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 A B S T R A C T

A combined heat and power (CHP) system with natural gas as primary energy and a hydrogen fuel cell as 
power source is modeled by implementing a feedforward neural network (FNN). It is shown that only the load 
profile and the resulting voltage are already sufficient to provide an accurate prediction of the voltage and its 
degradation under normal operation, excluding anomalies. The short-term reversible degradation is accurately 
modeled with high fidelity, whereas the irreversible long-term degradation remains more challenging to 
predict. The influence on the prediction is analyzed for different input features. Additionally, the size of the 
training dataset is varied and as a physical parameter the gas composition is incorporated into the model, 
allowing it to more accurately predict anomalies in the data. The presented approach is further tested with 
data from a system operated in a residential area.
1. Introduction

Due to the substantial contribution of greenhouse gases such as 
CO2 to global warming, an increasing number of nations are im-
plementing concrete plans for carbon neutrality, thus increasing the 
importance of hydrogen as an alternative energy carrier [1]. Although 
in many parts of the industry, fossil fuels can be replaced by using 
the electricity of renewable energy sources, many sectors still require 
fuel. Hydrogen not only has the potential to satisfy this need in most 
cases, but can also provide the long-term flexibility needed for an 
economy that relies on renewable energy sources. As such, hydrogen 
has a multitude of advantages. Among others, it can be produced in 
different ways, most importantly by splitting water using electricity, 
it is easily transportable in pipelines or tanks with significantly lower 
losses compared to ultra-high voltage (UHV) electrical lines and its 
conversion to electricity is environmentally friendly, since only water 
is produced as a by-product [2].

The European Union has also recognized the advantages and po-
tential of transitioning the economy to be built around hydrogen as 
the main energy carrier and has set itself ambitious goals in terms of 
the production of green hydrogen [3]. In Germany, the hydrogen core 
network encompassing 9040 km transport pipelines is set to implement 
injection and withdrawal capacities of 100 and 87 GW respectively 
between 2025 and 2032 [4]. A technology that could make efficient use 
of hydrogen is combined heat and power (CHP). As the name suggests, 
CHP systems generate heat and electricity simultaneously, resulting in 
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a significant increase in overall efficiency. For combustion-based CHP 
systems powered by engines or turbines, overall efficiencies range from 
65–85%, while the efficiencies when electricity and heat are provided 
independently range from 45–55% [5].

Another possibility to power CHP systems are fuel cells (FC). These 
hydrogen powered systems do not produce direct greenhouse gases as 
a byproduct while also achieving similar and even higher overall effi-
ciencies [6]. Even efficiencies of up to 95% for fuel cell-based systems 
have been reached [7]. However, as 96% of hydrogen is produced using 
fossil fuels at this time, the overall carbon footprint remains high [3,6]. 
However, since hydrogen is expected to be produced primarily with 
electricity from renewable energy sources, this footprint will dimin-
ish in the future. Although complete replacement of gray with green 
hydrogen may take some time, such bridging technologies play an 
essential role in facilitating this transition by increasing acceptance of 
the technology, advancing research and gathering valuable experience 
in its implementation and application [6]. CHP systems with on-site hy-
drogen production, e.g. an integrated reformer, can be such a bridging 
technology that implements fossil fuel as its primary energy carrier, but 
can quickly and easily be switched towards direct hydrogen usage. 

Among others, proton-exchange membrane fuel cells (PEMFC), as 
investigated in this research, are a common FC-type for CHP systems. 
They exhibit relatively low operating temperatures between 60 and 
90 ◦C, resulting in rapid start-up times and therefore perform well on 
dynamic loads [6]. The anode and cathode of PEMFCs are separated by 
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a thin solid proton exchange membrane, allowing for a very compact 
and lightweight design. Additional advantages include a high power 
density compared to other FC types and low operating noise [8]. 
The disadvantages of PEMFCs include the high sensitivity to CO and 
the generally high requirements of hydrogen purity, due to their low 
operating temperatures [9]. Due to their rapid start time and the fact 
that they can be continuously modulated across a wide power range, 
PEMFCs are well-suited for small and medium-sized CHP systems [10]. 
Furthermore, they are less sensitive to start-stop cycles compared to 
other FC types, making them a good candidate for residential CHP 
applications [9]. Additional applications of PEMFCs include the auto-
motive sector, specifically heavy duty vehicles, where PEMFC excel due 
to their energy and power scalability with minimal weight penalty [11].

A drawback of FCs in general is degradation, which causes signifi-
cant performance loss over time due to factors such as material fatigue 
or electrochemical instability [12]. Degradation occurs in all parts of 
the stack, which are directly mechanically interconnected and exposed 
to physical and chemical conditions such as temperature, pressure, pH 
value and humidity [13]. These conditions and connections can cause 
mechanical and chemical stress in the parts, resulting in a loss of volt-
age that the stack can supply at a given operating point. Degradation 
can be reversible, as in the case of CO-poisoning of PEMFCs, which 
can be reversed by reducing the partial pressure of CO, or irreversible, 
as in the case of mechanical deformations such as holes and cracks in 
the membrane [9]. Due to the various different mechanisms leading 
to performance losses, degradation and the resulting end-of-life of a FC 
can vary significantly depending on the operating conditions. Modeling 
the degradation proves to be nontrivial as many mechanisms are not 
yet fully evaluated and intricate knowledge of the internal system 
parameters is necessary to develop a good physical model. In addition, 
complex relationships result in substantial computational effort [13].

Another possibility of modeling the mechanisms are data-driven ap-
proaches, which rely on statistical or mathematical methods to extract 
information from the data to deduce relationships and trends within the 
data. The greatest advantage of data-driven models is that they do not 
require a thorough understanding of the degradation laws or internal 
parameters. In order to extract the necessary information, a large 
amount of representative training data containing the aging processes is 
required to obtain a well-performing model. By applying mathematical 
methods to extract information from the data, the inner parameters of 
the system are learned implicitly. This can offer great benefit, as even 
structurally identical FCs can potentially exhibit different performances 
due to tolerances within the manufacturing process [14]. However, due 
to the individuality of each system, the generalizability of data-driven 
models is inferior compared to physical models [13].

One possibility is a machine learning (ML) approach using neural 
networks. These have the potential to greatly reduce the necessary 
computational power and facilitate real-time data processing once the 
models have been trained [13]. Although training and application 
of FNN offer short computation times and easy implementation and 
2 
handling, they process each datapoint individually, making additional 
measures necessary when applied to temporal data. Recurrent neural 
networks (RNN) in comparison are especially suitable for capturing 
temporal dependencies by maintaining internal states across the tempo-
ral inputs. Long-short term memory neural networks (LSTM) and gated 
recurrent units (GRU) in particular are capable of capturing long-term 
temporal dependencies, which makes them well suited for timeseries 
forecasting [15].

Zuo et al. (2019) used LSTM and GRU to obtain promising results 
in predicting the voltage of a PEMFC operated under a periodic test 
cycle [16]. Liu et al. (2019) [17] and Liu et al. (2017) [18] used 
LSTM to predict the remaining useful life of a PEMFC under steady 
state conditions. Zhang et al. (2025) proposed an approach combining 
random forest with temporal convolutional networks to predict the 
degradation of a PEMFC under constant load [19]. For a periodic 
dynamic load cycle Ma et al. (2018) proposed a Grid-LSTM approach 
to further optimize existing LSTM methods [20]. Augmenting data-
driven models with known physical relationships can help reduce data 
dependency. Ko et al. (2025) used physics-informed neural networks to 
model the remaining useful life of a PEMFC, significantly reducing the 
data dependency [21]. Zerrougui et al. (2025) used physics-informed 
neural networks to model temperature fluctuations within a PEM based 
electrolyzer achieving superior results compared to a solely data-driven 
LSTM approach [22].

LSTM have the disadvantage of slow training and inference times. 
Due to their simple architecture, FNN offer faster training and inference 
times and easier implementation. Although many models have been 
implemented using LSTM, leveraging their ability to capture temporal 
dependencies, FNN are known to lack this ability and consequently 
have not yet been employed to process timeseries in the context of 
degradation of FCs. LSTM models have been shown to be very suc-
cessful in predicting the voltage of a PEMFC stack for steady-state load 
and for periodic dynamic load. However, they are unable to handle the 
varying input of a system under non-periodic dynamic loading. This 
work proposes a novel application of a simple FNN that aims to capture 
the temporal dependencies needed to model degradation behavior by 
means of feature engineering. The aim of this approach is to develop 
a model that can predict the degradation of the stack for varying load 
profiles on the basis of past performance data.

A well-performing model acting as a digital twin can improve the 
operation from a technical and economic point of view in multiple 
ways. Predictive maintenance aims to identify and resolve faults proac-
tively, minimizing their impact on overall system performance [23]. 
Before making significant changes to the operation of the system, a 
digital twin can be utilized to analyze and evaluate the impact of the 
change on the system and address potential problems. For a dynami-
cally loaded FC-system, a favorable operation resulting in a prolonged 
lifetime might be identified by predicting the performance for different 
load profiles.

After motivating this work and giving a short introduction into CHP 
and FC systems, the next section will focus on the methodology. Here, 
the data basis for the prediction will be explained in detail. Further-
more, the model architecture is elaborated and the feature engineering 
encompassing the feature selection and the data pre-processing is dis-
cussed. Afterwards, information on the hardware used, the training 
procedure, and the optimization is given. Following the methodology, 
the results obtained are shown and discussed.

2. Methodology

2.1. Data basis

The data for training and validating the algorithm originates from 
a natural gas based 5 kW𝑒𝑙 hydrogen FC CHP system (Fig.  1), which 
utilized the hydrogen produced in an integrated reformer from desul-
furized natural gas to feed a 95-cell FC-stack. During power generation, 
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Fig. 1. Schematic flow chart of the regarded CHP system.
a cooling circuit dissipates the waste heat from the FC-stack, which is 
subsequently transported together with the waste heat of the reformer 
to be used in a heating circuit. Before entering the FC stack, the ambient 
air is compressed, which simultaneously heats the air to the required 
temperature. A humidifier moisturizes the air to prevent the stack from 
drying.

Within a 20-week testing phase, the current-regulated system was 
dynamically operated at full load (80 A) and partial load (30 A) in a test 
cycle according to a test profile, conducted for six consecutive days, 
followed by one day of idling. Idling describes a state in which the 
system is not actively generating power but can react to incoming load 
at any time. During testing data with a sampling frequency of 0.1 Hz 
was collected, including internal sensors such as temperatures and or 
pressures, as well as the load profile and the voltage provided by the 
system (Fig.  2). Additionally, the data recorded in regulated testing 
conditions, the same type of data was collected for a private customer 
system outside such an environment.

Within the data, two trends can be identified. First, during longer 
time intervals, long-term voltage degradation can be observed at each 
operating point (Fig.  3(a)). Second, a short-term voltage decline can 
be observed at a given load plateau (Fig.  3(b)). Although long-term 
degradation is not reversible, short-term degradation is partly reversed 
during idling between two plateaus, and the voltage regenerates when 
load is applied again. The exact degradation mechanisms responsible 
for this behavior have not been thoroughly investigated at the current 
time.

The composition of the natural gas used during the test runs is 
measured with a gas chromatograph (ABBNGC8206). In contrast to the 
data sampled with a frequency of 0.1 Hz the gas composition is sampled 
3 
in a time interval of 5 min and 15 s. Part of this data includes the higher 
and lower heating values as well as the molar percentages of propane, 
isobutane, butane, neopentane, isopentane, pentane, hexane, nitrogen, 
methane, carbon dioxide and ethane.

2.2. Model architecture

LSTM neural networks have been successfully employed to model 
the voltage degradation of statically operated FCs. Furthermore, for 
periodic dynamic operation, LSTM yield promising results as well. 
However, for non-periodic dynamic operation, this approach leads to 
problems, as the voltage is not only dependent on past voltage devel-
opments but very much on the load profile within the time horizon of 
the prediction. As this profile does not necessarily match the profile 
of the training data, an approach must be selected that enables the 
incorporation of the load profile for which the corresponding voltage 
profile is to be predicted.

This study suggests feed-forward neural networks (FNN) as an al-
ternative. This simple architecture promises short computation times 
for training and prediction. One of its disadvantages is that the FNN 
does not take past values into account. Rather, it represents a function 
approximator that uses the input values of a single time step to model 
the output value at that time-step (Fig.  4). This results in difficulties 
in accurately predicting voltage and modeling voltage degradation, as 
the voltage is subject to degradation effects leading to voltage drops 
that are in great parts dependent on temporal aspects, such as the 
operating time. Since FNN cannot directly consider past values, all 
the information that could have an impact on the voltage degradation 
must be encoded and fed to the model as an additional input. This 
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Fig. 2. Magnified example of the testing cycle. In the upper plot the load applied in form of the test profile to the system is depicted. The bottom plot shows 
the ensuing average voltage provided by each cell.
 
(a) Visualization of the difference in the long term degra-
dation for the two load levels. The plot shows the voltage 
with respect to the operating hours and a linear fit for 
both load levels individually.

  
(b) Magnified view of the short term degradation. The 
voltage of the two slopes develops differently despite 
being generated by the same load.

 

Fig. 3. Visualization of the short-term and long-term degradation in the data.
ensures that the model incorporates information on previous voltage 
development.

2.3. Feature engineering

The feature engineering is an integral part of the implementa-
tion of any neural network application and serves multiple purposes. 
Firstly, omitting irrelevant features decreases the dimensionality of 
the training process, which in turn decreases the computational time 
and effort. Secondly, this simplifies the learning process, reducing 
computational effort and accelerating convergence, as the model is no 
longer distracted by irrelevant features [24].
4 
The process of feature engineering encompasses not only the selec-
tion of relevant features which aides the model to learn the desired 
dependencies but also the pre-processing of the used feature vec-
tors, which further simplifies the training. An example of a common 
pre-processing step is normalization or the subtraction of the mean.

Feature selection

The voltage is defined as the target feature, while the most crucial 
input feature is the load profile (Fig.  2). As the model is constrained by 
its inability to consider information about the past development of the 
load, the information about historical development must be encoded 
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Fig. 4. Schematic flowchart of a FNN as it is used in this work. The model uses the inputs of a given timestep 𝑥𝑡𝑖 to predict the voltage 𝑦𝑡 at that timestep.
and passed to the network. This can be achieved with additional 
dimensionless input features, derived from the load profile. In Fig.  5 
the load profile and the derived input features encoding the temporal 
information are qualitatively shown. Three additional features have 
been identified that provide the necessary information and are needed 
to model the voltage of the system:

• Operating time: The operating time indicates the duration for 
which the fuel cell stack has been active. This information is of 
great importance, as degradation is directly related to the aging 
process of the FC.

• Time at load level: The time, the system has already operated 
on the current load level. This feature is important to model the 
short-term decrease in voltage at one level (Fig.  3(b)). The feature 
vector is implemented as a counter, which increases whenever 
the load level in the time series remains constant and is set to 
0 whenever the load level changes.

• Time of idling: The time the system remains on standby before 
being operated has an impact on the regeneration of the stack. 
As such, it is crucial for the model to receive information about 
the duration of idling of the system before reaching the current 
load level (0, if the load went directly from one level to another), 
although the voltage between load levels itself is not modeled. 
The importance of including the system idling can be seen in Fig. 
3(b), as after idling, the voltage shortly follows a different pattern 
compared to before idling.

Data pre-processing

To streamline the training process and achieve superior results in 
less time. First, data during system idling is removed. This data does not 
yield any information and is not needed with this approach. Removing 
it also decreases the training time as fewer data points are processed. 
The load of the system does not jump to a load level, but rather ramps 
up, inducing a voltage peak (Fig.  2). These narrow peaks might hinder 
effective training by dominating the gradient calculation. Furthermore, 
as the focus of the study lies on the short- and long-term degradation 
modeling during operation only the data points at the respective load 
are considered. In addition, the mean voltage at the individual load 
levels is subtracted before training and added to the prediction after 
training. In this way, the model is not required to learn the significant 
voltage differences between the two load levels; rather, it can focus 
on the slopes of the plateaus. Furthermore, all inputs and outputs are 
normalized to prevent any feature from being weighted more than any 
other, further simplifying the training. Lastly, the data is divided into a 
test and a training dataset with 4∕5th of the data being used for training 
and 1∕5th for testing.
5 
2.4. Training and optimization

The implementation of the models is done on a Nvidia RTX A5000
graphics card, with 128 GB RAM an Intel(R) Core i9-12900K 3.2 GHz
using the open-source python frameworks TesorFlow and Keras.

Hyperparameter optimization
An essential part of the training of a neural network is hyperparam-

eter optimization. Hyperparameters are parameters that are not learned 
by the model during training but influence its training and convergence 
behavior. A good set of hyperparameters is mandatory for a well-
performing model. For their optimization the open-source framework
Optuna is used that employs Bayesian optimization to systematically 
search the hyperparameter space for a well-performing set. The ranges 
for each hyperparameter are defined as follows:

• Number of hidden layers: The number of layers between the 
input layer and the output layer as an integer between 1 and 5.

• Number of hidden units: For each hidden layer, the number 
of neurons in that layer is generated dynamically with values 
between 30 and 600.

• Initial learning rate: The initial learning rate 𝜖0 used in Eq. (1) 
is optimized within the ranges of 10−5 and 10−1 and sampled 
logarithmically.

• Activation function: The activation function introduces nonlin-
earity into training by applying it to the value of each neuron. 
During optimization, it is sampled from a set of four commonly 
used activation functions: ReLU, hyperbolic tangent, Leaky ReLU, 
Sigmoid.

• Dropout: To remedy overfitting, dropout is a common and effec-
tive method. With this procedure, after each epoch a fixed ratio 
of neurons and their connections is ignored and not updated. The 
dropout ratio is uniformly sampled from values between 0.1 and 
0.8.

• Batch size: The batch size is the number of datapoints that are 
being considered during each epoch. It is sampled from values 
between 50 and 1500 with a step size of 50.

• Shuffle: Shuffling the values before drawing batches is a common 
method to improve training results. Whether to shuffle the dataset 
or not is also optimized via the hyperparameter tuning. Thus, it 
is sampled either True or False.

Learning rate and optimizer
The optimization algorithm calculates the parameter update for the 

weights and biases for each epoch during training, and thus dictates 
the training performance and stability. For this application, the Adam 
optimizer was chosen. It is a very popular optimization algorithm and is 
a common first choice due to its robustness and versatility, which stem 
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Fig. 5. Qualitative representation of the load profile along the other dimensionless input features. For better visualization, the values for all features except for 
the load profile are scaled.
from its adaptive learning rate and momentum, which simultaneously 
prevents the model from settling in an undesirable local minimum 
in the early stages of training and becoming unstable in later stages 
of training. Furthermore, it is easy to handle and does not require 
additional hyperparameters to be tuned [25,26].

Although the Adam optimizer already implements adaptive learning 
rates, it can be beneficial to use learning rate schedules nonetheless. An 
exponential learning rate schedule with the initial learning rate 𝜖0 was 
selected as an optimizable hyperparameter. It is given by 
𝜖𝑡 = 𝜖0 ⋅ 𝑑 ⋅ exp (𝑡∕𝑟) (1)

where 𝑡 is the timestep, 𝑑 is the decay rate and 𝑟 is the step number, 
which defines after how many timesteps the learning rate decays by the 
decay rate once.

Evaluation standard
The root mean squared error (RMSE) is used to evaluate the pre-

diction of the model. Although reversible short-term degradation is 
a significant effect, irreversible long-term degradation has a minimal 
impact, which may not be clearly reflected in RMSE. Thus, for the eval-
uation of this effect, the datapoints are linearly fitted with respect to 
the operating hours, and the slope of this fit is used for the evaluation.

3. Results

3.1. Individual models

To evaluate the influence on the model performance of each in-
put parameter, a model is trained and optimized after the individual 
parameters are added subsequently. The models for the different sets 
of input features are the results of hyperparameter optimization with 
150 trials each. Although this is a relatively small number of trials for 
hyperparameter optimization, it suffices for intercomparison of models 
with different input features and for identifying trends and tendencies. 
In the following, the predictions of the five individual models with 
increasing complexity are shown.

Model 1 — Load profile
Using only the load profile and no additional information as input, 

the model prediction does not exhibit degradation behavior throughout 
the operating time or at the individual load levels (Fig.  6). Rather, a 
constant voltage level is associated with each load level.
6 
Model 2 — Operating hours
After adding the operating hours as input, a long-term voltage 

decline is modeled. This is observable in Fig.  7(a), where the voltage 
is plotted with respect to the operating hours for better visibility of 
the trend. Although the prediction now shows a linear decline approxi-
mating the irreversible long-term degradation, the reversible short-term 
degradation at the individual plateaus is not modeled. Instead of a 
significant voltage drop, the voltage only decreases according to the 
linear approximation of the irreversible degradation (Fig.  7(b)).

Model 3 — Plateau time
Incorporating the time the system remains at a load level leads to an 

approximation of the reversible degradation. Upon closer examination 
of two plateaus, which are separated by a brief period of idling, it 
becomes evident that the behavior differs between the two plateaus. 
Although a voltage decline at the load levels is visible in the prediction 
(Fig.  8(a)), the difference between separate plateaus cannot be mod-
eled. The idle time is not taken into account and the prediction before 
and after is nearly identical (Fig.  8(b)).

Model 4 — Idling time
The addition of the idling time as an input leads to a different 

prediction for two plateaus, which are separated by a short idling 
period, but are caused by the same load (Fig.  9).

Finetuned model
The models shown have been optimized with 150 trials. To obtain 

a final model with maximized performance, a hyperparameter tuning 
with 1000 trials is performed. A higher resolution plot of the prediction 
together with the measurement can be seen in Fig.  10(a) and the 
degradation prediction is linearly fitted with respect to the operating 
hours in Fig.  10(b). As degradation behaves differently at partial and 
full load, both load levels are fitted independently.

3.2. Hyperparameter comparison and importance

All individual models are optimized independently, and thus a 
different set of hyperparameters arises for each, listed in Table  1. 
Additionally, Optuna offers the possibility of ranking hyperparameters 
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Fig. 6. Magnified view of the voltage prediction for a model trained only with the load profile and none of the additional input features. The degradation cannot 
be modeled as the information about the age of the stack at any timestep is not provided to the model.
 
(a) The prediction of model 2 plotted with respect to the 
operating hours for the test dataset with visible long term 
degradation modeling. The trendlines show the linear 
regression of the measurement and the prediction.

  
(b) Magnified view of the prediction of the model. The 
reversible degradation is not modeled as no information 
about the time spent on the load level is provided.

 

Fig. 7. Visualization of the prediction of the model with the operating hours as additional input.
according to their influence on the model performance during optimiza-
tion. In this context, the influence of a single hyperparameter is the 
degree to which model performance fluctuates when the hyperparam-
eter is varied. This ranking is depicted in Fig.  11. The regularization in 
form of the dropout ratio has the greatest influence during optimization 
followed by the learning rate, the number of hidden layers, and the 
batch size. All other optimized hyperparameters seem to not strongly 
influence the performance of the trained model.

3.3. Different stack application

As the internal parameters of each stack can vary, the generalization 
capabilities of the model are tested by applying it to the data of 
7 
previous test configurations where a different, but structurally identical 
stack was installed within the CHP system and comparing the voltage 
prediction to the measured values. The prediction can be seen in Fig. 
12. Although the predicted slope of the long-term degradation is similar 
to the validation data, the predicted voltage plateaus consistently over-
estimate the measured values. Furthermore, the predicted short-term 
degradation slopes of the voltage differ significantly from the validation 
data.

3.4. Variation of the split ratio

Although a large amount of training data is available for these 
simulations, this might not always be the case for other simulations. 
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(a) The prediction of model 3 with respect to the operat-
ing hours. The model can now approximate the voltage 
decline due to the reversible degradation.

  
(b) Magnified view of the plateaus of the test dataset. 
The reversible degradation is modeled, but its regenera-
tion is not modeled well.

 

Fig. 8. Visualization of the prediction of the model with the operating hours and the plateau time as additional inputs.
Fig. 9. Magnified view of the plateaus of the test dataset. The discrepancy of the two plateaus due to the regeneration time in between the load levels can be 
modeled after the incorporation of the idling time.
To test the performance of the model with fewer training data, the 
split ratio is varied. This is done once for a part of the dataset where 
few anomalies are present (Fig.  13) and once for a slightly larger part 
of the dataset where a strong anomaly is present (Fig.  14). Anomalies 
describe fluctuations within the voltage that are not caused by a change 
in operation. The split ratios between test and training data are 1∕4th, 
2∕4th and 3∕4th with the red dashed line indicating the split. For the 
first dataset (Fig.  13), the predictions are similar for each split ratio 
8 
and with 1∕4th of the dataset used as training data, a voltage decline 
resembling the long-term degradation is predicted. For the second 
dataset (Fig.  14), no voltage decline is predicted using only 1∕4th of the 
dataset as training data. This effect vanishes as the size of the training 
dataset increases. Using 2∕4th and 3∕4th of the dataset, a clear voltage 
decline is predicted. The performance of each model is evaluated using 
RMSE as shown in Table  2.
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(a) Magnified view of the prediction of the finetuned 
model. The prediction is very close to the measured data.

  
(b) The prediction of the finetuned model plotted with 
respect to the operating hours for the test dataset with 
visible reversible degradation modeling. The trendlines 
show the linear regression of both the measurement and 
the prediction.

 

Fig. 10. Visualization of the prediction of the finetuned model with the operating hours, the plateau time and the idling time as additional inputs.
Fig. 11. Ranking of the hyperparameter importance across the whole study.
3.5. Incorporation of the gas composition

All input features on which the model is trained are temporal 
in nature. As a consequence, voltage fluctuations that are caused by 
external factors cannot be predicted. Although physical data cannot 
be used for predictive purposes, as this type of data is not known in 
the future, it can be used to draw conclusions about the correlation 
between certain fluctuations and external factors. To test this, the data 
for the composition of the natural gas during the tests can be used 
by incorporating it into the training and prediction of the model. In 
Fig.  15 the prediction of the model can be seen after incorporating 
the lower heating value and the molar percentage of methane into 
9 
the model. Performance metrics are displayed together with the other 
trained models in Table  3.

3.6. Residential application

The data utilized so far was recorded on the test rig in a highly 
regulated laboratory environment. It follows a predefined test cycle 
(Fig.  2) which results in a very regular and periodic dataset. This is 
beneficial for the training procedure and additionally simplifies pre-
processing. Data from a commercially used system may be harder to 
predict, as it might not follow a strict repeating profile. To test the 
robustness and generalization capabilities of the approach, a model is 
trained utilizing such data (Fig.  16).
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Fig. 12. Prediction of the final model on data from a different stack. The predicted voltage does not correspond to the measured voltage. The trendlines show 
the linear regression of the measurement and the prediction.
Table 1
Overview of the hyperparameters of the models. The activation function is 
signified by 𝜎, ‘‘LR’’ corresponds to the learning rate and the architecture to 
the hidden layers and their respective number of neurons (592-31 e.g. means 
there are 592 neurons in the first and 31 neurons in the second hidden layer).
 Model 1 2 3 4 Tuned  
 LR(⋅10−3) 0.02 8.77 1.27 0.61 2.12  
 Architecture 592–31 217 360–261 176–161 466–452 
 Dropout 0.548 0.683 0.404 0.459 0.524  
 Shuffle False True False True False  
 Batch size 1050 800 150 850 400  
 𝜎 ReLU leaky ReLU ReLU ReLU ReLU  

Table 2
Overview of the performance of the models trained on different 
amounts of data. To maintain comparability, the errors are 
calculated for the last quarter of the data and thus on the same 
data slice independent on the size of the test dataset.
 Split ratio Without anomaly With anomaly 
 1/4 6.64 mV 14.28 mV  
 2/4 6.33 mV 4.98 mV  
 3/4 4.22 mV 4.02 mV  

Table 3
Overview of the evaluation metrics for the different models.
 RMSE Full load fit Partial load fit  
 [mV] [μV/h] [μV/h]  
 Model 1 15.94 0.0 0.0  
 Model 2 9.67 −26.9 −15.1  
 Model 3 7.75 −80.2 −29.9  
 Model 4 7.28 −100.5 −27.3  
 Finetuned Model 6.07 −73.2 −13.5  
 Gas comp. 5.32 −46 −20.3  
 Validation −66.7 −3.3  
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4. Discussion

Using solely the load as input (Model 1), neither the reversible 
degradation nor the irreversible degradation can be modeled (Fig.  6). 
Since degradation is an aging process, the model is unable to predict 
voltage decline without temporal information of the stack operation. 
Since only one of two load levels is given at each timestep, only two 
different constant voltages can be predicted. These are the mean of all 
data points at the individual load levels.

After introducing the operating hours as an input (Model 2), a 
voltage decrease can be observed in the prediction (Fig.  7(a)). Now, the 
model is capable of coupling the long-term voltage decline caused by 
irreversible degradation to the operating hours, and thus approximate 
it in the prediction. Furthermore, the lack of information about the 
operating time of each plateau explains the inability of the model to 
predict reversible degradation. (Fig.  7(b)).

By incorporating plateau time as an input (Model 3), reversible 
degradation is modeled as a function of operating time on a load 
plateau (Fig.  8(a)). Although a clear voltage decline is visible for each 
plateau, the model is still unable to differentiate between the individual 
plateaus. However, a difference in behavior after a short idle time is 
clearly visible (Fig.  8(b)). As the model cannot distinguish between the 
plateaus, their prediction is nearly identical.

By adding the idling time as an input (Model 4), the model can 
differentiate between two plateaus and can couple idle time to stack 
regeneration. Thus, a good prediction of the slopes for the individual 
plateaus becomes possible (Fig.  9).

With the addition of each new input, the RMSE of the model be-
comes smaller (Table  3). The irreversible degradation has a very small 
effect, and consequently the absolute prediction error of the model 
with respect to the irreversible degradation is very small. In contrast, 
reversible degradation has a greater impact on the RMSE. Thus, we 
conclude that RMSE is a good evaluation standard for the quality of 
the prediction of reversible degradation, while it is less optimal for the 
evaluation of the prediction of irreversible degradation. For irreversible 
degradation, the voltage measurement and prediction are linearly fitted 
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Fig. 13. Variation of the split ratio for a dataset without anomalies. The blue markers represent the whole dataset, while the green markers represent the model 
prediction on the training dataset and the orange markers represent the model prediction on the test dataset. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.)
across the test dataset for each load level, and the slopes of these fits 
are compared (Table  3). Although RMSE becomes better with each 
input, the same cannot be observed for the fit slopes. Even the fine-
tuned model does not approximate the long-term voltage decline well. 
Because the models are trained by an optimization algorithm based on 
gradient descent, very small effects are hard to learn. Minor errors lead 
to a small gradient, resulting in only slight updates to the parameters 
during each epoch. In later epochs the learning rate drops significantly, 
further reducing the parameter update.

The prediction performance of the model on a different stack is poor 
(Fig.  12). The stack behaves differently due to differences in various 
internal parameters that occur due to tolerances in the manufacturing 
process [14]. Consequently, the expected poor generalization capabili-
ties of a data-driven model is verified and the conclusion can be drawn 
that for each stack a new model would have to be trained.

A variation of the split ratio offers insight into the amount of 
data needed for a good prediction. Considering Fig.  13 and Table  2, 
the prediction in the first test improves as the size of the training 
dataset increases. The complete dataset shown in Fig.  13 is very regular, 
simplifying the training drastically. However, this is not always the case 
as seen in Fig.  3(a).

A second test was performed with an extended dataset, including 
an anomaly at the beginning (Fig.  14). When performing the same 
variation of the split ratio on that dataset, it becomes evident that 
our model performance does not solely depend on the amount of 
training data, but on the quality and representativeness of the training 
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dataset as well. The anomaly dominates the first part of the training 
dataset. Therefore, accurate prediction is only feasible when the train-
ing dataset is large enough to capture the degradation behavior and 
classify the anomaly as non-representative. Using 1∕4th of the dataset 
for training, the model cannot learn the degradation, while with 1∕2th
the model can predict the degradation behavior well. Increasing the 
size of the training dataset further beyond 1∕2th does not lead to a 
better prediction. It should be noted that the prediction with 1∕2th
and 3∕4th of the training dataset is better for the larger dataset that 
includes the anomaly compared to the dataset without the anomaly 
(Table  2). Due to the black-box nature of neural networks, it is hard 
to isolate a single reason for this observation. The dataset with the 
anomaly is 30% larger, which is beneficial during training. This ar-
gument is contradicted by the fact that the additional data does not 
provide additional information about the degradation, as it is mainly 
comprised of the regeneration anomaly. Furthermore, the performance 
for 1∕2th of the larger dataset is better than that for 3∕4th of the 
smaller dataset, suggesting that the larger overall dataset is not decisive 
for the better performance. The anomaly within the data might have 
regularizing effects leading to better generalization on unseen data and 
thus improving the performance.

With this approach, physical sensor data cannot be used to predict 
the voltage output of the stack, as it must be fed as an input and is 
not known in the future. However, training a model with sensor data 
can be used to gain knowledge about the system’s behavior. By training 
the model with physical sensor data and comparing the prediction with 
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Fig. 14. Variation of the split ratio for a dataset with an anomaly early in the dataset. The blue markers represent the whole dataset, while the green markers 
represent the model prediction on the training dataset and the orange markers represent the model prediction on the test dataset. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)
the measurements, conclusions can be drawn about the fluctuations in 
the output voltage of the system. Incorporating the molar percentage 
of methane in natural gas and its lower heating value, significantly 
enhances predictions (Fig.  15), as voltage fluctuations are modeled 
with greater precision. The naturally fluctuating methane content of 
the natural gas has a direct effect on the amount of hydrogen in the 
reformate, which influences the voltage output of the stack. Thus, with 
the information on the methane content of the natural gas used, the 
power output of the system can be predicted more accurately.

5. Summary and conclusions

In this study, an approach has been presented to predict the voltage 
of a FC-based CHP-system under dynamic load employing a finetuned 
FNN model achieving a high accuracy with a RMSE of 6.07 mV. 
All essential input features are derived from the load level and en-
code its development. However, a robust prediction could be achieved 
without the need for sensor data. For this purpose, individual input 
features were subsequently added to observe their effect on the model 
performance. Bayesian optimization, implemented using the Optuna
framework, identified a set of hyperparameters that yielded a highly 
accurate model. Due to the poor generalizability of data-driven models, 
applying the model to data from previous test configurations, including 
a different stack, yielded poor results.

Furthermore, the split ratio between the training and the test dataset 
was altered, showing that a well-performing model can already be 
12 
obtained from a training window of 200 h. However, the amount of 
data needed for a good prediction depends to a large degree on the 
quality and representativeness of the training dataset.

In order to predict the deviations from normal operation, the gas 
composition of the natural gas was introduced as an additional input. 
Specifically, the molar percentage of methane and the lower heating 
value were added. The additional information on the gas composition 
resulted in a good prediction of the voltage fluctuations, suggesting that 
they are caused by the naturally fluctuating methane content of the 
natural gas.

Furthermore, a model was trained on the data from a commercially 
used system outside of a strictly regulated laboratory environment.

Although this study successfully showed how a simple FNN can 
be implemented to predict the performance of a dynamically operated 
FC-system, it is limited by the necessity to encode the temporal infor-
mation in order to deduce dependencies rather than capturing these 
dependencies directly. While this is sufficient for applications where 
rather simple load cycles can be expected, for applications exhibit-
ing more complicated load cycles (e.g. applications in mobility) an 
approach directly capturing the dependencies could be more efficient 
and better performing. Reservoir computing could be such an approach 
with minimal computational effort and the possibility for dynamic 
inputs [27,28]. Successful and reliable degradation predictions of FCs 
based on the load profile could lead to more economic operation and 
further implementation of the technology.



A. Tilgner et al.

Fig. 15. The model prediction and the measurement data with respect to the operating hours after incorporating gas parameters (the heating value and methane 
content) into the training. The trendlines show the linear regression of the measurement and the prediction.

Fig. 16. Application of the model architecture on data of a commercially used system.
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