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Abstract Accurate maintainability predictions for guided weapons reduce unnecessary maintenance
activities and increase availability. In effect, the maintainability predictions reduce Total Life Cycle Costs
and enhance Combat Readiness. This study uses Machine Learning (ML) techniques to present a model
that predicts when a specific missile in operation will be repaired and when repair parts should be
procured. The data analyzed by ML were more than ten years of field operation data such as
maintenance, inspection, and repair parts consumption data. First, to have a data form suitable for ML,
the data was integrated so that it can be easily accessed from the preprocessing processes such as data
missing and outlier processing and algorithm model. Then, we used XGboost, LightGBM, and Catboost
models as classification algorithms for ML used in the maintenance prediction. As a result of applying
the best algorithms, the maintenance prediction achieved 90% accuracy and 70% recall rate or more.
Next, the maintenance prediction and the need for specific repair parts were calculated for the next 12
months using the processed data. The predicted results were then used to visualize the monthly
schedule. As the next topic, we plan to develop a repair parts prediction model using a regression
algorithm to predict the quantity of repair parts required. In conclusion, providing this maintainability
prediction system to the owner makes it possible to prepare for maintenance and supply requirements
in advance and reduce downtime.
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Table 1. Data types and data by Parts(units)

Parts(Unit) INS SKR GCU PCU
No. of Parts 59 60 56 47

No. é)f Inspection 21 35 27 14

ata type

No. of total 6656 | 2746 | 6373 | 10567
inspection

No. of maintenance 9”2 53 37 51
occurrences
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Table 2. Simplified Input Variables of Machine Learning

Actual Data
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False Negative
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Table 4. Accuracy and Recall values using Catboost

Parts(Unit) Accuracy Recall High score
INU 0.91 0.68
SKR 0.99 0.91 @]
GCU 0.89 0.71
PCU 0.94 0.78
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Table 5. Accuracy and Recall values using LightGBM

Parts(Unit) Accuracy Recall High score
INU 0.90 0.68
SKR 0.99 0.91
GCU 0.88 0.79 O
PCU 0.94 0.78
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Table 6. High Scored algorithm by parts

Maintenance

Parts(Unit) Best Algorithm

Prediction
INU XGBoost September. 2019.
SKR Catboost August. 2019.
GCU LightGBM August. 2019.
PCU XGBoost none
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