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ABSTRACT

Along with the advent of high-quality deep learning algorithms, several methods have been published for the
domain adaptation (DA) problem on remaining useful life. Most of them are unsupervised DA methods and
popular adversarial approaches are known to have best performance among them. But, we have found out that
adversarial approaches have an unstable problem that is the performance critically depends on the starting
weights of the deep-learning networks. Furthermore, unsupervised DA methods could get a limited performance
improvement if domain shift is larger than some extent. This paper proposes a supervised DA method based
on AdaBoost with Long Short-Term Memory (LSTM) as base estimators. The proposed approach is effective
when target domain data is much smaller than source domain data. On a publically accessible dataset, the
proposed methodology is tested, and when compared to previous unsupervised domain adaption prediction

methods, it reaches state-of-the-art prediction performance.
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Fig. 1. The detail structure of LSTM cell.
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Table 1. Properties of C- MAPSS dataset

Dataset FDO0O1 | FD002 | FD003 | FD004
Training engines 100 260 100 249
Testing engines 100 259 100 248
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Table 2. Parameter setting for LSTM

Layer 1 BiLSTM(14,32) — Dropout
Layer 2 BiLSTM(32,32) — Dropout
Layer 3 BiLSTM(32,32) — Dropout
Layer 4 BiLSTM(32,32) — Dropout
Layer 5 BiLSTM(32,32) — Dropout
Layer output FC(64,32) — FC(32,16) — FC(16,1)
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Table 3. Parameter setting for AdaBoost regression

Kernel Learni

Parameters| Kernel |Penalty eme H carning
coef. rate
Settings | RBF* 10 0.099 10 1.0

* RBF (Radial Basis Function)
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Table 4. LSTM-AdaBoost Performance Comparison for Source-Only, Target-Only and Target (0.01%).

Metric RMSE Score

Method Source-Only | Target (0.01%) | Target-Only Source-Only | Target (0.01%) | Target-Only
FD001 — FDO002 20.98 18.44 14.82 2584.56 1595.39 1051.26
FD001 — FDO003 63.72 19.16 15.34 66012.96 1667.71 478.25
FD001 — FD004 44.63 22.30 16.28 51108.78 5038.59 1654.18
FD002 — FDO001 16.83 15.91 14.15 810.66 548.93 304.49
FD002 — FD003 31.00 19.41 15.34 2660.99 1453.46 478.25
FD002 — FD004 34.14 21.42 16.28 11083.57 4959.30 1654.18
FD003 — FD001 44.79 17.95 14.15 195558.27 756.29 304.49
FD003 — FD002 48.97 19.03 14.82 1501091.67 2239.72 1051.26
FD003 — FD004 31.56 19.61 16.28 252911.91 2533.95 1654.18
FD004 — FDO001 33.90 24.51 14.15 57819.95 2730.16 304.49
FD004 — FD002 25.79 20.91 14.82 44770.4 2066.05 1051.26
FD004 — FD003 19.32 20.51 15.34 1438.86 2045.40 478.25
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X 5. LSTM-ADDA®} LSTM-AdaBoost®] A5 H]aL

Table 5. Comparison between LSTM-ADDA and LSTM-AdaBoost.

Metric RMSE Score
Method LSTM-ADDA | LSTM-ADDA |LSTM-AdaBoost| LSTM-ADDA | LSTM-ADDA |LSTM-AdaBoost
(Best) (Worst) (0.01%) (Best) (Worst) (0.01%)
FD001 — FD002 20.72 20.20 18.44 3309.15 2254.99 1595.39
FD001 — FD003 38.36 52.05 19.16 9622.08 99757.61 1667.71
FD001 — FD004 30.79 39.09 22.30 11351.97 35513.35 5038.59
FD002 — FDO001 14.26 15.48 15.91 374.07 534.51 548.93
FD002 — FDO003 33.92 30.87 19.41 5647.03 3297.50 1453.46
FD002 — FD004 34.27 33.14 21.42 17166.32 11778.41 4959.30
FD003 — FDO001 25.60 43.08 17.95 7638.44 138909.24 756.29
FD003 — FDO002 24.37 49.83 19.03 32583.40 1321647.06 2239.72
FD003 — FD004 22.01 28.97 19.61 747191 111854.20 2533.95
FD004 — FDO001 28.90 20.97 24.51 21044.36 2104.16 2730.16
FD004 — FD002 28.39 24.70 20.91 46646.17 31296.31 2066.05
FD004 — FDO003 14.74 14.47 20.51 733.43 878.60 2045.40
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