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Recently, a study of prognosis and health management (PHM) was conducted to diagnose failure and predict the life of air
craft engine parts using sensor data. PHM is a framework that provides individualized solutions for managing system health.
This study predicted the remaining useful life (RUL) of aeroengine using degradation data collected by sensors provided by
the IEEE 2008 PHM Conference Challenge. There are 218 engine sensor data that has initial wear and production deviations.
It was difficult to determine the characteristics of the engine parts since the system and domain-specific information was not
provided. Each engine has a different cycle, making it difficult to use time series models. Therefore, this analysis was performed
using machine learning algorithms rather than statistical time series models. The machine learning algorithms used were a random
forest, gradient boost tree analysis and XG boost. A sliding window was applied to develop RUL predictions. We compared
model performance before and after applying the sliding window, and proposed a data preprocessing method to develop RUL
predictions. The model was evaluated by R-square scores and root mean squares error (RMSE). It was shown that the XG boost
model of the random split method using the sliding window preprocessing approach has the best predictive performance.
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<Table 1> Result of Modeling on Whole Data
Split way Random unit_ID Maximum cycle

Using window X 0 X 0 X 0

Modeli R? R? R? R R? R?
odeing (RMSE) (RMSE) (RMSE) (RMSE) (RVSE) (RMSE)
0.6435 0.8228 0.6601 0.5958 0.5971 0.5389
Random forest (40.963) (28.925) (38452) (41.929) (45.412) (48.578)
, 0.6091 0.7047 0.6263 0.6331 0.5586 0.5510

Gradient Boosted Trees (42.895) (37.283) (40.3203) (39.951) (47.503) (47.935)

0.6306 0.8368 0.6463 0.6719 0.5818 0.5737
XG Boost (41.700) (27.718) (39.223) (37.778) (46.2633) (46.7058)
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<Figure 5> Trend of mea03, meal1, and meal7
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<Table 2> Result of Modeling on Groups of Unit

53

Short cycle units
Split way Random unit_ID Maximum cycle
Using window X (0] X 0 X 0
‘ R R R R R R
Modeling (RMSE) (RMSE) (RMSE) (RMSE) (RMSE) (RMSE)
Random forest 0.6615 0.7938 0.7026 0.6459 0.6270 0.6354
(28.934) (22.583) (26.619) (29.047) (29.556) (29.222)
Gradient Boosted Trecs 0.6392 0.7316 0.6574 0.6789 0.6114 0.6794
(29.876) (25.764) (27.812) (27.661) (30.168) (27.401)
XG Boost 0.6394 0.8388 0.6825 0.7115 0.6160 0.7501
(29.867) (19.965) (27.508) (26.219) (29.989) (24.191)
Medium cycle units
Split way Random unit_ID Maximum cycle
Using window X (0] X 0 X 0
. H2 R2 R2 R‘Z R2 R2
Modeling (RMSE) (RMSE) (RMSE) (RMSE) (RMSE) (RMSE)
Random forest 0.7146 0.8203 0.7168 0.7393 0.6465 0.7355
(34.325) (27.313) (34.264) (32.877) (39.660) (34.303)
Gradient Boosted Trecs 0.6847 0.7656 0.6913 0.7358 0.6231 0.7002
(36.183) (31.197) (35.773) (33.09) (40.948) (36.519)
XG Boost 0.711 0.8472 0.7123 0.7789 0.6383 0.7719
(35.071) (25.182) (34.538) (30.276) (40.115) (31.854)
Long cycle units
Split way Random unit_ID Maximum cycle
Using window X 0 X 0 X 0
. R R R R R R
Modeling (RMSE) (RMSE) (RMSE) (RMSE) (RMSE) (RMSE)
Random forest 0.7248 0.8271 0.7058 0.7500 0.7098 0.6951
“2.614) (33.781) 43.818) (40.397) “4.771) (45.885)
Gradient Boosted Trecs 0.6942 0.7905 0.6740 0.7086 0.6707 0.6873
(44.927) (37.185) (46.132) 43.613) (47.693) (46.471)
XG Boost 0.7048 0.8487 0.6752 0.7499 0.6752 0.7488
(44.136) (31.599) (46.047) (40.401) (47.364) (41.648)
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