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• A hybrid model is developed for SOFCs 

combining MPS and deep learning algo- 

rithm. 
• A detailed study is conducted consider- 

ing the fuel complexity and thermal ef- 

fects. 
• The deep learning algorithm is well 

trained for prediction with an accu- 

racy > 99%. 
• Online optimisation of SOFC perfor- 

mance is achieved using the genetic al- 

gorithm. 
• An efficiency > 65% is ensured under 

safe operation in real-time optimisation. 
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a b s t r a c t 

The use of solid oxide fuel cells (SOFCs) is a promising approach towards achieving sustainable electricity pro- 

duction from fuel. The utilisation of the hydrocarbons and biomass in SOFCs is particularly attractive owing to 

their wide distribution, high energy density, and low price. The long-term operation of SOFCs using such fuels 

remains difficult owing to a lack of an effective diagnosis and optimisation system, which requires not only a 

precise analysis but also a fast response. In this study, we developed a hybrid model for an on-line analysis of 

SOFCs at the cell level. The model combines a multi-physics simulation (MPS) and deep learning, overcoming 

the complexity of MPS for a model-based control system, and reducing the cost of building a database (compared 

with the experiments) for the training of a deep neural network. The maximum temperature gradient and heat 

generation are two target parameters for an efficient operation of SOFCs. The results show that a precise predic- 

tion can be achieved from a trained AI algorithm, in which the relative error between the MPS and AI models 

is less than 1%. Moreover, an online optimisation is realised using a genetic algorithm, achieving the maximum 

power density within the limitations of the temperature gradient and operating conditions. This method can also 

be applied to the prediction and optimisation of other non-liner, dynamic systems. 
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Nomenclature 

DL Deep learning 

DNN Deep neural network 

GA Genetic algorithm 

LSM Lanthanum strontium manganite 

MPS Multi-physics simulation 

SCCM Standard cubic centime per minute 

ScSZ Scandium stabilized zirconium 

SMR Steam methane reforming 

SOFC Solid oxide fuel cell 

TPB Triple phase boundary 

WGSR Water gas shift reaction 

Roman 

𝐵 0 Permeability coefficient, m 

2 

𝑐 C O 2 Mole concentration of carbon dioxide, mol·m 

− 3 

𝑐 H 2 O Mole concentration of water, mol·m 

− 3 

𝐶 p Heat capacity at constant pressure 

𝐷 

eff 
i Effective diffusivity of species 𝑖 , m 

2 ·s − 1 

𝐷 

eff 
ik Knudsen diffusion coefficient of 𝑖 , m 

2 ·s − 1 

𝐷 

eff 
im Molecular diffusion coefficient of 𝑖 , m 

2 ·s − 1 

𝐸 act Activation energy, J·mol − 1 

𝐸 CO Equilibrium potential for carbon monoxide oxidization, 

V 

𝐸 

0 
CO Standard equilibrium potential for carbon monoxide ox- 

idization, V 

𝐸 eq Equilibrium Nernst potential, V 

𝐸 H 2 Equilibrium potential for hydrogen oxidization, V 

𝐸 

0 
H 2 

Standard equilibrium potential for hydrogen oxidiza- 

tion, V 

F Faraday constant, 96,485 C·mol − 1 

𝑖 Operating current density, A·m 

− 2 

𝑖 o Exchange current density, A·m 

− 2 

n Number of electrons transferred per electrochemical re- 

action 

𝑁 𝑖 Flux of mass transport, kg·m 

− 3 ·s − 1 

𝑝 (Partial) Pressure, Pa 

P L CO Local CO partial pressures, Pa 

P L C O 2 Local CO 2 partial pressures, Pa 

P L H 2 Local H 2 partial pressures, Pa 

P L H 2 O Local H 2 O partial pressures, Pa 

P L O 2 Local O 2 partial pressures, Pa 

𝑅 Gas constant, 8.314 J·mol − 1 ·K 

− 1 

𝑅 SMR Steam methane reforming reaction 

𝑅 WGSR Water gas shift reaction 

T Temperature, K 

𝑢 Velocity field, m 

3 ·s − 1 

V Volume fraction 

𝑦 𝑖 Mole fraction of component i 

Greek letters 

𝛼 Charge transfer coefficient 

𝜀 Porosity 

𝜂𝑎𝑐𝑡 Activation overpotential loss, V 

𝜂𝑜ℎ𝑚𝑖𝑐 Ohmic overpotential loss, V 

𝜅 Permeability, m 

2 

𝜆 Heat conductivity 

𝜇 Dynamic viscosity of fluid, Pa·s 

𝜌 Fluid density, kg·m 

− 3 

𝜎 Conductivity, S·m 

− 1 

𝛾 Pre-exponential factor, A m 

− 2 

τ Tortuosity 
Subscripts 

an Anode 

ca Cathode 

CO Carbon monoxide 

CO 2 Carbon dioxide 

el Electrolyte 

H 2 Hydrogen 

l Ionic phase 

O 2 Oxygen 

s Electronic phase 

Superscripts 

0 Parameter at equilibrium conditions 

eff Effective 

L Local 

. Introduction 

The growing concerns regarding the sustainable development of hu-

an society and the rising risk of ecological crises require significant ef-

orts towards the development of renewable energy conversion and stor-

ge technologies [ 1 , 2 ]. Solid oxide fuel cells (SOFCs) achieve a highly

fficient electricity generation from fuel [3] . As high-temperature elec-

rochemical devices, SOFCs have a simple structure with the electrolyte

andwiched between porous electrodes. At the applied electrical poten-

ial, the fuel and oxygen are electrochemically oxidized and reduced

t the anode and cathode, respectively. SOFCs use non-noble catalysts

e.g. nickel) [4] , making them economical and robust for various types

f fuels, including hydrogen [5] , carbon monoxide [6] , hydrocarbons

7] , coal [8] , biomass [9] , and even ammonia [10] . 

The use of hydrocarbons and biomass in SOFCs is especially attrac-

ive owing to their low costs, wide availability, and high energy den-

ity per volume [11] . However, the composition of such fuels is com-

lex, which causes multiple electrochemical/chemical reactions to oc-

ur [12] . This not only results in complex electricity/heat generation

rocesses, it also creates difficulties in predicting and optimising the

erformance [13] . To ensure a safe and efficient long-term operation of

OFCs, optimised working parameters are required to avoid a thermal

ailure and other problems, and a model-based control system with a

recise analysis and fast response is needed [14] . 

SOFCs are highly non-linear with various physical/chemical pro-

esses. The most widely used method for an SOFC analysis is based on

hysical conservation laws such as a multi-physics simulation (MPS)

15–17] . An MPS has shown a high accuracy in terms of the perfor-

ance analysis, but it remains too complex for on-line prediction and

ptimisation. Compared with the MPS method (which is usually applied

n 2D or 3D), a black-box model (BBM, 0D) can be developed with a pair

f inputs and outputs [18] . When trained through a proper procedure, a

BM can quickly predict the system performance with the given inputs

 19 , 20 ]. Using a deep learning (DL) algorithm (such as the deep neural

etwork (DNN) adopted in this study), a BBM has been proven to be

ffective for non-linear systems [21] . As determined by Arriagada et al.

22] , an artificial neural network is capable of predicting the perfor-

ance of SOFCs with high accuracy. However, a well-trained DL algo-

ithm requires a large database, necessitating a lengthy data collection

rom the experimental results [23] . 

Combining an MPS and an AI-based BBM has become an alternative

ethod in the analysis of non-linear, dynamic systems such as SOFCs

 23 , 24 ]. With a proper validation, an MPS model can generate the

mount of data required for the training of a DL algorithm. In addition,

n MPS method requires much less time and costs compared with an ex-

erimental method. Moreover, an MPS can provide detailed information
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Fig. 1. (a) Schematic of an SOFC with complex fuel composition and (b) the workflow for the development of combined multi-physics model and AI simulation. 
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f the system under various (or extreme) operating conditions, which is

ifficult to collect through experiments. Trained using a database de-

eloped using an MPS method, the DL algorithm can quickly predict

he system performance when given the input parameters, making up

or the inadequacy of the MPS in terms of a fast response [25] . With

he adoption of a genetic algorithm (GA), an online optimisation of the

ystem regarding the target parameters can be further realised. In this

ay, the cycle of detection to online analysis and optimisation is closed.

ased on this idea, the present paper demonstrates the concept of com-

ining deep learning algorithms with an MPS to predict and optimise

he performance of SOFCs with a complex fuel composition. 

. Model development 

.1. Framework for the online prediction and optimisation of SOFC 

erformance 

Fig. 1 shows a schematic of an SOFC and the workflow of the pro-

osed scheme. First, the MPS model was developed in accordance with

he experimental parameters and validated based on the experimental

esults. Parametric studies were then conducted to investigate the effects

f different parameters on the SOFC performance. Meanwhile, a dataset

f the inputs and outputs was generated from multi-physics models. Us-

ng this dataset, a DNN was trained to map the relationships among

he operating conditions and the performance parameters. New outputs

ere generated using the DNN model, and the results were compared

ith those from the MPS model to validate the accuracy. Finally, the
rained DNN model was used for optimisation of the SOFC performance

hrough a combination with a GA. 

.2. Development of MPS model for SOFC 

The MSP model uses the same geometry and material properties of

n SOFC as applied in a previous study [26] . The tubular SOFC has an

nner diameter of 8.5 mm, with radial thicknesses of the anode, elec-

rolyte, and cathode of 695, 20, and 15 μm, respectively. The key prop-

rties of the SOFC material are listed in Table 1 . Processes including

hemical/electrochemical reactions, a fluid flow, and a heat transfer are

onsidered using the non-linear solver in COMSOL Multiphysics for the

odel development. The governing equation and boundary conditions

dopted are introduced below. 

.2.1. Electrochemical reaction 

With a complex fuel composition (mainly H 2 and CO) at the anode

nd air at the cathode, the electrochemical reactions of H 2 -O 2 and CO-

 2 pairs are considered, as given from Eqs. (1) –(3) . 

 2 + O 

2− = H 2 O + 2 e − (1) 

O + O 

2− = C O 2 + 2 e − (2) 

 2 + 4 e − = 2 O 

2− (3) 

The electrons (released at the anode) move towards the cathode

hrough an external circuit, which closes the cycle and generates elec-

ricity. At a certain operating current, the corresponding voltage can be

alculated as in Eq. (4) . 

 = 𝐸 eq − ηact − ηohmic (4)
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Table 1 

Properties of the adopted materials [26] . 

Parameters Value or expression Unit 

Conductivity 

σScSZ 69 , 200 × 𝑒 
−9681 

𝑇 S m 

− 1 

σYSZ 33 , 400 × 𝑒 
−10 , 300 

𝑇 S m 

− 1 

σNi 4 . 2 × 10 6 − 1 , 065 . 3 𝑇 S m 

− 1 

σLSM 4 . 2 × 10 7 exp ( −1 , 150∕T ) S m 

− 1 

Porosity 

ε a 0.36 

ε c 0.36 

Tortuosity 

τa 3 

τc 3 

Triple Phase Boundary 

S TPB 2 . 14 × 10 5 m 

− 1 

Heat Conductivity 

λa 9.6 W m 

− 1 K − 1 

λc 6.23 W m 

− 1 K − 1 

λel 2.7 W m 

− 1 K − 1 

Heat Capacity 

C p , a 420 J kg − 1 K − 1 

C p , c 390 J kg − 1 K − 1 

C p , el 300 J kg − 1 K − 1 

Density 

ρa 6570 kg m 

− 3 

ρc 6870 kg m 

− 3 

ρel 2000 kg m 

− 3 
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Fig. 2. Comparison of I–V characteristics between experimental data and sim- 

ulation results. 
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Here, 𝐸 eq is the equilibrium potential, ηact is the activation overpo-

ential, and ηohmic is the ohmic overpotential. The calculations of 𝐸 eq for

he H 2 -O 2 and CO-O 2 pairs are given in Eqs. (5) and (6) , respectively. 

 H 2 = 𝐸 

0 
H 2 

+ 

RT 
2F 

ln 

⎡ ⎢ ⎢ ⎢ ⎢ ⎣ 
P L H 2 

(
P L O 2 

)1 ∕ 2 
P L H 2 O 

⎤ ⎥ ⎥ ⎥ ⎥ ⎦ 
(5) 

 CO = 𝐸 

0 
CO + 

RT 
2F 

ln 

⎡ ⎢ ⎢ ⎢ ⎢ ⎣ 
P L CO 

(
P L O 2 

)1 ∕ 2 
P L C O 2 

⎤ ⎥ ⎥ ⎥ ⎥ ⎦ 
(6) 

For numerical simplification, the value of the standard potentials

 E 0 H 2 and E 0 CO ) can be estimated using Eqs. (7) and (8) at high tempera-

ures [27] . 

 

0 
H 2 

= 1 . 253 − 0 . 00024516T ( V ) (7) 

 

0 
CO = 1 . 46713 − 0 . 0004527T ( V ) (8) 

The Butler–Volmer (B-V) equation is adopted to calculate ηact , as

iven in Eq. (9) . 

 = 𝑖 0 

{ 

exp 
( 

αnF ηact 
RT 

) 

− exp 
( 

− 

( 1 − α) nF ηact 
RT 

) } 

(9)

Here, the exchange current density ( 𝑖 0 ) of H 2 oxidation (as indicated

n Eq. (2) ) can be further expressed using Eq. (10) , and the value of i 0 
or Eq. (2) (H 2 oxidation) is expected to be 2.2-times that in Eq. (3) (CO

xidation) according to the experiments [26] . 

 0 = γ exp 
( 

− 

E act 
RT 

) 

(10) 

Here, 𝛾 is the pre-exponential factor, which builds an empirical re-

ationship between the temperature and rate. 

In addition, ηohmic , caused by the ionic and electronic resistance, is

alculated using Ohm’s law, as given in Eqs. (11) and (12) . 

 l = − σl eff ∇ 

(
∅l 
)

(11) 

 = − σ eff ∇ 

(
∅
)

(12) 
s s s 
.2.2. Chemical reaction 

Steam methane reforming (SMR) and water gas shift (WGS) reactions

re considered at the anode, as given in Eqs. (13) and (14) . 

 H 4 + H 2 O ↔ CO + 3 H 2 (13) 

O + H 2 O ↔ C O 2 + H 2 (14) 

The detailed kinetics of SMR and WGS with a nickel catalyst can be

ound in [27–30] . 

.2.3. Mass/momentum transport 

In gas channels, only free molecule diffusion is considered to calcu-

ate the mass transport of a gas species. In the porous areas (such as

 porous anode and cathode), the length of scale is comparable to the

ean free path of the gas species. Therefore, the Knudsen diffusion is

urther included to calculate the mass transport of a gas species in a

orous anode and cathode. Here, the widely used dusty-gas model is

dopted to calculate the mass transport of the gas species ( N 𝑖 ∕ 𝑗 ), as in-

icated in 

N i 

D 

eff 
ik 

+ 

𝑛 ∑
𝑗 =1 , 𝑗 ≠𝑖 

y j N i − y i N j 

D 

eff 
ij 

= − 

1 
RT 

( 

∇ 

(
y j P 

)
+ 

B 0 y j P 

μD 

eff 
ik 

∇P 

) 

(15)

When operating under a steady state with the mass source term (S j ),

he mass conservation equation is calculated using 

 ⋅ N j = S j (16)

The Navier–Stokes equation is adopted to calculate the momentum

ransport, as given in Eq. (17) . 

𝜕u 
𝜕t 

+ ρu ∇u = −∇p + ∇ 

[
μ
(
∇u + ( ∇u ) T 

)
− 

2 
3 
μ∇u 

]
− 

εμu 
k 

(17)

Here, u is the velocity field, μ is the dynamic viscosity of the fluid,

nd k is the permeability of a porous area. 

.2.4. Heat transfer 

The heat balance equation is used to describe the heat transfer pro-

ess, as given in Eq. (18) . 

C p u ⋅ ∇T + ∇ ⋅
(
− λeff ∇T 

)
= Q (18)

Here, ρ is the fluid density, C p is the heat capacity, and Q is the heat

ource term. 
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Fig. 3. Effects of the gas flow rate of the cathode inlet on the SOFC performance. 
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Table 2 

Kinetics and tuning parameters. 

Parameters Value or expression Unit 

Electrochemical Reaction 

β 3.3 ×10 8 A m −2 

E a 1 . 2 × 10 5 J mol − 1 

αH 2 𝑂 0.65 

αC O 2 0.65 

Chemical Reaction 

R MSR [33] k rf ( p C H 4 p H 2 O − 
p 3 H 2 p CO 
K pr 

) mol m 

− 3 s − 1 

k rf 2395 exp ( −231 , 266 
𝑅𝑇 

) mol m 

− 3 Pa − 2 s − 1 

K pr 1 . 0267 × 10 10 exp (−0 . 2513 𝑍 4 + 
0 . 3665 𝑍 3 

+ 0 . 5810 𝑍 2 − 27 . 134 𝑍 + 3 . 277) 
R WGSR [34] k sf ( p H 2 O p CO − 

p H 2 p C O 2 
K ps 

) mol m 

− 3 s − 1 

k sf 0 . 0171 exp ( −103 , 191 
𝑅𝑇 

) mol m 

− 3 Pa − 2 s − 1 

K ps exp (−0 . 2935 𝑍 3 + 0 . 6351 𝑍 2 

+ 4 . 1788 𝑍 + 0 . 3169) 
Z 1000 

𝑇 
− 1 

t  

i

 

d  
.2.5. Validation of multi-physics simulation 

For validation, the model adopts the same operating conditions, cell

eometry, and material properties in accordance with the experiments

26] , and the I–V relationships from the simulation and experiment

re compared at an operating temperature of 1073 K, as indicated in

ig. 2 [31] . The detailed material properties and reaction parameters

sed in the model are provided in Tables 1 and 2 . 

.3. Combination of MPS model with deep learning (DL) algorithm 

Although an MPS can provide useful information for analysis and

ptimisation, such simulations are too complex for model-based online

ontrol systems. Compared with MPS models, a BBM can be constructed

ithout physical laws, making it swift in mapping the inputs to the out-

uts. A BBM based on the DL algorithm has been widely used for non-

inear systems with multiple inputs and outputs, and is thus suitable for

redicting the performance of SOFCs. 

A DNN is a statistical data-driven approach inspired by biological

eural networks. Given proper input-output pairs, it can capture the

unctional relationship without presumptions. It usually has a compu-

ational topology consisting of one input layer, multiple hidden layers,

nd one output layer. Each layer has several processing units (neurons).

hese neurons receive multiple inputs (information) from other neu-

ons with certain connection weights. The information is summated and
ransformed with an activation function to produce the output, which

s propagated to other neurons in the next layer. 

Because the MPS model can easily provide a sufficiently large

atabase required for the training of the DNN algorithm, the combi-
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Table 3 

Operating parameters for studying the effects of the gas flow rate of the cathode 

inlet. 

Parameter Value Unit 

Anode gas flow rate 10 SCCM 

Cathode gas flow rate 50–500 SCCM 

Anode gas composition H 2 (60%) + CO (25%) + CH 4 

(3%) + H 2 O (6%) + CO 2 (6%) 

Cathode gas composition Air (O 2 , 21% + N 2 , 79%) 

Anode inlet temperature 973 K 

Cathode inlet temperature 973 K 

Applied voltage 0.7 V 

Table 4 

Operating parameters for studying the effects of the gas temperature of the cath- 

ode inlet. 

Parameter Value Unit 

Anode gas flow rate 10 SCCM 

Cathode gas flow rate 500 SCCM 

Anode gas composition H 2 (60%) + CO (25%) + CH 4 

(3%) + H 2 O (6%) + CO 2 (6%) 

Cathode gas composition Air (O 2 , 21% + N 2 , 79%) 

Anode inlet temperature 973 K 

Cathode inlet temperature 773–973 K 

Applied voltage 0.7 V 

n  

t  

t
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Table 5 

Operating parameters for studying the effects of the gas flow rate of the anode 

inlet. 

Parameter Value Unit 

Anode gas flow rate 12, 14, 16, 18, 20 SCCM 

Cathode gas flow rate 500 SCCM 

Anode gas composition H 2 (60%) + CO (25%) + CH 4 

(3%) + H 2 O (6%) + CO 2 (6%) 

Cathode gas composition Air (O 2 , 21% + N 2 , 79%) 

Anode inlet temperature 973 K 

Cathode inlet temperature 973 K 

Applied voltage 0.7 V 

Table 6 

Operating parameters for comparison of the DNN and MPS results. 

Parameter Value Unit 

Anode gas flow rate 15 SCCM 

Cathode gas flow rate 200, 300, 400, 500 SCCM 

Anode gas composition H 2 (60%) + CO (25%) + CH 4 

(3%) + H 2 O (6%) + CO 2 (6%) 

Cathode gas composition Air (O 2 , 21% + N 2 , 79%) 

Anode inlet temperature 973 K 

Cathode inlet temperature 973 K 

Applied voltage 0.7 V 
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ation of an MPS and a DNN not only avoids the expensive costs and

ime needed during the experiments but also provides a precise and fast

ool for analysing the SOFC operation. 

In this study, a three-hidden-layer back-propagation DNN (BP-DNN)

as shown in Fig. 1 ) is adopted with eight inputs and three outputs.

he inputs are characteristic parameters that significantly affect the cell

erformance and can be detected during an online operation, i.e. the

urrent density, anode flow rate, cathode flow rate, and temperatures

t five points evenly distributed along the cell length from the inlet to

he outlet. The outputs are the parameters that reflect the efficiency

nd thermal behaviour of the cell but are difficult to measure during

n online operation, i.e. the generated heat and maximum temperature

radient along the cell length and membrane assembly directions. A

7,384 ×11 data matrix is split into two sets with a ratio of 0.8:0.2, the

ormer of which is used for DNN training and the latter for testing. The

poch and batch sizes are set to 8000 and 200, respectively. The training

ccuracy of the DNN model reaches 99.9%, which is sufficiently high for

urther prediction. 

Based on the trained DNN model, a GA was adopted for online opti-

isation, as shown in Fig. 1 . The key parameters of the GA are the num-

er of evaluated solutions in every iteration (population), the number

f iterations (generation), the frequency of merging feature (crossover

ate), the frequency of random changes (mutation), and the number of

olutions (tournament size), the values of which are 100, 100, 0.8, 0.2,

nd 4, respectively. 

. Results and discussion 

As the key performance parameters, the power density, energy ef-

ciency, and thermal behaviour are evaluated by studying the effects

f the operating conditions on the current density (at a given voltage),

eat generation, temperature distribution (including the channel area),

nd maximum temperature gradient. The flow rate and temperature at

he cathode inlet, and the flow rate at the anode, are the adjustable

perating parameters applied herein. The detailed operating conditions

escribed in Sections 3.1 –3.5 are listed in Tables 3–6 . 
.1. Effects of flow rate at cathode 

The flow rate at the cathode is found to significantly affect the tem-

erature distribution of the SOFC within the full range, as shown in

ig. 3 . At low flow rates ( < 100 SCCM), the increase in the flow rate

t the cathode improves the current density owing to the need for an

 2 supply during the electrochemical reactions. With a further increase

n the flow rate, more heat generated from the inner reactions is taken

way by the gas flow, resulting in a decrease in the reaction kinetics

nd heat generation, therefore decreasing the current density. With an

ncrease in the flow rate of the cathode from 105 to 495 SCCM, a more

niform temperature distribution is observed, where a 59.3% decrease

n the maximum temperature gradient is found (from 11.25 to 4.93 K

m 

− 1 ), with only a 3.4% and 2.0% decrease in the current density and

eat generation, respectively. 

.2. Effects of temperature at cathode inlet 

The gas temperature at the cathode inlet was found to significantly

ffect the current density, heat generation, and temperature distribution

f the SOFCs within the entire range, as shown in Fig. 4 . With a decrease

n the gas temperature of the cathode inlet from 970 to 770 K, the current

ensity, heat generation, and maximum temperature gradient in the cell

ength direction were found to decrease by 48.7% (from 2251 to 1155

 m 

− 2 ), 40.4% (from 1.05 to 0.63 W), and 73.2% (from 4.70 to 1.26 K

m 

− 1 ), respectively. However, the large temperature gradient along the

ell assembly direction should be noted under low-temperature condi-

ions, which may cause a cell failure. Moreover, the SOFC shows differ-

nt behaviours of the maximum temperature gradient at two regimes

ith an increase in the inlet gas temperature of the cathode. This be-

aviour is related with the change in area where the maximum temper-

ture gradient appears. Within the low inlet temperature regime of the

athode, the maximum temperature gradient appears in an area close

o the cathode inlet owing to the difference in the inlet gas tempera-

ures at the two electrodes. At high gas temperatures of the cathode

nlet, however, the maximum temperature gradient appears in the area

lose to the anode inlet owing to the significant heat generation from

lectrochemical reactions. 
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Fig. 4. Effects of the gas temperature of the cathode inlet on the SOFC performance. 
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.3. Effects of flow rate at anode 

The effects of the anode flow rate on the cell performance at dif-

erent inlet gas temperatures at the cathode are given in Fig. 5 . Larger

ncreases in the current density and heat are found at higher operat-

ng temperatures, where both the current density and heat increase by

1.8% at a high gas temperature (973 K) of the cathode inlet with the

node flow rate increasing from 12 to 20 SCCM. At a low temperature

773 K) of the cathode inlet, the increase in the current density and heat

eneration is only 20.6% and 23.2%, respectively. By contrast, the in-

rease in the anode gas flow rate has a larger effect on the maximum

emperature gradient at a lower gas temperature of the cathode inlet,

here the increases at inlet temperatures of 773 and 973 K are 23.0%

nd 7.2%, respectively. 

.4. Prediction of maximum temperature gradient 

The accuracy of the maximum temperature gradient predicted by the

NN model was evaluated by comparing it with the results of the MPS

odel at different gas flow rates of the cathode inlet. The relative er-

or ( Re ) is defined as Re = (DNN/MPS-1) ×100%. As shown in Fig. 6 , the

elative errors are within the ranges of − 1.22%–1.10%, − 1.56%–2.32%,

 2.24%–1.42%, and − 6.12%–0.05% with the gas flow rate at the cath-

de inlet being 200, 300, 400, and 500 SCCM, respectively. The abso-
ute average relative errors in these four groups are respectively 0.54%,

.05%, 1.00%, and 1.11%. The low relative error range and absolute

verage error value prove the precision of the DNN model in predicting

he maximum temperature gradient in the SOFC at different gas flow

ates of the cathode inlet. In addition, Fig. 6 shows the importance of

ncreasing the cathode flow rate in decreasing the maximum tempera-

ure gradient in the SOFCs. With the flow rate of the cathode increasing

rom 200 to 500 SCCM, the maximum temperature gradient decreases

rom 9.33 to 4.98 K mm 

− 1 (a 46.6% decrease) and from 6.40 to 1.43 K

m 

− 1 (a 77.7% decrease) at 973 and 773 K, respectively. 

.5. Prediction of heat generation 

Compared with the low errors when using the DNN model to pre-

ict the maximum temperature gradient, even lower errors are found

hen using the model to predict the heating generation in the SOFCs.

s shown in Fig. 7 , the relative errors are within the ranges of 0.36%–

.94%, − 0.61%–1.48%, − 0.88%–0.73%, and − 0.83%–2.75% with a gas

ow rate of the cathode inlet of 200, 300, 400, and 500 SCCM, re-

pectively. The absolute average relative errors in these four groups are

.92%, 0.47%, 0.44%, and 0.87%. The relative error ranges are lower

han 3.58% and the absolute average error is only 0.68%, proving the

recision of the DNN model in predicting the heat generation in the

OFCs at different gas flow rates of the cathode inlet. In addition, it was



H. Xu, J. Ma and P. Tan et al. Energy and AI 1 (2020) 100003 

Fig. 5. Effects of the gas flow rate of the anode inlet on the SOFC performance. 

Fig. 6. Comparison of the MPS and DNN models in the prediction of the maximum temperature gradient in SOFCs at different gas flow rates of the cathode inlet. 
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Fig. 7. Comparison of the MPS and DNN models in the prediction of the heat generation in SOFCs at different gas flow rates of the cathode inlet. 

Table 7 

Operating parameters for the optimisation using genetic algorithm. 

Parameter Value Unit 

Anode gas flow rate 10–20 SCCM 

Cathode gas flow rate 100–500 SCCM 

Anode gas composition H 2 (60%) + CO (25%) + CH 4 

(3%) + H 2 O (6%) + CO 2 (6%) 

Cathode gas composition Air (O 2 , 21% + N 2 , 79%) 

Anode inlet temperature 973 K 

Cathode inlet temperature 773–973 K 

Applied voltage 0.7 V 
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Fig. 8. (a) Calculation steps for the independent validation of the optimisation 

procedure using a genetic algorithm within the temperature gradient limitation 

and parameter range of the operating conditions, (b) optimised current density 

and cathode inlet temperature at the maximum power density target, and (c) 

the value of the heat and fuel efficiency under optimised operating conditions. 
ound that the heat generated is significantly decreased with a low gas

emperature and high gas flow rate of the cathode inlet. 

.6. Optimisation procedure using the genetic algorithm 

GA is the most popular type of evolutionary algorithm inspired by

iological evolution, and seeks a solution in the form of strings of binary

igits (representing chromosomes), which generate offspring through

election, crossover, and mutation. These candidates are evaluated using

 fitness function, where the iteration continues until the convergence

riterion is met. As a heuristic method, GA is suitable for optimisation

roblems provided a proper database is used. 

The optimisation procedure of the GA is conducted based on the

ell-trained DNN algorithm. The maximum output power density is set

s the target parameter for different gas flow rates of the anode (10–20

CCM). Meanwhile, the temperature gradient limitation is set to < 2 K

m 

− 1 considering the thermal safety, and the operating conditions of

he flow rate and gas temperature of the cathode inlet are set to lower

han 500 SCCM and 973 K, respectively. The operating conditions are

iven in Table 7 . 
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The validation of the calculation step independence of the GA for op-

imisation is shown in Fig. 8 a. The optimisation results after 100 steps

re adopted, where the convergence is achieved within 20 steps. Fig. 8 b

imulates the real-time change of the gas flow rate of the anode inlet

uring a practical operation, where the flow rate fluctuates between 10

nd 20 SCCM. As analysed previously, small fluctuations of the flow

ate at the anode cause a large change in the heat generation and a

emperature gradient, which decreases the efficiency and damages the

OFCs. With the optimisation of the GA, the gas temperature of the cath-

de inlet declines in accordance with the increase in the gas flow rate

f the anode inlet. As a result, the operating current density increases

o a higher level, and the temperature gradient is controlled within the

hreshold. Under the optimised operating conditions, the generated heat

nd related fuel efficiency, defined as 

f f iciency = 

Elect ricit y 
Elect ricit y + Heat 

, (19)

hange with an increase in the gas flow rate of the anode, as shown

n Fig. 8 c. An increase in the heat generation is observed from 0.85 to

.03 W with the flow rate of the anode increasing from 10 to 20 SCCM.

ompared with a 21% increase in the heat generation, the decrease in ef-

ciency is only 1.8% owing to the 12% increase in electricity generation.

he fuel efficiency remains at above 65% under the studied operating

onditions, showing the advantage of the optimisation algorithm. 

. Conclusion 

A hybrid method combining an MPS and deep learning was devel-

ped to predict the key characteristics of SOFCs operating with a com-

lex fuel composition. The DNN algorithm was trained using a dataset

enerated from the verified MPS model, in which the electrochemical re-

ctions, chemical reactions, mass/momentum transport (CFD), and heat

ransfer were fully considered. The maximum temperature gradient and

eat generation in the SOFCs were predicted using the trained DNN

lgorithm under different operating conditions, including the current

ensity, inlet gas flow rate, and inlet gas temperature. The preliminary

imulation results show the high accuracy of a DNN prediction, where

he absolute average relative errors in predicting the average maximum

emperature gradient and heat generation are only 0.975% and 0.68%,

espectively. 

To achieve a closed cycle from detection to analysis and optimi-

ation, the real-time fluctuations of the gas flow rate at the anode in-

et were simulated. Through a GA optimisation, the maximum-output-

ower-density target was achieved at different gas flow rates of the an-

de by analysing the combination of different operating parameters. The

aximum temperature gradient of the cell was set as the threshold to

nsure the safe operation of the SOFCs under different operating con-

itions. Finally, a high fuel efficiency ( > 65%) was maintained through

he optimisation procedure. 

The combination of an MPS, a DNN, and a GA provides a promis-

ng solution for model-based control systems for precisely and quickly

nalysing the performances of SOFCs and other non-linear systems. Cur-

ently, the deep learning algorithm trained in this study is based only

n simulation data under stationary operating conditions. Further train-

ng with more experimental data on the algorithm is needed for a wider

pplication under dynamic operating conditions. 

ode availability 

The Keras package is available from [32] . The code for the DNN

raining, prediction, and GA optimisation are available at https://

ithub.com/Ma- Jingbo/MPS- AI- Haoran- Xu . 
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