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Summary

Increasing demand for clean energy and emphasis on environmental sus-
tainability has started to revolutionize the existing energy infrastructure
within the built environment. In parallel, more distributed renewable energy
systems are rapidly emerging and many elements in the grid are electri-
fying. As many elements electrify, enabling a fully functional energy grid
that can operate only with clean energy sources is required. These changes
inevitably influence the design, operation, and management of buildings.

Considering these aspects, this thesis first provides a decision sup-
port framework to assist realization of energy-neutral resilient neighbor-
hoods. The assessment methodology is developed based on scenario analysis
through computational simulations which consist of a deterministic data
driven optimization. After establishing the framework, case studies were
evaluated at individual and small neighborhood levels.

In the first case study, an assessment was performed to understand the
gains by electrifying the heating demand using HPs at individual building
level. This study identified that hybrid-cases (gas boiler and HP in parallel)
operate in favor of the building. The rapid deployment of all-electric heat-
ing systems creates a shift of natural-gas consumption from the previously
consumed building side (boilers) towards the central electricity production
side (power plants). Even though PV systems are being installed, the mis-
match between PV production and HP consumption does not fully alleviate
the associated problems, rather, it creates new challenges.

Nevertheless, with the latest development of information and communi-
cation technology that enables recording of data, the energy consumption/
generation information of buildings become readily available. There is an
opportunity to use this data for demand prediction and smart control strate-
gies for optimization of distributed energy systems associated with existing
buildings and neighborhoods. In this way, the energy self-sufficiency can be
improved.

Next, for a refurbished neighborhood with installed PV and HPs, to
improve self-sufficiency, a short-term storage system is introduced at the
neighborhood level. Machine learning algorithms and a data driven smart
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Summary

control strategy were utilized for the optimal operation of the short-term
storage system. The study showed, even though self-sufficiency increased
drastically, a considerable proportion of the energy is still utilized from
the central power plants during winter time and a considerable amount of
excess energy is still available during summer time. So, further analysis to
improve energy self-sufficiency is needed using different types of distributed
energy systems such as long-term storage options.

In conclusion, one can develop new ideas based on the presented knowl-
edge in this thesis while utilizing many other distributed energy systems.
Incorporating data driven prediction and smart control strategies can con-
tribute to a swift energy transition and pave the way towards a fully func-
tional clean energy grid(s).
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Introduction

1.1 Background on energy transition

Ever since the Paris agreement to pursue efforts to limit the temperature
increase to 1.50C above pre-industrial levels was accepted [1], governments
have set ambitious targets to move from the fossil-based energy system
towards a system using a considerable amount of distributed renewable
energy sources. The aim of doing so is to confront the problems associ-
ated with the combustion of fossil fuels and to move towards a sustainable
future. Most governments around the world such as EU-28 [2, 3] and Aus-
tralia [4] plan to achieve 100% renewable energy generation by the year
2050 and reduce the associated greenhouse gas emissions drastically. In
the EU-28 for example, the share of renewable energy in gross final energy
consumption has grown rapidly from 8.5% in 2004 to almost 16.7% in 2015
[5]. In addition to this increase in the share of renewable energy sources,
great emphasis has also been placed on improving the efficiency of energy
conversion [3], implementing energy savings measures [3], and improving
flexibility [6] on the demand side.

General classification of energy infrastructure distinguishes between
centralized and distributed [7]. The current conventional centralized en-
ergy system consists of one-way energy flow from resources (mainly the
fossil power plants which are located far away from consumers) to demand
(buildings, mobility, etc.) that is illustrated in Figure 1.1. This system
heavily relies on fossil fueled technologies and the associated grid struc-
ture is highly stable with higher inertia. In the centralized architecture,
on the production side, a visible progress and efficiency improvement can
be seen in the development of combined heat and power (CHP) [8] and
more recent combined cold, heat, and power (CCHP) plants [9]. These
plants have efficiencies in the range of 60% with reduced carbon emissions
[8]. The progressively increasing penetration of renewable energy sources
transforms this energy network from centralized to distributed or decen-
tralized [7]. In the distributed architecture, renewable energy sources such
as PV and wind turbines are to be found in the vicinity of consumers. This
transformation converts conventional consumers into prosumers with the
ability of local energy production [10].

Because of the non-dependability of weather conditions created by fossil
fuels in the centralized structure, main energy demand segments which are
electricity (including cooling), heating, and transport can function sepa-
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Figure 1.1: Illustration of the centralized structure

rately. Phasing out fossil fuels will create a force on electrifying the heating
and transport sectors [11] and therefore, these sectors will have to depend
on electricity. Other than that, different forms of energy carriers such as
hydrogen [12] will also be visible. As a result, the future energy network
will comprise of more intense integration of different energy carriers [13]
than electricity, gas, and oil. In order to accommodate these changes, new
concepts are being tested to integrate and hybridize different energy carri-
ers (natural gas, oil, hot water, hydrogen, electricity, etc.) to devise smart
energy systems with the ability of interoperability [13].

1.2 Influence of energy transition on buildings/
neighborhoods

Given the fact that the building sector accounts for 36% of final energy use
and 39% of the carbon emissions [14] in the world (year-2018), a focus on
the buildings is particularly important in relation to the energy transition.
With the changing energy policies and targets, buildings can play a vital
role in the future smart energy grids by becoming prosumers [10]. The
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’International Energy Agency’ states that demand side activities should
be a priority in energy policies and decisions regarding sustainable en-
ergy systems [15]. Apart from the ’Energy Performance Building Directive
(EPBD)’ targets [16], each country has its own built environment related
energy goals [17]. As per EPBD, all new buildings are required to be nearly
zero energy by 2021 for member states of the European Union (EU). The
focus of this thesis is drawn towards the Netherlands. Following EPBD tar-
gets, the Dutch government has also recognized the need for energy savings
of buildings. Therefore, for both residential and non-residential buildings,
the government has imposed regulations called BENG "Bijna Energieneu-
trale Gebouwen (Nearly Zero Energy Buildings)" criteria. These criteria
state the requirement of energy consumption, primary energy consump-
tion, and renewable energy production associated with buildings.

The major energy consumption sectors of buildings classify, heating,
cooling, and electricity. In the Netherlands, from the total energy con-
sumption of the built environment, about 65-70% is for heating and the
rest (30-35%) is for electricity (cooling and electrical appliances) [13]. More
than 90% of the heating demand [18] of the built environment is achieved
by natural gas-based energy systems [13]. The built environment includes
households, commercial buildings, and a share of industry category. Dur-
ing the long life-span accounting for generally 20-50 years, performance,
operation, and functionality of buildings evolve. The operating phase of a
conventional building (not prosumers) accounts for 80-90% energy use [19]
and records the highest environmental impacts in its life-time.

The primary fossil fuel demand of existing buildings can be reduced
with energy refurbishment measures [20] and/or integrated energy branches
[2]. According to the Dutch energy labeling system, approximately 4 mil-
lion out of the 7.7 million houses are older than 40 years, poorly insulated,
and have energy labels F or G (Energy label range: A to G, and G being the
worst) [13]. These houses will be refurbished on a large scale, and in the
renovation process, houses are upgraded to higher insulation levels with
more efficient energy saving installations (e.g: heat recovery ventilation,
low-temperature heating systems) [13].

Electrification of the heating demand of buildings [21] is a result of
integrating energy branches. The importance of integrating electricity and
heating sectors [2, 22] at the building level [23] is a topic that has al-
ready been addressed by different research groups [24, 25]. Electrically
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driven heat pumps are a point of interest in such a transition. Heat pumps
have been identified as a low CO2 emission technology [26]. Thus, heat
pumps could play a promising role at the levels of individual buildings and
neighborhoods. On a different note, phasing out gas should be carefully
considered in planning new buildings and communities as new forms of en-
ergy carriers such as hydrogen could replace natural gas and gas-operated
equipment inside buildings [12].

Figure 1.2: Illustration of a possible futuristic decentralized structure at the neigh-
borhood and building levels

Apart from the electrification of the heating sector with the individual
approach using heat-pumps, a number of area-specific collective measures
also has been introduced with decentralized district heating, cooling net-
works at the neighborhood level [11]. Moreover, buildings itself is a viable
option for providing flexibility [6] to the demand side on the scale of a single
building to the scale of a neighborhood with the use of energy storage sys-
tems [27]. However, these techniques will claim additional smart platforms
(e.g: energy-hubs, smart controlled hybrid micro-grids) allowing demand
prediction and integration of power and heating grids [13]. Energy hubs
and hybrid micro-grids are concepts that have the ability to match the
supply and demand of electricity and heat locally, using demand and gen-
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Figure 1.3: Illustration of a futuristic decentralized structure with neighborhood
level heating and cooling grids

eration predictions and optimally scheduling the devices and converters.
Illustration of possible neighborhood structures with local supply, demand,
and local energy management is shown in Figures 1.2 and 1.3.

The complexity of the management of smart platforms increases with
the number of energy sources, storage units integrated, and the demand
requirements [13]. Therefore, for optimal coordination, accurate demand
predictions are vital. With the development of information and communi-
cation technology, consumption/generation data of energy systems become
available at unprecedented granularity. As a result, there is an opportunity
to analyze these data and extract useful information that can contribute
to predictions.

Accurate demand predictions are useful to understand the way people
act or conduct their day to day activities. This is especially important
if the energy efficient design is focused on a single building or a group
with few buildings where the stochastic behavior is visible in the demand
patterns. When the boundary of the neighborhood widens, the stochastic
behavior fades and the collective demand patterns become averaged. In the
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process of introducing new load categories such as electric vehicles, heat
pumps, etc. the class (label) of energy users and their demand profiles is
considerably important [28], as it determines the extent to which renewable
energy can be used locally directly, and how the local grids’ stability and
flexibility are impacted. As the possible problems with energy flexibility
and stability in the low voltage network grow, it is especially on building
and neighborhood levels where the focus must be. This is where machine
learning algorithms have recently shown their added value [29].

1.3 Data driven prediction and control

Machine learning algorithms can be used for improved energy demand pre-
dictions. These computational algorithms learn from empirical data and
transform it into usable models so that these models can be used for de-
mand predictions. Recently [29], a trend has been developed in research to-
wards estimating building energy demand using data-driven machine learn-
ing techniques. In the data-driven analysis, energy demand prediction is
performed by employing historical energy consumption data of buildings
and other associated parameters such as climate data through a learning
process.

The rapid development of information and communication technology
enables the availability of big data sets in different granularity. This al-
lows paving the way to develop smart control strategies using data-driven
methods. The data-driven demand prediction and control strategies can
be utilized in different spatial levels; from the intra-building level to neigh-
borhood scale. Thereby, increase the smart grid’s and energy management
system’s ability to facilitate PV, HPs, storage systems, and futuristic en-
ergy systems.

This thesis work has a focus on data-driven demand prediction of intra-
building level energy systems (e.g.: chiller, HVAC) towards small neighbor-
hoods. Specifically, individual dwellings, office buildings, and small neigh-
borhoods including about 100 dwellings. These data-driven predictions are
then to be used in combination with smart control strategies.
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1.4 Objectives, scope, and research questions

As a response to the growing energy demand and requirement for energy
neutral buildings, ’Trias Energetica’ is a three-step top-down strategy [13]
created to achieve an energy-efficient design by reducing energy consump-
tion, sustainable energy production, and using most efficient conversion
technologies. This applies to both new constructions and renovations. How-
ever, in the process of replacing fossil fuels entirely and achieving energy
neutrality of buildings, a coherent mix of complex integrated energy sys-
tems involving renewable energy sources and energy storage options are
needed [13, 22]. The major challenge is to create an optimally regulated
energy system without compromising user comfort. Therefore, experts have
reformulated the ’Trias Energetica’ strategy and developed it into 5-steps
[30] including occupant behavior and storage systems and transforming it
into a bottom-up approach (Figure 1.4). Storage units are generally classi-
fied into Electrical Energy Storage Systems (EESS) and Thermal Energy
Storage Systems (TESS). Even though they are not extremely popular
worldwide, electrical batteries have already been introduced at the build-
ing level with renewable energy sources and with Electrical Vehicles (EVs).
These EESS could be seen in elevated quantities at the neighborhood level
in the future as the prosumers increase in number and with the persistently
reducing costs of storage units [31]. In the 5-step strategy, the added com-
plexity when achieving the energy neutrality of buildings or neighborhoods
is duly described.

Figure 1.4: Bottom-up 5-step strategy
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Even though the 5-step approach demonstrated steps in realizing an en-
ergy neutral design, the intermittent behavior associated with distributed
renewable energy sources has created a negative impact on the reliability of
power supply and reinforcement of the grid [32, 33]. Most popularly in the
electricity distribution grid, PVs and wind turbines create voltage fluctua-
tions, excess production of energy, and power fluctuations [32]. Moreover,
PV production and building demand patterns contradict each other, mean-
ing, PV production occurs during day-time and higher energy demand (for
dwellings) occurs during night-time.

Usually, it is possible to achieve energy-neutrality of individual build-
ings annually (annual electricity consumption of buildings = annual elec-
tricity production of local renewable energy sources). However, the self-
sufficiency which is the ability of the building to function with its local
energy sources without the need for external energy imports is surpris-
ingly low [13]. That means a higher percentage of the produced electricity
is fed-back to the grid without consuming it locally [34]. At the moment,
in the Netherlands, energy taxes are only applied to the net electricity
consumption of prosumers. However, this net metering system will grad-
ually disappear. The details are not known yet, but the electricity that is
directly used from the national grid will be costly and feed-in electricity
may not bring any advantage to the building owners.

This study is motivated by the fact that the level of energy self- suf-
ficiency is not adequate as elements associated with the energy demand
electrify. The study hypothesizes that advanced machine learning algo-
rithms can improve the demand prediction, and optimal coordination of
energy systems using data-driven control can improve the self-sufficiency
of the buildings and/or neighborhoods. Following the overall focus and hy-
pothesis, the objective of this thesis is formulated.

"As elements associated with the building’s heating energy demand elec-
trify, how can data driven optimization contribute to analyze scenarios
which meet total electricity demand solely using renewable energy sources?"

This overall problem statement is addressed answering the following sub-
questions:

(1) In a long-term perspective what methods and models can be used
to analyze sustainable energy transition scenarios?
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This first aspect that is addressed in Chapter-2 is aimed at describing a
suitable assessment methodology for the analysis of the energy transition
scenarios.

(2) At this stage of the energy transition in the Netherlands, does elec-
trifying the heating sector advantageous in terms of cost and CO2 emission
reduction?

In Chapter-3 this aspect is answered addressing the interplay between elec-
trification of heating of buildings at individual level, government regula-
tions, and feasibility of the selected scenarios.

(3) How to optimize the battery energy storage system (BESS) control
through data driven demand side management to create energy flexibility
services for a Smart Grid?

In Chapter-4 for an individual building this aspect is addressed; (i) using
predictions of the building’s electricity demand based on the individual
load groups and their characteristics, (ii) incorporating control of BESS.

(4) What advanced machine learning algorithms can be used to develop
models to predict the energy demand of individual buildings and small
neighborhoods? What is the accuracy of the predictions?

Chapter-5 discusses a comparison of different machine learning algorithms
in demand prediction at individual and neighborhood scales.

(5) How can the data driven control strategies and system concepts be
used to facilitate the introduction of HPs and PVs while increasing energy
self-sufficiency of buildings?

This aspect addressed in Chapter-6 aims to introduce short-term storage
systems along with data-driven control strategies, so that, the energy self-
sufficiency can be increased.

1.5 Outline of the thesis

Following the introduction in Chapter-1, this thesis is composed of five
chapters (Chapter-2 to Chapter-6) that are based on journal papers. The
overall results and future work are discussed in Chapter-7 (Discussion) and
the conclusions and recommendations are in Chapter-8 (Conclusion). The
overall impression of the structure is illustrated in Figure 1.5.
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Figure 1.5: Schematic diagram of the thesis structure
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Methodology

Major parts of this chapter have been published in:

S. Walker, T. Labeodan, G. Boxem, W. Maassen, and W. Zeiler, “An assess-
ment methodology of sustainable energy transition scenarios for realizing en-
ergy neutral neighborhoods”, Journal Applied Energy 228 (2018):pp. 2346-2360.
https://doi.org/10.1016/j.apenergy.2018.06.149

S. Walker, T. Labeodan, W. Maassen, and W. Zeiler, "A Review Study of the
Current Research on Energy Hub for Energy Positive Neighborhoods" Journal
Energy Procedia 122 (2017):pp. 727-732. https://doi.org/10.1016/j.egypro.
2017.07.387

Changes have been made to align the articles with the thesis requirements.

This chapter discusses the assessment methodology by means of life cycle
performance design-based approach to facilitate the decision-making process of
realizing energy neutral neighborhoods. The assessment methodology is devel-
oped based on scenario analysis through computational simulations. The com-
putational simulations possess a global deterministic optimization through linear
programming using the energy hub concept. This is followed by a feasibility as-
sessment using Kesselring method that assist the decision-making procedure.
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2.1 Chapter Introduction

The concept of energy transition is gaining traction globally as various govern-
ments have set ambitious targets to move from the fossil-based energy system
towards a system using a considerable amount of distributed renewable energy
sources [22]. On the demand side, a major emphasis is placed on reducing energy
demand in buildings. Energy consumption in the operational phase of the existing
buildings is the most accountable for environmental impacts [35, 36] irrespective
of the type of construction [37]. Therefore, attention is given to individual build-
ings for achieving reductions in consumed energy [38]. Thus, energy neutral [39–
41] and CO2 neutral buildings [42] are being designed as options within the cur-
rent energy framework. However, for some of the existing buildings, achieving
energy neutrality is infeasible with the current set-up and composition [43, 44].

An approach being explored to tackle this encounter is to move the boundary
from a single building towards the neighborhood level and upgrading the neigh-
borhood level by making use of the local resources and infrastructure [43, 45].
Effective and meaningful energy reduction gains are said to be attainable through
energy sharing [46] when buildings are considered in clusters [47, 48]. As a result,
latterly, there has been more emphasis on the analysis of energy saving strate-
gies [49] and incorporating distributed energy systems at the neighborhood-level
[46, 50]. Aggregating buildings and introducing renewable energy sources with
storage systems may make it possible to achieve the goal of zero-energy at the
neighborhood level [44].

However, the analyses of energy infrastructure developments and realization
of energy neutrality at the neighborhood level is still a challenge. Existing studies
on neighborhood level energy framework have focused mainly on;

• the optimal operation [51, 52];
• intermittent behavior of renewable sources [53];
• integrated decentralized energy systems [54];
• integration of large scale heating systems [55–57] into neighborhoods.

While some of these studies also address issues such as peak demand management
with local level storage systems [46, 58] and increasing energy self-sufficiency [20],
they are often most focused on the operational phase of buildings. As a result, they
seldom reflect the overall impacts of decentralized renewable energy systems at
the neighborhood level. Even for the decision-making aspects of future renewable
energy initiatives, only the operational phase of buildings [59] and distributed
energy sources are considered [60]. The overarching performance assessment of
energy infrastructure developments including the production, operation and end-
of-life stage has been evaluated by only a few researchers [55, 61, 62]. However,
these studies then to focus only on single energy systems (e.g.: PV) [62, 63].

A general conclusion drawn from these studies [61, 63] is that renewable en-

34



Methodology

ergy systems consume a reasonable amount of primary energy during its produc-
tion phase. At the end-of-life, recycling of these equipment will also be cumber-
some [64]. Latunussa et al. [64] state that given the already installed PV panels
and its predicted growth in Europe, by 2050, the quantity of waste PV panels
that should be recycled is estimated to be 9.57 million tonnes. Thus, in making
long-term decisions, evaluating the energy infrastructure development initiatives
over the entire life-cycle is crucial. In literature, few studies emphasized the im-
portance of including life cycle analysis in decision-making tools [37, 65]. The
lack of documented literature on methodologies, tools and best practices [44] is
considered a contributory factor for the deceleration in realizing energy neutral
neighborhoods. There is an opportunity and also a requirement for assessment
methodologies in order to deploy clean energy technologies in the most suitable
manner [52].

Therefore, this chapter presents the scenario analysis for realizing energy
neutral neighborhoods in the life cycle perspective as a decision-support method.
This facilitates the possibility of estimating the effects of different transition
scenarios and gives the opportunity to the decision maker to identify the best-
value compromise.

2.2 Proposed Methodology

The above-discussed factors lead to the questions; how to evaluate the perfor-
mance of building neighborhoods with different sustainable energy transition sce-
narios and what methods can be used to quantify the key drivers in the life cycle
perspective. This evaluation is challenging because of the several uncertain vari-
ables [51], the role of stakeholders (decision makers) [59] and the long lifespan
of buildings [37] and infrastructural energy systems [65]. Thus, the decision sup-
port methodological framework in the life-cycle perspective should also factor in
future uncertainties.

2.2.1 Overview

The proposed methodology illustrated in Figure 2.1 consists of four steps and
described below in detail.

• Step 1-Identification;
• Step 2-Computational analysis;
• Step 3-Performance assessment using KPIs;
• Step 4-Feasibility assessment.

It is focused on the existing building stock and can be used to analyze any type
of building or any number of buildings ranging from a very few buildings to a
larger scale.

35



Methodology

Figure 2.1: Illustration of the methodology exercised in this thesis that consist of
four steps

I. Step 1-Identification

In the decision-making process, the first step is to define the neighborhood bound-
ary with the included number of buildings. This selection is dependent on the
stakeholder inputs and building owner’s interest and willingness to participate.
Then, according to the geographical area, distinguished area-specific measures,
local knowledge and available resources, the realizable scenarios can be identi-
fied intrinsic to the neighborhood. In this context, scenarios define the different
clean energy initiatives (Example of a scenario: Individual heat pumps for each
building with solar PV on rooftops).

The neighborhood boundary selection is illustrated in Figure 2.2. The build-
ings in the neighborhood are numbered Bi where 1 < i < n. For example, build-
ings in neighborhood-1 could be privately owned by one company. Therefore, they
can establish their own energy neutrality scenarios with only these building.

II. Step 2-Computational analysis

In this step, the energy performance of the identified scenarios are estimated
using computational simulations. Prior to estimating energy performance of sce-
narios, it is imperative to know the current energy demand of the buildings. In
general, two different modeling approaches are used to estimate the demand of
the buildings namely classical and data-driven modeling [66]. Classical modeling
typically develops around the physics of the system. Building simulation tools
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Figure 2.2: Illustration of the neighborhood boundary

such as EnergyPLUS, TRNSYS can be used and it requires a large number of
building parameters. On the other hand, data-driven modeling typically start
from measurement data collected from the building energy management systems.
If sufficient data are available, this could be considered more reliable [66]. Both
of these modeling approaches can be applied in the computational analysis to
estimate and obtain the current demand profiles of the buildings. In this thesis,
only data driven modeling approaches are used.

Subsequently, the annualized energy performance of candidate scenarios is
analyzed with a developed optimization problem using the above-obtained energy
demand profiles of the buildings. For PV, energy storage and heat pump related
scenarios, it is important to have smaller data resolutions such as hourly energy
demand, so that, the intra-day dynamics can be captured. In this thesis work,
the scenario problems are formulated as a deterministic global optimization with
linear programming using the energy hub concept.

Energy hub concept: The concept of Energy Hub can be defined as a cen-
tral point where multiple energy carriers meet each other and these energy flows
can be converted, conditioned, stored and finally distributed according to the
demand requirements in an optimal manner [67, 68]. The modeling concept of
an energy hub describes the relation between input and output energy flows and
can be used to optimize the energy consumption during planning and operation.
Authors of [69] equate this to a flexible interface between different energy in-
frastructures. It is a possibility that the energy carriers exist today would be
diversified into different forms in the future. The energy hub concept could still
be used even if the forms of energy carriers change over time. Figure 2.3 illustrates
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an energy hub composite of different energy carriers which optimally coordinates
between supply and demand [70].

This concept can be designed in different spatial scales according to the re-
sources available and the level of complexity needed. In this context, complexity
refers to the number of different energy systems attached. In references [71–73]
authors have conducted their research for a residential energy hub model for
a smart home with residential combined heat and power (CHP) unit as a co-
generation technology and using plug-in hybrid electric vehicles. In reference [50]
the authors discuss the importance of integrating and managing energy from re-
newable sources in the neighborhood level using a village in Switzerland. They
have used energy hub concept to optimize the energy flows between inputs and
outputs and thereby, reduce the energy consumption. Different scenarios have
been applied by the authors for the village with a futuristic view on discontinu-
ing the fossil fuel energy carriers. This demonstrates the capability of using the
energy hub concept in different spatial levels.

The next important point to consider is the support of energy hub for large
scale renewable energy sources integration, reducing system losses and greenhouse
gas emissions. The reduction of system losses is obtained by properly coordinat-
ing, optimizing and managing the different energy carriers [69, 74]. The concept
can also be used with centralized or hierarchical optimization with distributed
energy hubs [69].

Figure 2.3: Illustration of the energy hub concept
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Energy hub modeling: This concept is not restricted to any particular size
of the modeled system [75]. It can have arbitrary number of energy carriers and
products (demand categories). The model is stated in two parts; a) the energy
(or power) flows within and b) between. The energy (or power) flows ’between’
represent the interconnections, whereas the flows ’within’ represent the energy
(or power) that can be converted to other forms [75]. The following assumptions
and simplifications are made when modeling the energy hubs:

• The steady state behavior of the system;
• The energy (or power) flows through the converters are characterized through

efficiency only;
• Losses occur in converter devices and it is considered as a percentage;
• Unidirectional power flow from input to the output of the converters, but,

bidirectional flow can also be included;
• Linearized energy storage models are included with charging and discharg-

ing efficiencies.

Power conversion and transmission: The general mathematical formulation
is presented below. First, the considered set of energy carriers ε are defined as
shown in equation 2.1.

α, β, ..., ζ ∈ ε = {electricity, heating (hot water), natural gas, hydrogen,...};
(2.1)

The flows through converter devices are formulated defining their energy efficiency
as the ratio of steady-state output and input. For example, consider a converter
device which converts an input carrier α into β. So, the coupling equation is
shown by 2.2. In this equation, P outβ and P inα are steady state output and input
powers. Cαβ is the ’coupling factor’ of the coupling or converter device. Note that
P outβ , P inα ≥ 0.

P out
β = Cαβ · P in

α (2.2)

Some converter devices have efficiencies varying throughout the time horizon (e.g:
COP of heat pumps vary with temperature variation of the source). As long as the
conversion factor is constant within the evaluated time intervals (e.g: hourly, 15-
minutes etc.), the linear representation is conserved. The general model covering
all the considered coupling devices is given by equation 2.3. The matrixC is called
the coupling matrix. Mathematically, the mapping of power flows from input to
output is described by this matrix.
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Usually, the power flows in and out of the converters, Pout,Pin ≥ 0. Nonetheless,
bidirectional power flows are also a possibility as long as the coupling device is
reversible (e.g: electrical transformer allows power flows in both directions).

From figure 2.3 it is possible to observe that the total input of an energy
carrier is split up into several converter devices. For example, natural gas input
of the energy hub can be utilized by a co-generation unit and also a gas boiler.
In this case ’dispatch factors’ need to be introduced. Dispatch factor defines the
assigning of total input to different conversion devices. Taking the same example,
from total input natural gas, a factor of ν flows to the gas boiler unit and (1− ν)
flows to the co-generation unit, with 0 ≤ ν ≤ 1.
Example:

• Input to natural gas boiler (P boiler,ingas ) = ν · P ingas
• Input to co-generation unit (P cogen,ingas ) = (1− ν) · P ingas

P outheat = P boiler,outheat + P cogen,outheat (2.4)

P boiler,outheat = ηboiler · ν · P ingas (2.5)

P cogen,outheat = ηcogen · (1− ν) · P ingas (2.6)

η represent the efficiencies of the converter devices. Each coupling factor in
the coupling matrix (C) is a product of dispatch factors and converter efficiencies.
From equation 2.5 and 2.6, it is clear that the coupling factor of gas to heat for
the boiler is the product of ν and ηboiler; likewise for the co-generation unit. The
demonstrated procedure is used to define all the power (or energy) conversion
procedures used with the modeling of energy hubs.

Next, the formulation of the power (or energy) transmission models (e.g:
pipeline networks, AC electricity grid) is performed using the physical laws such
as relation between voltage and current, pressure and flow, etc. Anyhow, a gen-
eral transmission model covering all the different flows is not available since these
relations are specific for individual systems [75].
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Optimization problem outline: With the available different energy carriers
and possible internal conversions, the energy flows can be controlled within a
certain degree of freedom. So questions arise such as; how much of which energy
carrier should consume?, how well the energy carriers be converted within?. These
questions results in an optimal system operation. The optimization of the energy
flows through energy systems, also known as ’optimal dispatch and power flow’
and sizing of the energy systems according the predicted demand categories ’op-
timal sizing’ are both performed. The optimization problem formulation consists
of the following:

a) Objective: There can be different objective functions that can be used for
the problem formulated. In this thesis, focus was drawn mainly to the costs
and CO2 emission penalization associated with energy systems considered.

b) Constraints: Generally, constraints define the feasible region of the opti-
mization problem. There are two types of constraints; equality and in-
equality. Equality constraints associated with the problem are given by the
power flow and transmission equations defined by equation 2.3. Inequality
constraints arise from sizing and physical limitations associated with en-
ergy systems (e.g: capacity of the boiler) and power limitations of the hub
inputs and network flows.

c) Problem: Minimization of objective function subjected to equality and in-
equality constraints formulate the overall problem statement.

min Obj(U):f(cost, CO2)

Subject to :equality constraints
ineuqality constraints

The above described data driven optimization using energy hub concept was per-
formed using computational simulations. All the computational simulations were
done using MATLAB R2019a and python software. After the simulations, the
resulting annualized energy performance of candidate scenarios can be visualized
as illustrated in Figure 2.4.
In this figure, base-case (Scenario-1) represents the operational phase energy con-
sumption of the current practice and Scenario-2 to Scenario-y represent the op-
erational phase energy consumption of the buildings with the introduced clean
energy initiatives. For example:

• Scenario-1: Individual boilers and compression chillers in each building.
• Scenario-2: Hybrid system with individual heat pumps and boilers in each

building.
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Figure 2.4: Annual energy consumption of different scenarios

III. Step 3-Performance assessment using KPIs

This step introduces Key Performance Indicators (KPIs) based on life-cycle per-
formance design so that the decision-making process encompasses life-cycle per-
spective of the scenarios. The energy consumption, CO2 emissions and associated
costs of energy systems during the pre-utilization stage (cradle to gate), opera-
tional stage (energy consumption of the buildings and maintenance of equipment)
and end-of-life stage (recycling or demolishing of equipment) is included in this
analysis. Here, equipment exemplify boilers, chillers, PV panels, heat pumps etc.

Life Cycle Performance Design (LCPD): LCPD is a commonly used
method for evaluating the performance of an asset over its entire lifetime [37].
LCPD has been used over a long period to analyze the performance of building
materials [76]. Recently, infrastructure services such as electricity and gas also use
this method to analyze the performance over the life cycle of infrastructure appa-
ratuses [76]. Even though there is no definite classification, LCPD studies can be
categorized into two major streams namely, Life Cycle Performance (LCP) and
Life Cycle Costing (LCC) [77]. LCP can be further divided into Life Cycle Energy
Analysis (LCEA) and Life Cycle Carbon Emission Assessment (LCCO2A) [37].
On a border perspective, LCP is the evaluation of total environmental impacts
associated with products and services during the lifespan [77]. Over the life cy-
cle, evaluating the energy consumption as a resource input and evaluating the
CO2 emissions as an output is represented by LCEA and LCCO2A respectively
[37]. Figure 2.5 illustrates the classification of LCPD exercised in this chapter.
The LCPD associated with energy infrastructure (specifically electricity, gas and
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thermal energy) at building and neighborhood levels is the emphasis of this work.
Relatively a very few number of scientific papers can be found on neighborhood
level system-wide energy demand and environmental performance analysis in the
life cycle perspective [55] and they are mostly heterogeneous [78]. Lotteau et al.
[78] have addressed the LCE and CO2 emissions of 21 different neighborhoods
summarizing 14 related research papers. Anyhow, scenario analysis with energy
transition is not studied in these papers.

Figure 2.5: Classification of LCPD exercised

Key Performance Indicators (KPIs): Quantifiable measures used to
evaluate the key performance of a product or process are KPIs [50, 51]. The
literature states, KPIs have been used on different occasions in order to identify
potential improvements associated with buildings [79] and energy systems [80].
While some researchers imply close monitoring of achievements by KPIs is needed
to identify the feasibility of distributed energy systems [80], others emphasize
the importance of including KPIs in planning tools [81] and identifying different
stakeholder characteristics [82].

To evaluate the level of sustainability and reflect on the development road-
map of sustainable energy systems, life-cycle performance can be introduced as
KPIs. These KPIs (Figure 2.6) for the analysis of buildings and local energy sys-
tems can be categorized under two main scopes: economic and environmental.
The combination of economic and environmental dimensions claimed to comple-
ment each other in the long run. The resulting performances of the scenarios
can then be represented by a performance matrix as demonstrated in Table 2.1.
When all the scenarios are analyzed without giving a preference, the decision-
maker is well-informed about what other scenarios are capable of and what the
opportunity losses (Table 2.2) are when compared with the other scenarios. The
opportunity loss calculation is shown with equations 2.7.
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Opportunity loss = Actual Value− Best Value
Best value (BVj) = Minimum value of each performance category j

e.g.: BVLCE = min(LCE1, LCE2, ..., LCEm)

(2.7)

Figure 2.6: Examples of KPIs

Table 2.1: Performance matrix

Life cycle energy Life cycle CO2 Life cycle costs
Scenario-1 LCE1 LC(CO2)1 LCC1

Scenario-1 LCE2 LC(CO2)2 LCC2

... ... ... ...
Scenario-m LCEm LC(CO2)m LCCm

Table 2.2: Opportunity loss matrix

Life cycle energy Life cycle CO2 Life cycle costs
Scenario-1 LCE1 −BVLCE LC(CO2)1 −BVLC(CO2) LCC1 −BVLCC
Scenario-2 LCE2 −BVLCE LC(CO2)2 −BVLC(CO2) LCC2 −BVLCC
... ... ... ...
Scenario-m LCEm −BVLCE LC(CO2)m −BVLC(CO2) LCCm −BVLCC
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Most of the decision-making procedures found in the literature start with the
decision-maker’s interest [59, 83, 84]. Thereby, some of the best value-compromise
options could be exterminated. The role of the decision-maker (building owners,
consultants, policy-makers) influences the acceptance of certain trade-offs and
selection of the scenarios. For example, the building owners are most interested
in the least cost scenarios while policy-makers are interested in the lowest CO2
emissions related scenarios.

It is important to recall that, the whole process followed is a deterministic ap-
proach [85]. In long-term analysis, there are always uncertainties attached with
some parameters such as energy carrier prices, primary energy factors, carbon
emission factors, etc. Even though the variations of these parameters can be in-
cluded to some extent with knowledge-based investigation, the calculations still
encompasses an incompleteness. The term ‘knowledge-based’ denote the values/-
parameters obtained with a thorough study of available facts and information. An
example visual representation of the incompleteness of calculations is presented
by Figure 2.7.

Figure 2.7: The incompleteness of calculated parameters

In literature, Monte Carlo simulation is considered a best-practice to assign prob-
abilistic descriptions [83, 86]. Monte Carlo analysis samples uncertain parameters
based on a probabilistic distribution [86]. Therefore, incompleteness of the calcu-
lated parameters can be incorporated using Monte Carlo analysis; this describes
the generation of N random samples within the assumed probability distribu-
tions for the uncertain parameters. Thereby, deviation of the results calculated
and the most significant uncertain parameters can be observed as illustrated in
Figure 2.8.
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Figure 2.8: Probabilistic analysis representation - deviation of the results

IV. Step 4-Feasibility assessment

Finally, the robustness, the risks and barriers in realizing the scenarios are an-
alyzed using a multi-criteria decision-making process named Kesselring method
or Economical-Technical evaluation method. This step is an engineering assess-
ment rather than a scientific method. This is a simple but very effective support
mechanism for the decision making. This method forms the basis of the German
Design standard VDI 2225 (1998) and can be used for conceptual design of flex-
ible energy infrastructure [87]. This method formulates the analysis taking into
account the objectives to be achieved, the available resources, and the prevailing
boundaries.

The technique first defines key performance indicators in a way that it makes
a possibility to visualize the valuation of a variant and splits the associated KPIs
[79, 80] under two different groups, namely functional and realizational. The
functional KPIs are all aspects with regard to the operational stage of the sce-
narios. Realizational KPIs represent the technical aspects which are not directly
related to the usage phase but the pre-utilization phase of the energy systems.
After indicating all the relevant KPIs under functional or realizational category,
the method defines a scoring system which ranges from 1-4 (Table 2.3) to be
allocated for each KPI.

The method states that the judgment scale range from 1-4 is sufficiently
accurate as a larger differentiation could suggest an accuracy that cannot be
met. Other than that, the even number of value possibilities make it impossible
for the decision-maker to assign a neutral valuation, thereby, forcing to make a
choice.

46



Methodology

Table 2.3: Scoring system

Value
judgement

Sufficient More than
sufficient

Suitable Most
suitable

Number 1 2 3 4

Accordingly, the determined scores for each KPI are summed for each scenario.
The total score of the functional and realization criteria is expressed as a percent-
age of the maximum score to gain. Thereby, the overall points for each scenario
can be demonstrated in a so-called S-(Stärke) diagram [88] as shown in Figure
2.9. In this diagram, the diagonal represents the most satisfying, balanced con-
dition. The closer the variants are to this line and closer to the 100%, the better
the satisfaction and feasibility. A limit on the selection is given with the border
line of 40% on x and y axes and 55% on x+y value as shown in Figure 2.9. The
diagram converse the feasibility of the different scenarios (A to F) and what im-
provements should be made either in realizational or functional point of view.

Figure 2.9: Kesselring s-diagram representation: A-F represent the different sce-
narios

This whole methodology brings forth the life cycle point-of-view of sustainable
development while effectively helping all the involved parties to understand the
consequences of different scenarios before making decisions.
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2.3 Chapter Conclusion

An assessment methodology for realizing energy neutral neighborhoods with sce-
nario analysis is proposed in this chapter using life cycle point-of-view. The
methodology presents a four-step framework. The first step identifies area spe-
cific scenarios with a location analysis and stakeholder inputs. The second step
comprises of the formulation of the optimization problem and computational sim-
ulations of the identified scenarios. These simulations were performed only for the
operational phase of the scenarios. However, in order to avoid different types of
trade-offs, comparing the scenarios in a life-cycle viewpoint is important. There-
fore, cradle-to-gate and end-of-life stage energy and environmental impacts are
included in the next step. This helps the decision-maker to prioritize the prefer-
ence according to LCC, LCE or LCCO2 performance. The fourth step pertains
to feasibility assessment of the scenarios using Kesselring method.

The proposed methodology is providential since energy neutrality is an objec-
tive of the European building directives. When the pre-utilization and end-of-life
stage of the energy systems are introduced in the decision-making procedure,
it provides sufficient awareness to the decision-maker of how much energy, CO2
emissions and costs are actually involved in the total transition process. This is
rarely found in the currently available decision-making methodologies. Addition-
ally, the feasibility assessment contributes to attaining robust energy systems in
practice. The energy transition is taking place at a moment when a considerable
proportion of the installed central generation plants, transmission and distribu-
tion network assets (e.g: gas pipes) reach the end of their usable lifetime [67].
This could be seen as a great opportunity to modernize the decentralized supply
systems, develop the building-neighborhood levels and make the neighborhood
more resilient.

Nevertheless, the existing neighborhoods cannot be easily transformed to en-
ergy neutral. Apart from the economic barriers, some technological as well as
operational barriers also could interrupt the developments. High penetration of
PV panels mimicking the ‘duck curve’ upsetting the balance of the grids with
excess generation during daytime and creating steep evening ramps is one of the
technical problems that has been identified [89]. Installation of energy storage
and controllable loads at different spatial levels, for instance, residential, neigh-
borhood or city level could be a solution for these negative impacts of PV panels
[89]. All these technical, economic and environmental factors decelerate the real-
ization of energy neutral neighborhoods.

Considering all these aspects and following the proposed methodology, in this
thesis, first, the sustainable development scenarios are identified especially focus-
ing on the gas-free condition. Then, the analysis to identify energy performance
of these scenarios during the operational stage of the buildings is conducted at
individual building level and neighborhood level. Other than that, it should be
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noted, even though the methodology introduced four steps, this thesis work is
developed encircling only Step-1, Step-2, and Step-4. The life-cycle performance
assessment using KPIs which is Step-3 is part of the future work linked with this
thesis.
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3
Individual building level scenario

analysis

This chapter has been published as:

S. Walker, K. Katic, W. Maassen, and W. Zeiler, “Multi-criteria feasibility as-
sessment of cost-optimized alternatives to comply with heating demand of existing
office buildings – A case study”, Energy 187 (2019), 115968. https://doi.org/
10.1016/j.energy.2019.115968

Few changes have been made to align the article with the thesis requirements.

In this chapter the impact of switching to a greener demand side with all-
electric heating systems for existing buildings, with the current composition of the
electricity production side in the Netherlands, is discussed. Using multi-objective
computational simulations with linear programming and feasibility assessment
using the Kesselring method, the study reveals hybrid energy systems (utilizing
electricity and gas) favors over all-electric energy systems for fulfilling the heating
demand when the buildings are considered individually. This is because the switch
to an all-electric heating system translates to a shift of demand of fossil energy
from the building side to the central production side. In chapter conclusion,
possible solutions are conversed.
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3.1 Chapter Introduction

In the Netherlands, energy consumption for heating is mostly fulfilled with nat-
ural gas, and over 90% of the existing buildings are connected to the natural
gas network [18]. Though the Dutch government has come up with legislation to
ensure new buildings which are permitted after 1st of July 2018 must be built
without natural gas connection, achieving the same in existing buildings present
an enormous challenge. This is because the transition to a gas-free energy infras-
tructure necessitates intense modifications of the existing energy systems inside
and outside buildings [84]. With this in mind, it is thus essential to analyze dif-
ferent energy scenarios [2] for individual buildings and building neighborhoods
[60] with uncertainties before initiating major changes.

At present, collective heating using low-temperature networks [11, 90, 91] at
the neighborhood level and the integration of the heating sector with the elec-
tricity grid [21, 92, 93] at individual building level are two major possibilities
for the fossil-fuel-free transition of the heating sector. In the Netherlands, the
transition at the moment is more focused on the dwelling level [94] using individ-
ual all-electric energy systems. Since the existing projects inside the country are
more focused on individual dwelling level [94], this chapter discusses the effect of
energy systems on individual building level. (Please note that considering build-
ings at the neighborhood level is out of scope in this chapter). With the notion
of reducing fossil fuel utilization through electrifying the heating demand of indi-
vidually considered buildings, heat pumps [26, 92] are gaining large ground inside
the country. The associated total CO2 emissions [95] make electrical heat pumps
an attractive choice [26]. Concerning the aspects of supply/demand management
and operation, thermal energy storage (TES) [90, 96, 97] associated with heat
pumps could also be a key additive to an optimized heating energy system of
buildings (especially when considering the commercial/office buildings).

TES temporarily holds the thermal energy in either hot or cold form for
the utilization at a later period [98]. Since TES performs as a buffer between
demand and supply, it can help in load balancing and peak shaving [90] and im-
proving energy flexibility [6]. The local utilization of non-dispatchable renewable
energy sources such as PV could also be improved at the building level when TES
systems are coupled with heat pumps [98]. In the Netherlands, aquifer thermal
energy storage (ATES) is popular with building heating and cooling applications
[99, 100]. However, ATES is used with large-scale buildings [101], and due to the
fact that aquifers are also limited by geographical locations, water tanks may
provide an alternative option to assist the heating process of buildings. Gener-
ally, literature found on water tank based applications are limited to residential
uses [98, 102, 103] and most of the time, are connected with solar collectors
[104] or gas-fired boilers as the charging source of the tank. If connected with
a heat-pump as the charging mechanism of the water tank [105], it is possible
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to provide low-temperature (in the range 40-600C supply) space heating to the
buildings adequately. Above discussed alternatives for fossil-free transition has
always been solely focused on transitioning the demand side and making build-
ings greener. Most of these existing literature fails to give proper attention to the
assessment of feasibility of these alternatives and the impact it can create on the
other systems/infrastructure. For example, utilizing heat pumps create additional
electricity consumption. If all the buildings use these heat pumps simultaneously,
it is at the moment not sure that the current electricity grid can cope with such
a mass increment in peak loads [95]. Moreover, total replacement of natural gas
consumption with electricity is also debatable [94]. One reason for the insufficient
literature on feasibility analysis of gas-free alternatives could be the scarcity of
coming across actual cases where gas consumption is completely discontinued.

In order to analyze the alternatives or scenarios to fulfill the heating demand
either with gas, hybrid (gas and electricity) or all-electric, a scenario-based as-
sessment is required at early stages before taking any important decisions [106]
to change the energy infrastructure. Nevertheless, in these scenario-based as-
sessments, a large number of assumptions and uncertainties are associated in
parameter selection [107]. Therefore, an information contradiction occurs where,
almost no certain evidence is available, but, decisions have to be taken [106]. A
qualitative feasibility assessment is meant to overcome this problem by providing
an adequate explanation to the decision-makers by communicating the benefits
and consequences [106]. As an important step in the decision-making process
that has been overlooked in most of the existing studies, this chapter discusses
the feasibility assessment of different scenarios to satisfy the heating demand of
an existing office building in the Netherlands using a multi-criteria feasibility as-
sessment technique named ‘Kesselring method’ [55, 88, 108]. The base case which
discusses the existing gas-boiler based energy system of the building is compared
with a hybrid (gas and electricity) scenario and all-electric options which includes
heat pump and TES systems. The analysis incorporates the Dutch governments’
legislation requirement for buildings.

3.2 Method and Models

The method exercised to compare the scenarios is summarized in Figure 3.1. It
consists of three steps:

• Step 1-Identify building characteristics and define scenarios;
• Step 2-Computational simulation and performance assessment of defined

scenarios;
• Step 3-Performance assessment and feasibility analysis.

The focus of the methodology is on the existing buildings, and it is possible to
use this framework for any individual building (houses or commercial buildings).

53



Individual building level scenario analysis

Figure 3.1: Illustration of the method

3.2.1 Step 1: Identify building characteristics and define
scenarios

First, it is necessary to understand in-depth the existing heating technology of
the analyzed building and the associated technical parameters (e.g.: supply and
return temperature levels). Then, the energy consumption patterns of the build-
ings need to be obtained from the building energy management system (BEMS).
If this is not available, the patterns should be estimated using a suitable modeling
approach [66] and modeling tools (e.g.: TRNSYS, EnergyPlus). The design char-
acteristics of the heating energy system need to be defined based on the existing
technical parameters, current and future regulations, and decision-maker prefer-
ences [59]. For example, if the existing heating system’s operating temperature
levels are high (90/700C), it is not beneficial to introduce heat pumps directly.
Proper improvement of building insulation and reduction of supply and return
temperatures of the delivery system inside the building is necessary before intro-
ducing heat pumps. After understanding the building characteristics in-depth,
the suitable alternative scenarios for the building will be defined.

3.2.2 Step 2: Computational simulation and performance
assessment of defined scenarios

The identification of characteristics and current energy demand of the building
leads to the next step, which is the simulation and estimation of the building
energy consumption with the introduced new design characteristics and energy
systems (optimization problem for scenario analysis). The energy performance
of each scenario is then to be assessed concerning different energy carriers (gas,
electricity, etc.) and compared with the current situation. At the same time, the
modeling and identification of optimal design parameters of the introduced en-
ergy systems are allowed by the computational analysis. This section discusses
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the main concepts and the mathematical formulation of the scenarios. The formu-
lated optimization problem for scenario analysis using different candidate energy
technologies is based on the energy hub framework [70]. The different energy
systems in each scenario are scheduled in a way that the total heating demand
could be provided by this scheme. The multi-objective optimization problem min-
imizes the CO2 emissions and total annual costs (including investment costs and
maintenance costs) [109]. The described two objectives formulate the model’s
overall objective function. The design boundary parameters of the energy sys-
tems are nested within technology constraints. The mathematical formulation of
the energy systems is presented in the next subsections. In the formulation of the
conventions, an italic letter represents a scalar variable and bold letter represents
a vector. A scalar and vector annotation are made to distinguish between design
parameters of energy technologies (one single value) and optimal control of these
devices (vector with a value per sample time). The models were programmed
using MATLAB for YALMIP optimizer [110] and were solved using Mosek solver
[111]. A full horizon of 8760 hours was used with an hourly sample time (t) to
assess the model accurately. More details can be found in [107, 112].

I. Gas boiler modeling

The gas boiler was modeled with a constant nominal efficiency of 90% and con-
tains a minimum and maximum capacity constraint as described in equation
(3.1). In this case, the minimum is considered as zero. Cdboiler is a decision vari-
able which is the outlet heating power capacity of the boiler. Qd

boiler,t represents
the output of the boiler in each time interval.

0 ≤ Qd
boiler,t ≤ Cdboiler;∀t = 1, ..., 8760 (3.1)

0 ≤ Cdboiler ≤ Cmaxboiler (3.2)

Qd
boiler,t = ηboiler.Q

d
gas,t (3.3)

Figure 3.2: Considered energy flows of the storage tank
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II. Sensible heat storage system modeling

Despite the fact that heat can be stored in different forms, water-based thermal
storage is omnipresent since it is one of the most robust and simplest ways to
store heat [96, 97]. In this simulation, charging and discharging energy flows of
the water-based short-term storage tank is considered including heat losses as
illustrated in Figure 3.2. The model is described by (3.4) – (3.7).

QTES,t = QTES,t−1.(1−Decay) + ηcharge.Q
d
charge,t −

1

ηdischarge
.Qd

discharge,t

(3.4)

0 ≤ QTES,t ≤ CdTES (3.5)

0 ≤ CdTES ≤ CmaxTES (3.6)

0 ≤ Qd
charhge,t/discharge,t ≤ C

d
TES .δcharge/discharge (3.7)

CTES represents the decision variable of energy storage capacity. Additionally,
ηcharge/discharge symbolize the charging and discharging efficiencies which is a
representation of the charging, discharging losses of the tank. The charging/dis-
charging rate and stored energy decaying rate is presented by δcharge/discharge
and ’Decay’. The charging, discharging efficiencies and decay rate are defined
based on the work of Murray et al. [107].

III. Heat pump modeling

Ground source heat pump assumed to be favorable for the case study building
over air source due to the low air temperature levels during the winter period.
Charging of the tank is scheduled with the operation of the heat pump. According
to legislation, in order to prevent bacteria conditions of hot tap water, at least a
temperature of 600C is required. Some can argue, it is possible to provide 600C
with the heat pumps. However, the COP of the heat pump decreases significantly
with increased supply temperatures. Therefore, in this study, it is taken that the
heat pump supply temperature is designed to 500C. For scenarios where the
gas boiler is not present, hot water demand is considered to be provided by
an auxiliary electric heater. The capacity constraints used in the modeling of
the heat pump is represented by equation (3.8). In this equation, the heat pump
thermal output power capacity (CHP ) is a decision variable. For the optimization,
an average coefficient of performance (COP) over the full heating season or a
seasonal performance factor (SPF) [113] is used.

0≤ Qd
HP,t ≤ CdHP (3.8)

0 ≤ CdHP ≤ CmaxHP (3.9)

Qd
HP,t = SPFHP.P

d
HP,t (3.10)

56



Individual building level scenario analysis

IV. Chiller system modeling

Chiller was modeled similar to the boiler with a constant energy efficiency ratio
(EER) of 3 and described in equation (3.11). Cdchiller is a decision variable, which
is the cooling power capacity of the chiller. Qd

chiller represents the output of the
chiller in each time interval.

0 ≤ Qd
chiller,t ≤ Cdchiller (3.11)

0 ≤ Cdchiller ≤ Cmaxchiller (3.12)

Qd
chiller,t = EERchiller.P

d
chiller,t (3.13)

V. PV panel output

If the building already owns PV panels on rooftops and if a building energy
management system (BEMS) exists, it is possible to obtain the actual solar pre-
diction data from the BEMS. Otherwise, for the case studies in the Netherlands,
the hourly PV electricity production can be calculated using the global radiation
values obtained from KNMI (Koninklijk Nederlands Meteorologisch Instituut)
and the rooftop area available for solar installation. In this study, the PV pro-
duction values were directly obtained from the BEMS. The case study building
has 16.9 kWp installed capacity of PV panels, which counts for 65 PV-panels of
1.5 m2 each.

VI. Energy grid modeling

In the simulation model, electricity and natural gas grid are included. If the PV
panels produce excess electricity, it is assumed that the excess production from
PV is sent back to the grid without any restriction.

VII. Energy balance

The three energy demand categories, electricity, heating, and cooling are simulta-
neously balanced including the constraints discussed above to ensure the supply
meets demand at each time interval. The general balance equations used are
presented in (3.14) – (3.16).

QHeating,t = Qd
boiler,t + Qd

HP,t + Qd
discharge,t −Qd

charge,t (3.14)

QCooling,t = Qd
chiller,t (3.15)

PElectricity,t = Pd
grid,t −Pd

HP,t −Pd
chiller,t + PPVout,t (3.16)

The space heating, cooling, and electricity demand (including appliances and
lighting) of the building is represented by QHeating, QCooling, and PElectricity
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respectively. The hot water demand (QHW ) is known annually. Therefore, it is
not included in the optimization. The calculations for hot water demand was done
separately and added to the final result. The model itself prioritizes the scheduling
of the energy systems at each time step based on the objective function.

VIII. Objective function

Equations (3.17) – (3.23) demonstrate the objective function of the scenarios
which minimizes both the system costs and carbon emissions. The total system
cost (CTotal) comprises of CInvestment which is the sum of the annualized invest-
ment costs of each energy technology utilized, COMF which is the fixed operation
and maintenance costs, and the variable costs (CV ) which are the costs for uti-
lizing electricity and natural gas.

In equations (3.17) – (3.21), ‘i’ represent the set of energy conversion and
storage technologies utilized per evaluated scenario. ACF is the annualized cost
factor calculated based on the lifetime of the energy technologies and discount
rate (r). In equation (3.18), Costunit represents the capital costs per unit of
capacity installed, and Capunit represents the capacity of each technology. OMF
is the fixed operation and maintenance costs.
The variable cost (CV ) is calculated as shown in equation (3.21). For each energy
carrier, the grid energy consumption in kWh is multiplied by the tariff accord-
ingly. The computation model uses a constant tariff structure for grid electricity
(Electricityprice = 0.20 e/kWh) and natural gas (Gasprice = 0.076 e/kWh).

CTotal =
∑
i

CInvestment,i +
∑
i

COMF,i + CV (3.17)

CInvestment,i = Costunit,i.Capunit,i.ACFunit,i (3.18)

ACFunit,i =
r

1− 1
(1+r)lifetime,i

(3.19)

COMF,i = OMFunit,i.Capunit,i (3.20)

CV =

8760∑
t=1

GridGas(t).Gasprice +

8760∑
t=1

GridElectricity(t).Electricityprice (3.21)

Apart from the total costs, minimization of the total annual CO2 emissions is
also an objective. In equation (3.22), the energy consumption of each energy
carrier (electricity and gas) is multiplied by the carbon emission factors (CF in
kg-CO2/kWh).

CO2,Total =

8760∑
t=1

GridGas(t).GasCF +

8760∑
t=1

GridElectricity(t).ElectricityCF

(3.22)
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Once both the objectives are defined, the overall objective function is defined
as shown by equation 3.23. In the equation, α represents the weighting factor.
When set to one, the objective focuses on the minimization of CO2 emissions and
when set to zero, the optimization only considers the cost objective. To solve the
multi-objective case, α is increased in 0.1 intervals from 0 (cost-optimal) to 1
(CO2 optimal), thereby, calculating the Pareto optimal solutions.

Obj : min (1− α).CTotal + α.CO2,Total (3.23)

3.2.3 Step 3: Performance assessment and feasibility anal-
ysis

In the Netherlands, for both residential and non-residential buildings, the gov-
ernment has imposed some indicators in the vision of realizing ’almost energy
neutral buildings’. This is a translation of the current energy performance build-
ing directive (EPBD-2010). These requirements are called the Bijna Energieneu-
trale Gebouwen (BENG) criteria [45]. The criteria is composed of three indica-
tors namely, the energy requirement (kWh/m2.year), primary fossil energy use
(kWhprimary/m2.year) and share of renewable energy (%). In order to benchmark
the performance of the analyzed scenarios against the government requirements,
in this study, the BENG indicators were calculated for each scenario (Equa-
tions (3.24) – (3.26)). Energy requirement, which is hereby named as BENG-1,
presents the energy need for heating-cooling and lighting in the building per gross
floor area (GFA). The primary fossil energy (PFE) use which is hereby named
as BENG-2 counts the primary energy use for heating-cooling, hot tap water,
lighting, ventilation, and humidification while subtracting the renewable energy
(RE) component. RE presents the on-site energy production by renewable energy
sources such as PV and the heat pump extracted heat from soil or air [46]. Please
note that BENG criteria is under development and not definite yet. The criteria
which are currently in operation is used in this analysis and can differ in the
future.

BENG− 1 =
Energy(Heating+Cooling +Lighting)

GFA
(3.24)

BENG− 2 =
PFE(Heating + Cooling+ HotWater + Lighting + Ventilation + Humidification)-RE

GFA
(3.25)

BENG− 3 =
RE

TotalPFE+RE
(3.26)

Table 3.1 presents all the model parameters, the government regulation (BENG)
requirements need to be achieved for an office building (over 100 m2 gross floor
area) and the relevant reference sources used in this study.
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Table 3.1: Model parameters used for the study

Parameter Unit Value-2018 Ref.
BENG Criteria

BENG-1 (kWh/m2.year) 50 [17]
BENG-2 (kWhprimary/m2.year) 25 [17]
BENG-3 % 50 [17]

Economic and other parameters
PEF-GridElectricity
(Netherlands mix) - 2.56 [114]

PEF-GridGas - 1.0 [114]
PEF-PVElectricity - 1.0 [115]
CF-GridElectricity
(Netherlands mix) kg-CO2 /kWh 0.559 [116, 117]

CF-GridGas kg-CO2 /kWh 0.231 [118]
CF-PVElectricity kg-CO2 /kWh 0.000 [119]
ElectricityPrice e/kWhe 0.200 [103, 107]
GasPrice e/kWhth 0.076 [103, 107]
Discount rate % 6 [107]

Technology parameters
Thermal Storage [107]
-Investment cost e/m3 585
-OMF cost e/m3 100
-Lifetime years 25
-Efficiency % 90
Heat Pump [107]
-Investment cost e/kW 1779
-OMF cost e/kW 5
-Lifetime years 20
-SPF 3.7
PV [107]
-Investment cost e/m2 300
-OMF cost e/kWh 0.03
-Lifetime years 20
-Degradation factor years 20
Gas boiler [107]
-Investment cost e/kW 234
-OMF cost e/kW 3.3
-Lifetime years 15
-Efficiency % 90
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Multi-criteria feasibility assessment

After the performance analysis and benchmarking of the scenarios with BENG
legislation, to investigate the barriers and bottlenecks in practical realization,
a qualitative feasibility analysis is recommended. In this study, the feasibility
assessment was conducted using the Kesselring method [88, 120]. More details
about the method is presented in Chapter 2, section 2.2.1. This is sometimes also
called Economical-Technical evaluation method.

3.3 Scenario Description

This study uses an office building located in Princenhage, the Netherlands which
was originally built in the year 1993 and renovated in 2009. Current office stock
in the Netherlands can be categorized into five segments according to its size.
The selected case study building belongs to the category representing 20% of
the total office building stock in the Netherlands presented in Figure 3.3. At
the moment, the building uses conventional heating and cooling energy systems.
Heating demand is satisfied with a central heating system using natural gas boilers
and cooling demand by means of a central cooling system using compression
chillers. The energy consumption details of the building are presented in Table 3.2.
In Figure 3.4, space-heating demand variation through each season is presented.

Figure 3.3: The case study building (Left), Office building stock categorization
(Right) in the Netherlands

Table 3.2: Energy consumption of the building

Gas (MWhth/year) Electricity (MWhe/year)
Heating Hot Water Cooling Ventilation Lighting Humidification
80 2 2 18 24 11
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Figure 3.4: Space heating demand variation through each season

Figure 3.5: Illustration of A) Scenario 4 and B) Scenario 5

Table 3.3 presents the scenario description exercised in this paper as an alterna-
tive to comply with the existing heating and hot water (HW) energy systems of
the building. Scenario 2 to Scenario 5 symbolizes the alternative scenarios, and
Scenario 1 presents the current situation.

• Scenario-1: If no energy systems are changed inside the building, this
scenario evaluates the performance of the existing energy systems of the
building. Even though the building has installed PV panels already, in
Scenario 1, this was not taken into account.

• Scenario-2: This scenario evaluates the partial discontinuation of gas con-
sumption using a ground-source heat pump in combination with the exist-
ing conventional energy system (gas boiler).

• Scenario-3: In the light of reducing the grid electricity consumption of
the building after establishing the heat pump, in this scenario, PV panels
are introduced.
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• Scenario-4: This scenario evaluates the complete discontinuation of natu-
ral gas consumption of the building. To completely discontinue the natural
gas consumption, a heat pump system together with water-based thermal
storage is investigated. The building already has an energy label of ’C ’.
Therefore, further improvement of the building envelope to reduce heating
demand or further reduction of temperature levels of the distribution sys-
tem were not considered. This scenario is illustrated in Figure 3.5, A). An
electric boiler is considered to fulfil the hot water demand.

• Scenario-5: Figure 3.5-B) presents energy flows and the candidate tech-
nologies of this scenario, which is an adaptation of Scenario 4, including
PV panels.

Table 3.3: Energy system description of each scenario

Technology Scenario
-1

Scenario
-2

Scenario
-3

Scenario
-4

Scenario
-5

Gas Boiler X X X
Electric boiler
(HW)

X X

Heat pump X X X X
TES X X
PV X X

3.4 Results and Discussion

Based on the scenarios described in section 3.3, and using the case study build-
ing’s information, computational simulations were conducted for each scenario
separately and the results were benchmarked with BENG criteria.

3.4.1 Scenario-1
Table 3.4: Scenario 1 - BENG criteria results

Criteria Unit Current (Required)
BENG-1 kWh(th+e)/m2.year 64 (50)
BENG-2 kWhprimary/m2.year 133 (25)
BENG-3 % 0 (50)

The building’s heating demand is fulfilled by conventional boilers (capacity - 90
kW). The effect of the existing energy systems on BENG criteria calculation is
shown in Table 3.4.
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3.4.2 Scenario-2

This scenario evaluates a series of hybrid cases where the boiler and heat pump
operates in parallel to fulfil the heating and hot water demand of the building.
The heat pump capacities and the boiler capacities are decision variables from
optimization according to the used weighting factor of the objective function.

Figure 3.6: Scenario-2 computational simulation results

Figure 3.7: Scenario-2 BENG calculation results

64



Individual building level scenario analysis

Figures 3.6 and 3.7 show the resulted values from simulation and the calculated
BENG criteria accordingly. The figures demonstrates that a significant improve-
ment in CO2 emission reduction can be obtained by introducing the electric heat
pump. However, only the BENG-1 criteria can be achieved with the combined
heat pump and boiler scenario when the heat pump capacity is above 14 kW.

3.4.3 Scenario-3

In this scenario, PV panels were introduced to the flat rooftop of the building.
Despite the fact that the renewable energy percentage increases and the primary
fossil energy consumption decreases compared to scenario-2, the benchmark reg-
ulation cannot be met even after introducing PV panels (Figures 3.8 and 3.9).

Figure 3.8: Scenario-3 computational simulation results

Another interesting fact was observed in the computational simulation of
both scenario-2 and scenario-3. When the weighting factor increases from zero
(cost-optimal) to one (CO2 optimal), the energy system varies from an all-gas to
an all-electric system while increasing the utilized heat pump capacity. However,
beyond the 48 kW heat pump capacity point, the calculated values for BENG
indicators almost stabilizes. Along with that, the CO2 emission reduction also
becomes unlikely to decline, yet, the annualized costs increase drastically. This
observation indirectly indicates that an all-electric energy system does not provide
the maximum benefits with the current energy mix in the Netherlands. A hybrid
energy system with boiler and heat pump could be optimal for the existing grid
structure.
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Figure 3.9: Scenario-3 BENG calculation results

However, the Dutch government already decided to start disconnecting the gas
connections to the buildings. Therefore, all buildings in the Netherlands are forced
to move towards gas-free alternatives in the near future. Thus, in the next sce-
nario, a thermal storage system is introduced along with the heat pump to fulfil
the total heating demand of the building using electricity.

3.4.4 Scenario-4

Figure 3.10: Scenario-4 computational simulation results
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Figure 3.11: Scenario-4 BENG calculation results

Figures 3.10 and 3.11 illustrate the computational simulation results obtained
with varying thermal storage dimensions. In this case, the hot water demand
was assumed to be fulfilled with an electric boiler. With higher thermal storage
capacities, a slight increase in the CO2 emissions is observed. This is due to
the high frequency of charging and discharging and the associated losses which
make slightly high consumption of electricity. Nonetheless, BENG-2 and BENG-3
criteria cannot be met in this case.

3.4.5 Scenario-5

Figure 3.12: Scenario-5 computational simulation results
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Figure 3.13: Scenario-5 BENG calculation results

Figures 3.12 and 3.13 demonstrate the results obtained for scenario-5, which is a
combination of thermal storage, heat pump, and rooftop mounted PV. A similar
approach is followed as of scenario-4. However, none of the analyzed scenarios
could meet the BENG-2 and BENG-3 criteria.

3.4.6 Selection of energy systems

The Pareto optimal solutions [121] obtained for each scenario with different com-
binations of energy systems is illustrated in Figure 3.14. From these combinations,
one set from each scenario (summarized in Table 3.5) was selected observing the
CO2 emission reduction and associated costs. This selection can be of the inter-
est of the decision-makers such as policy-makers, consultants, or building owners
[115]. In this study, costs and CO2 emissions were given similar priority. There-
fore, the selection was made for α equals 0.5 in the objective function (3.2.2). For
all scenarios it can be seen, beyond the selected points, the observed CO2 emission
reduction is not significant, but, the annualized costs are high.

Table 3.5: Resulted energy systems for each scenario

Unit Scenario
-1

Scenario
-2

Scenario
-3

Scenario
-4

Scenario
-5

Gas Boiler kW 90 50 50
Heat Pump kW 40 40 55 54
TES m3 3.5 4
PV kWp 16.9 16.9
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Figure 3.14: Pareto optimal solutions of each scenario (selected points for the
feasibility analysis are marked in red)

3.4.7 Multi-criteria feasibility assessment

Next, the selection phase to decide on a timely and pragmatic scenario will be pro-
ceeded through the feasibility assessment using the Kesselring method. The KPIs
used for the assessment under the categories functional and realizational are listed
in Table 3.6, and the relevant score given for each alternative is demonstrated. In
this table, scenarios are presented with a ’S’ symbol. Figure 3.15 illustrates the
calculated operational stage CO2 emissions and energy costs of the scenarios. It
demonstrates a clear reduction in CO2 emissions for the PV introduced scenarios
when compared with the current case. However, almost similar behavior of annu-
alized costs and CO2 emissions were observed for the hybrid and all-electric cases.
This is because, in all-electric scenarios, the fossil-fuel demand which was previ-
ously on the building side has now shifted to the central electricity production
side.

After applying the Kesselring evaluation, the resulted S-diagram is shown in
Figure 3.16. In this figure, the diagonal represents the most satisfying, balanced
situation. The closer the scenarios are to this line and closer to the 100%, the
better the satisfaction and feasibility of the scenarios are. This feasibility study
resulted in a more contradictory result than expected as scenario 2 and 3 lead
to be the highest feasible energy systems. One may think all-electric systems
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Figure 3.15: Operational stage energy costs and CO2 emissions of the scenarios

Figure 3.16: Kesselring S-diagram for the feasibility study

are preferable than gas consumed energy systems. However, the computational
simulation identified that all-electric scenarios using only electric heat pump could
not give significantly better results when a gas boiler is present.
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Table 3.6: Kesselring assessment

KPIs Scenario
S-1 S-2 S-3 S-4 S-5

Functional requirements
Ease of operation and maintenance 4 4 3 2 2
Annualized operation and maintenance costs 4 4 2 3 1
Energy costs – operational stage 1 2 4 2 4
Environmental impacts – operational stage
CO2 emissions

1 2 4 2 4

System reliability – susceptible to failure 4 4 3 3 3
Noise disturbance 4 3 3 3 3
Acceptance with energy transition 1 2 3 4 4
Total score functioning (max score -28) 19 21 22 19 21
Score as a percentage (%) 68 75 79 68 75
Realizational requirements
On-site execution time 4 2 2 1 1
On-site execution space requirement 4 2 2 2 2
Resource feasibility 4 4 4 4 4
Aesthetic – outside appearance of the building 4 3 2 3 2
Investment cost 4 2 2 2 1
Adaptability of the system to the current situa-
tion

4 4 4 2 2

Adaptability of the system to future variations 1 2 3 4 4
Environmental impacts – post utilization 4 3 1 3 1
Technical maturity of energy technologies 4 4 4 4 4
Total score realizing (max score -36) 33 26 24 25 21
Score as a percentage (%) 92 73 67 69 58

Other than that, the feasibility study discovered that scenario 2 and 3, which
are hybrid scenarios with a combination of gas and electric energy systems, are
the most agreeable with the existing energy mix in the Netherlands.

3.5 Chapter Conclusion

This chapter discussed five scenarios to comply with the heating demand of an of-
fice building in the Netherlands. First, the energy characteristics of the building
have been identified using the data extracted from the BEMS. Second, multi-
objective optimization has been performed for each scenario and suitable capac-
ities for each energy system have been identified. Then, the results have been
benchmarked against government regulations (BENG criteria). Finally, using the
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results obtained from the computational analysis, a qualitative multi-criteria fea-
sibility assessment has been performed by means of the Kesselring method for the
five scenarios. The analysis discovered hybrid scenarios, which are a combination
of natural gas and electricity is in favor with the existing characteristics of the
building. Apart from this finding, when benchmarking the results with the gov-
ernment regulations, it was found out that the primary fossil energy requirement
(BENG-2) is far from attainment.

The reasons for the higher feasibility of hybrid energy systems compared to
the all-electric systems and the impossibility to reach BENG-2 is because higher
demand for electricity translates to higher demand of fossil fuel as input for elec-
tricity generation. Currently, majority of the Netherlands’s electricity demand is
fulfilled by coal and natural gas power plants. This reason has created the car-
bon emission factor for grid electricity to be 0.559 kg-CO2 /kWh, which is a high
number than most found in the other European countries (Ex: Austria- 0.151,
Belgium- 0.224 kg-CO2 /kWh, etc.). Apart from the carbon emission factor, an-
other reason could be the primary energy factor (PEF) for grid electricity, which
is a measure of the efficiencies of the power plants. At the moment, the primary
energy factor for grid electricity counts 2.56 for the Netherlands. Nevertheless,
this PEF value and carbon emission factor reduce with the number of renewable
energy sources penetrate to the grid.

This study was conducted for one office building. A similar study conducted
for a dwelling showed related results which is not discussed in this chapter. Even
though it is not possible to come to an overall conclusion about the whole building
stock in the Netherlands just by evaluating one-two buildings, it is safe to mention
that excluding natural gas consumption remains a questionable solution unless
alternatives are fully justified.

Considering these reasons, one possible solution to overcome these problems
and move towards gas-free demand side is to reduce the existing energy (heating)
demand of the buildings. This would be a possibility by improving the building
insulation. This requirement indicates the buildings should reach higher energy
labels than label ’C’. Another option would be to fulfill the heat demand by
using collective low-temperature heating strategies. Low-temperature heating also
requires refurbishment of buildings to discard the potential mismatches between
heat emitters inside the buildings and heating network.

Another possibility to cope up with the above mentioned problems, is to in-
crease the autonomy or self-sufficiency of the buildings. So that, the PV produced
electricity is utilized maximally by the building and reduce the consumption from
the national grid. This is challenging because, utilization of energy by dwellings,
and other commercial buildings, have different demand patterns compared to the
renewable energy generation profiles. Therefore, when analyzing methods to im-
prove the self-sufficiency, rather than considering dwellings in isolation, allowing
exploration at the neighborhood level could be beneficial. Moreover, making use
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of smart-control strategies with demand prediction can also help in improving
the energy self-sufficiency in new dimensions.
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4
Increasing self-sufficiency and

flexibility of individual buildings

This chapter has been published as:

R. Cox, S. Walker, J. van der Velden, P. Nguyen, and W. Zeiler, “Flattening
the electricity demand profile of office buildings for future proof Smart Grids”,
Energies 2020, 13(9), 2357. (https://doi.org/10.3390/en13092357)

Few changes have been made to align the article with the thesis requirements.

The built environment has the potential to contribute to maintaining a reli-
able grid at the demand side by offering flexibility services to a future Smart Grid.
In this chapter, an office building is used to demonstrate forecast driven building
energy flexibility by operating a Battery Electric Storage System (BESS). The
objective of this chapter is, therefore, to reshape and flatten the building elec-
tricity demand profile with the operation of the BESS. First, electricity demand
forecasting models are developed and assessed for each individual load group of
the building based on their characteristics. Then, an operational strategy is devel-
oped aiming at meeting flat-electricity load shape objectives. Both the simulation
and experimental results show that the flattened load shape objective could be
met for more than 95% of the time for the evaluation period without compromis-
ing the thermal comfort of users. Accurate energy demand forecasting is shown
to be pivotal for meeting load shape objectives.
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4.1 Chapter Introduction

The European Union agrees on drastically lowering CO2 emissions in order to
mitigate the effects of climate change [122, 123]. Currently, in the Netherlands,
electricity generation is mostly achieved by means of fossil fuels and is responsible
for a significant portion of the total emissions [124]. To get aligned with the Eu-
ropean targets an energy transition is necessary within the country wherein more
sustainable energy generation must be integrated into the grid to decarbonize the
grid [23, 125]. Transitioning towards a low carbon society is not just limited to
sustainable generation; energy saving on the demand side is even more important
[126]. Transport and the energy consumption of the built environment account
for about 24% and 36% of the total final energy consumption in the Netherlands
and are therefore responsible for a large part of the emissions due to the used
fossil-fuels [124, 127]. It is evident that an effective transition to a sustainable
future also requires technologies on the demand side [115, 128] that can be pow-
ered by Renewable Energy Sources (RES) such as electric heat pumps [26, 129] to
fulfill the heating demand of buildings, and electric vehicles for transport [130],
in the Dutch context [125].

A transition to a more sustainable energy generation is expected to bring
about a variety of challenges. Firstly, the foreseen large scale deployment of RES
may seriously affect the stability of energy grids [6, 131]. An increase in power
grid-connected RES results in a change in power generation characteristics and
grid operation [132]. In contrast to conventional fossil power plants, RES are
often relatively small power generators and are distributed throughout the low
voltage and medium voltage grid [133]. When RES are integrated into the built
environment, buildings will both consume and supply energy to the grid and be-
come active ‘prosumers’ [134]. This creates multi-directional energy flows on the
medium and low voltage grid levels [135]. Additionally, through the continuing
electrification of space heating by heat pumps and transport by electric vehi-
cles, the pressure on the transmission and distribution grids will increase further,
thereby increasing the risk for congestion [92, 136].

A specific problem that can be encountered is the risk of “over-generation”
with the increasing penetration of solar photovoltaics (PV). The Californian Inde-
pendent System Operator published the “duck chart” which shows during spring-
time a significant drop in mid-day net load as more PV is added to the system
[89]. This introduces a huge problem in ramping up the generation as PV power
production rapidly decreases as the sun sets in the evening. Notably, no research
reports, papers, or other documents were found which describe the duck curve
or a similar problem explicitly in the Dutch context. However, a quick analysis
of the installed PV capacity growth over the years and the grid loads in the
Netherlands indicate that the problem nurtures as the current PV growth trend
progresses. Large scale integration of PV generation could also lead to local prob-
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lems. The decentralized generation of PV power could lead to over-voltage and
congestion in the low voltage network when there is high PV power generation
but low demand [137].

All the aforementioned problems call for more intelligent ways of consuming
electricity. One possible way is a Smart Grid [138] where both demand and local
production in the distribution grid is controlled in order to stabilize the grid.
Many definitions of a Smart Grid exist. According to the Institute of Electrical
and Electronics Engineers (IEEE) [139], the Smart Grid has come to describe
a next-generation electrical power system that is typified by the increased use of
information and communication technology (ICT) in the generation, delivery and
consumption of electrical energy. The future power grid is expected to provide
unprecedented flexibility in how energy is generated, distributed and managed
[140]. The Dutch branch organization of energy network operators (Netbeheer
Nederland) estimates that the total need for flexibility will double towards 2030
compared to 2015, and increases even further by a factor of 3 towards 2050 [141]
for the Netherlands.

Power system flexibility can be brought by a variety of different interventions
from both the supply and demand-side [142]. The traditional approach is supply-
side flexibility, which could be delivered by supply-side energy storage, power
plant response, through curtailment of variable renewable electricity generators
or dedicated power plants such as combined heat and power (CHP) and combined
cycle gas turbines [142]. The demand side, which includes the built environment,
can also adapt its electricity demand according to grid needs through the adoption
of Demand Side Management (DSM) programs. Gellings [143] describes DSM as:
“the planning and implementation of those electric utility activities designed to
influence customer uses of electricity in ways that will produce desired changes
in the utility’s load shape”. Techniques such as peak shaving and valley filling
could be used to accomplish the objective load shape [144] especially with the
use of storage systems. The built environment could thereby provide energy flex-
ibility, which is defined by the International Energy Agency (IEA) Annex 67 as a
building’s ability to manage its demand and generation according to local climate
conditions, user needs and grid requirements [145].

Building energy flexibility is not just limited to the utilization of storage
systems but also energy systems inside the buildings to create a balance with
the building-integrated renewable energy production. Out of the energy systems
present in a commercial office building, Heating Ventilation and Air Conditioning
(HVAC) [146] systems account for approximately 63% of the energy requirements
(in the Netherlands in 2017) [127]. Therefore, employment of HVAC systems for
realizing demand-side flexibility (DSF) services is interested and driven by the
following factors [147]:

• They are equipped with automation and control systems that enable im-
plementation of strategies for DSF actuation;
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• They have significant thermal inertia, thereby they can function as a buffer
for the electricity grid for short periods of time by reducing air handling
unit (AHU), chiller or heat pump loads;

• They have continuous control systems that allow for operational cycle mod-
ification for energy advantages, rather than on-off control.

The significant energy demands and the aforementioned control advantages make
the HVAC systems and energy storage systems effectively provide energy flexibil-
ity and management services for the built environment. Buildings could, therefore,
offer DSF by manipulating installations to respond to power system requirements
by increasing or reducing electricity consumption patterns while maintaining a
comfortable and productive environment for the occupants [135]. Additional DSF
could also be delivered through the control of lighting and plug-loads [148].

To provide the above-mentioned decision-making requirement, it is necessary
to perform accurate short-term and small-scale electricity load forecasting on sub-
system levels of individual buildings [149]. The energy behaviour of a building
is influenced by many factors, such as weather conditions, building construction,
the thermal properties of the building, the occupancy, and occupant behaviour.
Forecasting sub-system level loads are therefore considered a complex and chal-
lenging problem [149]. Yet, this type of demand predictions could have a valuable
contribution to maintaining a reliable electricity grid.

Contributing to solving the mentioned problems, the objective of this research
is to identify and implement the building energy management opportunities with
a sub-system level electricity demand prediction and a battery electrical storage
system (BESS). The goal is to stabilize/flatten the building energy demand profile
to demonstrate energy flexibility for a future Smart Grid without compromising
user comfort.

4.2 Method and Models

This section first introduces the case study building and its electrical load groups.
Subsequently, three steps are described in the methodology used:

• Step 1: Prediction models are established for each load group and the
performance metrics that are used to analyze prediction accuracy are de-
scribed;

• Step 2: The operational strategy of the Battery Electric Storage System
(BESS) is described alongside key performance indicators (KPIs) that are
used to quantify the impact of the energy flexibility provided;

• Step 3: The implementation procedure in the real BMS system is described.
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4.2.1 Case-study building

The case study office building is located in The Netherlands, which is a Eu-
ropean country with a temperate oceanic climate (Cfb type) according to the
Köppen–Geiger climate classification [150]. The office was built in 1993 and can
be described as a traditional office building. The building has an approximate
floor area of 1500 m2 and a practical maximum occupancy count of 35 [135].
The building is provided with a photovoltaic system and a BESS. An impression
of the building is shown in Figure 4.1. A general overview of the loads of the
building is shown in Figure 4.2.

Figure 4.1: (Left) Impression of the building. (Right) BESS installed inside the
building

Figure 4.2: Electrical load diagram of the building - Categories: Lighting, Plugs,
AHU & control, Cooling, Electrical storage, and PV system
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A detailed description of the subcomponents of the building follows:

(a) AHU and HVAC control unit: The ventilation system of the building
is designed for two functions: refreshing the air in the building and transporting
the desired cooling capacity into the building. This group is composed of a variety
of different components including supply and return fans, HVAC controls, a heat
recovery wheel, and the pumps for the heating system and cooling system.

(b) Chiller: The chiller is an electric, double-stage air-source compression
cooling machine. It is an on-off operated machine, which means that it starts
and stops multiple times per hour depending on the cooling load. This cooling
machine is equipped with a small buffer. The distribution system supplies cold
temperature to the rooms utilizing water-to-air after-coolers.

(c) Lighting: The building is largely equipped with fluorescent lighting. One
office space has an LED lighting system with motion sensors and the ability to
individually set light temperature settings for each workplace.

(d) Plug loads: These loads consist of all the remaining electricity consum-
ing devices such as computers, printers, coffee machines, etc.

(e) PV system: The case study office has 65 solar Photovoltaic (PV) panels
on its roof, with 260 Wp per panel, corresponding to a total installed capacity of
16.9 kWp, with a 15 kW inverter. Each solar panel is individually optimized to
its Max Power Point (MPP) with the use of DC/DC optimizers.

(f) Battery Electric Storage System: The building is equipped with a
Nilar NiMH Battery Electric Storage System (BESS) with 48 kWh of storage
capacity. The power conversion system is formed by the combination of a bi-
directional inverter and transformer in a single cabinet. The advantage of this
configuration is that the equipment can be disconnected completely. This prevents
unnecessary power loss when the battery is not utilized. Table 4.1 provides an
overview of the specifications of the Nilar BESS and energy conversion system.

The method used to ultimately flatten the electricity demand profile for the case
study building consists of three steps elaborated in Sections 4.2.2–4.2.4.

4.2.2 Step 1: Establish prediction models

Building electricity demand predictions are an essential part of developing a desir-
able control strategy. The total electricity consumption of the case study building
consists of 5 major load groups and a BESS which were extensively monitored.
Due to the different behavior of all load groups, different prediction methodolo-
gies are proposed depending on the group’s characteristics. An advantage of this
approach is that the cause of prediction errors is easier to trace back to the load
groups which are inaccurately predicted, after which the model could be adjusted
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Table 4.1: Battery storage and conversion system specifications

System Technical Features Value Unit

SUNSYS-PCS2-33TR
(bi-directional inverter
and transformer)

Maximum current (DC) 80 Adc
- limited in setup to 35 Adc
Maximum current (AC) 53 Arms
Rated current (AC) 48 Arms
Rated power (AC) 33 kW
Maximum efficiency 97 %
European efficiency 96 %

Nilar ECI-600V—48 kWh
(BESS)

No. of battery packs 40
System voltage 600 V
Rated capacity 80 Ah
Energy 48 kWh

or optimized. Another argument for predicting each load group separately is that
relatively simple prediction methods could be used which are specifically designed
for predicting the loads of a particular load group. This also makes practical im-
plementation of the predictions in the Building Management System (BMS) more
transparent.

A priori knowledge obtained through inspection of the building’s individual
load groups and their characteristics enabled the construction of the prediction
models as presented. Figure 4.3 illustrates the overview of sub-loads and corre-
sponding day-ahead prediction models.

Figure 4.3: Overview of the sub-loads and corresponding prediction models
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On the other hand, large fluctuations in loads such as the chiller make it excep-
tionally difficult to accurately predict electricity demands intra-hourly. Conse-
quently, predictions in this study are generated for all load groups on a 1 hour
resolution. BMS data from 1 January 2017 to 31 December 2018 are used in the
establishment of the prediction models except for Solargis® predictions for the
outdoor temperature and PV yields. The Solargis data-set contains data from 25
May 2018 to 4 April 2019 (∼ 10 months).

(a) AHU and HVAC control unit:
For this load group, a parametric approach is chosen because of the characteristic
S-shape of the data (see Figure 4.4). Parametric modeling techniques involve two
steps [151]: first identifying the function form, and then fitting the parameters of
the mathematical model. In order to determine a better fit for the mathematical
model, the natural logarithm of the data-set is taken, which is also known as a
variance-stabilizing transformation.

Figure 4.4: Natural logarithm of demand variation in the air-handling unit (AHU)
and the Heating Ventilation and Air Conditioning (HVAC) control unit with
respect to the outdoor temperature (Toutdoor).

Data points with an energy demand < 4 kWh.h–1 are considered outliers and
were removed from the dataset. The data in Figure 4.4 are plotted in an S-shape.
This shape can be described mathematically by combining a logistic function
and parabolic function. The transformation of this combined equation back to
the scale of the original dataset is achieved by exponentiation. The final equation
to predict the AHU and HVAC control unit energy demand (EAHU&controls) as
a function of the ambient temperature (Toutdoor) is given by Equation 4.1. In
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the equation, symbols A,B,C, α, β, and γ represent the fitted parameters of the
logstic and parabolic functions.

EAHU&controls,t=i = exp
(

(A · T 2
outdoor +B · Toutdoor + C)·[

α+
β

1 + exp(−γ · (Toutdoor − δ))
])

[kWh.h-1] (4.1)

(b) Chiller:
Figure 4.5 shows a scatter plot of the hourly electricity demand of the chiller as a
function of the outdoor temperature. Considering the shape of the data, a linear
regression model will be used in this case. Engineering expertise also tells us that
measurements at the previous time step (t-1) may have the largest impact on
the building cooling load at time t [152]. Therefore, one of the proposed models
is a multi-variable linear regression model that uses a time series of Toutdoor
as an input and provides a prediction for the chiller’s energy demand at t = i
(Echiller,t=i) as the output.

Figure 4.5: Demand variation of the chiller with respect to the outdoor temper-
ature

The mathematical definition of this model is shown in Equation 4.2. By fitting
the coefficients ai to the data-set, a single equation is obtained which is capable of
providing predictions. The number of terms/variables that should be included in
the model is determined through k-fold cross-validation [151] with k = 10. Note
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that k-fold cross-validation is used for the establishment of the chiller model.

Echiller,t=i = a0 + a1 · Toutdoor,t=i + a2 · Toutdoor,t=i−1
a3 · Toutdoor,t=i−2 + ...+ an · Toutdoor,t=i−(n−1)[kWh.h-1] (4.2)

(c) Plug loads and lighting:
Occupancy is known to be related to plug loads [153]. However, because the day-
ahead occupancy cannot be predicted accurately, an approach is chosen wherein
the future plug load and lighting demand are based on (recent) historic demands.
The proposed model makes energy demand predictions for an hour i(Epred,t=i),
based on the historic demands of the same clock hour. This model predicts hour
i based on the power demands at hour i of the N most recent workdays when
predicting workdays, likewise for weekend days. Equation 4.3 describes the model.
In this equation, 24 describes the number of hours per day. This prediction model
is hereby named the “recent day model”.

Epred,t=i =

∑N
k=1(Et=i−24∗k)

N
(4.3)

(d) Photovoltaic panels:
Solargis® [154] is a Slovakian company that provides solar, weather, and PV
yield forecasts for almost any location on earth. The case study building has
been using its services since May 2018. Solargis® provides both temperature
and PV yield predictions on an hourly basis for every hour of the day and up to
48 hours ahead.

(e) Outdoor temperature:
Some of the aforementioned models use the outdoor temperature as a predictor
variable. Making future predictions with these models, therefore, requires outdoor
temperature predictions. Solargis® services are again used to provide predictions
for the outdoor temperature. The data obtained are post-processed with elevation
correction and bias correction [154].

I. Performance evaluation of predictions

The performance of the prediction models requires quantification. This is achieved
by introducing various error metrics [29]. Two types of error metrics are used:
those without dimensions (without units) and those with dimensions (with units).
Error metrics without dimensions are essentially normalized errors which are
necessary for comparing results with studies with different sized installations
[155]. To normalize the data, error metrics with dimensions use the sum of all
measured points or the average of all measured points in their denominators. This
denominator has a downside when interpreting these error metrics for parameters
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such as the temperature or when assessing the seasonal performance of the PV
predictions, since there is the possibility that the temperatures of a dataset, for
example, may average to approximately 00C in wintertime, which in turn gives
an unreasonable scaling to the performance metrics. Choosing an error metric
with dimensions omits this problem and gives an intuitive value with units.

(a) The Coefficient of Determination (R2)
R2 evaluates how much of the variability in the actual values is explained by the
model [151]. Generally, R2 takes a value between 0 and 1, wherein 1 represents
the best performance. It should be emphasized that while R2 is a powerful metric
when assessing linear models, it is an inadequate measure when assessing non-
linear models [156]. R2 is therefore only used for the assessment of the chiller
model in this research. The mathematical definition of R2 is given by Equation
4.4.

R2 = 1−
∑N
i=1(xi − x̂i)2∑N
i=1(xi − x̄i)2

(4.4)

Where; x̂i is the predicted value for data point i (e.g.: power demand), xi is
the measured (observed) value for data point i, and x̄i is the mean of all observed
values in the dataset.

(b) The Weighted Average Percentage Error (WAPE)
The WAPE describes the average magnitude of error produced by the model,
relative to the measured values. It is widely used as a performance measure in
forecasting, since it is easy to interpret and understand [157]. This metric is robust
to outliers. Forecasting is best when the WAPE is close to 0. Equation 4.5 shows
the mathematical definition of the WAPE [157], for xi ≥ 0.

WAPE =

∑N
i=1

∣∣∣ x̂i−xi

xi

∣∣∣xi∑N
i=1 xi

=

∑N
i=1 |x̂i − xi|∑N

i=1 xi
(4.5)

(c) The Coefficient of Variation of the Root Mean Square Error
(CVRMSE)
The CVRMSE is a performance metric that penalizes larger errors more than
the WAPE [158]. The American Society of Heating, Refrigerating, and Air Con-
ditioning Engineers (ASHRAE) recommends CVRMSE values below 30% [159]
for hourly predictions and so this standard is also adopted in this research. The
mathematical definition is provided in Equation 4.6 [158].

CVRMSE =

√∑N
i=1(x̂i−xi)2

N

x̄
(4.6)
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(d) The Mean Absolute Error (MAE)
The MAE is the average of the absolute difference between the predicted values
and observed value; see Equation 4.7 [160]. The closer the value is to 0, the better
the prediction performance.

MAE =

∑N
i=1 |x̂i − xi|

N
(4.7)

(e) The Root Mean Square Error (RMSE)
The RMSE is the same as the CVRMSE, except for scaling by the average of all
observations; see Equation 4.8 [161].

RMSE =

√∑N
i=1(x̂i − xi)2

N
(4.8)

(f) The Mean Bias Error (MBE)
The MBE indicates whether a forecasting model, in general, tends to overestimate
or underestimate in comparison to the actual values [155]. This metric could
then be used to correct such systematic deviations. The MBE can be calculated
according to Equation 4.9 [161].

MBE =
1

N

N∑
i=1

(x̂i − xi) (4.9)

II. Total demand prediction of the building

Finally, in order to predict the total day-ahead (lead time: 24 h) electricity de-
mand of the building, the established prediction models for all load groups and So-
largis® temperature and PV prediction services are integrated into one combined
model (see Figure 4.6). The predictions are performed each day at hour 00:00 and
error metrics are computed. The data-set used in the integrated model consists
of Solargis® and historic building energy demands from May-25th to April-4th
2019. MATLAB is used for the integration of the models and assessment of the
data. After combining the predicted energy demands of each sub-component, the
resulting total building demand prediction with the hourly resolution data in
kWh.h-1 is taken as the power demand in kW.
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Figure 4.6: Total demand prediction of the building

4.2.3 Step 2: Establish the operational strategy and BESS
simulations

The objective of this study is to stabilize/flatten a building energy demand profile
during office work hours using a BESS. Peak shaving and valley filling are neces-
sary to meet the load shape objective. A peak refers to a significantly higher power
demand than desired, and a valley to a significantly lower power demand than
desired. Before peak shaving and valley filling can be considered, a ‘desired power
demand profile’ of the building should be established. A comparison between
the actual building load and the desired load then allows for the identification
of peaks and valleys. Instead of the term ‘desired power demand’, henceforth,
the term ‘baseline’ (BL) is used. An illustrative example of a BL which is set
between hours 07:00 and 17:00 (working hours of the building) is shown in Fig-
ure 4.7. By charging and discharging the BESS, load shape objectives can be
met. In principle, this baseline can be developed to reflect the different objectives
of the building owners such as maximizing self-energy consumption, minimizing
electricity costs, and matching flexible Smart Grid demands.

The operation of the BESS relies heavily on the established BL. When the
baseline is too high, power demands are unnecessarily high, and the BESS may
not be able to fill all valleys. On the other hand, when the BL is too low, the
BESS may not be able to deliver the power necessary to shave all the peaks.
Another important parameter that is dependent on the baseline (and vice versa)
is the initial state of charge (SoCini) of the BESS before the load balancing period
starts. In this case, the load balancing period starts at hour 07:00. The mutual
dependence of BL and SoCini calls for a strategy to determine the best balance.
The steps taken to determine the best balance are described below. For both
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Figure 4.7: Peak shaving and valley filling depending on the established baseline

workdays and weekend days, the predictions are calculated at hour 00:00 for the
upcoming 24 h and then used when determining the BL and SoCini.

I. Workdays

The determination of suitable values for the BL and SoCini is a dynamic process
performed by using the established energy predictions for each day. On the other
hand, battery operation is constrained to work between a 0.8 SoC and 0.2 SoC
margin, which means a capacity of ∼ 28.8 kWh out of the total 48 kWh is available
for operation throughout the day. The other operational constraints, e.g., the
limited number of charging cycles, which affect the degradation of the battery
are not taken into account.

The algorithm starts at 00:00 by receiving the predicted energy demand pro-
file for the upcoming day. Based on the maximum predicted power demand of
the prediction profile, a series of test baselines (BLtest) are generated as shown in
Figure 4.8(a). Next, for different SoCini values ranging from 20% to 80% (20%,
30%, . . . , 80%), the charging and discharging patterns of battery storage are eval-
uated for each BLtest profile as illustrated in Figure 4.8(b). For the evaluation,
the charging efficiency is taken as 85.5%, and the discharging efficiency is taken
as 95%.

For each case, the cumulative energy which could not be delivered by the
BESS to shave the peaks throughout the day, denoted by Xdischarge (read: ‘in-
ability to discharge’), and the cumulative energy which could not be stored by the
battery to fill the valleys throughout the day, denoted by Xcharge (read: ‘inability
to charge’), are calculated. Performing the simulations for each case results in a
complete overview with all different combinations of BL and SoCini, and corre-
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Figure 4.8: (a) Principle of defining test baselines based on the maximum pre-
dicted power demand (b) Peak shaving and valley filling depending on the test
baseline and building energy demand forecast

sponding values for Xdischarge and Xcharge. This information forms the basis in
order to decide which case is expected to perform the best. Then, the chosen BL
and SoCini are used for the operation of the specific workday.

II. Weekend days and holidays

The operational strategy of the weekend/holiday is to maximize PV self- con-
sumption and prevent net power injection into the grid, meaning BL = 0 kW is
chosen for weekends. At hour 00:00, an energy demand profile of the building is
generated based on the predictions for the upcoming 24 hours. By using these en-
ergy predictions and the assumed charging efficiency of the battery, the expected
required storage capacity of the battery to prevent net injection between hours
07:00 and 17:00 is estimated. From this, the required SoCini is calculated. Figure
4.9 shows a visual representation of an example weekend day.

An illustration of the operational strategy to maintain the flattened demand
profile on weekdays and weekends/holidays is shown in Figure 4.10. Before im-
plementing it in the real building, the prediction models that are established in
Section 4.2.2, the operational strategy and algorithm to determine the BL and
SoCini, as well as a BESS model are implemented in MATLAB.

Even though the demand predictions are carried out with hourly resolution
data, after the determination of the required baseline (BL) and SoCini, oper-
ational strategies are simulated with the highest-resolution data available, i.e.,
1-min resolution data. This is because, control of the real system occurs on the
time scale of seconds rather than hours. Furthermore, battery behavior can only
be accurately modeled when simulating with very high-resolution data. After sim-
ulation of the power flows in the BESS, the 1-min operation data are averaged
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Figure 4.9: Foreseen excess photovoltaic (PV) production depending on building
energy demand forecast on weekend days and holidays

Figure 4.10: BESS operational schedule

to 15-min resolution data. The 15-min resolution is of interest because national
electricity grid balancing in the Netherlands is carried out in time blocks of 15-
min (clock quarters), also known as the program time unit (PTU) [162]. It is,
therefore, acceptable to assess the performance of flexibility efforts at the same
resolution.

III. Assessment of operational strategy

Because this research focuses on assessing the building’s electrical energy flexi-
bility, key performance indicators (KPIs) are chosen wherein the actual impact
of energy flexibility is quantified. Important KPIs that evaluate overall building
energy performance and which are used in this research are:

• KPI 1: Total energy consumption (excluding PV power generation) [163].
In this paper, this is limited to electricity only;
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• KPI 2: Exported electricity (feed in from the building’s PV system into
the AC grid) [163];

• KPI 3: Imported electricity (power from the grid) [163];

• KPI 4: Battery Electric Storage System (BESS) losses;

• KPI 5: Self-consumption [164];

• KPI 6: Self-sufficiency [164];

• KPI 7: Percentage indicating the proportion of working hours wherein the
baseline is successfully maintained.

Furthermore, a qualitative assessment is included using the load duration
curves only for working hours and for both working and non-working hours.
In addition, similar to the load duration curve, a Baseline Deviation Duration
Curve (BDDC) is defined, since the aim of the model is to maintain the power
demand as set by the baseline for the building through the operation of the
BESS. This curve visualizes how well the system can maintain the baseline during
the operational hours. The BDDC can be constructed by calculating the offset
between the baseline and electricity consumption from the grid (Pbuilding,net) for
all working hours, as shown in Equation 4.10.

Pbaseline,deviation,t=i = Pbuilding,net,t=i − Pbaseline,t=i [kW] (4.10)

Then, the values of Pbaseline,deviation are sorted in descending order. This leads
to a curve that is analogous to the load duration curve. The obtained Baseline
Deviation Duration Curve visualizes how well the BESS strategy can maintain
the baseline.

4.2.4 Step 3: Real Building Management System (BMS)
implementation

The final step concerns the practical implementation of the prediction models, al-
gorithms, and BESS control strategies in the InsiteView® Building Management
System (BMS). The BMS platform coordinates sensor-based measurements, ac-
tuators, and monitoring data at all operational levels in the building and provides
an environment where advanced control algorithms can be implemented. After
beta testing for ∼ 4 weeks, an experimental phase was conducted for 13 days,
from 7 August 2019 to 19 August 2019.

An overview of the general methodological steps that are used to structure
Section 4.2 and the results (Section 4.3) is provided in Figure 4.11.
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Figure 4.11: Summary of the methodological framework

4.3 Results

The results are discussed following the steps described in Section 4.2.2 to 4.2.4.

4.3.1 Step 1: Establish prediction models

(a) AHU and HVAC control unit: Parametric model
As mentioned in Section 4.2.2, from the scatter plot obtained for the energy de-
mands of the AHU and HVAC control unit load group (EAHU&controls) against
the outdoor temperature (Toutdoor), a parametric approach was considered for
demand prediction. Figure 4.12 shows the results of the curve fitting, where (a)
shows the measurements and fitted curve, and (b) the residuals. The fitted param-
eters to Equation 4.1 are provided in Table 4.2. Thereby, the parametric model
is represented by Equation 4.11.

EAHU&controls,t=i = exp
(

(0.0075 · T 2
outdoor − 0.3576 · Toutdoor + 123.8934)·[

0.0156 +
−0.0016

1 + exp(−(−1.0342) · (Toutdoor − 21.2692)

])
[kWh.h-1] (4.11)
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Table 4.2: Numerical values for parameters

Parameter Value
A 0.0075
B -0.3576
C 123.8934
α 0.0156
β -0.0016
γ -1.0342
δ 21.2692

Figure 4.12: (a) Final function fit power demand for the AHU and HVAC control
unit during office hours. (b) Residuals plot

A major factor for the deviations from the function fit above the curve is
found to be the opening of the variable air volume (VAV) valve depending on the
indoor CO2 concentration. The error calculation metrics for the fitted curve are
a WAPE of 2.81% and a CVRMSE of 4.36%. Since these values are in line with
the requirements, the model is considered accurate enough for its predictions.

(b) Chiller: Multi-variable linear regression
For chiller demand prediction, multi-variable linear regression is used. The re-
sults of the k-fold cross-validation for different numbers of variables involved in
the regression formula (see Equation 4.2) are shown in Figure 4.13. Overall, the
performance is very similar regardless of the number of variables involved. At
first, there is a (slightly) increasing performance when using one variable com-
pared to two variables. This behavior is in line with the literature claiming that
temperatures at previous time steps (t-1) may have the largest impact on the
building cooling load at time t [152]. Including more variables in the regression
results in unexpected behavior; at first, the performance decreases, and then it
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appears to increase again. Since this observed behavior cannot be proven, the
sudden increase in performance using ≥ 6 variables is thought to have a mathe-
matical or coincidental origin rather than a physical origin.

Figure 4.13: K-fold cross-validation results for multi-variable linear regression

The results of the k-fold cross-validation for different numbers of variables in-
volved in the regression formula are investigated for up to 10 variables; see Figure
4.14.

Figure 4.14: Regression coefficients for k-fold cross-validation using 10 variables
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As discussed in the previous section, k-fold cross-validation where k = 10 is
used; this means that the process of taking the 9 training folds, determining the
regression coefficients, and then inputting the validation fold as input is repeated
10 times in total until all folds are used once as a validation set. Each repetition
of this process yields a set of regression coefficients. These regression coefficients
are plotted in Figure 4.14. It is observed that the value for a1 is nearly the same
value for all folds, indicating a low uncertainty in the value of this parameter.
The results for parameter a2 show that most values are slightly below zero, indi-
cating a weak negative correlation. For a3 and beyond, parameter values become
extremely uncertain; as shown by the distribution of values around zero, it can
be concluded that it is not even clear whether there is a small positive corre-
lation, small negative correlation, or no correlation at all. Therefore, these and
subsequent terms were not considered.

The regression with two variables reaches a local performance maximum with
an R2 value of 0.89, a WAPE of 19.7% and a CVRMSE of 27.6%. Since the best
results are obtained by using two variables, a model of the form as shown in
Equation 4.12 is used and fitted to the dataset. The corresponding coefficients
are provided in Table 4.3.

Echiller,t=i = a0 + a1 · Toutdoor,t=i + a2 · Toutdoor,t=i−1 (4.12)

Table 4.3: Fitted parameters to the multi-linear regression model

Parameter Value
a0 -10.9190
a1 0.7902
a2 -0.1223

(c) Plug loads and lighting: Recent day model
The results of the performance assessment for the lighting and plug load pre-
dictions according to the model described by Equation 4.3 are shown in Figures
4.15 and 4.16. The performance for all hours (= working + non-working) of the
dataset is shown in blue, and the prediction performance for only work hours, is
shown in orange.

The predictions show a sharp increase in performance between N = 1 and N
= 2 for both lighting and plug loads. Using multiple historic data points for the
prediction of a future data point is thought to have a stabilizing effect because
the outliers which may be present in the historic data are combined with more
representative historic values. The predictions, which are made by taking the
average of these historic data points, are therefore less affected by outliers.
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Figure 4.15: Performance assessment of predictions for lighting loads

Figure 4.16: Performance assessment of predictions for plug loads

Both the lighting and plug load predictions reach optimum performance when
using five historic days (N = 5) in the forecast. With N = 5 for work hours, the
lighting load predictions yield a WAPE of 8.6% and a CVRMSE of 12.0%, and
the plug load predictions yield a WAPE of 10.6% and a CVRMSE of 13.8%.
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(d) PV power: Solargis®
During the night, there is no sunlight, and PV power predictions for these hours
are always zero. These predictions are of course always 100% accurate. These
predictions should not be considered in performance evaluation. Specifically, pre-
dictions which are done for hours between 17:00 and 07:00 are not included in
the Solargis® PV prediction evaluation. Prediction accuracy is determined by
comparing Solargis® predictions with the AC-side power measurements of the
PV system.

Figure 4.17 gives an overview of the Solargis® prediction performance as a
function of the lead time for the case study building. The overall performance
of the predictions shows a rapid decrease in prediction accuracy in the first few
lead hours. A peak at 5 lead hours is followed by a sharp decrease in the MAE
and the RMSE, after which a long approximately stable period follows. The peak
and subsequent decrease mark the transition between satellite-based models and
numerical weather prediction models used by Solargis® [155].

The sub-plots for the different seasons all show similar behaviour in terms of
the MAE and the RMSE. However, the MBE clearly shows different fluctuations
depending on the season and the lead time. As stated earlier, the MBE indicates
whether there is systematic overestimation or underestimation in the predictions.
In principle, the MBE can be used to easily correct prediction inaccuracy, e.g., by
subtracting the value of the MBE in case of overestimation. Due to the various
fluctuations, there will be no attempt to improve prediction accuracy through
MBE compensation. Such an analysis is beyond the scope of this research.
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(e) Outdoor temperature: Solargis®
The accuracy of the temperature predictions is assessed by comparing Solargis®
temperature predictions with the temperature measurements which are calculated
by the weather station on the roof of the building; see Figure 4.18.

The results of the analysis of the temperature forecasts for the case study
building are shown in Figure 4.19. The overall performance of all data points
is shown as well as sub-plots for the performance during the different seasons.
From the magnitude of the MAE and the RMSE (without MBE correction), it
can be seen that temperature predictions are quite accurate overall. The autumn
and winter temperatures are predicted best. The errors increase only gradually
for longer lead times. For an unknown reason, a small spike at lead time = 25 h
is observed. The behavior of the MBE in the overall assessment shows a steady
underestimation, with a value of –0.50C. Although this value is slightly changed
for the different seasons, a systematic underestimation (indicated by the “–” sign)
occurs throughout the seasons.

MBE correction can be used to improve the predictions. This is achieved
by adding a value of 0.50C to all the Solargis® temperature predictions of the
dataset. The dashed lines in Figure 4.19 show the modified results. The figure
clearly shows that the MBE has shifted upwards to the desired value of ∼ 0 0C.
The lower values for the MAE and the RMSE in all plots show that this correction
is an appropriate measure to better align the predictions with the measurements.

Figure 4.18: Weather station at the case study building
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I. Summary of sub-component prediction models

The sub-prediction models and Solargis® services that were demonstrated in
Section 4.2 form the building blocks of the complete building energy demand
prediction. A summary of the developed models and corresponding performance
metrics for each load group is provided in Table 4.4. For the purpose of this
research, the proposed model accuracies are considered sufficient.

Table 4.4: Fitted parameters to the multi-linear regression model

Load Group Model R2 WAPE CVRMSE
AHU and controls Parametric fitting N/A 2.8% 4.4%
Chiller Multi-variable linear re-

gression
0.89 19.2% 27.1%

Lighting Recent day model N/A 8.6% 12.0%
Plugs Recent day model N/A 10.6% 13.8%

II. Total demand prediction of buildings

The established prediction models for all load groups and Solargis® temperature
and PV prediction services are integrated into a combined model, wherein the
building’s total energy demand is predicted. The data-set used in the integrated
model consists of the Solargis® and historic building energy demands from 25
May 2018 to 4 April 2019. The error metrics are computed for the predictions
which are calculated at hour 00:00. Only the predictions calculated for workdays
between hours 07:00 and 17:00 are included in quantifying the error matrices.
Figure 4.20 shows the prediction accuracy of all the models on average for all the
months. Predictions for lighting and plug loads are combined and simultaneously
assessed for convenience.

From Figure 4.20(b) it can be seen that prediction errors are largest during
the summer months. Since the chiller operates the most during these months, and
with the highest energy demands, the magnitude of error is also larger. During
the colder months, the chiller is mostly in standby mode and is thus nearly per-
fectly predicted because standby power is constant. In Figure 4.20(c), the months
January and February show an above-average error magnitude. From the large
relative difference between the MAE and the RMSE, it follows that there were
a few moments with a relatively large prediction error. These are caused by the
opening of the variable air volume (VAV) valve due to CO2 concentration, which
is not a factor that is considered in the predictions.
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Lighting and plug load prediction accuracy show above-average larger errors
in January and March. As can be seen for the first day in Figure 4.21(a), and
in Figure 4.21(b), the building shows completely different behaviour compared
to expectations. Due to abnormal building operation, which is probably caused
by anomalously low occupancy, the predictions are far off, resulting in a large
prediction error. Additionally, due to the history-based model used for lighting
and plug-load predictions, these abnormal days are still incorporated in the pre-
dictions for the next day. Since data from historic days are used to make the
forecasts, this again results in the estimation of the demand in the upcoming
days. One abnormal day could, therefore, trigger a cascade of prediction accu-
racy deviation for several days. Nonetheless, overall, prediction errors for this
load group are comparatively small and prediction results are satisfactory.

Figure 4.21: Bad prediction performance in (a) 2019-January and (b) 2019-March
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4.3.2 Step 2: BESS simulations

In the previous step, multiple prediction models were developed and ultimately
combined to predict the total demand of the building. The prediction models are
integrated with the proposed operational strategy and simulated in MATLAB.
The results of the simulations are evaluated in this section. Table 4.5 provides an
overview of the assessed Key Performance Indicators (KPIs). The overview shows
that total energy consumption (KPI 1) has increased by 2.2%, which is caused
by conversion loss in the BESS (KPI 4). From a decrease of 60.9% in exported
electricity (KPI 2), it follows that the operational strategy has significantly in-
creased self-consumption (KPI 5) from 82.3% to 93.1%. Due to the storage of
this excess PV power that would otherwise be exported, the amount of imported
electricity (KPI 3) is reduced by 0.4%, as the BESS was capable of providing
(some of) the required energy. Overall, self-sufficiency (KPI 6) has increased by
2%, which means that the ratio of self-consumed electricity from PV to total
energy consumption (KPI 1) has improved. KPI 7, which quantifies the ability
of the system to maintain the baseline, shows that the baseline was successfully
maintained for 97.2% of the time on weekdays between hours 07:00 and 16:33
(see also Figure 4.10).

Table 4.5: Assessment summary

Key Performance Indicator Without
BESS

With
BESS

Difference
%

KPI 1: Total energy consumption
(excluding PV power generation) (in
this paper, this is limited to electricity
only)

55538
kWh

56781
kWh

+2.2%

KPI 2: Exported electricity (feed in
from the building’s PV system into the
AC grid)

2309 kWh 902 kWh -60.9%

KPI 3: Imported electricity (power
from the grid) 44769

kWh
44604
kWh

-0.4%

KPI 4: Battery Electric Storage
System (BESS) losses 0 kWh 1245 kWh N/A

KPI 5: Self-consumption 82.3% 93.1% +10.8%
KPI 6: Self-sufficiency 19.4% 21.4% +2%
KPI 7: Percentage indicating the
proportion of working hours wherein
the baseline is successfully maintained

N/A 97.2% N/A
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In Section 4.2.4, the Baseline Deviation Duration Curve (BDDC) was defined.
This curve provides a visual impression of the ability of the demand curve to
maintain the baseline throughout the day. Figure 4.22 illustrates the baseline
deviation.

Figure 4.22: (a) Baseline Deviation Duration Curve (BDDC) with 15 minute
resolution data. (b & c) Close-up of the corners of (a)

It is important to realize that the BESS cannot always store/deliver power
due to the applied constraints; this means that whenever the difference between
Pbuilding,net and the baseline is too small, the battery will not deliver or store
power. A slight deviation from the baseline (BL) value cannot be prevented, and
it is not a problem. This is why the tolerance band, that marks the baseline
deviation between which the deviation is considered acceptable, is defined. The
green area marks the bandwidth around the zero line of –3.51 kW to 2.85 kW.
These values naturally follow when considering the minimum requirement of a 3
kW charging/discharging power constraint before the BESS starts to operate and
charging/discharging efficiencies (85.5% and 90% are the charging/discharging
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efficiencies):

• The BESS is controlled such that it starts charging when there is at least
3 kW/0.855 = 3.51 kW of AC power available or in other words, when
Pbuilding,net - BL ≤ −3.51 kW.

• Similarly, the BESS starts discharging when at least 3 kW x 0.95 = 2.81 kW
of AC power is required by the building. This means that when Pbuilding,net
- BL ≥ 2.81 kW, then the BESS starts discharging.

Therefore, whenever the baseline deviation ≤ −3.51 kW, the BESS should
have charged to fill the valley. Whenever the baseline deviation ≥ 2.85 kW, the
BESS should have discharged to shave the peak. Finding baseline deviation values
outside of the tolerance means that the BESS was incapable of maintaining the
BL and this was not caused by the minimum power constraint.

From the parts of the load duration curve outside of the green area, it can
be seen that it was not always possible to discharge/charge to deliver/store the
power necessary to maintain the baseline. The peaks which could not be shaved
by the BESS are marked by the red area and have a total duration of ∼ 32 hours
during the evaluated period. The valleys which could not be filled by the BESS are
marked by the yellow area and have a total duration of ∼ 19 hours. Nevertheless,
it can be concluded that the system is well capable of actively maintaining the
baseline 97.2% of the time (within the green tolerance band). From Figure 4.23
it can be seen that, overall, there is a decrease in load duration of high positive
power and an increase in the duration of low positive power. This is the direct
consequence of the load balancing strategies wherein peaks are shaved and valleys
are filled.
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4.3.3 Step 3: BMS Implementation

The KPIs of the building when operating the BESS can readily be calculated
from the measurements that are extracted from the Building Management System
(BMS) during the experimental period from 7 August 2019 to 19 August 2019.
An overview of the resulting KPIs for the experimental period is shown in Table
4.6.

Table 4.6: Key performance indicator (KPI) assessment for experimental results

Key Performance Indicator Without
BESS

With
BESS

Difference
%

KPI 1: Total energy consumption
(excluding PV power generation) (in
this paper, this is limited to electricity
only)

2190 kWh 2317 kWh +5.8%

KPI 2: Exported electricity (feed in
from the building’s PV system into the
AC grid)

115 kWh 70 kWh -39.1%

KPI 3: Imported electricity (power
from the grid) 1500 kWh 1582 kWh +5.5%

KPI 4: Battery Electric Storage
System (BESS) losses 0 kWh 127 kWh N/A

KPI 5: Self-consumption 85.8% 91.3% +5.5%
KPI 6: Self-sufficiency 31.5% 31.7% +0.2%
KPI 7: Percentage indicating the
proportion of working hours wherein
the baseline is successfully maintained

N/A 96.2% N/A

After introducing the BL strategy, total energy consumption increased due
to BESS losses. Furthermore, it follows that exported electricity to the national
grid is reduced from 115 to 70 kWh, and imported electricity increased from
1500 to 1582 kWh. Self-sufficiency has increased from 31.5% to 31.7% and self-
consumption from 85.8% to 91.3%. Finally, during 96.2% of the time, the BESS
was able to successfully maintain the BL within the tolerance, thereby, demon-
strating that the load shape objectives are most often met. In the future, the
value of flexibility can be established if the relevant guidelines and regulations
are provided by the energy markets. The load duration curves for the experimen-
tal period on the real building are shown in Figure 4.24.
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The ability of the demand curve to maintain the BL is visualized in Figure
4.25 using a Baseline Deviation Duration Curve (BDDC). During 96.2% of the
time, the BL was maintained within the constraints. There was a total duration
of 3 hours wherein peaks were not shaved. However, all valleys were effectively
filled during the experimental period.

Figure 4.25: (a) Baseline Deviation Duration Curve (BDDC) for the experimental
results with 15 minute resolution data. (b & c) Close-up of the corners of (a)

4.4 Chapter Discussion

The objective of this study was to stabilize/flatten a building energy demand pro-
file during office hours by means of peak shaving and valley filling using a Battery
Electric Storage System. This was achieved by defining load shape objectives in
the form of a baseline that is determined based on electricity demand forecasts
for the building. Before doing so, predicting the electricity demand of the various
load groups in the building was achieved through relatively simple models. All
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individual prediction models of each load group proved to be sufficiently accu-
rate for use in the control strategy of the BESS. Finally, testing the operational
strategy with BESS after the predictions resulted in meeting the flattened load
shape objectives over 95% of the time in both simulations and practical imple-
mentation. The practical implementation was performed without compromising
the thermal comfort of the building users. Peak loads, which increase the risk of
congestion, were also successfully reduced both in magnitude and duration. Due
to BESS losses, total energy consumption is shown to have increased marginally.

Total energy demand forecasting of the building was achieved by combining
the separate predictions for each load group. The level of details required to
assess these separate models in order to determine the best performing algorithm
makes this approach a labor-intensive process. Even though data-driven machine
learning prediction methods are expected to increase prediction accuracy, with
the current BMS structure of the case study building, implementation of such
algorithms are not pragmatic. The prediction models that were developed in this
work were constrained by practical considerations. Nevertheless, the relatively
simple prediction models that were developed and optimized proved to be well
capable of predicting the building’s energy demands within the practical setting.
In the next chapter, incorporation of machine learning algorithms for improved
demand predictions are analyzed and discussed.

4.5 Chapter Conclusion

In the future, it is unknown whether a steady load profile as demonstrated in
this chapter will be the true load shape objective of a Smart Grid. However,
in the Dutch context, there are no operational Smart Grids exist yet that can
be used to define the load shape objective. Since the method introduced in this
chapter has proven to be successful after implementing it in the building, it is
safe to conclude that the baseline approach is adequate for demonstrating load
flexibility for a future electricity grid setting.

As an extension of this work, in the future, the baseline approach can be ex-
tended to a dynamic baseline which varies hourly depending on the grid’s needs.
BESS as well as other sources (e.g., HVAC system flexibility), could then be inte-
grated to achieve even greater flexibility. The optimal load shape could be deter-
mined based on the combination of the predicted energy demand of the buildings
or neighborhoods according to the Smart Grid’s needs. However, this work did
not include an economic assessment of a Smart Grid using PVs and a BESS. An
extension of this study could also be made with an added economic assessment.
However, in such a study, a time-of-use tariff structure and the economic value
of flexibility provided should be incorporated.

The built environment has the potential to contribute to maintaining a reli-
able grid by actively participating in future grids. The case study building pro-
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vided a perfect opportunity for demonstrating and investigating such character-
istics.
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Machine learning algorithms for

demand prediction

This chapter has been published as:
S. Walker, W. Khan, K. Katic, W. Maassen, and W. Zeiler, “Accuracy of different
machine learning algorithms and added-value of predicting aggregated-level energy
performance of commercial buildings”, Journal Energy and Buildings 209 (2020),
109705. https://doi.org/10.1016/j.enbuild.2019.109705
Few changes have been made to align the article with the thesis requirements.

As with many other sectors, to improve the energy performance and to achieve
energy neutrality requirements of individual buildings and groups of buildings,
built environment is also making use of machine learning algorithms for improved
energy demand predictions. Therefore, in this section, a number of machine learn-
ing algorithms were evaluated to understand the prediction capability of electric-
ity demand at individual building level and aggregated level in hourly intervals.
Predicting at hourly granularity is important to understand short-term dynam-
ics of demand, yet most of the neighborhood scale studies are limited to yearly,
monthly, weekly, or daily data resolutions. Learning algorithms; boosted-tree,
random forest, Support Vector Machine (SVM) -linear, -quadratic, -cubic, -fine-
Gaussian as well as Artificial Neural Network (ANN) were all analyzed and tested
for demand prediction at different spatial levels. Thereby, conclusions were drawn
based on the comparison of these algorithms.
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5.1 Chapter Introduction

Growing concern about the increase in energy demand and environmental prob-
lems have driven interest towards the buildings because buildings account for
around 40% of the final energy consumption [115, 165]. Therefore, enhancement
of energy efficiency of buildings has become a non-trivial requirement [166]. In
addition, growing penetration of building integrated renewable energy sources
and energy conversion technologies require flexibility of energy systems [167].
However, it is yet to be recognized whether the current sustainable developments
actually lead to real savings of final energy consumption and enhancement of
energy flexibility. Therefore, associated regulations have presented targets for
buildings and has led to the promotion of the concept of nearly/net-zero energy
buildings (nZEB) [168, 169].

A nZEB typically contains cohesive renewable energy sources. Usually by
adding intelligent control strategies the energy flows of nZEBs are optimally gov-
erned to achieve the load matching requirements and indoor comfort [170, 171].
Load matching is performed typically between on-site renewable generation, grid
energy consumption, and energy demand [168] with the aim of consuming the gen-
erated on-site renewable energy maximally. Nevertheless, a considerable amount
of the generated renewable energy is fed back to the grid without using locally
during the spring/summer seasons. To minimize the associated grid stress with
high penetration of renewable energy sources, it is essential to utilize the on-site
produced energy locally. This cannot be optimally achieved by existing control
strategies, which merely focus on single-building level performance [168]. There-
fore, moving the boundaries from single building level to building cluster level
is considered important to maximize the local utilization of on-site produced
energy and to increase the suppleness of non-dispatchable energy sources us-
ing energy storage systems. Effective collaborative controls between neighboring
buildings can pave the way towards zero energy neighborhoods with potential en-
ergy performance improvement of all associated buildings whether nZEB or non-
ZEBs [168]. Thus, smarter use of technologies and available renewable resources
is marked essential in achieving maximum techno-economic and environmental
benefits [172].

To dispatch the available resources effectively and to identify the overall en-
ergy saving potential, short-term and long-term estimation of building energy de-
mand is considered essential. Continuous monitoring, management, and demand
prediction also serve the purpose of providing performance targets to building
owners and facility managers. Prediction of energy demand can either be classi-
cal, using building simulation tools, or data-driven using measurement data[115,
167]. Engineering calculation and simulation model-based benchmarking cate-
gorize under classical modeling and develops utilizing the physics of buildings.
Classical modeling requires a certain amount of building parameters to acquire a
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reliable demand prediction [169]. On the other hand, given sufficient quantity of
historical data [66], statistical modeling and machine learning (ML) algorithms
which can be categorized as data-driven modeling [169] could predict future de-
mand reliably without performing an enormous amount of simulations [169, 173].
Therefore, recently, a trend has been developed in research towards estimating
building energy consumption using data-driven and time-series analysis tech-
niques [149]. In data-driven analysis, energy demand prediction is performed by
employing historical energy consumption data of buildings and other associated
parameters such as climate data through a learning process [173]. Regression
methods, artificial neural network models (ANNs), etc. [173] can be categorized
under data-driven modeling algorithms for such learning processes.

In this study, for electricity demand prediction, ML techniques are used with
time-series data. A time-series is a sequence of observations recorded over equal
time intervals [174]. For building energy demand forecast, the time-series data can
be either yearly, monthly, weekly, daily, hourly, or even smaller data resolutions
such as 15 minutes. Regression analysis for demand prediction can be named as a
common denominator for a reasonable number of research papers [158, 165, 166,
169, 173, 175]. Deb et al. [173] presented nine widely used time-series prediction
techniques for building energy consumption including the most extensively used
ML algorithms namely ANN and support vector machine (SVM). Ahmad et al.
[175] compared ANN and SVM in their study and concluded it is hard to decide
which algorithm forecasts the best. Moving towards more advanced algorithms,
Mocanu et al. [176] used deep learning auto-regressive estimation methods for
the prediction of building electricity consumption. The authors concluded that
the prediction could be improved by using extra model inputs, such as outdoor
temperature and time information (Month, Day). Several other studies [176–181]
also discussed the accuracy of different ML algorithms in demand prediction at
the building level for a certain prediction horizon. Out of them, some studies
[176–180] emphasized that ML algorithms in their basic form are difficult to use
for demand prediction. Therefore, modifying the ML algorithms from their basic
structure [176–179] has also been tried in literature to improve the energy demand
prediction and control [181] capability of the buildings. However, most of these
existing literature has focused only on single building level.

In the future, when smart grids would be in operation, it is unlikely that
the prediction and management of energy demand at single building level will
be a true objective of the network operators. Instead, the aggregated demand of
building clusters will be vital in order to improve the energy performance and to
let all buildings collaborate with each other, while cleverly exploiting each others
peaks and valleys of the demand profiles. Thereby, achieving nearly constant
demand behaviors and ultimately energy neutrality at neighborhood level.

Within the context of predicting multi-building energy use patterns, Xu et al.
[180] used ANN to predict energy demand by using prototype building models.

115



Machine learning algorithms for demand prediction

Because of the difficulty of collecting historical data of all the buildings, the au-
thors have predicted monthly electricity consumption of reference buildings first
and tried to estimate the correlation of the reference and non-reference buildings
separately. Using the data collected by the US Department of Energy’s building
performance database (BPD), Robinson et al. [166] attempted to predict the city
scale annual energy consumption of commercial buildings using ML algorithms
and a limited set of building-level features. Their paper emphasized the impor-
tance of predicting in aggregated building scale to avoid the prediction errors
of individual buildings and to obtain useful insights into cities/neighborhoods.
Using a similar database, but for both commercial and residential buildings of
New York City, Kontokosta et al. [182] predicted the annual energy consumption
using three ML algorithms. The authors emphasized citywide energy prediction
is crucial in understanding carbon reduction measures. However, these research
work which attempted to estimate energy consumption at the neighborhood/city
scale were mostly focused on long-term energy prediction (monthly, yearly). For
a future smart grid operation, to optimize load scheduling [183] and to achieve
the maximum benefits and collaboration between buildings, long-term demand
prediction would not be advantageous as of short-term demand prediction [184].
Using the New York Independent System Operator’s (NYISO) electrical load data
set, Ahmed et al. [184] conducted a study that used regression trees for demand
prediction at city level. In their study, the authors highlighted the importance of
short-term day ahead load prediction for all days of the calendar year. Another
study [185] tried to compare deep learning and machine learning algorithms at
an aggregated level for the Dutch electricity market using 15-minute demand
resolutions. This study argues that including influencing factors such as pricing
does not necessarily improve the accuracy of prediction at aggregated level, be-
cause of the growing uncertainties in the electricity-grid demand portfolio due to
predominant role of solar energy.

The aforementioned factors emphasized the necessity of reliable short term
energy demand prediction of the buildings. Robust prediction is needed for achiev-
ing energy neutrality through maximized use of on-site produced renewable en-
ergy and attaining an optimal level of energy performance. Prediction in a local-
ized context is essential to understand the energy consumption and optimization
of parameters to improve energy efficiency. On the other hand, aggregated de-
mand prediction is crucial for optimization of the market-flows and economic
feasibility (e.g.: computational cost) for distribution grid operators. Therefore,
demand prediction assessment of buildings should be at different spacial lev-
els, which are otherwise missing in the existing literature. This type of analysis
could certainly benefit neighborhoods with an already specified boundary such
as hospitals or campuses. Therefore, in this chapter, prediction of the electrical
energy consumption of commercial buildings using different ML algorithms is per-
formed locally and at building-cluster level at hourly granularity. In addition, the
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performance accuracy of these algorithms was compared using individual scale
predictions and aggregated scale predictions. In different spatial levels the type
of information needed to get an improved forecast is determined.

5.2 Method and Models

The energy demand prediction procedure using several prediction methods was
established following the five steps shown in Figure 5.1;

• Step 1: Pre-processing of raw data

• Step 2: Feature selection

• Step 3: Model development

• Step 4: Model validation and error calculation

• Step 5: Prediction

Figure 5.1: Established demand prediction procedure following five steps

5.2.1 Description of the raw data-set

This analysis is performed using actual hourly electricity consumption data of a
campus together with the attributes on building-level. The case study campus
is located in the Netherlands and mainly addresses technology companies. The
campus consists of 47 buildings with multiple buildings originating since the
foundation in 1968. The campus as a whole (not building by building) is planning
to become energy neutral before the year 2030. With this vision of becoming an
energy neutral neighborhood on its own, energy demand prediction is a crucial
matter to this campus to identify the possible renewable energy initiatives. The
geographical configuration of the campus buildings is presented in Figure 5.2,
and the overview of the existing buildings is shown in Table 5.1.

A data acquisition and control system monitors the operation of the case
study campus. Hourly operational data for electricity was collected from this
system from January 2016 to December 2018. Weather data corresponding to
this period were acquired from the KNMI (Dutch Royal Meteorological Institute)
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Figure 5.2: Case study campus

Table 5.1: Overview of the characteristics of the buildings

Building type Year built Floor area (m2) Total (m2)

Office buildings

1968 126454 249800
1991 18612
1998 1361
2005 39202
2006 19015
2007 18665
2009 20144
2013 1309
2014 110
2015 1928

Industry buildings
(ICT/Process/Storage/
Cafeteria)

1968 35674 66186
1998 11272
2005 11188
2014 4894
2015 3158

Other buildings
1968 190 1570
2008 273
2009 1107

weather station 328, which is the nearest to the campus. Having full data for
more years provide a better prediction model, which is described under section
5.2.4. Figure 5.3 illustrates the aggregated electricity consumption of the entire
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neighborhood in hourly intervals for the years 2016 to 2018.

Figure 5.3: Hourly aggregated level electricity consumption of the case study
campus for the years 2016-2018

5.2.2 Step 1: Pre-processing of raw data

Prior to the development of the model, the collected data were pre-processed to
identify whether it is needed to be cleaned. The cleaning of data was based on
two conditions, which are namely erroneous and missing data points. However,
no missing data points were identified in the data set. For this study, Lagrange
polynomial interpolation is used to eliminate the erroneous data points [180]. Er-
rors can be occurred due to instrument malfunction and equipment faults [165]. If
the time series can be presented as (x1, y1), (x2, y2), . . . , (xn, yn), the Lagrange
interpolation is formulated as presented in equation (5.1).

L(x) =

n∑
i=0

yi
∏

j=0,j 6=i

(x− xj)
xi − xj

(5.1)

In the equation, L(x) is the Lagrange polynomial, y represent the interpola-
tion value, and n is the size of the data used for interpolation. By visual observa-
tion, only a few number of erroneous outliers were identified. Then, by using the
Lagrange interpolation, the erroneous values are censored using 150 data points
before and after the erroneous outliers. In the outcome after the interpolation,
only the identified few erroneous data points were altered.
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5.2.3 Step 2: Feature selection

After the data set is pre-processed, the next step is to identify the most impor-
tant inputs or features that will affect the forecast. A feature is a variable that
contains relevant information in predicting the output [165, 180].

Based on common knowledge and understanding of building operation, weather-
related variables are considered significant as features. As weather features, out-
door temperature, dry bulb temperature, and relative humidity (RH) were cho-
sen. Prediction of energy use of commercial buildings is difficult and complicated,
therefore, other than the weather parameters, day of the week, hour of the day,
month of the year, and seasons have been used as categorical features. One in-
tervention event which is “working day”, taking only the values 1 and 0 is also
considered as a feature [174]. Other than that, in order to improve the prediction
accuracy, energy consumption related autoregressive parameters have been used;
namely the energy consumption of the previous day and energy consumption of
the previous week. The aim is to obtain a day-ahead prediction; therefore, en-
ergy consumption of previous hours was not included. Feature selection has a
non-trivial effect on the accuracy of the model [182]. Consequently, it is essential
to choose adequate yet, less number of features. By choosing a less number of
features, the model becomes more general and straightforward [166], which helps
in applying it to similar case studies.

5.2.4 Step 3: Model development

The model development aims to estimate the energy consumption of the case-
study cluster of buildings in hourly intervals. This objective is expressed in a
machine learning algorithm as follows. Given the features X and past energy
consumption data Y (equations (5.2) and (5.3)), the target energy consumption
is predicted through a trained model f(X), as illustrated in Figure 5.4.

X =

x11 x21 ... xn1
... ... ... ...
x1t x2t ... xnt

 (5.2)

Y =

y1...
yt

 (5.3)

In the matrix X, ‘1 to n’ columns represent the predictors and ‘1 to t’ rows
represent the time-frequency in the training data set. The vector of responses Y
presents the same number of observations as the rows in X. Models were developed
using the machine learning toolbox in MATLAB 2017b [186].
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Figure 5.4: Illustration of the development procedure

Since the selected case study buildings are commercial buildings, it is a possi-
bility that the functionality of the buildings differs throughout the years. Thereby,
the scales of the data-set can vary. In that case, it is important to pay attention
and standardize the collected past energy consumption data. Standardization is
the process of rescaling the data set when there are differences in scales of mag-
nitude such that the statistical properties remain approximately constant over
time. From observation, it was distinguished, data collected from 12 buildings
needed to be standardized. The standardization process rescales the distribution
such that the mean of the observed values is set to 0 and the standard deviation
is set to 1. In MATLAB black-box modeling the standardization process can be
performed.
To develop the ML models f(X) and to compare the performance, following al-
gorithms have been used mainly because of the extensive usage and performance
superiority as per literature; see Table 5.2. In general, these models attempt to
adjust the internal parameters according to the given features and past energy
consumption data, and minimize a loss function between the target values and
values predicted [166].

I. Regression decision trees

A decision tree is a non-parametric approach that identifies different ways of
splitting a data set based on conditions until the information gain is zero. Con-
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Table 5.2: ML algorithms used in literature

Algorithm Reference
Boosted Tree/ Random Forest [158, 166, 182, 187–189]
SVM [149, 158, 166, 175, 182, 188, 190]
ANN [149, 158, 187, 190–193]

struction of a tree usually inherits a top-down approach where a variable is chosen
at each step, which ‘best’ splits the set of data [151]. The ‘best’ split is distinctive
for the algorithm used. In order to predict responses, decisions are followed from
the root node to the leaf nodes [151]. Generally, there are two steps to building
a regression tree.

1. The set of possible values of the predictors, also known as predictor space
(X) is divided into J distinct non-overlapping regions R1, R2, . . . , RJ .
The regions are constructed in a way that it minimizes the residual sum of
squares given by equation (5.4);

L(x) =

J∑
j=1

∑
i∈Rj

(yt − ȳRj ) (5.4)

The mean response of the training observations within the jth region is
given by ȳRj .

2. Then, for every new observation that falls in region Rj , the prediction gives
the mean of the response values for the training observations in Rj .

The conventional regression tree algorithms suffer from over-fitting and large vari-
ance [151]. Therefore, some techniques combine more than one decision tree in
order to avoid these major drawbacks of conventional decision trees. These algo-
rithms are called Ensemble methods, where a group of weak learners is combined
to form a strong ensemble which then produces better predictive performance
[151, 194]. In this study, two ensemble regression trees namely, the boosted tree
and random forest are used for the demand prediction. Random forest is an im-
provement of the original bagged tree with a small tweak.

Generally, bag constructs deep grown trees while boost algorithms create
shallow trees. Thereby, bagged trees lead to relatively slow predictions than
boost trees. In bagging, the training data set is bootstrapped by taking repeated
samples. Thus, B number of different bootstrapped samples are generated. The
prediction is performed as discussed in conventional decision trees for all these
samples, and finally, they are averaged to obtain a single prediction as given in
equation (5.5). f̂i(x) represents the prediction of the ith bootstrap sample. The
effectiveness of the prediction is said to be higher in bagged trees [194].
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f(x)← 1

B

B∑
i=1

f̂i(x) (5.5)

Graphical illustration of bootstrap on a small sample containing n=3 observa-
tions is presented in Figure 5.5. In the figure, α represents the estimate of each
bootstrap data set.

Figure 5.5: Illustration of bootstrapping as per reference [151]

In random forest, when the training samples are bootstrapped and a number of
decision trees are made, a random sample of m predictors are used out of the full
set of X predictors, and each split in a tree is allowed to use only a subset of the
m predictors. This process makes the prediction more reliable. Unlike bagging
or random forest, which involves creating multiple copies of the original training
data set and fitting a separate decision tree to each copy, boosting works with
sequentially grown trees [151]. Here, each tree is grown with the information
obtained from previously grown trees. Thereby, each tree is fit on a modified
version of the original data set, as shown by equation (5.6). Parameter λ is a
small positive number that controls the rate at which the boosting learns and B
represents the number of trees [151].

f(x)←
B∑
b=1

λf̂i(x) (5.6)
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II. Support Vector Machine (SVM)

SVM is a robust learning algorithm for solving non-linear problems and can be
used for both regression and classification [171]. SVM is used to find an optimal
hyperplane that separates the classes with a maximum margin [151]. If the SVM
is exercised to predict a time series or real numbers, it is called support vector
regression (SVR). SVR uses the same principles as SVM. For every input param-
eter vector (X) and its corresponding output vector (Y), SVR relates the inputs
and outputs using equation (5.7) [169].

Y = W.φ(X) + b (5.7)

W represents the weight vector, and b represents the bias, which are dependent
on the selected kernel function; in this context, linear, quadratic, cubic, and
fine-Gaussian. The kernel function quantifies the similarity of two observations
[151]. Even though SVM has its advantages such as the ability to train with
a fewer number of samples and contains a fewer number of hyper-parameters
than Artificial Neural Network (ANN) [169], the computation time acts as a
significant drawback of this algorithm. In this study, SVM has been used along
with regression trees and ANN, and the performances of prediction are compared.

III. Artificial Neural Network (ANN)

ANN is a widely used model for the prediction of non-linear, complex problems
[149] and is one of the main techniques used for Deep learning. ANN models are
used for deriving meaningful information from imprecise and complicated data
[173]. An ANN is considered an expert when it is trained in a specific category
of data patterns. When using ANN, the neural network is trained on a data-
set that consists of mapped pairs of inputs and outputs. During training, each
neuron is assigned a numeric weight (W ). Together with an activation function,
these weights define the output of each neuron. ANN starts learning by adjusting
its weights iteratively, so that it can map inputs across outputs and learn from
the data-set. Once the network is trained, and the weights are specified for the
connection between the neurons, it is used for validation on a new data-set. Every
input layer neuron is connected to neurons in a hidden layer, which is connected
to the output layer neurons. A complete connection is formed from the input
layer to the output layer, as shown in Figure 5.6. Each weight is just a factor
that changes throughout the whole process until the loss function is minimized
[195].

In this chapter, a feed-forward neural network was used with a sigmoid ac-
tivation function [196] for the hidden layers and a linear function at the output
layer because it is a regression problem. Sigmoid function was used at the hid-
den layers to introduce non-linearity to the network, for learning and allowing
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Figure 5.6: Artificial Neural Network model illustration

the algorithm to generate complex mappings between the features and the out-
puts, which are necessary for forecasting complex data [197]. Out of the several
methods available for training a neural network, such as Error back-propagation,
Gauss-Newton, and Levenberg Marquardt backpropagation (LVBP), the latter
was chosen [198] as the training method of the neural network of this paper. This
is because of its faster computation capability.

5.2.5 Step 4: Model validation and error calculation

For the validation process, data collected from years 2016 and 2017 (training data-
set) were used. As the validation method for regression decision-trees and SVM
trained models, k-fold cross-validation was executed [151]. In k-fold validation,
the set of training data is divided into k-groups of approximately equal size. In this
study, the k value is equal to 10; thereby, 10-fold cross-validation is performed.
In each iteration, one group out of the k -groups is treated as a validation set, and
the rest of the k-1 groups are used to create the model. The held-out validation
group is then predicted using the created model. Likewise, the same procedure is
repeated k -times, and in each iteration, a different group is picked as a validation
set. For ANN, the validation is performed by dividing the training data-set into
two parts. From the training data set, randomly chosen 30% of data is held
without using to create the model. Then, this set of data is used to validate
and test the established model. After model creation and validation based on
2016-2017 data, the year 2018 data-set was used for demand prediction.

The accuracy of the trained model (with 2016-2017 data) and prediction (test-
error) using the unseen year 2018 data were calculated separately. The below-
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mentioned error performance matrices were used to assess the accuracy of all
prediction models. In general, for multi-step ahead forecasting as in this study,
the relative forecasting errors (MAPE) seen at the aggregated level has been quite
low (up to 5%) [199, 200] while the forecasting performance at individual level is
seen to be much higher (up to 40%) [201, 202].

I. Mean Absolute Percentage Error (MAPE)

This indicator shows (equation (5.8)) the mean percentage error between the
predicted (ŷ) and the actual (y) energy demand of the buildings on the sample
size N . If the MAPE value is less than 10%, it is considered as highly accurate,
while 11-20% is regarded as a reasonable forecast [203]. MAPE has been used as a
mean of comparison between several algorithms [204] for electricity consumption
predictions.

MAPE = 100 ∗ 1

N

N∑
i=1

|ŷi − yi|
|yi|

(5.8)

II. Coefficient of variance of the root mean square error (CV-
RMSE)

‘ASHRAE Guideline (14-2002) for measurement of energy and demand savings’
[205] presents CV-RMSE as a suitable performance calculation matrix for engi-
neering applications. CV-RMSE represents the ratio of Root Mean Square Error
(RMSE) and mean of the observations (equation (5.9). RMSE; equation (5.10)
presents the magnitude of the estimation error. However, RMSE is dependent
on the sample size (N) and the scale of observations [158]. This means that the
RMSE by itself is not informative about the precision of the estimator without
information about scale and sample size. Therefore, it is divided by the mean of
the data; equation (5.11) [206]. Then it becomes a scale-independent coefficient.
It is specified in ASHRAE guideline, for hourly data resolution predictions, a
result with a CV-RMSE value below 0.3 (=30%) [158, 207] is sufficiently close to
physical reality and adequate for engineering purposes.

CV-RMSE =
RMSE

Mean(Observations)
(5.9)

RMSE =

√∑N
i=1(ŷi − yi)2

N
(5.10)

MEAN =

∑N
i=1 yi
N

(5.11)
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III. Coefficient of determination (R2)

R-squared represents the predictable proportion of the variance in the dependent
variable that can be expounded by the independent variable(s), which is pre-
sented by equation (5.12). Closer the R-squared value to one, better the model
performance. It is taken as a measure of validity for the models because it is a
widely used [165, 166, 207] indicator in statistical analysis. In the equation, ŷ and
y present the predicted, and the actual energy demands and ȳ shows the mean
of the real observation set.

R2 = 1−
∑N
i=1(yi − ŷi)2∑N
i=1(yi − ȳi)2

(5.12)

IV. Theil U-Statistics

This indicator is used for forecast accuracy and forecast quality estimation [208].
In equation (5.13), i+x represents the prediction (ŷ) or actual (y) energy demand
at time i + x. The indicator produces values greater than zero. If U < 1, the
forecast is better than the naïve method (Naïve forecasting is using the last
period’s actual value as the next period’s forecast. Since this study is focused
on day-ahead prediction, next period represents 24 hours ahead). Smaller the U-
value, better the prediction. If it is = 1 or > 1, there’s no added value of using the
proposed forecasting model. In this study, Theil U indicator is used to provide
the evidence of predictive capability of the ML algorithms using unseen data.

U =

√√√√∑N−24
i=1 (ŷi+24 − yi+24)2∑N−24
i=1 (ŷi+24 − yi)2

(5.13)

5.3 Results and Assessment

The results are discussed in two separate sections; individual and collective. In the
individual building assessment, each building is analyzed separately, and the per-
formance of the training and prediction models for each building is discussed. For
the collective case, all the buildings have been used as one group and the perfor-
mance is discussed accordingly. The analyzed different ML algorithms, the obser-
vation and prediction results are presented following the steps introduced in sec-
tion 5.2. During training, for hyper-parameters the general-values shown in Table
3 were used. These general-values were chosen by changing the hyper-parameters
manually. In general, the best performing combination of hyper-parameters for
all the buildings is presented by these values.
For under-performing buildings, the hyper-parameters were tuned by performing
grid searches so that the performance of the individual models are improved. Grid
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search is used to find the optimal parameter combination of a model that gives
the most accurate results [209]. The tuned parameters of Building-19 for each
regression model are also shown in Table 5.3.

Table 5.3: General parameters for all buildings and tuned hyper-parameters for
Building-19

Algorithm Parameter General-
values

Tuned-
values

Boosted-tree Minimum leaf size 8 14
Learning rate 0.1 0.13
Number of learning cycles 30 133

Random forest Minimum leaf size 8 3
Number of learning cycles 30 500

SVM-Linear Box constraint 26.68 917.19
(SVM-L) Epsilon 2.67 0.33

Kernel scale 36 887.99
SVM-Quadratic Box constraint 26.68 998.93
(SVM-Q) Epsilon 2.67 0.23

Kernel scale 36 20.96
SVM-Cubic Box constraint 26.68 0.31
(SVM-C) Epsilon 2.67 0.16

Kernel scale 36 13.85
SVM-Fine Gaussian Box constraint 26.68 739.86
(SVM-FG) Epsilon 2.67 0.26

Kernel scale 0.83 10.29
ANN HiddenLayerSize 10 15

5.3.1 Individual building assessment

The results associated with the training and validation of ML models using 2016
and 2017 electricity consumption data of each building is discussed in this section.

I. Error calculations for the trained models – Individual build-
ings

Figure 5.7 shows the deviation of errors for each trained model when the build-
ings were assessed individually. Table 5.4 represents, in summary, the number of
buildings that are satisfying the appropriate error margins for these trained mod-
els. From these error calculations, it can be detected that the boosted-tree (BT
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in table) and random forest (RF in table) perform best along with SVM-cubic
model.
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Table 5.4: Individual assessment summary for trained models

Error Margin
Used

Number of buildings
Training models
BT RF SVM-

L
SVM-
Q

SVM-
C

SVM-
FG

ANN

MAPE <20% 41 44 35 40 41 38 36
CV-
RMSE

<0.3 44 44 40 43 44 45 40

R2 >0.75 41 44 34 40 42 41 30

In Figure 5.7, it can also be observed, few numbers of buildings (see the red +
signs) do not perform well according to the chosen error matrices. This indicates
that the past data patterns of some buildings do not perform in favor of creating a
model for prediction regardless of the standardization process. A zoomed overview
of a poorly performing building (Building-19) is presented in Figure 5.8. The
horizontal dashed-lines in the figure indicate the desired margins.

Figure 5.8: Error matrices for poorly performing trained models of a building

Knowing the performance, the next step is to choose suitable trained-models for
demand prediction using new data. When selecting best-performing algorithms,
computational power and time are also considered important. One can argue,
computational time can be improved with better machines and this factor is less
important and shouldn’t be weighted equally with accuracy. However, better and
powerful machines always come with an additional cost. Selecting ML algorithms
giving priority to computational time or accuracy completely depends on the
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application it will be used. For some applications such as medical requirements,
accuracy of the prediction is paramount regardless of the computational time. In
this research work, time, and cost are considered important. These factors shape
the speed with which the technology will develop within the built environment,
and therefore, it helps to define the economic impact. These economic impacts are
more than merely the amount of processing power available, but also the details
of computational architecture, the actors involved, and the co-evolution of the
machine learning field itself. Therefore, computational time needed for training
the models (equation 5.14) has also been calculated.
When comparing the simulation times needed in creating these models, SVM-
cubic took more than 17 hours to complete the training models of all 47 buildings.
In comparison, boosted-tree and random forest completed the task in less than
12 minutes and ANN in 5 minutes. According to the performance of the utilized
computer, the computational time needed for the creation of training models of
all 47 buildings is presented in Table 5.5.

Computational time (CTTotal) =

47∑
i=1

CTBuilding,i (5.14)

Table 5.5: Computational time needed for each algorithm

Algorithm BT RF SVM-
L

SVM-
Q

SVM-
C

SVM-
FG

ANN

CT (minutes) 5 11 107 258 1020 173 5

Considering all these facts, for demand prediction using unseen data, boosted-tree
and random forest has been chosen to represent the regression models together
with ANN.

II. Error calculations for the predictions with unseen data –
Individual buildings

After creating the ML models, the next step is to perform the prediction. For the
prediction, new data of the year 2018 is used. Figure 5.9, Figure 5.10, and Figure
5.11 illustrate the MAPE, CV-RMSE, and R2 value variation of the predictions
using the trained models of the 47 buildings. In the three figures, the desired
error margin is indicated with a dashed horizontal line. For MAPE, CV-RMSE,
and R2, the error matrices below 20%, below 0.3 and above 0.75 respectively, are
chosen as the desired values as described in section 5.2.5.

In the MAPE assessment, with random forest models, 36 buildings stayed
under the desired margin, and for boosted-tree and ANN, 35 and 36 buildings
fulfilled the margin requirement. Similarly, the CV-RMSE margin was met by 40,
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40, and 42 buildings for the boosted-tree, random forest, and ANN, respectively.
With R2, it can be observed, in all three cases, less than 40 buildings out of the
47 fulfilled the satisfactory margin. In Figure 5.11, "undesirable result" indicates
a minus value obtained for R2.

When comparing the figures, it is possible to see that for some buildings
(Ex: Building-30), MAPE and CV-RMSE provide desirable results but, R2 does
not perform well. One possible reason for this could be the non-linear behavior
when applying the models to untrained data. R2 is not considered as a good
indicator for such cases [210]. CV-RMSE and MAPE provide better indication
of the model’s usefulness in such occasions. More insights on the models over-
all precision can be obtained with the Theil-U indicator. Figure 5.12 shows the
calculated Theil-U values. From this indicator, it is possible to say that almost
all the prediction models perform better than the naïve forecast. For Building-3
and 42, even though the prediction models perform acceptably with MAPE, CV-
RMSE, and R2 calculations, Theil-U indicator conveys naïve estimate is better
than the created ML models. On the contrary, regardless of the poor accuracy
calculations, the ML model performs better than naïve forecast, for models such
as Building-19.

Overall, for the individual building assessment, it is clear from the results for
about five buildings the day-ahead electricity consumption cannot be predicted
with enough accuracy. One apparent reason for this is the precision of the trained
models. Given the fact that the trained models of some buildings did not provide
satisfactory outcomes, predicting with new data with enough accuracy was not a
possibility. Other than that, given the irregular behavior of electricity demand of a
few buildings, standardization does not guarantee better predictions. Therefore, it
cannot be considered as a smart choice in attempting to make precise predictions
for these buildings on an individual scale.
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5.3.2 Accuracy determination of the applied methods on
building cluster level

In this section, the trained model accuracy and prediction capability are assessed
when these 47 buildings are considered as a cluster. Even though some buildings
presented unpredictable behavior when seeing individually, the effect of these
unpredictable patterns can be alleviated to a considerable extent when consid-
ering them as groups. Figure 5.13 shows the error calculations for the cluster
level trained models and predictions. The results show very high accuracy in
the training and prediction models. It is also noteworthy to see that the ANN
trained model performance is interestingly improved when compared with in-
dividual buildings’ trained ANN models. The clustered training and prediction
significantly reduced the needed time for all models and offered a more reliable
load profile for the system. The models were able to train in less than a minute.

Figure 5.13: Error calculation for aggregated-level trained models (2016-2017
data) and prediction (unseen 2018 data)

The errors of the sum (Ŷ ) of individual predictions (ŷ) as shown in equation
5.15 also have been calculated. Figure 5.14 illustrates the resulted error matrices.
It is possible to see that the effect of unpredictable data sets has been died out
by grouping them as one prediction.

Ŷ =

47∑
i=1

ŷ (5.15)
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Figure 5.14: Error calculation for the sum of individual predictions

5.4 Chapter Conclusion

This chapter has focused on presenting the capability of machine learning algo-
rithms in demand prediction that takes into account the buildings at the neigh-
borhood and individual levels. Seven different ML algorithms were evaluated and
tested on a campus neighborhood. From the results, it was observed boosted-
tree and random forest outperformed the other considered regression algorithms.
Considering computational power and time as well as error accuracy, along with
boosted-tree and random forest, ANN models were also performed acceptably.

From the results of the predictions of individual buildings, it was observed
that for some buildings the potential of creating a prediction model was not
satisfactory. This was because of the inconsistency of the collected data during
the considered period. For cases with unsatisfactory results, adequate amount
of data collection for a certain period or advanced data pre-processing methods
should be used. In that case, the prediction of energy profiles in the cluster scale
can help in alleviating the associated problems and lead to very high accuracy
predictions. For neighborhoods such as university campuses that already acquire
specific neighborhood boundary, it is beneficial to analyze its buildings at cluster
level than individual scale. If the single building prediction is a prerequisite, then
the unpredictable buildings can still be grouped or clustered to obtain a better
forecast.

An important aspect of this study is the illustration of prediction results
using hourly data resolutions, instead of predicting daily or weekly. The pro-
posed algorithms can be integrated into the building management systems for
day-ahead demand and on-site renewable energy production forecasts. According
to the predictions, if the buildings are coordinated in advance, informed and more
efficient decisions would be made in real-time to optimally utilize the on-site pro-

136



Machine learning algorithms for demand prediction

duced renewable electricity, and to allow the operation of the energy systems with
flexibility. Since energy neutrality is a significant concern of buildings nowadays,
moving the boundaries towards neighborhood scale and making the neighborhood
energy neutral will be essential for all the involved decision-maker parties.
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6
Increasing self-sufficiency of

building neighborhoods

This chapter has been submitted and currently under-review as:
S. Walker, V. Bergkamp, D. Yang, T.A.J. van Goch, K. Katic and W. Zeiler,
“Improving energy self-sufficiency of a neighborhood by analyzing smart meter
data and k-means clustering method”

Heat pumps (HPs) are gaining attention as a substitute for natural gas cen-
tered heating methods. Yet, the rapid deployment of all-electric heating systems
creates a shift of natural-gas consumption from the previously consumed building
side (boilers) towards the central electricity production side (power plants). Even
so, PV systems are being installed, the mismatch between PV production and
HP consumption creates new challenges. Nevertheless, development of informa-
tion and communication technology enables access to consumption/generation
data of energy systems. Thus, there is an opportunity to strategically use this
data for demand prediction, and improve self-sufficiency of buildings/neighbor-
hoods utilizing additional storage systems. Thereby, increase the grids’ ability to
facilitate PV/HPs.

Considering these aspects, in this chapter, 15-minute interval smart meter
data for the years 2016-2017 of 70 residential buildings with installed HP/PV
systems have been analyzed. After pre-processing the data, clustering of simi-
lar demand-profiled dwellings with k-means algorithm, and demand-prediction
using random-forest technique was performed. Afterwards, to improve the self-
sufficiency at the neighborhood level, an electric energy storage system was in-
troduced.
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6.1 Chapter Introduction

Ever since the Paris agreement, governments have started stimulating energy
efficiency and sustainability measures by means of subsidies and regulations. This
has led to a growth in utilizing private renewable energy sources [211], primarily
photovoltaic (PV) panels.

In parallel, most of European countries seek out measures to eliminate the
natural-gas utilization of the building heating sector. All-electric heating systems
[94], for instance, heat pumps [26, 92] gain a great deal of attention as a sub-
stitute. Nevertheless, with the current composition of the electricity production
(central coal and natural-gas power plants) [212], a shift of fossil energy con-
sumption from the demand side to the central production side [94, 129] can be
observed when operating all-electric heating systems. Some can argue, this prob-
lem can be eliminated with private renewable energy sources. Yet, most of the
renewable energy sources, especially wind and solar energy, do not have a high
energy density and are irregularly available [213]. The utilization of energy by
the industry, dwellings, and other commercial buildings, have different demand
patterns compared to the renewable energy generation profiles [214]. Mainly for
PV-systems of residential buildings, the solar intensity is at its peak during the
daytime where electricity demand is generally low. This imbalance between re-
newable electricity production and electricity consumption of all-electric heating
systems forces the utilization of electricity produced mainly from fossil fuel power
plants. This occurrence makes the shift of fossil energy consumption previously
from the building side (gas-boilers) towards the central production side (power
plants). Therefore, methods are needed to improve self-sufficiency, especially for
residential buildings. In this context self-sufficiency is defined as the ratio of ’us-
able energy from renewable energy sources to the actual energy consumption’.

On another note, when analyzing methods to improve the self-sufficiency,
rather than considering dwellings in isolation, allowing exploration at the neigh-
borhood level could be beneficial for network operators [213, 215]. So, the build-
ings could collaborate through exchanging energy by exploiting each others peaks
and valleys in the demand profiles [138], thereby, improving the self-sufficiency
of the entire neighborhood. Neighborhood level analysis [23] thus could also be
advantageous for future-proof smart-grid operations [215, 216]. To use produced
renewable energy efficiently and to follow the demand profile effectively [217],
energy storage and smart energy dispatch technologies [107, 218] are considered
a proven possibility. Although this is a clear statement, so far, within the ex-
isting energy markets, the level of integration of energy storage systems is low
for residential applications [23]. Some researchers have discussed individual [219–
221] and community level [222] storage within the context of providing flexibility
[6, 142, 167, 223] to the energy system to improve grid stability. Most of these
systems have been formulated using Mixed Integer Linear Programming (MILP)
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[107, 223, 224] as the control strategy. And so, the deployment of electrical storage
systems (ESS) is not yet entirely established within the current energy infrastruc-
ture. More research should be conducted to expose the usability and feasibility
of ESS.
In parallel with the installation of PV and HP systems, the replacement of tra-
ditional analogue meters with smart meters is also being done which has the
possibility to generate and accumulate enormous amounts of data [225]. Having
access to detailed energy demand profiles has not been widely available before
the arrival of smart meters. Smart meter data has enabled a closer look into
the energy demand patterns of individuals and neighborhoods [225, 226]. How-
ever, this data is often considered privacy-sensitive. Therefore, not many studies
have been able to use such detailed energy consumption data of large samples of
households. Making use of smart-meter data with available control strategies can
help in improving the self-sufficiency of the neighborhoods in new dimensions.
To extract useful information out of these collected data, appropriate tools are
needed.

As of many other sectors, the built environment has gained momentum over
the past decade in taking advantage of machine learning algorithms for enduring
smart-grid applications. Out of these applications, the highest focus is drawn to
multi-step (Ex: day-ahead) [166, 199, 201] or single-step (Ex: Next hour) [173,
176] energy demand prediction. Many studies have suggested and compared dif-
ferent machine learning models [149, 166, 169, 175] for predicting the energy
demand of buildings and pointed out it is challenging to determine one specific
best machine learning model for demand prediction. The covered literature con-
cludes that the models can provide decent accuracy when used appropriately, with
sufficient data and optimized parameters. Multiple authors agree that there is no
method that is clearly better than others [149, 166, 169, 175, 227]. It is stated that
the choice of the model is determined by the nature of the data [228]. Therefore,
it is essential to analyze the available data and application, to determine which
model suits best in the given situation [169]. Nonetheless, most of these studies
agree that when the resolution of the data points is high (hourly, 30-minutes,
15-minutes, etc.) the prediction accuracy reduces with commonly used machine
learning algorithms, therefore advanced deep-learning methods or unsupervised
clustering methods (depending on the application) are useful in these situations.

To fully grasp the information available from smart meters, evaluating data
at the collected high resolution is important. When the granularity of the data set
is high, rather than demand prediction, researchers have focused on identifying
representative typical demand patterns. Clustering algorithms have served many
purposes [225, 226, 229–231] in this area under discussion. Shin et al. [232] used
a data set of 22 houses with a sampling interval of 1/15 seconds for 29 to 122
days with the target of finding typical daily patterns. In their study, k-means
method was used as the clustering algorithm. In another study, Yilmaz et al. [233]
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compared two different approaches using the k-means method to identify the best
possible representative electricity demand profiles. In this study, 15-minute data
of 690 households for a complete year has been exploited. Another application
of clustering is the identification of peak demand periods [234, 235]. When the
demand prediction is a necessity, Shchetinin [236] has proposed to cluster the
demand patterns first and then perform the prediction in order to improve the
prediction accuracy. Most of these papers aim at smart meter data analysis and
clustering, discourse on how to improve the clustering with reduced overlapping
[225], comparison of clustering techniques, or identifying typical demand patterns
[233, 236], and characterization of demand patterns [230].

Considering all the above discussed aspects, in this chapter, first, an approach
is suggested to perceive information from 15-minute granularity smart meter
data with a clustering method. Then, this knowledge is used innovatively for de-
mand prediction of a neighborhood with installed heat pumps and PV systems.
Next, the clustered demand predictions are compared with individual demand
predictions. Then, a currently used control algorithm is utilized to improve the
self-sufficiency of the neighborhood along with a battery storage system. This
chapter shows one of the many possible applications that analyzing smart meter
data makes possible. The objectives will add knowledge to the research field of
smart meter data applications since a rarely available set of data will be ana-
lyzed in a way current researches have not yet performed. The study should help
efficiently micro-manage the smart grid and expose energy saving possibilities.

6.2 Method and Models

The case study dwellings are located in the center of the Netherlands, have no
natural gas connection, and are provided with a PV-system, heat pump, and high
levels of insulation. These renovated dwellings are meant to be ‘net-zero-energy’
when considering a full year (i.e. yearly consumption = yearly production). The
living space of the dwellings are about 85-100 m2 with an installed HP capacity
of 1.2 kW and a PV installation capacity of 5-8 kWp. Two years (2016 and 2017)
of fifteen-minute interval meter data from these 70 renovated dwellings were used
in this study.

Since proper details about the tariffs are unknown, it is assumed that the
households use a constant tariff structure for their electricity consumption. The
collected meter data from the dwellings are namely; smart meter (SM) consumed,
smart meter produced, and heat pump consumed. Smart meter produced indi-
cates electricity produced by the PV panels. Finally, the total grid consumption
is defined as in equation 6.1. The total grid consumption can carry a value of
plus or minus depending on the PV production.

TotalGrid = SMConsume − SMProduce + HPConsume[kWh] (6.1)
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6.2.1 Data cleaning

Prior to the development of the clustering method, the collected data needed to
be pre-processed [29]. The pre-processing is performed to modify the erroneous
outliers and fill the missing data points. In this case, off-line meters and un-
availability of machine to machine connections are found to be the reasons for
these outliers and missing points. The provided data contained some unrealistic
outliers, valued a hundred times larger than the mean. The data is inspected
visually to see where the threshold for a so-called outlier should be. According
to this visual inspection, a threshold for outliers is determined for each data set.
Every value above this is replaced by a realistic replacement which is its preceding
value.

For the sake of the quality and reliability, missing values of the data set also
should be filled. These houses have missing values in the ‘consumption’ variable,
ranging from 5.6% to 19.7% (Total data points: 68832 per house). These missing
values are firstly filled by the previous time-stamp values. This first step does not
fill all the missing data points. Therefore, the next step is to fill the missing points
with the identical time-stamp consumption values of the previous day. These two
steps reduced the number of missing data points drastically. The final step, which
is the employment of moving average was able to fill the rest of the absent values
while smoothening the data variation. The whole process is illustrated in Figure
6.1.

Figure 6.1: Imputation process of missing values

The cleaned smart meter data of the 70 houses was used to follow the steps
described in the next sections, namely; knowledge gathering through clustering,
demand prediction, and self-sufficiency improvement of the neighborhood. The
underlying theoretical principles of the used methods and models will be clarified
consequently.

6.2.2 Step 1: Knowledge gathering through clustering

The goal of this clustering step is to exploit and identify similar electricity demand
patterned dwellings as illustrated in Figure 6.2. By doing a dynamic clustering
process (change every day) it is possible to recognize how similar the dwellings
behave in each day, demand peaking periods, and improve the accuracy of demand
prediction with 15-minute resolution.
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As the clustering technique, the k-means method [151] is employed since it
is one of the most widely used clustering algorithms with proven performances.
K-means clustering is a convenient approach to divide a data-set into k distinct
groups [230]. This approach scales well to a large number of samples and has been
used across a large range of application areas [237–241] in different fields. The
main principle for the k-means clustering approach is to minimize the ’within-
cluster variation’ [230]. Taking into account two important properties; (i) each
observation (in this case: TotalGrid), belongs to one of the k clusters, (ii) no
observation belongs to more than one cluster, thus, non-overlapping clusters. The
problem that has to be solved to create good clusters according to the k-means
method is represented by equation 6.2 [151], where k is the number of clusters,
and W(Ck) is a measure of the amount by which the observations within the
clusters differ from each other, named; within-cluster variation.

min
C1...Ck

{ k∑
k=1

W (Ck)

}
(6.2)

The within-cluster variation can be expressed in a number of ways, however, by far
the most used method involves the squared Euclidean distance. The enthusiastic
reader is referred to [50] to understand more about Euclidean distance.

In order to identify the suitable number of clusters ‘k’ to segment the data,
two validity indices have been checked, namely; Davies-Bouldin validity Index
(DBI) [226, 230] and Silhouette Coefficient (SC) [230, 233]. Davies-Bouldin index
evaluates inter-cluster differences. As shown by equation 6.3, the minimum score
that can be obtained for DBI is zero. Smaller the values obtained for DBI, the
better the clustering [225]. In the equation, the average intra-cluster distance is
given by diam(Ci) and the distance between two cluster centroids is given by
d(Ci,Cj).

DBI =
1

k

K∑
i=1

max
j 6=i

diam(Ci) + diam(Cj)

d(Ci, Cj)
(6.3)

The Silhouette Coefficient is a normalized value that can be used to determine the
degree of separation between the clusters [233]. The coefficient is bounded by the
values -1 and 1. A higher value indicates better clustering, while negative values
represent misclustering [225]. In equation 6.4, Cx shows the average intra-cluster
distance and Cx

’ shows the average minimum distance to another cluster. In this
study, these two indices were calculated for each day of the analyzed period.
Then, the average value per month was compared and a suitable number for k is
selected.

SC =
C

′

x − Cx
max(Cx, C

′
x)

(6.4)
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Fourteen days prior to the evaluation-day (= Day: x+1) electricity consumption
data is used for the clustering process (see Figure 6.2). Thus, Day: x to Day: x-
14. So, the 70 houses are grouped into k=M number of clusters according to their
past 14-day demand behavior. Then, on Day: x+1 which is the evaluation day,
the dwellings are aggregated virtually according to the clustering of the dwellings
obtained as illustrated in Figure 6.3.

Figure 6.2: Clustering of similar demand patterns

At the end of each day (24h00), the clustering process will be repeated. So, every
new day a different group and a different number of houses are available in each
cluster according to the demand behavior of their past 14 days. The 14-day mark
was selected heuristically. Higher the number of past days, the clustering shows
bias behavior. Most of the houses fall into one or two clusters. Lower the number
of past days, the clustering does not provide enough differentiation between the
aggregated demand profiles. The 14-day mark provided a balance for the desired
process. This clustering step allows understanding in each day how many and
which dwellings group together. The dwelling numbers in each cluster are known.
However, it is never certain one dwelling (Dwelling N) will stay in one cluster
(Cluster M) for the whole evaluation period (= 2 years).

6.2.3 Step 2: Demand prediction

Usually, demand prediction step is needed in order to reduce real-time monitoring
expenses, initial costs of hardware components, and long-term maintenance costs.
Also, it enables identifying the required capacities of energy systems beforehand.
For the demand prediction, the Random Forest regression algorithm is used due to
its performance superiority. A recent study of the authors which was published
elsewhere [29] discussed the accuracy of different machine learning algorithms
and concluded random forest has better performances compared to the other
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Figure 6.3: Virtually aggregated demand profiles of the clustered dwellings

machine learning techniques. Random forest is an ensemble learning method [151],
consisting of a collection of regression trees. Since it consists of multiple trees,
the prediction value is an average of all the constructed trees. The goal of this is
to de-correlate the individual trees and make the prediction more reliable.

Figure 6.4: Demand prediction method illustration

In this study, after the clustering is performed at the end of each day, de-
mand prediction was performed for each cluster for the coming day-ahead (Day:
x+1). Since the number of dwellings inside the clusters is changing each day,
model training for each cluster should also be performed at the end of each day
(re-trained). For the model training and prediction, 14-day prior data is utilized
(1344 data points per dwelling). In demand prediction also 14-day mark is cho-
sen after performing several trial and error exercises with smaller and larger data
sample sizes. It was identified for this case; larger data samples do not signifi-
cantly influence the prediction accuracy. Since the prediction variable TotalGrid
includes plus and minus values, normalization of the data set was performed be-
fore prediction. Normalization brings all the values into the range [0,1]. Outdoor
temperature, irradiation, and previous day demand of the dwellings are chosen as
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the input features for the random forest model (see Figure 6.4). In order to under-
stand the added value of clustered predictions, a similar process was conducted
to predict the day-ahead individual demand of the houses. Then, the results of
individual predictions are compared with clustered predictions.

The performance quality of the trained models was evaluated using the co-
efficient of determination (R2) [29]. The coefficient of the variance of root mean
square error (CV-RMSE) [29] was used to determine the prediction accuracy. R2

is a dimensionless indicator which shows how much variability in the dependent
variable is accounted for by the independent variables. This value varies between 0
and 1. Closer the value to 1, better the predictions. For this study, the pseudo-R2

value above 0.8 is considered sufficient for the trained models. R2 is a better eval-
uation metric for trained models than the predictions [210]. ‘ASHRAE guideline
for measurement of energy demand’ [205] states for hourly demand predictions,
CV-RMSE value below 0.3 (=30%) is sufficiently close to physical reality, and
it is a good indicator of predictions. This same standard is considered in this
study for 15-minute demand predictions. In the equations 6.5 and 6.6, x̂i and xi
symbolize the predicted and observed values of data point i, while x̄ shows mean
of all the observed data points. N represents the total number of data points.

R2 = 1−
∑N
i=1(xi − x̂i)2∑N
i=1(xi − x̄i)2

(6.5)

CV-RMSE =
RMSE
x̄

=

[√∑N
i=1(x̂i − xi)2

N

]
.
1

x̄
(6.6)

6.2.4 Step 3: Self-sufficiency improvement of the neighbor-
hood

After knowing the demand predictions of the neighborhood, the next step is
to improve the self-sufficiency. This is done by using appropriate energy sharing
measures between dwellings. If the dwellings operate under a separate micro-grid,
at a certain time interval ‘T’, it is possible to calculate the direct-shared energy
potential which is the allocation of excess produced electricity from PV panels
directly between the dwellings. However, by comparing the demand patterns of
individual houses, the exploitation and identification of direct energy sharing
potential is cumbersome. In this case, clustered demand patterns significantly
help in identifying such parameters. The notion of direct sharing is illustrated in
Figure 6.5.
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Figure 6.5: Notion of direct sharing at a certain time interval ‘T’

In order to improve the self-sufficiency (equation (6.7)), next, battery storage
is introduced, so that, the excess energy produced by PV panels can be stored
and used at a later time period as illustrated in Figure 6.6. The battery storage
systems can be installed at a neighborhood scale or local level. Due to the devel-
opment of technology and the gradual price reduction [31, 242], it is foreseeable
that the vast utilization of battery systems at the neighborhood [243] level will
soon become a preference.

Self-sufficiency =
Usable energy from renewable sources

Actual energy demand
(6.7)

Figure 6.6: Illustration of the concept of indirect sharing
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Model formulation for the operation of neighborhood battery
storage system

To calculate the energy sharing potential through battery storage system, a
Matlab-based optimization problem is implemented using linear programming
(LP). Modeling toolbox YALMIP [110] is used as the interface to the solver
Mosek [111]. The model formulation is based on the ‘energy hub’ concept [107,
112] and defined in sub-sections A-C. In the formulations, a scalar variable is
represented by an italic letter while a bold letter stands for a vector. Scalar and
vector annotation mainly differentiate the design value of devices (one value) and
optimal control of devices (per sample time). An independent decision-variable
is presented by a superscript-d.

(A) Battery storage

The storage system modeled in this work is battery storage and a simplified
linear model is used for the optimization problem as described by the refer-
ences [107, 112]. Equations 6.8-6.11 describe the equality and inequality con-
straints. In equation 6.8, Et is the storage level at each time interval ’t’ in
kWh, Batcharge/discharge is the charging and discharging energies in kWh and
ηcharge/discharge is the charging and discharging efficiencies. Decay is the rate at
which stored energy declines.

Et = Et−1.(1−Decay) + ηcharge.Batdcharge,t −
1

ηdischarge
.Batddischarge,t

(6.8)

0 ≤ Et ≤ CdBat (6.9)

0 ≤ CdBat ≤ CmaxBat (6.10)

0 ≤ Batdcharge/discharge ≤ C
d
Bat.δcharge/discharge (6.11)

Both charging and discharging efficiencies are chosen to be 90% and the de-
cay is set to 0.1% per hour. These values were chosen based on the work of [107].
CBat is an integer. δcharge/discharge set the limit on the charging and discharging
rates based on a C-rate [244] of 0.5C, and depth of discharge (DOD) of 80%.

(B) Electricity grid and energy balance

The model includes an external grid for electricity. The equality constraint for
the energy balance is presented by equation 6.12. Electricity consumed from the
external electricity grid is represented by GridEnergy while electricity fed to the
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grid is represented by GridIn. Note: TotalGrid is described in equation 6.1.

Gridd
Energy,t + Batddicharge,t −Batdcharge,t −Gridd

In,t = TotalGrid,t (6.12)

(C) Objective function

The objective of this problem is to schedule the battery storage optimally so
that the electricity sent back to the grid (GridIn) can be minimized. Multi-
objective optimization is performed with the weighted sum method [63]. Equation
6.13 shows the objective function (U) which minimizes both system costs and
carbon emissions associated with grid electricity consumption. For utilizing PV
produced electricity no additional carbon emission is considered. Equations 6.14-
6.19 demonstrates the notations shown by the objective function. The parameter
α in equation 6.13 is used as the weighting factor for multi-objective optimization.
When α set to zero, the objective represents the minimization of CO2 emissions
only. In this case, the battery storage is utilized at its maximum. On the other
hand, when α equals one, objective represents cost optimization.

Obj : U = min
[
α.CTotal + (1− α).CO2,Total

]
(6.13)

CTotal = CInvestment + COMF + CV (6.14)
CInvestment = CostBat.CapBat.ACFBat (6.15)

ACFBat =
r

1− 1
(1+r)lifetime,Bat

(6.16)

COMF = OMFBat.CapBat (6.17)

CV =

8760∑
t=1

GridEnergy(t).Eprice +

8760∑
t=1

GridIn(t).FIprice (6.18)

CO2,Total =

8760∑
t=1

GridEnergy(t).CFE (6.19)

The total costs (CTotal) comprises of the investment cost of the battery storage
(CInvestment), fixed operation and maintenance costs (COMF ) and variable costs
(CV ). ACF in equation 6.15 and 6.17 is the annualized cost factor calculated
based on the discount rate (r) and an estimated lifetime of the battery storage
system. Other relevant parameters associated with the objective function are
presented in Table 6.1.

In order to obtain the Pareto optimal solutions, α in equation 6.13 is increased
in 0.05 intervals starting from 0 (CO2 optimal) to 1 (cost optimal). For the in-
vestment cost of the battery storage and carbon factor for grid electricity, two
scenarios were exploited; case-1 with 584 e/kWh [107] and 0.5 kgCO2 -eq/kWh
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while case-2 with 260 e/kWh [19] and 0.3 kgCO2 -eq/kWh. Case-1 shows a con-
ventional circumstance and case-2 shows a futuristic sustainable situation with
reduced prices for battery storage and reduced CO2 emissions for grid electricity
(Netherlands mix).

Table 6.1: Parameters associated with the objective function

Symbol Description Value Ref.
r Discount rate 6% [107]
Lifetime Battery storage 10 years [107]
Eprice Electricity tariff 0.22 e/kWh [103]
FIprice Feed-In tariff 0.05 e/kWh [245]

CFE

Carbon factor for
grid electricity
(Netherlands-mix)

Case-1: 0.5 kgCO2 -eq/kWh [129]
Case-2: 0.3 kgCO2 -eq/kWh [116]

CostBat Battery storage Case-1: 584 e/kWh [107]
Case-2: 260 e/kWh [107]

OMFBat

Fixed operation and
maintenance cost of
battery storage

22.5 e/kWh [107]

6.3 Results and Discussion

Following the steps formulated in Section 6.2, the simulations were conducted,
and the results are discussed accordingly.

6.3.1 Step 1: Clustering

In this step, the importance is given to the number of clusters that should be
selected. The two validity indices, DBI and SC, have been calculated for each
clustering day and averaged per month as shown in Figure 6.7. For DBI, it is
possible to observe, when k=2, 3 the distribution of the index over the months is
dispersed while the rest of the ‘k’ values provide closer behavior over the months.
From the rest of the ‘k’ values, the lowest point occurs in July for k=4 clusters.
Lower the DBI, better the cluster performance. Even though higher numbers
for ‘k’ show acceptable performances, it is also detected the distribution of the
number of houses among the clusters is not satisfactory.

Similar to DBI, for SC also the clusters show scattered behavior over the
months when k=2, 3 and show closer performances for the other k values. Out
of the other k values, many months show the best performance with the highest
SC value occurring when k=4. Considering all these aspects described and the
distribution of the number of houses among the clusters, k=4 is chosen as the
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finest value for this study. Figure 6.8 shows the distribution of five houses among
the clusters for the month of January in the years 2016 and 2017. The illustration
gives a clear indication of the diversity of the demand profiles of the dwellings
over different days.

Figure 6.8: Distribution of houses among the clusters for the month of January
in 2016 and 2017

6.3.2 Step 2: Demand prediction

This section discusses the day-ahead demand prediction for individual dwellings
and clustered dwellings. Figure 6.9 demonstrates the CV-RMSE variation for
the day-ahead normalized individual demand predictions of all the 70 houses.
The worst prediction day, best prediction day and the mean of predictions are
disclosed in the figure. From the evaluated total number of 358 days in each of
the years 2016 and 2017, 54 and 56 houses were able to maintain the CV-RMSE
margin (≤ 0.3) for over 300 days respectively. Worst performing house fulfilled
the CV-RMSE requirement 161 days for the year 2016 and 148 days for 2017.
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Figure 6.10 shows the CV-RMSE error calculation for the clustered normalized
predictions. For all clusters, in both the years 2016 and 2017, over 345 days
managed to maintain the required CV-RMSE margin. This shows a prediction
improvement of the dwellings in the neighborhood while adequately preserving
the insights.

Figure 6.10: CV-RMSE calculation for clustered day-ahead demand predictions

When accumulated and compared the actual peak energy consumption (max:
TotalGrid) and maximum energy fed back to the grid (min: TotalGrid) of the
whole neighborhood with individual predictions and clustered predictions, clus-
tered demand shows closer values than the individual predictions (see Table
6.2). Therefore, clustered demand predictions clearly perform better than indi-
vidual demand predictions. Other than that, when it is requested to predict each
dwellings’ energy demand, the energy management system experiences a com-
plex time-consuming problem. In comparison, clustering the demand patterns
before prediction significantly reduced the required computational time. Since
the purpose of clustering is to group similar behavioral patterns, information loss
compared to individual prediction is not compelling.

Table 6.2: Accumulated values comparison

TotalGrid (kWh) Actual Individual
Prediction

Clustered
Prediction

Peak 202 177 187
Maximum fedback -280 -271 -273
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6.3.3 Step 3: Self-sufficiency improvement

After the predictions are known, next, a battery storage system is introduced
at the neighborhood level in order to improve the self-sufficiency of the entire
neighborhood. If the battery storage is introduced at a higher level, one can ar-
gue the purpose of cluster-level demand predictions within the neighborhood. If
the demand prediction is performed for the whole neighborhood, identification of
characteristics of individual buildings is not a possibility. However, with cluster-
ing, the characteristics can still be identified for similarly performing buildings.
Therefore, clustered sub-level predictions are more useful than a single aggregated
prediction for the whole neighborhood.

If the neighborhood operates under a separate micro-grid before introducing
battery storage (see section 6.2.4), the direct energy sharing possibility can be
calculated. For this case study, the direct sharing potential between the dwellings
can be calculated as 20 MWh for 2016 and 28 MWh for the year 2017. Table
6.3 shows a summary of the results for direct sharing and the self-sufficiency
increment of the entire neighborhood. Grasping this type of information is not a
possibility if the demand was analyzed only at the entire neighborhood level.

Table 6.3: Direct sharing summary

Year Direct sharing potential Self-sufficiency increment
Predicted Actual Predicted Actual

2016 24 MWh 20 MWh 1.7% 1.4%
2017 30 MWh 28 MWh 2.0% 1.9%

Figure 6.11: Demand profiles of the clusters for a random Day in the year 2016
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Figure 6.11 illustrates the demand profiles of the clusters for a random Day
in the year 2016. Here, it is possible to comprehend the direct energy sharing
possibility. Minus value in Figure 6.11 indicates the dwellings are overproducing
and electricity is fed to the grid. During the overproducing period, dwellings in
Cluster-2 seems to be consuming energy. So, this period demonstrates how energy
is directly shared between the houses.

Next, the overall sharing potential after introducing the battery storage sys-
tem is discussed. Figures 6.12 and 6.13 illustrate the Pareto-frontiers obtained for
the conventional situation and the futuristic sustainable case for the years 2016
and 2017. In the figures, a comparison has been made with accumulated clustered
predictions and accumulated actual individual consumptions of the buildings. In
each case, α = 0.5 is marked where the CO2 emissions and costs are given similar
priority. The value of α in Figures 6.12 and 6.13 varies from one to zero from
left to right. In case-1, where the battery storage prices are high, it is visible
that when α = 1 which is the cost-optimal case, no battery storage is included.
However, in case-2 battery storage is acknowledged even with the cost-optimal
case.

Figure 6.12: Pareto optimal solutions for Case-1 and Case-2 for the year 2016
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Figure 6.13: Pareto optimal solutions for Case-1 and Case-2 for the year 2017

After obtaining the Pareto solutions, the aim is to select a suitable battery
capacity to be installed in the analyzed neighborhood. Instead of choosing one
capacity value, the battery capacities when α = 0.25, 0.5 and 0.75 have been com-
pared and the corresponding self-sufficiency increment has been recorded. Table
6.4 demonstrates the overall self-sufficiency increment of the entire neighborhood
and the surplus energy fed-back to the grid after introducing the battery storage
system for the different α values.

The behavior of the storage system for two random days is illustrated in
Figure 6.14 and Figure 6.15. Demand in the figures (TotalGrid) illustrates the
accumulated profile of the entire neighborhood. All symbols presented in the
figures resemble the symbols defined in section 6.2.4. For the low PV electricity
production day (Figure 6.14), all the excess energy could be stored in the battery
system. In contrast to Figure 6.14, in the high PV production day (Figure 6.15),
it is possible to observe the battery could handle only a portion of the excessively
produced electricity. Therefore, most of the produced electricity is yet fed back
to the grid (Symbol: GridIn). It can also be observed, at the beginning of the
day the battery system is discharging. This is because of the energy stored in
the battery storage during the previous day. Both these figures correspond to the
year 2016 sustainable scenario with an ‘α = 0.5 in the objective function.
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Table 6.4: Energy sharing summary for actual energy consumption

Year Direct sharing
potential (MWh) α

Overall sharing
potential (MWh)

Self-sufficiency
increment (%)

Excess
energy
(MWh)

2016 20 0.25 355 24.5 598
Case-1 0.50 308 21.3 680

0.75 48 3.3 1013
2017 28 0.25 379 25.2 556
Case-1 0.50 317 21.1 655

0.75 56 3.7 989
2016 20 0.25 362 25.0 584
Case-2 0.50 329 22.3 643

0.75 297 20.5 698
2017 28 0.25 391 26.0 537
Case-1 0.50 339 22.6 619

0.75 301 20.0 680

Figure 6.14: Scheduling of the battery storage system for a random day with low
PV production

6.3.4 Excess energy

Figure 6.16 illustrates the consumed energy from the grid and the energy fed
to the grid, for the CO2 optimal case (α = 0) for the entire neighborhood (all
70 houses). In the CO2 optimal case, the maximum battery storage capacity
is utilized. Nevertheless, it is visible from the figure, a significant amount of
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Figure 6.15: Scheduling of the battery storage system for a random day with high
PV production

produced energy is still fed to the grid without having the opportunity to be
consumed inside the neighborhood. From the analysis, it was identified about
four months out of the twelve are 100% energy sufficient for both the years 2016
and 2017.

6.4 Chapter Conclusion

This chapter discussed the improvement of self-sufficiency of a residential neigh-
borhood that utilizes HP and PV systems. The presented method incorporates a
futuristic smart-grid application with an efficient unsupervised clustering method
and a neighborhood-level energy management system (NEMS). For the smart
meter data collected from the dwellings, first, a meaningful preprocessing was
established. Then, dwellings were clustered depending on the past 14-day en-
ergy demand patterns. Thereby, in each new day, the residents categorize into
a new cluster. After the clustering of the dwellings, demand prediction was es-
tablished. Then, a neighborhood-scale battery storage system was introduced.
The optimal scheduling of the battery storage system was performed using a
multi-objective optimization; where costs and CO2 emissions are minimized. The
proposed method showed an efficient performance of the system.

It was possible to observe that clustering the demand patterns significantly
reduced the data burden for prediction and computational time required while
increasing the prediction accuracy. Further advancement of the proposed model
could be obtained by increasing the inter-cluster variation. In this research work,

160



Increasing self-sufficiency of building neighborhoods

Figure 6.16: Grid energy consumption (GridEnergy) and energy fed back to the
grid (GridIn) over the months (α = 0). Legend: GridEnergy = Yellow; GridIn =
Green

the improvement of within-cluster variance is not considered. Moreover, this study
was conducted for a residential neighborhood. If the neighborhood consists of
different types of buildings such as office and industrial buildings, it can benefit
more from direct sharing by exploiting the differences of the demand patterns if
operated under a separate micro-grid.
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7.1 Study Outcomes and Discussion

This chapter discusses the overall findings of the thesis answering the re-
search questions mentioned in Chapter-1: Introduction.

In a long-term perspective what methods and models can be used to analyze
sustainable energy transition scenarios?

After a thorough literature review, and investigating different model
approaches, an assessment methodology for scenario analysis was proposed
using the life cycle point-of-view. The methodology consists of a four-step
framework. Identification of area specific scenarios with stakeholder inputs
is done in the first step. In the second step, formulation of the optimization
problem and computational simulations of the identified scenarios is per-
formed. This step encompasses data driven demand predictions and smart
control of energy systems using these predictions. For the optimization
problem formulation ’Energy Hub’ concept was used.

The above mentioned computational simulations were performed only
for the operational phase of the scenarios. However, in order to avoid differ-
ent types of trade-offs, comparing the scenarios in a life-cycle viewpoint is
identified to be important. Therefore, including cradle-to-gate and end-of-
life stage energy and environmental impacts are identified to be important
and therefore LCC, LCE or LCCO2 assessment is proposed in the next
step. Feasibility assessment of the scenarios is performed finally using the
Kesselring method.

At this stage of the energy transition in the Netherlands, does electrifying
the heating sector advantageous in terms of cost and CO2 emission reduc-
tion?

This sub-problem is discussed in Chapter-3 using five scenarios to com-
ply with the heating demand of an office building in the Netherlands. This
study was conducted for one office building. A similar study conducted for
a dwelling showed related results. The five scenarios include the current
case which includes a natural gas boiler, two hybrid cases that includes a
natural gas boiler, a heat pump, and PV system, and two all-electric cases
with complete heat pump operation. The energy demand characteristics
of the building were identified using the data extracted from the Building
Energy Management System (BEMS). Using the energy hub concept and
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data-driven multi-objective optimization, optimal capacity, and optimal
control analysis were performed for each scenario. The results have been
benchmarked against government regulations (BENG criteria).

The study discovered hybrid scenarios which is a combination of natu-
ral gas and electricity is in favor with the existing demand characteristics
of the building even after introducing PV systems. Other than that, when
benchmarking the results with the government regulations, it was found
out that the primary fossil energy requirement (BENG-2) is far from at-
tainment.

The results were in favor of hybrid energy systems because higher de-
mand for electricity translates to higher demand for fossil fuel as input
for electricity generation (power plants). Currently, majority of the power
plants in the Netherlands are fueled with coal and natural gas. Therefore,
in order to develop the built environment in favor of electricity based heat-
ing systems, it is necessary to increase the autonomy or self-sufficiency of
the buildings. So that, the PV produced electricity is utilized maximally
by the buildings without feeding back to the grid. This is challenging and
additional supporting energy systems such as battery storage is needed,
because, the energy demand of buildings have different patterns compared
to the renewable energy generation profiles.

How to optimize the battery energy storage system (BESS) control through
data driven demand side management to create energy flexibility services
for a Smart Grid?

In order to increase the self-sufficiency and to stabilize/flatten a build-
ing electricity demand profile, battery electric storage is used. The study
was conducted by means of peak shaving and valley filling with the control
of the battery storage system for an office building. First, using data driven
prediction techniques, the electricity demand of various intra-building load
groups were forecasted. For the data driven prediction, the required past
data were extracted from the BEMS of the office building. Then, the bat-
tery system operation was controlled by defining load shape objectives in
the form of a baseline. The proposed operational strategy of the BESS
with demand predictions was implemented in the real office building. It
was possible to observe that the flattened load shape objectives were met
over 95% of the time in both simulations and practical implementation
without compromising the thermal comfort of the building users. Total
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energy consumption is shown to have increased marginally due to battery
storage losses.

The energy flexibility provided in this study was through demand side
management strategies, specifically through peak shaving and valley fill-
ing. A successful prediction driven control strategy has the ability to pro-
vide flexibility services in the form of load shape objectives for a Smart
Grid. Nevertheless, the level of detail required to assess the separate intra-
building load group models in order to determine the best performing al-
gorithm makes the approach used a labor-intensive process. Instead, data-
driven machine learning algorithms can be used for demand prediction that
can increase prediction accuracy while allowing for higher levels of abstrac-
tion. For future smart grids, the optimal load shape objectives could be
determined based on the combination of the predicted energy demand of
either individual buildings or neighborhoods according to the system op-
erator’s needs.

What advanced machine learning algorithms can be used to develop models
to predict the energy demand of individual buildings and small neighbor-
hoods? What is the accuracy of the predictions?

This aspect was discussed in Chapter-5. A number of machine learning
algorithms; boosted-tree, random forest, Support Vector Machine (SVM)
-linear, -quadratic, -cubic, -fine-Gaussian as well as Artificial Neural Net-
work (ANN) were all analyzed and tested to understand the prediction
capability of electricity demand at the individual building level and ag-
gregated level in hourly intervals. Accuracy of predictions were evaluated
using the metrics MAPE, CV-RMSE, R2, and the added value of the devel-
oped models were evaluated using Theil U-statistics. Predicting at short-
term resolutions such as hourly granularity is important to understand the
short-term dynamics of energy demand.

From the accuracy-calculation of the predictions, it was observed that
boosted-tree and random forest outperformed the other considered regres-
sion algorithms. When considering both computational power and time as
well as error accuracy, along with boosted-tree and random forest, ANN
models were also performed acceptably.

For some predictions of individual buildings, it was observed that the
potential of creating a prediction model was not satisfactory. Even so, in
the neighborhood scale predictions, the effect of such unpredictable build-
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ings could not be observed. However, the major problem that can surface
with aggregated level demand prediction is the information loss about the
individual buildings. Nevertheless, if similar performing buildings can be
clustered, then, the prediction can still be improved while keeping the in-
formation loss at a minimum level.

How can the data driven control strategies and system concepts be used
to facilitate the introduction of HPs and PVs while increasing energy self-
sufficiency of buildings?

The improvement of energy self-sufficiency of a residential neighbor-
hood that utilizes HP and PV systems is used as the case study to answer
this sub-question. For a futuristic smart-grid application, an efficient un-
supervised clustering method (k-means clustering) was used to improve
demand predictions at 15-minute resolution. For the smart meter data
collected from the dwellings, after applying a meaningful pre-processing
method, dwellings were dynamically clustered depending on their past 14-
day energy demand patterns. After the clustering of the dwellings, day-
ahead demand prediction was established. Each building generates a lot of
data, which is difficult to process without time-consuming measures. Clus-
tering decreases the associated data burden for predictions. After the data
driven predictions, a neighborhood-scale battery storage system was intro-
duced and optimal capacity analysis and scheduling of the battery storage
system was performed to improve the self-sufficiency of the neighborhood.

The study showed, although the dwellings are meant to be zero-energy
(annually), most of the PV produced electricity is fed back to the grid
without consuming it internally. In the analyzed neighborhood, existing
overall energy self-sufficiency is counted as only 10%. With proper predic-
tion and control of BESS operation, it was identified about four months
(May, June, July, and August) out of the twelve can be 100% energy suf-
ficient for the analyzed years. In the future, as many elements across the
grid electrify, meeting the total electricity demand through clean energy
sources will be a true objective of smart grids. Overall, in this thesis, it
is demonstrated that data-driven prediction and control strategies could
pave the way to achieving such true objectives.
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7.2 Limitations

The major limitation of the study is that the control strategies discussed
were experimented using computational simulations only. Apart from the
individual office building analysis shown in Chapter-4 which was imple-
mented practically in an office building, all the other chapters demonstrate
computational simulation studies. However, all these analyses used real
energy consumption and production data. At the moment, implementing
these proposed strategies practically may be challenging, especially because
of the existing energy market structure and legislation.

Another limitation is associated with demand predictions. For the data
driven forecast, the weather parameters and past energy consumption data
were chosen as input features to train the prediction models. If it is pos-
sible to include human interaction parameters as features, the prediction
accuracy could be further improved. This is mostly valid for individual
building predictions and hot water consumption analysis.

Next, apart from Chapter-4, the other simulation studies did not con-
sider the indoor conditions (e.g.: indoor temperature) or summertime cool-
ing conditions of the buildings. Therefore, it is not possible to comment
on the thermal comfort achieved inside the buildings with the analyzed
scenarios.

Another limitation is associated with the optimization of the overall
energy system. No specific constraints were included in the study for the
overall system. For example, distribution transformers located in residen-
tial areas are becoming more and more overloaded with the electrification
of heating demand using heat pumps. Also, these transformers may not
be prepared to accommodate power flowing in both directions. This is a
technical limitation that was not included. These facts set limitations on
the discussed scenarios.
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8.1 Overall Conclusions

The increasing need for a sustainably built environment drives the tran-
sition from a fossil-fuel based centralized energy system towards a highly
decentralized and renewable energy based structure. Along with this tran-
sition, many elements in the grid electrify and the buildings become pro-
sumers. Enabling a fully functional, clean energy grid that can operate
only with renewable energy sources is vital. Nevertheless, it is well known
that renewable energy systems are intermittent and introduce high levels
of uncertainty. However, with the advancement in computing technology,
data driven prediction and smart control strategies provide solutions that
can contribute to stable and sustainable energy infrastructure. Motivated
by these factors, the tools presented and investigated in this thesis using
data driven prediction and control strategies are able to assist this change.

To overcome the difficulties associated with deployment of clean energy
sources such as matching energy demand and supply patterns, the build-
ing sector can closely incorporate with data-analysis. This thesis showed
the capabilities of different machine learning algorithms in predicting the
energy demand of buildings. According to these predictions, if the build-
ings are coordinated and energy flows are controlled in advance using
data driven control strategies, more efficient decisions could be made in
real-time. So that, on-site produced renewable electricity can be optimally
utilized allowing the operation of energy systems with additional energy
flexibility and improved energy self-sufficiency.

The work presented does not argue that improvement of energy self-
sufficiency shouldn’t be at the individual building level. However, if individ-
ual level self-sufficiency improvement is a possibility with the introduced
data-driven prediction and control methods, one should not avoid it. This
argument is slightly contradictory to the opinion of Lund et al. (2011)
[246]. They pointed out that, mismatches should be dealt with at the ag-
gregated level and not at the individual building level. Nevertheless, the
introduced data-driven prediction and control methods in this thesis can
be used at individual or aggregated level.

Even though in this thesis only HPs, PV systems, and short-term stor-
age are analyzed as distributed energy systems, the proposed methods can
be used for other energy system applications as well. Such applications in-
clude the introduction of electric vehicle charging points or long-term stor-
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age options such as hydrogen to further improve the self-sufficiency. Con-
troversial as it sounds, hybrid energy systems (electricity and fossil fuel) are
a realistic intermediate step in the energy transition. Apart from the above
mentioned energy systems, it could be in some cases that district heating
is a better option. Of all the energy systems that the decision-makers pre-
fer for a specific neighborhood, the proposed data-driven prediction and
control methods can still be used.

In the building renovation process, the first step is to efficiently insulate
the buildings so that the heating demand can be reduced by a considerable
amount. Then, the rest of the demand can be provided by HPs, district
heating, or any other heating option. The neighborhood that is considered
in this thesis as a case study has already been recently renovated. There-
fore, this study agrees with the scientific literature as well as real appli-
cations that are promoting energy efficient measures. Thereby, this thesis
further shows how well the data-driven prediction and control strategies
can be used for the renovated buildings.

Despite the above mentioned factors, with the shift from the traditional
grid and analogue meters towards the smart grids and smart meters, the
amount of data generated from buildings will increase significantly. Then,
the main questions of deciding the levels at which the data should be
used, the required computational speed and the required architecture, and
which actors should be involved in to make use of these data sets econom-
ically remain unanswered. When each building generates a lot of data it is
difficult to process them without time-consuming measures. In that case,
using the prediction models on an aggregated level to decrease the amount
of time required for the computation will be beneficial. Even so, if the
single building prediction is a requisite, then similar performing buildings
can still be grouped or clustered. Aggregation or clustering will decrease
the data burden, but the result for the grid side or system operator that
is the predicted load will still be the same.

Nevertheless, the realization of futuristic resilient neighborhoods in-
volves a much more complicated process. The existing neighborhoods can-
not be transformed into energy neutral neighborhoods in a short-term ba-
sis. Apart from the economic barriers such as required investments, some
technological and operational barriers as well as public opinion may also
interrupt the development. Moreover, energy market structures should be
modified giving opportunities to smart control strategies at different spatial
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levels (individual building, small neighborhoods etc.). The pace of realiza-
tion of resilient neighborhoods is affected by all these technical, economi-
cal, and environmental factors as well as how it should fit with the overall
energy system.

The presented approaches and knowledge transferred in this thesis are
valuable because one can develop new ideas based on these verified meth-
ods. One such development is to show the quality of prediction and the
ultimate cost of the system. In conclusion, this thesis showed a few of the
many possibilities for the clever utilization of renewable electricity for a
better alignment of supply and demand to confront a future-proof smart
energy system.

Finally yet importantly, even though it is not considered in this thesis,
it should be highlighted that, in order to reach the 100% renewable en-
ergy future, other demand categories i.e. all types of commercial buildings,
industry, and transport also need similar attention.

8.2 Recommendations

Recent research and methods shown in this thesis emphasize that there is a
shift towards data driven prediction and smart control of buildings related
applications in order to attain a clean energy grid. From the overall study,
the following recommendations can be drawn:

• For the models presented in this thesis, more research is recom-
mended on analyzing the performance and accuracy of these models
in real-life experiments and developing business cases.

• It is extremely important to do a comparison of the same case study
with and without machine learning (ML) predictions. So that, the
added value of using ML predictions and its savings to the consumer
can be fully grasped. In Chapter 4 of this thesis, a case study was
performed without ML predictions. However, it was not compared
with the ML predictions.

• This thesis mainly focused on attaining gas-free energy systems fo-
cusing on heat pumps. Therefore, data-driven predictions made are
mainly focused on electricity demand. The integration of algorithms
for demand prediction of both thermal and electricity is recommended.
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Thereby, not only all-electric but also other types of energy systems
(e.g.: district heating, hydrogen based heating) can be incorporated
in the analysis.

• In this work, the main focus was drawn towards space heating of
buildings. However, with climate change and air-tightness of build-
ings through renovations, cooling demand of buildings will also be
an important aspect that should be looked into.

• In the thesis, price and CO2 emission reduction based optimization
problems are developed while improving the energy self-sufficiency
using short-term storage options. The optimization problem can be
addressed and established including the associated energy flexibility
of the buildings and long-term storage possibilities.

• Scope of current legislation is only focused on individual buildings.
New modified legislation is also recommended not only for nearly
zero energy buildings (NZEBs) but also for nearly zero energy neigh-
borhoods (NZENs).
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