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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract

A robust parametric optimization of Organic Rankine Cycles (ORC) is carried out by taking into account uncertainties in the
cycle input parameters. A typical engine driving duty cycle is considered and sampled in order to construct a suitable probability
distribution describing the variability of the exhaust gases mass-flow and temperature. Besides, the environmental and condensing
temperatures, specific heat ratio of the waste gases, turbine and pump efficiencies are also considered as uncertain. The parameter
combination that maximizes the mean cycle efficiency and minimizes its variance is sought as optimal. Six organic fluids have
been taken into account, namely R245fa, R245ca, R134a, R11, R113 and Novec649, with the best results provided by R11 and
R113.
c© 2017 The Authors. Published by Elsevier Ltd.
Peer-review under responsibility of the scientific committee of the IV International Seminar on ORC Power Systems.
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1. Introduction

In recent years, the Organic Rankine Cycle (ORC) technology has received great interest from the scientific and
technical community because of its capability to recover energy from low- grade heat sources. In some applications,
as waste heat recovery (WHR) in the automotive field, ORC plants need to be as compact as possible because of geo-
metrical and weight constraints. Effective solutions have been proposed by Honda [1] and BMW [2] for passenger cars
and Cummins [3] for long-haul trucks. The performances of recently developed prototypes of ORC for automotive
applications seem to be promising [4], with reduction of fuel consumption up to 12% and engine thermal efficiency
improvements of 10%. However, currently no commercial ORC solutions in the automotive field are available. In-
deed, the large range of operating conditions on typical duty driving cycles may lead to difficulties in the design of the
ORC plant, resulting in hesitancy of the investors towards this applications and leading to a system performance im-
provement that is too low to justify the corresponding economic effort. In this work, a robust optimization approach is
proposed in order to overcome these issues for a real-world application, namely the recovery of residual energy from
the waste gases of a heavy duty diesel engine. The robust optimization approach has been applied in the past by Persky
et al. [5] to the design of a power block and turbine of a supercritical CO2 solar Brayton cycle, in order to account for
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the day-night cycle and seasonal variations, whereas Wang et al. [6] provided a deterministic parametric optimiza-
tion by means of genetic algorithms of an ORC using a low grade heat source considering both thermodynamic and
economic factors simultaneously. The effect of the key thermodynamic parameters on the net power output and the
resulting surface of heat exchangers was examined. Here, a robust parametric optimization of the ORC is carried out
by taking into account uncertainties in the cycle input parameters. The focus of the present work is to explore a way
of accounting for the uncertainty about various input parameters and give a general approach for preliminary ORC
component design. Robust optimization (RO) was initially introduced by Taguchi in the 1960s, with the introduction
of a new paradigm for the design of an industrial product. By citing Marczyk [7], ”optimization is actually just the
opposite of robustness”. This statement means that classical and robust optimizations lead to different solutions which
are sensitive or insensitive to uncertain conditions, respectively. A typical engine driving duty cycle is considered
and sampled in order to construct a suitable probability distribution describing the variability of the exhaust gases
mass-flow and temperature. Besides, the ambient and condensing temperatures, the specific heat ratio of the waste
gases, turbine and pump efficiencies are also considered as uncertain. An importance analysis based on the ANalysis
Of VAriance (ANOVA) of the cycle performance is carried out in order to identify the most influential variables. Six
working fluids of interest for WHR application have been analysed, namely: R245fa, R245ca, R11, R113, R134a and
Novec649. The ORC parameters are optimized by means of a Non-dominated Sorted Genetic Algorithm (NSGA) [8]
coupled with an uncertainty quantification method, based on a Monte-Carlo simulation of the thermodynamic cycle,
with the objective to maximise the cycle thermal efficiency while minimising its variance. Constraints on the minimal
efficiency are also explicitly accounted for. The outcomes of this process are the ORC parameters that ensure the
best trade-off between high efficiency and a stable behaviour of the system, as well as confidence intervals on these
parameters.

2. Thermodynamic cycle and parameters for WHR

2.1. Cycle configuration

In this work, the waste gases discharged from a four-stroke heavy-duty Diesel engine (338 kW) are used as the
low-grade heat source of ORC. The residual energy is converted to supply the auxiliary electric devices of the vehicle.
A sketch of the ORC layout is shown in Fig. 1a, along with a representation of the cycle in the temperature-entropy
diagram for R245fa working fluid (Fig. 1b), for a baseline configuration with: pev = 0.545pcr, ∆Tpp = 8 K and
∆TT IT = 5 K, where pev, ∆Tpp and ∆TT IT are the evaporating pressure, pinch point temperature difference and
turbine-inlet/evaporation temperature difference, respectively. The working fluid is compressed and pumped into the
evaporator by the feed pump. After evaporation and a slight super-heating, the enthalpy drop is converted into electric
energy by means of an expander coupled with a generator. In order to minimize the system size, no regenerations and
thermal oil loops are considered. The pre-heating and evaporation energy is totally provided by the waste gases, and
a turbo-expander provides the work output. Despite the wide-spread use of positive-displacement expanders for ORC
applications, due to their low cost and manufacturing simplicity, their performance for small-scale applications as
automotive WHR is rather poor, due to volumetric expander intrinsic problems as low adaptivity to volumetric ratios
different from the nominal ones, resulting in losses for under- or over-expansions, internal leakages and lubricating
issues [9]. On the other hand, turbo-expanders could provide higher performances in a wide range of operating
conditions, but the high rotational velocities, high pressure ratios, complexity of the working fluids and the need for a
compact geometry make the design of an efficient ORC turbine challenging. About this, some authors have proposed
some design solutions in the past [10–13]. After the expansion, the fluid is cooled in the condenser in order to close
the thermodynamic cycle. In this study, no sub-cooling is considered during the condensation and the heat exchanger
between the source and the working fluid is modelled as perfect. The attention is focused on the main cycle outcomes
which could be affected by the variability of the waste gases mass-flow (ṁw) and temperature (Tw,in), namely: the
cycle thermal and exergy (2nd law) efficiencies (ηI = Wnet/Qin, ηII = Wnet/[Qin(1 − T0

Tm
)], with Wnet the net work of

the cycle, given the energy input Qin, T0 and Tm the ambient and log mean temperature, respectively), representing
the energy conversion efficiency and the maximum amount of extractable work, the volumetric expansion ratio (Vr)

and the turbine size parameter (S T =
V̇0.5

t,out

∆H0.25
t

, with V̇t,out, ∆Ht the turbine exit volumetric flow rate and enthalpy drop,
respectively). Other variables of interest for the cycle analysis are: the condensing and ambient pressures (pcond,
pamb), waste gas specific heat (cw), pump and turbine efficiencies (ηP, ηT ).
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the day-night cycle and seasonal variations, whereas Wang et al. [6] provided a deterministic parametric optimiza-
tion by means of genetic algorithms of an ORC using a low grade heat source considering both thermodynamic and
economic factors simultaneously. The effect of the key thermodynamic parameters on the net power output and the
resulting surface of heat exchangers was examined. Here, a robust parametric optimization of the ORC is carried out
by taking into account uncertainties in the cycle input parameters. The focus of the present work is to explore a way
of accounting for the uncertainty about various input parameters and give a general approach for preliminary ORC
component design. Robust optimization (RO) was initially introduced by Taguchi in the 1960s, with the introduction
of a new paradigm for the design of an industrial product. By citing Marczyk [7], ”optimization is actually just the
opposite of robustness”. This statement means that classical and robust optimizations lead to different solutions which
are sensitive or insensitive to uncertain conditions, respectively. A typical engine driving duty cycle is considered
and sampled in order to construct a suitable probability distribution describing the variability of the exhaust gases
mass-flow and temperature. Besides, the ambient and condensing temperatures, the specific heat ratio of the waste
gases, turbine and pump efficiencies are also considered as uncertain. An importance analysis based on the ANalysis
Of VAriance (ANOVA) of the cycle performance is carried out in order to identify the most influential variables. Six
working fluids of interest for WHR application have been analysed, namely: R245fa, R245ca, R11, R113, R134a and
Novec649. The ORC parameters are optimized by means of a Non-dominated Sorted Genetic Algorithm (NSGA) [8]
coupled with an uncertainty quantification method, based on a Monte-Carlo simulation of the thermodynamic cycle,
with the objective to maximise the cycle thermal efficiency while minimising its variance. Constraints on the minimal
efficiency are also explicitly accounted for. The outcomes of this process are the ORC parameters that ensure the
best trade-off between high efficiency and a stable behaviour of the system, as well as confidence intervals on these
parameters.

2. Thermodynamic cycle and parameters for WHR

2.1. Cycle configuration

In this work, the waste gases discharged from a four-stroke heavy-duty Diesel engine (338 kW) are used as the
low-grade heat source of ORC. The residual energy is converted to supply the auxiliary electric devices of the vehicle.
A sketch of the ORC layout is shown in Fig. 1a, along with a representation of the cycle in the temperature-entropy
diagram for R245fa working fluid (Fig. 1b), for a baseline configuration with: pev = 0.545pcr, ∆Tpp = 8 K and
∆TT IT = 5 K, where pev, ∆Tpp and ∆TT IT are the evaporating pressure, pinch point temperature difference and
turbine-inlet/evaporation temperature difference, respectively. The working fluid is compressed and pumped into the
evaporator by the feed pump. After evaporation and a slight super-heating, the enthalpy drop is converted into electric
energy by means of an expander coupled with a generator. In order to minimize the system size, no regenerations and
thermal oil loops are considered. The pre-heating and evaporation energy is totally provided by the waste gases, and
a turbo-expander provides the work output. Despite the wide-spread use of positive-displacement expanders for ORC
applications, due to their low cost and manufacturing simplicity, their performance for small-scale applications as
automotive WHR is rather poor, due to volumetric expander intrinsic problems as low adaptivity to volumetric ratios
different from the nominal ones, resulting in losses for under- or over-expansions, internal leakages and lubricating
issues [9]. On the other hand, turbo-expanders could provide higher performances in a wide range of operating
conditions, but the high rotational velocities, high pressure ratios, complexity of the working fluids and the need for a
compact geometry make the design of an efficient ORC turbine challenging. About this, some authors have proposed
some design solutions in the past [10–13]. After the expansion, the fluid is cooled in the condenser in order to close
the thermodynamic cycle. In this study, no sub-cooling is considered during the condensation and the heat exchanger
between the source and the working fluid is modelled as perfect. The attention is focused on the main cycle outcomes
which could be affected by the variability of the waste gases mass-flow (ṁw) and temperature (Tw,in), namely: the
cycle thermal and exergy (2nd law) efficiencies (ηI = Wnet/Qin, ηII = Wnet/[Qin(1 − T0

Tm
)], with Wnet the net work of

the cycle, given the energy input Qin, T0 and Tm the ambient and log mean temperature, respectively), representing
the energy conversion efficiency and the maximum amount of extractable work, the volumetric expansion ratio (Vr)

and the turbine size parameter (S T =
V̇0.5

t,out

∆H0.25
t

, with V̇t,out, ∆Ht the turbine exit volumetric flow rate and enthalpy drop,
respectively). Other variables of interest for the cycle analysis are: the condensing and ambient pressures (pcond,
pamb), waste gas specific heat (cw), pump and turbine efficiencies (ηP, ηT ).
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Fig. 1. (a) ORC layout (figure extracted from [14] and modified); (b) T-s diagram for R245fa fluid.

2.2. Heat source characterisation

The hot source in automotive WHR applications is characterised by a variability in time, along with a level of
uncertainty on the characterisation of the cycle performances. Here, the measured time histories of the waste gases
mass-flow and temperature of a four stroke Diesel engine for heavy-duty railcar application have been used to model
the source (see Fig. 2). The profiles represent a portion of a typical intercity train trip, characterized by frequent start
and stop cycles that determine a very large variation of the mass-flow rate and temperature of the exhaust gas, while
the gas temperature shows a variation within a range of 20 oC [15]. Although the behaviour is roughly periodic over
cycle, it is perfectly repeatable. To account for its stochastic behaviour, a random sampling of ṁw and Tw has been
carried out in order to fit two beta probability density functions (pdf) over the occurrence histograms. The shape (a,
b), location (loc) and scale beta-pdf parameters are listed in Table 1 for the two variables.
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Fig. 2. Time evolution of the waste gases mass-flow rate (a) and temperature (b) (see. Peralez et al. [15]); histogram and beta pdf fitted for the
exhaust gas mass-flow (c) and temperature (d).
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Table 1. Beta-pdfs parameters for waste gases mass-flow (ṁw) and temperature (Tw).

Variable a b loc scale

ṁw 0.444 1.009 0.222 kg/s 0.284
Ṫw 0.847 0.666 592.9 K 21.58

2.3. Working fluids

Six organic fluids have been selected as candidates for the parametric optimization, and their main thermophysical
properties are listed in Table 2. These are effective heat transfer fluids with a very low boiling point and are well
known in ORC applications. The complex thermodynamic behaviour is described by multi-parameter equations of
state (EOS) based on Helmholtz free-energy, as provided by the open-source library CoolProp [16].

Table 2. Properties of the working fluids of interest.

Fluid Molecular weight (kg/kmol) Critical pressure pc (MPa) Critical temperature Tc (K) Equation of State (EOS)

R245fa 134.05 3.651 427.01 [17]
R245ca 134.05 3.941 447.57 [18]
Novec649 316.04 1.869 441.81 [19]
R11 137.37 4.394 471.06 [20]
R134a 102.03 4.059 374.21 [21]
R113 187.38 3.392 487.21 [22]

3. Uncertainty Quantification and ORC sensitivity analysis

The ORC parameters listed in Section 2.1 and used for the computation of the cycle performances, are considered
as exactly known and constant in common applications. We neglect the influence of fluid-property uncertainties on
the cycle performance. These may be considered in future research. On the other hand, various cycle parameters have
been modelled as independent random variables with pdf given in Table 3. These distributions have been propagated
through the thermodynamic model and the mean, variance and pdf of the cycle outputs have been computed by means
of Monte-Carlo simulations. Given the low computational cost of the model, Nmc = 10000 samples are computed
in each UQ case to extract the statistics. Additionally, a decomposition of the model outcome variance, by means of
ANOVA, is carried out to identify the main contributors to the total variability.

Table 3. Cycle parameters distributions and variability ranges.

Parameter Distribution Range

Tamb (K) Uniform [290-300]
Tcon (K) Uniform [293.15-303.15]
cw (J/kg-K) Uniform [1000-1200]
ηP Uniform [0.65-0.75]
ηT Uniform [0.75-0.85]
Tw,in (K) Beta [592-615]
ṁw,in (kg/s) Beta [0.1-0.5]

Three variables are considered for the parametric study of the cycle, namely: the evaporation pressure pev = p2 =

p3 = p4 = p6, the pinch point temperature difference ∆Tpp and the turbine inlet temperature TT IT = T6, expressed as
TT IT = Tev+∆TT IT . The remaining cycle parameters are treated as deterministic, namely: pev = 0.545pcr, ∆Tpp = 8 K
and ∆TT IT = 5 K, for all of the working fluids of interest. In the following, such parameters are used as optimization
variables, as shown in the next Section. The results of the analysis are shown in Table 4 in terms of mean µ and
coefficient of variation (defined as the standard deviation-to-mean percent ratio) CoV [%] of ηI , ηII , S T and Vr for the
six working fluids. The R11 and R113 provide the best thermal and exergetic performances with the lowest variability
with respect to the other fluids. On the other hand, the R113 requires higher volumetric expansion ratio.
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Fig. 1. (a) ORC layout (figure extracted from [14] and modified); (b) T-s diagram for R245fa fluid.

2.2. Heat source characterisation

The hot source in automotive WHR applications is characterised by a variability in time, along with a level of
uncertainty on the characterisation of the cycle performances. Here, the measured time histories of the waste gases
mass-flow and temperature of a four stroke Diesel engine for heavy-duty railcar application have been used to model
the source (see Fig. 2). The profiles represent a portion of a typical intercity train trip, characterized by frequent start
and stop cycles that determine a very large variation of the mass-flow rate and temperature of the exhaust gas, while
the gas temperature shows a variation within a range of 20 oC [15]. Although the behaviour is roughly periodic over
cycle, it is perfectly repeatable. To account for its stochastic behaviour, a random sampling of ṁw and Tw has been
carried out in order to fit two beta probability density functions (pdf) over the occurrence histograms. The shape (a,
b), location (loc) and scale beta-pdf parameters are listed in Table 1 for the two variables.
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Fig. 2. Time evolution of the waste gases mass-flow rate (a) and temperature (b) (see. Peralez et al. [15]); histogram and beta pdf fitted for the
exhaust gas mass-flow (c) and temperature (d).
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Table 1. Beta-pdfs parameters for waste gases mass-flow (ṁw) and temperature (Tw).

Variable a b loc scale

ṁw 0.444 1.009 0.222 kg/s 0.284
Ṫw 0.847 0.666 592.9 K 21.58

2.3. Working fluids

Six organic fluids have been selected as candidates for the parametric optimization, and their main thermophysical
properties are listed in Table 2. These are effective heat transfer fluids with a very low boiling point and are well
known in ORC applications. The complex thermodynamic behaviour is described by multi-parameter equations of
state (EOS) based on Helmholtz free-energy, as provided by the open-source library CoolProp [16].

Table 2. Properties of the working fluids of interest.

Fluid Molecular weight (kg/kmol) Critical pressure pc (MPa) Critical temperature Tc (K) Equation of State (EOS)

R245fa 134.05 3.651 427.01 [17]
R245ca 134.05 3.941 447.57 [18]
Novec649 316.04 1.869 441.81 [19]
R11 137.37 4.394 471.06 [20]
R134a 102.03 4.059 374.21 [21]
R113 187.38 3.392 487.21 [22]

3. Uncertainty Quantification and ORC sensitivity analysis

The ORC parameters listed in Section 2.1 and used for the computation of the cycle performances, are considered
as exactly known and constant in common applications. We neglect the influence of fluid-property uncertainties on
the cycle performance. These may be considered in future research. On the other hand, various cycle parameters have
been modelled as independent random variables with pdf given in Table 3. These distributions have been propagated
through the thermodynamic model and the mean, variance and pdf of the cycle outputs have been computed by means
of Monte-Carlo simulations. Given the low computational cost of the model, Nmc = 10000 samples are computed
in each UQ case to extract the statistics. Additionally, a decomposition of the model outcome variance, by means of
ANOVA, is carried out to identify the main contributors to the total variability.

Table 3. Cycle parameters distributions and variability ranges.

Parameter Distribution Range

Tamb (K) Uniform [290-300]
Tcon (K) Uniform [293.15-303.15]
cw (J/kg-K) Uniform [1000-1200]
ηP Uniform [0.65-0.75]
ηT Uniform [0.75-0.85]
Tw,in (K) Beta [592-615]
ṁw,in (kg/s) Beta [0.1-0.5]

Three variables are considered for the parametric study of the cycle, namely: the evaporation pressure pev = p2 =

p3 = p4 = p6, the pinch point temperature difference ∆Tpp and the turbine inlet temperature TT IT = T6, expressed as
TT IT = Tev+∆TT IT . The remaining cycle parameters are treated as deterministic, namely: pev = 0.545pcr, ∆Tpp = 8 K
and ∆TT IT = 5 K, for all of the working fluids of interest. In the following, such parameters are used as optimization
variables, as shown in the next Section. The results of the analysis are shown in Table 4 in terms of mean µ and
coefficient of variation (defined as the standard deviation-to-mean percent ratio) CoV [%] of ηI , ηII , S T and Vr for the
six working fluids. The R11 and R113 provide the best thermal and exergetic performances with the lowest variability
with respect to the other fluids. On the other hand, the R113 requires higher volumetric expansion ratio.
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The decomposition of the cycle parameter variances by means of ANOVA provides the main contributions to the total
variance of the cycle performances, expressed in terms of first order Sobol’ indices. The results are shown in Fig.
3 for the R245fa case (similar results are observed for the other fluids). As expected, the turbine efficiency has the
greatest influence on the cycle performances, with a contribution of 63% and 56.8% for ηI and ηII , respectively. A
not negligible effect is also addressed to the condensation temperature. The size factor is mainly influenced by the
exhaust gases mass-flow (87%), whereas the volumetric expansion ratio shows an almost total dependency on the
condensation temperature (99.7%).

Table 4. Statistics (mean µ and coefficient of variation CoV [%]) of the four outcomes of the thermodynamic model for the baseline configuration.

Fluid µηI , CoVηI (%) µηII , CoVηII (%) µS T (m), CoVS T (%) µVr , CoVVr (%)

R245fa 0.145, 4.69 0.357, 4.99 0.0186, 14.2 15.8, 10.4
R245ca 0.161, 4.50 0.383, 4.76 0.0206, 14.38 25.4, 10.8
Novec649 0.122, 4.44 0.294, 4.73 0.0392, 14.5 33.3, 12.1
R11 0.187, 4.38 0.436, 4.65 0.0194, 14.12 23.7, 9.66
R134a 0.0878, 6.94 0.238, 7.20 0.0116, 13.80 3.66, 8.69
R113 0.188, 4.23 0.427, 4.47 0.0287, 14.4 47.8, 10.9
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Fig. 3. Variance decomposition by means of ANOVA and evaluation of the uncertain cycle parameters contribution to the total variance for the
thermodynamic model outcomes with R245fa.

4. Cycle optimization

4.1. Deterministic optimization

A preliminary analysis on the search for the best cycle parameters that maximise the thermal efficiency has been
carried out by means of a single-objective Genetic Algorithm (GA). The optimization variables are [pev, ∆Tpp, ∆TT IT ],
whereas the objective is the maximisation of ηI . The main cycle parameters are considered constant and equal to values
included in the ranges of the distributions used for the UQ analysis (see Table 3), such that: Tamb = 295 K, ṁw = 0.4
kg/s, Tw,in = 610 K, Tcon = 303 K, cw = 1100 J/kg-K, ηP = 0.7 and ηT = 0.8. The infeasible individuals of the
population at each generation are penalised in order to discard them in the successive iteration, whereas the search
domain is limited, such that: 0.4pcr ≤ pev ≤ 0.8pcr, 0.1K ≤ ∆TT IT ≤ 10K, 7K ≤ ∆Tpp ≤ 10K. The population size
at each generation is set with Np = 40 individuals and, among them, Nelite = 20 are chosen as ”elite”. The average
fitness of the population, as well as the best fitness, is calculated at each generation. If the difference between those
values is less than a specified tolerance (ε = 1E − 10), the convergence is reached. In this application, the latter is
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attained after 11 generations for all of the fluids.
The best variable sets, along with the best solution, are shown in Table 5. It can be noticed an average improvement of
1% for ηI with the highest effect on the R11 case. Afterwards, the optimum variable sets have been used to carry out
an UQ analysis in order to compare the statistics of the cycle performances with respect to the baseline configuration
(see Table 4), for the same uncertain parameters (see Table 3). The results are provided in Table 6 and show a decrease
of the variability of ηI of 0.2%, and a general improvement of ηII with a 17% increase for R11 and R113. On the other
hand, there is an increase of the mean size factor and expansion ratio across the expander and a still high variability,
which implies an higher complexity of the turbine.

Table 5. Optimum variable sets for the six working fluids after the deterministic optimization.

Fluid pev (MPa) ∆TT IT (K) ∆Tpp (K) ηI

R245fa 2.918 9.9 7.5 0.151
R245ca 3.149 9.4 8.9 0.171
Novec649 1.492 0.5 8.8 0.124
R11 3.509 9.8 7.1 0.208
R134a 3.237 9.9 7.7 0.100
R113 2.703 9.8 8.5 0.192

Table 6. Statistics (mean µ and coefficient of variation CoV [%]) of the four outcomes of the thermodynamic model for the deterministic optimized
configuration.

Fluid µηI , CoVηI (%) µηII , CoVηII (%) µS T (m), CoVS T (%) µVr , CoVVr (%)

R245fa 0.158, 4.57 0.441, 5.61 0.0244, 14.3 25.0, 10.4
R245ca 0.171, 4.40 0.524, 5.42 0.0288, 14.4 40.8, 10.8
Novec649 0.129, 4.37 0.393, 5.38 0.0610, 14.6 61.8, 12.1
R11 0.201, 4.27 0.609, 5.24 0.0287, 14.1 37.4, 9.60
R134a 0.108, 5.83 0.328, 6.88 0.0131, 13.8 5.70, 8.59
R113 0.198, 4.16 0.601, 5.12 0.0445, 14.4 76.6, 10.9

4.2. Robust optimization

The RO allows to take into account the variability of the cycle parameters, reduce the sensitivity of the performances
and evaluate the optimal trade-off of the optimization variables for a stable behaviour of the ORC system. The
optimization is carried out by means of a multi-objective genetic algorithm (NSGA) with the aim to maximise the
mean thermal efficiency while minimise its variance. The evaluation of the two statistics is carried out by coupling the
Monte-Carlo method, already used for the UQ analysis, with the NSGA. The uncertain parameters are chosen and set
as shown in Table 3 and, for each generation, the population size is Np = 40 and the convergence is checked, below a
prescribed tolerance (ε = 1E − 10), on the Euclidean distance between the centroids of two successive optimal Pareto
fronts. The results are shown in Fig. 4 for the six working fluids, in terms of optimal Pareto fronts compared with
the baseline and deterministic optimized configuration computed with the UQ, and in Table 7, where the statistics of
the thermodynamic outcomes are listed for the individuals selected on the Pareto fronts. For all of the solutions, it
can be noticed that the deterministic optimization lies on the high variance branch of the Pareto front, thus providing
good performance but also high variability. A further analysis has been carried out by changing the operating point
and performing two deterministic optimizations with the cycle parameters fixed at the lower (det. opt. low) and upper
(det. opt. high) bound of the variability range (see Fig. 4). It can be noticed that the results are independent on
the operating conditions and the variance of the deterministic individuals is always high. An improvement of the
stability is observed for the robust individuals, which have been selected on the vertical branch of the Pareto front in
order to consider high performance with lower variance with respect to the deterministic optimization. The individual
#R245fa (see Fig. 4a) shows a relative decrease of the coefficient of variation by 7.7% with a high mean performance
ηI = 0.157. A lower performance variability is observed also for #R245ca (-3.18%, see Fig. 4b), #Novec649 (-6.17%,
see Fig. 4c), #R11 (-4.68%, see Fig. 4d), #R134a (-5.15%, see Fig. 4e), #R113 (-5.05%, see Fig. 4f). By comparing
the baseline/deterministic configurations with respect to the individual with the lowest variance and the individual
#R245fa (similar results for the other fluids, see Fig. 5) in terms of pdf(ηI) (evaluated by fitting beta pdfs over the
occurrence histograms), an overlapping is visible in the region of the high performances. Then, the deterministic
individual could be considered also as a good candidate thanks to its high mean performance µηI .
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The decomposition of the cycle parameter variances by means of ANOVA provides the main contributions to the total
variance of the cycle performances, expressed in terms of first order Sobol’ indices. The results are shown in Fig.
3 for the R245fa case (similar results are observed for the other fluids). As expected, the turbine efficiency has the
greatest influence on the cycle performances, with a contribution of 63% and 56.8% for ηI and ηII , respectively. A
not negligible effect is also addressed to the condensation temperature. The size factor is mainly influenced by the
exhaust gases mass-flow (87%), whereas the volumetric expansion ratio shows an almost total dependency on the
condensation temperature (99.7%).

Table 4. Statistics (mean µ and coefficient of variation CoV [%]) of the four outcomes of the thermodynamic model for the baseline configuration.

Fluid µηI , CoVηI (%) µηII , CoVηII (%) µS T (m), CoVS T (%) µVr , CoVVr (%)

R245fa 0.145, 4.69 0.357, 4.99 0.0186, 14.2 15.8, 10.4
R245ca 0.161, 4.50 0.383, 4.76 0.0206, 14.38 25.4, 10.8
Novec649 0.122, 4.44 0.294, 4.73 0.0392, 14.5 33.3, 12.1
R11 0.187, 4.38 0.436, 4.65 0.0194, 14.12 23.7, 9.66
R134a 0.0878, 6.94 0.238, 7.20 0.0116, 13.80 3.66, 8.69
R113 0.188, 4.23 0.427, 4.47 0.0287, 14.4 47.8, 10.9
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Fig. 3. Variance decomposition by means of ANOVA and evaluation of the uncertain cycle parameters contribution to the total variance for the
thermodynamic model outcomes with R245fa.

4. Cycle optimization

4.1. Deterministic optimization

A preliminary analysis on the search for the best cycle parameters that maximise the thermal efficiency has been
carried out by means of a single-objective Genetic Algorithm (GA). The optimization variables are [pev, ∆Tpp, ∆TT IT ],
whereas the objective is the maximisation of ηI . The main cycle parameters are considered constant and equal to values
included in the ranges of the distributions used for the UQ analysis (see Table 3), such that: Tamb = 295 K, ṁw = 0.4
kg/s, Tw,in = 610 K, Tcon = 303 K, cw = 1100 J/kg-K, ηP = 0.7 and ηT = 0.8. The infeasible individuals of the
population at each generation are penalised in order to discard them in the successive iteration, whereas the search
domain is limited, such that: 0.4pcr ≤ pev ≤ 0.8pcr, 0.1K ≤ ∆TT IT ≤ 10K, 7K ≤ ∆Tpp ≤ 10K. The population size
at each generation is set with Np = 40 individuals and, among them, Nelite = 20 are chosen as ”elite”. The average
fitness of the population, as well as the best fitness, is calculated at each generation. If the difference between those
values is less than a specified tolerance (ε = 1E − 10), the convergence is reached. In this application, the latter is
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attained after 11 generations for all of the fluids.
The best variable sets, along with the best solution, are shown in Table 5. It can be noticed an average improvement of
1% for ηI with the highest effect on the R11 case. Afterwards, the optimum variable sets have been used to carry out
an UQ analysis in order to compare the statistics of the cycle performances with respect to the baseline configuration
(see Table 4), for the same uncertain parameters (see Table 3). The results are provided in Table 6 and show a decrease
of the variability of ηI of 0.2%, and a general improvement of ηII with a 17% increase for R11 and R113. On the other
hand, there is an increase of the mean size factor and expansion ratio across the expander and a still high variability,
which implies an higher complexity of the turbine.

Table 5. Optimum variable sets for the six working fluids after the deterministic optimization.

Fluid pev (MPa) ∆TT IT (K) ∆Tpp (K) ηI

R245fa 2.918 9.9 7.5 0.151
R245ca 3.149 9.4 8.9 0.171
Novec649 1.492 0.5 8.8 0.124
R11 3.509 9.8 7.1 0.208
R134a 3.237 9.9 7.7 0.100
R113 2.703 9.8 8.5 0.192

Table 6. Statistics (mean µ and coefficient of variation CoV [%]) of the four outcomes of the thermodynamic model for the deterministic optimized
configuration.

Fluid µηI , CoVηI (%) µηII , CoVηII (%) µS T (m), CoVS T (%) µVr , CoVVr (%)

R245fa 0.158, 4.57 0.441, 5.61 0.0244, 14.3 25.0, 10.4
R245ca 0.171, 4.40 0.524, 5.42 0.0288, 14.4 40.8, 10.8
Novec649 0.129, 4.37 0.393, 5.38 0.0610, 14.6 61.8, 12.1
R11 0.201, 4.27 0.609, 5.24 0.0287, 14.1 37.4, 9.60
R134a 0.108, 5.83 0.328, 6.88 0.0131, 13.8 5.70, 8.59
R113 0.198, 4.16 0.601, 5.12 0.0445, 14.4 76.6, 10.9

4.2. Robust optimization

The RO allows to take into account the variability of the cycle parameters, reduce the sensitivity of the performances
and evaluate the optimal trade-off of the optimization variables for a stable behaviour of the ORC system. The
optimization is carried out by means of a multi-objective genetic algorithm (NSGA) with the aim to maximise the
mean thermal efficiency while minimise its variance. The evaluation of the two statistics is carried out by coupling the
Monte-Carlo method, already used for the UQ analysis, with the NSGA. The uncertain parameters are chosen and set
as shown in Table 3 and, for each generation, the population size is Np = 40 and the convergence is checked, below a
prescribed tolerance (ε = 1E − 10), on the Euclidean distance between the centroids of two successive optimal Pareto
fronts. The results are shown in Fig. 4 for the six working fluids, in terms of optimal Pareto fronts compared with
the baseline and deterministic optimized configuration computed with the UQ, and in Table 7, where the statistics of
the thermodynamic outcomes are listed for the individuals selected on the Pareto fronts. For all of the solutions, it
can be noticed that the deterministic optimization lies on the high variance branch of the Pareto front, thus providing
good performance but also high variability. A further analysis has been carried out by changing the operating point
and performing two deterministic optimizations with the cycle parameters fixed at the lower (det. opt. low) and upper
(det. opt. high) bound of the variability range (see Fig. 4). It can be noticed that the results are independent on
the operating conditions and the variance of the deterministic individuals is always high. An improvement of the
stability is observed for the robust individuals, which have been selected on the vertical branch of the Pareto front in
order to consider high performance with lower variance with respect to the deterministic optimization. The individual
#R245fa (see Fig. 4a) shows a relative decrease of the coefficient of variation by 7.7% with a high mean performance
ηI = 0.157. A lower performance variability is observed also for #R245ca (-3.18%, see Fig. 4b), #Novec649 (-6.17%,
see Fig. 4c), #R11 (-4.68%, see Fig. 4d), #R134a (-5.15%, see Fig. 4e), #R113 (-5.05%, see Fig. 4f). By comparing
the baseline/deterministic configurations with respect to the individual with the lowest variance and the individual
#R245fa (similar results for the other fluids, see Fig. 5) in terms of pdf(ηI) (evaluated by fitting beta pdfs over the
occurrence histograms), an overlapping is visible in the region of the high performances. Then, the deterministic
individual could be considered also as a good candidate thanks to its high mean performance µηI .
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Fig. 4. Pareto fronts and dominated individuals of the robust optimization for the six fluids, along with the baseline and deterministic optimized
configurations. From top-left to right: (a) R245fa; (b) R245ca; (c) Novec649; (d) R134a; (e) R11; (f) R113.
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5. Conclusions

An UQ analysis has been carried out on a ORC system for WHR heavy duty applications. The variability of
the heat source has been taken into account by considering a real engine duty cycle and the probability density
functions of exhaust gas mass-flow and temperature have been evaluated. The expander efficiency and the condensing
temperature have resulted the most influential parameters on the thermal and exergy efficiencies. The fluids R11 and
R113 have shown the best results for this application and this behaviour has been observed also after the deterministic
optimization, with an improvement in terms of mean values and decrease of variability. The robust optimization
has provided a global reduction of the performance variability, however, by considering the high mean values of the
deterministic individuals, the deterministic solution can be considered as a good compromise.
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Fig. 4. Pareto fronts and dominated individuals of the robust optimization for the six fluids, along with the baseline and deterministic optimized
configurations. From top-left to right: (a) R245fa; (b) R245ca; (c) Novec649; (d) R134a; (e) R11; (f) R113.
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Fig. 5. Probability distributions of the thermal efficiency for the R245fa case and comparison of the baseline/deterministic configurations with the
lowest efficient individual and #R245 f a.

5. Conclusions

An UQ analysis has been carried out on a ORC system for WHR heavy duty applications. The variability of
the heat source has been taken into account by considering a real engine duty cycle and the probability density
functions of exhaust gas mass-flow and temperature have been evaluated. The expander efficiency and the condensing
temperature have resulted the most influential parameters on the thermal and exergy efficiencies. The fluids R11 and
R113 have shown the best results for this application and this behaviour has been observed also after the deterministic
optimization, with an improvement in terms of mean values and decrease of variability. The robust optimization
has provided a global reduction of the performance variability, however, by considering the high mean values of the
deterministic individuals, the deterministic solution can be considered as a good compromise.
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Table 7. Comparison of statistics (mean µ and coefficient of variation CoV [%]) of the four outcomes of the thermodynamic model for the robust
configurations.

Case µηI , CoVηI (%) µηII , CoVηII (%) µS T (m), CoVS T (%) µVr , CoVVr (%)

RO (#R245 f a) 0.157, 4.21 0.375, 4.57 0.0190, 14.01 24.1, 10.3
RO (#R245ca) 0.171, 4.26 0.397, 4.49 0.0216, 14.2 40.7, 10.8
RO (#Novec649) 0.129, 4.10 0.301, 4.30 0.0458, 13.8 61.4, 11.9
RO (#R11) 0.200, 4.07 0.45, 4.25 0.0196, 14.6 35.03, 9.54
RO (#R134a) 0.108, 5.53 0.281, 5.92 0.0118, 14.2 5.76, 8.46
RO (#R113) 0.198, 3.95 0.436, 4.18 0.0294, 14.5 78.4, 11.01
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