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Abstract There has been a growing global interest in unmanned aerial vehicles (UAV) as strategic weapon
systems in recent years. In line with this global trend, the South Korean military also focuses on
maintaining combat readiness by developing UAVs. To effectively operate UAVs, the supply and
maintenance of spare parts are essential, and accurate prediction of the demand for these spare parts
is crucial. Thus far, the Korean military has performed spare part demand forecasting based on several
time-series techniques using equipment maintenance information system data. On the other hand, an
improved demand forecasting model is required to enhance the accuracy of spare part forecasting. This
study compared and analyzed oversampling and undersampling models to propose a model that can
improve the accuracy of spare part demand forecasting. Preprocessing techniques were also applied to
enhance data distribution consistency and increase accuracy. To this end, six years of UAV spare part

data were collected to present a demand forecasting classification model.
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Table 1. Pseudocode of Synthetic Minority Over-
sampling Technique algorithm (SMOTE)

Input: original dataset, minority_class_label, k_neighbors,
oversampling_ratio
Output: new_dataset

Step 1. Retrieve all samples from the minority
class in the dataset and store them in minority_class_data.

Step 2. Calculate the number of synthetic samples to
generate based on the oversampling ratio and store the
result in n_synthetic_samples.

Step 3. Find the k-nearest neighbors for each minority class
sample using the KNN algorithm.

Step 4. Initialize an empty list called synthetic_samples to
store the newly generated synthetic samples.

Step 5. For i in range(n_synthetic_samples) do:

(a) Randomly select a minority class sample from
minority_class_data.

(b) Find the k-nearest neighbors for the selected sample.

(c) Randomly select one of the k-nearest neighbors and
store it in nn.

(d) Generate a new synthetic sample by interpolating
between the selected sample and nn using the
generate_synthetic_sample function.

(e) Add the synthetic sample to the list synth
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Table 2. Pseudocode of TomekLinks algorithm

Input: dataset X with n examples, where each example xi has
d features, and corresponding labels yi

Output: new dataset X' with noisy/borderline examples removed
Step 1. Compute the KNN graph for the dataset X using
Euclidean distance, where k is a hyperparameter.

Step 2. For each example xi in X, determine if it is a
TomekLink.

(a) If yi = 1, check if there exists any example xj in X such
that yj = 0, d(xi, xj) is the shortest distance between xi and xj
among all pairs of examples with different labels, and there are
no other examples that have a shorter distance to xi or xj than
the distance between xi and xj.

(b) If yi = 0, check if there exists any example xj in X such
that yj = 1, d(xi, xj) is the shortest distance between xi and xj
among all pairs of examples with different labels, and there are
no other examples that have a shorter distance to xi or xj than
the distance between xi and xj.

Step 3. Remove the noisy/borderline examples from X to
obtain X'. The remaining examples are considered to be
well-separated and informative.
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Equip-
Equip- Equip- ment mainte-
ment ment regist- nance NSN troops
Name NSN ration date
Number
Equipment Al  A0001 2001A1 |20130514| A54321 | X LSC
Bquipment 7 CO001 | 2001C1 |20210320| D54321 X battalion
Request CO;?Enm_ consum- | number of| recover-
Unit Unit ption workers | ability
EA EA 20 4z 3 N
EA EA 10 4% 3 Y

353

A9 Rl =Hso| 013717411 B 85t Stk
2 AFNE S MM F ddg 719
UAVE a7 o4 %Hl?n *dXé SFEATt.

S DELISY ZAu[HolEolA 53,4227] ERAA
glolElE +35ta, +=JH dHojgdles Fuga, 4

HGd ARE $eREEE50 e g 44, 18

@7t 22717E, HCgRIU ) 5 2270 FEol 23E
o] Ut}
3.2 H x5

2 A9 B pPRE 059 FEgLE £
ﬁo“&"‘] % O]E]' 2 As 146719 ejRES 7|9

[Table 4]9} QO] 2017Ld%‘—E1 2022L=17/}Zl 64zt 11
Ao} #23} glojg] W4E ATt AR FESHYC o
4 e F 14670 25 3 10,5104 gk =87t
zg =9 20229 428 Ago|t). Hojg Ao 73
< 927] Yol eHBEY WS SMOTE ¥aEEs
ARgsto] =871 Sl 917 B =871 Qi 5571 &
55 I MEHE 871 fls FE5S 36700014 9174

2 5%k 1 23, &3 dojg &2 182749 =0
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A1 EE AFESte] & 110709 o] AP

Table 4. Feature Description

Feature Means
Maintenance Troop 1
Maintenance Troop 2 Binary [0,1] data
Maintenance Troop 3  |(Whether or not maintenance
Maintenance Troop 4  [0CCUs in the maintenance uni)
indep= "\ aintenance Troop 5
endent -
variablel 2017 year Consumption
2018 year Consumption
; Spare Parts By Item/Unit/Year
2019 year Consumption .
Sum of consumption
2020 year Consumption
2021 year Consumption
depen- . Consumption from
dent Sum of Consumption .
X 2022 year (Binary)
variable|
3.3 2 3
2 A7Y F42 712, eHAEY, AHMERY 2
IE Hw FA51] Holg #3@o] BE sl PlA=
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7F4 &% Accuracy, Recall, Precision, F1-Score &
71E0 = 7t mdS Uit o] BE B3l UAV 5
2 R&o] gt =859 Pt FFFE A

o=

Evaluation with
Comparisons

Data Scaler
Method

Data Prediction

Process Transaction Data

' Acoacy
* Precksion
v Reual

' FlScore

I
1 Contents ! i
I

Performance
Measure

Feature
Selection

Learning
Strategy

Preprocessing

Fig. 2. Overview of the demand prediction process
based on preprocessing.
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£ A= HolEnteld S A-E%t o] RitkE
Br7sl7] el &9 (Confusion Matrix)E E-83]
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249 452 B7ek] s ddlelE A(Training
data set)d HIAE Al(Test data set)= 7:3 HE&E Y
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L23E9] o [Table 5]° Yt rt.

Table 5. Confusion matrix

Predicted
Y (Positive) N (Negative)
Y A (True Positive) | B (False Negative)
(Positive) rue os1tive, alse egative,
Actual
(Negitive) C (False Positive) | D (True Negative)
Accuracy = A
A+D Recall = ———
A+B+C+D A+EB
F1-Score =
A L
Precision = aiC 2(Precision  Recall)
+ (Precision + Recall)

4.2 2H At

nd 1, 2d 2 2 39 Accuracy: BNt A
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£ Bk a8y &4 Ade AAGE dolErteld
T £ ANE Btk LSMQ] Accuracys 62%& 7+
A FO¥ATE F1-Score”t 77%Z 7Y &0t Accuracy2t
Recall?te] #30] & 8032 & 4= ATt SVMt
LR Accuracy= 62%% 7P WARE Recallo]
100%=2 #HE BE AAE 24T & AT 2xd
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Table 6. Model 1 result of time series, data mining
and deep learning

Accuracy| Recall |Precision|F1-Score

AMM 72% 85% 72% 75%
SMA 72% 85% 72% 75%
STQT; WMA 68% 89% 68% 75%
LMA 71% 88% 74% 74%
LSM 62% 89% 62% 77%
DT 72% 80% 72% 74%
RF 69% 85% 69% 74%
Data KNN 70% 85% 70% 74%
Mining NB 70% 85% 70% 74%
SVM 62% 100% 62% 77%
LR 62% 100% 62% 77%
MLP 68% 80% 68% 71%
Deep RNN 82% 82% 82% 82%
Learning | GRU 79% 81% 79% 80%
LSTM 79% 81% 79% 80%

wY 2t oMAEYS g Holeuoldt e

J Y] A3 AASkeIT HlolEuteld B =
DT%} SVMe| 75%9] Accuracy— B dEgoA+=

GRU%} LSTMO| 84%9] &2
100%S] Recall 45 Ho] nE Ay 2

ol LRE
BA AR e APEEoleS ek mhAet
OF LSTM2 F1-Score”l 84%= 7}

2 Accuracys Rt €9

Precision®} RecallolA #3731

2do] doleintold e} Aoz 9
ik, 29 13} vlwska dojelolo] e fARE abrt

1. O
3

EEHAoH 9299 3% RNNo| 7Fg &
%3 MLP, GRU, LSTM9] A3} g2 453ttt

o}o
3T ARA—

%}}\-O

Table 7. Model 2 Machine learning result using

oversampling technique

on ol
< UEi. |
5 Ave w

Accuracy | Recall Precision | Fl1-Score
DT 75% 80% 75% 76%
RF 72% 80% 72% 74%
Data KNN 71% 82% 71% 74%
Mining NB 70% 85% 70% 74%
SVM 75% 82% 75% 77%
LR 62% 100% 62% 77%
MLP 80% 81% 80% 80%
Deep RNN 78% 78% 78% 78%
Learning GRU 84% 84% 84% 84%
LSTM 84% 85% 84% 84%
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Table 8. Model 2 Machine learning result using
undersampling technique

Accuracy | Recall |Precision | F1-Score
DT 71% 77% 63% 62%
RF 72% 77% 64% 63%
Data KNN 72% 77% 64% 63%
Mining NB 71% 77% 63% 62%
SVM 72% 77% 64% 63%
LR 72% 77% 64% 63%
MLP 77% 78% 72% 73%
Deep RNN 71% 72% 63% 63%
Learning | GRU 75% 75% 71% 72%
LSTM 75% 74% 72% 73%
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