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The Naval Logistics Command forecasts demand for repair parts by compiling the time series techniques and
qualitative judgment of repair parts item managers. However, the time series technique is difficult to forecast
temporary and intermittent demand, and there is a problem in which it is difficult for an item manager dealing
with more than 4,000 items to accurately grasp the demand information for each item. This paper proposes a
demand forecasting method applied with machine learning techniques that have been actively utilized in many
fields recently to improve those problems and increase demand forecasting rate. For the purpose of evaluating
the proposed method of forecasting demand for repair parts, the accuracy was compared and analyzed by
dividing the results of the forecast by item and quantity accuracy by applying the current procedure and method

of forecasting demand for repair parts.
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Figure 1. ASL Item Selection Procedure

Table 1. ASL Target Item Selection Criteria

Item Contents
* More than one claim in the last five years, items
Demand with more than 2 years of performance
* New equipment(within 3 years of introduction)
* Items that are not sufficient in demand but cannot
W ¢ be moved without them
arran .
Yol Items that must be deleted for ship safety and
human life or operation of new equipment
: . « Items to be exchanged regardless of condition
Time-limited ey
after the specified time
Average . . :
. Ag * Items with an average failure time set after
inter-failure . .
equipment operating
exchange
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Table 2. ASL Target Item Status By Year
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Year 2010 2011 2012 2013

2014 2015 2016 2017 2018 2019

Item 49,005 50,175 46,099 43,159

44,549 42,899 44,582 43,886 41,808 41,690
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Figure 2. ROK Navy Logistics Command Demand Forcasting Utilization Data

Table 3. ASL Item Status By Year(%)

Item 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Q 248 19.1 239 23.1 222 225 20.4 22.0 233 22.1

ASL T 5.7 12.7 9.9 7.8 7.3 6.9 5.6 4.4 4.1 4.1
A 30.5 31.8 33.8 30.9 29.5 294 26.0 26.4 27.4 26.2

N-ASL B 69.5 68.2 66.2 69.1 70.5 70.6 74.0 73.6 72.6 73.8




A Case Study on the Demand Forecasting of the Navy Repair Parts using Machine Learning

<Table 3> A=W ASLEE AN
lwh(RO) AuFEos &9

S ASLEFOE AAH
qu];q oJ-o NASLEE
26%E AA| 3, 37
o= AR o
gg oz XWI A

{o
fu

EJ
_g

&3t}
sho] i & AHE3 R 0w, HAle
FAE AlFE 20108~20203  ASLTHA
U~F-199 8 54 & Y st A st
o & E°, <Figure 3>3 2°] 2019'd ASLTh}E 5|
20209 2.5 wAHY 7IH S 53l dEstha 74 sHAL o
Aed grgElolHe F5 T FAE A AR+ UE
2018 ASLUF5S &83t}. ShsdlolE & 20184 71+
OS2 HZ5MA FoF] EAE vk d S (feature) | ©] ] ¢}
20199 8 A o BE FESE= T A (class)HI o HE 74 €
o S5 olE 2 ghgE A Y2 20199 thYF 59 54
dolE & AS o HE T2 $ 20201 78 A o 7
o &gt upA o 2, 20201 UIEES F-1d 2 A 04
B2 vyt FEAHSFEE AEAT HAlg o] £ R
Hes 7}Xl71 A e ASh el i ARE A2 23
S AEE I, W7 ES L Y BEUQFAHRE F
1117%8}04 gtgElolEl & A5l oF stk Ead RS
% EﬂOIEi 7hE T A gsteta s, mAlg Y e
Hoj| A B A E Tk T 8 8HA I sfof sk A
A A E8313 Y B A 5337k e
1% mAleyg 71l 483 o, £/ 50l
oA As AT F Ut Dol FHEZ AT &
Sk T HAR Qs #Aledo] HolE Z5H F8 LA )
Elo|u} 12 & A gto 8h4537] vl - o HA| 817 w ol

o gt

¢

Learning data ‘

323
raw data F-5@014) F-4(2015 F-3(2016) F-22017) F-1(2018)
current’19 '37A232550‘[ 3 0 0 0 0,
\
forgigasty '37A232550' 3 \\
F-12019) \\
N
F-5(2014) F-4(2015 F-3(2016) F-22017 F-1@018  /\
character- // \
o | 1 0 0 0 op’
istic 1
N !

1

/
F-10019 /
t’,

object data

Figure 4. Any ASL Target Item

raw data F-5(2014 F-4(2015) F-3(2016) F-2(2017) F-1(2018)
current’19 '375557092' 0 6 1 3 6 \
\
forecast- '375557092' 6 1= Fil 6 o\
F-5(2015 F-4(2016) F-3(2017) F-2(2018) F-1(2019) \ \
\\l
1
n
1

\
F-12018) /1
S
i
I
i
’

F-5(2014  F-4(2015) F-3(2016) F-2(2017)

/
v

characteristic 0 1 1 1 1|y

data

[
F-leo

4
object data £

Figure 5. ASL Target Item

ol A& MAatr] e thFd WH OB tolE & 7t
I, F8FS ol shE Ao] £ LAY AR dSAHRE
A BHAA, FA o &2 Pﬁ‘a HHEE A A Ml o
HIAEE PPN = A S S AT

9 29L& HA Y Y JEolH E o] xst &
7] Y3 A2, A A520199)9 ASLTAEZo
(2020“)°ﬂt ASLUEE 5 A5 78 sty 202013 o F-1

d Fa o] AFA F7HEH, 202089 F-59~F-299 8
22 201999 F-4A~F- 19 233 dX5E= AL ol
Ttk #alEd g dolH e E4uolE 9 /fAH ol HE
TFAo] B M, <Figure 4>9] 7% 20199 9] F-53~F-139] 2
Fe T8 A o fof we} o]13g & S oHE A
st o S ol AfAldl ol H = 202099 F-1'd 2 34 o
BEHlastd £o7t gle 450, T2 e A e 1=
o|z15}stef A4 gt} <Figure 5>} 20 20193 thAHE
50] 2020 5ol EA5HA] & A= 202099 F-1d 8
Fo HASA e A0

ww 0T T
o7 A
A3 T A4

T 3}

-1,

= 7H4std AAEH I HE 0

Comparison data

2018 to 2019 ML The year 2020
. Forecasted item
sctual demand sccuracy
Verification data v calculation
The year 2019 Learned ML Forecasting occurrence of
demand

Figure 3. Demand Forecasting Process



324 &£29 . koA .

Table 4. Item Classification by Demand Forecasting and Actual
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Table 5. TForecasting Accuracy by Technique(if binarized)

Time |Arithmetic|Moving| Min |Simple | Trend | Towfold | Holt
series
71.9 706 | 626 | 712 | 709 | 713 | 68.8
DT SVM KNN
ML
79.4 79.1 79.3
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Time series — Time series 70.1 61.2 52.7 62.4 61.5 61.8 60.1

DT — Time series 73.1 73.2 72.8 73.1 72.9 72.9 72.2
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