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A Hybrid LSTM Data-Driven Model for Predicting the Dynamic Behavior

of an Ammonia-Fueled Solid Oxide Fuel Cell Stack
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keun5832@kimm.re.kr Abstract >> This study proposes a data-driven model based on a long short-term
memory (LSTM) neural network for prediction of the dynamic behavior of an am-
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monia-fueled solid oxide fuel cell (SOFC) stack. An in-house Simulink dynamic

Accepted 9 July, 2026 model was used as the data source. A four dimensional full grid sweep over the
cathode and anode flow factors, temperature, and the inlet ammonia mole frac-
tion produced a time series dataset of 10,000 operating cases. A hybrid LSTM
architecture was developed by combining a two layer LSTM branch for the single
channel input time series with a fully connected branch for the six constant
inputs. The model was trained to simultaneously regress three time series out-
puts, namely the anode and cathode temperature, and voltage. On a held out
test set of 1,500 cases, the model achieved coefficients of determination of
0.974 and 0.975 for the two outlet temperatures and 0.994 for the stack volt-
age, corresponding to a mean absolute percentage error of about 1.8%. These
results demonstrate that a single data-driven surrogate model can faithfully re-

produce the dynamic behavior of an SOFC stack.
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Fig. 1. Input and output configuration of the ammonia-fueled
SOFC stack
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Table 1. Definitions and units of the input/output variables
of the hybrid LSTM model

Category (\s]j/rr;ba})c:T) Description Unit
D).flrrllglrlrtuc 1(t) Stack load current density | A/cn?
Qcar | Cathode inlet molar flow rate | mol/s
Qan Anode inlet molar flow rate | mol/s
Constant T Stack temperature °C
input Xnms | Anodeinlet NH; mole fraction | —
Xno Anode inlet N> mole fraction -
Xin Anode inlet H, mole fraction -
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Fig. 2. Validation of ammonia-fueled SOFC model cases - 10>10>x10>x10| 10,000
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Fig. 3. Input and output time series of a representative case:
(a) input current density; (b) three output channels (anode/
cathode outlet temperatures and stack voltage)
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Table 3. Prediction performance of the hybrid LSTM model on
the test split (1,500 cases), in normalized and physical units

Output Unit MAE |RMSE| R? |MAPE[%)]
Tanode | Normalized | 0.0928 |0.1576| 0.9744 | 79.56
Tanode |Physical [°C]| 12.33 | 20.94 | 0.9744 | 1.77
Teathode | Normalized | 0.0903 | 0.1555| 0.9751 | 112.88
Teatode |Physical [°C]| 12.31 | 21.21 | 0.9751 | 1.78

Voltage | Normalized | 0.0549 | 0.0777 | 0.9938 | 20.52

Voltage | Physical [V] | 0.0139 |0.0196 | 0.9938 |  1.86
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