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Abstract 

Proton Exchange Membrane Fuel Cell (PEM-FC) is a technology that is associated with three main 

challenges that can be summarised as cost, reliability and lifetime. Current global research in PEM-FC 

focuses on reducing the use of expensive precious materials to reduce costs. Research is also 

improving the way fuel cells internal subsystems (water management, thermal management, power 

conditioning unit, gas supply management) are being controlled, managed and operated to enhance 

reliability and lifetime.  

This thesis takes the FC research to a different level of abstraction to reduce FC internal 

degradation. The proposed work does not focus on current FC global research trends. Instead, it 

addresses the different fuel cell challenges by proposing new solutions to the external factors 

(dynamic of the load, battery size, etc.) affecting a FC during operation. The formulated thesis 

hypothesis is therefore: 

 “Reduce the FC internal degradation and address the above three FC challenges by looking at the 

overall FC system (FC, battery, DC/DC converter, load) and ignoring the FC internal subsystems and 

subcomponents (water, thermal management, power conditioning, gas supply management). This 

research differs from previous work as it does consider a FC as a black box and only work on how 

to better control external components that have a negative impact on the fuel cell durability.”  

This research work proposed three main interrelated “antidotes” to address the PEM-FC premature 

failure, thereby reducing cost, reliability and lifetime issues:  

a) Development of an optimisation technique to size the intermediate battery buffer 

component within a fuel cell system.  

b) Devise a method to optimise the fuel cell electrical power output using the proposed double 

PID control system. 

c) Devise a method to optimise the fuel cells operation and reduce battery stresses using 

advanced predictive Artificial Intelligence (AI) technology.  

The outcome from this research work demonstrates how it is possible to reduce the fuel cell and 

battery degradation while feeding load requirements. 

Key Words: Fuel Cell Aging, Battery Aging, Fuel Cell, Energy Storage, Hydrogen, Energy, Battery 

Sizing, Artificial Intelligence, Fuel Cell Control, Fuel Cell Artificial Intelligence, PID Fuel Cell Control, FC 

modelling, Slew Rate Battery Sizing technique 
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1  

1 Introduction to the PEM Fuel Cell Technologies 

This chapter provides a brief introduction to the rationale behind the research presented in this 

thesis. It first illustrates that there is an absolute need for a shift in the way energy is being used to 

reduce and avoid irreversible climate change issues. It then defines how the fuel cells technology 

could play a vital role in this shift. It describes the PEM fuel cell technology and the problems 

associated with this technology. It then provides the essence of the work and summary of each 

chapters and finally conclusions. 

 

1.1 Introduction to the Thesis  

PEM Fuel cells represent a promising candidate for contribution to the future energy generation 

while supporting the reduction of environmental pollution when green hydrogen (generated from 

renewables) is used as their fuel. Due to their high efficiency and clean operation, fuel cells could 

replace traditional fossil fuel based energy system in all main energy sectors: automotive, stationary 

energy (heat and electrical power) and portable power sectors. However, a number of challenges 

have delayed the wider uptake of PEM-FC’s into the market place. The most important challenges 

are: cost, reliability and lifetime. 
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This thesis aims to support the uptake of fuel cells, by addressing these three main issues. This is 

achieved by reducing the fuel cell premature aging and thereby indirectly improves its lifetime, 

increases its reliability and also reduces the life cycle cost of the fuel cell energy system. Three main 

topics are investigated in this thesis: (a) how to optimise the size of intermediate battery buffer 

components within a fuel cell system, (b) how to optimise the fuel cell electrical power output using 

a proposed double PID (2PID) Control system while reducing negative stresses on the FC, and (c) how 

to further reduce the stresses on both the fuel cell and battery energy storage using advanced 

predictive Artificial Intelligence (AI) technology.   

 

1.2 The Need for New Energy Solutions 

It is clear that any current energy system mainly based on fossil fuels is fast evolving to a new era. 

This is due to (a) the ever rising fuel prices as supply cannot meet demand [1] and (b) global concerns 

related to the negative impact hydrocarbons have on our environmental surrounding, such as air 

pollution leading to health issues and deaths, rising sea levels and climate change [2].  

At present hydrocarbon fuels, including oil and gas delivers over 80% of world population`s energy 

demand [3]. Such demand for energy has been rising for decades. This is expected to further increase 

in the future for the following main reasons:  

a) Increase in population with 7.2 billion in 2014, and an expectation to reach 7.7 billion 

in 2020 and 9.7 billion in 2050 [4].  

b) Increase in household demand with more electrical appliances, mobile phones, 

several televisions per house, electronic games, etc. 

c) Increase in transport demands, due to rising number of vehicles for private 

transport, higher air travel growth and higher logistic requirements for 

shipping/distributing goods.  

d) Increase in the heating and cooling requirements both for domestic and industrial 

sectors [5], [6].   

The demand increase is also due to the fact that many developing countries, that did not have access 

to electricity in the past, are now developing at a fast pace. It is a fact that the inhabitants living in 

these developing countries also want access to better living. Regrettably, better living also means 

access to more energy. This results in burning of more hydrocarbons and worsening the current state 

of our environment.  
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Unfortunately, if the energy demand continues to increase with the use of hydrocarbon fuels, 

increased levels of carbon emissions with permanent irremediable climate change will take place [2].  

To avoid such a catastrophic environmental scenario, there is a need to develop more new and 

efficient carbon free energy systems. Fuel Cells fuelled by renewable hydrogen (hydrogen being 

produced from renewable source of energy) are regarded as key components [7]. 

The European Commission (EC) has identified hydrogen technologies, including Hydrogen Fuel Cells 

(H2FC), as being a top priority and has devoted 1.5 billion of Euros for research and development [8]. 

The US department of Energy has also identified H2FC as a priority with Canada, Japan, South Africa, 

Germany and other countries fast following this trend [9], [10], [11]. Amongst these large 

investments, it is important to note that H2 fuel is free of carbon. As such when used in a fuel cell to 

generate power, there are no associated carbon dioxide emissions (CO2). Therefore the wide 

deployment of H2FC technology could avoid the irreversible climate change. 

With that level of investment and support from both the public and private sectors, it is clear that 

fuel cell technologies have a future at the global level and that there is a need for innovative 

solutions to support their wide deployment.  

 

1.3 What are PEM Fuel Cells? 

Fuel cells (FC) can be simply described as a device that takes hydrogen fuel and oxygen reactants to 

generate heat and power, with the only by-product being water. This is shown in Figure 1-1.  

 

 

 

 

 

Figure 1-1: Fuel Cell diagram block. 

 

In the most basic formulation, FCs are electrochemical devices that convert the chemical energy 

found in hydrogen into Direct Current (DC) electricity without any combustion (as per the internal 
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combustion engine). During such conversion, heat is produced (which can be captured or released 

depending on the application) and water is collected and released back to the atmosphere (or can be 

used for other applications if needed) [12]. If the hydrogen supplied to the fuel cell is produced from 

a renewable system (wind, solar, direct sunlight, etc.), then no pollution associated with the 

hydrogen from the fuel production up to its consumption in a FC. It is said that under this condition, a 

complete non-carbon dioxide emitting cycle is reached.  

There are many different types of fuel cells. Each of which can be characterised by the type of 

electrolyte, the fuel used to supply the FC (H2, natural gas, methanol, etc.), its size, operating 

temperature, and finally the domain of application. 

This thesis focuses on low temperature Proton Exchange Membrane (PEM) fuel cells, also known as 

low temperature Polymer Electrolyte Membrane (PEM). Typically, the temperature of a PEM is 80oC. 

Figure 1-2 illustrates a basic PEM fuel cell that consists of an electrolyte (Proton Exchange Membrane 

in yellow colour in the figure below), an anode with catalyst on carbon structure PT(C) on one side, a 

cathode with catalyst on carbon structure PT(C) on the other side and a gas diffusion layer (again one 

at each end of the cathode and anode). 

 

 

Figure 1-2: PEM Fuel Cell internal components [13]. 
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The electrolyte used in a PEM is a thin polymeric membrane that is permeable to protons but not to 

electrons (the electrons go to the load supplying electricity). Platinum is the most common catalyst 

used in PEM-FC. The catalyst assists in two main tasks: (a) supporting the Hydrogen Oxidation 

Reaction (HOR) at the anode; (b) helping the Oxygen Reduction Reaction (ORR) at the cathode. A gas 

diffusion layer is used to guarantee that hydrogen and oxygen gases are well distributed across each 

of their respective sides of the membrane surface.  

When compared with other technologies, PEM fuel cells provide a number of advantages and 

benefits that make them suitable for a variety of applications. For instance, PEM fuel cells are fairly 

compact, small in volume and weight when compared to batteries and combustion engines [14] [15]. 

At the same time they only need a few minutes to refill their hydrogen fuel tank, unlike batteries that 

needs several hours for a full charge [14].  

Such characteristics make PEM fuel cells an attractive technology that can be used in a large number 

of applications. In addition to this, PEM-FCs have been demonstrated not to be disturbed by 

vibration and their orientation (up, down, sidewise). Such characteristics make them highly suitable 

for stationary, portable and automotive applications. 

 

1.4 General Issues on PEM Fuel Cells Technologies 

Because of the above encouraging characteristics, PEM fuel cells have attracted the attention of 

major companies all over the world from the automotive and stationary sectors. For example, 

companies such as Toyota, Suzuki, Daimler-Chrysler, Ford, General Motors, Hyundai, BMW, Nissan, 

have all developed H2FC vehicles [16]. Similarly, companies such as Toshiba, Apple Inc., have 

invested heavily in fuel cells for stationary and portable power (mobile phones, and laptops) [17], 

[18]. 

Even though substantial investment has been made in FCs by the above multinationals and other 

investors, the technology is currently not fully established and as such has not been extensively 

deployed into the marketplace. The current main fuel cell challenges are [19], [20], [21], [22]: 

a) Cost; 

b) Durability and;  

c) Performance.  

Currently, the cost associated with a PEM-FC is fairly high. For a stationary application, the cost today 

of a fuel cell is over $4000 for a 1kW stack and around $20,000 for a 5kW stack [23]. However, the 
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International Energy Agency (IEA) report “Global trends and outlook for hydrogen” (2017) [24] sets 

the 2020 targets for a successful fuel cell competition in the marketplace as: 40 $/kW for automotive 

applications and 1,000 $/kW for stationary applications. This illustrates how highly priced the current 

fuel cell devices are when compared to the targets set by IEA. It also illustrates how challenging it will 

be for the PEM-FC technology to reach wide commercialisation unless some real breakthrough to 

decrease costs is achieved in the near term at all levels. This is made even more problematic with the 

fact that the PEM-FC associated lifetime, reliability and performance are still relatively low compared 

with other existing technologies such as combustion engines.  

In terms of the lifetime, the expected lifetime for PEM-FCs within an automotive application is about 

3,900 hours [25]. This is a fairly low number of operational hours when compared to the 8,000 hours 

of an internal combustion engine [26]. Recent fuel cells introduced into the market from Ballard 

claim a lifetime of 20000 hours [27], though real in the field data is still not available. To put this into 

context, 3900 hours operation corresponds to around 150 000 km in distance. Though this distance 

may be appropriate for a common home owner car, this is not the case for trucks and buses.  On the 

other hand, the lifetime of a FC in a stationary application achieves between 20,000 to 40,000 hours 

[28].  

Currently, the industry has set a lifetime target of 5,000 hours by 2020 with an ultimate target of 

8,000 hours [25] for the automotive car sector. For buses, the number to be reached is around 

25,000 hours by 2020 [29]. This corresponds to 1,000,000 km in distance. A lifetime of 60,000 hours 

by 2020 [28] is expected for a stationary application which allows a FC system to operate between 5 

to 8 years.  

Nowadays the industry expects that mass production of PEM-FCs will take place. If this is the case, 

then it is anticipated that the price of fuel cells will drop to financially acceptable levels. It is, 

however, also expected that new materials must be found to increase the lifetime and that better 

control methodologies will be developed to improve the performance of PEM-FCs [30]. 

This is why most of the available documented research is currently focused on better and more 

durable materials for the membrane, catalyst and diffusion layers [31]. Similarly, a vast amount of 

published research is also focused on new geometrical structures and configurations allowing the 

better spread of hydrogen and oxygen gas around the cells and lowering the number of hot spots 

that reduce the lifetime of the FC [32], [33]. 

All of the above research topics are aggravated by the fact that there are external environmental 

issues that affects the life, performance and therefore the lifecycle cost of fuel cells. For instance, 
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cold start of fuel cells and high power demand at cold start affects the membranes durability. 

Similarly, impurity in the gases (hydrogen and oxygen) reduces the life of the PEM-FC [34], [35], [36], 

[37]. 

At the same time, PEM fuel cells usually operate as part of larger systems. These systems include 

power electronic conversion devices such as DC/DC converters or inverters and some form of short 

term intermediary energy storage system (i.e., battery, supercapacitors). Thus, a PEM-FC system 

becomes more complex and this creates other issues that require the attention of researchers. For 

instance, the appropriate control of the flow of power plays a significant role in ensuring a fuel cell’s 

longevity [38].  

 

1.5 Recent Research Activities on PEM Fuel Cell Degradation 

It is only recently that a substantial amount of research has focused on advanced modelling 

techniques and control strategies to reduce the negative effect of the load fluctuation dynamics on 

the FCs. The aim is to improve the lifetime, make better use of the resources (hydrogen fuel, oxygen, 

heat management, water control, etc.) and as such increase the efficiency. According to an IEA study, 

it has been announced that: 

“There are limitations in the currently available modelling software and tools and this is one of the 

major stumbling blocks for the wide penetration of hydrogen technologies [39], [40].”   

Taking into account the challenges associated with PEM-FC together with the IEA statement and the 

need for better control strategies to allow the good functioning of an overall fuel cell systems, the 

work presented in this thesis aims to reduce the fuel cell premature degradation and aging through: 

1) Developing an intermediate battery sizing model for fuel cell systems to reduce 

premature degradation and aging. 

2) Developing an advanced double PID (2PID) control and management system model to 

further reduce the degradation of fuel cells, thereby increasing fuel cell installations 

viability. 

3) Developing an Artificial Intelligence energy forecasting system to reduce the negative 

impact of load fluctuation on the FC. 

The application of the above techniques aims to reduce the overall lifecycle cost of fuel cells by 

improving the performance and durability of the PEM-FC. The three main issues with fuel cells (cost, 

performance and durability) are therefore targeted in this work via the development of solutions 
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targeted at better operation of the overall fuel cell system and not solely focusing on the internal 

parts of the fuel cell itself.  

 

1.6 Thesis Outline 

Chapter 1 provides a very brief overview of the global energy situation in relation to the irreversible 

climate change risks if no action is taken in the development and deployment of novel non-polluting 

technologies. It defines the need for new, cleaner and more efficient electricity generation systems 

that can be used in a multiple of applications (transport, stationary and portable). It provides an 

introduction to PEM-FC technologies and identifies that if applied widely and using renewable 

hydrogen fuel, can reduce and potentially reverse the negative climate change trend. It also shows 

that there is a need for new modelling techniques to support the sizing and best operation of a 

hydrogen FC systems. This chapter identifies that there is a need for more fuel cell and hydrogen 

generation models to democratise these technologies and lower many of the barriers to adoption of 

the technology.    

Chapter 2 provides the background to this research. It summarises the different challenges facing the 

fuel cell industry and that need to be addressed before a wide deployment of the technology can be 

achieved. It shows that despite the progress achieved in this field to date, there are still major issues 

to be resolved at three main levels. It points out the need for innovative solutions to reduce 

performance and durability issues, to make a real difference in the lifecycle cost of fuel cells.  It 

identifies that better control and management techniques must be developed if fuel cells are to be a 

success. It also identify that the current shortcomings of the existing FC technology system provide a 

perfect opportunity for new modelling and advanced control technologies. The chapter ends by 

describing the thesis’s hypothesis and the three main areas of research that this work focuses on. 

Chapter 3 investigates the negative effects that a load has on a hydrogen fuel cell. It shows that 

many of the observed degradation and premature aging of fuel cells is directly related to the load 

and how this can be reduced through the appropriate sizing of the associated battery energy storage 

technology. It introduces the concept of a deterministic algorithm based on the use of Slew Rate (SR) 

modelling technique to automatically recommend a battery size. It provides the simulation results 

through a case study, illustrating the effectiveness of the deterministic algorithm in sizing the battery 

and the positive impact it has on the fuel cell. 

Chapter 4 investigates methods that can be used to further reduce the degradation effect of a load 

onto a fuel cell. It identifies that fuel cell premature aging can be further lowered by the application 
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of advanced control techniques. It provides knowledge contribution by improving the management 

of the fuel cell power output and the battery power through a new advanced PID double loop control 

algorithm.  

Chapter 5 examines how to further improve the lifetime of the fuel cell system by implementing an 

advanced Artificial Intelligence (AI) load predicting technology. It shows that the innovative 

combination of the proposed battery sizing model of chapter 3 and the proposed double loop PID of 

chapter 4, together with the application of AI Load prediction can provide an optimum methodology 

to reduce the fuel cell and battery degradation due to load stressing.  

Chapter 6 provides a case study to validate the formulated hypothesis that fuel cell degradation 

related to load stressing can be further reduced by the load forecasting AI algorithm of chapter 5, 

operating in association with the double PID control system and with the battery sizing SR 

deterministic model of chapter 3.  

Chapter 7 concludes the work done in this thesis; it demonstrates the contribution to knowledge and 

provides recommendations for further research that could support the increased uptake of fuel cells.    
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2  

2 Challenges to the PEM Fuel Cell technology 

As previously stated in Chapter 1, there are three main issues associated with PEM fuel cells: (a) cost, 

(b) durability and (c) performance. These issues provide an opportunity for the different players 

(academics, public and private sectors) to develop solutions in order that fuel cells can be widely 

deployed.  

Currently, research on cost reduction (first issue) is very extensive and widely supported by the 

different players operating within the fuel cell sector. The U. S. Department Of Energy (DOE) 

Hydrogen and Fuel Cells Program Record, DOE has sponsored research has reduced the price of a 

fuel cell (for automotive) by 60% since 2006 [41]. Research is focused on the development of novel 

and cheaper materials, new assembly and manufacturing strategies and stronger sealing. Added to 

this, the research also focuses on improving the overall efficiency of fuel cells through time by 

making them durable (longer lifetime – second issue) and with higher overall performance (third 

issue) by ensuring lower degradation in power output through time and more reliability (reducing 

failure rate).  

In essence, there are many factors that can negatively affect the operation of a PEM fuel cell and 

lead to premature aging and thus early failure. Some of the most documented issues are associated 

with inappropriate control strategies used to supply hydrogen/oxygen gases and bad water/thermal 

management strategies. These are internal PEM-FC stack related issues. 
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Similarly, the environment where the PEM-FC operates and the profile of the load power demand 

can affect the performance and lifetime of the PEM-FC. For instance, frequent ON/OFF and highly 

fluctuating cyclic loads have been proven to have a detrimental effect on a lifetime. Impurity 

contamination from inlet gases and the exposure of the PEM-FC device to severe thermal weather 

conditions have been found to cause a substantial number of early failures [42]. These are external 

PEM-FC issues. 

As such, it is important to understand the different challenges that need to be resolved before PEM 

fuel cells can become a more widely used commodity. It is also important to define the mechanisms 

by which these take place in order to define an effective strategy to resolve some of the different 

PEM-FC issues.  

Therefore, this chapter provides a literature review of the different challenges facing the PEM fuel 

cell industry with a focus on the different degradation mechanisms affecting their durability and 

performance. It also provides a summary of the mechanisms that leads to these issues. The aim is to 

understand what causes the problems, and then propose a methodology that can address some of 

the most common PEM fuel cell challenges.  It then demonstrates that there is a need for novel 

control strategies to support the uptake of hydrogen PEM fuel cell technology. 

 

2.1 PEM-FC Performance and Durability Issues 

There are many performance and durability issues associated with PEM fuel cells. These can be 

divided into two main groups based on the origin of cause: 

a) Internal operative issues: These are issues related to the malfunction or inadequacy of the 

PEM fuel cell control and management system to ensure the correct operative conditions. 

Among the internal operative issues the most common are: 

- Gas starvation issues  

- Thermal management issues  

- Water management issues 

b) External operative issues: These are issues related to how and where the fuel cell is being 

used. Among the external operative issues the most common are: 

- Start-stop cycling issues 

- Load cycling issues  

- Issues operating the FC in extreme freezing ambient condition.  
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The below sections provide a description and a literature review on these common issues found 

within the above two categories. 

 

2.1.1 PEM-FC hydrogen and/or oxygen gas starvation issues 

One of the most common PEM-FC problems occur when hydrogen or oxygen are poorly distributed 

on the surface of the membrane and cause what is known as “starvation effect” [43]. This problem 

mainly occurs during sudden high power load demands.  

However, it can also take place when there is too much water on the cells or in the presence of ice 

due to external adverse weather conditions. Moreover, this issue has also been observed during a 

reduction of the supplied hydrogen or oxygen reactants. In this case, it is said that the supply of fuel 

and oxidant is unbalanced. Similarly, the issue has been documented to arise in PEM fuel cells with a 

poor cooling system (thermal management is inappropriate). Furthermore, starvation takes place 

during sudden and rapid fluctuation of the load power (high dynamicity of operating load condition 

behaviour) and other internal and external PEM fuel cell conditions [44].  

The above issues have been documented to cause starvation either at the hydrogen fuel or oxygen 

gas levels (anode and cathode sides). These problems usually occur when the PEM-FC is operating at 

what is known as the sub-stoichiometric reaction conditions.  

There are times where hydrogen starvation initiates when air is present at the anode gas channel 

(hydrogen fuel side). This phenomenon has been mainly detected at a first start up or after a 

prolonged shut down and FC has been purged from its fuel.  

Operating under starvation conditions lead to the performance of the PEM fuel cell degrading rapidly 

and usually with an immediate cell voltage drop. In effect, operating a PEM-FC under these 

conditions has been deemed hazardous for the stack [45]. Unfortunately, and under severe hydrogen 

starvation conditions, cell voltages have been witnessed to drop to a negative value. In this particular 

case, where there is a lack of hydrogen fuel reaching the cells, oxygen will be produced at the anode. 

As such, an oxygen/hydrogen environment is created at the anode side of the membrane. 

In contrast, on the cathode (oxygen side of the PEM-FC) carbon corrosion and water electrolysis 

(hydrogen being produced) take place. This means that both sides of the PEM fuel cell, anode and 

cathode, contain hydrogen fuel and oxygen oxidant with all of the associated risks of unwanted 

potential combustion atmosphere that this situation brings.  
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The above situation leads to the PEM fuel cell ‘current’ being produced from carbon corrosion which 

in turn will form carbon dioxide, poisoning the anode and cathode operating environment. 

Furthermore, as hydrogen is available at the cathode side and oxygen at the anode side (due to the 

electrolysis process created by the starvation) the PEM fuel cell reaches reverse polarity. Regrettably, 

the starvation process causes irreversible damage to the PEM-FC’s catalyst layer at the anode side. In 

literature, this phenomenon is known as “reverse current decay mechanism”. [46].   

It is therefore critical to design PEM fuel cells with: (a) appropriate gas distribution channels for an 

optimum gas distribution along the membrane, and (b) a control system that can handle the reverse 

current decay phenomenon.  

At the present time, the main mitigation measure being developed to solve the performance issues 

related to starvation is the supply of fuel cells with high-quality monitoring systems [47]. These 

systems continuously monitor the level of reactants (hydrogen and oxygen) within the cells at all 

times and apply the appropriate mitigated measure such as increasing the flow of fuel or oxidant or 

purging the cells. Unfortunately, these advanced control systems add cost and substantial 

complexity to an already complex FC control methodology. This shows that the current mitigation 

measures are not adequate and that there is a need for new methodologies to address the 

starvation phenomenon associated with the gas supply. 

 

2.1.2 PEM fuel cell thermal management issues 

It has been widely documented that load fluctuations from low to high power demand have a 

significant negative effect on a PEM fuel cell performance [48], [49], [50], [51]. Such fluctuations 

directly affect and are responsible for long term durability issues with the stack, all of which relate to 

an ineffective thermal control and management of the PEM fuel cell.  

As an example, during a period of low power demand, substantial level of water humidity is 

produced by the PEM fuel cell and if not completely evacuated, this can lead to thermally harmful 

condition. Generally, the control system aims to ensure that the majority of the produced humidity is 

evacuated without damaging components. However, as water is being produced in large quantities 

(at low load power conditions), all water cannot be completely evacuated from the PEM-FC by the 

control system. 

The reason for this is that the PEM fuel cell operates at a low temperature. Low load power demand 

means low level of activities within the stack, which in turn leads to a low operating temperature of 

the device. The temperature being low does not support the evaporation and evacuation of the 
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humid exhaust gases. In this case, the low load power demand causes the membrane to expand due 

to being exposed to ‘excess humidity’. It is said that the membrane inflates or swells at low power 

demand conditions under high level of Relative Humidity (RH) [37].  

On the other hand, the membrane shrinks when the PEM fuel cell operates at high power. At high 

current, the cells do get hotter. This leads to a drying effect. In other words, the humidity that is 

present in the stack will evaporate at a fast rate and evacuate the cells more rapidly.  

Under this scenario, the cells will get dryer, meaning that they will shrink and get smaller. Frequent 

load changes from low to high and vice versa will lead to a fast change in cells volume (full of 

humidity means that they swell, or in dry conditions that they shrink) [37]. These volume changes 

induce material expansion and contraction stresses which have been documented as leading to early 

mechanical membrane failures [52]. Both durability and performance are affected in these particular 

conditions that are related to thermal management of the device (during low and high load power 

demand).   

Several studies have shown that bad thermal management is the source of major catalyst 

degradation [53], [54]. These kinds of scenarios are most often seen when PEM fuel cells operate as a 

backup power supply and operate at low ambient temperature condition. In these cases, the fuel cell 

is not operating most of the time, and said to be in the off state (switched off) waiting to be called 

upon (switched on). As such, being in the off state means that the cells are usually exposed to low 

temperature ambient condition when stored or located within a low temperature housing (e.g., 0 to 

5oC).  

However, when a backup power PEM fuel cell is called upon to generate power (switched on), it 

most often requires to reach its maximum power output within seconds (if not milliseconds) in order 

to supply the load with electricity. In this case, the fuel cell will be subjected to extreme starvation as 

it has to cope with many issues at the same time, such as:  

a) extremes of thermal and humidity management; where the fuel cell starts from cold 

conditions where there is no humidity on the cells and FC is still required to generate high 

power,  

b) difficult fuel and oxidant management; because at start up there is a lack of hydrogen 

reaching the cells in time for the reaction to take place. This is also sometimes the cause for 

oxygen too causing further thermal issues, 
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c) the PEM fuel cell must also cope with any load fluctuation; creating an even further thermal 

and humidity challenges which need be dealt with by the thermal control and management 

system.  

When being installed as a backup power system, the fuel cell will be subjected to these low to high 

temperatures each time it is called upon. This is in addition to enduring unpredictable high load 

fluctuation conditions. All of these will lead to faster premature aging of the catalyst and membrane. 

Faster aging means shorter lifetime and early stack failure thereby lowering the durability and the 

performance throughout the lifetime of the PEM fuel cell. It also means that the PEM fuel cell 

lifecycle analysis will show a much higher cost attributed to a device that is already perceived as 

being expensive.  

Further to the above, it is demonstrated in the literature that the lifetime of PEM fuel cells is 

negatively affected when operating in sub-zero conditions [55], [35]. Both fast cycling (rapid 

fluctuation between low to high power and vice versa) and long period of time cycling between sub-

zero temperatures and above zero operating conditions further accentuate the degradation and has 

a direct lifetime shortening effect.  

In these conditions, it was shown that the membrane is delaminated through time. As fuel cells have 

humidity, and that humidity transforms into ice at sub-zero weather conditions, all of the internal 

components of the cells gets affected. This includes the gas diffusion layer, catalyst, the membranes 

etc.  

Unfortunately, delaminated components do lead to loss of electrical and thermal surface contact 

between the different layers that make up a cell. As such, a PEM fuel cell being subjected to cold 

weather condition and high power fluctuations will lead to a delaminating phenomenon and will not, 

through time, be able to supply its rated power output.  

The above shows how critical is to develop fuel cells with good thermal management systems. These 

systems should take into consideration both the internal environment of the fuel cell (temperature, 

water content, availability of fuel and oxidant in appropriate quantities and age of the device) and 

the external ambient conditions.  

The aforementioned demonstrates that better thermal control and management systems are 

needed in order to alleviate the above issues. In addition, it is important to note that load power 

demand fluctuations can have a negative impact onto the fuel cell thermal management and as 

such novel methodologies are required to resolve these issues. 
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2.1.3 PEM fuel cell water management issues 

As described in the previous section, PEM fuel cells produce water as part of the electricity 

generation process. As such, the optimal operation of a PEM-FC is intrinsically linked to the correct 

management of water. This subject has been extensively researched [54], [56], [57], [58] and there 

are two main fundamental tasks associated with the water management system: 

 Ensure that the membrane is adequately hydrated. 

 Avoid flooding of the gas diffusion layer, catalyst layers and the gas flow channels. 

The above two tasks almost contradict one another. Firstly, the Water Management System (WMS) 

must ensure that there is enough humidity within the catalyst layer to guarantee high proton 

conductivity. In other words, the appropriate level of humidity must be present in order that protons 

transfer from the anode catalyst layer to the cathode catalyst layer. As such, the WMS, through its 

humidification function plays a significant role ensuring the high performance of the fuel cell. 

Secondly, the WMS must not allow the build-up of water within the fuel cell layers as, if this occurs, it 

will negatively impact on performance but also on the lifetime of the device. As such, an optimum 

equilibrium must be obtained between guaranteeing the appropriate level of humidity and avoiding 

flooding as both create performance and potential degradation issues. 

It should be noted that there are a number of chemical, mechanical and operational conditions that 

lead to issues with managing the water at the cell level within FC stack. As per the previous section, 

these occur under both highly fluctuating loads and high load power demand.  

During these extreme fluctuating and high power demand conditions, substantial amount of water is 

produced. Similarly, problems also arise at low temperatures where there is a high level of humidity 

forming at cells level. In these situations, the hydrogen and oxygen gases could become saturated 

with water vapour. The saturation effect will lead to condensation on both the cathode and anode. 

This, in turn, will lead to lower fuel cell performance. It is, however, important to note that this 

condition is more likely to occur at low power operational conditions and during highly fluctuating 

loads. It is seldom seen at steady high power output of the fuel cell. 

The above issues demonstrate how strongly linked the performance of a PEM fuel cell is to the 

control and management of the water being produced. Too much water left in the cells will result in 

the cells becoming flooded, thus the membrane swell. Too little water leads to lowering the 

membrane’s proton conductivity, and at the same time it shrinks.  
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Both flooding with swelling and low proton conductivity with shrinking of the membrane lead to:  

 irreversible performance,  

 durability issues, and  

 increase in lifecycle costs  

The three above comprise the three main PEM fuel cell problems; as such better water control and 

management systems are needed in order to address the above challenges.  

In order to identify the potential solution for the WMS issues, there is a need to understand the 

causes and the consequences of these issues in more detail, in addition to localising these 

conditions whether occurring at the anode or cathode. The following four subsections describe 

water flooding conditions and the issues associated with dehydration.  

 

2.1.3.1 PEM fuel cell water flooding conditions 

The excess water condensation inside the stack could obstruct the chemical reaction at cell’s levels. 

During this condition water usually obstructs the Gas diffusion layers (GDL) as well as the gas flow 

channels. For instance, the GDL pores filled with excess water ‘micro droplets’ (or humidity) cause a 

reduction on the size of pore / holes available for the reactants to spread across the membrane and 

therefore a lower chemical reaction will occur within the stack [57], [58].  

In addition to this, water flooding means that the hydrogen and oxygen gas will be diluted and 

diffused into the water, creating inefficiencies at all levels (e.g., more hydrogen/oxygen must be fed 

to the cells and more power from the fuel cell will be consumed by the Balance of Plant (BoP) in 

order to supply the increased demand for reactants. In addition more water management is needed 

to reduce humidity levels and more thermal management needed to manage the evaporation of the 

humidity).  

It should be noted that, if there are a limited number of pores still operating under flooding 

conditions, the gas supplied to the cells will be required to find alternative channels. The gas will 

either escape or cross over will be stimulated [58]. This will result in a possible pressure decrease 

across the different cell’s components.  

Obviously, the above problems will depend entirely on the operating conditions of the fuel cell and 

the properties of the different components that make up the Membrane Electrode Assembly (MEA). 

In the vast majority of instances, flooding would occur when there is a high power demand from the 
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load after the fuel cell has been operating at low power for a long period of time. The low power 

demand would have resulted in high production of water and closing the pores. When this situation 

occurs and the fuel is presented with a high power demand, the WMS would usually struggle to 

remove the water at a rate that would be satisfactory to operate the fuel cell without issues. 

In contrast, there are times where flooding is observed at low external temperatures. For this to 

happen, specific conditions must be present. A good example is when the gas is fed to the cells at 

low temperatures (during cold weather conditions, hydrogen gas stored outside is cold) and fed at 

low gas flow rates. In these conditions, a faster water saturation of the gas can build up while water 

vapour is being created. Again this condition creates performance issues and degradation. 

The above illustrates how critical the impact of the load is on the fuel cell performance and lifetime. 

High power demand from the load may lead to the GDL pores and gas channels being water 

obstructed. Low power demand from the load associated with cold gases can lead to gas becoming 

saturated with water. This demonstrates that there is a need for an appropriate WMS and that this 

system should also ensure equilibrium (good balance) between: 

 The water needed inside the cells to ensure optimum chemical reaction and; 

 The water that needs to be carried outside the cells (extracted). 

The above also demonstrates that there is a need for novel control and management mechanisms 

that take into account load fluctuation as an integral part of any PEM-FC control system. 

 

2.1.3.2 What can lead to PEM fuel cell cathode flooding issues 

Though it is possible to observe flooding at both sides of the MEA, it is most likely to take place on 

the cathode. There are three main causes to water flooding at the cathode [58] as follows: 

 Reactant gases become saturated with humidity – Note that the Hydrogen PEM-FC 

community requires highly dry hydrogen gas supplies so that no external source of water 

enters the cathode. If that is the case, there will be no need for the WMS to deal with more 

water extraction than necessary. 

 High levels of water being produced due to the chemical reaction occurring at the 

membrane.  

 The low speed at which water is evacuated versus the rate at which it is being produced and 

the current membrane humidification level. This is known as the electro-osmotic drag issue 

[59]. 
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The above problems shows that there is a need for control and management solutions to resolve 

cathode flooding. 

 

2.1.3.3 What can lead to PEM fuel cell anode flooding issues 

The reason that the cathode side is the most likely side of the membrane prone to flooding is 

described now. It is the side where water is being produced. As such, it does take much more time 

for water to reach the anode and thus to build up to the level of flood. Therefore, the number of 

times the anode is flooded is low when compared to the cathode.  

Despite being less prone to flooding, the anode can also be negatively affected by the same issue 

[58]. Similar to the cathode, the performance of the fuel cell will be reduced and degradation will 

happen whenever flooding occurs. However, it is much more difficulty to extract water from the 

anode and therefore it is far better to prioritise the prevention of this taking place.  

In the majority of cases, water flooding of the anode takes place when the PEM fuel cell is operating 

at low power output, when temperature is low and there is less need for hydrogen and oxygen 

reactants. Therefore, it is important not to oversize fuel cells and their system components, but 

also to find control and management methodologies that does not allow them to operate at zero 

or very little load power demand. 

 

2.1.3.4 PEM fuel cell dehydration issues 

Membrane dehydration is a well-known PEM FC issue. It is mainly caused by lack of water due to bad 

water management. This problem occurs in the vast majority of cases on the anode side of the 

membrane. As water is produced at the cathode side, it is seldom the case that water dehydration is 

observed at that side of the cell. This phenomenon is known in literature as a “drying out” problem 

[57].  

A drying out condition leads to a resistance in proton membrane transfer from the anode to the 

cathode. As a result, the cell voltage drops, thus decreasing the fuel cell output power [60]. Frequent 

or long periods of operation in a dried out state causes an increased production of radicals. The 

presence of such radicals has been demonstrated to shorten the lifetime of the cells as they further 

degrade the membrane. 

In certain conditions, it is potentially feasible to reverse damages caused by dries out conditions. In 

contrast, there are times that dry out conditions are irreversible. Researchers have noticed that 
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dehydration often occurs at the inlet of the anode cell. The outlet of the anode is the channel 

whereby water is extracted with humid gas and therefore has less exposure to dry out issues. It is 

important to note that even though water is not being produced at the anode, there is still water 

crossover and therefore water and humidity find their way into the anode side of the MEA. 

Of interest, and while the cells are subjected to a drying out state, the pores get smaller in size. This 

decreases the rate of diffusion with protons transfer being lower than expected. There are three 

main causes associated with a dry out condition: 

 Low humidity of the hydrogen gas stream at the anode side during high temperature 

conditions where the system is not able to manage the lack of water.  

 Significant electro-osmotic conditions while the fuel cell is subjected to high power demand. 

This mainly occurs when there are step increases in the load and a lack of the appropriate 

amount of water production by the cell in response to this step change. This is also due to 

the fact that the back diffusions are not fast enough to supply water and thereby create a dry 

out condition.  

 Too much water evaporates due to the high temperature of the stack. 

The above literature review focusing on water management illustrates the destructive effect that the 

power variation of a load could cause to a fuel cell. Therefore, though there are other challenges 

that affect the PEM fuel cell durability and performance, the above sections demonstrate that load 

fluctuation plays a major role in creating PEM-FC issues. It also demonstrates that new techniques 

and solutions are needed to substantially reduce the negative effect that load fluctuation has on a 

PEM-FC. 

 

2.1.4 PEM fuel cell start-stop cycling issues 

Frequent starting and stopping a PEM fuel cell can lead to shortening its lifetime and lowering its 

operational performance. This issue has been widely investigated [61], [62], [63]. The findings show 

that the problems occur on the anode side of the membrane and under specific conditions.  

For example, when a fuel cell is switched off, the anode gas channel is usually purged with air and in 

some occasions flushed with nitrogen. As such the channel is filled with either an oxidant or an inert 

gas. It is when the fuel cell is switched back-on that a problem is observed.  

As soon as the PEM fuel cell is called upon (switched on), fuel is supplied and reaches the hydrogen 

gas channels. Despite H2 being available at the inlet of the gas channel, it does not reach the end of 
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that channel. In other words, the end of the inlet gas channel at the anode side of the membrane is 

filled with air (or N2 gas). As hydrogen fuel cannot reach the end of the channel, the fuel cell anode 

side is being starved from hydrogen at that particular end of the channel. This condition is 

documented in the literature as being a ‘fuel-air front’ issue [64].  

Unfortunately, this condition can lead to localised potential on the cathode to rise to up to 1.8V and 

at times it was observed to rise to even higher values [65], all of which are relative to the reference 

electrode. A number of techniques have been developed to deal with this issue and the solution that 

has been demonstrated to provide good results is the ‘voltage clipping’ method by potential control 

[66]. 

Again, though not directly related to a load power demand issue, the cycling issue worsens when 

there is high power demand from the load at the fuel cell start up. The higher the power demand is, 

the higher the starvation at the end of the channel. In turn, the higher the power demand, the 

quicker the failure of the fuel cell will be. This further illustrates and re-enforces the fact that there 

is a need to find a means to better control the PEM fuel cell power output when it is subjected to a 

load “cycling” demand. 

 

2.1.5 PEM fuel cell load cycling issues 

There are a number of applications that are faced with highly fluctuating loads throughout their 

operating life. One such application is found in the automotive sector, where PEM fuel cells are 

subjected to following a highly dynamic load and high cyclic on/off operation (see section 2.1.4 for 

issues associated with on/off cycling operation).  

The presence of rapid load variation with sometimes extreme power demand (idling from no load 

demand to full power) leads to significant stresses being endured by the cells. These stresses include 

thermal, starvation, and water management among many others.  

During these high power demand variations, it was observed that the platinum in the cells is affected 

[67]. At times, and under subsequent dynamic load transients from low to high load demand, this 

expensive material dissolves quickly leading to lower power output of fuel cells.  

Again, these observations illustrate that the dynamics of the load must not be undermined when 

developing PEM fuel cell control and management systems and that there is a need for novel 

solutions to support the uptake of PEM-FC technologies. 
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2.1.6 Starting-up a PEM-FC during freezing ambient conditions 

It has been described that the durability and performance of a PEM-FC can be greatly affected by its 

surrounding environment. Adverse weather conditions such as freezing temperatures while a PEM 

fuel cell is not operating leads to durability issues [34].  

The rationale behind this problem is that a PEM fuel cell operates with water (where appropriate 

humidity levels in fuel cells increase their efficiency), but also produces water whilst generating 

power. It was previously shown that improper control and management of water (section 2.1.3) has 

a detrimental effect on a FC. However, this effect takes a completely different dimension as when 

water freezes inside the cells, at below 0oC temperature, this causes severe thermal and mechanical 

stress to the cells. 

If a PEM fuel cell is subjected to these conditions a number of times, then the build-up of ice and its 

melting leads to freezing / defrosting cycles. Such recurring freezing cycles has shown to delaminate 

the catalyst layer from the membrane and the GDL [68]. As aforementioned, delaminating reduces 

the contact between the cell’s layers, leading to reduced power generation and therefore lower fuel 

cell performance and reliability. 

The level of stresses engendered onto the cells is directly related to the quantity of water available at 

the time that H2O freezes. The more water content within the cells inside a fuel cell, the more the ice 

is transformed (transform from liquid water to ice).  

This phenomenon is not helped by the fact that when a PEM fuel cell is switched on, it is 

programmed to operate at around 70oC to 80oC. Considering that some of the outside weather 

conditions can reach -20oC to -40oC, there are times where a fuel cell is subjected to a temperature 

swing of well over 100oC . 

Starting from freezing temperatures with the presence of ice inside the cells, it will mean that the 

cells will be harmed and come out of this phenomenon with their reliability and performance 

negatively affected.  

Some researchers have, under these circumstances, observed that cracks appear on membranes, 

where a substantial amount of water was left when the fuel cell was switched off (and the fuel cell 

was subjected to ice conditions) [69] [35]. In comparison, low humidity content in a fuel cell has 

exhibited low levels of degradation and delaminating.  

Similar to the above sections, switching on a PEM fuel cell from freezing conditions to full power and 

highly cyclical load damages the cells even quicker. This further confirms that better control of the 
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overall PEM fuel cell systems must be developed to reduce and negate the effect of the ice crystals 

forming in fuel cells. 

 

2.2 What are the Main PEM Fuel Fell Degradation Mechanisms 

Having discussed the different challenges affecting PEM fuel cells durability, performance and as 

such increasing their lifecycle costs, it is important to understand what the mechanisms are that can 

lead to degradation of fuel cell stack components. Therefore, this section summarises the most 

common mechanisms that leads to FC problems as discussed in the previous section 2.2.  

 

2.2.1 PEM-FC membrane degradation mechanisms 

Degradation at the proton exchange membrane level is one of the greatest issues facing the PEM fuel 

cell industry. In essence, there are three main degradation mechanisms associated with the 

membrane [70], [71]: 

 Chemical and electrochemical issues. 

 Mechanical degradation. 

 Thermal problems. 

When the MEA is subjected to electrochemical degradation, pinholes can build up in the membrane. 

Such a negative chemical reaction on the MEA has shown to precipitate the failure of the cells and 

cause the destruction of the MEA [71], [72].  

In its worst case, this damaging electrochemical reaction at both ends of the cathode and anode 

catalysts can lead to the production of hydrogen peroxide and also peroxide radicals. The unwanted 

presence of radicals is usually responsible for additional chemical issues on both the catalysts and 

membrane [71], [73].  

This leads to a domino effect, where one problem engenders another one and so on. In fact, the 

above chemical condition is further aggravated as the chemical reaction picks up pace (accelerates) 

during any Open Circuit Voltage (OCV) operation of the fuel cell. This is also the case when the fuel 

cell is under low humidity atmosphere.  

Mechanical degradations are numerous. Membrane perforation, cracks on the GDL layers, pinholes, 

and tears, may all lead to premature failures and improper operation of the cells. These are usually 
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caused by improper manufacturing processes within the MEA assembly. In this case, better 

procedures are needed to reduce the number of manufacturing issues. 

However, there are mechanical issues that only take place when the fuel cell is operating. The most 

common ones occur under low or non-humidification conditions, leading to mechanical durability 

and performance issues. Pinholes and perforations are physical and mechanical breaches of the 

membrane. These can lead to crossover of the gases (hydrogen crossing from the anode to the 

cathode while oxygen crosses to the anode through the pinholes). The end result of the gas crossover 

is the production of local hot points, degrading the cells even further until it finally fails prematurely. 

Finally, thermal stability has also been extensively studied [71], [74]. Research has demonstrated that 

too much or too little heat can affect the operation of fuel cell. In fact, long period of thermal 

degradation, where the fuel cell does not operate under its operating temperature conditions, will 

adversely affect the MEA membrane, and as such the lifetime of the FC is reduced.   

It is again clear that all of the above potential degradation issues require new solutions so that 

PEM fuel cells can become a global used device. 

 

2.2.2 PEM fuel cell catalyst layer degradation mechanisms 

There are many instances documented that describe the fact that corrosion to the catalyst carbon 

support layer is leading to performance and durability issues [75]. There are two main mechanisms 

that lead to carbon material corrosion on the catalyst layer: 

 Fuel starvation caused by the uneven distribution of hydrogen fuel across the cells and stack 

when operating in a steady state. 

 Start-up and shutdown cycling degradations. 

It was shown in previous sections that there are times where uneven fuel distribution among cells 

occurs. This means that some cells have enough hydrogen to generate the required power while 

others are subject to fuel (or at time oxidant) starvation conditions.  

These circumstances are usually caused by high load power demand (hydrogen is not given enough 

time to distribute evenly across the electrode). At other times, the flow of gas can be obstructed due 

to the presence of ice during sub-zero operations. In these two very specific cases, hydrogen is 

partially distributed on the electrode at the anode side of the MEA and the potential at the anode 

will reverse (negative) [76].  
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In essence, it is just a matter of time before water and carbon oxidation lead to development of 

irreversible corrosion. However, if there is the correct amount of water in the fuel cell (not too much 

or not too little), the fuel cell carbon material as found in the catalyst could be protected from 

oxidation.  

Literature has shown that the corrosion phenomenon is most likely to occur at high power demand 

as water will deplete due to high temperature being produced by the PEM fuel cell. This again 

strengthens the argument that PEM fuel cells operating at high power demand face one of the 

major problems to be dealt with to avoid long term durability issues as found on the GDL, catalyst 

layer and the bipolar plate. 

Moreover, similar issues are found in start-up and shut-down cycles. In these instances, the fuel is 

again badly distributed across the channels and, at times, oxygen crossover has been observed. Once 

more, carbon corrosion builds up under these conditions and a loss in performance and durability is 

achieved. 

 

2.2.3 PEM-FC corrosion/mechanical degradation of bipolar plates and gaskets 

The bipolar plates are also affected by corrosion and performance and lifetime are yet again 

negatively impacted [42], [70], [77]. Three main mechanisms that lead to degradations at the plate 

and gasket levels have been documented in the literature as listed below:  

 A lower PEM-FC operational efficiency develops through time due to the formation of a 

resistive surface layer, creating a high material Ohmic resistance, thus slowing down the 

process of power generation.  

 Premature mechanical failures have been noticed when material and components have been 

assembled using compressed mechanisms (pressure is applied between two components to 

seal these together, for example when pressing the stack to seal it. These compressions have 

been demonstrated to cause material and parts deformation as well as small-to-severe 

cracking.  

 Constant water availability on the plates may lead to the plates dissolving or corrosion of the 

plates. The materials being released and dissolved in the fuel cell channels reach the 

membrane and can poison the MEA. When this occurs, the fuel cell usually fails and 

prematurely stops operating.  
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2.3 What Can be Done to Reduce PEM-FC Technology Issues? 

In spite of the acknowledged potential benefit that hydrogen PEM fuel cell technology offers, there 

are three major drawbacks that are associated with PEM-FC. The first one is the high capital cost of 

PEM fuel cell installations. The second one is the durability with low lifetime of a PEM fuel cell when 

in operation. The third one is the performance degradation of the fuel cell through time (lower 

efficiency, lower power generation, etc.).  

The above drawbacks are severely and adversely affecting the industry and the deployment of PEM-

FCs. The drawbacks are highly likely to be experienced when a PEM-FC is being operated in a stressful 

environment such as high fluctuation in load profile, high load power demand, cold conditions and 

low load power demand.  

In essence, many of the challenges and issues that have been identified in this chapter such as fuel 

cell starvation, thermal and water management issues do lead to premature failures, higher lifecycle 

cost and low performance.  

From the above, it is now clear that in order to further the uptake of hydrogen PEM fuel cell 

technologies, there is a need to find simple, yet effective solutions to the different PEM-FC 

challenges. From the literature review, it was found that both the load and external PEM-FC 

environment conditions can lead to the majority of the issues. These issues are usually associated 

with the way PEM fuel cells are being used and where the PEM fuel cell has been installed (i.e., in 

cold weather conditions). 

The issues leading to starvation, water management flooding/drying problems, thermal challenges, 

etc. are all associated with a variety of degradation mechanisms.  

Currently, most of the above problems are dealt with using three main methodologies: 

 The use of stronger and cheaper materials. 

 Better manufacturing processes and procedures. 

 Better control, monitoring and management systems. 

Each of the above methodologies requires specific research and investigation. Lately, substantial 

amounts of work and publications have been focused on better control, monitoring and 

management systems tailored to fuel cells. This field of research has shown that better control of 

fuel cells can lead to better performance and durability outcomes. However, after reviewing the 

literature, it was found that the PEM fuel cell challenges in control and management system have 

only focused efforts at the “PEM fuel cell level” [78] and not at “PEM fuel cell system level”.  
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The difference between control and management techniques focused on the PEM-FC or at PEM-FC 

system (PEM-FCS) level is simple. A PEM-FC has an internal control and management system. This 

control system focuses solely on controlling and managing the internal feature of the fuel cell. In 

contrast, a PEM-FCS takes into account the different components that make up a PEM fuel cell 

system. In this case, the PEM-FCS takes into account the availability of a battery and the fluctuation 

of the load.  

If a method could be developed to alleviate the operational stresses (load fluctuation, high power 

demand) that a PEM fuel cell is subjected to, and reduce these, better lifecycle costs, performances 

and durability could be attained.  

This thesis aim to investigate the resolution of PEM fuel cell’s  most common and recurring 

challenges by developing new modelling and control techniques, all of which at PEM-FCS level. The 

aim is to be able to operate a PEM fuel cell within a real world environment, allowing its operation 

in its near optimum characteristics while minimising its performance and durability issues, thus 

decreasing its lifecycle costs.   

To do so, new innovative modelling techniques are needed to support lowering the lifecycle cost of 

PEM-FC installations, increasing the lifetime of the hardware (durability) and to support a better use 

of the resources (performance). If successful, it is anticipated that the proposed new PEM fuel cell 

tools and innovative solutions could support the wider penetration and deployment of hydrogen 

technologies. 

In summary, this research proposes to develop a new set of modelling and control techniques that 

will support the wider deployment of hydrogen PEM Fuel Cell Technologies. This research work 

proposes the following: 

1. The development of an innovative deterministic model based on a slew rate formula to 

define the optimum size of a battery within a PEM fuel cell energy system. 

2. A new double PID control model to reduce the stress on PEM the fuel cell caused by 

fluctuation of the load. 

3. An advanced Predictive Artificial Intelligence (PAI) algorithm enhancing PEM fuel cell 

operations. 
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2.4 Conclusions 

This chapter has shown that despite the improvements that have been made internationally through 

the development of cheaper, stronger, reliable and durable PEM fuel cells, there is still a need to find 

an innovative solution to substantially optimise their lifecycle cost, durability and performance so 

that they can be widely deployed across different sectors. As such, it was shown that the challenges 

associated with PEM fuel cells can be categorised in three main topics: (a) cost, (b) durability and (c) 

performance.  

It was shown that all of the above challenges are intrinsically linked to one another. In essence, it can 

be said that when the performance drops, the durability will be affected while the associated 

lifecycle cost of the fuel cell increases.  

A summary of the different documented PEM-FC issues was provided. This included some of the 

most common fuel cell problems such as fuel starvation, flooding, drying-out, and how these impact 

the fuel cell operation.  Of interest it was shown, while performing the literature review, that there is 

a recurring theme in all the degradation phenomena: the impact of the load onto the PEM fuel cells. 

High fluctuating loads, low and high power demand leads to PEM fuel cell damage.  

Also, it was shown that there is a need for novel and robust PEM-FC control and management 

systems to address the negative impacts caused by the load. The rationale behind this need is that 

the majority of the control and management techniques currently available only operate at fuel cell 

level. It was revealed that there is another potential method that should be investigated based on 

researching solutions at “PEM fuel cell system level”. The proposed work in this thesis is, therefore, 

focused on how to improve the overall FC system operation by taking into account all of the different 

components that makes up the PEM-FCS.  

Overall, this chapter illustrates how important is to develop PEM fuel cells with good thermal 

management systems. These systems should take into consideration both the internal environment 

of the fuel cell (temperature, water content, availability of fuel and oxidant in appropriate quantities, 

etc.) and the external weather conditions. As such better thermal control and management systems 

are needed in order to alleviate the above issues. In addition, it is important to denote that load 

power demand fluctuation can have a negative impact on the fuel cell thermal management. 

It is also illustrated how critical the effect of the load is with the fuel cell performance and lifetime. 

High power demand from the load may lead to the GDL pores and gas channels becoming water 

obstructed. Low power demand from the load associated with cold gases can lead to gas saturation 
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of the cells. This demonstrates that there is a need a need for an appropriate WMS and that this 

system should ensure equilibrium (good balance) between: 

 The water needed inside the cells to ensure optimum chemical reaction and; 

 The water that needs to be carried outside the cells (extracted). 

Though there are other challenges that affect the PEM fuel cell durability and performance, it has 

become clear throughout the literature search that load fluctuations play a major, if not the most 

significant part in creating PEM-FC issues. The presence of rapid load variation with sometimes 

extreme power demand (from no load demand to full power) leads to significant stresses being 

endured by the cells. These stresses include thermal, starvation, and water management among 

many others.  

During these high power demand variations, it was observed that platinum in the cells is affected. At 

times, and under subsequent dynamic load transients from low to high load demand, this expensive 

material dissolve quickly leading to lower power output of the fuel cells.  

Again, these observations illustrate that the dynamic of the load must not be undermined when 

developing fuel cell control and management systems. 

Similarly, starting-up a PEM fuel cell in freezing ambient conditions and bringing to full power and 

high cyclical load following behaviour can damage the cells even quicker. This further suggests and 

strengthen the argument that better control and overall fuel cell systems strategies must be 

developed to reduce and negate the effect of ice in fuel cells. 

In conclusion, this thesis supports the deployment of PEM fuel cell technologies through new 

modelling techniques that allows;  

a) Better sizing the battery within hydrogen PEM fuel cell system, thereby reducing the overall 

lifetime cost. 

b) Better management of the PEM fuel cell power output through a proposed double PID 

control system, thereby reducing stress on the PEM fuel cell, enhancing its performance and 

therefore increasing its lifetime. 

c) Further better management of the PEM fuel cell power output by developing an AI load 

forecasting based control system that allows the reduction of load stresses to low levels, 

again improving performance, durability and as such the lifecycle costs.  
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3  

3 Reduction Of PEM Fuel Cell’s Premature Aging Through Automatic 

Sizing Of A Battery 

As described in Chapter 2, Fuel cells (FC) are a promising alternative to a wide variety of power 

generation applications, because of their high efficiency and extremely low environmental impact. Of 

particular interest are Proton Exchange Membrane Fuel Cells (PEM-FC), as they are associated with 

low operating temperature, high power density, low noise emissions and fast start-up. This makes 

them a highly promising candidate for residential, automotive and portable applications [12]. 

Though PEM-FCs are associated with fast start-up, they are limited by some of their inherent 

characteristics. First, PEM-FCs do not have an instantaneous start-up time. Usually PEM-FCs require 

milliseconds to start-up for small systems and several seconds for larger ones and operates at low 

ambient temperature [79], [80]. Second, and though they have a good transient response to 

instantaneous power demands, this fast instantaneous response builds stress on the PEM fuel cell 

cells. These stresses engender degradations of the cells, thus premature aging of the cells, which in 

turn lead to premature failure of the stack [81].   

Compared with PEM fuel cells, batteries energy storage devices have a rapid transient response 

without any warm up or start up time delay [82]. As such, combining PEM fuel cells with energy 

storage device leads to a hybrid power source that makes the best use of the advantages of each 

individual device.  



 31 

To this point, a PEM-FC battery systems yield to better performance than a pure battery system or a 

pure PEM fuel cell generation systems [83]. However, to date it is difficult to easily determine the 

optimum size of the battery that will support the best operation of the PEM fuel cell generation 

system [84]. If a battery is undersized, both the fuel cell and battery will be stressed by the 

fluctuating load demand. In this case, the PEM fuel cell and battery will prematurely age [85]. This 

premature aging will end in the failure of the overall fuel cell–battery system, thereby requiring the 

upgrade of the entire system (PEM-FC and battery), thus increasing costs of installations. 

Similarly, if the battery is oversized, the fuel cell and battery will not be stressed by the fluctuating 

load. However, over sizing the battery will bring extra costs to the overall fuel cell system. Such an 

oversize will require an extra footprint within a possible limited installation compound. A larger 

battery means additional weight. It also increases the cost for shipment. Further to this, a large 

battery within a confined space indicates extra safety requirements and increased operations 

requirements, such as air ventilation and conditioning unit, fire protections [86]. 

Overall, though batteries lead to potentially increasing the lifetime of fuel cells, they also could bring 

major extra installation requirements that could be financially detrimental to a fuel cell installation if 

not properly sized.  

A number of models for fuel cell - battery system have been developed in literature simulating the 

overall dynamic behaviour of fuel cell systems and support the sizing of a battery. Among them, 

some models focus on the lifecycle cost minimisation [87], some on performance and cost savings 

[88], and many on power optimisation rules [84], [89], [90], [91]. To date, the literature review has 

shown that a battery sizing model that aims to reduce ageing and increase the viability of a 

hydrogen PEM fuel cell generation system has not yet been developed. 

Therefore, this chapter presents a model for optimally sizing battery energy storage to operate in 

conjunction with fuel cell systems while optimising the overall system cost. The developed model is 

then validated through a case-study. The aim of the case study is to analyse the ability of the model 

to generate the optimum intermediate battery size, thereby reducing fuel cell and battery stresses 

while keeping the installation financially competitive.  
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3.1 The Need for an Energy Storage System to Increase PEM Fuel Cell 

Lifetime 

In Chapter 2, a review of the most common factors that can lead to PEM fuel cell degradations has 

been presented. Among them, the two factors that are widely affecting the lifetime of a fuel cell are: 

 The dynamic load following behaviour of the fuel cell and; 

 The increased number of ON and OFF cycles with a full (or near full) load operation.  

In terms of the first factor, and when a fuel cell is directly coupled with a load, it is forced to respond 

to the dynamic load behaviour. For instance, when the load power-demand increases, the fuel cell 

will be required to quickly respond to that increase. Similarly, when the load power demand 

decreases, the fuel cell is required to decrease its power output. 

This dynamic fuel cell load following behaviour is not a major issue when the load increases or 

decreases in small steps. In these particulars cases, the fuel cell will hardly be adversely affected. 

However, if the load dynamic behaviour increases and decreases in large steps in comparison to the 

size of the fuel cell, then this will create several issues [48].  

A good example of such an issue is when the fuel cell is called upon to increase its power output in a 

large step, then starvation at its membrane will occur. This means that the membrane will overheat. 

In turn, the overheat created when the fuel cell responds to the large step in power-demand will lead 

to the membrane premature aging, thereby reducing its lifetime. 

A commonly accepted method that can be used to reduce the negative effects of the rapid load 

changes is using an intermediate energy buffering mechanism between the fuel cell and the load. 

Good examples of such mechanisms are supercapacitor and battery storage. Both storage 

technologies are used to supply transient energy to the load while the fuel cell can slowly increase its 

power to match the load demand, thereby avoiding / reducing premature aging issues.  

To date, it is typically accepted that batteries are the most commonly used energy storage system 

that is applied to resolve the dynamic load following effect. This is mainly due to their associated (a) 

low cost, (b) wide spread, and (c) recent advancement in power, efficiency and energy density [92].  

When a battery is included in between the load and the fuel cell, the system will be operating with a 

smoother fuel cell electrical power profile, as the battery supports the immediate energy demand of 

the load. A smoother power profile for the fuel cell implies less harmful operative condition and 

therefore extended lifetime.    
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However, it is crucial to correctly select the size of the battery as when undersized it leads minimal 

benefits on reduction of the premature aging of the fuel cell, while when oversized it increases the 

cost and weight of the fuel cell system installation. The optimum battery capacity is one that 

provides a compromise between the most cost effective fuel cell installation and the lowest 

achievable fuel cell degradation. As described above, the literature review has shown that there is no 

devoted method or model for sizing a battery within a hydrogen fuel cell system. This is why the 

work presented in this thesis chapter presents a new battery sizing method.  

The following section 3.2  describes the different battery sizing methods available in the literature 

and states their shortcomings; thus supporting the argument for the new proposed battery sizing 

model. 

 

3.2 Battery Sizing Methods 

There are two main methods that can be used to size battery capacity and, in general, Energy Storage 

Systems (ESS). These are (a) non-commercial modelling techniques and (b) commercially available 

software [93].  

Non-commercial models are mostly developed for academic and research activities. In general these 

have been developed or sponsored by government agencies. As such most of these are available at 

no cost. They are characterised by high level of complexity and therefore requires an initial steep 

learning curve to understand the concept behind the model and how to use it. Among the non-

commercial models the most common are: HOMER [94], NEMS [95], ReEDS [96], Kermit [93] and 

Gridlab-D [97], etc. Within the non-commercial models it is also important to consider the models 

based on advanced computing techniques: Genetic Algorithms (GAs) systems [106], [107], Particle 

Swarm Optimisation (PSO) [108], [109] and Simulated Annealing (SA) [110]. 

Commercial models are available at cost from private entities. They are very sophisticated, as usually 

they require a large set on input data and high level of details of the system modelled. Their 

application is mostly on sizing storage capacity, performing operational planning, designing 

transmission network upgrade and long-term planning for utility regulators. Among the commercial 

models: Ventyx System Optimizer / ProMod [93], Energy 2020 [111], Dynastore  [93], etc. 
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3.2.1 Literature review for non-commercial modelling tools for optimal battery 

sizing 

The non-commercial modelling tools that have been documented in literature to size energy storage 

technologies are analysed below: 

Homer [94]: 

Homer is probably the most well-known modern model tool. It has been developed by NREL 

(National Renewable Energy Laboratories). It is popular because it offers many ready component 

models for simulations. These include biomass, hydro system, solar PV and wind renewable energy 

systems, hydrogen equipment (fuel cell, electrolysers and hydrogen storage), battery, grid 

connections, etc. 

The software is able to determine optimal size of its components through carrying out the techno-

economic analysis of the energy system. In order to get valuable results, a large number of initial 

input data are required, both technical and economic rules (boundaries), parametric value for the 

energy storage and the selected type of control system strategy.  

HOMER can perform three principal analyses: simulation, optimization, and sensitivity analysis. In the 

simulation process, HOMER is able to model the performance of the energy system to determine its 

technical feasibility and life-cycle cost. In the optimization process, HOMER runs different system 

configurations with the aim to satisfy the technical and economical constrains. Finally, in the 

sensitivity analysis, HOMER performs an evaluation of the optimal value of the variables over which 

the system designer has control.  

HOMER is a powerful software, as it can produce an energy system that that can fit within a project’s 

financial constraints. However, it requires a large amount of input data that at the start of a project 

are unknown for the designer. Unless major assumptions and approximations are made by the 

designer, an initial sizing of a system cannot be easily achieved. This may lead to potential inaccurate 

simulation results. 

NEMS [95]: 

The National Energy Modelling System (NEMS) tool allows the simulation of Energy Storage Systems 

(ESS). The ESSs are found within the EMM (Electricity Market Module). The real aim of this tool is to 

optimise an overall energy system. The outcome of a simulation is to plan how the power industry 

will adjust its future generating capability (find the best solution) in response to market constraints 

such as costs, available generation and storage technologies, load demand, amongst many other 
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parameters. Though it is perfectly feasible to simulate a small hydrogen fuel cell system and obtain 

the size of a battery, this tool will be highly complicated to configure for obtaining what a designer 

need [95].  

ReEDS [96], Kermit [93] and Gridlab-D [97]: 

Similarly, ReEDS, Kermit and Gridlab-D are comparable to NEMS though each having its own focuses. 

Note that Gridlab does not offer energy storage simulation capabilities. Therefore these tools are 

over-complicated for scaling intermediate battery storage within a fuel cell system. 

Other non-commercial software:  

There are still a large number of modelling tools that can be used to simulate energy networks and 

systems. These include Energy Plus [98], RETScreen [99], H2RES [100], BALMOREL [101], HYDROGEMS 

[102], ENPEP-BALANCE [103], SimREN [104], UniSyD3.0 [105]. 

Each one of these tool has advantages, but none can provide the quick and effective answer to the 

question related to finding the size of a battery within a fuel cell system. For instance, though 

UniSyD3.0 has the capability to simulate a hydrogen production system, it does not allow to simulate 

a hydrogen storage (hence it is not easily possible to simulate a hydrogen fuel cell system). 

On the other hand, SimREN cannot be accessed by third parties. Only members of the Institute of 

Sustainable Solutions & Innovations can use SimREN.  

Similarly Hydrogems is able to produce detailed simulation of hydrogen systems, but is somehow not 

able to easily size an energy system (such as the battery of a fuel cell system). The user is therefore 

invited to manually enter the parameters of each component within the hydrogen system (at times 

calculated by hand). Again, H2RES also require the user to enter system sizes before a simulation can 

be run. Furthermore this applies to ENPEP-BALANCE and BALMOREL with more information entered 

manually about the existing electrical infrastructure that is already in operation. 

Models on Advance computing techniques: 

In terms of the advanced computing techniques such as Genetic Algorithms (GAs), Particle Swarm 

Optimisation (PSO) and Simulated Annealing (SA), amongst many others, it was found that there is a 

need to be more of a programmer to devise a simulation. As there is a need for coding, these are for 

the more advanced expert.  
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Interestingly, GAs have been used in a number of occasions to find optimal sizing of hydrogen 

renewable energy systems [106], [107]. However, GAs have not been used for the sole purpose of 

sizing a battery fuel cell systems.  

Particle Swarm Optimisation (PSO) is probably one of the most effective modelling techniques for 

simulating small systems. It uses what is called iterative search techniques which does provide some 

benefits over the GA model. The aim of a PSO is to use as few equations as possible to run a 

simulation. The equations must be as simple as possible too so that they are easily implemented in 

software. Obviously, this makes the execution time of a simulation potentially shorter than GAs. In 

addition the memory and processing resource is usually low when compared with GA.  

Nevertheless, PSO have shown that they have a much lower reliability of finding the optimised best 

solution when compared to GAs. Equally, PSOs modelling are fairly limited as they can only simulate 

a maximum of three input parameters. Nevertheless, PSO models have been used in a number of 

small hybrid renewable energy systems [108], [109] and could potentially be used for sizing a battery 

system. The only downside is the added time needed to code such a model within a PSO system.  

Finally, Simulated Annealing (SA) has similar drawback to GAs. In particular, they require substantial 

amount of processing resources and are complex in nature [110].  

 

3.2.2 Literature review for commercial software for battery sizing 

Most of the commercial battery sizing software has not been designed with the view to protect a fuel 

cell from load-following stress effect. They have also not been developed with the aim to optimise 

the size of a battery to support the viability of a hydrogen fuel cell system. And finally, they have not 

been designed to provide a quick battery size that a designer can use prior to commencing a project. 

Commercial based simulation tools are nevertheless widely used within academia and industry to 

support the evaluation of small and large scale energy systems. These include means to simulate on-

grid and off-grid systems and are typically used before anything is built. The aim is to obtain an 

acceptable energy system configuration by manually entering alternative arrangements to identify 

the optimum or best configuration (based on the constraints set by the designer). Though these tools 

provide answers, they are, in a number of occurrences, time consuming, complex and tedious to 

operate.  

The commercial tools that could not define the optimum size of a battery within a fuel cell system 

are numerous, the most used are: Ventyx System Optimizer / ProMod, Energy 2020, Dynastore, etc.   



 37 

Ventyx System Optimizer / ProMod [93]: 

This software is made of two parts. On one hand, Ventix System optimizer provides system capacity 

analysis. On the other hand, ProMod is a software program that generates production costing 

system. In its basic form, Ventyx System Optimizer is generally used to screen possible futures 

scenarios. ProMod is then used to produce detailed plans from these scenarios (or from the selected 

preferred scenario). The energy storage simulation is performed in the ProMod module. It allows 

estimating arbitrage and including storage efficiency simulation. Unfortunately, these software 

programs are time consuming to use and it is sometimes difficult to switch from one part of the 

software to the other. It is also important to note that at the very early stage of a hydrogen fuel cell 

project, there is a need for a rapid initial battery sizing that can meet the technical needs, hence 

allowing a quick early costing estimate of the system. Regrettably, this cannot be easily achieved 

using Ventix / ProMod. 

Energy 2020 [111]: 

Though Energy 2020 model is very well known for its integrated energy model, it is not easily 

configurable for quickly identifying the optimum size of a battery for a fuel cell system. It permits to 

simulate detailed energy-demand, energy-supply, and pollution-accounting sectors and is often 

coupled in dynamic feedback with regional macroeconomic models [112]. It also allows to simulate 

distributed generation and energy storage. However, the software does not aim at minimizing 

system investment costs (a primary objective for any designer) while making sure that the system 

will still perform accordingly (again a primary objective for any designer). For these reasons, it is clear 

that Energy 2020 cannot be easily used to define the optimum size of a battery within a fuel cell 

system. 

Dynastore [93]: 

Similarly, Dynastore is an hourly modelling software. As per the other commercial software, it 

requires large quantities of detailed data as input. It mainly deals with ancillary services. It also deals 

with the dispatch of energy storage for spinning reserve without forgetting load following as well as 

frequency regulation. In essence, though Dynastore can simulate energy storage technologies, it 

would take many hours just to identify the right size of the battery by running several hourly 

simulations and investigating the results each time. 

Other commercial software: 

There are many other commercial software programs available as follows: 
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GE MAPS, Power World, Integrated Planning Model (IMP), SynerGEE,  EMCAS, EnergyPLAN, 

energyPRO, GTMax, IKARUS, Invert, MiniCAM, NEMS, ORCED, PERSEUS, ORCED, PERSEUS, PRIMES, 

ProdRisk, RAMSES, RETScreen, SIVAEL , STREAM,  WASP and WILMAR.   

However, none of the above software provides an easy, non-time consuming solution to sizing a 

battery that will directly operate in conjunction with a fuel cell. 

 

3.3 Developing a Battery Sizing Deterministic Algorithm 

The aforementioned section 3.2 has showed that there are a large number of techniques, models 

and commercial software that can be used to size up a battery. From the review, it would appear 

that developing a PSO model would offer the best solution for computing the size of the battery. The 

motivation for this is that PSO presents a very good compromise between speed of execution and 

accurate ‘enough’ simulation. The downside of PSO models is that it can only take three input 

variables and therefore its search realm is highly restricted.  

GAs and Simulated Annealing (SA) are two modelling techniques that offer great potential for solving 

the problem of accurately sizing up the battery of a fuel cell system. Equally, though the vast majority 

of commercially available software and the other models described above have not been specifically 

designed for defining the optimum size of a battery, they could still somehow produce a near enough 

battery size. However, the majority of these software (and models) requires a long period of time 

with a multitude of data required as input to find a solution the battery sizing. These simulations are 

therefore time intensive, use substantial computer resources and are, at times, only for the expert 

individual.  

As such, and due to the limitations of the above models and commercial software tools, it is 

necessary to explore new methods for quickly and efficiently size the batteries within a fuel cell 

system.  

Deterministic methods come with a strong advantage when compared to the above software and 

models. They can be developed with a small number of input data and can result in a very quick 

practical size of a system. In addition, the input data of the model are in most cases easily and readily 

available to the designer. Therefore, a deterministic algorithm for sizing the associated fuel cell 

system battery has been developed; the following sections provide a description of the model.  
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3.4 The Proposed Deterministic Battery Sizing Model 

The main objective of the proposed deterministic sizing model is to accurately define the size of a 

battery within a given fuel cell setup. The end goals are: 

1) to have the energy storage within a fuel cell system sized to guarantee a reliable and safe 

operation of the overall system,  

2) to define the most viable size that provides a compromise between a ‘good financial 

solution’ and the opportunity for a ‘low degradation’ operation of the system (including 

both the fuel cell and battery).  

It is recalled that fuel cells suffer greatly from their short lifetime and associated high cost, meaning 

that they cannot be deployed widely and are only for niche based applications. These issues (short 

lifetime and cost) are accentuated if the battery size is not selected properly. 

To this point, a hypothesis is formulated around the idea that by using the proposed deterministic 

algorithm, this will result into the accurate sizing of a battery. Such accurate sizing will allow the 

reduction in the stresses that the fuel cell is subjected. In turn, the reduction in stresses will result 

into less degradation. This will finally end up into longer lifetime of fuel cells, thereby increasing their 

viability, reliability, and durability factors. 

The term ‘good financial solution’ is used above, it is considered with the following rational behind 

it: during the determination of the battery size for a given fuel cell installation system, the algorithm 

provides the best and most optimum battery size. In doing so, the deterministic algorithm will 

identify an accurate battery size that is not size too small (hence increase the lifetime of the fuel cell) 

nor too big (hence not too costly). In looking at these two opposite parameters ‘not too small’ and 

‘not too big’ a battery, the user of the fuel cell system will be able to (a) save on an oversized battery 

and (b) save on the fuel cell cost by increasing its longevity and (c) save on the battery cost by 

avoiding an early failure of the battery (if the size is too small) and not leading to a too large battery 

system (again saving on unwanted costs). This leads to a more favourable experience by the FC 

users that would result into an increase of penetration of fuel cells by their wider market 

acceptance.  

The proposed battery sizing model is applied to a fuel cell-battery system as shown in the Figure 3-1: 
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Figure 3-1: Fuel Cell –Battery system considered for the battery sizing model. 

  

Figure 3-1 shows the battery connected in parallel to the fuel cell via a Direct Current to Direct 

Current (DC/DC) Converter. The DC/DC regulates the output voltage of the fuel cell; its output 

matches the nominal voltage of the DC bus created by the battery, usually 12, 24, 48 or 96 VDC. Note 

that the output voltage of the DC/DC converter is selected to match the voltage that the load 

operates at. In essence, if the load voltage is 12 Volts, then the DC/DC converter output voltage will 

be 12 VDC and the battery bank DC voltage will also match this value (i.e., 12VDC).  

The proposed battery sizing model emulates the environment in which a fuel cell–battery system 

operates so that different system configurations could be assessed, evaluated and finally validated. 

The outcome from running the sizing model is the recommendation of a battery size range for a 

given fuel cell system.  

Therefore, and in order to validate the battery sizing model, a detailed model of the fuel cell – 

battery system has been developed using Matlab- Simulink [113]. A description of the model and the 

results of the validation process of the model are presented in “Appendix A – A Fuel Cell system 

model”. Note that the developed model for the fuel cell–battery system has been implemented for 

PEM fuel cell technology and Lead Acid batteries, however it can be configured for a wider range of 

technology currently available on the market, as per the below description: 

 Fuel cell: the model of the fuel cell is a generic parameterized system that allows 

representing a general fuel cell stack fed with hydrogen and air. It can be applied to PEM, 

AFC and SOFC fuel cell technology. The model can be configured by assigning parameters 

that can be derived from a general datasheet of a fuel cell, among them: fuel cell power 

output, number of cells, operative voltage, current, and temperature. 

 Battery: the battery model is a parameterised system that allows a representation of the 

behaviour of a general battery under different operating conditions. It can be applied to a 

large range of batteries commonly available on the market, such as Lead acid, Lithium-Ion, 
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Nickel – Cadmium, Nickel – Metal – Hydride. The internal parameters could be set in 

accordance with the desired typology of the battery.   

 DC/DC converter: the DC/DC converter is represented by a buck-boost power converter. The 

model of the converter is able to regulate the power both upwards or downwards from the 

unregulated DC voltage of the fuel cell and still meet the nominal regulated voltage of the DC 

bus. The DC voltage of the bus is the only internal parameter that needs to be configured. 

 

3.4.1   Description of the proposed battery-sizing deterministic algorithm 

Figure 3-2 provides a flow chart of the proposed battery sizing deterministic algorithm. 

  

Figure 3-2: Proposed Battery Sizing Deterministic Model. 

Step 2 

Algorithm Parameters Initialisation  

Initial battery size (Cn = 0)/ Define Load Step 

Change function/ Compute Initial Slew Rate SRn 
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(SRn+1) 

Step 6 - Stop simulation 

Best battery size found 
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Model Parameters Initialisation 

FC parameters/ Battery parameters/ 

DC/DC converter parameters 
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Step 5 - Comparison  

SRn+1 ≤ 0.01 x SRn 
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The deterministic battery sizing model is an iterative algorithm. It evaluates the fuel cell dynamic 

response to a load change when operating in conjunction with a battery. For instance, when a 

simulation is performed, the algorithm will define the battery size, evaluate and then validate if it is 

too small or too big.  

The evaluation process is always performed by applying the rated load power demand (i.e., the 

maximum power that the load can operate at). Initially, the algorithm starts this analysis by assessing 

the fuel cell dynamic response with no battery attached to the FC system. This represents the worst 

case system operating scenario, also called the reference simulation point.  

In essence, this worst case scenario represents the reference point for the overall model analysis. It 

allows comparing the results and benefits of a subsequent FC system simulation when a given size of 

a battery is included. The aim is to identify if there has been an improvement and how much was the 

improvement from the previous simulation.  

After simulating the reference point, a battery is included in the FC system (FCS) and the algorithm 

performs a new simulation of the fuel cell-battery system. Another simulation is then performed 

using a larger battery size. This process is repeated till the algorithm is stopped as a range of 

adequate and appropriate battery sizes has been found. 

In order to stop the simulation, the fuel cell dynamic response is compared at each iteration to that 

of the previous one. The aim is to define if the battery size used within the latest iteration still 

provides relevant benefits for the fuel cell dynamic (reduced negative impact of the load on the fuel 

cell and size of the battery not too large). The model terminates with the provision of the optimal 

range of battery size based on the fuel cell dynamic response and the financial implication of the 

battery size.   

It is important to note that each time the size of the battery is increased, the time constant for the 

fuel cell also increases. The time constant is the length of time it takes for the fuel cell to respond to 

a load demand change. To be more accurate, when the load power increases rapidly, the battery will, 

at first, provide most of the power demand to the load.  

At the same time, the fuel cell will be allowed to slowly and gradually increase it power output (as 

the battery is supplying the load with the power at this particular transient time). In effect, increasing 

the battery size will allow to reduce the fuel cell dynamic response as the FC will only match the load 

demand after sometime and in a more gradual fashion. In summary, the larger the battery capacity, 

the longer it will take for the fuel cell to supply fully the load power demand, thereby the lower the 

stress will affect the FC due to rapid load changes.  
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The proposed algorithm introduces a “Battery Sizing Factor” (BSF) to calculate the value of the 

battery size in each simulation iteration. The BSF is a constant and can be considered as a sampling 

parameter. The sampling parameter is selected by performing a compromise between the speed of 

convergence of the algorithm (how quick the algorithm will provide a solution) and its accuracy (best 

possible battery size must be achieved).  

Basically, the BSF is directly related to the size of the fuel cell system. This is an important factor that 

must be considered in the proposed deterministic model. For a small fuel cell, there will be a need 

for a “small to medium” size battery capacity (all relative to the size of the fuel cell). From this, one 

can define that a small sampling factor BSF must be used. In contrast, for a large fuel cell, the BSF 

must be larger. This is why a formula for the BSF has been devised to be directly related to the size of 

the fuel cell. The proposed formula is further described in the below sections.   

Having defined that the battery size is increased at each iteration of the algorithm, using the 

sampling parameter BSF, it is now possible to investigate how the fuel cell dynamic is performing 

with the new battery size. This investigation is performed using the fuel cell system model described 

in Appendix A. At this stage, all the fuel cell operational parameters through time (Voltage, Current, 

Power) are determined and the dynamic of the FC is quantified.   

In order to quantify the dynamic of the fuel cell, it is important to evaluate how fast or slow the fuel 

cell reaches the load power demand. As example, if the sudden load demand is 1 kW and it takes 10 

milliseconds for the FC to reach this value, then it can be said that the fuel cell will be stressed (the 

fuel cell transition from 0 kW to 1kW is too fast and therefore engender degradation). In this case, it 

can be said that the size of the battery is inappropriate.  

If the sudden load demand is 1 kW and it takes 10 seconds for the fuel cell to reach this value, then 

the size of the battery can be considered as being appropriate. However, if the sudden load demand 

is 1 kW and it takes 1 hour for the FC to reach this value, then it can be said that the battery is too 

large.  

Therefore, there is a need for a method that allows to simply and quickly determine if the dynamic 

response of the fuel cell is acceptable (not too quick, not too long, but the “just right” response 

time). This is where the concept of “Slew Rate” (SR) is proposed and introduced.  

This SR parameter provides an indication of the rate of change of a variable (for example how 

fast/slow the fuel cell Voltage change – or how quick the fuel cell respond to a load change). The 

deterministic algorithm used the SR concept to determine the fuel cell dynamic for successive 

iterations. At each iteration cycle, the SR is determined for the fuel cell and the optimal battery range 
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is selected based on the SR analysis. It is the value of the SR at a given iteration that is used to stop 

the algorithm. More information is provide in the below sections about the different algorithm steps. 

Each of the deterministic algorithm steps shown in Figure 3-2 is further described in the following 

sections. 

 

3.4.2 Step 1- Model parameters initialisation 

In this initial step, the model parameters of each of the fuel cell-battery system components are 

initialised. The parameters for the fuel cell and DC-DC converter models can be derived directly from 

the respective datasheet of the equipment.  

The model parameters that need to be assigned in the Battery sizing model are listed in Table 3-1: 

 

Component Parameter 

Fuel Cell 

Open Voltage circuit 

Nominal Voltage and Current 

Number of cells  

Operating temperature 

DC-DC Converter DC Bus nominal voltage 

Battery Battery type 

Table 3-1: Input parameters for the battery sizing model.  

 

3.4.3 Step 2 – Algorithm parameters initialisation 

In this step, the algorithm parameters that will be used for simulation are initialised. There are three 

main stages within this initialisation step. These are as follows with the associated description further 

described below: 

 Set up and initial size for the battery. 

 Define the load step change function. 

 Define the simulation initial Slew Rate (SR). 

 

3.4.3.1 Initialising the size of the battery  

During the initialisation step, the initial capacity of the battery is assigned the value zero (this is 

equivalent to no battery in the Fuel cell system). The capacity of the battery is referred to as Cn, and 
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is expressed in Ampere-hours (Ah). The initial battery size of Cn = 0 means that there is no battery to 

protect the fuel cell from being stressed. In this case, it is said that the fuel cell will experience early 

degradation (and thereafter premature failure).  

It is important to remember that this initial value of the battery size is used to evaluate the response 

of the fuel cell to a load change when no battery is used and is considered as the worst case scenario 

for the fuel cell.   

 

3.4.3.2 Define the load step change function 

The next initialisation step is to define the ‘Load Step Change function’. A load step change function 

is defined by a mathematical function. In this function, the load value changes immediately at a 

certain time t0 between the zero value and its maximum value.  

In the fuel cell system, a step load change function forces the fuel cell to generate power from zero 

to the maximum power demand. It is this load step change that will help in defining if a battery size is 

adequate. As per the above descriptions, when applying a load step change to a FCS and if the fuel 

cell response is fairly quick or fairly low, then the battery size is either too small or too big.  

The load step change function is therefore performing an immediate variation of the load between 

its minimum to its maximum value and the resulting FCS simulation provides a means to define if the 

battery size is appropriate.  The Load step change is represented graphically in Figure 3-3: 

 

 

 

 

 

Figure 3-3: Load step change function. 

 

Assuming PFC-MAX the maximum power allowed for the fuel cell, and assuming VBus, the voltage of the 

DC bus where the fuel cell is connected (after the DC/DC converter), the maximum current allowed 

for the load applied to the fuel cell is represented by:  

t0 

IL-Max 

Load current(A) 

Time (sec) 
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 𝐼𝐿−𝑀𝑎𝑥 =  
𝑃𝐹𝐶−𝑀𝐴𝑋 

𝑉𝐵𝑢𝑠

 3-1 

 

The Load Step Change (LSC) function can be expressed as:  

 

 LSC =  {
𝐼𝐿−𝑀𝑎𝑥          𝑡 ≥ 𝑡𝑜

0                   𝑡 < 𝑡𝑜
 3-2 

 

 

3.4.3.3 Define the initial slew rate 

A specific issue is usually noticeable when applying a load step change to any type of electrical 

generator, whether it is diesel, gas or hydrogen fuelled. Typically, and after applying a step change to 

a generator, a response time delay is generally noticed between the time the load step change is 

applied to the generator and the time the generator can generate the demanded maximum power. 

In other words, generators are not able to supply the load at the time the increase in power demand 

is requested. This is what is called as a “response time delay”. 

This delay, caused by the slow dynamic response of the generator, is an important factor to take into 

consideration when computing the size of a battery for any system. The longer the delay is, the larger 

the battery must be. The shorter the delay is the smaller the battery is. The rational is that the 

battery is the device that will supply power to the load while the generator increases its power 

output through time. As such, the longer it takes for the generator to supply the load with power, the 

larger the battery will be. 

To this point, and in order to comprehensively and mathematically calculate an accurate battery size, 

this work proposes to introduce a new concept:  the Slew Rate (SR) as applied to battery sizing.  

The Slew Rate is a variable that has been widely used the electronic industry [114]. In essence, it 

indicates the response speed and the ability to react of a device or electronic circuit, when a pulse 

signal is applied at the inlet, whose value change from minimum to maximum in a very short time 

[114]. Ideally such a pulse signal, called “excitation”, should initiate an output signals with same 

profile to that of the input. 

As the SR is concerned, it is understood that it has been widely used within the electronic field to 

investigate the excitation. Using an analogy, it can be said that the “excitation” used in the 

electronics sector can be regarded as being similar to the “response time delay” of a generator after 
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being excited by a load step change. As such, it is perfectly foreseeable to assume that the SR 

concept could be used within the proposed deterministic algorithm to size up a battery.  

Though the SR has been widely used within electronic circuit field, there is currently no literature 

showing its application to the sizing of a battery system. Therefore, this thesis contributes to the 

knowledge with this innovative concept as applied to the energy storage realm. The below section 

describes the slew rate and how this concept can be applied to the proposed fuel cell battery sizing. 

The SR can be defined as rate of change of voltage per unit of time. The measurement unit is Volts / 

Second (V/sec) as expressed in the SI unit system (Système International d'Unités – or International 

System of Units). 

Within the electronic field, the slew rate is used to guarantee a minimum or maximum speed of 

signal propagation. Taking an amplifier as an example, the slew rate is used to make sure that the 

different devices that interact together will operate as indicated.  

In a fuel cell application, the slew rate represents a factor that is used in the battery sizing model as it 

quantifies the speed of the fuel cell response to a rapid load change.  In other words, when the fuel 

cell is operating in parallel with a battery, the SR provides information on how quick (or how slow) 

the Fuel Cell voltage will vary after a sudden increase on the load. And the SR will provide this 

information for any size of battery (i.e., any size calculated using the BSF factor described below).   

As presented in chapter 2, the rapid load changes could lead to degradation phenomena for the fuel 

cell. Therefore, it is important to keep the fuel cell voltage variation within certain acceptable limits 

to smooth out the fuel cell voltage (and power output) profile as much as possible. The Slew Rate 

concept is, in this instance, used as a design parameter for sizing the capacity of the battery and set 

an acceptable dynamic response for the fuel cell-battery system. The SR is therefore one of the most 

important factor in sizing a battery and this new concept will help designers in increasing the 

lifetime of the fuel cells. 

In order to calculate the Slew Rate (SR), a load step change function (see previous sub-section) is 

applied to the fuel cell - battery system and SR is calculated as [114]: 

 

 𝑆𝑅 =  
𝑉𝐹𝐶(𝑡𝑀𝑎𝑥) − 𝑉𝐹𝐶(𝑡0)

𝑡𝑀𝑎𝑥 − 𝑡0

 3-3 
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 Where: 

𝑉𝐹𝐶(𝑡𝑀𝑎𝑥), is the Voltage of the Fuel cell at time 𝑡𝑀𝑎𝑥 when the maximum power is reached. 

𝑉𝐹𝐶(𝑡0), is the Voltage of the Fuel cell at time 𝑡0 when the load step change is applied. 

Figure 3-4 provides a graphical representation of the parameters to calculate the Slew rate. 

 

 

 

 

 

Figure 3-4: Graphical representation of the Slew Rate parameters.  

 

The general equation for the Slew Rate is provided below [114]: 

 

 𝑆𝑅 = max |
𝑑𝑣(𝑡)

𝑑𝑡
|  3-4 

 

3.4.4 Step 3 – Increase the battery size 

During the initialisation step (step 2), the capacity of the battery was defined as being of zero.  This 

initial value of the battery size, being “0”, is used to evaluate the response of the fuel cell to a load 

step change when there is no battery energy storage used within a FC system. Basically, when step 2 

is applied, the aim is to consider the worst case scenario for the fuel cell. The fundamental idea 

behind this is to find the response time of the fuel cell under maximum load power demand and then 

define the initial SR.   

In step 3, the size of the battery is increased. This allows calculating a new slew rate that will be 

compared to the old one. To do so, there is a need to compute a new capacity with the following 

equation: 

 

t0 

FC Voltage 

Time (sec) 

VFC (t0) 

 

VFC (tMax) 

 

tMax 

Load Step change 
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 𝐶𝑛+1 = C𝑛 + BSF  3-5 

 

Where  

𝐶𝑛 is the capacity of the battery (Ah) at the iteration of the algorithm n, 

𝐶𝑛+1 is the capacity of the battery (Ah) at the iteration of the algorithm n+1, 

BSF is the Battery Sizing Factor. 

The Battery Sizing Factor (BSF) is a proposed contribution to knowledge and a feature that allows 

increasing the size of the battery in “appropriate” incremental steps at each iteration of the 

algorithm. Note, it is important to appropriately select the incremental step used to size the battery. 

The reason is that this step affects the performance of the battery sizing model. For example a small 

BSF leads to a slow convergence of the algorithm. This means that a large number of iteration of the 

model is required before achieving the optimal battery size.  

On the other hand, a large BSF will affect the accuracy of the sizing model. In this case, many 

common battery capacities currently available on the market will be discarded from this analysis.  

Considering the above, it was found that he proposed “BSF factor” can be directly linked to the size 

of the fuel cell. To be more precise, this research has established that the BSF can be set to a value 

that can be calculated using some of the fuel cell system operational characteristics.  

In this work a wide range of BSF were trialled and tested to identify the best formula. From this 

investigation, it was found that a BSF set to 10% of the maximum fuel cell output current provides 

the best compromise between: 

a) An optimum rate of convergence of the battery sizing algorithm (the algorithm does not run 

forever and is quick to convergence to a result).  

b) A near optimal size of battery results from the application of the below proposed formula. 

In essence, the incremental step BSF can be expressed as:    

 

 BSF = 0.1 ×  𝐼𝐹𝐶−𝑀𝑎𝑥 = 0.1 × 
𝑃𝐹𝐶−𝑀𝑎𝑥

𝑉𝐵𝑢𝑠

  3-6 

 

Where: 
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𝐼𝐹𝐶−𝑀𝑎𝑥 is the maximum fuel cell current (A), 

𝑃𝐹𝐶−𝑀𝑎𝑥 is the maximum fuel cell power (W), 

𝑉𝐵𝑢𝑠 is the maximum output voltage of the Fuel cell system at the output of the DC/DC converter. 

Note that the BSF value is set only the first time Step 3 is evaluated. All the successive iterations use 

the same BSF value. It is also possible for any designer to change the 10% value above to any other 

value if required, though 10% was identified to work best in most cases.  

Now that a new battery size has been computed, it is possible to progress to step 4 of the 

deterministic sizing algorithm. 

 

3.4.5 Step 4 – Compute the new slew rate 

After having computed a new battery size, there is a need to calculate a new slew rate. To do so, the 

equation 3-3 described in step 2 is used.   

The SR found in step 2 and the one investigated in step 4 will be different, and SRn+1 will be smaller 

than SRn. This is due to the fact that as the battery size increase, its ability to deliver more energy for 

longer period of time also increases. This is also true during a sudden load increase. As result of this 

the fuel cell voltage profile will be smoother and in accordance with equation 3-3 the SR will be 

smaller. This is demonstrated below: 

  

 𝑆𝑅𝑛+1 =
𝑉𝐹𝐶(𝑡𝑀𝑎𝑥 (𝑛 + 1)) − 𝑉𝐹𝐶(𝑡0)

𝑡𝑀𝑎𝑥(𝑛 + 1) − 𝑡0

 3-7 

 

 𝑆𝑅𝑛 =  
𝑉𝐹𝐶(𝑡𝑀𝑎𝑥 (𝑛)) − 𝑉𝐹𝐶(𝑡0)

𝑡𝑀𝑎𝑥(𝑛) − 𝑡0

 3-8 

 

With the following applicable equations: 

 𝑉𝐹𝐶(𝑡𝑀𝑎𝑥 (𝑛 + 1)) = 𝑉𝐹𝐶(𝑡𝑀𝑎𝑥 (𝑛)), 

 𝑡𝑀𝑎𝑥 (𝑛 + 1) > 𝑡𝑀𝑎𝑥 (𝑛),  

Therefore, 𝑆𝑅𝑛+1 <   𝑆𝑅𝑛.  
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Figure 3-5 graphically illustrates the different parameters used in the above equations. 

 

 

 

 

 

Figure 3-5: Effect of increase of size of the battery on fuel cell voltage.  

 

3.4.6 Step 5 – Compare the successive SRs 

Having computed the new SRn+1, it is time to define if the simulation must stop or continue. Step 5 

includes a comparison between the above calculated Slew rates (𝑆𝑅𝑛+1 and 𝑆𝑅𝑛 ). The algorithm is 

set to terminate if the following condition is verified:  

 

 𝑆𝑅𝑛+1  ≤ 0.01 × 𝑆𝑅𝑛  3-9 

 

In this work, a wide range of percentages were trialled and tested to identify the best percentage to 

stop the algorithm. If the variation of the SRn+1 is less than 1% of SRn, then the algorithm is stopped. 

The reason for this is that any increase on the battery size after this criteria is met will provide only 

marginal variation to the slew rate. As such marginal impact will be achieved on the fuel cell 

operation and the battery may start to be too large. Note that if the slew rate variation SRn+1 is higher 

than 1% of SRn, a new increase in the battery size is then performed as per step 3.  

 

3.4.1 Step 6 – Stop the algorithm 

When the algorithm is stopped because the equation 3-9 is validated, it is time to analyse the results 

of the calculated slew rates and derive the optimal size of battery to be connected to the fuel cell. 

The values for the slew rates for each battery size increments are plotted into a graph that 

represents the profile of the SR in relation to the size of the battery.  The Slew rate graph will be 

characterised with a hyperbolic trend similar to the one presented in Figure 3-6: 

tMax(n+1) t0 

FC Voltage 

Time (sec) 

VFC (t0) 

 

VFC (tMax) 

 

tMax(n) 

Load Step change 

Battery size Cn 

Battery size Cn+1 
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 Figure 3-6: Profile of the SR in relation to the battery size. 

 

From Figure 3-6, it is possible to identify three main zones, Zone A, B and C. When selecting a battery 

size in Zone A, a high Slew rate value is computed and a corresponding small size of battery is 

achieved. In this zone, and as the battery is small, the fuel cell will be required to supply most of the 

power to the load. In this case, the FC will be subjected to high fluctuations in power demand which, 

in turn, would cause premature degradation. This scenario is nearly similar to the no battery being 

used as an energy buffer to protect the fuel cell. In essence, there will be little if no improvement to 

safeguard the FC from the load fluctuations and the FC performance and durability, thus cost will all 

be negatively affected. Therefore, this zone is discarded.  

In contrast, when selecting a battery size in Zone C, the performance of the FC and its durability will 

be greatly improved. However, the overall cost of the system will be negatively affected. In this case, 

the slew rate is very low, which shall demonstrate excellent performance on the reduction of the fuel 

cell degradation due to load power demand stresses. Nevertheless, the cost of the battery storage 

increases dramatically as the battery sizes within Zone C are large to the point that they are 

oversized for the FC system. In Zone C, any small improvements of the slew rate requires a 

substantial increase in the size of the battery, leading to increase costs. It is reminded that cost is one 

of the major issues with fuel cell systems and therefore a too large battery with little improvement is 

not favoured. For these reasons, Zone C is discarded.  

Finally, the middle Zone B, illustrates the best “compromising zone” between the three proposed 

zones. It provides relatively good slew rates which lead to a good performance on reduction of the 

fuel cell degradation. The compromise between cost, performance and durability is therefore 

achieved within Zone B. In this zone, the battery is big enough to deal with most of the load 



 53 

fluctuations, reducing dramatically the stress on the fuel cell, thereby providing better performance, 

better durability and better overall fuel cell system costs.   

In summary, the optimal range for the battery sizing model is represented within Zone B.  

When selecting a size of battery, it is important to consider the following: 

 A larger battery size corresponds to a higher reduction of the fuel cell degradation.  

 Larger battery size brings an increase on weight and cost of the system. Therefore a 

compromise should be performed by the designer between reduction on the fuel cell 

degradation and battery cost and system weight on the other side.  

 The continual technological progress on battery manufacturing enhances performance, 

reduces weight and cost of batteries, therefore it is expected that the constrain due to 

weight and cost will be reduced as battery performance improves, but smaller battery size 

may lead to higher cost as miniaturisation usually brings cost up.  

 The financial and weight constrains are subject to the type of application where the fuel cell 

will be used. In an automotive or portable application, the weight is a critical factor. In a 

stationary application, the weight is less critical and could accept a bigger and heavier 

battery. Similarly some niche market applications could accept higher costs as they are less 

affected by the financial implication of a large battery system.  

From these considerations, it is possible to affirm that a general rule for sizing the battery cannot be 

identified if the weight and financial analysis are not included in the sizing model.  A financial analysis 

should be included as a supporting tool for the battery sizing model. An example of financial analysis 

will be presented in the next section where a case study of a fuel cell system will be presented.  

In summary, the battery sizing model provides a range of sizes that are suitable to operate with a fuel 

cell system and provide optimum benefits on the reduction of degradation while keeping costs of the 

system “affordable”. This range of sizes is represented by zone B of Figure 3-6. Again, it is important 

to stress out that a financial analysis should be performed after Zone B has been produced to 

determine the best and optimal battery size. 

 

3.5 Case Study – Applying the Battery Sizing Tool 

The aim of the case study is to verify the hypothesis that the proposed deterministic algorithm can 

accurately size a battery for a fuel cell system using the proposed slew rate concept. It is also aimed 
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at showing how the application of the battery energy storage sized by this algorithm can slow the 

aging of a fuel cell by reducing the stress level on the FC caused by the load fluctuation. 

In addition to this, there is a need to demonstrate that the battery size compiled by the deterministic 

algorithm can provide the balance of power needed during the momentary load transition period 

(dynamic load following behaviour). Moreover, the battery needs to illustrate that during sudden loss 

of load, the energy storage will recover its energy from the generator source without negatively 

affecting the fuel cell, thus without major FC degradation.  

The system shown in Figure 3-7 is used to investigate the proposed optimised sizing model of battery 

while considering cost.  

 

 

Figure 3-7: Diagram of the fuel cell system with integrated energy storage used for the case study. 

 

The case study system consists of five components; (1) a PEM fuel cell; (2) a DC/DC converter; (3) a 

DC load; (4) a 48VDC battery; (5) a control system; and (6) the DC load. The fuel cell is the power 

generator that generates electricity and has been sized at 1.2 kW. The DC/DC converter converts the 

variable DC voltage from the fuel cell to a stable 48 VDC supplied to the load. There is a control 

system that controls the flow of energy and the safe operation of the overall system. The DC load is 

based on real data collected from a 48VDC Server. The initialisation parameters for the fuel cell – 

battery system model are presented in Table 3-2: 
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Component Parameter Value 

Fuel Cell 

Open Voltage circuit 28.2 V 

Nominal Voltage and Current [33,22] 

Number of cells  30 

Operating temperature 50°C 

DC-DC Converter DC Bus nominal voltage 48 V 

Battery Battery type VRLA 

Table 3-2: Input parameters for the battery sizing model used within the case study. 

 

The case study is divided into four steps: 

1. The first section aims demonstrating the benefit of adding a battery into a PEM fuel cell 

system to reduce the degradation effect.  

2. The second section aims determining an optimised size of a battery that can be used within a 

PEM fuel cell system. 

3. The third step provides a financial analysis supporting the selection of the battery size by 

performing an optimisation between cost and performance. 

4. The fourth step is used to simulate the PEM fuel cell system with the optimised size of 

battery. It analyses and validates the improvement on electrical output performance of the 

PEM fuel cell system and evaluates the degradation reduction effect as result of the addition 

of the battery.   

 

3.5.1 Demonstrating the benefits of a battery into a PEM fuel cell system  

The aim of this section is to demonstrate the positive effect a battery has on reducing the stress on 

the fuel cell. This is achieved by simulating the proposed fuel cell system case study described in 

Figure 3-7. This simulation set the background data results to illustrate the benefits of introducing 

the concept of Slew Rate in the following sections. 

The complete fuel cell model with the parameters shown in Table 3-2 has been simulated for 2.5 sec. 

The load attached to the fuel cell system is of a DC type, with a step change load profile. In order to 

assess both the rising and falling condition on the fuel cell performance, the load has two 

commutations within the simulation time.  

The fuel cell stack voltage and current were continuously monitored and the effect of the rapid 

changing on the load has been analysed for both conditions: fuel cell with and without the battery 
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energy storage.  The comparison of the two configurations is presented in Figure 3-8 and Figure 3-9. 

Figure 3-8 shows the effect on the stack voltage, while Figure 3-9 shows the effect on the stack 

current. 

 

 

Figure 3-8: Effect of the addition of a battery (48V@5Ah) on the voltage of the fuel cell stack. 

 

Figure 3-9: Effect of the addition of a battery (48V@5Ah) on the current of the fuel cell stack. 
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The above figures show that the addition of the energy storage to the fuel cell system reduces 

drastically the rate of change on the voltage and current. The rate of change is the time it takes for 

the fuel cell to respond to a sudden load demand. To recall, the lower the rate of change of the fuel 

cell, the lower the degradation.  

In essence, the voltage of the fuel cell in Figure 3-8 collapses sharply when there is no battery. 

However, this collapse is reduced when a battery is added, hence slowing down the rate of change, 

thereby reducing stress on the fuel cell and as such decreasing the degradation effect. 

Similarly, it can be seen that the over shoot noticeable on Figure 3-9 disappear when a battery is 

added. This over shoot is a major issue in fuel cells as it engenders a phenomenon known as 

starvation. It is recalled that starvation and sudden load demand variations lead to a dramatic 

reduction in the lifetime of a fuel cell.  

From Figure 3-8 and Figure 3-9, it can be concluded that including a battery to a fuel cell system 

brings substantial benefits and that identifying a battery that optimise such rate of change is critical. 

The below section illustrates how the proposed Slew Rate concept allows dimensioning an optimised 

battery size. 

 

3.5.2 Application of the proposed battery sizing model to the case study  

As previously discussed a battery plays an important role within a fuel cell system. However, the 

question still poses as to how to define the optimum battery size for such system. This is why the 

concept of Slew Rate (SR) was introduced in this work. The SR is vital for defining the size of a battery 

as it allows investigating the rate of change. In other words, it allows to easily visualising the different 

options of a battery size to select the most appropriate one. 

Figure 3-10 and Figure 3-11 are first used to illustrate different rate of change for different battery 

sizes within a fuel cell system. These show the effect of the battery capacity variation on the stack 

voltage and current. The values of the battery capacity size considered during the simulation are [0 

(only fuel cell supplying the load), 1, 3, 5, 10, 20] Ah. 
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Figure 3-10: Effect of the battery capacity variation on the voltage of the fuel cell stack. 

 

 

Figure 3-11: Effect of the addition of battery capacity variation on the current of the fuel cell stack. 

 

The above figures demonstrate that by increasing the battery capacity size, the rate of change on the 

voltage and current of the fuel cell stack is reduced. Therefore, the bigger the battery bank, the 
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smaller the rate of change. However, the lower the rate of change, the more expensive is the 

battery. The question that remains to be answered is how to define the best optimum battery size? 

To address this question, the Slew Rate concept is introduced within the proposed battery sizing 

algorithm described in Figure 3-2 to determine the optimal battery size for this case study. Figure 

3-12 provides the result of the battery sizing model and shows the Slew rate calculations in relation 

to the incremental battery size. 

 

 

Figure 3-12: Relation between the Slew Rate and the battery capacity for load rising. 

 

From the Figure 3-12, it can be easily concluded that selecting any battery size from 0 to 8 Ah (Zone 

A) will lead to a high value of slew rate and therefore result in the fuel cell being subjected to high 

fluctuations.  

In contrary, any battery size above 40 Ah (Zone C) can be characterised by a very small slew rate. 

However, to achieve such battery size, there is a need to significantly increase in the battery capacity 

to achieve minor improvements on the slew rate. This means high cost associated with a battery 

bank, thus increasing the cost of the fuel cell system. 

A B C 
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The correct zone for selecting the battery is therefore Zone B. The slew rate has a rate of change 

comparable to the rate of change on the battery size. Therefore a battery size in the range 8 to 40Ah 

is to be considered as acceptable for operating the fuel cell.  

A higher value of battery size will bring further improvements on the reduction of fuel cell 

degradation. However, two important factors should be considered when selecting the optimal 

battery size: weight and cost. As the size of the battery increases, higher will be the cost and weight 

of the system.  Higher cost means that the fuel cell system envisaged by a designer may be deemed 

too expensive. As such, further analysis will provide a financial assessment of the size of the battery 

to support the battery sizing model and provide a further indication on how to select the optimal 

battery size. 

 

3.5.3 Financial analysis of the battery sizing  

A financial assessment of the size of the Battery is performed to confirm that Zone B is best suited for 

selecting the size of a battery. As mentioned previously, the cost of the battery will be affected by its 

capacity. By analysing several batteries currently available on the market [115], it has been possible 

to derive a curve with the trend of battery price (€) in relation to the increase of the capacity, 

expressed in Ampere-hours. The following Figure 3-13 is providing the recorded trend performed 

with Lead Acid batteries available on the market in March 2018: 

 

 

Figure 3-13: Price of the battery in relation to the capacity (March 2018). 
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By combining the results of the battery sizing model represented in Figure 3-12 with the financial 

information of the battery presented in Figure 3-13, it is possible to represent the Figure 3-14: 

 

 

Figure 3-14: Relation between the Slew Rate, the battery capacity and the cost of battery. 

 

From Figure 3-14, it can be concluded that the cost of a battery within Zone A is very low. However, 

in this zone the slew rate is high. Unfortunately, the fuel cell, which is the most expensive component 

of the system will deteriorate at a high pace and quickly damage to the point of premature failure. As 

such, the initial overall system cost will be low, but the fuel cell will prematurely fail and as such the 

lifecycle cost of the system increases significantly with both the FC and battery durability and 

performance affected in the early stage of operation. 

It is also possible to conclude that the battery size in zone C is large and price is very high. Within this 

zone, the slew rate is very low. However, it will be cost prohibitive for a project to acquire such 

battery. In other words, selecting such a battery size at design stage may mean that a project does 

not go to the implementation stage. The rational is that the overall cost of a fuel cell system will 

become so high (high battery cost) that a user may decide to cancel the project or use an alternative 

highly polluting technology.  

A B C 
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Therefore, the preferred zone where to select a battery is zone B. Within this zone, the rate of Slew 

rate change still decreases through time but at a much lower pace. In essence, it is possible to say 

that the rate stabilises and is comparable to the rate of change for the battery. As such, the effect of 

increasing the battery size reduces. This means that even by increasing the battery a little more, the 

benefits of increasing the size of the battery provide small benefits on the fuel cell. Due to these 

factors, zone B is where the designer of a fuel cell system should select a battery size. 

Figure 3-14 demonstrates that the cost of installing a battery in zone A is fairly low. It also shows that 

the cost of the battery increases dramatically in zone C. On the other hand, it can be observed that 

the cost of the battery within zone B increases too. As such this poses the question, why would a 

designer select a battery within zone B knowing that the battery cost is increasing?  

The fact comes from that an overall fuel cell system is quite expensive. As such, a small increase in 

the size of the battery may not lead to a major cost increase in the overall fuel cell system CAPEX. 

However, even the smallest battery size increase could have a major benefit to the fuel cell. To recall, 

the larger the battery size, the lower the fuel cell degradation.  

Table 3-3 further illustrates the concept of SR versus battery size and cost. The table is used to 

provide a final recommended battery size and how such battery size can be derived directly from the 

SR versus battery size graphical representation without the need for adding the cost of battery to the 

equation. 

 

Zone 
Slew Rate 

(V/sec) 

Battery size 

(Ah) 

FC Improvement 

Factor (%) 

Battery cost 

(€) 

Increase in 

cost 

A 204 2 0 €148.20 0 

B 97.8 10 52 €188.00 1.27 

B 52.5 25 74 €490.00 3.3 

C 13.97 100 95 €1098.00 7.5 

Table 3-3: Simulation results associated with costs. 

 

In Table 3-3, four battery sizes are used to identify the financial analysis. In order to compare 

successive battery sizes, it is important to define two variables: the FC improving factor and the 

Increase in cost. These are described in the following sections. 
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3.5.3.1 The FC improvement factor 

It provides an indication on the percentage improvements on the reduction of fuel cell degradation 

when increasing the battery size. This improvement factor is calculated using the following proposed 

formula. 

 

 𝐹𝐶𝑖𝑚𝑝 = (1 −
𝑆𝑅𝑖

𝑆𝑅0

) × 100 3-10 

 

Where: 

SRi: is the current selected Slew Rate (V/Sec) as result of using a battery size with capacity Ci. 

SRo: is the reference Slew Rate (V/Sec) as result of using a battery size with capacity C0. 

The FC improvement factor represents the percentage reduction in degradation of the fuel cell. The 

FCimp is based on the SR, which in turn is related to the capacity of the battery C.  In essence, the 

higher the improvement factor, the lower the degradation of the fuel cell. As example, when 

increasing a battery size from C0 to C1, if the recorded FCimp value is 50%, then 50% of the fuel cell 

degradation is reduced. This is because the slew rate have been reduced of 50% through the use of a 

given battery size. Hence 50% of the fuel cell issues related to its degradation from state change 

would be removed through the appropriate selection of a battery size. 

Obviously, there are other factors that have an impact on the fuel cell lifetime such as the 

environment it is installed in, the quality of the hydrogen, etc. However, if the fuel cell was installed 

in an almost perfect setup, then it could be assumed that the degradation is only affected by the 

load. As the degradation affected by the load can be reduced through the installation of a battery, 

then a FC improvement factor of 50% would lead to a 50% improvement of the lifetime of the fuel 

cell. 

 

3.5.3.2 The increase in cost 

 It indicates the amount of price increase when the size of the battery is increased. This could be 

defined as: 
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 IC =
𝐶𝑜𝑠𝑡𝑖

𝐶𝑜𝑠𝑡0

 3-11 

 

Where 

Costi is the price of the battery with capacity Ci. 

Cost0 is the reference price of the battery with capacity C0. 

The increase in cost IC provides an indication on price rise of the battery when increasing the 

capacity of the battery. As example, when increasing a battery size from C0  to C1 , if the recorded IC 

value is 1.5, then battery price is risen of 50%. 

Having defined the FC improving factor and Increase in cost, now we could analyse the four battery 

sizes of the Table 3-3: 

1) The first battery size is represented from a 2Ah battery. It is located in zone A and has a cost 

of 148.20 Euro. This battery size provides a slew rate of 200 V/sec and represents the 

reference point for all successive sizes. 

2) The second battery size has a capacity of 10 Ah. It is located in zone B and has a cost of 

188.00 Euro. This battery size provides an improvement on the slew rate compared to the 

previous size. The recorded slew rate is 97.8 V/sec and corresponds to a FCimp of 52%. 

Hence 52% of the fuel cell issues related to its degradation from state change would be 

removed through the selection of this battery size. Further investigating this, and in 

accordance with the cost of the system, the 10Ah battery size will increase the cost of the 

battery by a factor IC of 1.27. 

3) The third battery size has a capacity of 25 Ah. It is located in zone B and has a cost of 490.00 

Euro. This battery size provides a further improvement on the slew rate compared to the first 

battery size. The recorded slew rate is 52.5 V/sec and corresponds to a FCimp of 74%. 

Hence 74% of the fuel cell issues related to its degradation from state change would be 

removed through the selection of this battery size. Regarding the cost, the 25Ah battery size 

will increase the cost of the battery by factor IC of 3.3. 

4) Finally the fourth battery size has a capacity of 100Ah and is located in zone C. The cost for 

this battery is 1098.00 Euro and provides an improvement on the slew rate of 95%, while the 

increase in cost results to 7.5. 
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3.5.3.3 Final considerations 

To recall, the aim of this case study is to define the optimum size of the battery which does not 

increase exponentially the cost of a fuel cell installation. It is well documented that the price for a 

1kW fuel cell is about 4000 Euros [23]. Taking this into consideration, it can be concluded that: 

 To resolve 95% of the fuel cell degradation issues, there is a need to use a battery size of 

100Ah and invest 1098 Euro. Comparing this investment to the initial investment of 148.20 

Euro (first battery size of 2Ah – see table Table 3-3). In this case, the cost of the battery is 

high compared to cost of the fuel cell (1/4th). Also, the overall degradation savings made 

from the previous step is not as high when looking at cost savings versus improvement. In 

essence the battery size from the previous SR has jumped from 25Ah to 100Ah. This induces 

that there is a need for storing these extra batteries meaning more space requirements, that 

the batteries will have an extra weight that may require floor strengthening, bigger in size 

means potential for more hydrogen or acid leakage (pollution and leakage management 

system required), potential for cooling requirements, all of which will increase cost. 

 Similarly, to resolve 75% of the fuel cell degradation issues there is a need to use a battery 

with size of 25Ah, the cost of the battery would be 490 Euro and represent a price increase 

of 3.3 from the initial investment of 148.20 Euro. The cost of the battery is 1/8th of the cost 

of the fuel cell. This is not such a high cost to add to the overall fuel cell system and the 

benefits are high (increasing the fuel cell lifetime by 75% from power state change).  

 And finally to resolve 50% of the issues a battery with size of 10Ah is required, the cost of 

this battery would be 188.00 Euro and it represent an increase by a multiple of 1.27. This 

battery size represents 1/20th of the cost of the fuel cell. This cost is very small to add to the 

overall fuel cell system, however the benefits are smaller (increase the fuel cell lifetime by 

52%) compared to the case with 25Ah.   

As such, it is now possible to conclude that the best optimum recommended battery size can be 

derived directly from the SR versus battery capacity graph (Figure 3-14). This is situated at the FCimp 

factor of 74%. 

Designers can then decide to reduce or increase this depending on the project budget, but the 

proposed deterministic algorithm based on the SR provides a very clear indication as to what would 

be an optimally sized battery with optimal cost as well. 
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Having defined the size of a battery, there is a need to validate if the size of battery produced by the 

deterministic automatic battery sizing model make a difference within a fuel cell system. Next 

section aims at validating this. 

 

3.5.4 Validating the model simulation results 

In the previous section, it has been shown that the size of a battery within a fuel cell system can be 

automatically generated using a deterministic model based on Slew Rate. It was also described that 

this battery could have a positive effect on the fuel cell operational dynamic behaviour within such 

fuel cell system. Nevertheless there is a need to validate the claim that the battery size resulted from 

the deterministic algorithm simulation provides a means to enhance the dynamic behaviour of the 

fuel cell. To do so, two scenarios are investigated: 

Scenario A:  The fuel cell is directly connected to the load through a DC/DC converter. There is no 

battery. This provides the worst case scenario for a fuel cell. 

Scenario B: The fuel cell is connected to the load through a DC/DC converter and a battery is also 

connected to the output of the converter. The load is therefore indirectly connected to the battery 

too.  

Note that the load used to simulate the two scenarios is a dynamic server. The data have been taken 

from a real server application, which was data logged to obtain its load profile. 

 

3.5.4.1 Scenario A – No battery in the PEM Fuel Cell System dynamic simulation 

The fuel cell system described in Figure 3-7 has been used for Scenario A. The only difference 

between the system described in section 3.5 and Figure 3-15 is the removal of the battery. The below 

figure illustrate the system for Scenario A.  
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Figure 3-15: Diagram of the fuel cell system without integrated energy storage. 

 

Below illustrates the different graphs that have been produced by the simulation for comparison 

with Scenario B.  

 

 

Figure 3-16: Worse case fuel cell scenario. 

 

The above figure illustrates that the fuel cell manages to load follow at all time. Therefore the fuel 

cell could be directly connected to the load without any apparent issue. Nevertheless, it is recalled 

that the fuel cell will prematurely age without a battery. The next scenario (scenario B) illustrates the 

impact of the battery on the fuel cell power output (and its associated voltage). 
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Of critical importance, if the load increase suddenly to higher power demand compare to what the 

fuel cell can supply, the fuel cell will run in starvation mode and this will dramatically reduce its 

lifetime. It is therefore critical that the fuel cell is sized up to the maximum allowable power output 

of the load. This means if the load has just a few peak power demands at say 1.5kW, then the fuel 

cell will have to be sized up accordingly.  

 

3.5.4.2 Scenario B – Battery inserted in the PEM Fuel Cell System dynamic simulation 

The fuel cell system described in section 3.5 has been used for Scenario B. The battery has been set 

to 25 Ah. This is the battery size that has been found by the deterministic algorithm to provide the 

best compromised between cost and fuel cell degradation levels. Below provide the different graphs 

generated from the simulations. These are further analysed below and compared to Scenario A. 

First it is important to verify if the load is supplied fully from both the combination of power 

generated by the fuel cell and the energy stored in the battery. Figure 3-17 is used for that purpose. 

As shown, the addition of the power generated by the fuel cell and the battery perfectly matches the 

load demand. Therefore, the combination of the fuel cell and battery provide a good match between 

energy generation and energy storage mechanism.  

 

 

Figure 3-17: Fuel cell scenario B with battery energy storage. 
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Having shown that both the fuel cell and battery are able to supply the load with enough energy, it is 

now possible to compare the two different scenarios. First, Figure 3-17 shows that when a battery is 

added to the fuel cell system (scenario B), the fuel cell output power is smoother and flattened. This 

means that there is less stress put upon the fuel cell, thereby reducing the fuel cell degradation 

effect. 

In addition, the fuel cell power output works within a dedicated power range. In this case the power 

output of the fuel cell operates between a maximum 750W and a minimum 470W. Such operation of 

the fuel cell between not too extreme power ranges further reduce stresses on the fuel cell, reducing 

the degradation even further. Regrettably this is not the case in scenario A. Figure 3-16 shows that 

the fuel cell power output fluctuate between 970 W and 230 W. This means that the fuel cell has to 

adjust rapidly to different load demand profile, which increase stress and therefore increase 

degradation. 

Similarly, it is possible to conclude that the battery is given time to recover from supplying the load 

with ‘emergency’ or ‘buffering’ load power. The battery state of charge drops to a minimum of 96% 

and then recovers slowly through a number of fluctuations due to the load fluctuating profile. 

From the above, it is clear that the battery plays an important role in reducing the stress on the fuel 

cell. It is also clear that the size of the battery recommended through the application of the 

deterministic algorithm is suitable. Furthermore, and in addition to all of the benefits highlighted 

above, it is important to conclude that the load if fully powered at all time and no matter what is the 

load profile.   

 

3.6 Conclusions 

This chapter has shown that many of the literature documented models and commercially available 

software do not offer the capability to automatically generate the optimum size of a battery for a 

fuel cell system. It was found that the models and software programs that have the ability to 

simulate fuel cell systems are complex, require a significant amount of input data and involves high 

computational resource to produce a simple initial battery size.   

This chapter has proposed a model that can optimally size a battery energy storage for fuel cell 

system applications. It has presented the results of a model developed for a fuel cell - battery system 

serving variable and dynamic load changes. It has provided a number of new concepts and models 

such as the Slew Rate, the BFT, Fuel cell improving factor. 
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The presented model represents a fundamental design tool to be applied on fuel cell systems. It 

allows the analysis of the effect of load changes on the fuel cell stack and represents an efficient 

method to design the optimal energy storage size to be integrated with the fuel cell system. The 

unique feature of this design tool is that it accurately devises the relationship between fuel cell 

performance and the battery size. 

The main objectives of this chapter’s investigation was to evaluate the benefit of additional battery 

energy storage onto a fuel cell system, and to provide a solution to the shortcomings of available 

models and software to easily and automatically determine the minimum feasibly size of the battery 

storage system.  

Another objective was to reduce the Capital Expenditure (CAPEX) of the battery without losing the 

added benefits of the battery. The rational was to find a good balance between battery CAPEX while 

lowering the degradation effect to the fuel cell.  

The proposed model was validated in a case-study. A Proton Exchange Membrane (PEM) fuel cell 

system model has been developed, implemented and verified by comparing the model results to 

those from a real PEM fuel cell. This PEM-FC was integrated with battery energy storage to 

demonstrate the performance enhancements that can be realised by using a proposed Slew Rate 

Concept. 

The case study handled was divided into two main simulations. The first simulation demonstrated 

that an optimal sizing of a battery using a deterministic algorithm is achievable. The deterministic 

algorithm base on the SR analysis provided a recommended battery size that can reduce 74% of the 

degradation issues of a fuel cell. It also provided a region where the optimum battery can be chosen 

from.  

The second simulation used the produced battery size from the first simulation and showed that such 

produced battery has provided a positive impact on the fuel cell power output. The battery reduced 

substantially the stress on the fuel cell, thereby reducing the degradation effect, hence increasing the 

lifetime of the most expensive component within the system. 

The deterministic model for the optimal battery sizing also reduces the capital expenses by allowing 

the systems to be sized more closely to the steady-state power requirements, rather than the more 

standard method of over-sizing the fuel cell to meet transient loading requirements. 
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Importantly, the proposed concept for the deterministic model described in this chapter can be 

further applied to other energy storage technologies (such as supercapacitors, flywheel, etc.) and to 

perform a similar optimised sizing tool. 
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4  

4 Reduction of the PEM-FC Premature Aging Through the 

Implementation of Proposed Double Loop PID Control System 

As shown in Chapter 2, fast load fluctuations could bring premature aging and premature 

degradation to the fuel cell. This is due to starvation on the fuel and oxidant supply to the fuel cell. 

The rapid load changes bring rapid variations in the fuel and oxidant gases requested at the anode 

and cathode of each cell. These sudden changes often cannot be handled by the fuel cells gas 

delivery system, and therefore a starvation event occurs at cell level and causes a reduction of the 

voltage and overall fuel cell output power [78]. 

In some condition, reverse polarity could happen at cell level, and bring degradation and corrosion 

phenomena to the fuel cell material [53], [116], [117]. It has been observed that after a starvation 

event, the fuel cell could be affected by corrosion of carbon components such as the gas diffusion 

and backing layers, and corrosion of electro-catalysts or burns at the catalyst layers of the electrodes 

and on the membrane surface.  

In contrast, Chapter 3 has shown that some of the above degradations could be reduced by 

appropriately sizing a battery, in particular, and an energy storage in general. However, though this is 

true and Chapter’3 case study demonstrated the positive effect the right size of a battery has on a 

fuel cell, there are still substantial amount of stresses observed on the fuel cell that could be 

addressed. This is precisely what this chapter aims at providing a method that can be used to further 
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reduce the degradation effect of a load onto a fuel cell. The below sections define that fuel cell 

premature aging can be further lowered by the application of advanced control techniques.  

A brief literature review of different fuel cell control strategies that are used to address degradation 

is first presented. This is followed by a proposed control system based on a “double loop PID (2PID) 

algorithm” concept for improving the management of the fuel cell power output and the battery 

power. The proposed control system also aims at reducing the degradation on the fuel cell due to 

rapid load changes.   

Next, a case study to demonstrate and validate the new control system in managing the fuel cell and 

battery power output and reduce the fuel cell aging due to load changes is described. 

 

4.1 Control Strategies used to Reduce PEM Fuel Cell Degradation  

Industries and researchers have spent considerably effort on reducing degradation effects such as 

that related to starvation. A common control strategy to reduce the starvation effect was to supply 

the fuel cell with more fuel and oxidant than what is actually needed for a specific power output. 

Hydrogen and Oxygen are supplied with a higher fixed stoichiometric ratio to prevent starvation 

during high transient load changed.  

The excess fuel and oxidant is able to guarantee the presence of gases during a sudden request, and 

deliver a greater power output of the fuel cell due to the presence of more gas in the cell interface 

[118]. Performance analysis on a fuel cell system with increased stoichiometric ratios have shown 

improvements in performance of the fuel cell and reduced starvation effect. However there is a limit 

to the improvements [119] as more liquid water is produced at the cathode and mass transfer effect 

will reduce the amount of oxygen available at the cathode surface and therefore reducing the 

performance [120].  

Even if the increased stoichiometric ration brings performance improvements, there is a limit to the 

maximum ratio permitted. The higher flow of the fuel and oxidant brings a reduction on the system 

efficiency as more fuel is consumed and more electrical power is required to supply the oxidant for a 

specific fuel cell power request. For this reason, alternative new control system techniques have 

been implemented to manage the degradation effect due to rapid load changes [85], [121].  

The new strategies include the construction of balance of plant with improved performance on 

supply of fuel and oxidant to the fuel cell and the introduction of new control system techniques that 
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aim to prevent the starvation effect. The most common control strategies currently used within fuel 

cell systems are the following [78]: 

 Traditional Proportional Integrative Derivative (PID) control.  

 Adaptive Control (AC). 

 Model Predictive Control (MPC). 

 Fuzzy Logic Control (FLC). 

 Neural Network Control (NNC). 

 

4.1.1 Traditional Proportional Integrative Derivative (PID) control 

Traditional proportional integral and derivative (PID) controllers have been used intensively in fuel 

cell applications [122] [123] [124] [125] [126] [127] [128] [129]. They have been used successfully to 

control the fuel cell output voltage or current by manipulating the hydrogen and air flow rate 

because of their simplicity and low cost. In this type of controller, hydrogen and oxygen flow rates 

are set with high stoichiometric ratio that prevents starvation event. Therefore, system efficiency is 

not optimised due to the increased consumption of hydrogen and oxygen flow rates. As such, PID 

controllers suffer from two major drawbacks: inaccurate control because of non-linear behaviour of 

the fuel cell and slow response time of the fuel cell system.  

 

4.1.2 Adaptive Control (AC) 

To overcome the inaccuracy and slow response of the PID controller, Adaptive Controllers (AC) have 

been largely used. The ACs are still based on the PID control system. However, these are able to 

estimate parameters of the non-linear and linear models of the fuel cell and therefore update 

continuously the control action. The ACs controllers are also able to self-tune the PID constant 

parameters. Therefore, they can improve the accuracy of traditional PIDs especially in region where 

the fuel cell is affected by rapid load changes and fuel starvation. In addition, the response time of 

the control system is also improved because of its ability to adapt to the changing system dynamics. 

This adaptive technique is a good progress in control systems. Unfortunately, the AC control 

technique is only focused on the fuel cell and does not take into account an energy storage medium. 

As such, though the controller is an improvement from the standard PID technique, it does not take 

battery storage into consideration. 
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4.1.3 Model Predictive Control (MPC) 

Further improvement to the fuel starvation problem has been introduced by the Model Predictive 

Control (MPC). This type of control system uses a validated model of the fuel cell to predict the 

system behaviour. By comparing the predicted data with the actual performance, the control system 

is able to set the operative parameters of the fuel cell based on the error on the prediction. The MPC 

of a non-linear model requires considerable computational time because of the non-linear nature; 

therefore the response time of these control systems can be affected badly. Again, and as per the AC, 

the MPC does not take into account the battery energy storage medium and misses a valuable source 

of information to support a better control of the fuel cell power output. 

 

4.1.1 Fuzzy Logic Control (FLC) 

Fuzzy Logic Control (FLC) techniques have been used successfully in the last few years in the fuel cell 

control [78], [130], [131]. They have demonstrated that optimised results have been achieved on 

managing the operative parameters of the fuel cell, such as gas management [130] and overall 

energy management of the FC [131].  This is due to the use of simple and heuristic rules for the 

control system that are able to manage the complex fuel cell system, even if the processes are not 

completely determined. FLCs represent a simple and low cost technique for implementing fuel cell 

control system. They do not need accurate mathematical models and heavy computational resources 

and provides robust performance even in external disturbances [78]. Similarly to the ACs and MPCs, 

FLCs have yet not being applied to the overall fuel cell system that includes the battery energy 

storage as part of the global energy management approach as proposed in this work.  

 

4.1.2 Neural Network Control (NNC) 

Alternatively, instead of predicting the fuel cell behaviour and calculating the control parameters of a 

no-linear model that requires heavy computational task and time, a more efficient control system 

can be based on artificial intelligence. Neural network control (NNC) and fuzzy logic control (FLC) 

have been implemented successfully in recent years [78], [132], [133]. These have been documented 

to be simpler and cheaper to implement without heavy computational burden of the AC and MPC 

and at the same time produce better results [78]. 

Basically, the system output responses to input disturbances can be learned by a neural network 

(NN). The network is trained with input and output data of the non-linear system with data where 

the NN is trained by input-output data of the non-linear system and the weights are determined by a 
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back-propagation of errors technique. For instance, an NN has been used to successfully model the 

non-linear system of a fuel cell system for vehicles using multi-layered perceptron, which could be 

used to control the fuel cell system in a Neural Network Control (NNC) system [132], [133]. 

The use of the above NNC controller provide better power output of the fuel cell and reduces the 

starvation effect to a certain degree. The control technique takes into account the past behaviour of 

the fuel cell and anticipates its future power output. However, as per AC, MCP, and FL, the NNC does 

not take into account the load fluctuation as the main input to the controller, but investigate past 

power output of the fuel cell. It also does not take into account the available state of charge of the 

battery. Unfortunately, this may not provide the optimum solution as the fuel cell power output is 

dependent on the size of the battery and its current state of charge. As such the NNC will not follow 

what the load requires, but more what it thinks the fuel cell requires to generate at a given time ‘t’. 

In summary, though the above current control techniques have been successfully implemented as 

fuel cell control systems, some of the techniques and control algorithm are either too complex to 

implement, time consuming or even have mitigated results on degradation, or do not take into 

account some of the most critical overall system parameters (i.e., it uses the power output of the fuel 

cell instead of anticipating the load profile, it does not take into account the state of charge of the 

battery).  This is why it is proposed to demonstrate that the put forward a new double loop PID 

controller that could improve the fuel cell performance, prolong its lifetime and achieve a better 

energy management of the overall fuel cell-battery system.  

 

4.2 Theory of the PID Control System  

Proportional-Integral-Derivative (PID) control is the most common control algorithm used in industry 

and has been universally accepted in industrial control. The popularity of PID controllers can be 

attributed partly to their robust performance in a wide range of operating conditions and partly to 

their functional simplicity, which allows engineers to operate them in a simple, straightforward 

manner.  

 

A PID algorithm operates in a closed loop system with negative feedback. It consists of three basic 

control actions: proportional, integral and derivative which are varied to get optimal response. Figure 

4-1 shows a schematic diagram for the operation of a PID controller. 



 77 

 

Figure 4-1. Diagram of a PID controller [134]. 

 

In a fuel cell control system, the process variable X is the system parameter that needs to be 

controlled, such as fuel cell temperature, pressure or flow of the reactant, etc. A sensor is used to 

measure the process variable and provide feedback to the control system. The set point is the 

desired value u for the process variable, such as 100°C in the case of a temperature control system. 

At any given moment, the difference between the process variable X and the set point u is used by 

the PID control system algorithm to determine the desired control variable to drive the fuel cell 

system.  The control law of the PID is expressed by the following equation [135]:  

 

 𝐹(𝑡) =  𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

+ 𝐾𝑑

𝑑𝑒(𝑡)

𝑑𝑡
 4-1 

 

Where  

𝐾𝑝 , 𝐾𝑖, 𝐾𝑑 are the constant for the three PID control actions:  proportional, integral and derivative. 

𝑒(𝑡) = 𝑢(𝑡) − 𝑋(𝑡), is the error function between the reference value u and the monitored value of 

the process variable X. 

Based on the value of the constant is possible to have the following combination of controllers: 

 P-Controller: This controller is sometimes used (𝐾𝑖=0, 𝐾𝑑 = 0). 

 PI-Controller: Most often used (𝐾𝑑 = 0). 

 PID-Controller: this is the complete controller. 

Each of the above controllers is briefly explained below with their advantages and disadvantages. 
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4.2.1 P-Controller: the proportional response 

The proportional response produces an output value that is proportional to the 𝐾𝑝 constant and the 

error between the monitored and reference variable. The equation of the P-Controller can be 

derived from equation 4-1 when 𝐾𝑖= 0 and 𝐾𝑑 = 0: 

 

 
𝐹(𝑡) =  𝐾𝑝𝑒(𝑡) =  𝐾𝑝(𝑢(𝑡) − 𝑋(𝑡)) 

 
4-2 

 

The constant 𝐾𝑝 is also referred as proportional Gain. It is set during the tuning of the P controller in 

order to get the desired performance. As the constant value of  Kp increases the response of the 

control gets faster. However a too high value leads to oscillation of 𝐹(𝑡). Also the P-controller is 

characterised by an offset value or steady state error. Steady-State error is the final difference 

between the process variable and set point. The Figure 4-2 illustrates these different concepts. 

 

 

Figure 4-2. Typical response of P controller [136]. 

 

4.2.2 PI-Controller: the proportional and integral response 

In addition to the proportional response the PI-Controller includes an integral response. This last part 

produces an output value that is proportional to the 𝐾𝑖 constant and the integral of the error 

between the monitored and reference variable. The equation of the PI-Controller can be derived 

from equation 4-1 when 𝐾𝑑 = 0: 

 𝐹(𝑡) =  𝐾𝑝𝑒(𝑡) +  𝐾𝑖 ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

 4-3 
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The integral component sums the error term over time. The result is that even a small error term will 

cause the integral component to increase slowly. The integral response will continually increase over 

time unless the error is zero, so the effect is to drive the Steady-State error to zero. These concepts 

are shown in Figure 4-3: 

 

 

Figure 4-3. Typical response of PI controller [136]. 

 

4.2.3 PID-Controller: the proportional and integral and derivative response 

This last part of the PID controller is the derivative action. It produces an output value that is 

proportional to the 𝐾𝑑  constant and the derivative of the error between the monitored and 

reference variable. The equation of the PID-Controller is derived from equation 4-1: 

 

 𝐹(𝑡) =  𝐾𝑝𝑒(𝑡) +  𝐾𝑖 ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

+ 𝐾𝑑

𝑑𝑒(𝑡)

𝑑𝑡
 4-4 

 

The proportional corrects instances of error, the integral corrects accumulation of error, and the 

derivative corrects the present error versus the previous error the last time it was checked.  

The derivative action senses the rate of change of process variable and then applies the corrective 

action at a proportional rate of change. It looks at how fast the process variable changes per unit 

time and takes action proportional to its rate of change. 

The effect of the derivative is to counteract the overshoot caused by P and I. When the error is large, 

the P and the I will push the controller output. This controller response makes error change quickly, 
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which in turn causes the derivative to more aggressively counteract the P and the I. These concepts 

are shown in the Figure 4-4. 

 

 

Figure 4-4. Typical response of PID controller [136]. 

 

4.2.4 Tuning the PID controller  

One of the advantages of using a PID controller is the possibility to perform a tuning of the controller 

thought simple experimental test of the system. Among the empirical methods used to tune the PID 

controllers the most common are [135]:  

 The Ziegler-Nichols' closed loop method.  

 The Ziegler-Nichols' open loop method.  

The Ziegler-Nichols' closed loop method is a trial and error tuning method based on sustained 

oscillations). This method is probably the most known and the most widely used method for tuning 

of PID controllers. It is performed by setting the integral constant 𝐾𝑖 and the derivative constant 

𝐾𝑑  to zero. The proportional gain 𝐾𝑝 is then increased from zero until it reaches the ultimate gain 𝐾𝑢 , 

at which the output of the control loop has stable and consistent oscillations. The 𝐾𝑢  and the 

oscillation period 𝑇𝑢 are used to set the P, I, and D constant from the Table 4-1[137]: 

 

Control Type 𝑲𝒑 𝑲𝒊 𝑲𝒅 

P 0.5 𝐾𝑢   

PI 0.45 𝐾𝑢 𝐾𝑝 × 1,2 ÷ 𝑇𝑢  

PID 0.6 𝐾𝑢 𝐾𝑝 × 2 ÷ 𝑇𝑢 𝐾𝑝 × 𝑇𝑢 ÷ 8 

Table 4-1. Ziegler-Nichols' closed loop method. 
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The Ziegler-Nichols' open loop method can be performed only in manual mode and if the process can 

be operated in open loop without the controller. This method required to perform a response of the 

system to a step – change in order to determine the following process parameters: The steady-state 

gain ∆𝑝, the time delay, 𝑇𝑑 and the time constant 𝑇𝑠.  The constants are represented in the Figure 4-5 

[138]. 

 

Figure 4-5. Step change response for an open loop tuning of the PID controller [138]. 

 

The P, I, and D constant can be derived from the Table 4-2: 

 

Control Type 𝑲𝒑 𝑲𝒊 𝑲𝒅 

P 𝑇𝑠 ÷ (𝑇𝑑 × ∆𝑝)   

PI 0.9 𝑇𝑠 ÷ (𝑇𝑑 × ∆𝑝) 3.3 𝑇𝑑   

PID 1.2 𝑇𝑠 ÷ (𝑇𝑑 × ∆𝑝) 2.0 𝑇𝑑  0.5 𝑇𝑑  

Table 4-2. Ziegler-Nichols' open loop method [138].  

 

4.3 Application of the Proposed Double PID Control System to the PEM 

Fuel Cell 

A control system based on double loop PID control technique is proposed here. The main objective of 

the double loop PID control system is to prevent the deterioration of the stack due to the suddenly 

changes on the load profile. The proposed control system aims at efficiently achieving an energy 

balance between the fuel cell electrical generation, the state of charge of the energy storage and 

the electrical load request. The other control techniques available only take as input the power 
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demand from the load and doesn`t investigate the state of charge of the battery. In the proposed 

double loop PID, one of the most important criteria for the control of the fuel cell power output is to 

take into account the different parameters that may have an impact on the degradation, this include 

the battery state of charge.  

Matching the fuel cell output power to the power required by the load`s end-application (i.e., server 

in an office) needs close monitoring and controlling of the fuel cell operational parameters, such as 

temperature, water content of the membrane, flow rate and pressure of the reactants. The sudden 

increase of the electrical power requested by the load can cause starvation of reactants at the fuel 

cell membrane and consequently deterioration; therefore, it is crucial to set the correct operative 

parameters and integrate an energy storage device to provide the missing energy required during 

transitional period of the fuel cell. In this way the overall energy balance of the system provide 

instantaneously the power requested by the load. 

The second main task of the double PID control system is monitoring of the State of Charge (SoC) of 

the battery and managing of the charging and discharging processes. The battery lifetime and its 

performance are strongly affected by the charging and discharging process. The double PID control 

system has been designed to be able to tune the optimal charging voltage in accordance to the SoC 

of the battery and extend the energy storage performance. 

There is a major difference between the traditional type of control system and the one that is 

proposed in this chapter. Traditional systems act upon a request, in a relation cause – effect 

respectively between load applied and fuel cell. Conventional control systems have been associated 

with a slow response in the range, 1 to 10 sec. This is mainly for two reasons: 

 The setting of the operative condition of the fuel cell is linked to mechanical performance of 

the BoP, and the slow response of the control system is due to the slow response of sensors 

and actuators and instrumentation. Other equipment for flow and pressure regulation of the 

inlet gases (air blower, pressure regulator, flow controllers, etc.) or equipment to manage 

the cooling system and humidification of the stack are also associated with slow responses. 

 The speed of the control system is intentionally set low to reduce the stress of rapid voltages 

variations as result of sudden load changes.  

The above two reasons provide a further rational behind the need for a new control system that 

takes into account the battery and prevent the above issues. The aim of the following sections is 

therefore to introduce the development of the proposed control system that addresses the following 

features:  
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 Reduce the fuel cell stress by reducing the starvation effect and therefore prolong the 

lifetime of the system compared to that using a traditional control system.   

 Reduce the battery stress by reducing the rapid and deep discharge of the battery and 

therefore prolong the lifetime of the system. 

 Reduce the size of the battery to the minimum requirements of the fuel cell system. 

 Improve the speed of the control system. 

The above features objectives are achieved by implementing a double loop PID controller to manage 

a PEM FC-battery system. 

 

4.4 Hierarchy of the Double PID Control System for PEM FC-Battery System 

As described in the previous paragraphs traditional PID control systems are widely used for managing 

the Fuel Cell system. These control systems represent a low cost and simple solution to manage the 

operative conditions of the fuel cell sub-system, but at times they are very complex to implement 

(i.e., MPC). These controllers usually do not includes any high level system optimisation, the control 

system focuses only on guarantee that the fuel cell can run safely at the specified power level 

requested by the load. It manages the Fuel cell Balance of Plant (BoP), such as air and gas flow and 

pressure, temperature of the cooling system, humidification etc. in order to supply the fuel cell with 

the correct operative conditions and prevent gas starvation or overheating conditions.  

The proposed double PID control system operates at a higher level of abstraction compared to the 

traditional PID. It aims to set the optimal operative working point for the fuel cell – battery system 

providing high level decisions on system level rather than on component level (it is not preoccupied 

by the temperature of the fuel cell, water management, etc.). It is only preoccupied with providing 

the right parameters to the fuel cell for it to operate in a smoother way. In essence, the double PID 

can be regarded as taking care of the optimisation of the energy management flows and prevents life 

degradation for both fuel cell and battery system. 

The double PID control algorithm can be added on top of any traditional fuel cell control sub-system 

system (water management, thermal management, gases management, etc.). The structure of the 

fuel cell control system can now be represented as a pyramidal hierarchy shown in Figure 4-6. 
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Figure 4-6. Hierarchical structure of the PEM Fuel Cell-Battery control system. 

 

4.4.1 Overview of the PEM FC sub-system control 

The PEM FC sub-system control is a low level controller that operates at system level to manage all 

the supporting components and auxiliary systems of a fuel cell system.  

The main objectives for the PEM FC sub-system control can be summarised as: 

 Setting the humidity and flow rate of hydrogen and air supply to prevent fuel starvation 

[133], [139]. 

 Maintain the optimal temperature within the stack by removing the excess heat generated 

during the electrochemical reaction. 

 Perform purging at the anode during start-up to prevent high start-up voltage that could 

damage the FC stack. 

 Ensures continuous operation at fixed system voltage output even if stack voltage drops on 

high current operation due to polarization losses. This can be accomplished by using DC-DC 

converters, Batteries and accurate power management system [140].  

Generally, the PEM FC sub-system control can be broken down mainly into 4 subsystems as shown in 

Figure 4-7 [78]: 

1. Reactant system. 

2. Thermal system. 

3. Water management system. 

4. Power electronics system. 
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Figure 4-7. FC control sub-system.  

 

Reactant system  

In the reactant system, hydrogen and air are fed to the stack at a certain stoichiometric ratio. 

Hydrogen is supplied at the anode usually from an external reformer that generates hydrogen from 

natural gas or methanol, or directly from pressurized hydrogen tank. On the other side, air is supplied 

at the cathode of the stack using either a blower or a compressed air tank. Determination of the 

hydrogen and air supply pressure and flow rate is accomplished by the PEM FC sub-system control 

that performs control and setting of the reactant operative conditions to satisfy the energy power 

requested by the external load and prevent damage the stack [122], [141]. 

In addition, hydrogen and air are usually supplied at a fixed specified amount and a fixed 

stoichiometric ratio sufficient to generate the rated power of the FC system. However, this reactant 

management is at times (most of the time) not able to follow accurately the current and power 

variations of the FC system because of varying load demands [142]. This could lead to fuel starvation 

that can damage the fuel cell membrane and catalyst layer [143]. Hence, a need to more efficient 

control system that provides a better FC system operation, increases efficiency of hydrogen usage 

and prolong lifetime of the fuel cell. 

Thermal management  

It is recalled that a Fuel Cell is an energy generator with average electrical efficiency of 40-60 % [144]. 

Therefore about half of the energy produced by the electrochemical reactions is converter into heat. 

From this, it can be devised that the thermal management subsystem plays a crucial role in setting 

the optimum FC operation and prolonging its lifetime. 
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The main objective of a thermal management subsystem is to maintain the temperature in the 

optimum operating range and the moisture level in the stack and membrane [145], [146]. Operating 

temperatures should be kept in the proper range in order to maintain optimum electrochemical 

reaction and keep the integrity of the stack material. At higher temperatures, the electrochemical 

reaction is faster [147], [148]. However, if the temperature is too high, the membrane dehydrates, 

shrinks, wrinkles or ruptures. Also ohmic resistance of dry membranes is higher, the output voltage 

becomes lower. Hence, an effective and efficient thermal management subsystem has to be 

implemented to maintain a uniform temperature distribution throughout the stack [149], [150], 

[151], [152], [153]. 

Water management  

The main roles of the water management system for PEM-FC are to ensure adequate water use and 

to maintain membrane hydration. There are two main approach of water management for FC stacks: 

external and internal humidification. In external humidification systems, the humidity of reactant 

gases is controlled by manipulating the humidification temperature and the contact time of reactant 

gases with water in the external humidifier [154], [155], [156]. In internal humidification systems, 

water is injected directly into the PEM-FC to maintain the hydration level of the membrane and to 

ensure that the moisture content of the membrane is within the proper range [157]. Relative 

humidity (RH) sensors used to detect water throughout the cathode fails to detect liquid water [158]. 

As seen in Chapter 2, any abnormal hydration, meaning too little or too much hydration will create 

FC degradation. Unfortunately, it has been documented that many degradation issues are associated 

with these abnormal phenomena due to high load fluctuations. Therefore, a method to reduce 

stresses is needed to avoid hydration related degradation. 

Power Management  

This sub-system improves the performance of a Fuel cell by providing a stable voltage output and 

match between the energy generated by the fuel cell and the requirements of the load. In terms of 

the DC loads, the power management system includes a voltage regulator, DC/DC converters and 

chopper circuits that are used to regulate the voltage at fixed values higher or lower than the stack 

operating voltage. For any Alternating Current (AC) applications, the power management system 

includes a single stage inverter to convert the DC from the stack into AC, or a combination of a DC/DC 

converter in series with DC/AC inverter for multistage conversion.  

Unfortunately, most of the fuel cell control systems do not take into account the extra level of 

information that the DC/DC or DC/AC, the load and the energy storage system are able to provide. 
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The Power Management system in fuel cells solely focuses on the FC and discards any external 

behaviour or information. By discarding these, a wealth of data that could support the “well being” 

of the fuel cell is “disposed of”, “thrown away”, or “forgotten”. It is these valuable data that this 

thesis work is focused to bring to the front to illustrate that by using them, it is possible to greatly 

improve the operation of the fuel cell and reduce the stresses on the fuel cell. As shown in Chapter 3, 

the addition of a battery appropriately sized reduces the stress on the fuel cell. This is the first 

improvement made by this work. In the below, the proposed double PID controller will aim at further 

reducing the stress on the fuel cell by taking a different approach than the control system described 

above. It will investigate the use of the state of charge of the battery at time “t” and setup new FC 

parameters based on this external information. In this way, the fuel cell will be set to react based on 

the load demand and the battery state of charge at time “t”. The below sections provide a 

description of the proposed controller. 

 

4.4.2 Description of the proposed double PID controller 

The double loop controller is a high level control system that is appointed to optimise the operation 

of the fuel cell battery system. The main objectives for the double PID control system can be 

summarised as: 

 Reduce the effect of rapid load changes on the fuel cell by managing the energy flows in the 

fuel cell-battery system with the aim to apply a smother load to the fuel cell.  

 Optimise the response time of a fuel cell system and the battery system by managing the 

speed of the controller in accordance to the optimal operative condition of the fuel cell and 

battery.  

 Reduce the deep discharge events on the battery and prolong its lifetime by operating the 

battery in high state of charge levels.  

 

The double loop PID controller can be defined by the proposed two main blocks: 

 The Energy Optimisation Control block (EOC). 

 The Dynamic Optimisation Control block (DOC). 
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Figure 4-8. Architecture of the double loop PID control system. 

 

4.4.3 The Energy Optimisation Control (EOC) Unit 

The EOC unit aims to set the optimal fuel cell operative condition. It is reminded that in a fuel cell 

battery system, a DC/DC converter is required to stabilise the output voltage of the fuel cell and 

match the load operating voltage level. This DC/DC converter allows an electrical decoupling 

between the FC and battery operation. In fact, when there is a rapid energy request from the load, 

the short term energy is supplied directly from the battery without affecting the system operation. 

The fuel cell response time to the energy request from the load is determined by the fuel cell internal 

dynamic and by the response time of the DC/DC converter. The EOC unit can control the fuel cell 

energy output by controlling the working point of the DC/DC converter.  

This means, it is possible to control the fuel cell power output by controlling the DC/DC converter. To 

be more precise, if the load request 1kW and that the fuel cell is currently supplying 0.5kW of power, 

then it is possible to set up the power output of the fuel cell by gradually modifying the parameters 

of the DC/DC converter. In other words, the DC/DC converter can be set to withdraw 600W from the 

fuel cell. It can then increase this to 700W and then to 800, 900 and finally to 1kW. All of the steps to 

get to the 1kW FC power generation can be set by the proposed controller through the control of the 

DC/DC converter. The proposed method to do this is to keep monitoring the state of charge of the 

battery and the load power demand and then setup the power requirement of the fuel cell through 

the DC/DC converter.  

In summary, and in order to perform this control, the EOC is continuously monitoring the fuel cell 

and battery status and the electrical power request from the load. The EOC is then controlling the 

Fuel Cell power output through the DC/DC converter and set the fuel cell dynamics based on the 

system optimisation strategies implemented within the EOC. 
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The EOC unit can be represented as a block diagram with 4 Inputs and 1 output. The EOC is 

monitoring the fuel cell power output, battery state of charge and load power request. Based on 

these input data and the internal optimisation algorithm, the EOC set the requested DC/DC point of 

work by operating on the inlet current [159]. The integral constant Ki of the EOC controller is set by 

the DOC unit.  Figure 4-9 shows a high level representation of the EOC.  

 

 

 

Figure 4-9. Diagram of the Energy Optimisation Control. 

 

The Energy Optimisation Control unit is based on a traditional PID control system using a PI version 

(kd = 0). The rational for using the PI controller without the derivative action is as follows: 

 The system does not need a fast response time for the fuel cell and this is what the derivative 

in the PID would do. The rational is that the EOC aims to reduce the rapid changes of fuel cell 

power output when a rapid load change increase occurs. Therefore PI controller with a 

slower response is preferable as the battery will supply the energy while the fuel cell slowly 

starts to increase its power output.  

 The fuel cell system can be characterised by large number of disturbance that could affect 

the response of the system, these noise effect could create instability to the controller if a 

derivative action is present. In other words, an increase in the load could only last a micro-

second, and therefore including a derivative in the equation would lead to the fuel cell 

responding fast to any change, hence creating stresses. This is why this work focuses only on 

the PI version of the PID. 

The controller can be therefore now represented as per Figure 4-10: 

 

 

 

DOC Ki value 
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Figure 4-10. EOC control system based on PI control system. 

 

The following variables can be assigned to the EOC: 

𝐼𝐷𝐶/𝐷𝐶, Current of the DC/DC converter; 

 𝐾𝑝, Proportional constant of the PI controller. This is calculated using the open loop or closed 

loop tuning method described in section 4.2.4 (The Ziegler-Nichols' methods). 

 𝐾𝑖, Integral constant of the PI controller. This constant is calculated dynamically by the DOC 

controller. This will be described in the DOC sub-section below. 

𝑃𝐹𝐶, Fuel Cell output power (monitored variable); 

𝑃𝐹𝐶−𝑆𝑃, Fuel Cell power set point.  

The EOC sets the current of the DC/DC converter in accordance with the PID equation, it is presented 

below: 

 

 𝐼𝐷𝐶/𝐷𝐶(𝑡) =  𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

 4-5 

Where  

 𝑒(𝑡) =  𝑃𝐹𝐶−𝑆𝑃 − 𝑃𝐹𝐶  4-6 

 

The fuel cell output power set point (𝑃𝐹𝐶−𝑆𝑃) is defined by the EOC in accordance with the 

monitored SoC of the battery and the current load request. The 𝑃𝐹𝐶−𝑆𝑃 is selected by the EOC in such 

way to ensure that fuel cell provides enough energy to guarantee the energy demand from the load. 

It also should ensure the charging of the battery after any transit discharge event due to the sudden 

Kp 

Ki 

∑ ∑ DC/DC 

current 

Fuel Cell 

Power 

Fuel Cell 
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- 
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energy request from a load. In order to perform these tasks, and during the periods when the power 

electrical request of the load decrease, the EOC will maintain the output power of the fuel cell 

constant till the SoC of the battery is fully replenished. This can be expressed as follow: 

 

𝑃𝐹𝐶−𝑆𝑃(𝑡) =  𝑃𝐿𝑜𝑎𝑑(𝑡)                                          if  𝑆𝑂𝐶 = 100% 

𝑃𝐹𝐶−𝑆𝑃(𝑡) =  𝑀𝑎𝑥|𝑃𝐿𝑜𝑎𝑑(𝑡 − 1), 𝑃𝐿𝑜𝑎𝑑(𝑡)|     if  𝑆𝑂𝐶 ≤ 100% 

 

Where 𝑃𝐿𝑜𝑎𝑑 is the power requested by the load. By combining the above equation the EOC equation 

can be expressed as: 

 

 𝐼𝐷𝐶/𝐷𝐶(𝑡) =  𝐾𝑝[𝑃𝐹𝐶−𝑆𝑃(𝑡) − 𝑃𝐹𝐶(𝑡)] +  𝐾𝑖 ∫ [𝑃𝐹𝐶−𝑆𝑃(𝜏) − 𝑃𝐹𝐶(𝜏)]𝑑𝜏
𝑡

0

 4-7 

 

It is important to note that the tuning of the constants for the PI controller 𝐾𝑝 and 𝐾𝑖 highly affect 

the performance of the controller. If using one of the empirical methods, such as the Zeigler Nichols 

closed-Loop tuning method, it is anticipated that the fuel cell system can achieve a good 

performance in all its wide operative range levels. However, in this work it is proposed to perform an 

auto-dynamic calculation and tuning of the integral constant 𝐾𝑖. The aim is to optimise the dynamic 

operation of the fuel cell system (reducing the number of fast FC response due to a load change). It is 

also aimed at optimising the response time of the controller in accordance with the state of charge of 

the battery. It is this optimisation of the response time of the controller that is performed by the 

Dynamic Optimisation Control (DOC) unit. The below section describes the newly proposed DOC and 

its associated parameters. 

  

4.4.4 The Dynamic Optimisation Control (DOC) Unit 

The Dynamic Optimisation Control (DOC) is a subsystem of the double loop PID control system. It is 

appointed to optimise the dynamic of the EOC control system and fuel cell.  This is achieved by the 

DOC setting the value of the integral constant Ki in the EOC controller. The aim is to dynamically set 

these parameters and not use the standard methods such as open or closed loop (section 4.2.4). Like 

this, the EOC will always be set up using the latest most appropriate Ki parameter. The DOC 
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continuously monitor the state of charge of the battery and based on the charge level performs a 

variation on the dynamic of the fuel cell. The DOC considers the following: if the SoC of the battery is 

high, then the dynamic response of the fuel cell is reduced (the speed at which the fuel cell power 

must be raised). This means that the DOC detects if there is a large amount of energy content within 

the battery and the higher there is energy, the higher and longer is the ability of the battery to 

deliver short term energy request from load. It is recalled that a reduction on the dynamic response 

of the fuel cell reduces the stress level due to rapid load changes and operates the fuel system within 

smoother operative condition. If the SoC of battery is low, the dynamic of the fuel cell is increased 

(faster response meaning more power being generated by the FC). In this condition, the dynamic 

response of the fuel cell is increased to prevent stressing the battery and to satisfy the energy 

requested by the load.  

In summary, the DOC is the sub-controller that decided how fast or slow it is to increase the power 

output from the fuel cell. This is done by automatically and dynamically setup the Ki parameter of the 

EOC PID controller. In essence, the EOC is the controller that sends the information to the DC/DC 

controller, the DC/DC controller is the device that sets the power output of the fuel cell. The battery 

charge is the energy storage system that is constantly monitored by the DOC, and from the SoC the 

DOC calculates the EOC parameters Ki. The EOC then uses the PID controller formulas to send the 

appropriate signals to the DC/DC converter.   

The Dynamic Optimisation control (DOC) unit aims to reduce the stress level due to rapid load 

changes on the fuel cell and also reduce the stress level on the battery due to deep discharge events. 

The DOC achieves this by controlling the response time of the EOC controller. This is performed by 

setting the integral constant 𝐾𝑖 of the EOC controller. The DOC continuously monitors the state of 

charge of the battery.  Based on the energy contained within the battery, the DOC sets the speed of 

the EOC (by modifying the 𝐾𝑖 value). This means the following:  

- When the SoC is high (battery fully charged or nearly), the speed of the EOC is set to low. 

In this condition, the fuel cell has a slow response. This means that the fuel cell power 

output will gradually increase to match the load demand. The fuel cell will therefore not 

follow the load demand right away. It will only do so through time which is dictated by 

the Ki constant. On the other hand, the battery will supply the load with power as it is 

fully charge and therefore can cope with the transient increase in load energy demand 

without being damaged.  

- When the SoC is low (battery is nearly discharged), the speed of the EOC is set to high. In 

this condition the fuel cell has a quicker response time and can satisfy the load energy 
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requirements without incurring damage to the battery. The speed of the EOC controller 

can therefore be simply and dynamically modified by operating a control on the 

𝐾𝑖 integral constant of the EOC controller by the DOC unit. 

Note that, and again, the DOC is based on traditional PID control system. As both the EOC and the 

DOC use PID techniques, and that one feed the other control system, it is this that has led to call the 

proposed PID as “the double loop PID” control system. Also note that a PI controller has been used to 

implement the DOC (Proportionate and integral without the Derivative element). The controller can 

be represented as per Figure 4-11: 

 

 

 

 

 

 

Figure 4-11. DOC control system based on PI control system. 

 

It is possible to assign the following variables: 

𝐾𝑖, is the Integral constant of the PI controller in the EOC. It is this value that is computed by the DOC 

and supplied to the EOC 

𝐾𝑝−𝑑 , is the proportional constant of the PI controller of the DOC. This constant is calculated using 

the open loop or closed loop tuning method described in section 4.2.4 (The Ziegler-Nichols' 

methods). 

𝐾𝑖−𝑑, is the integral constant of the PI controller of the DOC. This constant is also calculated using the 

open loop or closed loop tuning method described in section 4.2.4 (The Ziegler-Nichols' methods). 

𝑆𝑜𝐶, State of Charge of the battery (monitored variable). 

𝑆𝑜𝐶𝑆𝑃, State of Charge of the battery (SetPoint (SP)). 

The DOC sets the integral constant 𝐾𝑖 of the EOC controller using the following formula: 
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 𝐾𝑖(𝑡) =  𝐾𝑝−𝑑𝑒(𝑡) +  𝐾𝑖−𝑑 ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

 4-8 

Where  

 𝑒(𝑡) =  𝑆𝑂𝐶𝑆𝑃 − 𝑆𝑂𝐶 4-9 

 

By combining the above equation the DOC equation can be expressed as: 

 

 𝐾𝑖(𝑡) =  𝐾𝑝−𝑑[𝑆𝑂𝐶𝑆𝑃(𝑡) − 𝑆𝑂𝐶(𝑡)] + 𝐾𝑖−𝑑 ∫ [𝑆𝑂𝐶𝑆𝑃(𝜏) − 𝑆𝑂𝐶(𝜏)]𝑑𝜏
𝑡

0

 4-10 

 

4.5 Case Study – Application of the Double PID Control System 

The aim of the case study is to verify the hypothesis that the double loop PID control system can 

provide improvement on the reduction of the aging of both a fuel cell and a battery storage. The case 

study is also used to investigate if a better energy management for the fuel cell battery system can 

be achieved. In other words, the case study goal is to verify the following: 

 The premature aging effect on the fuel cell due to rapid load changes can be reduced. By 

managing the energy flow in the fuel cell-battery system, a smoother response of the fuel 

cell can be achieved.  

 Optimisation of the response time of a fuel cell system and the battery system by managing 

the speed of the controller in accordance to the optimal operative condition of the fuel cell 

and battery.  

 A reduction of the deep discharge events on the battery with the aim to prolong its lifetime 

by operating the battery in high state of charge levels.  

 

4.5.1 The PEM FC-Battery system case study 

The PEM FC-Battery system case study is divided into two scenarios; (1) the first part is to simulate 

and analyse the fuel cell response when a traditional PID control system is used in a PEM FC-Battery  

system; (2) the second part is to simulate the PEM FC-Battery system with a double loop PID control 

system. A comparison between the two scenarios is then provided and the benefits of the double PID 

is summarised.  
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As previously mentioned in chapter 3, the PEM FC-Battery system includes a DC load based on real 

data collected from a 48 VDC server, a 1.2kW PEM fuel cell, a 48VDC battery bank to manage the 

transient energy request from the DC load and reduce the stress on the fuel cell due to rapid load 

changes. The Battery capacity is 25 Ah, and the size of the battery has been determined by using by 

the battery size model described in chapter 3. Finally a DC/DC converter is included in the system to 

match the Fuel cell output voltage to the 48V DC output requested by the Load.  

 

4.5.2 Analysis of PEM FC–Battery System with traditional PID controller 

This section aims to analyse the fuel cell behaviour when operating in a system with a battery and 

when the FC is controlled by using a traditional PID control system. This arrangement represents the 

most common and simple way to implement a fuel cell system and to manage the energy flow within 

the system. This case represents the reference point for the comparison of the performance of the 

developed Double PID control system. This case is considering the equipment shown in Figure 4-12: 

 

 

Figure 4-12: Diagram of the PEM FC-Battery System with a single PID controller. 

 

The DC load is based on real data from a 48V DC server. The DC load has a peak power consumption 

of 1.1kW and an average power consumption of about 672W (see below Table 4-3). Figure 4-13 

shows the trend for the DC load respectively for 1 week and 1 hour of a 48V DC Server. 
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Figure 4-13: DC load profile for 1 week real data of a 48VDC Server. 

 

Figure 4-14: DC load average profile for 1 hour real data of a 48VDC Server. 
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Parameter Value 

Average power (W) 672 

Peak power (W) 1157 

Nominal voltage (V) 48 

Table 4-3: 48VDC Server load rated values. 

 

The Fuel cell has been selected with a power electrical output that matches the DC load requirement. 

Table 4-4 provides the specification for the Fuel cell. 

 

FUEL CELL MODEL PARAMETER VALUE 

Open circuit voltage (V) 28.2 

Nominal operating point [Inom(A),Vnom(V)] [33,22] 

Max operating point [Imax(A),Vmax(V)] [77,15.6] 

Number of cells 30 

Operating temperature (˚C) 50 

Table 4-4: Fuel Cell specification.  

 

The DC/DC converter is a 48VDC step-up DC/DC converter that boosts the Fuel cell output voltage to 

a regulated DC voltage with nominal rating of 48VDC. The Battery bank uses Lead Acid technologies. 

The battery has been sized using the Deterministic Battery sizing method described in chapter 3. The 

capacity of the battery is 25Ah and nominal voltage of 48VDC. The PEM FC-Battery system with a PID 

controller has been modelled and simulated in Matlab Simulink Environment [113]. 

The PID controller for the fuel cell battery system is developed as PI, where the derivative action is 

set to zero. The diagram below shows the PI operation and variables involved. The PI controller 

monitors the voltage of the battery and operates the fuel cell (by setting the current on the DC/DC 

converter) to maintain a voltage at the outlet of the DC/DC converter that is equal to: 

 

VBatt-Charge = 52.3 V. 

 

The VBatt-Charge value represents the typical charging voltage for a 48 V battery bank. The PI constant Ki 

and Kp are set by using the Ziegler-Nichols' methods described in section 4.2.4. In summary, the PI 
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controller makes sure the fuel cell guarantees enough energy to supply the load and charge the 

battery to its full capacity.  

 

 

 

 

 

 

Figure 4-15: PI controller for PEM FC - Battery system. 

 

The PI controller has been simulated by applying the DC load. Figure 4-16 and Figure 4-17 show the 

response of the fuel cell – battery system when operating with a PI controller and applying the DC 

load from a 48VDC server. 

 

 

Figure 4-16: Simulation of PEM FC-Battery system with PI controller with DC load profile for 1 hour real data of a 48VDC 
Server. 
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Figure 4-16 provides the simulation results for 1 hour of operation of the FC-Battery system with the 

PI controller. It can be seen that the presence of the battery allows absorbing the transient energy 

request from the load and allows a smoother operation of the fuel cell. In fact, by comparing the 

Load Power curve (red line) and the FC power curve (purple line), it is shown that the fuel cell power 

profile is smother than the Load. This smoother operation benefit the fuel cell, by reducing the stress 

due to rapid load changed applied directly to a fuel cell when there is no battery. This analysis also 

shows how the SoC of the battery is depleted during high load energy request and increased when 

the load energy is lower. Furthermore, it takes about 10 minutes for the fuel cell to reach full load 

power demand, meaning that the fuel cell has the time to gradually heat itself up. This clearly 

demonstrates the benefits of using the battery sizing algorithm. 

Despite that the 1 hour analysis in Figure 4-16 provides good performance of the controller, with 

reduced stress on the fuel cell and good SoC management, this controller shows its limitation when 

we extend the analysis to the full week of data available. Figure 4-17, presents the analysis for 1 

week of DC load data.   

 

 

Figure 4-17: Simulation of PEM FC-Battery system with PI controller with DC load profile for 1 week real data of a 48VDC 
Server. 
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In this case the analysis shows high levels of discharge below 60% SoC and one deep discharge events 

below 25%. Deep discharge cycles reduce the lifetime of the battery. Lead acid batteries can be rated 

for as few as 50 deep discharge cycles (Deep discharge is anything below 25% of SoC) in its full 

lifetime [160]. Some UPS systems manufacturer considers 1 to 2 Deep discharges per year. This deep 

discharge occurs in one hour of operation of the system and it is anticipated that there could be 

many more within a 24 hour window. 

Despite the PI controller providing a good load following performance and reduced stress on the fuel 

cell, it does not provide the requested performance for the battery and will lead to the battery 

premature failure. This is mainly due to the fact that this PI controller represents a simple controller 

for the FC-Battery system and there is no capability for optimisation of the energy flow. This is why 

this work has introduced the concept of a double loop PID controller with the aim to overcome the 

limitations of the single PI controller.   

 

4.5.3 Analysis of PEM FC– Battery System with a double PID controller 

This section aims at analysing the fuel cell behaviour when operating in a system with a battery and 

when the system is controlled by using a double loop PID control system. The below case study 

describes the performance of the double loop PID controller (with no derivative action – therefore is 

referred as PI) and results will be compared with the single PID controller described in the previous 

paragraph. 

The system used is presented in Figure 4-18. It shows a PEM FC–Battery system that will be 

controlled by the proposed double loop PI control system.  

 

 

Figure 4-18: Diagram of the PEM FC-Battery system with a double loop PID control system. 
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The case study system consists of five components: the PEM fuel cell, a 48V DC/DC converter, a DC 

load, a 48VDC battery bank, the Double loop PID control system. The DC load, fuel cell, DC/DC 

converter and battery are the same described in the previous case study. 

The fuel cell-battery system with a double PI controller has been modelled and simulated in Matlab 

Simulink Environment [113]. The diagram below in Figure 4-19 shows a diagram representation of 

the full PI operation and variables involved. The PI controller operates the fuel cell by setting the 

output current on the DC/DC converter. This is performed by the internal EOC controller. The target 

power level of the fuel cell is defined in accordance with the SoC of the battery and DC load applied. 

The selection of the target power level of the fuel cell allows the energy optimisation for the fuel cell 

- battery system. In addition the speed of the Fuel cell system is varied in accordance with the SoC of 

the battery by the DOC controller. When the SoC is in the proximity of the full charge status of the 

battery, the speed of the FC is reduced; as opposite the speed of response of the FC is increased 

when the SoC is depleted.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-19: Double PID controller for Fuel Cell - Battery system. 
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The Double PID controller has been simulated by applying the DC load. Figure 4-20 and Figure 4-23 

show the response of the fuel cell - battery system when operating with a double PID controller and 

applying the DC load from a 48VDC server. 

 

 

Figure 4-20: Simulation of FC-Battery System with double PI controller with DC load profile for 1 hour real data of a 
48VDC Server. 

 

Figure 4-20 provides the simulation results for 1 hour of operation of the PEM FC-Battery system 

with the double PI controller. The presence of the optimisation algorithm in the double PI controller 

provides a smoother operation of the fuel cell in comparison with the traditional PI controller. In fact, 

by comparing the FC power curve (purple line) in Figure 4-20 with the FC power curve (purple line) in 

Figure 4-16, it can be concluded that the fuel cell power profile is smother when using a double loop 

PI controller. This is presented in Figure 4-21 . As result of this smoother operation, the benefits to 

the fuel cell are increased with substantial reduction of the stresses due to rapid load changed as 

applied to a fuel cell when there is no battery. This analysis also shows how the SoC of the battery is 

depleted during high load energy request and is replenished much faster compared to the simulation 

with a PI controller. This is shown in Figure 4-22.   
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Figure 4-21: Comparison between the Fuel Cell power output for traditional PID and double PID controller. 

 

 

Figure 4-22: Comparison between the SoC battery for traditional PID and double PID controller. 
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The 1 hour analysis of the double PI controller illustrates better performance of the PEM FC-battery 

system, with reduced stress on the fuel cell and good SoC management when compared to a single 

PID controller.  

The below diagram illustrates the response of the double loop PID control system for a 1 week of DC 

load data.   

 

 

Figure 4-23: Simulation of PEM FC-Battery System with double PI controller with DC load profile for 1 week real data of a 
48VDC Server. 

 

In this case, by comparing the week profile of the double PI controller in Figure 4-23 with the week 

profile of the single PI controller in Figure 4-17, it is possible to conclude the following: 

 The double PI controller provides a better energy management of the fuel cell system; Figure 

4-23 shows limited numbers of events with high levels of battery discharge below 60% SoC 

and none deep discharge events below 25%. In comparison, Figure 4-17 shows high numbers 

of discharge below 60% SoC and one deep discharge events below 25%. Therefore the stress 

on the battery is reduced and its lifetime increased. 

 The SoC curve of the “double PI controller” is smoother compared to that of the PI controller. 

This demonstrates that the double PI is performing an improved energy management. 
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 The Fuel cell output power (purple line) for the double PI controller is presenting smaller 

oscillation between maximum and minimum power. Thus, the energy optimisation within the 

double PI controller allows smother operation of the fuel cell and allows the charging of the 

battery when the load power is reduced.   

 The battery power curve shows that the battery is being used more often when using the 

double PI when compared to the single PI control. This confirms that the double PI controller 

operates as anticipated. In other words, the double PI controller reduces the stress on the 

fuel by ensuring the battery supply the transient power and allows the FC to slowly increase 

its power output based on the load power demand. This also shows that the proposed 

controller allows the optimisation use of the assets, both at the fuel cell and battery side, 

without putting any of these two system components in substantial stress. As such the 

double PI controller provides the best solution for reducing stresses on the fuel cell and 

battery. 

In summary, introducing the double PID controller has provided the following benefits: 

 Reduction of the FC aging resulting from rapid load changes by managing the energy flow in 

the PEM FC-battery system and allowing a smoother load to the fuel cell.  

 Optimisation of the response time of a fuel cell system and the battery system by managing 

the speed of the controller in accordance to the optimal operative condition of the fuel cell 

and battery.  

 Reduction of the Battery aging resulting from repetitive deep discharge events by operating 

the battery in high state of charge levels. 

 

4.6 Conclusion  

This chapter focuses on the reduction of the fuel cell premature aging by introducing a new control 

strategy to manage the Fuel cell – Battery system. Nowadays, industries and researchers have spent 

considerable effort on reducing the degradation effects on fuel cell as a single component They have 

introduced several algorithms that provide optimisation on the FC component level, this includes 

better manufacturing process and selection of materials. However, limited research has been 

performed on a system level (including battery and DC/DC converter operation) and control 

strategies to minimise the premature aging of fuel cell. This chapter aimed to fill this gap and has 

provided a description of a proposed control strategy to minimise the degradation events on the fuel 

cell due to sudden changes of the electrical load. It has also provided a method that reduces the 
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stress on the battery and the deep discharge cycles, all of which contributed to increasing the 

lifetime of the FC and battery. 

In essence, the chapter has investigated the use of traditional PID control techniques to manage a 

fuel cell - battery system. It has shown the issues associated with these techniques It has then 

proposed a double PID control system that provides the following benefits: 

 Reduce the degradation on the fuel cell by managing the energy flows between fuel cell and 

battery and obtain a smoother operation of the FC.  

 Reduce the degradation on the battery by better managing the charging and discharging 

operation with the aim to reduce cyclic issues and deep discharge events that could cause 

premature failure on the battery.  

The introduced double PID control system is operating to a higher level of abstraction compared to 

the traditional PID. It can be added to any traditional fuel cell control sub-system while operating as 

optimisation algorithm. The double PID is characterised by two main sub-blocks: (a) the Energy 

optimisation control (EOC) unit and (b) dynamic optimisation control (DOC) unit. The EOC is 

responsible for the management of the energy flows between load, fuel cell, and battery and set the 

optimal operative condition for the fuel cell. The DOC is responsible to optimise the response time of 

the double PID control system. In essence, the DOC set the EOC parameters dynamically based on 

the current state of charge of the battery and the power demanded by the load.  Based on both the 

state of charge of the battery and the ability to deliver energy to the load, the DOC optimises the 

speed of the EOC ensuring a fast reply of the overall control system and reduces the degradation 

effect on the fuel cell and battery.  

A case study has been presented to prove the successful application and operation of the double PID 

when controlling a fuel cell-battery system. The case study has demonstrated that the proposed 

double loop PID control system can reduce stresses on a FC and battery when a highly fluctuating 

load is used. In essence, the proposed double PID algorithm provides a reduction in the aging of a 

fuel cell and battery system and can achieve a better energy management of the overall FCS.  

The fuel cell system case study is divided into two scenarios; (1) the first analysis provides the results 

of simulating the fuel cell – battery system with a traditional PID control system; (2) the second 

analysis provides the results of simulating the fuel cell – battery systems with a double loop PID 

control system. A comparison between the two scenarios has demonstrated the benefits of the 

double PID over traditional single PID.   
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In summary, the case study has proved that: 

 A smoother operation of the fuel cell is obtained when the double PID control system is used 

instead of the traditional PID. This leads to a reduction on the aging of the fuel cell, as the 

rapid fluctuating load demand are managed at system level and shared between battery ad 

fuel cell.  

 The response time of the PEM FC-Battery system is also optimised when using a double PID 

as the system perform an optimisation of the speed in accordance to the optimal operative 

condition of the fuel cell and battery.  

 Finally, a reduction of the deep discharge events on the battery has been recorded when a 

double PID is used, this also helped prolonging the lifetime of the system by operating the 

battery in higher state of charge levels. 
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5  

5 Reduction of the PEM FC Premature Aging Through the 

Implementation of the Proposed Hybrid NN-2PID Control System - 

Theory 

 

5.1 Introduction  

It has been shown in Chapter 3 that the appropriate sizing of the battery associated with the FC 

system reduces stresses on the fuel cell and thus decreases the degradation effect and increases the 

FC lifetime. In Chapter 4, it has been shown that while a single PID control system is the most used 

controller for FCs, it has a negative effect on the FC degradation and as such its premature aging. This 

is why a double PID (2PID) controller was proposed. The results demonstrated that a 2PID controller 

provides a smoother operation of a FC by reducing stresses during sudden dynamic load variations. It 

provided evidence that a 2PID controller can also reduce stresses on the battery buffer, thereby 

increasing the overall lifetime of the system.  

However, the inclusion of the battery sizing technique and the 2PID controller does not take 

advantage of advanced predictive techniques. The 2PID controller only reacts to the change in load 

demand. On the other hand, the battery sizing technique aims at appropriately sizing an energy 

buffer. Such buffer objective is to reduce the FC dynamic stresses by supplying the load with energy 
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during transients. As such, both techniques proposed in chapters 3 and 4 only react to the system 

load demand and though the results are encouraging, they could potentially be improved. 

Therefore, this Chapter aims at proposing a predictive method for forecasting the load demand to 

allow further decreasing the fuel cell and battery degradations, hence increasing the overall lifetime 

of a fuel cell system. The hypothesis is that by anticipating and predicting a load change, it is possible 

to set the fuel cell controlling parameters before the change occurs. By setting the FC control 

parameters before a load change, the fuel cell could be ready for such change and when the change 

occurs, lower stresses would be affecting both the FC and battery.   

This chapter starts with a literature review on the most common load forecasting techniques 

available for energy management. A load forecasting algorithm for FC systems is then proposed using 

Artificial Neural Network (ANN). A description of the forecasting algorithm and its interaction with 

the double PID control system developed in chapter 4 is given. A case study for verifying the 

proposed work is is presented in Chapter 6.  

 

5.2 Background to the Need for Electrical Load Forecasting Techniques 

Based on NN for PEM FC Systems 

The fuel cell system investigated in this work (consisting of a PEM FC, a DC/DC converter, a battery 

storage and a load) can be compared to a Standard Electric Power System (SEPS). A SEPS system 

consists of three main components as shown in the Figure 5-1: generation, transmission, distribution 

system and the load. The generation system is where power is being generated, this includes fossil 

fuel generation plants, PV Solar Farms, Wind Farms, Nuclear and Hydro Power Plants. The 

transmission and distribution system consists of transmission lines, substations and distribution lines 

as well as energy storage systems such as dams (buffer storage systems). The loads are the end-users 

such as domestic, commercial, industrial, etc. 
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Figure 5-1: Diagram of a Standard Electric Power System [161]. 

 

Similarly the Fuel Cell System (FCS), under investigation in this work, consists of three main 

components: (a) the fuel cell (equivalent to the generation is the SEPS), (b) the interconnected cable 

with buffer storage and DC/DC converter (equivalent to the transmissions, distribution and 

substation in the SEPS), and (c) the load (equivalent to the SEPS loads). This is shown in the Figure 

5-2. The main differences between both the SEPS and the FC systems are the size, complexity and 

application.  

 

 

 

 

 

 

Figure 5-2: Diagram of a Fuel Cell System.  

 

Nowadays, electricity forecasting has become an essential component of every SEPS energy system. 

It enables informed and efficient responses to electricity load demand and allows the optimised 

utilisation of the electrical generation and storage system efficiently, securely, and economically 

[162].  
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Because both FCS and SEPS systems have similar structures, it could be envisaged that the 

forecasting techniques used for SEPS could potentially be applied FC systems. Obviously, FCSs have 

less complex nature, but the hypothesis is that forecasting techniques can be used to resolve/reduce 

issues related to FCs such as early degradation or demonstrate better utilisation of the buffer storage 

system. Therefore, this work has focused on the development and implementation of a forecasting 

technique for application to the FCs. To this point, the following sections describe the load 

forecasting system and the benefits of its implementation on a FCS. 

 

5.2.1 What is an electric load forecasting system? 

In essence, an Electric Load Forecasting (ELF) system is a method that allows forecasting future 

electric load demands. The aim is to ensure that the energy system is ready to increase or decrease 

its power generation before the load changes at a given time, thus optimising the available 

resources. The EFL is also used to ensure that the transmission, distribution and energy storage 

systems are able to supply the generated energy to the end-users without causing catastrophic 

failures. To do so, it uses historical, current load and weather information as well as human social 

activities. The ELF systems, as applied to SEPS, can be divided into three major categories [162]:  

a) Long-Term electric load Forecasting (LTF), used to supply the electric power utility 

management with predictions of future needs for expansion, equipment purchases, or staff 

hiring. 

b) Medium-Term Forecasting (MTF), used for the purpose of scheduling fuel supplies and unit 

maintenance.  

c) Short-Term Forecasting (STF), used to supply necessary information for the system 

management of the day-to-day (and in some systems on half-hourly) operations and unit 

commitment.  

All of the above forecasting categories are important in a large SEPS energy system. However, the LTF 

and MTF categories are of less importance in a small to micro generation system. The rationale is 

that implementing these in a small system could prove unviable due to the technical complexity and 

cost of maintaining the LTF and MTF.   

On the other hand, and in an SEPS, the quality of the prediction of the STF model has a significant 

impact on the economic operation of the electric utility. The reason is that decisions on economic 

scheduling of generating capacity and on designing network transmission capacity are based on 

these forecasts [163], all leading to the optimum use of the assets.  
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As both the LTF and MTF may not be viable for the FCS, it is proposed in this work to use the STF 

method to forecast the energy demand. The aim is to set the fuel cell operating parameters prior to 

the change in load power demand occurs. In other words, if the fuel cell is ready for an increase in 

load demand before such an increase occurs, the FC will not react to the demand, but will act before 

this demand change takes place. By being ready prior to a load change, the fuel cell will not be 

subjected to starvation and therefore no or little degradation will take place. Similarly, the proposed 

PEM FC-Battery system double PID control system will be able to manage the battery in a better 

manner, hence reducing battery degradation too. 

 

5.2.2 Why load forecasting is important? 

It is anticipated that the need for advance and accurate load forecasting strategies will increase in 

the future for several reasons: on one side, and at a large scale, the ongoing global energy 

consumption increase [164] is requesting to expand the current capacity of traditional bulk energy 

generation plants; also the uptake of new and larger energy generation systems based on distributed 

Renewable Energy (RE) are increasing the need to include Smart Energy Management Systems 

(SEMS). SEMS are needed to optimise the energy generation sources and manage the intermittence 

of the RE while safely operating the overall generation, transmission and distribution systems.  

On the other side, weak grid transmission lines that may be unable to transmit power to the 

demand, due to congestion at one or more parts of the transmission network or absorb the 

intermittent energy surplus from RE, imposes a complex management of the constraint of the 

network to stabilise the energy system. In these scenarios, where there are complex problems to be 

addressed,  load forecasting techniques and models are considered as powerful tools for the 

Distribution Network Operator (DNO) to provide information about future behaviour and manage 

energy generation and transmission accordingly and in a more efficient way [165] [166].    

These current forecasting techniques are not used in fuel cell systems. These techniques have in the 

past been favoured for large bulky systems, while they can be legitimately be used at small system 

levels. It is, therefore, important to identify if these forecasting techniques can be applied to fuel cell 

systems and if they can help in addressing the fuel cell systems degradation issues with starvation. 

 

5.2.3 What are the types of load forecasting techniques?  

There are various methods and modelling techniques available for Load forecasting. These can be 

regrouped into two main categories: 
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 Parametric techniques. 

 Non-parametric methods (AI).  

The linear regression, Auto Regressive Moving Average (ARMA), general exponential technique and 

stochastic time series techniques are some examples of parametric (statistical) techniques. The main 

drawback of these techniques is their inability to manage sudden changes of any types of 

environment or social changes [167].  

This inability can be overcome by applying non-parametric (Artificial Intelligence - AI) techniques. 

Among these artificial intelligence based methodologies, Artificial Neural Network (ANN) has 

emerged as one of the most prominent techniques that has received the attention of wide 

community of researchers at all levels within the energy sector. This is due to that ANNs can solve 

complex relationships, non-linear systems and they have the ability to take decisions under 

uncertainty, but also make prediction patterns [168], [169], [170], [171], [172].  

As ANNs can make prediction patterns in non-parametric environments, these have been selected to 

investigate the proposed hypothesis that it is possible to better manage fuel cell systems through 

short term load forecasting techniques using ANNs. 

 

5.2.4 What are ANNs? 

Artificial Neural Networks (ANN) are computational models inspired from the operation of the 

human brain. At their core, they are comprised of a large number of connected nodes, each of which 

performs a simple mathematical operation. By connecting these nodes together and carefully setting 

their parameters, very complex functions can be learned and calculated.  

Nowadays, several variants of ANN have been implemented with the introduction of learning 

techniques such as Genetic Algorithm (GA) [173], Particle Swarm Optimization (PSO) and Bacterial 

Foraging Optimization (BFO). Similarly, ANN in hybridisation with Fuzzy Logic (FL), [174], [175], [176], 

[177], Artificial Immune System (AIS) [178], Levenberg-Marquardt Algorithm (LMA) [179], etc. have 

also shown improved performance in terms of accuracy, computational cost and time requirement.  

Among the ANN hybridisation techniques, the following represents the most common and have 

demonstrated to provide good results when applied to load forecasting: 

 ANN with Back Propagation (BP) Algorithm [180]. 

 ANN with Deep Neural Networks (DNN) [181]. 
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 ANN with Fuzzy Logic (FL) [182]. 

 ANN with Genetic Algorithm (GA) [183]. 

 ANN with Particle Swarm Optimization (PSO) [184]. 

It is important to understand each of the above hybrid ANNs in order to decide which of these better 

fits the FC system application. A high level description is therefore provided in the following sections 

and the rational for selecting the suitable ANN for the FC system is then described.  

 

5.2.4.1 ANN with Back Propagation (BP) Algorithm 

Back Propagation is the most widely used technique in the ANN literature and has always been 

considered as the conventional training of neural network for load forecasting problems. Its learning 

and update procedure are considered the most intuitively appealing, because it is based on a 

relatively simple concept: if the network gives the wrong answer, the internal parameters are 

corrected so that the error is reduced. Therefore, future responses of the network are more likely to 

be correct. 

In a Neural Network, neurons are organized in layers, and in a Back Propagation algorithm the 

transmission of the signals are forward, while the errors are propagated backwards. Errors in the 

back-propagation learning are based on two phases: a forward and a backward phase. In the forward 

phase, the signal is applied to the nodes of the network, and propagates through the network layer 

by layer. The produced output is the actual response of the network after the propagation of the 

signal. During this phase the weights of the networks are all fixed. During the backward phase, the 

actual response of the network is compared to the desired response to produce an error signal. The 

weights are modified in order to make the error as minimum as possible.  

The back propagation algorithm is an iterative process algorithm; therefore there is a need to set 

some criteria to stop the iterations. As an example, the training of the ANN BP can be stopped after a 

fixed number of iterations or after the error decreased below some specified tolerance. Such 

algorithm will insure the model fits closely to the training data but does not guarantee the best 

performance on the prediction and this may lead to over-fitting of the model. "Over-fitting" means 

that the error randomness in its structure can at times produce poor forecasts.  

In order to avoid the above poor forecast and to avoid overtraining, the concept of cross-validation 

has been devised. In this concept, the sample set is split into a training set and a validation set. The 

neural network parameters are estimated on the training set, and the performance of the model is 
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tested, every few iterations, on the validation set. When this performance starts to deteriorate 

(which means the neural network is over-fitting the training data), the iterations are stopped, and 

the last set of parameters to be computed is used to produce a new forecast. In most cases, the 

forecast have been found to be close to the real world anticipated data and therefore this hybrid 

ANN is favoured when a non-complex system is to be modelled.  

 

5.2.4.2 ANN with Deep Neural Networks (DNN)  

Deep Neural Networks operates with several layers. They have become highly popular and benefit 

from a strong research support within the machine learning community due to their excellent 

performance in many benchmark problems and applications. DNN are characterised by having a non-

fixed structure with multiple layers. This non-fixed structure allows the learning process to be carried 

out with multiple layers of abstraction, thereby leading to the modelling of more complex systems.  

Recent developments in DNNs have shown good results in the fields of computer vision, natural 

language processing, speech recognition and smart grid load forecasting [185].  Recently, many DNN 

algorithms have been introduced and applied successfully to load forecasting in power systems. The 

below presents a number of DNN methods that have provided good results when applied to load 

forecasting:  

a) The Autoencoder [186] algorithm is usually used for dimensionality reduction, feature 

learning or corrupted data reconstruction and has shown good results when applied both to 

short term [187] and long term load forecasting [188]. 

b) Recurrent Neural Networks (RNN) are very effective in modelling dynamics in sequential 

data, since they have the ability to remember the dynamics in variable length of previous 

inputs within its memory. However, when modelling long sequences, simple RNN structure 

suffers from what is known as the gradient vanishing problem [189]. Basically the network is 

not able to reach convergence during the training. This is due to the fact that when the error 

is small the transfer function is not able to detect it and training is stopped in advance.   

c) Long Short Term Memory (LSTM) neural network can avoid the gradient vanishing problem 

and has become very successful in modelling long term dependencies in temporal data [188]. 

d) Convolutional Neural Network (CNN) is a feedforward neural network which mimics the 

human neurons in its structure. This is a type of deep learning CNN that has been applied 

widely in the visual and audio processing, video recognition and natural language processing. 

CNN are usually used for processing grid like data [190]. 
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e) Restricted Boltzman Machine (RBM) is one of the most well-known deep probabilistic models 

[186]. RBM usually have only two hidden layers, and can be stacked up to make Deep Belief 

Network (DBN) [191] or Deep Boltzmann Machine (DBM) networks [186]. RBM have been 

used for load forecasting and proved improved performance when compared with traditional 

NN [191]. 

Overall, the above DNNs, when applied to short-term forecasting have provided good results.  

 

5.2.4.3 ANN with Fuzzy Logic 

Artificial Neural Network with Fuzzy Logic (ANN-FL) finds application and provides good adaptability 

on processes that are affected by uncertainty and randomised noise. This is the case where load 

forecasting can be affected by weather parameters change, the weather being the randomised noise.  

For instance, conventional ANN predicting methods led to some forecasting errors in the event of 

fast load fluctuation profile due to sudden change in weather conditions. In other words, traditional 

forecasting ANNs do not perform well when faced with a highly randomised application. In this case, 

it was found that a hybrid ANN-fuzzy logic provides good results. The FL is good at supporting the 

ANN in dealing with the uncertain conditions (i.e., weather change or other similar external noise). 

When using an ANN-FL, a load energy profile can also be characterised with two main patterns: (1) a 

static contribution pattern and (2) a variable contribution pattern. As an example, the static 

contribution pattern could be identified as the typical load profiles over the weekdays where loads is 

characterised by repetitive trends. The variable pattern could be identified by the profile of the load 

demand during weekends or holiday periods. At the same time, the effect of the weather on the load 

demand can also be responsible for another variable pattern on the load energy profile. And this can 

be taken into account by the ANN-FL. 

This model is therefore highly useful in applications that have one or several randomised noise and 

has been applied successfully to forecasting applications providing a higher level of precision.  

 

5.2.4.4 Hybrid ANN with Genetic Algorithm  

Genetic algorithm (GA) is a process of optimisation based upon the observed genetic process of 

biological organisms.  GA mimics this process to offer potential solutions to a complex problem.  The 

concept was first proposed in 1975. 
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A GA sizing process provides an iterative method aimed at finding the best solution for a given 

problem. A GA utilises user defined parameters (inputs) until a predefined termination criteria or 

maximum iteration number is reached.  When used in combination with ANN, GA can be used to 

optimize the number of input neurons and the number of neurons in the hidden layer of the neural 

network architecture. By doing so, the ANN is optimised and ready to be used. 

Hybrid ANN Genetic algorithms (ANN-GAs) have been applied to load forecasting. ANN-GAs have 

provided better results on forecasting precision compared to traditional Neural Networks. In ANN-GA 

learning, GA replaces the back propagation mechanism of learning. The error between the desired 

output and the actual output obtained by the ANN is feedback to the GA model and with the help of 

GA, the weight are optimised to obtain the minimum error. The result of applying the GA training in 

load forecasting is found in that it shows minimal error [192], [183]. 

GAs have also been applied in combination with some other algorithms s such as Priority list (PL) 

method [193], fuzzy logic [194] etc. to reduce further the training time and error in the prediction of 

load demand. 

 

5.2.4.5 ANN with Particle Swarm Optimization (PSO)  

Swarm-based algorithms have emerged as a family of optimization techniques, inspired by the 

collective behaviour of social animals. In a Particle Swarm Optimization (PSO), the set of candidate 

solutions to the optimization problem is defined as a swarm of particles [195]. Each particle is 

initialised with a random velocity and is ‘flown’ trough the search space.  During iterations, the PSO 

particles move towards an optimum solution through its present velocity, personal best, and global 

best solution for all particles [196]. 

In common with GA algorithms, the PSO is very effective at utilising iterative search techniques. In 

addition, the PSO present some advantages over the GA approach:  a PSO concept involve the use of 

as few equations as possible.  This makes the execution of the algorithm time much shorter and the 

memory and processing resource requirement smaller in comparison to GA. On the other side, a PSO 

has lower reliability in finding the best/optimised solution than its GA equivalent.  A PSO is also 

limited to a maximum of three parameters (coordinates) that are defined on a three dimensional X, 

Y, Z plot. Therefore if a complex energy system comprising of more than 3 components is to be 

considered for optimisation, it would not be possible to achieve this using a PSO approach and the 

GA would be more suitable in this case. 
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Despite this limitation, PSO algorithms have found common use in load forecasting. There are a few 

examples of PSO algorithms used for training ANN on load forecasting, such as training Radial Basis 

Function (RBF) neural network with Quantum Behaved PSO [197], with PSO [198], and hybrid PSO 

algorithm with Adaptive Inertia Weight Factor (AIWF) and incorporated chaotic local research 

method [199]. Theoretical analysis and simulation have proved that the load forecasting model 

optimized by PSO is more accurate than traditional neural network models. 

 

5.2.4.6 Selecting the ANN hybrid solution suitable for application to fuel cell systems  

The previous sections have highlighted some of the most used ANN algorithms for load forecasting. 

When investigating these algorithms, it has been identified that the ANN-Back propagation has the 

ability to achieve accurate results with very limited computational resources. This is true when 

compared with the other predicting algorithm. In addition, such network results in a very simple and 

intuitive solution and ANN-BP can be implemented at a low computational cost.  

On the other hand, applying Deep Neural Networks (DNN) to short-term load forecasting is a 

relatively new topic. Researchers claim excellent results and high improvements on the error 

reduction when compared with Neural Network [200]. Unfortunately, DNNs require a large amount 

of dataset and training is extremely computationally intensive. The most complex models take weeks 

to train using hundreds of machines equipped with expensive processing hardware. Also, to date, 

DNN methodology does not have a strong theoretical foundation [201]. This leads to very limited 

guidance on determining the topology, training method and selecting parameters.  

Alternatively, there are hybrid ANNs based on-Fuzzy Logic. These have the particularity of being able 

to model a load forecasting by addressing separately the static and variable, unpredictable, 

randomised contributions on the load energy profile. The ANN-FL is well suited for applications that 

have highly unpredictable patterns working in conjunction with highly predictable ones. In other 

words, this method simplifies system structure and enhances forecasting precision [202], [203].  

In contrast, though ANN-GA also provides good results with very near zero error margins, it is a 

method that is computational intensive and therefore only used for critical applications where the 

errors must be extremely low.  

Conversely, ANN-PSO provides an easy solution to load forecasting problems. However, this 

algorithm can only be applied to applications with three parameters and therefore is limited. 

In summary: 
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 ANN-BP is the simplest form of hybrid ANN that has been widely applied and provided good 

results. It is also easy to implement, test and validate. 

 ANN-DNN is a relatively new topic with no solid theoretical ground and extensive 

computational resources are required.  

 ANN-FL is best used when there is both randomised and predictable solution.  

 ANN-GA is computational intensive and complex.  

 ANN-PSO can only handle three main parameters.   

Currently, ANN has not been applied to the overall control of a hydrogen fuel cell system. Though, 

and from the previous discussion, it is anticipated that the potential best technique to be 

implemented for a hydrogen fuel cell system is the ANN-FL, because of its capacity to forecast both 

random and predictable patterns. However, the work presented in this thesis proposes to use the 

ANN-BP hybrid algorithm. The rationale is that there is currently no load forecasting ANN algorithm 

that has been developed and applied to the overall fuel cell system management with the aim to 

reduce FC and battery degradations through time. As such, it is therefore important, at first, to 

define if an ANN load forecasting can provide a good solution to the degradation and other FC 

problems. If this case is demonstrated, then other forms of ANN could be tested in future for 

improvements. Consequently, it is proposed to design, develop and implement an ANN-BP 

algorithm to be applied to fuel cell systems. The aim is to define if it will allow further reduction of 

the stresses on the FC and the battery after the use of the battery sized by the sizing battery 

algorithm (chapter 3) and the application of the  double PID control system (chapter 4). 

As the ANN-BP algorithm is the selected methodology for the development of the load forecasting 

algorithm for the fuel cell system, the following sections provide a description and a theoretical 

background to Artificial Neural Networks (ANN) and Back propagation (BP) learning algorithm. 

 

5.3 Background to and Selection of the Artificial Neural Network  

An ANN can be considered as a highly connected array of elementary processors called neurons. It 

takes its origin from the human brain structure with large number of neurons interconnected in a 

highly complex, non-linear and forming highly massive parallel network [204]. 

Like any other control algorithm, an ANN requires to be configured before it is applied to a specific 

application. This tailored ANN configuration is achieved through the use of a learning process.  In a 

biological system, the learning involves minor adjustments to the synaptic connections between the 

neurones operating in a brain. In order to mimic the brain’s learning process, there is a need to 
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modify the interconnections values between the neurons that constitute an ANN network. These 

values are known as weights. However, unlike what happens in the human brain, the learning phase 

is separated from the execution phase. As such, an ANN is first trained. It is only when the ANN has 

been trained that it becomes fully operational and can be used, this is called the execution phases. 

The neurons, which can be seen as nodes of a network oriented (i.e., from left to right) with 

processing capabilities receive as input a combination of signals from the ‘outside world’ or from 

other neurons.  When they receive a signal, they perform a transformation through a function, 

typically non-linear, called activation function. The output of each neuron is then sent to the other 

successive nodes or to the ‘outside world’. 

The first formulation of a Neural Network is attributed to McCulloch e Pitts in 1943 [205]. In its 

elementary computational unit, it is constituted by a neuron which performs a transformation, 

usually non-linear, of a vector of input 𝑥, providing in correspondence a scalar output 𝑦(𝑥). Figure 

5-3 shows a graphical representation of the neuron. This is also referred as perceptron [206]. 

 

 

 

 

 

 

Figure 5-3: Structure of a Neuron.  

 

The inputs 𝑥𝑖 are multiplied by the weight 𝑤𝑖, (𝑤𝑖 represents the magnitude of the brain’s synaptic 

connections) and the weighted algebraic sum of the inputs is compared to a threshold value θ. The 

neuron provides an output 𝑦(𝑥) = 1 if the sum input weight is greater than the activation threshold 

value of the function g, and output 0 otherwise. The equation results: 

 

 𝑦(𝑥) = 𝑔 (∑ 𝑥𝑖 ×  𝑤𝑖 − 𝜃𝑖
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Where: 

g is the activation function that can generally be expressed by several variants and provide different 

performance of the neural network for different types of applications. The most common activation 

functions are: 

 

Sigmoid:  𝑔 =
1

1+𝑒𝜏 

Hyperbolic tangent:  𝑔 =
𝑒𝜏−𝑒−𝜏

𝑒𝜏+𝑒−𝜏 

Step response: 𝑔 = {
1,      𝜏 ≥ 𝜃
0,      𝜏 < 𝜃 

 

 

The perceptron is the simplest structure of a Neural Network available. Since the introduction of the 

perceptron concept, new typologies and a wide number of Neural Network structures have been 

implemented. Unfortunately, it is not possible to classify in a rigorous and exhaustive manner all 

types of neural networks existing at present, as the sector is constantly evolving, so much so that it 

can be said that new neural networks are created on a monthly basis with innovative features 

compared to previous ones.  

For instance, the most common form of ANN is the Multi-Layer Perceptron (MLP) [207]. These MLPs 

are organized into several layers, with each layer having a number of respective neurons, or 

processing elements, that constitute that layer. Figure 5-4 shows the structure of a feed forward MLP 

with one single hidden layer [208].   
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Figure 5-4: Structure of a Feed forward Multilayer Neural Network (MLP). 

 

The vast majority of ANNs have a similar topology to the MLP with only minor variants. Generally, it 

consists of an input layer, one or more hidden layers and an output layer. The number of hidden 

layers and the number of neurons in each layer is set in accordance with the complexity of the 

problem to be solved or addressed. 

The input layer interacts with the external environment to receive the input data. As an example, this 

can take the form of a vector of predictor variables, where each input is represented as a node. The 

information is processed by the input layer and is passed to the successive hidden layers. Each layer 

of the hidden layers applies a transformation to the information. Ultimately, this modified 

information reaches the node(s) in the output layer, the result of which is the output of the entire 

ANN, for example the predicted values for a given set of input data.   

The aforementioned described structure of MLP provides mono-directional links between neurons 

belonging to immediately consecutive layers. This structure is referred as Feed-Forward Neural 

Network (FFNN) [209]. Like the FFNN designation suggests, the transmission of information is only 

allowed in forward connection (forward direction), and as an example from layer “n” to layer “n + 1”. 

The inputs are connected only to the neurons of the successive intermediate layer, which in turn are 

joined to the next layer, and this carry on till the last output layer neurons is reached.  

The link between nodes and layers can also be set in a feed-back configuration [209]. In feed-back 

networks, connections between neurons belonging to the same layer (lateral or competitive 
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connection) and links between a neuron and the neurons located in the previous layer are also 

possible (retroactive connection). This is shown in Figure 5-5. 

 

 

Figure 5-5: Structure of a Feed-Back Multilayer Neural Network.  

 

Both Feed-forward and Feed-back neural networks have been used intensively in forecasting 

application. Comparative analysis of the two typologies has demonstrated that both structures 

provide satisfactory results when applied to forecasting tasks [210], [211].  

The Feed-Forward Neural Networks are the most commonly used NNs in forecasting application due 

to the simplicity of the structure, straightforward implementation and ease of use. Despite their 

basic structures, Feed-forward NNs have demonstrated to achieving excellent results in many 

forecasting applications [210], [212].   

On the other hand, Feed-Back Neural Networks (FBNN) have shown to increase the accuracy of the 

outputs with a lower number of hidden layers compared to Feed-Forward Neural Networks [210], 

[213]. The reason is that FBNN have the ability to identify and store historical trends within the 

network.  On the other side, Feed-Back Neural Networks are more complex to implement, and also 

slower to train than the Feed-Forward. The issue is that FBNNs must navigate through the data a 

number of times and they may oscillate over many cycles before they are able to stabilise. Secondly, 

there are times where FBNNs cannot guarantee to reach stability, and may even oscillate widely 

between values [212].   
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Due to the complexity and possible instability of the Feed-Back Neural Network, the Feed-Forward 

Neural Network has been selected as a network configuration to be implemented within the 

proposed forecasting model of the load applied to the fuel cell system application.  

 

5.4 Back-Propagation Algorithm (BPA) 

Having selected the ANN as being the Feed Forward Neural Network, it is now possible to discuss 

how this ANN is trained and configured. It is recalled that before an ANN can be used for a specific 

application, it requires to be configured by a learning process. This is what the BPA does. Although 

there are several algorithms used to modify the interconnecting weight of a Neural Network during 

the training phase, the Back-Propagation (BP) error is the most common algorithm used for training a 

Multilayer Neural Network (MNN) [214]. As such, this section provides a description of the training 

phase for a Neural Network with a description of the BP algorithm. 

Using the BP learning typology, it is possible to divide the neural networks training phase into two 

main categories: (a) Supervised Learning and (b) Unsupervised networks [215].  

Note that the supervised learning is the most common learning technique [216]. It involves providing 

the network with a set of example cases (i.e., say for weather conditions it is possible to provide 

sunny, windy, raining, snowing, as input data, etc.) that have values for the inputs as well as the 

known desired outputs (i.e., the output will be lower power generation needs when it is sunny, 

increase power generation when it is cold, stabilise power generation when the weather stay the 

same for several days, etc.). The output of the network being trained is then compared with the true 

output to calculate the error and assessing the network performance as the learning progresses.  

In contrasts, unsupervised learning occurs when the network attempts to map the inputs to outputs 

without any external assistance. In this case, the network governs how it groups the cases based 

upon the input data. Although unsupervised learning algorithms are an active area of research, it is 

not considered viable for this research activity because of the complexity and lower accuracy 

obtained by this learning technique [217]. Therefore, only the Back Propagation Supervised 

Learning (BPSL) will be considered for the development of the forecasting model of the fuel cell 

load.  
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5.4.1 Training the network using the BPSL technique 

Having selected the Fast Forward NN and the BPSL technique, it is important to understand how the 

learning process works. Therefore, this section describes this process. 

As mentioned above, the supervised learning consists in presenting a set of training data samples to 

the selected NN, including both inputs and the desired outputs. The aim is to train the network and 

adapt its internal interconnecting weights as best as possible, all of which being an attempt to match 

the NN outputs with the desired ‘real world expected’ outputs.  

To do so, the interconnecting weights are initially randomized. The network then processes the 

inputs and compares its resulting outputs against the desired outputs. Errors are then propagated 

back through the system, causing the system to adjust the weights which control the network. This 

process occurs over and over again as the weights are continually tweaked (and improved from 

simulation to simulation and from iteration to iteration). During the training of a network the same 

set of data is processed many times as the connection weights are ever refined. 

The training time can be indefinite, but it can also be trained for an extended time and stopped only 

when the system reaches some statistically desired point, or approved pre-set accuracy threshold. 

However, it is known that some networks never learn. This could be because the input data does not 

contain the specific information from which the desired output is derived or that there are not 

enough data to enable complete learning.  

In these cases, the set of training data needs to be reviewed or the design of the network needs to be 

modified. For instance, it is possible to modify the number of layers of the network, the number of 

elements per layer, the connections between the layers, the transfer function, etc. 

As aforementioned, there are many algorithms used to implement the feedback required to adjust 

the weights during training (fuzzy logic, genetic algorithms, PSO, etc.). This work focuses on the use 

of the most common technique that is the Backward-Error Propagation, or more commonly known 

as Back-Propagation (BP) algorithm.  

The learning phase in a back propagation network occurs by propagating back the error that the 

network commit, when evaluating the input vector X. The error is determined by comparing the 

output vector Y generated by the neural network with the vector D. The vector D is the ‘real world’ 

output value of the system at the time the input vector X is applied to it. To further illustrate this 

concept, when the ‘real world output’ values of vector D are compared to the simulated output 

values of Y, under the initial input values X, an error is computed. This error is known as the global 

error committed by the network and is defined as follows: 
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𝐸 =
1

2
∑(𝐷𝑗 −  𝑌𝑗)

𝑗

 
5-2 

 

The goal of the learning process is to minimize as much as possible the error E. The error E depends 

exclusively from the vector Y (when compared to the ‘real world’ vector D). In turn, the vector Y 

depends on the vector X at the entrance, but also depends on the value of the weights 𝑤𝑘𝑗  (weight 

for neuron j on layer K) across the whole network. The error is therefore a function of 

interconnecting weights of the Neural Network.  

In summary, the learning phase for a Neural Network aims to minimise the error and this is 

expressed in equation 5-2. Several minimisation technique can be used within the Back Propagation 

algorithm to minimise the error and a multitude of techniques have been found in Literature: 

Gradient Descent [218], Newton`s method [219], Conjugate Gradient Algorithms [220], etc. However 

the most common technique used in small Neural Network is the Levenberg-Marquardt [221]. 

The Levenberg–Marquardt (LM) method is a numerical method that is used to minimise nonlinear 

functions. It is described in literature as being fast and has a stable convergence of the training. The 

LM algorithm is claimed as one of the most successful algorithm in increasing the convergence speed 

of the ANN with MLP architectures [222].  

The Levenberg-Marquardt method can be considered as a combination between the gradient 

descent and the Newton`s method and combines the benefits of the two methodologies. It inherits 

the speed advantage of the Newton`s algorithm and the stability of the Gradient Descent method.  

When selecting the Levenberg-Marquardt method, it is possible to express the weight using the 

following equation [223]: 

 

 

 

Where: 

𝑤𝑘𝑗  𝑛𝑜𝑤, is the new weight of the neuron J on layer K calculated with LM method.  

𝑤𝑘𝑗  𝑜𝑙𝑑,  is the previous weight between neuron K and J . 

𝑒𝑘, is the error.  

𝑤𝑘𝑗  𝑛𝑜𝑤 = 𝑤𝑘𝑗  𝑜𝑙𝑑 −  (𝐽𝑘  
𝑇 𝐽𝑘 + μI)−1𝐽𝑘𝑒𝑘 5-3 
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𝐽𝑘, is the Jacobean matrix of the error function.  

𝜇, is combination coefficient determined during the minimisation calculation. 

In summary, the main mechanism of the Back-Propagation algorithm is to propagate the input 

through all layers to the output layer. At the output layer the error is evaluated and the associated 

weights 𝑤𝑘𝑗 are updated by the equation (5-3). These errors are then propagated back through the 

network from the output layer to all previous layers and weights are updated accordingly. The Back-

Propagation algorithm that has been used for this work is illustrated below and is represented in 

Figure 5-6. 

- Step 1: Acquire training data set.   

- Step 2: Assign small weight values for the neurons connected in between the input, hidden 

and output layers.  

- Step 3: Apply the input value to the Neural Network.  

- Step 4: Calculate the output values for all the neurons in hidden and output layers. 

- Step 5: Determine the error available at the neurons of the hidden layer and back-propagate 

those errors to the weight’s values connected in between the neurons of the hidden layer(s) 

and input layer. Similarly, back-propagate the errors available at the output neurons to the 

weight values connected in between the neurons of hidden layer(s) and output layer using 

the equation 5-3.   

- Step 6: Repeat from step 3 to step 5 for all the training data set. This step is very important 

because all the training data set must be used before the error of the network is calculated.  

- Step 7: At each cycle evaluate the overall percentage error of the network; if the error is 

acceptable, then the training is completed. 

- Step 8: If the number of cycle is completed without reaching the desired percentage error of 

the network, then training is not successful. 
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Figure 5-6: Back-Propagation algorithm.  
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5.5 The Proposed Hybrid NN-2PID Control System with Optimal Battery 

Sizing 

The aim of this section is to present the proposed Hybrid NN-2PID control system with Load 

Predicting Algorithm as applied to fuel cell systems. This hybrid control system combines the energy 

management features of the double PID controller described in chapter 4 with the load forecasting 

capability of advanced Neural Network computing technology.   

The hypothesis behind the Hybrid NN-2PID is as follows: 

“By knowing the next value of the energy that will be requested by the load attached to the fuel 

cell prior to any load change occurring, the double PID controller will be able to set in advance the 

operative point of the Fuel Cell-Battery control system. It will therefore be able to better manage 

the energy flows between the FC and battery in accordance to the expected future load value.” 

The idea is to ensure that the FC is ready to deliver the next requested load energy demand. The end 

result will be a reduction in stresses as found on the fuel cell and battery, thus avoiding early 

degradation and premature failure for both equipment (fuel cell and battery). 

 

5.5.1 Combining the NN forecasting with the double PID control system  

The Neural Network forecasting model can be considered as an ‘add-on module’ to the double loop 

PID control system developed in chapter 4. The Figure 5-7 presents a block diagram for the Hybrid 

NN-2PID control system. The output of the NN forecasting module is connected directly at the inlet 

of the 2PID. The Hybrid NN-2PID block diagram (Figure 5-7) and the associated operational algorithm 

(Figure 5-8) are presented below. Note that there are times that the NN is not needed to forecast 

data during the operation of the FC system. In these instances, the real fuel cell load data is used and 

that is why an arrow directly connects the Fuel Cell Load Real Data to the 2PID control system. The 

rationale behind this direct link will be explained further down. 

 

 

Figure 5-7: Block diagram for the Hybrid NN-2PID Control system. 
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Figure 5-8: Flow Chart for the proposed Hybrid NN-2PID main control system. 

 

5.5.1.1 The Proposed NN-2PID main algorithm description   

Step 1: The electrical power of the Load applied to the fuel cell is continually monitored.  

Step 2: The Load data are fed to the NN forecasting algorithm.  

Step 3: In accordance with the historical data of the Load, the NN forecasting algorithm will estimate 

the next value of the load electrical power. Assuming that Lt is the load power at time t, the 

forecasted value can be expressed as Lt+1.  
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Step 4: The future value of the load power is compared to the load power at time t. When comparing 

Lt to Lt+1, the algorithm detects if there is an expected increase on the future electrical power 

compared to the current value. Two possible scenarios are available: 

 Scenario 1: If the forecasted value (time t+1) is higher than the load value at time t, then in 

this scenario, the forecasted value is used as input to the 2PID. This makes sure that if the 

fuel cell is faced with a potential increase in load power request, the FC control system can 

act prior to the load increase occurring. In this case, the FC will be ready when the load 

power demand rises, and as such reduces overall system stresses.  

This advanced proposed solution innovates from the traditional PID control systems. In 

essence, the fuel cell will be ready to deliver the requested output power prior to the 

demand taking place, and both the FC and battery will be less affected by sudden energy 

fluctuation. As a result, the operation of the fuel cell will be smoother when compared to 

standard control techniques. With the NN-2PID, the FC can deliver the requested output 

power right away and the battery will operate within its SoC optimised range. This NN-2PID 

also innovates when compared to traditional techniques, as in the past, fuel cell control 

systems where supplying more H2 and O2 reactants than the fuel cell needed to reduce 

stresses. This led to lower efficiencies of FCs. In the proposed NN-2PID, the H2 and O2 

reactants will only be increased when needed and therefore better use of the available 

resources will be achieve and higher efficiency with lower stresses will be the end product.  

 Scenario 2: In contrast, if the next value (t+1) is smaller than the load value present at time t, 

then the NN predicting is not applied. In this case, the value of the load power at time t is 

applied to the 2PID controller. To be more precise, if there is a decrease in load power 

request, the fuel cell control system operates as ordinary 2PID without involving the NN. In 

this condition the fuel cell will supply the requested power to the load and any excess energy 

generated by the FC will be diverted to the battery to replenish the energy delivered in 

previous stages and reinstate the SoC. This is represented in figure 5-7 with the arrow 

directly connecting the fuel cell real load data to the 2PID control system. 

Step 5: Next value of the Load is processed and back to step 1 till the system is shut down. 

The following sections provide a detailed description of the proposed Neural Network forecasting 

model. 
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5.5.2 The proposed Neural Network forecasting algorithm 

In order to produce a forecasting of the time series for the load applied to the fuel cell, the Neural 

Network Forecasting model implements the below four key steps: 

1) Monitor and log a sample set of load electrical power data. From this data set, the NN 

extracts the historical trends and patterns when being trained, and therefore is able to 

predict t+1 values when applied to the NN-2PID. The data should be logged for a prolonged 

period of time so that the training of the NN reaches a meaningful conclusion. In this work, 

the NN forecasting model monitors and log 15 days of data operation from the load electrical 

power with sampling time of 1 minute. 15 days is considered appropriate for most of the 

applications to obtain daily behaviour (day and night), but also to include two weekends. The 

aim is for the training to converge towards forecasting the appropriate t+1 value in most of 

the time when being applied to the FC system application. As such, too little data fed to the 

NN could lead to erroneous training. To acquire enough data, a Buffer memory was included 

in the model with the ability to store sufficient historical data required to train the 

forecasting algorithm.  

2) Validate the performance of the forecasting to ensure that performance of the NN 

forecasting is always acceptable and within the tolerance requested. If the validation process 

is successful, then the load forecasting value is forwarded at the input of the Double PID 

control system, otherwise the forecasted value is discarded and the real load data is applied 

to the Double PID control system. 

3) Manage automatically the learning of the Neural Network with periodical renewal training to 

guarantee the best performance of the forecasting. This will routinely take into account 

aging of equipment or change in the load behaviour without having to implement any 

specific aging related algorithm. The NN will automatically adapt itself to the overall system 

operational behaviour changes through periodic training. 

4) Finally estimate t+1 value of the Load applied to the fuel cell, based on the historical data 

and the trained forecasting model. 

The above tasks are implemented within the Neural Network forecasting model given by Figure 5-9; 

the following sub-blocks can be identified: 

1) Data Buffer Unit (step 1 above). 

2) Validation and Training Unit (step 2 and 3 above). 

3) Forecasting Neural Network Unit (step 4 above). 
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The graphical structure of the NN forecasting model is presented in Figure 5-9, while the Neural 

Network forecasting algorithm is presented in Figure 5-10. 

 

 

Figure 5-9: Structure of the Neural Network Forecasting model. 
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Figure 5-10: Main flow chart for the Neural Network Forecasting algorithm. 

 

5.5.2.1 Description of the Forecasting NN flow chart    

Step 1: The NN forecasting unit monitors and log the first 15 days of data of the Load electrical 

power with sampling time of 1 minute. Data are stored in the Data Buffer Unit.  

Step 2: The NN is trained for the first time. It is in this step that the number of neurons in the hidden 

layer is determined.  
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Step 4: This is a validation stage of the forecasting: the resulting forecasted value is compared with 

the real value of the load electrical power. 

Step 5: Based on the validation results, two scenarios are possible: 

 Scenario 1: if the validation process is successful, then the load forecasting value is 

forwarded at the output of the NN forecasting unit, the algorithm now can forecast next 

value. 

 Scenario 2: if the validation process is not successful the forecasted value is discarded and 

the output of the NN forecasting unit is the current load power. A new training on the NN is 

requested to reinstate the accuracy of the forecasting to the desired value. After the training 

a new forecasting can be evaluated thereafter. 

 

5.5.3 Proposed structure of the Forecasting Neural Network unit 

After devising the NN-2PID algorithm, there is a need now to provide a structure for the NN in order 

to define the number of neurons for the input, hidden and output layers.  

As aforementioned, the implemented Neural Network forecasting model is a Feed-Forward Neural 

Network with Back Propagation learning algorithm. The structure of the NN is based on the 

Multilayer Perceptron with one single hidden layer.   

First, the NN performs a prediction of the future value of a load applied to the fuel cell, all based on 

historical values. Historical data are applied at the input nodes of the NN, alongside with the 

timestamp ‘t’. The resulting prediction is provided at the output node of the NN and it represents the 

next value ahead for the load applied to the Fuel Cell, time t+1.  

The structure of the Forecasting Neural Network is made with an inlet layer constituted by 7 

neurons, an outlet layer with one single neuron and one hidden layer. The inputs are characterised 

by 5 nodes for the acquisition of the timestamp ‘t’ and 2 nodes for the acquisition of the historical 

value. The 5 nodes for the timestamp identifies month, day of the month, day of the week, hour and 

minute at timestamp ‘t’.  The 2 nodes for the historical value identify the load value for the previous 

week (at the same time) and the previous day (at the same time). These two historical values are 

used by the NN to learn repetitive patterns of the load throughout time. 

The seven nodes/neurons for the input layer are expressed by the following variables: 

- Input 1 = Current month; 
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- Input 2 = Current day;  

- Input 3 = Current day of the Week;  

- Input 4 = Current hour;  

- Input 5 = Current minute;  

- Input 6 = Load value previous week same time   

- Input 7 = Load value previous day same time 

The node for the output layer is expressed by the below variable: 

- Output 1 = Next minute load forecast. 

Literature review has shown that the number of neurons in the hidden layer directly affects the 

performance of the network [224]. A too low number will provide low accuracy on the prediction and 

possibly non convergence of the training, while a too large number will create an over-fitting where 

the neural network learn a problem perfectly but is not able to generalise the solution to data it has 

never seen before. The selection of the number of nodes in the hidden layer is therefore critical to 

the success of a NN. Such selection is performed by a balancing act between learning the problem 

but not generalising, and conversely not even learning the problem.  

The number of nodes in the hidden layer can be determined during the initial training phase of the 

network. The Back-Propagation algorithm is used as the learning process for the load forecasting 

Neural Network model. The weighs of the interconnecting neurons are determined by minimising the 

error at the outlet of the neural network.  

During the training phase, the number of neurons in the hidden layer is increased consecutively and 

the resulting Mean Absolute Percentage Error (MAPE) is calculated on each configuration. The value 

of the MAPE is expressed as: 

 

 

 

 

The number of hidden neurons is selected as the minimum number of neurons that characterise an 

acceptable output error which is below a target value. The aim is to implement a fast and simple 

Neural Network, with minimum possible computational effort. Therefore, the number of neurons in 

the hidden layer should be selected as low as possible, but not too low so that the network provides 
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a good output. In this work, an acceptable target value for the error on the prediction was set to 5 % 

of the full scale of the maximum fuel cell output power.  

It is anticipated that the selected target value of the error could, at time, potentially lead to low 

accuracy of the Neural Network prediction model. However, the selection of this value will guarantee 

a simple and low cost implementation of the forecasting model that could be used within the fuel 

cell control system in order to initially prove the concept. Further improvements on the forecasting 

model technique with more complex solutions could be applied in future work.  

Note that the main aim of this work is to identify if NN forecasting techniques could prove to 

enhance (or worsen) the behaviour of the fuel cell power output (lower stresses) but also to define if 

the stresses as applied to the battery can also be further reduced. As such, if the proposed NN 

forecasting model is successful, then further research could be undertaken.   

The algorithm for the selection of the number of neurons in the hidden layer is presented in the flow 

chart given in Figure 5-11: 
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Figure 5-11: Flow chart for the first training and setting of structure of the Neural Network. 
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relation to the number of neurons (N.Neurons) is shown in the Figure 5-12. The minimum of the 
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Figure 5-12: Behaviour of the Mean Absolute Percentage Error (MAPE) in relation with the number of neurons in the 
hidden layer of the Forecasting Neural Network.  

 

5.5.4 Operation of the Data Buffer Unit 

As discussed, it is important to store data for the NN to be able to forecast the load. The Data Buffer 

Unit (DBU) is used to store the input data to the NN (Load power demand values) and keeps a history 

of these data (values with time occurrence from week, day, hour, and minute). The importance of 

storing the data is described below:  

a) To provide enough historical data to be used during the learning phase of the Neural 

Network. Assuming 15 days of historical data stored, this is equivalent to 21600 data points 

(1 data point corresponds to 1 minute). These historical data are supplied to the Validation 

and Training unit to perform the initialisation training of the Neural Network where the 

number of neurons in the hidden layer is determined.   

 

b) To feed historical data to the input of the Load forecasting algorithm and estimate the next 

load power value (at t+1). The following historical data are extracted from the DBU unit and 

supplied at the inlet of the Neural Network: 

a. Input 6 = Load value previous week same time. 

b. Input 7 = Load value previous day same time.  

 

c) To feed historical data to the Validation and Training unit for the validation of the forecasting 

performance of the Neural Network. The forecasted value of the load can be compared with 

the real value and if decay on the forecasting performance is detected a new training of the 

Network can be performed. This periodical validation of the forecasting insures the NN is 

always updated and able to forecast patterns variations though time.  

MAPE 

N.Neurons N.Optimal 
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The memory allocation of the Data Buffer Unit is organised as FIFO queue, where the 21600 data 

points are used for historical data. Totally 15 days of load electrical power can be logged with 

sampling time of 1 minute.  The Figure below shows the DBU memory arrangement. On the right is 

day zero and on the left is day 15. 

 

 

Figure 5-13: Memory allocation for the DBU area memory.  

 

5.5.5 Operation of the Validation and Training Unit 

Now that the structure of the network and the data unit have been described, it is possible to discuss 

how the validation and training unit operates. It has been described that the forecasting Neural 

Network requires to be trained before it can be used. For this purpose, an initial training data set 

needs to be produced and used by the Validation and Training Unit. The aim is to train the NN in 

accordance with the Back-Propagation algorithm methodology. Training is also required periodically 

as the fuel cell load profile could present a variable pattern though time; therefore the NN should 

learn periodically the new trend in order to maintain acceptable forecasting accuracy. 

For this reason the Validation and Training Unit is performing two types of training: 

1) Off-line training: this training is performed before the first application of the NN-2PID on the 

FC system. The Training algorithm is presented in Figure 5-11. The training data set are 

acquired by monitoring the load that will be applied to the fuel cell; the historical data are 

stored within the Data Buffer Unit. In order to perform the first start-up of the NN 

forecasting, the model records 15 days of data. During the Off-line training the configuration 

of the NN is also determined: the number of neurons in the hidden layer is calculated in 

accordance with the minimisation function of the MAPE described in the previous section. 

 

2) On line training: this training is performed during normal operation of the Neural Network 

and after the first start-up and initial off-line training. The Validation and Training unit 

monitors continuously the performance of the NN forecasting model by comparing the 

forecasted value with the real load values. If the error exceeds the maximum allowed 

threshold for an extended amount of time, then a new training with an update of the 

interconnecting weight of the neurons is performed. The On-Line training operates a learning 

of the NN in accordance with the Back-Propagation algorithm. The structure of the Neural 

Logging Days 0 15 
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Network is not modified; therefore the number of neurons in the hidden layer is still 

determined during the Off-Line training phase. The algorithm for the On-Line training is 

presented in Figure 5-14. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-14: Flow chart for the validation of the NN forecasting. 
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5.6 Conclusion 

This chapter is focused on the reduction of the fuel cell premature aging by introducing a new 

predictive control system strategy as applied to the management of Fuel cell – Battery systems.  

The chapter presents a theoretical background to load forecasting techniques currently available 

within the research community. It shows that Neural Networks load forecasting is currently the most 

promising technique that has shown excellent results in Long Term Forecasting (LTF), Medium Term 

Forecasting (MTF) and Shot Term Forecasting (STF) within the energy sector. However, it was shown 

that NN concepts and techniques have not been applied to an overall fuel cell control system with 

the aim to reduce degradation effect on the rapid load changes.  For this reason, a Neural Network 

with Backpropagation algorithm has been proposed as applied to fuel cell systems to reduce stresses 

on the FC and battery. The Backpropagation algorithm was selected because it represents the 

simplest typology of Neural Network that is associated with the least computational hardware 

resource requirements.  

In essence, the chapter presents the proposed Hybrid NN-2PID control system with the Load 

Predicting Algorithm as applied to fuel cells. This hybrid control system combines the energy 

management features of the double PID controller described in chapter 4 with the load forecasting 

capability of advanced Neural Network computing technology. 

It was shown that the Neural Network forecasting model has been developed as an add-on module 

to the double loop PID control system developed in chapter 4. It is characterised by three main 

internal sub-blocks: a) the Forecasting algorithm that produces a forecasting of the time series for 

the load applied to the fuel cell; b) the Validation and Training unit that monitor the performance of 

the NN and perform a periodical training in order to maintain acceptable forecasting accuracy; c) the 

Data Buffer Unit that is used to store the input data to the NN and keeps a history of the load power 

data. 
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6  

6 Reduction of the PEM FC Premature Aging Through the 

Implementation of the Proposed Hybrid NN-2PID Control System - 

Case Study 

 

6.1 Introduction 

Chapter 5 has presented a load predictive method that aimed further decreasing the fuel cell and 

battery degradations, and therefore increasing the overall lifetime of a fuel cell system. The 

hypothesis was that by anticipating and predicting a load change, it is possible to set the fuel cell 

controlling parameters before the change occurs and thus address the three FC main problems. It is 

recalled that by setting the FC control parameters before a load change, the fuel cell could be ready 

for such change and when the change occurs, lower stresses would be affecting both the FC and 

battery. 

This chapter aims to demonstrate and validate this hypothesis by presenting a case study of a fuel 

cell battery system controlled by the proposed Hybrid NN-2PID. The chapter presents the simulation 

results of the case study and an analysis of the Hybrid NN-2PID performance.  
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6.2  Case Study – Application of the Proposed Hybrid NN-2PID Control 

System  

The aim of the case study is to verify the hypothesis that the Hybrid NN-2PID control system can 

provide improvement on: 

 The reduction of the premature aging of a fuel cell (less stresses). 

 Improve the battery operation, again by reducing stresses. 

 Achieve an overall better energy management for the Hybrid fuel cell battery system. 

The case study goal is to verify and validate the following:  

1) The Neural Network forecasting algorithm is able to successfully perform forecasting of the 

electrical power of the load connected to the fuel cell-battery system.  

 

2) The Neural Network forecasting algorithm is able to further improve the performance of the 

double PID control system proposed in chapter 4 by smoothing out the fuel cell power spikes 

caused by a highly fluctuating load demand and thus, reduces the premature aging 

phenomenon. 

 

3) Better management of the energy flows in the Fuel Cell-Battery system with the aim to 

reduce further the deep discharge events on the battery. The end objective is to prolong its 

lifetime by operating the battery in high state of charge levels.  

In summary, the overall aim of this chapter is to demonstrate the outcomes of the proposed 

deterministic battery sizing technique, the double PID control algorithm and the NN load forecasting 

model onto the FC and battery, and show how they address the three main problems associated with 

fuel cells: by (a) prolonging their lifetime (durability), (b) increasing the overall system performance, 

and (c) finally decreasing the lifecycle cost.  

 

6.2.1 The fuel cell case study with the proposed Hybrid NN-2PID control system  

The analysis of the fuel cell case study with the Hybrid NN-2PID control system is divided into two 

parts; (1) the first part simulates and analyses the Neural Network forecasting algorithm during the 

training to validate the operation of the NN; (2) the second simulates the fuel cell-battery systems 

with the Hybrid NN-2PID control system to validate the hypothesis with real field data. The results of 
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these simulations are compared with the results of the Fuel Cell-Battery system controlled by the 

double loop PID presented in chapter 4.   

The specification of the fuel cell battery system (the fuel cell, battery, DC/DC converter and DC load) 

has been already given in chapters 3 and 4. The DC load is based on real data collected from a 48 VDC 

server, and this load is highly fluctuating which provides a perfect case study test and validation for 

the Hybrid NN-2PID solution.  

The fuel cell is a 1.2kW PEM-FC. The 48VDC battery bank is used in the fuel cell system to manage 

the transient energy request from the DC load and reduce the stress on the fuel cell due to rapid load 

changes. The Battery capacity is 25 Ah, and the size has been determined by using by the battery size 

model described in chapter 3. Finally, a DC/DC converter is included in the system to match the Fuel 

cell output voltage to the 48V DC output requested by the Load.  

As aforementioned, the case study involves two steps: 

a) The first simulation aims to demonstrate the validity of the load prediction algorithm 

developed with NN. In this simulation the NN will be trained with a set of historical data from 

a 48VDC Server. As per Chapter 5 description, and after the initial training, the number of 

neurons in the hidden layer is determined. The NN model is then simulated so that it can 

start forecasting the electrical load attached to the fuel cell – battery system. The forecast 

results are finally validated by comparing them with real data logged from the selected 

operating DC server.  

b) The second simulation aims to apply the NN predicting algorithm to the fuel cell double loop 

control system. The combined operation of the NN forecasting and the double PID control 

system are merged into the Hybrid NN-2PID control system. The results of the simulation will 

be used to determine and validate the performance of the Hybrid NN-2PID control system: 

the fuel cell and battery output power and SoC will be analysed and a comparison study with 

the double PID control system be performed.    

The following sections provide the description and results of the simulations performed for the Fuel 

Cell when operating with the proposed Hybrid NN-2PID control system. 

 

6.2.2 Test and validation of the proposed NN load predicting algorithm 

The first simulation of the Hybrid NN-2PID aims to validate the performance of the NN forecasting 

algorithm. The DC load connected to the Fuel cell is based on real data collected from a 48 VDC 
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server. Therefore, the aim of this simulation is to perform a comparison between the real data and 

the forecasted value of the load.  

As introduced in the previous chapter, the Neural Network is a Feed-Forward Neural Network with 

Back Propagation learning algorithm. The structure of the Neural Network is made with an inlet layer 

constituted by 7 neurons, an outlet layer with one single neuron and one hidden layer.   

It is recalled that the seven nodes/neurons for the input layer are expressed by the following 

variables: 

Input 1 = Current month; 

Input 2) = Current day;  

Input 3 = Current day of the Week;  

Input 4 = Current hour;  

Input 5 = Current minute;  

Input 6 = Load value previous week same time   

Input 7 = Load value previous day same time 

The node for the output layer is the below variable: 

Output 1 = Next minute load forecast. 

The first task of the Neural Network forecasting algorithm (Figure 5-10) is to perform the first training 

of the NN and to determine the number of neurons of the hidden layer. 

Again, it is reminded that the number of neurons in the hidden layer can significantly alter the 

performance of the AI network. For instance, by increasing the number of neurons, the accuracy of 

the forecasting will improve. However, this is true up to a certain number, as when the number of 

Neurons is too high, the Network tends to lose its ability to generalise and accuracy will be reduced.  

At the same time, a high number of neurons create a more complex AI network, which requires 

higher computational resources and reduces the speed of convergence. Therefore, a trade-off 

between accuracy and simplicity/speed of the Network must be performed. For this case study, the 

acceptable forecasting error was selected to be 5% (see section 5.5.3). The flow chart algorithm for 

the selection of the number of neurons in the hidden layer is presented in Figure 5-11. 

The Neural Network has been trained with a training set of data collected from the 48VDC server. 

The results of the training and the profile of the Mean Absolute Percentage Error (MAPE) in relation 

to the number of neurons in the hidden layer are presented in Figure 6-1. 



 147 

 

Figure 6-1: Results of the first training of the Neural Network forecasting algorithm: relation between number of neurons 
in the hidden layer and mean absolute percentage error.   

 

The minimum MAPE is 4.2 % and is below the requested 5 %. The minimum MAPE is achieved when 

the number of neurons in the hidden layer is 16. Therefore, the Neural Network forecasting unit will 

be structured as follow: 

 7 neurons inlet. 

 16 neurons hidden layer.  

 1 neuron outlet. 

The Neural Network forecasting algorithm has been simulated using Matlab Neural Network Toolbox 

[225]. The training of the Neural Network has been performed by using 15 days of load data; the 

training data set has been divided into three subsets: 

- Subset 1: 70% of the total training data set is used for computing the training of the network, 

minimise the error and update the neurons weights accordingly. 

- Subset 2: 15% of the total training data set is used as validation of the NN. The error on the 

validation set is monitored during the training process. The neurons weights are saved when 

the minimum of the validation set error is reached.  
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- Subset 3:  15% of the total training data set is used as test of the training data set. This set is 

used after the training of the NN. If error is higher than the requested MAPE, this might 

indicate a poor division of the data set. 

Figure 6-2 provides the results of the backpropagation algorithm training for the Neural Network 

forecasting model. The figure plots the Mean Absolute Error (MAE) for the training, validation and 

test data in relation to the numbers of iterations (epochs). The meaning of the MAE is similar to the 

MAPE introduced in section 5.5.3. While the MAPE is a representation of the average error as 

percentage, the MAE expresses the average value of the error. The MAE is a measure that allows 

validating the potential performance of the network. This means that the MAE allows to determine if 

the training data compared to the validation and test will provide the expected end load forecasting 

result. Where Mean Absolute Error (MAE) is defined as: 

 

 

 

 

 

Figure 6-2: Performance of the training, validation performance for 16 neurons in the hidden layer. 
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The curves show that the MAE decreases as the training progresses. The training is stopped when the 

error for the validation data reach its minimum. The minimum MAE is achieved at 17 iterations. Also 

the training, validation and test curves have identical trend and reach the minimum at same MAE. In 

the case that the training, validation and test curves had no identical trend, then the training cannot 

be validated and there is a need to perform a new validation training using different or larger training 

data set. As the validation is successful, it is possible to move onto the next step.  

The next step in validating the network is to create a regression plot, which shows the relationship 

between the outputs of the network (forecasted load values) and the targets (real load value). If the 

training is perfect, the network outputs and the targets would be exactly equal, but the relationship 

is rarely perfect in practice.  

Figure 6-3 provides the results graph for the regression analysis. The outputs of the network are 

compared with the target values: the blue line in the graph (Fit Line) represents the ideal case when 

the outputs of the network match exactly the target values. In reality data are scattered around the 

line and the closest position to the line represents a smaller error on the forecasting. As the outputs 

of the network are distributed around the Fit line, this validates a good performance on the accuracy 

of the forecasting model.  

 

 

Figure 6-3: Performance of the training, regression performance for 16 neurons in the hidden layer. 

 

After the determination of the number of hidden neurons in the hidden layer and the validation of 

the training of the network, the Neural Network has been simulated to forecast the load applied to 

the fuel cell system.  
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The simulation of the NN has been processed for a period of 6 days.  The recording of data of 6 days 

have been deemed appropriate and enough to verify and validate if the NN correctly forecast the 

fluctuation of the load.  Total number of samples for the validation of the NN prediction is 8,640 

minutes.  

The forecasted values have been compared with the actual data collected from the DC server. Figure 

6-4 provides a comparison of the load current (A) for the forecasted and actual current (A) of the DC 

Server for the first 8 hours of operation, while Figure 6-5 provides the same comparison for the 

entire period of 6 days. 

Figure 6-4 and Figure 6-5 show the load forecasting graphs that demonstrate a good approximation 

of the NN results when compared to the infield real load current demand data. In fact, in most of the 

time, both curves are well superimposed with minimal deviation. The resulting mean absolute 

percentage error (MAPE) between the forecasted value and actual load value in the time period of 

this analysis can be calculated from equation 5-4: 

 

The above MAPE error of 3.9% is fairly low considering the number of neurons used, the NN 

technique selected (the simplest techniques) and the highly unpredictable and fluctuating load 

demand. Therefore, the MAPE value validates the NN training and the next test/validation phase can 

be investigated as per the below section. Note that the aim was to reach a MAPE of less than 5%, 

which is the case. 

 

 

𝑀𝐴𝑃𝐸 = 3.9%  
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Figure 6-4: Comparison of the forecasted load current with actual load current for the 48VDC Server for 8 hours. 

 

 

Figure 6-5: Comparison of the forecasted load current with actual load current for the 48VDC Server for 6 days. 
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6.2.3 Application of the NN load predicting algorithm to the proposed double 

loop PID control system 

The second simulation of the Hybrid NN-2PID aims to validate the performance of the combined NN 

forecasting algorithm with the double PID controller. A comparative analysis between the Hybrid NN-

2PID and the 2PID control system is presented and the benefits of introducing the NN forecasting 

algorithm into the 2PID control system is summarised.  

This simulation assumes that the Neural Network has already been trained and the number of 

neurons in the hidden layer has been determined as per section 6.2.2. The Neural Network 

forecasted values are supplied at the inlet of the 2PID control system and the effect on the fuel cell 

and battery system are evaluated. 

The following variables have been used as measures to analyse and determine the behaviour of the 

Hybrid NN-2PID: 

1) Fuel Cell electrical power output: This variable provides information on how the variation of 

the load affects the operation of the fuel cell. The application of the Hybrid NN-2PID aims to 

devise a smoother profile of the Fuel cell electrical power when compared to the simulation 

of the fuel cell-battery system with a double PID control system. Also the introduction of the 

forecasting algorithm aims to detect in advance any load power request rising and operate 

the fuel cell electrical power accordingly.   

 

2) Battery Power:  This variable provides information on how the variation of the load affects 

the operation of the battery energy buffer. The simulation of the Hybrid NN-2PID aims to 

identify if a smoother profile of the Battery electrical power is achieved when compared to 

the simulation of the fuel cell-battery system with a double PID control system. 

 

3) State of Charge (SoC) of the Battery: In addition to the battery power profile, this variable 

provides indication on the amount of energy available within the battery energy buffer and 

on the ability of the control system to recharge the battery after a sudden increase on the 

energy requested by the load.    

Two analyses are performed in the following sections: the first provides an investigation of the 

behaviour of the Hybrid NN-2PID control system; the second provides a comparison with the double 

PID control system.  
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6.2.3.1 Analysis of the Hybrid NN-2PID control system 

This is the first analysis performed on the Hybrid NN-2PID; Figure 6-6 provides the results of the 

simulation of the Hybrid Fuel Cell-Battery system when controlled with the Hybrid NN-2PID control 

system for a period of 8 hours; while Figure 6-7 provides the simulation results for a period of 6 days. 

 

Figure 6-6: Simulation of PEM FC-Battery System with Hybrid NN-2PID controller with DC load profile for 8 hours real 
data of a 48VDC Server. 

 

 

Figure 6-7: Simulation of PEM FC-Battery System with Hybrid NN-2PID controller with DC load profile for 6 days real data 
of a 48VDC Server. 



 154 

Results: 

1) Smooth profile of the Fuel cell Electrical power: By looking at the graph of the Fuel Cell 

electrical power curve shown by Figure 6-6 , Figure 6-7 and Figure 6-8 it is possible to verify 

that the Hybrid NN-2PID control system is operating the fuel cell with a smooth profile even 

if the load power is highly fluctuating. The difference in energy between the Fuel Cell power 

and the load power is managed by the battery system. This result is in line with the findings 

of the double PID control system analysed in chapter 4, but this result further improves upon 

the double PID ones. 

 

2) Anticipated operation of the Fuel cell Electrical power: By looking at the graph of the Fuel 

Cell electrical power curve shown in Figure 6-8, it is possible to validate that the Hybrid NN-

2PID control system is able to predict the load profile and controlling the fuel cell in advance. 

On a sudden increase of the load electrical power, the Hybrid NN-2PID increases the fuel cell 

output power in advance in order to make sure the FC-Battery system is able to manage the 

load power request. This is shown in point A on Figure 6-8 (while it is possible to see other 

points on the same graph). This also shows that the fuel cell power output decreases slowly 

where there is a decrease in power demand from the load. This means that the fuel cell 

recharges the battery at times of low load power demand, thereby ensuring that the battery 

does not continuously discharge, and therefore ensures a smooth SoC (see point 3 and 4 

below).  
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Figure 6-8: Zoom of the Fuel Cell power profile and load power.  
The FC power has a smoother operation compared to the Load power and anticipated operation. 

 

Figure 6-9: Zoom of the Fuel Cell power profile and SoC battery.  
The FC is charging the battery when load decreases. 

 

3) Battery charge management: By looking at the SoC curve given by Figure 6-9, it is possible to 

validate that the Hybrid NN-2PID control system is taking care of the recharge of the battery 

(point C) when the load electrical power is reduced (point B). This allows replenishing the 

A 

C 

B 

C 

B 
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energy stored within the battery and ensures the system is operating at the higher possible 

SoC level. This result is in line with the findings of the Double PID control system analysed in 

chapter 4. Again the result of the 2PID-NN is better than the double PID described in chapter 

4.  

 

4) Smooth profile of the Battery Electrical power: By looking at the graph of the Battery 

electrical power curve given by Figure 6-9 it is possible to validate that the Hybrid NN-2PID 

control system is operating the battery with a smooth profile and pattern even if the load 

power is highly fluctuating.  

 

6.2.3.2 Comparative analysis of the proposed Hybrid NN-2PID versus the 2PID control 

system 

This analysis aims at performing a comparison between the proposed Hybrid NN-2PID and the 

double PID. The following results are obtained: 

1) Smoother operation of the Fuel cell: By looking at the comparative graph of the Fuel Cell 

electrical power curve shown in Figure 6-10 it is possible to validate that the Hybrid NN-2PID 

control system is providing a smoother profile when compared to the double PID (point D). 

The introduction of the Neural Network forecasting algorithm in the Double PID control 

system provide a better management for the energy flows between fuel cell and battery and 

this allows a smoother operation of the system. The smoother operation implies a reduction 

of the stress conditions for the Fuel Cell and this could lead to lifetime extension of the 

system. 

 

2) Reduction of peaks of the Fuel cell: By looking at the comparative graph of the Fuel Cell 

electrical power curve shown in Figure 6-10 it is possible to validate that the Hybrid NN-2PID 

control system is providing a reduction of the number of peaks on the electrical power 

generated by the fuel cell. The double PID curve is presenting 3 peaks (points X, Y, Z) that are 

reduced and smoothed in the Hybrid NN-2PID curve. On the other side, the Hybrid NN-2PID 

curve presents only one peak (point W). In summary 2/3 of the peaks on the electrical power 

of the fuel cell have been reduced when using the Hybrid NN-2PID. The peak reduction 

represents a further reduction of the stress conditions for the Fuel Cell and could extend the 

lifetime of the system. 
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3) Anticipated operation of the Fuel cell: By looking at the comparative graph of the Fuel Cell 

electrical power curve shown in Figure 6-10 it is also possible to validate that the Hybrid NN-

2PID control system is able to forecast future power requirements of the load and control 

the fuel cell operation in advance (point E). This allows: a) better management of the energy 

flow within the fuel cell – battery system, b) supply the requested energy to the load, c) 

reducing the stress on the fuel cell by reducing the effect of sudden load power change, d) 

operating the battery with higher SoC and therefore reducing the stress on the battery due 

to sudden load power change.   

 

Figure 6-10: Zoom of comparative analysis for the FC electrical power between the Hybrid NN-2PID and double PID 
controller. The NN-2PID provides a smother operation of the FC and anticipation on the FC operation. 

 

Figure 6-11: Zoom of comparative analysis for the FC electrical power between the Hybrid NN-2PID and double PID 
controller. FC increased resting period. 
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4) Higher FC resting period: By looking at the graph shown in Figure 6-11 it is possible to 

validate that the FC Power curve for Hybrid NN-2PID control system is characterised by 

deeper spikes (point F) compared to the double PID curve. These deep spikes may lead to a 

counter intuitive conclusion. It is understood that high fluctuations in load power lead to the 

early degradation of the fuel cell. This is true when the fluctuations are from low power to 

high power and that the fuel cell stays at high power for quite sometimes. In this case, the 

fuel cell does not have time to recover and enters into starvation mode, hence degradations 

occur. Now, considering that the vast majority of spikes occur on the decreasing load power 

demand and not increasing, then it is possible to affirm that the fuel well will be able to 

recover from high load power demand more often than when using the double PID 

controller. If the fuel cell is able to rest more often with the proposed AI algorithm, then it 

will be able to recover more often from any situation of high load power demand. This leads 

to lower starvation issues, better humidification, lower flooding (fuel cell is still operating 

at high temperature, but lower load demand), etc., all of which reduces the number of 

problems that the fuel cell is subjected to when facing high fluctuating loads. This, 

therefore, validate the fact that AI can better manage the fuel cell power output and 

internal features without having to control all of the different FC’s criteria individually 

(water, heat, etc.). As result of the better energy management of the system, the FC can 

deliver less power and therefore it is resting at lower power level before a the new request 

for power increase. This condition is further reducing the stress due to sudden load changes, 

as the FC is operating in reduced operative conditions.   

 

5) Battery operating at higher SoC: By looking at the comparative graph of the Battery SoC and 

Power curve shown in Figure 6-12, it is possible to validate that in the Hybrid NN-2PID 

operation, the battery is requested to provide power more often to the load (especially at 

the start-up of the fuel cell, when the FC is cold and can get damaged quickly. Zone T in the 

graph).  This behaviour is to be expected, as when the battery partially supply the load with 

power (and the remainder of the power is supplied by the fuel cell), then it allows the fuel 

cell to gradually increase its power and supply the load (hence allowing the fuel cell to go up 

in temperature and reduce its degradation damages associated with a cold start). This means 

that the fuel cell does not need to respond directly to the load fluctuation as the battery is 

asked to supply power while the fuel cell gets ready. This again protects the fuel cell even 

further, but also avoids battery memory effect [226] (where a battery fails, but cannot be 

detected). This not anticipated behaviour of the battery at system level further demonstrates 
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the effectiveness of the proposed NN algorithm.  Note that in both simulation of Hybrid NN-

2PID and Double PID, the battery power is not affected by deep discharge events, which is 

one of the main cause for battery premature failure [227]. Note that during time T, the 

battery is not called upon by the 2PID algorithm and this means that the fuel cell must 

provide the power to the load directly during that time. This situation will lead to the FC 

supplying load power at cold start, meaning it will degrade faster. Therefore, the 2PID-NN 

provides a substantial improvement when compared to the 2PID controller even during a 

cold start.  

 

 

Figure 6-12: Comparative analysis for the battery SoC between the Hybrid NN-2PID and double PID controller 
with DC load profile for 8 hours real data of a 48VDC Server. 

 

On the other hand, the SoC of the battery is higher for the Hybrid NN-2PID rather than the 

double PID. This battery positive behaviour validates the benefit of the forecasting algorithm, 

leading to optimal operation of the Fuel Cell - Battery system, reducing stresses on the 

battery as it operates in a high level of SoC but also without forgetting that it reduces 

stresses on the FC. 

 

In summary, the introduction of the Hybrid NN-2 PID provides the following benefits: 

1) Operate the Fuel cell with a smooth profile and this provides a reduction of the stress 

condition on the fuel cell and therefore prolonged lifetime is expected to be achieved.  

T 
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2) Reduce of 2/3rd factor on the number peak power request on the fuel cell and this provides a 

further reduction of the stress condition on the fuel cell. 

3) Operate the Fuel cell with a reduced power level and higher number of resting and 

recovering periods and these provide a further reduction of the stress condition on the fuel 

cell. 

4) Anticipate the Fuel cell operation in accordance with the future expected load power 

request.  

5) Optimise the energy flows between fuel cell, battery and DC load. 

6) Guarantee a smooth profile for the battery, and avoid deep discharge events as well as 

negative memory issues. 

7) Operate the battery at higher SoC and this provides a reduction of the stress conditions on 

the battery and therefore prolonged lifetime is expected to be achieved.  

8) Overall, the proposed 2PID-NN operates the overall FC system better than the 2PID and 

negates most of the FC and battery issues. This validates the hypothesis that the proposed 

2PID-NN can provide a solution to the three main problems associated with fuel cells: (a) 

prolonging their lifetime (durability), (b) increase the overall system performance, and (c) 

finally decrease the lifecycle cost. 

 

6.3 Conclusion 

This chapter demonstrates that the combination of the proposed deterministic battery sizing 

technique, the double PID control algorithm and the NN load forecasting AI model are able to 

smooth out the negative effect of the load power fluctuations onto the FC and battery. It validates 

the hypothesis that an overall control fuel cell system that takes into account all of the different 

elements that constitute the system (FC, battery, DC/DC converter and the load) provides a solution 

to the three main problems associated with fuel cells by: (a) prolonging their lifetime (durability), (b) 

increase the overall system performance, and (c) finally decrease the lifecycle cost.  

In essence, this chapter demonstrates the reduction of the fuel cell premature aging by introducing a 

predictive control system strategy to manage the Fuel cell – Battery system. 

To demonstrate this, a case study has been presented. The aim was to test, demonstrate and 

validate the performance of the Hybrid NN-2PID control system. The fuel cell case study with the 

Hybrid NN-2PID control system was divided into two parts; (1) the first part simulated and analysed 

the Neural Network forecasting algorithm during the training to validate the operation of the NN. 

This was validated; (2) the second part simulated the fuel cell-battery systems with the Hybrid NN-



 161 

2PID control system and validated the proposed hypothesis with real field data.  The results of these 

simulations were compared with the results of a Fuel Cell-Battery system controlled by the double 

loop PID presented on chapter 4.  

The first part of the case study simulation has validated the methodology used to determine the 

number of neurons in the hidden layer of the Neural Network. Once the structure of the Network 

was validated, then the validation of the forecasting algorithm has been performed by comparing the 

NN output results with data acquired from a real load. The validation of the NN has provided a MAPE 

error of 3.9%, which is less than the MAPE of 5%, described and anticipate in Chapter 5. This again 

validated the work on the forecasting algorithm. The MAPE is fairly low considering the number of 

neurons used and the simplicity of the Neural Network adopted in this study, which further shows 

the strength of the application of AI towards FC load forecasting application. This further 

demonstrates that the selection of the most basic AI system (Neural Network with Backpropagation 

algorithm) is enough as a technique as applied to FC systems, though further research can still be 

performed using other training and NN techniques.  

The second part of the case study simulation has validated the performance of the Hybrid NN-2PID 

and demonstrated the benefits on using the forecasting algorithm on the double PID control system 

described in chapter 4.  

It has been shown that the Fuel cell operates with a smoother profile and this provide a reduction of 

the stress condition on the most expensive devices, that is the fuel cell. The Hybrid NN-2PID is able to 

anticipate the Fuel cell operation in accordance with the future expected load power request and 

this allows a better management of the energy flows between fuel cell, battery and DC load. 

It has also been shown that the Fuel cell is operating with a reduced power level (lower power 

output) and higher resting period, which provides a further reduction of the stress condition on the 

fuel cell. 

At same time, the battery operates with a smoother profile and reduced deep discharge events. Also, 

the better energy management of the Fuel cell - battery system leads to the battery operating at 

higher SoC. This provides a further reduction of the stress conditions on the battery and this a 

prolonged lifetime is expected to be achieved. 

In summary, the results presented in this Chapter validates Chapter 5 hypothesis that taking an 

overall control view of the hydrogen fuel cell battery system can support the reduction of stresses 

and degradation onto the fuel cell.   
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7  

7 Conclusions, Knowledge Contribution & Further Work 

This research project aimed on the reduction in PEM fuel cell premature degradation and aging to 

support their wider uptake and application. A summary of each chapter findings, knowledge 

contribution and further recommended work is given as follows:  

Chapter 1 introduced the problems facing the wide penetration of fuel cells. It summarised the 

existing challenges facing PEM technologies. It also illustrated how these challenges can be used as 

an opportunity for the development of new methodologies and novel strategies focusing on fuel cell 

systems (FC, battery, DC/DC converter, and the load) rather than only focusing on the fuel cell 

device. It further defined that there is a lack of available models and tools that can rapidly support 

the deployment of fuel cell technologies.    

Chapter 2 has shown that despite improvements that have been made internationally through new 

FC control systems, there is still a need to find innovative solution to substantially improve the 

lifetime of these devices. Evidence was provided that some of the main issues associated with the 

potential wide penetration of FC technologies are three fold: (a) finding new methods to lower the 

cost of fuel cells; (b) increase their durability and (c) enhance their performance. The Chapter 

concluded that this thesis supports the future wide deployment of PEM fuel cells technologies 

through the new modelling and control techniques that allow:  
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a) To better size the battery within hydrogen fuel cell system, hence reducing their overall 

lifetime cost by indirectly reducing the stresses on the FC and decreasing the cost of an 

installation (optimised battery size allows to reduce their costs). 

b) To better manage the fuel cell power output by developing a double PID control system, 

thereby reducing stress on the fuel cell and therefore increasing its lifetime. 

c) Further better management of the fuel cell power output by developing an AI load 

forecasting based control system that allows the reduction of load variation stress on the 

fuel cell and battery system, again improving performance, durability and as such the 

lifecycle costs.  

 

Chapter 3 has shown that many of the literature documented models and commercially available 

software do not offer the capability to automatically generate the optimum size of a battery for a 

fuel cell system. It was found that the models and software programs that have the ability to 

simulate fuel cell systems are complex, require a significant amount of input data and involves high 

computational resource to produce a simple initial battery size.   

This chapter has proposed a model based on the slew rate that can automatically size a battery 

energy storage for PEM fuel cell system applications. It has presented the results of a model 

developed for a fuel cell/battery hybrid system serving variable and dynamic load changes.  

The above model represents a fundamental design tool to be applied on hybrid fuel cell systems. It 

allows the analysis of the effect of load changes on the fuel cell stack and represents an efficient 

method to design the optimal energy storage size to be integrated with the fuel cell system. The 

unique feature of this design tool is that it accurately devises the relationship between fuel cell 

performance and the battery size. The model was validated in a case-study showing that the 

modelling tool devised size of battery provided a good balance between size, cost and low negative 

impact on the fuel cell operation. 

Chapter 4 provided a PEM FC system approach to address premature aging through the development 

of a double PID control loop algorithm. It illustrated that the adoption of the proposed double PID, 

used in association with the size of the battery derived from the Slew Rate model (chapter 3), can 

address the conventional PEM-FC control strategy issues associated with the starvation effect by 

supplying a fuel cell with increased fuel and oxidant. The double PID was validated by a case study 

showing that it managed to optimise the response time of a fuel cell system through the reduction of 

abrupt PEM-FC power fluctuations, which in conventional controller had a negative effect on the 
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lifetime of the fuel cell. This research also showed that by applying both the proposed double PID 

and the results from the battery sizing technique, a reduction of the aging of the battery due to 

repetitive deep discharge events can be avoided. 

Chapter 5 investigated the application of artificial intelligence to reduce the stresses onto a fuel cell 

system consisting of a FC, battery energy storage and a load. The proposed predictive AI algorithm 

described a hypothesis whereby it is possible to reduce stresses on the PEM-FC system, by 

anticipating the next change in the load and setting the PEM-FC parameters before the change 

occurring. This chapter provided the theoretical background to the load forecasting techniques and 

described how to include the forecasting algorithm within the double PID when controlling a fuel cell 

– battery system.    

Chapter 6 provided a cases study of a PEM fuel cell – battery system controlled by the proposed 

Hybrid NN-2PID to validate the proposed system. It showed that both the battery energy storage and 

the PEM FC benefit from the introduction of predictive techniques. The AI methodology was 

compared and validated using the case study described in chapter 4 and proved that AI load 

forecasting results in lower battery and FC stresses, thereby increasing their lifetime.   

 

7.1 Knowledge Contribution 

A number of contributions to knowledge have been discussed within this thesis. These are 

summarised as follows: 

 This thesis presented novel contributions to the PEM fuel cell system literature by proposing 

a new deterministic battery sizing algorithm that quickly recommends an optimised battery 

size for a FC system. The proposed method is based on an innovative application of the Slew 

Rate (SR) concept. The algorithm only needs the fuel cell characteristics and the voltage of 

the load as inputs to determine an optimum battery size. Finding the optimum battery size 

plays a vital role in reducing the speed of degradation in a fuel cell. It also plays a vital role in 

taking an early design decision to whether a hydrogen fuel cell project can progress to the 

implementation stage. To validate the deterministic algorithm, a fuel cell was constructed so 

that a FC model close to the real world FC operation can be modelled. The FC model 

developed under the Matlab/Simulink framework was then compared to the data logged 

from the constructed fuel cell. In turn, the validated FC model was used to validate the 

deterministic algorithm based on SR. The validation of the battery sizing algorithm 

demonstrated that the level of stresses on the FC are reduced. 
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 A novel double loop PID control system algorithm for better managing the power flow within 

a fuel cell battery hybrid system has been developed. It has been found that such algorithm 

can increase the lifetime of a fuel cell. The 2PID algorithm works to constantly balance the 

flow of energy within a FC system and thus decreases the stress applied to the cells during 

frequent load changes. It was shown that the combination of the battery sized using the 

deterministic algorithm and the use of the 2PID control strategy can reduce stress events due 

to rapid load changes of the load. 

 Advanced AI predictive algorithms were applied to a fuel cell system which further reduced 

the stresses due to abrupt load fluctuation. Simulations demonstrated that the combination 

of the deterministic sizing technique, the double PID control algorithm and the AI predictive 

strategy presents with a very low stress on both the FC and battery when subjected to a 

highly fluctuating load demand. No similar work has been found in the literature with this 

intent.  

 The proposed methodologies, techniques, algorithms  and models are innovative with 

respect to the literature and can provide a substantial breakthrough for fuel cell applications 

as it provides a means to increase the lifetime of the fuel cell using simple models developed 

herewith. These findings could also spearhead a higher penetration of fuel cell technologies 

as the overall fuel cell lifecycle cost will reduce dramatically. In other words, by decreasing 

the stress on the fuel cell stack, the fuel cell lifetime will increase, and by increasing the 

lifetime of the fuel cell, the overall cost of the fuel cell lifecycle is decreasing.  

 The work presented in this thesis validates the hypothesis that taking an overall control view 

of the hydrogen fuel cell battery system can support the reduction of stresses and 

degradation onto the fuel cell leading to the reduction of lifecycle costs, better performance 

and higher reliability, all of which are amongst the three main problems associated with fuel 

cells.   

 

7.2 Further Work 

The research work that has been presented in this thesis focused on the development of three key 

areas that has been identified as absent in existing literature on PEM-FC systems. These aspects are 

the deterministic sizing algorithm focused on defining an optimised battery with the minimum input 

data, the production of a double PID control algorithm, and the application of predictive AI 

technology to PEM-FC systems. Each of these has contributed to knowledge. Nevertheless, there is 
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still more room for further research to allow further improvement in PEM-FC systems cost, reliability 

and performance as well as beyond the proposed PEM FC-Battery system. For example: 

 The proposed deterministic sizing model can be modified to perform a similar optimal sizing 

for a number of other energy storage technologies. It is of particular interest the application 

of the algorithm to optimally size up supercapacitor energy storage systems as applied to 

PEM-FC systems.  

 The developed double loop PID control model could also be extended to other technologies 

such as gas turbines, internal combustion engines, etc. In this case, the aim would be to 

identify if the generators operate more efficiently when using this type of control system. 

 Other form of AI hybrid load forecasting techniques could be tested and validated such as 

the hybrid AI Fuzzy Logic, AI-GA, AI-PSO, etc. The aim would be to identify which of the AI 

algorithm is best suited for the PEM-FC system. The aim would also be to identify which of 

these AI algorithm is the least expensive to implement and provide the best results.  

 The deterministic algorithm, the double loop PID and the AI load forecasting could also be 

tested against the other types of fuel cell and battery technologies to determine if it 

improves the lifetime of the equipment. 

 As electrolysers directly connected to a renewable source of energy suffer premature aging 

similar to the PEM-FC, it is possible to consider that the technique developed in this work 

could be applied to renewable off grid electrolysers to reduce the stresses that they are 

subjected to. 

 The set of algorithms and techniques presented in this work (double PI controller and AI) 

could be directly implemented as part of the fuel cell internal control system. 

 A software program could be developed to provide a Graphical User Interface for the battery 

sizing technique, allowing an easy use of the proposed algorithm for designers. 

One important aspect of this thesis was to formulate easy to implement solutions to PEM-FC 

systems. Yet, and though being easy, these solutions needed to be fairly effective in resolving the 

negative stress effect of fluctuating loads onto a FC and its associated energy storage. Any future 

works will require to include such aspect in order to reduce the cost, increase the reliability and 

improve the performance of fuel cells to get them nearer to being economically viable. 
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8  

8 Appendix A – A Fuel Cell system model 

An accurate model of a Fuel cell- Battery system has been implemented using the Matlab Simulink 

platform [113]. This model allows simulating the behaviour of a fuel cell when operating in 

combination with a battery system. The fuel cell – battery model includes some model blocks that 

are ready available within the Simulink environment and some models developed specifically for this 

application: 

- Fuel cell stack model available on Matlab-Simulink [228] - The available Matlab Simulink fuel 

cell model has been modified based on the fuel cell Stack available and tested at Pure Energy 

Centre Laboratory.    

- Battery model available on Matlab-Simulink [229] - The available Matlab Simulink battery 

model has been modified and tailored for this application. 

- DC-DC converter - This model has been developed specifically for this work.  

- DC load - This model has been developed specifically for this work. 

The schematic diagram block of the Fuel Cell – Battery system, is presented below: 

 



 168 

 

Figure 8-1: Diagram block for the Fuel Cell – Battery system. 

 

The following sections provide a description of the different model blocks that have been used for 

simulating and validating the Fuel cell – battery system model. 

 

8.1 Fuel Cell Model  

A model of a PEM fuel cell has been implemented using the fuel cell stack model available in Matlab 

Simulink [228]. This model allows to simulate a wide range of fuel cell response to the rapid load 

changes. The developed model includes the integration of dynamic equations, transients in the cell 

voltage, temperature of the cells, hydrogen and oxygen flow rates and the effect of the load changes 

on the operative parameters. The model is a generic parameterized system that allows representing 

most popular types of fuel cell stacks fed with hydrogen and air.     

The model includes a low current region that represents the activation voltage drop due to the 

slowness of the chemical reactions taking place at electrode surfaces. Depending on the temperature 

and operating pressure, type of electrode, and catalyst used, this region is more or less wide. A 

central region represents the resistive losses due the internal resistance of the fuel cell stack. Finally, 

the high current region represents the mass transport losses resulting from the change in 

concentration of reactants as the fuel is used. 

The Fuel cell stack block represents two versions of the stack model: a simplified model and a 

detailed model. The simplified model of the fuel cell stack has been used for this study; it is based on 

an electronic equivalent circuit show in the following figure [228]: 
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Converter 
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Figure 8-2: Equivalent electric circuit of a Fuel Cell stack. 

 

Where: 

𝐸 = 𝐸𝑂𝐶 − 𝑁𝐴𝑙𝑛(𝑖𝑓𝑐). 

𝐸𝑂𝐶 is the open circuit voltage of the fuel cell stack.  

N is the Number of cell within the stack.  

A =  
𝑅𝑇

𝑧𝛼𝐹
. 

R = 8.3145 J/(mol K). 

F = 96485 A s/mol. 

Z is the number of moving electrons. 

Α is the charge transfer coefficient, which depends on the type of electrode and catalyst used.  

The simplified model represents a particular fuel cell stack operating at nominal conditions of 

temperature and pressure. The parameters of the equivalent circuit can be modified based on the 

polarization curve obtained from the manufacturer datasheet of the fuel cell stack. In the model the 

following parameters are identified: 
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Parameter Description 

𝐸𝑂𝐶  Open Voltage circuit 

[Inom,(A), Vnom(V)] Nominal operating point [Voltage and Current] 

[Iend,(A), Vend(V)] Maximum operating point [Voltage and Current] 

N Number of cells  

T Temperature 

Table 8-1: Input parameters for the Fuel Cell model.  

 

The model performances have been assessed by comparing the output simulation voltage and 

current profile with the real life voltage and current output monitored on a fuel cell stack consisting 

of 30 cells. The aim was to ensure that the model is representative of a real fuel cell and that it 

provided simulation results as closed as the one in the real world. The fuel cell stack was tested at 

Pure Energy® Centre [230] laboratory. Figure 8-3 illustrates the 30 cells stack. 

 

 

Figure 8-3: 30 cells Fuel Cell stack tested at Pure Energy® Centre laboratory. 

 

The parameters of the fuel cell stack model can be easily modified based on the polarization curve 

obtained from any manufacturer's data sheet. Table 8-2 shows the parameters used to represent the 

behaviour of the fuel cell stack tested at Pure Energy Centre (PEC) [230] laboratory, while the 

results of the model validation are presented in Figure 8-4. As shown on Figure 8-4, the fuel cell 

simulation results compare positively to the one monitored from the 1.2kW, 30 cells stack made 

available by the PEC. As such, and because the simulation is near similar to the real world data 

monitored, it is possible to say that the simulation performed throughout this work are 

representative of PEM fuel cells behaviour in the real world. 
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Parameter Value Description 

𝐸𝑂𝐶  28.2 V Open Voltage circuit 

[Inom,(A), Vnom(V)] [33 A,22 V] Nominal operating point [Voltage and Current] 

[Iend,(A), Vend(V)] [77 A, 15.5V ] Maximum operating point [Voltage and Current] 

N 30 Number of cells  

T 50°C Temperature 

Table 8-2: Input parameters for the 1.2kW FC tested at PEC laboratory.  

 

 

Figure 8-4: Fuel Cell model validation. 

 

8.2 Battery Model  

A model of a Battery has also been implemented using the generic model available in Matlab 

Simulink [229]. This model is using the State of Charge (SoC) as a state variable to accurately 

reproduce the manufacturer’s curves for the four major types of battery chemistries. These four 

types are:  

- Lead-Acid (Only the model of this technology has been used for this work - the model of the 

other types of battery (see below types) could also be used to demonstrate the 

appropriateness of the battery sizing deterministic algorithm. This is suggested in further 

work section),  

- Lithium-Ion (Li-Ion), 

- Nickel-Cadmium (NiCd)  

- Nickel-Metal-Hydride (NiMH).  
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The battery electrical behaviour can be represented by a controlled voltage source in series with 

a resistance. Figure 8-5 shows the electrical equivalent circuit for the battery model [229]. 

 

 

Figure 8-5: Electrical equivalent circuit of the battery model.  

 

Where: 

𝑉𝐵𝑎𝑡𝑡 = 𝐸 − 𝑅 ∙ 𝑖𝐵𝑎𝑡𝑡. 

E = 𝐸0 − 𝑘
𝑄

𝑄−𝑖𝑡
+ 𝐴𝑒𝑥𝑝(−𝐵 ∙ ∫ 𝑖𝐵𝑎𝑡𝑡𝑑𝑡). 

E, is the open circuit voltage (V). 

E0, is the battery constant voltage (V). 

K, is the polarisation voltage (V). 

 Q, is the battery capacity (Ah). 

∫ 𝑖𝐵𝑎𝑡𝑡𝑑𝑡, is the actual battery charge (Ah). 

A, is the exponential zone amplitude (V). 

B, is the exponential zone time constant inverse (Ah-1). 

Vbatt, is the battery voltage.  

R, is the internal resistance. 

i, is the battery current (A). 
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The battery block presents two levels of the battery model: a detailed model where the parameters 

for the charging and discharging profile can easily be extracted from the manufacturer’s battery 

datasheet, or a simplified model with pre-set parameters based on the typology of battery selected. 

The simplified model has been used in this study, the following parameters characterise the model of 

the battery:  

 

Parameter Description 

Batt Battery type 

𝑉𝑛𝑜𝑚  Nominal Voltage (V) 

Q Battery capacity (Ah) 

SoC Initial State of Charge (%) 

Table 8-3: Input parameters for the battery model.  

     

8.3 DC/DC Converter Model  

The fuel cell output voltage is not constant, as shown in Figure 8-4; it strongly depends on the 

current delivered to the load. In order to be useful, a power-conditioning unit is required to convert 

the DC output to a level acceptable for the load demand. Therefore, a model of a DC/DC Converter is 

operating in conjunction with the fuel cell model to boosts the voltage to a level suitable to be 

connected with the battery and the load. 

The DC/DC converter model has been developed specifically for this study. The model represents a 

simplified power converter block. The model of the converter is able to regulate the power both 

upwards or downwards from the unregulated voltage of the fuel cell and still meet the nominal 

regulated voltage of the DC bus.  

The DC/DC converter electrical behaviour can be represented by a DC voltage generator with a 

controlled current generator in series. Figure 8-6 shows the electrical equivalent circuit for the DC/DC 

converter. 

 

Figure 8-6: Equivalent electrical circuit for the DC/DC converter model. 
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Where: 

I =
𝐼𝐹𝐶∙𝑉𝐹𝐶

𝑉𝐵𝑢𝑠
. 

VBus, is the DC bus voltage.  

IFC, is the fuel cell current. 

VFC, is the fuel cell voltage. 

I, is the output current of the DC/DC converter. 

Vout, is the output voltage of the DC/DC converter. 

 

8.4 DC Load Model  

The real data of the Load (the load data from the DC server used for the case study analysis in 

chapter 3, Chapter 4 and Chapter 6) have been uploaded into the fuel cell- battery system model 

using the generic controlled current source model [231].  It is a model controlled by a signal builder 

block [232] available in Matlab Simulink. The combination of the two blocks is able to represent the 

current of a DC load connected to the fuel cell. Figure 8-7 shows the equivalent circuit for the DC load 

model.  The current source block is provided with an input control signal (input S) that is converted 

into equivalent DC current for the DC load. A signal builder is used to generate the input control 

signal S for the current source block in accordance with the profile of the DC load.  

 

 

Figure 8-7: Equivalent circuit for the DC load model. 

 

The Signal Builder is a general waveform generator with editable data points. The waveform profile 

can be imported by an external data set or created point by point. Figure 8-8 shows the front mask of 
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the signal builder with the DC load waveform imported within the block. This waveform is supplied to 

the control input of the current source block and is converted into a DC load current for the fuel cell.  

 

 

Figure 8-8: Signal builder for the DC load.
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