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Recently, the importance of preventive maintenance has been emerging since failures in a complex system are automatically
detected due to the development of artificial intelligence techniques and sensor technology. Therefore, prognostic and health manage-
ment (PHM) is being actively studied, and prediction of the remaining useful life (RUL) of the system is being one of the
most important tasks. A lot of researches has been conducted to predict the RUL. Deep learning models have been developed
to improve prediction performance, but studies on identifying the importance of features are not carried out. It is very meaningful
to extract and interpret features that affect failures while improving the predictive accuracy of RUL is important. In this paper,
a total of six popular deep learning models were employed to predict the RUL, and identified important variables for each model
through SHAP (Shapley Additive explanations) that one of the explainable artificial intelligence (XAI). Moreover, the fluctuations
and trends of prediction performance according to the number of variables were identified. This paper can suggest the possibility
of explainability of various deep learning models, and the application of XAl can be demonstrated. Also, through this proposed
method, it is expected that the possibility of utilizing SHAP as a feature selection method.
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« Feature selection
+ Normalization

+ Prepare Training, Test, and RUL
dataset

* Reshape Data and using time sliding
window technique

I « Build Deep learning architecture I

« Initialize Deep learning parameters
T

) , « Training the model
+ Finishing the model
1§

* Test data
+ Output RUL prognosis results
« Calculate RMSE & Score

« Visualize summary plot
« Find significant effect sensor

|

+ Check performance variation with
each feature selection

Find minimum number of sensors with

high performance of RUL prognosis

<Figure 1> Research Process
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<Figure 5> Diagram of the Turbofan Engine Modules
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26702 MR AR o] QU train setS o]-&5te] Bl WS FAS AL A(Scale)=
2 e 1 RA2 o800 wx sedl AP Bel  FHE FAAAG. AL 3
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{Table 1> C-MAPSS Dataset ZTmax ~ Tin
- 'Data'set . F?gom FBSOOZ F?8003 F[;g;)4 oJurA ol Al ~Ele] A% AFh= 27
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Test trajectories 100 259 100 248 A7 71;_ ?ﬂﬂ— = O]-f(]<%£
Maximum cycle 362 378 525 543 HlelE s Eotstel 48 Fashs
Minimum cycle 128 128 145 128 A Z7lol= AR 7RIt= 7t ;‘L
Mean cycle 206 206 247 245 AePgt A7 v EA g3, .t ?L
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<Table 2> List of C-MAPSS Dataset
Sensor num Symbol Description Units
1 T2 Total temperature at fan inlet °R
2 T24 Total temperature at LPC outlet °R
3 T30 Total temperature at HPC outlet °R
4 T50 Total temperature at LPT outlet °R
5 P2 Pressure at fan inlet psia
6 P15 Total pressure in bypass-duct psia -
7 P30 Total pressure at HPC outlet psia )
8 Nf Physical fan speed pm 1
9 Nc Physical core speed pm 1
10 epr Engine pressure ratio - -
11 Ps30 Static pressure at HPC outlet psia i
12 Phi Ratio of fuel flow at Ps30 pps /psi J
13 NRf Corrected fan speed rpm 1
14 NRe Corrected core speed rpm )
15 BPR Bypass ratio - 1
16 farB Bumer fuel-air ratio -
17 htBleed Bleed enthalpy -
18 Nf dmd Demanded fan speed rpm
19 PCNfR _dmd Demanded corrected fan speed pm
20 W31 HPT coolant bleed lbm /s
21 W32 LPT coolant bleed lbm /s
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<Table 3> Result of RUL Prediction Performance

eeeeeeee

RMSE Score
Method Best model_RMSE
Average STD Average STD
DNN 13.489 0.113 13.293 331.323 10.214
CNN 13.102 0.621 12.252 282.410 96.850
RNN 14.469 0.856 12.726 412.564 97.876
LSTM 14.839 0.879 13.539 437.945 102.492
GRU 14.480 0.978 13.484 434,370 132.680
Bi-LSTM 15.134 0.906 14.019 458.383 106.839
|
1
|
[ |
I
E—
I
I
|

mean(|SHAP valuel) (average impact on model output magnitude)

(b) CNN

<Figure 6> Summary Plot of Each Model
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<Table 5> Result based on the Number of Features for Each Model (RMSE)

feature num DNN CNN RNN LST™M GRU BiLSTM
14 13.489 13.102 14.470 14.840 14.480 15.135
13 13.417 13.504 14.650 15.181 14.279 15.210
12 13.526 13.865 14.970 15.382 14.126 15.307
11 13.622 14.409 14.685 15.295 14.084 15.812
10 13913 14.256 14.415 15.823 14.197 15.601
9 14.060 14.338 14912 15.725 14.402 15.023
8 14.054 14.447 14.395 15711 14.332 15.582
7 14.528 14.790 14.940 15.417 15.065 15.789
6 14.555 15.401 14.769 15234 15.253 16.104
5 14.166 16.915 15.180 15.635 14.971 17.235
4 15.104 16.959 15.253 16.077 15.262 18.810
3 15.603 17.690 15372 16.371 15.080 19.452
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