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Abstract A number of states have focused considerable attention on the strategic value of UAV as a
military weapon system. South Korean military has also been making efforts to maintain combat
readiness through the development of unmanned aerial vehicles. However, proper and accurate
forecasting of maintenance accessories procurement is required for UAV development and deployment,
which can eventually contribute to combat readiness. For a long time, the ROK army has used the data
set in the equipment maintenance information system to forecast the demand of maintenance
subordinates estimated by the several time series method. Nevertheless, more accurate forecasting
methods need to be established and implemented. In this study, we applied the ensemble method for
military industry demand forecasting, which is performed by the maintenance department. Additionally,
we proposed a model to improve the accuracy of the prediction. Since the machine learning method
utilizes more information than the time series method, it is expected to improve the accuracy of spare
part future demand forecasts. To verify the effectiveness of this novel method, we implemented the
demand forecasting classification model utilizing the consumption data of UAV maintenance accessories

collected for a period of six years.
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Feature Means
Maintenance Troop 1
Maintenance Troop 2 Binary [0,1] data
Maintenance Troop 3 (Whether or not maintenance
Maintenance Troop 4 |occurs in the maintenance unit)
indep- [\ aintenance Troop 5
endent 201 -
variable 017 year Consumption
2018 year Consumption
- Spare Parts By Item/Unit/Year
2019 year Consumption R
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2020 year Consumption
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N 2022 year (Binary)
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Fig. 1. Ensemble Model Concept
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Table 3. Confusion matrix

Predicted
Y (Positive) N (Negative)
(Pos?tive) A (True Positive) B (False Negative)
Actual N
(Negative) C (False Positive) D (True Negative)
Accuracy =
A+D Recall = ———F
A+ BT CHD A+B
F1-Score =
A .
Precision = a0 2(Precision « Recall)
(Precision + Recall)
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Table 4. Model 1 Time series and machine learning

results

Accuracy | Recall |Precision| F1-Score

AMM 72% 85% 72% 75%

) SMA 72% 85% 72% 75%

St;?;:s WMA | 68% 89% 68% 75%

LMA 71% 88% 74% 74%

LSM 62% 89% 62% 77%

DT 72% 80% 73% 74%

RF 69% 85% 70% 74%

) KNN 70% 85% 71% 74%

ﬁ‘ﬁiig NB 70% 85% 71% 74%

SVM 62% 100% 63% 77%

LR 62% 100% 63% 77%

HV 69% 85% 70% 74%
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Table 5. Model 2 Machine learning result using
oversampling technique

Accuracy Recall Precision F1-Score
DT 69% 89% 69% 75%
RF 71% 88% 71% 76%
KNN 72% 88% 72% 76%
NB 71% 88% 71% 76%
SVM 72% 88% 72% 76%
LR 72% 88% 72% 76%
HV 75% 87% 75% 78%
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Fig. 2. Comparison of Model 1 Results
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Fig. 3. Comparison of Model 2 Results
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