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Performance Prediction Model of Solid Oxide Fuel Cell Stack Using Deep
Neural Network Technique

JAEYOON LEE', ISRAEL TORRES PINEDA', VAN-TIEN GIAP', DONGKEUN LEE', YOUNG SANG KIM',
KOOK YOUNG AHN"?, YOUNG DUK LEE"?"

1Department of Clean Fuel and Power Generation, Korea Institute of Machinery and Materials, 156 Gajeongbuk-ro,
Yuseong-gu, Daejeon 34103, Korea

2Department of Environment and Energy Mechanical Engineering, Univeristy of Science and Technology (UST), 156
Gajeongbuk-ro, Yuseong-gu, Daejeon 34103, Korea

TCorresponding author :
ydlee@kimm.re.kr Abstract >> The performance prediction model of a solid oxide fuel cell stack has

_ been developed using deep neural network technique, one of the machine learn-
Eisies';’zd g gf:;fzoozzoo ing methods. The machine learning has been received much interest in various
Accepted 30 October, 2020 fields, including energy system mo- deling. Using machine learning technique

can save time and cost requried in developing an energy system model being
compared to the conventional method, that is a combination of a mathematical
modeling and an experimental validation. Results reveal that the mean average
percent error, root mean square error, and coefficient of determination (R2)
range 1.7515, 0.1342, 0.8597, repectively, in maximum. To improve the predict-
ability of the model, the pre-processing is effective and interpolative machine
learning and application is more accurate than the extrapolative cases.

Key words : Solid oxide fuel cell(1L ¥ A3 9 & M X|), Deep learning(Xl & 8t&),
Convolutional neural network(2t A & A 7 &), Performance prediction
(A5 o Z), Regression(2| )
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Fig. 1. Structure diagram and temperature measurement point of fuel cell used in experiment
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Table 1. Experimental case description

Case 1 [Case 2 | Case 3 | Case 4 | Case 5

Representative
operating 675 750 700 775 675
temperature (C)

Hy/N; flow rate for

32/32 | 32/32 | 32/32 | 32/32 | 32/32
anode (slpm)

Air flow rate for

12 12 12 12 12
cathode (slpm) 8 8 8 8 8

Gas port inlet-outlet
temperature 20 50 100 50 100
difference (C)

Available number
of data for machine| 67 59 67 60 68
learning
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Fig. 2. Schematic diagram of convolutional neural network
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Fig. 4. Current density-voltage curve (Case 2)
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Fig. 5. Current density-voltage curve (Case 3)
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Table 2. Error assessment (Case 1)
Case 1 Ta'ver Trept
MAPE 0.7464 0.5209
RMSE 0.0581 0.0403
R’ 0.9282 0.9549
Table 3. Error assessment (Case 2)
Case 2 Tavﬁr ];“ept
MAPE 0.8781 0.7256
RMSE 0.0645 0.0516
R’ 0.9257 0.9334
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