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Abstract

Balancing intermittent energy such as solar energy can be achieved by batteries, heat pumps

and thermal storage tanks. This enables the coupling of the electricity and heating sectors.

When the performances of such systems are evaluated, the parameters are often assumed

as �xed and deterministic. Nevertheless, parameters such as grid electricity price, loads

and investment costs are uncertain in reality. Moreover, power management strategies for

combined operation are still an active research topic. To address these limitations, Robust

Design Optimization (RDO) is performed on di�erent power management strategies where

uncertainties have been propagated. A photovoltaic - battery - heat pump - thermal stor-

age tank system is studied for a household located in Belgium. First, the model undergoes

the RDO using the NSGA-II algorithm and the Polynomial Chaos Expansion (PCE) method.

Then, a comparison is made based on the performance of the di�erent strategies. Finally,

an analysis based on the stochastic performance of the di�erent power management strate-

gies is performed. The robust design optimization �nds a trade-o� between minimizing the

Levelized Cost Of eXergy (LCOX) standard deviation and optimizing the levelized cost of

exergy mean. This MSc thesis provides the optimized designs and the advantage of di�erent

power management strategies based on the �nancial �exibility of the household owner. The

results demonstrate the possibility to reduce the impacts of the uncertainties on the system

by having an improved strategy. Being able to sell its electricity surplus to the grid (i.e. grid

selling strategy) allows obtaining a lower LCOX mean and LCOX standard deviation than

the reference case (up to 20% and 13% respectively). Operating the system di�erently during

the peak and o�-peak hours (i.e. peak shaving strategy) or by doing a day ahead forecast (i.e.

forecast strategy) also gives improved results regarding the reference case (up to 1.2% and
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4.5% respectively for the LCOX standard deviation). However, a method based on buying

electricity from the grid at low prices (i.e. grid buying strategy) shows weaker results re-

garding the LCOX standard deviation and the LCOX mean (up to 14% and 9% respectively).

Subsequently, the uncertainty quanti�cation shows that the uncertainties on the future grid

electricity price and electricity load are dominant for the system (mean e�ect of 46% and 28%

respectively on the robust designs). Finally, if the system owner prede�nes an upper limit

of 550€/MWh, selling its electricity surplus achieves a higher probability than the reference

case (i.e. 35%) of being lower than this limit. Having a di�erent operation during peak and

o�-peak hours or doing a day ahead forecast improves the results regarding the reference

case (i.e. both of 8%).

Keywords: Robust design optimization, NSGA-II, polynomial chaos expansion, power man-

agement strategies, levelized cost of exergy, Sobol’ indices
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Nomenclature

Acronym Description

AC Alternating Current

ASHP Air-Source Heat Pump

CAPEX CApital EXpenditure

CDF Cumulative Density Function

COP Coe�cient Of Performance

DC Direct Current

GA Genetic Algorithm

LCOX Levelized Cost Of eXergy

MPPT Maximum Power Point Tracking

NSGA-II Fast Non dominated Sorting Genetic Algorithm II

OPEX OPerating EXpenditure

PCE Polynomial Chaos Expansion

PV PhotoVoltaic

RDO Robust Design Optimization

SOC State Of Charge

UQ Uncertainty Quanti�cation
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Roman symbol Description

C Capacity

Ce,a Grid electricity cost

Cr,a Replacement cost

Cs,a Grid electricity pro�t

D Total variance

E Electric energy

F Carnot coe�cient

I Current

I0 Reverse saturation current

N Number of cells

n System capacities

P Power

Q Heat

S Sobol’ index

R Resistance

T Temperature

U Voltage

W Work

X Exergy
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Subscript Description

a Annualized

amb Ambient

bat Battery

ch Charge

d Stochastic dimension

dch Discharge

exc Excess

L Photogenerated

max Maximum

min Minimum

nom Nominal

oc Open-circuit

rem Remaining

s Series

sh Shunt

wtank Water tank

Greek symbol Description

η E�ciency

µ Mean

σ Standard deviation

ψ Orthogonal polynomial
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Chapter 1

Introduction

The deployment of intermittent renewable energy sources, such as solar energy, acceler-

ates worldwide. Distributed solar PhotoVoltaic (PV) capacity is expected to nearly triple its

capacity growth between 2019 and 2024 (406 GW) as opposed to 2012-2018 (142GW) [1].

Energy storage systems such as batteries and heat pumps match this intermittent energy

source with the energy demand. Battery energy storage provides a �exible and adequate

technology to improve the PV self-consumption [2]. In addition, heat pump and thermal

storage, which cover the heat demand, further improve the PV self-consumption and entail

the coupling of electricity and heating sector [3, 4].

While the advantages of each system are characterized in the literature [5, 6], power man-

agement strategies are still an active research topic. During these researches, techno-economic

parameters are assumed fully known. However, parameters such as solar irradiance, ambi-

ent temperature, grid electricity price and investment costs are uncertain in reality. Conse-

quently, these uncertainties should be considered in design and feasibility studies to shape

the stochastic space under which decisions should be taken [7]. A common method that

propagates parameter uncertainties through a system model and quanti�es the statistical

moment of the objective is the Monte Carlo Simulation. This method is robust and easy

to implement, but it requires a signi�cant number of model evaluations (104 − 105). When

the model evaluation time is in the order of the minutes, this method becomes computa-

tionally infeasible. To reduce the computational time, a surrogate model is constructed on
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this model based on a limited number of system model evaluations [8]. A commonly used

surrogate model for uncertainty quanti�cation is the Polynomial Chaos Expansion (PCE)

method [9]. PCE provides signi�cant advantages, such as the analytic quanti�cation of the

statistical moments and the Sobol’ indices out of the PCE coe�cients. When the mean and

standard deviation of a system objective can be quanti�ed, these statistical moments can be

used as optimization objectives (i.e. Robust Design Optimization (RDO)). A Pareto set of op-

timized designs can be found through a multi-objective optimization algorithm that makes

a trade-o� between minimizing the objective mean and minimizing the objective standard

deviation. The design leading to the minimum standard deviation on the objective, the ro-

bust design, is the least sensitive to the parameter uncertainties. The robust design of the

system can be further improved depending on the power management strategies used [10].

Depending on how the system handles the electricity surplus produced by the PV array, the

system is subjected to di�erent uncertainties.

This master thesis aims to determine and evaluate di�erent power management strategies

for energy systems under uncertainty. The main objective is to assess the impact of the un-

certainties on the various power management strategies and to draw conclusions on which

strategies to use to minimize the uncertainties.

The second chapter of this thesis relates to the system model, climate and demand data and

the RDO. The descriptions of the di�erent power management strategies are presented in

Chapter 3. The optimized designs and results of the uncertainty propagation are shown in

Chapter 4 and completed by the main conclusions of this work in Chapter 5. Finally, in

Chapter 6, future possibilities of work are suggested.
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Chapter 2

Method

The purpose of this chapter is to describe the system and optimization process. It will �rst

explain the di�erent models used for the system components. Subsequently, the hourly cli-

mate and demand data will be clari�ed. Finally, the robust design optimization framework

will be explained. This includes the optimization algorithm and the uncertainty quanti�ca-

tion method.

2.1 System model

The studied model is a household located in Belgium connected to the power grid and sup-

ported by a PhotoVoltaic (PV) array to cover the electricity demand. An Air-Source Heat

Pump (ASHP) connected to a thermal storage tank with an electric heater is used to meet

the heat demand (Figure 2.1). The grid is considered permanently available and able to cover

the required power at any time of the year. A typical power management strategy is im-

plemented between the di�erent system components [10]. When there is a PV electricity

excess, the electricity is �rst stored in the battery stack and then used to power the heat

pump. On the opposite, when the PV array does not meet the electricity demand, the bat-

tery stack is �rst discharged and then the power grid is used if needed. If the thermal stored

energy is insu�cient to cover the heat demand, the ASHP complies with the remaining

heat load. Suppose the PV excess can not run the ASHP, electricity from the grid supplies
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the ASHP. An electric heater supplied by the grid cover the remaining heat load at a �xed

99% e�ciency [11] when the ASHP and thermal storage tank do not comply with the heat

demand. The modeling has been done in PythonTM. The script has been provided by the

assistant and adapted according to the di�erent power management strategies.

PV

Battery

Energy flows:
Electricity
Heat

DC-DC 
converter

DC-AC 
converter

Boiler

Electrical
and heat
demand

Heat pump

Grid

Electrical
heater

Figure 2.1: Schematic of the model located in Belgium, including the household

connected to the grid and supported by a PhotoVoltaic (PV) array. The PV elec-

tricity excess charges the battery and powers the heat pump used to meet the elec-

tricity and heat demand. The grid is used when additional electricity is needed to

cover the electricity demand or supply the heat pump and electric heater.

2.1.1 PhotoVoltaic array (PV)

The experimentally validated model of the PVLib Python library has been used [12] to cal-

culate the amount of power produced by the PV array. It uses the following single-diode

equation:

IPV = IL − I0(exp(
U + IRs

ndiodeNsUth
)− 1)− U + IRs

Rsh
(2.1)

Thanks to the PVlib Python library, it is possible to calculate the �ve parameter values in
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Equation 2.1 at e�ective irradiance and cell temperature using the De Soto et al. model

described in [13]. The resulting current-voltage characteristic provides the power output.

The PV array is connected to a DC-DC converter with Maximum Power Point Tracking

(MPPT), where the maximum power point is assumed as the produced electric power by

the PV array at each hour.

2.1.2 Battery stack

The lead-acid battery technology simulates electricity storage. The choice has been made

of using a lead-acid battery instead of a lithium-ion battery because the current information

and experiences available on the lithium-ion battery are quite limited [14]. Moreover, the

uncertainty on the cost is still large [15]. This is an important aspect. Accurate information

on the uncertainties is needed to perform the best RDO possible. The experimentally vali-

dated model of Blai� et al. is used [16] to characterize the battery stack. The voltage-current

relation for the lead-acid battery is de�ned as:

Ubat = Ubat,oc + IbatRbat (2.2)

Where in Equation 2.2, Ubat,oc is de�ned as the open circuit voltage, Ibat as the current which

is provided or extracted during the charge and discharge and �nally Rbat, the resistance

component which determines the voltage evolution after charging and discharging the bat-

tery.

Another important parameter is the State of Charge (SOC). The SOC represents the fraction

of the total capacity stored in the battery:

SOC(t) = SOC0 +
1

C(t)

∫ t

0

ηbat(t)I(t)dt (2.3)

A minimum SOC of 20% is assumed [17, 18]. The battery lifetime is signi�cantly a�ected

by the SOC and is calculated through the Rain�ow cycles counting method [19]. To avoid

overcharging and overdischarging, which may cause excessive reduction of lifetime, the
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maximum charge and discharge current are limited to Cnom/10 and Cnom/3.3, respectively

[20]. A daily discharging rate and a �xed energy e�ciency of 80% have been assumed [21,

22].

2.1.3 Air-Source Heat Pump (ASHP)

The heat pump is an air-to-water, on/o�-controlled heat pump, which uses ambient air as a

heat source. It was �rst modeled as a refrigeration cycle using the CoolProp Python library

[23]. For the sake of speed, the Coe�cient Of Performance (COP) was approximated. Instead

of calculating the enthalpy of the working �uid at each state of the refrigeration cycle, a

second-order approximation has been made between the COP and the ambient temperature.

This approach has been conducted by G. Angenendt et al. [24]. The framework was running

10 seconds faster, which is a considerable time saver during the RDO.

2.1.4 Thermal storage tank

The thermal storage tank is a strati�ed system for which the lower and upper temperature

determine the thermal storage capacity. Considering the domestic hot water temperature

of 40°C, the lower temperature is set at 45°C. The upper temperature is limited to 55°C.

2.1.5 Power converters

The PV array and the battery stack are connected to a DC-DC busbar through DC-DC con-

verters. The DC busbar is connected through a DC-AC converter to provide electricity to

the load or power grid. The conversion e�ciency of the DC-DC converter is �xed at 95%

[25, 26]. For the DC-AC inverter, the e�ciency is set at 90% [27].

2.2 Climate and demand data

This model is based on hourly climate, electricity and heat demand characteristics. In this

work, a household in Belgium is evaluated. To do so, the Typical Meteorological Year data
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and demand data from the National Renewable Energy Laboratory have been used [28, 29].

These data only exist for locations in the United States of America. With the method pre-

sented by Montero Carrero et al., it is possible to adapt climate and demand pro�les for

Belgium with typical scaling factors [30]. The climate and demand data used in this work

are illustrated in Figure 2.2.

2.3 Robust Design Optimization (RDO)

2.3.1 Quantity of interest and design variables

The quantity of interest is the Levelized Cost Of eXergy (LCOX). This quantity can take into

account the usefulness of available heat and electricity energy [31]. The LCOX re�ects the

system cost per unit of exergy covered [17]:

LCOX =
CAPEXa + OPEXa + Cr,a + Ce,a − Cs,a

Xdemand
(2.4)

To determine the annual system cost, the annualized investment cost (CAPEXa), operational

cost (OPEXa), replacement cost (Cr,a), grid electricity cost (Ce,a) and grid selling electricity

pro�t (-Cs,a) are added together.

The quantity of each parameter can be found in Zakeri et al. [17]. The annual exergy

demand (Xdemand) can be calculated as the sum of the annual exergy required for electricity

and heating demand [32]:

8760∑
i=1

∑
type

Xtype, type ∈ {elec, heat} (2.5)

The electricity has the highest energy quality, the exergy is equal to the electricity load,

Xelec=Pelec. To recover the exergy of the heat demand, the Carnot coe�cient (F) is used to

scale the demand [32]:

Xheat = FheatPheat, (2.6)
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Figure 2.2: Typical climate (solar irradiance and ambient temperature) and loads

data for a household in Belgium. The climate and load data are inversely pro-

portional, which results in a PV power excess during the summer and a lack of

electricity during the winter.

Fheat = 1− Tamb

Treq
(2.7)

Where Pheat corresponds to the heat load, Tamb represents the ambient temperature and Treq

stands for the required temperature for the heat demand.
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In this work, the capacity of the PV array (nPV), battery stack (nbat), heat pump (nASHP)

and thermal storage tank (nwtank) are the design variables. By considering the capacities as

independent design variables, the optimization algorithm is able to exclude any technology

from the model.

2.3.2 Optimization algorithm

In this work, an optimization algorithm needs to be selected which can handle multiple

objectives. There are two main types of mathematical methods that can handle this prob-

lem, derivative-based and derivative-free (or heuristic) algorithms. The �rst type �nds the

optimum of di�erentiable functions such as linear programming and Lagrangian function

relaxation [33]. Derivative-free methods use a set of population samples that evolves after

each iteration towards the optimal solution. Because of this iteration process, these meth-

ods are often called evolutionary optimization algorithms. An example of this method is the

Genetic Algorithm (GA). This algorithm is based on biological evolution in order to solve

the problem. The algorithm �rst creates a random population of samples. Each sample is

evaluated within the objective functions. Only the samples having the best �tness survive.

They are the parents. The new population of samples is produced from the previous sam-

ples by either making random changes to a single sample (mutation) or by combining the

vector entries of a pair of samples (crossover) [34].

There is often a trade-o� between each objective. Each objective has an optimal solution

that can not be improved without degrading another objective. This solution is called a

Pareto optimal. All the Pareto optimals combined create a Pareto front.

The implemented algorithm for the optimization of the model is based on GA called NSGA-II

(Fast Non dominated Sorting Genetic Algorithm II). It has the advantage that it is an e�-

cient and well-used algorithm for the formation of non-dominated Pareto fronts [35]. The

algorithm �rst creates a set of design samples based on Latin Hypercube Sampling [36].

Subsequently, the second population is made by crossover and mutation, as explained pre-
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viously. The script is based on the existing Python library, UQPy, used for optimization

and Uncertainty Quanti�cation (UQ) [37]. A computational budget of 180,000 iterations has

been given to the optimizer for each strategy to reach the optimal Pareto front [38]. The

optimization algorithm is characterized with a mutation and crossover probability of 0.1

and 0.9, respectively.

2.3.3 Uncertainty characterization

The same reasoning is applicable for electricity and heat demand, where various predictions

represent the unknown future evolution [39, 40]. The CAPEX of the di�erent components

can be considered uncertain due to the signi�cant time frame between the design stage

and investment stages and the evolving market conditions. The uncertainties have been

characterized by a uniform distribution based on literature. A uniform distribution is the

best guess of the actual unknown distribution of these uncertainties by giving them an equal

probability. The uncertainties used in this work are illustrated in Table 2.1. In order to see

the impact of these uncertainties on the outcome, an UQ method is used.

2.3.4 Uncertainty Quanti�cation (UQ)

A mathematical way to describe the problem for a modelM is [9]:

Y =M(x) (2.8)

Where Y is the quantity of interest and x is the vector of independent random parameters,

x = x1, x2, ..., xd, where d is the dimension of the stochastic space. The chosen UQ method

to represent the response of the model is the Polynomial Chaos Expansion (PCE). The PCE

representation of the model consists of a series of multivariate orthonormal polynomials ψi

in the basis functions with corresponding coe�cients ui and is expressed as follows:
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Parameter Max Min Unit Ref.

Electricity demand 0.8 1.2 none [40, 41]

Heat demand 0.8 1.2 none [39, 41]

Electricity cost 57 90 AC/MWh [42, 43]

CAPEX PV 350 600 AC/kWp [44]

CAPEX battery 102 354 AC/kWh [18]

CAPEX ASHP 600 1100 AC/kWth [45]

CAPEX thermal storage tank 2.8 5.4 AC/l [46, 47]

Discount rate 5 7 % [48, 49, 50]

Table 2.1: Parameters a�ected by uncertainty. They are characterized by their

unknown future evolution. These parameters will be propagated in the robust

design optimization.

M̂(x) =
P∑
i=0

uiψi(x) (2.9)

When the PCE is in�nite, it forms an exact representation of the model. However, calculat-

ing the coe�cients of an in�nite series is impossible. A truncated scheme is implemented

which include all polynomials op to a certain degree p [51]. As a result, the total number of

terms retained in the PCE is equal to:

P + 1 =
(d+ p)!

d!p!
(2.10)

To compute the polynomial coe�cients ui, the preferred approach is the regression method

[52]. It is generally recommended to use over-sampling to improve the accuracy of the

polynomial coe�cients. The regression coe�cients ui are then calculated using a least-

squares method where the sum of the squares of the error is minimized [53]. It has been
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found in the literature that an oversampling ratio of 2 gives a better approximation of the

polynomial coe�cients [54]. This translates into a number of 2(P + 1) training samples

that are needed. From this regression, it will be possible to �nd the coe�cients. When

all coe�cients are quanti�ed, the mean µ and standard deviation σ of the objective follow

analytically:

µ = u0 (2.11)

σ2 =
P∑
i=1

u2i (2.12)

2.3.5 Sobol’ indices retrieved from the Polynomial Chaos Expan-

sion (PCE)

Knowing the contribution of each stochastic parameter on the variation of the output can be

a good indicator of the impact of each stochastic parameter on the outcome. Sobol’ indices

have proven to be the most e�cient sensitivity measure for general computational models

[9]. They can be directly obtained by the PCE method by post-processing of the coe�cients.

The Sobol’ indices are de�ned as the ratio of the partial variances Du to the total variance

D, where u is a subset of variables of the d uncertain parameters (u ∈ [1, 2, ..., d]) [9]. The

�rst order Sobol’ index, SPCE
i , corresponds to a single input variable (i.e. u = {i}). It is

equal to the ratio of the partial variance of the corresponding input parameter i to the total

variance D:

SPCE
i =

Di

D
=

Var(Mi[xi])

Var[y] (2.13)

The second order Sobol’ index (i.e. u = {i, j}) is equal to:

SPCE
ij =

Dij

D
=

Var[Mij(xi, xj)]

Var[y] (2.14)

First-order indices, SPCE
i , describe the in�uence of each variable considered separately as

the main e�ect. Second-order indices, SPCE
ij , describe the e�ects of the interaction between
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the variables xi and xj . The total Sobol’ index, ST,PCE
i , quanti�es the total impact of a

given parameter, xi, including all interactions. It may be computed by the sum of the Sobol’

indices of any order that contain xi [55]:

ST,PCE
i =

∑
i∈u

SPCE
u (2.15)
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Chapter 3

Description of the strategies

This chapter describes the di�erent power management strategies, which will be subjected

to the robust design optimization. Each strategy includes the models, loads and climate data

introduced in the previous chapter. This section will present one reference strategy and six

di�erent power management strategies. Out of the six strategies, the two �rst strategies

take advantage of the variable wholesale price. The two middle ones focus on the use of the

heat pump and the two �nal strategies have an overall di�erent operation of the system.

3.1 Reference strategy

When the power generated by the PV array (PPV) is higher than the electricity demand

(Pelec,load), the battery is �rst charged if the state of charge (SOC) is below the maximal state of

charge (SOCmax). The battery is charged with the power excess produced (Pexc) and charged

with a current (Ich) below one-tenth of the nominal capacity (Cnom) of the battery. This is

done to avoid overcharging, which may cause excessive reduction of lifetime [20]. Then, the

power surplus is decreased by the amount of power charged to the battery (Pbat). Afterwards,

the thermal storage tank is discharged to recover the heat load. If the temperature of the

water tank (Twtank) falls below the minimum temperature (Tmin,wtank), the ASHP operates

with the power excess. If not, the new temperature of the tank is calculated. The ASHP is

always running at its maximum power (Wmax). If the power surplus is below Wmax, then the
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grid is used to buy electricity to reach the maximal power of the heat pump. Subsequently,

the ASHP will produce an amount of thermal energy (Q), which is transferred to the thermal

storage tank. If the tank’s temperature is still below the minimum temperature, an electric

heater powered directly by the grid is used. If not, the new temperature is calculated.

When the electricity demand is higher than the power generated by the PV, a remaining

load (Prem) has to be covered. If the SOC of the battery is greater than the minimum state

of charge (SOCmin), the battery is discharged with a current (Idch) below one-third of the

nominal capacity of the battery. This is done to avoid overdischarging, which may cause

excessive reduction of lifetime [20]. Suppose the power retrieved by the battery (Pbat) is

not equal to the remaining load, the grid is used to buy the di�erence. For the heat load,

the same steps are followed as explained earlier, except that the ASHP is directly run with

energy from the grid because there is no power excess.

The decision tree of this strategy is illustrated in Figure 3.1.

16



Yes

Yes

Yes

Yes

Yes

No

No

No

No

No

Yes

No

Yes

No

Yes

No

Figure 3.1: Decision tree for the reference strategy. When there is PV electricity

excess, the electricity is �rst stored in the battery stack and then used to power the

heat pump. When the PV array does not meet the electricity demand, the battery

stack is �rst discharged and then power from the grid is used if needed.17



3.2 Grid buying strategy

This �rst strategy focuses on buying energy from the grid when the wholesale price is low

to recover the remaining load. This strategy aims to understand if it is more e�cient in a

techno-economic way to buy electricity from the grid instead of discharging the battery. To

do so, a new design variable, low_price, is implemented in the framework. The strategy

operates as follows: when the power generated by the PV array is higher than the demand,

the system follows the steps explained in the reference case (see Section 3.1). When the

electricity load is higher than the power generated by the PV array, if the hourly price

of electricity (electricity_price) is cheaper than low_price, the grid is used to recover the

electricity demand. The battery is not discharged. If not, the regular operation is followed

as described in Section 3.1.

The decision tree of this strategy is illustrated in Figure 3.2.
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Figure 3.2: Decision tree for the grid buying strategy, a new design variable is in-

cluded, low_price. When the electricity price is lower than this threshold variable,

the grid is directly used to recover the load instead of discharging the battery.
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3.3 Grid selling strategy

This second strategy focuses on selling energy from the grid when the wholesale price is

high. This strategy aims to understand if it is more e�cient in a techno-economic way to

sell electricity to the grid. To do so, a new design variable, high_price, is implemented in

the framework. The strategy operates as follows: when the power generated by the PV

array is higher than the electricity demand, if the hourly price of electricity is greater than

high_price, the energy excess is directly sold to the grid instead of charging the battery. If

not, the regular operation is followed as described in Section 3.1 and the system can sell its

energy surplus.

The decision tree of this strategy is illustrated in Figure 3.3.
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Figure 3.3: Decision tree for the grid selling strategy, a new design variable is in-

cluded, high_price. When the electricity price is higher than this threshold vari-

able, the electricity excess is directly sold to the grid.
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3.4 Temperature dependent heat pump strategy

This third strategy focuses on using the heat pump in the �rst place when there is PV power

excess during cold temperatures. Looking at the climate and load data presented in the

previous chapter, a negative correlation of -0.79 can be found between heat demand and

ambient temperature. This strategy aims to understand if it is more e�cient in a techno-

economic way to �rst use the heat pump and then the battery with the power excess during

cold temperatures. To do so, a new design variable, critical_temp, is implemented in the

framework. The strategy operates as follows: when the power generated by the PV array is

higher than the demand, if the ambient temperature (temp_amb) is lower than the threshold

temperature critical_temp, the heat pump �rst uses the power surplus and then the battery

stack if any power is left over. Otherwise, the reference operation is followed as explained

in Section 3.1.

The decision tree of this strategy is illustrated in Figure 3.4.

22



Yes

Yes

Yes

Yes

Yes

No

No

No

No

Yes

No

Yes

No

Yes

No

No

Yes

Yes

Yes

No

No

No

Yes

No

Yes

Figure 3.4: Decision tree for the temperature dependent heat pump strategy, a new

design variable is included, critical_temp. When the ambient temperature is lower

than this threshold variable, the heat pump �rst uses the electricity surplus.
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3.5 Partially charging strategy

This fourth strategy focuses on charging the battery partially with the PV power excess and

using the ASHP with the remaining power. This strategy aims to understand if it is more ef-

�cient in a techno-economic way to charge the battery with a �xed percentage of the power

excess and then use the ASHP with the remaining power. To do so, a new design variable,

percentage_bat, is implemented in the framework. The strategy operates as follows: when

there is power excess, the battery is charged with percentage_bat× Pnet and the remaining

power, (100− percentage_bat)× Pnet, is used by the ASHP. When there is a lack of power,

the strategy follows the reference strategy explained in Section 3.1.

The decision tree of this strategy is illustrated in Figure 3.5.
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Figure 3.5: Decision tree for the partially charging strategy, a new design variable

is included, percentage_bat. The battery and heat pump both partially use the

electricity excess.
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3.6 Peak shaving strategy

This �fth strategy is based on the peak shaving operation. It uses the PV electricity source

and battery storage to optimally charge, discharge, buy and sell electricity. To do so, two

new design variables, low_power and high_power, are implemented in the framework. At

each hour the net power, Pnet = (PPV − Pelec,load), is compared with the low and high power

limit.

When Pnet is positive and higher than high_power, meaning that there is an electricity

surplus and it is a peak hour, the electricity surplus is sold to the grid.

When Pnet is negative and lower than low_power, meaning that there is a lack of energy

and it is an o�-peak hour, the missing electricity is bought to the grid.

When the system is not operating during peak or o�-peak hours, the reference strategy is

followed as explained in Section 3.1. The battery is either charged or discharged depending

on the produced PV electricity and load.

The decision tree of this strategy is illustrated in Figure 3.6.
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Figure 3.6: Decision tree for the peak shaving strategy, two new design variables

are included, low_power and high_power. When the electricity excess is higher

than the high power limit, it is sold to the grid. Inversely, when the remaining

power is lower than the low power limit, it is bought to the grid.
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3.7 Forecast strategy

This sixth strategy focuses on a day-ahead forecast to optimally charge the battery to meet

future demand. This strategy aims to understand if it is more e�cient in a techno-economic

way to charge the battery with 24 hours forecast. To do so, a 24-hour true forecast loop

is created to evaluate the excess or lack of power generated by the PV array to meet the

demand. The minimum wholesale price (min_elec_pro�le) in this 24-hour forecast loop is

also obtained. The strategy operates as follows: it matches the reference strategy described

in Section 3.1, but when the wholesale price of electricity is equal to the minimum of the

next 24 hours, the battery is charged with the lack of energy calculated in the day ahead

loop.

The decision tree of this strategy is illustrated in Figure 3.7.
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Figure 3.7: Decision tree for the forecast strategy, a new day ahead loop is made.

It optimally charges the battery for the future lack of energy at low costs.
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Chapter 4

Results and Discussion

This chapter presents the results of the robust design optimization. The interest is to �nd

the designs with the optimized combination of the LCOX mean and the LCOX standard

deviation. The RDO script uses the NSGA-II algorithm and the PCE method to optimize the

PV - battery - heat pump - thermal storage tank model. The optimization is done according

to the objectives of minimizing both the LCOX standard deviation and the LCOX mean. For

each strategy, the Pareto set of the optimized designs is presented with a global sensitivity

analysis on the uncertainties. Only the uncertainties having a Sobol’ index higher than

0.05 will be shown. Subsequently, a general analysis between each strategy is performed.

Finally, the stochastic performance of the chosen optimized designs is compared based on

the Cumulative Distribution Function (CDF).

4.1 Robust Design Optimization and global sensitivity

analysis on the di�erent power management strate-

gies

First, the results of the reference scenario will be shown. Afterwards, the results of the

two strategies based on taking advantage of the variable wholesale price will be presented.

Subsequently, the results of the two strategies linked to the heat pump use will be illustrated
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and �nished by the results of the two strategies based on an overall di�erent operation of

the system.

4.1.1 Optimization of the reference strategy

Pareto front. After performing the RDO on the reference strategy, the result illustrates a

trade-o� between minimizing the LCOX mean and minimizing the LCOX standard deviation

(Figure 4.1). The reduction in the standard deviation is more signi�cant than the increase

of the mean (13% against 5%).

Reference 
strategy

Figure 4.1: The Pareto front illustrates that a trade-o� exists between minimiz-

ing the LCOX standard deviation and the LCOX mean. The gain in robustness is

greater when shifting between the optimized mean and robust design mean.
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Sobol’ indices. Looking at the impact of the uncertainties on the LCOX standard devia-

tion, Figure 4.2 illustrates the e�ects that each uncertainty can have on the designs. One can

observe that the variation of the LCOX standard deviation is mainly due to the uncertainty

on the electricity price and on the electricity load. Reducing the uncertainties around these

parameters further helps to increase the system’s robustness.

Reference
strategy

Electricity cost

Heat load

Electricity load

CAPEX ASHP

Total
Sobol’
index

Figure 4.2: The Sobol’ indices indicate that the uncertainty on the future electricity

price is the dominant uncertainty for the LCOX. For the robust design, the uncer-

tainty on the electricity price and on the electricity load play an important e�ect

on the system’s robustness. Reducing the uncertainties around these parameters

further helps to improve the system’s robustness.

System design variables capacities. To further clarify the results of the Pareto front and

the Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.3). The
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LCOX mean increases with the battery and ASHP capacity. The gain in battery capacity

decreases the e�ect of the uncertainty on the electricity price. The dependency on grid

electricity is smaller thanks to more extensive energy storage. However, this increases the

impact of the electricity demand uncertainty. Having more signi�cant electricity storage

means that the economic e�ectiveness depends on the match with the electricity demand.

The gain in ASHP power decreases the e�ect of the uncertainty on the heat load but in-

creases the uncertainty on the investment cost of the ASHP. Having a greater ASHP power

allows producing a greater heat load to recover the heat demand.

Reference
strategy

Figure 4.3: Reducing the LCOX standard deviation cost-e�ciently is suggested by

increasing the capacity of the battery stack and heat pump. This reduces the un-

certainty linked to the electricity price and heat demand. However, it increases the

uncertainty on the investment cost of the heat pump and on the electricity demand.
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4.1.2 Optimization of the grid buying strategy

This strategy is the �rst one trying to take advantage of the variable wholesale price.

Pareto front. When performing the RDO on the grid buying strategy, the optimized LCOX

standard deviation and the LCOX mean on the Pareto front are higher (up to 14% and 9%

respectively, see Figure 4.4) than the reference case. This can be explained by the way the

system operates under this strategy. As the system is buying energy from the grid to recover

its load, it increases the costs related to the grid. This negatively impacts the LCOX.

Reference
strategy

Grid buying
strategy

Figure 4.4: The Pareto front illustrates that a trade-o� exists between minimizing

the LCOX standard deviation and the LCOX mean. The Pareto front shows weaker

results than the reference case. This is mainly because the system buys energy from

the grid to recover its load, resulting in a higher LCOX.
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Sobol’ indices. The Sobol’ indices represented in Figure 4.5 clearly illustrate that the varia-

tion of the LCOX standard deviation is mainly due to the uncertainty on the electricity price,

electricity load and heat load. The value of the Sobol’ index of the electricity cost is smaller

than the reference case. However, the Sobol’ index of the heat load is greater than the ref-

erence strategy. Reducing the uncertainties around these three parameters further helps to

improve the system’s robustness. One can observe that the uncertainty on the CAPEX of

the ASHP is not present in the �gure.

Grid buying
strategy

Reference
strategy

Electricity cost

Heat load

Electricity load

CAPEX ASHP

Total
Sobol’
index

Total
Sobol’
index

Figure 4.5: The Sobol’ indices indicate that the uncertainty on the electricity price,

electricity load and heat load are dominant for the LCOX. Reducing the uncertain-

ties around these parameters further helps to improve the system’s robustness.

System design variables capacities. To further clarify the results of the Pareto front and

the Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.6). As
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the LCOX mean increases, almost all design variables capacities stay constant. Moreover,

they are all smaller than the reference case. This explains the previous results and is due to

the working of the system, where it is buying energy to recover its needs. The system needs

more minor capacities because it is mainly relying on the grid. The heat pump capacity

being smaller (up to 4kWth), the uncertainty on the CAPEX of the ASHP has little e�ect on

the LCOX standard deviation. Subsequently, the lower PV and ASHP capacity increase the

electricity demand and heat demand uncertainty, respectively. Having smaller electricity

and heat sources are less able to produce enough energy to meet higher loads.
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Reference strategy
Grid buying strategy

Figure 4.6: Reducing the LCOX standard deviation cost-e�ciently is suggested by

increasing the capacity of the thermal storage tank and the wholesale buying price.

The system capacities of the photovoltaic array, battery stack, heat pump and ther-

mal storage tank are smaller than the reference case, resulting in higher grid costs

and a higher Sobol’ index for the heat load. This explains the weaker results for

the Pareto front.
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4.1.3 Optimization of the grid selling strategy

This second strategy also takes advantage of the variable wholesale price by selling the

electricity surplus to the grid.

Pareto front. When performing the RDO on the grid selling strategy, the optimized LCOX

standard deviation and the LCOX mean on the Pareto front are lower (up to 20% and 13%

respectively, see Figure 4.7) than the reference case. This can be explained by the way the

system operates under this strategy. As the system can sell its energy surplus to the grid, it

reduces its LCOX.

Reference
strategy

Grid selling
strategy

Figure 4.7: The Pareto front illustrates that a trade-o� exists between minimizing

the LCOX standard deviation and the LCOX mean. The Pareto front shows im-

proved results than the reference strategy. This is mainly because the system sells

its energy surplus resulting in a lower LCOX.
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Sobol’ indices. The Sobol’ indices represented in Figure 4.8 clearly illustrate that the vari-

ation of the LCOX standard deviation is mainly due to the uncertainty on the electricity price

and on the electricity load. Reducing the uncertainties around these two parameters further

helps to improve the system’s robustness. The value of the electricity cost Sobol’ index is

also lower than the reference strategy. This is possible because the system sells its electricity

surplus to the grid, which counteracts the electricity price uncertainty when buying energy

from the grid. This explains why the system under this strategy is more robust. Moreover,

the CAPEX of the PV is included in the �gure, meaning that this uncertainty can not be

neglected.

System design variables capacities. To further clarify the results of the Pareto front and

Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.9). As ob-

served, the system has a double PV capacity than the reference scenario. This explains why

the uncertainty on the CAPEX of the PV is included in the Sobol’ indices. It is to be noted

that the PV power design variable was constraint to a maximum value of 10 kWp. The opti-

mizer created designs with the maximum allowed PV power. It was achieving a signi�cant

surplus of energy in order to sell it directly to the grid. Moreover, the heat pump capac-

ity is increasing with the LCOX mean. This reduces the uncertainty on the heat load but

increases the uncertainty on the CAPEX of the ASHP. Having greater ASHP power allows

meeting the heat demand more easily but enlarges the investment cost. Subsequently, the

robust design has a greater battery capacity than the optimized mean design. This increases

the uncertainty on the electricity load. Having greater electricity storage means that the

economic e�ectiveness depends on the match with the electricity demand. However, the

battery capacity of the system remains small. This shows that the system is taking advan-

tage of selling its energy excess to the grid instead of storing it. In the end, this decreases

the LCOX.
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Figure 4.8: The Sobol’ indices indicate that the uncertainty on the electricity price

and on the electricity load are dominant for the LCOX. Reducing the uncertainties

around these parameters further helps to improve the system’s robustness. The

CAPEX of the PV is also included and can not be neglected like for the reference

case.
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Reference strategy

Grid selling strategy

Figure 4.9: Reducing the LCOX standard deviation cost-e�ciently is suggested by

increasing the heat pump capacity. This reduces the uncertainty on the heat load

but increases the uncertainty on the CAPEX of the ASHP. Moreover, the system

has a double PV power than the reference case and almost no battery capacity. The

system is taking advantage of selling its energy surplus to the grid to reduce its

LCOX. This also explains why the Sobol’ index of the CAPEX of the PV is included

in the analysis.
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4.1.4 Optimization of the temperature dependent heat pump strat-

egy

This strategy is one of the two strategies that tries to understand how to optimally use the

heat pump and battery stack with the energy excess.

Pareto front. When performing the RDO on the temperature dependent heat pump strat-

egy, the optimized LCOX standard deviation and the LCOX mean on the Pareto front are

similar to the reference case (Figure 4.10). However, the range of the Pareto front is smaller.

A closer look at the design capacities is needed to understand this result.

Reference
strategy

Temperature dependent
heat pump strategy

Figure 4.10: The Pareto front illustrates that a trade-o� exists between minimizing

the LCOX standard deviation and the LCOX mean. The Pareto front shows similar

results to the reference case but with a smaller range of values. A closer look at

the design capacities is needed in order to understand this result.
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Sobol’ indices. The Sobol’ indices represented in Figure 4.11 clearly illustrate that the

variation of the LCOX standard deviation is mainly due to the uncertainty on the electricity

price and on the electricity load. Reducing the uncertainties around these parameters further

helps to increase the system’s robustness. Moreover, the uncertainties on the heat load and

CAPEX of the ASHP are staying constant with the LCOX mean.

Temperature dependent
heat pump strategy

Reference
strategy

Electricity cost

Heat load

Electricity load

CAPEX ASHP

Total
Sobol’
index

Total
Sobol’
index

Figure 4.11: The Sobol’ indices indicate that the uncertainty on the electricity price

and on the electricity load are dominant for the LCOX. Reducing the uncertainties

around these parameters further helps to improve the system’s robustness. The

uncertainty on the heat load and CAPEX of the ASHP stay constant with the LCOX

mean.

System design variables capacities. To further clarify the results of the Pareto front

and Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.12).
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As observed, the critical_temperature variable being equal to -3.9 degrees Celsius, with

the available deterministic climate data, the system only follows this strategy less than 1%

of the time. This explains why the Pareto front of this strategy is close to the reference case.

Moreover, the heat pump and thermal storage tank capacities are staying constant, and so

the uncertainty on the heat load and CAPEX of the ASHP. The battery capacity is increasing

with the LCOX mean and the PV capacity is staying stable across each design except for

the robust design. The gain in battery capacity decreases the impact of the uncertainty on

the electricity price. The dependency on grid electricity is smaller thanks to larger energy

storage. However, this increases the impact of the electricity demand uncertainty. Having

greater electricity storage means that the economic e�ectiveness depends on the match

with the electricity demand. Subsequently, the thermal storage tank is varying a lot. Its

cost over the system’s lifetime is low compared to the other components. The thermal

storage tank is the least-impacting variable on the LCOX. The optimizer does not spend the

most e�ort on tuning this variable and the variation between two points does not impact

much the LCOX. Finally, most of component capacities being constant (i.e. only the battery

capacity is increasing with the LCOX mean) explains well why the Pareto front has a lower

range of values. The small range is only due to the increase in value of the battery capacity.

Increasing the battery capacity lowers the LCOX standard deviation and increases the LCOX

mean, but its e�ect is limited on the Pareto front.
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Reference strategy

Temperature dependent
heat pump strategy

Figure 4.12: The critical_temperature being equal to -3.9 degrees Celsius, the

system follows this strategy less than 1% of the time. Moreover, the heat pump

and thermal storage tank capacities are constant, so the uncertainties on the heat

load and on the CAPEX of the ASHP remain stable with the LCOX mean. The

gain of the battery capacity with the LCOX mean decreases the electricity load

uncertainty and increases the electricity cost uncertainty.
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4.1.5 Optimization of the partially charging strategy

This �fth strategy is the last one that tries to understand how to optimally use the heat

pump and battery stack with the energy surplus.

Pareto front. When performing the RDO on the partially charging strategy, the opti-

mized LCOX standard deviation and the LCOX mean on the Pareto front are similar to the

reference case (Figure 4.13). However, the range of the Pareto front is smaller. A closer look

at the design capacities is needed to understand this result.

Reference
strategy

Partially charging
strategy

Figure 4.13: The Pareto front illustrates that a trade-o� exists between minimizing

the LCOX standard deviation and the LCOX mean. The Pareto front shows similar

results to the reference case but with a smaller range of values. A closer look at

the design capacities is needed to understand this result.
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Sobol’ indices. The Sobol’ indices represented in Figure 4.14 clearly illustrate that the

variation of the LCOX standard deviation is mainly due to the uncertainty on the electricity

price. Reducing this uncertainty further helps to improve the system’s robustness. More-

over, this strategy achieves a similar result for the Sobol’ index of the electricity cost and

smaller results for the Sobol’ index of the electricity load and CAPEX of the ASHP. On the

contrary, the uncertainty on the heat load is more signi�cant than in the reference case.

Partially charging
strategy

Reference
strategy

Electricity cost

Heat load

Electricity load

CAPEX ASHP

Total
Sobol’
index

Total
Sobol’
index

Figure 4.14: The Sobol’ indices indicate that the uncertainty on the electricity price

is dominant for the LCOX. Reducing the uncertainty around this parameter further

helps to improve the system’s robustness. The uncertainty on the electricity load,

heat load and CAPEX of the ASHP stays constant with the LCOX mean.

System design variables capacities To further clarify the results of the Pareto front

and Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.15).
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As observed, the percentage_bat design variable being consistently higher than 88%, the

energy excess is mainly going to the battery. This explains why the Pareto front was so

close to the reference case. Moreover, the heat pump and thermal storage tank capacities are

staying constant with the LCOX mean. The uncertainty on the heat load and on the CAPEX

of the ASHP will also remain steady with the LCOX mean. These capacities are also smaller

than the reference case, resulting in a higher Sobol’ index for the heat load and a smaller

Sobol’ index for the CAPEX of the ASHP than the reference strategy. Subsequently, the

gain in battery capacity decreases the impact of the uncertainty on the electricity price. The

dependency on grid electricity is smaller thanks to more extensive energy storage. However,

this increases the impact of the electricity demand uncertainty. Having greater electricity

storage means that the economic e�ectiveness depends on the match with the electricity

demand. Finally, most of the component capacities being constant (i.e. only the battery

capacity is increasing with the LCOX mean) explains well why the Pareto front has a lower

range of values. The small range is only due to the increase in value of the battery capacity.

Increasing the battery capacity lowers the LCOX standard deviation and increases the LCOX

mean, but its e�ect is limited on the Pareto front.
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Reference strategyPartially charging strategy

Figure 4.15: Reducing the LCOX standard deviation cost-e�ciently is suggested by

giving the major part of the electricity surplus to the battery and by increasing the

battery capacity. The constant ASHP capacity explains why the Sobol’ indices of

the heat load and CAPEX of the ASHP stay constant with the LCOX mean.
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4.1.6 Optimization of the peak shaving strategy

This strategy and the next one will be the two strategies having an overall di�erent system

operation.

Pareto front. When performing the RDO on the peak shaving strategy, the optimized

LCOX standard deviation and the LCOX mean on the Pareto front are lower (up to 1.2%

and 1.8% respectively, see Figure 4.16) than the reference case. This can be explained by the

way the system operates under this strategy. The system is selling its energy surplus during

peak hours and buying power during o�-peak hours, which results in better performances

for the LCOX.

Sobol’ indices. The Sobol’ indices represented in Figure 4.17 clearly illustrate that the

variation of the LCOX standard deviation is mainly due to the uncertainty on the electricity

price and on the electricity load. Reducing the uncertainties around these two parameters

further helps to improve the system’s robustness. The values of the Sobol’ indices are similar

to the reference strategy. Some minor variations are present, an analysis of the system

capacities is needed to understand these results.

System design variables capacities. To further clarify the results of the Pareto front

and Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.18).

One can observe that battery and heat pump capacity are similar to the reference case. This

explains the similarities for the Sobol’ indices for the heat load and CAPEX of the ASHP.

The Sobol’ index of the electricity cost is smaller than the reference case because, on the

one hand, the greater PV array capacity and on the other hand, the system can sell its

electricity surplus during peak hours. As the PV array is able to produce more energy, the

system relies less on the grid. Moreover, the thermal storage tank has a smaller capacity,

but its impact on the heat load is small. The thermal stored energy is negligible regarding

the hourly heat demand. Subsequently, the low power limit and high power limit design

variables explain why this strategy has better results regarding the Pareto front than the
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Reference
strategy

Peak shaving
strategy

Figure 4.16: The Pareto front illustrates that a trade-o� exists between minimiz-

ing the LCOX standard deviation and the LCOX mean. The Pareto front shows

improved results than the reference strategy. This is mainly because the system

sells its energy excess during peak hours to the grid and buys energy during the

o�-peak hours.

reference strategy. During peak hours, it can sell its energy surplus to the grid to pro�t

from the possible high peak prices. During o�-peak hours, it is buying energy from the grid

instead of discharging the battery in order to take advantage of the possible low o�-peak

prices. It can be expected from this strategy to have an even better performance if there is a

signi�cant di�erence between peak and o�-peak electricity prices. During a deterministic

run of the robust design, the system was selling an energy excess 673 times during the peak

hours and buying electricity 23 times from the grid. It shows well that the optimizer prefers

to sell energy when it has an energy surplus and uses its own stored energy during lack of
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Figure 4.17: The Sobol’ indices indicate that the uncertainty on the electricity price

and on the electricity load are dominant for the LCOX. Reducing the uncertainties

around these parameters further helps to improve the system’s robustness. More-

over, the trends of these Sobol’ indices are similar to the reference case.

power instead of buying it from the grid. This operation improves the LCOX. Finally, there

is an overall increase in the battery, photovoltaic and heat pump capacity with the LCOX.

However, there are some minor variations, which as a consequence, lead to the variations

of the Sobol’ indices.
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Reference strategy
Peak shaving strategy

Figure 4.18: Reducing the LCOX standard deviation cost-e�ciently is suggested by

increasing the capacity of the battery stack, heat pump and thermal storage tank.

This reduces the uncertainty linked to the electricity price and on the heat demand.

However, it increases the uncertainty on the investment cost of the heat pump and

on the electricity demand. Moreover, the lower and high power limit show how

to operate the peak shaving strategy e�ciently. Subsequently, the trends in the

system capacities are similar to the reference case, this explains why the trends of

the Sobol’ indices were also similar to the reference strategy.
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4.1.7 Optimization of the forecast strategy

The results of the forecast strategy are the last ones presented in this work.

Pareto front. When performing the RDO on the forecast strategy, the optimized LCOX

standard deviation and the LCOX mean on the Pareto front are lower (up to 4.5% and 1.9%

respectively, see Figure 4.19) than the reference case. This can be explained by the way

the system operates under this strategy. As the system is making an exact day-ahead loop

for the PV generation, demand and wholesale price, it can optimally charge the battery in

advance with the lack of electricity for the coming hours and at the lowest price.

Reference
strategy

Forecast
strategy

Figure 4.19: The Pareto front illustrates that a trade-o� exists between minimizing

the LCOX standard deviation and the LCOX mean. The Pareto front shows im-

proved results than the reference strategy. This is mainly because the system is

optimally charging its battery by a day-ahead forecast.
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Sobol’ indices. The Sobol’ indices represented in Figure 4.20 clearly illustrate that the

variation of the LCOX standard deviation is mainly due to the uncertainty on the electric-

ity price and on the electricity load. The trends of the Sobol’ indices of the uncertainties

are similar to the reference case. Reducing the uncertainties around these two parameters

further helps to improve the system’s robustness.

Forecast
strategy

Reference
strategy

Electricity cost

Electricity load

Heat load
CAPEX ASHP

Figure 4.20: The Sobol’ indices indicate that the uncertainty on the future elec-

tricity price is the dominant uncertainty for the LCOX. For the robust design, the

uncertainty on the electricity price and on the electricity load play an important

e�ect on the system’s robustness. Reducing the uncertainties around these param-

eters further helps to improve the system’s robustness.

System design variables capacities. To further clarify the results of the Pareto front

and Sobol’ indices, a closer look at the design variables capacities is needed (Figure 4.21).
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Looking at Figure 4.21, one can observe that the system is increasing its robustness by hav-

ing greater system capacities. Having greater battery and heat pump capacity reduces the

Sobol’ indices of the electricity cost and heat load but increases the Sobol’ index of the elec-

tricity load. By having greater battery capacity, the system has less electricity to buy from

the grid but having larger electricity storage means that the economic e�ectiveness depends

on the match with the electricity demand. The increase in ASHP power decreases the im-

pact of the uncertainty on the heat load but increases the investment cost uncertainty of the

ASHP. Moreover, the battery of the system has a higher capacity than the reference case.

This shows well that thanks to an optimal day-ahead loop, it can be interesting to store

enough electricity for the coming hours at a low cost.
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Figure 4.21: Reducing the LCOX standard deviation cost-e�ciently is suggested by

increasing all the system capacities. Moreover, the battery capacity is greater than

the reference case. This shows well that thanks to an optimal day-ahead loop, it

can be interesting to store enough electricity for the coming hours at a low cost.
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4.2 General analysis of the performance of the power

management strategies

In this subsection, the previous results are analyzed.

Pareto fronts. The di�erent Pareto fronts related to each strategy are illustrated in Figure

4.22.

First, let’s look at the two strategies trying to take advantage of the variable wholesale price,

namely the grid buying and grid selling strategy. One can observe that they are distant from

the other Pareto fronts. As discussed earlier, the grid selling strategy achieves the lowest

LCOX standard deviation and the LCOX mean. This strategy achieves better performances

because it is the only strategy which sells its energy surplus during all time of the day. Thus,

this system was heaving the greatest PV array capacity but the smallest battery capacity

because it maximizes its pro�t by selling the maximum amount of energy to the grid. Then,

looking at the grid buying Pareto front, it shows the weakest results. This strategy often

buys energy from the grid, increasing its LCOX mean and LCOX standard deviation by

having high grid costs and uncertainties on the electricity cost and loads, respectively. The

system had small component capacities and so was mainly relying on the grid. It can be

concluded from these two strategies that selling its electricity excess to the grid is a great

advantage for the household owner. Moreover, it is better to rely on its electricity production

and storage components than buying directly from the grid.

Subsequently, one can observe that the two strategies trying to understand how to use the

battery and heat pump optimally with the energy excess have similar results to the reference

case. The temperature dependent heat pump strategy had a threshold temperature of −3.9

degrees Celsius, which was happening less than 1% of the time. The system mainly followed

the reference strategy. Regarding the partially charging strategy, the energy surplus going

to the battery was consistently greater than 88%. Thus, this strategy was also following

mostly the reference case. It can be concluded from these two strategies that giving the

priority of the battery on the energy surplus conducts to a better performance of the system
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in an exergy environment.

Finally, the two last strategies presented in this work were the peak shaving and forecast

strategy. The two Pareto fronts are achieving better results than the reference case. The

peak shaving strategy was operating di�erently during peak, regular and o�-peak hours.

During peak hours, it was selling its energy excess in order to take advantage of the possible

high electricity prices. During o�-peak hours, it was recovering its loads with the possible

low prices. Outside these moments, the system was following the reference strategy. For

the forecast strategy, it was optimally charging its battery at low costs with a day-ahead

loop. Thanks to this forecast, the system knew which quantity of energy it had to buy to

recover the load and to take advantage of an hour with low wholesale prices. By doing so,

it could have smaller grid costs and the system had a greater battery capacity to store the

bought energy. It can be concluded from these two strategies that having a more elaborated

operation scheme, where it can either take advantage of the peak and o�-peak hours or

either make a day-ahead forecast, the system can achieve better results.
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Figure 4.22: The Pareto fronts of all the strategies illustrate that a trade-o� ex-

ists between minimizing the LCOX standard deviation and the LCOX mean. The

grid selling strategy achieves the lowest LCOX standard deviation and the LCOX

mean. The grid buying strategy achieves the highest LCOX standard deviation and

the LCOX mean. The heat pump related strategies achieve similar results to the

reference case due to the higher quality of electricity than heat. The two strate-

gies having an overall di�erent system operation (i.e. peak shaving and forecast

strategy) achieves better results by either taking advantage of the peak and o�-

peak hours or either by making an optimal day-ahead loop where the battery is

charged.

Sobol’ indices Looking at Figure 4.23, the main Sobol’ indices are represented for the ro-

bust designs of each strategy. One can observe that the uncertainty on the electricity cost

and electricity load have the most impact on the LCOX standard deviation. The electricity
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Figure 4.23: Stacked bar chart of the main uncertainties of the robust designs for the

di�erent strategies. The uncertainty on the electricity cost and electricity load have

the greatest impact on the LCOX standard deviation. Reducing the uncertainty

around these parameters further improves the system’s robustness.

cost is the leading source for the LCOX standard deviation. It has a dominant e�ect on each

strategy. Reducing the uncertainty around these parameters further helps to improve the

standard deviation of the LCOX for all strategies. This means that once the future electricity

mix is �xed, it is possible to have a more precise idea of the evolution of the electricity price.

The electricity load depends on the prospective consumer behavior and loads (electric ve-

hicle, connected objects, etc.). Subsequently, the uncertainties on the heat load and CAPEX

of the ASHP also impact some strategies but less than the two previous ones. This is mainly

due to the reduced weight of heat in an exergy environment due to the Carnot coe�cient

(see Equation 2.6). Finally, only the grid selling strategy has an impact of the CAPEX of the

PV due to the great PV power.
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4.3 Comparison of the stochastic performance

Due to the trade-o� between minimizing the LCOX mean and minimizing the LCOX stan-

dard deviation, each design of each strategy out of the Pareto set carries an advantage in

either average performance or robustness. To analyze the performance or robustness of

each strategy, the Cumulative Density Function (CDF) is constructed for an optimal design

for each strategy. To �nd these optimum designs, the knee point method is applied to each

Pareto set of designs [56]. This method uses the minimum distance selection method in or-

der to obtain the knee point. This point has the smallest distance from the utopia point. The

utopia point is the point combining the smallest LCOX mean and smallest LCOX standard

deviation from the Pareto set of designs. The optimum designs are shown in Figure 4.24.

The constructed CDFs for each optimal design car be found in Figure 4.25. Among the

di�erent strategies, the grid selling strategy achieves the highest probability that, in reality,

the resulting LCOX over the lifetime will be lower than any prede�ned LCOX upper limit

for the household. To illustrate the di�erences in each strategy, if the household owner pre-

de�nes an LCOX upper limit of 550€/MWh, the forecast and peak shaving strategy provides

a probability of 70% that the LCOX, in reality, will be below or equal to that upper limit (see

Figure 4.25 below). Comparing it with the other strategies, it gives a probability of 62% for

the partially charging strategy, temperature dependant heat pump and reference strategy

(see Figure 4.25 middle). The grid selling and grid buying strategies have a probability of

95% and 55% respectively of being lower than this limit (see Figure 4.25 top). It can be con-

cluded that the stochastic performance of the system can be improved with respect to the

reference strategy in three ways. First, by being able to sell its surplus of energy to the grid.

This allows reducing its grid costs and uncertainty related to the electricity cost, leading to

a smaller LCOX. Second, by having a di�erent operation during peak, regular and o�-peak

hours. The system is taking pro�t from selling its surplus of energy or buying energy from

the grid at optimal hours. This strategy can be even more interesting if there is a signi�-

cant di�erence between peak and o�-peak electricity prices. Finally, by doing an optimal
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Figure 4.24: The optimum designs of each designs are highlighted on the di�erent

Pareto fronts. Each designs is the closest from the utopia point from his strategy.

day-ahead forecast, that predicts how much energy to buy from the grid to store it in the

battery.
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Figure 4.25: The Cumulative Density Function (CDF) of each strategy. The grid

selling strategy, the forecast strategy and peak shaving strategy achieve a higher

probability that the LCOX mean will be in reality below any prede�ned limit than

the reference case.
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Chapter 5

Conclusion

In this work, a robust design optimization has been done for a PV - battery - heat pump -

thermal storage tank system for a household in Belgium. The system is subjected to var-

ious uncertainties (i.e. uncertainties on the loads, electricity cost and economic data). In

the �rst part of the thesis, the model of the di�erent components of the system has been

explained. All elements are modeled in PythonTM. The NSGA-II algorithm is used to op-

timize the system and the polynomial chaos expansion method is used to propagate the

di�erent uncertainties. Each strategy has been evaluated in the multi-objective algorithm

where both the LCOX standard deviation and LCOX mean are minimized. The results are

a Pareto front with the optimal design variables characteristics and a sensitivity analysis

of each uncertainty. Regarding the Pareto fronts of each strategy, a trade-o� is observed

between the objectives. Comparing each strategy with the reference scenario leads to dif-

ferent conclusions.

Firstly, the grid buying strategy achieves a higher LCOX standard deviation and mean up

to 14% and 9% respectively than the reference case. Because it is directly buying electricity

from the grid, it has higher grid costs and the system is more impacted by the grid electricity

price and load uncertainties. This leads to weaker results regarding the LCOX. Looking at

the grid selling strategy, it is shown that the optimizer tends to create as much PV power as

possible. It is selling energy to the grid and stores almost no energy. All the designs have a
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PV power of 10 kWp and a battery capacity almost equal to 0kWh. Selling almost all its elec-

tricity surplus greatly bene�ted the system, leading to a smaller LCOX standard deviation

and LCOX mean up to 20% and 13% respectively. Moreover, this strategy is the only one im-

pacted by the uncertainty of the CAPEX of the PV. Reducing the uncertainty on the future

investment costs of the PV further helps to improve the system’s robustness. Consequently,

the two strategies playing on the heat pump operation, the temperature dependent heat

pump strategy and partially charging strategy, have similar results to the reference case.

For the temperature dependent heat pump strategy, this can be explained by the threshold

temperature equal to -3.9°C. Meaning that this strategy is following the reference scenario

for more than 99% of the time. For the partially charging strategy, the part of the PV energy

surplus going to the battery being always higher than 88%, the strategy is also mainly fol-

lowing the reference scenario. It can be concluded that even if the heat load is higher than

the electricity load, due to the bad quality of heat, it is more interesting to �rst use the PV

power surplus for the battery than the heat pump in an exergy environment. This result

can be explained by the Carnot coe�cient (see Equation 2.6). Finally, the two last presented

strategies were the peak shaving strategy and forecast strategy. The Pareto front of the

peak shaving strategy achieves better results than the reference case. This can be explained

by the fact that it takes advantage of the peak and o�-peak hours to optimally charge, dis-

charge, buy or sell electricity. In the end, the system under this strategy can achieve a better

LCOX mean and LCOX standard deviation (i.e. up to 1.2% and 1.8% respectively than the

reference case). The last strategy, the forecast strategy, achieves a Pareto front showing

improved results than the reference case. The system is able to optimally charge its bat-

tery for the coming hours at low costs. This strategy leads to the highest battery capacity

to store the right amount of electricity. It can be concluded from these two strategies that

have a more elaborated operation scheme, where it either takes advantage of the peak and

o�-peak hours or either has a day-ahead forecast, the system achieves better results and is

less impacted by the uncertainties.

With the uncertainty quanti�cation that has been performed, it is possible to see which
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uncertainties heavily impact the robustness of the di�erent systems. It is shown that the

two signi�cant uncertainties are on the electricity price and on the electricity load. The

electricity cost is the dominant one. Reducing the uncertainty around these parameters fur-

ther helps to improve the standard deviation of the LCOX for all strategies. This means

that once the future electricity mix is �xed, it is possible to have a more precise idea of the

evolution of the electricity price. The electricity load depends on the prospective consumer

behavior and loads (electric vehicle, connected objects, etc.). Subsequently, the uncertain-

ties on the heat load and CAPEX of the ASHP also have an impact but lower than the two

previous ones. This is mainly due to the reduced weight of heat in an exergy environment

due to the Carnot coe�cient, as mentioned earlier.

A �nal comparison between the strategies has been made based on the stochastic perfor-

mance. A CDF for an optimal design has been constructed for the di�erent strategies. It

has been shown that if the household owner prede�nes an LCOX upper limit of 550€/MWh,

the grid selling strategy achieves the highest probability (i.e. 95%) that the LCOX, in reality,

will be below or equal to that upper limit. Comparing to the peak shaving strategy and

forecast strategy, both give a probability of 70%. The temperature dependent heat pump,

partially charging and heat pump strategies achieve a similar likelihood of 62%. The grid

buying strategy has the worst probability of being below 550€/MWh (i.e. 55%).

As a �nal conclusion, this MSc thesis shows that it is possible to improve the system’s

performance by adopting an adequate power management strategy. Three characteristics

can be found in these optimal strategies. Firstly, being able to sell electricity to the grid.

Secondly, by having a di�erent operation during peak and o�-peak hours and thirdly, by

making an optimal day-ahead loop to store energy at low costs. Subsequently, the uncer-

tainty on the electricity price is dominant for the LCOX. Having a clear vision of the future

energy mix of Belgium, further helps to improve the robustness of all the strategies.
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Chapter 6

Future work

In this work, a PV - battery - heat pump - thermal storage tank for a household in Bel-

gium has been optimized under di�erent strategies and uncertainties. The model of this

work can be further improved by dividing the heat load into hot sanitary water and space

heating. Each type of heat demand requires a di�erent hot water temperature. The �nal

result will be di�erent in an exergy environment. Subsequently, the heat pump model uses

an approximation for the calculation of the COP. A more detailed approach could improve

the results. Additional work can also be done by adding a hydrogen-based system to meet

long-term storage requirements (seasonal). New strategies could be developed by taking

advantage of this long-term storage. Moreover, the di�erent strategies could be optimized

for other techno-economic parameters such as e�ciency, carbon emission, grid cost, etc. It

could be interesting to see which design variables characteristics under a strategy can lead

to the most negligible grid costs. Subsequently, as shown in the results, the electricity cost

and electricity load have the most signi�cant impact on the system performance. Reducing

these uncertainties by studying the di�erent future energy mixes or consumers’ behavior

could lead to new results. Finally, the strategies have been tested for a household located in

Belgium, but evaluating them in another location with lower temperatures or higher solar

irradiance could lead to di�erent conclusions.
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