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Abstract 
The organic Rankine cycle (ORC) is a heat recovery technology with applications in 

renewable energy generation such as geothermal power and waste heat recovery. In this 

thesis the ability of model based control and optimisation techniques to increase the value 

generated from geothermal ORCs is examined. Existing geothermal ORCs use decentralised 

proportional-integral (PI) control loops to regulate plant operation. This thesis analyses the 

benefit to be gained by applying advanced process control to geothermal ORCs. The design 

and operation of geothermal ORCs relies on analysis that does not consider the full range of 

disturbances that are likely to impact the plant. This thesis also investigates the additional 

value of considering the disturbances during design and operation of geothermal ORCs.  

In the literature ORCs are modelled mechanistically and this approach is also used in this 

thesis. Models consist of unit operations connected by process streams. Typically these are 

lumped parameter models but some distributed parameter modelling is observed in heat 

exchanger models. The model equations consist of thermodynamic state, mass and energy 

balance, heat transfer, and adiabatic compression and expansion calculations which describe 

the physical processes in the plant. Steady-state models have been constructed for geothermal 

and waste heat recovery ORCs and dynamic models have been constructed for waste heat 

recovery ORCs but there is a gap in the literature in dynamic models of large scale 

geothermal ORCs like the one examined in this thesis. 

To address this gap a dynamic model of a commercial geothermal ORC plant was built using 

the process simulator VMGSim, and validated using twenty-four hours of plant data. This 

validation showed that the plant data agreed reasonably well with the model output. A novel 

outcome of this model was that the results indicated that the dynamics of the working fluid 

cycle are fast compared to plant disturbances. The existing PI controllers are able to provide 

control that is adequate and in general advanced control techniques cannot provide additional 

benefits commensurate with their cost and complexity. 

The control of small scale ORCs including the application of advanced control techniques 

such as model predictive control was examined in the literature. The literature on ORC 

control focusses mainly on highly variable heat resources such as those seen in waste heat 

recovery applications. There is a gap in the literature in the control of large scale ORCs in 



iii 

geothermal applications, although some research has been done on the control of hybrid 

systems that combine geothermal with other heat resources such as solar.  

From the results of the dynamic model it is known that the dynamics of the system are fast 

enough that sophisticated control techniques are unlikely to have an impact on plant 

performance above simpler PI controllers. Instead, a specific area where advanced control 

could provide a benefit was examined. The impact of feed-forward control on using the 

geothermal wellhead valves to maintain pipeline pressure was examined using the dynamic 

model. A novel result of this study was a demonstration that feed-forward control can reduce 

the amount of geothermal fluid released to the atmosphere. This has sustainability benefits for 

the geothermal reservoir and also prevents emission of CO2 and other pollutants present in 

the geothermal fluid to the atmosphere. This study also found the impact of the feed-forward 

controller on net power was minimal. 

There is substantial literature on optimisation of a wide variety of ORCs and heat source 

types including geothermal ORCs. Optimisation research in this area has examined ORCs 

using multiple objective functions including net power, efficiency, exergy, and 

thermoeconomic functions that measure both thermodynamic and economic value. One area 

that the literature does not consider explicitly is the consideration of disturbances when 

performing ORC plant optimisation. 

This thesis seeks to address this gap and does so in three ways. The first is in investigation of 

sizing of the air-cooled condenser in the modelled geothermal ORC plant. The size of this 

heat exchanger was examined with respect to the range of air temperatures that were recorded 

over a period of one year at the site. The original sizing of the condenser was done by 

assuming the average air temperature as the design point. A new condenser sizing was found 

by applying the heuristic that the sizing of the condenser should be based on the 95th 

percentile of the recorded air temperatures. An economic analysis was then performed that 

considered how the net power of the plant would be changed across the entire air temperature 

range. This concluded that an increase in the air condenser to the new size would have a 

payback period of only a couple of years, which indicates it may be profitable. 

The second way the consideration of disturbances when optimising geothermal ORCs is 

addressed by this thesis is through building and validating a steady state model of a 

commercial geothermal ORC in VMGSim and MATLAB. This model includes the 

geothermal gathering system which is essential to properly understanding the behaviour of 
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geothermal ORCs. MATLAB was used to converge the model more quickly and coordinate 

the solution of large datasets. This was used for model validation and to optimise geothermal 

flow rate and turbine choked area for the plant, which identified an improvement in net power 

by adjusting the geothermal flow rate and turbine choked area. The behaviour of the plant for 

a range of turbine choked areas and geothermal flow rates and for different fouling conditions 

in the heat exchangers was also analysed which allowed the nature of heat transfer between 

the geothermal gathering system and ORC to be determined. This revealed a link between the 

pressure-flow dynamic of the geothermal gathering system and the pressure-flow dynamic of 

the ORC which will be useful to plant designers in the future. 

The third and final way disturbances were accounted for in the optimisation of ORCs was by 

applying self-optimising control to the plant steady state model. This demonstrated that this 

method can show an improvement in net power when the plant is subject to disturbances. 

Using a MATLAB program, controlled variables were selected that optimise the plant when 

they are held at a constant set point over a range of disturbance scenarios. This method is a 

slightly modified version of the existing self-optimising control method that greatly increases 

the speed of the analysis without impacting the improvement in net power output of the plant. 

An approximate self-optimising control method was developed and applied to the plant 

steady state model to show that it can provide an improvement in net power when the plant is 

subject to disturbances. Using a MATLAB program, a controlled variable—which is a linear 

combination of plant measurements—is selected that optimises the plant when it is held at a 

constant set point over a range of disturbance scenarios. This method is a modified version of 

the existing self-optimising control method that greatly increases the speed of the analysis 

without significantly impacting its accuracy. It can also be used with a model created in 

process simulation software, which allows it to be implemented more easily. It was found that 

the controlled variable that was selected caused the plant to operate at its optimum point 

across the range of expected disturbances. 

From the work presented in this thesis it is demonstrated that advanced process control will 

not bring significant benefits to large scale geothermal ORCs, but in certain niche 

applications it can provide a benefit. It is also shown that by considering plant disturbances 

improvements can be made to plant design and operation that generate greater value from 

geothermal ORCs. 
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1 Introduction 

1.1 Prologue 
Currently, large-scale geothermal ORC power stations are controlled using conventional 

decentralised feedback control loops with PI algorithms. Unlike processes in other industries, 

optimisation and advanced process control techniques are not typically used in commercial 

geothermal power plants. The set points of control loops are instead changed manually by the 

plant operators to maintain optimum operation in the presence of disturbances. This is due to 

the small scale of geothermal power plants compared with larger processes, such as oil 

refineries, where the comparatively greater financial benefit of more sophisticated operation 

techniques justifies the cost of implementation. 

The work presented in this thesis is predicated on the assumption that it is possible to 

improve the control, design and operation of geothermal ORCs compared with the current 

approach by applying advanced process control and optimisation techniques using process 

simulation. To address the practical concerns of applying these techniques to geothermal 

ORCs there is a focus on those techniques that can be implemented without substantial 

investment in staff training, additional personnel and new equipment. 

Both steady state and dynamic models of an existing commercial geothermal ORC plant 

operated by Top Energy near Ngawha Springs, Northland, New Zealand were constructed 

and validated using data taken from the plant’s control system. These models were used to 

investigate both control and optimisation of the plant. The dynamic model was used to test 

feed-forward control on the geothermal pipelines leading to the plant, and the steady state 

model was used to optimise the sizing of the air-cooled condenser, the geothermal flow rate 

and to determine a controlled variable that will optimise the geothermal flow rate in the 

presence of disturbances. 

In the rest of this chapter, background information including a review of the literature 

describing the modelling, optimisation and control of geothermal ORCs is presented. 

Additional background information is also provided in each paper included in the thesis. The 

review in this chapter identifies gaps in the literature with respect to the problem of 

implementing low cost solutions that can be adopted by the commercial operators of 

geothermal ORCs, and places the thesis in this context. This is followed by the aims of this 

research which set out the specific goals that are to be achieved by the papers presented in 
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this thesis. Finally, an outline of the thesis is given which highlights the novelty and findings 

of each paper, and how these relate to the research aims. 

1.2 Background 

1.2.1 The ORC Process 
ORCs are based on the concept of a Rankine cycle, which is a type of heat engine where the 

four processes used to convert heat to work are: 1) adiabatic compression, 2) isobaric heating, 

3) adiabatic expansion, and 4) isobaric cooling (Smith, 2001). ORCs follow the same four 

processes; the only difference from the regular Rankine cycle is that they use an organic 

working fluid instead of water/steam. By selecting an appropriate working fluid ORCs can 

extract work from heat sources with much lower enthalpy than Rankine cycles using water, 

such as low temperature geothermal and industrial waste heat. 

 

Figure 1-1. A diagram showing the four processes used in an ideal Rankine cycle. 

Figure 1-1 shows a diagram illustrating the four processes in a Rankine cycle. Starting from 

the outlet of the condenser the working fluid, currently in a liquid state, passes through a 

pump where it is raised to a high pressure. It then is vaporised in a heat exchanger and passed 

through an expander. Once it exits the expander the working fluid passes through another 

heat exchanger where it is condensed before returning to the pump. Heat flows into this 
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system at the vaporiser and out at the condenser. Work is added at the pump and extracted at 

the expander. All ORCs will follow this basic process, although real ORCs tend to be more 

complex due to additional heat exchangers, such as recuperators and preheaters, heat 

integration and recycles used to boost their efficiency. 

1.2.2 ORC Modelling 
Mathematical modelling of ORCs allows their behaviour to be examined without the expense 

of experimenting on a real system. Further understanding of the behaviour of these systems 

allows more value to be extracted from operating ORC plants by implementing optimisation 

and control techniques. Therefore, in this thesis process models of geothermal ORCs are 

developed to support subsequent optimisation and control work. 

Mathematical models can be ascribed to multiple pairs of categories where a model is 

described by one option from each pair. These are: steady state/dynamic, 

mechanistic/empirical (or white box/black box) and deterministic/stochastic. The first pair 

refers to the inclusion of time in the model. A mechanistic model includes underlying 

physical mechanisms whereas an empirical model uses existing data to determine 

relationships between variables. Finally, a deterministic model does not have random 

variables whereas a stochastic model does have random variables. Random variables are 

those that can have different values as drawn from a probability distribution. 

The approach to modelling taken in this thesis is mechanistic. Both steady state and dynamic, 

and deterministic and stochastic models are considered. As a starting point we can imagine a 

hypothetical dynamic mechanistic deterministic model. Such a model can be considered as a 

collection of integral, partial differential and algebraic equations (Matzopoulos, 2010). A 

model like this would be capable of simulating a process in all three spatial dimensions and 

time with a high degree of accuracy. However, this amount of fidelity is unnecessary for the 

purposes of this thesis and will also prove to be infeasible in terms of the resources required 

to build and use such as model. This is supported by the fact that no paper found during the 

course of a literature search on the modelling of ORCs has used such a sophisticated 

approach. Instead, various simplifying assumptions can be made to reduce the model 

complexity. This results in a “grey box” model which is broadly mechanistic in nature but 

includes empirical elements and parameters as a result of the assumptions. Most of the 

literature in ORC models follows this pattern. In a literature search only two papers were 
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found that are purely empirical (Zhang, Zhang, Lin, Zhou, & Hou, 2012; Zhang, Zhang, Hou, 

& Fang, 2012).  

Model complexity can be reduced by decreasing the number of dimensions in the model 

equations, i.e. removing space and time from the equations. For example, removing time 

from the model equations results in a steady state model. The spatial dimensions of the model 

can also be partially excluded. The common approach in the literature is to ignore at least two 

spatial dimensions, with the remaining spatial dimension being considered in two different 

ways. The first is done by modelling the system as discrete unit operations, where the output 

of one unit operation is the input of another. Model equations are used that describe an 

idealised process occurring in each unit operation, for example adiabatic expansion in a 

turbine or isobaric heat transfer in a heat exchanger. This is known as a lumped parameter 

model. The second approach is known as distributed parameter modelling where the 

mechanisms underlying a model act continuously over a region of space. In modelling of 

ORCs this approach is only used in heat exchanger modelling. This is described in section 

1.2.2.5.  

The model equations can be divided into equations of state and conservation equations. The 

equations of state are algebraic and describe the relationships between different variables 

such as temperature, pressure, entropy, enthalpy and density for the fluids in the plant. Once 

the model has been simplified as described in the previous paragraph the conservation 

equations are algebraic for steady state models and are ODEs for dynamic models. These 

equations correspond to mass and energy balances, which are conserved quantities.  

1.2.2.1 Steady State Modelling of ORCs 
Presently, it is common to use steady state lumped parameter models for process simulation. 

The popularity of this approach can be explained by the economic forces acting on companies 

in the process industry. These companies will own an asset (a plant) and will need to 

maximise the value extracted from this asset for their owners. The value extracted from the 

asset will be maximised at a particular operating point. In addition, for continuous processes 

it is usually desired that the plant operate at steady state. This means that a steady state model 

can be used to determine the optimum operating point. This type of model is also easy to 

construct and use, requiring fewer resources than more sophisticated approaches. Due to the 

popularity of this approach there are many commercial process simulators (e.g. HYSYS and 

VMGSim) that contain built in unit operations and thermodynamic equations of state.  
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In this thesis VMGSim is used as a basis for steady state models of geothermal ORCs. The 

most common method to model ORCs in the literature is to assume steady state operation. A 

straightforward example of steady state modelling of ORCs, which also includes the method 

for solving the model is given in (Sohel, Sellier, Brackney, & Krumdieck, 2011).  

1.2.2.2 Dynamic Modelling of ORCs 
Despite the popularity of steady state models in the process industries, using dynamic models 

can offer some advantages that outweigh the cost of their additional complexity. For many 

processes understanding transient behaviour will allow further value to be extracted from the 

model due to the significant impact transients can have on the maintenance of equipment, 

process stability and control. In addition, some processes have a significant amount of 

transient behaviour, which means steady state models are of little use to improve process 

understanding. The benefits of dynamic modelling are acknowledged in the literature, where 

dynamic models of ORCs have been presented. For example in (Quoilin et al., 2011) where 

the heat exchangers were modelled dynamically but the expander was a steady state model. 

However, one noticeable gap in the literature is the absence of dynamic models of geothermal 

ORCs. 

The software used in this thesis (VMGSim) is also capable of creating lumped parameter 

dynamic models, and this feature is used to examine dynamic modelling of geothermal 

ORCs. Due to the difference in underlying model equations (steady state models are algebraic 

while dynamic models are ODEs), the way dynamic models are constructed and solved 

differs from steady state models. Accumulation terms must be added to mass and energy 

balances and numerical integration is needed to solve the differential equations. More 

information about the capacitance of unit operations is needed in order to include the 

accumulation terms. For example, the liquid holdup of a tank must be specified in order to 

understand how its level will change as liquid accumulates. Similarly, the rate of change in 

pressure at different points in the plant is a consequence of the vapour holdup in the various 

unit operations. In steady state models the flow rate through multiple connected unit 

operations is constant. Since dynamic models include accumulation terms this is not true for 

dynamic models, which means additional equations are required to fully solve the system. 

This is done by specifying the pressure-flow relationships, which calculate flow rates based 

on a resistance and pressure difference. 
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1.2.2.3 Model Validation and Verification 

An important part of building a process model is providing assurance to someone who uses 

the model, or information derived from it, that the model corresponds to reality. According to 

(Sargent, 2004) there are two steps to providing this assurance: validation and verification. 

Validation refers to testing the model against reality and verification refers to testing the 

implementation of the model in a computer program corresponds to the conceptual model. 

For the models in this thesis, validation was performed by comparing their output to data 

collected from the control system of the real plant being modelled. Verification was 

performed by using a commercial process simulator which underwent a testing and quality 

assurance process from a software engineering standpoint by its programmers. 

1.2.2.4 Expander Modelling 
In the reviewed papers there was some focus on the expander type and its effect on the ORC 

as well as the power generation. The two types of expanders that were most discussed in the 

literature were scroll expanders and turbines. The use of scroll expanders was a common 

theme in the literature. Notably the papers (Lemort, Quoilin, Cuevas, & Lebrun, 2009) and 

(Quoilin, Lemort, & Lebrun, 2010) focus on their scroll expander model and its validation. 

The use of scroll expanders is also explored in their other papers that focus more on the ORC 

as a whole (Quoilin et al., 2011; Quoilin, Declaye, Tchanche, & Lemort, 2011). Another 

paper by (J. A. Mathias, Johnston, Cao, Priedeman, & Christensen, 2009) also contains 

modelling and experimental tests of scroll expanders for application within ORCs. 

The only type of turbine model that could be found in the literature, including the papers that 

had dynamic models, was steady state in nature. All the models were based on an adiabatic 

expansion process with an efficiency factor and used Equation 1-1, or one that is 

thermodynamically equivalent, to calculate the power of the expander: 

�̇�𝑊 =  𝜂𝜂𝑡𝑡𝑚𝑚𝑤𝑤𝑤𝑤̇ (ℎ𝑖𝑖 − ℎ𝑜𝑜) Equation 1-1 

 

Where �̇�𝑊 is the power produced by the expander, 𝜂𝜂𝑡𝑡 is the expander mechanical efficiency, 

�̇�𝑚𝑤𝑤𝑤𝑤 is the working fluid mass flow rate, ℎ𝑖𝑖 is the specific enthalpy of the working fluid at 

the expander inlet and ℎ𝑜𝑜 is the specific enthalpy at the expander outlet. 

There were two variations on this basic model. For some papers the turbine efficiency varied 

with factors such as mass flow rate, pressure ratio or turbine speed. This was observed in the 

papers listed in Table 1-1, which also describes the nature of the efficiency calculation. 
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Otherwise the efficiency was defined as a constant value, which was found in (Jung & 

Krumdieck, 2013; Sohel et al., 2011). In (Bai, Nakamura, Ikegami, & Uehara, 2004), it 

appears the efficiency is constant although this is not directly stated. The other variation was 

if the turbines included an equation that determined the mass flow rate through the turbine 

given other variables such as inlet pressure, inlet temperate or pressure ratio. 

Table 1-1. Summary of turbine efficiency variations for the reviewed papers. 

Paper Nature of efficiency calculations 

(Felgner, Exel, & 

Frey, 2011) 

Experimentally derived relationship from five thousand data points 

taking into account turbine inlet temperature and degree of superheating 

of the working fluid at the turbine inlet. 

(Toffolo, 

Lazzaretto, 

Manente, & Paci, 

2012) 

Two correction factors for a defined constant efficiency. The first factor 

is determined by the ratio of turbine blade tip velocity to “spouting 

velocity” (which is in turn determined by the enthalpy drop through the 

turbine) and the second is determined by the ratio of the current mass 

flow rate to the design mass flow rate. 

(Zhang et al., 

2012) 

Efficiency is derived from performance curves for the turbine, but these 

are not given in the paper. 

(Ghasemi et al., 

2012) 

Two correction factors for a maximum efficiency that are calculated 

using the ratio of enthalpy drop to a maximum enthalpy drop for the 

first factor, and the ratio of volumetric flowrate to a maximum 

volumetric flow rate for the second. 

(Sun & Li, 2011) Calculates the deviation from the design efficiency taking into account 

the design and actual turbine inlet temperature and pressure, and design 

speed and actual speed. 

 

An interesting finding from reviewing the turbine modelling in the literature was that no 

paper contained a truly dynamic model for the turbine; all papers used a type of pseudo-

steady state model that did not consider the rotor dynamics and fluid dynamics within the 

expander. This could be due to the dynamics of the expander being fast enough that a steady 

state model could be used for the intended application of the models, however models that are 

trying to predict changes over small time scales may benefit from a more sophisticated 

expander model. 
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1.2.2.5 Heat Exchanger Modelling 
Modelling of the heat exchangers in an ORC is a crucial part of an overall ORC model. This 

is because the transfer of heat is central to the process and accurate modelling of the heat 

transferred is important to obtain the correct results from an ORC model. The way heat 

exchangers were modelled varied in the literature, below is a breakdown of the differences 

observed in the papers and an analysis of the strengths and weaknesses of the different 

approaches. A summary of the different approaches in the literature is given in Table 1-2. 

Heat Transfer Model 

The heat transfer model for a heat exchanger refers to the method used to calculate the heat 

transferred from the hot to cold fluid using the conditions in those fluids and the heat 

exchanger. For the papers reviewed, three different heat transfer models were used: 

temperature difference, log mean temperature difference and ε-NTU methods. 

Temperature Difference 

The temperature difference approach uses the difference in temperatures between two points 

as the driving force for heat transfer between them. This approach was used for heat 

exchanger models that took a discretisation approach to spatial modelling (see below). The 

discretisation approach will take into account counter-current flow, so this does not need to 

be taken into account in the heat transfer equation. 

Equation 1-2 expresses the temperature difference approach: 

�̇�𝑄 = 𝑈𝑈 ∙ 𝐴𝐴 ∙ ∆𝑇𝑇 Equation 1-2 

 

Where �̇�𝑄  is the heat transferred, 𝑈𝑈  is the overall heat transfer coefficient, 𝐴𝐴  is the heat 

transfer area and ∆𝑇𝑇 is the temperature difference between each side of the exchanger. 

A slight variation on this approach is found in some papers, such as (Wei, Lu, Lu, & Gu, 

2008) where an energy balance is conducted on a tube wall to calculate the wall temperature. 

The heat transfer from convection for both sides of the wall is calculated to perform the 

balance. This meant that instead of using the overall heat transfer coefficient as in the above 

equation, convection coefficients for each fluid were used.  
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Log Mean Temperature Difference 

The log mean temperature difference (LMTD) approach uses Equation 1-3 to calculate the 

heat transferred: 

�̇�𝑄 = 𝑈𝑈 ∙ 𝐴𝐴 ∙ 𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿 Equation 1-3 

 

Where the LMTD is found using Equation 1-5. The LMTD is the driving force for heat 

transfer. This approach is used for counter-current heat exchangers. In a paper by (Jung & 

Krumdieck, 2013), a geometry factor, F, is also used as shown in Equation 1-4. This accounts 

for heat exchangers where the flows are not always in a counter-current direction. 

�̇�𝑄 = 𝑈𝑈 ∙ 𝐴𝐴 ∙ 𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿 ∙ 𝐹𝐹 Equation 1-4 

 

The LMTD is calculated using this equation, where ∆𝑇𝑇1 and ∆𝑇𝑇2 are the difference in fluid 

temperatures at either side of the region of interest: 

𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿 =
ln(∆𝑇𝑇2 ∆𝑇𝑇1⁄ )
∆𝑇𝑇2 − ∆𝑇𝑇1

 
Equation 1-5 

 

Almost all of the heat exchangers encountered in the literature were counter-current and so 

this approach is used for many of the papers that do not use discretisation in their models. 

ε-NTU Method 

The effectiveness-number of thermal units (ε-NTU) method uses the two separate concepts of 

effectiveness, ε, and number of thermal units, NTU to solve heat transfer problems. The 

effectiveness is defined in Equation 1-6: 

𝜀𝜀 =  
�̇�𝑄

�̇�𝑄𝑚𝑚𝑚𝑚𝑚𝑚
 

Equation 1-6 

 

Where �̇�𝑄𝑚𝑚𝑚𝑚𝑚𝑚  is a theoretical maximum amount of heat that could be transferred. It is the 

maximum of either the heat required to raise the temperature of the cooler fluid to the input 

temperature of the warmer fluid or the heat required to lower the temperature of the warmer 

fluid to the input temperature of the cooler fluid. 
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The number of thermal units is defined in Equation 1-7: 

𝑁𝑁𝑇𝑇𝑈𝑈 =  
𝑈𝑈𝐴𝐴
𝐶𝐶𝑚𝑚𝑖𝑖𝑚𝑚

 
Equation 1-7 

 

Where 𝐶𝐶𝑚𝑚𝑖𝑖𝑚𝑚 is the smallest value for the thermal capacitance (�̇�𝑚𝑐𝑐𝑝𝑝) of either the hot or cold 

fluid in the heat exchanger. 

For a given heat exchanger, there exists a function that relates ε, NTU and the ratio of the 

maximum and minimum thermal capacities for the fluids in the heat exchanger, 𝐶𝐶𝑟𝑟 

(Theodore, 2011). One method to model the heat exchanger is to calculate the overall heat 

transfer coefficient using correlations, followed by determining the NTU and using the heat 

exchanger function to find ε. From this the heat transferred can be calculated. This is the 

technique used in (Quoilin et al., 2010), although they do not include the aforementioned 

function for the heat exchanger which relates ε and NTU. An example of such a function is 

given in (Sun & Li, 2011) and many more can be found in (Theodore, 2011). 

Spatial Model 

Most of the models seen in the papers reviewed take the spatial dimension of the heat 

exchanger into account. There were three methods used in the reviewed papers for spatial 

modelling: single node, moving boundary and discretisation. 

Single Node 

A single node model does not take spatial dimension into account. The entire heat exchanger 

is modelled as a single point. This approach can be effective if variables such as the heat 

capacity of the hot and cold fluids are constant throughout the heat exchanger. This makes 

them unsuitable for applications where phase change occurs inside a heat exchanger as this 

will change the heat capacity quite substantially. 

Moving Boundary 

Most of the papers with a steady state model and some with a dynamic model used a moving 

boundary approach, where the heat exchanger is divided into different sections for different 

phases. Since in most ORCs there are no discrete phase changes on the heating or cooling 

fluid side of the heat exchanger this usually resulted in three sections in the heat exchanger: 
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for single phase liquid, two phase liquid plus vapour and single phase vapour. An illustration 

of the moving boundary model is shown in Figure 1-2. 

For each section different overall heat transfer coefficients are applied and each section is 

solved using one of the heat transfer models (temperature difference, LMTD or ε-NTU) 

described above.  

Moving boundary models are suitable for heat exchangers where phase change occurs 

because it can take into account the changes in specific heat capacity and in the heat transfer 

coefficients that will occur as a result of the phase change. 

 

Figure 1-2. Illustration of the moving boundary model. 

Discretised 

Another way to model the spatial aspects of heat exchangers is to use a discretised model. 

These models are similar to moving boundary, but instead of one section for each phase the 

heat exchanger is divided into a number of arbitrary segments. At each segment an equation 

from one of the heat transfer models is applied to solve the model. 

According to (Wei et al., 2008), since discretised models have a higher computational cost 

than moving boundary models and are expressed by higher order equations they are less 

useful for models intended for control applications. However, they can be more accurate than 

a moving boundary model if enough segments are used. 

  
 

 
 

 
 

 

Single Phase Vapour Two Phase Liquid + Single Phase Liquid 

Different Heat 

Transfer Coefficients 

  

Calculated Lengths 

L L L



12 
 

Heat Transfer Correlations 

Another variation among the reviewed papers is using correlations to determine convection 

heat transfer coefficients. These are then combined with the thermal conductivity of the heat 

exchanger wall/tube to determine the overall heat transfer coefficient. The calculation is 

shown in Equation 1-8 (Theodore, 2011): 

1
𝑈𝑈

=
1
ℎ𝑖𝑖

+
∆𝑥𝑥
𝑘𝑘𝐴𝐴

+
1
ℎ𝑜𝑜

 
Equation 1-8 

 

Where ℎ𝑖𝑖 and ℎ𝑜𝑜 are the convective heat transfer coefficients at the inner and outer surfaces 

of the heat exchanger, 𝑘𝑘  is the thermal conductivity of the material making up the heat 

exchanger wall/tube and ∆𝑥𝑥 is the thickness of the wall/tube. 

For some of the papers reviewed that used correlations, the heat conduction term was 

omitted. This was not explained in any of these papers but would most likely be due to the 

authors expecting the contribution of conduction to the overall heat transfer coefficient to be 

negligible. 

There are a wide variety of correlations used in the papers examined. The use of different 

correlations to calculate heat transfer coefficients is not necessarily an indication that some 

papers are taking a more accurate approach. It is more likely that the best correlations to use 

are highly dependent on the type and geometry of the heat exchangers being used. Papers 

such as (Jung & Krumdieck, 2013) and (Ghasemi et al., 2012) provide a good example of 

how to approach heat exchanger modelling due to the comprehensive detail on which 

correlations were chosen. The papers that did not use correlations to determine the heat 

transfer coefficient were experimentally based.  
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Table 1-2. Summary of heat exchanger models for the reviewed papers. 

Reference Overall 

Model 

Heat Exchanger Model Details 

(Felgner et al., 2011) Dynamic Temperature difference, discretised, uses correlations. 

(Ghasemi et al., 2012) Steady State Used commercial process simulator to model, therefore likely used LMTD method and 

discretisation. Also used heat transfer correlations and specialised software to determine coefficients 

(Aspen Shell & Tube). Stated the correlations agreed with the results from this program. 

(Hou, Li, Zhang, & 

Zhou, 2012) 

Dynamic Temperature difference, moving boundary, no information given on correlations. 

(Jung & Krumdieck, 

2013) 

Steady State Uses LMTD with a geometry correction factor. Moving boundary model and heat transfer 

correlations. Looks at three different kinds of heat exchanger, circular finned-tube evaporator, air-

cooled condenser and flat-plate preheater. 

(J. A. Mathias et al., 

2009) 

Steady State Highly dependent on the authors’ industrial experience. Based off what temperature the working 

fluid must reach to make the ORC function. 

Quoilin, Aumann, 

Grill, Schuster, Lemort 

& Spliethoff, (2011) 

Dynamic Temperature difference, discretised, uses predefined heat transfer coefficients depending on the 

phase of the fluid on either side of the heat exchanger. 

(Quoilin et al., 2011) Steady State Uses LMTD, moving boundary model. Heat transfer coefficients are found using correlations. 

(Quoilin et al., 2010) Steady State Uses ε-NTU method, moving boundary model, heat transfer coefficients found using correlations. 

Very little detail on how the ε-NTU method was applied to solve the model. 
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(Schuster, Karellas, & 

Aumann, 2010) 

Steady State Uses LMTD. Uses a known system with a T-Q plot to work out UA values which are used to 

calculate heat transferred. 

(Sohel et al., 2011) Steady State Uses LMTD. Uses system identification to find U values with a correction factor for mass flow rate. 

(Sun & Li, 2011) Steady State Uses ε-NTU method, discretised model. Uses predefined heat transfer rates from a concept ORC 

system. 

(Hettiarachchi, 

Golubovic, Worek, & 

Ikegami, 2007) 

Steady State Uses LMTD with single node. The temperatures for the heat exchangers are already known and the 

paper uses its heat exchanger models to calculate heat exchanger areas. Heat transfer correlations are 

used to find U values. 

(Toffolo et al., 2012) Dynamic Based off the wording of the paper, appears to be using LMTD with single node. The authors 

mention they used Aspen Shell & Tube, therefore the overall heat transfer coefficient might be 

calculated from correlations. 

(D. Wang, Ling, Peng, 

Liu, & Tao, 2012) 

Steady State Uses pinch analysis with a predefined pinch temperature difference to calculate heat transferred. 

(J. Wang, Yan, Wang, 

Ma, & Dai, 2013) 

Steady State Uses LMTD with a moving boundary model. Heat transfer coefficients found using correlations. 

Uses pinch analysis with approach temperatures to solve the model. 

(Wei et al., 2008) Dynamic Uses temperature difference approach with both moving boundary and discretisation. Heat transfer 

coefficients found using correlations.  

(Zhang, Feng, Zhou, 

Fang, & Yue, 2012) 

Dynamic Uses a transfer function model based off system identification of an existing ORC dynamic model 

also created by this research group. 
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(Zhang et al., 2012) Dynamic Uses a temperature difference approach with moving boundary. Does note that the heat transfer 

coefficient changes with variables such as flow rate, but does not provide an equation or correlation 

to account for it. 

(Zhang et al., 2012) Dynamic Identical model to the previous paper. 
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1.2.2.6 Relevance to Thesis 
For this thesis, ORC models are considered a tool to support control and optimisation. As this 

thesis focusses on techniques that will be easily adopted by the commercial operators of 

ORCs, the literature on modelling can provide some guidelines on how to proceed. Of the 

papers outlined above only one, (Ghasemi et al., 2012), used a commercial process simulator. 

The others are equation based, which gives the modeller more control over the simulation, 

but requires more technical expertise. The success in the model by Ghasemi et al indicates 

that geothermal ORCs can be adequately modelled using commercial process simulators. 

The more sophisticated methods used to determine heat transfer coefficients (via correlations) 

and turbine efficiency can be excluded from the modelling done in this thesis by assuming 

constant parameter values, and estimating these using plant data. Although this will result in 

less accurate modelling, it can result in modelling of sufficient accuracy for use in later 

control and optimisation work as shown by papers such as (Sohel et al., 2011). Ultimately the 

accuracy of the model must be tested against empirical data, and as can be seen in the papers 

presented in this thesis, deriving overall heat transfer coefficients and turbine efficiency from 

plant data results in satisfactory models. 

It should be noted that the presence of non-condensable gas, as exists in geothermal systems 

which are examined in this thesis, will negatively impact heat transfer coefficients. 

Geothermal fluid that contains non-condensable gas will exist as a two-phase stream. This 

stream is cooled as it passes through the plant and therefore must be condensing. As 

described in (Kern, 1965), such a mixture of a condensable vapour and a non-condensable 

gas passing through a heat exchanger will form a layer of condensate on the heat transfer 

surface surrounded by a gas film, where the concentration of the non-condensable gas is 

higher than in the bulk fluid, due to the colder temperature of the condensate film lowering 

the partial pressure of the condensable vapour at the interface between the condensate and the 

vapour mixture. Condensable vapour must diffuse through this film in order to condense, 

which lowers the heat transfer coefficient. An unpublished correlation in (Kern, 1965) 

suggests that non-condensables between 6-7 wt-%, which are the levels present in the 

geothermal plant examined in this thesis, could decrease the overall heat transfer coefficient 

as much as 20 %. However, this effect will be estimated empirically in the papers presented 

in this thesis as sufficient data is available for the heat transfer coefficients to be determined 

from the data directly. 
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Two gaps in the literature are apparent. The first is that there are no papers that implement a 

model of a geothermal ORC that contains the geothermal gathering system (i.e. pipelines). 

The second is that there are no dynamic models of geothermal ORCs, only small-scale waste 

heat recovery ORCs.  

1.2.3 Optimisation 
A search of the literature reveals that the same optimisation methods are used for both waste 

heat and geothermal ORCs where models are used to find the optimum operating point with 

respect to an objective function. In addition, the optimised variables for small-scale ORCs are 

often not degrees of freedom for a geothermal ORC, for example the expander speed which is 

typically kept constant in geothermal ORCs in order to supply electricity to the grid at a set 

frequency. For this reason, this review will focus on the literature for geothermal ORC 

optimisation. There is an extensive amount of work presented in the literature on the 

optimisation of the ORC working fluid composition. This will not be covered in this thesis as 

the focus is on optimising already existing geothermal ORCs where the working fluid is 

given. A summary of the optimisation methods used in the literature is given in Table 1-3. 

This table details the nature of the objective function, the optimised variables and the 

optimisation method used. 

1.2.3.1 Objective Function 
One area where the approach taken in the literature varies is the objective function. The range 

of approaches taken can be subdivided into three overlapping categories: 

• Net Power 
• Exergy 
• Cost/Economic 

Net Power 

Several of the papers reviewed incorporate the net power into their objective function. Some 

of the papers (Ayub, Mitsos, & Ghasemi, 2015; Ghasemi, Tizzanini, Paci, & Mitsos, 2013; 

Manente, Toffolo, Lazzaretto, & Paci, 2013) solely optimise net power while others (Astolfi, 

Romano, Bombarda, & Macchi, 2014b; Baik, Kim, Chang, Lee, & Yoon, 2013; El-Emam & 

Dincer, 2013; Hettiarachchi et al., 2007; Yekoladio, Bello-Ochende, & Meyer, 2015) 

optimise the net power per plant cost.  
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As the power production of a geothermal ORC is directly responsible for revenue generation 

it makes an obvious and sensible choice for optimisation. The drawback of optimising net 

power alone is that the cost of the plant is not considered.  

Economic 

One paper (Walraven, Laenen, & D'haeseleer, 2015) directly optimises the net present value 

of the ORC plant. As mentioned above, several others optimised net power per plant cost, 

which removed the need to consider electricity price variations from the analysis. Out of all 

the approaches in the literature, optimising the economic value of a geothermal ORC appears 

to make the most sense especially when sustainability concerns are incorporated by 

constraining the extraction of geothermal fluid from the reservoir. However, this ultimately 

depends on the accuracy of the cost correlations. In the paper (Astolfi et al., 2014b) the 

authors comment on the difficulty of finding adequate correlations in the open literature and 

their subsequent need to rely on data provided by manufacturers. 

Some papers (El-Emam & Dincer, 2013; Hettiarachchi et al., 2007) eschew the use of 

correlations in favour of indirectly estimating plant cost by instead using total area of the 

plant heat exchangers in their objective functions. Two papers (Baik et al., 2013; Li, Wang, 

Zhu, Hu, & Fu, 2015) use the total conductance (heat exchanger area multiplied by overall 

heat transfer coefficient) as a proxy for plant cost. The paper by (Hettiarachchi et al., 2007) 

explicitly claims this is due to the underlying uncertainty in the cost of the plant, although 

they do not comment on the accuracy of using cost correlations. 

The drawback of using net power per plant cost as an objective function is it will be 

maximised at a point that may not represent the best economic value. The reason is that more 

economic value (essentially net present value) may be produced by building a larger plant, 

depending on the electricity price. In the absence of economic data, one option not explored 

by the literature is the use of multi-objective optimisation. If two objective functions were 

used with one corresponding to net power production and the other to plant cost, this would 

allow the generation of a set of geothermal ORC designs that are Pareto-optimal, which 

means one objective function cannot be increased without decreasing the other. After this set 

was generated, economic information could be used to select the preferred option. This 

approach has the advantage of revealing the exact nature of the trade-off being made between 

plant cost and production and allowing the decision maker to examine the effect of different 

economic conditions (e.g. uncertainty in plant cost) on the best selection. 
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Exergy 

The use of exergy in some form in the objective function is another common approach in the 

literature. Several papers (Astolfi, Romano, Bombarda, & Macchi, 2014a; Li et al., 2015) 

attempt to maximise the exergy efficiency of the plant, while others (Calise, Capuano, & 

Vanoli, 2015; Yekoladio et al., 2015) focus on minimising the destruction of exergy, which is 

the same thing in practice when optimisation is performed. Another approach seen in two 

papers (El-Emam & Dincer, 2013; Heberle, Bassermann, Preiβinger, & Brüggemann, 2012) 

is to incorporate a cost of exergy in addition to using cost correlations for equipment in order 

to conduct “thermoeconomic” optimisation. Both approaches are effectively concerned with 

using the geothermal resource in the most environmentally friendly way possible.  

The drawback with exergy based objective functions is the same optimisation result can be 

found by using the simpler and more widely known concept of energy efficiency. This is 

because even though energy efficiency includes the entire amount of heat available in its 

calculation, not just the available work for the given environmental temperature, its 

maximum will always coincide with the maximum exergy efficiency or minimum exergy 

loss. In addition, a focus purely on exergy often results in perverse economic outcomes such 

as large heat exchanger areas resulting in more expensive plant costs. This was recognised in 

(Astolfi et al., 2014b), the second of a two part paper, where the optimisation of exergy 

efficiency in the first paper was deliberately contrasted with the second optimisation of net 

power per plant cost in the second paper.  

The normative goal of researchers who use exergy as their objective function appears to be 

sustainable use of the geothermal heat in the reservoir. However, in practice geothermal 

resources can be more adequately protected by assuming that geothermal ORC operators 

exist to make a profit and imposing constraints on geothermal extraction rates and reinjection 

temperatures accordingly. This will allow economic optimisation to simultaneously use the 

geothermal resource in a sustainable fashion and do so in an economic way. This does not 

necessarily mean that an outright limit on the permitted extraction rate and reinjection 

temperature is the best approach. The interested reader is referred to (Franco & Vaccaro, 

2012) for an analysis using an integrated approach that considers the plant and reservoir as 

part of a single system. In this paper the conventional approach of first limiting the 

reinjection temperature based on scaling concerns in the plant, followed by limiting the 

extraction rate based on the expected heat flow into the reservoir is followed. However, the 
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idea of modelling both the plant and reservoir allows a different approach where the sole 

constraint is the total heat extraction from the reservoir, which would mean a set of valid 

geothermal flow rate and reinjection temperature pairs could be used as a constraint on 

geothermal plant optimisation.  
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Table 1-3. Summary of optimisation methods used for geothermal ORCs found in the literature. 

Paper Objective Function Optimised Variables Optimisation Method 

(Li et al., 2015) Maximise: 

Ratio of exergetic efficiency to 

total conductance 

• Turbine inlet temperature Not specified, appears to be via 

evaluating the model at uniform 

points across a range of values. 

(Calise et al., 2015) Minimise:  

Exergy destruction 
• Solar collector area 

• Solar storage tank volume  

• Solar thermal fluid mass flow rate 

Hooke and Jeeves Pattern Search 

(Walraven et al., 2015) Maximise:  

Net present value 
• Turbine inlet temperature  

• Turbine inlet pressure  

• Mass flow of working fluid  

• Heat exchanger and air condenser 

geometry 

External program WORHP for 

nonlinear convex optimisation 

(Ayub et al., 2015) Maximise  

Net power 
• Turbine inlet superheat 

• Solar thermal fluid mass flow rate 

Sequential quadratic programming  

(inside Aspen Plus) 
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(Yekoladio et al., 2015) Two optimisations done 

separately - 

Minimise: 

Exergy destruction  

Maximise:  

Net power per working fluid 

mass flow rate 

• Cycle configuration (Recuperator, 

Multiple pressure levels) 

• Evaporation temperature 

Gradient method  

(steepest descent) 

(Astolfi et al., 2014a) Maximise: 

Plant exergetic efficiency 
• Cycle configuration (Recuperator, 

Sub/supercritical, 

Saturated/superheated)  

• Turbine inlet pressure  

• Vaporiser approach temperature 

MATLAB fmincon  

(active-set algorithm) 

(Astolfi et al., 2014b) Maximise:  

Ratio of net power to plant cost 

Those for previous paper and: 

• Recuperator pinch temperature, 

Condenser approach temperature 

• Condenser pinch temperature 

Lewis and Torczon Pattern Search 

(Manente et al., 2013) Maximise:  

Net power 

• Pump rotation speed  

• Turbine nozzle opening  

• Cooling air mass flow rate 

Sequential quadratic programming  

(in MATLAB) 
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(El-Emam & Dincer, 

2013) 

Maximise: 

Net power per heat exchanger 

area (exergetic analysis 

performed on optimum result, 

but not used for optimisation) 

• Turbine inlet temperature 

• Turbine inlet superheat  

• Condenser outlet pressure  

• Condenser outlet subcooling 

Variable metric method 

(Baik et al., 2013) Maximise: 

Net power (However, total 

conductance is fixed, so this is 

effectively net power per total 

conductance) 

• Allocation of total conductance 

between vaporiser and condenser 

• Turbine inlet temperature  

• Turbine inlet pressure 

Lewis and Torczon Pattern Search  

(in MATLAB) 

(Ghasemi et al., 2012) Maximise:  

Net power 

• Turbine inlet superheat  

• Pump outlet pressure 

Sequential quadratic programming  

(inside Aspen Plus) 

(Heberle et al., 2012) Minimise:  

Total cost (including pricing for 

exergy) per product exergy 

• Condenser pinch temperature 

• Vaporiser pinch temperature 

Not specified, appears to be via 

evaluating the model at uniform 

points across a range of values. 

(Hettiarachchi et al., 

2007) 

Maximise:  

Net power per heat exchanger 

area 

• Turbine inlet temperature 

• Condenser outlet temperature 

• Velocity of geothermal fluid  

• Velocity of cooling water 

Gradient method  

(steepest descent) 
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1.2.3.2 Relevance to Thesis 
While the possibility of using multi-objective optimisation to select a set of Pareto-optimal 

geothermal ORCs which can then be narrowed down to the best option through the use of 

economic data is a compelling avenue of research, the scope of this project is restricted to the 

optimisation of existing plants. Therefore, this gap in the literature is highlighted only as a 

promising area of future research and will not be explored further in this thesis. However, the 

modelling and optimisation tools developed in the course of this project and detailed in the 

forthcoming papers provide a useful starting point for future work of this nature. 

Since only existing plants are being optimised, using net power as the objective function for 

optimisation will be sufficient. In addition, parameters relating to the design of geothermal 

ORCs will not need to be optimised as they are assumed to be given. Instead operating 

parameters will be investigated, and the results will be used to inform the development of 

control systems. This approach is most closely related to the one taken in (Manente et al., 

2013).  

Finally, the gap in the modelling literature on the inclusion of geothermal pipelines in models 

also indicates a gap in optimisation of geothermal flow through ORCs. This could have 

implications for the optimisation of existing geothermal ORCs and falls within the scope of 

this thesis. 

1.2.4 Control 
A summary of the literature for the control of ORC is shown in Table 1-4. All papers were 

for waste heat recovery ORCs and take the same approach where a dynamic model of the 

ORC is constructed and used to develop and test control systems. Some of these papers apply 

PI or PID feedback control to ORCs, while others apply optimal control techniques, such as 

model predictive control (MPC).  

All of the papers except (Quoilin et al., 2011) report the control system they designed as 

achieving good performance, the exception being for only one of three different control 

structures presented in the paper. However due to the lack of standard set point changes, 

disturbance amplitudes and plant layouts across the papers, the control systems cannot be 

compared quantitatively. Qualitatively speaking, optimal control techniques tend to perform 

better than feedback control, which is unsurprising.  

Two of the papers compare MPC to decentralised PI or PID controllers for the same system. 

The first (Hernandez et al., 2014) compares MPC to decentralised PI controllers from an 
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earlier paper (Quoilin et al., 2011) and finds that MPC can provide an increase in plant power 

output in the case of large variations in the heat source, but did not show substantial 

improvement for set point changes and small disturbances. The second (Hou, Sun, Hu, & 

Zhang, 2011) does not test set point tracking and the results for disturbances show that the 

MPC reaches steady state faster than the PID controller. Another paper (Hou, Bi, Lin, Zhang, 

& Xu, 2014) compares a generalised minimum variable controller to a PID controller and 

also shows superior results with the new controller design. 
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Table 1-4. Summary of the literature on the control of ORCs. 

Paper Manipulated Variables Controlled Variables Control Type 

(Peralez, Tona, Nadri, 

Dufour, & Sciarretta, 

2015) 

• Evaporator bypass fraction 

• Cooling air mass flow rate 

• Pump speed 

• Net power 

• Turbine inlet superheat 

• Turbine inlet pressure 

Dynamic online optimisation 

(similar to model predictive control) 

combined with PID and feed 

forward for superheat control 

(Zhang, Zhou, Wang, Xu, 

& Fang, 2014) 
• Turbine speed 

• Pump speed 

• Cooling air mass flow rate 

• Turbine inlet pressure 

• Turbine inlet superheat 

• Condenser outlet temperature 

Model predictive control 

(Hernandez et al., 2014) • Scroll expander speed 

• Pump speed 

• Expander inlet superheat Model predictive control 

(Hou et al., 2014) • Turbine throttle valve position 

• Pump speed 

• Exhaust gas mass flow rate 

• Cooling air velocity 

• Net power 

• Vaporiser outlet pressure 

• Vaporiser outlet temperature 

• Condenser outlet temperature 

Generalised minimum variance 

control 

(Zhang, Gao, Chen, & 

Hou, 2013) 
• Pump speed 

• Turbine speed 

• Turbine inlet pressure 

• Turbine inlet superheat 

Robust multivariable control 
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(Zhang, Zhou, Li, Hou, & 

Fang, 2013) 

• Turbine throttle valve position 

• Pump speed 

• Exhaust gas velocity 

• Cooling air velocity 

• Net power output 

• Vaporiser outlet pressure 

• Vaporiser outlet superheat 

• Condenser outlet temperature 

Model predictive control 

(Peralez et al., 2013) • Pump speed • Turbine inlet superheat Gain scheduled PID controller 

combined with feed forward 

(Zhang et al., 2012) • Turbine throttle valve position 

• Pump speed 

• Exhaust gas velocity 

• Net power 

• Vaporiser outlet pressure 

• Vaporiser outlet temperature 

Linear active disturbance rejection 

controller 

(Zhang et al., 2012) • Pump speed 

• Turbine throttle valve position 

• Net power 

• Vaporiser outlet pressure 

Linear quadratic regulator with PI 

controller 

(Zhang, Li, Zhang, & 

Hou, 2011) 
• Exhaust gas velocity • Vaporiser outlet temperature Model predictive control 

(Hou et al., 2011) • Exhaust gas velocity • Vaporiser outlet temperature Model predictive control 
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(Quoilin et al., 2011) • Scroll expander speed 

Pump speed 

• Expander inlet temperature 

• Expander outlet superheat 

Decentralised PI controllers, three 

strategies: 

1. Constant controlled variables 

2. Optimum controlled variables 

from regression of steady state 

model 

3. Optimum expander inlet 

temperature from a correlation with 

expander speed (which continues to 

control expander outlet superheat). 
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1.2.4.1 Relevance to Thesis 
The literature on the control of organic Rankine cycles is largely irrelevant for this thesis. 

This was discovered after the construction of the dynamic model described in chapter 2 

which showed that the geothermal ORC plant that is the focus of this thesis does not exhibit 

substantial dynamic behaviour. The fastest process disturbance impacting the plant is the 

change in air temperature over the course of the day. Even under extreme circumstances the 

time constant for this process would not be less than one hour whereas, as seen in chapter 2, 

the time constant for plant responses is on the order of minutes if not seconds for control 

responses such as changes to the level set-point of the vaporiser. Therefore the approach 

taken in papers such as (Manente et al., 2013) where a quasi-steady state approach is used to 

determine optimum set-points for decentralised PI feedback controllers will have the most 

benefit to geothermal ORCs and also has the benefit of being simpler to implement for 

commercial geothermal ORC operators. While the results of the literature indicate there may 

be some small gains that could be achieved by replacing PI control by the other approaches 

shown in Table 1-4, due to the lack of dynamic behaviour the benefit would be far 

outweighed by the additional cost of implementation so this approach cannot be justified for 

this thesis. 

1.3 Research Aims 
By using the gaps in the literature as a guide and with a focus on research that will assist 

operators to improve their operation of geothermal ORCs in a cost effective manner, this 

thesis has two categories of research aims: control and optimisation.  

Relating to control: 

1. Construct and validate a dynamic model of a geothermal ORC. 

2. Identify areas where advanced process control techniques can provide a benefit to 

operation and assess the amount of improvement that is possible. 

Relating to optimisation: 

3. Construct a steady state model of a geothermal ORC plant which includes the 

geothermal gathering system. This model must be capable of supporting subsequent 

optimisation work by having the ability to be programmatically manipulated to 

rapidly and autonomously examine sets of inputs. 

4. Investigate the sizing of the air cooled condenser, considering the range of air 

temperatures impacting the plant over time. 
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5. Perform optimisation of the geothermal flow rate into the ORC plant. 

6. Apply the concept of self-optimising control to determine controlled variables that 

cause optimum plant operation when held at a constant set point, across a range of 

disturbances. 

1.4 Thesis Outline 
Following this chapter, the papers comprising this thesis will be presented. An outline of 

these papers is given in Table 1-5. The papers will be followed by a conclusions chapter 

which provides a summary of the research findings presented in the papers and areas for 

future research.  
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Table 1-5. Summary of the papers included in the thesis, tying them to the thesis aims and stating their novelty. 

Chapter Summary 
Thesis 

Aim 
Novelty 

2 

A dynamic model of a geothermal ORC is created in the process 

simulator VMGSim and validated with twenty-four hours of plant 

data. 

The net power output of the model is within 0.24 % of the real 

plant value. 

1 A dynamic model of a geothermal ORC. 

3 

A feed-forward control scheme is implemented on a dynamic 

model which considers set-point changes in the vaporiser pressure 

PI controller as a disturbance and uses this to improve the response 

of the geothermal steam pressure controller. 

This resulted in an improvement in the time to steady state by a 

factor of 4-6. 

2 
A feed-forward control scheme applied to the 

geothermal gathering system in an ORC plant. 
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4 

The sizing of the air-cooled condenser in a geothermal ORC is 

examined and a rule of thumb is proposed that uses the 95th 

percentile of the air temperature range as a design point for sizing 

the condenser.  

The economic viability of the condenser is assessed and the 

payback period is estimated to lie within 2-3 years. 

4 
A heuristic approach to determining the number of 

fans and size of the air-cooled condenser. 

5 

A steady state model of a geothermal ORC is constructed using the 

commercial process simulator VMGSim combined with 

customised MATLAB programs for model automation. 

The geothermal flow rate into the plant is optimised for two 

scenarios corresponding to fouled and clean heat exchangers. 

3 & 5 

A steady state model of a geothermal ORC that 

includes the geothermal gathering system. 

Optimisation of the geothermal flow rate into an 

ORC plant, including influence of the pressure-flow 

relationship of the geothermal pipelines on the 

optimum result. 

Consideration of fouling in the heat exchangers and 

its impact on the optimum geothermal flow rate. 
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6 

A new method is devised which allows an approximation of 

conventional self-optimising control to be applied to a geothermal 

ORC which uses a model built in a commercial process simulator. 

A controlled variable which is a linear combination of available 

plant measurements is found which causes the geothermal ORC to 

maintain optimal operation across a range of disturbances. 

3 & 6 

An approximate self-optimising control technique 

that can be applied using a model from a 

commercial process simulator. 

Self-optimising control is applied to geothermal 

ORCs. 
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2 Dynamic Modelling and Validation of a Commercial Scale 

Geothermal Organic Rankine Cycle Power Plant 
Authors: Matthew Proctor, Wei Yu, Robert Kirkpatrick & Brent Young 

2.1 Prologue 
In order to conduct research into the control of geothermal ORCs a dynamic model of an 

existing plant was constructed and is presented in the following paper. Once a validated, 

accurate dynamic model is available for the plant it can be used to test different control 

philosophies and advanced process control techniques with the assurance that the model 

behaviour will correspond to the real plant. This model also addresses a gap in the literature, 

as a dynamic model of a geothermal ORC has not been previously reported. It was found that 

the plant did not exhibit substantial dynamic behaviour, which limited subsequent 

investigation into control of geothermal ORCs. 

2.2 Abstract 
The organic Rankine cycle (ORC) is a heat recovery technology used for renewable energy 

generation. One such application is the large-scale production of electricity from geothermal 

resources. In this paper a dynamic model of a commercial-scale geothermal ORC is 

developed in process simulation software and validated against plant data. This is the first 

such model presented in the open literature. The use of a turbomachinery performance curve 

built into the process simulation software also offers advantages compared to previous 

approaches to modelling the expander in ORC plants. The difference in power output, the key 

output variable, between the model and plant was found to be 0.24% with a standard 

deviation of 1.40% of the real average power output. The results from model validation are 

used to suggest improvements to the model, which is intended to be used for the further 

investigation of optimisation and process control for commercial ORC plants.  

2.3 Introduction 
Energy generation from geothermal and low enthalpy waste heat resources is a commercial 

opportunity being explored in New Zealand and organic Rankine cycles (ORC) are a key 

technology that can be applied for energy conversion.  

A wide range of ORC applications has been investigated for many heat resources such as 

waste heat recovery (Larjola, 1995; Nguyen, Slawnwhite, & Boulama, 2010), geothermal 
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systems (Ghasemi et al., 2012; Hettiarachchi et al., 2007; Kanoglu, 2002; Sohel et al., 2011; 

Yari, 2010), solar energy use (Astolfi, Xodo, Romano, & Macchi, 2011; Tempesti, Manfrida, 

& Fiaschi, 2012), and engine exhaust gases (Vaja & Gambarotta, 2010; T. Wang, Zhang, 

Peng, & Shu, 2011). Comprehensive literature reviews covering a variety of ORC 

applications are provided by (Schuster, Karellas, Kakaras, & Spliethoff, 2009; Tchanche, 

Lambrinos, Frangoudakis, & Papadakis, 2011; Vélez et al., 2012).  

A dynamic model of an existing geothermal ORC plant at Ngawha Springs, Northland, New 

Zealand has been built using the commercial process simulator VMGSim. The model was 

built with the intention of exploring different control configurations, and also will help obtain 

a better understanding of the processes that occur inside an ORC plant.  

The novelty of this paper lies in its dynamic modelling of a large (on the order of tens of 

megawatts electric power production), commercial geothermal ORC power plant under 

normal operating conditions and with a commercial process simulator. This has not been 

reported in the literature before. In addition, as discussed in Section 2.5.2.2 of the paper, the 

novel use of a turbomachinery performance curve is more likely to more accurately capture 

the behaviour of a fixed speed turbine compared with some of the approaches in the 

literature. 

Narrowing our focus to the literature on modelling of ORC and other geothermal plants 

reveals that the general approach to modelling is to use equations derived from 

thermodynamic relationships and heat and mass balances (Casella, 2004; Jalilinasrabady, Itoi, 

Valdimarsson, Saevarsdottir, & Fujii, 2012; Ozturk, Atalay, Yilanci, & Hepbasli, 2006). This 

type of modelling is used in most commercial simulators, including the one used in this 

paper. 

Dynamic ORC models have been developed for waste heat applications (Felgner et al., 2011; 

Quoilin et al., 2011; Wei et al., 2008; Zhang et al., 2012), geothermal (Toffolo et al., 2012) as 

well as commercial, packaged ORC solutions (Casella, Mathijssen, Colonna, & van 

Buijtenen, 2013).  

One advantage of the approach used in this paper is that the model was built using a 

commercial process simulator, with unit operations and thermodynamic data that have been 

tested and validated by the owner of the software and through substantial use in industry 

across a variety of processes. Several of the papers listed above (Felgner et al., 2011; Quoilin 
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et al., 2011; Wei et al., 2008) use the Modelica environment to model ORCs which is an 

equation based system for modelling processes. There are external libraries available for 

certain unit operations that have been validated, for example the evaporator used in (Quoilin 

et al., 2011), but in these papers the authors have also used their own equations to model unit 

operations, which will require their own validation to make sure they accurately reflect the 

underlying physics of the process. The paper by (Toffolo et al., 2012) uses Simulink, which 

also requires the specification of the underlying equations and the paper by (Zhang et al., 

2012) does not specify the software used for modelling, but does list the equations used for 

modelling so is likely to have taken a similar approach. One drawback of using a commercial 

process simulator which was encountered during the modelling process in this paper is the 

lack of flexibility if particular aspects of the process are difficult to represent with the built-in 

unit operations. The challenges associated with this problem are discussed in relation to our 

vaporiser sub-model in Section 2.5.2.1. 

This manuscript is organized as follows. After this introduction, the operation of a simple 

ORC system is explained, followed by details about the creation of the dynamic model using 

VMGSim. The software is also briefly introduced. The results of the model validation using 

industrial data are then presented. Finally, the results are discussed and key conclusions are 

drawn. 

2.4 Background 
ORCs are an energy conversion technology applicable to a wide range of heat resources, 

particularly those with low enthalpy. In this discussion the application of ORCs to geothermal 

resources will be emphasised, but this information is also applicable to ORCs using other 

heat sources. 

Figure 2-1 shows a process flow schematic of an ORC power plant using a geothermal heat 

source. In this process, hot geothermal fluid is used to preheat and vaporise an organic 

working fluid before being reinjected into a geothermal reservoir. The organic vapour from 

the evaporator passes through a turbine which will turn a shaft connected to a generator to 

produce electricity. The low pressure organic working fluid vapour from the outlet of the 

turbine is then passed through a recuperator to recover some additional heat, then a condenser 

where it is condensed to liquid using air cooling (other coolants such as water can also be 

used). The liquid organic working fluid is then pumped back to the preheater to complete the 

cycle. 
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Figure 2-1. A schematic of an organic Rankine cycle process. 

A design incorporating an ORC can use heat sources with lower enthalpy than other 

geothermal plant designs because it uses a separate working fluid. It is not constrained by the 

rule that the fluid that flows through the turbine must have the same composition as the 

geothermal fluid. In fact, the working fluid composition is an extra variable that can be 

tailored precisely to the heat source in order to optimise the design in terms of efficiency and 

capital cost.  

Selection of the working fluid lies outside the scope of this paper, as the working fluid is 

already known due to the model being of an existing commercial facility. However, there is a 

substantial amount of literature on working fluid selection for those who are interested. Good 

examples are shown in (Chen, Goswami, & Stefanakos, 2010; B. Liu, Chien, & Wang, 2004) 

and a more recent review of working fluid selection is given in (Bao & Zhao, 2013). 

2.4.1 Process Description 
Figure 2-2 shows the layout of the commercial ORC plant that is modelled in this paper. The 

process will now be described in detail to provide the understanding needed for the analysis 

of the plant operation in the rest of this paper. 



38 
 

Vaporiser

Brine Preheater

Recuperator

Air
Condenser

Reinjection

Air out

Air in

NCG Preheater

Preheater

NCG Separator

S3

S5

S7

S6

Vaporiser
Separator

NCG Waste

S8

S1 Two-Phase 
Geothermal Fluid

Steam

Brine

S2

Control
Valve

Main Geothermal 
Separator

S4

Turbine

Pump

 

Figure 2-2. A Simplified PFD of the geothermal plant being modelled. 

As shown in Figure 2-2, the two-phase geothermal fluid enters the system from a pipeline and 

enters the main separator. In this separator it is split into steam and brine which pass through 

separate sets of tubes in the vaporiser. 

Following the outlet of the steam tubes (S1), the partially condensed steam enters the 

Vaporiser Separator. The condensate eventually merges with the rest of the geothermal brine. 

The vapour (S3) enters the tubes of the non-condensable gas (NCG) Preheater and then goes 

into the NCG Separator. The brine from this separator also merges with the geothermal brine, 

the vapour (NCG Waste) is vented to the atmosphere. 

Going back to the outlet of the brine tubes, the condensate (S2) from the steam merges with 

the condensate from the Vaporiser and NCG Separators forming the main brine stream which 



39 
 

passes through two heat exchangers in series (Brine Preheater, then Preheater) before being 

sent to the reinjection system, which was excluded from the model as it has little bearing on 

general plant operation. 

Moving on to the working fluid loop, starting from the outlet of the pump (S4) the fluid is 

split into two streams that pass through the tubes of the two identical recuperators (in Figure 

2-2, only one stream is shown). After this the streams recombine and enter the shell of the 

Preheater. The outlet (S5) is then split into two streams (S6 and S7) which pass through the 

brine preheater and NCG preheater, respectively. The streams then recombine (S8) before 

passing through the shell of the vaporiser, where the fluid becomes a saturated vapour. The 

fluid is then split into two streams that pass through two identical expanders (again, only one 

stream is shown). The outlets of the expanders pass through the recuperators before being 

recombined and sent through the air cooled condenser. Here the vapour is condensed and 

returned to the pump to complete the cycle. 

2.5 Modelling Procedure 

2.5.1 Simulation Software 
There are a wide variety of software programs, solvers and commercial process simulators 

such as Aspen HYSYS, Modelica, VMGSim and Aspen Plus, which are used by both 

industry and academia to analyse the steady state and dynamic behaviours of chemical 

processes. VMGSim (v8.0) was selected to build an ORC model in this paper. 

VMGSim is a process simulator originally developed by Virtual Materials Group (Cota, 

Satyro, Morris, & Svrcek, 2003). It has been used around the world to model existing 

processes and to design new facilities. Its thermo-physical property calculator is capable of 

accurately predicting the behaviour of complex fluid mixtures. Previously, members of our 

research group used VMGSim in a geothermal application to evaluate the enhancement of the 

flash-cycle Kawerau geothermal power plant in New Zealand (Dabbour, Villena, Kirkpatrick, 

Young, & Yu, 2011). 

2.5.2 Model Specification 
To create a model with VMGSim, connections between unit operations, equipment 

specifications and stream characteristics are specified. We provided the thermodynamic state, 

flow rate and composition of the geothermal input stream and cooling air, as well as the 

composition of the working fluid (n-pentane). We also specified the pressure at every stream 
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on the boundary of the model. Details of particular unit operations were also provided to the 

simulator. Constant UA values were provided for each heat exchanger based on plant design 

data and the pump curve for the manufacturer was imported into VMGSim. The volume of 

each unit operation was also found from the plant technical drawings and included in the 

model. Due to the commercial sensitivity of this information precise values of these 

specifications are not provided in the paper. Some approximate specifications are given in 

Table 2-1. It should be noted the UA values shown for the vaporiser and preheater are 

subsequently scaled down according to the fine-tuning process described in Section 2.5.5. 

Table 2-1. Approximate values of the specifications used in the model. 

Specification Value 
Turbine design power 10 MW 
Turbine inlet design flow 5000 m³/h 

Turbine speed 
3000 RPM  

(fixed, as turbine is coupled to the electrical grid) 
Turbine design efficiency 70 % 
Recuperator UA 300 kW/K 
Condenser UA 7000 kW/K 
Preheater UA 600 kW/K 
Brine Preheater UA 2000 kW/K 
Vaporiser Steam UA 2000 kW/K 
Vaporiser Brine UA 800 kW/K 
NCG Preheater UA 150 kW/K 
Geothermal Reinjection Pressure 1000 kPa 
Ambient Pressure 101.33 kPa 

 

The sections of the control system essential to regulating the plant were also included. This 

consisted of the level controller for the geothermal separators, the level controller for the 

shell of the vaporizer and working fluid temperature control for the preheaters. Control valve 

Cv values provided by the plant operator were also entered into the model. 

After all of this information is provided VMGSim then automatically determines what 

equations can be used to describe the characteristics of the remaining unspecified streams and 

calculates these at each time step as the model is run. 
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Further details on sub-sections of the model will now be highlighted to further discuss the 

particulars of the model’s implementation. 

2.5.2.1 Vaporiser Model 

A heat exchanger with multiple tube sets is not directly provided by VMGSim. To model the 

whole process, we constructed a lumped parameter model of the vaporiser from simpler 

components already in the simulator. Figure 2-3 shows a flow diagram which explains how 

the vaporiser calculations are performed and Figure 4 shows the true layout of the vaporiser 

as it exists in the plant, including the location of the temperature variables T1 to T6 that exist 

in Figure 2-3. 
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Figure 2-3. Vaporiser calculations shown as a flow diagram. 
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Figure 2-4. A diagram of the true vaporiser layout. 

In order to model the vaporiser (where the shell contains two separate sets of tubes carrying 

the geothermal brine and steam) the heat exchanger was split into three unit operations: two 

coolers representing the tubes, and a heater representing the shell. The heat duties of the 

coolers are summed and provided to the heater in order to specify its heating duty while 

maintaining conservation of energy. The vaporiser is modelled as a counter current heat 

exchanger and so the calculation used to find the heat duties of the coolers is log mean 

temperature difference (LMTD), considering each set of tubes separately, as shown in 

Equation 2-1 below. As mentioned in Section 2.5.2, UA values were calculated from plant 

design data and assumed to be constant.  

�̇�𝑄 = 𝐹𝐹 ∙ 𝑈𝑈𝐴𝐴 ∙ 𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿 Equation 2-1 

 

Where: 

𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿 =
�𝑇𝑇ℎ,𝑖𝑖𝑚𝑚 − 𝑇𝑇𝑐𝑐,𝑜𝑜𝑜𝑜𝑡𝑡� − (𝑇𝑇ℎ,𝑜𝑜𝑜𝑜𝑡𝑡 − 𝑇𝑇𝑐𝑐,𝑖𝑖𝑚𝑚)

ln
�𝑇𝑇ℎ,𝑖𝑖𝑚𝑚 − 𝑇𝑇𝑐𝑐,𝑜𝑜𝑜𝑜𝑡𝑡�
�𝑇𝑇ℎ,𝑜𝑜𝑜𝑜𝑡𝑡 − 𝑇𝑇𝑐𝑐,𝑖𝑖𝑚𝑚�

 
Equation 2-2 

 

Where the subscripts ‘h’ and ‘c’ stand for the hot and cold stream respectively (with the hot 

stream being either the geothermal steam or brine and the cold stream being the working 

fluid). The subscripts ‘in’ and ‘out’ represent the inlet or outlet of the heat exchanger 

respectively.  

As can be seen in Figure 2-3, an iterative process is used to model the vaporiser. An 

input/output diagram of the vaporiser sub-model is given in Figure 2-5 below. The inputs of 

the sub-model are the temperatures of the steam, brine and working fluid inlet streams, and 
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the mass flow rates and heat capacities of these streams. The outputs are the temperatures of 

each outlet stream. At each time step, the heat transferred between the streams is calculated. 

The inputs are updated at each time step by other unit operations in the model located 

upstream of the vaporiser. At the next time step, the temperatures of the three outlet streams 

are calculated based on the amount of heat transferred. These outlet temperatures are then 

provided back to the main model for use in further calculations. Initial temperature values for 

all six temperatures are provided at the beginning of the iterative process.  

Vaporiser Model

Parameters

Inputs Outputs

Steam
Tubes UA

Brine
Tubes UA

Mass Flow Rates
(From Plant Model)

Heat Capacities
(From Plant Model)

T2

T4

T6

T3

T1

T3

Time = t Time = 
t + 1

 

Figure 2-5. A diagram showing the inputs and outputs of the vaporiser sub-model. 

One drawback of the approach taken is that the heat transfer calculation does not necessarily 

run at each time step as this depends on internal optimisation done by the VMGSim solver. In 

addition, there can be occasional numerical problems relating to the vaporiser model where 

there is a temperature cross in the heat exchanger resulting in the simulator returning error 

values to the heat duties in the various unit operations comprising the vaporiser. This results 

in the model returning abnormal results and eventually failing to solve. The current model 

avoids these issues, but when attempting to introduce additional subsystems, such as safety 

bypass loops in the working fluid, these problems become apparent. Two options have been 

considered to improve the vaporiser model: either the custom code performing the heat 

transfer calculation must be amended to provide more robust results in the face of errors or 

the entire vaporiser model must be replaced by a new sub-model, separate from the VMGSim 

simulator, that communicates with the rest of the model at each time step. 



44 
 

Also, there are some simplifying assumptions used in modelling the heat exchangers. They 

are currently represented as a single node, constant UA values are assumed in each heat 

exchanger and the pressure drop through each component is represented by a ‘k’ value that is 

used in Equation 2-3: 

�̇�𝑚 = 𝑘𝑘 × √∆𝑃𝑃 Equation 2-3 

 

Based on the results of this study, we believe the predictions of the vaporiser sub-model to be 

acceptable. However, it could be improved by adding a single spatial dimension in the heat 

exchangers, which would be possible by using a separate sub-model outside VMGSim. This 

would also permit more sophisticated correlations for pressure drop and heat transfer that are 

likely to be more accurate. However, this would involve additional computational cost as the 

subsequent equations would be PDEs rather than ODEs.  

2.5.2.2 Turbine Model 

Out of the papers on dynamic models of ORCs mentioned in the introduction, the paper 

(Quoilin et al., 2011) models a system implementing a scroll expander and the remainder use 

turbines. The two papers (Casella et al., 2013; Toffolo et al., 2012) assume choked flow in 

the turbine which simplifies the pressure-flow calculations, but would not be valid outside 

choked flow conditions. In the paper (Felgner et al., 2011), the authors use the Stodola ellipse 

equation for the pressure-flow calculations. However, this equation is based on the 

assumption that the turbine speed is reduced along with the reduced flow coefficient in order 

to maximise the isentropic efficiency of the turbine (Dixon & Hall, 2010). This assumption is 

not valid for the plant modelled in this paper, as the turbine is always operated at a fixed 

speed in order to deliver electricity at the grid frequency. The paper, (Wei et al., 2008), uses 

an equation to generate the turbine curve, which was specified by using data provided by the 

turbine manufacturer.  

The best accuracy in modelling turbine performance will be achieved using data provided by 

the manufacturer based on testing of the particular turbine in the ORC plant under 

consideration. In the absence of this data other methods will need to be used.  

In this paper the turbine performance was modelled using a built-in curve in VMGSim which 

allows off-design predictions of behaviour. However, a curve was unable to be obtained for 

the specific expanders used in the plant. Instead, a specified design point (speed, power, flow 
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and efficiency) was used in conjunction with a “Simple Curve” which is derived from 

(Stepanoff, 1957). These curves are empirical in nature and are presented in the form of plots 

of normalised flow vs. normalised head (normalised against the design point). The developers 

of the simulation software have advised that these curves are applicable to a wide variety of 

rotating equipment. However, they are not specific to axial turbines and as a result the turbine 

model is expected to be increasingly inaccurate further away from its specified design point. 

One option being investigated to improve the turbine model is to generate a set of 

performance and efficiency curves based on fluid dynamic theory and thermodynamics 

applied to axial turbines, and fit this to the design point. These curves can then be entered 

into the simulation software and used as part of the model. 

2.5.2.3 Air Cooled Condenser 

The air cooled condenser (ACC) is modelled as a regular shell and tube heat exchanger, with 

a fixed UA value, which was determined based on design mass flow rates and temperature 

changes through the exchanger.  

In the actual plant the ACC functions by air blown by fans passing over tube banks. It may be 

possible to improve the accuracy of the ACC by modelling the geometry and fluid conditions 

to obtain a calculated UA value that would vary based on the ambient conditions and fan 

speed.  

One drawback of the way the ACC is currently modelled is that it will output fluid at the 

saturation temperature, with no ability to calculate the amount of subcooling. This is because 

the unit operation is represented as a lumped parameter model. However, the plant operator 

has advised subcooling is minor for most ambient temperatures the plant is exposed to and is 

only present for very low temperatures. If desired, the accuracy of the ACC sub-model at 

these low ambient temperatures could be improved by modelling the condenser geometry to 

allow variations in space as well as time to be calculated. This would allow the model to 

predict the amount of subcooling.  

2.5.3 Basic Overview of the Control System 
There are eighteen separate control loops used in the plant. However, several of these have 

been excluded as they are outside the scope of the model. This is because they deal with 

conditions outside normal operation such as start-up, shutdown or safety systems, such as the 

turbine bypass. 
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The loops which have been modelled are: 

• Vaporiser working fluid liquid level 

• Main geothermal separator liquid level 

• Vaporiser condensate liquid level 

• Net power output, and 

• Vaporiser geothermal fluid pressure 

2.5.4 Modelling of the Geothermal Fluid 
The geothermal fluid is a complicated mixture of geothermal brine and steam containing 

NCGs. In this section the properties of the fluids used in the model, as well as the 

composition of the geothermal fluid are discussed. 

The simulator uses a built-in thermodynamic database of fluid properties. All of the fluids, or 

components of those fluids used in the model were found in this database. The components 

used for the geothermal fluid were water, carbon dioxide and nitrogen, the working fluid was 

pure n-Pentane and the cooling air was specified using the aggregate properties of air (present 

as an option in the thermodynamic database) directly.  

This was used in conjunction with a thermodynamic model called the advanced Peng 

Robinson equation of state (EOS) to predict fluid thermodynamic properties. The advanced 

Peng Robinson EOS is an extension of the Peng Robinson EOS that uses a more refined 

asymmetric mixing rule for multicomponent fluid equilibria. The advantage of using this 

method is more accurate liquid density estimation compared with the regular Peng Robinson 

EOS, particularly for polar compounds (P. M. Mathias, Klotz, & Prausnitz, 1991). 

The Peng Robinson EOS was developed as an improvement over prior equations of state 

which are all based ultimately on the van der Waals equation. It is described in (Peng & 

Robinson, 1976) as being particularly good compared with its predecessors in estimating 

liquid density values.  

2.5.4.1 Geothermal Fluid Composition 

The composition of the geothermal fluid was found through a least squares optimisation. 

Several chemical species known to be in the geothermal fluid were specified in a steady state 

model of the plant. The mole fractions of these components were specified at the plant inlet 

and then were varied to minimise an error function consisting of the differences between the 
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model and design data for total enthalpies at the outlets of the heat exchangers. This found a 

composition, shown in Table 2-2, which minimised the error in enthalpy across the plant. 

Table 2-2 .The composition of the geothermal fluid. 

Chemical Species Mole Fraction 
Water 0.99527 
Carbon Dioxide 0.00307 
Nitrogen 0.00166 

 

Other species tried were sulphur dioxide, sulphur trioxide and hydrogen sulphide, however it 

was found that these components minimised the error function when set to zero. This 

optimisation is dependent on the accuracy of the design data, which may only be an 

indication of the real conditions throughout the plant. In the future, when more data from the 

plant is obtained the optimisation could be re-run in an attempt to obtain more accurate 

results. Also, more chemical species could be included in the analysis based on a greater 

understanding of the chemistry of the geothermal reservoir. 

2.5.5 Model Fine-tuning 
After the model was built and tested based on design data, the UA parameters of the 

vaporiser and preheaters (for which approximate values are shown in Table 2-1) were tuned 

in an attempt to improve the power output prediction of the model. 

This was done by first preserving the ratios between the UA parameters, then scaling down 

the vaporiser steam tube UA by multiplying it by a fixed value of 0.84, thereby lowering all 

of the heat exchanger UA values. This value was chosen based on a least squares 

optimisation of the squared difference in power output between the plant and model output. 

2.5.6 Model Validation Process 
The model was validated by using twenty-four hours of recorded data from the plant’s control 

system as input to the model and comparing the model output to the behaviour of the real 

plant. The model has three process input variables: geothermal fluid pressure, geothermal 

fluid temperature and ambient temperature; and also has two controller inputs: the vaporiser 

level controller set point and NCG vent mass flow rate set point.  

In the model, the NCG vent mass flow rate was controlled with the NCG vent control valve. 

However, in the plant it is used to control the geothermal fluid pressure. This control loop is 
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also often operated under manual control. It was found that implementing this control loop in 

the model caused a great deal of inaccuracy in the model prediction. This could be caused by 

the following factors: the loop operating in manual control for part of the data collection 

period, variations in the composition of the geothermal fluid or changes in the heat transfer 

coefficient of the heat exchangers with varying geothermal fluid conditions. Since 

information on the effect of these factors was either inaccurate or unavailable, it was decided 

that the best way to test the accuracy of the model would be to allow this valve to control the 

vent mass flow to mimic the plant’s recorded operation.  

The three process input variables represent the major disturbance variables expected to 

impact the plant and the vaporiser level control set point is the only set point that was 

changed in the plant’s control system during the twenty-four-hour period under analysis. 

Therefore, the results of the model validation should provide a good indication of how 

accurately the control system was modelled in terms of disturbance rejection. 

The key output we are interested in modelling is the power output, although the other model 

outputs provide insight into how well the internal state of the plant is modelled. This is 

important because this model is intended to be used for optimisation and control system 

design, which depend on the internal state of the plant being modelled accurately for any 

results to be useful. 

2.5.7 Self-Consistency of Geothermal Inlet Conditions 
Examination of the plant data for the geothermal fluid pressure and temperature at the inlet 

revealed a problem. The temperature given was too high, and would produce a stream that 

was entirely vapour, instead of a two phase mixture as expected.  

This is caused by the temperature sensor being present in the liquid stream exiting the main 

geothermal separator. Due to the composition difference between the liquid (mostly water) 

and vapour (a mixture of water and noncondensable gases) and a lack of thermodynamic 

equilibrium in the separator, the temperature of the liquid is slightly higher than that of the 

vapour. However, the simulator assumes that the separator is at an equilibrium state. 

To get around this problem, the vapour fraction of the geothermal fluid inlet stream was 

assumed constant, and the temperature set to vary to achieve that vapour fraction regardless 

of the geothermal pressure. This assumption ties the geothermal fluid temperature to the 

pressure, and the temperature will rise and fall along with the pressure. 
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As can be seen in Figure 2-6, which plots the real plant data for geothermal fluid and 

temperature, this is not an unreasonable assumption as these variables are well correlated, 

with a correlation coefficient of 0.97.  

 

Figure 2-6. Real plant geothermal fluid inlet conditions, contrasting geothermal fluid pressure with 

temperature. 

2.6 Modelling Results 
In this section we shall examine the difference between output variables from the model and 

the corresponding variable in the real plant in order to see how well the plant was modelled. 

The key output variable from the model is the gross power output; this variable is dependent 

on certain process variables that we will examine in this section: the vaporiser shell pressure 

and turbine outlet pressure. We shall also examine the vaporiser shell liquid level as it 

provides some insight into the modelling of ORCs. All of these variables are examined over 

the twenty-four-hour period. A table is also presented that contains summarising statistics for 

the entire set of variables monitored as part of model validation. 

Figure 2-7 shows the gross power output results over the twenty-four hour period for both the 

tuned model output, shown in blue, and the original model based solely on design data, 

shown in green. The fluid conditions which determine the gross power output are those that 

affect the turbines. These properties are the thermodynamic state of the fluid at the turbine 

inlet and outlet, as well as the mass flow rate through the turbine.  
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Figure 2-7. Gross power output comparison plot. 

As can be seen, in comparison to the original line (green), the model output (blue) has been 

shifted down, which results in a smaller residual (difference between the model and real data) 

across the twenty-four-hour period under consideration. 

The improvement between the tuned and original models can be quantified by considering 

the sum of the squared difference between the model and real outputs before and after fine-

tuning of the UA values, which was the objective function chosen when optimising the 

reduction in the UA values. These were 347 MW² and 84.5 MW² for before and after 

optimisation respectively, a reduction of 76 %.  

The model output tends to differ from the real data in the period between nine and eighteen 

hours, which corresponds with the rise in ambient temperature and geothermal fluid pressure 

during the day, as seen in Figure 2-8. There is also a smaller amount of mismatch present 

between zero and four hours. 
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Figure 2-8. Plot of the key geothermal inputs to the model over the twenty-four hours under 

consideration. 

It is possible to draw conclusions about the cause of the model mismatch by looking at the 

factors that drive the gross power output from the turbines, which are the working fluid mass 

flow rate and the pressure at the turbine inlet and outlet. The turbine inlet pressure is equal to 

the vaporiser shell pressure, so it shall be referred to in the following discussion.  

The use of the built-in performance curve for the turbine could also cause inaccuracy by 

incorrectly predicting the isentropic efficiency and pressure-flow resistance of the turbine, but 

based on the discussion in this section we believe that most of the model mismatch is caused 

by the three factors mentioned above, and that the impact of differences between the true 

performance curve and modelled performance curve is minimal.  

Based on looking at these three variables we conclude that the model mismatch in gross 

power output, mainly existing between ten and eighteen hours, is caused by inaccurate 

modelling of the vaporiser and air cooled condenser. The vaporiser also accounts for the 

smaller amount of mismatch present between zero and four hours. 

Table 2-3 shows summarising statistics of the residual for all the variables tracked in the 

model. These are the absolute value of the average and standard deviation, as well as a 

percentage value with respect to the average of the real plant data. The percentage values are 

of most interest, since they are more indicative of model inaccuracy than the absolute values. 
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For example, the standard deviation for the brine mass flow rate is 9.77 t/h, which is high in 

comparison to the others, but its percentage value with respect to the average real brine flow 

is 1.81 %, which puts this into perspective. 

Looking through the variables in Table 2-3 it can be seen that most of the average and 

standard deviation values are small. This means the residuals are close to the real output and 

stay reasonably close to their averages, which means that the offsets are small and reasonably 

constant over a range of model inputs. This is exemplified by the power output of the plant, 

which is the most important output variable from the model. However, not all variables are 

predicted accurately. For example, the results for the condenser show the outlet pressure and 

temperature are quite large. This indicates an area where the model can be improved. 

Table 2-3. Summarising statistics for the residuals (model result minus real data) of all variables tracked 

in the model. 

Unit 
Operation Fluid Stream Measurement 

(unit) 

Average of the 
Residual 

Standard 
Deviation of the 

Residual 
Abs. Percent Abs. Percent 

Turbine N/A N/A Power (MW) 0.04 0.24 % 0.24 1.40 % 
Vaporiser n-Pentane Holdup Pressure (bar) 0.05 0.27 % 0.22 1.19 % 
Vaporiser n-Pentane Holdup Liquid Level (%) 0.01 0.01 % 0.31 0.55 % 
Vaporiser n-Pentane Holdup Temperature (°C)  -2.74 1.73 % 0.36 0.23 % 

Vaporiser Geothermal 
Steam Outlet Temperature (°C)  8.29 5.03 % 0.63 0.38 % 

NCG 
Preheater 

Geothermal 
Steam Outlet Temperature (°C)  5.10 4.08 % 3.31 2.65 % 

Turbine n-Pentane Outlet Temperature (°C)  1.20 1.32 % 1.00 1.10 % 
Turbine n-Pentane Outlet Pressure (bar) 0.10 7.81 % 0.03 2.15 % 

Vaporiser Geothermal 
Brine Outlet Temperature (°C)  5.36 3.18 % 2.24 1.32 % 

Preheater Geothermal 
Brine Outlet Temperature (°C)  -1.52 1.66 % 1.69 1.86 % 

Brine 
Preheater n-Pentane Outlet Temperature (°C)  8.31 5.26 % 1.91 1.21 % 

NCG 
Preheater n-Pentane Outlet Temperature (°C)  6.28 3.98 % 0.45 0.28 % 

Condenser n-Pentane Outlet Temperature (°C)  -4.41 18.91 % 0.61 2.64 % 
Recuperator 
(Tube) n-Pentane Outlet Temperature (°C)  -2.72 5.35 % 0.72 1.43 % 

Vaporiser Geothermal 
Brine Input Mass Flow (t/h) 0.12 0.02 % 9.77 1.81 % 

Vaporiser Geothermal 
Steam Input Mass Flow (t/h) 0.00 0.01 % 0.60 1.13 % 
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2.6.1 Impact of Air Cooled Condenser Modelling 
Figure 2-9 shows the real and modelled turbine outlet pressure. It is apparent that there is an 

offset between the real and predicted results. This offset is not relevant for our analysis as it 

does not have a substantial impact on the gross power residual; the important thing to note is 

the change in the pressure between night and day is greater for the real pressure compared 

with the model pressure. An increase in turbine outlet pressure will result in a decrease in the 

gross power output. This contributes to the real gross power output having a larger decrease 

between night and day than the model.  

 

Figure 2-9. Turbine outlet pressure comparison plot.  

The turbine outlet pressure is determined by two factors. The first is adequate modelling of 

the condenser temperature. The working fluid must be at vapour-liquid equilibrium as it 

condenses, so the condenser pressure will be dependent on the temperature. The second is the 

resistance to flow in the recuperator and condenser, which is dependent of the geometry of 

these unit operations as well as the flow rate through the plant.  

As seen in Figure 2-10, the condenser outlet temperature increases during the day due to the 

increase in ambient temperature. It can be seen that the change in condenser temperature is 

higher in the real plant compared to the model. This is why the turbine pressure in the real 

plant increases more than is predicted during the day as the ambient temperature rises, which 

in turn causes most of the model mismatch in gross power output. The flow resistance 

1

1.1

1.2

1.3

1.4

1.5

0 2 4 6 8 10 12 14 16 18 20 22 24

Pr
es

su
re

 (b
ar

)

Time (hours)

Actual Turbine Outlet P

Model Turbine Outlet P



54 
 

impacts the model mismatch to a lesser degree, and can be refined by selecting an appropriate 

‘k’ value for the resistance, as per Equation 2-3. 

 

Figure 2-10. Condenser outlet temperature comparison plot.  

The accuracy of the condenser outlet temperature is determined by the condenser model. As 

mentioned in Section 2.5.2.3, the condenser is modelled with a constant UA value and 

subcooling is not present. It may be possible to improve the accuracy of the condenser outlet 

temperature by using heat transfer correlations to model how the UA value will change with 

different flow conditions. This would take into account both the flow conditions inside the 

tubes for the working fluid, for example accounting for the two-phase flow and potential 

subcooling, as well as outside the tubes for the air flow. Currently the air flow rate is 

modelled using Equation 2-3 with a fixed pressure drop and flow resistance. Modelling the 

performance of the fans with varying ambient temperature and pressure could also improve 

accuracy by getting a better estimate of air flow through the condenser. 

2.6.2 Impact of Vaporiser Modelling 
The vaporiser shell pressure influences the pressure drop through the turbine and also 

provides an indication of the working fluid mass flow rate. This is because the resistance to 

flow through the turbine will increase with an increased working fluid flow rate, resulting in a 

higher vaporiser pressure. Figure 2-11 shows there is good agreement between the model and 

real vaporiser pressures, with a deviation of 0.27 %, as shown in Table 2-3. The real 
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vaporiser shell pressure has a larger range than that predicted by the model. This indicates the 

real working fluid mass flow rate varied more than predicted. 

The vaporiser shell pressure prediction deviates from the real data between zero and four 

hours. The effect of this on the gross power output can be observed in Figure 2-7. The 

vaporiser shell pressure prediction also differs later in the twenty-four-hour period, and this 

also contributes to the inaccuracy of the power output prediction, along with the modelling of 

the air cooled condenser mentioned previously in this section. 

 

Figure 2-11. Vaporiser shell pressure comparison plot.  

The real vaporiser shell pressure begins to deviate from the model at around zero to four 

hours, which is before the ambient temperature begins to rise as part of the day-night cycle. 

Also, the mass flow rate of geothermal fluid did not change at this time, so the change in 

evaporation, and thus the heat transfer, that is implied by Figure 2-11 is not due to decreased 

mass flow of the geothermal heat source. The input brine temperature sensor also does not 

show a large change at this time. However, the outlet brine temperature from the vaporiser 

does show a sharp increase in temperature at around four hours, as shown in Figure 2-12. As 

can be seen in this Figure, the model does not predict the increase in temperature that did 

happen in the real plant. 
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Figure 2-12. Vaporiser brine tubes outlet temperature comparison plot. 

The mass flow rate of geothermal fluid and its input temperature did not change but the outlet 

temperature did. This indicates that the heat transfer coefficient suddenly decreased at around 

four hours, and this is the cause of the initial deviation of the vaporiser pressure from the 

model. Our assumption was that the vaporiser is typically operated with all tubes submerged, 

so (as mentioned in Section 2.5.2.1), the UA value of the vaporiser was assumed to be 

constant. However, it appears that this assumption is sufficiently incorrect to cause model 

mismatch.  

It should be noted that the liquid level in the vaporiser shell, shown in Figure 2-13, also 

changes around this time in response to an operator changing the set point on the vaporiser 

level controller. It is possible that this is the cause of the reduction in heat transfer coefficient 

that invalidated our assumption. There are two possibilities. The first is that the level was 

lowered to the point where some of the tubes were exposed to pentane vapour, resulting in 

both superheating as well as a decrease in the heat transfer coefficient. The second is that a 

decrease in the level could also cause a change in how the fluid circulated within the 

vaporiser shell, which has various baffles installed in an attempt to enhance mixing and heat 

transfer, and this change in flow patterns resulted in a decrease in the heat transfer 

coefficient.  
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Figure 2-13. Vaporiser shell liquid level comparison plot. 

In order for either of these possibilities to be true it must first be established that the change 

in level was the cause of the change in heat transfer coefficient, rather than the operator 

changing the level in response to this change. As can be seen in Figure 2-14, which shows a 

more detailed view of the plant data over this period, the changes in the two variables occur 

almost instantaneously. This seems to indicate the change in level is the cause of the change 

in vaporiser pressure, as the level set point is under manual control it is unlikely that the 

operator would have responded so quickly to changes in the vaporiser pressure. In addition, if 

the level does affect the heat transfer coefficient then you would expect the vaporiser pressure 

to react almost instantly, just like in Figure 2-14. 
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Figure 2-14. Comparison between vaporiser liquid level and vaporiser pressure. 

A further argument in favour of the change in level influencing the change in heat transfer 

coefficient for the vaporiser is the outlet temperature of the vaporiser, which is shown in 

Figure 2-15. If there were no superheating, as would be expected if the tubes containing the 

geothermal steam and brine were submerged in the boiling working fluid, then the outlet 

temperature of the working fluid from the vaporiser should be expected to drop with the 

vaporiser shell pressure. Yet data from the plant shows it increases, which shows there must 

be some superheating. The fact that it increases around the time we see the heat transfer 

coefficient and liquid level decrease indicates that the reduction in level caused some tubes to 

be exposed to pentane vapour, causing all the phenomena discussed above. This causes the 

initial mismatch in vaporiser shell pressure, from zero to four hours. 
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Figure 2-15. Vaporiser shell outlet temperature comparison plot.  

As determined by this analysis, the accuracy of the vaporiser shell pressure, and subsequently 

the accuracy of the gross power output can be improved by modifying the vaporiser model. 

This was already done in the fine-tuning, but the UA value was simply scaled by a constant 

value. Further improvements are possible if heat transfer correlations were used to determine 

the heat transfer coefficients for tubes that are submerged in boiling pentane, and coefficients 

for tubes that are exposed to pentane vapour. The total UA value would be a linear 

combination of these two heat transfer coefficients, with the contribution from each 

dependent on the liquid level. 

2.6.2.1 Analysis of Vaporiser Shell Dynamic Response 

The vaporiser shell liquid level is dependent on the liquid mass flow rate into the vaporiser 

shell as well as the evaporation rate. It is subject to PI control by manipulation of the control 

valve located after the pumps. Therefore, the model mismatch is zero, apart from when the 

controller set point was changed (or if there were any major disturbances, which did not 

occur during the period under examination). Examining Figure 2-13 shows a close agreement 

between the model and real plant outputs, with a reasonable match between the model and 

real plant even as the set point is changed. There are small differences upon a set point 

change, but these are of an extremely short duration. 
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2.7 Conclusions 
It can be concluded based on the above analysis that the model has a reasonable amount of 

accuracy, with an average difference of 0.24 % and standard deviation of 1.40 % for the 

power output prediction. Based on an interpretation of the model validation results we believe 

it may be improved primarily through more sophisticated modelling of the condenser and 

vaporiser. By using heat transfer correlations, the effect of changing conditions on the heat 

transfer coefficient in these two heat exchangers may be more accurately modelled, which 

should reduce the variation in the residual power output. For the condenser, more detailed 

modelling of the air flow rate should also improve accuracy. Once this has been addressed, 

refinements to the other model parameters can be made to reduce the residuals further. 

Fine-tuning of the UA values in the preheaters has shown that the accuracy of the power 

output prediction can be increased. This can be seen visually and can be quantified as the 

difference in the sum of the squared differences at each time point between the model output 

and real data, which were 347 MW² and 84.5 MW² for the initial model and the fine-tuned 

model respectively, a reduction of 76 %. 

Provided that an accurate model for a plant is available it can be used to test potential 

improvements to the control system configuration or the addition of new equipment at very 

low cost prior to implementing changes physically. It is hoped that these models will be 

useful as generic base models for an ORC plant which can be extended to approximate 

particular plants for the purposes of optimization and control system design. 
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3 Simulation of Set-point Feed-forward Control of Wellhead Valves 

in an Organic Rankine Cycle Geothermal Power Plant 
Authors: Matthew Proctor, Wei Yu & Brent Young 

Published in Asia-Pacific Journal of Chemical Engineering Volume 10, Issue 4, pages 501–

511, July/August 2015. 

3.1 Prologue 
After discovering the lack of significant dynamic behaviour in geothermal ORCs, different 

areas of the plant were examined where advanced process control could be applicable. 

Geothermal pipelines do exhibit dynamic behaviour due to their length, and so present one 

place where more sophisticated control may provide a benefit to the operation of the plant. 

The dynamic model of the plant was extended to include the geothermal pipelines, and a 

feed-forward controller was included to improve the response of the geothermal steam 

pressure upon a change to the geothermal flow rate. This controller did improve the response, 

but this had only a minor impact on the net power produced by the plant. However, it did 

reduce the amount of geothermal fluid emitted to the atmosphere, which may have some 

benefit to the sustainability of the reservoir. 

3.2 Abstract 
Organic Rankine cycles (ORCs) are an energy conversion technology particularly suitable for 

low enthalpy heat resources. In this paper the application of a different kind of feed-forward 

scheme called set-point feed-forward control to an organic Rankine cycle geothermal power 

plant is examined. The set-point feed-forward control scheme uses a set-point for a pressure 

controller in the plant to govern the position of valves located at the geothermal wellheads. It 

was tested using a dynamic model of an ORC geothermal plant, which shows an 

improvement in the time taken to reach steady state by a factor of 4-6. Testing the scheme 

with a simplified optimisation programme and disturbance in ambient temperature showed it 

reduced the emission of four tonnes of geothermal vapour to the atmosphere, which 

ultimately improves plant sustainability and profitability. 

3.3 Introduction 
The organic Rankine cycle (ORC) is a process for the generation of work from low 

temperature heat sources. It is identical to a regular steam Rankine cycle except for the 

working fluid, which is replaced by an organic compound, such as n-pentane which is used in 
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the model in this paper. ORCs have been used in a wide variety of industries (Schuster et al., 

2009; Tchanche et al., 2011; Vélez et al., 2012) with one of the key applications being in the 

use of low enthalpy geothermal resources, typically those with two phase or liquid flow. This 

paper explores the use of feed-forward control to improve the response time of the control 

loops governing the pressure of the geothermal fluid entering the ORC geothermal power 

plant. The ultimate aim is to use this scheme in combination with other improvements to the 

plant-wide control system to allow these plants to take advantage of changing conditions to 

produce more power. 

The basic process for an ORC plant is as follows: The working fluid is vaporised by a heat 

source in a vaporiser. It is then expanded, generating mechanical work. The fluid is then 

condensed and finally passed to a pump where it is compressed back to high pressure before 

returning to the vaporiser.  

In the plant modelled in this paper, the expansion is performed in a turbine. In addition, there 

are more heat exchangers that provide preheating and other heat exchangers that act as 

recuperators, which transfer energy from the vapour just prior to the condensers with the 

liquid just after it leaves the pumps. The condenser is a fin fan cooler which uses air to 

remove heat from the cycle. Geothermal fluid is used in the vaporiser and preheaters to 

transfer heat into the cycle. The layout of the process is shown in Figure 3-1. There are slight 

differences between the diagram and the real process. The real plant has multiple pumps 

running in parallel and two sets of turbines and recuperators, also running in parallel. In 

Figure 3-1 red lines indicate flow of geothermal fluid, blue lines show air and black lines the 

working fluid. 

Examination of the literature revealed existing work on the control of ORCs. The paper by 

(Quoilin et al., 2011) proposed a dynamic model of a waste heat recovery ORC with a scroll 

expander where the control system used two PID controllers to regulate the plant. Multiple 

papers by a research group at the State Key Laboratory of Alternate Electrical Power System 

with Renewable Energy Sources, North China Electric Power University, Beijing, China 

examined the use of multivariable control on waste heat recovery ORCs.(Zhang, Zhou, Gao, 

& Hou, 2012; Zhang et al., 2012; Zhang et al., 2013) Additional papers were found on the 

control of small scale steam Rankine cycles for waste heat recovery in automotive 

applications.(Peralez, Tona, Sciarretta, Dufour, & Nadri, 2012; Tona, Peralez, & Sciarretta, 

2012) Both of these papers applied PI controllers to a simulation of a small scale steam 



63 

Rankine cycle for recovery of heat from combustion engines. Due to the nature of the waste 

heat applications these papers focused on the regulation of the rapid fluctuations that are 

present in these processes.  

Figure 3-1. Layout of the ORC geothermal power plant. 

Other papers focused on the control of geothermal ORCs. The papers by (Ghasemi et al., 

2012; Toffolo et al., 2012) looked at finding the optimal operating point of geothermal ORC 

plants. Another paper was found by (Casella, 2004) that looks at the control of a steam cycle 

geothermal power station, including transient behaviour. The novelty of this paper is that it 

focusses on the transient control of ORCs, as in the waste heat papers, but for geothermal 

ORC plants. In addition, it looks at the control of the geothermal heat source supplied to the 

plant, specifically how feed-forward could be used to improve the response. Air-cooled ORC 

geothermal plants such as the one modelled in this paper are exposed to changes in the 

ambient condition that affects their efficiency. Colder temperatures result in a lower back-end 

pressure on the turbine that improves power output. Geothermal plants are typically operated 

at a steady state to provide base load power to the electricity grid. However, these 

fluctuations in ambient temperature offer the opportunity for more variable operation of these 

plants to produce more power and potentially increase profitability. In order to achieve this, 

we need to be confident that the geothermal fluid supply can be quickly changed to meet 
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varying demand by the plant. The feed-forward approach investigated in this paper could 

provide part of the solution to improving the performance of the plant-wide control system to 

achieve this. 

The problem faced by a geothermal ORC that seeks to vary its output in response to 

fluctuations in ambient temperature is that it will need to suddenly change the flow rate of 

geothermal fluid into the plant in order to do so. However, quickly increasing the geothermal 

fluid flow rate will result in the steam pressure being depleted until the wellhead valves can 

be opened to restore it.  

The feedback control system for the geothermal fluid is shown in Figure 3-2. In this diagram 

the geothermal fluid is shown in red and the working fluid is shown in black. The pressure 

controller measures the pressure at the main geothermal separator and this is cascaded to a 

flow controller that manipulates the wellhead valve position. The flow of the geothermal fluid 

is set by the non-condensable gas (NCG) valve, which is set by the vaporiser working fluid 

pressure controller.  

 

Figure 3-2. Diagram showing the feedback control system for the geothermal fluid. 

With the feedback controller that is currently used in ORC plants there is a delay in the 

opening of the wellhead valves caused by the several kilometres of piping used to carry the 

geothermal fluid from the wells to the plant. The effect of this delay is the increased emission 

of the vapour component of the geothermal fluid into the air. Some of this vapour is actually 

condensables which can then no longer be reinjected into the reservoir, which impacts the 

sustainability of the plant. In addition, there may be statutory limits on the amount and rate of 

emissions permitted to the atmosphere as the vapour component will contain species such as 

carbon dioxide and hydrogen sulphide. The limitations of a purely feedback based control 

scheme will therefore constrain how quickly a geothermal ORC can be varied.  
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One solution to this problem is the introduction of feed-forward control on the plant wellhead 

valves. The approach is to focus on disturbances to the plant that would cause a change in the 

amount of heat (and thus geothermal fluid) required. This is unconventional compared to 

most applications of feed-forward which would focus on disturbances to the geothermal fluid 

itself.  

In the proposed scheme, the set-point of the vaporiser working fluid pressure controller is 

used as the feed-forward variable, which is passed to a feed-forward controller that calculates 

the flow required to maintain the geothermal fluid pressure. The feedback pressure controller 

from the separator is retained to correct for disturbances not captured by the feed-forward 

controller. 

Figure 3-3. Diagram showing the feed-forward controller and associated control loops. 

In order to optimise a geothermal ORC to take advantage of fluctuations in ambient 

temperature (or other factors such as the spot price of electricity) an optimisation programme 

would run on top of the regulatory control system. In order to optimise the plant, it would 

adjust the set-points of these controllers. The set-point that corresponds with the demand for 

geothermal fluid is the vaporiser pressure set-point. This paper proposes a different type of 

feed-forward scheme: “set-point feed-forward”, where the set-point of the vaporiser is used in 

a feed-forward algorithm instead of a disturbance variable. The feed-forward algorithm still 

responds to process disturbances, such as the ambient temperature, because the optimisation 

programme updates the vaporiser set-point in response to those disturbances. 

3.4 Method 
The feed-forward control scheme was implemented in a dynamic model of an existing ORC 

geothermal power plant. The operating point of the model was changed from the true 

operating point of the real plant in order to protect commercially sensitive information but is 
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approximately correct and the subsequent behaviour of the dynamic model adheres 

qualitatively to what would be expected from the real plant. 

3.4.1 Construction of Plant Model 
The dynamic plant model was created in VMGSim, a commercial process simulator, and a 

diagram showing its topology is shown in Figure 3-4. The simulator contains individual unit 

operations such as heat exchangers, pumps and turbines that can be connected together to 

form the model of the real plant. These units require additional parameters in order to solve 

the model, such as heat transfer coefficients for the heat exchangers and performance curves 

for the pumps. This information was obtained from the plant operator and the plant drawings 

and entered into the model. 

Some unit operations are not provided as part of the simulator and must be approximated 

with existing unit operations. For example, the vaporiser in the real plant is a shell and tube 

heat exchanger with two sets of tubes running through the same shell. In this model this heat 

exchanger was modelled by using two coolers that transfer heat out of the steam and brine 

streams and one heater that transfers heat into the working fluid stream. The calculation of 

the amount of heat and the heat balance across these three units is done externally in Excel 

and imported into the simulator at each time step as the model solves. 

This dynamic model has been partially validated in (Proctor, Yu, & Young, 2013) which 

demonstrated that it approximates the real plant. Preliminary research, discussed in the 

previous paper, with twenty-four hours of plant data has also demonstrated it is reasonably 

accurate. 
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Figure 3-4. The ORC plant dynamic model. 

In addition to the base model, the pipeline network leading from the geothermal wells to the 

plant has been created based off design data for the pipelines provided by the plant operator. 
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The pipeline network stretches over several kilometres and the delay caused by this is the 

reason why feed-forward is applicable to this system. This part of the model has not been 

validated against real plant data, however the pipe unit operations are provided as part of the 

simulator and demonstrate correct behaviour, following the Lockhart-Martinelli correlation 

for two-phase pressure drop, and the intention of this work is to provide insight into whether 

feed-forward control of the wellhead valves is effective for comparable ORC plants in 

general, not to model this plant specifically. 

Figure 3-5. The pipeline network model. 

Figure 3-5 shows the pipeline network model. It consists of several pipe segments of known 

length and diameter as well as a number of valves, controllers and one separator. This 

separator does not exist in the real plant, but is used in the model to approximate a “tap” on 

the pipeline. There are two geothermal power plants that take fluid from this network, and 

some fluid is extracted at this point and sent to the other plant. This is done by having a tap at 

the top and bottom of the pipeline so varying amounts of steam and brine can be delivered. 

This situation cannot be modelled in VMGSim and so is approximated here by the separator 

and the particular topology of the flow network between S6 and S17. Two controllers (CN1 
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and CN2) govern the control valves (V3 and V4) to extract a set amount of liquid and vapour 

to maintain a set vapour to liquid ratio. The separator is small in comparison to the volume of 

the pipeline and so should not affect the dynamics of this system. The other four controllers 

(CN3 – CN6) are part of the feed-forward controller and associated control loops discussed 

below. 

There are three flow controllers that manipulate the three wellhead valves directly. In Figure 

3-2 and Figure 3-3 they are represented by a single controller, but in the model’s control 

system they are set up in such a way to maintain a constant ratio between the flow rates 

coming from each well. This assumption is not necessary in operating the real plant but was 

taken to simplify the creation of this control system. This simplification was done because the 

aim of this model is to demonstrate the effectiveness of applying feed-forward, not to 

optimise the pipeline network. 

All of the feedback controllers (with and without feed-forward control) were tuned with the 

ATV method by using a built-in VMGSim function that provided controller gains and 

integral time values, derivative time values were set to zero. 

3.4.2 Feed-forward Controller Synthesis 
The transfer function block diagram of the part of the plant under investigation is shown in 

Figure 3-6. The feedback controllers (gc1, gc2, gc3) are the vaporiser pressure, geothermal 

pressure and geothermal flow controllers (all three represented as one block) respectively. 

Blocks with a symbol gPx,y represent the process describing the change in the output y as a 

result in the output of controller x. The outputs 1, 2 and 3 are the vaporiser shell pressure, 

geothermal fluid pressure and geothermal mass flow rate respectively.  
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Figure 3-6. Transfer function block diagram of the process with feed forward. 

The purpose of the feed-forward controller (gff) is to counteract the effect of changing the 

vaporiser shell pressure set-point (SP1) on the geothermal fluid pressure. The feed-forward 

controller manipulates the input to gc3 in order to do this. If we treat control loops 2 and 3 as 

open loop, we can derive a transfer function for gff. We keep control loop 1 in closed loop, 

which means the effect of SP1 on the geothermal pressure can be described by this 

expression: 

𝑔𝑔𝑐𝑐1𝑔𝑔𝑝𝑝1,2 �1−
𝑔𝑔𝑐𝑐1𝑔𝑔𝑝𝑝1,1

1 + 𝑔𝑔𝑐𝑐1𝑔𝑔𝑝𝑝1,1
� Equation 3-1 

 

We can make a further approximation by assuming the effect of the feedback in controller 1 

is negligible, which will subsequently make it much easier to determine a suitable feed 

forward transfer function via the model. The effect of the feed-forward controller on the 

geothermal fluid pressure can be described by the product of the transfer functions gff, gc3 and 

gp3,2. This results in the following equation: 

𝑔𝑔𝑓𝑓𝑓𝑓𝑔𝑔𝑐𝑐3𝑔𝑔𝑝𝑝3,2 = −𝑔𝑔𝑐𝑐1𝑔𝑔𝑝𝑝1,2 Equation 3-2 

 

Which can be rearranged to obtain the approximated transfer function of the feed-forward 

controller: 

𝑔𝑔𝑓𝑓𝑓𝑓 = −
𝑔𝑔𝑐𝑐1𝑔𝑔𝑝𝑝1,2

𝑔𝑔𝑐𝑐3𝑔𝑔𝑝𝑝3,2
 Equation 3-3 
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3.4.3 First Order Approximation of Transfer Functions 
The combined transfer functions gc3gp3,2 and gc1gp1,2 must be identified to obtain the feed-

forward controller. Using the VMGSim model, a step change of 10 kPa was made in the input 

of SP1, while operating controllers 2 and 3 in open loop. Examination of the response in the 

geothermal pressure revealed that there was no dead-time, and the response was very similar 

to a first order process. Using MATLAB/Simulink, the gain and time constant of a first order 

process were fitted to the output of the VMGSim model using least squares optimisation. The 

VMGSim and transfer function outputs are shown in Figure 3-7. This transfer function 

approximates gc1gp1,2. 

 

Figure 3-7. A comparison between the outputs of the VMGSim model and the first order transfer 

function approximation for a step change in the vaporiser shell pressure set-point. 

Similarly, a step change of 19.2 t/h was made to the set-point of controller 3, which is 

typically operated via the output of controller 2 in a cascade structure. Controllers 1 and 2 

were operated in open loop. No dead-time was observed and a first order transfer function 

was used to approximate the process, by using least squares optimisation of the gain and time 

constant in MATLAB/Simulink. A comparison between the VMGSim model and transfer 

function outputs is shown in Figure 3-8. The resulting transfer function represents gc3gp3,2. 
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Figure 3-8. A comparison between the outputs of the VMGSim model and the first order transfer 

function approximation for a step change in the geothermal mass flow rate set-point. 

Using the results, it is now possible to express the transfer function of the feed-forward 

controller. If two first-order processes with no dead-time are used, the feed-forward controller 

must have the form of a lead compensator: 

𝑔𝑔𝑓𝑓𝑓𝑓 = −
𝐾𝐾1
𝐾𝐾2

𝜏𝜏2𝑠𝑠+ 1
𝜏𝜏1𝑠𝑠+ 1 Equation 3-4 

 

Where K is the gain and τ is the time constant. Process 1 is gc1gp1,2, with K1 = -1.34 and τ1 = 

445 s, and process 2 is gc3gp3,2 with K2 = 0.00239 and τ2 = 683 s. Therefore, the feed-forward 

controller can be represented by the transfer function: 

𝑔𝑔𝑓𝑓𝑓𝑓 = −
−1.34

0.00239
683𝑠𝑠+ 1
445𝑠𝑠+ 1 Equation 3-5 

3.4.4 Comparison of Static and Dynamic Feed-forward Controllers 
An alternative, simpler feed-forward controller would not attempt to take the process 

dynamics into account, simply multiplying its input signal by a fixed gain, in the case of the 

controller above this can be represented by: 

𝑔𝑔𝑓𝑓𝑓𝑓 = −
−1.34

0.00239 = 560 Equation 3-6 

 

The two feed-forward controllers were tested in VMGSim, but the simulator does not have 

support for lead compensators. Instead, the output of the feed-forward controller was created 
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in MATLAB/Simulink for the intended set-point change and the output was imported into 

VMGSim. 

Three set-point changes were tested from a start point of 2000 kPa: -10 kPa, -20 kPa and -50 

kPa. The results are displayed in Figure 3-9 through Figure 3-11. 

Figure 3-9. The response of the dynamic and static feed-forward controllers for a vaporiser shell pressure 

set-point change from 2000 kPa to 1990 kPa (-10 kPa). 

Figure 3-10. The response of the dynamic and static feed-forward controllers for a vaporiser shell 

pressure set-point change from 2000 kPa to 1980 kPa (-20 kPa). 

Time (s) 

Time (s) 
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Figure 3-11. The response of the dynamic and static feed-forward controllers for a vaporiser shell 

pressure set-point change from 2000 kPa to 1990 kPa (-50 kPa). 

3.4.5 Static Feed-forward Controller 
As can be seen, the difference between the two controllers is trivial, on the order of a tenth of 

a kilopascal. As a result, the feed-forward controller was simplified to a static algorithm. This 

allowed the feed-forward controller to be directly implemented in the VMGSim model, and 

avoided the complexity involved with converting between absolute and deviation variables 

that was necessary when switching between the VMGSim and transfer function models. This 

also permitted the testing of the feed-forward controller at various starting vaporiser shell 

pressure set-points, which is useful for testing the effect of process nonlinearity on the 

effectiveness of the feed-forward controller. 

As a result, the feed-forward controller operates on a static linear algorithm, as shown in 

Figure 3-12. The vaporiser pressure controller set-point is multiplied by a constant value; 

another constant is then added to obtain the total geothermal flow rate. The linear algorithm 

was created based on a series of measurements of the required steady state flow rates for 

various vaporiser shell pressure set-point changes from different initial vaporiser pressures in 

the intended operating zone between 1900-2000 kPa. A linear model was then fitted to the 

measurements to find the parameters needed for the feed-forward controller.  

It is notable that the average gain obtained over the entire operating period is 755 rather than 

the 560 obtained by the original transfer function approximations. This could be caused by 

the presence of some nonlinearity in the VMGSim model depending on the initial vaporiser 

shell pressure and size of the set-point change. However, considering the original derivation 

Time (s) 
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of the transfer function for the feed-forward controller also assumed the effect of feedback in 

control loop 1 was negligible, we cannot be certain that this was not the cause of this 

discrepancy.  

The value of 736,000 which is subtracted from the result was not found via the transfer 

function models. It is the constant required to convert between the deviation variables of the 

transfer function models and the absolute variables used in VMGSim. It was obtained when 

the linear model was fitted to the measurements mentioned above. 

 

Figure 3-12. The linear, static feed-forward algorithm. 

3.4.6 Testing of the Feed-Forward Control Scheme 

3.4.6.1 Standalone Testing 

The feed-forward control scheme was tested by running a series of simulations where the set-

point of the vaporiser shell pressure controller was changed and the subsequent response of 

the geothermal fluid inlet pressure measured until the system returned to a steady state. 

Simulations were performed for the system with and without the feed-forward controller.  

The control system without the feed-forward controller was set up as shown in Figure 3-2. As 

can be seen all other controllers were still in place and the ratio between the flow rates from 

each well were still held at constant values. 

Changes in the set-point of the vaporiser pressure controller were tested at two different 

vaporiser pressures, 1980 kPa and 1910 kPa, in order to test for the effect of non-linearity on 

the effectiveness of feed-forward. Both of these pressures were tested with a step change of 

10 kPa up and down, also to account for the potential effect of non-linearity on the feed-

forward performance. Another two simulations were run with a pressure of 1950 kPa, and 

with step changes of +/- 50 kPa. 

3.4.6.2 Testing in Conjunction with a Simplified Optimisation Programme 

A full optimisation programme for an ORC geothermal plant would modify the set-points of 

the decentralised PID controllers comprising the plant-wide regulatory control system in 



76 
 

response to changes in the plant such as disturbances, heat exchanger fouling, electricity 

market spot price, turbine efficiency, etc. It would do this by maximising an objective 

function, for example profit. This objective function would be constrained by the statutory 

limits placed by regulators on plant operation. It is reasonable to expect constraints on the 

total amount of fluid the plant is permitted to extract from the reservoir (for example, on a 

monthly basis), as well as the amount of non-condensable gas the plant is permitted to vent to 

the atmosphere. This is because the regulators will be concerned with maintaining the 

reservoir condition, and also the release of toxic gas (such as hydrogen sulphide) to the 

atmosphere. 

The feed-forward controller is capable of interacting with any optimisation programme that 

modifies the set-point of the vaporiser pressure controller in response to disturbances. It is 

outside the scope of this paper to provide a full optimisation programme for a geothermal 

ORC plant. Instead, a simplified optimisation programme was constructed that varies the 

vaporiser pressure set-point in response to changes in the ambient temperature. It is 

reasonable to expect the more sophisticated optimisation programme described in the 

previous paragraph to qualitatively act in the same way, as it would seek to use more of its 

monthly geothermal quota at lower ambient temperatures to generate more electricity and 

produce more profit This captures the essence of the interaction between any optimisation 

programme and the feed-forward controller and so allows the response of the feed-forward 

controller to a process disturbance to be examined. 

The scenario that was examined is a sudden decrease in the ambient temperature from 25 °C 

to 15 °C. With our simplified optimisation scheme the vaporiser set-point is directed to 

increase from 1900 kPa to 2000 kPa. The response of the following variables was recorded 

for both with and without feed-forward control: net power output, vaporiser pressure, 

geothermal inlet pressure, geothermal total mass flow rate and non-condensable gas vent 

mass flow rate.  

3.5 Results and Discussion  
The results showing a comparison between the control system with and without feed-forward 

from the vaporiser pressure set-point is shown in Table 3-1. The first column indicates the 

starting vaporiser pressure set-point and the magnitude and direction in which it was changed. 

The second column shows how long the geothermal fluid inlet pressure took to return to 

within 1 kPa of its set-point with no feed-forward control added, and the third column shows 
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the result with feed-forward. 1 kPa was chosen as a threshold to represent the system 

returning to steady state, but a more in depth understanding can be gained by reviewing the 

plots of geothermal fluid inlet pressure shown later in this section. 

Table 3-1. The amount of time taken for the geothermal inlet pressure to reach within 1 kPa of the set-

point. 

Vaporiser P Set-point Change Without Feed-forward (s) With Feed-forward (s) 

1980+10 kPa 416 78 

1980-10 kPa 416 68 

1910+10 kPa 335 78 

1910-10 kPa 329 74 

1950+50 kPa 740 136 

1950-50 kPa 686 109 

 

As can be seen there is an improvement by a factor of between four and six in the time taken 

for the geothermal fluid inlet pressure to come reasonably close to steady state. It can also be 

seen that the effect of non-linearity (or possibly, for feed-forward, the effect of ignoring 

feedback in control loop 1) exists but is not large. This is also shown in the larger oscillations 

in the negative step responses in Figures 3-14, 3-16 and 3-18; this effect exists but is small 

and does not have a significant impact on the time taken to reach steady state regardless of 

whether feed-forward control is used or not. 

The change in geothermal fluid inlet pressure over time is plotted in Figure 3-13 through 

Figure 3-18 for the 1980+/-10 kPa, 1910+/-10 kPa and 1950+/-50 kPa step changes in the 

vaporiser pressure control set-point. These plots demonstrate the effectiveness of the feed-

forward control scheme in improving the response time of the geothermal inlet pressure. Note 

that for these plots, the blue line represents the response of the geothermal inlet pressure with 

no feed-forward control and the red, dashed line with feed-forward control. 
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Figure 3-13. The change in geothermal inlet pressure with time for the 1980+10 kPa change in vaporiser 

pressure set-point.  

 

Figure 3-14. The change in geothermal inlet pressure with time for the 1980-10 kPa change in vaporiser 

pressure set-point.  
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Figure 3-15. The change in geothermal inlet pressure with time for the 1910+10 kPa change in vaporiser 

pressure set-point.  

 

Figure 3-16. The change in geothermal inlet pressure with time for the 1910-10 kPa change in vaporiser 

pressure set-point.  
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Figure 3-17. The change in geothermal inlet pressure with time for the 1950+50 kPa change in vaporiser 

pressure set-point.  

 

Figure 3-18. The change in geothermal inlet pressure with time for the 1950-50 kPa change in vaporiser 

pressure set-point.  

3.6 Implications for Plant-wide Control System 
The results above have established the effectiveness of the feed-forward controller on 

returning the geothermal fluid inlet pressure to its set-point more rapidly than with just 

feedback control. The results of the testing done with the simplified optimisation programme 

show how this benefits the operation of the plant in the face of a disturbance in ambient 

temperature. 

The scenario examined was a sudden decrease in the ambient temperature from 25 °C to  

15 °C. This situation could arise due to rapidly fluctuating weather conditions. While a full 
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optimisation programme has not been developed in this paper, it is reasonable to believe that 

it would seek to increase the vaporiser pressure set-point in order to produce more electricity, 

taking advantage of the temporary increase in plant efficiency brought about by the lower 

ambient temperature. As such, a simplified optimisation programme was introduced which 

links the ambient temperature to the vaporiser pressure set-point and so the vaporiser set-

point was moved as a result of the ambient temperature change from 1900 kPa to 2000 kPa. 

The difference in net power output between feed-forward and no feed-forward for the 

particular disturbance being examined is 2 kWh. This is insubstantial, but is to be expected 

because the vaporiser pressure controller is able to restore the shell-side pressure in a similar 

time frame for both with and without feed-forward control. However, in order to do this the 

vaporiser pressure controller must open the non-condensable gas vent valve (NCG valve), 

and it opens it more when the geothermal inlet pressure is lower. This results in increased 

mass flow through the NCG valve to the atmosphere. In addition, the lower geothermal inlet 

pressure results in more of the total flow entering the vapour phase and being ultimately 

vented to the atmosphere.  

 

Figure 3-19. The mass flow rate vented to the atmosphere in the disturbance scenario for both with and 

without feed-forward control. 

As with the previous plots, in Figure 3-19 the blue line represents the result without feed-

forward control and the red dashed line with feed-forward. It can be seen that the mass flow 

rate for both with and without feed-forward peaks when the disturbance impacts the plant 

when t = 100 s. This is due to the lowering of geothermal fluid inlet pressure, caused by the 

opening of the NCG valve, resulting in the flashing of some of the liquid geothermal fluid 
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stored in the separator. Once this vapour has been vented to the atmosphere the mass flow 

rate drops. This is where the scenario differs depending on whether feed-forward control is 

implemented. With feed-forward, since the wellhead valves have been directed to open by an 

appropriate amount by the feed-forward controller, the geothermal inlet pressure is quickly 

restored to its set-point and the process reaches steady state within approximately 180 s. 

Without feed-forward the dynamic response of the feed-back controller alone is much slower. 

The geothermal inlet pressure slowly increases to its set-point, as illustrated in the plots for 

standalone testing in the previous section. Due to the lower pressure more of the geothermal 

fluid will enter the vapour phase and be vented to the atmosphere, as is shown in Figure 3-19. 

The difference in the area under the curve between the scenario with and without feed-

forward shows an additional four tonnes of geothermal fluid will be vented to the atmosphere 

if the feed-forward controller is not present. This is a sustainability issue as this fluid can no 

longer be reinjected into the reservoir. In addition, there may be statutory limits on the 

amount that is permitted to be vented to the atmosphere over a particular time frame. It’s 

possible that such a limit would forbid the emissions we see for the plant without feed-

forward, which means that the ability of an optimisation programme to respond to quick 

changes in ambient temperature is constrained. Implementing a feed-forward controller as 

described in this paper would give such a plant more versatility and thus improve its 

profitability. 

3.7 Conclusions  
Feed-forward control on the geothermal fluid pressure does improve the response time of the 

controllers governing the flow of geothermal fluid into the plant. The model tested in this 

paper showed an improvement by a factor of four to six depending on the vaporiser shell 

pressure and the magnitude by which it was changed. Furthermore, when tested with an 

example optimisation programme the feed-forward controller prevents the emission 

substantial amounts of geothermal fluid to the atmosphere. For the example tested there was a 

reduction in four tonnes of geothermal fluid emitted to the atmosphere as a result of 

implementing the feed-forward control scheme. This has a direct impact on the sustainability 

of a geothermal ORC plant and depending on statutory emission limits could give a plant the 

ability to make more rapid changes to the vaporiser set point, which would have a direct 

impact on its profitability. 
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Geothermal power stations are often considered purely “base load”. This view could mean 

that these plants are not being used to their full potential. Although the economics of the 

process mean that these plants will not be used purely as “peaking” plants which address 

short periods of high demand, there could be scope for more variability in their operation than 

is currently assumed. This work, together with further refinements to the control system will 

improve our understanding of how much these plants can be varied in order to maximise 

power production.  
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4 Optimisation of a Fin Fan Condenser in a Geothermal ORC Plant 
Authors: Matthew Proctor, Wei Yu, Brent Young & Robert Kirkpatrick 

Published in the Proceedings of the 36th New Zealand Geothermal Workshop 

4.1 Prologue 
The following paper is an initial investigation into the optimisation of geothermal ORCs 

when considering the range of disturbances they are subject to. A heuristic method is used to 

size the air cooled condenser which is based on the 95th percentile of the air temperature 

range. In addition, the evaluation of the payback period for different condenser sizes was 

performed using a weighted average of the revenue derived from the condenser across the air 

temperature range and weighted by the air temperature probability distribution. The results 

show that there is merit in considering the range of the plant disturbances, not just their 

average. 

4.2 Abstract 
A case study is performed on the fin fan condenser of one organic Rankine cycle (ORC) unit 

at the Ngawha Geothermal Power Station, Northland, to optimise the number of fans to 

maximise the economics of the ORC while maintaining safe operation. 

A practical method is shown where first, key parameters of the fin fan condenser are 

identified followed by the use of these parameters in a plant model to predict the effect of 

varying the number of fans and condenser area on the power output of the entire ORC. The 

number of fans is determined using a heuristic that accounts for the trade-off between capital 

cost and revenue as well as safety issues that arise as a result of increasing the condenser 

duty. Finally, the economics of investing in additional condenser equipment is evaluated by 

calculating the payback period. This involves calculating the increased revenue compared to 

existing operation, taking into account real air temperature data for the plant, and estimating 

the capital cost of the additional equipment. 

4.3 Introduction 
The organic Rankine cycle (ORC) is a heat recovery technology that is particularly applicable 

to low temperature heat resources, such as geothermal (Ghasemi et al., 2012; Hettiarachchi et 

al., 2007; Sohel et al., 2011).  



85 
 

A simplified ORC is shown in Figure 4-1. A working fluid is pumped to high pressure and 

vaporised by a heat source. It is then expanded, generating work, and condensed to a liquid to 

complete the cycle. The condenser of an ORC has a significant impact on the process 

operation as it determines the outlet pressure of the expander and thus has a substantial 

influence on its power output. 

 

Figure 4-1. The basic organic Rankine cycle. 

In this paper, the condenser of one of the ORC units at the Ngawha Geothermal Power 

Station will be used as a case study to determine what kind of improvements could be found 

by increasing the exchanger area and the number of fans. The condenser at Ngawha is air-

cooled and so the amount of heat it can extract from the cycle is dependent on the air 

temperature, which varies from day to night and over the course of the year. 

The rest of this paper is structured as follows: First some background on the plant and the 

model used to optimise the condenser is given. This is followed by the methodology used in 

this study. Finally, the results are presented and the conclusions of the study are stated. 

4.4 Background 
The ORC under investigation is located at the Ngawha Geothermal Power Station in 

Northland. It uses n-pentane as its working fluid and generates around 17 MW. The 

condenser has 45 fans and was originally designed using an inlet air temperature of 15 °C. 

The premise of this paper is that, based on the range of air temperatures the plant is exposed 

to, the condenser is undersized and the plant performance could be improved by increasing 

the number of fans and the surface area. 

The effect of increasing the number of fans is to increase the air flow through the condenser, 

and to increase the surface area available for heat transfer since new tube bundles will also be 
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added along with the additional fans. These changes will result in the cycle operating at a 

different set of process conditions, and this can be predicted by using a plant model. 

A dynamic model of the Ngawha plant has been created, and has also been validated against 

twenty-four hours of real plant data, as discussed in the first paper in this thesis. The results 

of the validation show that the model is reasonably accurate, and so can be used to optimise 

the condenser. The model was constructed in VMGSim, a commercial process simulator, 

using design data and geometric data provided by the plant operators. A screenshot of the 

model is shown in Figure 4-2. 
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Figure 4-2. Layout of the plant model, from VMGSim. 

Fin-fan condensers are a type of heat exchanger that uses air driven by fans to cool a process 

stream. They consist of tube banks through which the process fluid will flow. The tubes have 

fins attached to their surface in order to increase the area available for heat transfer. Fans will 
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be located either below (forced draft) or above (induced draft) the tubes and will create the air 

flow needed to cool the process fluid. At Ngawha induced draft is used. 

4.5 Method 
An outline of the method is as follows: 

1. Estimate air temperature rise in fin fan condenser. 

2. Using a plant model, determine net power and condenser pressure for a range of air 

inlet temperatures and number of condenser fans. 

3. Find optimal number of condenser fans. 

4. Calculate economic viability. 

4.5.1 Air Temperature Rise 
The design air temperature rise is unknown and must be determined in order to substitute the 

condenser overall heat transfer coefficient into the plant model. 

The method used to determine the air temperature rise is outlined as follows: 

1. Assume a condenser air temperature outlet. 

2. Calculate the log mean temperature difference (LMTD). 

3. Calculate the heat duty required from the plant design working fluid flow rate, and the 

heat of vaporisation of n-pentane. 

4. Calculate the condenser overall heat transfer coefficient (U), the condenser’s outside 

(finned) area is known. 

5. Calculate the air inlet volumetric flow rate from the heat balance and air density. 

6. Calculate the inlet air velocity, the inlet area is known. 

7. Calculate the kinetic energy imparted to the air flowing through the condenser and 

compare with the fan design power. 

8. Select an air outlet temperature that gives a reasonable estimate of the fan design 

power. 

9. Calculate the air temperature rise. 

4.5.2 Net Power and Condenser Pressure 
Values for net power and condenser pressure over a range of inlet air temperatures and 

number of fans were determined by using a validated dynamic model of the Ngawha plant.  

Air inlet temperatures of 8 °C, 15 °C, 21 °C and 25 °C and numbers of fans ranging from 45 

to 100 were used in the model to calculate the results. The number of fans was increased in 
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units of five until the maximum net power was reached, and then one or two more data points 

were calculated in order to confirm the maximum net power for a given inlet temperature. 

Net power was calculated by subtracting the parasitic load of the condenser fans from the 

gross power reported by the plant model. The parasitic load for each fan was assumed 

constant, and was taken from the design value. This was used to find the parasitic load for the 

plant for different numbers of fans. The power required by the circulation pump for the 

working fluid is not taken into consideration because its power use remains at a relatively 

constant value in comparison to changes in gross power or the parasitic load of the fans. 

The area of the condenser was increased from the original area by assuming a constant 

amount of area would be added for every additional fan. This was multiplied by a constant U 

value to determine the UA of the condenser for different numbers of fans. This U value is the 

one calculated in the previous step by assuming an appropriate air temperature rise. It is 

assumed to remain constant regardless of the flow on either side of the heat exchanger; 

validation of the model with plant data has shown this to be a reasonable assumption. 

The air flow for different air inlet temperatures was calculated by assuming the value of ρv² 

(the air density multiplied by the square of the inlet velocity) would remain constant. The air 

density was calculated for the different air inlet temperatures and so the inlet velocity and 

thus the air volumetric flow rate were found. 

The inputs to the model were the condenser UA, air inlet temperature and the air inlet 

volumetric flow rate. Using these values, the gross power output and condenser pressure were 

returned by the model. The gross power output was subtracted by the parasitic load to find 

the net power output. 

4.5.3 Number of Condenser Fans 
The number of condenser fans was found by using the following heuristic: select the number 

of fans that returns a condenser pressure of one atmosphere at the 95 % air inlet temperature. 

Assuming the 95 % temperature is a commonly accepted design basis for air cooled heat 

exchangers. 

This heuristic balances the increased net power created by adding more fans with the capital 

cost and also the safety issues created by operating at vacuum pressures. This will be 

discussed further in the results section. 
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4.5.4 Economic Viability 
The economic viability of the selected number of fans was assessed by calculating the 

payback period for the investment in the additional fans: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑐𝑐𝑘𝑘 (𝑃𝑃𝑦𝑦𝑃𝑃𝑦𝑦𝑠𝑠) =  
𝐶𝐶𝑃𝑃𝑝𝑝𝐶𝐶𝐶𝐶𝑃𝑃𝐶𝐶 𝐶𝐶𝐶𝐶𝑠𝑠𝐶𝐶
𝑅𝑅𝑦𝑦𝑅𝑅𝑦𝑦𝑅𝑅𝑅𝑅𝑦𝑦 (𝑝𝑝.𝑃𝑃. )

 Equation 4-1 

Payback was calculated at the number of fans indicated by the heuristic as well as ten more 

fans and ten less fans, in order to get some idea of the sensitivity of the economics to the 

number of fans, and the effectiveness of the heuristic 

The capital cost per fan was estimated to be $50,000 NZD, after discussions with the plant 

operator. This value includes everything associated with the fan, such as the tube bundle, 

motor, etc. 

The revenue was calculated using a price per MWh of $70, which was decided after 

examining the prices given at the website www.em6live.co.nz, which provides electricity 

market information. The net power increase compared to the existing condenser was 

calculated at the four air inlet temperatures that were tested with the model. The revenue per 

annum if the air temperature were held constant was calculated, and then plotted against inlet 

air temperature. A logarithmic curve was then fitted to these results. This curve gives the 

relationship between revenue per annum and inlet air temperature. 

Air temperature data for the Ngawha plant was used to determine the frequency at which 

each air temperature is present. The average of this distribution is 14.2 °C and the standard 

deviation is 3.7 °C. The results are shown in Figure 4-3. 

 

Figure 4-3. Histogram of the air temperature range at the plant. 
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The revenue per annum at each air temperature in the distribution (calculated from the 

logarithmic fitted curve) was multiplied by the relative frequency to calculate overall revenue 

per annum for each given number of fans. 

4.6 Results and Analysis 
Table 4-1. The results of the air temperature analysis. 

Variable Unit Case 1 Case 2 Case 3 

Air Inlet Temperature °C 15 15 15 

Air Outlet Temperature °C 20 25 30 

Condenser Pressure kPa 100 100 100 

Pentane Temperature 

(assumed constant, due to 

phase change) 

°C 35.5 35.5 35.5 

LMTD °C 17.9 14.9 11.4 

Heat duty W 7.26E+07 7.26E+07 7.26E+07 

UA W/°C 4.06E+06 4.86E+06 6.37E+06 

Total area m² 1.02E+05 1.02E+05 1.02E+05 

U W/m²·°C 40 48 63 

Air density @ 15 °C kg/m³ 1.209 1.209 1.209 

Air inlet volume flow m³/s 4.28E+07 2.14E+07 1.43E+07 

Inlet area m² 738.8 738.8 738.8 

Inlet velocity m/s 16.1 8.1 5.4 

ρv² J/m³ 313.8 78.4 34.8 

Kinetic power (for all fans) kW 3734 466 138 

Assuming 70 % Efficiency kW 5335 666 197 

 

Three possible air outlet temperatures were examined: 20 °C, 25 °C and 30 °C. Depending on 

which outlet temperature was chosen, the U for the condenser varies. It is known that the 

design power for the condenser is 820 kW. By calculating an estimate of the fan power 

needed to provide the necessary air flow rate an air outlet temperature of 25 °C is selected as 

this gives a result (666 kW) closest to the real design power. A value of 70 % efficiency was 

assumed due to similar fan efficiencies being used in the GPSA handbook for fin fan design 

(Gas Processors & Gas, 1972) .This means an air temperature rise of 10 °C appears to best fit 
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the available data out of the three possibilities. It is possible that an air temperature rise of 8 

or 9 °C is a better fit; there will be additional losses in the fans as not all the mechanical work 

is used to increase the axial component of the kinetic energy of the air, and thus the fan 

power is likely to be underestimated. Therefore, a rise of 10 °C is assumed for the rest of this 

analysis. 

 

Figure 4-4. Model results showing net power for a range of inlet air temperatures and number of fans. 

 

Figure 4-5. Model results showing condenser pressure for a range of inlet air temperatures and number 

of fans. 

The results from the model showing the net power and condenser pressure for a range of inlet 

air temperatures and number of fans are shown in Figure 4-4 and Figure 4-5. As can be seen 
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the maximum net power is achieved at around 75 fans for 8 °C and 15 °C, at 85 fans for 21 

°C and at 90 fans for 25 °C. 

Based on the air temperature data available it was determined that 95 % of data points were 

below 21 °C. By using the heuristic that the design should have an atmospheric condenser 

pressure at this temperature the number of fans selected for further analysis was set at 60. 

Table 4-2. Economic results. 

# Fans 50 60 70 

Additional Fans 5 15 25 

Capital Cost (000s NZD) 250 750 1250 

Increased Revenue (000s NZD p.a.) 113 340 422 

Payback (years) 2.22 2.21 2.96 

 

Economic analysis was done for 50, 60 and 70 fans (an increase of 5, 15 and 25 respectively). 

The results are presented in Table 4-2. It can be seen that the heuristic has chosen a 

reasonable number of fans that balance capital cost with revenue. The difference between 50 

and 60 fans is minimal, however increasing the number of fans to 70 results in an increase in 

the payback period by ¾ of one year. 

Another consideration is operating the condenser at vacuum conditions. Depending on the air 

temperature the condenser pressure varies between 80 and 140 kPa at the current condenser 

size with 45 fans. If the number of fans were increased the condenser would operate at 

vacuum for a larger air temperature range. This could cause safety issues because the 

working fluid, pentane, is flammable. When operating at vacuum air would leak into the 

system which poses an explosion risk. It would be necessary to include equipment to purge 

the air that leaked into the working fluid to mitigate this risk. By using the heuristic, the 

minimum condenser pressure at cold temperatures is reduced to around 60 kPa. Further 

investigation is needed to determine the effect this would have on the existing systems used 

to purge air from the working fluid, however selecting 60 fans instead of attempting to 

maximise the net power output is a more conservative improvement to the condenser 

considering the lack of experience in operating the plant at these low pressures.  
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4.7 Conclusions 
It is important to note that this work is a paper exercise and no changes are intended for the 

real plant. 

The conclusions of this study are as follows: 

• Improved performance of the plant could be achieved by increasing the number of 

fans on the condenser (including increasing the amount of surface area) from 45 to 60. 

• This would require an investment that is estimated to be approximately $750k, with a 

payback period of 2.21 years. 

• An even higher number of fans may produce more net power, but this requires further 

investigation of air leakage at vacuum pressure and will increase the payback period 

due to the diminishing return on net power output for each additional fan, while the 

capital cost is expected to remain relatively constant. 

4.8 Future Work 
One area where it may be possible to improve the accuracy of the air temperature rise 

prediction is in predicting the fan power. Currently this was done by calculating the amount 

of power needed to increase the kinetic energy of air to the inlet velocity from rest. If the 

static pressure drop across the fans can be calculated, then a more reliable estimate of the fan 

power can be found, which will improve the accuracy of the air temperature rise (and 

subsequently the UA of the condenser). 

Another area where there may be the potential for improvement is implementing variable 

speed drives on the fans. This would allow the speed of the fans to be varied in response to 

the air temperature. This could allow improvements in the net power produced by the plant, 

but would come at the cost of increased up-front investment in equipment. Related to this is 

looking at the economics of increasing the amount of fans in the condenser, but turning off 

fans at low air temperatures to prevent very low condenser pressures. This will require more 

investigation on the effect of these low pressures on air leaking into the working fluid to 

decide when it would be worthwhile to turn fans off. 
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5 Optimisation of Geothermal Flow into an Organic Rankine Cycle 

Power Plant 
Authors: Matthew Proctor, Wei Yu, Robert Kirkpatrick & Brent Young 

5.1 Prologue 
A more systematic approach to optimisation is taken in the next paper where a steady state 

model of a geothermal ORC is built and validated. The results are used to investigate the 

optimisation of the geothermal flow rate into the plant while also considering different 

amounts of fouling in the heat exchangers and the inlet area of the turbine. In order to 

perform this work additional software was developed in MATLAB that allows the model to 

be run autonomously in order to test the range of plant disturbances and to perform validation 

across large datasets. The modelling tools developed for this paper were essential to 

conducting the work in self-optimising control presented in the final paper. 

5.2 Abstract 
The geothermal flow rate into an organic Rankine cycle (ORC) power plant will affect the net 

power produced by the plant, and the optimum geothermal flow rate for a particular plant will 

be limited due to the pressure-flow relationship of the geothermal fluid in pipelines leading to 

the plant and the nature of heat transfer in the vaporiser in the ORC. However, there are few 

papers in the open literature that consider geothermal flow optimisation for ORC plants or 

include the geothermal pipelines in geothermal ORC models. 

To address this, the geothermal fluid flow rate into a geothermal ORC is optimised through 

examination of a steady state model of the plant and geothermal supply system, which have 

been validated by plant data. The optimum geothermal flow rate for a range of turbine choked 

inlet areas were identified for fouled and clean heat exchangers. This also allowed the 

combined optimum flow rate and turbine area to be found for this system. 

From these results we can determine changes that can be made to the geothermal ORC plant 

to improve net power production, and also changes that could be made to the design of new 

geothermal ORCs to improve their power output. 

5.3 Introduction 
The optimal geothermal flow rate for an organic Rankine cycle (ORC) geothermal power 

plant is dependent on the pipelines leading from the geothermal wells to the plant, as well as 
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the nature of heat transfer to the working fluid in the ORC. In this paper, we use a steady 

state model that includes the geothermal fluid gathering pipelines to determine the optimum 

geothermal flow rate to an existing commercial-scale geothermal ORC. We also investigate 

the effect of fouling and turbine choked area on the optimum geothermal flow rate. This 

analysis allows us to generate insights into what influences the optimum geothermal flow rate 

and how the geothermal fluid gathering system can impact the ORC in these plants. 

This is important because there may be substantial gains in net power as a result of 

optimising the amount of geothermal fluid supplied to the existing plant. The ability of 

variable geometry turbines to improve the net power production of geothermal plants is 

important for the design of future plants, and some conclusions about this can be drawn from 

the results of this study. 

There have been several papers examining optimisation of geothermal ORCs (Astolfi et al., 

2011; Ghasemi et al., 2012; Hettiarachchi et al., 2007; Proctor, Yu, Young, & Kirkpatrick, 

2014), including those that account for variation of geothermal inlet conditions (El-Emam & 

Dincer, 2013; Q. Liu, Duan, & Yang, 2013; Toffolo et al., 2012). There have also been 

papers examining the behaviour of geothermal pipeline networks such as (Sanchez, Acevedo, 

& de Santiago, 1987). However, in the open literature there has been no examination of the 

interaction between the geothermal fluid gathering system with an ORC plant, and how they 

can be optimised to produce the most power. 

As a result of our analysis we determine the optimum geothermal flow rate for the current 

plant, as well as the optimum flow rate and turbine inlet area for a comparable plant with 

larger turbine choked inlet area, for clean and fouled heat exchangers. We present a steady 

state model of the plant, tuned and validated with plant data, which was used to conduct the 

optimisation analysis. Changes in heat transfer in the vaporiser with geothermal flow that are 

key factors determining the optimum geothermal flow rate are also investigated.  

From these results we are able to determine the additional net power that can be achieved in 

the existing plant by optimising the geothermal flow rate and how much net power is 

achievable for comparable plants if the turbine choked inlet area was able to vary. We also 

discuss the impact the geothermal gathering system has on ORC plants in general and 

generate insights that can assist the future design and operation of these plants. 



96 
 

5.4 Method 
The optimum geothermal flow rate has been selected based on a coupled steady-state model 

of the ORC and geothermal pipeline network. Other steady-state models of geothermal ORCs 

exist in the literature, such as those mentioned above, but this is the first such model found in 

the open literature that integrates a rigorous, validated model of the geothermal pipelines 

leading to the plant.  

The model was constructed in VMGSim, a commercial process simulator, and the Advanced 

Peng-Robinson equation of state, a modified version of that presented in (Peng & Robinson, 

1976) was used to determine the thermodynamic state of the geothermal fluid, working fluid 

and cooling air as they travel through the plant. This equation of state was selected due to its 

improved ability to predict liquid density compared to simpler thermodynamic models. This 

VMGSim model provides the basic mass and energy balances and thermodynamic property 

data used to model the plant. However, due to the many loops that are part of the process 

iteration is needed to solve the model. This was done by connecting the model to a MATLAB 

program which used the Newton-Raphson method combined with line search to converge the 

model. 

5.4.1 Process Layout 
The layout of the plant and geothermal supply system is shown in Figure 5-1 where the 

geothermal fluid is shown in red, the working fluid in black and the cooling air in blue. In the 

process, two-phase geothermal fluid is supplied from three wells. After travelling through 

pipelines it reaches the main geothermal separator which splits it into steam and brine. The 

steam and brine then flow through multiple heat exchangers before being vented to the 

atmosphere and reinjected into the reservoir, respectively. The working fluid travels in a 

cycle from the outlet of the pump through preheaters before being vaporised. It then travels 

through two turbines in parallel, through recuperators to recover extra heat, is condensed 

back to a liquid and finally reaches the pump inlet where it is pumped back to high pressure. 

Cooling air is provided to the condenser to remove waste heat from the process. 
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Figure 5-1. Process layout from geothermal production wells to reinjection and including the ORC. 

5.4.2 ORC Plant Model 
A screenshot (slightly modified for clarity) from VMGSim showing the layout of the ORC 

plant model can be seen in Figure 5-2. In this drawing, light blue lines represent vapour 

streams, purple lines represent liquid streams and dark blue lines represent two-phase 

streams. 

5.4.2.1 Model Description 

Inputs and Outputs 

The inputs to the ORC plant model are: 

• The thermodynamic state (in this case specified by pressure and enthalpy), 
composition and mass flow rate of the incoming geothermal steam and brine. 

• The temperature of the incoming cooling air. 
• Initial guesses for the enthalpy of S6, the temperatures of S20 and S26 and the 

pressures of S3 and S16. 
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Figure 5-2. ORC plant model layout from VMGSim. 

The outputs of the ORC plant model are: 

• The net power output, which is the key output 
• The thermodynamic states, composition and flow rates of each stream in the model. 

It should be noted that enthalpy rather than temperature was chosen as a specification for the 

geothermal fluid energy due to the way it was estimated. The enthalpy of the geothermal fluid 

at the inlet of the main geothermal separator was able to be estimated using existing plant 

data, due to the fact that both pressure, temperature and vapour mass fraction data was 

available at that location. Using this information combined with an estimation of the 

geothermal fluid composition allowed the enthalpy to be estimated. The geothermal pipelines 

were assumed to be adiabatic meaning that this enthalpy could be directly used as a 

specification in the model. 
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Parameters 

The parameters provided to the ORC plant model are provided in Table 5-1 to 3. These 

parameters are divided into known parameters which were given to us by the plant operator 

or contained in plant documentation, and estimated parameters, which were estimated using 

plant data. Approximate values are given in this paper to protect commercially sensitive 

information. The clean and fouled values given for the heat exchanger UAs are used in this 

analysis as the basis of two scenarios that are used to test the effect of fouling on optimal 

geothermal flow rate. In addition to the parameters in the table, the pump head-flow and 

efficiency-flow performance curves, obtained from the plant operator, were also included in 

the model. 

Table 5-1. Approximate values of known model parameters used in the ORC plant model. 

Model Parameter Value 

Working Fluid Composition 100 % n-Pentane 

Condenser Fan Volumetric Flow Rate 2 × 107 m³/h 

Working Fluid Pressure Initial Guess 2000 kPa High / 100 kPa Low 

Vaporiser Inlet Enthalpy Initial Guess [S6] 

22 kJ/mol (using a VMGSim internal reference 

point, this enthalpy corresponds to a 

temperature of around 155 °C) 

Preheater Outlet Initial Guess [S26] 90 °C 

Vaporiser Pressure Drop 
30 kPa Shell / 30 kPa Brine Tube / 0 kPa Steam 

Tube 

Condenser Pressure Drop 0 kPa Shell / 10 kPa Tube 

Preheater Pressure Drop 100 kPa Shell / 10 kPa Tube 

Brine Preheater Pressure Drop 200 kPa Shell / 50 kPa Tube 

NCG Preheater Pressure Drop 200 kPa Shell / 10 kPa Tube 

Turbine Outlet Valve Pressure Drop 30 kPa 

Non-condensable Gas (NCG) Valve [V4] 

Cv 
150 

Recuperator Tube Pressure Drop (kPa) 20 kPa 

Air Condenser Fans Parasitic Load 820 kW 
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Table 5-2. Approximate values of estimated UA parameters used in the ORC plant model for the clean 

and fouled scenarios.  

Model Parameter Clean Value Fouled Value 

Tuning 

Standard 

Deviation 

Preheater UA (kW/K) 700 400 13.8 % 

Brine Preheater UA (kW/K) 4000 2000 13.8 % 

NCG Preheater UA (kW/K) 45 20 6.9 % 

Vaporiser Steam Tube UA (kW/K) 1500 1000 3.4 %  

Vaporiser Brine Tube UA (kW/K) 1500 1000 19.1 % 

Condenser UA (kW/K) 6000 5000 6.8 % 
 

Table 5-3. Approximate values of remaining estimated model parameters used in the ORC plant model.  

Model Parameter Value 
Tuning Standard 

Deviation 

Recuperator(s) UA (kW/K) 200 7.8 % 

Turbine Isentropic Efficiency (%) 87 2.1 % 

Turbine Choked Area (m²) 0.025 4.8 % 

Recuperator Shell Pressure Drop (kPa) 15 30.6 % 

 

The standard deviation values in Table 5-2 and 5-3 are taken from parameter tuning results 

and are the standard deviation of the parameter expressed as a percentage of the average 

parameter value. 

Model Structure 

Since the ORC model contains recycle loops, as can be seen in Figure 5-2, an iterative 

method is required to solve the model. This can ordinarily be done within VMGSim where 

the calculations are handled automatically. However, for this model there are additional 

equations representing constraints that are not able to be included in VMGSim. These are the 

turbine pressure-flow relationship and the constraint that the fluid exiting the condenser be a 

saturated liquid. These additional constraints must also be iterated to solve the model. This is 

done by using a series of MATLAB programs linked with VMGSim as shown in Figure 5-3. 

It was found that the overall model solution could be obtained much more quickly by moving 
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the recycle calculations normally handled by VMGSim into MATLAB as well. This was 

because the interactions between the variables used to solve the VMGSim iterations and the 

variables used to solve the MATLAB equations. By moving all recycle calculations to 

MATLAB the solution to the entire set of recycle equations could be obtained by changing 

all variables simultaneously, resulting in faster convergence. Details of these calculations are 

given below. 

MATLAB

VMGSim

simsolve

siminput simoutput

Excel/VBA

Inputs, Parameters Outputs

Initial Guesses
(For Five External 

Equations)

 

Figure 5-3. The model structure, showing the flow of information between the programs used as part of 

the overall model. 

A VMGSim model is accessed via an Excel/VBA add-on, which is manipulated by the 

MATLAB programs simsolve, siminput and simoutput. The programs siminput and 

simoutput are used to change values in VMGSim and read from VMGSim respectively. The 

program simsolve uses the Newton-Raphson algorithm, combined with a line search to solve 

five equations that impose additional constraints that are external to VMGSim. These 

equations must be solved in order to converge the model and obtain a solution. The equations 

are: 

𝐻𝐻�𝑆𝑆6  − 𝐻𝐻𝑆𝑆6 = 0 Equation 5-1 
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𝑇𝑇�𝑆𝑆20 −  𝑇𝑇𝑆𝑆20  = 0 Equation 5-2 

𝑇𝑇�𝑆𝑆26 −  𝑇𝑇𝑆𝑆26 = 0 Equation 5-3 

�̇�𝑉𝑆𝑆3  − 3600 × (𝑃𝑃𝑆𝑆3  ∗ −0.034508 + 210.87) × 𝐴𝐴𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡 = 0 Equation 5-4 

𝐻𝐻𝑆𝑆16  − �0.00125 × 𝑃𝑃𝑆𝑆163 − 0.572 ×  𝑃𝑃𝑆𝑆162 + 127 × 𝑃𝑃𝑆𝑆16 − 10600� = 0 Equation 5-5 

 

Where 𝐻𝐻 is enthalpy, 𝑇𝑇 is temperature, 𝑃𝑃 is pressure, �̇�𝑉 is volumetric flow rate and 𝐴𝐴𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡 is 

the turbine choked area. The units of the variables in the equations are J/mol for enthalpies, 

°C for temperatures, m³/h for volumetric flow rates, m² for areas and kPa for pressures. The 

subscripts for the property variables refer to the stream where the property is measured with 

the stream names being specified in Figure 5-2 and the hats (^) refer to the initial guess for 

these variables as mentioned in Figure 5-3.  

The constants in Equation 5-4 and 5-5 were obtained by fitting curves to VMGSim 

thermophysical property data. These are expressed here rounded to three digits to improve 

readability, but in simsolve they are represented as numbers accurate to fifteen digits in order 

to ensure accuracy in the model calculations. In Equation 5-4 a line was fitted to the speed of 

sound across a range of saturated pentane vapour pressures and in Equation 5-5 a cubic 

polynomial was fitted to saturated pentane liquid enthalpies. Simsolve will iterate five input 

variables, starting from an initial guess, until these equations are solved. These five input 

variables are the “hatted” variables in Equation 5-1 to 5-3, and are 𝑃𝑃𝑆𝑆3 and 𝑃𝑃𝑆𝑆16 in Equation 

5-4 and 5-5 respectively.  

The first three equations represent energy balances for recycles that occur due to the ORC’s 

connectivity. In order to solve these recycles the loops are broken into sub-processes that do 

not loop back on themselves. The equations ensure that the energy in the stream leaving one 

sub-process is equal to the energy of the stream entering the next sub-process.  

Equation 5-4 represents the assumption that the turbine is operating in the choked region, as 

in (Toffolo et al., 2012). This means the volumetric flow through the turbine is solely 

determined by the turbine inlet pressure. Equation 5-5 represents the constraint that the 

enthalpy of the working fluid leaving the condenser must match that of saturated liquid at the 

condenser pressure (i.e. the condenser must completely condense the working fluid). 
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5.4.2.2 Parameter Tuning and Model Validation 

In addition to the model structure outlined above, there are ten parameters that were 

estimated using plant data (these are identified in Table 5-2 and Table 5-3). The typical 

approach to this problem is to vary the parameters to minimise the least squares difference 

between model outputs and plant data. This was attempted using a MATLAB program 

implementing the Gauss-Newton algorithm with line search. However, due to the large 

computational load required by this technique for this particular model least squares cannot 

be completed to estimate the parameters within a reasonable time frame.  

Considering the practical difficulties of a least squares approach, a shortcut method was 

devised to estimate the model parameters instead. The method used was to reconfigure 

VMGSim so that the process variables (typically outputs) would be inputs to the model along 

with the normal model inputs, allowing the ideal parameters to be calculated for each data 

point. The resulting parameters would then be averaged to give the result. For this analysis 

we used a dataset containing 8,578 data points. Two thirds were used for tuning, with the 

remainder used for validation. 

Although this method does not have rigorous statistical justification, we judged the 

reasonableness of the parameter estimates subjectively based on the error between the model 

output and real plant data for the validation dataset. The accuracy of the model can be 

quantified using the root mean squared error of model outputs compared with plant outputs. 

For the model used in this analysis the root mean squared values for different output variables 

is shown in analysis.  

Table 5-4. These results give confidence that the model predictions can be relied upon when 

we use them to analyse the optimum geothermal flow for this plant. Since we judge the root 

mean squared errors to be sufficiently low, we are comfortable using these model parameters 

as the basis of our geothermal flow optimisation analysis.  
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Table 5-4. Root mean squared error values for the model using the tuned parameters with the average 

value from the plant and model data for comparison. 

Output Variable 
Average Value 

(Plant Data) 

Average Value 

(Model Data) 

Root Mean 

Squared 

Error 

Recuperator Tube In Temp. (°C) 35.8 34.7 4.29 

Recuperator Tube Out Temp. (°C) 58.9 58.4 2.96 

Vap Working Fluid In Temp. (°C) 153.3 153.4 1.75 

Vap Steam Out Temp. (°C) 157.5 158.8 3.89 

Vap Brine Out Temp. (°C) 166.2 166.2 2.83 

Turbine Out Temp. (°C) 90.8 91.0 1.08 

Turbine In Pressure (kPa) 1940 1947 48.06 

Turbine Out Pressure (kPa) 123 124 5.19 

Net Power (MW) 17.4 17.4 0.670 

 

5.4.3 Geothermal Gathering Model 
A screenshot of the geothermal supply system from VMGSim can be seen in Figure 5-4. As 

with the ORC plant, dark blue lines represent two phase flow, purple lines represent liquid 

and light blue lines represent vapour. 
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Figure 5-4. Geothermal supply system layout from VMGSim. 
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5.4.3.1 Solution Procedure 

The inputs to the geothermal supply model are: 

• The composition and enthalpy of the geothermal fluid. The gathering system is 

modelled as being adiabatic, therefore the enthalpy will remain constant in this model. 

• The pressure at the wellhead of Well 1. The geothermal flow rate is in reality 

determined by the opening percentage of the NCG vent valve. However, it was found 

the model could solve more easily if this pressure were specified instead. Therefore, 

this value is used as a proxy for the NCG vent valve opening. A higher pressure 

means lower geothermal flow and vice versa. 

• The mass flow rate of geothermal fluid to the other plant. At the site being modelled, 

the geothermal supply system serves two geothermal power plants, only one of which 

is being modelled. Based on plant data, the amount flowing to the other plant is 

effectively constant at 550 t/h. 

• An initial guess of the pressure at the wellhead of Well 3 (S14).  

The parameters provided to the geothermal supply model are shown in Table 5-5. These 

parameters were estimated using the built-in least squares regression functionality in 

VMGSim as described in section 5.4.3.2. As with the parameter tables, approximate values 

are given in this paper to protect commercially sensitive information. In addition, pipeline 

length, elevation change and diameters not listed in Table 5-5 were entered into the model. 

The locations of these pipes in terms of the process can be seen in Figure 5-4. They are 

several kilometres long in total, and comprise the bulk of the pressure drop for the geothermal 

fluid in the overall system. 
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Table 5-5. Approximate values of model parameters used in the geothermal supply model. 

Model Parameter Value Regressed 
Variable Error 

Geothermal Fluid Composition 99.5 % Water / 0.05 % CO2 (mass 
basis) 2.6 % 

Geothermal Fluid Enthalpy 15.85 kJ/mol (with respect to 25 °C, 
1 atm conditions) 2.8 % 

Well 1 Reservoir Pressure 2070 kPa 3.3% Well 1 Cv 350 
Well 2 Reservoir Pressure 2250 kPa 1.7 % Well 2 Cv 350 
Well 3 Reservoir Pressure 2020 kPa 3.5 % Well 3 Cv 600 
Plant Inlet Pressure Drop 80 kPa 0.5 % 
Well 3 Wellhead Pressure 
Initial Guess 1700 kPa N/A 

 

For the reservoir pressures, it was not necessary to take into account elevation change in the 

wells as this would supply constant pressure increases to the values used, which were 

obtained by regression of plant data. Therefore, these pressures do not reflect the true 

reservoir pressures but will behave in an analogous way in the model. 

The first step in solving the model is the calculation of the mass flow rate from Well 1. This 

is known because the reservoir pressure, geothermal composition, enthalpy and Cv of the 

valve representing the well are known.  

This is followed by the wellhead valve at Well 1. During regression of the plant inlet pressure 

drop (explained in the parameter tuning section below) the pressure at the outlet of this valve 

is provided. When obtaining the optimum geothermal flow rate all wellhead valves are 

assumed to be completely open, with a pressure drop of 50 kPa. This allows the calculation of 

the thermodynamic conditions at the inlet of the pipe leading from Well 1 to Well 2.  

The pipes in the geothermal supply model use the Lockhart-Martinelli correlation for two 

phase flow to calculate the pressure drop. This correlation was chosen as it is comparatively 

simple and commonly used for calculation of the pressure drop for two phase flows. In 

addition, the diameter, length and elevation change of the pipes are provided to VMGSim. 

This allows the calculation of the pressure at the outlet of “Pipe1” in Figure 5-4.  

The pressure at the wellhead of Well 2 is calculated by adding the pressure drop of 50 kPa to 

the pressure at the outlet of Pipe1. This allows the mass flow rate from Well 2 to be 
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calculated. During parameter tuning where regression is used and the wellhead valve is not 

open, the wellhead pressure of Well 2 was provided to the model directly.  

The amount of geothermal fluid going to the other plant is subtracted from the combined 

mass flows of Wells 1 and 2. The remainder passes through two more pipe unit operations 

which calculate the pressure drop so the conditions at the outlet is known, along with the 

pressure at Well 3. 

Due to the presence of the pipe leading from Well 3 (“Pipe3” in Figure 5-4), iteration is 

required to determine the mass flow rate from Well 3. This is done in conjunction with the 

iterations for the ORC model, and is done using the same MATLAB program, simsolve. The 

additional input required is the pressure at the wellhead of Well 3 (S14) and the error 

equation is the difference between the pressures at S12 and S17. As with the recycle loops 

that could have been calculated internally by VMGSim, Equation 5-6 was moved into 

MATLAB because the interaction of the pressure of S14 and the other variables used to solve 

the recycle loops meant that the model could be solved more quickly by solving for them all 

in MATLAB simultaneously. 

𝑃𝑃𝑆𝑆12 − 𝑃𝑃𝑆𝑆17 = 0 Equation 5-6 

 

Finally, the combined flow of all three wells passes through one final pipe unit operation 

before reaching a valve, which has been specified with a known pressure drop in order to 

match plant data. After this valve, the fluid enters the main geothermal separator, where a 

flash calculation is performed to split the fluid into steam and brine. The thermodynamic 

conditions of these streams, along with their compositions and mass flow rates are provided 

to the ORC plant model. 

5.4.3.2 Parameter Tuning and Validation 

Due to the lack of interactions between different parts of the geothermal supply system, the 

parameters for this model were able to be calculated by regression of plant data. This was 

done by minimising the least squares error between model predictions and plant data for sub-

sections of the overall gathering system, which reduced the computational load of performing 

the regression but due to the lack of interactions would not affect the accuracy of the 

estimated parameters. 
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First, the composition of the geothermal fluid was selected by performing regression on a 

model consisting only of a separator. The error between the predicted vapour mass flow rate 

from the NCG valve and a suggested value from the plant operator (based on one-off 

measurements separate from the plant’s control system) was minimised by varying the 

composition of the geothermal fluid, which was assumed to consist of water and carbon 

dioxide. More chemical species could be included, but the solution was restricted to water 

and CO2 to simplify the model so a solution could be found within a reasonable time frame. 

The inputs for this regression were the plant inlet pressure, temperature and mass flow rate. 

The minimised error for this regression was 2.6 %. 

Once the composition was selected, the enthalpy of the geothermal fluid was found by 

minimising the error of the vapour mass flow rate from the main geothermal separator. 

Again, this was done on a model consisting only of a separator, however in this case data was 

available from the plant control system for the mass flow rate being predicted. The inputs for 

this model were the geothermal composition, plant inlet pressure and mass flow rate. The 

minimised error for the regression was 2.8 % (excluding obvious outliers, which will be 

caused by unusual plant conditions such as start-up, shut down or equipment maintenance). 

The well Cv’s and reservoir pressures were found by considering a model consisting solely of 

a valve. The error in mass flow rate from a well predicted by the model compared to plant 

data was minimised. The inputs to the model were the wellhead pressure, geothermal fluid 

composition and enthalpy. Both the Cv and reservoir pressure were regressed simultaneously. 

The error in the predicted mass flow was 3.3 % for Well 1, 1.7 % for Well 2 and 3.5 % 

(excluding outliers caused by unusual plant conditions) for Well 3. 

Finally, it was found at the end of this procedure that the plant inlet pressure prediction was 

slightly greater than the plant data. This is most likely due to losses in the pipelines leading to 

the plant that are not accounted for by the model, for example the surface roughness of the 

pipes could be higher than the standard steel value of 0.005 cm that was used in the pipe unit 

operations. In addition, the Lockhart-Martinelli correlation used by the pipe unit operations 

will deviate from the pressure profiles in the real pipes. To account for this, an extra pressure 

drop was added just prior to the main geothermal separator (“V4” in Figure 5-4). The amount 

of pressure drop was found using regression, minimising the error in the plant inlet pressure 

between the model and plant data. The entire geothermal supply model was used for this 

regression. The inputs for this regression were the geothermal composition, mass flow rates 
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from each well, wellhead pressures, mass flow to the other plant and the pressure after the 

valve at Well 1. This last pressure gives an indication of the opening of the wellhead valves 

(the other openings can be calculated from the pressure after the valve at Well 1 because the 

pipeline unit operations allow pressure drop calculations throughout the system). The error in 

this regression was 0.5 % (excluding outliers caused by unusual plant conditions). 

5.4.4 Optimisation Procedure 
Four different optimisations were performed, which are shown in Table 5-6. All four use the 

net power (�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡) as the objective function, which is shown in Equation 5-7. The wellhead 

pressure at Well 1 (𝑃𝑃𝑤𝑤𝑛𝑛𝑤𝑤𝑤𝑤1) is used as a proxy for geothermal flow rate because it allows the 

model to be solved more easily while having a unique geothermal mass flow rate for every 

Well 1 pressure. 

Table 5-6. The four optimisation problems solved in this analysis. 

 Use Clean UA parameters Use Fouled UA parameters 

Vary Well 1 P 

Fix Turbine Area 
#1 max

𝑃𝑃𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤1
(�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡) #3 max

𝑃𝑃𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤1
(�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡) 

Vary Well 1 P 

Vary Turbine 

Area 

#2 max
𝑃𝑃𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤1 ,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

(�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡) #4 max
𝑃𝑃𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤1 ,𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

(�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡) 

 

Problems #1 and #2 use a turbine choked area that is fixed at the value found during 

parameter tuning (i.e. the current turbine area in the plant). The difference between these two 

problems is #1 uses the clean UA parameters and #2 uses the fouled UA parameters (for the 

values shown in Table 5-2). The solution of these two optimisation problems gives the 

optimum Well 1 pressure for the clean and fouled scenarios for a fixed turbine area. Problems 

#3 and #4 allow the both the Well 1 pressure and turbine area to vary. As with the first two 

problems, #3 uses the clean UA parameters and #4 uses fouled UA parameters. The solution 

of these two optimisation problems gives the optimum Well 1 pressure and turbine area for 

the two scenarios. 
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The net power generation in MW was calculated using the following equation: 

�̇�𝑊𝑚𝑚𝑛𝑛𝑡𝑡 = 2�̇�𝑊𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡 − �̇�𝑊𝑝𝑝𝑜𝑜𝑚𝑚𝑝𝑝 − �̇�𝑊𝑐𝑐𝑜𝑜𝑚𝑚𝑐𝑐 Equation 5-7 

 

Since there are two turbines, the turbine power (�̇�𝑊𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡) from the model is multiplied by two, 

and the parasitic load represented by the pump and air condenser fans (�̇�𝑊𝑝𝑝𝑜𝑜𝑚𝑚𝑝𝑝and �̇�𝑊𝑐𝑐𝑜𝑜𝑚𝑚𝑐𝑐 

respectively) are subtracted from this value to obtain the net power. The power requirement 

of the air condenser fans was obtained from the plant operator and is implemented as a 

constant value of 0.82 MW; the remaining variables come from the model. 

The net power was evaluated across a range of turbine areas and Well 1 pressures for the two 

scenarios. The range of Well 1 pressure was selected based on the range present in the plant 

data and the range for turbine area was selected to encompass the estimated turbine area for 

the plant, and also the overall optimum for the system. The ranges were:  

• 0.0194 m² ≤ Turbine Area ≤ 0.05 m²  

• 1400 kPa ≤ Well 1 Pressure ≤ 1700 kPa 

Increments of 0.0014 m² for the turbine area and 20 kPa for the Well 1 pressure were used for 

the numerical evaluation of net power. This required the model to be solved for 23 × 16 × 2 = 

736 different input combinations.  

After the data was collected approximate solutions to the optimisation problems could be 

observed directly from the data. Once this result was obtained the solution to the optimisation 

problems was fine-tuned by manually changing the Well 1 pressure and turbine area until the 

maximum net power was found within 1 kPa for the Well 1 pressure and 0.0003 m² for the 

turbine area. 

5.5 Results and Discussion 

5.5.1 Optimisation Results 
The net power across a range of Well 1 wellhead pressures and turbine choked areas is shown 

in (Figure 5-5 to Figure 5-7) for the clean heat exchanger scenario, the fouled heat exchanger 

scenario and the difference in net power between the two scenarios respectively. This 

visualisation allows us to see how the net power is influenced by these factors, and how the 

factors interact to place limits on what net power is achievable. 
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Figure 5-5. Net power surface for a range of Well 1 wellhead pressures and turbine choked inlet areas for 

the clean scenario. 

 

Figure 5-6. Net power surface for a range of Well 1 wellhead pressures and turbine choked inlet areas for 

the fouled scenario. 

As can be seen for Figure 5-5 and Figure 5-6 there is not a substantial difference in the shape 

of the surface between the two scenarios. For any given turbine choked area there is 

something limiting the net power produced as the wellhead pressure is lowered (and the 

geothermal flow rate increases). As the turbine choked area increases, the inflection point 

moves to higher geothermal flow rates and lower wellhead pressures. For any given wellhead 
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pressure there is also an optimum point for the turbine choked area. As the wellhead pressure 

increases, the inflection point moves to higher turbine choked area. 

The explanation for the limit when considering a fixed turbine choked area and varying 

wellhead pressure relates to the pressure-flow characteristic of the geothermal gathering 

system. Increased flow results in increased pressure loss and since the geothermal fluid is two 

phase this results in some of the liquid in the stream evaporating, and a reduction in 

temperature. This impacts the heat transfer, particularly in the vaporiser steam tubes as is 

shown in the following section, which is the cause of the limitation on net power output. 

The explanation for the limit for a fixed wellhead pressure and variable turbine choked area 

relates to the pressure-flow characteristic of the ORC. Low turbine choked areas result in 

high pressure ratios and low working fluid flow rates, and vice versa. The power produced by 

the turbines in the ORC is a result of both mass flow and pressure drop. If the turbine choked 

area were increased, the mass flow rate would increase which has a positive effect on net 

power, but the pressure ratio would decrease, which has a negative effect. Therefore, the 

optimum power exists at a point balanced between a high mass flow rate and a high pressure 

drop, which results in the shape we observe in the above surfaces. 

 

Figure 5-7. Net power surface for a range of Well 1 wellhead pressures and turbine choked inlet areas for 

the difference between the clean and fouled scenarios. 

While the surfaces for the two scenarios appear to have a similar shape, there are differences 

between them that can be more easily observed by plotting the surface of the difference in net 
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power between the two scenarios, as is shown in Figure 5-7. This plot shows that the 

difference increases as the wellhead pressure is decreased and geothermal flow is increased. 

The turbine choked area has an influence which is slightly more complex. The difference in 

net power between the two scenarios has a maximum value as the turbine choked area is 

increased. The largest difference between the two scenarios exists for large turbine choked 

areas and high geothermal flow rates. This can be explained by how heat transfer changes 

between low and high geothermal flow, which is discussed in the section 5.5.4. 

5.5.2 Optimum Flow for Fixed Turbine Choked Area 
The optimum geothermal flow rate and subsequent net power for the clean and fouled 

scenarios where the turbine choked area is set to the estimated value as determined by 

parameter tuning is shown in Table 5-7. As can be seen, the fouled scenario results in lower 

net power and also results in a moderately lower geothermal flow rate compared with the 

clean scenario. 

Table 5-7. Optimal geothermal flow rate for current turbine choked area for the two scenarios. 

 Clean Fouled 

Well 1 Pressure 1567 kPa 1584 kPa 

Geothermal fluid mass flow rate 708 t/h 688 t/h 

Net Power 19.96 MW 17.73 MW 

 

5.5.3 Optimum Flow for Variable Turbine Choked Area 
The results where the turbine choked area was permitted to vary are shown in Table 5-8. 

Similarly to the results in Table 5-7, the fouled scenario produces lower net power and results 

in a lower geothermal flow rate. It also requires a slightly smaller turbine choked area for 

optimum results. 

Table 5-8. Optimal geothermal flow and turbine choked area for the two scenarios. 

 Clean Fouled 

Well 1 Pressure 1442 kPa 1482 kPa 

Turbine Area 0.041 m² 0.038 m² 

Geothermal fluid mass flow rate 848 t/h 805 t/h 

Net Power 21.49 MW 18.58 MW 

Net Power for opposite fouling scenario 18.39 MW 21.17 MW 
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A key result is the percentage difference in power output between the fixed and variable 

turbine choked area results. For the clean scenario, the net power increases by just under 8 %, 

but this requires an increase in about 20 % in the geothermal mass flow rate. The fouled 

scenario follows a similar pattern. An increase of 5 % in the net power requires an increase of 

17 % in the geothermal mass flow rate. 

Another interesting finding is the comparison between the net power for the opposite fouling 

scenario for the Well 1 pressure and turbine area that is optimised for a particular fouling 

scenario. This shows that there is a loss of 313 kW for the clean scenario if the optimisation 

results for the fouled scenario were used, and a loss of 190 kW for the fouled scenario if the 

results for the clean scenario were used.  

5.5.4 Heat Transfer Results 
The temperature profiles in the vaporiser steam tubes for the two extremes of high and low 

geothermal flow can help us understand the nature of heat transfer from the geothermal fluid 

to the working fluid in geothermal ORCs. These results can be explained by considering them 

as being a result of two different heat transfer modes that can exist in geothermal ORCs. We 

classify these as "heat transfer limited" and "heat capacity limited".  

The simulation results are shown in Figure 5-8. The horizontal axis shows the nodes of the 

heat exchanger and the vertical axis shows the temperature of the fluids. Between each node, 

VMGSim calculates the heat transfer using the log mean temperature difference method. The 

working fluid can be thought of as travelling right to left in the figure, and the geothermal 

fluid can be thought of as travelling left to right. Although this is accurate for the geothermal 

fluid, in reality the working fluid enters the shell of the vaporiser in a manner that is more 

like a cross-flow arrangement, rather than the counter-current arrangement assumed by the 

model. However, as the working fluid is boiling, this will not have a substantial effect on the 

accuracy of the heat transfer calculation.  
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Figure 5-8. Temperature profiles in the vaporiser steam tubes for high and low geothermal flow rates. 

The high flow scenario is an example of a heat transfer limited mode. As can be seen in the 

figure, the temperature difference through the vaporiser is lower, which results in lower heat 

transfer. The low flow scenario is a heat capacity limited mode. The temperature difference in 

the vaporiser is high, at least initially. However, due to the low mass flow rate of the 

geothermal fluid, the overall heat capacity of the stream is lower which means it is quickly 

depleted of energy, which drastically reduces the temperature difference and limits 

subsequent heat transfer. 

This result explains why there is an optimum geothermal flow rate. At high geothermal flow 

rates the pressure drop in the geothermal gathering system is higher than at low flow rates. 

The geothermal fluid is two phase, it consists of both liquid and gas. As it loses pressure, 

some of the liquid will evaporate, which also causes the temperature of the fluid to drop. This 

means high geothermal flow will have lower plant inlet temperatures, creating the heat 

transfer limited mode we observe in Figure 5-8. Conversely, low geothermal flow has higher 

plant inlet temperatures, but low total heat capacity, resulting in the heat capacity limited 

mode. 

It also explains why the effect of fouling on net power is greater for low wellhead pressures 

and high turbine areas. This will result in heat transfer limited operation, for which it makes 

sense would be more adversely impacted if the heat transfer coefficients in the heat 

exchangers were to be reduced. We can see the result of this clearly in Figure 5-7. 
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5.5.5 Reinjection Constraints 
The aforementioned results will only be valid if the geothermal supply system is able to 

convey any geothermal flow rate. However, the pressure-flow dynamic of the reinjection 

system could pose an additional constraint to what geothermal flow rates are achievable. This 

is because the pressure-flow dynamic of the reinjection system will determine the capacity 

for reinjection. The mass flow rate of brine can be calculated if the pressure-flow curves for 

the reinjection wells can be determined.  

For this particular plant, the reinjection system was studied to see if it would constrain the 

optimum geothermal flow rate identified by the earlier analysis. Pressure and mass flow data 

for the two reinjection wells were supplied by the plant operator. One reinjection well had 

reasonably constant mass flow rates for a variety of reinjection pressures, the other showed a 

pressure-flow dynamic where a unit increase in pressure would have diminishing returns on 

the mass flow rate. We were unable to model the pressure-flow dynamic of the reinjection 

wells sufficiently accurately using regression to be confident in reinjection flow rate 

predictions. Taking into account the substantial variability of the plant data, looking at the 

results graphically was considered the best option to determine if the geothermal flow rate 

determined by the optimisation analysis is below the reinjection limit.  

These results are shown in Figure 5-9 where the reinjection pressure is the pressure at the 

wellhead of the second well, which showed variability in flow rates when the pressure 

changed, and the mass flow rate is that of both wells combined. The blue crosses represent 

the plant data and the model output for the optimised geothermal flow is shown as two red 

crosses joined by a line. Considering the inaccuracy of the geothermal supply model in 

predicting the plant inlet pressure, a range of potential reinjection pressures is shown between 

the two red crosses. In the geothermal supply model this inaccuracy was addressed by 

introducing a valve just prior to the plant inlet, the pressure drop being determined by plant 

data. In the absence of additional data, no analogous procedure can be used to create a 

geothermal reinjection model. The reinjection pressure cannot be modelled more accurately 

with the available data and so this uncertainty is shown explicitly in Figure 5-9.  

By a linear extrapolation of the plant data to higher reinjection pressures, it appears that the 

optimum geothermal flow for the existing turbine is slightly beyond the reinjection limit. 

However, the optimum geothermal flow when the turbine area is allowed to vary lies well 
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outside the range that could reasonably be extrapolated from Figure 5-9, which means it 

remains uncertain whether or not the reinjection system could sustain the optimum flow rate.  

  

Figure 5-9. Reinjection Plant Data and Optimised Geothermal Flow Prediction 

5.6 Conclusion 
Analysing the improvement in net power for this plant could provide an indication of what 

gains in net power are achievable for other geothermal ORC plants. Net power production is 

a key component of economic value for these plants and so identifying these gains allows 

operators and designers to estimate the benefit of optimising the amount of geothermal fluid 

their plant uses and the design of their geothermal gathering system.  

Limits on the total geothermal flow were examined and it was found that the optimum flow 

rate for the existing turbine area was extremely close to the reinjection limit. However due to 

large variations in the plant data it cannot be determined conclusively that the reinjection 

limit is exceeded for this flow rate.  

We also presented surface plots that show net power over a range of wellhead pressures and 

turbine choked areas for two scenarios that represent clean and fouled states in the plant’s 

heat exchangers. From these, as well as plots of the temperature profiles in the vaporiser we 

infer the existence of two different modes of heat transfer: “heat capacity limited” and “heat 

transfer limited” that are dominant at low and high geothermal flow rates respectively. The 

balance between these two factors determines the optimum geothermal flow rate.  
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6 An Approximate Self-Optimizing Control Method Applied to 

Geothermal Organic Rankine Cycle Power Plants 
Authors: Matthew Proctor, Wei Yu, Robert Kirkpatrick & Brent Young 

6.1 Prologue 
The final paper considers how optimisation can be implemented at low cost in geothermal 

ORCs. An approximate method for self-optimising control is developed in this paper and 

applied to geothermal ORCs. A linear combination of measurements is found which when 

implemented in a feedback controller causes the plant to operate at its optimum point across a 

range of disturbance scenarios. This method simultaneously takes into account the effect of 

the range of disturbance scenarios when optimising the operation of geothermal ORCs as 

well as providing a method for this optimisation to be implemented in the plant using 

feedback control.  

6.2 Abstract 
Self-optimising control is a technique used to find a combination of controlled variables 

which cause the feedback control system of a plant to maintain optimum operation in the 

presence of a predefined set of disturbances. Two drawbacks of current self-optimising 

control methods are the requirement for a state-space plant model and, for most methods, the 

time taken to identify the optimum controlled variable. In this paper an approximate self-

optimising control technique is presented that uses a steady state model built in a commercial 

process simulator and has a substantially reduced computation time compared with 

conventional self-optimising control methods. This comes at the expense of a guarantee of 

selecting the most optimum controlled variable. 

The proposed self-optimising control method is applied to a geothermal organic Ranking 

cycle (ORC) power plant to optimise the flow rate of geothermal fluid in the presence of 

disturbances to the ambient temperature, fouling in the heat exchangers and proportion of 

non-condensable gas in the geothermal fluid. This resulted in the selection of a controlled 

variable that is a linear combination of fifteen plant measurements and results in optimum 

operation across all defined disturbances. 

6.3 Introduction 
Self-optimising control is a method for controlled variable (CV) selection, where the CVs are 

selected so that the feedback control system will cause the manipulated variables (MVs) to be 
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as close to their optimum values as possible across a range of defined “disturbance 

scenarios”, which represent combinations of possible plant disturbances. The method works 

by examining the deviation from the optimum operating point when a chosen process 

variable (PV) is used as a CV and the set point (SP) is the value of that measurement at the 

optimum operating point. This examination is performed for each PV out of the entire set of 

plant measurements to determine which would cause the least deviation from optimum when 

chosen as the CV. This can be extended by using combinations of PVs as a single CV. The 

common approach in the literature is to permit linear combinations of PVs as a CV and this is 

also the approach taken in this paper. To quantify the deviation from the optimum operating 

point a loss function and an objective function are defined. The loss function is the difference 

in the objective function between the optimum operating point and the operating point when 

the CV is at the SP and the objective function can be selected by the control systems engineer 

and would typically be something like profit, total production, etc. The optimum CV that 

causes the smallest loss function across the set of disturbance scenarios is selected as the CV 

to be used in the plant’s control system, which results in self-optimising control. 

Most of the current methods for self-optimising control require extensive calculations and 

subsequently take a long time to find the optimum CV. This is because to select the globally 

optimum CV the loss function for every possible PV combination at each disturbance 

scenario will need to be evaluated. The method proposed in this paper addresses this problem 

by replacing the global combinatorial optimisation typically used to select the CV by a local 

convex optimisation, so that each possible CV is not tested.  

All of the existing self-optimising control methods require the use of state-space models. This 

does not impact their effectiveness but limits the ease with which these methods can be used 

as additional expertise is needed to construct these models. One alternative is to leverage 

commercial process simulation software, which is widely used by process engineers and does 

not require as much expertise as state-space models. The approach in this paper is to combine 

a steady state model built in the commercial process simulator VMGSim with MATLAB 

code which calculates the optimum CV. This will demonstrate that steady-state models built 

in software like VMGSim can be used for self-optimising control. 

The first detailed method for self-optimising control was proposed in (Skogestad, 2000). This 

paper outlines the general idea of self-optimising control and supplies two ways to obtain the 

optimum CV: a rule based on the minimum singular value of a gain matrix and brute force 
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optimisation. The minimum singular value rule uses the gain matrix (relating the CVs and 

MVs) of a state space model that has been linearized around the optimum operating point. 

The rule states that the CVs that have the largest minimum singular value of the gain matrix 

should be selected. The reason this works is it selects CVs where a large deviation from their 

SPs will only result in a small difference in the MVs from their optimum (i.e. the gain is 

large) and these CVs will not be closely correlated. This method requires that the CVs and 

MVs be scaled in a very particular way that is detailed in the paper. The brute force 

optimisation method evaluates the loss function across the disturbance scenario for the entire 

set of candidate CVs and selects the one with the lowest value. 

In the paper (Halvorsen, Skogestad, Morud, & Alstad, 2003) the authors propose a method to 

use a linear approximation of the process around the operating point to minimise the 

reduction in an objective function from the optimum operating point as a result of 

implementing feedback controllers. This is proposed as alternative to the methods given in 

(Skogestad, 2000) due to the following drawbacks. First, the minimum singular value rule 

can result in suboptimal CV selection, as discussed in (Hori & Skogestad, 2008). Also, by 

linearizing the model the calculations needed to evaluate the loss function are reduced, which 

improves performance.  This paper also discusses the selection of combinations of PVs as 

CVs. The advantage of using combinations instead of single PVs is lower loss function 

values compared with using only one PV which means the plant will be operated closer to its 

optimum point.  

An examination of the literature also reveals that the excessive computational power needed 

to select CVs via brute force optimisation has been recognised by researchers. A series of 

papers (Cao & Kariwala, 2008; Kariwala & Cao, 2009; Kariwala & Cao, 2010) details the 

use of branch and bound techniques to reduce the amount of time it takes to select optimum 

PVs, and PV combinations, as CVs. Another paper by (Alstad & Skogestad, 2007) shows 

how optimum PV combinations can be selected quickly and simply by selecting a 

combination that lies within the null space of the optimal sensitivity matrix (which describes 

the partial derivatives of the PVs with respect to the set of disturbances). The latter method 

addresses one of the primary concerns of this paper, but assumes a lack of measurement 

error. This is also assumed in the case study presented later in this paper due to the lack of 

information on the measurement errors for the plant being studied. However, the method 

described in this paper is capable of handling measurement error.  
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As a case study, the proposed self-optimising control method is applied to a geothermal ORC 

plant. Control systems in large scale geothermal organic Rankine cycle (ORC) power plants 

are designed with respect to criteria such as controllability and observability, or by 

engineering judgement and as such do not explicitly consider plant disturbances, resulting in 

the need for more optimisation or manual control of SPs to maintain optimal operation over 

time. The literature on control of ORCs focusses on small-scale waste heat recovery units 

with variable heat resources. These papers focus on the disturbance rejection and SP tracking 

performance of the control system in the presence of plant disturbances. Both decentralised 

and centralised control schemes have been investigated and most papers report good control 

system performance. Examples of this approach can be seen in (Hou et al., 2014; Luong & 

Tsu-Chin Tsao, 2014; Quoilin et al., 2011; Zhang et al., 2012; Zhang et al., 2013). These 

concerns are irrelevant for large scale geothermal ORCs due to the stable nature of the heat 

resource and the large thermal capacitance of the ORC. The lack of substantial disturbances 

and high thermal capacity due to the size of the plant results in a lack of significant dynamic 

behaviour which means that the plant can be modelled as pseudo steady-state. Therefore, 

these plants present a good opportunity to apply the self-optimising control method described 

in this paper. 

6.4 Method 

6.4.1 Plant Layout 
The layout of the geothermal ORC plant investigated in this paper is shown in Figure 6-1. In 

this figure, green lines represent the flow of the working fluid (which is n-pentane), red lines 

represent the geothermal fluid and blue lines represent cooling air. Two-phase geothermal 

fluid provides heat to the working fluid, which is heated and vaporised before passing 

through two turbines in parallel. The fluid is then condensed with cooling air, and pumped 

back to high pressure to be heated again. There are two ORC units on-site, however only one 

plant is considered in this analysis. 
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Figure 6-1. Layout of the geothermal ORC plant. 

The MV considered in this paper is the wellhead pressure at the well furthest from the plant. 

This is used as a proxy for the geothermal flow rate which is ultimately determined by the 

position of the noncondensable gas (NCG) valve. The NCG valve opening will affect the 

pressure vs. flow characteristic of the geothermal fluid stream, which means that the wellhead 

pressure will vary monotonically with NCG valve opening. This means that it can be 

specified instead of the valve opening, which allows the model to be solved more quickly. 

There are many sensors throughout the plant which measure flows, temperatures and 

pressures. The list of fifteen plant measurements (i.e. PVs) considered in this paper is as 

follows: 

• Vaporiser brine outlet temperature 

• Vaporiser pentane inlet temperature 

• Vaporiser pentane outlet pressure 

• Vaporiser steam outlet temperature 

• NCG preheater steam outlet temperature 

• Preheater brine outlet temperature 

• Turbine outlet pressure 

• Turbine outlet temperature 

• Recuperator high pressure inlet temperature 

• Recuperator high pressure outlet temperature 

• Geothermal steam inlet temperature 
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• Geothermal brine inlet mass flow rate 

• Geothermal steam inlet mass flow rate 

• Ambient temperature 

• Generator power output 

6.4.2 General Principle of Self-Optimising Control 
As described in the papers by (Skogestad, 2000) and (Halvorsen et al., 2003), self-optimising 

control is predicated on an optimisation problem using a state-space model of a plant as 

expressed in Equation 6-1: 

min 
𝑜𝑜

𝐽𝐽(𝑥𝑥, 𝑅𝑅, 𝑑𝑑) 

𝑠𝑠. 𝐶𝐶  

𝑔𝑔1(𝑥𝑥, 𝑅𝑅, 𝑑𝑑) = 0 

𝑔𝑔2(𝑥𝑥,𝑅𝑅,𝑑𝑑) ≥ 0 

Equation 6-1 

 

Where 𝐽𝐽 is an objective function which is a function of 𝑅𝑅, which is a vector containing the 

MVs for the plant, and 𝑑𝑑, which is a vector containing disturbances impacting the plant. The 

constraints 𝑔𝑔1 and 𝑔𝑔2 represent the model equations and constraints respectively. 

Solving this optimisation problem will result in perfectly optimum operation. In practice it is 

difficult to achieve this because it would require a perfect plant model and knowledge of all 

disturbances. Self-optimising control adds an additional constraint, expressed in Equation 

6-2: 

𝑐𝑐 = 𝑐𝑐𝑠𝑠 Equation 6-2 

 

This constraint states that the CVs (𝑐𝑐) must be kept at their SPs (𝑐𝑐𝑠𝑠). This can be achieved by 

adding feedback control to the plant and selecting constant SPs. 

The difference in the value of the objective function with and without the additional 

constraint in Equation 6-2 can be thought of as a loss expressed by Equation 6-3: 

𝐿𝐿 = 𝐽𝐽(𝑐𝑐,𝑑𝑑) − 𝐽𝐽𝑜𝑜𝑝𝑝𝑡𝑡(𝑑𝑑) Equation 6-3 

 

Where 𝐽𝐽(𝑐𝑐,𝑑𝑑) is the value of the objective function when choosing a particular set (𝑐𝑐) of 
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CVs, and 𝐽𝐽𝑜𝑜𝑝𝑝𝑡𝑡  is the optimum value of the objective function found by solving the 

optimisation problem in Equation 6-1. 

In this paper, linear combinations of PVs are considered as potential CVs. This results in the 

following optimisation problem expressed in Equation 6-4 and 5: 

𝑐𝑐 =  𝐻𝐻𝑃𝑃 Equation 6-4 

  

min
𝐻𝐻

𝐿𝐿 Equation 6-5 

 

Where 𝑃𝑃  is a vector containing the PVs and 𝐻𝐻  is a matrix which defines how the 

measurements in 𝑃𝑃 are linearly combined to form the CVs. 

6.4.3 Approximate Self-Optimising Control Method 
For each disturbance scenario, the approximate self-optimising control method directly 

optimises the MV using a steady state model and records the entire set of PVs. Then, the best 

combination of PVs that are both close to constant over the range of disturbances as well as 

sensitive to changes in the MV is chosen to be the CV. The combinations are restricted to 

linear combinations of the PVs. This is a common assumption used in self-optimising control 

however in this method the selection problem is transformed from a combinatorial global 

optimisation problem to a continuous local optimisation problem by optimising the 

coefficients as a vector represented in hyperspherical coordinates. This is different than the 

conventional self-optimising control method as every possible CV is not examined which 

drastically reduces the computing resources needed. This comes at a cost of complete 

assurance that the most optimal PV combination was selected as the CV. 

Once the optimum coefficients are identified, they can be implemented in a feedback 

controller so the plant will operate in an optimal fashion. Note that for this paper only one CV 

is required, which means a vector ℎ�⃑  is used instead of a matrix 𝐻𝐻 as is shown in Equation 6-4. 

The control structure is described in Figure 6-2. This control structure will perform 

optimisation without requiring a separate optimisation layer. 



125 
 

Process

Disturbances
(d)

Measurements
(y)

Coefficients (h)

Controlled
Variable

(c)Manipulated
Variable

(u)

Feedback 
Controller

+ -

Error

Setpoint
(cs)

 

Figure 6-2. Control structure diagram showing how the self-optimising control scheme can be 

implemented in the plant. 

This controller could be implemented in the plant by replacing the feedback controller 

currently used to manipulate the NCG valve, which is currently used to control the pressure 

of the vaporiser, or manually controlled by the operators. This would result in the vaporiser 

pressure/geothermal flow no longer remaining constant, but instead the plant constantly 

adjusting to maintain optimal operating conditions.  

An alternative method would be for the controller to be built into the human machine 

interface. The current value of the CV would be presented to the operators, and they would 

manually change the set point of the current NCG valve controller until the CV reached its 

SP. This would allow this controller to be introduced to the plant on a trial basis, without the 

need for its behaviour to be fully trusted by the operators. If it performs well in practice, 

further upgrades could be done to allow it to replace the current NCG valve controller to 

allow full automation. 

6.4.3.1 Defining Disturbances 

For this analysis, three variables were chosen as disturbances. These were the ambient 

temperature, the fouling on the heat exchangers and the percentage of NCG present in the 

geothermal fluid. Disturbance scenarios are constructed as every possible combination of 

these variables, which will be used as inputs to the steady state model for subsequent 

optimisation of the MVs. 

The air temperature data was measured by the plant over a year and this was used to create an 

air temperature probability distribution which is shown in Figure 6-3. The entire range of air 
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temperatures will be used when generating disturbance scenarios and the probabilities will be 

used to weight the objective function during CV selection so more probable disturbance 

scenarios have a larger impact.  

 

Figure 6-3. The air temperature probability distribution obtained from one year of plant measurements. 

The fouling on the heat exchangers is represented by the overall heat transfer coefficient 

(UA) values in the heat exchangers that are not a clean service. These were derived from a 

steady state model of the plant, which was tuned and validated using plant data. Approximate 

results are shown in Table 6-1 (precise results are not included due to their commercial 

sensitivity).  

Table 6-1. Approximate clean and fouled UA values for the heat exchangers in the plant, used as the 

fouling disturbance. 

Heat Exchanger Clean UA (kW/K) Fouled UA (kW/K) 
Preheater 700 400 
Brine Preheater 4000 2000 
NCG Preheater 45 20 
Vaporiser 1500 1000 
Condenser 6000 5000 
 

The change in the UA values over time was observed and the highest and lowest of these 

were chosen as the boundaries for the fouling disturbance. The UA values of the heat 

exchangers are assumed to be correlated as the physical process of fouling will not impact 

only one heat exchanger. Thus the disturbance scenarios will not include situations where 

some of the heat exchangers are clean and some are fouled. Probabilistic information is not 
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included as part of the fouling disturbance; the two fouling scenarios are assumed to be equal 

in probability. This is a simplifying assumption used due to our uncertainty of the true nature 

of the fouling probability distribution. This could result in CV selection that performs better 

for extreme fouling scenarios, potentially at the expense of better performance during more 

probable fouling scenarios.  

The percentage of NCG in the geothermal fluid is derived from plant data, which places its 

value at around 0.22 % mole fraction in the total geothermal fluid stream (both vapour and 

liquid). We have been advised by the plant that they estimated its presence in the geothermal 

vapour at around 7 % mass fraction several years ago. If our estimate is used, and the NCG is 

assumed to be CO2, then performing a flash calculation gives a result of 6.5 % mass fraction 

in the geothermal vapour for a typical plant input. This broadly agrees with the plant 

operator’s estimate, and the difference can be further explained as a result of degassing of the 

reservoir. This degassing is expected to continue throughout the life of the plant, and will 

change the nature of heat transfer in the ORC. It would be beneficial for the small amount of 

degassing that is expected to take place over the next few years to be included in the CV 

selection. Therefore, we will use values of 0.17 % and 0.22 % as our NCG disturbance, 

which correspond to a mass fraction in the geothermal vapour between 5% and 6.5 % for a 

typical plant input. As with the fouling disturbance, probabilistic information is not included 

as part of this disturbance. 

6.4.3.2 Optimising Manipulated Variables 

Each disturbance scenario is provided to a previously validated steady state plant model of 

the plant constructed in the commercial process simulator VMGSim. The validation results 

for this model are presented in Table 6-2, which shows reasonable agreement between the 

model results and real plant data. The net power, which is the key output variable, has a root 

mean square error of around 4 % of the average net power value.  

A MATLAB optimisation program uses the VMGSim API to find the MVs that optimise the 

plant’s net power. This problem can be expressed by Equation 6-6: 

max
𝑀𝑀𝑀𝑀𝑖𝑖

��̇�𝑊𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡,𝑖𝑖 − �̇�𝑊𝑝𝑝𝑜𝑜𝑚𝑚𝑝𝑝,𝑖𝑖 − �̇�𝑊𝑤𝑤𝑚𝑚𝑚𝑚,𝑖𝑖� Equation 6-6 

 

Where �̇�𝑊𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡,𝑖𝑖 is the power produced by the turbines, �̇�𝑊𝑝𝑝𝑜𝑜𝑚𝑚𝑝𝑝,𝑖𝑖 is the power consumed by the 

working fluid pump, �̇�𝑊𝑤𝑤𝑚𝑚𝑚𝑚,𝑖𝑖  is the power consumed by the air condenser fans, 𝐿𝐿𝑉𝑉𝑖𝑖  is the 



128 
 

wellhead pressure and the subscript 𝐶𝐶 is the disturbance scenario number which indicates the 

value is for the 𝐶𝐶𝑡𝑡ℎ disturbance. The turbine and pump power are obtained from the model 

where the air condenser fan power is assumed to stay constant at 820 kW. 

Table 6-2. Validation results for the steady state VMGSim model used to implement the self-optimising 

control method. 

Output Variable Average Value 
(Plant Data) 

Average Value 
(Model Data) 

Root Mean 
Squared 

Error 
Recuperator Tube In Temp. (°C) 35.8 34.7 4.29 
Recuperator Tube Out Temp. (°C) 58.9 58.4 2.96 
Vap Working Fluid In Temp. (°C) 153.3 153.4 1.75 
Vap Steam Out Temp. (°C) 157.5 158.8 3.89 
Vap Brine Out Temp. (°C) 166.2 166.2 2.83 
Turbine Out Temp. (°C) 90.8 91.0 1.08 
Turbine In Pressure (kPa) 1940 1947 48.06 
Turbine Out Pressure (kPa) 123 124 5.19 
Net Power (MW) 17.4 17.4 0.670 
 

Optimisation was performed using the fminbnd function in MATLAB. Other optimisation 

functions from the MATLAB Optimization Toolbox that use gradient information, such as 

fmincon, were tried but due to the inherent limits in numerical accuracy inside VMGSim they 

failed to converge at the maximum value for most of the disturbance scenarios tested. In 

addition, they required many more model solves in order to approximate the gradient with 

finite differences, which took substantially more time due to the high cost of solving the 

model. For this reason, a gradient free method such as the one implemented by fminbnd was 

found to be the most effective. This is likely to be the case with similar process simulators 

where we do not have direct access to the model equations to provide analytical expressions 

of the gradient to MATLAB. 

At each optimum point, the list of PVs available in the plant were also read from the model 

and stored for use in the next step of the procedure. 

6.4.3.3 Controlled Variable Selection 

The method used to select the CV is shown graphically in Figure 6-4. In this figure it can be 

seen that the CV is selected by optimising the coefficients of a linear equation that is used to 

calculate the CV from multiple PV values. Further explanation of the steps used for CV 

selection is given in the rest of this section. 



129 
 

Determine value of ci

Calculate SP deviation
cs - ci

Calculate corrected SP deviation
cs – ci + cavg

opt

Calculate deviation from 
optimum MV for average 

disturbance
f(cs – ci + cavg) - uavg

optopt

Average 
disturbance curve:

f(c) = u

Optimum CV at 
average disturbance:

cavg
opt

Optimum MV at 
average disturbance:

uavg
opt

Calculate objective function 
(one value for all disturbance 

scenarios)

Optimisation 
Algorithm

Optimum 
coefficients (h)

Iterate

Complete

For each disturbance scenario:

Precalculated SP:
cs

 

Figure 6-4. CV selection for the approximate self-optimising control method. 

All CVs considered by the proposed method are linear combinations of PVs from the list 

given in section 6.4.1. They are selected by optimising the linear coefficients in order to 

minimise an objective function. The average value of the CV across the recorded dataset will 

be used as the SP for the CV in the feedback controller. The optimisation problem used to 

select the CV is shown in Equation 6-7. This objective function was chosen because it is 

assumed that the deviation of the MV from its optimum has a monotonically decreasing 

relationship with the net power. Therefore, minimising this objective function will maximise 

the expected net power across the disturbance scenarios. 
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min
ℎ��⃑
��𝑝𝑝𝑖𝑖 × ∆𝑅𝑅𝑖𝑖 2

𝑚𝑚

𝑖𝑖

� Equation 6-7 

 

Where ∆𝑅𝑅 is the deviation of the MV from its optimum value compared to its value when the 

CV is at its SP (i.e. the deviation from optimum as a result of implementing the CV in a 

feedback controller), 𝑝𝑝  is the probability of the disturbance scenario, 𝑅𝑅  is the number of 

disturbance scenarios (80 for this study) and ℎ�⃑  is a vector of the linear coefficients the PV 

values are multiplied by to form the CV, as shown in Equation 6-8: 

𝑐𝑐 =  ℎ�⃑ ∙ �⃑�𝑃 = ℎ1𝑃𝑃1 + ℎ2𝑃𝑃2 + ⋯+ ℎ𝑚𝑚−1𝑃𝑃𝑚𝑚−1 + ℎ𝑚𝑚𝑃𝑃𝑚𝑚 Equation 6-8 

 

Where 𝑐𝑐 is the controlled variable, �⃑�𝑃 is a vector containing the PVs that are measured in the 

plant and 𝑚𝑚 is the number of plant measurements (which is fifteen for this study). The CV at 

each optimum point identified in the previous step can be constructed by evaluating the dot 

product of the �⃑�𝑃 at each optimum point with ℎ�⃑ . 

The difference between the modified self-optimising control method and the conventional 

approach is that ∆𝑅𝑅𝑖𝑖 is approximated by assuming that the change in the MV for a particular 

disturbance scenario is the same change that would occur for the average disturbance, if the 

change in the CV with the disturbance were the same. This can be expressed symbolically by 

Equation 6-9: 

∆𝑅𝑅𝑖𝑖  ≅ 𝑓𝑓�𝑐𝑐𝑠𝑠 − 𝑐𝑐𝑖𝑖 + 𝑐𝑐𝑚𝑚𝑎𝑎𝑎𝑎
𝑜𝑜𝑝𝑝𝑡𝑡� − 𝑓𝑓�𝑐𝑐𝑚𝑚𝑎𝑎𝑎𝑎

𝑜𝑜𝑝𝑝𝑡𝑡� 

            ≅ 𝑓𝑓�𝑐𝑐𝑠𝑠 − 𝑐𝑐𝑖𝑖 + 𝑐𝑐𝑚𝑚𝑎𝑎𝑎𝑎
𝑜𝑜𝑝𝑝𝑡𝑡�  − 𝑅𝑅𝑚𝑚𝑎𝑎𝑎𝑎

𝑜𝑜𝑝𝑝𝑡𝑡  

 

Equation 6-9 

Where 𝑐𝑐𝑠𝑠  is the SP, (which as mentioned earlier is the average value of 𝑐𝑐𝑖𝑖  across the 𝑅𝑅 

disturbance scenarios), the superscript 𝐶𝐶𝑝𝑝𝐶𝐶 refers to the value at the optimum operating point 

and the subscript 𝑃𝑃𝑅𝑅𝑔𝑔 refers to the value at the average disturbance. The function 𝑓𝑓(𝑐𝑐) takes 

the CV as an argument and returns the corresponding MV for the average disturbance. It is a 

constraint for the optimisation problem that the relationship between CV and MV for the 

average disturbance be monotonic. This means that the function 𝑓𝑓(𝑐𝑐) will have one input for 

every output and vice versa. It also means the stability of the resulting control scheme will be 

increased because a feedback controller will always return the plant to the optimum MV (i.e. 
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there will be only one MV for any given CV, assuming that monotonicity in the average 

disturbance curve implies monotonicity in the curves for all the disturbance scenarios).  

The true value of ∆𝑅𝑅𝑖𝑖 can be expressed by Equation 6-10: 

∆𝑅𝑅𝑖𝑖 = 𝑅𝑅𝑖𝑖ℎ − 𝑅𝑅𝑖𝑖
𝑜𝑜𝑝𝑝𝑡𝑡 Equation 6-10 

 

Where 𝑅𝑅𝑖𝑖ℎ is the value of the MV when the CV is at the SP (dependent on the choice of �⃑�𝑃) 

and 𝑅𝑅𝑖𝑖
𝑜𝑜𝑝𝑝𝑡𝑡 is the value of the MV at the optimum point. 

The term 𝑓𝑓�𝑐𝑐𝑠𝑠 − 𝑐𝑐𝑖𝑖 + 𝑐𝑐𝑚𝑚𝑎𝑎𝑎𝑎
𝑜𝑜𝑝𝑝𝑡𝑡�  is meant to provide a value for the MV that would be an 

equivalent distance away from 𝑅𝑅𝑚𝑚𝑎𝑎𝑎𝑎
𝑜𝑜𝑝𝑝𝑡𝑡  as 𝑅𝑅𝑖𝑖ℎ would be away from 𝑅𝑅𝑖𝑖

𝑜𝑜𝑝𝑝𝑡𝑡. This idea is expressed 

graphically in Figure 6-5. 

CV

MV

CV

MV

Disturbance “i” Average Disturbance

(Approx)

(Not calculated)

 

Figure 6-5. The approximation for ∆𝒖𝒖𝒖𝒖 used in the self-optimising control method presented in this paper. 

The approximation will be affected by the difference in the gradient of the MV vs CV curves 

for the average disturbance and the 𝐶𝐶𝑡𝑡ℎ disturbance over the region of interest. For example, if 

the gradient were smaller for the average disturbance plot then the approximation for ∆𝑅𝑅𝑖𝑖 

would be larger than the true value. In addition, there is no guarantee that the line will be the 

same shape between different disturbance scenarios. However the more optimal results 

should have smaller differences between 𝑐𝑐𝑖𝑖 and 𝑐𝑐𝑚𝑚𝑎𝑎𝑎𝑎
𝑜𝑜𝑝𝑝𝑡𝑡  which will mitigate the inaccuracy. In 

addition if the change in the gradient of the curve is approximately linear with respect to the 

magnitude of the disturbance then the error in approximation will “cancel out” to some 

degree when ∆𝑅𝑅𝑖𝑖 is summed across the entire set of disturbance scenarios. Multiplying the 
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disturbance scenarios by their probability will also result in a more accurate objective 

function, since the disturbance scenarios closer to the average disturbance will have more of 

an impact and these should have less of an error (again, provided the change in the curve is 

approximately linear with respect to the disturbance magnitude). 

This optimisation is complicated by the fact that the orthogonal components of the vector ℎ�⃑  

could take any value between ±∞. The range of values that these components can take can 

be substantially reduced by considering their impact on a feedback controller. If all of the 

values were multiplied by a common factor, an identical feedback controller could be 

constructed by multiplying the SP by the same factor. The insight that can be gained from 

this is that the magnitude of the vector ℎ�⃑  is irrelevant, only its direction matters, which 

indicates how much of a weighting should be placed on any particular measurement in the 

CV. This leads to implementing ℎ�⃑  in hyperspherical coordinates, with the radius set at a 

constant value (in this study 1 was used) and 𝑚𝑚− 1 angular coordinates. Implementing the 

vector in this way also removes the need to conduct constrained optimisation. The angular 

coordinates can take any value while still mapping back to the surface of a hypersphere. It 

should be noted that the optimisation was still constrained by requiring ℎ�⃑  to specify a CV that 

was monotonic with MV. 

The optimisation was performed in MATLAB using the fminunc function from the 

Optimization Toolbox. The monotonic constraint was specified by having the objective 

function return very high values if monotonicity was detected in the average disturbance. 

Prior to performing the optimisation, the model was run for the entire valid range of MV for 

the average disturbance, and the PVs at each MV were recorded. This allowed the 

construction of the function 𝑓𝑓(𝑐𝑐) and the check for monotonicity in the objective function. 

The optimisation required an original starting location and this location must specify a CV 

that is monotonic with MV. In order to do this a search of angular coordinates was performed 

to check every combination of angular coordinate divisible by 𝜋𝜋
3
 for monotonicity within the 

range 0 ≤ 𝜃𝜃 ≤ 2𝜋𝜋  for the first angular coordinate and 0 ≤ 𝜃𝜃 ≤ 𝜋𝜋  for the remaining 

coordinates (which evaluated the surface of the hypersphere at equidistant points). The result 

was a list of approximately 2.4 million points where monotonicity can be observed. Any of 

these points is a viable starting location, however when the first point was used this resulted 

in a highly satisfactory result and it was deemed unnecessary to test any further points. 
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6.4.3.4 Implementation Details 

Pre-processing was carried out as part of the optimisation procedure which allowed a final 

solution to be found. First, all measured variables from the model used in the analysis were 

normalised by dividing them by the result for the average disturbance. This allowed the 

optimisation problem to be solved because each orthogonal component of ℎ�⃑  had a similar 

effect on the total CV. It was found that without normalisation the optimisation program was 

unable to solve due to numerical problems associated with the large differences in scale 

between the various measurements. We believe this is due to the fact that when ℎ�⃑  was 

transformed into hyperspherical coordinates, the angular components map to more than one 

linear coefficient in Equation 6-8 and thus to more than one PV. If an angular coordinate 

mapped to multiple PVs that were very different in scale, when the optimisation program 

calculated the finite differences with respect to the angular coordinates they were dominated 

by PVs that are of greater scale, which means the other PVs will not be taken into account. 

This meant that the optimising program would proceed in the wrong search direction and 

would not converge at a satisfactory ℎ�⃑ . 

Second, the function 𝑓𝑓(𝑐𝑐) was implemented using polynomial regression on the set of MV 

and CV values collected over the MV range for the average disturbance. As seen in Figure 

6-5, this function is needed to calculate the approximate ∆𝑅𝑅𝑖𝑖 used in the objective function. It 

was found during optimisation that when the initial ℎ�⃑  value (found as part of the search for 

angular coordinates that result in a monotonic relationship between MV and CV) was used, 

the optimisation failed to converge if the polynomial used in regression was of high order. 

MATLAB displayed warnings about the scale of the independent variable (the CV) in this 

case, which we believe to be why the optimisation program could not converge. If the 

function was initially implemented using a lower order polynomial (e.g. 2nd order) this 

allowed the optimiser to find a new ℎ�⃑ , with CVs that are similar in scale, from which the 

polynomial order could then be increased to determine the final ℎ�⃑ . 

Finally, it was found that applying the probability weightings to the objective function would 

cause the optimisation to fail to converge if it were performed using the initial ℎ�⃑ . This was 

solved by first assuming all disturbance scenarios had the same probability, then performing 

optimisation. The resulting ℎ�⃑  was then used as a starting point for the probability weighted 

objective function which was used to find the final ℎ�⃑ . 
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6.4.3.5 Extreme Disturbance Scenarios 

The robustness of the CV to disturbances that were not part of the original disturbance 

scenarios used in its creation was tested. Four additional disturbance scenarios with values 

outside their originally defined range were tested in the model. These disturbance values 

were: 

• 25 % above the ambient temperature range (29.25 °C) 

• 25 % below the fouling range, which approximately corresponds to the following UA 

values: 

o Preheater – 325 kW/K 

o Brine Preheater –1500 kW/K 

o NCG Preheater –13.75 kW/K 

o Vaporiser –875 kW/K 

o Condenser –4750 kW/K 

• 25 % below the range of mole fractions of NCG in the geothermal fluid (0.1575 %) 

• The vaporiser and condenser at their clean UA values, while the remaining heat 

exchangers are at their fouled UA values (i.e. violating the assumption that they are 

correlated and fouling should occur across all heat exchangers simultaneously). 

In each of these scenarios, for each disturbance value that was changed the remaining 

disturbances were set to their average value. 

6.5 Results and Discussion 

6.5.1 Optimum Measurement Combination 
The result of the optimisation was a vector of linear coefficients that is used to construct the 

CV as specified by Equation 6-8. Their values are given in Table 6-3, accurate to three 

significant figures. 

The optimisation reduced the objective function to around 2.6 × 10-5. As this is the 

probability weighted value of the deviation in the MV from its optimum this means it is an 

average measure of the difference in kPa between the optimum wellhead pressure and 

wellhead pressure across the disturbance scenarios if the optimised CV was used to control 

the plant. The CV was also checked by running the model with the additional constraint that 

the wellhead pressure must be chosen to make the CV equal to its SP. This resulted in no 

effective difference from the optimum net power across the entire range of disturbance 
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scenarios. In effect, this CV when implemented in a feedback controller manipulating the 

NCG valve position should result in optimum plant operation.  

This finding means that the probabilistic information that was used to generate the optimum 

CV is irrelevant, since all disturbance scenarios were able to be completely optimised. 

However, it is hoped that if the method is applied to a problem where complete optimisation 

across all scenarios cannot be achieved with a linear combination of the PVs that are 

available, then the use of probabilistic information in the objective function will mean that 

more probable scenarios are optimised at the expense of less probable scenarios. 

Table 6-3. The linear coefficients of the self-optimising CV. 

Measurement / Process Variable Unit of Process 
Variable 

Coefficient 

Vaporiser brine outlet temperature °C 7.43 
Vaporiser pentane inlet temperature °C -6.70 
Vaporiser pentane outlet pressure kPa -0.356 
Vaporiser steam outlet temperature °C 13.9 
NCG preheater steam outlet temperature °C 0.945 
Preheater brine outlet temperature °C -11.5 
Turbine outlet pressure kPa -0.106 
Turbine outlet temperature °C -18.2 
Recuperator high pressure inlet temperature °C -20.1 
Recuperator high pressure outlet temperature °C 42.3 
Geothermal steam inlet temperature °C -45.9 
Geothermal brine inlet mass flow rate kg/h 2.76E-03 
Geothermal steam inlet mass flow rate kg/h -9.02E-03 
Ambient temperature °C 2.94 
Generator power output W 1.53E-08 

6.5.2 Robustness of Optimum Controlled Variable 
The extreme disturbance scenarios described in 6.4.3.5 were also run in the model. The 

results for the first three extreme disturbance scenarios showed no difference from optimum 

plant operation, however the final result, where the assumption that fouling would be 

correlated across the heat exchangers was violated, had a difference of 6 kW from optimal 

operation. 

This deviation shows the importance of considering all disturbances that are likely to impact 

the plant during optimisation of the CV. However, these results do show that the CV chosen 

in this analysis is at least somewhat robust to extreme disturbances outside the expected 

range. The deviation of 6 kW represents approximately 0.03 % of the optimum net power for 

the particular disturbance scenario, which is a very small difference when placed in context. 
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6.5.3 Comparison with Existing Controller 
The existing controller is a PI controller which keeps the vaporiser shell-side (working fluid) 

pressure at a constant SP by varying the NCG valve position. Determining a suitable method 

to compare this controller with self-optimising control is difficult because of instability in 

some disturbance scenarios for the existing controller. When the impact of a disturbance 

results in a vaporiser pressure that is lower than the SP and the NCG opening position is 

higher than its optimum value for that disturbance, the PI algorithm will open the NCG valve 

further in an attempt to drive the vaporiser pressure higher. However, since the NCG valve 

opening is larger than its optimum value, this will actually lower the pressure resulting in a 

positive feedback loop and unstable operation. 

Considering this, the solution to developing a viable comparison method is to acknowledge 

that in the real plant the operators will continuously adjust the SP to maintain stability and 

also to try to increase net power production. When they make an adjustment they are likely to 

leave a margin of error to ensure the SP is not set beyond the limit of the system, this is 

because if the SP is set higher than what is possible a similar positive feedback loop as 

described in the previous paragraph will be created. In addition, the process knowledge of the 

operator will affect how close they will set the SP to its optimum value. Therefore, the model 

was run for each disturbance scenario with the conventional controller for multiple SPs which 

deviated from the optimum value by 1, 5, 10, 20 and 50 kPa. These results are presented in 

Table 6-4.  

Table 6-4. Net power comparison of conventional PI control with self-optimising control. 

SP Deviation (kPa) 0 -1 -5 -10 -20 -50 
Avg. Net Power (MW) 18.92 18.88 18.84 18.79 18.68 18.37 
Power Decrease (MW) 0 0.04 0.08 0.13 0.24 0.54 
Percent Reduction 0 % 0.20 % 0.41 % 0.68 % 1.24 % 2.87 % 
 

As can be seen in the table, deviation from the optimum SP results in a reduction in net 

power. Self-optimising control will result in optimal operation, which allows a comparison 

between it and the existing controller. While the exact amount of deviation from the optimum 

with the existing controller is unknown, it is unlikely to exceed 50 kPa. Therefore, it can be 

said that the increase in net power as a result of implementing self-optimising control will lie 

somewhere between 0-540 kW. 
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6.6 Conclusion 
The assumptions made in the proposed method whereby the conventional combinatorial 

global optimisation problem of CV selection is transformed into a local continuous 

optimisation problem could result in sub-optimal operation if the assumptions are invalid. 

Whether or not this is true is dependent on the plant being controlled and cannot be predicted 

in advance. Therefore, we suggest this method be used as a first step in CV selection which 

should be tried prior to performing more computationally intensive and mathematically 

rigorous conventional self-optimising control methods. If this method results in an effective 

CV selection no further analysis will be required, but if it is unsuccessful conventional 

methods can still be applied.  

It was found that the proposed method for CV selection would be highly effective if 

implemented in the particular geothermal ORC that is the focus of this analysis. This 

indicates that it will probably be effective for other geothermal ORC plants. These plants 

typically do not exhibit substantial dynamic behaviour, which means that the steady state 

optimisation offered by the modified self-optimising control method should result in good 

performance. For the range of disturbance scenarios used to optimise the CV, the model was 

brought to its optimum operating point when the CV was held at its SP. For most of the 

extreme disturbance scenarios, which lie outside the range used to originally optimise the 

CV, the model was also brought to its optimum operating point. However, the final extreme 

disturbance scenario, where the assumption that the heat exchanger UA values are correlated 

was violated, shows a reduction in net power of 0.03 % in comparison to the optimum. This 

indicates the CV is reasonably robust to errors in defining the disturbance scenarios. 

These results show that the cost of implementing optimisation on geothermal ORCs can be 

reduced by using the modified self-optimising control approach to design feedback control 

that inherently optimises plant operation. This method removes the need for a separate 

optimisation layer on top of the regulatory control system which should reduce the cost of 

implementing optimisation and as it operates using normal feedback control mechanisms we 

suggest it will be more easily understood by plant operators in comparison to more 

sophisticated plant optimisation techniques and is thus more likely to be accepted by the end 

user.  
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7 Conclusion 
The objective of this thesis was to investigate the improvements that can be made to 

geothermal ORCs by applying modelling, control and optimisation techniques. The focus was 

on methods that can be applied easily and inexpensively in order to suit the business 

environment of the commercial operators of these plants who are limited in the scale of their 

operations compared with operators in other process industries. To accomplish this six 

research aims were established. These aims focus on optimisation and control techniques that 

depend on plant models. Steady state and dynamic plant models were developed and various 

control and optimisation techniques were tested to evaluate the improvement in geothermal 

ORC operation that could be achieved. From these tests, key results are obtained that can be 

related back to the original thesis objective. 

The first of these key results is a lack of significant dynamic behaviour in geothermal ORCs. 

A dynamic model of a geothermal ORC was built using the process simulator VMGSim and 

validated with twenty-four hours of plant data. From the results of this study it was found that 

the dynamics of the ORC are fast enough that the plant can be effectively modelled as 

pseudo-steady state. The impact of this result is that options for applying advanced process 

control to geothermal ORCs are very limited. In addition, the existing literature describing 

the control of waste heat recovery ORCs is revealed as irrelevant to geothermal ORCs. One 

area where more sophisticated control may be relevant to geothermal ORCs is in the 

geothermal gathering system, which due to the large capacitance of the pipelines does exhibit 

dynamic behaviour. This was investigated in this thesis where a feed-forward controller was 

applied to the wellhead valves in order to speed up the response of the geothermal steam 

pressure. While applying feed-forward did improve the response of the steam pressure this 

had little impact on the net power produced by the plant. However, one positive result of this 

was the amount of geothermal fluid emitted to the atmosphere upon changes to the 

geothermal flow rate was reduced, which may benefit the sustainability of the geothermal 

reservoir. 

Another key result was the finding that a limited optimum geothermal flow rate exists. 

Incorporating the geothermal gathering system into a steady state model of a geothermal 

ORC showed that a combination of pressure loss of the two phase geothermal fluid in the 

pipelines combined with the pressure-flow relationship of the working fluid in the ORC 

meant that increasing the geothermal flow rate did not necessarily increase the net power 
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produced by the plant. This result means that controlling a geothermal ORC to operate in an 

optimal fashion requires determining the optimum geothermal flow rate for the given process 

conditions, not simply determining the maximum flow rate possible and holding it at that 

constraint. 

The last key result is that considering the range of disturbances a plant is subject to, not just 

the average, is essential for improving the performance of geothermal ORCs. This result is 

demonstrated by the work done in sizing the air-cooled condenser and in implementing self-

optimising control on geothermal ORCs. There is an economic gain to increasing the size of 

the air condenser, which is only obvious after considering the range of air temperatures at the 

plant site over the year. Also, self-optimising control uses a predefined set of disturbances 

that encompass the range which the plant is subject to. In both of these cases it is only by 

considering the range of disturbances that the plant can be truly optimised. 

These three results show that steady state optimisation can improve the operation of 

geothermal ORCs and control can be safely ignored as an area for improvement. 

Conventional feedback control methods such as decentralised PI and PID controllers are 

sufficient for operation of geothermal ORCs although there may be niche opportunities for 

more sophisticated methods in the geothermal gathering system. Although optimisation can 

be performed on only the average plant conditions to reasonable effect, work in this thesis 

shows that optimisation of geothermal ORCs should consider the range of the disturbances in 

order to maximise the value produced from these plants. Finally, the work on self-optimising 

control, in addition to demonstrating the usefulness of considering the full range of 

disturbances, also shows a cost effective way of implementing an optimisation programme at 

low cost in geothermal ORC plants. 

7.1 Future Work 
While conducting the literature review and the work presented in this thesis some areas of 

interest arose that either lie outside the scope of this thesis or are a natural extension of the 

work presented in the papers. These are outlined below and may be a useful resource for 

researchers intending to do further work in this area. 

• From the literature review a gap in the research on multi-objective optimisation for 

geothermal ORC design was identified. This topic is a compelling avenue for further 

research because it is an alternative to optimising an objective function dependent on 
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economics, which would require less information (such as plant costs) to calculate and 

if the results were presented appropriately, would allow decision makers to 

understand the trade-offs inherent in the design of the plant. 

• The parameter estimation method used in the geothermal ORC models presented in 

the thesis could be improved by the use of statistical techniques. This was avoided in 

this thesis due to the simpler methods producing reasonably accurate results, but 

further investigation could make the models more statistically rigorous and thus able 

to be used for formal statistical inference.  

• The reinjection system could be modelled mechanistically, in the same way the 

gathering system was modelled, which would require more measurements that could 

not be extracted from the existing control system of the plant modelled in this thesis. 

This would provide more confidence around the reinjection limit for this particular 

plant but because it is likely that all geothermal ORC reinjection systems will have a 

pressure-flow relationship (where the flow is proportional to the square root of the 

pressure drop) this will not change the key result in this thesis that there is a limited 

optimum geothermal flow rate for geothermal ORC plants. 

• Future work relating to the heuristic sizing of the air condenser was given at the end 

of the third paper in this thesis. In addition to this, more systematic optimisation of the 

air-condenser design in line with the methods used in the literature, as described in the 

introductory chapter, should be possible by using the more sophisticated modelling 

tools developed in the last two papers. 
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Appendix A: Software Integration 

Problems Solved via Software Integration in this Thesis 
Technical challenges arose while answering the research questions that are addressed in this 

thesis which related to the modelling of geothermal ORCs. These challenges were solved by 

integrating the process simulator VMGSim with Microsoft Excel and MATLAB to create 

“modelling toolsets”. This appendix describes the structure of these toolsets, describes the 

component programs and functions that comprise them and provides the source code for the 

programs that were written as part of the work done in this thesis (proprietary source code is 

not included). 

There were three problems addressed by the creation of the modelling toolsets. These were: 

the ability to solve the model autonomously for a wide variety of inputs within a reasonable 

time frame, the optimisation of the model using optimisation algorithms outside VMGSim 

and improving the robustness of the model when the error tolerances in VMGSim were set to 

lower than normal values. 

Solving these three problems permitted the work presented in the last two papers in this thesis 

to be completed. This involved constructing three separate modelling toolsets which have 

different use cases based on the work that needed to be done. These use cases were: 

• Determination of model parameters 

• Validation of model parameters 

• Optimisation 

o Brute force optimisation 

o Convex optimisation, for self-optimising control 

The modelling toolsets have some components in common, but are slightly different from one 

another depending on their intended use case. The following section will describe the 

structure of these toolsets and give a brief description of the functions of the various 

components. 

Toolset Structure 
All of the modelling toolsets have the same basic structure. A VMGSim model is run by a set 

of MATLAB programs by using Excel as an intermediary. The company that makes 

VMGSim, Virtual Materials Group (VMG), has written VBA code that allows Excel to be 
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connected to VMGSim and custom VBA to be written that manipulates the model. For this 

thesis, custom VBA code was written to serve as an interface that allows MATLAB to read 

and write from the VMGSim model, allowing its more sophisticated programming 

environment to be used to solve the problems posed by the research questions in this thesis. 
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Figure A-1. Model toolset used to run a set of predefined inputs in the VMGSim model. 

The first toolset corresponds to validating model parameters and brute force optimisation. 

Both of these use cases require the model to be solved for a predefined set of inputs. For 

validating model parameters these inputs were the dataset collected from the plant’s control 

system. By running each point in the dataset in the model and collecting the model outputs 

they could be compared to the outputs from the real plant in order to determine the quality of 

the parameters. For brute force optimisation the inputs were the range of manipulated 

variables. The optimum point can be found by evaluating the objective function for each 

combination of manipulated variables, then selecting the one that either maximises or 
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minimises the objective function. Since both use cases require the model to be solved for a 

given set of inputs both can be accomplished by the same toolset.  
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Figure A-2. Model toolset used to find the model parameters from plant data. 

Figure A-1 shows the names of the various components comprising the overall toolset. This 

figure also shows at which points the different programs VMGSim, Excel and MATLAB 

operate and how the components depend on one another. Broadly speaking, the toolset can be 

divided into two sections. The first is the model input/output section, which only reads and 

writes data from the model. The second is the section which solves the model for each point 

in the dataset. This section consists of the “simsolve” and “solvedataset” MATLAB 

programs.  

The second toolset was used to find the model parameters. This was done by solving a 

different VMGSim model using data taken from the plant’s control system. This VMGSim 

model was configured to accept a different set of inputs and to have the model parameters as 
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outputs. By examining Figure A-2 it can be seen that this toolset was constructed by 

replacing only three components of the previous toolset: the VMGSim model and the two 

MATLAB programs “simsolve” and “solvedataset”. The VMGSim model was replaced by 

the specially configured model that outputs the model parameters. The two MATLAB 

programs were replaced by analogous programs that load the inputs from the dataset and 

collect the model outputs (i.e. the model parameters) then process the outputs to obtain the 

final model parameters.  

optimiseCV

re
so

lv
eu

ni
to

p

re
ad

st
at

us

M
ic

ro
so

ft
 E

xc
el

Geothermal ORC Model

Proprietary “VMGCallback” VBA Object

↑ Custom VBA Code ↑

re
ad

va
r

writevar v2

st
ar

ts
im

ho
ld

sim

M
AT

LA
B

Excel COM Object - excelcom

mdlerrors

solvemdl

VM
GS

im

optimisewellP

optdist

getoptmeas

getmeasrng

M
od

el
 S

ol
ve

r
O

pt
im

isa
tio

n
M

od
el

 I/
O

 

Figure A-3. Model toolset for self-optimising control. 

The final toolset was used in the final paper to determine the optimum linear measurement 

combination for self-optimising control. For this toolset the model input/ouput section was 

overhauled to keep most of the processing in Excel. In addition, the custom VBA code was 



145 
 

rewritten to make it more reliable, which allowed the VMGSim model to be solved with 

greater accuracy (i.e. lower error tolerances). This allowed MATLAB programs from the 

“Optimization Toolbox” to be used in some of the MATLAB programs in the toolset. In 

addition, substantial amounts of error checking that was performed in the MATLAB 

programs could be removed as the errors that arose with the previous two datasets were either 

handled or avoided by the new VBA code. This toolset can be divided into three sections: 

model input/output, model solver and optimisation. The first toolset only had a model 

solution section and so performed optimisation by exhaustively examining each input 

whereas this toolset has both a solution and optimisation section where the optimisation 

section uses convex optimisation techniques to obtain a solution.  

Table A-1. Overview of model toolset components. 

Component Description 
readvar A VBA function that reads data from the VMGSim model 
writevar A VBA function that writes data to the VMGSim model 
resolveunitop A VBA function that resolves unit operations that fail to converge. 
readstatus A VBA function that detects if a unit operation has failed to converge. 
startsim A VBA subroutine that restarts the model if it has been halted. 
holdsim A VBA subroutine that halts the model. 
excelcom A MATLAB object that allows communication with Excel. 
siminput A MATLAB function that writes data to Excel. 
simoutput A MATLAB function that reads data from Excel. 
meas A MATLAB function that reads a predefined set of plant measurements. 
simsolve A MATLAB function that solves the VMGSim model. 
solvemdl A MATLAB function that solves the VMGSim model (newer version) 
mdlerrors A MATLAB function that calculates convergence errors for equations 

external to the VMGSim model. 
sovledataset A MATLAB function that solves the model for each point in a dataset. 
paramcheck A MATLAB program that determines an ideal set of parameters for each 

datapoint in a validation dataset. 
findparam A MATLAB program that calculates an overall set of parameters based 

on the results of “paramcheck”. 
optimisewellP A MATLAB function that determine the optimum wellhead pressure for 

a given disturbance scenario. 
optdist A MATLAB program that runs “optimisewellP” for a set of disturbance 

scenarios. 
getoptmeas A MATLAB program that obtains the plant measurements at each 

optimum wellhead pressure for a set of disturbance scenarios. 
getmeasrng A MATLAB program that obtains a set of plant measurements for the 

viable range of manipulated variables for the average disturbance. 
optimiseCV A MATLAB function that obtains the optimum combination of plant 

measurements to use as a controlled variable. 
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Table A-1 contains a brief description of the custom VBA and MATLAB components for all 

three toolsets. A full description along with the source code for each component is presented 

later in this appendix. 

Workflow Diagrams for MATLAB Programs 
The following diagrams show the steps taken to use the model toolsets for parameter 

estimation and validation, brute-force optimisation and self-optimising control. These 

diagrams focus on the use of the MATLAB programs and related manual operations. The 

Excel/VBA components are excluded because their use is comparatively simple. However, 

the interactions between the MATLAB programs are complex and it can be difficult to grasp 

what information is being passed between the programs. These diagrams will provide this 

information. 

Manual ProcessMATLAB 
Program

 

Figure A-4. Key for MATLAB program workflow diagrams. 

Both MATLAB programs and manual processes are included as steps in the model solution 

process and are displayed as shown in Figure A-4. The manual processes were performed on 

an ad-hoc basis by using snippets of code from the MATLAB programs and simple 

manipulation of input data to arrange it in a format the MATLAB programs are able to use. 

The nature of the manual processes will be discussed for each diagram, along with a brief 

description of how the MATLAB programs cooperate to calculate the final output of the 

overall process. 
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Figure A-5. Workflow diagram for determination of model parameters. 

Figure A-5 describes the process used to determine the model parameters. The manual 

process refers to taking data from the plant’s control system and converting it into a matrix 

that can be accepted by the MATLAB program “paramcheck”. The data was initially 

provided as a comma separated value (CSV) file. As described in section 5.4.2.2, two thirds 

of this data was used for estimation of the parameters, with the remainder being used for 

validation. The estimation data was separated out from the CSV file and ordered by the 

month it was recorded. The resulting datasets were incorporated into a MATLAB cell array 

that could be provided to “paramcheck”. The remainder of the process was carried out by 

MATLAB programs. This involved loading the input data into a VMGSim model, reading 

parameter values for each datapoint and then averaging these results to obtain the final 

parameter set.  
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Figure A-6. Workflow diagram for validation of estimated model parameters. 

Figure A-6 details the process used to validate the estimated model parameters. The manual 

process was similar to the previous step, except the data set aside for parameter validation 

was collected and imported into MATLAB, along with the parameters estimated in the 

previous step. The MATLAB program “solvedataset” was run for the input data for each 

month and the model results read for each datapoint. This allowed the model results to be 

compared to the validation data manually and the error to be calculated. 

Figure A-7 describes the process used to optimise the geothermal flow rate and turbine area 

for the work reported in Chapter 5. Initially a set of parameter values and range for the 

manipulated variables were created as matrices within MATLAB. The MATLAB program 

“solvedataset” was used to obtain the model results (specifically the power output) for each 

point in the manipulated variable range. The objective function at each point was calculated 

manually, which allowed the surface plots shown in 5.5.1 to be generated. Finally, the 

manipulated variables were fine-tuned by manually varying them until the optimum values 

were located. 
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Figure A-7. Workflow diagram for brute-force optimisation. 

Figure A-8 shows the process used to obtain the optimum linear combination of plant 

measurements that can be used as a controlled variable for self-optimising control. This 

process starts with the creation of disturbance scenarios. An expected range for each 

disturbance variable was determined and a matrix containing the possible combinations of 

disturbance values within those ranges was created. The optimum wellhead pressure was 

found at each of these disturbance scenarios by using the program “optdist” and the plant 

measurements at each optimum pressure was found using “getoptmeas”. In addition, the plant 

measurements across the possible range of wellhead pressures for the mean disturbance was 

found along with the plant measurements at the optimum wellhead pressure for the mean 

disturbance. All of this information is processed by the program “optimiseCV” to obtain the 

linear coefficients that correspond to each plant measurement for the optimum controlled 

variable. 
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Figure A-8. Workflow diagram for self-optimising control. 

Component Descriptions and Source Code 
This section contains a description and the source code for all components in the model 

toolsets that were written in the course of this thesis. These are divided by the sections given 

in braces for Figures A-1 to A-3: model input/output, model solver, obtain parameters and 

optimisation. 

Model Input/Output 

readvar  

This VBA function will accept a VMGSim path as an argument and query the VMGSim 

model to determine the value of that path, which could be a temperature, pressure etc. in the 

model. This program is a typical source of error that has to be dealt with by the MATLAB 
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programs. If there is a problem with VMGSim, for example if the model fails to converge, it 

results in this function returning the value -12322.  

Public Function readvar(varname As String) As Double 
    On Error GoTo ErrHandler: 
    Dim vVar As VMGVariable 
    Set vVar = gVMGEngine.RootFlowsheet.GetVMGObject(varname) 
    readvar = vVar.GetValue 
    Exit Function 
ErrHandler: 
    readvar = -12322 
End Function 

writevar 

This VBA function accepts both a VMGSim path and value as arguments. It will install the 

value in that particular path. This program also has error handling, it returns a true value if an 

error was encountered, otherwise it returns a false value. As with readvar this is detected by 

the MATLAB programs so these errors could be handled by the toolset. 

Public Function writevar(varname As String, varvalue As Double) As Boolean 
    On Error GoTo ErrHandler: 
    Dim vVar As VMGVariable 
    Dim names As String 
    Set vVar = gVMGEngine.RootFlowsheet.GetVMGObject(varname) 
    vVar.SetValue (varvalue) 
    writevar = False 
    Exit Function 
ErrHandler: 
    writevar = True 
End Function 

writevar v2 

The VBA function “writevar” was updated so the accuracy of the VMGSim model could be 

increased. In the second version, it monitors the status of unit operations in VMGSim that 

require iteration to solve. These units are pipe segments and heat exchangers. Prior to the 

function being updated, the accuracy of these unit operations was limited as attempting to set 

the error tolerance in VMGSim to lower values resulted in a failure to converge the model. In 

the new function if a failure to converge is detected the function will make smaller steps from 

the current VMGSim solution to the new one, allowing the model to be solved to within all 

the error tolerances set for each unit operation. It does this by first attempting to move from 

the current solution to the new one in a single step. It then examines the status of the unit 

operations, if they have failed to converge the function resets VMGSim and attempts half a 

step, and if needed half again and so on. This continues until the function is able to solve for 

the new value. 
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Public Function writevar(varname As String, varvalue As Double) As Boolean 
     
    ' Define variables 
    Dim vVar As VMGVariable 
    Set vVar = gVMGEngine.RootFlowsheet.GetVMGObject(varname) 
    Dim step As Double 
    Dim i As Integer 
    Dim unitnames(0 To 12) As String 
    Dim currvarvalue As Double 
    Dim convfail As Boolean 
     
    ' Define array of unit op names 
    unitnames(0) = "VapSteam" 
    unitnames(1) = "VapBrine" 
    unitnames(2) = "BrinePreheat" 
    unitnames(3) = "NCGPreheat" 
    unitnames(4) = "Preheat" 
    unitnames(5) = "Cond" 
    unitnames(6) = "Recup1" 
    unitnames(7) = "Recup2" 
    unitnames(8) = "GeoSupply.Pipe1" 
    unitnames(9) = "GeoSupply.Pipe2" 
    unitnames(10) = "GeoSupply.Pipe3" 
    unitnames(11) = "GeoSupply.Pipe4" 
    unitnames(12) = "GeoSupply.Pipe5" 
 
    ' Get current varvalue 
    currvarvalue = readvar(varname) 
    If currvarvalue = -12322 Then 
        writevar = True 
        Exit Function 
    End If 
     
    Dim innercount As Integer 
    Dim outercount As Integer 
     
    ' Loop until the intended varvalue is reached 
    Do While Abs(varvalue - currvarvalue) > 0.000001 
         
        ' Get current varvalue 
        currvarvalue = readvar(varname) 
        If currvarvalue = -12322 Then 
            writevar = True 
            Exit Function 
        End If 
         
        ' Calculate initial step 
        step = varvalue - currvarvalue 
         
        ' Loop until a step converges 
        convfail = True 
        Do 
 
            ' Update variable based on step size 
            vVar.SetValue (currvarvalue + step) 
             
            ' If convergence sucessful, set convfail to false 
            convfail = False 
            For i = 0 To 12 
                If readstatus(unitnames(i)) = True Then 
                    convfail = True 
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                    Exit For 
                End If 
            Next i 
             
            ' If convergence failed reset input and halve step 
            If convfail = True Then 
                vVar.SetValue (currvarvalue) 
                step = step / 2 
            End If 
             
            ' Resolve any failed unit ops. 
            For i = 0 To 12 
                If readstatus(unitnames(i)) = True Then 
                    resolveunitop (unitnames(i)) 
                End If 
            Next i 
         
        Loop While convfail = True 
 
    Loop 
     
    writevar = False 
 
End Function 

resolveunitop 

This VBA function is called by the second version of “writevar”. It triggers a resolve within 

VMGSim for a particular unit operation that has failed to converge. 

Public Sub resolveunitop(varname As String) 
    Dim vUnit As VMGUnitOperation 
    Set vUnit = gVMGEngine.RootFlowsheet.GetVMGObject(varname) 
    vUnit.Resolve 
End Sub 

readstatus 

This VBA function is also called by the second version of “writevar”. It checks if a unit 

operation has failed to converge by using a built-in function called “HasErrorOrWarning”. 

Public Function readstatus(varname As String) As Boolean 
    Dim vUnit As VMGUnitOperation 
    Set vUnit = gVMGEngine.RootFlowsheet.GetVMGObject(varname) 
    readstatus = vUnit.HasErrorOrWarning 
End Function 
 

startsim 

This VBA program will start the process simulator after it has been stopped.  

Public Sub startsim() 
    gVMGEngine.Go 
    gVMGEngine.Solve 
End Sub 
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holdsim 

This VBA program will hold the process simulator. This is typically done to update multiple 

values as it prevents VMGSim from unnecessarily solving the model for every update, 

decreasing the time needed to run a set of data through the toolset. 

Public Sub holdsim() 
    gVMGEngine.hold 
End Sub 

excelcom 

This is a component object model (COM) object created in MATLAB to connect to the Excel 

file containing the VBA code which connects to VMGSim. It is not a program, but an object 

that is instantised in the MATLAB code and can be observed in the source code for these 

programs in the rest of this section. The code used to do this is given below. In this code the 

excelcom object is created, the model interface file containing the VBA code is loaded, and a 

proprietory VBA program called “load_simulation” is run which initiates the connection to 

VMGSim. 

excelcom = actxserver('Excel.Application'); 
excelcom.Workbooks.Open('PATHWAY\modelInterface.xlsm', [] , true); 
excelcom.Run('load_simulation'); 

siminput 

This MATLAB function is used to input data to VMGSim via the Excel interface. It accepts a 

cell array of VMGSim paths and corresponding input values as arguments (along with the 

Excel COM object “excelcom”) then holds the simulation, updates the specifications and 

restarts the simulation. Every time it interacts with Excel it checks to see if any of the excel 

functions have returned an error and after updating the values it checks if VMGSim has failed 

to converge. This error checking was needed prior to the custom VBA being overhauled to 

ensure the model was working correctly. 

function err = siminput(input_paths, input_values, excelcom) 
  
err = 0; 
  
% Stop simulation 
count = 0; 
err_count = 0; 
while count == err_count 
    try 
        excelcom.Run('holdsim'); 
    catch ME 
        err_count = err_count + 1; 
        fprintf('Error in Excel during holdsim: number %i\n', err_count); 
        count2 = 0; 
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        err_count2 = 0; 
        while count2 == err_count2 
            try 
                excelcom.Run('load_simulation'); 
            catch ME 
                err_count2 = err_count2 + 1; 
                fprintf('Error when reloading simulation upon previous  

 holdsim error: number %i\n', err_count2); 
                if err_count2 == 1; 
                    err = 2; 
                    return 
                end 
            end 
            count2 = count2 + 1; 
        end 
    end 
    count = count + 1; 
end 
  
% Input values into simulation 
for i = 1:length(input_paths) 
    count = 0; 
    err_count = 0; 
    while count == err_count 
        try 
            err_temp = excelcom.Run('writevar', char(input_paths(i)),  

 input_values(i)); 
            if err_temp == true 
                disp('VBA Error in writevar') 
                err = 3; 
                return 
            end 
        catch ME % catches Excel crashes and also VBA errors via the if  

 statement above. 
            err_count = err_count + 1; 
            fprintf('Error in Excel during writevar: number %i\n',  

   err_count); 
            disp(strcat('Path: ', char(input_paths(i)), sprintf(' Value:  

 %f', input_values(i)))); 
            count2 = 0; 
            err_count2 = 0; 
            while count2 == err_count2 
                try 
                    excelcom.Run('load_simulation'); 
                catch ME 
                    err_count2 = err_count2 + 1; 
                    fprintf('Error when reloading simulation upon previous  

     writevar error: number %i\n', err_count2); 
                    if err_count2 == 1; 
                        err = 3; 
                        return 
                    end 
                end 
                count2 = count2 + 1; 
            end 
        end 
        count = count + 1; 
    end 
end 
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% Start simulation 
count = 0; 
err_count = 0; 
while count == err_count 
    try 
        excelcom.Run('startsim'); 
    catch ME 
        err_count = err_count + 1; 
        fprintf('Error in Excel during startsim: number %i\n', err_count); 
        count2 = 0; 
        err_count2 = 0; 
        while count2 == err_count2 
            try 
                excelcom.Run('load_simulation'); 
            catch ME 
                err_count2 = err_count2 + 1; 
                fprintf('Error when reloading simulation upon previous  

 startsim error: number %i\n', err_count2); 
                if err_count2 == 1; 
                    err = 4; 
                    return 
                end 
            end 
            count2 = count2 + 1; 
        end 
    end 
    count = count + 1; 
end 
  
% Check for VMGSim failure to solve 
err_check_paths = {'S28.In.T' 'AirOut.In.T' ... 
    'Cond.TApproach_Tube_Shell_AppT'}; 
err_check_values = simoutput(err_check_paths, excelcom); 
if any(err_check_values == -12321) || err_check_values(3) < 0 
    disp('VMGSim failed to solve.'); 
    err = 1; 
    count = 0; 
    err_count = 0; 
    while count == err_count 
        try 
            excelcom.Run('load_simulation'); 
        catch ME 
            err_count = err_count + 1; 
            fprintf('Error when reloading simulation upon VMGSim failure:  

   number %i\n', err_count); 
            if err_count == 1; 
                err = 5; 
                return 
            end 
        end 
        count = count + 1; 
    end 
end 
  
end 
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simoutput 

This MATLAB function is used to read data from VMGSim. It accepts a cell array of 

VMGSim paths as an argument, and returns an array corresponding to their values. As with 

“siminput”, it checks for errors every time it interacts with the Excel file. 

function [output_values, err] = simoutput(output_paths, excelcom) 
err = 0; 
  
% Set output_values size 
output_values = zeros(1, length(output_paths)); 
  
% Read values from VMGSim 
for i = 1:length(output_paths) 
    count = 0; 
    err_count = 0; 
    while count == err_count 
        try 
            output_values(i) = excelcom.Run('readvar',  

 char(output_paths(i))); 
            if output_values(i) == -12322 
                disp('VBA Error in readvar') 
                err = 7; 
                return 
            end 
        catch ME 
            err_count = err_count + 1; 
            fprintf('Error in Excel: number %i\n', err_count); 
            count2 = 0; 
            err_count2 = 0; 
            while count2 == err_count2 
                try 
                    excelcom.Run('load_simulation'); 
                catch ME 
                    err_count2 = err_count2 + 1; 
                    fprintf('Error when reloading simulation upon previous  

     readvar error: number %i\n', err_count2); 
                    disp(strcat('Path: ', output_paths(i))); 
                    if err_count2 == 1; 
                        err = 7; 
                        return 
                    end 
                end 
                count2 = count2 + 1; 
            end 
        end 
        count = count + 1; 
    end 
end 
end 

meas 

This MATLAB function returns the current values of VMGSim paths that correspond to the 

measurements available in the plant control system. It is only used in the work done on self-

optimising control. 
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function measurements = meas(excelcom) 
  
meas_path = {'S7.In.T' 'S6.In.T' 'S3.In.P' 'S8.In.T' 'S31.In.T' ... 
    'S29.In.T' 'S12.In.P' 'S12.In.T' 'S21.In.T' 'S23.In.T' ... 
    'GeoSupply.SteamIn.In.T' 'GeoSupply.BrineIn.In.MassFlow' ... 
    'GeoSupply.SteamIn.In.MassFlow' 'AirIn.In.T' 'Turb2.OutQ' 'Pump.InQ'}; 
  
measurements = zeros(1,length(meas_path)); 
for i = 1:length(meas_path) 
    measurements(i) = excelcom.Run('readvar',meas_path{i}); 
end 
  
end 

Model Solver 

simsolve 

This MATLAB function solves the model. VMGSim alone does not contain all the 

information needed to solve the model. In order to speed up the time it takes for the model to 

solve, several calculations have been taken out of VMGSim and put into MATLAB. The 

specific details of this are described in Chapter 5. This function takes a set of model inputs 

and a set of convergence initial values and solves a set of nonlinear equations using the 

Newton-Raphson method with line search.  

function [err, conv_values] = simsolve(inputs, conv_values, excelcom) 
  
% n-Pentane regression parameters for a cubic equation between 
% pressure and saturated liquid enthalpy. Used in calculating what the 
% necessary enthalpy will be at the outlet of the condenser, based on the 
% current pressure. That way I can determine the error in the current 
% enthalpy value. This was done by outputing this data from VMGSim into a 
% table, and performing linear regression in MATLAB against the pressure 
% raised to the first three powers. 
coeffPHsat = ... 
    [0.00124955476966460; 
    -0.572579480321353; 
    126.814964469144; 
    -10561.1109275858]; 
  
% Install values in simulation 
input_paths = {'GeoSupply.S2.In.P' 'VapSteam.UA' 'VapBrine.UA' ... 
    'BrinePreheat.UA' 'NCGPreheat.UA' 'Preheat.UA' 'Cond.UA'}; 
  
conv_paths = {'S3.In.P', 'S16.In.P', 'GeoSupply.S14.In.P', 'S6.In.H', ... 
    'S20.In.T'}; 
  
if conv_values ~= 0 
    err = siminput([input_paths conv_paths], [inputs(2:length(inputs)) ... 
        conv_values], excelcom); 
    if err > 0 
        disp('Input failure, point 1'); 
        return 
    end 
else 
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% Guess condenser pressure to speed conversion (based on linear regression 
% of entire dataset). 
    err = siminput(conv_paths(2), 15 * 4.236 + 32.171, excelcom); 
    if err > 0 
        disp('Input failure, point 2'); 
        return 
    end 
    err = siminput(input_paths, inputs(2:length(inputs)), excelcom); 
    if err > 0 
        disp('Input failure, point 3'); 
        return 
    end 
end 
  
% Calculate the error terms for model convergence (note inputs(1) is  
% turbine area term. 
err_var_paths = {'S3.In.VolumeFlow', 'S3.In.P', 'S16.In.H', 'S16.In.P', ... 
    'GeoSupply.S16.In.P', 'GeoSupply.S12.In.P', 'S6.In.H', 'S39.In.H', ... 
    'S15.In.T', 'S20.In.T'}; 
[err_var_values, err] = simoutput(err_var_paths, excelcom); 
if err > 0 
    disp('Read failure, point 4'); 
    return 
end 
errors = ... 
        [err_var_values(1)-(err_var_values(2)*-0.034058+210.87)*... 
                                                             inputs(1); ... 
        err_var_values(3)-[err_var_values(4)^3 err_var_values(4)^2 ... 
                           err_var_values(4) 1]*coeffPHsat; ... 
        err_var_values(5) - err_var_values(6); ... 
        err_var_values(7) - err_var_values(8); ... 
        err_var_values(9) - err_var_values(10)]; 
  
% Calculate step via Newton-Raphson with line search. 
error_lim = [10; 100; 0.1; 100; 0.1]; 
conv_step = [1 .01 1 200 .1]; 
while any(abs(errors)>error_lim) 
  
    % Calculate the Jacobian 
    [conv_values, err] = simoutput(conv_paths, excelcom); 
    if err > 0 
        disp('Read failure, point 5'); 
        return 
    end 
    conv_values_new = cell(1, length(conv_values)); 
    % Calculate sets of new inputs 
    for i = 1:length(conv_values) 
        step_temp = zeros(1, length(conv_values)); 
        step_temp(i) = conv_step(i); 
        conv_values_new{i} = conv_values + step_temp; 
    end 
     
    % Calculate the stepped errors, stored in a matrix with the columns 
    % representing which input, and the rows representing which error. 
    J = zeros(length(errors),length(conv_values)); 
    for i = 1:length(conv_values) 
        err = siminput(conv_paths,conv_values_new{i}, excelcom); 
        if err > 0 
            disp('Input failure, point 6') 
            return 
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        end 
        [err_var_values_step, err] = simoutput(err_var_paths, excelcom); 
        if err > 0 
            disp('Read failure, point 7'); 
            return 
        end 
        errors_step = ... 
        [err_var_values_step(1)-(err_var_values_step(2)*... 
                                           -0.034058+210.87)*inputs(1); ... 
        err_var_values_step(3)-[err_var_values_step(4)^3 ... 
                                err_var_values_step(4)^2 ... 
                                err_var_values_step(4) 1]*coeffPHsat; ... 
        err_var_values_step(5) - err_var_values_step(6); ... 
        err_var_values_step(7) - err_var_values_step(8); ... 
        err_var_values_step(9) - err_var_values_step(10)]; 
        J(:, i) = errors_step; 
    end 
    J = J - repmat(errors, 1, length(conv_values)); 
    J = J ./ repmat(conv_step, length(conv_values), 1); 
    err = siminput(conv_paths,conv_values, excelcom); % reset inputs 
    if err > 0 
        disp('Input failure, point 8') 
        return 
    end 
     
    % Calculate step size 
    p = - J \ errors; 
     
    % Find a good step size via backtracking search. 
    % Backtracking line search parameters 
    alpha = 1; % The current magnitude of the step size (compared  
               % to original Newton-Raphson size) 
    c = 0.3; % Decrease in the error must be more than  
             % c * linear extrapolation of gradient 
    t = 0.5; % step is shrunk by multiplying by t when  
             % backtracking is required. 
     
    % Loop until backtracking search finds a viable alpha 
    step_complete = false; 
    while not(step_complete) 
     
        % Input into model 
        flag = true; 
        while flag 
            err = siminput(conv_paths, (conv_values' + alpha*p), excelcom); 
            if err > 0 
                if err == 1 
                    disp('Input failure, point 9, alpha reduced.'); 
                    alpha = alpha * t; 
                    err = siminput(conv_paths, conv_values', excelcom); 
                    if err > 0 
                        disp('Input failure, point 10. Permanent Excel  

failure.') 
                        err = 8; 
                        conv_values = conv_values + 0.5*p'; 
                        return 
                    end 
                else 
                    disp('Input failure, point 11'); 
                    return 
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                end 
            else 
                flag = false; 
            end 
        end 
  
        % Calculate the errors 
        [err_var_values, err] = simoutput(err_var_paths, excelcom); 
        if err > 0 
            disp('Read failure, point 12'); 
            return 
        end 
        new_errors = ... 
            [err_var_values(1)-(err_var_values(2)*-0.034058+210.87)*... 
                                                             inputs(1); ... 
            err_var_values(3)-[err_var_values(4)^3 err_var_values(4)^2 ... 
                               err_var_values(4) 1]*coeffPHsat; ... 
            err_var_values(5) - err_var_values(6); ... 
            err_var_values(7) - err_var_values(8); ... 
            err_var_values(9) - err_var_values(10)]; 
  
        % Check new errors meet threshold 
        if norm(errors) - norm(new_errors) >= c * norm(-errors * alpha)  
            % this is most easily reasoned about geometrically: If the  
            % difference between the two error vector sizes is greater  
            % than the extrapolated linear change in error (always equal to  
            % the current error value * alpha, since we are using the NR 
            % method),multiplied by a fudge factor (c), then the step is 
            % acceptable. 
            step_complete = true; 
            conv_values = conv_values + alpha * p'; 
        elseif alpha < 6.10352e-05 % i.e very low alpha value 
            disp('Alpha reduced to very low value. Cannot converge') 
            err = 1; 
            return 
        else 
            alpha = alpha * t; 
        end 
    end 
    % Calculate the original errors 
    errold = err; 
    [err_var_values, err] = simoutput(err_var_paths, excelcom); 
    if err > 0 
        disp('Failure during inner Jacobian calculation. Error during  

  reading of error variables'); 
        return 
    else 
        % restore old error value (this would mask errors during line 
        % search) 
        err = errold; 
    end 
    errors = ... 
        [err_var_values(1)-(err_var_values(2)*-0.034058+210.87)*... 
                                                             inputs(1); ... 
        err_var_values(3)-[err_var_values(4)^3 err_var_values(4)^2 ... 
                           err_var_values(4) 1]*coeffPHsat; ... 
        err_var_values(5) - err_var_values(6); ... 
        err_var_values(7) - err_var_values(8); ... 
        err_var_values(9) - err_var_values(10)]; 
 
end 
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solvemdl 

This MATLAB function was used to solve the model once the VBA code had been 

overhauled, allowing greater accuracy in the VMGSim calculations. This function prepares 

the input data and loads it into VMGSim before calling the function “mdlerrors” which 

performs the calculation needed to solve the model. This function also takes the argument 

“x0”, which is a set of starting values for model convergence. It does not use these values 

directly, instead passing them onto “mdlerrors”. 

function [conv_values nlslvd] = solvemdl(inputs, x0, excelcom) 
input_paths = {'GeoSupply.S2.In.P'... 
    'VapSteam.UA' 'VapBrine.UA' 'BrinePreheat.UA' 'NCGPreheat.UA' ... 
    'Preheat.UA' 'Cond.UA' 'GeoSupply.S1.In.Fraction.WATER' ... 
    'GeoSupply.S1.In.Fraction.CARBON_DIOXIDE'... 
    'GeoSupply.S5.In.Fraction.WATER' ... 
    'GeoSupply.S5.In.Fraction.CARBON_DIOXIDE'... 
    'GeoSupply.S13.In.Fraction.WATER' ... 
    'GeoSupply.S13.In.Fraction.CARBON_DIOXIDE' 'AirIn.In.T'}; 
  
% Turn inputs into correct format (note inputs(1) is turbine area term) 
inputs = [inputs(1) inputs(2) inputs(3:8) repmat([1-inputs(9) inputs(9)]... 
                                                         ,1,3) inputs(10)]; 
  
% Input into model 
excelcom.Run('holdsim'); 
for i = 1:length(input_paths) 
    if excelcom.Run('writevar',input_paths{i},inputs(i+1)) == 1 
        disp('Error 1') 
    end 
end 
excelcom.Run('startsim'); 
  
[conv_values nlslvd] = mdlerrors(inputs,x0,excelcom); 
  
end 

mdlerrors 

This MATLAB function solves the model by solving a set of nonlinear equations. It does this 

by using a program from the Optimization Toolbox called “fsolve”. Two different attempts to 

solve the model are used. First the default “trust-region-dogleg” method is attempted, if this 

fails the “levenberg-marquardt” method is tried using a hard-coded convergence start point, 

instead of the “x0” values provided by “solvemdl”.  

function [x0 nlslvd] = mdlerrors(inputs, x0, excelcom) 
  
conv_paths = {'S3.In.P' 'S16.In.P' 'GeoSupply.S14.In.P' 'S6.In.H' 
'S20.In.T'}; 
  
err_var_paths = {'S3.In.VolumeFlow' 'S3.In.P' 'S16.In.H' 'S16.In.P' ... 
'GeoSupply.S16.In.P' 'GeoSupply.S12.In.P' 'S6.In.H' 'S39.In.H' ... 
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'S15.In.T' 'S20.In.T'}; 
  
coeffPHsat = ... 
    [0.00124955476966460; 
    -0.572579480321353; 
    126.814964469144; 
    -10561.1109275858]; 
  
% Use fsolve to reduce model errors to zero 
opts = optimset('Display','iter','TolX',3.16e-4,'TolFun',1e-20,... 
                'DiffMinChange',1e-15,'FinDiffType','central'); 
opts2 = optimset('Algorithm',{'levenberg-marquardt',.01},'ScaleProblem',... 
                 'Jacobian','Display','iter','TolX',1e-6,'TolFun',5e-8,... 
                 'DiffMinChange',1e-15,'FinDiffType','central',... 
                 'MaxFunEvals',500); 
if sum(x0) == 0 
    x0 = [2189.92659981506,inputs(15)*4.236+32.171,1668.26883067435,... 
                                                    24000,inputs(15)+12.5]; 
end 
  
scale2 = [1000 100 1000 10000 10]; 
x0 = x0 ./ scale2; 
  
[x0 a exitflag] = fsolve(@mdlerror2,x0,opts); 
  
if exitflag > 0 
    nlslvd = true; 
else 
    disp('Attempting second solve') 
    x0 = [2189.92659981506,inputs(15)*4.236+32.171,1668.26883067435,... 
                                                    22000,inputs(15)+12.5]; 
    x0 = x0 ./ scale2; 
    [x0 a exitflag] = fsolve(@mdlerror2,x0,opts); 
    if exitflag > 0 
        nlslvd = true; 
    else 
        disp('Attempting third solve') 
        [x0 a exitflag] = fsolve(@mdlerror2,x0,opts2); 
        if exitflag > 0 
            nlslvd = true; 
        else 
            nlslvd = false; 
        end 
    end 
end 
x0 = x0 .* scale2; 
  
    function f = mdlerror2(conv_values) 
        % disp(conv_values) 
        excelcom.Run('holdsim'); 
        for i = 1:length(conv_paths) 
            if excelcom.Run('writevar',conv_paths{i},conv_values(i)*... 
                                                            scale2(i)) == 1 
                disp('Error 2') 
            end 
        end 
        excelcom.Run('startsim'); 
         
        err_var_values = zeros(length(err_var_paths),1); 
        for i = 1:length(err_var_paths) 
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            err_var_values(i) = excelcom.Run('readvar',err_var_paths{i}); 
        end 
  
        if any(err_var_values == -12322) 
            f = NaN; 
            return 
        end 
  
        f = ... 
            [err_var_values(1)-(err_var_values(2)*-0.034058+210.87)... 
                                                            *inputs(1); ... 
            err_var_values(3)-[err_var_values(4)^3 ... 
                               err_var_values(4)^2 ... 
                               err_var_values(4) 1]*coeffPHsat; ... 
            err_var_values(5) - err_var_values(6); ... 
            err_var_values(7) - err_var_values(8); ... 
            err_var_values(9) - err_var_values(10)]; 
         scale1 = [10000 10000 1 10000 1]; 
         f = f./ scale1'; 
  
    end 
  
end 

solvedataset 

This MATLAB function solves the model for each point in a given dataset. This is done 

using the “spmd” (single program, multiple data) functionality in the Parallel Toolbox, which 

allowed all four cores on the PC used to conduct the research to be used. This speeds up the 

model solution step because four models could be solved simultaneously.  

function simout = solvedataset(datain) 
  
% Set the output variable paths 
output_paths = {'S21.In.T' 'S23.In.T' 'S39.In.T' 'S8.In.T' 'S7.In.T' ... 
        'S12.In.T' 'S3.In.P' 'S12.In.P' 'Turb2.OutQ' 'Pump.InQ'}; 
  
% Get number of cores on the machine 
cores = feature('numCores'); 
  
% Split the datapoints in datain as evenly as possible between the 
% available cores. 
n = floor(size(datain,1)/cores); 
r = mod(size(datain,1),cores); 
ind_split = 0:cores; 
ind_split = ind_split * n; 
for i = 1:r 
    ind_split(cores+1-r+i) = ind_split(cores+1-r+i) + i; 
end 
  
% Run parallel computations on each core to determine the model outputs for 
% the entire dataset. 
try 
    matlabpool('open', 'local', cores); 
catch 
    matlabpool close 
    matlabpool('open', 'local', cores); 
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end 
  
spmd 
    excelcom = actxserver('Excel.Application'); 
    excelcom.Workbooks.Open('PATHWAY\modelInterface.xlsm', [] , true); 
    excelcom.Run('load_simulation'); 
    worker_output = zeros((ind_split(labindex+1)-ind_split(labindex)), ... 
        length(output_paths)+5);  
% This number must be equal to the length of conv_values from simsolve  
% (unfortunately can't get that value at this stage so must be hard coded). 
    for i = ind_split(labindex)+1:ind_split(labindex+1) 
        fprintf('Datapoint %i\n', i); 
        % In this section, must protect against Excel failure. So a 
        % flag is set to repeat the solve until this works. 
        flag1 = true; 
        fail_count1 = 0; 
        while flag1 
            [err, conv_values] = simsolve(datain(i,:),0,excelcom); 
            if err > 0 
                if err == 1 
                    fprintf('VMGSim failure on solving row %i of  

     dataset\n', i); 
                    worker_output(i-ind_split(labindex),:) = NaN; 
                    flag1 = false; % We don't start Excel again if VMGSim  

     % fails. 
                end 
                if any(err == [2 3 4 5 6 7]) 
                    fail_count1 = fail_count1 + 1; 
                    fprintf('Excel error during solving model. Datapoint  

     %i, Fail Count %i\n',... 
                        i-ind_split(labindex), fail_count1); 
                    % restart Excel and try again 
                    disp('Restarting Excel'); 
                    try 
                        excelcom.Quit; 
                    end 
                    release(excelcom); 
                    excelcom = actxserver('Excel.Application'); 
                    excelcom.Workbooks.Open('PATHWAY\modelInterface.xlsm',  

  [] , true); 
                    excelcom.Run('load_simulation'); 
                end 
            else 
                flag1 = false; % This flag belongs to previous step, don't  
                               % confuse with comment below. 
                % In this section, we need to protect against failure of  

    % Excel, 
                % so a flag is set to repeat until this works. 
                flag2 = true; 
                fail_count2 = 0; 
                while flag2 
                    [worker_output(i-ind_split(labindex), ... 
                        1:length(output_paths)), err] = ... 
                        simoutput(output_paths, excelcom); 
                    worker_output(i-ind_split(labindex),... 
                        length(output_paths)+1:length(output_paths)... 
                        +length(conv_values)) ... 
                        = conv_values; 
                    if err > 0 
                        fail_count2 = fail_count2 + 1; 
                        fprintf('Error during reading model output.  
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   Datapoint %i, Fail Count %i\n',... 
                            i-ind_split(labindex), fail_count2); 
                        if err == 7 
                            % restart Excel and try again 
                            disp('Restarting Excel'); 
                            try 
                                excelcom.Quit; 
                            end 
                            release(excelcom); 
                            excelcom = actxserver('Excel.Application'); 
                            excelcom.Workbooks.Open... 
                                ('PATHWAY\modelInterface.xlsm', [] , true); 
                            excelcom.Run('load_simulation'); 
                        end 
                    else 
                         
                        flag2 = false; 
                    end 
                end 
            end 
        end 
    end 
    worker_output(:,1) = 2*worker_output(:,1) - ... 
        worker_output(:,2) - 820000; % 820 kW air condenser fan constant 
    worker_output = worker_output(:,[1 3:length(output_paths)+... 
                                     length(conv_values)]); 
    try 
        excelcom.Quit; 
    end 
    release(excelcom); 
end 
clear excelcom; 
  
% Construct the entire model output 
ind_pl = zeros(1, cores + 1); 
for i = 1:cores 
    ind_pl(i + 1) = size(worker_output{i}, 1); 
end 
simout = zeros(sum(ind_pl),length(output_paths)+length(conv_values{1})-1); 
for i = 1:cores 
    simout(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1)),:) = worker_output{i}; 
end 
  
matlabpool close; % Close parallel MATLAB engines 
  
end 

Obtain Parameters 

paramcheck 

This MATLAB program will run the dataset designated for parameter estimation in a 

specially configured VMGSim model which accepts plant measurements as inputs and has 

the parameters of the normal plant model as its outputs (along with some additional variables, 

such as the power output, which are used to check the model is accurate). The output of this 
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program is a set of model parameters for each datapoint, which are processed by the program 

“findparam” to obtain one set of model parameters. 

output_paths = {'VapSteam.UA' 'VapBrine.UA' 'BrinePreheat.UA' ... 
        'NCGPreheat.UA' 'Cond.UA' 'Recup2.UA' 'Recup2.DeltaPShell' ... 
        'Turb2.AdiabaticEff' 'Turb2.OutQ' 'S3.In.VolumeFlow' ... 
        'CN1.In' 'CN2.In' 'S6.In.MassFlow' 'Preheat.UA'}; 
  
input_paths = {'AirIn.In.T' 'S3.In.P' 'S7.In.T' 'S8.In.T' 'S23.In.T' ... 
    'S31.In.T' 'S30.In.T' 'S35.In.T' 'S12.In.P' 'S12.In.T' ... 
    'SteamIn.In.T' 'SteamIn.In.MassFlow' 'BrineIn.In.T' ... 
    'BrineIn.In.MassFlow' 'CN1.Target.T'}; 
  
% Get number of cores on the machine 
cores = feature('numCores'); 
  
% Prepare simout cells 
simout = cell(1,length(data)); 
  
for i = 1:length(data) 
    % divide datapoints as evenly as possible between the available cores. 
    n = floor(size(data{i},1)/cores); 
    r = mod(size(data{i},1),cores); 
    ind_split = 0:cores; 
    ind_split = ind_split * n; 
    for j = 1:r 
        ind_split(cores+1-r+j) = ind_split(cores+1-r+j) + j; 
    end 
    % Run parallel computations on each core to determine the model outputs 
    % for the entire dataset. 
    try 
        matlabpool('open', 'local', cores); 
    catch 
        matlabpool close 
        matlabpool('open', 'local', cores); 
    end 
     
    spmd 
        excelcom = actxserver('Excel.Application'); 
        excelcom.Workbooks.Open('PATHWAY\modelInterface.xlsm', [] , true); 
        excelcom.Run('load_simulation'); 
         
        worker_output = zeros(ind_split(labindex+1)-ind_split(labindex)... 
            , length(output_paths)); 
        faillimit = 10; % number of consecutive VMGSim or convergence  
                        % failures until skip to next data point. 
        errlist = []; 
         
        for j = ind_split(labindex)+1:ind_split(labindex+1) 
            fprintf('Data point: %i, Month %i\n', j, i); 
             
            failcount = 0; 
            inputcheck = true; 
            while inputcheck 
                err = siminput(input_paths, data{i}(j,:), excelcom); 
                if err ~= 0 
                    try 
                        excelcom.Quit; 
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                    catch ME 
                        disp(ME.identifier) 
                        disp(ME.message) 
                    end 
                    release(excelcom); 
                    excelcom = actxserver('Excel.Application'); 
                    excelcom.Workbooks.Open... 
                        ('PATHWAY\modelInterface.xlsm', [] , true); 
                    excelcom.Run('load_simulation'); 
                    failcount = failcount + 1; 
                else 
                    inputcheck = false; 
                end 
                if failcount > faillimit 
                    fprintf('Exceeded %i fails on model input for data  

     point %i.\n', faillimit,j); 
                    errlist(size(errlist,1)+1,:) = [i j 1]; 
                    break 
                end 
            end 
            if failcount > faillimit 
                continue 
            end 
             
            cn1check = true; 
            failcount = 0; 
            while cn1check 
                if abs(data{i}(j,15) - simoutput({'CN1.In'},excelcom)) ... 
                        > 0.01 
                    siminput({'CN1.SSActive'},0,excelcom); 
                    siminput({'CN1.SSActive'},-1,excelcom); 
                    failcount = failcount + 1; 
                else 
                    cn1check = false; 
                end 
                if failcount > faillimit 
                    fprintf('Exceeded %i fails on CN1 convergence for data  

     point %i.\n', faillimit,j); 
                    fprintf('Current error is: %f\n', ... 
                        abs(data{i}(j,15) - ... 
                        simoutput({'CN1.In'},excelcom))); 
                    errlist(size(errlist,1)+1,:) = [i j 2]; 
                    break 
                end 
            end 
             
            cn2check = true; 
            failcount = 0; 
            while cn2check 
                if abs(simoutput({'CN2.Target'},excelcom) - ... 
                        simoutput({'CN2.In'},excelcom)) > 10 
                    siminput({'CN2.SSActive'},0,excelcom); 
                    siminput({'CN2.SSActive'},-1,excelcom); 
                    failcount = failcount + 1; 
                else 
                    cn2check = false; 
                end 
                if failcount > faillimit 
                    fprintf('Exceeded %i fails on CN2 convergence for data  

     point %i.\n', faillimit,j); 
                    fprintf('Current error is: %f\n', ... 
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                        abs(3.3e5 - simoutput({'CN2.In'},excelcom))); 
                    errlist(size(errlist,1)+1,:) = [i j 3]; 
                    break 
                end 
            end 
             
            failcount = 0; 
            outputcheck = true; 
            while outputcheck 
                [worker_output(j-ind_split(labindex),:), err] = ... 
                    simoutput(output_paths,excelcom); 
                if err ~= 0 
                    try 
                        excelcom.Quit; 
                    catch ME 
                        disp(ME.identifier) 
                        disp(ME.message) 
                    end 
                    release(excelcom); 
                    excelcom = actxserver('Excel.Application'); 
                    excelcom.Workbooks.Open... 
                        ('PATHWAY\modelInterface.xlsm', [] , true); 
                    excelcom.Run('load_simulation'); 
                    failcount = failcount + 1; 
                else 
                    outputcheck = false; 
                end 
                if failcount > faillimit 
                    fprintf('Exceeded %i fails on model write for data  

     point %i.\n', faillimit,j); 
                    errlist(size(errlist,1)+1,:) = [i j 4]; 
                    break 
                end 
            end 
        end 
         
        try 
            excelcom.Quit; 
        catch ME 
            disp(ME.identifier) 
            disp(ME.message) 
        end 
        release(excelcom); 
         
    end 
     
    % Construct the entire model output 
    simout{i} = zeros(size(data{i},1),length(output_paths)); 
    ind_pl = zeros(1, cores + 1); 
    for j = 1:cores 
        ind_pl(j + 1) = size(worker_output{j}, 1); 
    end 
    for j = 1:cores 
        simout{i}(sum(ind_pl(1:j))+1:sum(ind_pl(1:j+1)),:) = ... 
            worker_output{j}; 
    end 
     
    % Construct the error list 
    error_list = []; 
    for j = 1:cores 
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        error_list(size(error_list,1)+1:size(error_list,1)+... 
            size(errlist{j},1),:) = errlist{j}; 
    end 
     
    matlabpool close; % Close parallel MATLAB engines 
     
end 

findparam 

This MATLAB program processes the output of the “paramcheck” program to obtain the 

model parameters. This is done by averaging the results. Some parameters are averaged on a 

monthly basis, such as the heat exchanger UA’s where the exchanger is subject to fouling. 

Others are averaged over the entire dataset, for example the turbine choked area. 

vapstmUA = zeros(1,length(data)); 
vapbrnUA = zeros(1,length(data)); 
brnphUA = zeros(1,length(data)); 
NCGphUA = zeros(1,length(data)); 
condUA = zeros(1,length(data)); 
phUA = zeros(1,length(data)); 
  
for i = 1:length(data) 
    dataavg = mean(simout{i}); 
    vapstmUA(i) = dataavg(1); 
    vapbrnUA(i) = dataavg(2); 
    brnphUA(i) = dataavg(3); 
    NCGphUA(i) = dataavg(4); 
    condUA(i) = dataavg(5); 
    phUA(i) = dataavg(14); 
end 
  
recupUAtot = simout{1}(:,6); 
recupDPtot = simout{1}(:,7); 
turbefftot = simout{1}(:,8); 
for i = 2:length(data) 
    recupUAtot = [recupUAtot; simout{i}(:,6)]; 
    recupDPtot = [recupDPtot; simout{i}(:,7)]; 
    turbefftot = [turbefftot; simout{i}(:,8)]; 
end 
recupDP = mean(recupDPtot); 
turbeff = mean(turbefftot); 
recupUA = mean(recupUAtot); 
  
 
% Turbine Area Calcs 
turbArecord = cell(1,length(data)); 
for i = 1:length(data) 
    turbArecord{i} = zeros(1,size(data{i},1)); 
    for j = 1:size(data{i}, 1) 
        turbArecord{i}(j) = simout{i}(j,10) / (210.87 - ... 
            0.034058*data{i}(j,2)); 
    end 
end 
  
turbAtot = turbArecord{1}; 
for i = 2:9 
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turbAtot = [turbAtot turbArecord{i}]; 
end 
  
turbA = mean(turbAtot); 

Optimisation 

optimisewellP 

This MATLAB function uses the Optimization Toolbox function “fminbnd” to determine the 

optimum geothermal wellhead pressure through the plant for one of the disturbance scenarios 

that were defined as part of the work done on self-optimising control (described in Chapter 

6). To do this, it uses an embedded function called “mvopt”, which calculates the net power 

reported by the VMGSim model for a given wellhead pressure. Note that the wellhead 

pressure is used as a proxy for the geothermal flow rate because this allows the model to be 

solved more quickly. 

function [well1P funcout exitflag] = optimisewellP(turbA, well1P, UAs, ... 
    ncgfrac, airT, conv_values, excelcom) 
     
    opts = optimset('Display','iter','TolX',.01); 
    [well1P funcout exitflag] = fminbnd(@mvopt,[well1P-0.1],[well1P+10],... 
                                                                     opts); 
    function netpw = mvopt(well1Pc) 
         
        mesrd_paths = {'Turb2.OutQ' 'Pump.InQ'}; 
        [conv_values nlslvd] = solvemdl([turbA well1Pc UAs ncgfrac ... 
            airT], conv_values, excelcom); 
        % Update conv_values for next fminbnd iteration. 
         
        if nlslvd == false 
            netpw = NaN; 
            return 
        end 
         
        mesrd = zeros(1,2); 
        for i = 1:length(mesrd_paths) 
            mesrd(i) = excelcom.Run('readvar',mesrd_paths{i}); 
        end 
        netpw = -1*(2*mesrd(1) - mesrd(2) - 820000); % *-1 so maximises 
    end 
end 

optdist 

This MATLAB program calculates the optimum wellhead pressure for the set of disturbance 
scenarios by using the previously described function “optimisewellP”. 
  
t1=clock; 
startrow = 1; 
endrow = 80; 
  
% Get number of cores on the machine 
cores = feature('numCores'); 
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% Split the disturbance scenarios as evenly as possible between the 
% available cores. 
n = floor(size(dist(startrow:endrow,:),1)/cores); 
r = mod(size(dist(startrow:endrow,:),1),cores); 
ind_split = 0:cores; 
ind_split = ind_split * n; 
for i = 1:r 
    ind_split(cores+1-r+i) = ind_split(cores+1-r+i) + i; 
end 
  
turbA = 82.22546585; % This is in the units m2 * s/h, which are convenient  

   % for the model calculations. 
  
  
% Run parallel computations on each core to determine the model outputs for 
% the entire set of disturbance scenarios 
try 
    matlabpool('open', 'local', cores); 
catch 
    matlabpool close 
    matlabpool('open', 'local', cores); 
end 
  
spmd 
    excelcom = actxserver('Excel.Application'); 
    excelcom.Workbooks.Open('PATHWAY\modelInterfacev2.xlsm', [] , true); 
    excelcom.Run('load_simulation'); 
    optwellPwkr = zeros(ind_split(labindex+1)-ind_split(labindex),8); 
    for i = ind_split(labindex)+startrow:ind_split(labindex+1)+startrow-1 
        try 
            [optwellPwkr(i-ind_split(labindex)-startrow+1,1), ... 
                optwellPwkr(i-ind_split(labindex)-startrow+1,2), ... 
                optwellPwkr(i-ind_split(labindex)-startrow+1,3), ... 
                optwellPwkr(i-ind_split(labindex)-startrow+1,4:8)] = ...    
                optimisewellP(turbA,optwellP(i,1),dist(i,2:7),... 
                dist(i,8),dist(i,9),0,excelcom); 
        catch 
            optwellPwkr(i-ind_split(labindex)-startrow+1,:) = NaN; 
        end 
        fprintf('Dist. Scenario %i complete.\n', i); 
    end 
    try 
        excelcom.Quit; 
    end 
    release(excelcom); 
end 
clear excelcom; 
  
% Construct the entire set of optimised MVs 
ind_pl = zeros(1, cores + 1); 
for i = 1:cores 
    ind_pl(i + 1) = size(optwellPwkr{i}, 1); 
end 
optwellP = zeros(ind_pl(length(ind_pl)),8); 
for i = 1:cores 
    optwellP(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1)),:) = optwellPwkr{i}; 
end 
t2=clock; 
timeelapsed=etime(t2,t1); 
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getoptmeas 

This MATLAB program solves the model for the optimum wellhead pressure for each 

disturbance scenario and returns the results in a matrix where the row number corresponds to 

the disturbance scenario row. 

optmeas = zeros(80,16); 
slvchk = zeros(80,1); 
turbA = 82.22546585; 
  
% Get number of cores on the machine 
cores = feature('numCores'); 
  
% Split the disturbance sceanrios as evenly as possible between the 
% available cores. 
n = floor(size(dist,1)/cores); 
r = mod(size(dist,1),cores); 
ind_split = 0:cores; 
ind_split = ind_split * n; 
for i = 1:r 
    ind_split(cores+1-r+i) = ind_split(cores+1-r+i) + i; 
end 
  
% Run parallel computations on each core to determine the model outputs for 
% the entire set of disturbance scenarios 
try 
    matlabpool('open', 'local', cores); 
catch 
    matlabpool close 
    matlabpool('open', 'local', cores); 
end 
  
spmd 
  
    excelcom = actxserver('Excel.Application'); 
    excelcom.Workbooks.Open('PATHWAY\modelInterfacev2.xlsm', [] , true); 
    excelcom.Run('load_simulation'); 
  
    optmeaswkr = zeros(ind_split(labindex+1)-ind_split(labindex),16); 
    slvchkwkr = zeros(ind_split(labindex+1)-ind_split(labindex),2); 
  
%   Solve for each disturbance scenario and record the measured outputs 
    for i = ind_split(labindex)+1:ind_split(labindex+1) 
        [a slvchkwkr(i,1)] = solvemdl(... 
            [turbA b(i,1)+b(i,2)*dist(i,9) dist(i,2:7) dist(i,8) ... 
            dist(i,9)] optwellP(i,4:8),excelcom); 
        optmeaswkr(i,:) = meas(excelcom); 
        fprintf('Step %i of %i complete\n',i-ind_split(labindex),... 
            ind_split(labindex+1)-ind_split(labindex)); 
    end 
  
%   Calculate net power, remove superfluous column. 
    optmeaswkr(:,15) = optmeaswkr(:,15)*2 - optmeaswkr(:,16); 
    optmeaswkr = optmeaswkr(:,1:15); 
  
    try 
    excelcom.Quit; 
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    end 
    release(excelcom); 
  
end 
  
clear excelcom 
clear a 
  
% Construct output 
ind_pl = zeros(1, cores + 1); 
for i = 1:cores 
    ind_pl(i + 1) = size(gradmeaswkr{i}, 1); 
end 
for i = 1:cores 
    optmeas(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1)),:) = optmeaswkr{i}; 
    slvchk(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1))) = slvchkwkr{i}; 
end 

getmeasrng 

This MATLAB program obtains the plant measurements for the average disturbance over a 

defined range of wellhead pressures. These outputs are used in the modified method for self-

optimising control described in Chapter 6. 

turbA = 82.22546585; 
meandist = mean(dist); 
  
maxwellP = 1630; % Higher pressures invalidate the assumption of fixed  
                 % flowrate to the other plant. This range is much larger  
                 % than the control system will need to deal with. 
minwellP = 1530; % Corresponds to 100 % opening in NCG valve 
  
% Solve the model for fifty points in this range 
wellPrng = linspace(minwellP, maxwellP, 51); 
measrng = zeros(length(wellPrng),15); 
slvchk = zeros(length(wellPrng),1); 
  
% Get number of cores on the machine 
cores = feature('numCores'); 
  
% Split the wellhead pressure range as evenly as possible between the 
% available cores. 
n = floor(length(wellPrng)/cores); 
r = mod(length(wellPrng),cores); 
ind_split = 0:cores; 
ind_split = ind_split * n; 
for i = 1:r 
    ind_split(cores+1-r+i) = ind_split(cores+1-r+i) + i; 
end 
  
% Run parallel computations on each core to determine the model outputs for 
% the entire set of wellhead pressures 
try 
    matlabpool('open', 'local', cores); 
catch 
    matlabpool close 
    matlabpool('open', 'local', cores); 
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end 
  
spmd 
  
    excelcom = actxserver('Excel.Application'); 
    excelcom.Workbooks.Open('PATHWAY\modelInterfacev2.xlsm', [] , true); 
    excelcom.Run('load_simulation'); 
  
    measrngwkr = zeros(ind_split(labindex+1)-ind_split(labindex),16); 
    slvchkwkr = zeros(ind_split(labindex+1)-ind_split(labindex),1); 
    conv_values = zeros(1,5); 
     
    for i = ind_split(labindex)+1:ind_split(labindex+1) 
        [conv_values slvchkwkr(i-ind_split(labindex))] = solvemdl(... 
            [turbA wellPrng(i) meandist(2:7) meandist(8) meandist(9)], ... 
            conv_values,excelcom); 
        measrngwkr(i-ind_split(labindex),:) = meas(excelcom); 
        fprintf('Step %i of %i complete\n',i-ind_split(labindex),... 
            ind_split(labindex+1)-ind_split(labindex)); 
    end 
  
%   Calculate net power gradient, remove superfluous column. 
    measrngwkr(:,15) = measrngwkr(:,15)*2 - measrngwkr(:,16) - 820000; 
    measrngwkr = measrngwkr(:,1:15); 
     
    try 
    excelcom.Quit; 
    end 
    release(excelcom); 
  
end 
  
clear excelcom 
clear conv_values 
  
% Construct output 
ind_pl = zeros(1, cores + 1); 
for i = 1:cores 
    ind_pl(i + 1) = size(measrngwkr{i}, 1); 
end 
for i = 1:cores 
    measrng(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1)),:) = measrngwkr{i}; 
    slvchk(sum(ind_pl(1:i))+1:sum(ind_pl(1:i+1))) = slvchkwkr{i}; 
end 
 

optimiseCV 

This MATLAB function determines the optimum linear combination of measurements for 

self-optimising control. To do this it uses the Optimization Toolbox function “fminunc” and 

the results of the previously mentioned programs “getmeasrng” and “getoptmeas”. These 

results are stored in the arrays “measrng” and “optmeas” respectively. In addition, an 

additional result called “optmeasmeandist” was generated by manually running the model for 

the average disturbance at the optimum wellhead pressure for that disturbance. The function 
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“a2x”, which is used in this function, converts a vector expressed in polar coordinates to 

Cartesian coordinates. 

function [x1 a funout exitflag] = optimiseCV(a0,measrng,optmeas,... 
    optmeasmeandist,mvoptmeandist,dist) 
    % This function obtains the optimum linear combination of measurements  
    % for the CV. This optimum linear combination will minimise the 
    % deviation of the MV across the disturbance scenarios. 
     
    opt = optimset('Display','iter','MaxFunEvals',5000,'TolX',1e-10,... 
        'FinDiffType','central'); 
    [a funout exitflag] = fminunc(@MVdev,a0,opt); 
     
    x1 = a2x(a,1); % Convert direction a to Cartesian vector, with a  

 % magnitude equal to 1. 
  
    function MVdev = MVdev(a) 
            % This function calculates the sum of squares for the deviation 
            % of MV from its optimum point across the disturbance 
            % scenarios. 
             
            % Convert direction vector to linear coefficients of CV 
            x2 = a2x(a,1); 
             
            % Check that the CV is monotonic with MV using the measurements 
            % across the MV range for the average disturbance. 
            CVrngad = measrng * x2'; % This is a vector containing the CVs  
                                     % across the MV range. 
            if ~(all(diff(CVrngad)>=0) || all(diff(CVrngad)<=0)) 
                MVdev = 1e9; % Set obj. function to high value 
                return 
            end 
             
            % Calculate the CVs at the optimum point of each disturbance 
            % scenario. 
            CVi = optmeas * x2'; 
             
            % Calculate the nominal setpoint (the average across the 
            % disturbance scenarios) 
            SP = mean(CVi); 
             
            % Calculate the optimum CV for the average disturbance 
            CVoptad = optmeasmeandist * x2'; 
             
            % Fit a nth order polynomial to the range of CVs at the average 
            % disturbance across the MV range. Apply regression to obtain 
            % the coefficients. 
            n = 5; 
            CVregress = ones(size(CVrngad,1),n+1); 
            for i = 2:n+1 
                CVregress(:,i) = CVrngad .^ (i-1); 
            end 
            b = regress(linspace(1530,1630,51)',CVregress); 
             
            % Calculate MVdev 
            CVdev = SP - CVi + CVoptad; 
            CVdevpoly = ones(length(CVdev),n+1); 
            for i = 2:n+1 
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                CVdevpoly(:,i) = CVdev .^ (i-1); 
            end 
            MVdev = CVdevpoly * b - mvoptmeandist;  
             
            % Calculate squared values 
            MVdev = MVdev .^ 2; 
             
            % Weight by disturbance scenario probability 
            MVdev = MVdev .* dist(:,1); 
             
            % Sum for final result 
            MVdev = sum(MVdev); 
        end 
end 
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