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Abstract 

 

The rapid depletion of finite fossil fuel resources and the increase in greenhouse gasses due to 

fossil fuel use has led to greater efforts into the search for alternative fuels for transportation. 

Many studies of alternative fuels have shown that hydrogen is one of the clean and 

inexhaustible fuels that can become a part of the overall solution to the transportation fuel 

debate. This thesis covers the research of a totally closed loop system of producing hydrogen 

from electrolysis as well as the use of hydrogen as a fuel in a converted standard gasoline 

internal combustion engine car.  

 

Due to the increase in use and application of hydrogen as an energy carrier for stationary and 

mobile applications, there is increasing pressure to ensure the safe handling and monitoring 

of this highly combustible gas. The associated equipment to monitor and measure the 

explosion limit of any leakage together with the pressure and flow rate is very expensive. 

Any reliable mathematical or empirical means to estimate and predict those safety features of 

hydrogen will greatly assist in avoiding expensive instrumentation. In this thesis, Artificial 

Intelligent predictive models including Artificial Neural Networks (ANNs) and Adaptive 

Neuro-Fuzzy Inference System (ANFIS) are presented as virtual sensors for the accurate 

estimation of hydrogen parameters such as the percentage lower explosive limit, hydrogen 

pressure and hydrogen flow rate. These parameters are shown as a function of different input 

conditions of the power supplied (voltage and current), the feed of de-ionised water and 

various system parameters of a proton exchange membrane electrolyser. All results are 

obtained from experimental tests of the Hogen®20 electrolyser. This includes the installation 

of de-ionised water and electrolyser sensors; National Instrument data acquisition system; 

LABVIEW user interfaces, as well as utilising Windows Diagnostic Software Operation. It 

was shown that, using neural networks, hydrogen safety parameters were predicted with an 

inaccuracy of less than 5% of percentage average root mean square error. The outcomes of 

the system are useful, as virtual sensors, for operators to monitor hydrogen safety on the shop 

floor. This is also an innovative way of avoiding expensive instrumentation for hydrogen 

monitoring. 

 
A good understanding and parallel progress of the hydrogen internal combustion engine 

technology is essential when the unit cost of hydrogen production is affordable. One of the 
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major aspects of an internal combustion engine running on hydrogen is system calibration. It 

is required to build appropriate engine tuning maps for ignition and injection timing to 

achieve smoother knock-free combustion. This aspect is particularly exasperated when tailor-

made engine management systems are integrated into the hydrogen internal combustion 

engine without prior matrix of data to refer to for online tuning. While the process of 

exhaustive experimentation and subsequent table-filling processes are time-consuming, an 

intelligent system-estimating ignition and injection timing with respect to the engine desired 

performance parameters will be of great use in the eventual fine-tuning. The research presents 

the implementation of different intelligent fine-tuning methods for the conversion of a Toyota 

Corolla four-cylinder, 1.8-litre hydrogen-powered car. This is done through the investigation 

of past research, theoretical analysis and the creation of a fuzzy expert system as well as 

Model-based Calibration and Calibration Generation techniques that use engine parameters 

and control variables. While traditional control methodology does not cope with the 

exponential increases in control parameters and the algorithm complexity of hydrogen 

internal combustion engines, the research methodology determines the optimal of hydrogen 

engine performances in terms of power, fuel economy and emissions, in a smart process that 

can be seen as a generic application for all current and future hydrogen internal combustion 

engine control system parameters. 

 

All results achieved from the real tests are used to investigate the application of artificial 

intelligent models as virtual sensors to predict relevant emissions of the converted hydrogen-

fuelled car. Emissions were predicted with an inaccuracy of less than 4% of percentage 

average root mean square error. These predictions are based on the study of the qualitative 

and quantitative effects of engine-operating parameters on the harmful exhaust gas emissions. 

This study is a step towards a full understanding of hydrogen production, modelling of virtual 

sensors on a sound mathematical basis including hydrogen-fuelled engines, their 

performances and associated environmental benefits. 
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CHAPTER 1: INTRODUCTION 
 

 

1.1 FOSSIL ENERGY DEMAND AND ENVIRONMENTAL IMPACT 

 

The global energy demand is growing rapidly. It is predicted that the demand for all forms of 

energy will increase 54% from 2001 to 2025. In the next two decades, the energy demand in 

developing countries is predicted to rise by 91% and in industrialised nations by 33%. The 

demand for coal and other fossil fuels for the developing world is predicted to rise by 61% 

[1]. The recorded data of the Statistical Review of World Energy provided by BP p.l.c. and 

the World Resources Institute from 1965 to 2004 has been utilised to track the number of 

years in which proven reserves will be exhausted at current oil production rates, as shown in 

the Figure 1 below [2]. 

 

 

Figure 1 Global oil reserves-to-production ratios (2004) [2] 

 

The use of fossil fuels leads to harmful emissions, which have detrimental effects on climate 

changes and contribute to the greenhouse effect. Most fossil fuels when burnt produce carbon 

monoxide, carbon dioxide, nitrous oxides, sulphur oxides and other harmful emissions. The 

pollutions from automobiles also have numerous health and environmental impacts, including 
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urban smog and the greenhouse effect. The dedicated contribution of vehicle emissions to 

global warming with Carbon Dioxide (CO2), Nitrous Oxide (NOX), methane and others 

particulate matter are shown in Table 1 below. 

 

Table 1 Share of greenhouse warming due to different greenhouse gases[3] 

Gas  Percentage 

Carbon Dioxide  64% 

Methane  19% 

Nitrous Oxide  6% 

CFC-12  6% 

Other 

Halocarbons  5% 

 

In order to minimise the environmental damage, it is necessary to ensure that harmful 

emissions are reduced. With limited fossil fuel resources and their depletion in the near 

future, the selection and use of alternative fuels is becoming even more imperative [4].  

 

According to the recorded database of the International Energy Agency (IEA) Statistics 

Division [5], the estimated total energy consumption of Australian was about 120,745 

thousand tonnes of oil equivalent (ktoe) including different sources of consummated energy, 

as shown in Table 2 below. 
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Table 2 Australian energy consumption by source [5]. 

Renewable Energy Resource 2005 2000 1990 

Hydroelectric 1,336 1,443 1,217 

Solid biomass (includes fuel 

wood) 4,818 4,718 3,776 

Biogas and liquid biomass 247 138 0 

Geo-thermal 0 0 0 

Solar, wind, and wave 150 87 81 

Non-Renewable Energy 

Resource 2005 2000 1990 

Oil and petroleum products 37,882 36,561 32,650 

Coal and coal products 53,176 48,156 34,981 

Natural gas 23,045 19,269 14,786 

Nuclear 0 0 0 

 

In Australia, the mean temperature for 2009 was 0.9°C above the average temperature of 

1961-90. This is the nation’s second warmest year since 1910 and the fifth warmest year 

globally, 0.44°C above the 1961-90 average recorded temperature. High temperatures were 

especially notable in the southeast of Australia, with Victoria, South Australia and New 

South Wales (NSW) all recording their warmest temperatures [6]. 
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Figure 2 2009 mean temperatures compared against historical temperature records in 

Australia [6] 

 

Based on the analysis of daily (maximum and minimum) temperature data above and below 

set thresholds, there are clear upward trends in the number of hot events and downward 

trends in the number of cold events (over the period 1960 to date), consistent with the 

background of global warming [6].  
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Figure 3 Annual and decadal mean temperature anomalies for Australia compared with 

1961-90 average [6] 

 

The major sources of urban air pollution are motor vehicles. For instance, in Melbourne, the 

levels of motor vehicle emissions that contributed to the overall air pollution are shown in 

Table 3. 

 

Table 3 Share of motor vehicle emissions to the overall air pollutant in Melbourne 

Gas  Percentage 

Carbon Monoxide (CO) 80% 

Nitrogen oxides (NOx) 60% 

Volatile organic compounds 

(VOCs) 40% 

Particulate Matter (PM) 30% 
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1.2 THE NEED OF RENEWABLE ENERGY RESOURCES 

 

Treat the earth well: 

It was not given to you by your parents, it was loaned to you by your children. 

We do not inherit the earth from our ancestors, we borrow it from our children. 

We are more than the sum of our knowledge, we are the products of our imagination. 

~ Ancient Proverb ~ 

 

Obviously, we are paying the full cost of our lethargy with the depletion of fossil fuel 

resources and the consequences of climate change due to fossil fuel use. 

 

The fact is that we remain dependent on fossil fuel and oil because we choose to be. We 

ignore the present danger to ourselves and the eventual necessity to find replacements for 

fossil fuel. Hence, the industry will not supply alternative fuel if not enough people want it 

and the alternative fuel can be accepted once it is cheap and widely available. Therefore, if 

the consumers would be willing to pay a higher price for alternative fuels so that the 

production can be increased, then the price will come down [7].  

 

Nevertheless, there has been a trend away from high carbon content fuels to the fuels rich in 

hydrogen with lower boiling point, as shown in Figure 4.  
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Figure 4 Fuel Use Trends [7] 

 

Much effort from the research community has been invested into searching for alternative 

fuels for transportation and for powering generators in remote areas. Although there are 

several potential alternative fuels that have low impact on the environment none of these 

fuels has the ability to be used as the sole ‘fuel of the future’. Among them, hydrogen is 

ubiquitous and it can provide an answer to the growing energy demand. It can be a substitute 

for petrol and Diesel in transportation and make us less dependent on fossil energy sources 

[1, 4, and 8]. 

 

1.3 HYDROGEN AS A FUEL IN INTERNAL COMBUSTION ENGINES  

 

Hydrogen (H2) is an abundant element. Unlike most other energy carriers, it is carbon free. 

Hydrogen has been investigated as an alternative fuel for internal combustion engines and 

fuel cell systems. It has also been known that H2 has the potential for automotive and 

stationary applications such as powering generators and motors [4]. While the combustion 

‘know how’ of a gasoline engine is a very established science, there is little or no information 

in the public domain that comprehensively explains the operation of H2 powered internal 

combustion (IC) engines. Any mature technologies related to H2 IC engines are confined 
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within major automotive manufacturers such as BMW, Mazda, Toyota and more recently 

Ford [4]. 

 

1.4 RESEARCH OBJECTIVES 

 

This thesis covers the research into the related intelligent technologies of a closed loop 

system including hydrogen production from electrolysis and hydrogen usage as a fuel in a 

converted standard gasoline engine car. The workflow of the project is graphically 

demonstrated below. 

 

 

Figure 5 Research interest of the closed loop system 

 

1.4.1 HYDROGEN SAFETY PREDICTION MODELS FOR AN ELECTROLYSER 

 

The first component of this research examines the use of model-based virtual sensors aimed 

at replacing expensive physical apparatus in monitoring the performance of an electrolyser, 

the equipment that generates hydrogen from water. The Hydrogen and Allied Renewable 

Technologies (HART) Group at the University of Tasmania (UTAS) built a custom 

laboratory for hydrogen-applied stationary and mobile applications. To cater for various test 
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rigs, a Hogen®20 Series 2 electrolyser manufactured by Proton Energy Systems was set up 

for hydrogen production. Related safety issues are further exasperated by the need for reliable 

and accurate instrumentation to measure the percentage of explosive limits, hydrogen flow 

rates and pressure. The virtual sensors designed in this research are used to predict those 

safety parameters online. This research is presented from Chapters 2 to 5. 

 

1.4.2 OPTIMISING PERFORMANCES OF A HYDROGEN-POWERED CAR 

 

The second component of this research includes the investigation and development of various 

intelligence tools to study, predict and control operating parameters and performances of a 

hydrogen engine. Those observations establish advanced modelling and control technologies 

that optimise the balance between engine power, emissions and fuel economy for fine-tuning. 

Conventional engine calibration via exhaustive experimentation and a table-filling process is 

time-consuming. However, the intelligent model-based calibration with response surface 

modelling and hydrogen engine in the loop simulation and testing methodology employed in 

this research brings many benefits. These include saving time and money, and limiting 

damage to innovative hydrogen engines in the early process of experimental fine-tuning and 

on-road optimisation. This research is presented from Chapters 6 to 11. 

 

1.5 OUTLINE OF THE THESIS  

 

This thesis is organised into twelve chapters. Each chapter details a different aspect of the 

research and is briefly summarised below. 

 

Chapter 2: Hydrogen production methods and HOGEN®20 proton exchange membrane 

electrolyser 

 

This chapter firstly describes different hydrogen production methods, followed by a review of 

the conventional system simulation approach and mathematical models for an electrolyser. 

Secondly, it provides an outline description of a HOGEN®20 electrolyser as well as the 

principle of operation. 
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Chapter 3: Research rationale of intelligent hydrogen safety prediction models for 

HOGEN®20 electrolyser 

 

This chapter covers the description of the fundamental concepts of the intelligent tools and 

methods to be used as virtual sensors in predicting different safety parameters of hydrogen 

production. These include: MATLAB neural networks; adaptive neuro-fuzzy inference 

system (ANFIS) and UTAS Artificial Neural Networks (ANN) software. It also introduces 

rationales of using artificial intelligent neural networks and ANFIS in hydrogen safety 

prediction models, followed by the selection of process parameters for developed models.  

 

Chapter 4: Development of experimental test rigs for hydrogen safety prediction of 

electrolyser 

 

This chapter presents the experimental rigs that were used in the set up phase. This includes 

the apparatus, hardware and software to monitor, acquire and perform data log to achieve the 

objectives of this project.  

 

Chapter 5: Electrolyser intelligent predictive models capability and practical results 

 

This chapter shows the outline of the procedure for ANN and ANFIS modelling with the 

selection of inputs and outputs for the models, data pre-processing, data evaluation and 

network training and testing. Then, a short description of the developed program is provided. 

The predictive model selection and experimental prediction results for the percentage Lower 

explosive Limit (% LeL), the hydrogen pressure and the hydrogen flow rate during hydrogen 

production are finally presented. 

 

Chapter 6: Introduction to hydrogen engine optimisation tuning project 

 

This chapter covers the literature review of internal combustion engines and hydrogen 

conversion experiments. It also provides the overall objectives and outline of hydrogen car 

research aspects to show relevant directions this research should achieve. 

 

Chapter 7: UTAS hydrogen car conversion and sensors for data acquisition 
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This chapter firstly describes the design, installation and development of a converted 

hydrogen vehicle. Secondly, the description of a real time data acquisition and control system 

and ancillary devices is presented.  

 

Chapter 8: Hydrogen car tuning performances 

 

This chapter introduces a special calculation tool for the basic tuning of the hydrogen car, 

followed by its first experimental tuning performance results on the dynamometer. Then, the 

second tuning carries on from those observations and limitations of the first tuning to 

improve hydrogen engine performances. The effects of hydrogen as a fuel on engine 

performances compared with those of gasoline and the effects of engine-operating parameters 

on emission characteristics are discussed. Finally, the amendment of auxiliary output control 

parameters for a completed fine-tuning and on-road optimisation is presented. 

  

Chapter 9: Fuzzy expert system to estimate ignition timing of hydrogen-powered car 

 

This chapter presents the application of the fuzzy expert system technique as a basis to 

estimate ignition timing for subsequent tuning of the converted hydrogen-powered car, based 

on extensive tuning experiments.  

 

Chapter 10: Intelligent virtual sensors for hydrogen car emission prediction 

 

This chapter presents the use of artificial intelligent predictive models as virtual sensors to 

predict harmful exhaust emissions of the converted hydrogen car.  

 

Chapter 11: State of the art hydrogen car model-based calibration 

 

This chapter firstly presents ‘state of the art’ research methodology using intelligent model-

based calibration with response surface modelling to estimate hydrogen engine performances. 

It is then followed by a discussion on look-up table generation for the control parameters of 

the hydrogen engine depending on different desired of the hydrogen engine’s performances. 

The results are then programmed into the hydrogen engine control unit for on-road 

optimisation.  
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Chapter 12: Conclusion and future research 

 

This chapter summarises the achievements and difficulties experienced during the 

implementation of this project. It details the hand over process and contains suggestions for 

future research. 
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CHAPTER 2: HYDROGEN PRODUCTION 

METHODS AND HOGEN®20 PROTON 

EXCHANGE MEMBRANE ELECTROLYSER 
 

 

2.1 HYDROGEN PRODUCTION METHODS 

 

2.1.1 CHEMICAL HYDROGEN PRODUCTION 

 

The most common method of producing hydrogen from a chemical reaction is to split the 

hydrocarbons1 into carbon oxides and hydrogen, using hot steam (700oC to 1000oC) and a 

nickel catalyst. The oxygen in the water combines with the carbon in the hydrocarbons to 

release the hydrogen. The reactions (1) and (2) present dedicated chemical hydrogen 

production from propane (C3H9) and from pure carbon
2 in a reaction (3) using the iron oxide 

catalyst [7]. 

���� � ����			

����	������������������������������ 			��� � �����     Reaction 1 

� !"	��� � ����				 �#������ 				���� � ���        Reaction 2                                                                        

� � $���			
�%&
	&'�(�	��������)�*)	��+,�%��-%����������������				��� � $���        Reaction 3                                                                  

 

In addition, the chemical reaction can split the ammonia at a high temperature to release 

hydrogen as shown below: 

$.��	 			/ 				.� � ��� 
 

With continued research and development, different methods have been utilised to produce 

hydrogen, such as [7]: 

• Metal reacting with acids to produce a small amount of hydrogen 

                                                 

1 Common hydrocarbons such as methane, gasoline, fuel oil and crude oil. 
2 Pure carbon usually in the form of coal or coke. 
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• Sodium or calcium reacting violently with water to produce heat and releasing 

hydrogen 

• Alkaline solutions of aluminium or silicone reacting with water to release 

hydrogen 

• Calcium hydride or sodium borohydrate reacting with water to produce hydrogen 

 

2.1.2 ELECTROLYSIS 

 

The electrolysis method uses electricity to split the water molecule to release high purity 

hydrogen (99.99%). This can be an expensive process in comparison with chemical hydrogen 

production. However, electrolysis is the most convenient method of producing small amounts 

of hydrogen for individual or laboratory use. 

 

Typically, an electrolyser consists of five basic elements such as: container, electrolyte,3 

anode (positive electrode), cathode (negative electrode) and separator [7]. A separator is 

placed between the anode and cathode to allow the current and ions to pass through and 

prevent the mixing of hydrogen and oxygen, which can cause explosions.  

 

The thermal efficiency4 of water electrolysis is typically about 30% to 35% [9], and the 

required input energy to produce a cubic meter of hydrogen is about 4.8 kWh [7]. The 

smallest amount of energy needed to electrolyse one mole of water is 65.3 Wh at 25oC, while 

the combustion of hydrogen and oxygen to form water releases 79.3 Wh [10].  

 

The increase in the current flow will increase the electrolyser‘s efficiency and lower the 

voltage in relation to the electrolysis process. The voltage efficiency5 of a cell varies 

inversely with the cell voltage needed. The dedicated research results of the electrolysis 

process in the past have shown no upper limit for the current input but there was an upper 

limit and a lower limit for the voltage requirement. In general, the voltages between the 

                                                 

3 Water and a chemical (such as salt, acid or base) added to conduct the electrical current.  
4 Thermal efficiency of electrolysis is the ratio of energy of the combustion of hydrogen and oxygen and the 
energy needed to split the hydrogen and oxygen from water.  
5 Voltage efficiency is the ratio of minimum voltage needed to split water and the actual voltage needed in the 
cell. 
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thermalneutral6 voltage (upper limit voltage) and the reversible (lower limit) voltage would 

make the electrolysis reaction absorb heat. As such, a lower voltage at a higher temperature 

will improve efficiency [7]. 

 

The cost of homemade electrolysis is about 50% efficiency. For instance, if the cost of 

electricity were 10 cents/kWh, then the hydrogen would cost 20 cents/kWh. Research [10] 

shows the general electric electrolyte made of perfluorinated sulfonic acid polymer that has 

90% thermodynamic efficiency, with the hydrogen production cost of between $4.10 to $7.00 

per 1000 kWh, if the electricity costs $0.06 to $0.23 per kWh. The hydrogen production costs 

of a Teledyne alkaline liquid electrolyser are comparable to the general electric electrolyser. 

Table 4 below lists the dedicated advantages and disadvantages of the solid polymer 

electrolyte with two different designs of cell connection, including series cell connection and 

parallel cell connection. 

Table 4 Advantages and disadvantages of series and parallel cell connections of solid 

polymer electrolyte [7] 

ELECTROLYSER’S CELL CONNECTIONS 

PARALLEL SERIES 

ADVANTAGES 

Individual cell may be isolated 

without affecting the neighbouring 

cells 

More efficient AC-DC rectification 

due to high voltage and low current 

Higher current density, higher 

current efficiency (approaching 

100%) 

Thinner cells and hence less floor 

space 

Longer service life and reliable 

(maintenance free for the first 10 

years) 

Common electrolyte bath, allowing 

more circulation of the electrolyte 

DISADVANTAGES 

Low voltage and high current is 

needed, hence high capacity 

transformer and rectifiers, large 

conductors and lower electrical 

High voltage and low current input 

reduce current efficiencies to 95% 

or less 

                                                 

6 Thermalneutral voltage is the voltage that would be needed for electrolysis at a dedicated temperature. If the 
temperature increases, this voltage would begin to produce heat.  
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resistance. 

More floor space is needed 
High capital cost due to each cell 

being identical to other cells 

 

2.2 REVIEWING OF SYSTEM SIMULATION APPROACH AND MATHEMATICAL MODELS FOR 

ELECTROLYSER 

 

2.2.1 MODELLING OF ADVANCED ALKALINE ELECTROLYSER 

 

Many technical papers and journal articles by accredited scholars and researchers [103-107] 

discuss mathematical models for different types of electrolysers. This has also been the 

subject of significant investigation by Oystein Ulleberg [11]. This dedicated research has 

developed mathematical models for an advanced alkaline electrolyser based on a combination 

of fundamental thermodynamics, heat transfer theory, and empirical electrochemical 

relationships. As such, this reference is used heavily throughout the following sections.  

  

2.2.1.1 Thermodynamic model: The relation between Change in Gibbs Energy and Cell 

Potential 

 

In the thermodynamic model, reaction equilibrium and thermal effects in electrochemical 

reactors will be described by the low temperature hydrogen-oxygen electrochemical 

reactions. The total change in enthalpy (∆H)/entropy (∆S) for splitting water is the 

enthalpy/entropy difference between products (hydrogen and oxygen) and the reactants 

(water). The water splitting reaction analytical model was developed based on the following 

assumptions:  

• Hydrogen and oxygen are ideal gases 

• Water is an incompressible fluid 

• The gas and liquid phases are separate 
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The change in Gibbs energy is expressed by:  

∆G	=∆H	-	T∆S		 ($�1)	
 

For an electrochemical process operating at constant pressure and temperature, the change in 

Gibbs energy (∆G) will be equal to the maximum possible useful work (i.e. the reversible 

work). Faraday’s law relates the electrical energy (emf) needed to split water to the chemical 

conversion rate in molar quantities. The emf for a reversible electrochemical process, or the 

reversible cell voltage, is expressed by:  

9:;< = =>
?@  (2.2) 

In which,  

Urev  Reversible cell voltage 

F          Faraday constant, F = 96 485 C mol−1 or as mol−1  

n   Number of moles of electrons transferred per mole of water (n=2) 

 

Analogously, the total energy demand ∆H is related to the thermo-neutral cell voltage Utn as 

expressed below:  

9A? = =B
?@   (2.3) 

 

2.2.1.2 Electrochemical model, I-U characteristics 

 

The electrode kinetics of an electrolyser cell can be modelled using empirical current-voltage 

(I-U) relationships:  

C = 9:;< � :DE:FG
H I � J KLM NADEAFOGEAPOGFH I � 1Q   (2.4) 

Where  

U  operation cell voltage, V 

   Urev reversible cell voltage, V 

    ri  parameters for ohmic resistance of electrolyte (i = 1…2), Ω 

   si,ti  coefficients for over-voltage on electrodes (i = 1…3) 

   A  area of electrode, m2 

    I  current through cell, A 
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   T  temperature of electrolyte, oC 

 

Below are the typical I-U curves for an electrolyser cell at high and low operation 

temperatures. The difference between the two I-U curves is mainly due to the temperature 

dependence of the over-voltage.  

Figure 6 Typical I-U curves for an electrolyser cell at high and low temperatures (Source: 

Ulleberg O. Modeling of advanced alkaline electrolyzers: A system simulation approach. Int 

J Hydrogen Energ. 2003;28:24) 

 

2.2.1.3 Hydrogen production: Faraday efficiency 

 

An increase in temperature leads to a lower resistance, more parasitic currents losses, and 

lower Faraday efficiencies. An empirical expression that is suggested by Ulleberg and 

accurately depicts these phenomena is shown below:  

RS = (TOU)F
VDE(TOU)F W�  (2.5) 

Where                   ηF  Faraday efficiency 

A  Area of electrode, m2 

   I  Current, A 

   f1, f2  Parameter related to Faraday efficiency, mA
2cm-4 
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According to Faraday’s law, in an electrolyser cell, the production rate of hydrogen is directly 

proportional to the transfer rate of electrons at the electrodes and equal to the electrical 

current in the external circuit. Therefore, in an electrolyser which consists of several cells 

connected in a series, the total hydrogen production rate will be expressed as:  

"XF = RS 
YT

S   (2.6) 

Where  

  2

.

Hn   Hydrogen production rate, mol s-1 

  Fη   Faraday efficiency 

  cn   Number of cells in series 

  n   Number of moles of electrons per moles of water, n = 2 

  F  Faraday constant, F = 96,485 as mol-1  

 

The parasitic current loss along the gas ducts is the main reason for creating Faraday 

efficiency and it can be called the current efficiency. 

 

In addition, this shows that an increase in temperature will lead to lower resistance, more 

parasitic currents losses, and lower Faraday efficiency. Once again, Ulleberg provides the 

empirical expression for these phenomena in the following non-linear equation: 

RS = Z�[\] N^FE^PGE^_GF`OH � ^aE^bGE^cGF
(TOU)F Q  (2.7) 

 

Where     Fη   Faraday efficiency 

      ia   Parameters (i = 1…7) 

      A  Area of electrode, 2m  

      I  Current, A 
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Figure 7 Typical Faraday efficiency curves for an electrolyser cell [11] 

 

2.2.1.4 Energy efficiency 

 

The generation of heat in an electrolyser is mainly due to electrical inefficiencies. The energy 

efficiency can be calculated from the thermo neutral voltage and the cell voltage according to 

the expression below:  

R� = def
d          (2.8) 

Where     

ηe Energy efficiency of a cell 

   Utn  Thermo neutral voltage  

U:  Actual cell voltage 

 

For a given temperature, an increase in hydrogen production (i.e. an increase in current 

density) increases the cell voltage (see Figure 7), which consequently decreases the energy 

efficiency. For a given current density, the energy efficiency increases with the increasing 

cell temperature. It should be noted here that the equation above is only valid for systems 

where no auxiliary heat is added to the system. 

 

 

 

2.2.1.5 Thermal model 
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Assuming a lumped thermal capacitance model, the overall thermal energy balance can be 

expressed as:  

�� (g(� = hi*�
 j hi �&�� j hi�&&�     (2.9) 

With 

hi*�
 = R�(C j C�
)k = "�Ck(1 j R�)    (Internal heat generation)  (2.10) 

hi �&�� = �
le (� j ��)    (Thermal energy storage)    (2.11)  

hi�&&� = ��mn��mo� j ��mo&p = CqXrst�u    (Heat losses to ambient) (2.12) 

And     

st�u = ng�gvwoxp�ng�gvwoyp
�
zng�gvwoxpOng�gvwoyp{     (Auxiliary cooling)   (2.13) 

 

 

Where  nc  Number of cells in series 

   U  Operation voltage, V 

  Utn  Thermoneutral voltage, V 

  I  Operation current, A 

  eη   Energy efficiency 

  Ct  Heat capacity of electrolyte, JK-1 

  T  Temperature of electrolyte, Co  

  Rt  Thermal resistance, KW-1 

  Ta  Ambient temperature, Co  

  Ccw  Heat capacity of cooling water, JK-1 

  Tcw,i, Tcw,o Temperature of cooling water (inlet & outlet), Co  

UAHX Overall heat transfer coefficient-area product for heat  

exchanger W-1K 

  LMTD  Log mean temperature difference, Co   

 

If we assume constant heat generation and heat transfer, a simple method of calculating the 

electrolyser temperature based on the quasi-steady-state thermal model can be used, as 

below:  
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� = ��
� � =�
|e nhi*�
 j hi �&�� j hi�&&�p   (2.14) 

  Where    t∆   Time interval, s 

      iniT   Temperature of cell at initial condition, o C 

 

2.3 HOGEN®20 PROTON EXCHANGE MEMBRANE ELECTROLYSER 

 

This section describes a Proton Exchange Membrane (PEM) electrolyser with its cell stack 

operation principle and the system parts. It is mainly based on  ‘Hogen 20 Series 2 

Hydrogen Generator – Installation Manual, Maintenance Manual and Service Manual’, 

Proton Energy Systems Inc., 2003 [12], and Mathias Guldager Petersen, ‘Installation of a 

Hydrogen Generator’, research report of HART program November 2004: Hobart, Tasmania, 

unless otherwise noted [1].  

 

2.3.1 INTRODUCTION TO THE ELECTROLYSER 

 

The electrolyser used at UTAS is a Hogen 20 Series 2 Load Following Hydrogen Generator 

from Proton Energy Systems Inc., with serial number 2X0304186 and model number 54-

0101-0007 C. The generator is a fully automated PEM water-based electrolysis system. It 

produces a maximum production rate (net) of 20 standard cubic feet per hour (SCFH) or 0.53 

Nm3/h of 99.999% of pure hydrogen with maximum delivery pressure of 200 PSIG (13.8 

barg). The product hydrogen has minimum purity, less than 5 Parts Per Million (PPM) of 

water and 1 PPM of other gases. Other technical specifications of the Hogen ® 20 Series 2 

Load Following Hydrogen Generator are discussed below [12]:  

 

• De-ionised (DI) water requirements: The maximum consumption rate is from 

0.6 to 1.2 L/hr (0.13, 0.25 gal/hr). The recommended input water quality is based 

on the American Society for Testing and Materials (ASTM) type 2, which is less 

than 1 micro Siemen/cm, the ASTM Type I de-ionised water, which is less than 

0.1 micro Siemen/cm. Delivery DI pressure required should be from 1.5 to 4 barg 

(21.8 to 58.0 PSIG) and the temperature should be in the range 5 to 35° C (41 to 

95° F). 
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• Electrical specification: The recommended service rating is from 8 to 12 KVA 

with electrical specification being from 190 to 240 VAC, single phase being 50 to 

60 Hz. Power consumed per volume of gas produced (system) is in the range from 

5.6 to 9.0 kWh/Nm3 H2 or from 14.7 to 23.6 kWh/100 ft
3 H2. 

• Control system: The electrolyser control system is fully automated with pushing 

button start/stop, emergency stop. The on-board ventilation has an on-board vent 

fan that draws 20-28 Nm3/min (700-1000 ft3/min) fresh air. Other built-in features 

of the electrolyser are on-board H2 detection, automatic fault detection and system 

depressurisation. 

• Communication: This electrolyser is equipped with a standard RS232 serial port 

that allows communication between the internal control board and peripheral 

equipments. The electrolyser control board can control and lay injunction upon all 

of the available electrical components of the system, and it can be used as a source 

to supply DC voltage of less than 24volts. In this project, the researcher will 

monitor and diagnose system parameters remotely via proprietary software 

running on Windows platform. 

 

Other features of the electrolyser, such as the heat load and coolant requirement, noise 

specification, operating environment, regulatory conformity, enclosure characteristics, 

interface connection, remote alarm and shut down specifications, are described in Appendix 

1.1.  
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Figure 8 Hogen® 20 Series 2 Hydrogen Generator 

 

2.3.2 DESCRIPTION OF THE CE

 

The cell stack is one of the most important parts in the electrolyser. Its 

illustrated in the following figure.

Hydrogen production methods and Hogen®20 PEM electrolyser

Hogen® 20 Series 2 Hydrogen Generator [12]

ESCRIPTION OF THE CELL STACK 

ell stack is one of the most important parts in the electrolyser. Its operating 

illustrated in the following figure. 
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[12] 

operating principle is 



Chapter 2: The Hydrogen production methods and Hogen®20 PEM electrolyser            25 

 

 

 

Figure 9 Process detail of operation principle of a PEM electrolyser [13] 

 

2.3.2.1 Operation principle of a cell stack 

 

When de-ionised water flows into the positively charged electrode (anode), it will be 

dissociated by electrolysis into protons (H+), electrons (e-) and oxygen (O2). The oxygen is 

carried away by the water flow. A solid fluoro-polymer (Teflon) was used as the membrane 

between the positively charged electrode (anode) and negatively charged electrode (cathode). 

The membrane has been chemically altered in its parts to contain sulphonic acid groups 

(SO3H), which can be released easily to provide hydrogen proton H
 as the chemical reaction 

below [13, 14]: 

3 3SO H SO   H− +→ +
 

 

With the special chemical structure of the membrane, the product gases of hydrogen and 

oxygen cannot penetrate. It only allows water to break through. Then, the resulting hydrated 

proton (H3O
) will move freely and will be attracted to the cathode when there is an electric 
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field applied across the membrane. The sulphonate ion (SO3
-) will also stay in the same place 

that is embedded within the membrane as the path to travel through the solid material [14]. 

 

Meanwhile, the electrons flow through the power supply to the cathode where they link up 

with the emerging protons to form a molecule of pure hydrogen gas. As hydrogen evolves, 

pressure is achieved by simply allowing it to accumulate within a confined space to the 

desired pressure level. 

 

 

Figure 10 Cell stack [1] 

 

The cell stack assembly is located at the core of the Hogen hydrogen generation system. 

Individual membrane assemblies (10 cells) are stacked into a cell stack where electricity, 

water in and product gas out are brought in, as shown in Figure 10. The rods contain spring 

washers to maintain the pressure as the stack expands and temperature fluctuates during 

normal operation.  
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2.3.2.2 Operation principle of the e

 

Figure 

 

The electrolyte is a PEM. The electrolyser system includes: 

(EM100), system sensors, an 

oxygen/water phase separator (A200), 

valve (SV511), a circulation pump (CP205), 

(SV329), a coalescing filter (F328), 

(Z350), and many other auxiliary parts needed to regulate 

hydrogen compression. The operating

four difference sequences below 

 

• Pre-start operation

ionised water from an outside source will flow to the oxygen/water phase 

separator (A200) and will 

time, if the water quality is below the required standard, the system flushes itself 

Hydrogen production methods and Hogen®20 PEM electrolyser

2.3.2.2 Operation principle of the electrolyser 

Figure 11 Schematic of the electrolyser [12] 

PEM. The electrolyser system includes: an electrolyser cell stack 

an electrolyser control board, a heat exchanger (HX203), 

oxygen/water phase separator (A200), a hydrogen/water phase separator (A300), 

circulation pump (CP205), a guard bed assembly (A100), 

coalescing filter (F328), a dryer (X334), a hydrogen management manifold 

(Z350), and many other auxiliary parts needed to regulate the electrolyser operation and 

rogen compression. The operating principle of the electrolyser can be explained 

below [1, 12]: 

start operation: water levels are adjusted. During the pre-

ionised water from an outside source will flow to the oxygen/water phase 

separator (A200) and will be siphoned directly into the cell stack (EM100). At that 

time, if the water quality is below the required standard, the system flushes itself 
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electrolyser cell stack 

heat exchanger (HX203), an 

hydrogen/water phase separator (A300), a start up 

guard bed assembly (A100), a vent valve 

hydrogen management manifold 

electrolyser operation and 

principle of the electrolyser can be explained in the 

-start operation, de-

ionised water from an outside source will flow to the oxygen/water phase 

be siphoned directly into the cell stack (EM100). At that 

time, if the water quality is below the required standard, the system flushes itself 
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out. In addition, water levels in the A200 and the hydrogen/water phase separator 

(A300) are adjusted if they are low. The operator can either allow the Hogen 

generator to maintain an idle state or to enter the generate-vent state. 

• Generate-vent operation: the system verifies that all requirements are met. After 

all of the pre-start conditions are met and the operator presses the green start 

button, the Hogen generator will enter the generate-vent state. Firstly, the start up 

valve (SV511) is closed and the circulation pump (CP205) is turned on. By doing 

this, the water flow is now verified and pumped through the heat exchanger 

(HX203) and the guard bed assembly (A100) before it reaches the cell stack 

(EM100). Then, a wet stream of hydrogen from the cell stack will flow to the 

hydrogen/water phase separator vessel whereupon it separates the water from the 

stream and injects it back into the circulation loop for reuse. After the hydrogen is 

separated from the water, it is vented through the vent valve (SV329). Note that 

during this process, full production of both oxygen and hydrogen are vented.  

• Pressurised storage operation: the hydrogen lines up to the system operating 

pressure set point. In this operation, the vent valve is closed and the hydrogen is 

sent downstream for drying. The hydrogen from the hydrogen/water phase 

separator is siphoned into the coalescing filter (F328) and reaches the dryer 

(X334) where hydrogen is funnelled into the hydrogen management manifold 

(Z350). As the back pressure regulator is closed, the system pressurises its 

hydrogen lines up to the system operating pressure set point. Note that in this 

stage, oxygen will be vented continuously and the excess water will be drained 

when needed. The system will finish this state once the system pressure reaches 

the pressure set point and enter either the load following sequence or tank filling 

mode sequence.  

• Steady-state operation: the system releases hydrogen through its product 

hydrogen port at a specified pressure. When there are variations or differences in 

the actual product pressure from the predetermined pressure set point, the system 

will immediately increase or decrease the hydrogen production flow rate. There 

are two modes which the system can run in this operation: load following mode 

and tank filling mode. 

o Load following mode: with the use of real time feedback from the product 

pressure transducer (PT312), the product pressure is maintained. This 
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guarantees that the demand for hydrogen does not exceed the rated 

capacity. 

o Tank filling mode: the gas generation cycle of the electrolyser will be 

controlled by the product pressure transducer (PT312). Full rated flow of 

product hydrogen will be supplied at a pressure below product pressure set 

points. When product pressure is equal to product pressure set point, the 

electrolyser will go into an idle state until the product pressure drops 

below the product refill pressure set point and the electrolyser will again 

deliver full gas production until product pressure is equal to product 

pressure set point. 
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Figure 12 Basic control sequence [12] 

 

2.3.2.3 Advantages of PEM Electrolyser in General 

 

Currently, there are three types of electrolysers that are widely used in industry. They are 

PEM electrolysers, Alkaline (KOH) electrolysers and steam electrolysers. The main 

difference between these three is that PEM electrolysers use a solid membrane (polymer 

membrane) as the electrolyte, KOH electrolysers use a liquid electrolyte and steam 

electrolysers use a ceramic ion-conducting electrolyte. The following is a description of the 

advantages of the PEM electrolysers in comparison with the other two electrolysers [12, 13]: 

 

• As the PEM is a solid assembly, its acidity is self-contained and therefore the 

chemical corrosion of the electrolyser housing is less problematic. 
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• The PEM is also an excellent gas separator, it can be made very thin (∼100 µm) 

and this feature increases the conductivity as well as the efficiency of the 

electrolyser, even at high currents.  

• Another advantage of the PEM electrolyser is that it produces pure hydrogen gas 

at a relatively high pressure (∼1.4 MPa), and the need for compressors in the gas 

storage can be eliminated.  

 

Further, PEM electrolysers function very well with renewable energy systems where the 

amount of electricity varies greatly. 

 

2.4 CONCLUDING REMARKS 

 

This chapter contained the literature review concerning the study of electrolysers, including 

different hydrogen production methods; the system simulation approach and mathematical 

models for electrolysers; and the description of the Hogen®20 proton exchange membrane 

electrolyser. 

 

In particular, different hydrogen production methods include chemical hydrogen production 

and electrolysis. The review of the system simulation approach and mathematical models for 

electrolyser includes: the thermal dynamic model and the relationship between the change in 

Gibbs energy and cell potential; the electrochemical model with current-voltage 

characteristics; hydrogen production with Faraday efficiency; energy efficiency; and the 

thermal model. The description of the cell stack of the Hogen®20 proton exchange 

membrane electrolyser was also presented. This description involves the operation principle 

of the cell stack; the operation principle of the electrolyser; and advantages of the PEM 

electrolyser.  
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CHAPTER 3: RESEARCH RATIONALE OF 

INTELLIGENT HYDROGEN SAFETY 

PREDICTION MODELS FOR HOGEN®20 

ELECTROLYSER 
 

 

3.1 THE ARTIFICIAL NEURAL NETWORKS 

 

3.1.1 WHAT ARE NEURAL NETWORKS? 

 

ANNs are one of the most interesting field and popular approaches in computer science 

because they implement and simulate human intelligence in a machine-learning environment. 

ANNs are information processing paradigms that are inspired by the way biological nervous 

systems, such as that of the brain, process information. The key element of this paradigm is 

the novel structure of the information processing system. It is composed of a large number of 

highly interconnected processing elements (neurons) working in union to solve specific 

problems. Like our brain, ANNs have mechanisms that enable computers to learn from 

experience, learn by example and learn by analogy. Learning capabilities can improve 

performance over time and through experience [15]. 

 

Learning in biological systems involves adjustments to the synaptic connections that exist 

between the neurons. This is true of ANNs as well. Classification and prediction are two 

basic tasks that are successfully performed by the ANNs [16]. ANNs are configured for a 

specific application and improved performance over conventional technologies, in areas that 

include [17]: 

• Robust patterning (spatial, temporal, and spatial-temporal) 

• Signal filtering 

• Data segmentation 

• Data compression and sensor data fusion 

• Database mining and associated searching 

• Adaptive control 



Chapter 3: Research rationale of intelligent hydrogen safety prediction models for Hogen®20 

electrolyser               33 

 

 

• Optimisation, scheduling, routing 

• Complex mapping and modelling complex phenomena 

• Adaptive interfaces for many machine systems 

 

In general, neural networks can be defined as “computational systems, either hardware or 

software, which mimic the computational abilities of biological systems using large numbers 

of simple, interconnected artificial neurons. Artificial neurons are simple emulations of 

biological neurons; they take in information from sensor(s) or other artificial neurons, 

perform very simple operations on this data and pass the results on to other artificial neurons. 

Neural networks operate by having their many artificial neurons process data in this manner. 

They use both logical parallelism (for all neurons in the same layer), combined with serial 

operations (as information in one layer is transferred to neurons in another layer). The three 

main characteristics which describe a neural network, and which contribute to its functional 

abilities are: structure, dynamics, and learning.” [17] 

 

3.1.2 ARTIFICIAL NEURONS 

 

Artificial neurons are a fundamental part of ANNs and form the processing units to operate 

such neural networks [18]. There are several inputs to the neuron and only one output to form 

a connection with other neurons. The basic structure of a neural model is shown in Figure 13 

below. 

 

Figure 13 Artificial neuron structure [18] 
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The inputs to the neuron can be either original raw data or output of other neurons and the 

output can be either the result for a problem or an input to other neurons. The summation 

function to determine the sum of inputs for a neuron through a process is shown below. 

} = ~ ��I��
���   (3.1) 

Where    index j is the number of input to neuron. 

 

The result of the summation function then forms the input to the threshold function or 

activation function. Several activation functions can be used in neurons that are non-linear 

(i.e. monotonically increasing and differentiable) and determine the output of a neuron. The 

output value of the activation function is generally limited in the range 0 to 1 or -1 to +1, 

depending on which activation function was used [18]. Some dedicated activation functions 

are listed as [15]:  

 	
S�[]	������L��																																								���!� =	 �1o �W	� � ��o �W	� � � �  (3.2) 

S�M�L���K	������L��																													�������� =	 1
1�!j}  (3.3) 

���[��	������L��																																								���"!Z  = 	�       (3.4) 

S�M�	������L��																																								����" =	 ��1o �W	� � �j1o �W	� � ��          (3.5) 

The output value of the activation function is usually considered equal to output function Y.  

 

3.1.3 LEARNING METHODS 

 

Learning methods for neural networks can be broadly divided into two major classes of 

paradigms: supervised learning and unsupervised (self-organised) learning. Supervised or 

active learning is learning with an external ‘teacher’ or a supervisor who presents training set 

to the network, while unsupervised learning or self-organised learning does not require an 

external teacher. 

During the training session, the neural network receives different input patterns, discovers 

significant features in these patterns, and learns how to classify input data into appropriate 

categories. The features that distinguish these two paradigms from each other are [15]:  
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• Unsupervised learning tends to follow the neuron-biological organisation of the 

brain 

• Unsupervised learning algorithms aim to learn rapidly and can be used in real-

time 

 

3.1.4 NETWORK ARCHITECTURE AND BACK-PROPAGATION NEURAL NETWORKS7 

 

Many types of artificial network architecture have been developed including single-layer 

feed-forward networks, multi-layer feed-forward networks, recurrent networks and lattice 

networks. In this project, the back-propagation neural networks (BPNNs) (multi-layer 

networks) have been chosen due to their strength of mathematical foundation and extensive 

prediction application. For each of the selected prediction parameters, the associated network 

architecture and particular algorithm will be provided in detail in Chapter 4. 

       

BPNN is a systematic method for training multi-layer ANNs. The learning process in a 

multilayer network proceeds the same way as for a perceptron. The network will be provided 

with a training set of input patterns to the input layer. Then, the network propagates the input 

pattern from layer to layer until the output pattern is computed and generated by the output 

layer. If there is an error between the actual and desired output patterns, the weights are 

adjusted to reduce this error [15]. Once the error is calculated, it will be propagated 

backwards through the network from the output layer to the input layer. The weights are 

modified using delta rule as the error is propagated to improve the network performance. 

                                                 

7 The content of this section has been published in the International Journal of Hydrogen Energy: Ho T, Karri V. 
Basic tuning of hydrogen powered car and artificial intelligent prediction of hydrogen engine characteristics. Int 
J Hydrogen Energ [Internet]. 2010 April 21. Article in press. 
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Figure 14 Three-layer BPNN [15] 

 

The main problem with the back-propagation learning algorithm is that learning does not 

seem to function in the biological world. Biological neurons do not work backward to adjust 

the strengths of their interconnections or synapses. Thus, back-propagation learning cannot 

be viewed as a process that emulates brain-like learning. Calculations of back-propagation 

are extensive and therefore training is slow. The general training algorithm of the BPNNs can 

be defined as the following [15]. 

 

Step 1: Initialisation 

 

Set all the weights and threshold levels of the network to random numbers uniformly 

distributed inside a small range [108]: 

¡j$�¢£� o $�¢£� ¤ 
Where  Fi is the total number of inputs of neuron i in the network. The weight initialisation is 

done on a neuron-by-neuron basis. 

 

Step 2: Activation 
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Activate the BPNN by applying inputs x1(p), x2(p)… xn (p) and desired outputs yd,1(p), 

yd,2(p),…, yd,n(p). 

 

Calculate the actual outputs of the neurons in the hidden layer: 

 

¥�(�) = �������z¦ }�(�) § ¨��
��� (�) j ©�{ (3.6) 

  Where  n is the number of inputs of neuron j in the hidden layer and sigmoid is the 

sigmoid activation function. 

Calculate the actual outputs of the neurons in the output layer: 

 

¥ª(�) = �������z¦ }«ª(�) § ¨«ª��=1 (�)j©ª{  (3.7) 

Where   m is the number of inputs of neuron k in the output layer. 

 

Step 3: Weight training 

 

Update the weights in the back-propagation network propagating backward the errors 

associated with output neurons. This step is completed using the following procedures: 

 

(a) Calculate the error gradient for the neurons in the output layer: 

• Calculate the weight corrections 

• Update the weights at the output neurons 

 

(b) Calculate the error gradient for the neurons in the hidden layer: 

• Calculate the weight corrections 

• Update the weights at the hidden neurons 

 

Note that the weight correction ∆wi(p) at iteration p is calculated by delta rule: 

¬¨�(�) = 	� }�(�)� !(�)   (3.8) 

 



Chapter 3: Research rationale of intelligent hydrogen safety prediction models for Hogen®20 

electrolyser               38 

 

 

Where   α  is the learning rate, a positive constant less than unity. 

e(p)  the error at iteration p and it equal to the actual output Y(p) minus the 

desired output Yd (p) 

xi(p)  input xi at iteration p 

And Update of the weight is calculated by:  

¨�(� � 1) = ®¯(]) � =®¯(])  (3.9) 

  

Step 4: Iteration 

 

Increase iteration p by one, go back to Step 2 and repeat the process until the selected error 

criterion is satisfied. 

 

3.1.5 HOW MANY HIDDEN LAYERS SHOULD BE USED? 

 

It is difficult and complex to decide how many hidden layers/units/neurons to use for a 

particular problem. Commonly, hidden units depend in a complex way on the factors listed 

below [16]: 

 

• The numbers of input and output units  

• The number of training cases  

• The amount of noise in the targets  

• The complexity of the function or classification to be learned  

• The architecture of the neural network 

• The type of hidden unit activation function  

• The training algorithm  

• Regularisation  

 

3.1.6 AN OVERVIEW OF MATLAB NEURAL NETWORK TOOLBOX 
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In the MATLAB neural network toolbox, neural networks are trained in a manner so that an 

input leads to a specific output, as shown in Figure 15. Then, the network is adjusted by 

comparing the output and the target through some iterations until the network output matches 

the target [19]. Such type of network is called supervised learning.  

 

Figure 15 Supervised learning in MATLAB neural network toolbox [19] 

 

The Windrow-Hoff learning rule is the principle of operation of a back-propagation network 

in the neural network toolbox. The selected input vectors and their corresponding target 

vectors will be applied to the created neural networks to train a network until it can 

approximate a function [15]. There are four steps to create a neural network in MATLAB as 

shown below [20]. 

 

Step 1: (Randomly) define the training data set (include training input and training target 

data) as a vector/matrix/array. 

 

Step 2: Use the commands newff or newc to create and initialise the network, then define the 

optimum set of parameters of the training neural network such as number of hidden layer, 
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output layer, performance goals, learning rate, momentum constant, transfer function, number 

of epochs, etc. 

 

Step 3: Use the command ‘train’ or ‘adapt’ to train the network with the selected (or random) 

training data set until the output is matched to the target or the minimum error is reached. 

 

Step 4: Use the command ‘sim’ to obtain the output vector from the network, and then apply 

some evaluating criteria, such as a percentage average root mean square error, percentage 

root mean square deviation, percentage of error, running time criteria, etc.  

 

3.1.6.1 Training algorithms 

 

The developed virtual sensors using the neural network toolbox include eleven specific 

algorithms of back-propagation package as listed below: 

• Levenberg-Marquardt 

• Gradient descent 

• Gradient descent with momentum 

• Gradient descent with adaptive learning rate 

• Gradient descent with momentum and adaptive learning rate 

• Resilient back-propagation 

• Scaled conjugate gradient 

• Conjugate gradient with Fletcher-Reeves updates 

• Conjugate gradient with Polak-Ribiere updates 

• Conjugate gradient with Powell-Beale restarts 

• One step secant 

 

The results of comparing network modelling with different algorithms for gas detection, 

hydrogen flow rate and hydrogen pressure in Chapter 5 show that the Levenberg-Marquardt 

back-propagation algorithm ‘trainlm’ gives the lowest values for both the percentage root 

mean square deviation and the percentage average root mean square error in the case of 
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training and testing data. The details of these eleven algorithms are described in Appendix 

1.2.  

 

3.1.7 AN OVERVIEW OF UTAS NEURAL NETWORKS SOFTWARE AND OPTIMISED LAYER-

BY-LAYER (OLL) NEURAL NETWORK ARCHITECTURE8 

 

The UTAS’s ANNs software package was developed in-house as a result of several studies 

into artificial intelligent tools by different researchers including the author of this thesis. The 

package contains various types of neural networks. The programmed software uses Microsoft 

Excel as its front-end Graphic User Interface (GUI) for user interaction, while the actual 

training and execution of the neural network utilises Visual Basic for Application scripting to 

link with external files programmed in Pascal. Data for the software are broken into training 

and testing sets. The difference between them is that the training data set influences the 

weights of the interconnection between nodes of the network, while the test data set does not. 

Output predictions are given for both data sets. Once the appropriate neural network from a 

suite of networks is chosen, the software then provides a summary screen informing the user 

of the options chosen for training the network such as the number of inputs, outputs, total 

data patterns, iterations and threshold functions. The user is able to change some of these 

options if required before iterative training commences. Training the network requires 

intensive data processing, depending on the number of inputs/outputs, data patterns, neural 

network type and iterations. Once the network is successfully trained, the results of the 

training process including predicted outputs, the difference between predicted and actual 

values for each data set as well as root mean square errors (RMSE), average measured value, 

and standard deviation are displayed on the workspace screen. The user is also able to use the 

trained neural network for new data sets by entering the input values to obtain the 

corresponding neural network predicted output values. In this project, extensive 

experimentation of hydrogen safety parameters are predicted using the UTAS optimisation 

layer-by-layer (OLL) neural network, which has also been the subject of significant 

                                                 

8 The content of this section has been published in International Journal of Energy Research: Ho T, Karri V, 
Madsen O. Prediction of hydrogen safety parameters using intelligent techniques. Int J Energ Res. 2009;33:431-
42. 
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The introduced OLL ANN is a

accuracy and convergence rates, which are 

back-propagation learning’ [21]

observing the dynamics of the hidden and output layers to solve the weights exactly. 

Therefore, the linearisation of the interconnection weights of each layer is opt

iteration process, which does not need

 

While the specified literature provides adequate theory on the studied neural network model, 

it is useful here to consider the basic theory associated with the OLL neural network. In 

addition, it is important to note that while the objective of each neural network i

the values of hydrogen safety performance as outlined above, the architecture and algorithms 

used by each network to achieve this are significantly different. A brief note on the OLL 

network is discussed below. 

Figure 16 Basic structure of an OLL network with one hidden layer and scalar outputs 

 

The architecture of an OLL network shown in 

hidden layer and an output layer. All input n

weighted connections, and all hidden nodes are connected to all output nodes through 

weighted connections. The basic idea of OLL learning algorithm is that the weights in each 

layer are modified dependent on e
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investigation by Vishy Karri and Fred Frost [21], Kiatcharoenpol [18], David Butler 

. As such, these references are used throughout this section.

a feed-forward type, but it is considered to yield ‘results in both 

accuracy and convergence rates, which are in the order of magnitude superior compared with 

[21]. The weights of OLL are updated during training and 

observing the dynamics of the hidden and output layers to solve the weights exactly. 

Therefore, the linearisation of the interconnection weights of each layer is opt

does not need to be tuned by the user [22]. 

specified literature provides adequate theory on the studied neural network model, 

it is useful here to consider the basic theory associated with the OLL neural network. In 

addition, it is important to note that while the objective of each neural network i

the values of hydrogen safety performance as outlined above, the architecture and algorithms 

used by each network to achieve this are significantly different. A brief note on the OLL 

Basic structure of an OLL network with one hidden layer and scalar outputs 

The architecture of an OLL network shown in Figure 16 consists of an input layer, one 

hidden layer and an output layer. All input nodes are connected to all hidden nodes through 

weighted connections, and all hidden nodes are connected to all output nodes through 

weighted connections. The basic idea of OLL learning algorithm is that the weights in each 

layer are modified dependent on each other, but separately from all other layers and the 
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forward type, but it is considered to yield ‘results in both 

of magnitude superior compared with 

. The weights of OLL are updated during training and 

observing the dynamics of the hidden and output layers to solve the weights exactly. 

Therefore, the linearisation of the interconnection weights of each layer is optimised with the 

specified literature provides adequate theory on the studied neural network model, 

it is useful here to consider the basic theory associated with the OLL neural network. In 

addition, it is important to note that while the objective of each neural network is to predict 

the values of hydrogen safety performance as outlined above, the architecture and algorithms 

used by each network to achieve this are significantly different. A brief note on the OLL 

 

Basic structure of an OLL network with one hidden layer and scalar outputs [18] 

consists of an input layer, one 

odes are connected to all hidden nodes through 

weighted connections, and all hidden nodes are connected to all output nodes through 

weighted connections. The basic idea of OLL learning algorithm is that the weights in each 

ach other, but separately from all other layers and the 
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optimisation of the hidden layer is reduced to a linear problem. The weights are adjusted on 

the basis of minimising the cost function, which is the error between the target output and the 

network output as shown below [22]. 

°(±o �) = �
²~ �

� (�³ j ´³)�²
,    (3.10) 

Where      E  the cost function 

     P the current training data 

tp  the target output of the training data P 

yp the network output of the training data P,  

P  the number of training data 

R  the hidden-input connections weight matrix 

S  the output hidden connections weight matrix. 

 

The weights are adjusted in two groups, which are output-hidden weight matrix and hidden-

input weight matrix, as the name ‘OLL’. First, the gradient of the cost function with respect 

to output layer weights is set at zero to determine the optimum output layer weight matrix 

(Sopt), as in the formula below: 

(µ
(� = �

²¶ (JG·³ j �³)·³ = �²
,��    (3.11) 

 

Where    S  the individual output layer weight 

STZp   equivalent to the network output y 

Zp  the scalar output of hidden neuron at training data p 

dp the target/desired output at the training data p. 

The results of a set of linear equations that can be used to find the optimum output layer 

weight matrix Sopt: 

q� � = ¸   (3.12) 

�&,� = q��� ¸   (3.13) 

q = �Z� �}zZ)o�{¹	Z)o� = ¦ ·º³²,�� ·�³												»o ¼ = �½ ¾  (3.14) 

¸ = �Z� �}z¸o�{¹ 	¸o� = ¦ �¿³²,�� ·�³													¼ = �½ ¾¹ À = 1½Г  (3.15) 
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Secondly, the optimal hidden layer weight matrix (Ropt) is determined using a similar 

approach as above, and transforms non-linear sigmoid functions to linear equations using 

Taylor series expansion. The linearised weight matrix Slin is calculated as: 

���"� = WÂn"!��p� ��  (3.16) 

Where    Slin   the linearised weight matrix 

f’(netj)  the derivative of weighted sum input to hidden layer 

neuron j  

Sj   the output layer weight from hidden layer neuron j. 

The linearised weights now depend on the training pattern being processed. The resultant 

linearised network structure is shown in the figure below. 

 

Figure 17 Linearised networks for the optimisation of hidden layer weights at output neuron 

k [22] 

 

A new cost function for the hidden layer optimisation is derived as: 

°)�((�
 = °��
��% � Ã°,�
  (3.17) 

Where    Ehidden the overall error for hidden layer 

Elinear the error for linearised activation functions 

Epen  the penalty term to account for linearisation error  

µ the penalty constant 

 

Then using the chain rule to take the partial derivatives of Elinear and Epen with respect to 

individual hidden layer weight ∆rji so that the change required to achieve the optimum hidden 

layer weights (∆ Ropt) can be derived as follows: 
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ÄµÅxÆÆÇf
Ä=%Èx = ÄµÉxfÇÊË

Ä=%Èx � Ã ÄµÌÇf
Ä=%Èx = �  (3.18) 

 

The optimal change to the hidden layer weight matrix is now calculated as: 

=±&,� = qÍ��� Î̧    (3.19) 

q = �Z� �}zZ��o)+{				W� 	« Ï    (3.10) 

Z(��o)+) = ¦ ¦ ÐN���
ÑÈÌ 	�		}�,Q � n���
ÑÅÌp� }+,ÒÓ��²,��   (3.11) 

�o � = �½ ko « = �½ Ôo ª = 1½Õ						W� 		« =   
Z(��o)+) = ¦ ¦ ÐN���
ÑÈÌ 	�		}�,Q � n���
ÑÅÌp� }+, � Ö

× Ø��Ø� ØWÂÂn"!��,pØ� }�,� }+,ÒÓ��²,��   (3.12) 

�o � = �½ ko « = �½ Ôo ª = 1½Õ 
Î̧ = Ù!Ú�� z �̧�{o ¸(��) = ¦ ¦ Ð(�, j ¥,)� N���
ÑÈÌQ � }+,ÒÓ��²,��   (3.13) 

 

Where     

p
kjlin

S , p
khlin

S  The linearised weight from neuron k at output layer to hidden neuron j, 

h for training data p 

,p p

i mx x   The input of neuron i, m at the input layer 

  Skj  The output weight from hidden neuron j to output neuron k  

''( )pjf net  Second derivative of f(net) at hidden neuron j 

 

Then the hidden layer weight matrix is updated as shown in the formula below 

±
�m = ±&�( � =±&,�  (3.14) 

 

An iterative procedure to alternatively optimise the output and hidden layer weights has to be 

incorporated into the training algorithm to the final weight matrices S and R, as well as to 

obtain the minimum error. The training algorithm is summarised below: 

1. The weights of the network are initialised with random values. 

2. The ANN is used in a feed-forward manner, by exposing it to certain process inputs 

(with known process outputs and with networks weights R and S). 
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3. Compute the optimal output layer weights Sopt as: 

�&,� = q��� ¸  (3.15) 

Then update the ANN with these values. 

 

4. The ANN is used in a feed-forward manner again with the new Sopt weights, and 

calculating RMS error (RMS1). 

Then the optimal hidden layer weight change ∆Ropt is computed as: 

=±&,� = qÍ��� Î̧  (3.16) 

5. Then update the ANN with Rtest based on following equation: 

±���� = ±&�( � =±&,�  (3.17) 

6. The ANN in a feed-forward manner is used again with the new Sopt and Rtest weights, 

and calculates RMS error (RMS2). 

7. The following conditions will have to be checked 

7.1. If RMS2 < RMS1 then: 

a. Update the hidden layer weight matrix; therefore, R = Rtest. 

b. Let RMS1 = RMS2. 

c. Decrease the constant β by: 

Ã
�m = Ã&�( � Û  (3.18) 

d. Go to step 8. 

7.2. If RMS2 ≥ RMS1 then: 

a. Decreasing the constant γ by: 

Ã
�m = Ã&�( � Ü  (3.19) 

b. Then, repeat the process from step 5. Note that: 

0<β<1 (normal β =0.9) 

1< γ (normal γ=1.2) 

 

Within this research case study of hydrogen safety parameters prediction, the values β =0.9 

and γ=1.2 were found to be the best effective constant over extensive experimental training 

processes. 

 

8. Training process will be ceased in the case of the RMS1 error being within a tolerable 

range, otherwise repeat from step 2. 
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3.2 ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM 

 

The concept of adaptive networks has been presented in the previous section. In this section, 

Adaptive Neuro Fuzzy Inference Systems (ANFIS) as a class of adaptive networks that are 

functionally equivalent to fuzzy inference systems are introduced. In order to understand the 

modelling process, discussion of the structure and mathematical implementation of the 

ANFIS hybrid learning algorithm is presented.  

 

3.2.1 ANFIS STRUCTURE 

 

For simplicity, Jang’s ANFIS architecture (see Figure 18) has been considered. It has two 

input variables, namely x1 and x2, and one output, y. A first order Sugeno fuzzy model 

(output function is a first order polynomial) was proposed to generate fuzzy rules from the 

desired input-output data set [15, 23, 24].  

 

Figure 18 ANFIS structure of two-input, four fuzzy rules, and first order Sugeno fuzzy model 

 

The rule set with four fuzzy if-then rules is expressed below: 

 

IF x1 is A1 AND x2 is B1 THEN y = f 1= a1 x1 + b1 x2 + c1 

IF x1 is A2 AND x2 is B2 THEN y = f 2= a2 x1 + b2 x2 + c2 

IF x1 is A1 AND x2 is B2 THEN y = f 3= a3 x1 + b3 x2 + c3 

IF x1 is A2 AND x2 is B1 THEN y = f 4= a4 x1 + b4 x2 + c4 



Chapter 3: Research rationale of intelligent hydrogen safety prediction models for Hogen®20 

electrolyser               48 

 

 

 

Where  x1, x2 are input variables; A1, A2, B1, B2 are fuzzy sets; {ai, bi, ci} is a set of 

parameters specified for corresponding fuzzy rule i. There are five layers in the dedicated 

ANFIS structure above. Each layer can contain several nodes that have similar functions. The 

functions of each layer are described below [15, 23].  

 

Layer 1: This is the fuzzification layer where nodes perform fuzzification. The Membership 

Function (MF) for this layer can be one of any appropriate parameterised MF such as the 

triangular, trapezoidal, sigmoidal, generalised Bell, etc. In Jang’s model, the fuzzification 

layer uses the generalised Bell MF, which is specified as:  

ÝÞ� = 1
1 � Ð}� j ��	��	 Ò�ß� 																	(��$�) 

   

Where ix and 1LY  are the input and the output of node i in layer 1 respectively; the premise 

parameter set {Ci , Si , Wi} respectively controls the centre, slope and width of the Bell shape 

of node i in the layer 1. 

 

Layer 2: This is the rule layer. Every node in this layer (node labelled∏ ) receives inputs 

from nodes of layer 1, and calculates the firing strength of a rule that it represents using 

operator ‘product’ to all incoming signals:  

ÝÞ�� =	à}�Þ�


���
=	á�																		(��$1) 

Where 
1L
jx  is the inputs from nodes of layer 1, and 2

i

LY  is the output firing strength of rule 

node i in layer 2 ( iµ ).  

 

Layer 3: This is the normalisation layer. Every node in this layer (node labelledΝ ) receives 

inputs from all nodes of layer 2, and calculates the normalised firing strength that is the ratio 

of the ith rule’s firing strength to the sum of all the rule's firing strengths. Thus, the 

normalised firing strength output of node ith in layer 3 is determined as:  

 



Chapter 3: Research rationale of intelligent hydrogen safety prediction models for Hogen®20 

electrolyser               49 

 

 

ÝÞ�� =	 }�Þ�¦ }�Þ�
���
=	 á�¦ á�
���

																		(��$$) 
 

Where 
2L

ix  is the input from the rule layer node i of layer 2; 3
i

LY  is the output normalised 

firing strength of rule node i in layer 3 ( iµ ); and n is the total number of rule node.  

 

Layer 4: This is the defuzzification layer. Every node in this layer is an adaptive node that is 

connected to the respective normalisation node of layer 3 and receives initial inputs x1 and 

x2. A defuzzification node i in layer 4 calculates the consequent parameter as shown below: 

¥s¢� = }�s�	W� = á	âZ�ããããããã}1 �	¸�}$ � Ú�												(��$�) 
 

Where 
3L

ix  is the input from normalisation layer node i; 4
i

Ly  is the output of defuzzification 

node i in layer 4, and {ai, bi, ci} is a set of consequent parameters of rule i.’ 

Layer 5: This is the output layer with single node labelled∑. The output node calculates the 

summation of all outputs from the defuzzification nodes. The result of this layer is the overall 

ANFIS output y as shown below:  

 

   (��$¢)		 	
 

The dedicated ANFIS structure is given as a reference. Although the design of node functions 

and network configuration are arbitrary, each node and each layer needs to fully perform its 

functionalities.  

 

3.2.2 ANFIS LEARNING ALGORITHM 

 

A hybrid learning algorithm of the ANFIS combines the least-squares estimator and the 

gradient descent method. Every epoch is composed of a forward pass and a backward pass. 

 

3.2.2.1 Forward pass 

 

[ ]4

1 1

   1 2
n n

L

i i i i i

i i

y x a x b x cµ
= =

= = + +∑ ∑
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 In the forward pass, a training set of an input vector is presented to the ANFIS, neuron 

outputs are calculated on the layer-by-layer basis, and rule consequent parameters are 

identified by the least-squares estimator [15, 23]. 

 

The output is a linear function in the Sugeno-style fuzzy inference. Hence, the P linear 

equation can be calculated in terms of consequent parameters if: 

The values of the membership parameters are given; and 

The training set of P input-output patterns is provided. 

A Dedicated set of P linear equations is shown below [15]: 

 

 

 

  

 

 

 

The set of P linear equations above can be re-written in the form of matrices as shown below: 

 

 

 

 

 

 

 
 
 + µ1(1) f1(1) = yd (1) µ2(1) f2(1) 

+ µ1(2) f1(2) = yd (2) µ2(2) f2(2) 

+ µ1(p) f1(p) = yd (p) µ2(p) f2(p) 
M 

M 
+ µ1(P) f1(P) = yd (P) µ2(P) f2(P) 

K + + µn(1) fn(1) 

K + + µn(2) fn(2) 

K + + µn(p) fn(p) 

K + + µn(P) fn(P) 
 
 

 
 

 

(3.25) 
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(3.26) 

 

Equivalent to matrix notation:  Yd = A K     

Where    Yd [P × 1] output vector. 

A [P × n(1+m)] matrix.  

K  [n (1 + m) × 1] unknown consequent parameters vector. 

 

After establishing the rule consequent parameters and calculating the network output vector 

Yd, the error vector e can be calculated by subtracting the network output vector and actual 

output vector (Y): 

e = Yd − Y (3.27) 

 

3.2.2.2 Backward pass 

 

The back-propagation algorithm (as shown previously in the neural network section) is 

applied to the error signals propagated backwards. Meanwhile, the antecedent parameters are 

updated with the selected chain rule. 
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In the ANFIS training algorithm of Jang, et al. [25], the optimisation occurs on both 

antecedent parameters and consequent parameters. For instance, the consequent parameters 

are tuned and optimised, while the antecedent parameters are fixed in the forward pass. In the 

backward pass, the antecedent parameters are adjusted and optimised, while the consequent 

parameters are fixed [15]. 

 

3.3 RESEARCH RATIONALE 

 

3.3.1 RATIONALE OF USING NEURAL NETWORKS AND ANFIS TO HYDROGEN PREDICTIVE 

MODEL 

 

Hydrogen is neither more nor less inherently dangerous to work with compared to common 

fuels. However, in some aspects it has to be treated with extreme caution due to its special 

properties, which require special engineering controls to ensure safe use. Hence, it is 

important to observe some recommendations when working with hydrogen gas such as: using 

adequate ventilation, leak detection devices and designing leak proof hydrogen systems, the 

possibility of hydrogen embitterment in design, etc. [1].  

 

During the handling process of hydrogen generation in the laboratory, the following 

Australian Standards were used:  

• AS 2430.1—1987: Classification of hazardous areas—Part 1: Explosive gas 

atmospheres [26];  

• AS 1482—1985: Electrical equipment for explosive atmospheres—Protection by 

ventilation—Type of protection [27];  

• AS 2380.1—1989: Electrical equipment for explosive atmospheres—Explosion 

protection techniques—Part 1: General requirements [28];  

• AS 1432—1996: Copper tubes for plumbing, gas fitting and drainage applications 

[29];  

• AS 4041—1998: Pressure piping [7];  

• AS 2982—1987: Laboratory construction [30]; 

•  AS 2508.2.002—1992: Safe storage and handling information card—Hydrogen 

(compressed) [31]. 
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Hydrogen generation and subsequent venting should conform to certain requirements to 

ensure the safety of the operators. Depending upon the flow rate of hydrogen, it needs to be 

decided whether it is vented directly into the atmosphere or disposed of by flaring [32]. 

Several researchers have worked over the years to accurately estimate H2 flow rates [33-35]. 

It is also shown in the literature that hydrogen deflagrations are most likely to occur for small 

flow rates, where significant air can be found inside the stack [35]. These flow rates influence 

the explosion limits of hydrogen. In addition, it has been shown in the literature that the 

ultrasonic and resistive hydrogen sensors for inert gas–water vapour atmospheres are 

complex designs [36] that require extensive infrastructure and cost. The H2 detection sensors, 

using ultrasonic technology, detect variations in the acoustic velocity with a 0.4 mm 

palladium wire. Although these sensors operate at high temperatures and measure 

concentrations from 1 to 100% of hydrogen concentration, they are expensive to install for 

routine measurements. 

 

In addition, from literature surveys related to some hydrogen demonstration projects over the 

past decade, most relevant electrolyser models used conventional approaches, empirical 

modelling, with different mathematical models in simulation software (i.e. Matlab Simulink). 

However, conventional approaches were found to be unsuitable for further development from 

hydrogen predictive models (i.e. online application and control) and their ability of to be 

extended into experimentation  involving the monitoring of many parameters to develop any 

reliable models [18].  

 

This project employed intelligent ANNs and the ANFIS approach to estimate the hydrogen 

production parameters such as the percentage of explosive limits, hydrogen pressure and flow 

rates from a Hogen20® electrolyser based on the input parameters, including the voltage, 

current, water quality, water temperature and water pressure. To cater for various test rigs, a 

hydrogen generator, Hogen 20 ® Series 2 Hydrogen Generator from Proton Energy Systems, 

was set up for H2 production. The production of H2 is measured using several sensors to 

observe varied hydrogen concentration in air, various production pressures and flow rates. 

The aims of this study were to build a better understanding of the various production 
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properties of hydrogen as a function of input parameters. The neural networks and the ANFIS 

were chosen as hydrogen predictive models for the following reasons [18]: 

 

• The ability to model non-linear processes. With neural networks, there is the 

remarkable ability to derive meaning from complicated or imprecise data to extract 

patterns and detect trends that are too complex. The modelling of hydrogen 

production parameters with different input conditions is considered a non-linear 

problem due to non-linear phenomena and the interactions of process variables 

involved.  

• Adaptive learning: an ability to learn how to do tasks based on the data given for 

training or initial experience.  

• Self-organisation: An ANN can create its own organisation or representation of the 

information it receives during the learning time process.  

• Real Time Operation: ANN computations may be carried out in parallel, and special 

hardware devices are being designed and manufactured to take advantage of this 

capability.  

• Ease of insertion into existing technology: an ANN can improve the performance of 

discrete tasks. It will facilitate modular upgrades to existing systems and offer 

incremental design improvement options for the system under development. 

 

As a result, those intelligent methodologies have been proven to yield accurate performance 

prediction. 

 

During hydrogen production, the percentage of lower explosive limit, hydrogen flow rate and 

hydrogen pressure will reach a certain level where its growth rate can cause all of the 

electrolyser systems to cease activity. These conditions are usually called ‘critical states’ and 

must be avoided to maintain the safety margin for hydrogen generation. The intelligent 

predictive neural networks are required to model the relationship between chosen input and 

output variables of hydrogen production parameters. ANNs and the ANFIS will automatically 

predict and accurately estimate results for the chosen output parameters and will prevent 

unexpected dangerous working environments and obtain hydrogen flow rate and pressure 

parameters as required. 
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Besides that, the knowledge base established from extensive experimentation on working 

ranges of chosen parameters is the most important factor in the construction of the neural 

networks predictive model. As a result, the BPNNs model with eleven algorithms of BPNN 

from the MATLAB toolbox, the ANFIS and the UTAS ANN software package, are used to 

analyse and predict various parameters. These prediction tools are as listed in the previous 

section. 

 

3.3.2 SELECTION OF PROCESS PARAMETERS FOR DEVELOPED MODELS  

 

Obviously, if those intelligent neural networks are chosen for the predictive application, it is 

not easy to be able to understand how an appraisal of a chosen particular hydrogen 

production or associated parameters is reached. A neural network is essentially a black box 

for the user and rules cannot be easily extracted from it. However, an accurate appraisal is 

often more important than understanding how it was done [15].  

 

In addition, the selected inputs and outputs of networks should basically relate to each other 

and the data patterns for network training and testing are various, sufficient to cover the full 

application range [18]. Detail of the size of the training set will also be discussed later in 

Chapter 5, Section 5.1.1.2 ‘Data Pre-processing for Network Modelling’.  

 

In the hydrogen predictive model developed for this project, the designed networks used ten 

basic process parameters as inputs. Those well-defined inputs were: cell stack voltage (V), 

cell stack current (A), de-ionised water quality (MΩ ), water temperature ( Co ), water 

pressure (KPa), water flow rate (GPM), electrolyser system temperature ( Co ), stack current 

PWR102, system pressure (PSI) and board temperature ( Co ). The outputs were percentage 

lower explosive limit (%), production hydrogen pressure (PSI) and hydrogen flow rate 

(LPM).  

 

The important work remaining is to design details of the network structure with the optimum 

set of parameters such as the number of hidden layers, the number of neurons in the input, 
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hidden and output layer, performance goal, and learning rate. This will be presented together 

with the ANFIS construction and practical results in Chapter 5.  

 

3.4 CONCLUDING REMARKS 

 

This chapter has illustrated that intelligent methods such as ANNs and the ANFIS have 

significant performance benefits and great potential for use in hydrogen safety prediction 

models as virtual sensors. Conventional simulation approaches and mathematical models of 

electrolysers are complex systems that are extremely hard to model. Previous research has 

illustrated attempts to apply these conventional simulation approaches in modelling various 

types of electrolyser. However, there is still a wide gap between mathematical models used in 

simplified examples and models that can be used in real electrolysers. Therefore, the abilities 

of proposed intelligent methods to be trained, rather than programmed, are expected to 

provide good opportunities to model and predict the complex hydrogen production system 

and its associated safety parameters.   
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CHAPTER 4: DEVELOPMENT OF 

EXPERIMENTAL TEST RIGS FOR HYDROGEN 

SAFETY PREDICTION OF ELECTROLYSER 
 

 

Procedure and experimental set up of this project are shown below. 

 

 

Figure 19 Experimental test rig and procedure 

4.1 HARDWARE  

 

The selected process and performance variables that must be measured during hydrogen 

generation in real time to train neural networks and the ANFIS for hydrogen predictive 

models are: 
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1. Cell stack voltage, V 

2. Cell stack current, A 

  3. Electrolyser system temperature, oC 

4. Stack current PWR102, A 

5. System pressure, psi 

6. Board temperature, oC 

7. Lower explosive limit, % 

8. Product hydrogen pressure, psi 

9. Product hydrogen flow rate, LPM (litres per minute) 

10. De-ionised water quality, MΩ 

11. Water temperature, oC 

12. Water pressure, kPa 

13. Water flow rate, GPM (gallons per minute) 

 

Note that 1–9 are obtained using the Hogen20® electrolyser input instrumentation and 10–13 

are obtained by tailor-made devices. 

 

The input de-ionised water temperature, pressure and flow rate are measured during hydrogen 

generation. Once the signal of the temperature, pressure and flow rate are generated, a simple 

electronic amplifier is required to amplify small signals from the sensors to ensure accurate 

measurements with good quality data. Data acquisition cards, as well as the created 

LABVIEW software, are then used to acquire and record the results generated. 

 

The hydrogen generator parameters as mentioned above were also measured during the 

electrolyser operation. Data of these parameters have been processed and recorded by 

Windows Diagnostic Software Operation, special software from the manufacturer of the 

Hogen 20® electrolyser.  

 

In summary, the complete data acquisition system consists of:  

 

• Thermometer 

• Pressure transducer 
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• Flow sensor 

• Sensors system for Hogen 20® electrolyser as supplied from the manufacturer 

• PC and data acquisition card 

• LABVIEW: software for data acquisition card 

• Windows Diagnostic Software Operation: software for measurement of electrolyser 

parameters 

 

4.1.1 THERMOMETER 

 

The chosen thermometer, the MIR-HPC-TX RTD direct process mount 1/2’ BSB standard 

sensor, was placed vertically at the top of the water tank, as shown in Figure 20, so that it 

could be directly in contact with the measured water temperature, and could easily be 

removed or remounted. This is the PT100 type temperature sensor, which has the following 

features [37]:  

 

• Operating temperature up to 100 degrees C 

• Shield material 316SS 

• 4mm sheath diameter is  

• Insertion length of 250 mm 

• 3 wires 

• Large connection head with alloy material 

 

 

Figure 20 Water tank and thermometer 

Thermometer 
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In order to linearise temperature measurement and to convert linear resistance variation to a 

standard analogue signal, the PRetop 5333A transmitter was chosen and mounted on the head 

of the thermometer, as shown in Figure 21. This is a two-wire programmable sensor error 

value transmitter with high measurement accuracy. The analogue signal from the 

thermometer was connected to the analogue channel 1 differential gate of the data acquisition 

card. Calibration was done by matching the measurement of temperatures within all RTD 

ranges as defined by the norms with voltage readings.  

 

 

Figure 21 The PRetop 5333A transmitter 

 

A linear equation describing the relationship of the temperature and output voltage was 

developed, mainly based on the simple electric circuit below:  

 

 

 

Voltage X to DAQ 
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The range of voltage to the data acquisition card is 2.5-12.5 volts. It corresponds to 4-20 mA 

current output from RTD. Hence, we can develop two different linear equations that can be 

presented as: 

  

Equation 1: This equation was based on the electric circuit diagram above  

100
016.0

)104
625
( 3

×
×− −X

 

Equation 2: This equation was roughly based on mathematical analysis. 

10)5.2( ×−X  

 

The equation for temperature measurement was then programmed into the computer software 

to show and record the data. Descriptions of this software are presented in a later section 

(Section 4.2).  

 

4.1.2 PRESSURE TRANSDUCER 

 

To measure the pressure of the input de-ionised water into the hydrogen generator, a pressure 

transducer was required. The chosen sensor was a Gems sensor 2200B series general purpose 

industrial pressure transducer. The sensor used CVD technology for an accuracy of 0.25% 

sealed to IP65 with pressure range from vacuum to 400 bars (6000 PSI). The supply voltage 

was from 7 to 35 VDC and the output signal from the 2-wire transmitter was from 0 to 10 

volts. This sensor was mounted directly onto the connecting tap that supplied de-ionised 

water to the electrolyser. Figure 22 shows the pressure transducer and its mounting position. 
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Figure 22 The mounting position of the pressure transducer 

 

With a welded stainless steel body, wet parts and new manufacturing techniques, the chosen 

pressure transducer is suited to the application in pressure measurement, with some physical 

characteristics which are shown in the table below [38]. 

  

Pressure 

transducer 
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Table 5 Specifications of pressure transducer 

Fatigue Life Designed for more than 100 million FS cycles 

Thermal error 1.5% FS 

Compensated 

Temperatures From -20 to 80 degrees C 

Operating 

Temperatures From -40 to 125 degrees C 

Response Time 0.5 ms 

Vibration 70g, peak to peak sinusoidal, 5 to 2000 Hz 

Acceleration 

100 g steady acceleration in any direction 0.032% FS/g for 1 

bar range, decreasing logarithmically to 0.0007% FS/g for 

400 bar range 

Shock 20g, 11ms, per MIL-STD.-810E. Method 516.4 Procedure I 

Weight Approximately 100 grams 

 

 

The analogue signal from the pressure transducer was connected to the analogue channel 0 

differential gate of the data acquisition card. The range of output voltage from the two-wire 

transmitter mentioned above is from 0 to 10 volts. Hence, the linear equation representing 

pressure is:  

X×40   (4.1) 

 

Where   X is the output voltage from two-wire transmitter to data acquisition card. 

 

Calibration was carried out by matching pressure measurements using a pressure gauge, with 

output signals from the pressure transducer acquired by the data acquisition system. The 

results have showed the validity of the pressure measurement because the output reading 

pressure of this test was equal to the pressure reading taken from the pressure gauge.  
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4.1.3 FLOW SENSOR 

 

The chosen flow sensor was a Gems sensor flow rate monitoring-RFO type. The sensor was a 

low flow series sensor with part number 155421 and had polypropylene body ¼’ ports. This 

sensor was mounted directly onto the connecting tap that supplied de-ionised water to the 

electrolyser, and next to the pressure transducer. Figure 23 and  

Figure 24 show the details of this sensor, as well as the position of the mounted sensor. 

 

 

Figure 23 Details of flow sensor [39] 
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Figure 24 De-ionised water data acquisition system
9
 

 

The operating principle of the flow sensor can be described as follows. Once the liquid passes 

through the rotor flow body, the magnetic rotor will start to spin at a rate that is proportional 

to the water flow. This causes a series of magnetic fields (the rotor vanes) to excite the hall 

effect sensor, producing a series of voltage pulses. The output pulses are at the same voltage 

level as the input voltage to the sensor, which is from 4.5 to 24 VDC with a frequency 

proportional to the flow rate [38]. 

 

The flow sensor output is connected to the line ‘PFI4’ counter 1 gate of the data acquisition 

card and signals are in the frequency range of 15 Hz to 225 Hz. Based on the typical table of 

frequency versus flow rate and pressure drop diagram from the instruction manual, the 

developed equation, measuring the flow rate of de-ionised water, is shown below:  

 

9234.00393.0 X×   (4.2) 

 

Where   X  : the output frequency from the flow sensor. 

                                                 

9 The technical specifications of the de-ionised water system are provided in Appendix 1.3. 
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4.1.4 HOGEN 20® ELECTROLYSER INPUT INSTRUMENTATION 

 

The hydrogen production performance parameters (the test rig output) involved the 

following: a commercially available combustible gas sensor palladium wire resistive type 

(e2v technologies VQ603/2) which is located at the exit of the air purge stream to detect the 

presence of hydrogen in the air (see Figure 25); a system pressure transducers (PT307); a 

back pressure regulator (BPR310) and product pressure transducer (PT312). Flow rate (LPM) 

is obtained using a system of Z350 hydrogen gas management, as shown in Figure 26. Data 

were sampled every five seconds using Window Diagnostic Software. 
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Figure 25 Gas detector location [1]

Figure 26 Schematic of the electrolyser [40] 
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When the pressure set point is reached, the system goes into steady

system now outputs hydrogen through its product hydrogen port at a specified pressure. Any 

variation of the actual product pressure from the predetermined pressure set point will resu

in an immediate increase or decrease in product gas flow.

 

According to AS 2430.1-1987: Classification of hazardous areas Part 1: Explosive gas 

atmospheres [27], the placement of 

atmosphere is not likely to occur in normal operation. This is

 

Figure 27 UTAS hydrogen laboratory safety zone layout 

 

The R61-0203-02RK combustible gas sensor was used to monitor the hydrogen concentration 

in air. The sensor was placed at the highest point of the ceiling in front of the ventilation fan, 

which is a Bal-400Wall Fan from Pacific Fans

sensor was based on the low-density characteristics of hydrogen, which 

Development of experimental test rigs for hydrogen safety prediction 

 

e set point is reached, the system goes into steady-state operation. The 

system now outputs hydrogen through its product hydrogen port at a specified pressure. Any 

variation of the actual product pressure from the predetermined pressure set point will resu

in an immediate increase or decrease in product gas flow. 

1987: Classification of hazardous areas Part 1: Explosive gas 

atmospheres [27], the placement of the electrolyser was in zone 2 where an explosive gas 

ly to occur in normal operation. This is shown in Figure 

UTAS hydrogen laboratory safety zone layout [41]

02RK combustible gas sensor was used to monitor the hydrogen concentration 

in air. The sensor was placed at the highest point of the ceiling in front of the ventilation fan, 

400Wall Fan from Pacific Fans, as shown in Figure 28. The placement 

density characteristics of hydrogen, which is concentrated in the 

hydrogen safety prediction of 
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state operation. The 

system now outputs hydrogen through its product hydrogen port at a specified pressure. Any 

variation of the actual product pressure from the predetermined pressure set point will result 

1987: Classification of hazardous areas Part 1: Explosive gas 

electrolyser was in zone 2 where an explosive gas 

Figure 27. 

 

[41] 

02RK combustible gas sensor was used to monitor the hydrogen concentration 

in air. The sensor was placed at the highest point of the ceiling in front of the ventilation fan, 

. The placement for this 

is concentrated in the 
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highest point of the laboratory. In addition, the fan drags the air towards it at the highest air 

flow of 1700 l/s. 

 

Figure 28 Position of gas detector and wall fan in the ceiling seen from the side (top) and 

from above (bottom) [1] 
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4.1.5 PC AND DATA ACQUISITION CARD 

 

• A Personal Computer (PC): measuring the signal taken from the sensors that were 

attached to the water purification system enabled us to configure and calibrate the 

parameters of the electrolyser through the Windows Diagnostic Software Operation 

and to build up the neural network model to predict the hydrogen production 

parameters. The computer used was an IBM PC Pentium 3, 256 DRAM. The 

MATLAB, LABVIEW and Windows Diagnostic Software Operation were already 

installed in it.  

 

• The NI PCI-6025E Data Acquisition (DAQ) card is the best data acquisition card 

device available at the school of engineering. It is a low cost E series multifunction 

DAQ card from National InstrumentsTM with: 12 bits input resolution; a maximum 

sampling rate of 200 kS/s; an input range v05.0±  to v10± ; 2 analogue outputs; an 

output resolution 12 bits; a 10 kS/s output rate; a v10± output range; 8 digital 

input/output; 2 counters with 24 bit timers using a digital trigger. The computer 

receives signals from sensors via this data acquisition card. The specification of the 

data acquisition card is included in Appendix 1.4.  

 

As mentioned in previous sections, the input analogue signals will be connected to analogue 

ports 0 and 1 of the data acquisition card to measure the pressure sensor signal and 

temperature sensor signal, respectively. The flow rate sensor signal of the water purification 

system was connected to the line ‘PFI4’ counter 1 gate of the card. The parameters obtained 

from the measurement results can be saved  into a spreadsheet every five seconds in order to 

build up databases to investigate predictive models. In addition, an electronics amplifier was 

required to amplify the small signals from the sensors.  
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Figure 29 Experimental test rigs 

 

4.2 SOFTWARE 

 

4.2.1 SOFTWARE FOR NI PCI-6025E DATA ACQUISITION CARD 

 

LABVIEW (Laboratory Virtual Instrument Engineering Workbench) software, a graphical 

programming language for data acquisition program, was used to operate the National 

Instruments (NI) PCI data acquisition card. Included in the LABVIEW distribution is an 

extensive development environment with many libraries and tools that allow for instrument 

control, data acquisition, and the pre-/post-processing of acquired data on a variety of 

platforms including Microsoft Windows, UNIX, Linux, and Mac OS [42]. 

 

LABVIEW is based on graphic symbols, rather than textual language, to describe 

programming actions. Therefore, it can quickly create a user-friendly interface for application 

with some assembly block diagrams by simply building up a suitable front panel and the 

specified functionality. 

 

Due to these advantages, LABVIEW was chosen for the data acquisition and the pre-/post-

processing of acquired data in the project. The experimental parameters of the de-ionised 
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water purification system were read and acquired through the LABVIEW software. The user 

interface of the LABVIEW software was developed for this project as shown below. 

 

 

Figure 30 The user interface of the developed LABVIEW program 

 

To run the test, the user needs to push the run button and the LABVIEW program will specify 

temperature, pressure and flow rate of feed water.  

 

The operating principle is as follows: when the program starts, it receives the analogue 

signals from ports 0 and 1 that specify the signals of pressure and temperature sensors 

respectively. These signals are read through the sub VI analogue input that is available in the 

data acquisition section of the LABVIEW function palette. The signal from the flow sensor is 

measured using the frequency counting functions in LABVIEW with the simple event count 

option for the line ‘PFI4’ counter gate 1. Referring to the mathematical functions developed 
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in previous sections, the program will convert voltage and frequency signals to expected data 

(i.e. temperature, pressure, and flow rate) correctly. 

 

In addition, the program also enables the user to save the data from these signals to files with 

sub-VI ‘save to file’, or convert data into matrices to use directly in MATLAB software. 

 

With the LABVIEW program that the author has created for this project, users have to 

specify the directory to save the data. In addition, some histogram charts have also been 

provided with the de-ionised water temperature, pressure and flow rate parameters. The 

program also has a warning function which turns on the red light if any of the measured data 

exceeded the allowable limits. 

 

4.2.2 SOFTWARE FOR HOGEN® 20 HYDROGEN GENERATOR PARAMETERS 

MEASUREMENTS 

 

Windows Diagnostic Software Operation, an option for the HOGEN 20® series 2 hydrogen 

generator, was used to monitor data, perform data logging and modify configuration settings 

as well as to download software to the system control board. The software can be purchased 

through the Proton Energy System Company. 
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Figure 31 Diagnostics Window 

 

The software includes a number of features that allow the user to perform many technically 

useful tasks. These features are described in the following sections [40]. 

 

A. System Information 

With this software, we can obtain miscellaneous systems information by simply selecting the 

VIEW > DIAGNOSTICS options from the toolbar. The software also enables the user to 

obtain the FPGA and the board hardware version of electrolyser by selecting the ‘Read Unit 

Information’ button. In addition, we can also set or read the time and date and reset and read 

the system Elapsed Run Timer in hours by simply selecting the appropriately labelled 

buttons.  
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B. Monitoring Input/output 

One of the most important roles of this software is to monitor the analogue or digital 

input/output data set from the system. On the diagnostics screen, we can monitor all the 

desired signals (i.e. Analogue Inputs, Digital Inputs, Digital Outputs and Stack Current). 

 

C. Logging Input/output  

Another function that we need to consider in this software is logging I/O. With this function, 

we can log any analogue or digital signal data available from the system and use the ‘change 

path’ button to select the file where the data is to be saved to.  

 

D. Configuration and Calibration Parameters 

The Windows Diagnostic Software Operation enables the user to configure and calibrate the 

parameters of the electrolyser through ‘calibration options’. With this option, we can: 

 

• Upload the parameters of the system from the calibration to the specific file, by 

choosing the ‘Get from Device’ button, and save a set of parameters to a file with the 

‘Send to File’ button.  

• Update a set of parameters from a file to the electrolyser control board by simply 

selecting the ‘Send to device’ button. 
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Figure 32 Configuration and Calibration Windows 

 

 

E. Real time Data Collection  

The ‘real time data collection’ section is the most important part as it enables us to collect and save 

the real time data to the database in order to perform real time predictive models for neural 

networks. The real time data configuration window is demonstrated below. 
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Figure 33 Real Time Data Configuration Window 

 

The signals and data of the parameters can be performed and collected in real time with the ‘real 

time configuration’ window. The following functions need to be considered: 

 

• ‘Get Settings from File’: getting and collecting a file of parameters/signals  

• ‘Save Settings to File’: saving a set of real time data/signals collection parameters to a 

specific file 

• ‘Send Settings to Unit’: sending a suitable set of desired data/signals and sample rates to the 

electrolyser control board for data collection 

• ‘Start Monitoring’: starting to monitor a pre-selected set of parameters 

• ‘Stop Monitoring’: ending the monitoring parameters 

• ‘Start Streaming’: starting to stream the data collection of a previous set of parameters to 

the system 
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• ‘Stop Streaming’: ending the real time streaming of data collection 

• ‘Reset Unit’: resetting the real time streaming session (in the case of communication loss) 

 

4.3 CONCLUDING REMARKS 

 

One of the most important parts of constructing the neural network models as well as training and 

testing is the set of data, which consists of inputs, outputs and data patterns. The accuracy of the 

network created significantly depends on the quality of the experimental data patterns obtained. 

This chapter has presented the experimental rigs with hardwires and softwares to monitor, acquire 

and perform data log to achieve the objectives of the project.  

 

In particular, the installed sensors for the de-ionised water system involve the thermometer, 

pressure transducer, and flow sensors. The installation, operation and calibration of these sensors 

are discussed. The input instrumentation and recorded data of hydrogen production performance 

parameters include a combustible gas sensor, system pressure transducers, a back pressure 

regulator, a product hydrogen pressure transducer, and hydrogen flow rate. A program was 

developed using LABVIEW software to monitor, acquire and perform data log for de-ionised water 

parameters via the National Instrument PCI-6025E data acquisition card. Windows Diagnostic 

Software, an option for the HOGEN®20 series 2 electrolyser, was used to monitor data and 

perform data log for hydrogen performance parameters.  

 

 



Chapter 5: Electrolyser intelligent predictive model capability and practical results     79 

 

 

CHAPTER 5: ELECTROLYSER INTELLIGENT 

PREDICTIVE MODELS CAPABILITY AND 

PRACTICAL RESULTS
10
 

 

 

5.1 INTELLIGENT PREDICTIVE MODELS CAPABILITY 

 

5.1.1 OUTLINE OF THE PROCEDURE FOR DEVELOPED MATLAB ANNS AND ANFIS 

MODELLING 

 

5.1.1.1 Inputs and outputs of the ANNs 

 

The key parameters which were chosen as the inputs for ANNs for the hydrogen predictive model 

are functions of different input conditions of power feed, feed water and electrolyser system 

indicators. Based on different input conditions, outputs of the hydrogen predictive model using 

ANNs were chosen. They include the percentage Lower explosive Limit (% LeL), hydrogen 

pressure and hydrogen flow rate. The detailed structure of these input and output parameters 

incorporated with BPNNs was discussed in the previous chapter and the equivalent functional 

model of the virtual sensor is shown in the figure below. 

                                                 

10 The content of this chapter has been published in International Journal of Hydrogen Energy and International Journal 
of Energy Research: 

1. Ho T, Karri V, Madsen O. Prediction of hydrogen safety parameters using intelligent techniques. Int J Energ 
Res. 2009;33:431-42. 

2. Karri V, Ho T, Madsen O. Artificial neural networks and neuro-fuzzy inference systems as virtual sensors for 
hydrogen safety prediction. Int J Hydrogen Energ. 2008 June;33(11):2857-67. 
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Figure 34 A functional model of the virtual sensor 

 

5.1.1.2 Data pre-processing for modelling 

 

In order to predict the parameters of hydrogen production, the training and testing data were taken 

from a data file namely ‘hogen.m’ for assessing neural network inputs and outputs. All the data 

required for this project has been listed in Appendix 3.1. Data was divided randomly into training 

and testing sets. An appropriate number of data in training set was estimated with Windrow’s rule 

of thumb [15]. 

. = 
w
�       (5.1) 

   

Where     

    N The number of training examples  

    wn  The number of synaptic weights in the network 

    e The network error permitted on test 
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In each of the studied prediction hydrogen production parameters, the majority of the chosen data 

(700 data) was used for a training set and approximately 10% of the data (60 data) were used for a 

testing set. A neural network will work in the best condition when all its inputs and outputs vary 

within the range between 0 and 1. Therefore, all the data must be massaged with a normalising 

formula before we can use them in a neural network model. Below is the normalising formula to 

transform all data pattern to the range between 0 and 1 [15]. 

tZ��Z�!�	ÙZ�ä! = 	qÚ�äZ�	ÙZ�ä! j ��"	ÙZ�ä!
��\ ÙZ�ä! j ��� ÙZ�ä! 								(��$) 

 

 

The output of the neural network is also presented in the range between 0 and 1. Therefore, the 

process of interpreting the network output reversed the procedure used for massaging data. Below 

is the formula to interpret the network output [15].  

 

qÚ�äZ�	ÙZ�ä! = �ä��ä�	ÙZ�ä!	 å (��\ÙZ�ä! j ��� ÙZ�ä!) � ��� ÙZ�ä!				(���) 
 

5.1.1.3 Data evaluation 

 

Data evaluation is one of the most important parts. It addresses the following issues. 

• Has the supervised training been successfully achieved? 

• How close are the network prediction results to its actual output target values? 

• Evaluation of the accuracy between different neural network algorithms. 

 

The selected scoring measures used to evaluate the prediction accuracy of ANNs including:  

• Percentage Average Root Mean Squared error (denoted by %ARMS or %RMSE) 

• And the percentage Root Mean Squared (%RMS) deviation 

 

 These two formulas are given below [18]. 
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Where   N Number of data in a data set 

  i Number of network inputs 

 

5.1.1.4 Network training and testing 

 

The BPNNs developed in MATLAB aimed to predict the hydrogen production data with a 

consistent accuracy and can be used for a wide range of applications, not only the one that has been 

demonstrated in this thesis. Some dedicated MATLAB codes developed to build the networks are 

listed in Appendix 1.3. Eleven algorithms in the BPNNs used in this research are listed in Chapter 

3, Section 3.1.6.1 ‘Training Algorithms’. 

 

5.1.1.5 Short description of developed programs 

 

When the program is started, the ‘hogen.m’ data file will be loaded into the network inputs and 

outputs, and then is sorted using the ‘randperm’ command. The first 700 elements of data are stored 

in the Train variable, and the last 60 data are stored in the Test variable as required. Then, the input 

and target matrices are set up using matrix manipulation. Once the training is done, the testing 

process is performed to test the output that the ANNs had given. The program is created by storing 

all of the predicted output data and comparing them with the actual data. After that, the errors are 

calculated by subtracting one matrix from the other, simply leaving the error figures. By doing so, 

any discrepancy could be presented. Next, the %RMS deviation and the %ARMS error are shown 

on the screen. After this, graphs showing the error occurrence and the histogram of the error for 

training and testing are also provided. All of these can be found by using matrix manipulation and 

calculation.  

(5.4) 

(5.5) 
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5.1.1.6 The procedure for developing MATLAB ANFIS 

 

Along with the ANN tools, ANFIS have proven to be a powerful tool for many prediction 

applications. These ANFIS are shown to be applicable to model more dynamic non-linear systems. 

Several studies have demonstrated the successful simulation of non-linear functions of two and 

three inputs with ANFIS and predicted the behaviour of the chaotic time series with resolving the 

differential equation of Mackey-Glass [19].  

 

The present study was developed using the ANFIS to solve a time-series prediction problem, as 

shown in Figure 35 Time series prediction. The issues considered are predicting the lower 

explosive limit (%), the production hydrogen pressure (psi) and the hydrogen flow rate (LPM), 

based on previous precision data. The ANFIS used data from a pre-set file to both train and to 

simulate the real-time testing. It converted this data into five training and five testing data sets, thus 

ensuring two runs of the program were unlikely to contain the same data sets. 

 

 

Figure 35 Time series prediction [102] 

Once the ANFIS was generated, a number of distributions were tested for the membership 

functions (MFs). However, it was found that the Bell curve distribution function was the most 

effective.  
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At first, the program trained the ANFIS on the five training data sets sequentially. The best results 

were obtained when the five data sets were mixed up and converted into a single training matrix X 

of previous data of the chosen parameter, and a vector Y, of the corresponding current chosen 

parameter data. X was an (n x 4) matrix. A double loop obtained the vector x = [x(t-20) x(t-15) x(t-

10) x(t-5)] from each of the five training sets, resulting in an (n x 5) matrix. It then took the next 

vector from each training set, and so on, with the time essentially increasing by 5 seconds every 5th 

row. Y was then an (n x 1) vector, containing the corresponding current data x(t) to each row in X. 

Then, X and Y were passed into the ANFIS function, along with the specified number of epochs. 

Tests were conducted by taking the chosen target parameters from (t-20), (t-15), (t-10) and (t-5) 

seconds before the current time. These data were passed into the evaluation of the fuzzy inference 

system that generated the prediction of chosen parameter for 5 seconds later. The actual data and 

predicted data were plotted in the same figure to show the relationship between the two. 

 

5.1.2 OUTLINE OF THE PROCEDURE FOR APPRAISAL OF THE UTAS ANNS SOFTWARE WITH 

OLL NEURAL NETWORK  

 

The OLL learning rules can have a great effect on how quickly the ANN learns the process. The 

training data were presented all of the operating conditions of the system, as well as being 

presented to the network in a particular way. There was one hidden layer and the best number of 

neurons within the hidden layer is 10, as shown in Figure 36. The sigmoid function was used as the 

activation function in the hidden layer. 
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Figure 36 Network RMS error and computation time with changing architecture 

 

It is important that randomising the order of training patterns sufficiently represents all operational 

aspects of the system to be modelled. The training set for the neural network program is carried out 

via data acquisition. The first 700 elements of data are randomly acquired as the training variables 

for the network, and the last 60 data are acquired for testing the network. These data represent 

various hydrogen safety performance parameters for various inputs. 

 

In addition, the number of input layer neurons will affect the accuracy of the network. The input 

parameters that have little or no influence on the system outputs will reduce the network accuracy. 

Therefore, sensitivity analysis is used to identify the minimum number of inputs required to have 

optimum performance of the chosen ANN [22]. As an indication of how the input parameters are 

influencing the network prediction, it is useful to use the %RMSE and the percentage contribution 

of each input parameter to each hydrogen product parameter. The  following formula is used to 

calculate the percentage  contribution of each input parameter [43, 44]. 
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Where   i  Number of input parameters 

errrmsi   %RMSE associated with input i omitted 

errrmsorig  Original %RMSE without any input variable omitted. 

Note that 

¬!  %+�� =	 �¬!  %+��	�W	¬!  %+�� � ��	�W	¬!  %+�� � � � 											(��è) 
 

5.2 EXPERIMENTAL RESULTS 

 

In this section, the modelling processes for each hydrogen production parameters were carried out 

by following the general outline of the procedure in previous sections. After this, important 

predictive analysis was discussed to assess the evaluation of the chosen network inputs to the 

selected BPNN algorithm.  

 

5.2.1 RESULTS OF USING MATLAB ANNS AND ANFIS 

 

In each of the eleven back-propagation models, the prediction of the hydrogen production 

parameters was studied. The chosen data (700 data) was used for each training model and 

approximately 10% of the data (60 data) were used for testing. The BPNN are trained many times 

to obtain the optimum set of parameters. The created best BPNN architecture is shown in Table 6. 
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Table 6 BPNN architecture 

 

 

In detail, the performance goal was set to 0.001. This was done to ensure that an accurate result is 

achieved. The chosen learning rate parameter was low (0.1) and thus the network learns slowly. 

After testing of many cases, this learning rate provided more accurate results. The momentum 

constant was set to 0.9 and this might be considered high in some cases, but for the program that 

was written, a high constant may be used to counter the effect of the low goal value and the low 

learning rate value. There were seven neurons in the hidden layer, and this was chosen because of 

the lowest %ARMS obtained. The learning rate increase multiplier was set to 1.05 and learning rate 

decrease multiplier was set to 0.7 as the best value after several test cases. The number of epochs 

between showing the progress was 100 and the maximum number of epochs to train was 1000. 

These parameters were chosen in a manner that will give a more accurate result with minimum 

prediction errors as well as minimum %ARMS errors, which is an unbiased representation. Besides 

that, the RMS percentage deviations were also chosen as a selection criterion. 
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Results highlight the Levenberg-Marquardt back-propagation algorithm ‘Trainlm’ as the one that 

gives the lowest value for both RMS percentage deviation and %ARMS. Table 7 highlights the 

statistics and compares the prediction results of the hydrogen pressure, the percentage of lower 

explosive limit and the hydrogen flow rate using 11 neural network algorithms and ANFIS. The 

data in this table were obtained with a consistent accuracy of 10 iterations for each case study using 

MATLAB ANNs and ANFIS.  

 

Table 7 Comparison of prediction results of hydrogen pressure, percentage of lower explosive limit 

and hydrogen flow rate 

 

 

5.2.1.1 Prediction of gas detection with percentage lower explosive limit 

 

Using Levenberg-Marquardt back-propagation algorithm 

The results of the comparison of network modelling with different algorithm for gas detection (% 

LeL) were provided in Table 7. The Levenberg-Marquardt back-propagation algorithm ‘Trainlm’ 

gives the lowest value for both RMS percentage deviation and %ARMS error of training and 

testing data. Thus, the ‘Trainlm’ was selected for the prediction of gas detection with %LeL. The 

neural network predicting %LeL is depicted in Figure 37 below. 
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Figure 37 Comparison of Actual and Network Predicted Values for Gas Detection (%LeL) using 

the Levenberg-Marquardt back-propagation algorithm 

 

In Figure 37, the prediction error occurs on both sides of positive and negative values. In the 

approximately normal distribution of prediction error provided, there are 53 out of 60 data 

(88.33%) in the error range of ±1 and 58 out of 60 data (96.7%) in the error range of ±2. In 

addition, an average (mean) value error was approximately zero. Therefore, very good prediction 

results were obtained for gas detection where the %ARMS error was 2.9405 and %RMS deviation 

was 1.0467. 
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Figure 38 Prediction Error for Gas Detection using the Levenberg-Marquardt back-propagation 

algorithm 

 Figure 39 Histogram Prediction Error Distribution of Gas Detection using Levenberg-

Marquardt back-propagation algorithm 
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Using ANFIS 

The prediction result for the lower explosive limit using ANFIS in Figure 40 shows that the 

prediction errors also occur on both sides of positive and negative values and no bias for over or 

under prediction. In the approximately normal distribution of prediction error, the average (mean) 

value error was close to zero, the %ARMS error was 1.2023% and %RMS deviation was 0.6203. 

This is significantly lower than the best neural network as demonstrated in Figure 37. This is 

particularly encouraging since the predictive model can be used as a virtual sensor with such 

excellent accuracy in estimating important hydrogen safety features. 

 

 

Figure 40 Comparison of actual and predicted values of percentage lower explosive limit using 

ANFIS 
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5.2.1.2 Prediction of hydrogen pressure 

 

Using Levenberg-Marquardt back-propagation algorithm 

The results of the comparison of network modelling with different algorithms for hydrogen 

pressure are provided in Table 7.  

 

Similarly, the Levenberg-Marquardt back-propagation algorithm ‘Trainlm’ gives the lowest value 

for %RMS deviation and %ARMS error in both training and testing data. Thus, the ‘Trainlm’ was 

selected for the prediction of hydrogen pressure.  

Figure 41 Comparison of Actual and Network Predicted Values for Hydrogen Pressure using the 

Levenberg-Marquardt back-propagation algorithm 

 

Figure 41 shows the prediction error for hydrogen pressure using the Levenberg-Marquardt back-

propagation algorithm ‘Trainlm’. It can be seen that the error occurs on both sides of positive and 

negative values, showing no significant bias for either under prediction or over-prediction. In the 
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approximately normal distribution of prediction error provided, more than 80% of data is in the 

range of ±8 psi, compared with maximum pressure of 214 psi, which means more than 80% of the 

data is  in the range of 3.74% error. In addition, the average (mean) value error was approximately 

zero (-0.4743). Therefore, an encouraging prediction result was obtained for hydrogen pressure 

with 6.7598% for %ARMS error and 2.7962% for %RMS deviation. 

 

 

Figure 42 Prediction Error for Hydrogen Pressure 
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Figure 43 Histogram Prediction Error Distribution of Hydrogen Pressure 

 

Using ANFIS 

The prediction result for hydrogen pressure using ANFIS is shown in Figure 44. The prediction 

errors also occur on both sides of positive and negative values. The average (mean) value error was 

nearly zero, the %ARMS error was 3.2067% and the %RMS deviation was 1.4348. This is an 

outstanding improvement over the previous best neural network performance. Hence, this is 

particularly encouraging since the predictive model can be used as a virtual sensor with such great 

accuracy in estimating important hydrogen safety features. 
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Figure 44 Comparison of actual and predicted values of hydrogen pressure using ANFIS 

 

5.2.1.3 Prediction of hydrogen flow rate 

 

Using Levenberg-Marquardt back-propagation algorithm 

The results of the comparison of network modelling with different algorithms for hydrogen flow 

rate are provided in Table 7.  
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Figure 45 Comparison of Actual and Network Predicted Values for Hydrogen Flow Rate using 

Levenberg-Marquardt back-propagation algorithm 

 

Similarly, Figure 45 highlights the ability of the Levenberg-Marquardt back-propagation algorithm 

‘Trainlm’. This gives the lowest value of all of the eleven algorithms, for both the RMS percentage 

deviation and the %ARMS error of less that 2% for prediction of the hydrogen flow rate. In the 

approximately normal distribution of prediction error provided, more than 90% of the data is in the 

range of ±0.5 compared with maximum hydrogen flow rate 9LPM, which means that more than 

90% of the data is in the range of 5.5% error. In addition, an average (mean) value error was 

approximately zero (0.02126). Therefore, an encouraging prediction result for the testing set was 

obtained for the hydrogen flow rate with 1.2784% for the %ARMS error and 14.1485% for the 

%RMS deviation. 
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Figure 46 Prediction Error for Hydrogen Flow Rate 

 

Figure 47 Histogram Prediction Error Distribution of Hydrogen Flow Rate 
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Using ANFIS 

The prediction result for the hydrogen flow rate using ANFIS in Figure 48 shows that the 

prediction errors is nearly zero for the whole data set index. The average (mean) value error 

was approximately zero, the %ARMS error was 0.3627% and the %RMS deviation was 

4.3126. Once again, this is a significant improvement over the conventional neural network 

models. This is also particularly encouraging since the predictive model can be used so 

accurately as a virtual sensor in estimating the hydrogen flow rate. 

 

Figure 48 Comparison of actual and predicted values of hydrogen flow rate using ANFIS 

 

5.2.1.4 Comparison of the percentage of success rate of neural networks and ANFIS 

 

A further comparison of the results between the ANNs and ANFIS were carried out based on 

the best training results obtained for training and testing of the three production hydrogen 

safety parameters. 

 

Beside the statistical table comparing the errors of neural networks and ANFIS for hydrogen 

production parameters, the percentages of success rates of neural networks and ANFIS as the 
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criteria of evaluation the success and failure rate of training and testing sets for each 

prediction parameter is shown. The success factor is defined as the ability to predict more 

than 85% close to the target values, and the failure criterion is defined as the inability to 

predict less than 10% close to the target values.  

 

Figures 49 to 51 compare success and failure criteria using both neural network models and 

ANFIS for predicting three of the hydrogen safety parameters. It can be seen that the success 

factor although similar between the best of the neural network models (Levenberg-Marquardt 

algorithm) and ANFIS, it is clear that ANFIS have a marginal advantages in terms of 

quantitative accuracy. Therefore, the ability of the algorithm to predict hydrogen safety 

parameters to ±1% accurately can replace expensive instrumentation as virtual sensors. 

Figure 49 Comparison of successes and failures in the training and testing set of neural 

networks and ANFIS for lower explosive limit 
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Figure 50 Comparison of successes and failures in the training and testing set of neural 

networks and ANFIS for hydrogen pressure 

 

Figure 51 Comparison of successes and failures in the training and testing set of neural 

networks and ANFIS for hydrogen flow rate 
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using ANFIS. Thus, ANFIS algorithm can be used online, as virtual sensors, in the 

production of hydrogen for monitoring production parameters. 

 

5.2.2 RESULTS OF USING UTAS NEURAL NETWORKS BACK-PROPAGATION WITH 

OPTIMISED LAYER-BY-LAYER (OLL) NEURAL NETWORK ARCHITECTURE 

 

Tables 8 to 10 show the results from predictive important analysis. They highlight the RMS 

error and the percentage contribution obtained when each of the 10 input variables are 

alternatively omitted from the predictive model. The major objective of this particular 

numerical investigation is to observe the behaviour of the OLL network with changing 

architecture. From this study, some useful information from a ‘process control’ point of view 

about which input most influences the hydrogen products prediction, is obtained. The 

influence of inputs over each observed output hydrogen product variable is consistent for 

both the training and testing data sets. It is shown in this thesis that an important 

consideration when designing network training data is to select carefully those variables that 

are to be used as inputs. Only parameters contributing towards improving the accuracy of the 

network prediction should be included as input parameters.  

 

Table 8 Predictive important results for lower explosive limit 
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Table 9 Predictive important results for hydrogen flow rate 

 

 

Table 10 Predictive important results for hydrogen pressure 

 

 

In order to provide a measure of accuracy of the predictions, as well as provide a means of 

comparing between each of the different neural networks, several parameters were calculated. 

These are defined as:11 average measured value, average error (value), average standard 

deviation (value) and %RMSE, as shown in Table 11 below. 

                                                 

11 Details of these statistical error evaluation criteria are shown in Appendix 2.10  
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Table 11 Summarise prediction results for hydrogen safety parameters 

 

 

5.2.2.1 Prediction of gas detection with percentage lower explosion limit 

 

Figure 52 shows the actual values of the predicted and experimental values of the explosion 

limits. It shows that very good prediction results were obtained for the percentage of lower 

explosive limit, with the percentage average RMS error being 1.8% and the average deviation 

being 0.69, as shown in Table 11 above and the histogram of Figure 53. 
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Figure 52 Comparison of actual and predicted values of percentage lower explosive limit 

using UTAS ANN 

Figure 53 Histogram Prediction Error Distribution of percentage lower explosive limit using 

UTAS ANN 
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5.2.2.2 Prediction of hydrogen pressure 

 

The testing results for the prediction of hydrogen pressure were obtained, as shown in Figure 

54, with the percentage average RMS error being 2.73% and deviation being 4.5. A 

histogram of the testing prediction result is shown in Figure 55. 

 

Figure 54 Comparison of actual and predicted values of hydrogen pressure using UTAS ANN 
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Figure 55 Histogram Prediction Error Distribution of hydrogen pressure using UTAS ANN 

 

5.2.2.3 Prediction of hydrogen flow rate 

 

The testing results for the prediction of the hydrogen flow rate are shown in Figure 57. A 

prediction result was obtained for the prediction of hydrogen flow rate, with the percentage 

average RMS error being 2.71% and the deviation being 0.2. Figure 56 shows the actual 

values of the predicted and experimental values of the hydrogen flow rate. 
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Figure 56 Comparison of actual and predicted values of hydrogen flow rate using UTAS 

ANN 

Figure 57 Histogram Prediction Error Distribution of hydrogen flow rate using UTAS ANN 
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It can be seen that the prediction of hydrogen performance and safety parameters were carried 

out successfully using optimised layer-by-layer, with sensitivity analysis of network 

architecture. The prediction of these parameters, based on the electrolyser’s input variables, 

can be a replacement for expensive sensors and instrumentation. 

 

5.3 CONCLUDING REMARKS 

 

This chapter highlighted the electrolyser intelligent predictive model’s capabilities and their 

prediction results of the lower explosion limit, H2 flow rate and H2 pressure. The project has 

presented the process of building up hydrogen predictive models using the UTAS BPNN with 

optimised layer-by-layer algorithm, MATLAB ANNs with eleven different algorithms and 

ANFIS.  

 

MATLAB ANNs and ANFIS are shown to be accurate predictive models for H2 safety 

parameters. It is important to note that with the ANFIS ability to accurately predict the values 

of these parameters and they have been shown as virtual sensors for digital display of these 

parameters, on line. The predictive models using the UTAS BPNN with optimised layer-by-

layer algorithm, MATLAB ANNs tool and ANFIS were shown to predict the explosive 

limits, production flow rates and pressures of hydrogen using input parameters of the 

Hogen20 ® hydrogen generator. From the results of training and testing, it has been shown 

that the created neural networks and ANFIS made very good predictions with excellent 

quantitative accuracy. The statistical results have shown that the %ARMS and %RMS 

deviation values were less that 3% when compared to the experimental values. It is important 

to note that this accuracy is within the prescribed instrument accuracy. However, ANFIS was 

found to be marginally better than the Levenberg-Marquardt back-propagation algorithm for 

predictive purposes. It has also been shown that, when comparing success and failure criteria, 

both the Levenberg-Marquardt back-propagation algorithm and ANFIS were comparable for 

H2 safety prediction purposes.  

 

The predictive models using the UTAS BPNN with optimised layer-by-layer algorithm were 

also utilised to predict the production pressure, flow rate and the explosive limits of hydrogen 

and the associated parameters of the Hogen20 ® hydrogen generator. From the results of 

graphs and data, it can be seen that the created neural networks were trained well. Looking at 
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the percentage RMS error and deviation for every test case, these are very low. The explosive 

limits of hydrogen were predicted to be about 2% RMSE, the H2 pressure and flow rates were 

predicted to be about 5% and 3% RMSE, respectively. From a suite of back-propagation 

models tested, comparing with UTAS BPNN, the Levenberg-Marquardt back-propagation 

algorithm was found to be the most appropriate for neural networks for quantitative 

prediction. It can be seen that the network prediction results compare with actual output 

target values, acquired from expensive sensors, extremely closely. This is particularly 

encouraging since based on the input parameters of the Hogen20® electrolyser, the hydrogen 

output performance can be predicted without installing expensive experimentation. This is 

also seen as a generic intelligent tool that can be applied to any H2 production unit to monitor 

the safety features of H2 production. 

 

The outcomes of the system are useful, as virtual sensors, for operators to monitor hydrogen 

safety on the shop floor. This is also an innovative way of avoiding expensive 

instrumentation for hydrogen monitoring. 
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CHAPTER 6: INTRODUCTION TO 

OPTIMISATION PERFORMANCES OF 

HYDROGEN CAR PROJECT 
 

 

6.1 INTRODUCTION 

 

The hydrogen predictive models for the electrolyser have been presented, as has the concept 

of implementing the virtual sensors for the operators to monitor the hydrogen safety on the 

shop floor. This chapter studies the performances of hydrogen as a fuel in the internal 

combustion engine, and the optimisation of hydrogen engine control parameters. Literature 

reviews of the internal combustion engine and hydrogen engine conversion are also 

presented. 

 

The overall objectives and an outline of hydrogen car research aspects are then presented to 

show the relevant directions and outcomes this research should achieve.  

 

6.2 LITERATURE SURVEY 

 

6.2.1 BASIC THEORY OF A FOUR-STROKE SPARK IGNITION INTERNAL COMBUSTION 

ENGINE  

 

As the name implies, in an internal combustion engine (ICE), the fuel is ignited inside the 

engine and hot gas expands and does works in the cylinder. Spark ignition and compression 

ignition are the two main forms of the ICE.  

 

The main difference between these two engines is that the mixture of air and fuel is 

compressed and then ignited by the discharge from the capacitor across two electrodes in the 

spark ignition engine, while in the compression ignition engine, the air is drawn into the 

engine then compressed to a specific pressure that can ignite the injected fuel. This thesis 

concentrates on the four-stroke spark ignition engine type.  
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6.2.1.1 Basic four-stroke spark ignition engine operation 

 

 

Figure 58 Basic four-stroke spark ignition engine operation [45]. (1) Air and fuel mixture; 

(2) spark plug; (3) exhaust products; (4) Piston; (5) Connecting rod; (6) Crank shaft 

 

Figure 58 above is a cross-section diagram of a basic four-stroke spark ignition (SI) ICE. A 

complete combustion cycle includes two revolutions of the crank shaft in which four-stroke 

of an Otto cycle12 are operated, as shown in Figure 59.  

                                                 

12 The four-stroke cycle of a SI IC engine is named after its inventor, Nikolaus August Otto. 
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Figure 59 Otto cycle of SI IC Engine [46] 

 

Intake stroke 

In the intake stroke, the inlet valve is open and the piston moves downward from top dead 

centre to bottom dead centre. The movement of the piston causes a partial vacuum in the 

cylinder. Thus, a fresh air charge of air and fuel mixture is forced to enter the combustion 

chamber via the intake port. Then, the intake valve closes.  

 

Compression stroke 

In this stroke, the piston moves upward from bottom dead centre to top dead centre and 

compresses the freshly filled gas and fuel mixture inside the cylinder. As the engine 

combustion chamber is sealed (both inlet and exhaust valve are closed), compressing the fuel 

mixture makes its pressure and temperature increase. 

 

Power stroke (or ignition and expansion stroke) 

As the piston reaches the top dead centre, a spark discharge will ignite the fuel mixture. The 

temperature and pressure of the combusted mixture within the combustion chamber increases 
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and forces the piston down the cylinder bore generating a work output to the connecting rod 

and then to the connected parts (gears and shafts). 

 

Exhaust stroke 

The piston moves upward to the top dead centre and the exhaust valve opens. The burnt 

mixture of gases (waste gases) is expelled out of the cylinder to the exhaust port. Then, the 

engine repeats the intake stroke. 

 

Compression ratio 

As shown in the Figure 58 above, the compression ratio is defined as: 
d c

c

V V
CR

V

+
=  

Where dV the cylinder is swept volume and cV is the cylinder clearance volume.  

 

In fact, real internal combustion engines are comprised of more complex engine designs. 

Valve timing and different fuel injection are two of the most essential parts in engine designs. 

As such, these two parts will be briefly discussed in Sections 6.2.1.2 Effect of valve timing’ 

and 6.2.2 Fuel injection methods’. 

 

6.2.1.2 Effect of valve timing 

 

Figure 60 below depicts a typical profile of the intake and exhaust valve timing of a dedicated 

engine design.  
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Figure 60 Dedicated cam profile [47] 

 

In Figure 60, there is an overlap period where both the intake valve and exhaust valve are 

open. In this period, a proportion of exhaust gasses can flow from the exhaust back to the 

intake port, and then into the cylinder chamber. It reduces the actual mass flow of clean air 

and can create a backfire or flashback (which is discussed further later on). Hence, this 

scenario can make engine performance worse.  

 

Similarly, the fresh air charge mixture of air and fuel can be injected into the intake port 

before the piston moves downward while in the overlap period. This will cause an excess of 

air and fuel. This excess amount of mixture can flow out of the exhaust and increase 

hydrocarbon emissions.  

 

These two scenarios can happen depending on the design of the intake and exhaust valve 

timing systems within the cam profile of the engine.  

 

6.2.2 FUEL INJECTION METHODS 

 

There are four fuel injection methods used in automotive application, particularly in 

converted gasoline engines run on hydrogen. They are [48]: 
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• Carburettor 

• Single point throttle-body fuel injection 

• Multipoint port injection (individual fuel injectors mounted in the intake port of each 

cylinder) 

• Direct injection. 

 

Although the carburettor has the longest history of being used in engine design, modern 

hydrogen conversion projects utilise the electronic fuel injection system (to spray fuel into 

the mixing port) because there are several advantages over the carburettor type, such as: 

improved atomisation, better fuel distribution, smoother idling, lower emissions, better cold 

weather drivability and cold start, increased engine power and fewer parts [3, 49]. The last 

three fuel injection methods use an electronic fuel injection system. Figure 61 below depicts a 

basic electronic fuel injector. 

 

 

Figure 61 Basic electronic fuel injector [3] 

 

A desired electrical current is essential to activate the solenoid winding, and the needle is 

then lifted to release high-pressure fuel. If the electrical current is cut, the return spring will 

force the needle back to its original position to close the outlet. 

 

The following section will briefly discuss the last three types of fuel injection methods stated 

above. 
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6.2.2.1 Single point throttle-body fuel injection 

 

This is an indirect injection system in which the electronic fuel injector will inject fuel (under 

pressure) into the mixing port via the injector nozzles in the throttle body. There may be more 

than one injector that injects the fuel into the top centre of the intake manifold. Then, the fuel 

is mixed with the air controlled by the throttle valve to flow though the throttle body 

assembly. This mixture then passes through the intake manifold to the engine chamber. The 

throttle valve is connected to the engine gas pedal; as such, the throttle is opened once the 

pedal is pressed which control the mass of air entering into engine. There is an engine control 

unit (ECU) to control the injection timing (start of injection and injection duration) to ensure 

that the correct amount of desired air and fuel mixture is introduced to the engine under 

different engine-operating conditions [3, 49].  

  

 

Figure 62 Single point throttle-body fuel injection [3, 49] 

 

6.2.2.2 Multi-point port injection 

 

This is also an indirect injection system in which the electronic fuel injector will inject fuel 

(under pressure) into the mixing port via different locations in the throttle body (multipoint). 

The fuel is sprayed into the intake port and towards the intake valve of each combustion 

chamber. Figure 63 below shows a multipoint port injection system. 
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Figure 63 Multipoint port injection system [3] 

 

Similar to the single point throttle body injection, the throttle valve is regulated (by pressing 

the gas pedal) to control the mass of air flowing into the engine, hence controlling the power. 

The ECU will synchronise the operation of all injectors and control the injection timings. 

 

6.2.2.3 Direct injection system 

 

In this type of injection system, the injector is mounted directly into the cylinder head, and 

injects high-pressure fuel into the combustion chamber, as shown in Figure 64. Note that the 

pressure of fuel in this type of injection is higher than the port injection type. 
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Figure 64 Direct injection system [3] 

 

6.2.3 CONTROL STRATEGIES OF FUEL INJECTION AND IGNITION TIMING 

  

6.2.3.1 Conventional control strategies 

 

The conventional control strategy utilises an engine management system in closed loop and 

open loop manners. Typically, control of the ignition timing is open loop, in which the engine 

management system does not monitor the engine performances, but will correct the ignition 

timing based on the engine’s performances. 

 

 

Figure 65 Engine control system [50] 
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The injection control can be operated in two ways. The open loop control manner of the 

injection system is performed under particular engine-operating conditions, such as starting 

the engine, cold start, hard acceleration, during fuel cut-off time and when throttle fully open 

[3]. In the closed loop control manner, the engine management utilises the exhaust gas 

sensor, that represents the air/fuel ratio (λ) to monitor the exhaust stream and then to regulate 

the injection timing control parameters to maintain the desired lambda value. The control 

parameters of the injection timing include injection duration, injection start or injection end. 

The lambda value is defined as the ratio of actual air-to-fuel ratio (AFR), divided by the 

stoichiometric13 air-to-fuel ratio (AFRstoichiometric) as shown below. 

 

é = êëì
êëìíAî¯ïº¯îð;A:¯ï 							(ç�1) 

 

The engine management system utilises the look-up table or matching control table to control 

the variables of ignition and injection timing. The look-up table shows the relationship 

between the individual engine-operating point (at a particular engine’s speed and load), and 

the control parameters. Figure 66 represents a dedicated ignition timing control table, and 

corresponding 3D map for the whole range of operations of a sample engine.  

                                                 

13 The ideal mixture at which all air and fuel are burnt with no leftover. 
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Figure 66 Ignition timing look-up table and 3D map 

 

When engine-operating points fall between points on the map, the control parameters will be 

calculated using linear interpolation. Thus, the accuracy of the control parameters at these 

interpolation points depends on the resolution of the table grid and the degree of non-linearity 

[3]. 

 

6.2.3.2 Intelligent modern control techniques 

 

Modern control theories have been investigated to perform analytical modelling and to 

control the engine with high accuracy using artificial intelligent networks. There are a 
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number of projects that utilise intelligent techniques for their particular application, as listed 

below. 

 

• Hafner et al. [51] utilised the local linear radial basis function network integrated into 

an optimisation tool to control the settings for optimal Diesel engine performance in 

terms of emissions, fuel consumption and generated torque.  

• Li et al.[52] applied three layer feed-forward neural networks for idle speed regulation 

in an internal combustion engine.  

• Park et al. [53] used the cylinder pressure and a feed-forward radial basis function 

neural network to control ignition timing. 

• Wang et al. [54] used the adaptive neural network integrated into the model-based 

predictive control of an internal combustion engine.  

 

6.2.4 EXPERIMENTAL AND ANALYTICAL RESEARCH OF HYDROGEN INTERNAL 

COMBUSTION ENGINE 

 

6.2.4.1 Comparison of hydrogen internal combustion engines with hydrogen-fuelled 

cells 

 

Currently, there are two hydrogen utilisation technologies for transportation: hydrogen-

fuelled internal combustion engines and hydrogen-fuelled fuel cells. The table below is the 

comparison between these two techniques and explains the reasons for focusing on hydrogen-

fuelled ICE.  

 

 

 

 

 

 

 

 

 

  



Chapter 6: Introduction to optimisation performance of hydrogen car project          122 

 

 

Table 12 Comparison of hydrogen internal combustion engines with hydrogen-fuelled cells 

[55] 

 

 

Both these two hydrogen utilisation technologies have their own advantages and 

disadvantages. The hydrogen-fuelled ICE can be considered a transition technique to fuel 

cells or can be developed as a parallel technique with fuel cells.  

 

6.2.4.2 History and modern hydrogen conversion experiments 

 

History of hydrogen conversion projects 

The use of hydrogen as a fuel in the ICE is not a new idea. In 1807, Rivaz is credited with the 

construction of the first hydrogen internal combustion engine [56]. In the early 1870s, Otto 

considered different fuels including hydrogen for his internal combustion engine and 

obtaining hydrogen from water splitting, a well-known laboratory phenomenon. However, 

the engine of most early hydrogen engine experiments backfired and gave less power when 

compared to gasoline [7]. 

 

During World War I, hydrogen was considered for submarine use and powering airship 

engines. In the 1920s, Erren converted over 1000 engines using hydrogen as a fuel, including 

engines for trucks and buses. In 1924, the first performance test of a one cylinder hydrogen 

engine was conducted by Ricardo using various compression ratios. His tests result of peak 
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engine efficiency was 43% at a compression ratio of 7, while Burnstall obtained an efficiency 

of 41.3% at a compression ratio of 9.95 and an equivalent ratio range of 0.587-0.8 [7].  

 

After World War II, King found a high flame velocity at high equivalency ratios when using 

hydrogen as a fuel in his engine and that pre-ignition was caused by the hot spots in the 

combustion chamber. Later on, Swain and Adt at the University of Miami converted a 1600cc 

Toyota engine running on hydrogen at a compression ratio of 9:1 with the modified injection 

system [7]. 

 

In 1972, Roger Billing converted a Volkswagen to run on hydrogen in the Urban Vehicle 

Competition. The test results for his conversion engine showed that NOx emissions exceeded 

the levels of other converted hydrogen engines utilising the direct injection method. In 1975, 

Robert Zweig solved the backfire problem of his hydrogen-powered pickup truck using an 

additional intake valve entering separate compressed hydrogen from air. The same concept to 

keep hydrogen and air separate until they are combined in a combustion chamber was then 

utilised to convert hydrogen-powered rotary engines by Brookhaven National Laboratory, 

and Mazda [7]. 

 

Modern hydrogen conversion projects 

Table 13 below shows the dedicated conversion of hydrogen engine experiments.  
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Table 13 Hydrogen conversion engine experiments [7]
14
 

Investigator

Number of

 cylinder Displacement C.R

Speed 

(rpm)

Power

(KW) Power/Pis. area E.R.

Eff. 

(%)

MEP

(Mpa)

Nox

(ppm)

Tizard 1 2.1 ~ ~ ~ ~ ~ ~ ~ ~

Ricardo 1 2.1 5.45 1500 26.9 0.25 0.9 33 0.51 ~*

0.9 40 ~ ~~~**

Burstall 1 2.1 7 1000 14 0.14 0.85 37 0.81 ~

0.5 38 0.53 ~

Erren ~ ~ 8 ~ ~ ~ ~ 45 ~ 0

~ 45 ~ 0

Omichen ~ ~ 12 1500 ~ ~ ~ ~ ~ ~

52

King 1 0.6 20 1800 9 0.17 1 38 0.99 ~

0.39 52 0.41 ~

Downs 1 0.5 20 1500 ~ ~ ~ ~ ~ ~

Azilloti 1 0.6 12 900 ~ ~ ~ ~ ~ ~

Holvenstot 8 63.1 8 550 162 0.06 1 29 0.57 ~

Karim 1 0.6 20 900 ~ ~ ~ ~ ~ ~

Swain 4 1.6 9 2600 11.9 ~ ~ ~ 0.35 1900

Billings 1 0.1 5.5 2900 1.2 0.04 0.9 33 0.46 7000

0.5 34 0.37 2.5

Adt 4 3.2 10 1400 5.1 0.02 0.28 17 0.13 2.2

Adt 8 3.2 10 1450 12.5 0.04 0.47 25 0.32 ~

0.37 28 0.26 ~

Finegold 8 5.8 8.9 ~ ~ ~ ~ ~ ~ ~

Finegold 8 5.7 8.5 1500 32.1 0.05 0.6 31 0.45 12

Breshears 8 ~ ~ 2000 ~ ~ ~ ~ ~ ~

Stobar 1 0.6 8 1200 1 0.02 0.2 40 23 13

Thomas 4 2.3 8 2500 9 0.04 ~ 23 13

Murray 1 0.1 6.5 4000 2.1 0.07 1.89 12 0.52 340

0.78 17 0.43 752

Morgan 1 0.05 12.7 4000 3.8 0.35 6 32 1.31 ~  

 

                                                 

14 * Top row in the table for ER, efficiency, MEP, and exhaust NOx are measured at the maximum report 
power. ** Bottom row in the table for the maximum reported efficiency. 
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6.2.4.3 Spark ignition hydrogen internal combustion engine: Engine operation 

parameters 

 

Hydrogen fuel mixing 

In the literature review of several converted hydrogen internal combustion engines, there are 

two common methods of introducing a mixture of air and hydrogen fuel into a combustion 

chamber with backfire-free operation: internal fuel mixing and external fuel mixing. 

 

With internal fuel mixing, hydrogen and air are inducted separately into the combustion 

chamber. The internal mixture formation can usually be done by the direct injection system, 

in which the fuel and air are kept separate until mixed in the combustion chamber. 

 

With external fuel mixing, the fuel and air are mixed before entering the combustion 

chamber. The most recently converted hydrogen internal combustion engine utilises this 

mixture formation with time manifold or port fuel injection (with water injection and exhaust 

gas recirculation).  

 

Equivalent ratio 

The equivalent ratio (ER) is related to λ (defined previously in section conventional control 

strategies), as shown below: 

 

ñ� ì = 	ò = 	1é =
êëìíAî¯ïº¯îð;A:¯ïêëì 									(ç�$) 

 

From the experiments demonstrated in Table 13,  and recent investigations into the operation 

of the hydrogen internal combustion engine, it can be seen that the lower limit that enables 

complete combustion is approximately an equivalent ratio of 0.22 (λ=4.5). Mathur and Das 

(1990) argue that the equivalent ratio would be 0.28 (λ=3.57) in order to have smooth engine 

operation, while the maximum efficiency was found at an equivalent ratio between 0.5 (λ=2) 

and 0.6 (λ=1.67). Verhelst and Sierens (2001) investigated and confirmed the results obtained 

from Mathur and Das, with an equivalent ratio of 0.5 and 0.6 for the backfire-free operation 

of their hydrogen engine.  
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Generally, smooth hydrogen engine operation could be expected at an equivalent ratio of 

between 0.3 and 0.6. A higher engine load will require a higher ER. Normal operation of 

hydrogen fuel needs an equivalent ratio approximately between the ranges of 0.5 to 0.65 (λ 

from 2.0 to 1.54), while high load needs an ER of 0.8 (λ=1.25). The higher ER causes an 

increase in the combustion temperature and flame velocity of hydrogen fuel.  

 

Compression ratio 

The compression ratio has been defined in the previous section as the ratio of volume of the 

cylinder with the piston at the lowest point (swept volume plus clearance volume) divided by 

the volume of the cylinder with the piston at the highest point (clearance volume).  

 

As more area per unit volume increases heat dissipation from the cylinder walls [57], the 

increasing of the compression ratio will increase the engine’s thermal efficiency, and increase 

the temperature of the combustion and the exhaust gas, along with elevated emissions of 

nitrogen oxide (NOx) [58]. However, there is a clear benefit to see that compressing a leaner 

mixture at a higher compression degree can get the same output results as those using a richer 

mixture.  

 

Ignition timing and spark gap 

As hydrogen has a fast flame speed, the ignition timing for a hydrogen engine should be 

modified to overcome the backfire and increased engine power. The exhibitor [7] shows that 

ignition timing should advance (spark advance) close to the top dead centre of the crank 

angle (CA). However, increasing the ignition timing will cause the combustion temperature 

to go up exponentially and so does the NOx formation.  

 

The exhibitor [59] demonstrates that the spark advance should be reduced as the equivalent 

ratio increases. If the equivalent ratio is fixed at all engine‘s speed and load points, the 

ignition timing can be fixed. If the spark advance is too high, backfire will occur. Contrarily, 

the delay in the combustion due to the spark advance being too low may cause valve 

overheating and pre-ignition for the next engine cycle [7]. Figure 67 shows the relationship 

between spark advance and equivalency ratio of a dedicated hydrogen engine experiment 

setting.  
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Figure 67 Spark advance at various fuel mixtures and compression ratios [7] 

 

Emissions 

The combustion of pure hydrogen and oxygen produces water vapour only. However, the 

‘real’ exhaust gases contain different sources of emissions from a hydrogen internal 

combustion engine, including oxides of nitrogen (NOx), hydrocarbons (HC), carbon 

monoxide and carbon dioxides.  

 

As nitrogen makes up approximately 70% of the atmosphere, the high temperature 

combustion of hydrogen with air can produce NOx emissions:  

  

H2 + O2 + N2 = H2O + N2 + NOx 
 

A number of factors can affect the amount of NOx emissions including air-to-fuel ratio, 

compression ratio, engine speed and load, ignition timing, and thermal dilution [60]. 

Dedicated  research on the hydrogen engine [61] has found that, the emissions of NOx when 

running on hydrogen are only about 7% compared with the gasoline-fuelled engine. Murray 
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et al. reported that the emissions of NOx in a single cylinder hydrogen engine were about one 

fifth of the same gasoline-fuelled engine. The exhibitor [60] demonstrated the relationship 

between equivalent ratio and NOx emissions in a hydrogen internal combustion engine as 

shown in Figure 68 below. 

 

 

Figure 68 Emissions for a hydrogen engine [60] 

 

The formation of HC is mainly due to the burning of lubricating oil. Besides that, carbon 

monoxide and carbon dioxide can be present in the exhaust gas due to seeped oil burning 

in the combustion chamber [60].  

 

Abnormal combustion of pre-ignition and backfire 

Common abnormal combustion conditions, such as pre-ignition and flashback, arise due to 

low flammability limits and the low energy required for igniting hydrogen.  

 

Pre-ignition usually occurs when the mixture of air and fuel ignites in the combustion 

chamber before the inlet valves close. Pre-ignition can cause flashback, where the ignited air 

and fuel mixture explodes back into the intake system [7].  
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Increasing the hydrogen equivalent ratio in response to higher engine load can cause a pre-

ignition problem. To minimise the risk of pre-ignition, suggestions reflected in literature 

reviews include excluding excessive oil, low temperature spark plugs and sodium filled 

exhaust valves.15 In addition, hydrogen needs less energy to ignite compared with gasoline 

fuel. Thus, the spark plugs only need lower voltage and hence reduce the occurrence of pre-

ignition. 

 

Hydrogen engine power 

For the same engine, if being fuelled by hydrogen, an external fuel mixture will reduce the 

power by 20% to 30% compared with when it is fuelled by gasoline. The reason is that the air 

and fuel are mixed outside the combustion chamber, causing hydrogen gas to displace the air 

in the mixture. To avoid power reduction due to the low volumetric energy content of 

hydrogen mixtures, past experiments of modified hydrogen internal combustion engines 

proposed the following methods: 

• Higher compression ratios 

• Higher fuel delivery pressures 

• Supercharging: the mixture of air and fuel are compressed before being inducted into 

the combustion chamber 

• Direct fuel injection 

 

Exhaust temperature and combustion efficiency 

The thermal efficiency of an engine is defined as follows [7]: 

T»[���K	[�ó���[��´ = H�M»	�[�] j �L®	�[�]
H�M»�	�[�] j êôJ� õ[�L											(ç��) 

 

Where   Hightemp maximum combustion temperature 

  Abs.Zero -273oC (-459oF) 

  Lowtemp exhaust temperature 

 

                                                 

15 To avoid heat build up in the valve. 
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An engine-operating with a low exhaust temperature has a high efficiency because a greater 

proportion of combustion energy has been converted to the mechanical work to turn the drive 

shaft, while less energy was sent out through the exhaust system. 

 

The hydrogen engine of Li and Karim [62] shows the brake thermal efficiency of using port 

injection and in-cylinder injection at an engine speed of 1500 RPM, a wide-open throttle and 

maximum brake torque, as shown in Figure 69. 

 

 

Figure 69 Indicated Thermal Efficiency versus fuel-air equivalent ratio [62] 

 

Another result demonstrated by Das [63] showing the indicated engine thermal efficiency and 

brake thermal efficiency of different hydrogen fuel injection methods, includes: Timed 

Manifold Injection (TMI), Constant Manifold Injection (CMI) and Low Pressure Direct 

Injection (LPDI). 
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Figure 70 Left: variation of ITE with respect to the equivalence ratio for both fuelling modes 

such as CMI and TMI; Right: BTE with respect to speed at a constant equivalence ratio for 

both the TMI and LPDI operation [63]. 

 

6.3. OBJECTIVES AND OUTLINE OF THE RESEARCH 

 

The research proposes different optimisation techniques for tuning the converted hydrogen-

powered car. It has been decided that the following requirements should be met and 

considered for a successful tuning method. 

 

• Power output requirements: the modified hydrogen conversion systems and settings of 

engine control parameters, as well as fine-tuning, should minimise the power loss 

compared to gasoline-fuelled engines. Generally, the acceptable power loss figure of 

the converted hydrogen car in this project can be in the range of 20% to 50%, , 

depending on the desired objectives of different engine-operating conditions. Those 

conditions include low load (city driving conditions) or medium to high load 

(highway driving, hill climbing and overtaking driving conditions). 

• Minimisation of fuel consumption: the converted hydrogen car utilises compressed 

hydrogen gas. Fine-tuning should optimise the fuel consumption wherever required 

via the best settings of air-to-fuel ratio of the hydrogen and air mixtures. The settings 
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of hydrogen-fuelled engine should achieve the lean best torque and appropriate 

ignition timing for maximising the engine‘s brake thermal efficiency.  

• Elimination of abnormal combustion in hydrogen engine: knocking, pre-ignition, self-

ignition and backfire are considered as common in abnormal hydrogen internal 

combustion engines. Successful tuning of the converted hydrogen engine is essential 

to avoid occurrence of these abnormal combustion scenarios.  

• Minimisation of emissions: NOx and HC emissions are the two sources of emissions 

from the hydrogen internal combustion engine, the fine-tuning must optimise the 

settings of engine control parameters to achieve minimum emissions whenever 

possible.  

• Smooth operation of the engine and good driveability: upon successful fine-tuning of 

the converted hydrogen car, the hydrogen engine should operate smoothly for the 

whole drive cycle.  

 

In this thesis, a Toyota Corolla four-cylinder, 1.8-litre vehicle running on petrol is 

systematically converted to run on dual fuels: hydrogen or gasoline. The tuning aspect is 

particularly exasperated when tailor-made engine management systems are integrated into the 

hydrogen ICE without a prior matrix of data to refer to for online tuning. 

 

Several ancillary equipments for measuring various engine-operating parameters and 

emissions are fitted to appraise the performance of the hydrogen car. The effects of hydrogen 

as a fuel compared with gasoline on engine-operating parameters, and the effects of engine-

operating parameters on emission characteristics, are discussed. 

 

While the process of exhaustive experimentation and subsequence tabulation are time-

consuming, an intelligent system estimating ignition timing will be of great use in fine-tuning 

these engines. A fuzzy expert system is proposed. It uses the online engine parameters such 

as engine speed, throttle position, manifold air pressure, fuel pulse width, engine power and 

lambda values chosen, as inputs to estimate ignition timing for the basic tuning of the 

hydrogen car.  

 

Based on the experimental tuning database, a suite of neural network models was tested to 

accurately predict the effect of major engine-operating conditions on the hydrogen car 
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emissions. This work provided a better understanding of the effect of the engine process 

parameters and characteristics on emissions. 

 

In addition, the research also presents POWERTRAIN optimisation techniques with 

empirical engine modelling or model-based calibration (MBC), via response surface 

methodology with hydrogen engine Hardware in the Loop Simulation and Testing (HILST). 

The model utilises ignition advance and injection timings (injection duration and injection 

end angle) control parameters to find the optimal balance of maximum brake torque, NOx 

emission and hydrogen fuel economy, based on the tuning data of the hydrogen-powered car 

via trade-off and optimisation study cases. This work is a step towards establishing a model 

of a hydrogen-powered car via the application of advanced POWERTRAIN techniques, while 

saving time and money, and limiting the damage to the innovative hydrogen internal 

combustion engine in the early desired optimisation tuning process. A general diagram of the 

optimising performances of hydrogen-powered car project is depicted in Figure 71. 

 

 

 Figure 71 General diagram of optimising performances of hydrogen-powered car 
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CHAPTER 7: UTAS HYDROGEN CAR 

CONVERSION AND SENSORS FOR DATA 

ACQUISITION 
 

7.1 HYDROGEN ENGINE CONVERSION
16 

The Hydrogen and Allied Renewable Technology (HART) research program at UTAS has 

developed a prototype hydrogen vehicle converted from a conventional four-cylinder Toyota 

Corolla. Several constraints have been taken into consideration when implementing engine-

tuning maps including: elimination of knock, pre-ignition, self-ignition and backfire, smooth 

operation of the engine with desired power output requirements while minimising the 

emission and fuel consumption. The design, installation and development of mechanical parts 

and the safety sensor system for the converted hydrogen car were a lengthy process that 

needed to be repeated several times. It was incorporated mainly with two Masters students, 

Daniel Lim [65] and Danny Barrett [66]. Therefore, these two references are used throughout 

this section. 

 

Figure 72 UTAS hydrogen-powered car 

                                                 

16 The content of this section has been published in the International Journal of Hydrogen Energy: 
1. Ho T, Karri V, Lim D, Barrett DT. An investigation of engine performance parameters and artificial 

intelligent emission prediction of hydrogen powered car. Int J Hydrogen Energ. 2008;33:3837-46. 
ISSN 0360-3199.  
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Table 14 Specifications of the conversion vehicle [8] 

Manufacturer Toyota 

Model Corolla 

Series Ascent 

Body Type Hatchback 

Year of Manufacture 2002 

Type Inline, 4 Cylinders, DOHC, VVTi 

Total Displacement 1794 cm3 

Compression Ratio 10.0:1 

Fuel Type Unleaded Petrol RON 91 or Higher 

Maximum Power Output 100kw @ 6000 RPM 

Maximum Torque 171 Nm @ 4200 RPM 

Valve Timing 

Intake open: 2o ~ 42o BTDC 

Intake close: 50o ~ 10o ABDC 

Exhaust open: 42o BTDC 

Exhaust close: 2o ABDC 

Length 4385 mm 

Width 1695 mm 

Height 1475 mm 

Wheelbase 2600 mm 

Driven wheels Front wheel drive 

Transmission 5 speed manual 

 

The design and construction of a hydrogen car was based on seven basic systems: the 

hydrogen storage, hydrogen re-fuelling, hydrogen piping, pressure regulation, fuel delivery, 

fuel and engine management and safety, as shown in Figure 73. The prioritisation process of 

various conversion stages can be seen in Figure 74. Numerous Australian and international 

standards were proposed and applied throughout the design and modification processes.17  

 

                                                 

17 The detailed comparison of hydrogen conversion with numerous Australian and International standards is 
attached in Appendix 2.1. 



Chapter 7: UTAS hydrogen car conversion and sensors for data acquisition           136 

 

 

 

 

Figure 73 Overview of the seven basic systems of the converted hydrogen car 

 

Figure 74 Prioritisation of hydrogen-powered car conversion 
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7.1.1 HYDROGEN STORAGE SYSTEM 

 

The storage system included two E-size industrial cylinders containing 0.5 kg of compressed 

hydrogen in total. They were firmly held in a steel cage, as shown in Figure 75. These two 

cylinders were fitted across the vehicle, with the foremost cylinder mounted higher than the 

rearmost one. The cylinders were constructed from high quality steel with a storage volume 

of 23 litres subject to internal pressure of 13.7 MPa. These cylinders were used and tested in 

accordance with the Australian standards AS 2875 [67], AS 4838 [68] and AS 2739 [69]. 

These govern high-pressure cylinders used in the automotive industry. The cylinder cage was 

designed and constructed from square hollow structural steel in accordance with AS 2739 , 

which contains the standard requirements for gas cylinder frames to withstand forces from 

different directions (fore and aft, vertical, transverse) while allowing plastic deformation.  

 

 

Figure 75 Hydrogen storage system 

 

7.1.2 HYDROGEN REFUELLING SYSTEM 

 

The hydrogen refuelling system was comprised of a factory set of 245 bars burst disc BOC 

cylinder valves, three hydrogen and one nitrogen CIGWeld cylinder valve spigot and nut sets, 

a Landi Renso CNG fuel shut-off solenoid valve with integral inlet filter (rated to 206 bars) 

and a Landi Renso CNG fuel pressure gauge, pressure sensor and electronic pressure 
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indicator (rated to around 400 bars). This system was designed to deliver the high-pressure 

compressed hydrogen from the refuelling stations to the hydrogen storage system, via the 

cylinder adaptor and a small section of the hydrogen piping system. The cylinder adaptor 

hoses were fitted with a lock-off valve and non-return valves, as well as the bleed valves 

fitted to the hoses. These were needed to bleed off the residual hydrogen pressure from 

between the hydrogen cylinder valves and the non-return valves. 

 

 

Figure 76 Left: Outlet stems from BOC cylinders (cylinder adaptors); Right: Nitrogen gas 

cylinder purging 

 

7.1.3 HYDROGEN PIPING SYSTEM 

 

The hydrogen piping system transports hydrogen between other systems. It consists mainly of 

Swagelok ½’ annealed stainless steel tubing with a pressure rating of up to 350 bars, with a 

burst pressure of over 1400 bars as required by both NFPA 52 [70] and AS 2739 [69]. 
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Figure 77 Under body hydrogen tubing 

 

7.1.4 PRESSURE REGULATION SYSTEM 

 

The pressure regulation system brings the hydrogen pressure down from the storage pressure 

to the pressure required by the fuel delivery system. This system includes a CIGWELD dual 

stage high flow industrial hydrogen gas regulator, rated to 200 bars inlet pressure. 

 

 

Figure 78 CIGWELD pressure regulator 

 

Low pressure relief valve 
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7.1.5 HYDROGEN DELIVERY SYSTEM 

 

A multipoint port injection method was chosen for the fuel delivery system. This system 

includes four gaseous Quantum hydrogen injectors which are attached to a common 

aluminium hydrogen fuel rail mounted on the desired stainless steel manifold. A bleed valve 

was installed at one end of fuel rail, while the high flow ‘Simax 5’ flashback arrestor 

produced by IBEDA was installed at the opposite end.  

 

 

Figure 79 Fuel delivery system 

 

The desired stainless steel manifold was resembled with the manufacturer’s plastic manifold 

to minimise the changes to the original factory design, and unnecessary modifications, as 

seen in Table 15.  

 

Low impedance Quantum hydrogen fuel injectors were used. The injector operates in peak 

and hold mode. Initially, a peak current of 4 A at 12 VDC is drawn at approximately 2.5 ms 

after the injector has been fired to initiate the opening of the injector’s needle. Then, the 

drawn current drops to 1 A at 12VDC to hold the injector’s needle open. Figure 80 depicts 

the peak and hold current trace.  
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Figure 80 Quantum injector-peal and hold current trace [71] 

 

Table 15 Design of stainless steel manifold [72] 
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7.1.6 HYDROGEN ENGINE MANAGEMENT SYSTEM 

 

One of the most significant modifications was the use of an aftermarket engine control unit. 

The hydrogen engine management system not only has the capability of receiving an array of 

information from various sensors about engine-operating conditions, but it also sequentially 

controls in a precise manner the desired amount of hydrogen to be supplied and the optimised 

ignition advance. In addition, it can handle the idle speed status, or operate various auxiliary 

outputs such as boost control valves, relays, warning lights and signals used for the safety 

system. 

 

The requirements for controlling a hydrogen engine could not be met using the original 

equipment factory (OEM) system. Therefore, a MoteC M400 engine control unit (ECU) was 

used to manage the engine while it was fuelled by the hydrogen. The OEM Toyota ECU was 

only triggered when the vehicle was switched to operate on gasoline fuel. Control aspects 

shifted between the two ECUs are: 

 

• Fuel injection control 

• Ignition control 

• Idle control 

• Variable CAM timing control 

 

The switch over system of an Electronic Fuel Injector (EFI) was used to swap the factory 

ECU with the MoteC ECU. The EFI switch was located near the driver, while the relay 

junction terminal was placed in the glove compartment as pictured in Figure 81. There are 

four pole dual throw relays allowing switching of up to 16 connections simultaneously. Most 

of the connections were connected to two DB25 connectors, except for two high power rated 

connectors that were connected to hydrogen injectors [65]. 
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Figure 81 EFI switch over unit 

 

7.1.7 SAFETY SYSTEM 

 

The safety system design includes a leak detection system, a fuel shut-off switch, a solenoid 

valve, a flashback arrestor (as demonstrated in the fuel delivery system), pressure relief 

valves and filtration.  

 

The leak detection system includes a hydrogen sensor and associated circuitry. The hydrogen 

sensor is placed above the storage tanks mounted below the car’s radio antenna. The sensor’s 

circuitry will alert the driver if the hydrogen concentration is equal to one tenth of the lower 

explosive limit (LEL), and it will shut-off the fuel solenoid to force the engine to stop in the 

case the hydrogen concentration reaches one half of the LEL. Figure 82 shows the leak 

detection system.  
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Figure 82 Hydrogen leak detection system 

 

The fuel shut-off valve is a ‘normally closed’ high-pressure solenoid. To ensure that the valve 

can be closed automatically when the engine stops or any serious accident happens, a gas 

safety switch is installed to control the valve so that it is only open for approximately 2.5 

seconds since the fuel selection switched to hydrogen or if the engine is rotating [66]. Figure 

83 shows the hydrogen safety system wiring diagram. 

 

 

Figure 83 Hydrogen safety system wiring diagram [65] 
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The design of the hydrogen pressure relief system includes three stages: 

 

• The first pressure relief stage is built into the hydrogen tanks’ valves. This is a factory 

set of 245 bars burst disc BOC cylinder valve. 

• The second pressure relief stage has two components: a proportional relief valve 

which is set at the lowest pressure (but would not cause the valve to vent under 

normal temperature or on a ‘hot’ day, except in the event of fire) and a burst disc with 

the set pressure lower than the rated pressure of the CIGWLED pressure regulator. 

They are placed upstream of the solenoid valve within the engine compartment.  

• The third pressure relief stage is placed on the low-pressure side of the pressure 

regulator so that it can limit the pressure that will apply to the flashback arrestor and 

injector once the pressure regulator fails. 

 

 

Figure 84 Left: Safety switch; Right: Safety valves and filtration 

 

7.2 SENSORS FOR DATA ACQUISITION 

 

A number of engine-operating parameters were measured so that the MoteC ECU of the 

converted hydrogen-powered car could operate and be controlled properly. All parameters 

were logged into the Advanced Dash Logger (ADL) supplied by MoteC. Some of them were 

Safety switch 
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made available via the MoteC ECU or directly from the sensors, while others were obtained 

from the stock ECU. Table 16 below presents those engine parameters and the appropriate 

sources of measurement sensors.  

 

Table 16 Engine parameters and appropriate source of measurement sensors [73] 

Parameter Designation Sensor/Source 

Engine RPM  RPM Stock ECU 

Throttle Position TP Stock ECU 

Mass Air Flow AMass MAF Sensor via Stock ECU 

Manifold Air Pressure  MAP MAP Sensor via MoteC ECU 

Fuel Actual Pulse Width FAPW MoteC ECU lookup table 

Ignition Advance IAdv MoteC ECU lookup table 

Lambda La1 Lambda Sensor via PLM 

Intake Air Temperature AT Stock ECU 

Engine Temperature ET Stock ECU 

Output Power PWR Dynamometer 

Exhaust Gas Temperature EGT Dynamometer EGT Sensor  

Exhaust Emissions Gases  NOx, CO, 

CO2, HC, O2 

OTX-SPC gas analyser 
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Figure 85 An overview of engine management and sensor for data acquisition 

 

7.2.1 TIMING SYNCHRONISATION SENSORS: CRANK AND CAM POSITION SENSORS 

 

The manufacturer-fitted crank sensor and cam sensor are both magnetic sensors using gear-

toothed disc measurement to provide system synchronisation. They are particularly important 

for determining the correct timing for the injection and ignition of the hydrogen engine using 

an aftermarket ECU. 

 

The crank sensor, which is referred to as the Ref signal, provides information about the 

engine speed and the main crank position signal, from which the ignition and injection timing 

are derived. It consists of a gear with 36 evenly spaced teeth, featuring two missing teeth per 

revolution.  
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The cam sensor, which is referred to as the Sync signal, not only provides information about 

the cam position to the cam advance controller, but also associates with the crank sensor to 

tell the ECU which cycle the engine is in. The Sync signal information is particularly 

important for the sequential injection and multicoil ignition system. 

 

The ‘rising edge’ type was chosen for crank and cam sensors so that the contact position at 

which the tooth approaches the sensor could be achieved accurately.  

 

It is necessary to define the position of the Ref signal index tooth relative to the top dead 

centre (TDC) of cylinder number 1. This position is called the Crank Index Position (CRIP). 

From the MoteC manual provided, calibration for CRIP was carried out and the most suitable 

value was a 575o crank angle. 

 

7.2.2 MANIFOLD AIR PRESSURE SENSOR 

 

A piezoresistive manifold air pressure Bosch 0-261-230-030 was installed at the ‘T’ junction 

of the manifold vacuum tube, as shown in Figure 86. The sensor can measure accurate 

absolute pressure with a range of 10 kPa to 115 kPa. Based on the supplied pressure 

calibration data from Bosch, the range of voltage variation was from 0.4 to 4.6 volts, 

corresponding to 10 kPa-115 kPa. Hence, a linear equation representing manifold air pressure 

(MAP) in terms of voltage can be described as: 

 

öê÷	(À÷�) = $�	\	øLK��M[(ø)																		(��1) 
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Figure 86 Manifold air pressure and air temperature sensor 

 

7.2.3 MASS AIR FLOW SENSOR AND AMBIENT AIR TEMPERATURE 

 

A factory-installed ‘hot wire’ mass air flow (MAF) sensor provided data of the amount of air 

entering the engine as well as air temperature (AT). The sensor incorporates a ‘hot wire’ , 

heated by a constant voltage at a constant temperature. As the cool incoming air flows 

through the wire, the heat element dissipates its heat, causing the electrical resistance to drop. 

In order to maintain the programmed temperature of the ‘hot wire’, a greater current must be 

applied. Therefore, the temperature differential causes a variation in the current which 

determines the velocity of air flow.  

 

Although there is no calibration data available from Toyota, the approximation calibration 

curve for mass air flow was provided by the MoteC and Intelligent Car Project, with the 

assumption that there are no losses during the process in which the engine is pumping the 

entire capacity of air with every stroke [23]. Tables 17 and Table 18 show the MAF sensor 

calibration data and associated ambient air temperature.  

 

 

  

‘T’ junction on 

manifold vacuum tube 

Manifold Air Pressure and Air 

Temperature Sensor 
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Table 17 MAF calibration data 

 

 

Table 18 Ambient air temperature calibration data 

 

  

7.2.4 THROTTLE POSITION SENSOR 

 

A factory-fitted potentiometer throttle position (TP) sensor was used for measuring the 

throttle position. The unit of measurement is the percentage of the throttle opening with 

respect to the fully opened position. Recorded calibration data has shown that 0% (fully 

closed) corresponds to 0.6 volt output, while 100% (fully opened) is equivalent to 4.01volt 

output. Hence, the developed linear equation for the throttle position in terms of voltage is:  

 

ù	T÷ = $ú��$	\	øLK��M[ j 1���ú																											(��$) 
 

7.2.5 ENGINE TEMPERATURE SENSOR 

 

The engine temperature was measured via the engine coolant temperature sensor. This was 

manufacturer-fitted into the test vehicle to give an approximation of the engine temperature. 

This indicator is critical to alert the driver when the engine is too hot, and it is used to 

determine the compensation of the control variables needed to accommodate engine cold start 

or warm up fuelling conditions. The MoteC provided calibration data for this sensor, as 

shown in Table 19 below. 
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Table 19 Calibration data of engine temperature sensor 

 

 

7.2.6 LAMBDA SENSOR AND PROFESSIONAL LAMBDA METER  

 

A MoteC professional lambda meter (PLM), and its associated wide band lambda sensor 

(Bosch LSU Sensor), were installed to measure the exhaust lambda value, the output from 

which was then wired into the MoteC Engine Control Unit (ECU) M400. This  allowed 

closed loop lambda tuning and data logging via the Advance Dash Logger (ADL). Using the 

PLM ensured that during the dynamometer tuning of the engine, significant time savings 

could be achieved. It also helped to avoid the hydrogen engine from running too leanly for a 

period long enough to cause damage to the engine. Moreover, the PLM also made significant 

contribution to on-road engine optimisation.  

 

 



Chapter 7: UTAS hydrogen car conversion and sensors for data acquisition           152 

 

 

 

Figure 87 Installation of Professional Lambda Meter and advance dash logger 

 

Technical specifications of the PLM and the Lambda sensor can be found in Appendix 2.2.  

 

7.2.7 ADVANCE DASH LOGGER 

 

The Advanced Dash Logger was supplied by MoteC and installed from a previous intelligent 

car project. The device contained a 32-bit microprocessor that can log analogue and digital 

channels as well as display many of the measured engine-operating parameters. 

Specifications of the installed ADL are provided in Appendix 2.3 of the attached CD. 

 

 

 7.3 CONCLUDING REMARKS 

 

Many conventional and contemporary hydrogen car projects have been presented in the 

literature review, as has the concept of conversion processes and the implementation of 

Advance Dash Logger 

Professional Lambda Meter 
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different vehicle control systems to aid in the MoteC engine control unit in this project. This 

chapter carried on from these observations to systematically convert the Toyota Corolla four-

cylinder, 1.8-litre engine car running on petrol to run on hydrogen or gasoline depending on 

the choice of the driver. Details of the conversion and modification process with the hardware 

and sensors for data acquisition were described. 

 

In particular, the seven basic systems in a hydrogen engine conversion process are: 

 

• The hydrogen storage system; 

• The hydrogen refuelling system; 

• The hydrogen piping system; 

• The pressure regulation system; 

• The hydrogen delivery system; 

• The hydrogen engine management system; 

• The hydrogen safety system. 

 

The sensors for data acquisition include: 

 

• Timing synchronisation sensors (crank and cam sensors); 

• Manifold air pressure sensor; 

• Mass air flow sensor and associated measurement of ambient air temperature; 

• Throttle position sensor; 

• Engine temperature sensor; 

• Lambda sensor; 

• Advance dash logger; 

• Professional lambda meter. 

 

The installation, operation and calibration of these sensors were discussed.  

 



Chapter 8: Hydrogen car tuning performance           154 

 

 

CHAPTER 8: HYDROGEN CAR TUNING 

PERFORMANCES
18
 

 

 

8.1 CALCULATION TOOL FOR BASIC TUNING  

 

An Excel spreadsheet was developed to calculate all of the engine-operating conditions and 

control parameters. The built-in calculations took into account the engine boundary 

conditions represented by high load and high speed, or low load high speed, as well as idle 

conditions to ensure that a sufficient amount of hydrogen could be provided. 

 

In addition, the calculations considered the mass of air and mass of hydrogen required per 

inlet stroke per cylinder, corresponding to each individual operating point. The calculation for 

the percentage of the hydrogen volume displacing the volume of air at the specific lambda 

value (equivalent air-to-fuel ratio) was also carried out. From these calculations, it was 

decided that each selected high flow Quantum hydrogen injector should inject fuel at a 

pressure level of 45 PSIG.  

 

In detail, the calculator estimates the cam, inlet valve and exhaust valve profiles, start/end of 

injection timing, the injection duration, the lambda value, the predicted pressure drop in the 

fuel rail and the generated torque output, etc… corresponding to the whole range of engine 

speed and load points.  

 

To calculate the required engine control parameters and engine performances, the area in 

white was entered and the results were shown in the area shaded green. The required 

parameters to be entered are the engine speed and throttle position. The following data and 

assumptions were incorporated into the calculation:  

                                                 

18 The content of this chapter has been published in the International Journal of Hydrogen Energy: 
1. Ho T, Karri V, Lim D, Barrett DT. An investigation of engine performance parameters and artificial 

intelligent emission prediction of hydrogen powered car. Int J Hydrogen Energ. 2008;33:3837-46. 
ISSN 0360-3199.  

2. Ho T, Karri V. Basic tuning of hydrogen powered car and artificial intelligent prediction of hydrogen 
engine characteristics. Int J Hydrogen Energ [Internet]. 2010 April 21. Article in press. 
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1. The cam advanced profile and mass air flow per induction were calculated and based 

on the initial information supplied from MoteC and a previous intelligent car project19 

as well as associated research [65, 66].  

2. The injection timing setting was chosen with respect to the end of injection to 

improve reliability of injector end angle before the inlet valve closes.  

3. The injection duration calculation was based on the provided specifications of the 

Quantum high flow injector part number 103738. In addition, the inlet vale open 

duration was estimated so that sufficient injection duration could be carried out.  

4. The desired lambda table was made for the corresponding engine speed and throttle 

position. These desired values were based on a literature review of various sources, as 

well as from the developing work experience of the research staff. 

5. The calculations were also incorporated with hydrogen fuel’s properties.  

 

A sample snapshot with resultant calculations at an engine speed of 4250 RPM and throttle 

position at 50% is given in Figure 88 below. The details of the theoretical calculations are 

provided in Appendix 2.4. 

                                                 

19 Intelligent Car Project by David Andrew Butler. 
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Figure 88 Graphic user interface of hydrogen tuning data tool 
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8.2 EXPERIMENTAL TUNING 

 

8.2.1 BASIC TUNING PROCEDURES 

 

The conversion of the hydrogen car has served as a test-bed for further studies. Several 

constraints were taken into consideration for tuning a hydrogen internal combustion engine. 

These include the following design philosophies governing the conversion process of the car: 

power output requirements; fuel consumption minimisation; the elimination of knock, pre-

ignition, self-ignition and backfire; emissions minimisation; the smooth operation of the engine; 

good drivability; the ease of future upgrading [8, 66, 73]. 

 

Before the basic tuning on the chassis dynamometer can be carried out, the initial control 

parameters and basic set up were programmed into the MoteC ECU Software. Tuning 

parameters were calculated by the Excel tuning tool which includes three highly interrelated 

parameters but control different aspects as shown below.  

 

• Injection duration or injection pulse width (IJPU in MoteC ECU): this is the principle 

parameter for controlling the air-to-fuel ratio and the resultant exhaust lambda value. 

• Injection timing (degree crank angle compensation with crank index position): this 

control parameter defines the best time to inject hydrogen into the manifold inlet runners 

so that the most efficient use of hydrogen can be achieved. Hence, this is the principle 

parameter for controlling fuel efficiency. The injection timing can be selected as injection 

start angle or injection end angle and is unaffected by throttle position. In this project, the 

chosen injection timing was injection end angle. 

• Ignition timing or spark advance angle (degree crank angle BTDC): this is the principle 

parameter that affects the efficiency of the hydrogen engine when extracting power from 

combustion.  

 

The desired tuning procedures for the hydrogen car on the chassis dynamometer are shown 

below.  

 

• Firstly, the injection pulse width was tuned to produce a suitable air-to-fuel ratio, and to 

achieve the desired lambda value at a chosen engine-operating speed and load point, 
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without any abnormal combustion. The ‘Quick Lambda’ function from the MoteC ECU 

Manager Software was utilised to calculate a correct pulse width, based on the difference 

between desired and measured Lambda values.  

• Secondly, tuning of the ignition timing was carried out by slowly increasing from the 

conservative base value until the maximum achievable power output was reached without 

knock. Generally, the tuning range for the ignition timing is between -5 to 40 degree CA 

BTDC. It is necessary to adjust the ignition timing so that the minimum ignition advance 

that generated the maximum brake torque (power) at a desired engine-operating point (in 

terms of speed and load) can be found.  

• Thirdly, slowly increased the injection end angle from the conservative base value until 

maximum power was achieved. The conservative base value starting point was 270 

degree at 0 RPM and increasing by 5-10 degrees for every 500 RPM increasing step of 

the engine speed. The tuning range for the injection timing was between 270 and 460 

degrees CA. Note that the injection timing only needs to be tuned for engine speed sites 

and engine should run smoothly regardless of the advance. The most suitable injection 

end angle setting would result in a small increase in the engine power output.  

• Fourthly, the injection pulse width was reviewed if any adjustment was required to 

achieve the desired Lambda value.  

• Repeat steps 1 to 4 for a set of desired engine-operating points. 

 

Initially, the desired tuning speeds for the engine were 1500 RPM, 2000 RPM, 3000 RPM and 

4000 RPM. The desired engine load points were at throttle opening positions of 25%, 50%, 75% 

and 100%. 

 

In fact, a complete MoteC ECU tuning map would require more than a hundred engine-operating 

points to be filled. Therefore, the process is quite tedious. The interpolation was applied across 

the tuning map based on the interpolation’s mask of the tuned engine-operating points.  

  

Note that the methodology proposed here could be a generic application for all hydrogen internal 

combustion engines utilising electronic fuel injection.  
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It was found that the calculated tuning parameters from the Excel tool were relatively close to 

the actual fuel requirements and control timing schedule of the engine without any abnormal 

engine-operating conditions, while maintaining constant and repeated engine performances.  

 

 

Figure 89 Hydrogen car on dynamometer 

 

A number of engine parameters and appropriate sources of measurement sensors are listed in 

Table 16 in Chapter 7, Section 7.2 ‘Sensor for data acquisition’. Some of the parameters were 

inherently available from the vehicle engine control unit (stock ECU), while others had to be 

added. The data were recorded under steady-state operating conditions. Engine parameters were 

logged at a frequency of 2 Hertz through the MoteC Advanced Dash Logger (ADL) Unit. 

Results were found to be adequate at that sampling speed and increasing the logging rate did not 

further improve the accuracy of the recorded data. The ADL has a total of 1MB of memory, with 

logging time being dependant on the number of parameters being logged, as well as logging 

frequency.  
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The vehicle was then placed on a dynamometer while a 5-way gas analyser was installed through 

the exhaust port. The gas analyser was a commercial unit from OTX-SPC. The set up for the gas 

analyser is similar to that for a normal vehicle, apart from requiring  additional moisture traps 

due to the high water vapour content in the exhaust stream [65, 66]. The catalytic converter was 

removed from the exhaust system of the vehicle in order to measure the true (uncontrolled) 

emissions data from the vehicle.  

 

With the complexity of the configuration and tuning techniques of an aftermarket ECU for a new 

fuel such as hydrogen, the work to make the engine start properly is a very difficult task. 

Meanwhile, in the simple terms, providing the correct amount of hydrogen at the right time with 

the appropriate ignition timing requires all ECU functions to be working correctly. The idle 

conditions seemed to be the most difficult to tune. Moreover, the mixture of air/fuel ratio, or fuel 

quality, needs to be measured to keep the mixture neither too rich, nor too lean. They are the 

main causes of excessive exhaust gas heat or severe engine damage and the increase of NOx 

emission gases [22]. Optimal engine tuning will show the best performances for any given 

conditions, such as rich mixture at high power, or using lean mixtures when idle or at slow 

speed. Besides that, the hydrogen injection system should be tuned correctly to control the 

mixture air/fuel ratio precisely for different operating conditions. Therefore, the test bed has 

online instrumentation to measure the input engine-operating parameters for subsequent data 

acquisition and modelling in the later sections of the thesis. 

 

Other than simple full throttle ramp-up power testing runs, all testing and data recording were 

undertaken under steady-state conditions, according to the requirements of ISO 15550:2002 [74], 

including the requirement that the engine must be tested at its proper operating temperature and 

at the required operating speed corresponding to the desired throttle position. 

 

The tuning processes were carried out in two phases. The first tuning was based on the desired 

lambda values, as calculated from the basic Excel tool. The second tuning was carried out from 

the observations and limitations of the first tuning to improve the hydrogen engine’s 

performances. The experimental procedure for the second tuning is shown below. 

 

1. The engine speed was held at 1500 RPM, the resistance on the dynamometer was set 

such that the throttle position was as close to 25% as possible. Injection timing and 
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injection duration were adjusted so that the richer desired lambda value (compared with 

the first tuning) can be achieved without abnormal engine combustion.  

2. The spark angle was then swept. Approximately 10 data points (average values) were 

recorded for engine speed, throttle position, air-to-fuel ratio, ignition advance, torque and 

emissions for data processing (cropping).  

3. The engine speed was then increased to another step (increments of 500 RPM or 1000 

RPM) while the dynamometer was set such that the throttle position was kept close to 

25% as possible. Step 2 was repeated. 

4. Step 3 was repeated for 5-6 RPM steps between 1000 RPM and 4000 RPM.  

5. The results from steps 1-4 were compiled into a dataset for different engine 

characteristics at 25% throttle position. 

6. The engine was then brought back to 1500 RPM and the resistance on the dynamometer 

increased so that the throttle position is at 50%.  

7. Steps 2-5 were repeated for the dynamometer’s resistance fixed at 50% throttle position. 

8. Steps 2-5 were subsequently repeated for the increasing throttle position to 75%. 

9. Steps 2-5 were subsequently repeated for increasing the throttle position of 100%.Note 

that at this step, the higher engine speeds of approximately 5000 RPM and 6000 RPM 

were achieved.  
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Figure 90 Experimental data matching of basic tuning 

 

8.2.2 TUNING RESULTS 

 

The experimental tuning results presented in this section include the recorded data of hydrogen 

engine control parameters, and the analysis of hydrogen engine performances in comparison with 

those of the gasoline engine.  

 

The tuning process for an electronic fuel injection in terms of different engine speeds and loads 

is time-consuming, and can take up to over 100 individual points. Therefore, it was decided that 

the basic tuning of the hydrogen car engine should be examined over 17 test groups, as shown in 

Table 20. During the tuning process, much effort was made to bring the engine operation points 

close to the desired tuning points.  
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Table 20 Design tuning of different engine-operating points 

  

 

If the result presented at any particular engine-operating point is blank, it is because abnormal 

combustion had happened or the recorded data had been corrupted. It is noted that more care 

should be taken when operating at high load and high speed points since it could damage the 

engine quickly and easily. Therefore, considerable effort was made to investigate the engine's 

performances at those operating points with a minimum required operating time to avoid the risk 

of damaging the engine. Recorded data from the final tuning can be found in Appendix 3.2. 

 

8.2.2.1 Control parameters 

 

1. Lambda table 

Lambda value is defined as the ratio between the air-to-fuel ratio and the stoichiometric air-to-

fuel ratio. The engine’s load would be gradually adjusted so that the desired engine speed, load 

and data could be recorded while engine was in a stable operating condition, corresponding to 

the desired lambda value. 

 

The first tuning was based on the desired lambda values calculated from the Excel tool. These 

calculated lambda values were the richest mixture formations possible to ensure that the 

requirements for knock, pre-ignition, self-ignition, backfire, fuel economy, NOx emissions, 

excessive hot engine and exhaust gas temperature could be achieved at the first attempt. 

Therefore, the lambda values obtained in the first tuning were conservative compared with the 

realistic richer hydrogen fuel mixture formation.  

 

The second tuning was carried out at a lower lambda value (richer hydrogen fuel mixture 

formation). The tuning results have been found matched the expected results from Verhelst and 

Sierens [75, 76]. However, these richer mixture formations were applied to the hydrogen engine 

to achieve the maximum hydrogen engine power and torque possible without considering the 
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NOx emissions and fuel economy. The practical ‘triangle solutions’ needed to consider a trade-

off between torque, fuel economy and emissions. Therefore, the true optimum lambda values 

were achieved using a complete research design of experiment engine calibration with model-

based calibration (as shown in Chapter 11). 

 

 

Figure 91 Comparison of lambda values between the first tuning and the second tuning 

 

2. Injection pulse width 

The injection duration or injection pulse width (IJPU) is the main ECU parameter that controls 

how much hydrogen is injected into the manifold inlet runners. Therefore, it is the principle 

control of the air/fuel ratio and the measured exhaust lambda value. The injection duration 

should be iteratively and carefully adjusted so that the desired lambda value can be reached at 

individually desired load points, since any ‘significant’ mixture which is too lean mixture in high 

load conditions could quickly damage the engine. The MoteC ‘Quick Lambda’ function tuning 

software was used to help the tuner correct the difference between the desired and the measured 

lambda values. The tuning results (average values) for the injection pulse width of the first and 

the second tunings are shown below.  
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Figure 92 Hydrogen fuel absolute pulse width of the first tuning and the second tuning 

 

3. Ignition timing 

The ignition timing was set to values that required minimum ignition advance for maximum 

brake torque (MBT) at various engine speeds and loads. The process of tuning the ignition 

advance was firstly to hold the engine at a given dynamometer load at the desired engine speed 

and load. Then the ignition timing was advanced from -5 to 40 degree BTDC. As the spark angle 

was advanced, the generated torque increased, resulting in a gradual increase in the engine speed. 

Therefore, extra mechanical load is required to keep the engine operating point at the desired 

speed and load. There was a point at which the peak torque was reached, and a further increase 

in spark timing produced either no change, or a decrease in engine speed [8]. If knock occurred 

at any stage, the ignition advance was set at the nearest point at which no knock occurs. The best 

ignition advance will result in the most efficient power extracted per stroke.  
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Figure 93 Ignition advance for the first tuning and the second tuning 

 

4. Injection timing 

The tuning of the hydrogen internal combustion engine car also included injection timing 

calibration so that the greatest fuel efficiency at specific desired air-to-fuel ratios can be 

achieved. The injection timing setting was set so that hydrogen started to be injected at a few 

degrees after the exhaust valve was closed, thus avoiding backfire problem. The injection timing 

was altered so that the minimum time required after the closing of the exhaust valve was 

achieved without abnormal engine operation. This basic desire tuning methodology allowed 

more time for the hydrogen to enter the combustion chamber at high load conditions, while also 

minimising the chance of igniting hydrogen due to remaining hot gases in the combustion 

chamber [66]. The default setting of MoteC ECU for the injection timing was ‘end of injection’ 

(which is the degrees BTDC by which injection must be finished). Note that this control 

parameter only needed to be tuned for the engine speed site. The injection timing for the first 

tuning and second tuning results is shown below.  
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Figure 94 Injection end angle for the first tuning and the second tuning 

 

8.2.2.2 Engine performance results 

 

During the tuning process, much effort was made to bring the engine operation points close to 

the desired tuning points. However, based on the recorded data tuning performances of both the 

hydrogen-fuelled engine and gasoline-fuelled engine, the most consistent engine-operating 

points were found in the database as shown below. 

 

Table 21 Experimental tuning of different engine-operating points 

 

 

Discussion on the obtained engine performance results included:  

A. The effect of hydrogen as a fuel compared with gasoline on engine performance 

parameters. 

B.  The effect of hydrogen as a fuel compared with gasoline on emission characteristics. 
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Test gorup number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

TP (%) 26.3 26.2 25.8 50.3 50.2 50.1 50.4 74.8 74.8 74.7 74.2 99.3 99 99.8 99.2 99.4 99.9

Engine speed (RPM) 1472 2024 3073 1465 2029 3031 4045 1489 2029 3055 4039 1441 1951 3061 4093 4999 5927

% Deviation 1.20% 1.10% 1.10% 1.00% 1.30% 1.40% 1.20% 0.80% 1.30% 0.90% 1.10% 1.00% 0.60% 1.30% 0.80% 1.00% 1.10%
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A. Effect of hydrogen as a fuel compared with gasoline on engine performance parameters 

1. Engine power 

It should be noted that the measured power at wheels was used to calculate the flywheel power 

of the car. Based on the information from Toyota, the rated power output at 6000 RPM is 100 

kW at the flywheel. However, in prior tuning of the gasoline-fuelled engine with an unmodified 

inlet manifold at 6000 RPM and fully-opened throttle, the measured power output at wheels was 

approximately 74 kW [22, 66]. Therefore, an assumption was made that the efficiency of the 

gearbox and the final drive system would be 74%. Hence, for all operating points of the engine, 

power at flywheel was calculated as:  

 

÷L®[�	��	óK´®»[[K	(À�) = ÷L®[�	��	®»[[K	(À�)
���¢ 																				(è�1)	 

 

In the first tuning, the generated power output of the hydrogen engine was around half of the 

gasoline engine over a set of operating points. However, at high-speed, high-load engine 

operation, the power output ranged from 60% to 65% compared to the gasoline operation. This 

was due to the increased fuel delivery at these operating points.  

 

The loss of the hydrogen engine’s power, compared to gasoline engine, was found to have been 

consistent with the literature review. The reason was that the air and fuel were mixed outside the 

combustion chamber, causing the hydrogen gas to displace the air in the mixture. For instance, 

with the stoichiometric air-to-fuel ratio, hydrogen displaces approximately 29.6% of the air 

within the inlet manifold. If the engine operates on gasoline, only around 1% of the air within the 

inlet manifold was displaced. In addition, the reduction in the hydrogen engine’s power was due 

to the low volumetric energy content of lean mixtures of hydrogen. Therefore, a higher fuel 

delivery pressure of 50 PSIG was set for the second tuning. 

 

The second tuning was carried out with a richer mixture formation (resulting in lower Lambda) 

to increase the power output of the hydrogen engine. Tuning results showed that the generated 

brake power with a richer fuel mixture was above 60%, compared to the brake power generated 

from the gasoline engine. In particular, the highest braking power of the hydrogen engine was 

found to be around 55 kW at 5927 RPM, with the throttle fully-opened. This is approximately 

67.4 % of the braking power generated by the gasoline engine. Figure 95 depicts the brake power 

and data for both the first and second tunings of the converted hydrogen engine and gasoline 
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engine. The shape of the 

characteristics of both gasoline and hydrogen fuels.  

 

Figure 95 Effect of hydroge

 

Figure 96 represents a comparison of 

gasoline engine and hydrogen engine.
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the brake power curves is similar due to the 

gasoline and hydrogen fuels.   

Effect of hydrogen as a fuel compared with gasoline on brak

comparison of the power output with throttle fully

gasoline engine and hydrogen engine. 
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 Figure 96 Comparison of power output at wide-open throttle of both gasoline engine and 

hydrogen engine 

 

2. Engine torque 

The brake torque of an engine is proportional to the engine power and engine speed as calculated 

below: 

TL�û�[	(ü��) = 1���	\	]L®[�	��	óK´®»[[K	(À�)
[�M��[	J][[�	(ì÷ö)ç� \	$ý 																							(è�$) 

Therefore, an engine’s torque figures should have the same proportional characteristics with its 

power output and speed. Figure 97 shows the effect of hydrogen as a fuel, compared with 

gasoline, on the engine’s brake torque for 17 test groups.  
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Figure 97 Effect of hydrogen as a fuel compare with gasoline on brake torque

 

At wide-open throttle (test groups 12, 13, 14, 15, 16 and 17), the torque of 

initially peaks at 154.7 Nm, at an engine speed of 1951 

an engine speed of 4093 RPM

peak was 105.7Nm, and the second peak 

Figure 98 depicts a comparison of 

gasoline engine and hydrogen engine at the second tuning.
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Effect of hydrogen as a fuel compare with gasoline on brake torque

throttle (test groups 12, 13, 14, 15, 16 and 17), the torque of 

at an engine speed of 1951 RPM, and a second peak of 167.5Nm

RPM. Compared to the hydrogen engine at the second tu

and the second peak was 119.9 Nm at the same engine speeds, respectively. 

comparison of the brake torque output at wide-open throttle

gasoline engine and hydrogen engine at the second tuning. 

5 6 7 8 9 10 11 12 13 14

4 5 6 7 8 9 10 11 12 13

16.5 71.0 69.6 67.7 54.5 78.9 79.1 80.3 83.2 85.5 96.4

40.6 82.0 98.3 82.6 87.5 95.1 107.2 103.4 114.1 100.0 105.7

50.1 123.1 127.5 134.6 130.1 130.3 138.6 153.2 154.6 138.7 154.7

Test groups
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Effect of hydrogen as a fuel compare with gasoline on brake torque 

throttle (test groups 12, 13, 14, 15, 16 and 17), the torque of the gasoline engine 

and a second peak of 167.5Nm, at 

the second tuning, the first 

119.9 Nm at the same engine speeds, respectively. 

open throttle (WOT) of both 

15 16 17

13 14 15 16 17

96.4 89.5 99.8 97.0 82.5

105.7 104.3 119.9 102.7 88.6

154.7 152.4 167.5 151.2 131.4
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Figure 98 comparison of brake torque output at wide-open throttle of both gasoline engine and 

hydrogen engine 

 

3. Break mean effective pressure 

The brake mean effective pressure (BMEP) of an engine equals the engine brake torque divided 

by its total displacement, as shown below. 

þöñ÷	(ö÷�) = TL�û�[	(ü��)
1��ú¢ 																	(è��) 

Where 1.794 cm3 is the total displacement of the converted hydrogen car. 

 

With the throttle fully-opened and an engine speed of 4093 RPM, the maximum BMEP of 

hydrogen engine for the first and second tunings were 55.7 MP and 66.8 MPa. For the gasoline-

fuelled engine, the maximum BMEP was 93.4 under the same engine-operating conditions. The 

effect of hydrogen as a fuel, compared with gasoline, on brake mean effective pressure for 17 

test groups is shown in Figure 99. 
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Figure 99 Effect of hydrogen as a fuel compare with gasoline on brake mean effective pressure

 

4. Brake specific fuel consumption

The fuel flow rate amount is the most difficult parameter to define due to pressure drop in the 

hydrogen fuel rail. During practical tuning of 

hydrogen fuel rail fluctuated. In some instances, a drop 

 

However, for the mechanical sympathy, 

fuel flow rate and the corresponding Brake Specific Fuel Consumption (BSFC). The BSFC is 

calculated as: 
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Effect of hydrogen as a fuel compare with gasoline on brake mean effective pressure

4. Brake specific fuel consumption 

is the most difficult parameter to define due to pressure drop in the 

practical tuning of the hydrogen engine, the pressure within 

. In some instances, a drop in pressure of up to 15 PSI was found

However, for the mechanical sympathy, a great deal of effort was made to calculate the hydrogen 

fuel flow rate and the corresponding Brake Specific Fuel Consumption (BSFC). The BSFC is 

 

6 7 8 9 10 11 12 13 14

4 5 6 7 8 9 10 11 12 13

39.6 38.8 37.8 30.4 44.0 44.1 44.8 46.4 47.6 53.7

45.7 54.8 46.0 48.8 53.0 59.7 57.6 63.6 55.8 58.9

68.6 71.1 75.0 72.5 72.6 77.3 85.4 86.2 77.3 86.2

Test groups
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Effect of hydrogen as a fuel compare with gasoline on brake mean effective pressure 

is the most difficult parameter to define due to pressure drop in the 

hydrogen engine, the pressure within the 

to 15 PSI was found.  

made to calculate the hydrogen 

fuel flow rate and the corresponding Brake Specific Fuel Consumption (BSFC). The BSFC is 

 

  

15 16 17

13 14 15 16 17

53.7 49.9 55.7 54.1 46.0

58.9 58.1 66.8 57.3 49.4

86.2 84.9 93.4 84.3 73.2
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The average BSFC for the gasoline engine is about 41.6 g/kWh, while it is approximately 

15.0g/kWh for the hydrogen-fuelled engine. The ratio of gasoline BSFC to hydrogen BSFC is 

2.77. This was fully expected, as the ratio of hydrogen lower calorific value (119.9 MJ/kg) to 

gasoline lower calorific value (44.5 MJ/kg) is 2.69.  

 

Figure 100 below represents the comparison of the estimation of the hydrogen fuel flow rate 

between the first tuning (set pressure at 45 PSIG) and the second tuning (set pressure at 50 

PSIG). 

 

 

Figure 100 Comparison of hydrogen fuel flow rate between the first tuning and the second 

tuning 

 

5. Brake thermal efficiency 

The brake thermal efficiency of an engine is defined as the ratio of the power at the flywheel to 

the input power supplied by the fuel, as shown below. 
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þ��À[	�»[���K	[�ó���[��´	(ù) = 1��	\	 ]L®[�	��	óK´®»[[K	(À�)
]L®[�	J�]]K�[�	ô´	��[K	(À�)								(è�ç) 

 

In the first tuning of the hydrogen engine, the brake thermal efficiency was found have to been 

greater than that of the gasoline engine at WOT. This is mainly because of the lean fuel mixture 

of the hydrogen engine at the first tuning compared to the rich mixture of the gasoline engine at 

WOT to increase the brake power output. However, under other engine-operating conditions 

(test groups 1 to 11), the efficiency of the hydrogen engine was found to have been less than the 

gasoline engine. This is because under other engine-operating conditions, the gasoline engine 

will operate leaner when compared with the WOT engine-operating points. Thus, at the first 

tuning, the power input by fuel was less, while the power output was still significantly higher 

than the hydrogen engine.  

 

In the second tuning of hydrogen engine, the efficiency was found to have been in line with the 

gasoline engine at WOT. In particular, the hydrogen engine efficiency at 4093 RPM WOT was 

34.2%, compared with 31.7% for the gasoline engine. At other engine-operating points, the 

efficiency of the hydrogen engine was found to have been close to that of the gasoline engine. 

Figure 102 shows the brake thermal efficiency of the gasoline engine, compared with hydrogen 

engine, for both first and second tunings. 
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Figure 102 Effect of hydrogen as a fuel compare with gasoline on engine brake thermal 

efficiency 

 

Figure 103 Brake thermal efficiency versus brake torque of hydrogen engine (second tuning) and 

gasoline engine 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
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B. Effect of hydrogen as a fuel compare with gasoline on emission characteristics 

1. Emission of oxides of nitrogen 

The combustion of the hydrogen engine at its high temperature causes a combination of nitrogen 

and oxygen in the air to form the emission of oxides of nitrogen (NOx). The tuning results of the 

hydrogen engine showed that these amounts of emissions depend on hydrogen fuel mixture 

formation (air/fuel ratio), engine-operating points in terms of speed and load, and ignition 

timing. The tuning results showed that the emission of NOx when running on hydrogen were 

always lower than the gasoline-fuelled engine at the same operating speed and load points. 

Figure 104 represents the effect of hydrogen as a fuel for both first and second tunings, 

compared with the gasoline-fuelled engine on the emission of NOx.  

 

 

Figure 104 Effect of hydrogen as a fuel compare with gasoline on emissions of oxides of 

nitrogen 

 

Generally, the emission of NOx in hydrogen engine increased exponentially as the fuel mixture 

becomes rich (lower lambda value). Particularly at low to medium engine’s load and speed 

operating conditions, the emission of NOx was found at about one fifth of the same operating 
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points of the gasoline-fuelled engine. This is because the converted hydrogen engine always 

operates at a lean air-to-fuel ratio in this operating region.  

 

In the first tuning, the hydrogen engine had a minimum NOx emission of 40 parts per million 

(ppm) at a lambda value of around 1.87, while it had a value of 100 ppm at a lambda value of 

around 1.98 in the second tuning. Figure 105 below shows the NOx emissions versus the lambda 

value at various engine-operating points for the first and the second tunings of the hydrogen 

engine. 

  

 

Figure 105 Hydrogen engine: Lambda versus NOx emissions 

 

In addition, the tuning results show that the emission of NOx increased remarkably with more 

advanced ignition timing. Figure 106 below depicts the dedicated NOx emissions curve at wide-

open throttle, with various engine speeds and ignition timings during the second tuning of 

hydrogen-fuelled engine.  
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Figure 106 Ignition advance versus NOx emission at WOT and various engine speeds 

 

2. Emission of carbon dioxide and carbon monoxide 

As hydrogen fuel is carbon free, it is expected that the burning of hydrogen fuel will emit zero 

carbon dioxide (CO2) and carbon monoxide (CO). However, traces of carbon monoxide and 

carbon dioxide were present in the exhaust gases, mainly due to seeped oil burning in the 

combustion chamber. 

 

In comparison with the gasoline-fuelled engine, the emission of CO2 and CO is virtually 

negligible. In detail, the maximum of the CO2 emission concentration for both the first and 

second tunings of the hydrogen engine was about 0.29%, compared with 14.7% from the 

gasoline-fuelled engine, as shown in Figure 107. The emission of CO from the hydrogen engine 

was extremely low for both its first and second tunings, at 0.005-0.027%, compared to 0.326-

0.767% for the gasoline engine, as shown in Figure 108. 
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Figure 107 Effect of hydrogen as a fuel compared with gasoline on CO2 emission 

 

Figure 108 Effect of hydrogen as a fuel compared with gasoline on CO emission 
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3. Emission of hydrocarbon 

With the gasoline-fuelled engine, the presence of hydro carbon (HC) emission in the exhaust 

gases comes from the unburnt fuel. In a hydrogen-fuelled engine, the HC emission comes from 

the burning of the lubricating oil. The tuning results showed that the HC emission from the 

hydrogen engine for both the first and second tunings was always lower than the gasoline-fuelled 

engine. In particular, the emission of HC from the hydrogen engine was in the range of 20 ppm-

45 ppm, compared to 50-153 ppm for the gasoline engine. Figure 109 depicts the effect of 

hydrogen as a fuel, compared with gasoline, on HC emission.  

 

 

Figure 109 Effect of hydrogen as a fuel compared with gasoline on HC emission 

 

8.3 OPERATING ISSUES, MECHANICAL LIMITATIONS AND AMENDMENT OF THE AUXILIARY 

CONTROL PARAMETERS  

 

8.3.1 COLD START 

 

In the implementation of the aftermarket MoteC ECU, cold start is the most troublesome state of 

the hydrogen engine. During the tuning on the dynamometer, the engine was warmed up with 
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gasoline operation prior to switching to hydrogen operation. Therefore, the correct amount of the 

injected hydrogen for cold start is difficult to predict. However, a decision was made to use an 

overall trim table in this case, as a cold engine requires more fuel. This was done manually by 

simply testing different values in the cell of the engine temperature compensation table. Note 

that the amount of additional fuel reduces as the engine warms up and has no effect above 60o C.  

 

The look-up table for hydrogen engine fuel requirements at different operating temperatures was 

built up against throttle position. Note that the value in the compensation table was the 

percentage of the main fuel table (FAPW table) value. Based on the quick lambda reading of 

PLM, the amount of extra fuel required at different engine-operating temperatures was 

estimated. Moreover, it is necessary to have the engine completely cool before the testing of a 

cold start engine. The implementation of the engine temperature compensation table, and 3D 

surface in MoteC ECU Manager Software, is shown in Figure 110 below. 
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Figure 110 Trim function for engine temperature compensation at cold start 

 

It was also noted that during the testing of the very first injections of hydrogen injectors, a sticky 

injector phenomenon was obviously occurred. An extra amount of hydrogen was needed at these 

first firings of the injectors. After that, the extra heat (during the engine warm-up operation) 

helped with the hydrogen fuel/air atomisation. In addition, the following settings were 

considered, as suggested in MoteC tuning documentation and training.  
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• Post-start enrichment setting: an extra amount of hydrogen was supplied after the engine 

had been running for a few seconds. This was to ensure that the engine was quickly 

settled. As the engine become warmer, the fuel compensation was reduced. A typical 

value of 120% for post-start enrichment (as suggested from MoteC) was applied. 

• Cranking enrichment setting: an extra hydrogen fuel was required during cranking and 

was reduced to zero after a number of engine revolutions. A value of 130% for cranking 

enrichment was applied for this setting. 

• Post0start decay setting: 20 seconds was set for post-start decay. This was the time that 

the post-start enrichment had to be reduced to zero.  

• Cold acceleration enrichment: 20% of additional acceleration enrichment was applied 

when the engine was cold.  

 

8.3.2 FUEL COMPENSATION ASSOCIATED WITH AIR TEMPERATURE 

 

The density of air depends on the air temperature (environmental compensation). Cold air is 

denser than hot air, hence more hydrogen fuel is required to maintain the desired air-to-fuel ratio.  

 

Tasmania’s weather is varies considerably between seasons and therefore, tuning in very hot or 

very cold climates is considered in the final ECU tuning and setting file. The standard 

compensation table for air temperature (supplied by MoteC) was modified and applied. A 

number of tests were done on different days. The standard table of fuel compensation associated 

with air temperature is shown below.  
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Figure 111 Fuel compensation associated with air temperature 

 

8.3.3 UNREALISTIC ENGINE-OPERATING CONDITIONS 

 

There were some sites at which the engine could not physically achieve such as high speed (i.e. 

7000 RPM) at low load (i.e. 10% throttle position). The tuning file was considered the boundary 

operating region for the normal operating conditions of the engine. There was no concentration 

on unrealistic engine-operating conditions. Future calibration may need to be set or modified 

manually for neatness.  
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8.3.4 IDLE SPEED 

 

Injector timing has a significant influence on the idling speed and its stability, as well as on 

exhaust emissions. The tuning results showed that there was a need to have slightly richer fuel 

mixture at idle speed than at cruising speed. In detail, the setting of engine at idle speed included: 

 

• At completely unload, an idle speed of around 900 RPM was found. Lean mixture was 

used in this test to minimise the NOx emissions.  

• Under a moderate accessible load with air conditioner and ventilation fan, the setting of 

engine idle speed was approximately 800 RPM. As more power was needed in this test, 

richer fuel mixture was applied to prevent the engine from stalling. 

• Under a full accessory load drawing as much power as possible including: high air 

conditioner level, high beam lights, ventilation fan, radiator fan, the engine speed of 

around 700 RPM was reached and the lambda value for the best setting was between 1.4 

and 1.6. Hence, the NOx emissions level was high under this operating condition and 

more power was generated to prevent engine from stalling.  

 

It is also noted that the initial test cases of the end of the injection timing at about 450 degree CA 

(compensation) gave good results at idle speed and engine starting. These tuning results were 

found to have been consistent with the methodology suggested by MoteC, and with the first 

tuning that was carried out by the hydrogen car project team.  

 

8.3.5 DRIVABILITY ISSUES 

 

8.3.5.1 Power requirement 

 

The achievable power of the hydrogen-fuelled engine compared to the gasoline-fuelled engine 

was in the range of approximately 60% to 80%, as discussed in the tuning results section.  

 

8.3.5.2 Acceleration enrichment 

 

Acceleration enrichment was also considered in the final tuning file. An extra amount of 

hydrogen fuel for a sudden throttle position change was needed. The acceleration enrichment had 
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a major impact in the lower engine speed region. However, there was no acceleration enrichment 

at 0 RPM site. Two tables were modified for the acceleration enrichment including: 

 

• The fuel acceleration clamp table: the value in each cell of this table is the percentage of 

injector scaling. The settings for this table are shown in Figure 112 below. 

 

 

 

Figure 112 The acceleration enrichment clamp table 

 

• The fuel acceleration sensitivity: it was decided that the approximation of the rate of 

change of throttle, and the rate of change of the extra amount of fuel to be injected into 

the combustion chamber is a linear relationship. A value of 75 was applied for this 

setting. For instance, if the throttle change quickly at 100%/revolution, the extra amount 

of 75%/revolution of fuel in the main fuel table (FAPW table) will be added. Note that 

the sensitivity level is a multiplying factor of the rate of change of the throttle position.  

• The fuel acceleration decay rate: it is also important to define how quickly to take the 

extra amount of fuel away using the fuel acceleration decay function [77]. The 

acceleration decay (%IJPU/Rev) sets the percentage of the acceleration enrichment pulse 

width that will be removed with each revolution of the crank. A value of 10 (% of 
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IJPU/revolution) was applied for this setting. Hence, it took the extra pulse width away 

completely after 10 crank revolutions.  

 

8.3.6 LIMITATIONS OF MECHANICAL DESIGN 

 

• After a discussion between hydrogen car team members and the supervisor, the modified 

inlet manifold and its gasket were somewhat restrict the air stream. This resulted in ae 

reduction of the brake power output. Although fine-tuning was done, further 

consideration should be carried out to replace the suitable inlet manifold gasket. This 

should maximise the air flow and hence increasing the brake power for both gasoline-

fuelled engine and hydrogen-fuelled engine. 

• The Hydrogen storage cylinder: the on-board hydrogen storage capacity of 500 grams 

was very small and just enough to drive for approximately 25 minutes in city driving 

conditions. Further upgrading of the hydrogen storage cylinder is recommended to 

improve the drivability issue for longer distance driving.  

• The pressure regulator: during the tuning process, the pressure in hydrogen fuel rail 

fluctuated and sometimes a pressure droop of up to 15 PSI was found. This affected the 

engine’s performance in the first tuning process, because less hydrogen was injected 

when compared with the calculation. However, the second tuning took these pressure 

droops into account and the engine’s performance was significantly improved.  

 

8.5 CONCLUDING REMARKS 

 

This chapter has presented the special calculation tool for the basic tuning of the hydrogen car. 

The initial Excel calculation tool was based on the fundamental design and the mechanical 

perspectives of the converted vehicle. The first tuning of the hydrogen engine on the 

dynamometer used the control parameters that were calculated from the Excel tool to investigate 

basic hydrogen engine behaviours. Then, the second tuning carried on from the observations and 

limitations of the first tuning to improve the hydrogen engine’s performance. 

 

The experimental tuning results for the hydrogen engine at the first and second tunings on the 

dynamometer were provided. The detailed performance results of the gasoline engine were also 

presented as a comparison to the hydrogen engine. This included the discussion about control 
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parameters and engine performance results, followed by a discussion about hydrogen engine-

operating issues, mechanical limitations and amendment of the auxiliary control parameters for 

fine-tuning.  

 

In detail, the discussion results of control parameters consist of lambda value, injection duration, 

injection timing, and ignition timing. Hydrogen engine performance results were discussed by 

comparing hydrogen-fuelled engine performances with gasoline-fuelled engine performances. 

Those discussed performance parameters involved engine power and torque, break mean 

effective pressure, brake specific fuel consumption, engine efficiency, emission of oxides of 

nitrogen, emission of carbon dioxide, emission of carbon monoxide, and emission of 

hydrocarbon.  

 

However, in consideration of the project’s objectives, these tuning results are only intended as 

the first stage in the development of more comprehensive intelligent hydrogen engine tuning 

tools in later processes. In particular, these tuning results can provide the knowledge base for the 

development of a fuzzy expert system to estimate the ignition timing of a hydrogen car (see 

Chapter 9), as well as the use of ANNs as virtual sensors to predict exhaust emissions (see 

Chapter 10). Further study on the specific features of the use of the hydrogen internal 

combustion engine car, and the best tuning intelligent techniques, should be conducted thorough 

investigation and modelling of these tuning data using the statistical engine analysis tool called 

the two-stage model (see Chapter 11). This should take place so that the optimisation and trade-

off studies between power requirements, fuel consumption and emissions can be applied.  
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CHAPTER 9: FUZZY EXPERT SYSTEM TO 

ESTIMATE IGNITION TIMING FOR TUNING OF 

HYDROGEN CAR20 
 

 

9.1 INTRODUCTION
21
 

 

Building appropriate ignition and injection timing maps is one of the key components in tuning a 

hydrogen engine. This aspect is particularly exasperated when tailor-made engine management 

systems are installed to control the engine without a prior data matrix to refer to during online 

calibration. Since the methods of exhaustive experimentation and subsequent tabulation are 

considered lengthy processes, an intelligent system to estimate ignition timing will provide great 

assistance in the fine-tuning of these engines. In this chapter, a fuzzy expert system is proposed 

using a number of engine parameters as its inputs to estimate ignition timing. Those inputs are: 

 

• Engine speed 

• Throttle position 

• Manifold air pressure 

• Fuel pulse width 

• Engine power  

• Lambda values 

 

The modified hydrogen car was installed with a new engine control unit (ECU) M400 from 

MoteC. Initially, the basic tuning of the ignition timing was based on the initial ‘detune’ data 

from the supplier. The final tuning of the ignition timing data from the hydrogen-powered car 

would probably have correlated well with the ‘detune’ data and saved considerable time. In the 

final design, the constructed rules of the fuzzy expert system were based on extensive 

experimental database and tuning experiences. 

                                                 

20 The content of this chapter has been published in lecture notes in computer science and International Symposium 
on Neural Networks. 
1. Ho T, Karri V. fuzzy expert system to estimate ignition timing for tuning of hydrogen car [Lecture notes]. 
2008 November;5264:570-9. 
2. Ho T, Karri V. Fuzzy expert system to estimate ignition timing for tuning of hydrogen car. Proceedings of 
5th International Symposium on Neural Networks. Beijing, China: 2008. 
21 For more information about definition of fuzzy logic and how it works, see Appendix 4.1. 



Chapter 9: Fuzzy expert system to estimate ignition timing for tuning of hydrogen car      191 

 

 

With the complexity of the configuration and tuning techniques of an aftermarket ECU for a new 

fuel such as hydrogen, the work to make the engine start properly was a very difficult task. 

Meanwhile, in basic terms, providing of the correct amount of hydrogen at the right time with 

appropriate ignition timing required all of the ECU functions to work correctly. Idle condition 

seemed to be the most difficult task for tuning the hydrogen engine. This required load to be 

placed on. Moreover, the mixture of air/fuel ratio or fuel quality needed to be measured to ensure 

the mixture was neither too rich nor too lean, which were the main reasons for exhaust gas 

excessive heat or severe engine damage and increasing NOx emission gases [22]. A well-tuned 

engine will show the best performance in any given conditions, including rich mixture at high 

power, or lean mixture when idle or slow speed. Besides that, hydrogen injection systems should 

be tuned correctly to control the mixture air/fuel ratio precisely to suit different operating 

conditions. Therefore, this required online instrumentation in order to measure the input 

parameters that were all installed for subsequent data acquisition and modelling. 

 

9.2 FUZZY EXPERT SYSTEM DEVELOPMENT 

 

Much effort was made to reduce the number of required linguistic input variable parameters and 

to simplify the data acquisition process for a developed ignition advance fuzzy expert system. 

Although a fuzzy expert system can handle several linguistic inputs, it was considered to reduce 

redundant inputs so that the results could show clearly the effect of the individual linguistic 

membership function on the ignition timing. In order to acquire data for a database and to 

construct the basic rules for a fuzzy inference system, a list of engine parameters and  the sensors 

were required to measure the desired parameters that were recorded, as listed in Table 16 section 

8.2.1 ‘basic tuning procedures’. 

 

The problem with ignition timing tuning data is the ability for the user to accurately and quickly 

classify a particular value of ignition advance without having to undertake a detailed analysis. 

This requires experience and thorough knowledge, and is time-consuming. A solution to this 

dilemma is to develop a system where the large majority of commonly experienced situations in 

the hydrogen engine’s operating conditions are defined. The ability to provide this fuzzy system 

to professional tuners and amateurs alike would provide them with a valuable tool for tuning of 

ignition timing. By filling in the right number of engine-operating parameters to gain specific 

information, the ignition timing can be identified quickly and easily. Using a fuzzy expert system 
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allows the users to assemble all their ‘rules of thumb’ into one easy database of knowledge, as 

well as having the option of refining, changing and adding rules to enlarge, or specify the 

program. 

 

 

Figure 113 Ignition timing fuzzy expert system user interface 

 

The developed ignition timing fuzzy expert system provides a user-friendly graphical interface, 

as shown in Figure 113. Despite its simple layout, heavy processing execution inside the package 

enables tuners to identify quickly an ignition advance angle and then cross-reference this result 

with a proven analysis.  

 

It is obvious that the created fuzzy expert system presented here could be expanded to 

encompass a broader range of data tuning, including injection and lambda adjustment. The 

programs could be run independently of each other, or they could be run concurrently so that the 

information stored in various databases could be cross-checked, depending on the filled data 

response to a particular parameter. A system like this would also be invaluable for an interactive 

hydrogen engine tuning exhibition where visiting patrons would have the opportunity to become 
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involved in ‘being an expert tuner’ for a period, and help identify various ignition timings. 

Therefore, we can say that the particular domain problem selected was most appropriate for 

fuzzy expert system implementation. There was more than enough information concerning the 

ignition advance tuning, and adequate ‘expert’ information available so that basic series of 

parameters could be filled in order to obtain a specific solution.  

 

Once a suitable problem was identified, research was undertaken to develop the knowledge that 

should be used in the system. Initially, the system was designed on paper by drawing up and 

drafting a few basic simple rules based on practical knowledge and recorded database. This 

analysis stage blended into the design stage easily by means of a ‘key to develop fuzzy expert 

system’ that was drawn up to aid in the design process. 

 

 

Figure 114 Developed fuzzy inference system 

 

It was necessary to develop six linguistic input variables, as shown in Figure 114. These included 

the engine speed, throttle position, manifold air pressure, fuel pulse width, engine power, lambda 

value and ignition advance as target output variable for the fuzzy system within the MATLAB 

environment, as some experiences were required to understand the operating system. These 

prototypes also allowed time to improve the initial design solution that had been devised. The 

constructed fuzzy system was represented by 136 basic rules and concepts based on physical 

theories and extensive experiments. Triangular, trapezoidal and generalised Bell-shaped 
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membership functions were successfully applied to represent the knowledge of the ignition 

timing tuning expert system. The graphical rule base of the developed system is, as shown in 

Figure 115 below.22 

 

 

Figure 115 Rule base of developed fuzzy expert system 

 

The Mamdani method was used in the fuzzy inference technique. The performance process 

included four steps: fuzzification of the input variables, rule evaluation, aggregation of the rule 

outputs, and finally, defuzzification. This method is built on four steps, as discussed below [15]. 

 

Step 1: Fuzzification 

The first step is to read the 6 crisp inputs, namely, engine speed, throttle position, 

manifold air pressure, fuel pulse width, engine power and lambda value, and then 

                                                 

22 More details of the developed fuzzy expert system with 136 rules are presented in Appendix 2.6.  
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determine the degree to which these inputs belong to each of the appropriate fuzzy 

sets. 

 

Step 2: Rule Evaluation 

The second step is to take the fuzzified inputs, and apply them to the antecedents of 

the fuzzy rules. Because the developed fuzzy rule has multiple antecedents, the fuzzy 

operator ‘AND’ was used to evaluate the conjunction of the rule antecedents. The 

fuzzy operation intersection is shown below: 

 

mA∩B(x) = min [mA(x), mB(x)] 

 
Then a single number that represents the result of the antecedent evaluation is 

obtained, which is then applied to the consequent membership function. The method 

of correlating the rule consequent to the truth-value of the rule antecedent is to cut the 

consequent membership function at the different levels of the antecedent truth.  

 

Step 3: Aggregation of the rule outputs 

In this process, the membership functions of all rule consequents previously clipped 

or scaled were taken, and then they were combined into a single fuzzy set. The input 

of the aggregation process is the list of developed clipped consequent membership 

functions, and the output is one fuzzy set for each output variable. 

 

Step 4: Defuzzification 

In this process, the input which has been achieved from the aggregate output fuzzy set 

will be defuzzified; the output is a single number. 

 

9.3 EXPERIMENTAL RESULTS 

 

It can be seen that very good prediction results were obtained for ignition advance. The 

comparison of ignition timing obtained from the test rig, and the one achieved from the fuzzy 

expert system, was generally correct at most engine speeds while operating at wide range of 

throttle positions, as shown in Table 22. The curved surface of the calculated results for ignition 
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advance is shown in Figure 116, and the ignition advance of the hydrogen car at 75% throttle 

position, is shown in Figure 117. 

 

Table 22 Ignition advance of hydrogen-powered car 

 

 

Figure 116 Ignition advance surface of hydrogen car 

 

The created fuzzy expert systems mapped a comprehensive range of data variation through many 

different engine testing conditions. The results show that when the load (throttle position) 

increases, ignition start angle decreases. Moreover, maximum output power would be achieved 

around 22 degree crank angle BTDC. In addition, the decrease in the load will make the ignition 

advance increase faster than the increment of the speed. These statements have been found to 

agree with the results by Zhengzhong [78]. 
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Figure 117 Ignition advance of hydrogen car at 75% throttle position 

 

The use of the fuzzy expert system as an intelligent tool to predict the ignition advance for a 

hydrogen-powered car has been demonstrated. These predictions are based on the study of the 

qualitative and quantitative effects of engine process parameters including engine speed, throttle 

position, manifold air pressure, fuel pulse width, engine power and lambda value on the ignition 

timing of the hydrogen car. The fuzzy system was appraised by comparing data obtained from 

the test rig. It has been shown that in using the fuzzy system, the predictive capability for 

ignition advance was less than 5% root mean square error, compared with a recorded database of 

basic hydrogen engine tuning.  
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9.4 CONCLUDING REMARKS 

 

This chapter presented the application of the fuzzy expert system technique, as a basis for 

estimating ignition timing for the subsequent tuning of the converted hydrogen car. Ignition 

timing prediction is a typical problem for which the support fuzzy system can be used. Based on 

extensive experiments, the basic fuzzy rules on ignition timing were constructed, in which the 

engine speed, throttle position, manifold air pressure, fuel pulse width, engine power and lambda 

value were chosen as fuzzy sets of the linguistic input variables, and the ignition advance was 

selected as the performance output of the fuzzy system. The constructed fuzzy system initially 

mapped 136 basic rules based on physical theories and extensive experimentation. For all the 

input parameters, various triangular, trapezoidal and generalised Bell-shaped membership 

functions were successfully applied to represent the ignition timing output from the expert 

system. The results show that the ignition advance for maximum torque without detonation was 

achieved. The estimation of ignition advance achieved from the fuzzy expert system was 5% root 

mean square error, compared to the experimental tuning results. 
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CHAPTER 10: INTELLIGENT VIRTUAL 

SENSORS FOR HYDROGEN CAR EMISSION 

PREDICTION
23
 

 

 

10.1 INTRODUCTION 

 

Current stringent emissions standards such as the Euro II and Euro III enforce strict pollution 

controls that are being adapted and introduced in Australia [73]. On-going development is taking 

place, particularly in the automotive industry, to cope with these increasingly stringent 

regulations. Improvements include the development of devices such as spark optimisers, 

catalytic converters, soot filters, air injection reactors and exhaust gas recirculation techniques 

[79, 80]. Online estimation of harmful emissions often requires expensive test rig installations. 

However, predictive modelling of emissions for the reliable estimation of emissions can be used 

as a virtual tool without having to invest in an expensive online analysers [81]. From an 

academic point of view, an accurate predictive model of emissions from an engine can provide a 

better understanding of emission characteristics at different points in the engine drive cycle [79]. 

This information allows tuning of the engine for improved emissions performance. Points where 

emissions are unusually high can be noted and the cause for the spikes can be determined. This 

could lead to changes in the fundamental design of the vehicle, giving improved overall 

performance [22, 82]. 

 

The use of predictive models, based on artificial intelligence, also allows the designer of a 

vehicle to gauge the effect, if any, of the emission characteristics of a proposed modification to 

the vehicle. This is achieved by feeding the model with approximated changes to various engine 

parameters caused by the proposed modification. The AI predictive model is then able to predict 

changes in the emission characteristics based on previous knowledge. This is a useful decision 

making tool when considering design changes. This model could also be useful in the area of 

                                                 

23 The content of this chapter has been published in the International Journal of Hydrogen Energy and the Journal of 
Neural Computing and Applications: 

1. Ho NT, Karri V, Lim D, Barrett DT. An investigation of engine performance parameters and artificial 
intelligent emission prediction of hydrogen powered car. Int J Hydrogen Energ. 2008;33:3837-46. ISSN 
0360-3199. 

2. Karri V, Ho NT, Predictive models for emission of hydrogen powered car using various artificial intelligent 
tools. Neural Comput Appl [Internet]. 2008 December:1. ISSN 1433-3058.  
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vehicle maintenance for detecting failures in components. The sudden failure of an engine 

component should lead to a noticeably large change in emissions characteristics, while normal 

engine wear and tear would have a more gradual effect. Monitoring the trends of the output from 

the predictive model, and using trigger points, could aid in the detection of potential vehicle 

problems. The analysis of failure patterns caused by the degradation of engine components may 

enable the linking of explicit failure patterns to a specific engine component. This would allow 

the pinpointing of the exact failure based on the changes in the emission characteristics. 

 

The developed prediction neural network models accurately predicted hydrogen car emission 

parameters including CO, CO2, HC, NOx as a function of various engine parameters including 

engine speed, throttle position, mass air flow, manifold air pressure, fuel pulse width, engine 

power, ignition timing, engine temperature, air temperature, air fuel ratio and exhaust gas 

temperature. The neural networks as predictive models were chosen for this research because of 

the following reasons [15, 17, 83-87]: the ability to model non-linear process, adaptive learning, 

self-organisation, real time operation, and ease of insertion into existing technology. As a result, 

neural networks have proven themselves in practice for accurate performance prediction. The use 

of artificial intelligence systems for predictive modelling presented here is a collective term for a 

broad range of methods including: 

  

• UTAS ANNs software as presented in sections 3.1.7 and 5.1.2. 

• The MATLAB BPNNs model with eleven different algorithms as presented in sections 

3.1.6 and 5.1.1. 

• ANFIS as presented in section 3.2. 
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10.2 EMISSIONS PREDICTION OF HYDROGEN CAR USING ARTIFICIAL INTELLIGENT METHODS 

The emission prediction of hydrogen car using ANNs has been carried out for the whole range of 

practical testing conditions that best represent most practical scenarios. The emissions 

knowledge database with subsequent data formatting and pre-processing produced 850 data 

patterns in total for emission predictive application. The processed data was then divided into 

800 training data patterns, with the remaining 50 patterns used as testing data. The training and 

testing data sets were randomly selected from the entire range of values for each parameter. 

10.2.1 UTAS ANNS SOFTWARE 

 

The UTAS’s ANNs modelling software package was developed in-house as a result of much 

researches into the field of artificial intelligent (AI) and is now in its third iteration [88, 89]. The 

package contains several types of neural networks and uses Microsoft Excel as its front-end GUI 

for user interaction. The actual training and execution of the neural network utilises Visual Basic 

for Application (VBA) scripting to link with external files programmed in Pascal. The basic 

neural network model, as virtual sensor, to estimate emissions is shown in Figure 118 below. 

 

 

Figure 118 Map of engine parameters to exhaust emissions 

 

The software enables the data to be broken into training and testing datasets. The difference 

between the two datasets is that the training dataset influences the weights of the interconnection 

between the nodes of the network, while the test dataset does not. Output predictions are given 
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for both datasets. Once the appropriate neural network is chosen from a suite of networks, the 

software then provides a summary screen informing the user of the options selected for training 

the network, such as the number of inputs, outputs, total data patterns, iterations and threshold 

functions.  

 

The user is able to change some of these options, if required, before iterative training 

commences. Training the network requires intensive data processing, depending on the number 

of inputs/outputs, as well as data patterns, the neural network type and iterations.  

 

Once the network is successfully trained, a new sheet is created with the results of the training 

process including the predicted outputs, the difference between predicted and actual values for 

each dataset, as well as a root mean square (RMS) errors summary screen. The user is also able 

to use the trained neural network for new datasets by entering the input values for the 

corresponding neural network predicted output values. Through extensive experimentation with 

emission prediction using UTAS ANNs, the back-propagation with two hidden layers was 

chosen as the best prediction neural network for the emission prediction task. 

 

10.2.2 MATLAB BPNNS  

 

The BPNN models with different training algorithms from MATLAB neural network toolbox 

have been used to analyse and predict various parameters. Through extensive experimentation 

covering a comprehensive range of prediction performances, Levenberg-Marquardt proved itself 

to be the most accurate algorithm when performing the project prediction tasks. Table 23 below 

presents the details of the architecture used in the Levenberg-Marquardt algorithm. 
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Table 23 BPNNs architecture using the Levenberg-Marquardt algorithm 

 

 

10.2.3 ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM 

 

The use of the ANFIS in this case study is known as chaotic time series prediction with resolving 

the differential equation of Mackey-Glass [19] to provide a real time prediction of each emission 

gases at 1 seconds in advance, based on the current data of emission as well as data recorded 

such as 4, 3, 2, and 1 seconds before the current data. These five input values show the pattern of 

a five dimensional vector as:  

 

X=	â\(�-è)	\(�-ç)	\(�-¢)	\(�-$)	\(�)]		 (1��1)	
 

Where x(t) represents the emission data at time t and the ANFIS output is the prediction 

emission data 1 second ahead x(t+2). The ANFIS converted these data into five training and five 

testing data sets, thus ensuring that two runs of the program were unlikely to contain the same 

data sets. Each data set was a time series of emission data recorded every 0.5 second, with the 

time interval being 100 seconds. Therefore, each data set contained 201 values. Input variables 

x1, x2, x3, x4 and x5 correspond to emission data at the point time (t-8), (t-6), (t-4), (t-2) and t, 

respectively [15, 19]. Once the ANFIS had been generated, a number of distributions were tested 

for the membership functions (MFs). However, it was found that the best performance was 

achieved by assigning three membership functions to each input variable with the Bell curve 
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distribution function being the most effective. At first, the program trained the ANFIS on the five 

training data sets sequentially. The best results were obtained when the five data sets were mixed 

and converted into a single training matrix X from previous data of a chosen parameter, and a 

vector Y, from the corresponding current chosen parameter data. Predictive models for emissions 

from the converted hydrogen car are extremely complex processes which are affected by 

variables shown as input factors in Figure 118.  

 

The methodology proposed here could be a generic application for all hydrogen internal 

combustion engine car emissions predictions. The prediction of emissions could be carried out 

without expensive instrumentation. 

 

10.3 PREDICTION RESULTS AND DISCUSSION 

 

The artificial intelligent techniques with different methods were trained and tested over a 

comprehensive range of data variation, and in different engine testing conditions. The best 

intelligent technique was achieved with BPNNs architecture, using the Levenberg-Marquardt 

algorithm.24 Table 24 below summarises the results for three models used. 

 

Table 24 Comparison of emission prediction results of a hydrogen-powered car 

 

 

                                                 

24 The developed software for MATLAB back-propagation neural networks using the Levenberg-Marquardt 
algorithm to predict the emissions of a hydrogen-powered car is attached in Appendix 4.5. 
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10.3.1 EMISSION PREDICTION OF NOX 

It can be seen that very good prediction results were obtained for hydrogen car emissions with all 

three methods. However, the best result was achieved with the Levenberg-Marquardt algorithm, 

with the %ARMS error being 1.66% and average deviation being 9.3467, as shown in Figure 

119 below, and the prediction summary in Table 24 above. 

Figure 119 Result of NOx emissions prediction using the Levenberg-Marquardt algorithm 

 

Figure 120 Histogram Prediction Error Distribution of NOx 
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10.3.2 EMISSION PREDICTION OF CO2 

 

The best CO2 emission prediction result was also achieved with the Levenberg-Marquardt 

algorithm. The %ARMS error was 2.29 % and deviation was 0.0037.  

 

 

Figure 121 Result of CO2 emission prediction using the Levenberg-Marquardt algorithm 

Figure 122 Histogram Prediction Error Distribution of CO2 
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10.3.3 EMISSION PREDICTION OF CO 

 

The Levenberg-Marquardt algorithm has proven itself to be the most effective method for 

predicting CO emission of the hydrogen car. The CO prediction results were 3.5185% for 

%ARMS error and 0.0002 for deviation. 

 

 

Figure 123 Result of CO emission prediction using the Levenberg-Marquardt algorithm 

Figure 124 Histogram Prediction Error Distribution of CO 

 

0 5 10 15 20 25 30 35 40 45 50
0.01

0.015

0.02

0.025

0.03
Comparison of Actual and Network Predicted Values for CO emission

Number of Testing data

C
O
 e
m
is
s
io
n
 (
%
)

 

 

Actual

Predicted

- 1 5 - 1 0 -5 0 5 10
0

5

10

15

20

25

30

35

40

45

50
Tes tin g h isto g ram

E r ro r  ( a c tu a l -  p r e d ic te d  va lu e s )

F
re
q
u
e
n
c
y



Chapter 10: Intelligent virtual sensors for hydrogen car emission prediction      208 

 

 

10.3.4 EMISSION PREDICTION OF HC 

 

The prediction result for HC shows that the most accurate method was the Levenberg-Marquardt 

algorithm, with %ARMS error being 1.58 % and deviation being 0.409. 

 

 

Figure 125 Result of HC emission prediction using the Levenberg-Marquardt algorithm  

 

Figure 126 Histogram Prediction Error Distribution of HC 

0 5 10 15 20 25 30 35 40 45 50
20

25

30

35

40

45

50
Comparison of Actual and Network Predicted Values for HC emission

Number of Testing data

H
C
 e
m
is
s
io
n
 (
p
p
m
)

 

 

Actual

Predicted

-15 -10 -5 0 5 10
0

5

10

15

20

25

30
Testing histogram

Error (actual - predicted values)

F
re
q
u
e
n
c
y



Chapter 10: Intelligent virtual sensors for hydrogen car emission prediction      209 

 

 

 

10.5 CONCLUSION 

 

The use of artificial intelligent models as virtual sensors to predict relevant harmful emissions 

for the hydrogen-powered car has been demonstrated. The virtual sensors were developed by 

means of Artificial Intelligent models: AI software built at UTAS; MATLAB BPNNs model 

with eleven different algorithms; and ANFIS. These predictions were based on the study of the 

qualitative and quantitative effects of engine process parameters, such as mass air flow, engine 

speed, air-to-fuel ratio, exhaust gas temperature and engine power on the harmful exhaust gas 

emissions.  

 

These virtual sensors were appraised by comparing predicted emissions with the experimental 

tuning results. It has been shown that by using all three models, the predictive capability for HC, 

CO2, CO and NOx has achieved an average percentage root mean square error of less than 6%. 

However, using the Levenberg-Marquardt back-propagation algorithm, the average percentage 

root mean square error of all predicted emission parameters was less than 4% and highlighted the 

highest predictive accuracy and ability to be used as a virtual sensor.  
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CHAPTER 11: STATE OF THE ART: HYDROGEN 

CAR MODEL-BASED CALIBRATION
25
 

 

 

11.1 INTRODUCTION AND OBJECTIVES 

 

This chapter presents the research on using the experimental tuning data of the hydrogen-

powered car to construct empirical engine modelling or model-based calibration (MBC), via 

response surface methodology, with hydrogen engine Hardware in the Loop Simulation and 

Testing (HILST). 

 
The experimental tuning of the hydrogen engine carried out in Chapter 8 has provided sufficient 

statistically useful data, including engine-operating conditions and engine information to fit into 

the models. The developed model can be constrained at some unrealistic engine-operating points 

(as experienced in the experimental tuning) to avoid damaging the innovative hydrogen research 

engine.  

 

These approaches were developed to ensure that optimal hydrogen engine calibration can be 

achieved via adjusting different engine control variables such as: injection timing, hydrogen fuel 

injection pulse width, ignition timing, and associated desired lambda table at a minimum cost 

and testing time.  

 

With the model-based calibration, it is possible to simplify  the research studies and experimental 

process from the exponential dependency between the complex inputs control and engine 

                                                 

25 The content of this chapter has been published in the 8th Hydrogen – Power Theoretical and Engineering Solutions 
International Symposium and the 15th Asia Pacific Automotive Engineering Conference: 

1. Ho T, Karri V. Two-stage modelling to estimate igniting timing for tuning of hydrogen car. In: Hypothesis 
VIII; 2009 April 1-3; Lisbon, Portugal; CD proceeding. 

2. Ho T, Karri V. Optimising the sum performance of ignition timing and air to fuel ratio on torque of 
hydrogen powered car. In: The 15th Asia Pacific Automotive Engineering Conference; 2009; Hanoi, 
Vietnam; p. 5-149: 1-7. 

The following papers are in peer review process in the International Journal of Hydrogen Energy: 
1. Ho T, Karri V. Hydrogen powered car: Two-stage modelling system. Int J Hydrogen Energ. Article in peer 

review process. 
2. Ho T, Karri V. Optimising performance of hydrogen powered car. Int J Hydrogen Energ. Article in peer 

review process. 
3. Ho T, Karri V. Trade-off study of multi-objective of hydrogen powered car. Int J Hydrogen Energ. Article 

in peer review process. 
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responses. The engine characteristics and control variables can be represented in an effective 

way, and in a manner that the tuner can easily understand in order to obtain the optimal balance 

between emissions, engine power, fuel economy, good drivability and the material limit 

constraints of the converted hydrogen engine.  

 

Further, the accurate models can be used to generate calibration tables automatically (look up 

control tables) for the hydrogen car’s ECU. The constraints could also be applied to the created 

calibration tables so that smooth transitions between the operating ranges of the hydrogen engine 

are achieved, especially at the boundary engine-operating conditions or edge region, where the 

engine will not operate in realistic driving.  

 

11.2 REVIEW OF AUTOMATIC ENGINE CALIBRATION METHOD 

 

Automotive engine calibration that combined simulation on the computer programs with engine 

control units has been developed significantly since the 1980s. Watanabe and Tumer [50] 

calibrated a spark ignition timing engine that can trade-off and optimise the balance of multi-

criteria evaluation between emissions, fuel consumption and the engine’s power, using a micro-

computer.  

 

Moreover, the control parameters and associated devices and systems of a contemporary ECU 

are significantly larger than that of the engine management systems of the past. As such, 

conventional manual calibration26 using full factorial testing was standard, and very time-

consuming in the engine development process. Hence, modern automotive calibration, using 

automatic calibration based on multi-objective optimisation has proved more efficient and can 

completely replace the conventional technique.  

  

In detail, the recent trends of automatic engine calibration developed in the automotive industry 

include [90]: optimisation based on theoretical simulation, model-based calibration (MBC) and 

HILST. 

 

                                                 

26 Conventional manual calibration using ‘look-up table’ with feedback and feed-forward control of air fuel ratio as 
presented in Chapter 6, Section 6.2.3.1 ‘conventional control strategies’. 
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11.2.1 OPTIMISATION BASED ON THEORETICAL SIMULATION 

 

Optimisation based on theoretical simulation techniques does not use real engines and hardware. 

The ‘virtual engines’ are represented by a computer code such as Computational Fluid Dynamic, 

KIVA-3V or using a PC cluster for parallelisation techniques.  

 

The optimisation techniques applying to the theoretical models can be gradient methods or 

genetic algorithms (GA). The demonstrators [91, 92] and [94] presented their research and 

application of the multi-objective optimisation of fuel consumption and exhaust emissions for 

their Diesel ‘virtual engine’ using different evolutionary algorithms with decision variables being 

multiple injection strategies.  

 

However, this method has some drawbacks, such as:  

 

• It is cost ineffective due to the amount of effort needed to construct the physical and 

chemical models of internal combustion engines.  

• Unknown parameters exist, and the optimisation results only provide qualitative 

tendencies of a calibrated engine.  

• Enormous simulation time is required to solve complex equations and numerical fluid or 

thermal dynamic models.  

 

11.2.2 MODEL-BASED CALIBRATION 

 

This is an offline optimisation technique based on the Design of Experiments (DoE) and 

statistical tools to construct the response surface between decision variables27 and the desired 

performance objectives28 of an engine.  

 

The DoE includes the design planning of the engine operation points and region, modelling 

methodology and optimisation strategy. The planning of engine operation points and its 

corresponding decision variable solutions can be accomplished using different statistical tools 

                                                 

27 Decision variables such as injection timing, ignition timing, valve timing and injection strategy. 
28 Performance objectives of an engine such as maximising torque and power, minimising emissions and reduce fuel 
consumption or trade-off between these objectives. 
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such as Latin Hypercube Sampling, Centre Composite Design, V-optimal design, and D-optimal 

design.  

 

The response surface can be constructed using different approximation modelling techniques 

such as polynomials, radial basis function, ANNs, etc. or a hybrid of these aforementioned 

models. 

 

The typical engine calibration procedures using model-based calibration methodology are shown 

in Figure 127, and described below [90]: 

 

1. Determine the engine-operating region and points based on the engine speed and load. 

2. Determine the control parameters of the studied engine, based on DoE. 

3. Measure engine performances output data using control parameters. 

4. Use different approximation modelling techniques to build the response surface. 

5. Optimise response surfaces offline with different desired objectives by altering the 

control parameters.  

6. Validate the optimal control parameters and desired objectives with real engine testing 

and then go back to step 1, if it is required. 

 

Figure 127 The procedures of model-based calibration methodology [90] 
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Demonstrators in [93-97] have proved that MBC with DoE did improve the efficiency of their 

calibration process. However, this method also has the drawback of requiring the control 

parameters and constructed response surfaces to be re-evaluated and re-built when engine 

specifications are changed or a new ECU is installed with additional features.  

 

11.2.3 RECENT AUTOMOTIVE DEVELOPMENT 

 

Recent automotive development uses the smart environment HILST, as shown in Figure 128. 

With HILST, empirical models of MBC methodology synchronises with a calibration personal 

computer (PC) connected to the ECU. As such, real time engine control and evaluating engine 

performances can be done automatically by a computer's software or manually by a tuner 

(operator).  

 

 

 

Figure 128 Hardware in the Loop Simulation with the calibration PC [90] 

 

Hydrogen engine calibration in this research was carried out by taking full advantage of model-

based calibration combined with HILST smart engine simulation environment. The Model-Based 

Calibration Toolbox™ from Mathworks was used for statistical calibration and simulation 

purposes. 

 

The tool provides a statistical modelling capability, incorporated with numerical optimisation for 

optimising complex POWERTRAIN simulation systems. A test plan for a highly complex 
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degree of freedom engines can be defined and calibrated with the development of statistical 

models.  

This provides great assistance, especially to our newly converted hydrogen car that would 

require exhaustive engine testing using traditional methods and tuning on a dynamometer. The 

developed processes systematically identify the optimal balance of the engine power (or torque), 

exhaust emissions and fuel economy. All these advantages of statistical engine modelling can be 

used for control design and HILST.  

 

As such, basic hydrogen tuning data and experience were applied to the DoE and response 

surfaces between control variables (including injection timing, hydrogen fuel injection pulse 

width, ignition timing, and associated desired lambda table) and the hydrogen engine ’s 

performance objectives (torque, NOx emissions and fuel consumption indicated by lambda). 

Then, the Calibration Generation (CAGE)29 tool based on the created models was used to 

generate the desired look-up tables to control the converted hydrogen engine. The ECU 

management software from MoteC was used to perform real time engine control for injection 

timing, injection duration and ignition timing.  

 

11.3 DEVELOPMENT OF MBC MODELS 

 
11.3.1 GENERAL MBC DEVELOPMENT PROCESSES 

 

Figure 129 below shows the whole structure of the experimental test rig and research 

methodologies, including MBC and HILST for the converted hydrogen car. 

 

 

 

 

                                                 

29 CAGE is a part of Mathworks’ Model-Based Calibration toolbox. 
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Figure 129 General MBC development process of a hydrogen car 

 

The recorded data from the hydrogen engine tuning on the dynamometer were used to develop a 

two-stage model. All testing and data recorded were obtained under steady-state conditions, 

which finds the setting for each engine’s control parameter to maximise torque, while 

maintaining the smooth operation of the engine and satisfying a set of constraints, such as engine 

temperature, minimisation of the NOx emissions and fuel consumption.  

 

The methodology proposed here could be a generic application for all hydrogen vehicles with an 

internal combustion engine. It involves the best tuning control process, where measurement of 

engine characteristics and generated engine power can potentially be carried out without 

spending much time on the tuning process. 

 

Using the model calibration based on the experimental tuning data, we can capture the entire 

operating space of the engine’s behaviours and characteristics. This not only improves the 

optimal control settings, but also helps us to avoid being trapped in local minima during the basic 

experimental tuning process.  
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11.3.2 DESIGNING AND MANAGING HYDROGEN ENGINE TEST PLAN 

 

The provided tuning data file and knowledge during tuning of the hydrogen car was applied to 

the design of the experiment processes and used to examine, verify and fit different statistical 

engine modelling designs. This allowed the shape of the engine responses to be captured quickly 

and efficiently.  

 

11.3.2.1 Test plan selection 

 

The selected test strategy was a two-stage (T-S) test plan, which introduced two sources of 

variation called local and global [98]. The reasons for choosing two-stage test plan were that the 

engine tuning process involved the sweeping of the single control variable of ignition timing at a 

constant value of other parameters (including engine speed, throttle position, injection duration 

and injection end angle and lambda value) to find the minimum ignition advance for maximum 

generated brake torque. Then, the series of tests were conducted at a different value of engine 

speed, throttle position, injection duration and injection end angle. In this testing case, local 

variations occurred within the test when the ignition advance changed and global variations 

occurred between tests when engine speed, throttle position, injection duration and injection end 

angle and lambda changed. By estimating the local and global separately, the selected T-S model 

mapped the complex relationships of the decision variables for controlling the hydrogen engine’s 

performances. Figure 130 shows the developed two-stage test plan. 
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Figure 130 Developed two-stage test plan 

 

11.3.2.2 Engine-operating boundary and constraints 

 

Based on the basic knowledge and experience gained from tuning the gasoline engine and the 

converted hydrogen engine, constraints were made for the engine operational regions that can be 

physically tested. The set of constraints includes [98]: 

 

1. Boundary constraint model: different constraint models were tried and tested to validate 

the realistic engine operating region. A star-shaped boundary30 were needed to constrain 

for engine speed and throttle position (load) for both global and response models. An 

ellipsoid boundary (built in the MBC toolbox) was used to constrain injection duration, 

injection end angle and lambda in global model. These types of boundary utilised the 

interpolation of all boundary data points. Note that there was no boundary constraint for 

local model as the range of ignition timing was already known and constrained by 

ignition advance input range from -5 degrees to 40 degrees BTDC. The reason for 

                                                 

30 Please see Appendix 2.7 for more information about the start shaped boundary formulation and ellipsoid boundary 
formulation.  
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ignition timing requiring the advance angle being set below 40 degrees CA BTDC was to 

avoid premature combustion, which may cause damage to the test engine. The dedicated 

2D constraint graph and surface are shown in Figure 131 and Figure 132.  

2. A constraint on lambda value is greater than unity (λ>1) at each drive cycle point. The 

reason is that the hydrogen engine is always operated at a lean air-to-fuel ratio, compared 

with the stoichiometric mixture.  

3. A constraint on the maximum end of injection angle of 450 degrees was applied, since 

the inlet valve closed at this point. 

4. There were also additional constraints to ensure smooth operation and transition between 

testing cells in the tabular engine map. They included: 

a. The ignition advance angle not varying by more than 10 degrees per 500 RPM, or 

10% throttle position. 

b. The injection end angle not varying by more than 100 degrees crank angle per 

500 RPM. 

 

Figure 131 and Figure 132 below show a dedicated snapshots of the created boundary model as 

stated in boundary constraint model section. 

 

 

 

Figure 131 Dedicated star-shaped boundary model for a hydrogen engine 
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Figure 132 Dedicated boundary constraint surface and feasible testing region of a hydrogen car 

on dynamometer 

 

11.3.2.3 Data analysis and response surface modelling 

 

In this step, the engine performances were represented using data analysis, visualisation, 

statistics and different optimisation model types and techniques to fit the collected tuning 

hydrogen engine data to the desired models.  
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Figure 133 The sophisticated hydrogen engine model snapshot 

 

Before processing the test and fitting models, the design data editor was used to analyse, filter 

and remove noisy data, as well as to change test grouping. There were 17 test groups, as stated in 

Chapter 8, Section 8.2.1 ‘Basic tuning procedure’. The recorded data for these test groups to 

develop the two-stage models is provided in Appendix 3.3.  
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. 

 

 

Figure 134 Using the Data Editor to select a subset of tests and view the data in different 

formats 

 

Then, different empirical model types, including polynomial, splines and radial basic function 

were used to model the engine performances of torque and NOx emissions. 
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Figure 135 Fitting and evaluating different model types for hydrogen engine using model 

browser 

 

11.3.2.4 Calibration generation of optimal results 

 

Based on the created calibration two-stage models, the CAGE tool incorporated into graphical 

user interface (GUI) makes it possible to perform optimisation engine performances. Then, the 

optimisation results were used to fill in the desired look-up tables of control parameters for the 

hydrogen car including ignition timing, injection end angle, injection duration and corresponding 

lambda table. Different optimisation study cases were involved: 

 

Optimisation case study 1: single objective optimisation to find the maximum value of torque 

for the whole engine-operating points subject to the following constraints: 

• The constraint of keeping NOx emissions below 2000 parts per million (ppm) or 2 parts 

per thousand (ppt); 

• The constraint of keeping lambda value greater than unity (λ>1) at each drive cycle point 

for stable combustion 

• The hydrogen engine-operating boundary and constraints, as stated in Section 11.3.2.2 

‘Engine-operating boundary and constraints’ 
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Optimisation case study 2: multi-objective optimisation to maximise the engine torque and 

minimise NOx emissions subject to the same constraints as stated in case study 1.  

 

Optimisation case study 3: trade-off study of multi-objective to optimise hydrogen engine 

performances at different engine-operating regions. This calibration study was based on the 

optimisation results achieved from optimisation case studies 1 and 2 above.  

 

It should be noted that in the optimisation study case 1 and 2, the optimisation firstly found 

point-by-point optimisation, which is the optimal values of objective function at each point in a 

set of operating points. Then, the sum optimisation over a drive cycle was carried out by finding 

the optimal values of a weighted sum of objective function over all control variables 

simultaneously. 

 

All the calibration results were examined and exported to fill up look-up tables of the hydrogen 

car control parameters. As well, all of the models and calibration processes were exported to 

Simulink and a MATLAB file for later use. 
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Figure 136 Dedicated optimisation output of hydrogen car tuning data using CAGE 

On-road optimisation and online measurement of lambda and emissions were carried out to 

validate the results of the look-up tables obtained from the model-based calibration.  

 

The following sections detail each individual model’s selection and its modelling accuracy 

results compared with the experimental tuning data of the hydrogen-powered car. 

  

 

11.3.3 MODEL SELECTIONS AND RESULTS 

 

11.3.3.1 Torque model 

 

The curves of the torque/spark model were well studied throughout the extensive experimental 

tuning process. As a result, the chosen local model was the polynomial spline, which was fitted 

by different pieces of polynomial smoothly joined together. The point of the join is called a knot, 

which is the point where the spark angle achieves maximum brake torque. The spline class is 

defined as [99-100]: 
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Where:  

k:  the knot location  

β:  regression coefficient 

c:  the user-specified degree for the left polynomial  

h:  the user-specified degree for the right polynomial 

Low:  denotes to the left (below) of the knot 

High: denotes to the right (above) of the knot. 

 

Note that the first derivative at the knot will be continuous at the knot by excluding terms 

( )jx k −−  and ( )jx k +− , as shown in equation (2) above. In this case study, there was one knot 

and the chosen model specific option was second order for both below and above the knot. The 

selected response feature was at the knot position (maximum brake torque).  

 

A global model was built up with different structures so that comparisons could be made, and 

selection of the best model could be achieved. These different structures of global models 

included the following. 

 

Cubic polynomial linear global model 

The quadratic polynomial linear model that has a single turning point and can be described by 

the equation shown below:  

 

´ = 	Z}� � ¸}� � 	Ú} � �												(11��)     

 

A linear model with the second order was selected for all global variables. The chosen 

performance was minimising predicted sum square error (PRESS). 

 

Radial basis function global model 

The typical Radial Basis Function (RBF) is shown as: 
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·(\) = �	(	\ j á	)                    (11.4) 
Where: 

x: n dimensional vector 

µ: n-dimensional vector called the centre of the radial basis function 

             

 : Denote Euclidean distance

    
 

Φ: Characteristic of RBF 

 

There was an N radial basis function corresponding with N distinct centres to form the model. 

The output vector of RBF network is shown below. 

�́(\) = ·	~ Û��
��� ��(\)														(11��)      

Where:  

^

y :     Output vector of RBF network 

           jβ :     jth radial basis function weight centred at jµ    

�(\) = �	(�\ j á��)    As defined in equation (11.4) 

  

The model was built up as a linear combination of N radial basis functions with N distinct 

centres. Given an input vector x, the output of the RBF network is the activity vector
^

y . The 

chosen model type of the radial basis function was linear, with the profile function shown below: 

� =	j�											(11�ç) 
 

The MBC toolbox provided the flexibility of choosing different kernels (the types of RBF), and 

their associated parameters. These kernels include Gaussian, Thin-Plate Spline, Logistic Basis 

Function, Wendland’s Compactly Supported Function, Multiquadrics, Reciprocal Multiquadrics, 

Linear (as shown above) and Cubic.  

 

Hybrid radial basic function global model 

This model combines an RBF model with a linear model. There are different options to choose 

from different RBF kernels (as shown in the RBF function) and linear models for this type. 
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The Levenberg-Marquardt algorithm BPNN global model 

The chosen Levenberg-Marquardt algorithm BPNN is part of the MATLAB neural networks 

toolbox, which was used to appraise the global model in this case study. 

 

A well-trained 1 hidden layer back-propagation, using a neural network model with 7 neurons in 

the hidden layer was used. The Levernberg-Macquardt algorithm with learning rate of 0.01 and 

maximum of 1000 iterations was applied to this model. 

 

The global models were created in isolation without accounting for any correlations between the 

response features, while the use of the maximum likelihood estimation (MLE) to fit the two-

stage model took account of possible correlations between response features. In cases where 

such correlations occurred, using the MLE with the Quasi Newton covariance algorithm 

significantly improved the two-stage model [100]. Therefore, MLE was used.  

 

A comparison of modelling results for different global models to two-stage root mean square 

error (by value) is shown in  

Table 25 below.  

 

Table 25 Comparison of two-stage root mean square error of different design of global models 

Response model corresponding to: Two-stage RMSE 

Cubic global model 6.1895 

Levenberg-Marquardt global model 4.3568 

Radio basis function global model 3.7282 

 

Based on the comparison above, the most suitable global design model was the radial basic 

function. With the purpose to build up the comprehensive model for the child node design for 

‘knot’ (spark angle at maximum brake torque), and ‘max’ (maximum achieved brake torque), the 

designed model was improved by creating multiple models for comparison. They included the 

hybrid linear-radial basis function with different structures and different RFB kernels.31 

Engineering knowledge gained from the experimental tuning of the hydrogen car was applied to 

                                                 

31 For more details of different RBF kernels and structure, please see Appendix 2.8. 
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check the trends of the model. Based on the predicted root mean squared error (PRESS RMSE) 

and root mean squared error (RMSE) criteria, the best torque model was achieved with: 

- The local RMSE (value) of 0.6659 corresponding to local %RMSE of approximately 

1.02%. 

- The two-stage RMSE (value) of 3.7282 corresponding to %RMSE of approximately 

5.74%. 

The local and two-stage RMSE (value) are shown in the Figure 137 below. 

 

 

Figure 137 Validation of Torque model 
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The selected models for the torque included knot model, max model, βhigh_2 model and βlow_2 

model. The details of individual model are shown below. 
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Note that, βhigh_2 and βlow_2 must be negative to ensure that maximum torque occurs at knot 

datum. Dedicated generated torque surface at spark angle 17 degree BTDC is depicted in figure 

138 below. 

 

 

Figure 138 Dedicated generated torque surface at spark angle 17 degree BTDC 

 

It can be seen that very good modelling results were obtained for ignition advance through 

different designs of the global model. The comparison of ignition timing obtained from the test 

rig and the one achieved from the two-stage modelling system were highly accurate at most 

engine speeds, throttle positions and air-to-fuel ratios, injection timing and injection duration.  

 

The two-stage modelling system created perfectly mapped a comprehensive range of data 

variation throughout many different testing engine conditions. These estimations were based on 

the study of qualitative and quantitative effects of the engine control parameters on the generated 

torque of the converted hydrogen car.  

 

The modelling system created was appraised and the model errors are reported in  
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Table 25 and Figure 137. These show that the modelling capability for the engine torque 

performance was achieved at a two-stage RMSE of 3.7282 corresponding to %RMSE of 

approximately 5.74%. 

11.3.4.2 NOx model 

 

The process for modelling NOX emissions was based on the previously created test plan for 

torque model. The chosen response of the datum of the NOx emissions model from the hydrogen 

car was to be based on the maximum brake torque (MBT) datum, so that the correlation between 

the MBT on other models could be demonstrated. This was presented by the model named ‘tp’, 

while the chosen point for the ‘knot’ model was at the minimum NOx emissions in the created 

two-stage model. The details of individual model for the knot, tp, βhigh_2 and βlow_2 used for the 

NOx emissions are shown below. 
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The best NOx emissions model was achieved with: 

- The local RMSE (value) of  0.023737 corresponding to %RMSE of approximately 1.58% 

- The two-stage RMSE (value) of 0.15922 corresponding to %RMSE of approximately 

10.61%  

The local and two-stage RMSE (value) are shown in the Figure 139 below. 

 

Figure 139 Validation of NOx model 
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Note that the unit of NOx data was changed to parts per thousand (ppt) for modelling purpose. 

Figure 140 depicts a dedicated NOx emission surface of hydrogen car at spark angle 12 degree 

BTDC.   

 

Figure 140 Dedicated NOx emission surface of hydrogen car at spark angle 12 degree BTDC 

 

11.3.4 OVERALL DISCUSSION OF DEVELOPED MBC MODELS AND RESULTS 

 

Completed hydrogen engine performances using the two-stage model are shown in Figure 141 

below. 
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Figure 141 complete hydrogen engine's performances model 

 

A system development of MBC models like this would also be invaluable for an interactive 

hydrogen engine-tuning exhibition, where visiting patrons would have the opportunity to become 

involved in ‘being an expert tuner’ for a short period of time, and help to identify various engine 

performances corresponding to the different settings of engine control parameters. The particular 

domain problem selected was very appropriate for a two-stage modelling system 

implementation. There was more than enough information about ignition and injection timing 

tunning. There was also adequate ‘expert’ information available so that a series of parameters 

tuning data could be filled in order to obtain a specific solution. The constructed model system 

was represented by different global models, and concepts based on physical theories and 

extensive experimentation. It represents knowledge of hydrogen engine tuning via the two-stage 

modelling system. Using the input parameters from the hydrogen engine control parameters, the 

two-stage models which estimate the hydrogen engine performances were developed. Model 

response results were compared with the real engine-tuning database and the system was found 

to be correct and reliable.  

 

In conclusion, the developed two-stage models and systems achieved all of the objectives, and 

met all the criteria, for a successful intelligent tool for later use to generate the table matching 

control methodology. There was further encouragement in the fact that the estimation of the 

%RMSE of two-stage models of torque and NOx emissions was 5.74% and 10.61%, 
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respectively.   This work is a step towards establishing intelligent modelling tools to identify 

conditions for smoother engine-operating conditions as well as control methodologies for further 

research aspects of the optimisation and trade-off studies between power requirements, fuel 

consumption and emissions.  

 

All of the developed models were then exported to a MATLAB file, Calibration Generation 

(CAGE)32 and to the Simulink® environment for later use in sharing information about the 

hydrogen engine modelling capability among the researchers. These are also included in 

Appendix 4.6. The dedicated snapshoot of the developed model that was exported to Simulink is 

shown in the Figure 142 below.  

 

Figure 142 Snapshot of complete hydrogen engine model in MATLAB Simulink environment 

 

11.4 CAGE SET UP AND OPTIMISATION DESIGN PROCESSES 

 
This section presents the development and optimisation of calibration look-up tables for the 

optimal balance between the performance indexes of power requirements, emissions and the fuel 

                                                 

32 CAGE is part of the model-based calibration toolbox to produce the optimised calibration tables for hydrogen 
engine control parameters.  



Chapter 11: State of the art: hydrogen car model based calibration  237 

 

 

economy of the hydrogen car. The overall aim of this section was to create the optimised tables 

for engine control parameters as functions of engine speed and load (throttle position) and 

subject to the constraints stated in the Section 11.3.2.4 ‘calibration generation of optimal results’. 

Those parameters include: 

  

• Ignition timing (spark advance); 

• Injection duration (fuel absolute pulse width); 

• Injection end angle; 

• Corresponding lambda value. 

 

 

11.4.1 SETTING UP CAGE 

 

The CAGE was set up by importing the model response of the torque, NOx emissions and the 

‘knot’ model of maximum brake torque as well as ‘tp’ model of NOx 

 

The reason for choosing the ‘knot model’ of the maximum brake torque (MBT) again was that 

this datum model was to be used twice. The first use is to track the spark angle at the maximum 

brake torque. The second use was to model the NOx emissions. The ‘tp’ model of the NOx was 

chosen because it was constructed using ‘datum link’ of the MBT. As such, this model was the 

NOx emissions evaluated at the datum point of the MBT. The overall aim of these selections was 

to utilise ‘datum link’ to see the maximum brake torque on the model plots for other desired 

factors [98-100].  

 

11.4.2 SETTING UP CALIBRATION TABLE 

 

Calibration tables were set up for spark, injection duration, lambda and injection end angle. The 

first three calibration tables involved 17 steps for engine speed and 11 steps for throttle position. 

 

Figure 143 and Figure 144  below show the speed normaliser (N normaliser) and load normaliser 

(L normaliser) of the first three calibration look-up tables. 
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Figure 143 Speed normaliser 
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Figure 144 Load normaliser 

 

The injection end angle table is a one-dimensional table because the injection timing depends 

only on the changing of the engine speed. Figure 145 below shows the normaliser of the 

injection end angle. 
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Figure 145 The normaliser of the injection end angle 

 

11.5 DEVELOPMENT OF DIFFERENT OPTIMISATIONS AND DESIGN OBJECTIVES 

 

11.5.1 CONSTRAINED SINGLE OBJECTIVE OPTIMISATION  

 

As discussed in Section 11.3.2.4, this case study found the optimal setting of hydrogen engine 

control parameters which maximise generated brake torque, while satisfying the following 

constraints: 

 

• The constraint of keeping NOx emissions below 2000 ppm or 2 ppt. 

• The constraint of keeping lambda value greater than unity (λ>1) at each drive cycle point 

for stable combustion. 
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• The hydrogen engine-operating boundary and constraints as stated in Section 11.3.2.2 

‘Engine operating boundary and constraints’ 

 

The optimisation was performed on a grid of 3D surface view where the speed and load of the 

hydrogen engine are shown in the x and y axes respectively, corresponding to the desired 

operating points of the ECU matching control tables of spark advance, lambda value, fuel 

absolute pulse width and injection end angle. The single-objective optimisation subject to 

constraint ‘foptcon’33 optimisation algorithm was utilised and specified the maximisation 

objective function of torque in the brake torque/spark two-stage model, with four variables of 

spark and lambda, injection end angle and FAPW. The dedicated screenshot of running 

optimisation results is shown in the Figure 146. 

 

 

Figure 146 Dedicated screenshot of constrained single objective optimisation 

 

                                                 

33 The ‘foptcon’ single objective optimisation algorithm is made available in the MBC toolbox, for more 
information on this optimisation algorithm, please see the Appendix. 
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The results of this optimisation case study were filled into the calibration tables of spark, 

injection duration, injection end angle and lambda table. The details of calibration results are 

shown below.  

 

Table 26 Constrained single objective optimisation for ignition advance look-up table 

 

 

Figure 147 Constrained single objective optimisation for ignition advance surface 
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Table 27 Constrained single objective optimisation for FAPW look-up table 

 

 

Figure 148 Constrained single objective optimisation for FAPW surface 
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Table 28 Constrained single objective optimisation for Lambda look-up table 

 

 

Figure 149 Constrained single objective optimisation for Lambda look-up table 
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Figure 150 Constrained single objective optimisation for injection end angle look-up table (left) 

and 2D graph (right) 

 

The experience gained from tuning the hydrogen-powered car was utilised to analyse the results 

of the optimisation look-up tables. Then, the calibration results together with the tuning of 

auxiliary control parameters (Section 8.3) were programmed into the MoteC ECU for realistic 

testing and on-road optimisation. It was noted that running an engine at MBT is knock-limited, 

and it was not possible at all operating points [98]. In addition, it is not fuel economy due to 

richer air-to-fuel to be used. Therefore, the look-up table results were modified slightly for 

knock-free combustion during programming into the MoteC ECU, especially at low load and 

low speed engine-operating conditions.  

 

The tuning performances of the hydrogen-powered car using optimisation control tables results 

in this case study showed that the minimum ignition advance with the appropriate hydrogen air-

to-fuel ratio for maximum brake torques were achieved. From a control engineering point of 

view, an intelligent control methodology including a ‘real’ hydrogen engine in the loop of 

calibration model was successfully presented. On-road optimisation with performance of power 

requirements was improved. Online measurements of NOx emissions were within the range of 

±10 % error and lambda were ±5% error, when compared with optimisation calibration results.  
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11.5.2 CONSTRAINED MULTI-OBJECTIVE OPTIMISATION 

 

In this study case, the setting of the hydrogen engine control parameters was desired to maximise 

the generated brake torque, while minimising NOx emissions for all engine-operating conditions 

subject to the constraints on the smooth engine calibration tables as well as NOx emissions being 

below 2 ppt and  1<λ<5 for stable combustion.  

  

The multi-objective ‘NBI’34 optimisation algorithm was utilised and specified the maximisation 

objective function of torque in the brake torque/spark two-stage model while minimising the 

NOx emissions in the NOx flow two-stage model. Similar to the constrained single objective 

optimisation, four variables of spark and lambda, injection end angle and FAPW were chosen to 

fill in the look-up tables. The dedicated screenshot of the running optimisation results is shown 

in Figure 151. 

 

 

                                                 

34 The ‘NBI’ multi-objective optimisation algorithm is made available in the MBC toolbox, for more information on 
this optimisation algorithm, please see the Appendix. 
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Figure 151 Dedicated screenshot of multi-objective optimisation case study 

 

Details of the optimisation results from this case study are shown below. 

 

 

 

 

 

 

 

 

 



Chapter 11: State of the art: hydrogen car model based calibration  248 

 

 

Table 29 Multi-objective optimisation for ignition advance look-up table 

 

 

Figure 152 Multi-objective optimisation for ignition advance surface 
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Table 30 Multi-objective optimisation for FAPW look-up table 

 

 

Figure 153 Multi-objective optimisation for FAPW surface 
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Table 31 Multi-objective optimisation for Lambda look-up table 

 

 

 

Figure 154 Multi-objective optimisation for Lambda surface 
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Figure 155 Multi-objective optimisation injection end angle look-up table (left) and 2 D graph 

(right) 

 

It was noted that running an engine with the multi-objective optimisation of maximising torque 

while minimising NOx emissions was not possible at all operating points, especially at medium 

to high engine load and speed operating points, where power requirements have the highest 

priority in tuning methodology for minimising power loss to the hydrogen-fuelled engine. 

Therefore, under aforementioned engine-operating conditions, if the solution was not achieved, 

the constraint on the NOx emissions of less than 2 ppt was considered as a selection criterion for 

the acceptable optimisation solution over the drive cycle.  

 

The next section presents the trade-off study of multi-objective optimisation where different 

optimisation objectives of the hydrogen engine are desired. 
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11.5.3 TRADE-OFF STUDY OF MULTI-OBJECTIVE OPTIMISATION 

 

This case study is presented as the innovative technology to optimise the constrained multi-

objective optimisation control algorithm for the hydrogen engine. The study cover an entire 

operating range of the hydrogen vehicle, with more details on how various objectives at different 

states of engine operation can be achieved. 

 

The objective of this work is to produce optimised control look-up tables of the hydrogen 

engine’s control parameters which resulted from the trade-off study of multi-objective 

optimisation techniques based on previous developed CAGE models including: constrained 

single objective optimisation (see Section 11.5.1) and constrained multi-objective optimisation 

(see Section 11.5.2). The final calibration results from this section were  programmed into the 

MoteC ECU for controlling a hydrogen-fuelled engine.  

 

The research assessed the methodology referenced by Yang et al. [101] and Sheridan et al. [100], 

and conducted studies to verify the proposed optimising control model on hydrogen-fuelled 

engines, using MBC and Calibration Generation techniques. Accordingly, all of the setting 

coefficients for the control look-up tables met the requirements of the proposed trade-off study 

by validating the extensive hydrogen engine tuning database, as well as on-road optimisation and 

testing. The research results from this section are presented in two parts: 

 

1. Propose a trade-off study of multi-objective optimisation techniques on the engine’s 

performance of torque and the NOx emissions from the hydrogen-powered car; 

2. Use the calibration generation tool to optimise the control model, and amend new 

coefficients of control look-up tables for the MoteC ECU, and its margins of various 

engine-operating conditions, as required. 

 

11.5.3.1 Trade-off study of multi-objective optimisation technique 

 

From Yang et al.’s paper [101], the optimisation control model was based on the different 

operating states of the hydrogen engine to control the ignition start angle, injection start angle 

and injection duration. The dedicated control mode was identified by the throttle position and 
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opening speed of the throttle, except in start and idle load states that were identified by special 

sensors. The control mode involved high load or rated load state; and low up to mean load state.  

 

In high load or rated load state, the objective was to maximise the generated output torque 

without any abnormal combustion while the NOx emissions were kept within the limit. In the 

low up to medium load state, the objective was to minimise the hydrogen fuel consumption so 

that high combustion efficiency could be achieved. The principle of the control system utilised 

the fuzzy neural network model.  

 

In the review of Yang et al.’s paper, it was assumed that the trade-off study of multi-objective 

control algorithms where different engine-operating states will be carried out by a dedicated 

engine load (throttle position). Based on this assumption, it was ascertained to see that the 

proposed algorithm is applicable to the control methodology of the converted hydrogen car in 

this project. In addition, it was expected to be adequate to assess the impact of changes in the 

control look-up table coefficients. However, there was no information on how engine-operating 

states are defined by a particular operating range of throttle positions.  

 

In this case study, the margin for different engine-operating states was defined and included in 

the methodology to verify the compliance of the proposed research using two-stage modelling 

for incorporation into the with calibration generation techniques. Figure 156 below is the 

histogram of 20 minutes of driving data, logged at 2 Hz (2400 samples) in normal engine-

operating conditions.  
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Figure 156 Histogram for normal driving of engine speed (left) and throttle opening position 

(right) [22] 

 

As shown in Figure 156, the engine operated with the throttle position being lower than 40% for 

most of the driving time. In fact, the throttle position varies between the range of 5% to 25% for 

more than 50% of the driving time. The engine speed was within the range of 800 RPM to 3500 

RPM for most of the driving time.  

 

Therefore, in this case study, the high load was defined as a throttle position range of more than 

40%, while the low up to medium load state was defined as the throttle position range from 5% 

to 40%.  

 

1. Low up to medium load state 

The constrained multi-objective optimisation study case was applied into this operating state to 

ensure that high combustion efficiency was achieved with the multi-objective of maximising 

torque and minimising NOx emissions. The optimisation results in this operating state 

determined the optimal settings for the control variables of the ignition start angle (Si), injection 

duration (ID), and corresponding lambda value (La).  

 

It was noted that the injection timing (injection end angle) was only affected by the engine speed. 

Therefore, for the same engine speed, the optimal results for the injection timing look-up table 
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were the maximum value of all throttle positions. For instances, at an engine speed of 2000 

RPM, calibration results for injection end angle at 20%  and 100% are 300 oCA and 320 oCA 

respectively. Then, the setting of injection end angle is 320 oCA. 

 

Therefore, the objective at this engine-operating state is shown below:  

 

Objectives:    [ ]
D

X i i D
S,I ,La

NO (N ,L ,S,I ,La)Min   

And   [ ]
D

i i D
S,I ,La

TQ(N ,L ,S,I ,La)Max   

 

Subject to constraints on: 

 

X i i DNO (N ,L ,S,I ,La)  2000 ppm (or 2 ppt)≤
 

 1< λ< 5 at each drive cycle point for stable combustion. 

And the hydrogen engine-operating boundary and constraints, as stated in Section 

11.3.2.2 ‘Engine operating boundary and constraints’ 

 

It should be noted that by minimising the NOx emissions, the calibration study also implied that 

the fuel economy could be optimised due to the relationship between the fuel mixture and the 

NOx emissions, as described in Chapter 8, Section 8.2.2.2.B1 (emission of oxides of nitrogen).  

 

2. High load or rated load state 

Within this engine-operating state, the main objective was to maximise the generated output 

torque subject to NOx emissions were limited within the desired limit of 2000 ppm and 1< λ< 5 

for stable combustion. Therefore, the constrained single objective model to maximise torque was 

used in this engine-operating state as shown below.  

 

Objective:  [ ]
D

i i D
S,I ,La

TQ(N ,L ,S,I ,La)Max   

Subject to the same constraints as stated in ‘low up to medium load state’ section.  
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11.5.3.2 Calibration results 

 

1. Optimisation result for ignition advance 

The detailed results from this optimisation for ignition advance case study are shown below. 

 

 Table 32 Trade-off study of multi-objective optimisation results for ignition advance 

look-up table 

 

 

Figure 157 Trade-off study of multi-objective optimisation results for ignition advance surface 
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2. Optimisation result for injection duration 

The detailed results from this optimisation for injection duration case study are shown below. 

 

Table 33 Trade-off study of multi-objective optimisation results for FAPW look-up table 

 

 

 Figure 158 Trade-off study of multi-objective optimisation results for FAPW surface 
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3. Optimisation result for Lambda look-up table 

The detailed results from this optimisation for corresponding lambda look-up table are shown 

below. 

 

Table 34 Trade-off study of multi-objective optimisation results for Lambda look-up table 

 

 

Figure 159 Trade-off study of multi-objective optimisation results for Lambda surface 

 



Chapter 11: State of the art: hydrogen car model based calibration  259 

 

 

4. Amendment of injection timing table 

 

Figure 160 Trade-off study of multi-objective optimisation results for injection end angle 

 

11.5.4 ON-ROAD OPTIMISATION AND OVERALL DISCUSSION OF CALIBRATION RESULTS 

 

The calibration results from study case 3 were programmed into MoteC ECU. It has been shown 

that using the developed input two-stage models together with the auxiliary control parameters35 

presented in Chapter 8, Section 8.3, the calibration generation with different objectives were 

demonstrated. The desired performance optimisation control tables in all engine-operating states 

were successfully achieved. Each value of ignition advance, lambda, FAPW and injection end 

angle was tested, and the hydrogen engine was found to have good drivability and reliable on-

road optimisation. In conclusion, the developed two-stage models and optimisation calibration 

systems achieved all of the objectives, and met all of the criteria for a successful intelligent 

control methodology tool for use in the advanced POWERTRAIN of the hydrogen car using an 

aftermarket MoteC M400 ECU. It was further verified that the estimation from the MBC model 

and measurement of lambda was ± 5% deviation and NOx emissions were within ± 10% 

deviation while achieving the desired engine power. It is a clear benefit that if at any time there 

are changes to hydrogen engine performance objective, the tuner would only proceed further 

                                                 

35 The auxiliary control parameters include cold start, fuel compensation associated with air temperature, unrealistic 
engine-operating conditions, and idle speed. 
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study to calibrate it directly on the developed CAGE models and quickly achieve the calibration 

results. Hence, the application of advanced POWERTRAIN techniques can be utilised to save 

time, money and to limit damage to the innovative hydrogen internal combustion engine in the 

early experimental advanced tuning process. 

 

The final tuning file was based on the optimisation case study 3, and implemented into MoteC 

ECU Manager Software for the hydrogen-fuelled engine control. 

 

11.7 CONCLUDING REMARKS 

 

This chapter presents ‘state of the art’ research using the experimental tuning data for the 

hydrogen car to construct two-stage models, and perform the calibration of different optimisation 

objectives via response surface methodology with the hydrogen engine HILST environment.  

 

In detail, the developed two-stage models include torque model, nitrogen oxides emissions 

model. The input parameters of these models are:  

 

• Local input: spark advance; 

• Global inputs: engine speed; engine load or throttle position; injection timing; injection 

duration; and corresponding lambda. 

 

The development of different optimisations and design objectives were presented, including 

constrained single objective optimisation, constrained multi-objective optimisation, and trade-off 

study of multi-objective optimisation. Those observations from the trade-off study of multi-

objective optimisation were implemented in MoteC ECU Manager Software and used to validate 

the calibration results by on-road optimisation testing.  
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CHAPTER 12: CONCLUSION AND FUTURE 

RESEARCH 
 

 

12.1 CONCLUSION AND FUTURE RESEARCH ON ELECTROLYSER 

 

The project highlighted that hydrogen generation and subsequent venting should conform to 

certain requirements to ensure the safety of the operators. It is argued that traditional instruments 

for H2 safety for monitoring lower explosion limits, flow rates and H2 pressure are expensive to 

install. While traditional methods for modelling H2 electrolysers are complex methods that do 

not build accurate quantitative methods for prediction, the project has presented the process of 

building up hydrogen predictive models using UTAS back-propagation neural networks with the 

OLL algorithm, MATLAB ANNs with eleven different algorithms and ANFIS. 

 

The process of building up the hydrogen predictive models using intelligent technologies has 

been presented. The objectives of the project were successfully achieved. The predictive models 

using ANNs and ANFIS were created to predict the production of hydrogen and the associated 

parameters of the HOGEN 20® hydrogen generator. From the results graphs and data for the 

training and testing in Chapter 5, it can be seen that the created neural networks were well 

trained. The statistical results have shown that, for the best ANFIS and ANNs models, the 

%ARMS and %RMS deviation values were less that 3% when compared to the experimental 

values. It is important to note that this accuracy is within the prescribed instrument accuracy. 

Therefore, we can see how close the network prediction results are compared with its actual 

output target values. 

 

The development of the system in this project, the results of which have been presented in the 

previous chapters, would also be of interest for researchers and visitors alike who are not 

familiar with the hydrogen generator operation in a safe working environment. The system is 

simple enough for people with less knowledge to understand and use the system and to try to 

identify the hydrogen production parameters and its associated percentage lower explosive limit 

and then to cross-reference this result with a proven analysis. This activity would enhance the 

development of the ‘problem solving’ skills required in the hydrogen laboratory, and provide 
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information technology skills and step by step using computer programming language to save 

and extract database for future use.  

The author believes that every project has its many challenges. In this project, most of the 

challenges were because hydrogen technology is still in its infancy. Work orders were lost and 

communication broke down between UTAS and suppliers and contractors. The necessary 

components for the hydrogen research were usually not in stock; therefore, a great deal of time 

was consumed searching for these components, and sometimes the suppliers could not provide 

them. In addition, the author was the first person who actually worked out the various procedures 

to acquire data from the hydrogen generator and de-ionised water system. Therefore, it required 

considerable effort to specify the objectives and determine the resources for building the system. 

However, in this case, with the co-operation, encouragement, endless help and support from all 

of the HART members, the project was completed successfully. As we assess the practical 

results, these project objectives were achieved as outlined in the project proposal guidelines and 

all of the criteria for a successful hydrogen safety predictive model were met. 

 

During the completion process, improvements were made from the results of this project to the 

hydrogen laboratory by creating an expert system called the ‘Hydrogen Safety Advisor’. This 

small expert system covered some general issues regarding the (minimum) practices and safety 

measures applicable in the hydrogen laboratory. These measures are not intended for use outside 

this scope. Obviously, authorised laboratory users may experience some situations that are not 

covered in this expert system, nor in the procedures in place. The ‘Hydrogen Safety Advisor’ is 

the small expert system that studies the safety conditions for the three actions that we can choose 

including warning and error codes, percentage of hydrogen in air conversion, calculating 

minimum ventilation requirement. For more information, see Appendix 1.8. 

 

The last part of the author’s work with the electrolyser was handed over to PhD student Steffen 

Becker, who is a member of the HART research program. The author was the first person in the 

HART who actually worked with various procedures to acquire data from the electrolyser and 

de-ionised water system. The hand over process was carried out by explaining various technical 

details of the electrolyser and the related systems, sharing the research documentation of the 

project and software development, and incorporating suggestions for future research including:  
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1. Performance analysis on the electrolyser and on the hydrogen predictive model can be 

improved by following recommended future research, as listed below: 

a. Improve predictive models, especially using the ANFIS or the Levenberg-

Marquardt algorithm BPNN to predict the electrolyser’s efficiencies including 

system efficiency and cell stack efficiency. This can be done by employing a 

power analyser to monitor voltage, current, the power factor and energy 

consumption (watt-hour). 

b. The robustness of the developed virtual sensors that replicate a dangerous 

working environment need to be investigated for more realistic haphazard 

conditions of hydrogen production. 

2. It is recommended that a system protection program be developed to control the Hogen® 

20 electrolyser through Field Programmable Gate Array (FPGA). This would provide a 

high speed automatic shut down of the operation of the electrolyser, if there is a 

dangerous working environment situation such as the leaking of the hydrogen production 

in the laboratory. 

3. A schedule maintenance electrolyser is required as per the discussion in the electrolyser 

maintenance manual. In addition, a safety demonstration of hydrogen generation 

processes should be presented. 

4. It is suggested that various hardware is developed for the hydrogen storage system, such 

as two-way valves and gas storage cylinders.  

 

12.2 CONCLUSION AND FUTURE RESEARCH ON HYDROGEN-POWERED CAR 

 

The design, installation and development of mechanical parts and safety sensor systems for the 

converted hydrogen car were a lengthy process. These required revision and incorporation 

several times mainly by two Master students, Daniel Lim and Danny Barrett. The team and its 

supervisor have faced many challenges during the conversion phases of the project. Some of the 

difficulties were sorting suitable parts from suppliers and contractors, because the necessary 

equipment for hydrogen car conversion was usually not in stock. Other challenges were the 

tuning procedures, the knowledge base and the calculation of the control parameters for the 

hydrogen engine. These challenges required a considerable effort to select suitable project 

procedures, determine problem characteristics, identify participants, specify tasks and objectives, 

and determine suitable resources for hydrogen engine conversion and fine-tuning.  
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Future research (as per discussion between hydrogen car members and supervisor) could 

improve the mechanical parts of the prototype hydrogen vehicle are listed below. 

 

• The hydrogen storage cylinder should be changed to improve the storage capacity. The 

current storage cylinder of 0.5 kg of compressed hydrogen would be sufficient to prove 

good drivability for on-road optimisation over a short distance.  

• During the tuning process, a pressure drop in the hydrogen fuel rail of up to 15 PSI was 

sometimes found. Although the chosen pressure regulator had a high flow specification 

and was suitable for automotive use, further improvement to reduce and possibly 

eliminate the pressure drop could be achieved by installing an additional pressure 

regulator in a series to gradually step down the pressure from the hydrogen storage 

cylinder (350 bars) to the set pressure of 50 PSIG.  

• The modified inlet stainless steel manifold and its gasket somewhat restricted the air flow 

stream. This resulted in the reduction of brake power output. Further consideration 

should be given to researching the mechanical parts to replace the suitable inlet manifold 

gasket. This should maximise the air flow and hence increase brake power for both 

gasoline engine and hydrogen engine. 

• Due to the loss in the hydrogen engine’s power compared to the gasoline-fuelled engine, 

future research could be to design a fuel mixture of hydrogen and gasoline to improve 

engine power. This could be carried out by investing in a new engine control unit that is 

capable of controlling up to eight injectors (four for gasoline and four for hydrogen). The 

MoteC M800 ECU would be the best candidate for upgrading the fuel mixture operation 

at an acceptable cost and with minimal modifications. However, the operation of an 

engine on a fuel mixture of hydrogen and gasoline would increase emission levels. 

 

In this project, the Toyota Corolla four-cylinder, 1.8-litre petrol engine was systematically 

converted to run on either gasoline or hydrogen to facilitate driver choice. Several ancillary 

instruments and data acquisition systems for measuring various engine-operating parameters and 

emissions were fitted to appraise the performance of the hydrogen car. The major aspect of the 

investigation of the internal combustion engine running on hydrogen was to build appropriate 

engine tuning maps for the ignition timing and injection timings for smoother knock-free 

combustion. The control parameters for the basic tuning of a hydrogen car were particularly 

exasperated when a tailor-made basic tuning Excel file calculation was incorporated with an 
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aftermarket ECU without a prior matrix of data to refer to for online tuning. Based on the 

dynamometer tuning, the effects of hydrogen as a fuel on engine performances compared with 

those of gasoline and effects of engine-operating parameters on emission characteristics were 

presented. In addition, the amendment of the auxiliary output control parameters for completed 

fine-tuning and on-road optimisation was demonstrated. 

 

It has been shown that by using the input parameters from the hydrogen engine, the developed 

fuzzy model to estimate the ignition timing was successfully applied. Each ignition advance 

within the database was tested and the system was found to be correct and reliable. In 

conclusion, the developed fuzzy system achieved all of the objectives and met all of the criteria 

for a successful intelligent tool for later use in the basic tuning of ignition timing for the 

hydrogen car. This work is seen as a step towards establishing intelligent fuzzy expert systems as 

one of the predictive tools in identifying initial conditions for smoother engine-operating. 

 

The project also presented the use of artificial intelligent models as virtual sensors to predict 

exhaust emissions such as carbon dioxide, carbon monoxide, unburnt hydrocarbons and oxides 

of nitrogen for the converted hydrogen-powered car. The virtual sensors were developed by 

applying various artificial intelligent models: AI software built at UTAS, back-propagation 

neural networks with the Levenberg-Marquardt algorithm, and ANFIS. These predictions were 

based on the study of qualitative and quantitative effects of engine process parameters such as 

mass air flow, engine speed, air-to-fuel ratio, exhaust gas temperature and engine power on 

harmful exhaust gases. All AI models showed good predictive capabilities in estimating the 

emissions. However, excellent accuracy was achieved when using back-propagation neural 

networks with the Levenberg-Marquardt algorithm. The predicted values were less than 6% of 

percentage average root mean squared error for all of the predicted cases. 

 

While the exhaustive experimentation and subsequent table-filling processes were time-

consuming, the ‘state of the art’ research methodology investigated the use of intelligent model-

based calibration, with response surface modelling and hardware in the loop simulation and 

testing. The look-up tables generated from the trade-off research study of multi-objective (study 

case 3) were programmed into the MoteC ECU to control the hydrogen-fuelled engine. On-road 

optimisation was carried out and good drivability was successfully achieved. This work is a step 

towards establishing modelling of the hydrogen-powered car via the application of advanced 
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POWERTRAIN techniques. These optimise the balance between engine power, emissions and 

fuel economy while saving time and money, and limiting damage to the innovative hydrogen 

internal combustion engine during the early experimental fine-tuning process and on-road 

optimisation. 

The outcomes of model-based calibration research provide promising opportunities for future 

research. The capability of increasing the productivity of the table-filling process could be done 

without any dynamometer tuning. Based on the developed two-stage models and smart HILST 

presented in this project, the research outcomes could be enhanced on many fronts. For instance, 

whenever there are changes in the objective, constraint, or layout of calibration look-up table, the 

application of this research methodology would have many benefits. Further investigations could 

be conducted by creating a different custom optimisation algorithm (instead of using MATLAB 

built in algorithms) to optimise various desired performances of the hydrogen car. In addition, 

the MBC and CAGE models can be implemented for online tuning of hydrogen car in the future 

research.   
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