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A Transformer model to predict the remaining useful life of a fuel cell, which has demonstrated superior performance in
analyzing time series data. The dataset was created from long-term performance evaluation experiments conducted in rated
power mode, with measurements taken every 10 hours. We preprocessed the raw data using a moving average, allocating
70% for training and 30% for evaluation. The model's performance, evaluated through MAE, MSE, and MAPE, was
excellent. The fuel cell's critical voltage, defined as 94.5% of its initial voltage, was measured at 0.719 V. During the
experimental run, the actual critical time was 106.6 hours, while the model predicted 106.8 hours, resulting in a 0.19%
error. Since the predictions were based on data collected up to 93 hours, the estimated remaining life was 13.8 hours.
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A2 /s A8zt X3 =, EOL (End of Life)ol] 34>
1. M2 5 J2% A Asrr WAske S40] deh2] vAE A<l
A3}t As 54 dtoll drkA <l MAl 21id (Machine Learning)
715 wslel g SR AR o= Qs A 7hs olvAHUe 7IH& ARgSEe] Tho] RS oStk A ofgeol otk ut
FaAol ZxEaL Qe ofe] ARAAE 5 LAt AsjEqt 2hx PEMFC @3} #jelS shgstal oSstr7] wAl 2t
AZ A X (Polymer Electrolyte Membrane Fuel Cell, PEMFC)+= Model-based WJ'H-S 31 S AFESHAY gy 7w =g
Aol A 2AHEdh =2 a8S Hols Aol A1) uhEhA = *1*9*3}3 o] aipAo|th3-7].
PEMECS] 41§81 314 912 7]be] o<l i 91af ul 551 AR HOlElS et ok lafel dkg ks o
L FQ35t} T AESEE gt #Hod4=T (Remaining Useful, ;ﬂ% 2AEo| Qict A2l RdE-2 GRU (Gated Recurrent
RUL) 9= A3V} ilt”%] o|Fojx| 1 Q). Uuiyo = Unit), LSTM (Long Short-Term Memory), Transformer Model©|
PEMFC:= z7] &4 Ao A %—’P% AA 9 A3 A Ao = Tt GRUQ} LSTM2- .5 RNN (Recurrent Neural Network) 7|
A Aol AAHOE AR B, A7) 04 24 OO0 mleln, Ael E <Al HolElE Aisp] Sia) A
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Fig. 1 Transformer model architecture
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2.1 Transformer Model
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Fig. 2 Experimental setup

2.2.1 PEMFC Setup
H q3Lof AR5t Fuel Cell Test Station (CNL Energy, Korea)
94 T B A A= (Piping and Instrumentation Drawing, PNID)
£ Fig. 20| Uehdtl. PEMFC2| A7|3etEAS Hrkstr] ¢
3 dE= Zo= 45 05LPM, | bar2 FIF35F9aL, 37]=
2= 753 3715 1L7LPM, 3 bar2 FFol3ith 752
222 AMg s,

PEMFC 4% = 9 A= HgA(Membrane Electrolyte
Assemble, MEA)= CNL Energy Alof4] A& CNL MEA C
Type2 ARE-3}It}. Nafion211& ARE-31H 0, & 435 HZA
(Active Areay= 25cm?o|t}. MEAQ] =3} F7]= Pt
Loading2 %% 0.4 mg/cm?o|t}.

7}22HAkE(Gas Diffusion Layer, GDL)}2 CNL Energy A}of]
A A|2%t SGL GDL 39 BBS A&3}9ic}. GDLO| 243} W
22 25 cm?o|t}.

ST A8 detaolE BElue ARgSkl e, 4709
28 FAE A (Serpentine Type) S-2o]t}t &2 1.0 mm, 2
o]= 0.8 mmo|t}.

PEMFC2| #7|3}st2] EA] 42 Biologic (France) AR
HCP-803& AME-3}o] j-V-P(AFUE-AY-28de) ATt 4
7 &3 Y =(Constant Power)E =73t} j-V-P 2412 7|3
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Fig. 3 Schematic workflow of the RUL prediction process
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Table 1 Parameters of the transformer model

Model Parameters Value
Multi head 4

Transformer Optimizer Adam
model Window size 60
Batch size 64
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Fig. 6 RUL prediction results

Table 2 Evaluation metrics and RUL estimation results

Model MAE MSE MAPE
Transformer 0.000668 0.000002 0.09%
LST™M 0.000996 0.000002 0.14%
GRU 0.001688 0.0000037 0.23%
True RUL Pred. RUL Error

Transformer
13.6 13.8 0.19%

AE HH MAE= 0.000668, MSE= 0.000002, MAPE=
0.09%% 2% 535t =2 Bt} o] A3yt= PEMFCQ] HHE
Zo] wjele] g3} A% do=o] Qlo] Transformer Modelo] 9=

gt S Hee Holerh
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PEMFC 7] % 7k Sl ARt whe At 23k yet
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g]A 2] (Recovery)?} B3I T3 Z|Fo] BRAYSFIA|TH
PEMFCS] A50] 49402 748k AL Sl 4 9lc
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22 7 A 3wo| A LSTMat GRU thH] =3t 455 =3It
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H| Transformer Modelo] #7] ¢]&AJo] 738+ PEMFC €3} o
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