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Abstract A weapon system's concurrent spare part (CSP) is a spare part that meets the essential
requirements for the system to perform tasks without requiring resupply for an initial operating time.
In addition, generally, It is critical to maintaining combat readiness and the efficient operation of
weapon systems. Hence, this research studied machine learning-based models, such as Random
Forest(RF), AdaBoost(ABC), and SVM, to increase the accuracy of existing methodologies for the
estimation of the requirements of a CSP, considering the importance of the estimation. In particular, this
study used the acquired and operational data of DELIIS, a supply and maintenance system of spare parts,
pertaining to the CSP. Also, the MTBF-based techniques, mainly used by the Army, used only acquired
data. On the other hand, the machine learning-based models used operational data together with the
acquired data. Hence, the accuracy of the MTBF-based techniques was 83%, while the machine
learning-based models, DT, RF, ABC, SVM, KNN, and VOTE had an accuracy of 85.1, 92.5, 94.7, 95.1,
92.6, and 95.5%, respectively. In addition, machine learning-based models were also shown to be
superior to the MTBF-based techniques, in terms of recall, precision, and Fl-score, in the study. In
particular, the VOTE model showed the best performance among the ensemble learning models. Hence,
this study has great significance in using additional operational data compared to existing methodologies
and showing improvements in outcomes using ensemble learning models for the estimation of the
requirements of a CSP.
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Table 1. CSP Accuracy by Equipment Example

Acquisition Accuracy(%)
equip- CSP
ment | item | count | cost item Qua- 1nyroduction
ntity
A | 312 | 1o | 178 | 26 | 8 | 1Y
16year
B 95 | 307 | 2165 | 100 90 ’}fgea”
year
c |24 |34 72 |1 | o | 1D
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D | 30 |7030| s0 |273 | 3 | ¥
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Table 2. GBL Table Example

LCN Part NSN Part | English SMR exchar'lge
Number Name | Name quantity
ZA7] | PROBE
HAGAO01(674-01-1| 12345 =5 |HOLDER PAFZZ 10
HAGA02(674-01-2| 12345 | A¥A | VOLT | PAFZZ | 20
Failure Unit Unit EC mainte-
Unit Rate MTBF | Failure MTBF | CODE | Rance
Rate time
EA 0.1 10 0.1 1 1 50Hour
EA 0.2 20 0.1 2 7 20Hour
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Table 3. Army DELIIS Table Example

Equip-
Equip- Equip- ment mainte-
ment ment regist- nance NSN troops
Name NSN ration date
Number
Bquipment G C0001 2001C1 |20130514| C54321 | X LSC*
Equipment D| D0001 | 2001D1 |20140320| D54321 [X battalion
Request con;;lnmf consum- | o number of| recover-
Unit ptio ption workers | ability
Unit
EA EA 000 5 N
EA EA 9 00O 2 N

32 2 75 3 o5 W

g F= i AH2E 20134 o =99 K-XX F
AAE AAsIPoH, CSP dlE 2de dubzQl w4l
2y ggudiyt FYsitt. 1y 5 Holeet 28§
golgE ne g3t HoA g w4l Fy 1d
o=k A FulE 201390EH =Y =97t
of AldE 71802 & do[He} EHAE HloJEld] ot
ot AE 2 HEoi9rt. sy dlojee F2 5 HolH
9} 2-& dlojg7} YAJsh= 1,0677 FEo2 FAEH
HIAE dHolEl= Fig. 13 Zth o|9t #AE AgEe
GBLY AA 1,779 Z-E3HcHI]

Z-4 z-3 [z-2 | z-1 z Z+1 Z+2 Z+3
e Mo Ho HEE GG
DELIIS extraction of the same commonitem | | CSP Operation Time ‘

as the acquired P
feans SP Required| (Equipment Equipment
Estimation Import import
g _Decision Point point
) ‘ X Train Set ‘ ‘ Y - Train Set ‘
e/ Pattern Recogniti ( (VES/NO)
test
Data -
ot | X - Test Set ‘ [ Y -~ Test Set ‘
Pattern i (VES/NO)

Fig. 1. Machine Learning Algorithms
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Fig. 2. Training data set and test data set

Table 4. Army DELIIS Table example

Feature Min Max Mean Star}da}rd
Deviation

QPA 0.0 423.0 1.61568 8.937497
LRU/SRU 0.0 11.0 6.025098 1.213168
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Mechanical Table 5. Variable Descriptions
Components 0.0 1.0 0.084451 0.278074
Electronic Feature Means
Components 0.0 1.0 0.676177 0.467952 QPA Quantity Per Application
LRU/SRU Equi WEBS
SMR Code | 0.0 34.0 5222531 | 8521416 (Line/Sub Replaceable quipment
Unio) (Work Breakdown Structure)
Impé);;aence 0.0 10.0 1.757276 2.766206 Mechanical components Binary [0,1] data
Electronic components Binary [0,1] data
Unit Price 0.0 2.53E+09 3.09E+05 2.30E+07 Spare parts specific SMR code, Maintenance
haracter code code, Recoverability code
Exchange €
Quantity 0.7 423.0 3.624317 | 10.122783 indep- A sign that distinguishes
Unit endent Importance code whether an item is
failure Rate 0.0 13702.446 | 4.696663 | 137.36934 variable| important or not
Quantity Unit price latest price
Failure Rate 0.0 13702.446 | 5.273576 | 137.65326 Exchange quantity Minimum exchgnge quantity
in case of failure
Unit MTBF | 0.0 | 2.18E+09 | 3.80E+07 | 1.13E+08 et falure rone failure rate / exchange
quantity
MTBF 0.0 1.66E+09 7.47E+06 3.87E+07 Quantity failure rate failure rate
. Unit MTBF MTBF * exchange quantity
consumption
(Binarpy) 0.0 1.0 0.036707 0.188049 MTBF Mean Time Between Failure
depen- consumption from 2009 yea
dent Consumption Number Dt r . year
. ~ 2016 year (Binary)
_ variable
4. de 24 9 ZAn
- 1 o] AL AJAIGAL 71#F}R] oF 71 dl= ¥~
A% ATR= AA|Y R0l MTBESF wAley Hh A9 A9 AAGEE 1EokA] &l S W
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£9 48T ANE MnEdslgt guw Sggye o S Herstel oS AfSehs yHlow Siwel 4
s : o sras HE wAlEY HPHol
Table 63} Zo] X3 H(Confusion Matrix)& &85} gt waled Wl DT, RF, ABC, SVM, KNN,
. o 7} g2 B8 Hxo mrlsiol
47'A] A=l Accuracy, Recall, Precision, F1-Score VOTE 2t ¥lig &3 855 B7Fotch
. A 7z mEdy Ao 1} Fi A HE=
2 Azsidct oAl 714 P:—éa 352 Table 73} Fig. 5914 B
Hie} At} g e+ HE H4l#do] MTBFY| 7|& W

Transaction Data

DELIS
(Defense Logistics
Integrated Information
System)

| consumable data
Extraction

Data Preprocessing

Data Prediction & Evaluation

T patsol
maintenance and
- Supply - Collected data

- (2000-2012)

Target weapon system
(i.e, K-X Tank)

Manufacturer
{l.e., Hanwha)

Acquisition data GBL, RAM
(K-XX armored vehicle)

(1) Training feature sets

Extract features
(t ="09 year ~ "11 year)

T;nmg dataset
(Acquisition data

\ F7
| /—$—' <
/ d.=the number of a \\
[ spare parts,
[ Consumed in yesr |
(7 UnitMTEE
F11)

ey

\ t~t+3 /
‘\l t="13 year ~ "15 year) /
NE—

1 (’ QPA Y ! L A
1 =) 1
S 1) A 1
[ - ! Train prediction models
17 LRUSRU Yy 1
F2) ~- T 1
: ~ L] | Fullfeature set M Learned prediction models
h . ® H
" Mechanical ‘ 1 Machine Learnin
:(\ Electronic 73 )| | 9
1 1 DT
1 /7 SMRCode ! RE
1 '( (F2) ) I ABC
T ! SVM Test leamed
L——— | ==L __ ! KNM prediction
Importance code I
: ( 5 b= models
1 - . 4 -
1 (’ Exchange Voting
14 quantityre) _/ Classifier
1 (2) Define the target
I — variabl
1 unitfailure rate vansoe -
1
1 -
1
1
1
1
1
1

Results

Accuracy
Precision
Recall

F1-Score

Evaluaticn with Comparisens

Fig. 3. Feature selection and predictive model evaluation process
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Data Preprocessing Diverse i s ‘ ‘ Ensemble’s

(e.g., majority vote)

Logistic (1)
Regression

sVM (1)
Classifier

Random Forest
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Data Set

(Train
Data Set/
Test
Data Set)

Other
Classifier

Fig. 4. Voting Classifier Learning Method

Table 6. Confusion matrix

Predicted

Y (Positive) N (Negative)

Act- Y(Positive) A (True Positive) B (False Negative)

ual N (Negative) | C (False Positive) D (True Negative)

Accuracy =
A+D -
A+B+CTD et A s
F1-Score =
Precision = Ai G 2(Precision - Recall)
(Precision + Recall)
Table 7. Machine Learning Results
Accuracy Recall Precision | F1-Score

MTBF 83.00% 87.20% 93.80% 90.40%
DT 85.10% 79.00% 85.00% 81.00%
RF 92.50% 91.00% 93.00% 92.00%
ABC 94.70% 95.00% 95.00% 95.00%
SVM 95.10% 95.00% 95.00% 95.00%
KNN 92.60% 92.00% 93.00% 92.00%
VOTE 95.50% 97.00% 95.50% 96.00%

Table 63} 20| Training<
B8 S 5= S5k A8l dEaE A Hl
wsk7] 9k 71Eeloh AA HAlEd 7Y FolAe
Fig. 58} Zo] VOTE £77] g0l o PHE Ht
HE Accuracy, Recall, Precision, F1-Score &%=
oA e==513itt. ol VOTE WHE& 4 3
HE7]-4 A= A 7MY ge ® % =

£ 35 SR ERdte Aol ]
‘?;‘91 MTBFe] H]8] VOTE ®H-2 Accuracy, Recall,
Precision, F1-Score®] F&=7} 12.5%, 9.8%, 1.7%,
5.6%2] A a37F AU

m Accurary

_____

""""" m Recal
Precision
F1-Score
~~~~~

MTBF sV KNM VOTE

Fig. 5. Comparison of Machine Learning Results
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