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Abstract

Our current energy system is shifting from fuel-powered and centralised power gen-
eration to small-scaled renewable architectures. However, modelling such energetic
crossroad includes many uncertainties as renewable energy sources are likely subject
to intermittency and lack of knowledge due to their recent emergence. This master
thesis performs robust design optimization analysis for various energetic scenarios
including renewable technologies. The task consists in enhancing the economical
robustness of an energy system made of photovoltaic arrays and battery storage.
Economical robustness in an energetic context is the propensity to predict accurately
the cost of an energetic system, with parameters that could variate (solar irradiance,
cost of technologies, demand fluctuations). In other words, the optimal profile of the
investigated system should both minimize the cost of it and its stochastic variation
caused by uncertain parameters.
Robust design optimization of the basic PV-Battery system will be implemented
by adding three technologies (micro gas turbine, internal combustion engine, heat
pump unit) likely to enhance the economical prediction accuracy of the whole system
while satisfying both heat and electrical demands. The duality of demand leads to
minimize the Levelized Cost of eXergy for all couplings. Moreover, for each subsys-
tem, uncertainty quantification has been applied to determine how the uncertain
parameters are stochastically represented.
For all the pairings and various scenarios, the impact of uncertainties on the stochas-
tic output have been quantified. Moreover, the optimized system configurations to
lower the mean cost or to provide robustness are known.

Key words: Robust Design Optimization, Energy Systems Models, Multi-
Objective Optimization, Uncertainty Quantification, LCOX Minimization.
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Chapter 1

Introduction

1.1 Energetic context in Belgium and solar poten-
tial

Ensuring energetic ecological transition is one of the major challenge for the current
engineering generation. The global world is concerned by climate change and their
consequences are already perceptible. Individual CO2-emissions are rising, mostly
in developing or rich countries. In 2018, the global energy-related emissions of
carbone dioxyde rose up to an historic amount of 33 GT . Asian countries and USA
account for 85% of this trend, mostly from coal power plants [1]. As energy use
(residential, transport and industry) amount to 75% [2] of the global world emissions,
the development of renewable energies is a priority if we want to avoid irreversible
damages.

Up to 46% of the Belgian electricity production relies on nuclear energy. However,
for safety reasons, authorities have decided to close all nuclear facilities by the year
2025. In order to keep ecological targets and ensure stability, this loss should largely
be compensated with renewables (up to 50% of it [3]).

To achieve renewable transition, solar energy is likely to be the most suitable
source. Solar technology is getting more efficient and cheaper over the years. It
is even presumed that its cost will be divided by two over the next decade. It is
even expected that its cost will be halved over the next decade and that the price
of battery systems will decrease by 40% between 2020 and 2030 [4]. Coupled to
batteries that address solar fluctuations, this high-potential technology is likely to
dominate the energetic landscape in the coming years and to be the production
technology for the transition.

However, such PV-battery systems are facing much impactful uncertainties on
several parameters (e.g., technology costs) and because of solar intermittency, they
do not offer a robust solution. "Robust" term means that for a non-deterministic
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deployment facing the related uncertain parameters, it can be stated with more or less
confidence that it may fulfill the demand properly at a certain cost of investment. To
enhance the robustness of such systems, the task consists in developing models where
this promising couple is working alongside with another (co-)generation subsystem.
Three coupling solutions will be implemented: micro-gas turbine, piston engine and
heat-pump. As you may notice, the three subsystems are able to provide heat energy.
Indeed, this master thesis will address both electrical and heat demands and apply
robust analysis to the three options.

1.2 Master thesis objective: Robust Design Opti-
mization

The goal of optimization is to determine the best set of variables to meet one or
several objectives. In an energetic context, the objectives can vary widely (e.g., cost
minimization, self-sufficiency maximization, failures risks minimization). As far as
this master thesis is concerned, the objective of interest is cost minimization and the
set of variables that shaped the model are the power of the energetic installations
that sustain the system (e.g., solar panel peak power, battery stacks capacity, third
system nominal power).

To perform optimization, a numerically shaped energetic model is needed. It will
depend on parameters such as solar irradiance, daily demand in electricity and heat
or costs of the various technologies. Such parameters are fluctuating all the time and
current values could widely variate over decades or even years. For example, the price
of electricity in Belgium is expected to rise sharply after nuclear decommissioning.
Therefore, a deterministic optimization of an energetic model could not help to
design accurate plans on the future as real life is non-deterministic. So-called robust
optimization will take the uncertainty of parameters into account. It estimates how
much the uncertainties weigh in the balance through Sobol indices, explores and
shapes a probabilistic curve of the objectives.

The objective of this master thesis is to build and interprete accurate eco-
friendly production models using robust optimization. Robust designs and their
interpretations can enhance trust in promising green technologies.

1.3 Contents
The first chapter of the work is an introduction to the world of robust design opti-
mization.
The global energetic model will then be explained. It will show how the demand is
represented and how technologies are interacting with each others. A first robust
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optimization analysis on a basic system is carried out to contextualize the aim of the
work.
Afterwards, the three subsystems will be analysed separately. First, the technologies
will be re-explained and the assumptions made to model them will be discussed.
Finally, RDO results for each subsystem coupling will be exposed and interpreted.
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Chapter 2

Robust optimisation of energy
systems

As said previously, the goal of robust design optimization (RDO) is to shape a
stochastic distribution of the optimization’s objectives, taking uncertainties of pa-
rameters into account. This chapter will get you more familiar with the method and
uncertainties.

2.1 Parameters and uncertainties

2.1.1 What is an uncertainty? An uncertain parameter?
An uncertain parameter is simply an element of the model that may variate over time
due to natural variation or imprecision on its value. An uncertainty of a parameter
can be natural or epistemic.

Natural uncertainty
To illustrate a natural uncertainty, let’s take the example of intermittent solar
irradiance, useful to evaluate photovoltaic panels potential. Holding irradiance data
from past years may give an idea of how it may fluctuate but in reality, one could
face series of brighter/darker days at aleatory moment of the year. In other words,
the solar irradiance is a parameter that naturally variate (clouds, humidity rate) and
precise knowledge on previous variations can not reduce the uncertainty on it.

Epistemic uncertainty
At the opposite of natural uncertainty, deeper knowledge and study on the parameter
may help to reduce an epistemic uncertainty. As an example, it is expected that the
cost of solar panels (in [AC/kWpeak]) will decrease in the upcoming decades [5]. It
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thus involves an uncertainty on this parameter. The evolution of the price can be
anticipated via researches and the uncertainty on it can be reduced by collecting more
data. Even more, the range could be reduced in the future as those fluctuations are
actually faced and thus the previous estimation of the range could be re-evaluated.

2.1.2 Representation of uncertainty and impact on model
parameters

An uncertain parameter is stochastically quantified by a mean, a variance and a
distribution. In this study, for simplification reasons, the uncertainties are always
represented as an uniform probability density function, around an average value and
a variance. The variance expresses the wideness of the range. The mean value is thus
not the actual value for the data, it is the middle value of the range of possibilities.
Two different cases must be considered.

Horizontal shape, variable range
Type of parameter : when the value of the parameter can be
fixed between two points and may worth uniformly between
them.
Distribution: uniform probability curve
Mean: middle value.
Variance: fix the wideness around the mean.
As an example, the cost of pv-panels (CAPEX) is uniformly
distributed around 605 [AC/kWhpeak] with a variance of 175. It
means that the cost could be between 430 (605-175) and 780
(605+175) [AC/kWhpeak].

Specific shape, variable height

Type of parameter : when the value of the parameter follows
a familiar style and could not naturally fluctuate uniformly
between two extreme values (demand profile, solar irradiance,
temperature)
Distribution: specific probability curve
Mean: middle value of height variation of the curve.
Variance: half the range of height variation.

2.1.3 Stochastic quantification of uncertainties
The uncertainty quantification methods used for the aim of this work depend on
the studied parameters. For some of them, documents and literature on energy
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transitions helped to characterize the potential evolution of some parameters ( Source
Elia: [6]).

Much inspiration has been taken from the works of master thesis supervisor,
Diederik Coppitters1. The RDO-tools that he and his colleagues have developed
were strong basis for this master thesis. For the parameters proper to the 3 coupled
subsystems (micro-gas turbine, piston engine, variable speed heat pump), specific
uncertainty quantification has been done to fix their stochastic range. parameters.
The method used is to spot the extreme values that the parameters may have or
have had in the past and to simply draw an uniform probability distribution between
them.

2.2 Whole RDO-method described
RDO is based on the elaboration of a simplified surrogate model to represent a
complex system. In fact, the energetic model representing the energy system is
computationally complex, with much parameters subject to uncertainties. To op-
timize the technological set-up and minimizing its cost, thousands of runs should
be completed and thus, a simplified surrogate model, approaching the real model
is an asset. The following figure(2.1) illustrates the consecutive which lead to the
development of one surrogate model, using Polynomial Chaos Expansion method
(PCE). The consecutive steps and their connections will be detailed one by one
afterwards.

As RDO goal is to optimize the objective function with a robustness evaluation,
let’s redefine the terms "design variables", "objectives"...

The objectives is the values of the function targeted by the optimization. It can
be both minimization or maximization on outputs such as example Levelized cost of
exergy ("real" cost of thermal and electric energy system) and self-sufficiency ratio
(ability of a system to work independently from the grid).
The design variables are the numerical inputs that are changed by the optimizer
itself to explore the different panels of results. It allows the optimizer to find the
best coordination of them to meet the objectives.

As parameters of the model are stochastic, the outputs will also be ranged
stochastically. Thus, those outputs will be characterized by a mean and a variance.
RDO objectives are the minimization of both LCOX mean value and variance.
The minimization of the mean is equivalent to pure optimization of price while
the minimization of variance provides robustness on its prediction. The upcoming
chapters will illustrate and explain the trade-offs between each objective. Now, let’s

1https://scholar.google.be/citations?user=G91ATvgAAAAJhl=nl
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Figure 2.1: Surrogate model development via PCE method: first step is the Uncertainty
quantification. It consists in the stochastic characterisation of the parameters that could
variate within the model. Then, a multitude of model evaluations are performed, with
large variety of uncertain parameters values associations. It maps the LCOX outputs for
different values combinations. The building of the surrogate model is then ensured by the
Polynomial Chaos Expansion method, linking the sets of uncertainty values and the
LCOX mapping of the previous step. The approach of the real model is done by a weighted
sum of orthogonal polynomial functions, taking the uncertain parameters in input.

dive more into "RDO black box".

2.2.1 Uncertainty characterisation
This step designs the uncertainties on parameters as probability density functions.
For each of those, the distribution, the mean value and the variance have to be
dressed down in a repertory. The characterisation of the uncertainties is a crucial
step as the aim of RDO is to explores design possibilities and quantify the impact of
uncertainties on optimization objectives.

2.2.2 Model evaluations
The interaction between parameters is managed by an energetic model developed in
Python. The supplies of technologies and exchanges of energies are handled there.
The whole model will be deeply described in the next chapters.
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What concerns RDO, numerous model evaluations are performed to explore the
various responds depending on parameters configuration. In other words, the model
run for multiple set-ups of parameters subjected to uncertainties and map the outputs.

2.2.3 Uncertainties propagation: Polynomial Chaos Expan-
sion

Polynomial chaos expansion (PCE) interpretes the various deterministic outputs
from the previous step to build a surrogate model of the whole energetic system.
This surrogate model Ŷ approaches the real one as a sum of orthogonal polynomial
functions taking a vector of uncertain parameters (ξ) in input [7]. Considering the
number of uncertainties and the computational cost, a simplified mathematical model
can be elaborated thanks to this truncated scheme.

Y (ξ) ' Ŷ (ξ) =
P∑

i=0
ûiψi(ξ) (2.1)

With ξ, the vector of uncertain parameters, ψi the orthogonal functions and ûi the
coefficients of those ψi functions. Uniform distributions use Legendre’s polynomials
whereas Gaussian distributions used Hermite’s polynomials.

Knowing the number of needed evaluated point, a classical regression method
is used to evaluate the coefficient ûi. The following linear system to solve is then
established [8]: 

ψ0(ξ1) ψ1(ξ1) · · · ψP (ξ1)
ψ0(ξ2) ψ1(ξ2) · · · ψP (ξ2)

... ... . . . ...
ψ0(ξn) ψ1(ξn) · · · ψP (ξn)



û0
û1
...
ûP

 =


Y1
Y2
...
Yn

 (2.2)

With P + 1, the number of terms in the truncated serie. The complexity of the
regression solver rises dramatically with the number p of parameters and is also
determined by the order of the orthogonal functions ψi. To meet accurate results,
many evaluations have to be considered. The total number of evaluated points P is
given by [7]:

P + 1 = (p+ d)!
p!d! (2.3)

With the amount of uncertain parameters p and d, the order of the orthogonal
functions.

One additional strength of PCE is that the mean µ and the standard deviation σ
of the investigated objective can be found easily thanks to the coefficients. For the
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purpose of reducing LCOX’s mean and variance, this represents a computational asset.

µ = µ0 (2.4)

σ =

√√√√ P∑
i=1

u2
i (2.5)

2.2.4 Importance of uncertainties: Sobol indices
From the surrogate model established, it is possible to determine which uncertainty
has high or minor impact on stochastic results. It is expressed through Sobol indices,
from 0 to 1.

To determine if an uncertain parameters has much impact on the uncertainty of
the outputs, rule of thumb is applied. If its Sobol indice is higher than the inverse
of the number of studied parameters. In other words, if Sobol(ξi) > 1

#parameters
, the

uncertainty on the parameter is considered impactful on stochastic output.

2.2.5 RDO results
Robust optimizer

Robust design optimization is managed through two distinct loops, communicating
with each other. The process is schematised here under (figure 2.2). One loop
is responsible of the observation of uncertainties’impact for given design variables
(uncertainty loop). Into the other one, a NSGA-II optimizer adapts the design
variables that are put inside the uncertainty loop (optimization loop). The
objectives of the optimizer are both minimizing the LCOX’s mean and variance. An
overview of NSGA-II solver algorithm is provided in appendices.

Uncertainty loop

For given design variables, a surrogate model of the energy system in developed via
PCE-method. The inputs of this loop are:

• Parameters of the energy system (e.g., solar irradiance, heat and electricity
demands)

• Mean, variance and distribution of uncertain parameters.

• Design variables from the optimizer (e.g., solar panels peak power, battery
capacity, subsystem nominal power)

The output of the loop is a stochastic representation of the potential LCOX (Lev-
elized Cost Of eXergy) for the given desgin variables and covering wide uncertainty
possibilities through PCE-method.
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Figure 2.2: RDO uncertainty and optimization loops: the uncertainty loops manage the
stochastic impact of the uncertain parameters on the model while the optimization loop’s
goal is to find the best set of design variables.

Figure 2.3: Uncertainty loop: for given design variables (DVs), the stochastic output of
the model is evaluated. This step is done with the help of a surrogate model, build within
the loop by PCE method.

Optimization loop

It modifies the design variables values given to the uncertainty loop through an
optimizer. The inputs of this loop are:
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Figure 2.4: Optimization loop: the various possibilities of optimal design variables is
investigated by the NSGA-II optimizer. It adapts the DVs in function of the uncertainty
loop outputs to progressively establishing the best sets of DVs.

• Ranges for the decision variables values. It enables lower and upper limits
for both exploring the field of possibilities and fix realistic limitations for the
installations (e.g., a single rooftop can not hold 50[kWe] of solar panels).

• The stochastic results of the previous set of decision variables, provided by
uncertainty loop.

As NSGA-II solver is based on a population evolution, multiple uncertainty loops
are run to analyse a set of results that may lead to a optimized generation. The
population is proportional to the amount of design variables (10 samples per design
variables).

Representation of results

The evolving population of the NSGA-II optimizer creates a trade-off between
the objectives, illustrated through non-dominated Pareto results. In the following
figure2.5, a 10-individuals population has been dressed. For each individuals, there
are no other configuration where an objective function can be improved without
worsening the other (=non-dominated sorting).

The next figure (2.6) illustrates the expected results in the case of robust opti-
mization. The two extremes cases (lower mean design and robust design) can be
spotted, their design variables are thus retrieved and robustness of the system can
be interpreted.
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Figure 2.5: Representation of a Pareto front for a non-dominated sorted population of
10 individuals. The fictive dotted line follows the non-dominating sorting trend where no
individual can enhance an objective without worsening the other.

Figure 2.6: Trade-off between mean or variance minimization: the two extreme individuals
are both maximizing one objective when minimizing the other. Those cases illustrates
the trade-off between having precise idea around an expensive design (robust design) or
minimizing the average probabilistic cost and worsening the precision on it (lower mean
design).
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Chapter 3

Modelling of the energy system

3.1 Shape of the studied system
The energetic system under investigation, see Figure 3.1, is composed of renewable
and conventional energy sources. It shall not be purely self-sufficient and thus can
exchange energy with the grid network and city gas to cover both electric and heat
demands.

The photovoltaic array and battery stack are connected via a DC-DC converter
to a DC busbar. A DC-AC inverter connects the DC busbar to the load. When the
PV array matches the demand, the excess of electricity is used to charge the battery
and the excess of electricity is sold to the grid.
Otherwise when the PV electricity fails to comply the demand, the battery stacks
are discharged and additional support can be provided by the grid when the SOC
(State Of Charge) is at its lowest limit (20%) .
The gas boiler is used to cover the heat demand. In the whole study, no distinctions
are made between space heating and dwelling heating water.

3.1.1 Photovoltaic array
A photovoltaic array is characterized by the single diode model of PVlib Python
library [9]:

IP V = IL − I0

(
exp

(
U + IRs

ndiodeNsUth

)
− 1

)
− U + IRs

Rsh

(3.1)

The parameters of the Equation 3.1 are determined thanks to the method developed
by De Soto et al. [10]. The resulting current-voltage characteristic provides the
power output in function of the solar irradiance and ambient temperature. As the
PV array is connected to a DC-DC converter with Maximum Power Point Tracking,
the maximum power point is always assumed to be reached.
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Figure 3.1: Basic system shape.
The photovoltaic-battery-gasBoiler system consists of photovoltaic array that primarily
complies with the electricity demand. If it is not sufficient, the grid is used as a back-up
power generator. When there is an excess of electrical power produced, the battery stacks
are charged and the system sells the excess of electricity to the grid. Heating demand is
covered by gas boiler and no distinction are made between space heating and dwelling
heating water.

3.1.2 Battery stack
The lead-acid battery technology [11] is used to simulate the electric storage. The
model of Blaifi et al.[12] characterises the battery stack and the voltage-current
relation is defined as:

Ubat = Ubat,oc + IbatRbat (3.2)
Ubat,oc is the open-circuit voltage, Rbat is the resistance component which determines
the voltage evolution after charging and discharging. Rbat is temperature sensitive
and depends also on current magnitude and capacity [12]. The battery current Ibat

is positive during charge and negative during discharge.

The SOC represents the amount of electricity stored in the battery:

SOC(t) = SOC0 + 1
C(t)

∫ t

0
nbat(t)I(t)dt (3.3)

In Equation 3.3, SOC0 is equal to 20% [13, 14]. The SOC significantly affects the
battery lifetime, which is determined through the Rainflow cycles counting method
[15]. The lifetime is impacted by the use of the battery, thus overcharging and
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discharging are avoided. The maximum charging current and maximum discharging
current are limited to avoid an excessive reduction of the battery lifetime [16].

3.1.3 Power converters
The battery stacks and PV array are connected to a DC busbar through DC-DC
converters [17]. A DC-AC inverter connects the DC busbar to the load to fulfill
the demand and allows to sell the excess of electricity to the grid. The efficiency of
DC-DC and DC-AC are fixed [18, 19].

PDC,out = 0.90PDC,in (3.4)

PAC,out = 0.95PDC,in (3.5)

3.1.4 Gas boiler
The gas boiler covers the heating demand of the dwelling. In this study there is no
distinction between space heating and dwelling heating water. It produces heat with
a nominal efficiency of 0.9 [20].

3.2 Climate and demand data
On Figure 3.2, the hourly climate and demand data are presented. The system is
evaluated in Brussels over one year. The data exploited is a Typical Meteorological
Year provided by the National Renewable Energy Laboratory [21, 22]. As the data
are related to United States, the method presented by Montero Carrero et al.[23] is
used, to scale the heating demand and electrical demand profiles for Belgium.

3.3 Objective and design variables
The Levelized Cost Of eXergy (LCOX) takes into account the quality of different
energy flux and allows us to compute the cost of a system composed by different
type of energy [24]. This quantity of interest, the LCOX, reflects the system cost per
unit of exergy covered [25]:

LCOX = CAPEXa +OPEXa + Cr,a + Ce,a + Cg,a

Xdemand

(3.6)

In the Equation 3.6, the cost entities in numerator are annualized. It means that
their financial impact are reported on a one year consumption, taking the life time
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of the system into account. CAPEXa and OPEXa are respectively the annualized
investment cost and operational cost and Cr,a is the annualized replacement cost and
Ce,a is related to the electricity bought from the grid while Cg,a is the annualized gas
cost. The quantification of these parameters comes from the paper of Zakeri et al.
[25]. The annual exergy output Xdemand is characterized by the sum of the annual
exergy required for electricity and heat [26]:

8760∑
i=1

∑
type

X type, type ∈ {elec, heat} (3.7)

whereas the electricity demand is covered by the highest energy quality, i.e.
Xelec = Eelec, the Carnot Factor F [26] scales the exergy covering the heating
demand:

X type = F typeEtype, type = heat (3.8)

F = 1− Tamb

Treq

(3.9)

where Tamb corresponds to the ambient temperature for each specific hour of the
year and Treq corresponds to the temperature required to fulfil the heating demand,
set at 55◦C for the heat produced by the gas boiler [27].

The design variables are the battery stack and PV array capacity, respectively
nbat and npv (in [kWh] and [kWp]).

3.4 Results
The robust design optimization results illustrate the trade-off between minimizing
the mean and the standard deviation of the LCOX see Figure 3.3. Let’s define two
designs of interests:

• The mean optimal design: the point at the extreme left of the Pareto front,
minimizing the mean µLCOX at most. It corresponds to the cheapest optimal
design but the less reliable on prediction precision.

• The robust optimal design: the point at the extreme right of the Pareto
front, minimizing the standard deviation σLCOX at most. It corresponds
to the optimal design with the better stochastic accuracy on LCOX mean
value. On the other hand, it is also the most expensive design as "beating
uncertainties" involves larger investments (i.e., installing more PV-panels to
enhance self-sufficiency and thus rely less on uncertain cost grid electricity).
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As you can see on the Pareto front (Figure 3.3) the reduction of the LCOX standard
deviation is relatively small (about 4 [AC/MWh]) and it leads to an increase of the
LCOX mean of 43 [AC/MWh].

Explanation of this evolution: First, let’s recall that the leverage of the
optimizer is the adjustment of the two design variables, the photovoltaic capacity
installed in [kWp] and the battery stack capacity in [kWh]. Then, the only way to
achieve a robust optimal design is to play on those decision variables. A robust opti-
mum is achieved by rising those installations as the system will be less dependent on
the grid. As you can see in Table 3.1, the value of Sobol indices of parameters related
to the grid electricity decreases and this is exactly what is expected when a larger
PV-battery system is installed. However, larger deployment of costly technology
leads to an increase of the LCOX mean value.

Mean optimal design Robust optimal design
gas_cost 0.72 0.77
elec_cost_ratio 0.12 0.05
boiler_eff 0.07 0.07
uq_load_e 0.04 0.06
uq_load_h 0.03 0.03
elec_cost 0.03 0.01

Table 3.1: Sobol indices of the most important parameters for the mean optimal design
(on the left) and the robust optimal design (on the right).
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Figure 3.2: The hourly solar irradiance and ambient temperature are increasing during
spring and summer, while declining during fall and winter. Consequently, the hourly
electricity and heating demand data drop during spring and summer and increase during
fall and winter. 18



Figure 3.3: The Pareto front between minimizing the LCOX mean value and minimizing
the LCOX standard deviation illustrates that the gain in robustness is limited when shifting
between optimized mean value and robust design. The Sobol’ indices explain this limited
gain in robustness by illustrating that the aleatory uncertainty on the gas price (see Table
3.1), which is irreducible by designing the PV array and battery stack capacity, is the main
driver of the LCOX standard deviation.
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Figure 3.4: The design variables of the system are the photovoltaic capacity installed [kWp]
and battery stack capacity [kWh]. To reduce the LCOX standard deviation, the optimizer
will increase the PV and batteries capacities in order to reduce their dependence to the
grid which is subject to uncertainties.
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Chapter 4

Micro gas turbine connection

4.1 Theoritical recap

4.1.1 Basic gas turbine
A gas turbine utilizes the flow from hot gases produced from combustion of gas or
fuel oil, to produce kinetic energy within a turbine. When a generator is connected to
the gas turbine, the kinetic energy is converted to electricity. The basic gas turbine
installation is composed by three main elements i.e. compressor, combustion chamber
and turbine(see Figure 4.1).
Fresh air is drawn within a compressor, rising its pressure and temperature. The
compressed air proceeds into the combustion chamber, where fuel is ignited. The
high temperature resulting gases enter the turbine, where they expand themselves
down to atmospheric pressure while making the turbine rotates. The kinetic energy
from the rotation is recovered in electricity through the use of an electromechanical
convertor.

The T-s diagram on Figure 4.1 shows an ideal gas cycle, also known as Brayton
cycle. The Brayton cycle is made up of four internally reversible transformations
[28]:

1− 2 Isentropic adiabatic compression

2− 3 Combustion at constant pressure

3− 4 Isentropic adiabatic expansion

4− 1 Heat rejection at constant pressure

To enhance the global efficiency of the installation, a recuperating cycle can be
implemented. The idea is to utilize back the hot exhaust gases to preheat the air
entering the combustion chamber. The heat recycling is done by a recuperator,
working as a counter flow heat exchanger, as shown in Figure 4.2. By preheating the
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Figure 4.1: Gas turbine schematic (left) and the Brayton cycle (right).
Air enters at ambient pressure and temperature and is compressed to a certain pressure p2.
Between stages 2 and 3, gas is injected and combustion takes place, the flue gases reach a
certain Turbine Inlet Temperature (TIT). At the level of the turbine, the useful work is
produced by the expansion of the gases along its blades.
The compression and expansion are assumed isentropic and heat exchanges are isobare.

compressed air, lesser heat has to be produced in the combustion chamber, resulting
in less fuel consumption. Those savings lead to an efficiency improvement of the
basic installation.

Moreover, after the recuperator, an economizer can retrieve residual heat from
the exhaust gas flux to warm up water, beneficial for both domestic hot water or
space heating.

4.1.2 Micro gas turbines
The micro gas turbines (MGT) are small scale gas turbines that produce power
approximately from 10–200 [kW]. In comparison, regular gas turbines are engines
ranged in [MegaWatts][29]. The MGTs are characterized by their simplicity, their
flexibility and their affordability. Those characteristic make them excellent can-
didates for providing base load and cogeneration power for small scale demands.
Microturbines usually come as a combined heat and power (CHP) system. The unit
produces electricity (as mentioned in the previous section) and utilizes the exhaust
heat from the turbine to heat up water.
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Figure 4.2: A heat recuperator is added to the standard GT scheme. It preheats the air
before entering the combustion chamber and therefore reduce the exegetic losses at the
combustion chamber. The remaining heat at the output of the recuperator enters in an
economizer to heat the water circuit.

4.2 MGT unit and characteristics
The Turbec T100 unit is the MGT inserted in the study. It produces at nominal
conditions 100[kWelec] and 165[kWth] with an electrical efficiency of ηelec ≈ 0.30 and
a global energetic efficiency ηtot ≈ 0.8. The main components of the unit include a
gas turbine engine, an electrical generator, an exhaust gas heat exchanger and control
systems. The gas turbine engine operates on a single shaft (i.e. the compressor is
mounted on the same shaft as the turbine and generator, as shown in Figure 4.2).
Ambient air is drawn into the unit and compressed by a centrifugal compressor. The
pressure ratio for this system is about 4.5: 1. Compressed air leaving the compressor
enters the recuperator, as illustrated in Figure 4.2. Afterwards, the preheated com-
pressed air is mixed with natural gas and ignited, leading to an increase in energy
flux. The resulting combustion gases flux enters the turbine with a high energetic
content (high pressure and temperature around 950 ◦C). It expands itself within the
turbine and before leaving it with a pressure close to atmospheric pressure and a
temperature of approximately 650 ◦C. A permanent rotating magnet in the generator
generates the electric power. The generated electric power needs to be rectified and
transformed to preferred frequency before entering the grid [30].
After the expansion in the turbine the exhaust gases enter the recuperator before
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entering the gas-water counter-current heat exchanger with a temperature of approx-
imately 270 ◦C. By regulating the mass flow of the water, the water is heated up to
a desired temperature.
Furthemore, an automatic control system, PMC (Power Module Controller), super-
vises and controls the Turbec T100 behavior. This prevents the system from critcal
distortion by shutting it down by itself.

4.3 Modelling of the system
The energetic system investigated follows the exact same scheme as the one intro-
duced in Section 3.1, except that a micro gas turbine unit is added, see Figure 4.3.
Reminder: the photovoltaic array and battery stack are connected via a DC-DC
converter to a DC bus bar. A DC-AC inverter connects the DC bus bar to the load.
When the PV array match the demand, the excess of electricity is used to charge
the battery and excess of electricity is sold to the grid.
Otherwise when the PV electricity fails to comply the demand, the battery is dis-
charged and then the demand is supported by the grid or the CHP unit.

4.3.1 Filling the heat demand
The micro gas turbine is used to fulfill the heating demand and when it is not
sufficient, gas boilers are started to comply with the remaining heat. If the demand is
lower than half of the nominal power of the CHP (165kWth

2 ), the unit is in standby and
gas boilers respond to the demand. In this study they are no distinctions between
space heating and domestic hot water.

4.3.2 Efficiencies and lifetime
As said in the previous section, the Turbec T100 nominal characteristics are 100
[kWelec] and 165 [kWthermal]. The electrical efficiency is ηelec ≈ 0.30 and it has a
thermal efficiency close to 50% [31]. The part load electrical efficiencies and thermal
power output are depicted in Figure 4.4.

Ambient conditions such as temperature, affect the performance of CHP units
as the electrical efficiency is getting worse with rising inlet air temperature. For
example, for the case of the T100 MGT, the electrical efficiency descends from 30%
at 15 ◦C to 29.4% at 20 ◦C [31]. However, this phenomenon is not taken into account
in this study, considering that it would not impact the model results.
In the model, the MGT has a lifetime of 60.000 hours of operation [31]. Above this
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Figure 4.3: The photovoltaic-battery-boiler-MGT system consists in a PV field that
primarily complies with the electricity demand. The grid is used as a back-up power
generator when the MGT is not sufficient enough. When there is an excess of electrical
power produced, the battery are charged and the system can sell to the grid the excess
of electricity. Heating demand is covered by MGT and no distinction are made between
space heating and dwelling heating water. When the heating demand is out of the range of
utilization of the CHP unit, gas boilers are used.

threshold, dramatic increase in Operation & Maintenance (O&M) costs are expected.
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Figure 4.4: The MGT offers an electrical efficiency ranging from 28% to 30%. The cycle
presents a thermal efficiency ≈ 50%. Data source: [31].

4.4 Uncertain parameters
The Table 4.1 shows all the parameters related to the MGT unit. Those are added
to the basic model ones related in Section 3.1. In this section, you will have a quick
justification of where do they come from.
The standard deviation σ of each parameter correspond to 5% of the mean value µ .

4.4.1 Investment and maintenance
The installation costs of the CHP unit:
Due to the lack of informations, no distinctions have been made between the in-
stallation cost of ICE and MGT. These include a variety of issues. Based on real
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Unit Distribution µ σ Range
CAPEXMGT AC/kWth Uniform 2600 130 [2470; 2730]
OPEXMGT AC/kWhth Uniform 0.015 0.00075 [0, 01425; 0, 01575]
Unit lifetime Hours Uniform 60 000 3000 [57.000; 63.000]
Replacement costs AC/kWth Uniform 2100 105 [1995; 2205]

Table 4.1: Uncertain parameters of the MGT unit.

cogeneration ICE machines currently operating in Brussels, these costs were esti-
mated equal to 80 000 AC for MGT unit [32].
O&M costs:
This value comes directly from this paper [33]. It reflects all the expenses linked to
the use and maintenance of the MGT.

4.4.2 Lifetime of the unit
The lifetime (in years) of each technology depends on the running hours of the unit.
For the MGT unit, it turns around 60 000 running hours, after that it would be
replaced because the O&M costs soar. [31].

4.4.3 Replacement costs
No information have been found what concerns replacement costs of the cogeneration
unit. They thus have defined a bit lower than the CAPEX, see Table 4.1.

4.5 Quantity of interest and design variables
The design variables are the battery stacks capacity, the total PV-array peak power
and the number of load, respectively nbat, npv and nload (in [kWh], [kWp] and [number
of dwellings]). The use of this "number of loads" design variable is justified by the fact
that the range of power produced is much more higher than a single load dwelling
(< Pe >' 500[We], < Ph >' 2[kWth]). The quantity of interest is still the Levelized
Cost Of eXergy (LCOX), as presented in Chapter 3.
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4.6 Results discussion

4.6.1 Scenario 1: not selling electricity, MGT-GasBoilers
The current investigated scenario do not allow the selling of excess of electricity to
the grid. The robust design optimization results illustrate the trade-off between
minimizing the mean and minimizing the standard deviation of the LCOX, see Figure
4.5. The lowest mean (880.78 [AC/MWh]) is achieved by a total of 37.5 [kWp] of
PV arrays, 2 [kWh] of battery and a number 16 dwellings. Reducing the LCOX
standard deviation is then achieved by increasing the PV array capacity, followed
by the inclusion of a battery stack and the reduction of the demand thanks to the
number of dwellings design variable, Figure 4.6. This increase of technology installed
reduces the dependency on the electricity price uncertainty.

Figure 4.5: In this 1st scenario, the Pareto front illustrates that a trade-off exists between
minimizing the LCOX standard deviation and the LCOX mean. The PV capacity and
the number of dwellings are quite constant, on the other hand there is an increase of the
battery capacity installed.

The heat is 100% provided by a gas consumption whose price is subject to a
certain uncertainty. So the only way to reduce the impact of this parameter is to
reduce the consumption of gas. This is handled by the nload design variable, see Table
4.2. As you can see in Figures 4.7a and 4.7b, it is not sufficient because the gas price’s
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Sobol index stay constant between the mean optimal and robust optimal designs.
As the PV-battery system only affect the amount of grid electricity consumed, its
deployment has little effect on LCOX uncertainty.

nP V [kWp] nbat [kWh] nload [-] µLCOX σLCOX

mean optimal design 37.5 2 16 880.78 102.2
robust optimal design 46.5 76 12 906.1 98.3

Table 4.2: Characteristics of the mean optimal design and the robust optimal design

Figure 4.6: Evolution of the design variables when minimizing the LCOX’s mean and
standard deviation, in the PV-BAT-MGT-GasBoilers energy system. The PV capacity
and the number of dwellings are quite constant, in the other hand there is an increase of
the Battery capacity installed.

The Sobol’ indices represented in Figures 4.7a and 4.7b clearly illustrate that
the variation of the LCOX standard deviation is mainly due to the uncertainty on
the gas price, the electricity load and the electricity cost ratio. This last parameter
illustrates the part of the electricity price that corresponds to the cost of the electrical
energy. For example in Brussels, approximately 30% of the electricity bill is related
to the TSO (Transmission system Operator) costs.
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(a) Sobol indices mean optimal design

(b) Sobol indices robust optimal design

Figure 4.7: Sobol indices of the main parameters of the PV-BAT-MGT-GasBoiler energy
system. Two designs are presented here, the mean optimal design (a) and the robust
optimal design (b).

Another observation is that by reducing the nload design variable to the values
presented in the Table 4.2, the use of the MGT is limited. As a reminder, the MGT’s
power management is driven by the heat demand, and the heat demand is directly
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proportional to the number of dwellings (nload). In order to reduce the uncertainty
coming from the price of the gas, the optimizer encourages the use of the gas boiler
and shut down the cogeneration unit as much as possible. In this configuration the
MGT covers only 2% of the heat demand.
Therefore to take advantage of the installed technology, let’s change the gas boiler
by an electrical boiler.

4.6.2 Scenario 2: not selling electricity, MGT-ElecBoiler
When the gas boiler is replaced by electrical boiler, the robust design optimization
shifts the Pareto front (of the previous case) to the left and the LCOX’s standard
deviation rises (LCOX-std), see Figure 4.8. This strategy has an impact on the
standard deviation of the LCOX, there is an increase of ≈ 13% in the robust optimal
design. For the lower mean design, a negative 10% difference can be observed between
current scenario and previous one, using gas boilers, Table 4.4.

µLCOX range σLCOX range nload range
Scenario 1: gas boilers [881-906] [98-102] [12-16]
Current scenario [796-884] [114-121] [42-59]

Table 4.3: Comparison between previous scenario and current scenario (gas boilers vs.
electric boilers as secondary heat source).

nP V [kWp] nbat [kWh] nload [-] µLCOX σLCOX

Mean optimal design 58.2 0.70 58.7 795.82 121,35
Robust optimal design 119.77 251.11 42 883.85 114.08

Table 4.4: Characteristics of the mean optimal design and the robust optimal design
when gas boiler is replaced by electrical boiler.

As presented in Table 4.4, the range of the LCOX mean is lower than in the
previous case, it evolves from 795.82 to 883.85 [AC/MWh]. This shift to the left
could be explained by the fact that the number of dwelling is higher [58.7 ... 42] (see
Figure 4.9), and as heat demand increases with nload, the more often the MGT goes
into action. When the cogeneration unit is running, it produces heat and electricity
and this is why a decrease of the LCOX mean’s range is observed.

The standard deviation of the LCOX is higher, the range goes from 121.35 to
114.08 [AC/MWh] as shown in Figure 4.8.
In this scenario, the electrical boiler takes the place of the gas boiler. The electricity
that feeds the boiler is subject to two uncertain parameters, the cost of electricity
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Figure 4.8: The Pareto front illustrates that a trade-off exists between minimizing the
LCOX standard deviation and the LCOX mean. To pass from the mean optimal design
to the robust optimal design, the optimizer doubles the PV capacity installed and avoid
grid dependency by including batteries. The number of dwellings is reduced from 49.26 to
35.15.

(elec_cost) and the part of electricity bill that really corresponds to the electrical
energy (elec_cost_ratio). In the previous case, the only part of uncertainty of the
gas boiler was coming from the price of the gas (gas_cost). This should be the
reason of the increase of LCOX-std.
Now let’s investigate in the evolution of the Pareto front of electrical boiler scenario.

In order to decrease the uncertainty on the LCOX, the optimizer doubles the
PV capacity, includes more batteries (251.11 [kWh]) and reduces the number of
dwellings, see Figure 4.9 and Table 4.4.
First of all, the inclusion of the batteries and the increase of the PV capacity reduces
the Sobol indices related to the electricity (elec_cos_ratio and elec_cost). As you
can see in Table 4.5, the reduction of the number of households also reduce these
uncertainties because it reduces the purchase grid electricity.
Secondly, let’s focus on 25% increase of gas_cost Sobol index. At first sight it may
seem strange because the number of dwellings decreases in the robust design. For
this reason it is interesting to look at the SSRheat in Table 4.5, this value reflects
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Figure 4.9: Evolution of the design variables when minimizing the LCOX mean and
standard deviation, in the PV-BAT-MGT-ElecBoilers energy system. The PV capacity
and the number of dwellings are quite constant, in the other hand there is an increase of
the Battery capacity installed.

mean optimal design robust optimal design units
µLCOX 795.82 883.85 AC/MWh
Elec load 257.21 183.49 MWh
Heat load 1132.66 808.02 MWh
Gas consumption 1569.13 1184.79 MWh
CHP electricity 423.53 318.48 MWh
CHP heat 784.56 592.4 MWh
SSRheat 69.27 73.31 %
PV elec generated 51.04 105 MWh
grid electricity bought 430.39 243.51 MWh
excess electricity 231.54 196.75 MWh

Table 4.5: Summary of energy produced and consumed by the system. This table make
the comparison between the mean and the robust optimal design.

the part of heat that is produced by the CHP unit. In the robust optimal design,
SSRheat is higher so the fact that gas_cost’s Sobol index evolves in this way is
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normal. Reducing the uncertainties around these three parameters further helps to
improve the system’s robustness.

Figure 4.10: Sobol indices of mean optimal design when gas boiler is replaced by electric
boilers. Gas_cost is by far the most influencal uncertain parameter. From lower mean
optimal design. It is followed by the electrical grid uncertainty, the elec_cost_ratio and
the elec_cost.
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Figure 4.11: Sobol indices of robust optimal design when gas boiler is replaced by
electric boilers. Once again, the uncertainty of this design is mainly driven by the gas_cost
parameter. The inclusion of PV and batteries reduced the Sobol indicies of parameters
linked to the grid (elec_cost and elec_cost_ratio).
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Chapter 5

Piston engine connection

5.1 Theoritical recap
The original ICE (Internal Combustion Engine) was created in 1859 as a mean of
converting chemical energy (fuel), into mechanical energy. The fuel is burned in a
combustion chamber in the presence of high pressure air and results in a controlled
explosion providing mechanical energy.

Technological improvements have increased the ICE’s efficiency, largely by de-
creasing frictional losses in moving parts and improving the precision timing in the
combustion process, where the air/fuel mixture is drawn into the chamber before
being compressed, ignited, and exhausted (Figure 5.1). In addition, ICEs remain a
common power source in the 21st century because of their adaptability, whether in
the form of a reciprocating piston engine for automobiles and ships, or stationary
applications in power plants where the engine’s mechanical energy is converted to
electrical energy through a generator.

The main components of an ICE CHP unit are as follows:

• the engine;

• the heat recovery system (exhaust gas heat exchangers and cooling water);

• the generator.

The engine: sizes for small-scale CHP systems can vary from around 25 [kWe]
output up to 500 [kWe] very large diesel units. To match conventional electricity
supply, the engines run at a multiple of the grid frequency (50 [Hz]), e.g. 1500 [rpm].
A typical internal combustion engine unit engine will run with a jacket temperature of
120 ◦C and an exhaust gas temperature of 650 ◦C. The majority of heat is recovered
from the exhaust gases. The temperature at which the engine runs is dependent
upon a number of factors including engine speed and the fuel type.
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Figure 5.1: An internal-combustion engine goes through four strokes: intake, compression,
combustion (power), and exhaust. As the piston moves during each stroke, it turns the
crankshaft [34]

The heat recovery system: engine coolant water and exhaust gases are the
two sources of recycled heat. Heat outputs for small-scale CHP units range from 39
[kW] to 1200 [kW] and are typically twice the electrical power output. The operating
water temperatures are at approximately 75-90◦C.

The generator: the basic components of the generator are the rotor and the
stator. The rotor is the component driven by the mechanical torque from the prime
mover, (i.e. the engine). The generators in packaged CHP units generally have a
3-phase alternating current output at 415[V] (line-line voltage), with a power output
typically in the range 15 [kWe] and upwards. Two types of generators can be used
on CHP units: synchronous and asynchronous.

5.2 ICE unit and characteristics
2G Cenergy Patruus Series produces at nominal conditions 100 [kWelec] and 143
[kWth] with an electrical efficiency ηelec ≈ 35% and a total efficiency ηtot ≈ 80%. As
widely known, reciprocating ICEs have higher electrical efficiencies than MGTs. This
is also obvious in the studied units: while the electrical efficiency of the 2G Cenergy
amounts to 35%, the Turbec T100 is limited to 30% at nominal condition[35].
The part load electrical efficiencies and thermal power output for ICE unit are
depicted in Figure 5.2.
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Figure 5.2: The ICE offers an electrical efficiency ranging from 30% to 35%. The cycle
presents a thermal efficiency ≈ 50%. Data source: [35]

5.3 Modelization of the system
The system under investigation, see Figure 4.3, is exactly the same system as pre-
sented in Section 4.3 except that an internal combustion engine is installed, see
Figure 4.3.

The system follows the same strategy as the one of the MGT, where the heat
demand is the preponderant parameter. When the nominal power of the CHP(e.g.
143 [kWth] for the ICE) is lower than the demand, the cogeneration unit runs at
full load and the remaining heat is provided by the boiler. Then when demand
is between the nominal power and 50% of the nominal power of the CHP unit, it
runs at part load. The generated power is compute thanks to the data given by the
manufacturer, see Figure 5.2. Lastly, the demand is lower than 50% of the nominal
power, the CHP is shutdown and the boiler fulfill the heat demand.
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For the electrical demand, it is much more simple. The electricity is provided
by photovoltaic panels, batteries and cogeneration unit. The CHP unit produces
electricity only when it is running to comply with the heat demand. When the tech-
nologies installed are not sufficient, the system simply buy the remaining electricity
from the grid.
Assumptions similar to the previous MGT-chapter were made. First, the effect of the
ambient temperature on performance is not taken into account. Secondly, as for the
whole study, they are no distinctions between space heating demand and dwelling
heating water demand. Finally, the internal combustion engine has an expected
lifetime of 50 000 hours of operation [35].
Figure 5.3 summarises the power strategy of present hybrid energy system.

5.4 Uncertain parameters
The Table 5.1 shows all the uncertain parameters related to the ICE. There are
added to the parameters of the basic energy system in Figure 3.1.
The standard deviation σ of each parameter correspond to 5% of the mean value µ .

Unit Distribution µ σ Range
CAPEXICE AC/kWe Uniform 2300 115 [2185; 2415]
OPEXICE AC/kWhe Uniform 0.0225 0.001125 [0, 02135; 0, 02365]
Unit lifetime Hours Uniform 50 000 2500 [47500; 52500]
Replacement costs AC/kWe Uniform 1700 85 [1615; 1785]

Table 5.1: Uncertain parameters of the ICE unit.

5.4.1 Investment and maintenance
The installation costs of the CHP unit include a variety of issues, such as the
cost of the installation of the chimney, the cost of transporting the machine and the
gas and electricity connection. Based on real cogeneration ICE machines currently
operating in Brussels, these costs were estimated at 80 000 AC for ICE unit [32].
O&M costs: as described in Table 5.2, ICE has higher O&M costs than MGT
because it has more moving parts. So it requires specific lubricating oil (not contam-
inated with combustion products) in a higher quantity [32].

5.4.2 Lifetime of the unit
The lifetime (in years) of each technology depends on the running hours of the unit.
For the ICE unit, it turns around 50 000 running hours, after that it would be
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Figure 5.3: Heat load curve during 1 year (8760 hours). The system follows the heat
demand, the electricity demand is covered by CHP, PV and battery (the lack of electricity
is provided by the grid). When the heat demand is above the nominal power if the CHP
unit, gas boilers provide the remaining heat. If the demand is between the nominal power
and half of the nominal power of the CHP, it runs at part load. Under half of the nominal
power, the cogeneration unit is shuted down and the gas boilers fulfil the demand.

ICE MGT
Installations cost 80 000AC 80 000AC
unit cost 150 000AC 180 000AC
O&M costs 0.015AC/kWhe 0.0225AC/kWhe

Table 5.2: Installation, capital and operation costs of the ICE and MGT
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replaced because the O&M costs became more and more important [35].

5.4.3 Replacement costs
Replacement costs are common assumptions to the previous chapter as no informa-
tions on them were found. They are then quantified a bit lower than the CAPEX,
see Table 5.1.

5.5 Quantity of interest and design variables
The design variables are the battery stack, the PV array capacity and the number
of load, respectively nbat, npv and nload (in [kWh], [kWp] and [number of dwellings]).
They are the same as in the MGT study.
The quantity of interest is the Levelized Cost Of eXergy (LCOX), presented in
Chapter 3.

5.6 Results discussion

5.6.1 Scenario 1: not selling electricity, ICE-GasBoilers
The robust design optimization results illustrate the trade-off between minimizing
the mean and minimizing the standard deviation of the LCOX, see Figure 5.4. The
lowest mean (871.5 [AC/MWh]) is achieved by a total of 33.7 kWp of PV arrays, 0.39
[kWh] of battery and a 14 dwellings. Reducing the LCOX standard deviation is then
achieved by increasing the PV array capacity, followed by the inclusion of a battery
stack and the reduction of the demand thanks to the number of dwellings design
variable, Figure 5.5. This increase of technology installed reduces the dependency on
the electricity price uncertainty.

nP V [kWp] nbat [kWh] nload [-] µLCOX σLCOX

mean optimal design 33.7 0.39 14 871.5 102.6
robust optimal design 43.6 66.3 10 904 97.9

Table 5.3: Characteristics of the mean optimal design and the robust optimal design

The system follow the same power strategy as the one with the MGT, so the
heat is 100% provided by a gas consumption whose price is subject to a certain
uncertainty. As before, the only way to reduce the impact of this parameter is to
reduce the consumption of gas via nload design variable, see Table 5.3. As you can
see in Figures 5.6a and 5.6b, it is not sufficient because the gas price’s sobol index
stay constant between the mean optimal and robust optimal designs. Conclusion
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Figure 5.4: The Pareto front illustrates that a trade-off exists between minimizing the
LCOX standard deviation and the LCOX mean. The increase of PV capacity installed
and inclusion of battery stack will induce a decrease of the LCOX standard deviation.

is that the deployment of PV-battery has little effect on the LCOX-std as it only
affects the amount of grid electricity consumed.

The Sobol’ indices represented in Figures 5.6a and 5.6b clearly illustrate that the
variation of the LCOX standard deviation is mainly due to the uncertainty on the
gas price, the electricity load and the electricity cost ratio.

In this configuration, the CHP unit will cover only 0.9% of the heat demand.
As presented in the micro gas turbine’s section, this low number of households will
reduce the total heat demand of the community and therefore shut down the ICE as
much as possible, see Figure 5.3.
Considering this trend to annihilate gas consumption and desiring to exploit more
the investigated technology, traditional gas boilers will be replaced by electrical ones
in the next scenario.
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Figure 5.5: The evolution of the design variables when minimizing the LCOX’s mean and
standard deviation, in the PV-BAT-ICE-GasBoilers energy system. The PV capacity and
the number of dwellings are quite constant, in the other hand there is an increase of the
Battery capacity installed.

5.6.2 Scenario 2: not selling electricity, ICE-ElecBoilers
When the gas boiler is replaced by electrical boiler, the robust design optimization
shifts the Pareto front (of the previous case) to the left and an increase of the LCOX’s
standard deviation (LCOX-std) is observed, see Figure 5.7. This strategy has an
impact on the standard deviation of the LCOX, there is an increase of ≈ 16% in the
robust optimal design. Mean optimal designs comparison indicates 6% reduction of
LCOX mean through the use of electrical boilers, Table 5.4.

Once again the philosophy is the same as the MGT case because it is the same
kind of power generation, the only differences will be linked to the costs and some
technical aspect but the difference is minimal in this complex energy system.
To pass from the mean optimal design to the robust optimal one, the optimizer
will double the PV capacity and install batteries (+215[kWh]), as you can see in
Figure 5.8 and Table 5.4. The insertion of PV-battery system reduces dependence on
the electricity grid, for which prices are uncertain (elec_cost and elec_cost_ratio).
As exposed in Table 5.5, this method drops the amount of electricity purchased by
≈ 150[kWh].
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(a) Sobol indices of mean optimal design

(b) Sobol indices of robust optimal design

Figure 5.6: Sobol indices of the main parameters of the PV-BAT-ICE-GasBoiler energy
system. Two designs are presented here, the mean optimal(a) design and the robust
optimal(b) design. The most uncertain parameter in this scenario is the gas_cost

Sobol indices evolution confirms this suggestion, Figures 5.9 and 5.10. As expected
the ones related to grid electricity cost are decreasing. In the other hand, there is
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Figure 5.7: The Pareto front illustrates that a trade-off exists between minimizing the
LCOX standard deviation and the LCOX mean. To pass from the mean optimal design to
the robust optimal design, the optimizer will reduce double the PV capacity installed and
avoid the dependency to the grid by including batteries. The number of dwellings DV will
be reduced from 49.26 to 35.15.

an increase for the gas_cost Sobol index despite the diminution of the number of
households (Table 5.4) and therefore the decrease of gas consumed by ≈ 340[MWh]
(see Table 5.5). The explanation of this counter-intuitive evolution can be found in
the Table 5.5 and more precisely in the SSRheat values. It represents the amount of
heat demand covered by the CHP unit, so an increase of the SSRheat will induce
an increase of the uncertainty coming from the gas price (gas_cost), as you can see
in Figures 5.9 and 5.10. Reducing the uncertainties around these three parameters
further helps to improve the system’s robustness.

nP V [kWp] nbat [kWh] nload [-] µLCOX σLCOX

mean optimal design 44.75 0.97 49.26 818.08 122.96
robust optimal design 93.92 215.46 35.15 859.9 114.43

Table 5.4: Characteristics of the mean optimal design and the robust optimal design
when gas boiler is replaced by electrical boiler in a PV-BAT-ICE energy system.
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Figure 5.8: Evolution of the design variables when minimizing the LCOX’s mean and
standard deviation, in the PV-BAT-MGT-ElecBoilers energy system. The PV capacity
and the number of dwellings are quite constant, in the other hand there is an increase of
the Battery capacity installed.

mean optimal design robust optimal design units
µLCOX 818.08 859.9 AC/MWh
Elec load 215.74 153.95 MWh
Heat load 950.02 677.93 MWh
Gas consumption 1341.56 1002.9 MWh
CHP electricity 414.81 306.48 MWh
CHP heat 670.78 501.45 MWh
SSRheat 70.61 73.97 %
PV elec generated 39.23 82.34 MWh
grid electricity bought 348.76 200.29 MWh
excess electricity 245.93 196.09 MWh

Table 5.5: Summary of energy produced and consumed by the system. This table make
the comparison between the mean and the robust optimal design for an hybrid energy
system made of PV, batteries, ICE and electrical boilers.
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Figure 5.9: Sobol indices mean optimal design when gas boiler is replaced by electric
boilers. Gas_cost is by far the most influencal uncertain parameter. From lower mean
optimal design. It is followed by the electrical grid uncertainty, the elec_cost_ratio and
the elec_cost.
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Figure 5.10: Sobol indices robust optimal design when gas boiler is replaced by electric
boilers. Once again, the uncertainty of this design is mainly driven by the gas_cost
parameter. The inclusion of PV and batteries reduced the Sobol indicies of parameters
linked to the grid (elec_cost and elec_cost_ratio).
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Chapter 6

Heat pump connection

The heat pump technology is the future of space heating. As residential space heating
represents 13.3% of global emissions[36] in Belgium, the electrification through heat
pump technology is an interesting part of the solution to lower carbon footprint.
At the moment, the technology is quite expensive and financial incentives are not con-
vincing consumers to switch from fossil heating. However, tax incentives from 1000AC
to 6000AC are already given in Wallonia, depending on household incomes. To switch
from fossil fuels, some European markets have legislated against the gas connection of
new housing or commercial buildings[37]. In Belgium, legal measures have been taken
against oil fired boiler installations. Those are highly polluant and are largely spread
within the country (50% of heating installations in Wallonia, 24% in Flanders and
16% in Brussels[36]). They want to get rid of the technology by 2035, blocking new
installations from 2021. However, Belgium authorities do not want to precipitate gas
banning thus further decisions will be made in the upcoming years on that matter[38].

6.1 Technology recap
Thanks to the circulation of a refrigerant fluid, a heat pump installation is able to
inverse the classic heat sources exchanges. This particular type of fluid is able to
absorb and deliver heat at uncommon states that allows to transfer heat energy
from a cooler place to a warmer one. In this scenario, low-temperature state allows
external air to be used as heat source, (down to minus 20 ◦C). The high-temperature
state, reached with the help of an electric compressor, acts as heat source for the
buildings to warm.

The standard way to characterize the efficiency of such installation is the Coeffi-
cient of performance(COP). It represents the heat energy delivered by the installation
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divided by the electrical energy provided in order to do so.

COP = QspaceHeating

Ecompressor

As heat is captured in the surrounding air, the COP is higher than 1 and is
temperature-sensitive. The COP commonly stays in the range of 2 to 8, depending
on the technology and the quality of the equipment. Its value decreases with the
external temperature as it represents a major heat source. In other words, let’s
assume that for the same heat to distribute, compressor work will be lowered if
external air can provide higher proportion of heat at a higher temperature.

Figure 6.1: Heat pump heating mode schematic: the heat pump system is able to inverse
Carnot cycle with the help of a circulating refrigerant fluid; it draws heat from an external
heat source system that can be ambient air, body of water or underground pipes. The
heat pump unit is made of four components allowing the refrigerant fluid to become a
hot source in front of the demand. An evaporator and a condensator handle respectively
the heat exchanges between the external heat source and the environment to heat. The
use of an electric compressor induces an additional enthalpy rise of the refrigerant. Finally,
the expansion valve lowers the pressures to turn the refrigerant to its initial state.

Heat pump unit components

Heat pumps are composed by four components:

• Heat is taken from the outside to evaporate the refrigerant fluid at low pressure
(evaporator).

• The electric compressor heats up the refrigerant fluid to enhance its enthalpy
and allows circulation though pressure difference.

• The heated gaseous fluid flows within a condenser, where it delivers heat to
the demanding system. The fluid is then liquefied.
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• Refrigerant is released in an expansion valve to lower the pressure to enable
the cycle again.

External heat source systems

The external heat provided to evaporate the refrigerant is captured in the nearby
environment of the installation. The most common way to do so is the surrounding air,
with large temperature variations between seasons. However, to limit the variations
and avoid major negative temperature drops in winter, one can install a grounded
heat exchanger, at several meters of depth. In the context of this study, conventional
and cheaper air-source heat pump is used.

6.2 Modelling of the heat pump energy system
To develop numerical computations and their analysis, a numerical Python model
has been made. In order to combine precision and efficiency, some assumptions have
been made at many levels of the energy system. This subsection will explain and
justify them.
The following Figure (6.2) illustrates the simple model of heat demand met through a
variable speed heat pump, assisted by an emergency electrical boiler (ηelec−>heat = 0.9).
The electrical boiler has an unlimited power potential but for the aim of the analysis,
it will not reach unrealistic values. As its use is in any case energetically less efficient,
the optimizer will naturally explore designs where its contribution is not preponderant.

Figure 6.2: Heat demand satisfaction in heat pump model. Two heat production technolo-
gies ensure the fulfill of the demand. The heat demand is characterized by hot water at
40 ◦C, serving both domestic hot water needs and space heating through floor heating
systems.

Heat production technologies distribution
The model evaluates how the demand will be satisfied every hour. The distribu-
tion between the heat pump installation and the electrical boiler depends on the
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performance of the heat pump and how it can fulfill the demand. As the COP
is temperature sensitive, the heat pump potential is variable and three values are
hourly determined:

• QN [Wh]: maximal calorific energy when heat pump works one hour at nominal
electrical power.

• Q30 [Wh]: heat delivered when heat pump works one hour at 30% of nominal
electrical power (lower inverter limit)

• Q3010m [Wh]: heat delivered when heat pump works during 10 minutes at
30% of nominal electrical power. This limit is fixed to avoid launching the
installation for very low demand and short amount of time(on-off starting
limit). Below this limit, the system favours the electrical boiler.

The Figure 6.3 shows how those values are used to determine which heat source
is activated. The variable speed heat pump may have 4 different states:

1. Inactive: the demand is below Q3010m and the boiler handles it.

2. Variable time: the HP works less than one hour (and >10minutes) at lowest
rate (30% of electric nominal power).

3. Variable speed: the HP unit works for an hour at modulated speed between
30% of nominal power and nominal power Wn.

4. Nominal: the demand is above the heat pump maximal output thus handled
both by the heat pump at nominal power and the electrical boiler.

Characterisation of the demand
The demand is represented as an hourly need by an household. To simplify the model,
there are no distinctions between space-heating and domestic hot water, considering
that they are both circulating at 40 ◦C. The absence of a heat storage tank can
be justified by the ability of the variable speed heat pump to smooth the demand
thanks to its inverter. The following Figure(6.4) illustrates the distribution of the
heat production between a 3.5kW heat pump and the electrical boiler, following the
rules defined earlier.

The heat pump is able to satisfy 93.7% of the calorific demand at an average
COP of 3.41. During the summer months, lots of heat production is attributed to
the boiler due to lower need. During spring and autumn, the ability of multi-speed
heat pump allows to continuously smooth the demand and involves lower boiler use.
In winter, when the performances of the heat pump installation are declining, the
boiler is often coupled with nominal HP running to meet the demand.
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Figure 6.3: Choice of heat production technology vs demand. The heat pump has four
possible states of working, depending on the heat demand. For two of them, the additional
use of the electrical boiler ensures the demand satisfaction. First, when the demand is
very low, the heat pump is preserved from on-off starting that may harm the technology.
Secondly, the electrical boiler provides additional heat when the heat pump can not match
demand at maximal power. In between, the heat pump can both work at minimal regime
during a variable amount of time or during one hour at a modulated power.

Figure 6.4: Distribution of heat production between a 2[kWe] HP and an electrical boiler
for one household. When the demand is very low (mostly in summer), the HP is preserved
from on-off starting and demand is met by the boiler. In colder periods, when the demand
is higher and COP is getting worse, the electrical boiler frequently helps to match the heat
demand. The rest of the time, the modulating speed ability of the HP ensures perfect
matching between demand and production.

6.3 Heat pump unit and characteristics
To approach realistic values, the HP unit performances and characteristics are
retrieved from an existing air-water low temperature model from company Daikin,
(model Altherma M, ERHQ-BV3 [39]). The choice of an air-water heat pump allows
to mingle domestic hot water and space-heating supply, circulating at the same
temperature of 40 ◦C.
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6.3.1 Extreme states
Hot source: to obtain circulating water temperature of 40 ◦C assuming a tempera-
ture pinch of ∆Tpinch = 5◦C at the condenser. The high temperature Tcondenser of
refrigerant fluid hot source is thus 40 ◦C + ∆Tpinch = 45◦C.
Cold source: the technology offered by Daikin allows to work at extreme tempera-
tures down to -20 ◦C. As temperatures in Brussels do not go under -7 ◦C, the lack
of performance due to freezing conditions is not taken into consideration.

6.3.2 COP performance map
2006 KUL interpolation

The performance of the air-water heat pump are based on the work of KUL researchers
in 2013[40]. They have developed a variable speed air-water Altherma heat pump
model and developed its COP map for different modulation levels. The different
levels are 30% of the nominal power, the lower limit of utilisation of the technology,
50%, 90% and the nominal power WN . They have based their analysis on the
datasheet of a 2006 model of which the performance map is drawn in the following
Figure(6.5). The data points are based on the datasheet from the company for 3
different condenser temperatures (30 ◦C, 40 ◦C and 50 ◦C) with a modulation level
modlevel from 30% up to nominal power.

Figure 6.5: KUL mapping points: the performances of the HP are based on a study from
KULeuven in 2013. The heat pump model was an air-to-water variable speed model from
the company Daikin. They have mapped the COP for several maximal temperatures of
the refrigerant fluid (Tcond) and modulated regimes. For the aim of the thesis, those points
have been interpolated to obtain a numerical mapping of HP behavior.
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As the condenser temperature is 45 ◦C, the mapping has been linearly drawn
between 40 ◦C and 50 ◦C results. The data points of the figure here over have
been retrieved thanks to an online plot digitalizer1 and interpolation has been
performed to get the values of the COP (COP = COP (modlevel, Text)) for each
condenser temperatures and over the working range([30%WN ;WN ]). Those two steps
(interpolation + average) allowed to get a similar function for the COP of the heat
pump unit, for a condenser temperature of 45 ◦C.

Figure 6.6: Interpolation functions when Tcond = 45◦C. Assuming a temperature pinch of
5 ◦C while supplying the necessary 40 ◦C to meet the demand, the condenser temperature
of the unit is fixed at 45◦C. To interpolate the mapping at this temperature, a linear
average has been done between Tcond = 40◦C and Tcond = 50◦C from the KUL mapping.

Step-up of technology

As the interpolation work has been done for a 2006 unit, an amelioration of the
technology along with better performances could be expected and thus better perfor-
mances. In fact, based on the datasheets ([41] and [39]) and a telephone exchange
with the company, the HP treated by the KUL is a prototype of the Altherma units
that are marketed nowadays. Besides several changes on material choices and design,
the performances are the same as the compressor, the fluid and the condenser have
not been changed. Thus, the COP mapping is perfectly equal from one unit to
another.
However, uncertain parameters have been established on potential improvement of
HP technology.

1https://automeris.io/WebPlotDigitizer/
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6.4 Uncertain parameters
Apart from the parameters of basic energy systems introduced in the previous sections,
several ones are specific to heat pump technology. Table 6.1 is a resume of all 5 of
them. Their characterisation is developed after.

Unit Distribution µ σ Range
CAPEXhp AC/kWe Uniform 1100 150 [950; 1250]
OPEXhp AC/kWth/year Uniform 5.5 1.8 [3.7; 7.3]
Technologic step up % Uniform 8 8 [0; 16]
Unit lifetime Y ear Uniform 20 5 [15; 25]
Replacement cost AC Uniform 4500 1500 [3000; 6000]

Table 6.1: Heat pump uncertain parameters

6.4.1 Investment and maintenance

Capex
To determine the investment cost of the heat pump technology, a parallel can be
made with the air-water Alterma model. As the demand of one household does not
exceed 13kWth, the pricing analysis is based on two units delivering heat power in
this range. The pricing of the units and their respective CAPEX are presented in
the following table (source: Daiking pricing catalogue [42])

The pricing is the following:

Peak power [kWe] Total price [AC] Capex [AC/kW]
4.4 5480 1250
7 6690 956

Table 6.2: Pricing and capex for two adapted units.

The uncertainty on heat pump Capex has been uniformly distributed between
0.956 and 1.25 [AC/W]. The lower limit anticipates potential democratisation of the
technology through incentives. Concerning the upper limit, even if the CAPEX
decreases with the nominal power, it may still take into consideration potential price
rises or more expensive models developed by concurrents.

Opex

The OPEX data are taken from Cao et al.[43] on which a correction factor is applied
as more expensive technology is used (uni-speed vs variable speed HP). The correction
factor is identical as the one between the Capex average value and the one from their
work.
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µcapex from [43] Altherma µcapex Difference
842 1103 +31%

Table 6.3: Average difference of pricing between uni-speed and variable speed units

Translating this difference of CAPEX to the OPEX, the mean value of Cao et
al.[43](5.5[AC/kWth/year]) is risen up to 5.5 + 31% = 7.205. The variance of the
uniform distribution has not been re-evaluated. This leads to an uncertain parameters
on the HP OPEX distributed from 5.4 up to 9 [AC/kWth/year].

6.4.2 Technological step-up
Karellas et al.[44] studied the amelioration of heat pump performances with energy
recovery at the expansion valve. Schematically, it can be represented as the figure
below (Figure 6.7):

Figure 6.7: Representation of an HP COP-improvement by Karellas et al.[44].
The expansion work within the expander is retrieved from the compressor. Those savings
limit the work of the compressor motor and thus enhance the global performance of the
system.

Smart connection between compressor and expander allows energy recovery which
thus lowers the use of mechanical work at the compressor motor. Their results for
such method is exposed in the following figure (6.8), for a Tcond of 60◦C. As Daikin
Altherma model is working with a R-410a fluid, the curve of interest is the one
highlighted in red.

From this, the assumption of a linear potential enhancement of the COP is
dressed, in accordance with the highlighted line. The linear interpolation for a wider
range of temperature is shown in the following figure (fig 6.9).
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Figure 6.8: Amelioration of the COP for several frigorific fluids (from [44])
The highlighted parts are the information of interests. It shows the potential COP
improvement for the same fluid of the Daikin Altherma model. The curve seems to evolve
linearly and is decreasing with the ambiant temperature.

As this technology still encounters technical issues at the compressor-expander
link, the uncertainty is uniformly distributed from 0% (no amelioration at all) to
100%(marketable technology, potential confirmed) of the improvement potential
represented by the line.

The fact that it has been made for Tcond of 60 ◦C does not allow to see bigger
amelioration as work retrieved would be higher for hotter temperatures. However,
this upper limit is kept to take into account the potential of other amelioration
methods over time and see how it could impact the optimization of the energy system.

6.4.3 Lifetime of the unit
According to many sources, the expected lifespan of heat pump is from 10 up to 25
years2. It is also widely said that nowadays technology is getting more and more
robust. For that reason and considering variable speed HP unit(hazardous on-off
cycle avoided thanks to the inverter technology), the range is cut from 15 up to

2https://termo-plus.com/blog/life-expectancy-of-heat-pumps/
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Figure 6.9: Linear interpolation of COP improvement potential.
Assuming that the improvement curve of figure 6.8 is linear, a quick mapping draws the
following line, for a wider range of temperature.

25 years. A uniform distribution is established between 15 and 25 years for the
uncertainty on the lifetime of a unit.

6.4.4 Replacement costs
Informations from [45] allows to draw a uniform distribution for the replacement
costs. As this parameter is highly uncertain following the nature of the failure, the
range is quite large (3000AC - 6000AC). However, the replacement cost can not be
higher than the price of the initial investment CAPEX ∗ Pnom.

6.5 Results & discussion
In the following section, several scenarios have been investigated. The first two are
common to the previous chapter and involve opportunity of selling the electricity
back on the grid. However, using the demand profiles of one household, the optimized
results for the heat pump nominal power are quite irrelevant. For both scenarios, the
heat pump electric nominal power of optimized designs fluctuates between 3 and 4.2
[kWe]. First, this range is small for variable speed units. The smallest commercial
units prices start around 4.5 [kWe] maximal electrical power. Secondly, as the size
(and thus the price) of the unit is small, uncertainties specific to the heat pump do
not have significant impacts. A third and fourth scenario have thus been investigated
where the heat pump power has been fixed to the minimal commercial units (Daikin
4.4 [kWe] unit). The third scenario search for robust optimums of technologies for a
fixed demand. The fourth will include the load in the design variables, to look for
the ideal load and PV-battery distribution for one unit.

6.5.1 Scenario 1: PV-battery-HP not selling electricity
The robust design optimization results illustrate the trade-off between minimizing
the mean and minimizing the standard deviation of the LCOX, see Figure 5.4. The
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lowest mean (638.6 [AC/MWh]) is achieved by a total of 4.6 kWp of PV arrays, 0.4
[kWh] of battery and an HP electric nominal power of 1.9 [kWe]. Reducing the LCOX
standard deviation is then achieved by increasing the PV array capacity, followed
by the inclusion of a larger battery stack. This increase of technology installed
reduces the dependency on the electricity price uncertainty. However, as HP thermic
potential rapidly matches heat demand, the design variable on HP nominal power
does not vary that much. As mentioned previously, this range of heat pump unit
nominal power does not match any existing commercial technology. One could say
that this scenario is not feasible at the moment.

nP V [kWp] nbat [kWh] nhp [kWe] µLCOX σLCOX

mean optimal design 4.6 0.4 1.9 638.6 175.7
robust optimal design 17.5 18.8 2.8 883.2 111.7

Table 6.4: Not selling: characteristics of the mean optimal design and the robust optimal
design

6.5.2 Scenario 2: PV-battery-HP selling electricity
When the sale of electricity is possible and taken into account, the LCOX’s mean of
the optimized population is slightly reduced due to the possibility of earning money
back. Moreover, the LCOX’s variance is also reduced. The most robust cases for
both scenarios are σ = 103 if selling is possible and σ = 112 otherwise. This increase
of robustness is due to the augmented reliance on PV-panels production unit due to
the opportunity of selling electricity. It enhances the SSR of the system which thus
avoids buying electricity at uncertain cost. The Sobol indices testifying of the most
significant uncertain parameters confirms that cost ratio value deeply influences the
global robustness of the system (figure 6.11)

nP V [kWp] nbat [kWh] nhp [kWe] µLCOX σLCOX

mean optimal design 7.6 0.004 2 619.34 162.4
robust optimal design 20.7 20.4 2.67 833.6 102.7

Table 6.5: Characteristics of the mean optimal design and the robust optimal design

6.5.3 Scenario 3: Fixed HP unit, one load
For this scenario, the maximal power of the heat pump is equivalent to the minimal
commercial unit (Daikin air-water low-temperature unit, running at 4.4 [kWe] maxi-
mal power). Compared to the previous scenario, the LCOX rises due to the oversized
HP-unit. Concerning the robustness, there is a slight difference between the two
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Figure 6.10: Pareto fronts comparison between selling and not selling scenarios
As the Pareto front of the selling scenario (in blue) moves both left and down, selling
electricity seems beneficial to reduce LCOX mean value and variance of LCOX.

Figure 6.11: Significant Sobol indices for most optimal designs of selling scenario.
Cost ratio is by far the most influential uncertain parameter. From lower mean optimal
design to robust optimal one, its impact is slightly reduced. This reduction is due to the
increasing Pv-panels installation that makes the system more self-sufficient in the matter
of electricity. It thus reduces the need of grid electricity at uncertain cost.

scenarios for the most robust optimized design. Those differences are indexed in the
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following table (6.6). Their analysis is provided on a case-by-case basis below.

µLCOX range σLCOX range
Scenario 2: selling [619-834] [103-162]
Current scenario [685-925] [105-169]

Table 6.6: Comparison between selling scenario and current scenario.

Mean optimal design

nP V [kWp] nbat [kWh] nhp [kWe] µLCOX σLCOX

mean optimal design 7.1 0.01 4.4 684.84 168.8

Table 6.7: Characteristics of the mean optimal design.

First, it is important to recall that HP-unit does not produce heat if the hourly
demand is lower that Q3010m (heat energy production at 30% of maximal power,
during 10 minutes). If the HP-unit is oversized, more situations like this occur. In
comparison, for the same situation, the optimized unit of scenario 2 will run 4915
hours and provide 94% of the heat. For a 4.4[kWe] HP-configuration, the unit runs
3516 hours and feeds 91.2% of the heat demand. As this difference takes place when
the low-efficient boiler is requested, it has significant impact on the system.
In the low mean optimal design, the system relies more on the electrical grid which
is highly subject to uncertainties. The worsening of the robustness is due to a bigger
boiler use, thus more call on uncertain electrical grid energy (see Sobol indice on
cost ratio on figure 6.12).

Robust optimal design

nP V [kWp] nbat [kWh] nhp [kWe] µLCOX σLCOX

robust optimal design 23.56 23.53 4.4 925 104.4

Table 6.8: Characteristics of the robust optimal design

When comparing the selling scenarios on Table 6.8, the mean value of the most
robust design soars while its variance is unchanged. As most of the analysed results,
the uncertainty on bought grid electricity plays a major role in the evolution of the
optimized population. The oversized unit involves a greater use of the electrical
boiler, which results in a greater need of electricity. To switch from this situation
to a more robust one, the optimizer will improve the self-sufficiency with more
PV-battery installations. This will enhance the global cost of the system. Coupled to
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Figure 6.12: 4,4 HP-unit for one load, lower mean design Sobol indices: the cost ratio is the
most dominating uncertain parameter as it highly influences the price of bought electricity.
In the case of an oversized HP-unit, the range of operation is risen up as it can provide
more heat. For low demand, the electrical boiler will thus be more often requested. As this
heat production method is less efficient, the required electricity is higher and deteriorates
the robustness due to its uncertain trend.

the oversized HP investment, it explains why the LCOX mean value soars. Regarding
the robustness, the following figure (6.13) allows to determine what are the most
impacting uncertain parameters. The gain on robustness from cost ratio Sobol indice
reduction is compensated with a loss on several other uncertain parameters such as
the electrical demand adapting factor and costs of PV-battery installations.

6.5.4 Scenario 4: Fixed HP unit, variable load
This scenario has been investigated to question what could be the ideal load for an
actual commercial HP unit with current characteristics (air-water, low temperature).
As the selling scenario also had an optimized number of dwellings to fulfill in its
design variables, let’s compare the current scenario with this one (Table 6.9).

µLCOX range σLCOX range
Scenario 2: selling [619-834] [103-162]
Current scenario [619-854] [105-165]

Table 6.9: Comparison between selling scenario and current scenario.

No notable variation is observed concerning the LCOX range, both for mean
value and standard deviation values. This could be explained assuming both that the
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Figure 6.13: 4,4 HP-unit for one load, robust design Sobol indices.
The importance of the uncertain cost ratio parameter has been lowered as the design relies
significantly less on the grid electricity. The factor uq-load-e adapting the electrical demand
has a significant impact as it will fix the costly deployment of PV-battery system, also
subject to significant cost uncertainties.

optimizer reacts linearly to the number of loads to fulfill and that the installations
will follow a very similar configuration. It leads to an equivalent LCOX. The assumed
conclusion is that if one may play on the number of dwellings, the optimizer will
proportionally adapt to the heat pump nominal power and thus develop proportional
power installations.
However, some distinctions can be made between the response in front of uncertainties.

6.5.5 Optimal designs and robust sensitivity
The following Table 6.10 exposes the two optimal designs. The optimizer adapts the
design variable nload to match heat pump production and take advantage of it. It
leads to enhance the number of dwelling from 1.45 to 2.3 loads. The surrounding
electrical installations are also enhanced. The classical scheme is observed:

• The lower mean design relies on pv-panels field but do not consider expensive
battery stacks.

• The robustness in the robust design is provided by enhancing PV-fiels and
inserting battery stacks to be more self-sufficient.

However, even if the LCOX is similar due to an assumed proportional reaction
from the optimizer (LCOX'cost of installations / exergetic load to fulfill), the Sobol
indices of the optimal designs from the current scenario and the selling scenario are
not similar.
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nP V [kWp] nbat [kWh] nhp [kWe] nload µLCOX σLCOX

mean optimal design 23.64 0.04 4.4 2.28 624.6 159.5
robust optimal design 37.66 24.52 4.4 1.45 837.2 105.2

Table 6.10: Characteristics of the mean optimal design and the robust optimal design

Figure 6.14: Sobol indices comparaison between optimal design from scenario 2 (selling)
and current scenario (fixed HP, nload in DVs).
About the lower mean design comparison, similar observations can be made. Although,
as the fixed HP power scenario requires more PV-panels, the uncertainty on its cost becomes
significant.
For the robust optimal designs the impact of uncertainties on PV and battery stacks
are getting more significant as their installation rises. The uncertainty on the grown load
influences the most the stochastic output as it establishes major expensive installations,
prone to enhance robustness. On the other hand, as PV-battery couple promotes self-
sufficiency, their large deployment in the current scenario reduces even more the impact of
cost ratio and electricity price.

6.6 Summary of HP analysis
The previous analysis exposed that current HP units are not suitable for the load
under investigation (scenarios 1 and 2: nhp variable ) but are more scaled for loads
up to 50% and 120% bigger (scenario 4: nhp fixed, nload variable).
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It has been illustrated that oversized units have negative impacts both on mean
LCOX and its standard deviation(scenario 3: nhp fixed, nload = 1). In fact, the range
of use has risen due to the on-off starting security, which leads to more frequent
support from less efficient electric boilers. As it claims more electricity, grid electricity
is more frequently drawn, at a large uncertain costs. In addition to having paid for
an oversized unit, both LCOX objectives are thus worsened.
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Chapter 7

Conclusion

The objective of this master thesis is to perform the economic robust design opti-
mization of energy systems including a micro gas turbine, an internal combustion
engine and a variable speed heat pump. Those technologies have been paired to
PV-battery system on Belgian households. To this end, various uncertainties were
taken into account (i.e. gas and electricity prices, loads,...) within a PythonT M

model representing the energy system interactions.
The uncertainties are propagated within the Polynomial Chaos Expansion (PCE)
method and NSGA-II algorithm optimizes the global system. The two objectives are
minimizing both the LCOX mean value and its standard deviation. In other words,
it is lowering the global cost while limiting the impact uncertainties have on it. The
interpretation of the optimized results raises assumptions on the economical impact
of uncertainties on the system.

Connecting cogeneration units like a micro gas turbine and an internal com-
bustion engine leads to the same conclusions. When a CHP unit is added to the
reference case (PV-BAT-GasBoilers introduced in Chapter 3.1), the optimizer will
prefer to reduce the uncertainty on the gas price parameter by downsizing the number
of households (nload ≈ 15). To achieve the robust optimal design, the optimizer
shapes designs where the dependency on the grid is lowered by installing PV-battery
facilities. In this configuration, more than 90% of the heat demand is covered by
the gas boilers. To take advantage of the MGT and ICE units, the gas boilers were
replaced by electrical boilers.
In this scenario, the heat demand is mostly covered by the CHP unit and then its
pairing to the PV-battery systems becomes more advantageous. However the LCOX
standard deviation is much higher than the one of the reference case. The uncertainty
on three parameters is responsible for this increase. The gas cost and the parameters
related to electricity cost (elec_cost and elec_cost_ratio). Moreover, the LCOX
mean value is higher because the installation of a CHP unit for several households is
expensive. To take full advantage of this configuration a shared heating network and
including heat storage facilities would be interesting. In fact, this way of sharing
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heat between consumer would reduce the gas consumption, thus reduce the main
uncertainty of the system, the gas cost.
In a future work, more accuracy could be achieved by adding cogeneration policies
(green certifications,...) and market conditions in the studied region.

According to our researches, an optimized heat pump installation for one load
should be around 2 or 3 [kWe]. Unfortunately, the complex unit under analysis
(air-water, low temperature, variable speed) does not match existing implementations
for such low ranges.
Two studies with a less powerful marketable unit were done (HP unit at 4,4 [kWe]
maximal power): the first study for a one-load system, and the second where the load
can be optimized. For both, the uncertain parameters related to the heat pump do
not weigh in the balance (negligible Sobol indices). As the heat pump is electrically
powered, its use enhances the impact of the uncertain price of electricity.
The conclusion for the first study is that an oversized unit has negative impacts for
both optimal designs. The impact on the mean value is trivial as a higher price is
invested in an oversized installation. Moreover, mean value and standard deviation
also get higher as the HP range of working becomes less coherent with heat demand.
Back-up electrical boilers, which are less efficient, are more often used, thus, more
electricity is required. Therefore, as the electricity price is highly uncertain, it also
rises the standard deviation of the LCOX.
The second study (4,4 [kWe] HP to fulfill adaptable load) reveals that the ideal
load to minimize the LCOX mean value is 2.3 households. To turn it robust, 1.4
households demands should be fulfilled, with larger PV-battery support. The adaptive
load counters the lack of robustness due the oversized unit. In addition, the wider
PV-battery deployment decreases the dependency of the system on uncertain grid
electricity price.
Future RDO studies including heat pump technology could focus on flat blocks
consumption with a powerful shared unit. It may also be interesting to optimize
the heat distribution when using at high-temperature air-water heat pump, covering
several households equipped by heat storage facilities.
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Appendix

NSGA-II
Non-dominated sorting genetic algorithm is one of the best optimizer for exploring and
dealing with multiple objectives. The genetic algorithms are based on the sequential
evolution of samples population with a modified mating and survival selection. The
main idea is to explore many possibilities through mutation of population and taking
the best set of them for the next one. The following figure (figure7.1) exposes the
main loop of the algorithm, from one population to an optimized one.

Figure 7.1: NSGA-2 main loop

The different steps and states of nsga-2 loop are:

• State 1: base population Si of samples (individuals).

• Step a: selection, crossover and mutation
A larger population is created (state 2) from the first one, by exploring new
design variables (DV). The new set explored is build via mutation (simple
actuation of DV) and crossover (combining values from different samples into
one).
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• Step b: non-dominated sorting
The whole new set of samples is then evaluated and the results are non-
dominated sorted (state 3). It means that only the best samples are kept,
based on Pareto criterion. When no other feasible solution enhances the current
one, without worsening other objective functions. The principle is illustrated
in the figure 7.2, where the red sample will be rejected because for a same
objective function result, other samples enhance an other objective function.

Figure 7.2: Non-dominated sorting algorithm: the red sample is not an optimized one as
two other samples provides enhancement for both objective function. It will be rejected
from population.
Note that a Pareto front is composed by points, representing one individual design. The
curved line is just representative and could be assimilated to a theoretical trend.

• Step c: crowding distance sorting
To sort the population down to its initial size, some classification based on
"distance" between results is done. It will avoid to keep samples for which the
results are too closed and thus enhance exploration. The final and optimal
population is then build (state 4) and the process can be repeated to enhance
accuracy and exploration.
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