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Summary
This article shows the teaching processes of artificial neural networks that
are used to model the molten carbonate fuel cell (MCFC). Researchers model
MCFCs to address a variety of issues across a range of complexities, from simply
gauging the effect of temperature through to a complete model with 14 input
parameters. The architecture of the model is a triple layer network with one
hidden layer containing three neurons. The activation function used for the
hidden layer was a hyperbolic tangent, with the last layer being based on linear function. We produced various network configurations, mostly networks
containing one hidden layer. Models map the work of a real fuel cell with an
average error in the range of 2.4% to 4.6%. The model we created guided the
optimization of the thermal-flow and construction parameters of the MCFC.
Commercially available software was used to build the model and optimize the
operating parameters. The selected objective functions were the efficiency of
electricity production and the power density obtained from the cell's surface.
The results obtained serve as pointers for possible changes in fuel cell operation
and could lead to some structural changes being made.
K E Y WO R D S
artificial neural networks, fuel cells, molten carbonate fuel cells, mathematical modeling
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1.1

I N T RO DU CT ION
The novelty of the work

Artificial neural networks (ANNs) are particularly useful in the absence of close physical dependencies—where
classical behavioral equations encounter difficulties in
describing the process—opening up the possibility of constructing an accurate model based on experimental and
test data. The use of ANN as a fuel cell model brings with
it a number of benefits, including very fast calculation process, very good consistency of results with experimental
data, possibility of adapting the model to new data, and
Int J Energy Res. 2019;1–22.

ability to accurately model nonlinear processes with high
complexity.
The ANN-based model is a black box model that generates a response immediately after it receives the input
data configuration. The model can be taught how the modeled object behaves on the basis of experimental data and
has the ability to generalize results in terms of interpolation and extrapolation without knowing any physical
dependencies.
Several papers report on the use of ANNs for various purposes pertaining to fuel cell technology (see Section 1.2).
Three in particular deal with molten carbonate fuel cells
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(MCFCs)1-3 while others are based on experimental data
taken from the literature. In this paper, we use ANNs to
simulate the behavior of MCFCs, basing the training process on our own experimental data, which makes the work
unique.
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1.2

The state of the art

Researchers have published papers on a large number
of mathematical models of MCFCs.4-15 An MCFC model
should factor in electrochemistry, heat, mass, and charge
transfer processes. The MCFC models found in the literature contain mathematical descriptions of the processes
mentioned above. They are influenced by, among others, the types of materials used, structure of particular
cell layers, thickness of these layers, their conductivity,
cell temperature, and composition of the inlet gases to
the cell. Most MCFC models are based on the Nernst
equation and include losses of activation, concentration,
and ohmic losses or losses on the anode, electrolyte, and
cathode.4,6,8,10,15 There are also molten carbonate fuel cell
models based on other assumptions, eg, reduced order
model,12,13 kinetic model,14 and model using ANNs.1-3
This paper presents a number of mathematical models
based on ANNs to predict MCFC performance, though it
also draws on knowledge gained from the use of ANNs in
modeling a whole range of other devices.
Arriagada et al16 present an assessment of the performance of the solid oxide fuel cell (SOFC) based on ANN.
A one-way, multilayer ANN was used for this purpose.
Sigmoid functions were used as functions of neuron activation. The back error propagation method was used to teach
the network. The ANN was taught on a limited amount
of data generated by a verified fuel cell model. This network predicts the following cell operating parameters: gas
flow, cell operating voltage, current density, among others.
The average error of the results was less than 1%, while the
maximum error was below 4%.
Qi et al2 and Shen et al1 used a radial basis functions
model (RBF) for modeling the MCFC fuel cell. The network consisted of an input layer, a nonlinear hidden layer
(64 neurons), and an output layer with a linear activation
function. The ANN was used to predict the temperature of
the anode medium and the cathode center of the MCFC
cell. The maximum prediction error for these temperatures
was less than 3◦ C, and the network learning method was
back error propagation.
Tian and Zou3 presents an MCFC fuel cell model based
on ANN, and a control system based on this model was
built. The type of ANN used was the internal recurrent
neural network (IRN), with the structure 7-5-2. The sigmoid function was used to activate neurons. The network
inputs were temperature, pressure and fuel flows, oxidant

at the inlet, and average stack temperature. Electrical voltage, current intensity, and internal resistance of the stack
were obtained at the network outputs. The reverse error
propagation method was used to teach the network.
Entchev and Yang17 used a technique called adaptive
neuro-fuzzy inference system (ANFIS) together with an
ANN to predict the 5-kWel performance of an SOFC fuel
cell operating in cogeneration. For learning purposes the
model of the ANN used Levenberg-Marquart–based back
error propagation, while the ANFIS system used least
squares combined with the method of retrograde error
propagation with decreasing gradient. The ANN in the
8-10-2 system consisted of eight inputs (fuel flow to the
stack, stack temperature, air flow to the stack, air temperature at the stack inlet, fuel flow to the burner, combustion
temperature in the burner, air flow to the burner, and
air temperature at the inlet to the burner), one hidden
layer, and two outputs (current and electrical voltage of
the stack). For the ANN, hyperbolic tangent and a linear
function were used as functions of neuron activation in
the hidden and initial layers. A set of 21 000 measurement
points was used to teach the ANN and ANFIS, and a set of
53 000 points was used to test them.
The results were evaluated using two parameters: average square error (root mean square error [RMSE]) and
average relative error (mean relative error [MRE]).
The cogeneration system models presented by Entchev
and Yang had an average relative error of less than 2% for
all output parameters.17
Milewski et al reported on issues with SOFC fuel cell
modeling using ANNs.18-24 Here, they used a one-way,
three-tier ANN in a 9-3-1 configuration. Activation functions were hyperbolic tangent in the hidden layer and
linear function in the initial layer. The learning method
was retrograde propagation of errors. Grid inputs were
given: current density, oxygen flow density at the inlet to
the cathode (mL/min/cm2 ), nitrogen flow rate at the inlet
to the cathode, the density of hydrogen flow at the inlet
to the anode, helium flow density at the inlet to anodes,
anode thickness, anode porosity, electrolyte thickness, and
electrolyte temperature. The prediction error in this case
ranged from 0.09% (for the network factoring in exclusively
anode porosity) to 6.2% (for modeling the impact of all nine
parameters listed above), and selected network structures
were tested on data other than those used for learning.
Chavez et al25 built a model of a 5 kW, commercially
available proton-exchange membrane fuel cell (PEMFC)
using a multilayer neural network (multilayer perceptron
[MLP]). The network consisted of seven inputs, two hidden layers, and one output (arrangement 7-6-10-1). Activation functions were logistic function for hidden layers
and hyperbolic tangent for the output layer. Grid inputs
were current intensity, air mass flow, hydrogen mass flow,
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nitrogen mass flow, water temperature supplied to the
cathode, temperature at the inlet to the anode, and total
water temperature. The output of the stack was obtained at
the output. Levenberg-Marquardt–based retrograde error
propagation taught the network (to accelerate the process).
The average error for this network model was 2.43%.
Chavez-Ramirez et al26 continued this topic using an ANN
to build the model of a 5 kW, commercially available
PEMFC. The network (7-6-10-2 arrangement) had seven
inputs (current intensity, mass air flow, hydrogen mass
flow, nitrogen mass flow, temperature of water supplied to
the cathode, temperature at the inlet to the anode, and temperature of water through which hydrogen was passed in
order to moisten it), two hidden layers, and two exits (stack
voltage and temperature at the cathode outlet). The activation functions, learning method, and network description
were the same as used by Chavez et al.25 The prediction
error for this model was 9.4% and 5.6% for the stack voltage
and the cathode outlet temperature, respectively.
Bhagavatula et al27 conducted research on the use of
ANNs to predict the performance of a single PEMFC. Two
sets of polarizing data obtained at different temperatures
and flow rates were used to teach the network. At the
inputs of a unidirectional neural network, cell temperature, humidification temperature, flow ratio H2/air, and
current density were given, while the cell voltage was given
at the output. Teaching was provided by a one-way neural
network and error back-propagation . This article presents
sample sets of test data and simulation data using an ANN,
but prediction error was not calculated with this network.
Bozorgmehri and Hamedi28 used an ANN and genetic
algorithm (GA) to model and optimize the parameters of
a single medium-temperature fuel cell SOFC (IT-SOFC).
The ANN model was based on a one-way network, which
uses Levenberg-Marquardt–based retrograde error propagation. As a function of neuron activation in the hidden
layer, hyperbolic tangent is used and in the initial layer: linear function. Grid inputs were given current density, anode
support layer thickness, anode porosity, electrolyte thickness, cathode layer thickness, and operating temperature,
while cell voltage was obtained on the output side. The
optimized parameters were anode thickness, anode porosity, electrolyte thickness, and cathode thickness. These
parameters were determined using the GA for various
conditions.
Wu and Jhao29 present the Hammerstein model based
on the wavelet network to simulate direct internal reforming molten carbonate fuel cell (DIR-MCFC). This model
consisted of a wavelet-neuron block and a linear dynamic
block. A multidimensional fakle function was used as a
function of activation for neurons in the ANN. To teach
the network, gradient methods with continuous learning and the Levenberg-Marquardt algorithm were used to

3

accelerate iterations. Unfortunately, the cited article does
not show the prediction error with this method.
Pajaei et al30 present the use of an ANN to predict performance of direct methanol fuel cell (DMFC). To optimize
the amount of neurons in the hidden layer, a graph was
made of the mean relative deviation as a function of the
number of neurons. The best configuration achieved was
5-6-2. The mean relative deviation (relative average deviation [RAD]) of the prediction on the data used for learning
and for the test data was 2.95 and 3.4%, respectively.
Tafazoli et al31 describes the use of ANN to predict the
performance of a DMFC. The parameters given to the grid
inputs took into account the geometrical properties of the
cell and operational conditions such as cell temperature,
oxygen flow, channel depth in the bipolar plate, methanol
concentration, cathodic backpressure, and current density,
while cell voltage was obtained at the outlet. Two types of
ANNs were selected. They were tested in terms of the number of neurons, the number of layers and the function of
neuron activation.
Amirinejad et al32 present a model of a PEMFC based
on a multilayer ANN-type MLP , radial basis (RBF), and
ANFIS. For comparative purposes, these models were
taught and tested on the same sets of data. The cell inputs
were cell temperature, inlet gas temperature, current density, and percentage of inorganic additive. The cell voltage
was obtained at the output. A sigmoidal unipolar function
(Log-sigmoid) was used as a function of neuron activation.
The Levenberg-Marquardt method was used to teach the
network.
Pourrahmani et al33 describe the use of ANN to determine the influence of parameters on the Nusselt number.
The model input parameters were the gas flow channel
porous layer's permeability, porosity, and thickness. The
model based on six neurons with three layers were used
for training with the feed-forward Levenberg-Marquardt
algorithm. The authors showed that the gas flow channel
porous layer's permeability has a direct relationship with
the Nu number.
Pourrahmani et al34 present an ANN model to perform
a sensitivity analysis and optimization for enhancing the
convective heat transfer coefficient in PEMFCs at low current densities. The proposed model was trained with five
neurons by the Levenberg-Marquardt method. Since the
round squared error for the simulated data was approximately 0.9, the ANN was deemed verified and reliable.
Variant analysis of many neural networks was performed as follows. For selected learning data, a network
was built with a minimum number of neurons and a minimum number of layers. Then the learning process was
continued until the error between the network responses
and experimental data stopped decreasing. The number of
neurons and/or layers was then increased, and the entire

4
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procedure was repeated from the beginning. This way, a
number of network variants were obtained for each set of
learning data.
For each data set the optimal configuration was selected
from among the generated and learned network variants.
Optimization processes were performed for cell operation
parameters for this purpose. The optimal configuration
was deemed to be the network variant which had the
smallest possible medium error in relation to the number
of neurons used and which gave physical values during
optimization.
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T H EO RY

ANNs can be very effective as computational tools in solving tasks that typical computers and typical programs cannot cope with. In ANNs, calculations are performed in
parallel, so the speed of ANN operation can significantly
exceed the speed of sequential calculations. Using ANN, it
is possible to obtain a solution to the problem, omitting the
stage of constructing an algorithm to solve the problem.
Networks do not have to be programmed: using existing

methods of learning and self-learning, they achieve their
purposeful and effective action even in a situation where
we do not have knowledge about the algorithm of the
problem that is being solved. The network always acts as a
whole, and its individual elements contribute to the implementation of all activities that the network carries out. One
of the consequences of the network operating in this way is
its ability to function properly, even after damage to parts
of its components. ANNs have the ability to generalize
acquired knowledge, which means that the network learns
to provide a correct answer to similar but not identical
entries.
ANNs do not work in situations where there is a
need for clear and precise results—in the case of various complicated calculations, servicing bank accounts,
etc. ANNs can be used in situations where multistage
reasoning is required to solve a problem. The network
solves the problem in one step: even if there are any intermediate conclusions during this process, they cannot be
observed.
A network with inappropriate configuration will be
unable to learn the appropriate correlation. This may arise
through an overly complex or overly simple configuration.

FIGURE 1 One-way multilayer artificial neural network (ANN) (source: Milewski et al18-24 ) [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 2 Multilayer perceptron (MLP) neural network diagram by Chavez et al25

MILEWSKI ET AL.
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In addition to adequately reflect the data used to teach
the network, the network also requires appropriate generalization of results, so that it can respond correctly to data
it has never “seen” before.
The ANN is made of layers through which information
is processed successively. Neurons included in the adjacent
layers are interconnected (Figures 1 to 4).
Each connection has its own weight (multiplier) wk,i,j ,
which is changed in the network learning process. A single neuron (Figure 5) consists of a summation part (sk,i )
and a part processing the sum result using the activation
function (2), which results in exit from the neuron (yk,i ).

5

In the summation part, information obtained from the
neurons of the previous layer plus the bias (signal with the
value of 1 multiplied by its weight [wk,i,0 ]) are added to each
other. In the models discussed in this article, the activation
functions (Figure 6) are hyperbolic tangent (for hidden layers) and a linear function (for the output layer) and error
back-propagation was used to teach the network.
∑

Nk−1

sk,i =

wk,i,𝑗 · xk,𝑗

(1)

𝑗=0

( )
𝑦k,i = 𝑓 sk,i

(2)

FIGURE 3 Block diagram of an artificial neural network (ANN) for modeling the proton-exchange membrane fuel cell (PEMFC) (source:
Chavez et al25 )

FIGURE 4 Structure of the artificial neural network (ANN) used by Bozorgmehri and Hamedi28 to model the IT-SOFC [Colour figure can
be viewed at wileyonlinelibrary.com]
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FIGURE 5 A, Neuron scheme with B, its mathematical equivalent38 [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 6 Hyperbolic tangent A, and linear B, functions38

𝜖L,i = dL,i − 𝑦L,i

𝛿k,i
𝜖k,i =

( )
𝜕𝑓 sk,i
= 𝜖k,i · ( )
𝜕 sk,i

∑Nk+1
m=1

for

𝛿k+1,m · wk+1,m,i
k = 1, 2, … , L − 1

)
(
n
n
n−1
=
w
+
2
·
𝜂
·
𝛿
·
x
+
𝛼
·
w
−
w
wn+1
k,i
k,𝑗
k,i,𝑗
k,i,𝑗
k,i,𝑗
k,i,𝑗

(3)

(4)

(5)

(6)

The network learning process consists in minimizing the
sum of error squares35 :
1 ∑∑ 2
e .
2 p=1 m=1 p,m
P

E (x, w) =

M

(7)

A commercially available tool—MATLAB—was used
to calculate neural networks.38 The Levenberg-Marquardt
algorithm was used to speed up the learning process.35,38
This process is described by the following equation:
(
)−1
wk+1 = wk − JkT Jk + 𝜇I Jk · ek .

(8)

The Jacobi matrix for the ANN is described by the following relationship35 :

⎡ 𝜕e1,1 𝜕e1,1 …
⎢ 𝜕w1 𝜕w2
⎢ 𝜕e1,2 𝜕e1,2 …
⎢ 𝜕w1 𝜕w2
⎢ … … …
⎢ 𝜕e1,M 𝜕e1,M
⎢ 𝜕w 𝜕w …
2
⎢ 1
J=⎢ … … …
⎢ 𝜕ep,1 𝜕ep,1 …
⎢ 𝜕w1 𝜕w2
⎢ 𝜕ep,2 𝜕ep,2
⎢ 𝜕w1 𝜕w2 …
⎢ … … …
⎢ 𝜕e
𝜕e
⎢ p,M p,M …
⎣ 𝜕w1 𝜕w2

⎤
⎥
⎥
𝜕wN ⎥
... ⎥
𝜕e1,M ⎥
⎥
𝜕wN
⎥
... ⎥ .
𝜕ep,1 ⎥
𝜕wN ⎥
𝜕ep,2 ⎥
𝜕wN ⎥
... ⎥
⎥
𝜕ep,M
⎥
𝜕wN ⎦
𝜕e1,1
𝜕wN
𝜕e1,2

(9)

Overfitting is a negative phenomenon that can arise during network learning. It means overtraining the network,
ie, so that it very closely corresponds to the teaching model
but cannot generalize the results. The consequence of overfitting is that the ANN generates results with significant
errors for data that deviate (sometimes even slightly) from
the pattern. In essence, the network somehow learned by
heart the specific experimental data and cannot generalize
relationships between them. To avoid this phenomenon,
the network structure is kept as simple as possible, so
that the number of layers and neurons used does not
allow the network to overtrain. Another way to avoid overtraining the network is to use an algorithm to generalize
the results during the teaching process. For this purpose,
the automatic Bayesian regulation of training parameters
was used.

MILEWSKI ET AL.
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The weights of an ANN can be considered as random
variables. Using this assumption, the density function of
weights can be determined by the Bayesian theorem:
P (w|D, 𝛼, 𝛽, M) =

P (D|w, 𝛽, M) P (w|𝛼, M)
.
P (D|𝛼, 𝛽, M)

3.1
(10)

A detailed description of this procedure was described
by Foresee and Hagan.36
It is crucial to let the Levenberg-Marquardt algorithm
work until the effective number of parameters reaches convergence. The training will be stopped by the message
“Maximum MU reached.” This mathematical description
of the ANN can be found in Szabłowski et al,37 while a
detailed explanation of the learning algorithm parameters
is contained in MATLAB User's Guide.38
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of hyperbolic tangent. Linear function was assumed as a
function of activation in the last layer of neurons.

3 CO NSTRUCTION OF SELECTED
VA RIANTS O F ANN-BASED MODELS
O F M C FC
Construction of a network model starts with defining the
input and output parameters. Using an ANN-based model
gives some latitude regarding the selection of dependent
and independent variables of the model.
In the phenomenological approach, the main target is
the value of the voltage generated by the cell in the function of process variables:

Influence of temperature

When the cell works in constant flow parameters, the focus
is on temperature change alone, eg, during start-up or
shutdown procedures (Figure 7).
The model in this variant has two input parameters:
operating temperature, K; current density, A/cm2 ; and one
output parameter: fuel cell voltage—check Figure 8. The
ANN variant structured as in Figure 8 was built using
MatLab software.38

3.2

Effect of fuel composition

The most common oxidant for fuel cells is air supplied
from the outside with added CO2 . In this case, the changes
on the oxidant side can be deemed minimal and the focus
should be on examining the effect of fuel composition
from various angles, eg, steam distribution of methane and
partial methane oxidation (Figure 9).
The model in this variant has six input parameters: i, A/cm2 ; H2a , mL/min/cm2 ; H2 Oa , mL/min/cm2 ;

EMCFC = 𝑓 (i, T, ...),
because it corresponds to the physics of the phenomenon
(we directly affect the amount of electricity consumed).
Therefore, this structure was retained here as well, which
means that cell voltage will be the output parameter of
the model and the other parameters will be the input
parameters.
The number of input parameters is determined by the
purpose for which the model is to be used. In practice, it is
possible to enter all process variables as input parameters,
as they are available based on experimental tests.
However, it is not always done that way, since, for
example, to define the cell's working parameters in model
predicted control (MPC) applications, there is no need
to model the effect of construction parameters, such as
electrolyte thickness.
Therefore, more variants will be built based on the
potential application of the model, from the simplest to the
most complex ones.
The number of neurons in the hidden layer will be
selected during the teaching process. For neurons in this
layer, it was initially assumed as a function of activation

FIGURE 7 General structure of the model based on artificial
neural network (ANN) for a molten carbonate fuel cell

FIGURE 8 Model structure based on artificial neural network
(ANN) for molten carbonate fuel cell (MCFC) for modeling the
impact of temperature

FIGURE 9 Block diagram of an artificial neural network (ANN)
model for modeling the influence of temperature on the
performance of a molten carbonate fuel cell (MCFC) [Colour figure
can be viewed at wileyonlinelibrary.com]
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FIGURE 10 Structure of the artificial neural network
(ANN)–based model for modeling the impact of composition and
amount of fuel on the performance of a molten carbonate fuel cell
(MCFC)

N2,a ,
mL/min/cm2 ;
COa ,
mL/min/cm2 ;
CO2,a ,
2
mL/min/cm ; and one output parameter: EMCFC —see
Figure 10.
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3.3

Effect of oxidant composition

On the other hand, carbonate fuel cells can be used to separate CO2 from flue gas. In this case, the flue gas stream is
fed to the cathodic flow and its composition and amount
may vary when supplying the cell with hydrogen; here, the
focus is on changes occurring only on the cathodic side
(Figure 11).
The model in this variant has five input parameters: current density, A/cm2 ; O2,c , mL/min/cm2 ; N2,c ,
mL/min/cm2 ; CO2,c , mL/min/cm2 ; H2 Oc , mL/min/cm2 ;
and one output parameter: EMCFC —see Figure 12.

temperature and flow parameters on both sides of the cell
(Figure 13).
The model in this variant has 11 input parameters:
i, A/cm2 ; T, K; H2a , mL/min/cm2 ; H2 Oa , mL/min/cm2 ;
mL/min/cm2 ;
COa ,
mL/min/cm2 ;
CO2,a ,
N2,a ,
2
mL/min/cm ; O2,c , mL/min/cm2 ; N2,c , mL/min/cm2 ;
CO2,c , mL/min/cm2 ; H2 Oc , mL/min/cm2 ; and one output
parameter: EMCFC —see Figure 14.

3.5

Impact of construction parameters

Modeling the impact of construction parameters is not
as crucial as the thermal-flow problems, because the cell
structure remains unchanged during operation, omitting
of course the degradation processes. On the other hand,
it is more difficult to obtain consistent experimental data
for construction parameters, so that the right model will
be very helpful in the process of design selection without
the need to conduct a large number of tests for different
construction solutions. In other words, a change in the
composition of gases fed to the cell can be experimentally
tested in a relatively simple manner, whereas changing, for
example, the thickness of the electrolyte requires the construction of an appropriate number of new fuel cells. The
following construction parameters are taken into account:
thickness of the anode layer, mm; thickness of the cathode
layer, mm; electrolyte thickness, mm; electrolyte material;

3.4 Impact of thermal and flow
parameters
The more general of the two models considered previously
concerns the situation when we model changes in both
FIGURE 13 Block diagram of an artificial neural network (ANN)
model for modeling the impact of an oxidant stream on the
performance of a molten carbonate fuel cell (MCFC) [Colour figure
can be viewed at wileyonlinelibrary.com]

FIGURE 11 Block diagram of an artificial neural network (ANN)
model for modeling the impact of a fuel stream on the performance
of a carbonate fuel cell [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 12 Structure of the artificial neural network
(ANN)–based model for modeling the impact of composition and
amount of fuel on molten carbonate fuel cell (MCFC) performance

FIGURE 14 Structure of the artificial neural network
(ANN)–based model for modeling the influence of thermal and
flow parameters on the performance of a molten carbonate
fuel cell (MCFC)

MILEWSKI ET AL.
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porosity of the electrolyte matrix; porosity of the anode
layer; porosity of the cathode layer; the material of the
anode layer; and the material of the cathode layer.
Among the listed construction parameters, we have only
adequate experimental data (1-3). The influence of the
electrolyte material can be tested using a hybrid model,
based in part on known dependencies for the processes
that occur here (electrolyte conductivity as a function of
temperature for different materials). The influence of the
porosity of the electrolyte, anodic, and cathodic layers cannot be modeled at this stage due to the lack of both experimental data and appropriate functional relationships. Also
lacking is data on the impact of anode and cathode layer
materials. Considering the above, the model will contain
only those parameters for which we have an appropriate
set of experimental data (Figure 15).
The model in this variant has four input parameters: i,
A/cm2 ; 𝛿 a , mm; 𝛿 e , mm; 𝛿 c , mm; and one output parameter: EMCFC —see Figure 16.

9

4 EXPERIMENTAL
INVESTIGATIONS
Experimental data used for the teaching processes of
ANNs were obtained from experimental studies conducted
on single carbonate fuel cells with different surfaces: 20.5

FIGURE 17 Block diagram of an artificial neural network (ANN)
model for modeling the impact of construction parameters and all
possible parameters on the performance of a molten carbonate fuel
cell (MCFC) [Colour figure can be viewed at wileyonlinelibrary.com]

3.6 Influence of thermal-flow
and construction parameters
All variants analyzed earlier can be subsumed into
one model, taking into account the influence of both
thermal-flow and construction parameters (Figure 17).
Fourteen internal parameters were selected: i, A/cm2 ;
T, K; H2a , mL/min/cm2 ; H2 Oa , mL/min/cm2 ; N2,a ,
mL/min/cm2 ; COa , mL/min/cm2 ; CO2,a , mL/min/cm2 ;
𝛿 a , mm; 𝛿 e , mm; 𝛿 c , mm; O2,c , mL/min/cm2 ; N2,c ,
mL/min/cm2 ; CO2,c , mL/min/cm2 ; H2 Oc , mL/min/cm2 ;
and one output parameter: EMCFC —see Figure 18.
FIGURE 18 Structure of an artificial neural network
(ANN)–based model to model the impact of all possible parameters
on the performance of a molten carbonate fuel cell (MCFC)

FIGURE 15 Block diagram of an artificial neural network (ANN)
model for modeling the influence of thermal and flow parameters
on the performance of a molten carbonate fuel cell (MCFC) [Colour
figure can be viewed at wileyonlinelibrary.com]

FIGURE 16 Structure of an artificial neural network
(ANN)–based model for modeling the impact of construction
parameters on the performance of a molten carbonate fuel cell
(MCFC)

FIGURE 19 Fuel cell with an active area of 100 cm2 used in
experiments [Colour figure can be viewed at wileyonlinelibrary.com]
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were conducted in the fully automated experimental
station shown in Figure 20.
In the research stand owned by the Warsaw University
of Technology, all components of the cell during operation
are compressed by means of a pneumatic piston inside,
which can be used to set overpressure from 0 to 6 bar.
The working temperature of the cell was controlled by
software on a PC computer, which based on measurements
using thermocouples controlled the work of patron heaters
forming part of the laboratory stand. The maximum safe
working temperature of these heaters is 800◦ C.
The software controlling the work of the entire laboratory stand was created in the LabVIEW environment. The
cell voltage was measured using appropriate devices and
transducers (National Instruments). The resistance of the
cell was measured using a HIOKI 3560 AC mΩ HiTESTER
ohmmeter (four-point measurement with frequency of
1 kHz), whose accuracy is within ±0.7% assuming the
device is more than 1-year old, and the sampling rate was
TABLE 1 Ranges of parameters used during learning models
based on ANNs
Anode

FIGURE 20 Experimental station for testing molten carbonate
fuel cells (MCFCs) [Colour figure can be viewed at
wileyonlinelibrary.com]
2

and 100 cm (see Figure 19). The cells used for the tests
were made of a porous (55%) anode layer of nickel (Ni)
0.76-mm thick; a porous (60%) cathode (60%) of 0.7-mm
nickel oxide and a matrix soaked in electrolyte-lithium and
potassium carbonates—(Li2 CO3 )0.62 (K2 CO3 )0.38 —(three
layers of 0.3 mm each) with a total thickness of 0.9 mm.
The fuel cell was placed between two collectors made of
stainless steel, supplying working gases and receiving an
electric charge from the cell's surface. The experiments

FIGURE 21 All experimental points used to learn artificial
neural networks (ANNs) [Colour figure can be viewed at
wileyonlinelibrary.com]

◦

Temperature, C

Electrolyte

Cathode

550-650

H2 , mL/min/cm2

0.22-4.41

–

H2 O, mL/min/cm2

0.051-1.24

0–5

0-1.38

0.49-29

N2 ,

mL/min/cm2

CO2 , mL/min/cm2

0.06-1.1

0.27-14.2

O2 , mL/min/cm2

–

0.13-5.25

Thickness, mm

0.7-1.52

Porosity, %

55-60

0.6–0.9

0.7-1.4
55-60

Abbreviation: ANN, artificial neural network.

FIGURE 22 Results of the teaching process for the molten
carbonate fuel cell (MCFC) model based on artificial neural
network (ANN) with a structure of 15-4-1 [Colour figure can be
viewed at wileyonlinelibrary.com]

MILEWSKI ET AL.

slow or medium. The gas compositions fed into the cell
were regulated by means of several digital flow meters
(Brooks 5850E Digital Mass Flow Controllers). According
to manual measurements, the accuracy of flow meters
ranges between ±1% at full-scale flow. Flow controllers
were calibrated regularly. Harvesting of electricity from the
cell was carried out using a “direct current source” (SAE
Electronic Conversion SRL). Typical error of this kind
of device (with high current load generation) is around
±0.1%. Thus, the total accuracy of the devices applied lies
in the range: ±1.8%.
The results of research conducted during 2 years during implementation of another research project were used
to teach ANNs (Figure 21).39 In total, over 1200 different
experimental points were used in the ranges presented in
Table 1.
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15-4-1 was the structure with the fewest neurons, giving a physical result during optimization with a relatively
small error (2.0%).
The results of the teaching process of the MCFC model
of a fuel cell based on ANN with the structure of 15-4-1
are shown in Figure 22. All points generated by the model
correspond to the experimental data (Figure 23).

5.1

Operational temperature

The results of the teaching process of the MCFC model
based on the ANN with the structure 2-2-1 are shown in

TRAINING PROCESSES

An ANN-based model can be built that takes into
account a number of parameters. From previous research
experience, 15 internal parameters were selected. The
selected parameters were current density, temperature,
flow parameters (composition of gases fed to the anode:
hydrogen, water vapor, nitrogen, carbon dioxide; composition of gases fed to the cathode: oxygen, nitrogen, carbon
dioxide, steam), construction parameters (anode: thickness, porosity; cathode: thickness, porosity; thickness of
the electrolyte layer).

FIGURE 24 Results of the teaching process for a molten
carbonate fuel cell (MCFC) model based on artificial neural
network (ANN) with structure 2-2-1 [Colour figure can be
viewed at wileyonlinelibrary.com]

FIGURE 23 Teaching process for the molten carbonate fuel cell (MCFC) model based on artificial neural network (ANN) with the
structure of 15-4-1 [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 25 Teaching process of a molten carbonate fuel cell (MCFC) model based on artificial neural network (ANN) with structure 2-2-1
[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 26 Results of the process of testing a molten carbonate
fuel cell (MCFC) model based on artificial neural network (ANN)
with structure 2-2-1 [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 27 Results of the teaching process of a molten
carbonate fuel cell (MCFC) model based on artificial neural
network (ANN) with structure 10-4-1 [Colour figure can be viewed
at wileyonlinelibrary.com]

Figure 24. All points generated by the model correspond to
the experimental data.
The teaching process of the MCFC model based on
the ANN with the structure 2-2-1 is shown in Figure 25.
The network learning process closed in fewer than 120
iterations.
The influence of cell operating temperature on the
current-voltage characteristics can be described using the
2-2-1 network. The network has two inputs (current density and operating temperature) and one output (cell volt-

age). The results of the teaching process and test data are
shown in Figure 26. With two neurons in the hidden layer,
the network generates results with a level error of 2.4%.
The influence of cell operating temperature on
current-voltage characteristics can be described using
the 2-2-1 network structure. This network has two input
parameters (current density and operating temperature)
and one output parameter (cell voltage). The learning process results and test data are presented in Figure 40. With

MILEWSKI ET AL.

two neurons in the hidden layer, the network produces
results with an error of 2.4%.
The model was tested for three different temperatures,
which were not taken into account during the learning
process: 450◦ C, 500◦ C, and 700◦ C. The quality of the
results obtained was satisfactory.
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5.2

Thermal-flow parameters

Thermal-flow parameters can change during the operation
of fuel cells, so it is highly desirable to have a model that
includes them. The experimental data collected allows us
to take into account the following parameters: current density, temperature, the composition of gases fed to the anode
(hydrogen, steam, nitrogen, and carbon dioxide), and composition of gases fed to the cathode (oxygen, nitrogen,
carbon dioxide, and steam).
In total, it gives 10 input parameters, with one output parameter (cell voltage). The optimal variant of the
network is 10-4-1, which gives results with an error of 4.3%.
The results of the teaching process of the MCFC model
based on the ANN with the structure 10-4-1 are shown in
Figure 27. All points generated by the model correspond to
the experimental data.
The course of teaching the MCFC model based on ANN
with a structure of 10-4-1 is shown in Figure 25. The
network learning process lasted almost 1400 iterations.
Thermal and flow parameters can change during the
operation of a fuel cell, so it is highly desirable to have a
model that factors them in. Experimental data enables us

13

to take into account the following parameters: current density, temperature, composition of anode gases (hydrogen,
steam, nitrogen, and carbon dioxide), and composition of
gases fed to the cathode (oxygen, nitrogen, carbon dioxide,
and steam).
Altogether, there are 10 input parameters and one output parameter (cell voltage). The optimal variant of the
network is 10-4-1, which allows us to obtain results with
an error of 4.3% (Figure 28).

FIGURE 29 Results of the teaching process of a molten
carbonate fuel cell (MCFC) model based on artificial neural
network (ANN) with structure 6-2-1 [Colour figure can be viewed
at wileyonlinelibrary.com]

FIGURE 28 Teaching process of a molten carbonate fuel cell (MCFC) model based on artificial neural network (ANN) with structure
10-4-1 [Colour figure can be viewed at wileyonlinelibrary.com]
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The model was tested for physical and nonphysical
values of input parameters. For good operation, MCFC
requires three gases: oxygen and carbon dioxide on the
cathode side and hydrogen on the anode side. Other gases
either reduce fuel cell performance or do not impact operation of the fuel cell.
Figure 41 presents the results of model simulation for
different hydrogen flows on the anode side (relative to
the nominal point [RP]). Streams of two to four times
smaller/bigger volumes relative to the nominal point were
analyzed.
In the qualitative assessment, the network accurately
reflects fuel cell operation for various flows (and shares) of
hydrogen on the anode side. Figure 42 presents the results
of model simulation for different steam flows on the anode
side (RP). Streams of two to four times smaller/bigger volumes relative to the nominal point were analyzed. In the
qualitative assessment, the network practically does not
model the influence of water vapor on fuel cell operation
(Figure 29).
Figure 43 presents the results of model simulation for
different carbon dioxide flows on the anode side (RP).
Streams of two to for times smaller/bigger volumes relative
to the nominal point were analyzed.
In the qualitative assessment, the network accurately
reflects fuel cell operation for various flows (and shares) of
carbon dioxide on the anode side (Figure 30).
Figure 31 presents the results of model simulation for
different oxygen flows on the cathode side (RP). Streams

MILEWSKI ET AL.

of two to four times smaller/bigger volumes relative to the
nominal point were analyzed.
In the qualitative assessment, the network accurately
reflects the cell's operation for various flows (and shares)
of oxygen on the cathode side. From the point of view of
the cell's operation, apart from oxygen volume, its relation to carbon dioxide is also important; therefore, an
increase in oxygen volume in itself does not improve fuel
cell performance.
Figure 32 presents the results of model simulation for
different carbon dioxide flows on the cathode side (RP).

FIGURE 31 Simulation results of different oxygen flows on the
cathode side (relative to the nominal point [RP]) [Colour figure can
be viewed at wileyonlinelibrary.com]

FIGURE 30 Teaching process of a molten carbonate fuel cell (MCFC) model based on artificial neural network (ANN) with structure 6-2-1
[Colour figure can be viewed at wileyonlinelibrary.com]
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Streams of two to four times smaller/bigger volumes
relative to the nominal point were analyzed.
In the qualitative assessment, the network accurately
reflects the cell's operation for various flows (and shares)
of both oxygen and carbon dioxide on the cathode side.
The thermal-flow parameters are correctly modeled,
except for the influence of water vapor on the anode side.
The theory shows that water vapor on the anode side is
a product of oxidation of hydrogen, so it affects its partial
pressure for the equilibrium state; hence, it should have a
greater significance than given by the model using ANN.

5.3
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FIGURE 32 Simulation results of different carbon dioxide flows
on the cathode side (relative to the nominal point [RP]) [Colour
figure can be viewed at wileyonlinelibrary.com]

Streams of two to four times smaller/bigger volumes relative to the nominal point were analyzed.
In the qualitative assessment, the network accurately
reflects the cell's operation for various flows (and shares)
of carbon dioxide on the cathode side.
From the point of view of the cell's operation, apart from
the carbon dioxide volume, its relation to oxygen is also
important; therefore, an increase in CO2 volume in itself
does not improve fuel cell performance.
Since from the point of view of fuel cell operation, apart
from carbon dioxide volume, its relation to oxygen volume is also important; various flows of both oxygen and
carbon dioxide and the impact of their relations on cell
performance were studied.
Figure 33 presents the results of model simulation for
different oxygen and carbon dioxide flows on the cathode
side (RP) are presented.

FIGURE 33 Simulation results of different flows of oxygen and
carbon dioxide on the cathode side (relative to the nominal point
[RP]) [Colour figure can be viewed at wileyonlinelibrary.com]

Construction parameters

The design parameters must not change during the operation of the fuel cell, but they are of key importance during
its construction. A model that takes them into account
is needed when designing the cell and possible changes
to selected material characteristics. The collected experimental data inform the following construction parameters:
current density (input parameter to obtain current-voltage
curve), construction of the anode layer (thickness and
porosity), construction of the cathode layer (thickness and
porosity), and the thickness of the electrolyte layer.
In total, this gives six input parameters, with one output parameter (cell voltage). The optimal variant of the
network is 6-2-1, which gives results with an error of 2.5%.
The results of the teaching process of the carbonate cell
model based on the ANN with the structure 6-2-1 are
shown in Figure 29. All points generated by the model
correspond to the experimental data.
The design parameters must not change during the operation of the fuel cell, but they are of key importance
during its construction. A model that takes them into
account is needed when designing the cell and possible
changes to selected material characteristics. Experimental

FIGURE 34 Results of model simulation for different anode
layer thicknesses (relative to the nominal point [RP]) [Colour figure
can be viewed at wileyonlinelibrary.com]
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FIGURE 35 Results of the model simulation for different
thicknesses of the electrolyte layer (relative to the nominal point
[RP]) [Colour figure can be viewed at wileyonlinelibrary.com]

MILEWSKI ET AL.

FIGURE 37 Current-voltage curve, power density, and efficiency
for optimal conditions determined using an artificial neural
network (ANN)–based model with configuration 15-4-1 [Colour
figure can be viewed at wileyonlinelibrary.com]

FIGURE 36 Results of the model simulation for different
cathodic layer thicknesses (relative to the nominal point [RP])
[Colour figure can be viewed at wileyonlinelibrary.com]

data inform the following construction parameters: current density (input parameter to obtain current-voltage
curve), working temperature, construction of the anode
layer (thickness, porosity), construction of the cathode
layer (thickness, porosity), the thickness of the electrolyte
layer.
In total, this gives seven input parameters, with one output parameter (cell voltage). The optimal variant of the
network is 7-2-1, which gives results with an error of 2.5%.
Figure 34 presents the results of model simulation for
different anode layer thicknesses (RP). The analysis was
subject to a thickness of 2 and 4 times smaller/larger RP. In
the qualitative assessment, the network accurately reflects
the cell's work for different thicknesses of the anode layer.
Figure 35 presents the results of model simulation for
different thicknesses of the electrolyte layer (RP). The
analysis was subject to a thickness of two and five times

FIGURE 38 Results of the teaching process of a molten
carbonate fuel cell (MCFC) model based on ANN with structure
15-3-3-1 [Colour figure can be viewed at wileyonlinelibrary.com]

smaller/larger RP. In the qualitative assessment, the network accurately reflects the cell's work for different thicknesses of the anode layer.
Figure 36 presents the simulation results of the model for
different cathode layer thicknesses (RP). The analysis was
subject to a thickness of two and four times smaller/larger
RP. In the qualitative assessment, the network accurately
reflects the cell's operation for different thicknesses of the
cathode layer.
The structural parameters (mainly the thickness of individual layers) are modeled correctly. The model cannot
reflect the influence of porosity on cell performance, but
this is mainly due to insufficient data (experimental data
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FIGURE 39 Teaching process of a molten carbonate fuel cell (MCFC) model based on artificial neural network (ANN) with structure
15-3-3-1 [Colour figure can be viewed at wileyonlinelibrary.com]

practically concern only one set of porosity, which prevents
proper learning by the network) (Figure 37).

5.4

All parameters taken into account

Based on ANNs, a model can be built that takes into
account all the parameters analyzed earlier. This gives a
total of 15 input parameters: current density, temperature,
flow parameters, the composition of gases fed to the anode
(hydrogen, steam, nitrogen, and carbon dioxide), composition of gases fed to the cathode (oxygen, nitrogen, carbon
dioxide, and steam), and construction parameters (construction of the anode layer: thickness, porosity; construction of the cathode layer: thickness, porosity; the thickness
of the electrolyte layer).
Some difficulties were encountered when building the
model: the physical results of the model gave the configuration 15-1-1, but with a relatively large error (11%),
so further exploration was carried out, increasing the number of hidden layers. The structure with the fewest neurons
giving a physical result during optimization with a relatively small error (4.6%) is 15-3-3-1.
The results of the teaching process of the carbonate cell
model based on the ANN with the structure of 15-3-3-1
are shown in Figures 38 and 39. All points generated by
the model correspond to the experimental data (Figures 40
to 43).
Examples of regression diagrams between the target and
output data of the ANN model and error histogram for

FIGURE 40 Results of the process of testing a molten carbonate
fuel cell (MCFC) model based on ANN with structure 2-2-1 [Colour
figure can be viewed at wileyonlinelibrary.com]

the analyzed case are shown, respectively, in Figures 44
and 45.

6 USING AN ANN-BASED MODEL
TO OPTIMIZE MCFC OPERATION IN
CHANGED OPERATING
CO NDITIONS
The optimization problem was solved using a
method based on the Gauss-Newton method (Hessian
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FIGURE 41 Simulation results of different hydrogen flows on
the anode side (relative to the nominal point [RP]) [Colour figure
can be viewed at wileyonlinelibrary.com]

MILEWSKI ET AL.

FIGURE 43 Simulation results of different carbon dioxide flows
on the anode side (relative to the nominal point [RP]) [Colour
figure can be viewed at wileyonlinelibrary.com]

FIGURE 42 Simulation results of different steam flows on the
anode side (relative to the nominal point [RP]) [Colour figure can
be viewed at wileyonlinelibrary.com]

algorithm),40 by using one of the functions available in the
MATLAB-Optimization Toolbox environment: fmincon().
This solution was chosen because the optimization of cell
operation parameters through the model based on the
ANN is problematic with nonlinear limitations but is possible in the environment in which the fuel cell model was
built. Function fmincon() solves the problem defined as
min F(X) while maintaining linear and nonlinear restrictions. Function fmincon() uses four different algorithms:
interior point, sequential quadratic programming (SQP)
active set and trust region reflective. To find the maximum,
the objective function should be multiplied by −1.
To optimize the operation parameters of the MCFC
under changed operating conditions, the appropriate function for the optimization algorithm was defined. For this
purpose, our own procedures were created, implemented
in the numerical environment used in Coleman et al,40
which enabled us to optimize the selected ANN variants.

FIGURE 44 Regression diagrams between the target and output
data of the artificial neural network (ANN) model [Colour figure
can be viewed at wileyonlinelibrary.com]

The most logical way ahead seems to be to optimize
the efficiency of electricity generation by the fuel cell, but
it may lead to uncertainty (the amount of fuel going to
0). Therefore, in addition to cell efficiency, the amount of
power generated from its surface (power density) is also
important. Therefore, we decided to use as a function the
purpose of the optimization processes of the product of
efficiency and power density:
(E · i)2
.
𝜂opt = 𝜂MCFC · pMCFC = .
nH2 · HHVH2

(11)

MILEWSKI ET AL.

19

known from the experiments. Table 2 presents the limit
values that were used during the optimization of fuel cell
parameters.
The variables sought were both flow parameters of the
fuel and oxidizer, operating temperature and construction
parameters. This means running optimization processes
for 15 variables. The model subjected to optimization had
the following configuration: 15-4-1. The model of this configuration generates a 2.0% error.
The results of the optimization and the intervals in
which the individual parameters were tested are contained
in Table 2. At the optimum point, the laboratory cell
achieves efficiency of 54%. From the point of view of practical applications, this is a high value, all the more so
because two parameters were simultaneously optimized:
efficiency and power density. In fact, even higher efficiency
can be achieved at the expense of a power density drop.
Table 2 graphically presents those values that were based
on the established limits. Some of the parameters found
by the optimizer stopped at lower (marked “−”) or upper
(“+”) points away from the accepted boundaries, suggesting that the current design is not optimal. From the results
presented, conclusions can be drawn regarding possible
improvements in the performance of the MCFC. The optimum operating temperature goes below the nominal value
(650◦ C), which is difficult to explain. The flow of hydrogen
and carbon dioxide on the anode side was determined at
their upper limits, while nitrogen and water vapor delivered to the anode side reached their lower limits, which
agrees with theoretical knowledge on the subject. Flows of
gases fed to the cathode reached values within the given
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FIGURE 45 Error histogram [Colour figure can be viewed at
wileyonlinelibrary.com]

The ANN-based model cannot quantify the degree of
fuel utilization, but it can calculate the current density for
a given amount of fuel (hydrogen) and the adopted degree
of utilization. Accordingly, we decided to change one of the
input parameters:
.

i = 2 · F · nH2 · 𝜂𝑓 .

(12)

All optimization processes were conducted with constraints equal to the maximum and minimum values of
the parameters that were changed when conducting experiments. This means that no attempt was made to extrapolate the results reported by the network beyond the ranges

TABLE 2 Limits used during the optimization procedure
Parameter
Current density, A/cm

Min

Nominal

Max

2

Optim

Comment

0.5329

Efficiency, %

53

Voltage, V

0.864

Fuel utilization factor

0.10

0.50

0.95

0.90

Temperature, ◦ C

550

625

650

600

Anode hydrogen flow, mL/min/cm2

0.22

2.31

4.41

4.41

+

Anode water flow, mL/min/cm2

0.05

0.65

1.24

0.05

−

Anode nitrogen flow, mL/min/cm2

0

0.69

1.38

0

−

Anode carbon dioxide flow, mL/min/cm2

0.06

0.58

1.10

1.10

+

Anode thickness, mm

0.70

1.11

1.52

0.7

−

Anode porosity

0.48

0.58

0.68

0.48

−

Matrix thickness, mm

0.60

0.75

0.90

0.90

+

Cathode thickness, mm

0.70

1.05

1.40

0.70

−

Cathode porosity

0.48

0.58

0.68

0.68

+

Cathode oxygen flow, mL/min/cm2

0.13

2.69

5.25

3.84

Cathode nitrogen flow, mL/min/cm2

0.49

14.80

29.11

14.14

Cathode carbon dioxide flow, mL/min/cm2

0.27

7.26

14.24

14.20

Cathode water flow, mL/min/cm2

0

2.50

5.00

1.86
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TABLE 3 Selected parameters of models of molten carbonate fuel cell obtained during the teaching processes
Network Structure

Average Error, %

Number of Iterations, thousands

Temperature

2-2-1

2.4

0.114

Thermal-flow parameters

10-4-1

4.3

1.4

Construction parameters

6-2-1

2.5

0.472

Model factoring in thermal-flow
and construction parameters

15-3-3-1

4.6

1.6
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ranges, which suggests that they may be optimal values.
The ANN-based model suggests some structural changes:
all parameters taken into account are based on their limit
values—the electrolyte should be as thick as possible and
the anode and cathode as thin as possible. Anode porosity
should be as low as possible and cathode porosity should
be reversed.

7

CO NC LU SION S

Various variants of ANN-based MCFC models were built.
The variants have different purposes: modeling exclusively
the influence of temperature, thermal-flow and construction parameters, and full model including up to 15 different input data.
Teaching and simulation processes were carried out on
four ANN-based MCFC models. These models deal with
a variety of selected issues, from simply modeling only
the effect of temperature to a complete model with 15
input parameters. Various network configurations were
obtained, usually networks with one hidden layer. The
average error with which models map the work of the
actual cell lies within the range 2.4% to 4.6%. A detailed
list of selected parameters of MCFC models obtained during the teaching processes is presented in Table 3. Total
accuracy of devices applied is ±1.8%, which lies within
the models' average error but may give rise to imprecise
results.
Optimization of thermal-flow and construction parameters of the work of molten carbonate fuel cell in changed
operating conditions was carried out using a model
built on an ANN with a configuration of 15-4-1. The
selected objective function was the efficiency of electricity production and the power density obtained from
the cell's surface. The results obtained suggest possible changes in fuel cell operation and some structural
changes.
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NOMENCLATURE
𝛼

𝛿a
𝛿c
𝛿e
.
n
𝜂
𝜇
p

CO2,a

CO2,c

COa

D
e
EMCFC
ep,m
ep,m
F
O2,c
H2 Oa
H2 Oc

HHV
I
i
J
k
M
m
N2,a

coefficient determining the change in
weight in relation to the change from the
previous step (so-called momentum)
anode thickness, mm
cathode thickness, mm
electrolyte thickness, mm
fuel molar flow
factor determining the speed of learning
combination factor (always positive)
index of reference data
the stream of dioxide fed to the carbon anode related to the unit of area,
mL/min/cm2
the carbon dioxide stream is fed to
the cathode relative to the surface unit,
mL/min/cm2
carbon monoxide stream fed to the
anode related to the unit of area,
mL/min/cm2
data set
error
fuel cell voltage
learning error
prediction error
Faraday constant
hydrogen stream fed to the anode related
to the unit of area, mL/min/cm2
the steam vapor stream fed to the anode
related to the unit of area, mL/min/cm2
the stream of water vapor fed to the
cathode relative to the unit of area,
mL/min/cm2
higher heating value of fuel
unitary matrix
current density, A/cm2
Jacobi matrix
step number
the neural network model used
index of input data
nitrogen stream fed to the anode related
to the unit of area, mL/min/cm2
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nitrogen stream fed to the cathode relative to the unit of area, mL/min/cm2
O2,a
oxygen stream fed to the cathode related
to the surface unit, mL/min/cm2
H2,a
hydrogen stream fed to the anode related
to the unit of area, mL/min/cm2
P
factor determining the speed of learning
a summation part of a single neuron
sk,i
T
temperature
x
vector of inputs
the outlet from the neuron
yk,i
P (w|𝛼, M)
density of probability associated with the
weights before collecting the data
P (D|𝛼, 𝛽, M) normalization factor, causing the sum of
probabilities to be 1
P (D|w, 𝛽, M) the probability of obtaining data for w
weights
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