90.05 | 78.42 | 89.63 | 89.77 | 88.76

LSTM | 92.71 | 91.12 | 90.27 | 74.75 | 88.37 | 89.32 | 87.76

GRU 93.2 [ 91.14 | 90.42 | 76.12 | 89.08 | 89.84 | 88.3

4.3.2 =% H&

A Sl FAAAY sHIAA BT A|etaet
BESTE ! darg|Fo] -3 AeS Hvh 49t
Aol dsliA] F 6702] Case T 5719 Caseoll A At
St BESTEHO| gl o5& Faqsision, Ht

or

—
T
A

oAl e el 7| 283 X A7 A3E2024F 6Y) /411



57.5 % s HoFHth 1t Propheto] 179]

Case?ll A 604 %] A== HAHF] gF5&
ROt Hat 441 %9

AT 2

o=

TZE 55 o= AT BF FFE 50 % T

9] 55 HSIITHTable 7).

2
N

s
nelgk 1 o9l o

=
ks

Table 7. Quantity accuracy of top materials

o 4 = (Validation) s
17 [ 18 | 19 | 20 | 21 | 22
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Elastic Net |41.12 | 38.1 | 42.46 | 56.09 | 54.25 | 49.84 | 46.98
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Lasso Lars | 394 | 37.18 | 43.74 | 51.75 | 53.97 | 50.18 | 46.04
OMP | 38.13 | 352 | 47.49 | 45.49 | 60.88 | 58.05 | 47.54
RNN | 33.59 | 40.28 | 41.78 | 43.82 | 61.47 | 56.43 | 46.23
LSTM  |34.23 | 4274|4321 | 394 | 60.71 | 5833 | 46.44
GRU | 35 |38.38|41.86|44.21(59.75 | 59.14 | 4639

Table 8. Quantity accuracy of sub—materials
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Table 9. Top materials RMSE

oy A (Validation) -
. 17 |18 [ 19 [ 20 | 21 | 22 | ©°
BESTE ¢l

034 [ 027 | 022 | 043 | 04 | 05 | 036

(Al

— X["Vlng 105 | 08 | 065 | 112 | 1.18 | 1.73 | 1.09
o A = (Validation) — verage
T 17 1 18 | 19 | 20 | 21 oo | ©F SARIMA | 131 | 1.05 | 0.87 | 1.35 | 142 | 2.05 | 1.34
BESTH.2l Prophet | 2.13 | 1.56 | 1.57 | 136 | 125 | 1.88 | 1.62
(dobsaly | 6283 | 5624 ] 522 (6348 | 6034 6526 | 60.06 :
e ElasticNet | 1.1 | 0.94 | 0.63 | 1.09 | 1.08 | 1.68 | 1.09
/l;/lovmg 47.06 | 37.8326.96 | 52.3 | 4637|4571 | 42.7 Lasso | 1.94 | 1.86 | 0.64 | 121 | 1.08 | 1.71 | 141
verage
SARIMA | 56.44 | 40.87 | 26.94 | 52.41 | 538 |51.97 | 47.07 LassoLars | 193 | 186 | 064 | 1.21 | 108 | 1.71 | 14
Prophet | 34.58 | 33.74 | 20.02 | 43.91 | 55.6 | 60.27 | 41.35 OMP | 156 | 11 | 07 | 123 | L1 | 173 | 1.24
Elastic Net |42.98 | 35.29 | 26.65 | 53.09 | 50.68 | 50.45 | 43.19 RNN 695 | 1.16 | 0.81 | 1.21 | 1.22 | 1.78 | 2.19
Lasso 42 4036 | 394 |33.05(40.74 | 5422 | 41.63 LSTM | 3.63 | 1.02 | 096 | 121 | 1.19 | 1.74 | 1.62
Lasso Lars | 42.14 | 40.49 | 40.86 | 33.12 | 41.13 | 54.55 | 42.05 GRU | 475|109 | 074 | 12 | 122 | 1.67 | 1.78
OMP | 41.22|46.03 | 40.51 | 30.06 | 42.87 | 53.94 | 42.44
RNN | 31.83 |40.94 | 22.18 | 34.86 | 46.48 | 55.39 | 38.61 SFAMAlo tiai A= 6719 Test Caseodll Al B A
o)L= ) o)k =0 J o e}
LSTM |3531|4324| 23.1 | 3533|4532 | 5407 | 394 gk BESTRLEL are]5e] RMSEZE 7hg whe gte
Z ol A& HoFt Aokst mdle HH 043
GRU  |35.024229 | 24.12 | 38.54 | 48.21 | 56.16 | 40.72 o) RMSE @¢) 458 MolZom(Table 10), ~10}S
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Table 10. Sub—materials RMSE

A = (Validation)

Table 11. Number of best model selections of top

materials
o = (Validation) e
ARSI
%Ovmg 2151 | 23| 27| 2] 22 |288|797
verage

SARIMA | 40 | 50 | 50 | 28 | 11 | 11 |31.67 |8.71

Prophet | 3 3 4 139 | 36 | 21 | 17.67 | 494

Elastic Net | 198 | 184 | 203 | 212 | 213 | 198 |201.33| 55.8

Lasso 29 8 5 3 0 0 7.5 1207

LassoLars | 6 4 1 3 3 2 3.17 | 0.88
OMP 25 | 12 | 31 | 11 | 18 | 20 | 19.5 |5.39
RNN 9 12 | 28 | 19 | 27 | 29 |20.67 | 5.73

SARIMA | 11.7 | 11.08 | 8.98 | 11.36 | 11.69 | 10.74 | 10.92

Prophet | 20.46 | 14.72 | 14.11 | 10.65 | 8.78 | 10.35 | 13.18

7 i
17 [18 192021 [ 22 st | 17 | 18] 2 | 8 | 11 |27 [ 1383385
1 d)
gﬁg{gﬁ) 048 | 04 | 032 | 049 | 045 | 043 | 043 GRU | 6 |28 |24]9 |15 241683466
e A | 361 | 365 | 371 | 359 | 356 | 354 | 361 | 100
ﬁﬁ@i 11.07 | 10.11 | 815 | 991 | 928 | 821 | 9.46

Table 12. Number of best model selections of
sub—materials

Elastic Net | 14.63 | 11.96 | 6.16 | 84 | 7.17 | 6.84 | 9.19 2 4 & (Validation) o
Lasso |2542| 265|511 | 101 | 823 | 8.8 |14.03 = [a7f18]19] 2021 [22] a5 | %
Lasso Lars | 23.13 [ 23.43 | 522 |10.08 | 822 | 8.61 | 13.12 Ilz/lovmg &3 141 1371 46| 32158 405 | 438
OMP | 1645|1046| 456 | 10 | 7.86 | 8.18 | 9.58 verage

RNN  (25391] 839 | 7.73 | 84 | 9.14 | 745 |49.17

LSTM | 7432 | 8.13 | 7.89 | 847 | 9.03 | 7.6 [19.24

GRU |103.37| 825 | 7.33 | 819 | 7.83 | 7.18 | 23.69
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SARIMA | 196 | 250 | 308 | 116 | 106 | 115 | 181.83 |15.78

Prophet | 14 | 15 | 5 | 37 | 66 | 42 | 29.83 | 2.68
Elastic Net | 562 | 458 | 480 | 533 | 448 | 432 | 487 |42.93
Lasso 55175092 | 65| 68 | 33 | 64.67 | 5.65

LassoLars| 25 | 20 | 29 | 15 | 19 | 4 | 18.67 | 1.63
OMP 38 129 74| 72 | 86 | 80 | 79.83 | 7.03
RNN 31 30 | 129 | 119 | 153 | 183 | 107.5 | 9.48
LSTM | 88 | 76 | 44 | 43 | 84 | 84 | 69.83 | 6.18
GRU 31 | 43 | 38 | 44 | 49 | 84 | 4817 | 426

Al [1123]1137{1245(1090| 1111{1115| 1136.83 | 100
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