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Learning Based CNN-LSTM
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ABSTRACT

The objective of research in the field of prognostics and health management is to predict the Remaining Useful Life of aircraft engines,
a critical component of analysis within this domain. Nevertheless, there are difficulties in acquiring dependable failure information, and
the limited availability of defect data hinders the development of predictive models. Current data augmentation techniques are utilized
to enhance the insufficient defect data; however, the heuristic approaches might oversimplify the data characteristics, ultimately decreasing
predictive accuracy. This study suggests a hybrid model that combines Transfer Learning, specifically integrating Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM). The hybrid CNN-LSTM model integrates the CNN's feature extraction capabilities
with the LSTM's long-term time series learning capacity, facilitating the representation of intricate dynamic characteristics and temporal
fluctuations in aircraft engine sensor data. The performance of predictive techniques is enhanced by applying data learned from various
source domains to target domain data through transfer learning. The results obtained by applying this model to the C-MAPSS aircraft
engine simulator dataset developed by the National Aeronautics and Space Administration (NASA) corroborate the idea that employing
a pre-trained model through transfer learning improves predictive accuracy in comparison to the standard mixed model. Furthermore,
the proposed model demonstrates improved predictive abilities when compared to various leading predictive models in the PHM field.
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Fig. 6. Architecture of the proposed transfer
learning based CNN-LSTM model
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Table 1. Summary of CNN-LSTM Model Training

Parameters Values
Convolutional layer Filter size, Layers 3x3, 2
Pooling layer Filter size, Layers 2%x2, 2
LSTM layer Units 100
Learning process Layers 7
Batch size 100
Epochs 50
Learning rate 0.001
Optimizer Adam
Activation function Relu
Loss function Mean Squared Error
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Table 2. C-MAPSS outputs to measure system response [24]

Symbol Description units

Parameters available to participants as sensor data

™ Total temperature at fan R
inlet
T4 Total temperature at LPC R
outlet
T30 Total temperature at HPC R
outlet
50 Total temperature at LPT R
outlet
P1 Pressure at fan inlet psia
Total pressure in .
P15 bypass-duct psia
P30 Total pressure at HPC psia
outlet
Nf Physical fan speed rpm
Nc Physical core speed rpm
Engine pressure ratio _
Epr (P50/P2)
Ps30 Static pressure at HPC -
outlet
Phi Ratio of fuel flow to Ps30 pps/psi
NRf Corrected fan speed rpm
NRc Corrected core speed rpm
BPR Bypass Ratio ==
farB Burner fuel-air ratio -
htBleed Bleed Enthalpy ==
Nf_dmd Demanded fan speed rpm
PCNIR_dmd Demanded corrected fan rpm
speed
W31 HPT coolant bleed Ibm/s
W32 LPT coolant bleed Ibm /s

Table 3. Overview of C-MAPSS Dataset Characteristics for
Different Fault Detection Scenarios

Dataset FD0OO1 FD002 FD003 FD004
Training set 100 260 100 249
Testing set 100 259 100 248

Maximum life 362 378 525 543
span(Cycles)
Buaregs e | ooy 206 247 245
span(Cycles)
Minimum life | =g 128 145 128
span(Cycles)
Operating
Conditions : . . L
2 2
Fault 1 1
conditions (HPC) (HPC) (HPC, (HPC,
Fan) Fan)

[&}% 718 CNN-LSTME Stt &57| HEH T & 23 o

i
~
o
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FDOO1 FDO03

o 50 100 150 200 [} 50 100 150 200 250
Time cycle Time cycle

Fig. 9. True RUL and Piecewise RUL Predictions for FDOO1 and FDOO3
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Fig. 10. Impact of Sliding Window Size on RUL Prediction
Performance Using CNN-LSTM Model
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Without Transfer Learning vs. FDOO3 With Transfer Learning



Table 4. Comparison of RUL Prediction Performance Across
Models with and without Transfer Learning between
FD0O01 and FDOO3 Datasets

Model FD001 T;j;ji‘fr FD003-FD001
MLP 37.56 TCA-NN 98.70
SVM 29.82 TCA-DNN 90.50
RVR 23.80 CORAL-NN 26.50
SVR 20.96 | CORAL-DNN 26.50
CNN 18.45 FC-DANN 28.70
Random Forest 17.91 | LSTM-DANN 31.70
CNN-GRU 16.29 CADA 19.54
LSTM 16.14 CORAL 40.33
Grandient boosting | 15.67 ADDA 40.41
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