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[ Abstract] In order to study the prediction and health management of PEMFCs( proton exchange membrane fuel cells) for vehicles, a
method combining GWO (grey wolf optimizer) and RBF (radial basis function) neural network with relative power loss rate as a health
indicator was proposed to predict the remaining useful life of vehicular PEMFCs. Firstly, by analyzing the polarization curve of the fuel
cell at the initial moment, a calculation method based on the relative power loss rate as a health indicator was constructed, and its
feasibility was verified using the grey correlation analysis method. Then, the RBF neural network optimized by GWO algorithm was
applied to predict the remaining useful life of vehicular PEMFCs. Finally, the proposed method was validated using two datasets. The
results show that compared with other methods, the GWO-RBF method proposed in this paper has the smallest average absolute percentage
error and root mean square error, the largest coefficient of determination, and a relative error of less than 1% . It is concluded that the
proposed method can be used to predict the remaining useful life of vehicular PEMFCs with fewer datasets and better accuracy.
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Fig. 3 Preprocessing results of RPLR data

(R AR

(6) FHSHL A HIPLALG 19 RBF 25 ) 45 A5
RUXTPRRE b At B 8 A 1A T TIN5 1 %
HUERE O

(7)) FUIWTIE 535 B 2 B8R A, > AH X 2y 2R 45 6
FR/INTEAE AR 0w S P A A T

PRAREE S — Mo R R R RE DL fe S, B
WesibEfEsR  ZE0U0 LA, B B [ AR A
TRAR 0 ] AR ML , o8 AR Ak A2 R
AR R DR BB 3 Sk o, 2200 B, B o
FERBEH o 4 MR, EMEdR D, KR o B.o
BHIEY, KR o JBRERT = F A B R,

TE AR B8 P 0 ik A v | O A0 LA 40 1
2ERARIRE AR
D = [kX (1) - X(1) |
X(t+1) =X, (t) -AD
A =2a(r, -1)
k =2r,
2

tmax

K(4) . D AR ORBED R — RKR) FAs
Yz B REE B 5 ¢ S S EERRELG X, (1) A%

(4)

a =2

SRR L B |

FHTGWORALRBFHIZ M 4 [k
R UL TR

B X |1
SRARAEAT ik

K4 FETF GWO-RBF RUEARHE M RUL B0 2 ]
Fig. 4  Flowchart of RUL prediction for fuel cell based on
GWO-RBF

IR RE B X (o) B BE R (o B 6 A
ke BRI s o WICOUR T M 2 ZebEb 31 0,
b HIRIEARUHL; ry A ry F0,1] 20 HIBEHL
T AR . IR 1
TR RS IR R PR B 5 A 00 3 2 1

HOE RO Ny

D, = [k X, (1) - X(1)]|

Dy = [kyX,(1) - X(1) | (5)

D, = |k,X,(1) - X(1)|
H(5) M X, X, X, MBI o B o 12450
G k, kg ke, 52BN IRAR o B A o M RTEOBEHLF
Bl s X (o) Ry BORAY S

SRS B IR E R
X, (t+1) = X,(t) -AD,
X,(t+1) = X;(1) -AzD, (6)

X, (t+1) =X,(t) -A,D,

K(6)h: X, (¢ +1) HHIR o W IKIR 0 FHIAL
B X, (0 + 1) MK B o AT AL E B
X, (¢ + 1) NIMR o W4 o HATOEERT; A, B,
C, 53R AR o BT o XoF g 1) BEATL R 25 ) i

LU S A=)

X(t+1) =

X, (t+1) +X2(t3+ 1) +X,(t+1) 1)

JRAR 3k 2 (7)) AN A i 1 5 ) R 0 1Y)
e AR ZWE ,, AR, B IR o 147
BRI IO Ry R A

RBF #1259 2% oy g A2 Ba & J2 Fian i 2 4

¥ Mk . www. stae. com. cn



B R 5 TR

5902 Science Technology and Engineering

2025,25(14)

B e R A S (o FH A 1 35 R EROE A O PR
"W AR [ i R IR 1 30T R K, s 307 e B80T LR £
P B m e s 1] A B TR iR A W h B 5 T IX
YRGS, e AR ) B bR AR HiE LU AR A R
O Z TR B A 72 B0 R 8, D
: lx = %'[13

k(x,x") = exp(— . ) (8)
K8 H: o' AERE L o HIRESE K
LY R B )

3 ERoWEWR

3.1 RYHENEX

H AT RPLR 1) 2 25 B {18 % A5 B A 7 e S, 8
RPLR 45 Rk e b 4 1 F 2 SR R L 3l 2k
B, TERRASINR (FC1) Z2F T, 8 SCBRREH b i 3
(IR EA R RS 3. 5% 00 KL b e 58, 1t
AR FEL Tt L W AR L R 3. 328 2V, R R
K3.2117 Vo 4 EOL =811 h B, #% e b %) i 3
fREL RN 3. 210 7V, 52 PRACH R R
IR L ZE 811 h 2850, RUL 4 349 h,

TEMESISIER (FC2) 4&4F T, % S8 E L R ) shie
K, X PEMFC HLHERTHAHLE FREE 5. 5% ™ 0k
Ak, MR R T L D AR L R 3,321 6V,
RN 3.139 V, IR GG 5 T =550 h, 4
EOL =940 h i, BB M MERY LR R 3. 137 2V,
5 SEBRR A R d o BT, B, BRI AE 941 h
%, RUL 4 532 h,
3.2 SRS

i IEEE PHM 2014 #45 Pk ik 8 $2 448 1 8 FF
4, R RPLR AE Ry filt FEH8 05 , K 40% B ds 46 5
A GWO-RBF # #1711l 2k, 60% #5445 X GWO-
RBF #EAIHA TN, JF R T 5 il 25 RMSE P8
oo Xt '\ o bR 2= ( mean average percentage error,
MAPE) %€ % % ( coefficient of determination, R*)
FAIX TR 2% (relative error, RE) /E M PEM 485, XA
SCEEH B R AT T, AN, AR SCRT IR Y
DR AR K% 5 5T LSTM AR B 24 2T L
(extreme learning machine, ELM ) | % FX #f 28 W] 2%
( convolutional neural network , CNN) Fll RBF J5 7% )
T 25 SR AT X, Xk e A T £ SR s s 6
FIMEK 4 Fon, #£3 M4 o RUL VT H YR
ENE P

TN ZE SR AT LA Y FCL A EE g | 2431 4%
AfIE] 15 B A 462 h B, 3EF GWO-RBF J7 ¥ fiil il i
RUL 2}y 347 h, 55CF5 A9 RUL #1252 2 h, H 10K
RUL /NFSEFR G RUL, 45 F) F 28 G5 B A 46 0 Rk} R,

-0.24

R G B
CNN

-0.25F

—0.26
&
027}
—0.28 |
Pggeaon | giksEe0v% | l
>i< : >
—0.29 : | : Nl : |
0 200 400 600 800 1000 1200
B} 1E]/h
F5 BT FC1 B 5E A T 25
Fig. 5 Prediction results based on FC1 dataset
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Table 3 Prediction results of fuel cell RUL based on
different methods for FC1

7k MAPE RMSE R? RUL RE/%
LSTM 0.010  0.003 4 0. 42 693 98.56
ELM 0.009  0.0036 0. 54 437 25.21
CNN 0.010  0.003 1 0.51 693 98.56
RBF 0.006  0.002 3 0.72 346 0. 86
GWO-RBF  0.004  0.001 5 0.89 347 0.57
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Table 4 Prediction results of fuel cell RUL based on
different methods for FC2

Jrik MAPE RMSE R? RUL RE/%
LSTM 0.045 0.007 0 0.37 612 15.04
ELM 0.037 0. 005 9 0.72 612 15.04
CNN 0.006  0.004 7 0.79 126 76.31
RBF 0. 005 0.005 4 0. 80 127 76. 12
GWO-RBF  0.003 0.000 5 0.98 529 0.56
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Fig. 7 Prediction results based on fuel cell dataset of

real-world vehicles
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Table 5 Comparisons of evaluation metrics based on fuel

cell dataset of real-world vehicles

Tk MAPE RMSE R? RUL RE/%
GWO-RBF  0.156 0. 006 4 0.99 128 1.50
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