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Parallel-connected convolutional neural network with minority
and majority feature extraction for the estimation of the
remaining useful life of turbofans
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Abstract

The prediction of remaining useful life (RUL) plays a crucial role in assessing the condition of a machine
before it completely fails, ensuring performance by the execution of preventive maintenance beforehand.
Recently, various deep learning models have been frequently used for RUL estimation, and they have shown
good performance. However, these deep learning models face several challenges such as inefficiency owing
to the selection of complex preprocessing methods, overfitting owing to model complexity, and other
unresolved issues. Therefore, this study proposes a new deep-learning-based approach to address these
issues by constructing a novel structure that includes a simple preprocessing step, minority feature
extraction module, and majority feature extraction module. First, it explains the relatively simple
preprocessing and assumptions regarding the target data of an undefined training set. Second, we describe
the design of a convolution-based model using minority and majority feature extraction modules created
through 2D convolutional layers. This model can learn the relationships between minority and majority
sensors over time. By connecting the modules in parallel, it aggregates various types of information using
multiple features from a single dataset. Finally, we present various experiments on the proposed algorithm
and compare it with the latest existing methods using the NASA C-MAPSS dataset.
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Table 1. Notation table

m Number of engine data

n Cycle number of engine data
Xon nth input of mth engine data
N, Number of Sensor

N, Cycle of mth engine

~

g

Window length
Stride

Height of kernel
Width of kernel
Number of kernel

Qs x©

Kernel size of minority feature extraction

Minority module

Kernel size of majority feature extraction

Nitiority module

1.00
0.75
0.50
0.25
0.00
-0.25

=0.50

rmalized Sensor Value

=0.75

No

-1.00

Figure 1. Window sliding technique
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glojg AERZ AE 1L o] =FoA= FDO01S A Table 2. Information on the C-MAPSS sensors

A A AN AN ¢ | Percrmoter | Description with units |

HEH A W(Fan), A U=71(Low pressure 1 T2 Total temperature in fan inlet (oR)
compressor), A% #=7|(High  pressure 2 |T24 Total temperature at LPC outlet (oR)
9 H] i
compressor), X% E[¥l(Low pressure turbine). 3 /T30 Total temperature at HPC outlet (oR)
1% HHl(High pressure turbine), %47]
4 | T50 Total temperature at LPT outlet (oR)
(Combustor), =Z(Nozzle) 502 FAE 0] 911, _ _
Figure 30] UrEPdiTh 7 74 @49 &%, ol 5 P2 Pressure at far‘1 inlet (psia) |
&% 1] 4]Q So] AME =FE|T Table 29| 6 P15 Total pressure in bypass—duct (psia)
AA o] E2 el 7+ 519 dlojg] AEL of 7 P30 Total pressure at HPC outlet (psia)
9] 4, 99 24, 24 990l Wt A 7y 8 M Physical fan speed (rom)
=t dlo]g MEx Training H|°JE], Test Hl°] 9 Nc Physical core speed (rpm)
g, RUL Hlo|E& Uro] A=t C-MAPSS T 10 | Epr Engine pressure ratio
olg] NE= dIzle] AEiE S ol= 21719 AlX= 11 | Ps30 Static pressure at HPC outlet (psia)
/=1 2t Test HlolE= Elo]EE RUL HX 12 Phi Ratio of fuel flow to ps30 (psi)
7F QAT Training HlolEl= € Aol Aol & 13 |NRf Corrected fan speed (rpm)
prial = o] Alx
o= H7PA S, RULOT 0°] & mi7p#] 8] Alxiglol 14 | Nrc Corrected core speed (rpm)
750l 9le™, Training H°lHY RUL )
~ B ~ 15| BPR Bypass ratio
[23-24]914 AlRtet 27 Ag I3 nd \
16 farB Burner fuel air
(Piece-Wise Linear Degradation, PWLD)& A} - | -
250] RULS 9Jo2 X430t} Heimese] A8 2 17 htBleed Bleed enthalpy
I= B3 RULO| 1259 0] 7} 22 ATE Ho 18 INF-dmd | Demanded fan speed (rpm)
F= TEH23] =FoAE o RULS 1252 F11 19 | PCNR-dmd (Drsrrr?f nded corrected fan speed
3} 2131k Figure 4 FDOO1S] A 19
;]}t:r °°}%‘Tﬂgg¥re 4 Egol(i;qq ;_E# 20 W31 HPT coolant bleed (Ibm/s)
i i E O t = . T
raming arget 1 HYERA 21 w32 LPT coolant bleed (Ibm/s)
oA Training Hl°]El+= 16,5047H, Valid Hl|oJEl&=
4,12770& F/35iA 52 Ay
120 1
Fan Combustor N1 LPT 1001
80 1
é 60 1
40 4
\
Nozzle 201
ol
N2 0 25 50 75 100 125 150 175 200
LPC HPC cycle
Figure 3. Tubofan structure [22] Figure 4. Labeled RUL data for engine No. 1
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J
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j=1
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Table 3. Fixed hyper-parameters for the experiment

Device Environment

' NVIDIA GeForce RTX 3090

MSEE A gol7] W] ool wizisiA u
33p7] Tzl MSESH L of ool E415t
BRgSH RMSES AHgSto] C-MAPSSE AHSRH
22 Fueize] ZaE3} vng Held.

2

3.2.2. PCNNwMM I20jE ZX3st A3

2= PCNNwMMe| 22 mebn|gE 27| 9
s &F, o B & HE9 Kernel 2719
Dropout rate, Learning rate®l tjst 432 43
StoATt

HA], Aokt PCNNwMM] +22 7} 221 g+
‘g% 59 Kernel 2715 o3 ghez A&t 2
st A AIE Table 40 YeERHTE o7|A
Learning rate®} Dropout ratex Z+Z+ 0.01%
0.28 AAsIglon, i 4ol ESAE #A
otoict. thesE B RMSEZF 10.48ch 2 3he 7t
A Nginority©1 35 Nagajoriny©1 5€ W Bt
RMSE7} 10.392 7F¢ £2 235 HofFlrh

202, Learning rateE W7oto] mieju|E
Z|2slE WYY ZI= Table 500 HYepdct. of

714 PCNNwMM kernel Z7]+= Table 4] ZiL

Table 4. Experiment on the conv filter size

RMSE

Standard

Tensorflow—-gpu 2.9.0 10.47 0.34
Cuda 11.2 : 7 10.5 0.31
cuDNN 8.1 8 10.85 0.44
Optimizer Adam 5 10.39 0.43
epoch 200 3 10.66 0.52
Batch size 500 10.43 0.35
Loss Function MSE 13 10.53 0.46
Training data rate 0.8 10.56 0.44
Validation data rate 0.2 5 9 10.82 0.54
regularization L2 regularization 13 10.75 0.35
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359 33 52 At vl ZI=E Learning
ratex= 0.001¥ = H7 RMSE7} 10.28=2 H|w-
% 7P £2 Z3E HojErh

A2t 0 2 Dropout rateS W7sto] mehn]
g 43} A AP, Table 60 Yt
Table 5914 #3 235 B AW Learning rates
0.0012 A4t rdofA Dropout rateqt H75|
5538 APt 27} Dropout rate’F 0.1 o
Wit RMSE7} 9.948 7} 2 /d62 K53t

Table 5. Experiment on method optimization

RMSE

Hyper parameter Standard
Average(10)
‘ 0.01 10.39 0.43
Learing 4 oo 10.28 0.20
rate
0.0001 11.37 2.60

Table 6. Experiment on dropout rate

RMSE

Hyper parameter Average(10)
0.5 11.35 0.54
0.4 10.96 0.39
Dropout 0.3 10.35 0.32
rate 0.2 10.28 0.20
0.1 9.94 0.17
0.0 10.49 0.33

A= Learning ratex= 0.001, Dropout rate=
0.19 o AFst Method+ 7P €2 452 B
Art.

AIRE PCNNwMMZ  dehold H#3t &
C-MAPSS H|o]&| AEojA] Valid HoJE| & HERt
A Hlo]Ele] RULE AI&3E At K& Test H|oJE
2 RULE °&3t Z3E Figure 59} Figure 60 1
EPATE. Figure 5+ 3.1.2004 ¥2l2 A3+ RULAT}F
Validation set®] 59, 111, 251, 45% Q7 djo]
HE ARgs] sttt 23E dixg Aolth
exp_num=> E|H3 <MX9] A8 Ho RULZ A%l
9] Y2 S oulsht. Figure 62 Test HOJEIE
o83l RULZ &3t 2ot C-MAPSS H|olE Al
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Engine #5 Engine #11
125 e Predict 125

100 — True value 100

—— Predict
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iterator iterator
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Figure 5. Valid RUL predict result
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Figure 6. Overall
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3.2.3. PCNNwMM ablation &

A|otst PCNNwMMS] #2271 a4 dS 51
571 sl 234 s B2 Aotdie AdE A
PPt A ZIb= Table 73 2t A2
PCNNwMM +ZO0J|4] Minority FEM, Majority
FEM 74 % Minority FEMYF AR8-5A] Sk 7
YL, 7 S Majority FEMRF ARSSIA S5
2] oﬂ‘}ji‘q-

npRehE =7o Al Akt PCNNwMM} B
£ HOH Table 69| 1 45 7§L]~— 3 H o U
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Table 69 v FEET £2 5= HoF
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=1, BFHAE A A A3t HEshA] &
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Table 7. Experiment on ablation

RMSE
Model architecture Standard
Minority FEM 9.99 0.245
Majority FEM 10.38 0.272
PCNNwMM 9.94 0.17

Table 8. Comparison of the prognosis RMSE results
with other algorithms.

| Method | Timo RMSE]

2 2D-CNN + 2 LSTM [18] 3.093 | 16.13
2 LSTM + 1 FC [12] 3.082  14.08
1 Bi-LSTM [14] 3.079 | 13.65
51D CNN [11] 0.008 | 13.32
1 2D-CNN + 1 Bi-LSTM [19] 1.015 | 13.22
2 1D-CNN + 2 LSTM + 1 FC [16]| 9.257 | 12.76

PCNNwMM 0.007 994

ARFet darEjEdt X 4497F C-MAPSS Hlo]E]
NEE A& RULZ 4% o8 daEjs
Table 8°] Yehy vlws] EJr}. Table 8914 A
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olE UST 4 Ut &, FAl g s
At ¥ X FE W], 7ms/epocho = 7Fg Z o
FAE  AMske AZ S TEA
PCNNwMM2 7} £2 RMSE A5 7 &
S5 AlZRE 71 2ERlE Yk

4. 28
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