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ABSTRACT 
To reveal potential faults and dynamic performance 

during operation of SOFC powered all-electric ship 
propulsion system, this research innovatively proposes a 
prediction approach based on Back Propagation Neural 
Network (BP-NN), taking into account fuel cell 
overheating and thermal cracking phenomenon. A highly 
accurate mechanistic mathematical model is established 
and validated for precisely identifying transient 
characteristic evolution and evaluating thermal safety 
risk under variable operating conditions during actual 
ship operations. 

The results show that the proposed system delivers an 
output power of 315.4 kW and a system efficiency of 
59.8% under rated operating conditions. The model’s 
error is less than 5%, demonstrating its high accuracy and 
precision. Furthermore, thermodynamic characteristic is 
investigated in terms of stack temperature, output 
power, and stack temperature gradient under varying 
airflow step. Using BP-NN model, the prediction 
accuracies for three parameters are 98.5%, 99.2%, and 
92.8%, respectively, demonstrating the high precision of 
the model in capturing transient behavior of SOFC 
system. 

The results demonstrate that as airflow step 
decreases, dynamic response characteristics for three 
parameters are significantly affected, with stack 
temperature increasing and output power decreasing 
due to reduced oxygen supply, while stack temperature 
gradient becomes more pronounced due to weakened 
cooling effects. Under reduced air flow conditions, stack 
temperature tends to exceed safe threshold, making the 
stack prone to overheating failure, while under more 
significant reductions in airflow, the increased stack 
temperature gradient elevates the risk of thermal 
cracking failure. This work provides a technical support 
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for the development of long-life, green, and efficient 
power generation technologies in the future. 
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NONMENCLATURE 

Abbreviations  
SOFC Solid Oxide Fuel Cell  

N Number of fuel cells 
J Current density 
U Voltage 
T Stack temperature 

S/C Steam to carbon ratio 
FU Fuel utilization 
Ra Anode recirculation ratio 
TG Temperature gradient 

η System efficiency 

P Output power 
R2 Determination coefficient  

MSE Mean squared error 
SOFC Solid Oxide Fuel Cell  

Symbols  
TPB Triple phase boundary 
act Activation 

ohm Ohmic 
conc Concentration 

1. INTRODUCTION 
Driven by rising demands for environmental 

protection and sustainable development, SOFC-based 
all-electric ship propulsion system is emerging as a key 
green power solution[1-3]. Compared with conventional 
internal combustion engine systems, SOFCs deliver 
higher efficiency and lower carbon emissions by directly 
converting chemical energy into electricity, providing 
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stable and clean onboard power for maritime 
applications[4-5]. However, under complex operating 
conditions, SOFC systems may suffer failures such as 
stack overheating and thermal cracking, threatening 
safety and reliability[6-7]. Therefore, accurate prediction 
of transient SOFC performance, particularly the dynamic 
responses of critical parameters under varying 
conditions, is essential. 

Accurate dynamic models enable real-time prediction 
of key states (e.g., stack temperature and system power) 
under varying conditions, supporting fault diagnosis and 
optimization[8-10]. However, most studies emphasize 
steady-state analysis or simple empirical models, and 
high-accuracy methods capturing full SOFC dynamics 
remain limited. Meanwhile, physics-based models are 
often computationally intensive in complex scenarios, 
hindering real-time prediction[11]. Therefore, data-driven 
methods such as neural networks have attracted 
increasing attention. 

In recent years, various computational intelligence 
methods have been applied to improve SOFC 
performance prediction. Arriagada et al.[12] used an ANN 
to accurately predict steady-state parameters such as 
gas flow rate, operating voltage, and current density, 
while Salehi et al.[13] developed a transfer-learning-based 
deep neural network to enhance prediction under new 
steady-state conditions. Beyond single cells, Zhang et 
al.[14] proposed a GA-BP network for single-stack system 
power prediction, achieving an R² of 0.9832 and 1% 
average relative error, outperforming traditional BP and 
LSTM models. Similarly, Wu et al.[15] employed a PSO-BP 
model for a biomass gasification SOFC-GT system, 
obtaining R² > 0.98 with low MAPE (<0.06) and RMSE 
(<0.33), demonstrating strong reliability. 

However, in real ship operations SOFC systems must 
rapidly regulate power output and thermal states. To 
address this, this study first develops a high-accuracy 
mathematical model to capture the system’s dynamic 
evolution, then builds a BP-NN data-driven model to 
predict thermodynamic parameters and thermal safety 
characteristics across operating conditions. 

2. SYSTEM MODELING AND VALIADATION  

2.1 System structural design 

Fig. 1 shows a SOFC-based all-electric ship propulsion 
system comprising a LNG fuel processing unit, a SOFC 
stack, a power conversion and control module, and 
electric propulsion loads. LNG is pretreated and 
reformed before entering the SOFC, where 
electrochemical reactions generate electricity and heat, 

part of the anode off-gas is recirculated via an ejector to 
improve efficiency. Ambient air is compressed and 
preheated before feeding the cathode as oxidant. The 
produced power is conditioned and regulated, then 
delivered to propulsion motors and onboard auxiliary 
equipment. 

 
Fig. 1 SOFC-based ship all-electric propulsion system 

2.2 System dynamic modeling 

2.2.1 Anode-supported internal reforming SOFC model 

The electrochemical reactions inside SOFC primarily 
involve electron transfer between the electrodes and the 
chemical substances, as well as the change in Gibbs free 
energy. The output voltage of SOFC can be expressed by 
the following equation. The detailed calculation process 
for open circuit voltage, ohmic polarization, 
concentration polarization, anode activation 
polarization, and cathode activation polarization can be 
found in the literature [16]. 

𝑈 = 𝑈𝑇𝑃𝐵
𝑂𝐶𝑃 − (𝜂𝑂ℎ𝑚 + 𝜂𝑐𝑜𝑛𝑐,𝑎𝑛𝑜𝑑𝑒 + 𝜂𝑐𝑜𝑛𝑐,𝑐𝑎𝑡ℎ𝑜𝑑𝑒 +

𝜂𝑎𝑐𝑡,𝑎𝑛𝑜𝑑𝑒 + 𝜂𝑎𝑐𝑡,𝑐𝑎𝑡ℎ𝑜𝑑𝑒)                           (1) 

2.2.2 Methane steam reformer model 

Methane steam reformer model mainly considers the 
following two reactions: methane steam reforming 
reaction between methane and water and the water-gas 
shift reaction between carbon monoxide and water.  

        𝐶𝐻4 +𝐻2O ↔ CO + 3𝐻2            (2) 

          𝐶𝑂 +𝐻2O ↔ 𝐶𝑂2 +𝐻2            (3) 

The detailed modeling process of the other 
components, such as the heat exchanger, catalytic 
combustor and mixer, can be referred to in our previous 
works[2,16,17]. The propeller and load resistance model can 
be found in our previous literature[18]. The specific rated 
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design parameters of the SOFC system in this study can 
be found in Table 1. 

Table 1 Design parameters used in SOFC system 

Parameter Value Safe range 

N 1536 - 
J/A ∙ cm−2 0.5 - 

T/K 1181 1023~1273 
FU/% 86 - 
U/V 0.74 - 
P/kW 315 - 

TG/K∙ cm−1 
η/% 

8.7 <10 
59.8 - 

S/C 2.5 >2 
Ra 0.45 - 

2.2.3 Model verification 

Fig. 2 shows the U-I-P polarization characteristic 
curve of a single SOFC, comparing the simulation data 
with experimental data from the literature[19]. The error 
between SOFC electrical characteristics established in 
this paper and the literature is less than 3.2%, and the 
comparison also follows the same trend, validating the 
accuracy of the model built in this paper. 

 

Fig. 2 SOFC model verification 

3. BP-NN MODEL CONSTRUCTION 

3.3.1 BP neural network design 

In this study, a data-driven prediction framework 
based on a BP neural network is developed to model and 
analyze the transient performance of the SOFC system. 
As illustrated in Fig. 3, system operating conditions are 
first collected and pre-processed to ensure data integrity 
and consistency. Fuel flow, air flow, current density and 
S/C under different time are selected as BP-NN input 
parameters. And stack temperature, output power, and 
temperature gradient are selected as BP-NN output 
parameters. SOFC database is based on 7289 datasets 
from a MATLAB/Simulink simulation model under 
various operating conditions.  

The hidden layer contains 15 neurons, chosen after 
optimization to balance model complexity and training 
performance. The ReLU activation function is used for 
the hidden layer to introduce non-linearity, allowing the 
network to better model the complex relationships 
within the data. The learning rate is set at 0.001, ensuring 
stable convergence during training. The output layer 
uses a linear activation function to predict continuous 
values such as stack temperature and output power. 

Training datasets are then constructed by mapping 
input features to target variables, with normalization and 
partitioning strategies applied to enhance 
generalization. Training, validation and testing datasets 
are randomly divided in 7:2:1 ratio. During training, BP 
neural network iteratively adjusts weights and 
thresholds to minimize the error between predicted and 
reference values. Finally, the trained network is 
employed for transient performance prediction and 
evaluation, with validation conducted through 
comparison against simulation or experimental results. 
This framework provides a complete closed-loop process 
from data acquisition and feature construction to 
prediction and verification, ensuring accurate 
characterization of SOFC system dynamics. 

 

Fig. 3 Data-Driven model flowchart based on BP-NN 

3.3.2 Error evaluation index 

The prediction accuracy of the BP neural network 
model is evaluated using two widely recognized error 
metrics: the coefficient of determination (R²) and the 
mean squared error (MSE). These two metrics provide 
complementary insights into the model's performance. 
R2 quantifies the proportion of the variance in the 
observed data that is predictable from the input 
features, with values ranging from 0 to 1. A higher R2 

indicates that the model explains a larger portion of the 
variation in the data, signifying better fitting 
performance and higher prediction reliability. In 
contrast, MSE measures the average squared difference 
between the predicted values and the actual observed 
values. A lower MSE indicates that the model's 
predictions are closer to the true values, suggesting 
smaller prediction errors and better model precision. 
Both metrics are commonly used in predictive modeling 
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to assess how well the model generalizes and captures 
the underlying patterns of the system being studied. The 
calculation of R2 and MSE is based on the following 
equations: 

𝑀𝑆𝐸 =
∑ (𝑦𝑖−𝑦𝑖̂)

2𝑛
𝑖=1

𝑛
             (4) 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖̂)

2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦̅)
2𝑛

𝑖=1

            (5) 

As shown in Fig. 4, the comparison between the BP-
NN model and mechanistic predictions at 12.5% and 
17.5% step reductions in air reveals that BP-NN model 
provides highly accurate predictions. Results 
demonstrate the model's strong capability in capturing 
the underlying dynamics and its high predictive precision 
in the given conditions. 

 
Fig. 4 Verification of BP-NN dynamic prediction model 

4. RESULTS AND DISCUSSION 

4.3.1 System dynamic response during air flow step 
changes 

The step change in air flow causes system temperature 
variations. When the air flow step decreases, heat is not 
dissipated quickly, leading to heat accumulation and the 
risk of overheating. As shown in Fig. 5, a 15% reduction 
in air flow causes both output power and efficiency to 
drop: output power decreases from 316 kW to 305 kW, 
and efficiency declines from 61.8% to 60.5%. Meanwhile, 
the stack temperature rises rapidly and exceeds the safe 
threshold of 1273 K after 100 s, significantly increasing 
the risk of thermal runaway and stack degradation. This 
behavior highlights the strong coupling between cathode 
air supply, thermal management, and electrochemical 
performance. It also indicates that even moderate air-
flow disturbances can trigger unacceptable thermal 
excursions if corrective actions are not applied promptly. 
Therefore, fast detection and coordinated control of air 
flow and cooling capacity are essential to maintain both 
efficiency and safe operating temperature during 
transient conditions. 

 
Fig. 5 System response when air flow step is reduced by 15% 

4.3.2 Dynamic performance prediction of stack 
temperature 

Using a cathode air-flow step reduction as a case 
study, we validate the BP neural network’s capability to 
predict SOFC dynamic behavior. Fig. 6 shows that a step 
change in cathode air flow induces a transient 
temperature response before a new steady state is 
reached. Moreover, larger step reductions lead to higher 
stack temperatures, due to weakened cathode cooling 
and reduced heat dissipation while electrochemical heat 
generation persists. The results show that the proposed 
BP-NN accurately predicts both the amplitude and 
dynamics of stack temperature, capturing thermal 
inertia and producing physically consistent transients 
under different air-step inputs. 

 

Fig. 6 Stack temperature response under different air 
step conditions 

Furthermore, when air flow is significantly reduced, 
the stack temperature quickly exceeds the safety 
threshold of 1273K. With air flow reductions of 12.5% 
and 17.5%, the stack temperatures reach 1285K and 
1300K, respectively, clearly surpassing the safe limit. This 
indicates a significant overheating risk for SOFC system 
under these conditions, which could lead to system 
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damage or reduced lifespan. Therefore, to ensure the 
stability and safety of the system, real-time monitoring 
of stack temperature should be strengthened, and 
appropriate adjustments should be made to prevent the 
temperature from exceeding the safe range. 

4.3.3 Dynamic performance prediction of system output 
power 

Fig. 7 illustrates the predicted dynamic performance 
of the SOFC stack power under different air step input 
conditions. Overall, when the cathode airflow decreases 
due to larger step amplitudes, the output power of the 
stack exhibits a downward trend. This reduction is 
primarily attributed to the insufficient oxygen supply, 
which limits the electrochemical reaction rate and 
thereby constrains the maximum achievable power. 
Conversely, higher airflow enhances oxygen availability, 
promoting more complete electrochemical reactions and 
improving power output stability. The transient response 
also reflects the coupling between thermal and 
electrochemical processes within the stack: reduced 
airflow not only lowers the reaction efficiency but also 
leads to a temperature rise, further influencing power 
generation characteristics. 

Besides, BP-NN model successfully captures these 
dynamic trends, showing close agreement between the 
predicted curves and the reference data. The model is 
able to simulate both steady-state levels and transient 
variations across different airflow step, demonstrating 
its effectiveness and reliability in predicting the power 
performance of SOFC systems under varying operating 
scenarios. 

 

Fig. 7 System power response under different air step 
conditions 

4.3.4 Dynamic performance prediction of stack 
temperature gradient 

Fig. 8 shows the predicted dynamic response of the 
SOFC stack temperature gradient under different air step 
input conditions. Overall, as the cathode airflow 
decreases with larger step amplitudes, the temperature 
gradient across the stack increases. This behavior arises 
because a reduced air supply weakens the convective 
cooling effect, causing localized heat accumulation 
within the electrochemically active regions. The resulting 
non-uniform heat distribution amplifies the temperature 
gradient, which may further influence both the 
electrochemical reaction kinetics and the long-term 
durability of the stack. Conversely, higher airflow 
enhances heat removal, leading to a more uniform 
temperature profile and a reduced gradient. 

 

Fig. 8 SOFC temperature gradient response under 
different air step conditions 

The transient trajectories further reflect the coupling 
between airflow dynamics and the thermal response of 
the stack, with clear delays before reaching steady-state 
values. Importantly, BP-NN model accurately re-
produces both the trend and magnitude of these 
temperature gradient variations. The predicted results 
closely match the reference data across different air step 
scenarios, confirming the model’s ability to effectively 
capture the nonlinear, coupled thermal-electrochemical 
dynamics of SOFC system. 

5. CONCLUSIONS 
This paper develops a BP neural network–based 

method to predict the dynamic performance of a SOFC 
ship all-electric propulsion system, accurately capturing 
transient variations in stack temperature, output power, 
and temperature gradient under multiple operating 
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conditions, especially with changing airflow. The model 
achieves over 98% accuracy for key parameters, enabling 
early warning of faults such as overheating and helping 
define operational safety boundaries. These results 
demonstrate the BP network’s effectiveness in modeling 
the SOFC’s nonlinear coupled thermo-electrochemical 
dynamics, offering a practical tool for dynamic 
prediction, safety assessment, and improved efficiency 
and reliability of SOFC-based marine propulsion systems. 
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