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ABSTRACT:  

This study presents a generic methodology to select working fluids for Organic Rankine Cycles 

(ORC) taking into account property uncertainties of the working fluids. A Monte Carlo 

procedure is described as a tool to propagate the influence of the input uncertainty of the fluid 

parameters on the ORC model output, and provides the 95%-confidence interval of the net power 

output with respect to the fluid property uncertainties. The methodology has been applied to a 

molecular design problem for an ORC using a low-temperature heat source and consisted of the 
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following four parts: 1) formulation of process models and constraints 2) selection of property 

models, i.e. Peng-Robinson equation of state 3) screening of 1965 possible working fluid 

candidates including identification of optimal process parameters based on Monte Carlo 

sampling 4) propagating uncertainty of fluid parameters to the ORC net power output. The net 

power outputs of all the feasible working fluids were ranked including their uncertainties. The 

method could propagate and quantify the input property uncertainty of the fluid property 

parameters to the ORC model, giving an additional dimension to the fluid selection process. In 

the given analysis 15 fluids had an improved performance compared to the base case working 

fluid.  
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1. Introduction 

In recent years the focus on utilization of low-temperature heat sources in different applications 

such as waste heat in chemical industries and refrigeration plants as well as renewable energy 

sources such as biomass combustion, geothermal and solar heat sources has increased. The ORC 

power plant is an important technology to convert this heat into usable work, because it can be 

applied to a variety of heat sources and a wide range of temperatures [1]. When optimizing the 

performance of the ORC system it is vital to consider the influence of the working fluid, the 

component design and the operating conditions. In the early design stage multi-criteria database 

search and Computer Aided Molecular Design (CAMD) can be applied to generate, test and 

evaluate promising pure component and mixture candidates as working fluids to help optimize 

cycle design and performance. Generally speaking CAMD tries to identify the best suitable 

molecule subject to desired target properties of a defined system. 

Database searches and other CAMD methodologies rely crucially on experimental and predicted 

property data. In the preliminary design stage, a large amount of property data is usually either 

screened or generated and tested. However, these data are subject to uncertainty, e.g. caused by 

the measurements [2] or by the property prediction models [3]. In particular the widely used 

group contribution (GC) models can be subject to varying uncertainty depending on the 

compound [4]. In the scope of good modeling practices (GMoP), it is necessary to take these 

property uncertainties into account in order to establish the application range and the reliability 

of the overall design model [5]. However, there is still a lack of uncertainty analysis methods due 

to property uncertainty in complex molecular design problems, especially in the domain of 

working fluid selection and design [6]. Maranas [7] described optimal molecular design 

considering uncertainty of nonlinear structure-property functionalities. Kim et al. [8] studied the 
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selection of solvents for chemical downstream processes (i.e. extraction) considering 

uncertainties associated with property estimation. Martín et al. [9] addressed uncertainties due to 

external factors (e.g. product price) and internal factors in the design of formulated products. 

Recently the effects of property prediction uncertainty in product design has been considered via 

the approach of fuzzy optimization [10][11]. 

The reviews on fluid selection provided by Bao et al. [12] and fluid design studies by Linke et al. 

[13] give a broad overview of the abundant literature, which is available on working fluids for 

ORCs. Recently the combination of fluid design and selection with cycle process optimization 

has become established as a promising approach to achieve high net power outputs for ORCs 

with low-temperature heat sources [14]. Chys et al. [15] optimized the process parameters of a 

large number of working fluids (pure fluids, binary mixtures and three-component mixtures) in 

low-temperature ORCs to reach maximum thermal efficiency. Andreasen et al. [16] performed a 

fluid selection and optimization study of ORCs from a low-temperature heat source, considering 

a large group of binary mixtures as possible working fluids, combined with an evaluation of 

parameters which affect the design of components. Luo et al. [17] evaluated working fluids with 

low Global Warming Potential (GWP) in the context of different resource temperatures. Based 

on a variety of technical, economic and safety-related criteria Rödder et al. [18] selected fluids 

for a two-stage cycle consisting of a high and low temperature part. Chys et al. [15], Andreasen 

et al. [16], Luo et al. [17], Rödder et al. [18] used the well-established REFPROP database [19] 

as source for thermodynamic property data. REFPROP provides uncertainties on measurable 

quantities like heat capacities, speed of sound and densities. The uncertainties are specific for 

each fluid and based on the reference where the corresponding data is from. However, there is no 

information on propagated uncertainty on the corresponding enthalpy or entropy output. 
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Brown et al. [20] applied the Peng-Robinson equation of state (EoS) to screen the performance 

potentials of many thousands of working fluids in ORCs. The same authors also varied the fluid 

parameters of the Peng-Robinson EoS in order to investigate theoretically ideal working fluids 

[21]. Predicted and experimental property data were used, without propagating its uncertainty to 

the model output. Stijepovic et al. [22] explored the relationship between working fluid 

properties and economic and thermodynamic ORC performance criteria. Huixing et al. [23] 

analyzed the influence of working fluid properties on the ORC cycle performance by optimizing 

their system for a variety of hydro carbons and hydro fluorocarbons. Desideri et al. [24], Hærvig 

et al. [25] and Xu et al. [26] studied the influence of the critical temperature of the working fluid 

on the ORC performance. 

Furthermore, there is a variety of studies [27][28][29] that screened working fluid candidates 

using property data from the well-established DIPPR 801 AIChE database [30] for ORCs with 

low and high temperature heat sources. For example Drescher and Brüggemann [27] used the 

DIPPR database for ORC fluid selection in low-temperature biomass power and heat plants. 

However, none of these studies integrated the data uncertainty information, which is provided by 

the database, into the modeling. 

Papadopoulos et al. [31] used CAMD to optimize the molecular structure of pure components as 

well as the composition of mixtures and subsequently evaluated the optimum molecules in an 

ORC process by multi-objective optimization. In a further study Papadopoulos et al. [32] applied 

CAMD for the synthesis and selection of binary working fluid mixtures for ORC power plants 

and included a nonlinear sensitivity analysis method to address model-related uncertainties in the 

mixture selection procedure. The sensitivity analysis allowed identifying and quantifying the 

model parameters that mainly influence the performance of the mixture candidates in the 
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ORC[32]. Palma-Flores et al. [33] used combined CAMD and process equations in a mixed 

integer non-linear programming (MINLP) model. Molina-Thierry [34] simultaneously optimized 

fluid mixtures (generated from a pre-specified set of pure fluids) and the operating conditions of 

an ORC. The latter three studies used Group Contributions (GCs) and standard cubic EoS in 

order to estimate the respective fluid properties. The sensitivity analysis method of Papadopoulos 

et al. [32] was specifically adapted by Mavrou et al. [35] for the identification of optimal fluid 

mixtures under changing design and operating parameters. Lampe et al. [36] suggested an 

optimization-based method for the design of optimum ORC working fluids, namely the 

continuous molecular targeting (CoMT-CAMD) method, which uses perturbed chain statistical 

associating fluid theory (PC-SAFT) EoS and quantitative structure-property relationships 

(QSPR) to estimate properties. 

The influence of property uncertainty on the output of a complex molecular design problem, 

such as the identification of suitable working fluid candidates for ORC power plants, is, to our 

best knowledge, not yet established. All of the above mentioned studies use a variety of property 

models, only a few [32][35] consider explicitly the overall influence of their uncertainty on the 

model output. In this context we believe that the following aspects have not drawn sufficient 

attention in the literature:  

• Implementation of property-focused uncertainty analysis into the working fluid design 

problem  

• Usage of computationally efficient stochastic methods such as Monte Carlo procedure to 

account for uncertainties in design problems for working fluids 

• Inclusion of uncertainty information into the selection process of working fluids 
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In general there are three types of uncertainties associated with predictions of model simulation: 

1) stochastic uncertainty due to stochastic components (e.g. random failure) of a simulation, 2) 

structural uncertainty related to the approximation of a real physical system by a (generally more 

simplified) mathematical model, and 3) input uncertainty representing incomplete knowledge 

about the fixed parameters used as input to the model [5][37]. The most frequently used 

uncertainty analysis methods in science and engineering are Bayesian analysis and Monte Carlo 

methods [38][39]. In complex numerical models the use of Bayesian analysis is emerging to 

perform uncertainty analysis in combination with evolutionary optimization algorithms [40].  

In this study a Monte Carlo procedure is applied. Monte Carlo methods are known as well-

established method for the propagation of input uncertainty in a variety of applications in science 

and engineering [41]. The basic principle is to characterize each input parameter of a model by 

distributions. These distributions are assumed to statistically represent the degree of belief with 

respect to where the appropriate values of the parameters lie. In order to combine different 

parameter sets, a Monte Carlo based sampling method using Latin hypercube sampling needs to 

be applied. Evaluating the model with respect to the parameter sets obtained by sampling from 

the distributions allows displaying the distribution of the model output, which provides a 

complete representation of the uncertainty of the model output [41].  

A classical attempt is a “one-factor-at-a-time approach” by simply varying the parameters of the 

model individually while all other parameters remain at their nominal values. This approach 

however studies the local effect of the parameters in question and therefore the interpretation is 

valid only locally. However, Monte Carlo based procedures differ in two important ways: (i) the 

method consider the impact of more than one change of parameter at the time (simultaneous 

variation of model parameters. Hence the results do not depend on the point where the analysis is 
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carried) and (ii) the method cover a wider range for parameter values (not only variation around 

nominal values but much larger range specified by the user). Therefore this method depicts the 

global effect of parameter uncertainty which helps obtain statistically meaningful analysis [41]. 

The uncertainty analysis methodology follows the work of Sin et al. [5]: Monte Carlo analysis of 

uncertainty involves three steps: (1) specifying input uncertainty (2) sampling input uncertainty 

and (3) propagating the sampled input uncertainty in order to obtain a prediction uncertainty for 

the model output (i.e. the net power output of the ORC power plant) [5]. 

We present a methodology as well as a pseudo-code for efficient implementation to select 

working fluids for ORC power plants that takes into account fluid property uncertainty. The 

current work aims at depicting the influence of the input uncertainty of the fluid parameters on 

the ORC model output. Only the uncertainty with respect to the fluid properties is considered, 

whereas the process parameters are kept fixed. The particular focus on the influence of property 

uncertainty depicts a whole new dimension of the ORC working fluid selection in the context of 

database search and molecular design.  

The methodology consists of a cycle model using the Peng-Robinson EoS. The input property 

parameters for the working fluid are provided by the DIPPR 801 AIChE database[30] which 

states the uncertainty of experimental and predicted data. Using a Monte Carlo procedure the 

uncertainty of the input parameters on the model output (e.g. the net power) is assessed.  

The paper is organized as follows: (i) the overall methodology is outlined; (ii) the ORC model 

including the used EoS and the respective property database is presented (iii) the Monte Carlo 

procedure used to perform uncertainty analysis and design space exploration is presented (iv) the 

results of the application of the methodology by screening of all the compounds of the DIPPR 

 8 



801 database are presented (v) the results are compared to those obtained when property 

modeling is done using the REFPROP 9.0 database [19]. 
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2. Method and Tools 

An overview of the methodology divided in different steps is shown in Table 1.  

Table 1. Overview of the methodology. 

Step 1 Formulation of ORC process models and constraints 

Step 2 Selection of equation of state and property database 

Step 3 Model solution for all compounds  

 Step 3.1 Sampling in process variable search space 

 Step 3.2  Evaluation of model for each process variable sample 

 Step 3.3  Identification of optimal process variables 

Step 4 Monte Carlo procedure for uncertainty analysis 

 Step 4.1   Specification of fluid property input uncertainty 

 Step 4.2  Sampling of property search space 

 Step 4.3  Evaluation of model for each property sample 

 Step 4.4  Computation of 95%-confidence interval of the net power 

 Step 4.5  Ranking of the fluids including uncertainty 
 

2.1. Step 1: Formulation of ORC process models and constraints 

The ORC process investigated in this study is sketched in Figure 1 and was based on the work of 

Andreasen et al. [16]. The layout consisted of four main components: a pump, a boiler 

(preheater, evaporator and superheater), a turbine and a condenser. Heat was provided to the 

cycle by a hot fluid through the boiler and heat was rejected to a coolant in the condenser. The 

working fluid was an organic compound, which was circulated by the pump. The base case fluid 

was 1,1,1,3,3-Pentafluoropropane (R245fa). At the inlet to the pump the working fluid was in a 

saturated liquid state at a low pressure. The working fluid was pressurized by the pump and was 

subsequently directed to the boiler, where it was preheated to the saturated liquid state, 
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evaporated and superheated (superheating was optional). The hot pressurized vapor then entered 

the turbine where mechanical power was produced. The turbine was connected to a generator 

which converted the mechanical power to electricity. The cycle was completed by condensation 

of the low pressure vapor at the turbine outlet. 

 

Figure 1. A sketch of the ORC process[16]. 

The process constraints concerning the conditions used for the hot fluid and the process 

components are listed in Table 2. The values were adapted from the work of Andreasen et al. 

[16]. The hot fluid was water at a temperature of 120 °C and a mass flow of 50 kg/s, 
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representative of a waste heat stream of a chemical plant or a geothermal heat source. There were 

no limitations imposed on the hot fluid outlet temperature. The resulting temperature was 

therefore the one which ensured thermodynamically optimum conditions for the cycle. Further 

constraints were: 1) the minimum temperature difference in the boiler was checked at the inlet 

and outlet (state 2 and 3) and at the saturated liquid point, and 2) the maximum pressure in the 

boiler was limited at 80 % of the critical pressure of the working fluid. The latter specification 

ensured that the cycle did not operate too close to the critical point. Hence, this avoided 

computational problems of the cubic EoS.  

Table 2. Modelling constraints for the ORC process [16]. 

Process parameter Value 
Hot fluid inlet temperature 120 °C 
Hot fluid mass flow 50 kg/s 
Hot fluid pressure 4 bar 
Condensation temperature 
Condenser outlet vapor quality (state 1) 

25 °C  
0 

Pump isentropic efficiency 0.8 
Minimum boiler temperature difference 10 °C 
Turbine isentropic efficiency 0.8 
Minimum turbine outlet vapor quality (state 4) 1 
 

The assumptions used in the numerical modeling were the following: no pressure losses in piping 

or heat exchangers, no mechanical or electrical losses, no heat loss from the system, steady state 

condition and homogeneous flow in terms of thermodynamic properties. 

The output from the ORC process model was the net power output, which was the difference 

between the power production from the turbine and the power consumption of the pump. The net 

power output  was calculated from Eq. (1). 
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  (1) 

 

where h is the mass specific enthalpy and �̇�𝑚𝑤𝑤𝑤𝑤 is the mass flow of the working fluid. The 

numbering refers to the process overview in Figure 1. 

All the process equations are provided in the supporting material. 

2.2. Step 2: Selection of equation of state and property database  

The thermodynamic properties (i.e. enthalpies and entropies) required in the cycle simulations 

consisted of an ideal contribution (i.e. the ideal gas enthalpy and entropy) and a correction factor 

(departure function) accounting for the difference between ideal and real behavior. The Peng-

Robinson Equation of State (PR EoS) [42] was selected in order to determine the departure 

functions of the thermodynamic properties, because of its relatively small number of required 

fundamental parameters as a cubic equation of state. This made it suitable for the screening of a 

large number of possible working fluid candidates [43]. Furthermore, PR EoS is generally 

known to be superior over other standard cubic EoS (e.g. Soave-Redlich-Kwong) for prediction 

of liquid densities [44].   

The Peng-Robinson EOS is given by, 

  (2) 

In Eq. (2)  is the universal gas constant,  is the absolute temperature,  is the pressure,  is 

the molar volume. The other parameters are defined as follows 
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  (3) 

  (4) 

  (5) 

  (6) 

  (7) 

 

In Eq. (3) to (7)  is the critical temperature,  is the critical pressure,  is the acentric factor, 

 is the reduced temperature. 

Ideal gas enthalpy and entropy changes were calculated by integrating the temperature-

dependent ideal gas heat capacity. The ideal gas heat capacity correlation as defined by Aly and 

Lee [45] was used. Five compound-specific input parameter (A, B, C, D, E) (see Eq (8)) were 

employed,  

  (8) 

 

The fluid parameters inputs for Peng-Robinson EoS were the molecular weight MW, the critical 

temperature Tc, critical pressure Pc, and the acentric factor . Therefore, the evaluation of the 

thermodynamic properties required for the ORC model needed only four primary fluid properties 

(MW, Tc, Pc, ) and the respective Ally-Lee heat capacity constants (A, B, C, D, E). All these 

properties could be found in the DIPPR 808 AIChE database [30] for 1965 chemical compounds. 
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The database values for (Tc, Pc, and ) could be both experimental and predicted. DIPPR 

provides the Ally-Lee heat capacity constants that had been obtained by fitting the Ally-Lee 

correlations for each substance to the respective experimental or predicted temperature 

dependent heat capacity curve. The DIPPR database stated the respective uncertainty of Tc, Pc, 

and  along with the heat capacity values obtained from the constants A, B, C, D, E [46]. This 

information on the uncertainty was further used to calculate the output uncertainty of the net 

power. 

The detailed property models including all equations are provided in the supporting material. 

Given all the process and property equations an analysis of the degrees of freedom could be 

performed (see Table 3). 

Table 3. Degrees of freedom analysis of the combined process and property models 

Number of variables 51 
Number of equations 33 
Number of specifications 8 
Degrees of freedom (DOF) 10 
 

There are 10 degrees of freedoms that needed to be fulfilled in order to solve the model. Two 

degrees of freedom were related to process variables: 

Turbine inlet pressure   

Turbine inlet temperature , 

and 8 degrees of freedom were related to the properties of the working fluid: 

Critical pressure  
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Critical temperature  

Acentric factor  

Heat capacity constants according to Ally and Lee , , , , . 

The goal of the ORC model was to identify the working fluid that provided the highest net power 

output. Thus, the task was to identify the best parameter set ( , , , , , , , ) out of 

1965 compound possibilities together with corresponding optimal process parameters (  and ) 

that achieved the highest net power output. In that sense, the problem integrated product and 

process design aspects. 

2.3. Step 3: Model solution for all compounds  

We suggest the use of a sampling based approach as means to explore and identify the optimal 

process variables: For each of the 1965 chemical compounds (defined by the parameters MW, Tc, 

Pc,  and A, B, C, D, E) from the DIPPR 808 AIChE database, the optimal process variables 

(turbine input pressure Pt and temperature Tt) needed to be identified efficiently and the 

corresponding net power output needed to be calculated. The motivation for using Monte Carlo 

based sampling approach is to allow fast exploration of process design space for each working 

fluid candidate  , which we have used as an alternative to classical optimization algorithms (e.g. 

particle swarm optimization) 

Step 3.1: Sampling in process variable search space. The Latin hypercube sampling 

procedure[41] was utilized in order to obtain a number of 250 uniformly distributed pairs of 

process variables Pt and Tt. The values were sampled within the predefined variable constraints 

in a temperature range between 25 and 110 °C (corresponding to the condensation temperature 

and the heat source temperature) and a pressure range between 1 and 15 bars. The lower bound 
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was selected according to the minimum feasible pressure and temperature for the process, 

whereas the upper bound was fixed in order avoid high safety hazards and costs [27]. Sub-

atmospheric pressure was avoided, because it might result in air infiltration, which was 

undesirable. Furthermore, for low temperature applications the pressures for the optimum fluids 

were found to be typically above atmospheric pressure [16]. The procedure of Latin hypercube 

sampling was used to divide the range of each variable in a certain number of equally 

proportioned intervals. For two variables a two-dimensional square grid was obtained. The 

samples were positioned such that only one sample exists in each row and each column of the 

grid (principle of Latin square). The generalization of this concept to more than two variables is 

the Latin hypercube (Step 4.2) [41]. 

Step 3.2: Evaluation of process variable samples. For each all of the compounds the ORC model 

was evaluated using the sampled pairs of process variables. Compounds that did not satisfy 

constraints inside the model according to Step 1 were screened out within the model evaluation. 

Subsequently the net power outputs of the corresponding process variable samples were ranked. 

Step 3.3: Identification of optimal process variables. At this stage, the process variables giving 

the highest net power output were chosen to be the most favorable quasi-optimal pair of process 

variables (Pt and Tt) for the respective compound. 

2.4. Step 4: Monte Carlo procedure for uncertainty analysis 

For each of the feasible chemical compounds obtained from Step 3 a Monte Carlo based 

uncertainty analysis focusing on the input property uncertainty was performed. 
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Step 4.1: Specification of fluid property input uncertainty. The input uncertainties for the 

parameters Tc, Pc and  were obtained from DIPPR 801 AIChE database [30]. The uncertainty 

provided an estimate for the standard deviation of each data point irrespective of whether it had 

been obtained by experiment or prediction models. For the heat capacity constants (A, B, C, D, 

E) the uncertainty of the calculated heat capacity at a certain temperature using the Ally-Lee 

correlation was provided. Since the uncertainties of the heat capacity constants themselves were 

not provided, the overall uncertainty of the calculated heat capacity needs to be taken into 

account in the model. Therefore, a dummy variable was introduced, which multiplied with the 

respective ideal gas heat capacity values. The dummy variable d had the expectation value 1 and 

the standard deviation equal to the respective uncertainty. The input parameter space of MW, Tc, 

Pc,  and d was assumed to be normally distributed with a standard deviation equal to the 

uncertainty and centred around the respective database value. Table 4 showed the input property 

uncertainty of two selected compounds. 

Table 4. Input property uncertainty of two selected compounds 

 Property uncertainty Average  
relative error 

 MW [g/mol] Tc [K] Pc [bar]  [-]  [%] 
1,1,1,3,3-
Pentafluoropropane      

Perfluoro-n-hexane      
References [47] [48][49] [50][30] [30] [51][45] 
 

Step 4.2: Sampling of property search space. The key step of the Monte Carlo procedure is the 

sampling of the parameter sets. The Latin Hypercube Sampling method was utilized for 

probabilistic sampling of the fluid property input space of each compound. From the input 
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parameter space a total of 400 samples were selected, each sample containing one value for each 

input parameter. The sampling range was specified by the uncertainty (i.e. 95%-confidence 

interval) range of each parameter given by the DIPPR database. The probability of uncertainty is 

assumed to follow normal distribution for the fluid properties, in contrast to step 3.1, where it 

was assumed to be uniform for the process variables. The rank-based method for correlation 

control of Iman and Conover [52] allowed to take into account correlations between the input 

parameters. This was necessary, because the Peng Robinson EoS parameters were not 

completely independent. The correlation matrix was directly obtained from the DIPPR data by 

calculating the respective correlation coefficient between the data sets. From the DIPPR data 

base values a correlation coefficient was statistically calculated (e.g. between Pc and Tc). Such 

correlation coefficients are used as input in correlation-based Latin hypercube-sampling 

procedure. The sampling results were provided in the supporting materials. Figure 2 provided an 

illustration of the sampling results for the compound 1,1,1,3,3-Pentafluoropropane (R245fa).  
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Figure 2. Illustration of samples generated by Latin Hypercube Sampling method with Iman and 

Conover correlation control for 1,1,1,3,3-Pentafluoropropane (R245fa). 

As one can see in Figure 2, the different parameters were assumed to be normally distributed 

around the property value given in the database, and the width of the distribution was defined by 

the respective property uncertainty provided from DIPPR. The sampling plots were not uniform, 

because the correlation between the parameters was taken into account [52]. 

Step 4.3: Model evaluation for each property sample. One model simulation was performed for 

each of the 400 input parameter samples resulting from Step 4.2. The Monte Carlo results 
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provided a cumulative distribution function for the net power output of each compound. The 

uncertainty of the model output could be represented in a pressure-enthalpy- and temperature-

entropy-diagram. 

Step 4.4: 95%-confidence interval of the net power. Using simple statistics such as mean and 

percentile calculations, the 95%-confidence interval of the net power output with respect to the 

corresponding input property values could be obtained for each of the compounds.  

Step 4.5: Ranking of the fluids including uncertainty. The compounds were ranked according to 

their respective net power output including the 95%-confidence interval. This enabled an 

assessment of the compounds not solely based on their actual cycle performance, but also 

according to the reliability of the property data used. 

The results were compared to the results obtained with REFPROP 9.0 [19] for those compounds 

for which REFPROP parameters were known to us.  

3.5. Modeling platform 

The ORC system and the uncertainty analysis were implemented in Matlab (Mathworks, R14) 

[53]. The methods for performing the uncertainty analysis can be provided upon request as m-

script files. Figure 3 depicts the overall methodology as pseudocode. 
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Figure 3. Pseudocode description of the overall methodology. 
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3. Results and Discussion 

The results are structured in two parts. First the results of the uncertainty analysis are illustrated 

by the example of one compound, the well-established working fluid 1,1,1,3,3-

Pentafluoropropane (R245fa). Afterwards the results of all compounds are analysed and 

compared. 

3.1. Uncertainties with respect to the properties of R245fa 

Uncertainty analysis has been performed for all feasible compounds from Step 3.2 (see next 

section). As an example, the uncertainty analysis results for 1,1,1,3,3-Pentafluoropropane 

(R245fa) is given in detail. The Monte Carlo simulations obtained by simulating the 400 Latin 

Hypercube Samples of the property parameters resulted in 260 feasible model solutions for 

R245fa. The raw data obtained from the simulations can be plotted in a temperature-entropy and 

a logarithmic pressure-enthalpy diagram showing cycle points enumerated as in Figures 4 and 5. 

Each curve and design point set is different as different property parameter samples were used in 

each simulation. A varying band for both the saturation curves and the cycle design can be 

observed. From a statistical point of view the bands correspond to the distribution of the model 

outputs and directly show the sensitivity with respect to the fluid property values for the specific 

compound R245fa. The larger the width of the output range, the higher the uncertainty. 

Furthermore, the uncertainty in the model outputs can be represented using mean (solid line) and 

95%-confidence interval (dashed line) obtained from percentile calculations. 

Since the condensation temperature of the ORC is fixed, there is no variation in the Ts-diagram 

in the condensation process. Similarly, there is no variation in the evaporation pressure in the Ph-

diagram, because the input pressure to the turbine (identified in step 3 of the methodology) is 
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kept fixed. Although these process variables can be subject to uncertainty, this study focused 

particularly on the property parameter uncertainty. 

 

Figure 4. Representation of uncertainty with respect to the fluid properties in the Ts-diagram for 

R245fa: Monte Carlo simulations (yellow/red), mean (solid line) and upper as well as lower 

bound of the 95%-confidence interval of the model output (dashed lines). 

 

 24 



 

Figure 5. Representation of uncertainty with respect to the fluid properties in the Ph-diagram for 

R245fa: Monte Carlo simulations (yellow/red), mean (continuous line) and upper as well as 

lower bound of the 95%-confidence interval of the model output (dashed lines). 

For each of the simulations of R245fa the net power output can be obtained. The distribution of 

the net power outputs for R245fa and the corresponding empirical cumulative distribution 

function (empirical CDF) are two alternative representations of the uncertainty of the model with 

respect to the property parameters (see Figures 6 and 7). Figure 6 shows a large variety for the 

net power output due to property uncertainty. The gaps in Figure 6 occur, because some 

combinations of parameters are infeasible with respect to the property model evaluation.  
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Figure 6. Distribution of the net power output  of the ORC for R245fa. 

The empirical CDF depicted in Figure 7 is a step function that increases by 1/n in every data 

point, where n is the number of data points. Its aim is to estimate the true underlying distribution 

function. It does not a priori assume a normal distribution (or any other distribution function). 

The empirical CDF allows calculating 2.5% and 97.5% percentile defining the lower and upper 

bound of the 95%-confidence for the net power output. 
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Figure 7. Empirical Cumulative Distribution Function (empirical CDF) of the net power output 

 of the ORC for R245fa with mean and 95%-confidence interval of the model output 

(vertical dotted lines). 

As shown in Figures 4, 5, 6 and 7, even small variations of input property parameters (Table 4) 

can lead to significant output uncertainty. This can be explained by the high non-linearity of the 

property models and process equations. The model is sensitive to different combinations of 

property parameters, although the importance of the individual parameters might appear to be 

small. It is a clear indication that the fluid property uncertainty cannot be neglected for cubic 

equations of state in the design of ORC, as it has been done in many previous studies and 

applications. This conclusion is of particular importance for CAMD problems. 
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Although the study focused on the ORC process, the uncertainty analysis procedure with respect 

to the input parameter uncertainty can also be performed for other types of thermodynamic 

cycles, e.g. heat pumps. 

3.2. Ranking of working fluids including uncertainty 

Having obtained mean and 95%-confidence interval of the net power output of all the fluids, it is 

possible to rank the compounds. Table 5 shows the  mean value of the distribution for 20 

best performing compounds for the given ORC power plant including their corresponding 

uncertainty with respect to the property input. Furthermore, the net power outputs are compared 

to the values obtained by using the corresponding REFPROP correlations. The results of all 

feasible compounds are given in the supporting material. Furthermore, the ranking does not 

include safety and environmental properties of the fluid, because the particular focus of this 

study lies in the analysis of property uncertainty. However, it has to be acknowledged in the 

current case that the fluoro-compounds have a relatively high Global Warming Potential (GWP> 

150) and that the hydrocarbons have a high lower flammability limit (LFL>0.1 kg/m3) [54]. The 

mean value of  and the corresponding 95%-confidence interval of the compound in Table 

4 are represented in Figure 8. 
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Table 5. Best performing compounds ranked by net power output including uncertainty. 

Ranking  Working fluid name Mean  
[kW] 

95%-conf. int. 
 [kW] 

Optimal 
 [kW] 

from Step 3 

Rel. 
deviation to 
REFPROP 
9.0 [%] 

1 Decafluorobutane (R610) 1145.8 1188.6 1042.6 1149.2 0.56 

2 Octafluorocyclobutane 
(RC318) 

1145.3 1174.6 1110.1 1161.7 0.76 

3 2-Chloro-1,1,1,2-
Tetrafluoroethane (R124) 

1084.1 1096.7 1063.3 1083.7 1.01 

4 Perfluoro-n-Pentane 1068.3 1095.4 1016.3 1083.6 1.74 

5 Isobutane 1067.4 1074.2 1060.0 1068.4 0.85 

6 Pentafluoroethylmethylether 1063.0 1083.5 1038.1 1069.3 n/a 

7 Neopentane 1050.8 1056.9 1043.3 1050.3 0.22 

8 n-Butane (R600) 1050.1 1055.7 1044.6 1049.6 0.44 

9 1-Chloro-1,1-difluoroethane 
(R142b) 

1049.1 1057.1 1031.9 1051.9 0.51 

10 Isobutene 1045.7 1051.6 1039.7 1048.2 0.32 

11 Trifluoroiodomethane 1043.3 1063.7 151.9 1052.1 1.08 

12 1-Butene 1042.7 1048.6 1035.9 1039.5 0.03 

13 1,1,1,2,3,3-
Hexafluoropropane (R236ea) 

1041.7 1059.1 1008.4 1051.4 0.01 

14 1,1,1,2,3,3,3-
Heptafluoropropane (R227ea) 

1040.2 1199.0 645.4 1162.5 8.38 

15 Heptafluoropropylmethylether 1039.7 1046.9 1034.0 1040.5 0.41 

16 1,1,1,3,3-Pentafluoropropane 
(R245fa) – Base case 

1039.3 1054.5 1002.5 1050.7 0.71 

17 trans-2-Butene 1036.9 1041.5 1031.5 1041.2 0.34 

18 1,2-Dichlorotetrafluoroethane 
(R114) 

1036.2 1049.4 1010.1 1047.3 0.23 
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Figure 8. Mean value of the net power output  of the 20 best performing compounds 

including the 95%-confidence interval (thin black bars) obtained from the uncertainty analysis 

with respect to the fluid properties. The red bar corresponds to the base case compound. 

As it can be seen in Table 5, the values obtained with REFPROP have (with two exceptions) a 

relative deviation below 2%, suggesting that the numerical models presented in this paper give 

reasonable results. The exceptions are 1,1,1,2,3,3,3-Heptafluoropropane (R227ea) with a 

deviation of 8.64% and 1,1,1,3,3,3-Hexafluoropropane (R236fa) with 5.10%. Both compounds 

also have a wide range of uncertainty. The deviation with REFPROP and the range of 

19 Bis(Difluoromethyl)ether 1035.9 1060.7 992.6 1048.5 n/a 

20 1,1,1,3,3,3-
Hexafluoropropane (R236fa) 

1035.8 1111.1 762.5 1106.9 5.10 

 30 



uncertainty suggest that the property data for these compounds need to be measured more 

accurately and reliably.  

The fluids are ranked by the mean value obtained from the distribution. These values are not 

identical to the optimal net power output obtained in Step 3 of the methodology before the 

property uncertainty analysis, although the optimal value lies within the respective 95%-

confidence interval. The discrepancy is a direct consequence of the fluid property uncertainty 

analysis. Ranking the compounds only by the optimal net power output without considering 

uncertainty, would be in particular give a different position for 1,1,1,2,3,3,3-Heptafluoropropane 

(R227ea) and 1,1,1,3,3,3-Hexafluoropropane (R236fa). Both compounds have a large optimal 

net power output obtained in Step 3, but due to uncertainty propagation the mean value of the net 

power output distribution is lower compared to the other compounds. 

Alternatively the fluids can be ranked according to their respective lower bound of the 95%-

confidence interval (see Figure 9). This is a conservative approach of ranking and can be 

considered as the statistically robust way to identify promising working fluid candidates. 
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Figure 9. Ranking according to the lower bound value of the 95%-confidence interval of the net 

power output . The red bar corresponds to the base case compound. 

 

Knowing the 95%-confidence interval of the net power output for the screened chemical 

compounds gives an important new dimension in the preliminary selection of suitable working 

fluid candidates. Some working fluids, e.g. isobutane (Compound 5 in Table 5), have a very 

small model output uncertainty range, whereas others, e.g. trifluoroiodomethane (Compound 11), 

have a very large. If the 95%-confidence interval of a compound overlaps with the one of the 

base case, it is statistically impossible to say, which of two perform better. This is the case for 

one of the two top compounds. Although the  mean value of decafluorobutane (Compound 

1) and octafluorocyclobutane (Compound 2) are very close to each other, the 95%-confidence 
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interval of decafluorobutane (Compound 1) is overlapping with the 95%-confidence interval of 

the base case (see Figure 8). This can also be seen in Figure 9, where the ranking was made 

according to the lower bound of the 95%-confidence interval, as decafluorobutane is not 

anymore at the top. Hence, the uncertainty analysis provides important additional information for 

the interpretation of the results. Based on the analysis of this study, the best performing 

compounds with the smallest uncertainty range is in fact octafluorocyclobutane (Compound 2). 

However, the study also implies that more reliable property data for decafluorobutane 

(Compound 1) is needed. 

There are two major causes for large net power output uncertainty:  

(1) The input property uncertainty of one or more parameters is high thus resulting in a large net 

power output uncertainty. This is directly related to the reliability of the measured and predicted 

property data.  

(2) The cycle is operated in a sensitive region in terms of the fluid properties with respect to the 

model evaluation for a particular fluid. Hence, small variations of the parameters have a large 

impact on the model output. The knowledge of whether a fluid is sensitive to the ORC model 

structure or not is a priori unknown. Therefore, an uncertainty analysis of the model output with 

respect to the fluid properties can give vital information. However, only a global sensitivity 

analysis of the property parameters with respect to the net power output can provide an in-depth 

investigation of the overall influence of a particular fluid parameter value to the model output, 

which is beyond the scope of this study. 

The range of uncertainty can be considered as a novel criterion in model based working fluid 

selection. The narrower the 95%-confidence interval, the more reliable the property data and the 
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less sensitive the fluid performs in the cycle. This information is vital for further detailed 

modeling and experimental validation studies of identified promising fluids. 
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4. Conclusion 

The study presented a methodology to select working fluids for ORCs considering uncertainty of 

fluid property estimations. The uncertainty values were taken from DIPPR AIChE database 

including both experimental measurements and property prediction methods (e.g. GC methods). 

The fluid property uncertainty was propagated using the Monte Carlo procedure to estimate the 

net power output uncertainty. Furthermore, a large amount of compounds from the DIPPR 

database were screened and subsequently the uncertainty analysis method was applied. 

The following are the main conclusions from the systematic screening and the uncertainty 

analysis: 

• The uncertainty analysis with respect to the input property uncertainty is a vital tool for 

ORC model analysis. 

• The Monte Carlo based procedure can be applied to propagate fluid property uncertainty 

to the model output, independent of the process and property models. 

• Calculating the net power output including its 95%-confidence interval for each fluid, 

gives an additional quantitative criterion for the fluid selection assessing fluid data 

uncertainty and model sensitivity. 

• The ranking of working fluids can be significantly different based whether the mean 

value or uncertainties (e.g. the lower bound of the 95%-confidence interval) of the net 

power output are used. 
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• In this study the screening of working fluid candidates identified octafluorocyclobutane 

as the best performing working fluid with smallest model output uncertainty. 

We suggest that future ORC working fluid studies should take into account fluid property 

uncertainty as a tool to base any kind of fluid investigation, comparison or selection on a 

thorough property and process model analysis.  
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The Supporting Information is available on the website. 

Detailed ORC and property model description. List of all feasible compounds including the 

calculated net power output and the corresponding uncertainties. 
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NOMENCLATURE 

Acronymns 

  GMoP good modeling practices 

CAMD computer aided molecular design 

EoS equation of state 

CoMT-CAMD continuous molecular targeting computer aided molecular design 

PC-SAFT perturbed chain statistical associating fluid theory 

QSPR quantitative structure-property relationships 
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ORC organic Rankine cycle 

GWP global warming potential 

LFL lower flammability limit 

  Symbols 

  P pressure [bar] 

R ideal gas constant [J/(molK) 

T temperature [C] 

Vm molar volume [m3/mol] 

α parameter of Peng-Robinson equation of state 

m parameter of Peng-Robinson equation of state 

b parameter of Peng-Robinson equation of state 

ω acentric factor [-] 

Tr reduced temperature [-] 

Pc critical pressure [bar] 

Tc critical temperature [C] 

 net power output [kW] 

MW molecular weight [g/mol] 

A constant of temperature dependent heat capacity [J/molK] 

B constant of temperature dependent heat capacity [J/molK] 

C constant of temperature dependent heat capacity [J/molK] 

D constant of temperature dependent heat capacity [J/molK] 

E constant of temperature dependent heat capacity [J/molK] 

cp(T) temperature dependent heat capacity [J/(mol K)] 

Pt turbine inlet pressure [bar] 

Tt turbine inlet temperature [C] 

mwf working fluid mass flow [kg/s] 
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CDF cumulative distribution function 

hi specific enthalpy at position i [kJ/kg] 

d dummy variable 

  Subscripts and superscripts 

  c critical 

i position in the cycle 

t turbine 

wf working fluid 

p constant pressure 

r reduced 

m molar 

NET net 
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