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Abstract The military uses approximately 720,000 kinds of repair parts, accounting for approximately
3% (~ 1.3 trillion won) of the defense budget. The timely supply of repair parts has a direct impact on
weapons systems. Therefore, a demand forecast for repair parts has become a very important factor in
terms of budget and equipment utilization. To improve the prediction limits with the time series model
currently being applied in the Airforce, several studies focused on improving the prediction rates by
adding new external variables through supervised learning. Research on improving the predictive
accuracy through unsupervised learning and feature engineering has been limited. In this study, the
consumption and standard unit price data of 5,752 repair accessory items from 2014 to 2019 were
collected for F-15K fighter jets operated by the Airforce. In this study, the data-mining model
(Randomforest, GBM, XGBoost, LightGBM, Ridge, Lasso, ElasticNet regression) was used to compare the
time series models with the prediction rate. The predictive power scale was RMSE (mean square root
error). This study showed that data mining models have higher prediction accuracy than the time series
prediction model currently applied in the Airforce. In addition, dimensionality reduction and feature

engineering improve the prediction accuracy further.
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Table 1. Airforce demand forecasting models

Methodology Optimum forecasting

Weighted moving average method

Linear moving average method

Minimum

Simple exponential smoothin, .
P P 8 absolute deviation

Linear exponential smoothing

Least squares method
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Fig. 1. Demand forecasting process in airforce
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Table 2. Relevant prior research for military data
mining
dissertation Unsupervised Feature
author Subject learning engineering
(Methodology) (Type)
J. D. Kim F-XX . .
[5] (Airforce)
) . yes
J. S. Kim B aircraft ,
[6] (Airforce) no (Mmr.nax
scaling)
M. K. Park KF-16C no no
[7] (Airforce)
B. H. Oh Vessels o o
[8] (Navy)
T. G. Kim E-737
9l (Airforce) no no
ATCMS, ves
H. T. Kim K-9, yes
(10] ATHUR-K |  (k-means) (Standard
(Army) scaling)
C. K. Kim Patriot no no
[11] (Airforce)
This F-15K yes F yets
paper (Airforce) (PCA, LCA) .ea ur.e
engineering)

Table 3. Feature engineering type

Scaling type Scaling characteristics

Use medians and quatiles instead of

Robustscaler X
means and variances

Minmaxscaler All attributes are between 0 and 1

Transforming the distribution of data

Sqrt conversion . .
using the sqrt function

Transforming the distribution of data

Log conversion ) .
g using the log function
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Fig. 2. Research procedure
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Table 4. Data collection

Category Content
Subject F-15K
Collection period 2014 ~ 2019

Number of parts 5,752

v glojele A3t Bl e 98 Table 59F Zo|
14 ~ 164, 14 ~ 179¢, 14 ~ 18922 37]19] dlo]¢

AER FEIg

AN S 2 el A Y
SRS BT, BERRE 17 ~ 19WE 137]
LR et dlold ol 2He Earil
 F7htark
Table 5. Separating data sets

Explanatory variable Dependent variable

Qo1 ~ Qis04 Q171 (1Q of 2017)
2 Qa1 ~ Qi7o4 Q181 (1Q of 2018)
3 Quéo1 ~ Qigos Q191 (1Q of 2019)

* Data mining : Quarter data + Standard unit price
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Table 6. Time series models and excel functions

Methodology Excel Functions

Weighted moving average Sumproduct

Linear moving average Stat data analysis tool

Simple exponential smoothing Stat data analysis tool

Linear exponential smoothing Stat data analysis tool

Least squares method Linest
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Where, F,; denotes predicted value at t+i,

denotes real value at t, w; denotes weight at I
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Where, F;,; denotes predicted value at t+i, MA

denotes first moving average value, MA denotes

second moving average value

Al B 7o R deXeEEES ARSIt ES
ARl =aWE9] AL A8, ASA| o= FLF
(Smoothing constant) 0.15€ 0.97}#] 0.1 742
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AFEE AR oh= ot A=sh, Eq. 3)3 2ol
ojdrt.
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Where, F;,; denotes predicted value at t+i, A4,
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denotes real value at t, « denotes smoothing

constant
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Where, F,.; denotes predicted value at t+i, £,

denotes exponential smoothing value, F, denotes

double exponential smoothing value
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Table 7. Data mining models

Assortment Methodology
Random forest
GBM
Ensemble
XGBoost
LightGBM

Ridge regression

Regularization Lasso regression

Elastic Net regression

glo]E] tlold XL Table 73} o] &7 A
&30]7] 2ol FHREA Al AEEC] HoluH, o5
A4 (Multicollinearity)® & 3HOverfitting)o] 735t
G JE(Ensemble) ZE3} FA(Regularization) g
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sl9ith. RMSEGLS T&gta) ol&gte] olojug 2

FE o] 5o, 412 Eq. (6)3 o] A=)
RMSE = ©)

H| I o] o= HlolEjute]d HES A&t 1A
AR Yo FS AASte] At £ A&7 vl w3,
ol&gk vl A] &3t AES A5 10-fold(k-fold cross
validation, °J3} 10-fold)A3S AAISHAT
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Table 8. Usage environment for model deployment

Category Value
CPU Intel(R) core(TM) i7-1065G7
Memory 16GB
(oS Window 10 64bit
S/W D.ata min.ing mode}ing : Phythion(ver. 3.9.2)
Time series modeling : Excel(ver 2020)

2.3 ZuEM

2.3.1 2% H|uw

AAE BgLS Table 99 Zo] 5714 2E HT
RMSEgto| =°} dl&Eo] 23t

Table 9. Prediction results by model

Assort RMSE
ment Methodology Q1701 |Q1801 |Q1901 szrag
Weighted moving | 5, o5 | 4g 63 | 55.47 | 5231
average method
Linear moving | 5g g3 | 54 07 | 63.27 | 58.72
’ average method
Time Simple exponential
series p'e expo 49.10 | 46.10 | 52.70 | 49.3
smoothing
models 5 a
inear exponential | 53 43 | 50,49 | 58.67 | 54.19
smoothing
Least squares | 49 g5 | 63.69 | 67.66 | 67.06
method
Random forest 31.61 | 29.78 | 36.09 | 32.49
GBM 29.36 | 29.53 | 41.74 | 33.54
Data XGBoost 38.12 | 37.73 | 50.43 | 42.09
mining LightGBM 31.50 | 28.32 | 38.61 | 32.81
models Ridge regression 40.22 | 71.30 | 71.30 | 60.94
Lasso regression 33.26 | 57.58 | 57.58 | 49.47
Elastic Net regression | 33.29 | 57.67 | 57.67 | 49.54
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Fig. 3. Feature importances
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Table 10. Dimensionality reduction comparison results

RMSE
Methodology Before After (Gap)
PCA LDA
Random forest 36.09 | 28.33(-7.76) | 31.25(-4.84)
GBM 41.74 | 26.73(-15.01) 29.40(-12.34)
XGBoost 50.43 | 27.39(-23.04) | 33.11(-17.32)
LightGBM 38.61 | 32.53(-6.08) | 35.87(-2.74)
Ridge regression 71.30 | 24.68(-46.62) | 41.93(-29.37)
Lasso regression 57.58 | 25.52(-32.06) | 40.60(-16.98)
ElasticNet regression | 57.67 | 27.70(-29.97) | 39.80(-17.87)
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gotdom, EAEAX|S(VIF: Variance inflation &%t A AU olg] A& A] RMSEZte] T4 HAUo

AgHag AAT dvke

AHS7E 40700014 11702 74t

factor, °Js} VIF) 10 °]A&9]
Table 122} 2t}
At

2845} Table 113} Zo] 77 d ]E1u}o]161 wE n
T AgHLe] gs3A8E AA & AEEa Al

RMSEZto] Z4siqltt. ol AYHS7te 5344
= AASE= Ao] dEE ol E30] HE HojEr
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55t

Table 11. Dimensionality reduction re-comparison

results
PCA RMSE

Methodology Before After (Gap)

Random forest 28.33 26.33(-2)
GBM 26.73 24.68(-2.05)
XGBoost 27.39 23.52(-3.87)
LightGBM 32.53 28.95(-3.58)
Ridge regression 24.68 20.67(-4.01)

Lasso regression 25.52 19.52(-6)
ElasticNet regression 27.70 22.13(-5.57)

&S ©5 © %ol7] 5] Table 137} Zo] 43}
20] 314 AAUIFE Agslgict A AAUIPS
0% ojnEl Rrs AFREe] A WS FAY

wigoh Auisole] BAS AFRANA AgT
6] VA HolElE W ] el 2%
o g % 9

E‘O] =

Table 12. Variancevariance inflation factor results

Explanatory variable VIF

1 Q1403 4.1570
2 Q1402 3.3709
3 Q1702 2.8783
4 Q1704 2.8783
5 Q1701 2.8192
6 Q1703 2.8027
7 Q1401 2.7929
8 Q1501 2.1381
9 Q1802 2.1209
10 Q1601 2.1018
11 C1704 1
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THAIEZ] Roubuster /\?ﬂo‘ AL A] B= RMSEZo]

Zastyon, FAERY AFGTHE HE A BF
RMSEgro] Zrasigint. 34 MxYolg Fo= Lasso
9} ElasticNet® o] 714 d&5o] 955}3ich

Table 13. Feature engineering comparison results

Feature engineering RMSE
After (Gap)
Methodology Before | Roubuster | Minmax
Sqrt Log
scale scale
Random 15533 | 2480 | 2869 | 22.00 | 28.66
forest
GBM 24.68 22.85 28.75 19.93 | 33.78
XGBoost 23.52 24.43 25.37 21.15 | 48.30
LightGBM | 28.95 30.64 34.18 26.17 | 28.08
Ridge 2067 | 19.30 20.54 | 26.20 | 32.86
regression
Lasso 1952 | 1929 3482 | 25.95 | 32.08
regression
BlasieNet | 5y 13 | 1920 | 3487 | 2497 | 3094
regression
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