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Optimization of LSTM for SOFC Perfor mance Prediction
Using Orthogonal Method
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Abstract: Solid oxide fuel cdl (SOFC) has attracted increasing attention due to its environmenta friendliness, high
efficiency and broad prospects. The life prediction of SOFC system is critical to the long-term operation of power generation
system. However, the accuracy in predicting the life of SOFC using long short-term memory (LSTM) neural network model
with numerous parameters is gtill insufficient. To address this problem, the orthogona experiment method was employed to
systematicaly optimize the parameters for LSTM. The results indicate that batch size has the greatest influence on the
prediction accuracy and calculation time of LSTM. And the root mean square error (RMSE) of optimized modd is reduced
by 72.36%. 18.18%. 35.05% and 32.97% when compared with that of recurrent neural network (RNN), gated recurrent unit
(GRU), whale optimization agorithm (WOA) optimizates LSTM (WOA-LSTM) and grey wolf optimization (GWO)
optimizates LSTM (GWO-LSTM), respectively. The systematically optimized LSTM model exhibitsimproved performance,
which may mitigate fuel cell degradation with other control strategies.

Keywords: Solid oxide fuel cell (SOFC); long short-term memory (LSTM) neural network; orthogonal experimental
method; parameter optimization; performance prediction
[ R AL P4kt b SOFC(solid oxide fuel

cel )L HATE T . B T

im0z 3,

« AR A
%ﬁ’ﬁ K mni i 2%

Wi EHHA: 2024-06-13; f€E HHA: 2024-08-13; KA HHH:
2024-09-20; M4&EA BHH: 2024-10-14

EE&WH : H% AR A R G TS 4 B 15 H (22209149)
This work is supported by National Natural Science Foun-
dation of China Y oung Scientists under the grant 22209149

# SOFC PEREIR fLH 2R AL, MMM Rl A A
JE. MR SOFC RGNS K2 e AUz T,
SOFC Hi it/ iz RS A B S PPAG 2 2 H.



138 i, b

E 4 o5 24 %

AR

PEFRHHZ M 4% RNN(recurrent neural network)
ATLAARAEEE SOFC 5 i T I AH G 4 sf [ 7 51 1)
B, KAEW01Z LSTM(long short-term memory)
ZMZETE RNN AL EO AT TS, Aok T
RNN A0 BERRNEFIRE BE VA 2 )R, 2T 52 31 Bk
M) e, Peng 451 JEIESE T LSTM 57T
M SOFC # iy alATHE®, JF4RH LSTM Hize 44
SRETHIR R RSN EEOMI, 7F SOFC %
A EE /L AT TN TR B B B, N T
FRo SR, AR T B SC e B R L i PEMFCs
(proton exchange membrane fuel cells), 3T LSTM
(%) SOFC Tl R 5 AT Ak T HA B B M40
P LSTM BRI BE3R4Y 40 Zuo 251 i
Xf2E ) R TIR SR E PEMFCs A58 (1) SRS
JE. T LSTM BRI RS2, BT SHE
PR GEII] , AR — R, 53058 N Biis H
BTt A A S bl > ROk RO A Ty
VXM ST S RS R
IR BRI T4 Tt , (BN [R5 AT A e FR 001
SHCRA | BUR S22 5, & IS ETT
SR IS )RR B2 S0 )RR BEATI SRR TR, ELXT LSTM
BRI A B S RN RGP RAR D

AR SRR FH SCHBRAIEFE 7k A 58 6 1 )
LSTM #i2 M 25 RS AL S BT RGEVE AL . H
H, IEACIRES S ] TR Z R | 29K 1R
[, BN BB AR U I S5 &, T ELRERS
R SHON B AR REZ IR 0 2 1 22 S R A, Ak
£ SOFC kb S HAL I it 247 I >, 1
g6, MR 4ER XK SG(Savitzky-Golay) & 7
PR EISRAE R T AL AR5, BT o0k
W5 R i AR MR 5 SR it
KN, RS BREME TN shi R/
KB E W ARG, IR IE AR A X LA
ESEGH TR AR BE, ISR S
BT LSTM BRI THGIE, Jf5 RNN, 1%
TEHM AT GRU(gated recurrent units)ffiZsiss | finifh
AL vE WOA(whae optimization agorithm) {1k

LSTM(WOA-LSTM)FTKAR 1L GWO(grey wolf op-
timization) &2 401k LSTM(GOW-LSTM)#H 347
XFEE

1 St

1.1 SOFC &%

AR SO BGX G R Wi TR AR RE VR R A R
AP R BRSSP | IR B A X548 SOFC, 512
W% 8 V-6 O A Z BT RORSE AP T 1 Bt 1%
SOFC 1) BH #% fifi F 85 /42 e 2 B AL &5 NiZY SZ(Ni/
Yitria stabilized zirconia), BRI B EL
%l Ag/SDC(Ag/Samarium-doped ceria), Hifi Bk Kl
K YSZ, Bt AT RGP T AR 225 mmx50 mm,
LTt TR 630 °C, A i 40 scem, %5
i B 300 scemo A8 SCR FHHL T 17 28d 5% 1% SOFC
7 0.7V TH FR A T ek i it RS (R A5 fb i i , I
W HAE R e R LG B RAE
1.2 KEHRIZIZ M

LSTM ZEARZEM A 1 Fi7R. Xt RNN X
2, LSTM i@ 5| Al T Remmte, i/ 3107
Fe— ST gORA B2 7T, AT, RNIN R8T
ARSI R LSTM IR AICIRE, BAFF
fitt TERTTIICAZ, FE BT R BIEE SR 54
BATTIRAS T IFEARRINT] PR Z AR, I
EEREINYSri = D R a1 1 0 N L L s s 412
TR A MR IR OC R, AR R K

)

Bl LSTM EXLHE
Fig. 1LSTM basic structure diagram
LSTM AOfEEIRAS FE ddm AT 38 1 Filde
I 3T, T TR A TR



557 M

ke 4. FETIEAASBAL LSTM #2451 SOFC PERET N 139

(DT PRE R 25 R LE 5 BN IZ M TTAR

AR, HE R R b — A S A
B, A0y
ft = O-(va '[ht—l!xt] + b/) (l)

K. o)k sigmoid FIE AL, BT TR o () i
M TRCERFERW, AR E R Db, 5 A B
5%, x AUFEHAGS, AP TP
i f,, JOE AR C L IeRETTE R

(AT : XA E B TIRBCI, BT
R N Z N RS AR, BRI BT p L f
B, HAh

i, =o(W, [h_,x]+b) @

C =f*C_ +i*tah(W,-[h_,x]+b.) (3
Kb i HHEATT, BATTREEGE S, LSTM #f
MRS S IATE B, SCB R A —5p
I BIIEBEE S, Sn T RS il 2 i 5 B
RAEC ; W RIW, 4351 R AT TRMG L B ITIRE
R R 5 b, b, 23 3 R4 A TR BTRAS
(O 5 )

(T Pk RS B, B sigmoid P
HOHf i P BROCIRES A5 B A RS T tan bR
B TR, JERE B [-LAE R P A 1, e
WA AR5 AR TRAS B LSTM % o 4
WiE) RN W)

0 =o(W,[A_.x]+b) 4

h, =0*tanC, (5)
Ao W TG RERE ;s b, A TR e
it o T TR R ¢ d R it A, oY
FTESS [ 1) B IR 2
1.3 EXRE

IEASIRIG e — R BRI 5 T ik, Al
24 R Z A K158k -4k A i K7
WG o ASCHET H A AR ERRES], & KR
PATES UL AL ], A ARFACERE T, WL
RS PRI SRR 0, s/ A 2 B, I
AT 12, FEAR SR E P Rk
5, BARERMAKEREN 4 FH, FIH

Minitab # iRk, AEEZHEAERH, RAIER
JERE L (4°) o HTEN A 4 =1024Fhél &, (H
KHIESREECE 16 MG, KA Tk
BTt BRI RUSAS , B T IRRoR . AR5
SN R e a ma R S b7 N i Bl D
{8, RIBSAKFFERE, e, & FTFE
MIZEME R, , BIERICFEES /P EEZ )
Z2H, DUARREER B B e 22 (6 ] X
AR HMEE, R, (EBRR G B
YR PERESE MR .
14 ETFEZSHMUMLSTM &5

A SCR A IE 22 5 vk &R g v A Ak 3 T
LSTM 1) SOFC TSR 240, S e ik 7 H 2504l 11
TALHE . BRI 2R BRI SR AL 3 SRS
i, LSTM BRI T —A> Dense 235452, Hil
HZ M2 N 1R R AN 2 fiw
HARLRIT

HB, 1. R SG gAY EEE I TS
UEARAR L URAE, ARG X B A T IH — L N E A b
B, Bl EdER L A Rl SRR AR

S, 2. PRIk LSTM S5, 6500
YIS A LSTM B SEF T 25, 52 il 25 15
| LSTM H%,

IR 3: AAIMHRAER I iR 2% RMSE(root
mean square error) FIi & AR R PERE , 3K
(G SR L= RS

([ SGuEw A 2
e, Jef

|
|
I | \
R |
i L?ﬁ LR | L[ R
. e b, 8] | || LHALARHT R
N R R R |
! v | [FRER R B R R
| R AIIR | e L oty |,
| LBPRA | -———- I |
WAWRSET ]
it
i 2
(&30

B2 ETFEXSEMK LSTM ERIRRE
Fig. 2 Optimization of LSTM model flow chart based on
orthogonal parameters



140 i, b

E 4 o5 24 %

FBR 4 W AR BT RL S HGH T
R, G AR TR0 P B A AR A (R AR A I 2
GHIZSE, TP AR B S A U
1.5 #iEFmLE

JE R SR () R AERS (] Ry 30 s, B AE 3
7 3 000 h PNREE T 340 459 4EHE . A SO Ha it
HLITEAE R LSTM I IZ 4 A 58, Bt
Bl O, IR T 2R 25 SR AR Y
YIZRE R . BRI, DR MR £ e IR L S psf
T RS, ARG 1 h B 1A, WBdE R TR
FE, 34T 3000 4LiE (b . Uk, e AR Ak
R, AR DR H I e S ), (A5 A
LRI 25 RN FRAS . AR TRz i, w7
BEX SOFC MRERHEEHE AT AL P, SG Uk
BB A S A R, REAS T L b 25 bR = A5
Mhrs, I HEABRARATTH R G 4 . R s AL
SRR PR b 1O RIS SCR T SG g A
BRI T AR, BSE S S E Y
XF He & @) o FHAASE T min-max 20 Eids i
TA—feab s, AHh

X — xmin

x == Tmn_ (6)

xmax —xmm

K X ONPRHELIE 8 s x MR X,
MG MA ;s X MECKIE. BJ5, R
ST VS EAT B, R ) 8 B 4
M A LSTM BRIk i A R i =8, 4
Kl 3(b) s o
1.6 PEBET M AR AR A

TEXTHFFEH, @i RMSE, P4 xR 2s
MAE(mean absol ute error) Fi 3¢ % 2% R¥(R squared)
3 PEAR BRI TTAY SOFC ZR G5k 2 TR A 760 (1 i

MR, THEAZ SR
(7)
Sune == 315, ®
MaE = L Yi— )i
Z@i - )2
R?=1- x 100% 9
Z@f ) 0 9)

P m AT S G y,  SOFC R4tk
ML SEPRME; 5o LSTM TR Tt i T
HLLIE ;s 3, o SOFC R Geki i it it i-F- X E

— B
— 111

HLI/ A

°l | Ww
1.4F "
1 1 1 1

1 1 Il
0 50 1000 1500 2000 2500 3000

fif i) /b
(a) FCIAE 5L 0B I X EL P
L
BN st |
| Bl |
——————————————————— ===
el Mot - [Mctn) IR
(il

|
2

B3 HEFLESEIFEONSTE
Fig. 3 Schematic of data preprocessing and sliding
window partitioning

2 FER5HMH

2.1 BEBESHMRL

LSTM (1482 Bk £ 18 R0 1 1| 2550 R N 5
WM fe ) 2 CEE, @ SCERIEE, 5 AR #Eon
TWaE N, F2% RN BEMZEITTE
TS 5 A SRR BT Wi n
FA) i A S 0t 2 — B s 1R e BBl P A ORI, A o
PEPRZET 20 B9 — SRR, — M HUE Y R
5~50017 ;> REL ma R ) Wi SR AR R R i
ik B A v o T ECE B K Tk s, AR
KON R R, —MHUEEE 2 0.000 01~
0.100 00U HER/INEBEIE T KU GAEA , %
TR B B RS I PRI Sk B {H a] 422 52 i A5 7R P g
BUINRE R R PR BR (B I 2R B A,
— 1 E Ry 16~1281%1%; LSTM K2 #2014



Cilg | (S 4g VR

& HTIERSELL LSTM #1224 1) SOFC 1 fETsim) 141

P T LSTM JZ iR iicis Sl , HAE Yo
W 10~3007%; AR UCHE AR TR AR B AN
AR LA T SECE R R, HYE s
20~3001H ot 28 TN BRI 2 AR UK UL K2
AR A e, A/ ) S B R AU A R TR
FEAK

RSO IE AR IS I P R P21 B o 2 i

ShEa O, LR/, BEMZ I, SR, 4
BH A, B, C. D, E¥£/mxR, HFELKE CHBUE

TWENEISTECE 4 DKF, 205 1, 2, 3, 4%
N, W Lo O T IHBRBOR BN AT R AR TE, X

REALHEAT T SRS, B S R T 25 5 i - 1
% 2 BR T ARFIAAH RMSE., MAE Hlizf7i [
RS 25 R

F1 LSTM BESHIERIER L, (47
Tab.1 Orthogonal matrix of LSTM model parameters L16(45)

7K A B C D E
K1 0.010 00 5 16 50 50
K2 0.001 00 15 32 100 100
K3 0.000 10 25 64 150 150
K- 4 0.000 01 35 128 200 200

K2 FEAAH RMSE, MAE fiE TR EIZE R

Tab.2 RMSE, MAE and running timeresults of different combinations

=2 A B C D E RMSE MAE B 7R Els
1 1 1 1 1 1 0.004 30 0.004 00 26.30
2 1 2 2 2 2 0.003 60 0.003 40 30.60
3 1 3 3 3 3 0.003 30 0.003 00 37.90
4 1 4 4 4 4 0.004 80 0.004 00 39.90
5 2 1 2 3 4 0.001 10 0.000 90 68.30
6 2 2 1 4 3 0.001 70 0.001 60 134.40
7 2 3 4 1 2 0.009 60 0.009 40 16.40
8 2 4 3 2 1 0.006 70 0.006 20 13.00
9 3 1 3 4 2 0.002 10 0.001 50 27.70
10 3 2 4 3 1 0.008 80 0.007 40 10.70
11 3 3 1 2 4 0.001 00 0.000 90 94.20
12 3 4 2 1 3 0.003 90 0.003 20 36.30
13 4 1 4 2 3 0.004 70 0.0040 20.60
14 4 2 3 1 4 0.006 10 0.004 90 30.10
15 4 3 2 4 1 0.004 00 0.003 00 23.50
16 4 4 1 3 2 0.002 20 0.002 10 49.90

& 4 5y RMSE ., MAE Flis[a] it 24 =300 WS . FEER C v, KEh 1R RdE,

MIE AT IR R R A FMIHE B Bﬁm{aﬂﬁi*ﬁu
EIEB/N S, H, R A KRN 30F, RMSE
P&, & 0.00390, AHIEN 42.20s, 53¢
BR[19)451E—5; WK B KFE N 10, RMSE ¥(H
ik, 4 0.00305, WA 35.75s; I,
% C. D. E BHIRE IS INZ B0 B 51 s A2 4L
M, H=2%%F RMSE FIt ] s m sl A, 5

(BT RS (76.20 ), 7 BEAUA Asf 1] RN R P

Z e RP, MEE C MKEN 2 1, RMSE
M 0.002 30 MEAHIEANZE 0.003 10, i i [E] EI{E M
76.20 s W3 &N 39.70s, FF& T 47.90%. [Hitt,
HEA/NEFIKE 2 BOEAE, BIs RN 32, 1t
#h, R D By RMSE ${H 7K 11 0.006 00 %
WA Z /K 4 19 0.003 15, M 27.30 s
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