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A B S T R A C T

The performance of Organic Rankine cycle (ORC) systems is defined by the system design as well as working fluid 
selection. Integrated thermo-economic optimisation of both can unlock maximum system potential in terms of 
power generation at a minimal cost. However, such optimisation is associated with uncertainties related to the 
underlying thermodynamic fluid models, ORC system models, and equipment cost correlations. In this paper, the 
main sources of uncertainty are quantified and their impact on optimal system design and working fluid selection 
is analysed. A computer-aided molecular and process design (CAMPD) optimisation framework based on first-law 
system design models is developed and validated with experimental data. Results reveal that the developed 
framework can identify promising working fluid candidates with high probabilities, even considering the most 
important sources of uncertainty. In a case study of industrial waste-heat utilisation, it was found that while 
uncertainties challenge the strict discrimination of the most promising working fluids, they mainly affect ab
solute performance values, rather than the overall ranking of working fluids. Propane was identified as having a 
94-% probability of being among the best 3 working fluids. Furthermore, although the overall specific investment 
costs are highly uncertain (mean: 3810 £/kW, standard deviation: 720 £/kW), the results are less sensitive to 
uncertainties in fluid equilibrium and transport properties (standard deviation: 160 £/kW), with the impact of 
equipment cost uncertainties being dominant. The analysis of uncertainties in working fluid selection also applies 
to other CAMPD problems, and other applications of group-contribution-based equations of state.

1. Introduction

Organic Rankine cycle (ORC) systems can generate electricity from 
low-temperature heat sources, such as solar, geothermal, or waste heat 
(Markides and Wang, 2023; Handagama et al., 2023). However, careful 
design of an ORC system, its equipment and working fluid is necessary to 
achieve high efficiencies and low costs. Integrated thermo-economic 
optimisations of system and working fluid have proven useful in 
designing ORC systems (Schilling et al., 2017a; White et al., 2018). 
However, the methodology is subject to various sources of uncertainty, 
such as fluid models, equipment models, and cost correlations.

The working fluid choice substantially influences the performance of 
ORC systems (Stijepovic et al., 2012). The selection of the optimal 
working fluid is challenging due to the large number of potential 
working fluids and the variety of operating conditions, such as heat 
source temperatures (Linke et al., 2015). The working fluid selection 
challenge has become even more critical with the ratification of the 
Kigali Amendment to the Montreal Protocol, which aims to phase out 
high-GWP (global warming potential) hydrofluorocarbons, widely used 
as working fluids for ORC systems (United Nations, 2016). Hydrocar
bons have emerged as a potentially promising replacement, but the 
variety of applications makes it impossible to find a general solution to 
the working fluid selection problem. Instead, optimisation should be 
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performed for each application (Bao and Zhao, 2013).
Conventionally, working fluid selection and system design are per

formed in two steps: First, a database of working fluid candidates is 
screened, using heuristic and/or analytical methods to pre-select fluids. 
In the second step, the system is optimised for each of the pre-selected 
fluids and the working fluid & system combination that performs best 
is selected. Studies applying this methodology to ORC systems have been 
conducted for a multitude of applications, such as co-generation biomass 
plants (Drescher and Brüggemann, 2007), solar desalination plants 
(Delgado-Torres and García-Rodríguez, 2010), solar power plants 
(Tchanche et al., 2009), geothermal power plants (Saleh et al., 2007; 
Zhai et al., 2014), and waste-heat recovery applications (Wang et al., 
2011; Preißinger et al., 2017; Pantaleo et al., 2019; Chatzopoulou et al., 
2019).

Stijepovic et al. (2012) conducted an analysis concluding that four 
working fluid properties (molar mass, compressibility factor, ideal gas 
heat capacity, liquid density) are relevant for the thermodynamic per
formance of ORC systems, while five additional properties (liquid spe
cific heat capacity, heat of evaporation, critical pressure, liquid thermal 
conductivity, vapour density) need to be considered for the economic 
performance. However, the properties show trade-offs regarding per
formance and the work did not rigorously screen working fluids. Chen 
et al. (2010) reviewed working fluid selection criteria and an evaluation 

of 35 fluids, concluding that the critical temperature and the "dryness" 
ds/dt are essential parameters. Quoilin et al. (2011) performed a 
comprehensive thermo-economic optimisation of a small-scale ORC 
system for waste heat recovery applications, using heuristic criteria to 
pre-select eight working fluid candidates. The study highlighted that 
thermodynamic and thermo-economic optimisations might lead to 
different results. Freeman et al. (2017) studied working fluids for do
mestic solar-ORC systems, using detailed models of solar collectors and 
considering a year-round operation. A range of hydrocarbons and 
halogenated refrigerants were investigated in that study. Andreasen 
et al. (2014) considered all pure fluids and predefined mixtures with 
zero ozone depletion potential from the NIST REFPROP database as well 
as binary mixtures of pure fluids in their working fluid selection. 
Schwöbel et al. (2017) used the COSMO-RS model to conduct a 
high-throughput screening of the PubChem chemical structure database 
containing more than 72 million entries. After an initial filtering, ther
modynamic properties were determined for over 2 million structures. 
Based on that, about 3000 were selected as working fluid candidates and 
ranked by thermal efficiency. Emadi et al. (2020) performed a 
thermo-economic, multi-objective optimisation of a dual-loop ORC 
system recovering waste heat from a fuel cell, using an artificial neural 
network to predict the system performance. They considered a total of 
nine refrigerants. None of these studies considered the impact of 
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BPHEX Brazed-plate heat exchanger
CAMD Computer-aided molecular design
CAMPD Computer-aided molecular and process design
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ε/k Segment dispersion energy (K)
η Efficiency
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uncertainties on the fluid selection.
The two-step methodology with a heuristic working fluid pre- 

selection followed by a system design optimisation may inadvertently 
exclude promising fluids and therefore lead to suboptimal results. 
Hence, an integrated, single-step optimisation that simultaneously 
considers working fluid and systems design is recommended (Linke 
et al., 2015; Quoilin et al., 2013). This integrated optimisation is 
interpreted as a computer-aided molecular and process design (CAMPD) 
problem (Markides et al., 2025).

CAMPD combines thermodynamic or thermo-economic system 
models with methods to determine thermophysical properties of sub
stances (i.e., the working fluid) from their molecular structure, often 
expressed via functional groups. This problem typically results in mixed- 
integer non-linear programming (MINLP) formulations comprising 
continuous process variables and discrete variables to describe the 
working fluid molecules (Gani, 2004). CAMPD requires models to 
compute thermophysical properties from fluid-specific parameters and 
molecular structure. Equations of state (EOSs) are most frequently used 
for the identification of organic working fluids, other options are 
quantum-mechanics models, excess Gibbs energy models, and artificial 
intelligence approaches. Widely used classes of EOSs in CAMPD are 
cubic EOSs, such as the Peng-Robinson EOS (Peng and Robinson, 1976; 
Liang et al., 2022) or the Soave-Redlich-Kwong (SRK) EOS (Soave, 
1972), and derivates of the statistical associating fluid theory (SAFT) 
(Chapman et al., 1989), such as SAFT-VR Mie (Lafitte et al., 2013) or 
perturbed-chain SAFT (PC-SAFT) (Gross and Sadowski, 2001).

Papadopoulos et al. (2010) identified limitations of working fluid 
screenings and proposed a CAMPD methodology based on the 
Peng-Robinson EOS, iteratively altering the molecular structure of the 
working fluid. The authors showed that substances not included in da
tabases have a high potential for ORC systems, thus justifying the 
CAMPD approach. The framework was later extended to design working 
fluid mixtures (Papadopoulos et al., 2013). The latter study also 
included a sensitivity analysis to investigate the influence of 
uncertainties in the boiling temperature, critical temperature, and 
critical pressure of the mixtures. Different mixtures were shown to 
exhibit different sensitivities, even if they show similar nominal per
formance. Palma-Flores et al. (2015) used a CAMPD approach to identify 
promising working fluids for low-temperature heat recovery applica
tions, considering a comprehensive set of 39 functional groups. Rather 
than optimising the power output or the costs of the ORC system, four 
working fluid parameters considered beneficial for working fluids were 
used as objective functions. White et al. (2017) performed a 
CAMPD-based integrated working fluid and system optimisation, using 
the SAFT-γ Mie EOS with group-contribution (GC) methods. In addition 
to ORC parameters such as pressure levels and the degree of 
superheating, the chain length of n-alkanes, methyl alkanes, 1-alkenes 
and 2-alkenes was optimised. The framework was later extended to: 
(i) a thermo-economic assessment, identifying optimal working fluids 
depending on the heat source temperatures (White et al., 2018); and (ii) 
a multi-objective optimisation, investigating trade-offs between invest
ment costs and power output (van Kleef et al., 2019). Bowskill et al. 
(2020) conducted a CAMPD optimisation of the net power output of 
ORC systems using the SAFT-γ Mie EOS. The authors considered linear 
alkane and alkene groups as well as various oxygen groups for a total of 
~59,000 feasible chemical structures. Lampe et al. (2015) used a 
continuous-molecular targeting CAMD (CoMT-CAMD) approach 
(Bardow et al., 2010) for a two-stage integrated working fluid and sys
tem optimisation based on the group-contribution PC-SAFT EOS. The 
first step identifies a hypothetical, optimal working fluid mapped to 
existing molecules in the second step. Schilling et al. (2017b) combined 
these two steps into a single-stage framework, achieving a more accurate 
identification of optimal working fluids. Combined with PC-SAFT-based 
transport property models as well as equipment design and cost corre
lations, the framework was later used for integrated thermo-economic 
working fluid and system optimisations (Schilling et al., 2017a). Most 

recently, Liang et al. (2022) presented an MINLP superstructure 
optimisation of ORC systems, using an iterative solution methodology to 
handle the complexity of the problem.

The thermo-economic working fluid and system optimisation is 
subject to various uncertainties: The thermophysical equilibrium prop
erty values predicted by EOSs differ from the actual values, and the 
thermodynamic cycle and equipment models provide only approxima
tions of the performance of real machines. Additional sources of un
certainty are, e.g., the transport properties, the operating conditions, 
and the investment, operating and maintenance costs. Though many 
articles have been published on ORC working fluid and system design, 
these uncertainties were typically neglected or only considered in a 
simplified way.

Papadopoulos et al., 2013 proposed a non-linear sensitivity analysis 
on previously determined Pareto-optimal working fluid mixtures. 
Schilling et al. (2017a) conducted a post-optimality Monte Carlo study, 
considering uncertainties in the thermophysical properties calculated 
from the PC-SAFT EOS. They found that even though the objective value 
distributions of the two best working fluids largely overlap, CAMPD 
optimisation can still provide valuable working fluid performance 
rankings. Tillmanns et al. (2022) used a similar framework to optimise 
ORC-based pumped-thermal electricity storage system. The authors only 
analysed the impact of compressor cost correlations and found that the 
specific investment costs of the optimal system change by -42 % and 
+31 % depending on the correlation used. Zhang et al. (2020) investi
gated the prediction accuracy of PC-SAFT for siloxanes by comparing 
fluid properties calculated using PC-SAFT with values from NIST 
REFPROP. As usual, the SAFT parameters were fitted to liquid density 
and vapour pressure data. The average relative deviations between 
PC-SAFT and REFPROP for these properties were in the range from 0.6 
to 2.8 %. The fitted parameters were then used to calculate deviations in 
compressibility factor, isobaric heat capacity and volume expansion 
coefficient, which were in the range from 1.1 to 18 %. The authors also 
determined the deviations in enthalpy and entropy in the superheated 
vapour phase, finding that the average relative deviations were below 
0.6 %. It was shown that for high-temperature ORC systems with si
loxanes as working fluid, the deviations in the predicted performance 
between PC-SAFT and REFPROP are smaller than 3 % for most of the 
considered range of operating conditions.

Frutiger et al. (2016a, 2016b, 2017, 2018, 2019) have significantly 
contributed to the parameter estimation and uncertainty analysis of 
EOSs. Rather than applying the uncertainties to the outputs of the EOS 
(i.e., the thermophysical properties), the authors determined the un
certainties in the EOS input parameters. First, the authors developed a 
methodology to estimate GC-parameters and associated uncertainties 
from experimental data for a heat of combustion model (Frutiger et al., 
2016a). A bootstrap method, described in Section 4.1, was found to be a 
valid method to analyse uncertainties if the underlying distribution is 
unknown. It was also concluded that the GC-method had parameter 
identifiability issues indicated by significant correlations between pa
rameters. However, the developed methodology was found to still be 
highly valuable in predicting thermophysical fluid properties from 
molecular structures.

Frutiger et al. (2017) then applied the bootstrap method to estimate 
uncertainty distributions of the SRK and the PC-SAFT EOS parameters 
for cyclopentane. The parameter distributions determined this way were 
then used to analyse the performance of an ORC system using cyclo
pentane as the working fluid. A Latin hypercube parameter sampling, 
based on the estimated parameter distributions and accounting for 
correlations between parameters, was used to generate a set of 250 input 
parameter combinations. Then, the ORC system model was solved for 
each sample. The standard deviations in net power outputs were 1 % and 
0.2 % for the PC-SAFT and SRK EOSs, respectively. The results were 
found to be significantly more sensitive to the EOS parameters than the 
parameters of the heat capacity model. The work only considered 
cyclopentane as a working fluid and did not perform a CAMPD 

M. Mersch et al.                                                                                                                                                                                                                                 Computers and Chemical Engineering 199 (2025) 109151 

3 



optimisation. Other uncertainties unrelated to the EOSs were not 
considered.

In a related study, Frutiger et al. (2016b) also investigated the role of 
uncertainties in a working fluid screening using the Peng-Robinson EOS. 
Uncertain EOS input parameter distributions were estimated and 
sampled as in the previous study (Frutiger et al., 2017), and the ORC 
system model was solved for each sample and each of the considered 
working fluids, 1965 in total. The working fluid candidates were ranked 
and confidence intervals for the net power output were provided. For 
mean values of 1040 to 1150 kW, the confidence intervals were small 
(< 15 kW) for non-halogenated fluids such as isobutane, but very large 
(up to 900 kW) for complex, halogenated fluids. The authors concluded 
that the working fluid ranking based on mean values or uncertainties 
can significantly differ and studies investigating working fluids for ORC 
systems should account for uncertainties. Frutiger et al. (2019) then 
applied a Monte Carlo based optimisation approach to account for un
certainties in the SRK EOS in the CAMD optimisation of an ORC for 
marine applications. The authors considered uncertainties in the GC 
parameters and performed the CAMD optimisation for 250 random 
samples, maximising the net power output of the ORC. They highlighted 
differences between a robust solution minimising risk versus an opti
mistic solution that yields better performance in some cases but has a 
higher risk of low performance. Jones et al. (2019) conducted a similar 
analysis for a heat pump (maximising the COP) and a molecular distil
lation, using a fixed working fluid, and performed sensitivity analyses. 
They concluded that the results were most sensitive towards uncertainty 
in the acentric factor of the working fluid, which is a key input to the 
SRK EOS. Frutiger et al. (2018) also maximised the COP of a heat pump 
considering uncertainties in the SRK EOS, performing a CAMD optimi
sation to identify the optimal working fluid. The authors showed that the 
ranges of COP are much smaller for some working fluids compared to 
others, which is favourable for a conservative choice of working fluid. 
None of these studies considered uncertainties beyond those of the SRK 
EOS.

This work presents an integrated thermo-economic optimisation of 
ORC system and working fluid using the PC-SAFT EOS. Experimentally 
validated thermo-economic equipment models are used to estimate the 
performance of the ORC system with different working fluids. Un
certainties in the EOS, the transport property models, and equipment 
cost correlations are quantified and explicitly considered in the opti
misation and their influence on the optimal system design and working 
fluid is analysed. This integrated methodology with explicit consider
ation of uncertainties in the CAMPD optimisation represents a key 
novelty, as studies in literature are limited to only one working fluid, 
only consider fewer sources of uncertainty and typically only a poste
riori after the optimisation, and/or do not include any optimisation. 
Furthermore, using an experimentally validated process model is a key 
novelty. While this study focusses solely on ORC systems, similar system 
and working fluid design problems arise for heat pumps, chillers, or 
absorption systems.

The article is structured as follows: Section 2 presents the method
ology and relevant working fluid and ORC system models, Section 3
contains a validation of the models against experimental data obtained 
from an ORC system test facility, Section 4 outlines the methodology to 
quantify and account for uncertainties, Section 5 discusses the results of 
the study, and Section 6 provides concluding remarks.

2. Integrated thermo-economic system and working fluid 
optimisation framework

The developed optimisation framework combines thermo-economic 
models of an ORC system with the homo-segmented group-contribu
tion method of the PC-SAFT EOS (Gross and Sadowski, 2001) to calcu
late thermophysical fluid properties from molecular structures. This 
setup facilitates a simultaneous CAMPD optimisation of process vari
ables and working fluid. The problem formulation is based on the 

methodology developed by Schilling et al. (2017a, 2017b). The resulting 
MINLP optimisation problem is described by: 

min
x,y

f(x, y)

subject to 

gi(x, y) = 0 equipment models 

hi(x, y) ≤ 0 equipment limits (1) 

ki(y) = 0 molecular feasibility 

xmin ≤ xi ≤ xmax ∈ Rn bounds on continuous variables 

ymin ≤ yi ≤ ymax ∈ Zm bounds on discrete variables 

The objective function f depends on the continuous variables x and 
the discrete variables y. The objective can be, e.g., to maximise the 
power output in a thermodynamic optimisation, or to minimise the 
specific investment costs in a thermo-economic optimisation. The 
continuous decision variables x represent the system design degrees of 
freedom, while the discrete decision variables y describe the molecular 
structure of the working fluid (see Section 2.2). The thermodynamic 
cycle and equipment models (see Section 2.1) result in a set of equality 
constraints gi, while equipment limits are enforced via inequality con
straints hi. The molecular feasibility constraints ki ensure that only 
chemically feasible molecules are considered (see Struebing (2011)). 
Additionally, all decision variables are bound to limit values to 
reasonable ranges.

The optimisation framework, thermodynamic cycle and equipment 
models are implemented in MATLAB, while the fluid calculations are 
implemented in Python, as they are based on an open-source Python 
library implementing PC-SAFT (Baird, 2020). The optimisation problem 
is solved using MATLAB’s surrogate optimisation algorithm, which is a 
stochastic solver designed for global optimisation of complex, non-linear 
objective functions (The MathWorks Inc. 2021). Once the MINLP solver 
identifies the optimal working fluid, the optimum is refined using an 
interior-point non-linear optimisation solver (The MathWorks Inc. 
2021). The models are presented in the following sections.

2.1. Thermodynamic ORC system models

ORC systems utilise a thermodynamic cycle that, in its simplest form, 
consists of four steps, as shown in Fig. 1: using electricity (Ẇpump), a 
pump increases the pressure of a liquid working fluid (ṁwf) from a lower 
pressure level (pcond) to a higher pressure level (pevap). The high-pressure 
working fluid is then evaporated and superheated (ΔTsh) in an evapo
rator, using heat (Q̇hs) from a heat source. The high-pressure working 
fluid vapour is then expanded through the expander, generating power 
(Ẇgen) in the process. Finally, the working fluid is condensed and sub
cooled (ΔTsc) in the condenser, rejecting heat (Q̇cw) to the cooling water.

Advanced ORC system concepts may involve, e.g., an additional heat 
exchanger acting as a recuperator, or supercritical fluid states. However, 
only subcritical, non-recuperated ORC systems are modelled in this 
work.

2.1.1. ORC system model
Quasi-steady operation of all equipment is assumed in the ORC 

system model, and potential and kinetic energy terms are neglected. 
Further, following an analysis that showed that typical pressure losses of 
20–70 kPa expected in the evaporator and condenser (Alfa Laval, 2025) 
result in a 2–6 % reduction in the net power output, which is small 
compared to the impact of the various uncertainties considered in this 
paper, it is assumed in line with similar modelling attempts in the 
literature (Schilling et al., 2017a; Papadopoulos et al., 2010; van Kleef 
et al., 2019; Bowskill et al., 2020; Thierry et al., 2016) that the effects of 

M. Mersch et al.                                                                                                                                                                                                                                 Computers and Chemical Engineering 199 (2025) 109151 

4 



pressure losses in piping and heat exchangers are negligible.
The non-recuperated ORC typically has five degrees of freedom: the 

two pressure levels pevap and pcond, two temperatures defined by the 
superheating ΔTsh and subcooling ΔTsc, and the working fluid mass 
flowrate ṁwf. It is assumed that the working fluid is saturated at the 
condenser outlet (ΔTsc = 0), as subcooling only reduces the thermal 
efficiency of the cycle. However, ensuring that the working fluid is fully 
condensed at the pump inlet is vital to avoid damage. The remaining 
four degrees of freedom are selected as the continuous decision variables 
for the optimisation: 

x =
{

pr
evap, pr

cond,ΔTsh, ṁwf

}
. (2) 

The evaporation and condensation pressure levels are expressed via 
reduced pressures, defined as ratio of absolute pressure to critical 
pressure pi

r = pi/pcrit, to ensure subcritical operation via a strict upper 
bound in the optimisation problem formulation. Further details on the 
ORC system model and relevant equations are provided in Section S6 in 
the supplementary information.

In addition to the thermodynamic cycle equations, several inequality 
constraints are imposed by the system: 

• The minimum approach temperature in the evaporator and 
condenser must not be violated.

• The evaporation pressure must be higher than the condensation 
pressure.

• The maximum pressure is limited to 50 bar to avoid unreasonably 
high pressures that would require specialised equipment.

• The minimum pressure is limited to 1 bar to eliminate the risk of 
ambient air leaking into the system.

Additionally, the upper and lower bounds shown in Table 1 are 
imposed on the decision variables. The upper bound of the working fluid 

mass flowrate is varied depending on the parameters of the case study. 
This ensures the scalability of the model, while the search space for the 
optimiser is smaller compared to just setting an arbitrary large upper 
bound. It is never reached in the optimal solutions presented in this 
work, and therefore does not affect the results.

In this study, the vapour quality at the expander outlet is not con
strained. The expander is assumed to be a scroll machine which, unlike 
turbomachines, can handle two-phase expansion without damage 
(Lemort et al., 2013).

2.1.2. Equipment models
Thermodynamic models have been developed for each of the four 

main equipment items of the ORC system. Lumped models based on the 
isentropic efficiency are used for the expander and pump. First, the 
working fluid outlet state is calculated for the isentropic case: 

his
out = h(pout, sin). (3) 

Then, the enthalpy of the actual outlet state is determined from the 
isentropic efficiency: 

hpump,out = hpump,in +
his

pump, out − hpump,in

ηis
pump

,

hexp,out = hexp,in − ηis
exp

(
hexp,in − his

exp,out

)
.

(4) 

In these equations, p denotes pressures, h specific enthalpies, s spe
cific entropies, and η efficiencies. The subscripts identify pump and 
expander inlets and outlets, while the superscript “is” indicates isen
tropic states. The isentropic efficiency ηis is either assumed to be a fixed 
value or determined from experimental performance maps (see Section 
S8 in the supplementary information). The respective electrical input or 
output power is then calculated from the enthalpy difference, the mass 
flowrate, and the mechanical/electrical efficiency, which is assumed to 

Evaporator

Condenser

Pump Expander G

1

2

3

4

1

2

3

4

er
u ta re

p
m e

T

Entropy

Cooling water

Heat source

(a) (b)

Fig. 1. (a) Flowsheet of a simple ORC system; and (b) ORC on a temperature-entropy diagram. The temperatures of the heat source and cooling water stream are 
shown in (b) for illustrative purposes.

Table 1 
Upper and lower bounds enforced on continuous decision variables in the optimisation.

xmin x xmax Explanation

0.01 pr
evap 0.8

Enforce subcritical cycle – fluid models become unreliable and operation difficult close to the critical point.0.01 pr
cond 0.8

0 K ΔTsh 100 K Limit the degree of superheating.
0.01 kg/s ṁwf min(ṁhs, ṁcw) Limit working fluid mass flowrate.
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be 95 %.
The evaporator and condenser are modelled as brazed-plate heat 

exchangers (BPHEX). Opposed to the expander and pump models, the 
BPHEX model is spatially resolved. The heat exchanger (HEX) is divided 
into three regions based on the working fluid flow regime: liquid flow 
(preheating/subcooling), two-phase flow (evaporation/condensation) 
and vapour flow (superheating/precooling). Each region is then dis
cretised, and heat transfer equations are solved for each incremental 
HEX section. The mass flow is assumed to be equally distributed between 
the BPHEX channels.

Several heat transfer correlations were considered and validated 
against experimental data. Details are provided in Section 3 and Section 
S7 in the supplementary information. Single-phase heat transfer is 
modelled using the correlation of Bogaert and Böles (1995) for Reynolds 
numbers below 1000 and the correlation of Chisholm and 
Wanniarachchi (1991) for Reynolds numbers above 1000. An 
asymptotic correlation is used to model evaporative heat transfer, while 
the correlation of Thonon and Bontemps (2002) is used to model heat 
transfer during condensation.

Sizing and, therefore, costing the heat exchangers requires the 
BPHEX geometry. The design problem has four degrees of freedom: The 
plate height and width, the number of plates and the plate spacing. The 
geometry is determined using the following four constraints: 

1. Total area: The required area is calculated from the discretised heat 
transfer model described above.

2. Maximum flow velocity: The fluid velocity in the channels is limited 
to 3 m/s for liquid flow and 7.6 m/s for vapour flow, which are in
dustry standard values (Deppmann, 2025).

3. Plate spacing: The plate spacing of BPHEX is typically between 1.5 to 
7 mm (Shah and Sekuli, 2003).

4. Height/width ratio: Ratio fixed to 4/1 to obtain realistic dimensions.

Further details on the BPHEX model and the heat transfer correla
tions considered in this work, including relevant equations, are provided 
in Section S9 in the supplementary information.

2.2. Working fluid thermophysical property calculations

For the CAMPD optimisation, the working fluid is represented by its 
functional groups. These functional groups are then used to calculate the 
thermophysical fluid properties required for the system model from an 
EOS using a group-contribution (GC) approach. For this work, we follow 
the approach of Schilling et al. (2017a). All thermodynamic equilibrium 
properties are calculated from the PC-SAFT EOS (Gross and Sadowski, 
2001). For unpolar, non-associating molecules, PC-SAFT calculates re
sidual thermodynamic properties from three molecular pure component 
parameters: the segment number m, the segment diameter σ and the 
segment dispersion energy ε/k (Schilling et al., 2017a). In the GC 
approach, the molecular SAFT parameters are calculated from the pa
rameters of the individual functional groups. Here, a homosegmented 
GC approach is used, applying the mixing rules of Vijande et al. (2004). 
The PC-SAFT parameters of the functional groups are taken from Sauer 
et al. (2014), who fitted them to experimental liquid density and vapour 
pressure data of many organic fluids.

Since PC-SAFT only calculates residual thermodynamic properties, a 
reference is required to determine absolute properties. In line with many 
publications using PC-SAFT, the ideal gas heat capacity is selected as 
reference and calculated from Joback & Reid’s polynomial GC approach 
(Joback and Reid, 1987).

In addition to the thermodynamic equilibrium properties, thermo- 
economic models also require transport properties (viscosity and ther
mal conductivity) to size equipment. Recently developed models based 
on Rosenfeld’s entropy scaling (Rosenfeld, 1977; Rosenfeld, 1999) 
enable the calculation of transport properties from PC-SAFT. 
Lötgering-Lin and Gross (2015) developed a GC approach for the 

viscosity, and Hopp and Gross (2017) for the thermal conductivity. 
These models allow for thermodynamically consistent modelling of fluid 
equilibrium and transport properties.

Six organic functional groups are considered for this study. The 
number of occurrences (#) of each group are the discrete optimisation 
variables that describe the working fluid: 

y = {# − CH3,# − CH2− ,# > CH− ,# > C <,# = CH− ,# = CH2}.

(5) 

These functional groups allow the creation of a multitude of linear 
and branched alkanes and alkenes. The framework can be extended to 
additional functional groups if the GC parameters are available.

All properties of water, which is used to cool the condenser and as the 
heat source in some cases, are calculated using CoolProp (Bell et al., 
2014), which is based on a Helmholtz EOS. In other cases, a thermo-oil is 
used to transfer heat from the source to the ORC system. The properties 
of the oil are calculated from the datasheet (Olefins and Surfactants, 
2003).

2.3. Equipment costing

For thermo-economic optimisations, estimating the plant costs is 
necessary to calculate economic performance indicators, such as the 
specific investment cost or the net present value. The latter is more 
useful to make investment decisions, but it requires assumptions on, e.g., 
electricity and fuel prices, equipment lifetimes and discounting of future 
cash flows. The specific investment cost is a simple indicator to relate 
costs to performance.

Cost correlations aim to estimate purchased-equipment costs of 
equipment from significant sizing parameters, such as expander and 
pump power and heat exchanger area. The required equipment sizes are 
calculated from the thermodynamic cycle and equipment models 
introduced previously.

The purchased-equipment costs of evaporator and condenser are 
estimated based on the respective heat transfer area AHEX using the 
correlation of Jaric et al. (2015) for stainless-steel/copper BPHEX, 
which was developed from recent market prices and is valid for heat 
exchanger sizes from 0.1 to 75 m2: 

CPEC,HEX = 832 €
(

AHEX

m2

)0.637

(6) 

The expander purchased-equipment costs are estimated from market 
data on small-scale refrigeration scroll compressors (Olympios et al., 
2021). Since expander designs are typically based on corresponding 
compression machines, the costs are assumed to be similar. The data 
includes 55 machines with nominal powers ranging from 2.6 to 11 kW 
and volumetric flowrates of 2⋅10− 3 to 2⋅10− 2 m3/s. From the available 
data, the following correlation to calculate the expander costs based on 
the volumetric flowrate was developed: 

CPEC,exp = 294,000 £
V̇

m3/s
+ 695 £. (7) 

The compressor cost data includes the electric motors, which are 
assumed to have similar costs as generators. Therefore, the expander 
costs calculated from Eq. (7) are assumed also to include the generator 
costs.

Finally, the costs of the fluid pump are estimated from the shaft 
power Ẇpump and the maximum pressure p using the correlation of 
Turton et al. (2012), assuming a positive displacement pump made from 
cast iron: 

log
(

C0
p

)
= 3.47771 + 0.1350log

(
Ẇpump

)
+ 0.1438

(
log
(
Ẇpump

))2
, (8) 
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log(FP) =

⎧
⎪⎨

⎪⎩

0 if p < 10

− 0.245382 + 0.259016log(P)

− 0.01363(log(P))2 if 10 ≤ P ≤ 100
(9) 

CPEC,pump = C0
p(1.89+1.35FP). (10) 

All values are converted to Pound Sterling, using conversion factors 
of 0.89 €/£ and 0.80 $/£, the approximate averages in 2019 (Pound 
Sterling Live, 2025). The Chemical Engineering Plant Costing Index 
(CEPCI) is used to approximately account for inflation, converting all 
equipment costs to 2019 levels.

In line with Schilling et al. (2017a), the purchased-equipment costs 
are multiplied by a factor accounting for additional costs associated 
with, e.g., planning, installation, and commissioning to determine the 
total capital investment CTCI: 

CTCI = 3.7
(
CPEC,exp + CPEC,pump + CPEC,evap + CPEC,cond

)
. (11) 

Finally, specific investment costs CSIC are calculated as ratio of total 
capital investment to net power output Ẇnet: 

CSIC =
CTCI

Ẇnet
. (12) 

3. Experimental methods and model validation

Data from a test facility for the experimental investigation of small- 
scale ORC systems is used to develop and validate the thermodynamic 
models. Another purpose of the experimental data set is to select the 
most appropriate heat transfer correlations for the BPHEXs for this 
specific application.

The experimental facility and data collection methodology is 
described by Unamba et al. (2019). Fig. 2 shows a schematic diagram of 
the ORC system test facility, including auxiliary fluid loops. The main 
equipment is a semi-hermetic scroll expander with a built-in volume 
ratio of 3.5 and a displacement volume of 14.5 m3. The expander can 

operate at up to 3600 rpm to generate a nominal power of 1 kW. The 
expander shaft is coupled to a generator. Variable resistors allow to vary 
the generator load and therefore the operating point of the expander. An 
electric oil heater with a capacity of 18 kW serves as heat source. 
The evaporator is a SWEP B12Lx18 BPHEX with a heat transfer area of 
0.45 m2. An Alfa Laval CB60–30H BPHEX with an area of 1.62 m2 is 
installed as condenser. A mains water loop serves as heat sink. The 
working fluid is pumped by a Fluid-o-Tech TMFRSS051A rotary-vane 
pump with a maximum effective power of 250 W, which reaches a 
maximum volume flow of 220 L/h and a maximum pressure difference 
of 16 bar for water at 20 ◦C. R245fa, pentafluoropropane CF3CH2CHF2, 
is used as working fluid, which is a common working fluid for ORC 
systems as it is non-ozone depleting, non-toxic and non-flammable. 
However, R245fa has a high global warming potential of 1030 
(Honeywell International Inc., 2019). As shown in Fig. 2, the test facility 
is equipped with a multitude of thermocouples, pressure transducers and 
flow meters to monitor and log the operation. Additionally, power me
ters measure the power produced and the pump’s consumption.

The experimental data set used for this study consists of 131 steady- 
state operating points. The heat source temperature was varied between 
100 ◦C and 140 ◦C, with a constant thermo-oil mass flowrate of 0.5 kg/s. 
The working fluid mass flowrate was varied between 0.017 kg/s and 
0.049 kg/s. The cooling water had a constant flowrate of 0.4 kg/s and an 
inlet temperature of 19 ◦C, resulting in an approximately constant 
condensation pressure of 1.5 bar. The evaporation pressure, however, 
varied between 5 bar and 12 bar. The generator resistance and therefore 
the expander speed was also varied. The measured power output was in 
the range from 150 to 650 W.

Experimental measurements were made using T-type thermocouples 
with error limits of ±1 K or ±0.75 %, pressure transducers with an ac
curacy of ±0.25 %, a Coriolis flow meter with an accuracy of ±0.1 %, 
and a power analyser with an accuracy of ±0.05 %. These potential 
measurement uncertainties are neglected in the analysis presented here, 
as they are small compared to all other uncertainties.

Several heat transfer correlations are considered for single-phase 

Fig. 2. Schematic diagram of the ORC system test facility, showing the installed equipment and sensors. Adapted from Unamba et al. (2019).
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heat transfer, evaporation, and condensation in BPHEXs, and the most 
appropriate ones for the given application were selected based on the 
experimental data. Details on the methodology are provided in Section 
S7 in the supplementary information. With the best-performing heat 
transfer correlations, the evaporator area is predicted across all 
experimental data points with a root mean square error of 16 %. On 
average, the area is underestimated by 0.02 m2, the standard deviation is 
0.07 m2. The root mean square error of the condenser area is only 9 %, 
but the area is on average underestimated by 0.13 m2. The standard 
deviation of the error in the condenser area prediction is 0.06 m2.

Finally, the experimental data is used to check the prediction accu
racy of the ORC system model. Inputs are the four optimisation variables 
pr

evap, pr
cond, ṁwf and ΔTsh (see Section 2.1). The calculated powers are 

then compared to the corresponding experimentally measured values, as 
shown in Fig. 3. The expander power tends to get slightly overestimated 
for operating points with a high power output, while the pump power is 
underestimated. However, most data points are described within two 
standard deviations, i.e., 95 % of model errors are expected to be be
tween − 10 % and +17 % for the expander, and − 14 % to +5 % for the 
pump. Overall, the error in the predicted net power output from the ORC 
system is between − 13 % and +23 % in 95 % of the cases. The model 
error increases with increasing heat source temperatures, indicating that 
modelling heat losses can potentially improve the accuracy of the model 
significantly.

To further validate the ORC model at different scales, Fig. 3 also 
shows the error in the predicted power output compared to the experi
mental data of Yang et al. (2017), who designed and tested a geothermal 
ORC system with a maximum heat source temperature of 92 ◦C and a 
maximum power output of 160 kW. Similarly to our industrial case 
study presented below (see Table 3), these values were obtained 
assuming a fixed isentropic efficiency of the expander, which was set to 
78 %, the average value measured during the experimental campaign. 
The figure shows that the errors of the large-scale system are in the same 
range as the ones obtained from our small-scall ORC system test facility, 
thus supporting the suitability of our approach.

4. Quantification and modelling of uncertainties

One key contribution of this work is the estimation of various un
certainties associated with the system and working fluid optimisation. 
This includes using an experimentally validated process model and ac
counting for the model uncertainties. For the thermo-economic CAMPD 
optimisation framework, uncertainties are introduced at every step from 
the molecular level to the plant economics level, as shown in Fig. 4.

4.1. Uncertainties in thermophysical fluid properties

Calculating thermophysical fluid properties from the molecular 
structure using PC-SAFT, as introduced in Section 2.2, is associated with 
various uncertainties. Typically, the three PC-SAFT parameters required 
for non-associating, unpolar molecules, m, σ and ε/k, are fitted to 
experimental data for the saturated liquid density ρL and the saturated 
vapour pressure psat of the relevant fluid. This parametrisation incurs 
two sources of uncertainty: the experimental data is subject to mea
surement errors, and the fitting function is unable to perfectly replicate 
every single data point. If GC-methods are used, another source of un
certainty is introduced: the aggregation of molecular PC-SAFT param
eters from functional-group PC-SAFT parameters. Since experimental 
data are only available for molecules rather than functional groups, the 
aggregation of the functional-group parameters and the uncertainty 
associated with them is an inherent part of parameter fitting.

To the best of the authors’ knowledge, no data on the uncertainty of 
functional-group SAFT parameters is available in literature. Frutiger 
et al. (2017) determined distributions of the PC-SAFT parameters of 
cyclopentane but did not consider other fluids or functional groups. 
Aouichaoui et al. (2022) used neural networks to estimate uncertainties 
in critical properties which are important for some equations of state. 
They then developed interpretable neural networks for pure component 
properties (Aouichaoui et al., 2023a) and combined them with GC ap
proaches (Aouichaoui et al., 2023b), but did not investigate SAFT pa
rameters. Sauer et al. (2014) presented a methodology to fit 
functional-group SAFT parameters of various organic groups and 
compare the accuracy of homo- and heterosegmented GC approaches. 
The authors provide the fitted PC-SAFT parameters of the functional 
groups, as well as the Percentage Average Absolute Deviation ( %AAD) 
between the fits and the underlying experimental liquid density and 
vapour pressure data. %AAD values are commonly reported for the fluid 
properties used to fit the PC-SAFT parameter. However, deriving the 
uncertainties associated with other fluid properties or the PC-SAFT pa
rameters themselves is not straightforward.

In this study, we express uncertainties related to the EOS as un
certainties of functional-group SAFT parameters. This approach ensures 
thermodynamically consistent results, which are not guaranteed if un
certainties are only applied to the calculated fluid properties. To esti
mate the uncertainties related to the PC-SAFT parameters, we use 
experimental liquid density and vapour pressure data from the DIPPR 
801 database (Design Institute for Physical Properties, 2025) and a 
modified version of the bootstrap method for parameter uncertainty 
estimates developed by Frutiger et al. (2016a). The original bootstrap 

Fig. 3. Relative errors in net power output predicted by the ORC system model compared to experimentally measured values. Additionally, the range of two standard 
deviations (std) around the mean error is displayed. The figure also shows a comparison with experimental data obtained by Yang et al. (2017) for a 160-kW 
geothermal ORC system to further validate our model.
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method comprises the five steps detailed below: 

1. Estimate a first set of parameters from a fit to experimental data.
2. Calculate the residual errors ri for each data point, defined as the 
difference between experimental value yi

meas and value calculated 
from the initial fit yi

fit: 

ri = ymeas
i − yfit

i . (13) 

3. Randomly rearrange the errors to create k new synthetic data sets. 
For each data point, all errors have the same probability (1/NData) to 
be applied: 

yi(k) = yfit
i + rj. (14) 

4. Repeat the parameter fitting for each synthetic data set to obtain 
the final set of parameters.

5. Calculate the mean and standard deviations of the set of 
parameters.

Experimental liquid density and vapour pressure data of 102 linear 
and branched alkanes and alkenes are considered, with sizes ranging 
from C4 to C10. Data points with temperatures below 250 K or saturation 
pressures below 0.1 bar are not considered to stay close to the relevant 
range for the ORC system. Additionally, data points with temperatures 
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Fig. 4. Sources of uncertainties in the thermo-economic CAMPD optimisation framework, from SAFT parameters of the functional groups to specific investment 
costs. The top three rows represent uncertainties related to fluid properties (blue), the fourth row to uncertainties in thermodynamic cycle and equipment models 
(green), and the fifth row to uncertainties in equipment cost correlations (gold).

Table 2 
Breakdown of measurement uncertainties in experimental fluid property data.

Measurement 
error

Number of data 
points

Percentage of data 
points

Cumulative 
percentage

< 0.2 % 72 2.5 % 2.5 %
< 1 % 2173 75 % 77 %
< 3 % 577 20 % 97 %
< 5 % 42 1.4 % 98 %
< 10 % 31 1.1 % 99 %
Unknown 23 0.8 % 100 %
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higher than 80 % of the critical temperature are removed, because it is 
known that the accuracy of PC-SAFT deteriorates close to the critical 
point. These rules leave a total of 2918 data points for the PC-SAFT 
parameter regression.

A breakdown of the measurement uncertainties of the experimental 
data points as specified in the DIPPR 801 database is shown in Table 2. 

Based on these values, a measurement data uncertainty of 3 % is 
assumed for all further calculations, as this covers more than 95 % of all 
experimental data points.

To estimate PC-SAFT parameter distributions considering un
certainties in the EOS itself, the GC-method and mixing rules, as well as 
measurement data uncertainty and parameter fitting, the methodology 
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Fig. 5. Methodology to estimate uncertainties in thermophysical properties, which stem from uncertainties in the experimentally measured thermophysical fluid 
property data, the parameter regression, GC-methods, and mixing rules as well as the EOS.
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summarised in Fig. 5 is applied, which is based on the aforementioned 
bootstrap method:

First, an initial parameter regression is performed for each fluid 
separately to identify a set of optimal functional-group PC-SAFT pa
rameters for each. A Levenberg-Marquardt algorithm is used to mini
mise the residuals between the experimental liquid density and vapour 
pressure data and the corresponding values predicted by PC-SAFT. The 
molecular PC-SAFT parameters are calculated from functional-group 
PC-SAFT parameters using the mixing rules of Vijande et al. (2004)
and then entered into the EOS to calculate thermophysical properties 
(see Section 2.2). The objective function proposed by Sauer et al. (2014)
is used for the non-linear regression, which weighs the experimental 
data points based on the pressure: 

min

⎡

⎣ 1
Nρ + Np

⎛

⎝
∑Nρ

j

(

0.5
ρpred

j − ρmeas
j

ρmeas
j

)2

+
∑Np

j

(

min
(

1,
1
5

(
pmeas

j

/
Pa
)0.15

) ppred
j − pmeas

j

pmeas
j

)2
⎞

⎠

⎤

⎦.

(15) 

Here, Nρ and Np are the number of experimental data points for 
liquid density and vapour pressure, respectively, ρj the liquid density 
values and pj the vapour pressure values.

It is important to note that the GC-parameter fitting problem for 
individual fluids is an underdetermined problem if more than one 
functional group is present in the fluid, which is the case for all fluids 
considered here. Three PC-SAFT parameters for each functional group 
are combined to three PC-SAFT parameters for the whole molecule, 
which then feed into the EOS calculations. However, infinitely many 
solutions exist to obtain the same whole-molecule PC-SAFT parameters 
from the functional-group SAFT parameters of the molecule. Here, the 
GC-PC-SAFT parameters determined by Sauer et al. (2014) are used as 
starting point for the optimisation, and the regression will converge to a 
local minimum solution for each fluid.

Each fluid is considered individually in the initial regression step. 
Therefore, each set of functional-group PC-SAFT parameters is locally- 
optimal for its specific fluid. Hence, the distribution of functional- 
group PC-SAFT parameters across the fluids (Box A in Fig. 5) is a con
servative estimate of the uncertainty associated with the GC-methods 
and mixing rules. The distribution captures the variability in the 
optimal parameters for each fluid. The optimal functional-group PC- 
SAFT parameters determined from a regression considering multiple 
fluids at once would fall somewhere in the range of optimal parameters 
of individual fluids.

The next step is to account for the above-mentioned uncertainties in 
the experimentally measured thermophysical fluid property data, as 
well as the uncertainties associated with the EOS itself. For this purpose, 
a modification of the bootstrap method developed by Frutiger et al. 
(2016a) is applied to the individual fluids. For each fluid, GC-parameters 
are fitted to experimental data and thermophysical properties are pre
dicted. Then, 150 synthetic data sets are generated for each fluid by 
randomly perturbing the predicted thermophysical properties. The 
perturbation accounts for (i) the measurement data uncertainty, esti
mated to be 3 % based on Table 2; and (ii) the residuals from the initial 
parameter fit, rj: 

ysyn
i,k =

(
αi,k + rj

)
ypred

i αi,k ∈ F(α), rj ∈ F(r), k ∈ {1,⋯, 150}. (16) 

The residuals rj are defined as the relative difference between pre
dicted thermophysical properties from the initial parameter regression 
and measurement data: 

rj =
ypred

j − ymeas
j

ymeas
j

. (17) 

The measurement uncertainty perturbation factors αi,k is drawn from 
a normal distribution F(α) with a mean value of 1 and a standard 

deviation of 0.03 to represent the measurement data uncertainty of 3 %. 
In line with the bootstrap method, a uniform distribution F(r) is used for 
the residuals, meaning that each residual value has the same probability 
to be applied to each predicted value. For each of the 150 synthetic data 
sets, a regression is performed, yielding a total of 150 PC-SAFT param
eter sets per fluid.

This methodology neglects the effect of the measurement data un
certainty on the initial parameter regression. However, by including the 
measurement data uncertainty in the generation of the synthetic data 
sets used for the bootstrap method, the influence of the measurement 
data uncertainties on the PC-SAFT parameter distributions is captured. 
The distributions of the PC-SAFT parameters per fluid (Box B in Fig. 5) 
estimate the uncertainties associated with the EOS and the experimental 
data.

Finally, all functional-group PC-SAFT parameter sets (102 fluids, 150 
sets per fluid = 15,300 sets) are combined and overall distributions are 
determined (Box C in Fig. 5). These distributions estimate all un
certainties considered when calculating residual thermophysical prop
erties from PC-SAFT.

Fig. 6 shows the distributions of functional-group PC-SAFT param
eters from the initial fit across all fluids (Box A in Fig. 5). These 
distributions indicate the uncertainties associated with the GC method, 
as they show the variability in the locally-optimal parameter values for 
different fluids. It should be noted that some functional groups, such as 
>C<, are only present in a fraction of the considered fluids, hence the 
number of parameter sets for these groups is small. Some outliers are 
present, likely related to the identification of local minima only and the 
fact that the functional-group parameter fitting problem is 
underdetermined, as discussed above. Additionally, the distributions of 
the less common functional groups do not show the typical shape of 
normal distributions, likely due to insufficient data points. Overall, 
however, the functional-group PC-SAFT parameters of the considered 
fluids fall in similar ranges.

Fig. 7 shows the distributions of the molecular PC-SAFT parameters 
of n-pentane and 3-methyl-1-hexene determined from the bootstrap 
method (Box B in Fig. 5). These distributions capture the uncertainty in 
the parameter fitting, which includes the uncertainty in underlying 
experimental data, and uncertainties in the EOS. Such distributions were 
determined for all considered fluids, but only two are shown here as 
representative examples of a simple and a more complex organic fluid. 
All distributions resemble normal distributions. The PC-SAFT parame
ters of 3-methyl-1-hexene, the more complex fluid, show a wider dis
tribution. However, the parameter distributions of single fluids 
determined by the bootstrap method (Fig. 7) show less variation than 
the distributions across different fluids (Fig. 6). This result suggests that 
the uncertainty related to the GC method and the mixing rules is larger 
than the one associated with the parameter fitting and the EOS itself.

To increase confidence that the distributions are representative of 
the overall EOS uncertainties and not just the liquid density and vapour 
pressure, the residuals in the enthalpy of vaporisation, a property not 
considered in the parameter fitting, are studied. Details are presented in 
Section S5 in the supplementary information. We conclude that the 
parameter fitting methodology is suitable for obtaining PC-SAFT pa
rameters for the functional groups, and the distributions in GC-PC-SAFT 
parameters are representative of the overall EOS uncertainties.

Finally, Fig. 8 shows the aggregated functional-group PC-SAFT 
parameter distributions, which were obtained by combining all 
parameter sets (Box C in Fig. 5). These distributions are an estimate of 
the overall uncertainty associated with the PC-SAFT parameters. The 
curves represent normal distributions that were fitted to the data using 
the fitdist function in MATLAB, which estimates the standard deviation 
as the “square root of the unbiased estimate of the variance” (Matlab, 
2024). The star symbol marks the functional-group PC-SAFT parameter 
values identified by Sauer et al. (2014), who used a similar GC approach 
but fitted the parameters for entire groups of fluids at once. The mean 
values of the parameter distributions identified in this work are within a 
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few percent of these values, further validating the methodology used. 
The identified PC-SAFT parameter distributions are not perfect normal 
distributions. Some distributions show a second peak next to the main 
peak, which suggests that the distribution depends on the groups of 
fluids. However, for the purpose of this work, we assume that the un
certainty of the functional-group PC-SAFT parameters can be approxi
mated by the normal distributions shown in Fig. 8.

The GC PC-SAFT parameter distributions shown in Fig. 8 account for 
the various uncertainties in the parameter fitting process considered 
here, as outlined above. For the benefit of future work on this topic, the 
numeric values of the means and standard deviations of these distribu
tions are provided in Table S2 in the supplementary information. 
However, it is important to consider the limitations of this work, 
including the set of fluids used in the fitting process, when using these 
parameters. Considering more fluids in the parameter fitting process 
may result in larger uncertainties in the PC-SAFT parameters of the 
different functional groups, as these groups need to represent a more 
diverse set of fluids. Therefore, caution should be used when applying 
the distributions presented here in a CAMPD optimisation over a wider 
range of molecules. Ideally, the parameter fitting process and bootstrap 
method to quantify the uncertainties should be repeated considering 
also experimental data from the additional fluid groups of interest.

It is important to note that the GC PC-SAFT parameters are not in
dependent but correlated, as also highlighted by Frutiger et al. (2017). 
More details on the correlation between parameters are provided in 
Section S5 in the supplementary information. Similar to the approach of 
Frutiger et al. (2019), the correlations are considered in the Monte Carlo 
sampling (see Section 4.4).

As introduced in Section 2.2, the PC-SAFT EOS only provides residual 
thermophysical properties. The ideal gas heat capacity is used as the 
reference quantity, which is calculated using the GC approach of Joback 

and Reid (1987). However, this approach is subject to the same un
certainties related to experimental data, the parameter fitting, and 
mixing rules as the estimation of the GC PC-SAFT parameters (see 
Fig. 4). To account for these uncertainties, the same methodology as 
described above for the GC PC-SAFT parameters is used to determine the 
distributions of the input parameters of the Joback & Reid model. De
tails on the ideal gas heat capacity parameter fitting, including GC 
parameter distributions and correlation coefficients, are provided in 
Section S5 in the supplementary information.

A different approach is used for the transport properties (viscosity 
and thermal conductivity): Based on Lötgering-Lin and Gross (2015) and 
Hopp and Gross (2017), who developed the correlations, and following 
Schilling et al. (2017a), a normal distribution with a coefficient of 
variation of 10 % is assumed.

4.2. Uncertainties in the ORC system model

The uncertainties in the model are estimated based on the compar
ison between simulated and measured performance of the ORC system 
test facility (see Section 3). Note that NIST REFPROP, which was used to 
calculate the properties of the working fluid, R245fa, is assumed to be 
perfectly accurate here. The REFPROP documentation for R245fa claims 
uncertainties below 0.1 % for liquid densities, 1 % for vapour densities, 
0.35 % for vapour pressures, about 1 % for viscosities, and 1.8 % for 
thermal conductivities (NIST, 2018).

Fig. 3 shows that the net power output predicted by the model is on 
average slightly higher than the measured values, with a mean relative 
error of 5 %. The standard deviation of the relative error is 9 %. 
Therefore, the uncertainty in the predicted net power output is modelled 
as a normal distribution with a mean offset of 5 % and a standard de
viation of 9 %. It should be noted that these values were calculated using 

Fig. 6. Distributions A – Fitted functional-group PC-SAFT parameters across the 102 organic fluids considered for the PC-SAFT parameter regression. Each line 
represents a functional group, while the columns correspond to the functional-group PC-SAFT parameters.
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expander and pump performance maps derived from experimental data 
from our ORC system test facility. When modelling other systems and, 
e.g., relying on empirical efficiency correlation or assuming fixed isen
tropic efficiencies, the uncertainty in the net power output may be 
higher.

4.3. Uncertainties in heat transfer correlations, equipment sizing, and 
equipment costing

The comparison between modelled data and experimental values 
also shows deviations in equipment sizes, contributing to the uncer
tainty in equipment costs. On top of that, the correlations used to relate 
equipment sizes to respective costs are highly uncertain, as shown 
below. It is important to note, however, that these costs only indirectly 
impact the fluid ranking, e.g., if one fluid requires an especially large 
heat exchanger compared to other fluids, it is penalised more by higher 
heat exchanger costs. Apart from this effect, equipment cost un
certainties primarily result in a similar bias across all fluids and thus do 
not affect the ranking.

The heat exchanger costs are calculated from the respective heat 
transfer area using the correlation developed by Jaric et al. (2015) (see 
Eq. (6)). The authors specify that the root mean square deviation be
tween the cost correlation and the underlying market data is 17 %. As 
shown in Section 3, the root mean square error of our models’ evapo
rator HEX area prediction is 16 %, while for the condenser HEX area, it is 
9 %. The two sources of uncertainty are combined using error propa
gation rules for independent uncertain input parameters a and b, with y 
as the output variable and n as a constant (Statistics How To, 2025): 

If y = an then
δy
|y|

= |n|
δa
|a|

, (18) 

If y = ab then
δy
|y|

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(δa

a

)2
+

(
δb
b

)2
√

. (19) 

Following this approach, the overall standard deviations of the 
evaporator and condenser costs, including sizing and cost uncertainties, 
are estimated to be 20 % and 18 %, respectively.

The root mean square deviation between the expander cost corre
lation (see Eq. (7)) and the underlying data is 31 %. Unfortunately, the 
data on which the pump cost correlation is based is not available. We 
therefore assume that the uncertainty in the pump costs is the same as 
the uncertainty in the expander costs since both are conventional rotary 
machines with a mature market.

Another source of uncertainty in the investment cost calculation is 
the factor accounting for costs of, e.g., planning and installation (see Eq. 
(11)). This factor is highly uncertain and varies from project to project, 
but since no data is available, the uncertainty in this coefficient is not 
investigated further in this work. Additionally, these costs do not depend 
on the working fluid and therefore do not impact the ranking of different 
working fluids.

4.4. Methodology to consider uncertainties in the thermo-economic 
optimisation

The influence of uncertainties on the integrated thermo-economic 
system and working fluid optimisation is investigated using a Monte 
Carlo approach. Uncertain parameters are randomly sampled from the 

(a)

(b)

Fig. 7. Distributions B – Set of molecular PC-SAFT parameters for individual fluids as determined from the bootstrap method. Shown here are the PC-SAFT pa
rameters m, σ and ε/k for: (a) n-pentane; and (b) 3-methyl-1-hexene as examples of a simple and a more complex fluid.
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distributions described in the previous sections, and an optimisation is 
performed for each set of parameter samples.

It is distinguished between uncertain parameters that influence the 
ranking of the working fluids and ones that do not. The former are all 
uncertainties related to the thermophysical property calculations as well 
as uncertainties in equipment size and cost calculations, while un
certainties in the overall ORC system performance only influence the 
value of the objective function, i.e., the specific investment costs. The 
latter, however, do not influence the trade-offs between working fluids.

As mentioned in Section 4.1, the functional-group PC-SAFT param
eters are correlated. Therefore, a Latin hypercube sampling method that 
considers covariances between parameter distributions is used. The 
sampling is done using MATLAB’s lhsnorm function, which performs a 
Latin hypercube sampling of normally distributed parameters. The 
function requires a positive semi-definite covariance matrix. The 
covariance matrix calculated from the distributions shown in Fig. 8 has 
some slightly negative eigenvalues, presumably because the distribu
tions are not perfect normal distributions. The nearestSPD function 
(D’Errico, 2020) is used to perform a correction to identify the nearest 
positive semi-definite matrix.

The Latin hypercube sampling method is also applied to the co
efficients of the ideal gas heat capacity model, accounting for correla
tions between parameters. The other uncertain parameters considered in 
this work, including transport properties and equipment costs, are 
assumed to be uncorrelated.

In principle, using as many samples as possible is desirable in Monte 
Carlo studies. However, the number of samples per study in this work is 
limited to 1500 due to computational limitations. Since a ranking of the 
10 best ORC system designs and working fluids is generated for each 
sample, 1500 Monte Carlo samples require solving 15,000 MINLP 

optimisation problems. Despite optimising the runtime of the code, this 
takes over 3 weeks on a 12-core/24-thread Xeon E5–2697 processor due 
to the complexity of the thermodynamic cycle and equipment models 
and the PC-SAFT calculations as well as the difficulty to optimise non- 
convex MINLP problems.

5. Results and discussion

The effect of the uncertainties on the CAMPD optimisation of ORC 
systems is investigated in two case studies: the first one considers an 
ORC system similar to the test facility described in Section 3, while the 
second one considers an industrial application. The focus here lies on the 
industrial application, as it is more relevant to the deployment of ORC 
systems in practice. The experimental facility is quite small, with a 
nominal expander power of 1 kW. Results from the CAMPD optimisation 
of that system are provided in Section S3 in the supplementary infor
mation, while here the results from the industrial case study are 

Fig. 8. Distributions C – Combination functional-group PC-SAFT parameter sets across all fluids. Plotted are also normal distributions that were fitted to the data. The 
star symbols indicate the parameter values identified by Sauer et al. (2014), who performed parameter regressions for a similar data set for groups of fluids.

Table 3 
Key parameters of the industrial case study.

Parameter Value

Heat source fluid Water
Heat source temperature 150 ◦C
Heat source pressure 10 bar
Heat source mass flowrate 1 kg/s
Heat sink fluid Water
Heat sink temperature 15 ◦C
Heat sink pressure 1 bar
Heat sink mass flowrate 17.5 kg/s
Pump isentropic efficiency 0.75 (constant)
Expander isentropic efficiency 0.8 (constant)
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presented. Uncertainties in fluid properties and equipment costs trans
late directly to the industrial case study, while model uncertainties may 
vary due to the different scale of the ORC system. However, for this 
study, we assume that the uncertainties determined in Section 3 are 
transferrable to the industrial case study.

The parameters for the industrial case study, summarised in Table 3, 
were taken from Schilling et al. (2017a). All mass flowrates were scaled 
by a factor of 1:10 to stay close to the experimentally validated range 
such that the uncertainties in thermodynamic models determined in 
Section 4 are still applicable.

First, the CAMPD optimisation was performed without considering 
uncertainties to confirm the suitability of the optimisation algorithm. 
Details are provided Section S1 in the supplementary information. The 
variation in optimal specific investment costs was found to be marginal 
compared to the cases with considering uncertainty. Following this 
validation, the CAMPD optimisation is performed with considering 

increasingly more uncertainties: first only uncertainties in the thermo
dynamic equilibrium properties stemming from the EOS and parameter 
fitting, then uncertainties in transport parameters are included, followed 
by uncertainties in equipment sizing and finally also uncertainties in 
equipment costing.

Results from a thermodynamic optimisation of the net power output 
and a thermo-economic optimisation of the specific investment costs are 
shown in Fig. 9. The distribution of optimal specific investment costs is 
significantly wider compared to the case without considering un
certainties (Figure S1 in supplementary information), with values 
ranging from about 3450 to 4450 £/kW. It is evident that uncertainties 
in thermodynamic equilibrium properties substantially impact the 
optimisation.

Due to the uncertainties, different working fluids are identified as 
optimal. Fig. 9 also shows the most likely optimal working fluids. The 
thermodynamic optimisation runs identify propane (39 %) as most 

(a)

(b)
Fig. 9. Results from the CAMPD optimisation considering uncertainties in thermodynamic equilibrium properties. Shown are: (a) results from a thermodynamic 
optimisation maximising the net power output; and (b) results from a thermo-economic optimisation minimising specific investment costs.
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likely to achieve the highest net power output, followed by isobutane 
(16 %), butane (14 %), 1-butene (11 %), 2-butene (10 %) and propene 
(10 %). All other fluids have a chance of <1 % of being the best fluid. 
Thus, well-performing fluids can be identified with a high probability, 
though it is difficult to discriminate between them. This finding is sup
ported by looking at the 2nd-ranked fluids (isobutane – 24 %, 1-butene – 
20 %, butane – 15 %, propane – 13 %, propene – 12 %, 1-butene – 11 %) 
and 3rd-ranked fluids (isobutane – 21 %, butane – 19 %, 1-butene – 17 
%, 2-butene – 10 %, propene – 8 %, propane – 7 %). While the order of 
these fluids varies, they are very likely to be the best-performing ones, 
and the differences in their performance are small. Thus, other consid
erations such as the costs of these fluids or safety aspects should be 
considered.

The thermo-economic optimisation shows a similar picture. Propane 
(60 %) is most likely to perform best, followed by propene (28 %), 
butane (5 %), 1-butene (4 %), isobutane (3 %), and neopentane (<1 %). 
Under thermodynamic equilibrium property uncertainties, the CAMPD 
methodology cannot provide exact values for optimal net power output 
and specific investment costs nor strictly distinguish between the best- 
performing fluids, but it is useful in identifying candidate working 
fluids likely to perform excellently.

In the following, more and more sources of uncertainty are consid
ered in the CAMPD optimisation. The focus is here on the thermo- 
economic minimisation of specific investment cost, as transport prop
erty, equipment sizing and equipment cost uncertainties do not impact 
the net power output.

Fig. 10 shows the distributions of optimal specific investment costs 
when considering more and more uncertainties. The first thing to note is 
that the cost ranges identified here are close to expected values for in
dustrial applications (Schilling et al., 2017a). The mean optimal specific 
investment costs remain consistent at 3810 to 3840 £/kW when adding 
additional uncertainties to the optimisation, which is about 100 £/kW 
higher than the deterministic solution (see Figure S1 in the supple
mentary information).

The variation in optimal specific investment costs and therefore the 
standard deviation (std) of the distributions on the other hand increases 
with more uncertainties being considered in the optimisation. Adding 
transport property uncertainties to equilibrium property uncertainties 
increases the standard deviation from 153 £/kW (Fig. 9) to 159 £/kW 
(Fig. 10(a)), while also considering equipment sizing uncertainties re
sults in a further increase to 165 £/kW (Fig. 10(b)). However, these 
changes are marginal compared to the increase in the standard deviation 
when adding equipment cost uncertainties. In the latter case, the stan
dard deviation jumps to 720 £/kW (Fig. 10(c)), with optimal specific 
investment costs ranging from 1700 to 6200 £/kW. These findings show 
that uncertainties in equipment costs are by far the most influential 
parameter when determining optimal specific investment costs.

Fig. 10 also shows that the most-likely optimal working fluids do not 
change depending on the uncertainty sources being considered. Trans
port property, equipment sizing and costing uncertainties only have a 
limited impact on the selection of optimal working fluids. In any case, 
propane and propene are likely to perform best, followed by butane, 1- 
butene and isobutane.

CAMPD optimisations considering only the uncertainties in equip
ment cost correlations further supports that they are the most influential 
parameter regarding optimal specific investment costs (see Fig. S2 in the 
supplementary information). Even though perfect EOSs, thermodynamic 
cycle and equipment models were assumed for these model runs, with a 
standard deviation of 690 £/kW, the distribution is almost as wide as the 
one considering all uncertainties (Fig. 10(c)). The optimal working fluid 
is propene in 82 % of cases, and propane in 17 % of cases when 
considering only equipment cost uncertainties. Compared to the previ
ous cases that also consider EOS uncertainties, fewer working fluids are 
proposed as optimal, and the top fluid is more likely to be optimal. This 
finding shows that the equipment cost uncertainties have only a limited 
impact on the working fluid selection, while EOS uncertainties are more 

relevant. However, regarding the specific investment costs, equipment 
cost uncertainties are by far the most influential uncertain parameter.

Despite the large variation in optimal specific investment costs when 
considering all uncertainties, high-performing working fluids can still be 
identified with high probability. Propane is identified as the best 
working fluid in 60 % of runs, as the second-best working fluid in 29 % 
of runs, and as the third-best working fluid in 5 % of runs, yielding an 
overall probability of 94 % of being among the top 3 fluids. Propene 
(26 % best, 15 % second-best, 9 % third-best), butane (5 % best, 13 % 
second-best, 19 % third-best), 1-butene (5 % best, 12 % second-best, 
19 % third-best) and isobutane (4 % best, 23 % second-best, 31 % 
third-best) are other promising candidates. These results are consistent 
with the top-performing working fluids identified by Schilling et al. 
(2017a), who performed a deterministic CAMPD optimisation for the 
same case study.

The distributions of optimal specific investment costs of the prom
ising working fluids across the different runs, shown in Fig. 11 highlight 
the difficulty of discriminating between well-performing working fluids 
strictly. Propane and propene tend to perform best. Propane does not 
seem to suffer from specific parameter combinations as much as other 
fluids; hence, its optimal specific investment costs are significantly 
lower in the worst-case scenario. However, the distributions widely 
overlap. All these fluids are likely to be among the best-performing 
working fluids, and other practical considerations, such as safety con
cerns, commercial availability or degradation should be considered 
when selecting working fluids for an application.

The results show that CAMPD is well suited to identify promising 
working fluids even when considering various uncertainties. However, 
obtaining a strict ranking of working fluids and an accurate estimate of 
expected optimal specific investment costs is challenging and further 
analysis and engineering are required.

A global sensitivity analysis is performed to further quantify the 
impact of different uncertain input parameters on the optimal specific 
investment costs. The results are shown in Section S4 in the supple
mentary information (Figure S6). The results show that especially the 
expander and pump cost uncertainties have a large impact, while the 
impacts of uncertainties in all GC-parameters and the transport prop
erties are small compared to equipment cost uncertainties. The PC-SAFT 
and ideal gas heat capacity correlation parameters of frequently occur
ring functional groups are more influential than those of rarely occur
ring functional groups.

The work presented in this paper constitutes the first attempt to 
quantify the different uncertainties and analyse their impact on CAMPD 
optimisation. As a first step, it only considers simple subcritical non- 
recuperated ORC systems and linear and branched alkanes and al
kenes as potential working fluids. In future work, the analysis should be 
expanded to include different ORC systems such as recuperated and 
supercritical cycles, as well as more groups of working fluids. Given that 
the CAMPD optimisation process and the different types of uncertainties 
are not fundamentally different, we expect similar results for more 
complex ORC systems. However, this should be confirmed by further 
research. Additionally, the GC-parameters as well as the EOS itself may 
be more uncertain for less common functional groups, such that it could 
play a larger role overall if a more diverse set of potential working fluid 
molecules is considered.

6. Conclusions

A comprehensive assessment of a range of uncertainties related to an 
integrated thermo-economic ORC system and working-fluid optimisa
tion has been performed, using experimentally validated thermody
namic cycle and equipment models, and the PC-SAFT EOS in a CAMPD 
approach. Using a bottom-up bootstrap method, uncertainties in rele
vant fluid equilibrium property model parameters, specifically group- 
contribution parameters for the PC-SAFT EOS and parameters of the 
Joback & Reid ideal gas heat capacity correlation, were estimated. 
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(b)

Fig. 10. Distributions of optimal specific investment costs when considering: (a) equilibrium and transport property uncertainties from the EOS; (b) equilibrium and 
transport property as well as equipment sizing uncertainties; and (c) equilibrium and transport property, equipment sizing and cost uncertainties.
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Additionally, uncertainties in transport properties, equipment sizing and 
equipment cost correlations were quantified. Finally, the influence of 
these uncertainties on the CAMPD optimisation, the optimal net power 
output and the specific investment costs of the ORC system were 
investigated using a Monte Carlo approach and the Morris method 
(Morris, 1991; Campolongo et al., 2007) for a global sensitivity analysis.

The CAMPD approach can identify promising working fluid candi
dates with high probability, even considering the various uncertainties, 
with propane being among the top-3 fluids in 94 % of cases. However, 
the absolute value of optimal specific investment cost varies widely, 
especially if uncertainties in equipment cost correlations are considered, 
which are by far the most influential uncertain parameters on specific 
investment costs. Considering all uncertainties, the mean optimal spe
cific investment cost for the selected case study is 3810 £/kW, with a 
standard deviation of 720 £/kW (i.e., close to 20 % of the mean).

Despite all the uncertainties, the CAMPD approach can identify the 
best-performing working fluids with high confidence. However, strict 
discrimination between the best fluids is challenging, as the distribu
tions of optimal specific investment costs widely overlap. Practical 
considerations and factors not included in the analysis here, such as fluid 
costs and availability, required pressure levels, flammability and 
degradation should be considered when selecting working fluids for 
real-world applications.

Uncertainties related to the fluid equilibrium and transport property 
calculations from the EOS are relevant for the working fluid selection. 
However, compared to the cost uncertainties, their impact on the overall 
optimal specific investment costs is small. When only EOS uncertainties 
are considered, the standard deviation in optimal specific investment 
costs is 160 £/kW compared to 690 £/kW when considering only 
equipment costing uncertainties. The results show that uncertainties 
should be considered when trying to estimate specific investment costs 
and other economic parameters of potential projects. However, the 
working fluid selection is robust: the best-performing molecules in the 
deterministic case have a high likelihood of being among the best even 
when considering uncertainties.

Working fluid, equipment, and system optimisation is not only 
relevant for ORC engines, but also for example for heat pumps 
(Neumaier et al., 2023; Olympios et al., 2024a, 2024b) and solvent 
design (Gertig et al., 2020; Lee et al., 2023). Though not explicitly 
considered in this study, the EOSs and methods used are the same, and 

uncertainties likely also play a similar role in these applications. In the 
future, the analysis can be expanded to other EOSs, and to include more 
functional groups such as aromatic groups or halogenated groups to 
consider a broader range of potential working fluids.
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