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RESUME

Le secteur résidentiel représente une partie importante de la consommation énergétique et des
émissions de gaz a effet de serre (GES) dans le monde, et il estla cible de nombreux programmes
visant a réduire ces émissions. Les systemes photovoltaiques (PV) résidentiels sont ainsi devenus
financierement intéressants pour les propriétaires dans de nombreuses régions du monde, y compris
dans certaines provinces canadiennes, en raison de programmes incitatifs généreux et de la baisse

du prix des modules PV.

Cependant, la pénétration croissante des systéemes PV pose des probléemes aux gestionnaires des
réseaux ¢lectriques, ce qui a conduit les distributeurs d’¢lectricit¢é a sévérement réduire ou
supprimer les programmes incitatifs. Dans le méme temps, I’attention s’est portée non plus sur
I'objectif de générer une quantité maximale d’énergie, mais sur I'objectif de répondre aux besoins

en puissance du réseau, ¢’est-a-dire d’offrir a celui-ci une flexibilité énergétique.

L’addition de stockage électrique aux systemes PV résidentiels permet de délivrer cette flexibilité.
Cette these étudie les systéemes résidentiels PV+Batterie dans le contexte canadien par des études
en modélisation utilisant le logiciel TRNSYS, un outil de simulation des systemes énergétiques

basés sur une approche par composants.

D’abord, une librairie de modeles est développée dans TRNSY'S, afin d’améliorer la représentation
des différentes technologies de batteries, la prise en compte de la dégradation des performances, et
les effets de la température sur les performances. Les modeéles développés sont comparés a des

résultats expérimentaux pour confirmer leur validité.

Ensuite, un modele archétypal est développé, comprenant une résidence typique canadienne avec
un systéme de chauffage, ventilation et conditionnement d’air et un systéme d’eau chaude tout-
électrique, et un systéeme PV+Batterie. Le modele utilise des profils de consommation mesurés

pour les besoins reliés aux occupants (eau chaude, appareils €lectriques, éclairage).

Le modéle développé est utilisé pour évaluer la flexibilité offerte par les systemes PV+Batterie en
utilisant des indices de performance (key performance indices, KPI) annuels tels que
I’autoconsommation. Des indices dynamiques sont ensuite utilisés pour caractériser la flexibilité

offerte par différentes stratégies de contréle.



Une analyse économique est réalisée en utilisant deux structures tarifaires typiques au Canada : un
tarif basé sur le moment de I'utilisation (en utilisant I'Ontario comme exemple) et un tarif constant
avec des crédits ou pénalites pendant des événements de gestion de la demande de pointe (en
utilisant les tarifs volontaires récemment introduits au Québec comme exemples). Une analyse de
la valeur nette actualisée est réalisée, et le colt d’investissement pour disposer d’une puissance
pendant les événements de gestion de la demande est compare a des alternatives.

Les résultats montrent que, méme si les systemes PV+Batterie ne sont pas rentables dans les
conditions actuelles du marché sans avoir recours a des incitatifs généreux ou sans compter sur une
baisse significative du colt des batteries, ils représentent un atout intéressant pour les distributeurs
d’électricité dans leur adaptation aux futurs réseaux décarbonisés qui auront & gérer un parc de

batiments ayant électrifié les besoins en chauffage et en eau chaude.
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ABSTRACT

The residential sector represents a significant share of worldwide energy consumption and
greenhouse gases emissions; it is targeted by numerous programs aiming at reducing these
emissions. Generous incentive programs and a notable price drop have made residential
photovoltaic (PV) systems financially interesting for homeowners in many regions of the world,

including some provinces in Canada.

However, the increasing penetration rate of PV generation poses significant challenges to the grid,
and as utilities were reducing or canceling the generous feed-in tariffs, the focus of distributed
generation systems has changed from generating more energy to responding better to power needs,
i.e. providing energy flexibility to the grid.

Adding electrical storage in the form of batteries to a residential PV system allows to deliver this
flexibility. This thesis assesses PVV+Battery systems in the residential context in Canada through

modelling studies performed in TRNSYS, a component-based energy simulation tool.

First, a library of battery models is developed and integrated in the software tool to improve the
modelling capabilities regarding the accurate representation of battery technologies, capacity
degradation, and temperature effects. The library models are compared to experimental data to

confirm their validity.

Then, an archetypal model is developed including a validated model of a typical Canadian single-
family home, an all-electric heating, ventilation and air-conditioning (HVAC) system, and
PV+Battery system components. The model uses selected measured profiles for occupant-driven

loads such as domestic hot water and appliances.

The developed model is used to assess the flexibility offered by residential PV+Battery systems
using yearly Key Performance Indices (KPIs)such as self-consumption to assess system sizing.
Dynamic KPIs are then used to assess the flexibility offered by different designs and control

strategies.

An economic analysis is performed using two typical rate structures for Canada: a time-of-use rate
structure (using Ontario as an example), and a flat-rate structure with flexibility incentives or price

signals (using the recently introduced voluntary program in Québec as an example). A net present
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value analysis is performed, and the cost of flexible power generation offered by PV+Battery

systems is compared to alternatives.

The results show that, although they are not profitable without feed-in tariffs or further decreases
of battery prices, PV+Battery systems can represent significant assets for utilities in their
adaptation to a decarbonized building sector relying on the electrification of heating and hot water

production.
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CDF Cumulative Distribution Frequency
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CVv Constant voltage

DHW Domestic Hot Water

DR Demand Response

DHW Domestic Hot Water

DOD Depth of Discharge

EV Electric Vehicle
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FIT Feed-In Tariff

HVAC Heating, Ventilating and Air-Conditioning
KPI Key Performance Indicator

LFP Lithium Iron Phosphate battery
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CHAPTER 1 INTRODUCTION

This chapter presents the context and the motivation for this PhD thesis, and then provides an
overview of the thesis organization and the contributions in each chapter. Photovoltaic (PV)
systems have first been introduced in residential buildings to provide on-site renewable energy
generation and help decarbonize the electricity supply. The trend towards “net zero” energy
buildings, which generate as much electricity as they consume, has resulted in large disturbances
in the electric grids in some parts of the world, leading to the realization that energy flexibility (the
ability to adapt a building energy generation and demand) is a key aspect in decarbonizing the
building sector: space and water heating canbe effectively decarbonized by switching to electricity,
but peak demands must be mitigated to maintain and increase the resilience of the grid. Thermal
storage (in the building structure or dedicated storage tanks) plays a large role in energy flexibility,
but the recent trends in battery energy storage technologies has reduced costs and renewed interest
for residential Photovoltaic systems including battery energy storage, denoted as PV+Battery in
this thesis. The goal of the presented research is to assess the technoeconomic potential of
PV+Battery systems for residential buildings in the cold climate region (e.g. Canadian context).
The methodology consists in improving the available modelling tools, developing residential
archetypes (e.qg. system size, load and etc.), assessing the energy flexibility of PV+Battery systems

through Key Performance Indicators (KP1s),and assessing the economic potential of these systems.

1.1 Context and motivations

According to the International Energy Agency (IEA, 2021), residential buildings accounted for
21 % of the final energy consumption in 2019. Their share decreased slightly over the past55 year
(from 24 % in 1965), but their absolute consumption has increased continuously and is predicted
to keep rising. According to the World Resources Institute, these residential buildings account for
15 % of energy-related greenhouse gas emissions (WRI, 2020). This makes residential buildings

one of the main targets in decarbonization efforts throughout the world, and in particular in Canada.

Decarbonization in buildings relies mainly on electrification of space heating and hot water
production to replace fossil fuels, together with a transition towards cleaner electricity sources.
Using the electricity as the primary source of energy in building sector (e.g. heating, cooling,

lighting and appliances) leads to considerable peak demands during certain times of the day, with



typical “morning and evening peaks” in winter and “later afternoon peaks” in summer. Electric
grids have to meet these peak demands while coping with intermittent renewable resources,

increasing the challenge to match demand and supply.

Instead of contributing to the supply and demand matching problem, buildings have the potential
to become an asset to electric grid by offering energy flexibility. Annex 67, an international
collaboration project within the International Energy Agency Energy in Buildings and
Communities programme (IEA-EBC), “Energy Flexibility of a building is the ability to manage its
demand and generation according to local climate conditions, user needs and grid requirements.”
(Jensen, Madsen, et al., 2017). Enabling flexibility requires adapted control strategies capable of
using on-site energy storage (both electrical and thermal) and managing on-site generation devices

such as photovoltaic (PV) systems.

PV systems were initially integrated to buildings with an objective of contributing renewable
energy to the generation mix and helping decarbonize the electric grid. Combined with
improvements in energy efficiency, this led to the target of “net-zero energy buildings” (Pless &
Torcellini, 2010). This was encouraged by generous Feed-In Tariff (FIT) programs offering long-
term contracts to residential prosumers to purchase their electricity excess well above the market
price. Asan example, the Ontario FIT went from 42 ¢/kWh in 2006 to 80 ¢/kWh in 2009. However,
most programs were downscaled or supressed after their introduction (for example, the Ontario
FIT was between 19 ¢/kWh and 31 ¢/kWh in 2017).

When the share of integrated non-dispatchable (renewable energy) generators in the grid increases,
the procedure of balancing supply and demand becomes more challenging. In particular, in the case
of PV, the daily production peak (roughly centered on solar noon for favorable orientation) often
creates a pronounced drop in the net system load, which is then followed the afternoon/early
evening peak. The ramp rate leading to that peak increases with PV penetration, leading to the so-
called “duck curve” problem, because the shape of the load curve resembles that of a duck belly.
This high ramp rate increases the risk of failure in power plant facilities. In order to increase the
value of PV generation for grid operators, it is necessary to offer flexibility by reshaping the net
demand profile, as discussed above. This can also increase the value of PV generation for the
building owner, as most utilities have already adopted or are planning to adopt time-varying

electricity rates that impose a penalty on demand at peak times and lower the price of electricity



when demand is low and/or renewable generation is high. In the case of building-integrated PV
systems, flexibility canbe achieved by leveraging thermal and electrical storage. The potential of
utilizing thermal mass through advanced control strategies is for example investigated in (K.
Zhang, 2018).

Electrical storage through building-integrated batteries is another option to achieve flexibility of
the net demand profile in residential buildings. Grid-tied photovoltaic systems with battery storage,
referred to as PV+battery systems in this thesis, have recently gained in popularity because they
offer some resilience in case of grid power failure. Prices have declined with the introduction of
new technologies and manufacturers, and their economics can be greatly improved if their storage

capacity canalso be used to respond to variable pricing of electricity imports and exports.

The overall goal of the work presented in this thesis is to assessthe benefits of PV+Battery systems
in typical residential buildings in the Canadian context. From the utility perspective, the potential
of these systems to offer energy flexibility to the grid will be quantified. From the building owner’s
perspective, the economic impact of these systems on the electricity bills under different pricing
schemes will be assessed.

1.2 Thesis organization and contributions

1.2.1 Chapter 1: Introduction

This chapter has presented the context and motivations for this research. The rest of the chapter
presents the organization and contribution of the other chapters of this thesis.

1.2.2 Chapter 2: A new TRNSYS library for battery storage

Assessing energy flexibility of PV+Battery systems requires to perform detailed simulation studies.
Building Performance Simulation (BPS) tools (also referred to as Building Energy Modelling,
BEM) have historically focused on thermal modelling of the building envelope and Heating,
Ventilating and Air-Conditioning (HVAC) systems. Photovoltaic systems were introduced more
recently, and battery energy storage is often considered using very simple models. TRNSYS was
selected for this work (Klein, S.A. et al, 2017). The software includes state-of-the-art models for

buildings and PV panels, but does not currently have models for modern lithium-ion (Li-ion)



batteries. The included lead-acid battery models also neglect the impact of temperature on battery

performance, and ignores some aspects like self-discharge and capacity degradation.

Chapter 2 presents the author’s contribution to BPS in the form of a library of components

implementing state-of-the-art models for generic, lead-acid and Li-ion batteries.

1.2.3 Chapter 3: Residential archetype

The size of the PV system that can be integrated to a residential building is limited by roof area,
and single-detached houses offer the highest potential from that perspective. That type of housing
also represents 64 % of the residential floor area in Canada (NRCan-OEE, 2021). This thesis
focuses on that type of building, and Chapter 3 presents the archetypal house model that was created
to enable simulation studies. A typical single-detached house is modelled in TRNSYS and is
combined with different electricity demand profiles for appliances and lighting to create archetypes
that will be used in assessing the energy flexibility and economic potential of PV+Battery systems.

Electricity rate structures are also discussed.

1.2.4 Chapter 4: Energy flexibility

PV systems have historically contributed to decarbonize the grid but also to exacerbate the
problems related to peak demand and rapid changes in the building sector electricity demand. On-
site battery storage is currently being introduced to provide resilience towards power outages, but
managing the on-site storage also offers a great potential to provide energy flexibility. Chapter 4
defines this concept and the Key Performance Indicators (KPIs) used to assess flexibility. The
developed archetypes are then used to assess the flexibility of PV+Battery systems and provide

design and operation guidelines.

1.2.5 Chapter 5: Economicassessment

The price of PV modules has decreased significantly over the last decade, and the technology is
sometimes competitive with purchasing electricity from the grid in some regions. However, the
high feed-in tariffs that were introduced between 1990 and 2010 in several countries in the world
have been adjusted and, in some cases, discontinued due to supply and demand matching problems

of PV systems. In Chapter 5, The current situation in Canada is assessed and the potential of



managing on-site battery storage to reduce the electricity bills of residential customers is

investigated using two typical rate structures for Canada (Ontario and Québec).

1.2.6 Chapter 6: Discussions and conclusions

This thesis concludes with a summary of contributions to the literature and to the implementation
of PV+Battery systems in Canada, a discussion of some limitations and recommendations for

future work.



CHAPTER 2 A NEW TRNSYS LIBRARY FOR BATTERY STORAGE

Electrical energy storage is a key enabling technology to match intermittent renewable energy
sources with the dynamic energy demand of buildings. Various forms of storage exist, but batteries
dominate the market in small-scale (residential) and large-scale (utility) applications (Rahman et
al., 2020). In a PV+Battery system, they represent the main “mass” in the system, and they also
represent the priciest component. So modelling their dynamic behaviour is an important aspect of

modelling buildings with integrated renewable energy systems.

Building Performance Simulation (BPS) tools such as EnergyPlus (https://energyplus.net/), ESP-r
(http://www.esru.strath.ac.uk/Courseware/ESP-r/tour/), and TRNSYS (http//www.trnsys.com)
were historically developed with a focus on thermal heat transfer. Electrical systems, and batteries

in particular, have been introduced more recently.

The next section presents some general information on batteries, discussing the main technologies
(or chemistries) and presenting some general definitions that will be useful in the chapter. It is
followed by a literature review of existing battery models in selected BPS tools and in more generic
energy system simulation tools. Then, the objectives of our work regarding battery modelling are

described, before presenting the methodology and results.
2.1 Battery characteristics and general definitions

2.1.1 Battery chemistries

A battery “chemistry” refers to its chemical composition, i.e. the nature of the two electrodes
(anode and cathode) and the nature of the electrolyte. This thesis will consider two main types of
batteries: lead-acid (or Pb-Acid) batteries, and Lithium-ion (Li-ion) batteries. Among all type of
secondary (rechargeable) batteries (lead-acid, Li-ion and Nickel cadmium (Ni-Cd), Nickel metal
Hydride (NiMH), etc.), these two chemistries are the most widely used (Albright et al., 2012).
Some key characteristics of these two chemistries are summarized in Table 2.1 (Albright et al.,
2012; Reddy & Linden, 2010).



Table 2.1: Comparison of typical characteristics for lead-acid and Li-ion chemistries

Characteristic Lead-acid batteries Lithium-ion batteries
Nominal voltage [V] 2 2.3 -3.7

Operating temperature [°C] -20t040 @ -20 to 50 @

Energy density [Wh/L] 50 - 90 150 — 700

Specific energy [Wh/kg] 10 - 40 100 — 300

Specific power [W/kg] 150 — 200 250 — 350

Cycle life 500 — 1200 @ 50 % DOD ®) 1000 — 10000 @ 80 % DOD
Self-discharge [%/month] 3-20 05-5

Cycle efficiency [%] 50 - 90 80 — 95

(1) Starter, light and ignition batteries (used in conventional cars) have a larger range, -40 °C
to 50 °C

@ Many Lithium-ion batteries can be discharged under 0 °C but cannot be charged below 0 °C

@) DOD stands for depth of discharge, this will be discussed later in the chapter

2.1.1.1 Lead-acid batteries (Reddy & Linden, 2010)

The lead-acid chemistry is a very mature technology (it as invented in 1859) and it has been used
in a wide range of applications (e.g. uninterruptible power supply, power quality, start and
ignition). The large power to weight ratio due to high surge capabilities, the relatively low cost,
and an acceptable cycle efficiency, are the main characteristics of lead-acid battery. However, the
existing limitations including low energy density (energy to weight and volume), short functional
life span and necessity of regular maintenance are the major drawbacks of employing the lead-acid

battery in stationary energy systems for demand management.

In lead-acid batteries, the active material of the positive and negative electrodes are lead dioxide
(PbO,) and metallic lead (Pb) respectively, which are immersed in sulfuric acid as the electrolyte.

The chemical reaction in lead-acid battery electrodes, over the discharge phase are provided in the

following equations and the corresponding reaction reverses during charge process:



. Discharge
(negative electrode) Pb + SO2~ ——— PbhS0,+ 2e~ (2.1)

Disch
(positive electrode) PbO, +4H* + SO2~ T PhS0, + 2H,0 (2.2)

(Total cell) PbO, + Pb + 2H,S0, Dischargs PbSO, + 2H,0 (2.3)

The nominal voltage of lead-acid cells ranges from 2.05 V to 2.15 V (depending on the electrolyte
density), and the number of cells connected in series defines the terminal voltage of the battery.
Lead-acid batteries can be classified in two broad families depending on the state of the electrolyte.
Flooded batteries have a liquid electrolyte that submerges the electrodes. They are the original type,
and typically require maintenance to add water to the electrolyte to replace the amount that has
been electrolyzed through a phenomenon known as gassing. Valve-Regulated lead-acid (VLRA)
batteries are not open to the environment, they are sometimes designed as “hermetic” or “sealed”
but a safety valve allows gases to escape if pressure differences become too high. In VRLA
batteries, the electrolyte can be immobilized as a gel (“Gel” batteries) or in a highly porous glass
microfiber separator (Absorbed Glass Mat, AGM batteries). Gel and AGM batteries are generally
considered to be maintenance-free as there is no need for (and no possibility to) add water to the
electrolyte. AGM and gel batteries typically have lower self-discharge rates than flooded batteries,
and longer lifetimes. Flooded batteries are the least expensive ones and have a higher energy
density, but a lower power density. Gelled batteries typically have a higher internal resistance, and
are better adapted to SLI (Starter, Light and Ignition) applications.

2.1.1.2 Lithium-ion batteries (Buchmann, 2011; Reddy & Linden, 2010)

Lithium-ion (Li-ion) batteries are much more recentthan lead-acid batteries; the first commercially
available battery was developed by Sony in 1991, i.e. more than 130 years after the lead-acid
battery was invented. In Li-ion batteries, the active material is lithium, and the lithium ions (Lit)
move between the positive and the negative electrode. The battery performance (e.g. voltage range,
lifecycle and energy density) is highly dependent on its internal chemistry (cathode, anode and
electrolyte material) — but all chemistries have higher energy and power densities and better cycle

life than lead-acid batteries.



The anode (negative electrode in a battery) is generally made of graphite (porous carbon) for all
chemistries. Several different materials are used for the cathode (positive electrode), including
cobalt, nickel, manganese, iron phosphate, and aluminum. The cathode chemistry is reflected in

the commonly accepted chemistry name.

In Lithium Cobalt Oxide (LCO) batteries, the anode active material is graphite carbon, and the
cathode consists of cobalt oxide which has a layer structure. This was the design of the original
Sony battery, and it is still in use today. The high energy to weight/volume ratio is the major
advantage of this battery class, which makes it an appropriate option for portable electronic devices.
This battery has relatively low cycle and calendar life in comparison to another LIBs chemistry.
Other issues with the employed cathode material, are the low thermal stability (high susceptibility
to thermal runaway) and failure in delivering the current at high discharge rates. These limitations
and the high cost of cobalt have reduced the market share of this technology for larger battery sizes

such as PVV+Battery systems.

Phosphate has been employed as cathode in LIB for the first time in 1996 to form the lithium iron
phosphate (LFP). This type of LIB provides a high current while showing a good thermal stability
aswell as long cycle life. It is also more tolerant to over-charge and over-discharge, but it exhibits
higher self-discharge rate. LFP batteries have a slightly lower nominal voltage than other LIBS,
which results in a specific energy 20% lower than the average value. But the open-circuit voltage
is very stable, changing by less than 100 mV when the battery state of charge changes from 0.9 to
0.1 (Buchmann, 2011).

The lithium nickel cobalt aluminum oxide (NCA) chemistry dates back to 1999 when it was
introduced for particular applications such as medical devices. This class was developed as a
variation of the lithium nickel oxide cathodes, where cobalt and aluminum were added to provide
stability. NCA batteries have a high energy density and specific power, as well as an extended
functional life cycle. On the other side, high production cost and safety issues are the main
drawbacks for this class of LIBs.

Lithium nickel manganese cobalt (NMC) was introduced as a variation of LCO, with similar
voltage and energy/power density, but reduced cost since the amount of cobalt is reduced. Nickel
is associated with high specific energy, manganese with low internal resistance. The cathode
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materials (nickel, manganese and cobalt) can be mixed with various proportion while two more
frequently used ratios are 1-1-1 and 5-2-3 respectively (Buchmann, 2011). Employing the
corresponding blend decrease the share of cobalt content in cathode which reduces the cost of raw
material significantly. This LIB offers high rate of energy density and long cycle life in a reasonably
low price which makes it an appropriate option for both stationary and mobile applications ranging

from hybrid system to electrical vehicles.

In lithium titanate oxide (LTO) batteries, the graphite in the anode has been replaced with
titanate. The cathode material usually is comprised of lithium manganese oxide (LMO) or NMC.
The possibility for fast charging and the capability to supply a high current (up to full discharge in
6 minutes) make it a suitable choice for powertrain and UPS applications. Moreover, the high
thermal stability of LTO enhances the energy storage efficiency at extreme high or low temperature
while offering excellent performance characteristics (e.g. the capacity remains at 80% of the
nominal capacity at —30°C) (Buchmann, 2011). LTO is at the high end of the cost range within
LIB technologies, but it offers a long cycle life (10000 cycle at 80% DOD), making it a viable
option (Hesse et al., 2017). One disadvantage of this chemistry is its lower nominal voltage

resulting in lower specific energy in comparison to other LIBs.

The three-dimensional spinel structure in lithium manganese oxide (LMO) batteries plays a
pivotal role to facilitate ion transfer between electrodes. This improvement in the ion flow between
cathode and anode leads to a lower internal resistance. The current-carrying capacity, high safety
standard along with enhanced thermal stability are the main advantages of LMO batteries, with the
abundance, low cost, and relative environmental friendliness of manganese. This chemistry
delivers shorter cycle life than others, but it is employed in a wide range of applications including

electrical vehicles, power tools and medical devices.

The main operating parameters corresponding to different Li-ion battery chemistry classes are

shown in Table 2.2.
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Table 2.2 Main parameters of commonly use Li-ion chemistry class (Hesse etal., 2017; Xu etal.,
2010)

Li-ion chemistry Nominal Voltage Cycle life Application
voltage (V) range (V)

Lithium Cobalt Oxide 3.6 3-4.2 500-1000 mobile, laptop, camera

(LCO)

Lithium Manganese Oxide 3.7 3-4.2 300 - 700 medical device

(LMO) electric power train
Power tools

Lithium Nickel Manganese 3.6 2.7-4.15  >5000 E-bike, Electrical vehicle

Cobalt (NMC) stationary

Lithium Iron Phosphate 3.2 2-3.6 >6000 stationary and portable

(LFP) (high load current and
endurance)

Lithium Titanate Oxide 2.3 1.5-2.7 10000 UPS, solar street light,

(LTO) electric powertrain

Lithium Nickel Cobalt 3.6 3—4.2 >2000 Medical instruments,

Aluminium Oxide (NCA) Electric powertrain

The most commonly used technologies for stationary applications (e.g. PVV+Battery systems) and
at this time are NMC, LFP and NCA. NMC have dominated the market both for electrical vehicles
(EV) and stationary applications, while NCA were used for high-end EVs and LFP for some
stationary applications. But NMC is expected to lose some ground to LFP and other technologies
(LMO, LTO) according to a market report by Wood Mackenzie cited by NREL (Guittet et al.,
2021).

2.1.2 General definitions

This section presents some common definitions which will be used when discussing the battery
models (Buchman, 2001).



12

Battery cell, module, and pack

A battery cell is the basic unit of a battery. For typical chemistries, it consists of one anode, one
cathode, and a volume of electrolyte, enclosed in a solid case. The rated voltage of a cell is fixed
by the battery chemistry, it is generally around 2 V for a lead-acid battery and between 2.3 V and
3.7 V for a Li-ion battery. The cell capacity depends on its size, but is generally in the order of a
few Ah for building applications (see below for a definition of battery capacity). A battery module
is an assembly of cells that can be purchased as a single unit. Cells are connected in series and/or
parallel to reach the desired voltage and capacity — typically, several cells are connected in series
to reach a usable voltage of 12 V, 24 V, etc. Finally, a battery pack is assembled by connecting
several modules in series and/or parallel to reach the desired system voltage (which can be in the
order of several hundred volts) and capacity. For building applications, the distinction between
modules and packs is sometimes blurred, with “modules” weighing as much as 100 kg and having
an energy capacity in the order of 10 kWh. In that case, the pack typically refers to a unit that

includes the battery module, a dedicated controller, and associated electronics.
Voltage and current

The battery voltage (Vz,:), expressed in volts (V), is the useful voltage difference at the battery
terminals. The battery current (Ig,:), expressed in amperes (A), is the current entering or leaving

the battery. The convention is to use a positive current when the battery is charged.
Capacity

The battery capacity represents the electrical charge that can be stored in the battery. Instead of
being expressed in coulombs, capacity is typically expressed in ampere-hours, (1 Ah = 3600 C).
The capacity is closely related to the amount of energy that can be stored in the battery, which is
obtained by multiplying the capacity by the voltage (1 Ah -1V =1 Wh = 3600 J). Sometimes, the
term “capacity” will refer to the energy value, using the nominal voltage of the battery. For
example, alead-acid battery having 6 cells in series (rated voltage = 12 V) and a capacity of 100 Ah
will be referredto asa 1.2 kWh battery.

The capacity of a battery depends on various factors (e.g. temperature), and is largely influenced
by the current that is drawn from the battery — i.e. by the speed at which it is discharged. It is

common to compare batteries by using a standard period for the discharge, typically 10 h. the
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capacity in those conditions is expressed as Cy,, and represents the amount of Ah that can be drawn
from the battery when it is fully discharged in 10 hours (in other words, when the discharge current
is equal to 1/10t of the capacity). Other values can be used, e.g. C; (for lead-acid batteries) or C;

(for Lithium-ion batteries).

Note that when talking about the rate of discharge of a battery, a similar — but different — notation
is sometimes used, where 1C means that the battery is discharged at a rate of “l1 capacity (per
hour)”, ie. with a current equal to the capacity in Ah divided by 1h. In that case, the battery
capacity is assumed to be known (at it can be, for example, the C;, value) but the same battery is
discharged at different rates corresponding to 1C, 0.1C, etc. known as the C-rate. The “proper”
rate to verify C;, would be 0.1C.

State of charge

The state of charge (SOC) of a battery is the ratio between its charge at a given point in time and
its nominal charge, i.e. the ratio between its charge and the nominal capacity (for example C;,).
Since the battery voltage varies depending on operating conditions, and since the energy stored in
the battery is obtained by multiplying the charge by the voltage, the state of charge is not strictly
equal to the ratio between the energy in the battery at a given point in time and the energy in the
battery when fully charged in rated conditions. For simple models that do not model the battery

voltage (i.e. assume it is constant), however, the SOC is the same as a “ratio of energy”.
Depth of discharge

The depth of discharge DOD can have two meanings. Sometimes, it is just considered as 1 — SOC,
ie. it represents the “discharge state” of the battery. But the main use of DOD is to indicate the
magnitude of a discharge cycle: it represents the ratio between a discharge-charge cycle magnitude
and the battery capacity. So a battery charged at SOC = 0.9 that would be discharged to an SOC =
0.3 and then charged back to SOC = 0.9 would accomplish a cycle with a DOD = 0.6, calculated

as the max SOC minus the min SOC during the cycle.
Self-discharge rate

The battery self-discharge rate is the amount of charge which is lost per unit time when the battery

is idle. Self-discharge is related to chemical reaction within the battery cells, and depends on the
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battery chemistry, the battery type, and external factors such as temperature. The rate of self-
discharge is typically expressed in percent per unit of time, e.g, %/month, where the % refer to the
charge at the beginning of the period. So a fully charged battery with a self-discharge rate of
5 %/month stored without any load would have an SOC of 95 % at the end of the first month, and
an SOC of 77.4 % after 5 months (1 — 0.95°).

State of health

The state of health of a battery (SOH) describes the evolution of a performance indicator over time.
The SOH is expressed in percent of the initial value (of the selected performance indicator). A
typical indicator chosen to monitor battery life is the capacity C, so that the SOH would be defined
as the ratio between the capacity at a point in time and the initial capacity (for a new battery),
SOH = C(t)/Cinitiq- BuUt the SOH can also be based on the battery voltage, or the internal
resistance, or a combination of factors. The end of the useful life of a battery is reached when the
SOH reaches a given threshold which is defined as the minimum acceptable performance. Keeping
the example of the battery capacity, one could decide that the battery will not be able to fulfil its
role if its capacity is below 80 % of the design (initial) value. In that case, the minimum acceptable

SOH would be 80 % and the battery would have to be replaced when the SOH reaches that limit.

Note: some tools (e.g. PVSYST, see below) refer to the state of wear of a battery (SOW) instead
of the state of health. The state of wearaccounts for the same performance degradation as the SOH,
but uses a different scale: the SOW goes from 100 % (new battery) to 0 % when the battery is
deemed to be unusable. If the remaining capacity is used to assess wear/health, and if the use case
imposes that the battery should at least have 80 % of its rated capacity, the SOH at the end of the
useful life would be 80 %, but it would be defined asa SOW of zero.

Battery efficiency

The energy efficiency of a battery is expressed as the ratio of the useful energy extracted from the
battery over the energy transferred to the battery over a given period. This efficiency is affected by

different types of losses:

e A battery affectedby self-discharge loses charge over time, the energy stored is decreased, and

the loss in charge is equivalent to a loss in energy when multiplied by the voltage.
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The coulombic efficiency (or current efficiency) expresses the ratio between the current
recovered from the battery during discharge and the current injected into the battery during
charge. The losses are due to electrochemical processes, and this efficiency is typically very
high, except in the case of “gassing” in lead-acid batteries (see below).

The ohmic (in)efficiency is normally the main factor affecting battery efficiency as can be
shown in Figure 2.1, the series resistance (R;,: OF Ry + R4 in the figure) will dissipate power
through ohmic losses both when the battery is charged (/g4 > 0) and when it is discharged
(Igq: < 0). The power dissipated as heat is equal to Ry - 134, SO in charging mode the ohmic
efficiency will be Vo/(Voc + Rint Ipq:) @and in discharging mode it will be 1 — Rt Igat /Voc-
In both cases the ohmic efficiency depends on battery internal parameters (V. and R;;,;) and
on the (dis)charging current.

Finally, the battery voltage can depend on the battery temperature (typically, the voltage
decreases for colder temperatures). If a battery is charged and discharged at different
temperatures, the same current going in and out will be associated to a different voltage, hence
to a different power, resulting in an apparent tempe rature efficiency. This effectis normally
calculated automatically by the models that account for battery temperature. In theory, it could
result in an efficiency higher than one, but since this effect is notably smaller than the other

losses, the overall battery efficiency is always lower than one.

2.2 Literature review: battery models

Modelling techniques employed to represent batteries can be classified in three main categories:

electrochemical (chemistry-based), empirical, and electrical (circuit-based). These approaches are

briefly discussed in the next section.

2.2.1 Battery modelling approaches

2.21.1 Electrochemical model

The electrochemical model describes the chemical processes taking place inside the battery with

high details. All physiochemical reactions (e.g. intercalation, diffusion, etc.) occurring within the
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battery cell are defined throughout the series of complex time-varying differential equations. The
physics basis of all corresponding models is adapted from the porous electrode theory, which was
developed, by Newman and Tiedeman in 1974 (Newman & Tiedemann, 1974). This modelling
approach is mainly used for battery design, since it has potential to accurately estimate the
macroscopic (e.g. current and voltage) and microscopic (e.g. electrolyte and solid concentration)
variables during charge and discharge regimes.

This modelling approach is associated with a high complexity, leading to a high computational cost
and requiring in-depth knowledge in the field of electrochemistry to interpret and identify the
required parameters, which makes this technique less appropriate for energy engineering system
design and simulation tools.

2.21.2 Empirical (mathematical) model

In this modelling approach, collected experimental data is used to estimate the battery behaviour
under various operating conditions. Empirical models (e.g. Shepherd (Shepherd, 1965a) and Nernst
(Fang et al., 2014) typically employ few equations to describe the relationships between certain
battery parameters (e.g. voltage-current). In the majority of empirical models, the battery terminal
voltage is defined as a function of battery state of charge and input/output current. The simplicity
and low number of required inputs for the empirical model are notable advantages for modelling
real-time energy systems. But empirical model parameters depend on the represented battery
module, even if they have the same chemistry, which necessitates performing detailed experiments
for each module individually. Using average or “representative” parameters greatly decreases the
accuracy of the model (Fotouhi etal., 2016; C. Zhang et al., 2014). In addition, experiments cannot
reproduce all the dynamic loading conditions, so steady-state performance is typically measured,

which limits the applicability of the resulting model.

2.2.1.3 Electrical equivalent circuit model

The Equivalent Circuit Model (ECM) (Thakkar, 2021) is comprised of a network of voltage source,
resistors and capacitors which are used to simulate the dynamic behaviour of the battery. The

diagram in Figure 2.1 illustrates the schematic of the first order ECM where V. (voltage source)

represents the open circuit voltage (Vp.) of the battery. The voltage difference at the battery
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terminals, Vg,¢, Which is the useful voltage, will be different form V,. as soon as an electrical
current I, 4, will flow through the battery (current is positive in the direction of the arrow when the
battery is discharging). The ohmic resistor R, represents the equivalent series resistance. It explains
that the voltage at the battery terminals will drop when it is under load (positive current) and
increase when the battery is charged (negative current), which is known as the polarization
phenomenon. The RC branch consisting of resistance R; and capacitor C; describes a dynamic
behaviour of the polarization: when (dis)charged, the voltage at the battery terminal will show a
transient behaviour (similar to an exponential curve), and when allowed to rest, the battery will not
return immediately to V,.. The schematic in Figure 2.1 shows asingle RC cell, corresponding to a
first-order ECM model, but additional RC cells can be added to represent a more complex short-
and long-term transient response of the battery voltage during charge and discharge. Conversely,

the (R, C;) cell can be removed to obtain a simplified steady-state model.

Rint =Ro + Ry
|
/ \
Ri
Ro= Rint Ro
— o —— - o
Vee <> b Vst Voe(©) Towe & Vst

L ] L J

(a) (b)

Figure 2.1 Schematic diagram of a steady-state (a) and alstorder (b) ECM

All the parameters of the ECM (V,., Ry, R, and C;) are multivariable functions of the battery state
of charge, temperature and charge/discharge current/power, so identifying their value (or the
equations defining their value) requires testing the modelled battery. The battery chemistry, type
of application, and required precision are the main deciding factors in selecting the appropriate

structure and order of the ECM.
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Note that Iz, is defined positively as the battery is discharged. This convention will be used when
all models. Defining the internal resistance R, as R, (Steady-state model) or (R + Ry ) (first-order

model), the steady-state battery voltage is related to the open-circuit voltage by:
Veat = Voc — Rint Igqe  (in steady state) (2.9)

The voltage across the equivalent mnternal resistance is often referred to as the “polarization

voltage” Vo

Voo = Rint Ipqr  (in steady state) (2.5)

2.2.14 Battery modelling approach comparison

Table 2.3 shows an overview of the advantages and disadvantages of the three modeling

approaches discussed above.

Table 2.3 Advantages and limitations of battery modelling methods

Method Electrochemical Mathematical ECM

Advantage High accuracy Simplicity Reliable for any loading and
Ease of implementing operatingcondition
Acceptable level of accuracy
and simplicity
Limitation Complexity and high inaccurate for complex parameters
computational cost dynamicloading identification procedure
Expert level knowledge
of electrochemistryis
required

2.2.2 Battery modelsimplementationin energy systems simulation tools

This review of battery models implemented in energy systems simulation tools starts with 2
software programs dedicated to PV and PV+Battery systems, PVSYST (https://www.pvsyst.com/,
version 7.2) and PV*SOL (https://pvsol.software/, version 2021 Release 2). Then, we present the
battery model implemented in the System Advisor Model (SAM) (https://sam.nrel.gov/, version
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2020.11.29), a techno-economic tool designed to facilitate decision-making for renewable energy
systems. SAM can model a large variety of systems, from high concentration solar thermal systems
to marine energy systems, and it addresses PV and PV+Battery systems with a great level of detail
— its battery model is often referenced by other simulation tools. Finally, we review the models
available in two BPS tools, EnergyPlus (https://energyplus.net/, version 8.2.0) and TRNSYS
(http://www.trnsys.com/, version 18), and we conclude with an overview of the features of all

models and the desired capabilities for the developed TRNSYS component models.

The model comparison focuses on the employed methodologies to estimate the battery voltage,
capacity and state of charge, as well as battery degradation under dynamic loading conditions
(charge-discharge cycles) and temperature effects. The complexity level, required input
parameters, and supported battery chemistries are also compared.

2.22.1 PVSYST

PVSYST (https//www.pvsyst.com/) uses a simple steady-state ECM Figure 2.1 to investigate the

relation between battery terminal voltage (Vg,:) and current (Ig4¢)-

Note: PVSYST documentation uses a different convention for the sign of Iz,;. The equations below

have been adapted to our convention (Ig,: > 0 when discharging, as shown in Figure 2.1).

through the following equation:
VBat = VOC(SOC ) = Ring (T) Igat (2.6)

Where V. is the open circuit voltage and varies as a function of battery SOC and temperature (7).
R: denotes the internal resistance, it can vary with temperature T, but this is only implemented
in the Li-ion model, not in the lead-acid model. The level of detail varies for the two battery
technologies that are considered, lead-acid and Lithium-ion.

2.22.1.1 Lead-acid model
ECM parameters V¢ and Ry,

For lead-acid batteries, R;,; is assumed to be constant and is obtained from datasheets. Typical

values for generic batteries result in a voltage drop between 0.015 V and 0.040 V per cell when
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discharging at 0.1C, i.e. with a current equal to C;,/10 (the suggested default value is 0.040 V).
For example, a 6-cell battery (12 V nominal voltage) with a C;, value of 100 Ah would have an

internal resistance R;,,; between 9 mQ and 24 mQ.

Vo Is assumed to be a bilinear function of SOC and T
Voc = Vocpase + @ SOC + B (T — Tref) (2.7)

Where T,..; is a reference temperature (usually 20 °C), Vpcpase is the open-circuit voltage at
SOC =0andT =T,.r.aand p are constant coefficients obtained from manufacturer data. Default
battery models in the software have a values equal to 180 mV per cell (when SOC is expressed

from Oto 1) and 8 values between —4 and —6 mV/°C (per cell).

The model includes anempirical correction to account for deep discharge. The voltage is assumed
to drop following a quadratic curve for SOC < 0.3, modifying equation (2.7). Since V¢ pase IS NOt
used, the user inputs the value of V,. at reference temperature and an SOC = 0.5 instead of

Vocpase- The default battery models use Vo = 2.045 V per cell at reference temperature.

The model also includes a “gassing” effect to account for over-charging losses: part of the battery
current (Ig4.) does not participate in the useful chemical reaction (useful current I,), but instead
electrolyzes water in the battery electrolyte, forming H, and O, gases. This gassing current Iy,
contributes to anenergy loss equal to Vg, - I54s. Empirical curves are used to calculate the gassing
current as afunction of SOC and the charging current. When the battery is fully charged, any further
positive current will entirely consist of gassing current (no useful charging current), which should

be avoided by the battery controller.
Battery efficiency

The coulombic efficiency is assumed to be constant, with a suggested value of 97 % for lead-acid
batteries. This efficiency value is applied to the charging current. Note that this does not include
the effect of the gassing current described above (the gassing current is subtracted from the battery
current to obtain the charging current). Ohmic and temperature effects are taken into account by

the voltage model (see above).
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Self-discharge at reference temperature (20 °C) is obtained from data sheets. Default models use
values between 2 %/month and 5 %/month. The self-discharge current is corrected as a function of
temperature according to a predefined profile (no correction below 20 °C, increasing losses for

higher temperatures). The curve is only provided as a drawing in the documentation but the

2
correction above 20 °C can be approximated by Isq/Isqrer = 1+ 0.0045 - (T — Tref) , Where ¢4

is the self-discharge current.
Battery capacity and state ofcharge

The nominal capacity of the battery is described by the value C;,. The actual capacity in operation
is affected by the discharge rate; it typically increases quickly for discharge times between 10 h
and 50 h, and then plateaus for longer discharge times. PVSYST fits a curve based on various C,,,
values provided in data sheets. Alternatively, the Peukert law can be used to correct the capacity

value:

k-1
= 2.8
o=\ (2.8)

Nyef

Where C,, is the capacity for a discharge time n (in hours), and C is the capacity for a discharge

Nref
time n,.¢ (in hours, this would be 10 hours if C,, is known). The Peukert coefficient k is between

1.12 and 1.13 for lead-acid batteries.

The capacity is also affected by temperature: for lead-acid batteries, the capacity increases strongly
with temperature, but datasheets rarely provide that information, so PVSYST uses a default
correction curve for C;,(T)/ ClO(Tref)- The coefficient is 1 at 20 °C, and it ranges from 0.4 at -
20 °Cto 1.2 at 50 °C. It should be noted that battery life is severely (and negatively) affected by
temperature, so operating at high temperature is not a viable option, in spite of the positive impact

on capacity.

The state of charge SOC is calculated from the current charge (balance of charging/discharging

current) and the calculated capacity (depending on current and temperature).
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Battery state of health

Battery ageing is modelled in PVSYST as a combination of two effects: static ageing and operating
ageing. Both effects are used to calculate a “state of wear” (SOW), which is different from the
“state of health” (SOH) discussed above. In particular, the state of wear has no impact on any
battery parameter (voltage, capacity, etc.) in the calculations. It is just used as an indicator of the
remaining battery life, so that the economic analysis can account for renewing the batteries when
they reach an SOW = 0. The static ageing is just represented by a lifetime in years (e.g. 10 years),
and the SOH is decremented accordingly (i.e. for a lifetime of 10 years, the SOW would be
decremented by 1/87600 every hour). The lifetime is affected by temperature, and it is assumed
that above 25 °C, the lifetime decreases by a factor of 2 for each increase of 10 °C. The dynamic
ageing is represented by a total number of “equivalent full cycles” that the battery can perform,
and how much of that amount has been used. For example, assuming a battery can perform 1500
full cycles with a DOD of 1 (from SOC =1 to SOC = 0 and back to SOC = 1), an equivalent
ageing would be obtained by performing 15000 cycles with a DOD of 0.1 (e.g. between SOC = 0.8
and SOC = 0.7). In practice, however, cycles with a larger DOD are more damaging to the battery
than cycles with a smaller DOD, so that the number of lifetime cycles multiplied by the DOD is not
a constant value. PVSYST applies a correction to ageing to account for that effect, so that in the
above example, the battery could perform 15000 cycles with DOD = 0.1, but less than 1500 full
cycles. The correction is based on manufacturer data or can be modeled as a linear correction in
percent. Keeping the same example, with a linear correction factor of 50 %, the battery could
perform 15000 cycles with a DOD = 0.1 (anequivalent number of full cycles of 1500), but with a
DOD = 0.9, the total equivalent number of full cycles would not remain at 1500 but would be
decreased by 50 % of the DOD increase, i.e. it would become 1500 - (1 —-05-(09- 0.1)) =
900 equivalent full cycles — meaning that the battery could perform 1000 cycles with a DOD of
0.9. PVSYST combines static ageing with dynamic ageing by computing both at each time step

and selecting the minimum of the two calculated SOW values.
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2.2.2.1.2 Lithium-ion model

ECM parameters V¢ and Ry,

For Li-ion batteries, R;y; varies with temperature and SOC. The typical reference value provided
in the software results in a voltage drop of 15.5 mV per cell when discharging at 0.1C, i.e. with a
current equal to C;,/10. For example, a 4-cell battery (12.8 V nominal voltage) with a C;, value
of 100 Ah would have an internal resistance R;,; = 6 mQ. The variation with temperature is

expressed as:

Eq 1 1
Rint(T) = Rint(Tref)' 8315 (273.15+T_ 273.15+T7~ef) (2.9

Where E, is the activation energy (in kJ/mol), which depends on the particular battery chemistry.
(default values in PVSYST are between 20 and 30 kJ/mol). T and T;..r must be expressed in °C.

The variation of R;,; with SOC is an empirical factor representing the increase of the voltage
(caused by an increase in the internal resistance) which is observed at the end of the charge process
in Li-ion batteries. The correction is applied at the end of the charge and at the beginning of the

discharge; it is expressed as:
cf =1+ Ae B(1=500) (2.10)

Where cf is a correction factor, and A and B are parameters that control respectively the amplitude
of the correction and the range over which it is applied. The default values in PVSYST are A = 14
and B = 44.

The open-circuit voltage Vy is assumed to be independent of temperature, it is calculated as a
function of SOC:

VOC = VOC,SOC=0.5 +a (SOC - 05) (211)

Where Vo soc=05 Is the open voltage at SOC = 0.5. It is technology-dependent, around 3.3 V for
LFP and 3.7 VV for NMC and NCA.. ¢ is a linear correction factor with default values of 0.15 V for
LFP and 0.78 V for NMC and NCA. As for lead-acid batteries, the model also includes a correction
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for deep-discharge, which is fitted to data sheets. That correction reduces V. for SOC < 0.1, and

its effectis a reduction by 0.2 t0 0.3 V at SOC = 0 for default performance curves.
Battery efficiency

The coulombic efficiency is assumed to be constant, with a suggested value of 96 % for Li-ion
batteries. This efficiency value is applied to the charging current. Ohmic effects are taken into
account by the voltage model (see above).

Self-discharge at reference temperature (20 °C) is obtained from data sheets. Default models use
values around 5 %/month. The self-discharge current is corrected as a function of temperature
according to a predefined profile (no correction below 20 °C, increasing losses for higher
temperatures). The curve is only provided as a drawing in the documentation but the correction

above 20 °C can be approximated by Iq/lsqref =1 +0.01 - (T — Tref)z, where g4 is the self-

discharge current.
Battery capacity and state of charge

The nominal capacity of the battery is described by the value C;,. As for lead-acid batteries, the
capacity in operation is affected by the discharge rate. The model adopts the same correction using
the Peukert coefficient, shown in equation (2.8). The Peukert coefficient k is around 1.02 for Li-

ion batteries.

The capacity is also affected by temperature. The capacity increases slightly with temperature, and
PVSYST uses discharge curves from data sheets to estimate a correction curve for
C10(T)/C10 (Tref). In default curves, the coefficient is 1 at 20 °C, and it ranges from 0.58 at-30 °C
to 1.02 at 50 °C. Manufacturers typically specify minimum temperatures for charging and
discharging which severely restrict this range however, with default values at -20 °C for
discharging and 0 °C for charging. As for lead-acid batteries, it should be noted that battery life is
severely (and negatively) affected by temperature, so operating at high temperature is not a viable

option, in spite of the positive impact on capacity.

The state of charge SOC is calculated from the current charge (balance of charging/discharging

current) and the calculated capacity (depending on current and temperature).
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Battery state of health

Battery ageing is modelled in the same manner as for lead-acid batteries.

2.222 PV*SOL

PV*SOL (https://pvsol.software/) uses a curve-based model that does not rely on the ECM model
structure described above, and can be categorized as an empirical model. The model seems to have
been developed for lead-acid batteries, and the adaptations for Li-ion batteries are not always

documented. No corrections to account for temperature effects are documented.

2.2.2.2.1 Discharge

The discharge behavior is modelled by approximation functions fitted to discharge curves provided
in manufacturers data sheets. These curves represent the voltage evolution versus the SOC for
different current values (or different discharge rates, e.g. 0.5C, 2C, etc.). The model fits these
curves and then interpolates a performance map to obtain the voltage from SOC and current. If

power is imposed, the current is calculated iteratively.

2.2.2.2.2 Charge

PV*SOL implements a charging strategy adapted to lead-acid batteries known as IUoU, which is

a succession of three phases: constant current (1), constant over-voltage (Uo), and constant voltage
(V).

The model used to calculate the battery voltage during these charging phases is only documented
for lead-acid batteries. Three stages of charging (Bulk, Absorption and Float) are simulated
independently. The equation used to calculate the voltage during bulk charging is based on a curve
fit of manufacturer data sheets. This equation formulates the variation of bulk voltage (V) as a

function of SOC and C-rate (Which defines the charge current):
V5(50C,Xc) = Vix(S0C) + Vi + SOC%(0.35 + 0.15X,) (2.12)

Where V/; denotes the Battery idle voltage and V, identify the voltage drop due to the occurrence of
crystallization. The acronym X stands for C-rate, the ratio between the charge current and the

battery capacity in Ah. The second phase of charge starts when the battery voltage reachesa certain
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setpoint and the battery voltage remains constant over this stage. The voltage threshold as well as
duration corresponding to the absorption stage depends on battery design and can be set by the user
(based on battery data sheet). The charge cycle ends with a float stage when the battery voltage
drops (usually to 2.23 —3 V) to keep the battery from overcharging consequences. The voltage

model in charging mode is not documented for Li-ion batteries.

2.2.2.2.3 Capacity

The battery capacity is modelled by a curve similar to the Peukert coefficient used in equation

(2.8), but it is entered as data points taken in a data sheet.

2.2.2.2.4 State of health

The battery state of health (SOH) represents the remaining capacity, and it is assumed that the
battery has reached its end of life when SOH = 0.8 (80 % of initial capacity). According to the
documentation, PV*SOL performs yearly simulations and extrapolates the lifetime from the SOH
degradation over the first year of operation, so the reduced capacity is not used in the simulation
but is just used as an indicator of battery replacement for economic analyses.

Similarly to PVSYST, the software does not only count the number of equivalent full cycles, but
adds a penalty for deeper discharge cycles. A parameter called the cycle load ({) is defined to
calculate the capacity loss percentage during battery operation. This parameter varies between zero
and one, it is determined by dividing the weighted sum of discharged capacity (referencing the

cycle range) to maximum potential capacity of battery (at standard cycle range):

_ Y (fi(DOD))I;t;
CTotall

¢ (2.13)

Where Cr,tqnp  indicate the battery life cycle in term of potential usable capacity (Ah) at standard
depth of discharge (DOD) and f; is the correction factor, assigned to each discharge cycle range.

The reachable capacity (Cspqiianie ) €aN be estimated by the following equation:

Cavailabie = CN,O (1 - 0'2() (2-14)
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The Cy odenote the amount of nominal capacity in Ah for the new battery at start of the simulation.

The battery SOH is simply
SOH=1-¢ (2.15)
The battery is assumed to be replaced when SOH reaches 0.8, and ¢ is reset to zero.

2.2.2.3 System Advisor Model (SAM)

The SAM software (https://sam.nrel.gov/) uses a steady-state ECM to represent batteries. Some
parts of the model are common to lead-acid and Li-ion technologies: the battery voltage (Vgq¢)
model, the thermal model, and most of the battery degradation model. They are combined to

technology-specific capacity models.

2.2.2.3.1 ECM parameters V, and R;,;

The battery voltage model is based on a generic electrochemical model suggested by Tremblay
(Tremblay & Dessaint, 2009):

VOC = VO - K( > + A e_BIBat dt (216)

C— [ Ipg dt
Where 1, is a battery constant voltage, K is the battery polarization voltage, which depends on the
battery capacity C (in Ah) and the history of charge/discharge (integral of current over time). The
polarization voltage accounts for the dependence of V. versus SOC. A and B are respectively the

amplitude (in V) and the inverse of the time constant (in (Ah)-1) of an exponential correction term.

The internal resistance R;,; is assumed to be constant. All parameters in equation (2.16) and the
value of R;,,; are obtained from discharge curves provided by manufacturers. According to (DiOrio
etal., 2015), SAM uses typical values for different chemistries, which are not documented but can

be found in the original reference (Tremblay et al., 2007).

Neither V,c nor R;,; are assumed to vary with temperature; R;,; is simply a constant value, and

Vo varies with the state of charge and current as shown in equation (2.16).

2.2.2.3.2 Thermal model
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SAM models the battery as a lumped capacitance which exchanges heat with the environment
through a global heat transfer coefficient representing convection and longwave radiation (no

shortwave radiation is assumed):

dTBat

dt

mcy = h A (Tgat — Troom) + Rint Iéat (2.17)

Where Tg,; is the battery (lumped, or bulk average) temperature, T,,om IS the room temperature
(assumed to be constant in SAM), h is the global heat transfer coefficient, A is the surface area of
the battery, m is its mass, and c,, the average specific heat of the battery. Default values suggested
in SAM are ¢, = 1500 J/K and h = 7.5 W m2 K-, and the default constant room temperature is
25 °C.

Temperature has an effect on capacity and (for Li-ion chemistries only) on lifetime.

2.2.2.3.3 State of health

SAM uses the battery capacity as an indicator of health, so SOH is defined as the ratio between the
current capacity and the initial capacity. SOH is affected by two effects: static ageing, which affects
the remaining capacity depending on elapsed time (and optionally temperature), and dynamic
ageing, which affects the remaining capacity depending on the number of charge/discharge cycles
and their depth-of-charge. Two main options are available to model degradation in SAM, lookup
tables or simple equations (applicable to all technologies), and a very specific model for Li-ion

batteries.
Calendar and cycle degradation lookup tables / equations

Calendar degradation can be modelled using a similar approach, by entering a2-column table (time
and remaining capacity or using regression curves accounting for temperature and SOC. The

suggested equations for Li-ion batteries are

q=4q0—kcal ‘/E (2-18)

1 1 soc 1
ke = a e’ (T+273.15 296) e(T+273.15 296) (2.19)
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With g, and q the initial and remaining normalized capacity (it is suggested that g, = 1.02), t the

time in days, and k.4; a calendar correction factor. Proposed values for parameters in the k.4

equations are a = 0.00266 day?>°, b = —7280 K, c = 930 K.

The first option to model cycle degradation in SAM uses a 3-column lookup table specifying the
DOD, the number of cycles, and the remaining capacity. In its original default form (DiOrio etal.,
2015), the table provided for 3 capacity levels at 20 % and 80 % DOD, but the table was
extrapolated from only one set of values. These tables are combined with a bookkeeping algorithm
known as a “Rainflow algorithm”, which allows to count the number of cycles and weigh their
impact by the average DOD even for incomplete cycles. The conventional Rainflow algorithm was
proposed for the first time by Matsuishi and Endo in 1968 (Matsuichi & Endo, 1968) to analyze
the irregular loading and cycles. This method is mainly developed for fatigue analyse of mechanical
parts under fluctuated stress and tension load. The name refers to the similarity of this technique
with the falling water from the edge of pagoda roof under the rain. This technique converts the time
dependent data series to the extreme points which is merely comprised of deeps and valleys. The
simplified data then be interpreted through 3 or 4 points method (Samavatian et al., 2018), where
the full and micro cycles are counted for any formed closed loop. The length and mean values
corresponding to each cycle are the output parameters which are determined by the Rainflow
technique. This procedure continues until the end of data series for all extracted extreme points.
Most algorithms require to know the whole series of data points before applying the algorithm, so
they are not usable for online calculations — they cannot be used at each time step of a running
simulation (Gundogdu et al., 2018). Downing & Socie (Downing & Socie, 1982b) originally
proposed an algorithm suited for online calculations, which is referenced in SAM although no

details are provided on the implementation.
Detailed degradation model for specific Li-ion technologies

SAM implements empirical curves for selected specific Li-ion chemistries. The Li-ion NMC model
is based on (Smith et al., 2017). The curves express SOH (associated to capacity) as a function of
temperature, SOC, DOD, calendar time, and number of cycles. They rely on a large number of
empirical parameters, and SAM uses values based on testing 11 cells and presented in (Mishra et

al., 2020). Other Li-ion chemistries are under development and can be treated with separate
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calendar and cycle degradation lookup tables. The online calculation of the number of cycles uses

the Rainflow algorithm (see above).

One particular aspectin SAM is that the calculated capacity taking ageing into account is applied
immediately in the simulation (i.e. for the next time step) — if the remaining capacity is less than

the current charge (which would result in an SOC > 1), the SOC is resetto 1.

2.2.2.3.4 Capacity

The impact of temperature on capacity is modelled with a user-selectable curve. The default curve
ranges from 60 % at -10 °C to 100 % at 25 °C and saturates at 100 % above that temperature. For

Li-ion batteries, this is the only correction affecting capacity.

For lead-acid batteries, SAM uses the Kinetic battery model (KiBaM) (Manwell, F James.
McGowan, 1994), which was developed to represent the fact that — in lead-acid batteries — part of

the charge is chemically bounded and must become available before being released.

The KiBaM represents the relationships between bound and available capacity using the concept
of two connected “tanks” to determine the amount of energy which canbe store or drawn over each
time step. The first tank represents the available energy that can be instantly converted to electricity
and sent to the load. The second tank contains bound energy which can only supply electrons to
the first tank. In order to describe the distributed energy through this tank system, two parameters
need to be identified for each battery model. The capacity ratio of available energy tank to
combined size of both tanks (C) and the conductance constant (K) which determines the conversion
rate between bound and available energy. Assuming that the current remains constant over the time
step (At), the available (g;) and bound (g,) charge can be calculated using the following two
equations:

—kAt (QOkC - I)(l — e‘k“) Ic(kAt -1+ e—kAt)

= 2.20
q1 q1,0€ X K ( )

I1(1—=c)(kAt — 1 + e~ FAt)

- (2.21)

g2 = qzoe A+ qo(1 —c) (1 — e7kAt)—
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where q, o, 420 and g, indicates the values at the beginning of the time step, respectively, of the
available (qq), bound (q,), and total (g = q; + g;) energy. k is a rate constant (h-1) and c is the
capacity ratio (-). Those two coefficients must be calculated from manufacturer data, using
different capacity values at different C-rates, e.g. C;o and C,,. The concept of this correction is
similar to the Peukert correction used e.g. in PVSYST: if the battery is discharged faster, the

capacity will be reduced, because some energy is bound and cannot be discharged quickly enough.

For lead-acid batteries, the same k and ¢ coefficients can be used to calculate the maximum

charging and discharging current.

2.2.24 EnergyPlus

EnergyPlus (https://energyplus.net/) proposes three models for simulating the electrical storage
systems: simple energy balance, Kinetic battery model (KiBaM) (Manwell, F James. McGowan,
1994) and Lithium-ion Nickel Manganese Cobalt (NMC) model (DiOrio et al., 2015).

2.2.24.1 Simple energy balance

The simple model (known as ElectricLoadCenter:Storage:Simple) works as an energy bucket to
store and release quantities of electrical energy, regardless of storage technology. The maximum
allowed charge-discharge rate as well as state of charge (SOC) thresholds can be set by the user to
control the power dispatch to/from storage unit. This model estimates the energy losses based on
user-defined constant values for charge and discharge cycles efficiencies. Additionally, the system
operation can be scheduled manually to restrict accesstothe storage device over the certain periods.

The capacity is user-specified and constant, and self-discharge is not modelled.

2.2.2.4.2 Kinetic Battery Model

This model is known under a generic name (ElectricLoadCenter:Storage :Battery) in EnergyPlus,
presumably because it was the first battery model implemented — but it only applies to lead-acid
batteries.

Capacity

The KiBaM capacity model is similar to the implementation in SAM (see section 2.2.2.3.4), but

there is no correction for temperature.
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Voltage

The terminal voltage (Vg4¢) Is modeled with asteady-state ECM. The internal resistance is assumed
to be constant. The open-circuit voltage V. is expressed as 2 functions of SOC, one for charging

and one for discharging:

C.X
VOC,charge = EO,C + A X+ ﬁ (2.22)
c c
CaXa
VOC,discharge = EO,d + AgXq + m (2.23)

A,Cand D are constant parameters where charge and discharge mode denoted by candd
subscripts respectively. Eq . and E, 4 represent V¢ for a fully charged and fully discharged battery,
respectively. X, is the normalized capacity at a given charging current, X, = qo/9max{gat), and

X4 is the normalized capacity ata given discharging current, Xy = (¢max — 90)/qmax Ugat)-

These model parameters need to be identified through curve fitting technique based on the chare-

discharge profile (V,cy versus SOC) at different current rates.
State of health

The model estimates the battery life in terms of potential maximum number of cycles until failure

(Cr) asafunction of cycle range (R) through the following double exponential decay equation:
CF = Cl + CzeC3R + C4_€C5R (224)

Where R indicates the cycle range (in term of fractional SOC and C; — C5 are the regression
coefficients which need to be obtained from detailed experiments. The default values provided in

the EnergyPlus documentation are:
Cr= 1380 + 6834 e 875R 4 6747 ¢~622R (2.25)

That equation is applied to a specified number of ranges (10, by default) to obtain a series of Cr;

values where i denotes the “bin” number for a given range. A Rainflow counting method (Downing
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& Socie, 1982a) is then applied to count the equivalent number of cycles, and those cycles are

sorted into the defined bins of cycle range. The degradation D is then calculated by:

1
D= ;(Ni &) (2.26)

Where N; is the number of completed cycles in bin i. D is equivalent to a state of wear (SOW) and
varies between zero and one to indicate the proportion of remaining battery life (O = new, 1 =end-
of-life). This SOW can be used as an indicator for economics but has no impact on the battery

capacity during the simulation.

2.2.2.4.3 Lithium-ion (NMC) model

The  model implemented for Li-ion  batteries in  EnergyPlus  (known as
ElectricLoadCenter:Storage :.LilonNMCBattery) is limited to one specific chemistry, Nickel
Manganese Cobalt oxide (NMC). The model is directly imported form the SAM library and is
identical to the one described in 2.2.2.3 with the detailed degradation model for NMC described in
section 2.2.2.3.3. Some of the degradation model parameters can be changed from their default

values in EnergyPlus but they are not documented.

2.225 TRNSYS

TRNSYS (Klein, 2017) has two component models representing batteries in its electrical library.
TRNSYS component models are known as “Types” associated to a number, and the battery models
are Type 47 (Simple Lead Acid Battery) and Type 185 (Advanced lead-acid battery with gassing
current effects). Component models often provide several “modes” of operations, providing
different internal models or different inputs/outputs. Both battery models in TRNSYS can use the
battery power (Pg,;:) OF current (Iz,¢) as inputs. Type 47 also includes a technology-indepe ndent
mode that performs a simple energy balance similar to the equivalent model in EnergyPlus
described in section 2.2.2.4.1. Besides that mode, all the models in TRNSY'S address the lead-acid
chemistry, and there is no dedicated model for Li-ion batteries. In the following sections, operation

modes relying on different internal models are treated independently.
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2.2.25.1 Type 47 —Simple energy balance mode

This model performs a simple energy balance and performs as an “Energy bucket”. The capacity
is assumed to be constant, and there is no temperature dependency in the model. A user-defined
constant efficiency is used for charging, but there is no equivalent in discharge mode. There are no

provisions for SOH degradation or self-discharge.

2.2.25.2 Type 47 — Lead-acid battery mode

The lead-acid battery model implemented in Type 47 is based on the work of Shepherd (Shepherd,
1965). The Shepherd model is a steady-state ECM where the open-circuit voltage is corrected to

different SOC values. R, is assumed to be constant.

Note: Type 47 documentation uses a different convention for the sign of Iz,. The equations below

have been adapted to our convention (Ig,; > 0 when discharging, asshown in Figure 2.1).

The equation used to calculate the battery voltage Vg,; as a function of Ig,; and SOC has the same

form but different parameters in charging and discharging modes:

_ me (1 —S0C)
Charging Veat = Vocge — 9c(1 = SOC) — Rintgc Ipat (1 + T) (2.27)
Cc
. . myg (1—S0C
Discharging Veat = Vocga— 9a(1 = SOC) — Rinrga Ipat (1 + 4 (Qd/C )> (2.28)

Where C is the rated capacity of a single cell. All parameters are fixed to default values for a single
cell, which are listed below with their definition (parameter with a ¢ subscript are used in the

charging equation, and with a d subscript in the discharging equation):
- Open-circuit voltage at full charge: Vo qc = 2.25 V, Vocga = 2.10V
- Linear dependency in SOC: g. = g4 = 0.08V
- Internal resistance at full charge: Rintqc = 3/C, Rintqa = 0.5/C (C in AhtogetR in Q)
- Cell-type parameters:m, = 0.864, m; =1

- Charge parameters: Q. = —0.035 C, Q; = €/0.85
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The documentation does not specify which particular lead-acid battery type was used to select those

parameters.

Optionally, the model can use a correction proposed by Hyman (Hyman, 1979) to improve the
model accuracy at low current values. The correction replaces Vy¢ . and Vy¢ 44 in the equations

above by Vo + V;,, in charge mode, and V¢ — V;,, in discharge mode. In this model, V is defined

as (Voc,qc + Vochd) /2. V,, is a correction voltage calculated as:

1 (gal
Vzp = 7—In (% + 1) (2.29)
zp zp

kp is a constant (setto 29.3) and I,,, canbe seen as a diode current (setto 2.5 A).

The model does not account for self-discharge or temperature effects, but a constant user-defined

charging efficiency is implemented (it is applied to Ig,; in charging mode).

2.2.25.3 Type 185 — Advanced lead-acid battery with gassing current effects

As its name implies, Type 185 implements a detailed model of lead-acid batteries which accounts
for gassing current.

Note: Type 185 documentation uses a different convention for the sign of Iz,;. The equations below

have been adapted to our convention (Ig,: > 0 when discharging, as shown in Figure 2.1).

As discussed in section 2.2.2.1 (PVSYST lead-acid model), gassing current does not contribute to
battery charging and results in significant losses (as well as battery degradation). The gassing

current Iy4 is calculated as:

(VBat g2 )
01 Tgar+273.15

lyas = o go € (2.30)

Where I, is the discharge current corresponding to a 10 h discharge (i.e. corresponding to 0.1C),
and gy, 91, g, are constants to be identified from manufacturer data or tests. The power dissipated
by gassing is simply Pgg; = Vgt Igas- The effective charging/discharging current (1,) is then

different from the total battery current (Ig,.):



36

Iy = Ipar + Ias (2.31)
As for any steady-state ECM, the battery voltage is expressed by:
Veat = Voc — Rint Ipat (2.32)
The open-circuit voltage is expressed as a function of SOC':
Voc = Voco + Voc1 SOC (2.33)

Where Vy o and Vp ¢, are parameters to be identified from manufacturer data or tests.

In Type 185, the impact of R;,; is modelled through an empirical relationship, and the polarization

voltage (V1= Rint Igar) 15 expressed differently during charge and discharge:

_ |Ig |/ 1o 11
Vooreh =Venacn |1 —e ben + CchE (2.34)
Voorach = Vach facn 9acn (2.35)

Vens Vachs facns 9acn @re empirical constants to be identified from manufacturer data or tests, and
Ach bens Con are empirical functions of SOC. They are not documented but can be found in Type

185 source code.

Type 185 does not account for temperature effects or self-discharge. Its main weakness is that it
relies on many parameters that must be identified from performance data. Besides the data that are
commonly available from manufacturers or easily identified from charge/discharge curves, some
parameters (go, 91, 92: Ven» Vacns facn» Gacn) require detailed test data which are not typically

available without performing dedicated experiments on a particular battery.

2.2.2.6 Comparison building performance simulation software battery model

The battery models implemented in building performance simulation software discussed in this

paper have been explored and the results are summarized in the following tables.



Table 2.4 Simple energy storage units available in energy building simulation software
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Building simulation software

PVSYST EnergyPlus SAM PVSOL

TRNSYS Developed Model

| Availability - V - - v N
Simple storage unit I disch a } a
(Energy bucket) >e dI-SC arge - : - v
Capacity degradation - X - - X v
Table 2.5 Lead-acid battery models available in energy building simulation software
Building simulation software PVSYST EnergyPlus SAM PVSOL TRNSYS Developed
Model
Voltage Type Steady Steady state Steady Empirical Steady state Steady  state
model statte ECM ECM state ECM  model ECM (Shepherd ECM (Copetti)
equation)
Temperature Voc X X X X Rint
incorporation
Charge/discharge Peukert KiBaM KiBaM Experimental % Peukert law
rate law data
. Temperature v X Ni X X N
Capacity  jncorporation
degradation X X N X X v
Self-discharge v X X X v
State of Cycle aging Rainflow Rainflow Rainflow Customized Avg cycle
Health model counting
(SOH) Capacity X X Ni X x V

degradation




Table 2.6 Lithium-ion battery models available in energy building simulation software
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Building simulation software PVSYST EnergyPlus SAM PVSOL TRNSYS Developed
Model
Voltage model Type Steady state Steady state Steady state - - 1st and 29 order
ECM ECM ECM ECM
Temperature Voc, Rint X X - X Voc, Rint
incorporation
Charge/discharge rate Peukertlaw  KiBaM KiBaM - X Peukert law
Temperature v X v - X v
Capacity incorporation

degradation x X V - x N
Self-discharge N X X - - v

State of Health  Cycle aging Rainflow Rainflow Rainflow - - Avg cycle

(SOH) counting
Capacity degradation  x X v - - v

Supported NMC, NCA NMC NMC - - LFP, NMC, NCA

Chemistry
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2.3 Objectives of the battery model library

The main objective of this chapter is to develop a unified TRNSYS battery model library allowing
users to model generic batteries and the most relevant specific battery types with a range of
component models sharing the same formalism and general definitions. The library includes 3

component models:

e A technology-agnostic model for feasibility studies, predesign and system-level design.

The model will perform an energy balance but will not model battery voltage.

e A lead-acid battery model representing all sub-classes of lead-acid technologies (Flooded,
Gel, AGM).

e A Lithium-ion model representing all sub-classes of technologies (NCM, LFP, NCA,
LTO/LMO).

The literature review has illustrated the strengths and weaknesses of different available models in
TRNSYS and other energy simulation programs. Based on the review, we have selected the
following requirements for the library.

While some software programs come with large databases of commercially available components,
TRNSYS does not, so requiring detailed data would likely result in example values or data files
being used in most cases. So the general philosophy of the library is to avoid relying on detailed

manufacturer data:

Obj 1:  All models should be generally applicable to a class of technology (or battery chemistry).

In terms of implementation, the models should be flexible within the TRNSYS environment:

Obj 2:  All models should allow interaction with relatively simple components using power flows
as inputs and outputs, and more detailed models should also allow interaction with more

detailed components using voltage and current as inputs/outputs.

In terms of features, all models should allow to perform realistic energy balances, i.e. include
battery losses:
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Obj 3:  All models should consider the most significant impacts on battery efficiency: coulombic
efficiency, polarization voltage, self-discharge (possibly through simple efficiency factors

for the technology-agnostic model).

Models should allow to perform realistic economic analyses by modelling battery performance

degradation.

Obj 4:  All models should represent battery performance degradation and report the battery state
of health. They should also offer the option to use the degraded performance during the

simulation.

TRNSYS offers the advantage that electrical systems can be simulated within the same
environment as a building. The more detailed models should include temperature effects and be

able to interact with building models.

Obj5: The more detailed models should allow taking into account the impact of battery
temperature on performance and include a thermal model capable of interacting with

building models.

Finally, while detailed model validation is outside the scope of this thesis, some quality assurance

should be performed to ensure the validity and applicability of developed component models.

Obj 6: The developed models should be assessed by comparing them to other established models

and to experimental data when available.

2.4 Developed battery library

The next sections will first discuss to common features of the developed models: capacity, self-
discharge, state of health, and the thermal model. Then, the simple generic model (energy

balance) and the specific models for lead-acid and Lithium-ion batteries will be discussed.

2.4.1 Capacity

The battery capacity is the main battery design parameter in PV+Battery system analysis, so it is
entered by the user as a rated capacity and the corresponding discharge time (e.g. the rated capacity
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for a 10-h discharge, C;0). This value is internally converted to C;, using a Peukert coefficient

approach:

k-1
= 2.36
C nref ( )

Nref

The Peukert coefficient k is user-selectable with recommended values of 1.02 for Li-ion and 1.12

for lead-acid.

During the simulation, the capacity will be corrected at each time step depending on the

charging/discharging current, and depending on the battery state oh health.

The capacity is also corrected for temperature. The user enters a capacity reduction factor at -20 °C
(the reference being 25 °C), with a suggested value of 50 %, and the model linearly interpolates

between those values. The capacity is kept constant above 25 °C.

The capacity correction for temperature and current are not applied in the simple (energy balance)

model.

2.4.2 Self-discharge

The self-discharge current at reference temperature is entered by the user as a percentage of the
rated capacity per month, with suggested values of 3 % for Li-ion and 5 % for lead-acid. This value
is then converted to a self-discharge current in amperes. The self-discharge current is corrected at

eachtime step for temperature effects using the equation adopted by PVSYST:

2
Isd/lsd,ref =1+ay- (T - Tref) (2.37)
Where I44 is the self-discharge current and a, is a user-selected parameter, with suggested values
of 0.005 for lead-acid batteries and 0.01 for Li-ion batteries. This correction is not applied in the

generic (energy balance) model.

2.4.3 State of health

All battery models in the library share the same approach for state of health (SOH) modelling. The
selected indicator for battery health is the usable capacity C. The state of health SOH is equal to 1
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when the battery is new, and the threshold for replacement is left to the user. A threshold of 80 %

is often used in the literature, but lower thresholds can be applicable so some use cases.

The model selected to assess battery degradation combines static (or calendar life) degradation

with dynamic (or cycle-dependent) degradation.

Static degradation is applied as in PVSYS. It is entered by the user as a lifetime (with a suggested
value of 10 years). The static degradation at each time step is simply assumed to be the time step
(expressed in years) divided by that value. The amount of degradation is then corrected for
temperature using the rule that it doubles for every increase by 10 °C over 25 °C. This results in a
static variation of SOH, ASOHg; ¢

Dynamic (cycle-dependent) degradation is parametrized by the number of full cycles that the
battery can perform (with suggested values of 1200 for lead-acid and 2000 for Li-ion). The model
calculates the equivalent number of full cycles using a simple cycle counting method (Gundogdu
et al., 2018). In this approach, the number of charge and discharge micro-cycles are computed
separately through independent counters. The counters, keep tracking the sum of input and output
energy to estimate the battery charge and discharge SOC respectively. The number of either charge
or discharge cycles are incremented when the corresponding SOC reaches to the predefined
maximum thresholds (DOD). At each point, the equivalent cycle number is the average of previous
charge and discharge cycles. The flowchart in Figure 2.2, shows how the cycle counter operates at

eachtime step over the simulation period.
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Figure 2.2 Flow chart of cycle counting method for estimating the equivalent cycles number

The number of completed equivalent full cycles is used to calculate a dynamic degradation, which
is simply the ratio between the fractional full cycles completed during a time step and the lifetime

number of cycles, which provides the dynamic variation of SOH, ASO Hgynamic-

At each time step, the variation of SOH is calculated as the maximum of the static and dynamic

variations:
SOHy11 = SOH, — max(4SOHstqtic, ASOHaymamic) (2.38)

2.4.4 Thermal model

Temperature has a significant impact on different aspects of battery performance, and it cannot
simply be assumed that the battery temperature is equal to the room temperature. The experimental
results in Figure 2.3 (collected from experimental setup), show the difference between the ambient

(room) temperature and the battery surface temperature.
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Figure 2.3 Battery surface and room temperature at dynamic loading operation mode (Barzegar
Bafrouei, 2014)

The green line indicates the trend of temperature difference between battery and surrounding in
charge and discharge mode of operation over sunny (e.g. day 3) and hazy days (e.g. day 5). The
higher temperature difference atsunny days is related to higher input current during solar window
(charge mode) which increase the internal heat generation (that is correlated to the current).

The summary of recorded data corresponding to battery surface temperature deviation from room

temperature is shown in the following table for cycle, charge and discharge mode of operation.

Table 2.7 Difference between battery and room temperature

Operation mode  Average(°C) Max(°C) Standard deviation

Cycle 2.24 8.49 1.46
Charge 2.38 8.49 1.75
Discharge 2.05 4.67 1.19

The thermal model performs a heat balance on the battery assuming a lumped capacitance model

and using a global heat transfer coefficient representing convection and longwave radiation (no
shortwave radiation is assumed):

dTBat

mep— == h A (Tgar = Troom) + Quosspat (2.39)




45

Where Tg,; is the battery (lumped, or bulk average) temperature, Tyo0m IS the room temperature
(provided as an input to the component model by other TRNSY'S components), h is the global heat

transfer coefficient, A is the surface area of the battery, m is its mass, and c,, the average specific

heat of the battery. Qloss,Bat includes all battery losses calculated by the other part of the model:

ohmic dissipation, coulombic efficiency, gassing losses (for lead-acid), and self-discharge.

The value of C, in lead-acid battery depends on the battery type, it varies between 0.7 —
0.9 /(g °C) for the valve regulated category (VRLA) and slightly more than 1 J /(g °C) for the
flooded batteries (Rand & Moseley, 2017). For the Li-ion batteries, as it expected similar to other
LIB characteristics, the C,, also depends on the chemistry class of battery. For the LIB of interest

(LFP) the Cp, ranging from 1.005 — 1.103 /(g °C) (Kim etal., 2013). So a value of 1 kJ kg K-

seems appropriate and is hardcoded in the model (the user can correct the mass if required).

Given the availability of detailed building models in TRNSYS, it would have been possible to treat
long-wave heat exchange in more detail, but this has not been implemented at this stage. The heat
exchanged by the battery is provided as a single output and it is suggested to use it as a convective
gain in building models. The global heat exchange is provided as aninput (so that forced ventilation
could for example be implemented), with a suggested constant value of 8 W m2 K-1, Battery mass

and surface area are user-selected.

2.4.5 Simple electrical storage unit (Energy bucket)

This simple model performs anenergy balance. Its capacity is entered by the user and only affected
by SOH degradation. The thermal model is not implemented, and the model neglects all impact of
battery temperature. A constant value is entered by users for charging and discharging efficiency
values, which should account for coulombic efficiency and ohmic losses. Self-discharge is also
implemented. Battery losses are calculated and outputted, so they could be used in a building model

to account for heat gains, but there is no feedback loop to the battery.

This simple component is convenient for preliminary design of electrical storage in PV+Battery

systems (or other energy systems using batteries), but it does not represent the battery voltage.
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2.4.6 Lead-acid battery model

2.46.1 Modelselection

Temperature has an impact on different aspects of battery performance: open-circuit voltage,
internal resistance (or polarization voltage), capacity, and degradation. Among the reviewed
models for lead-acid batteries, none of them models all these aspects. The PV*SOL and existing
TRNSYS models do not consider temperature. The SAM and EnergyPlus models neglect any
impact on degradation and voltage (either through the open-circuit voltage or through the internal
resistance). Finally, the PVSYST model neglects the impact on internal resistance. This last model
also relies on manufacturer data, which contradicts Objective 1 (generalization). So none of the

reviewed model is suitable to address objectives 1 and 5.

The Copetti model (Copetti et al., 1993) was selected as a basis for the voltage and capacity
assessment. The model implements a simple steady-state ECM where V.o and R;,; are taken into
account through empirical relationships that are meant to represent all batteries based on a lead-
acid chemistry. These relationships include the effectsof SOC, current, and temperature on all parts

of the model. The model also accounts for gassing current through an “overcharge” equation.

Interestingly, DiOrio (DiOrio etal., 2015) mentions that the Copetti model was not considered for
SAM because it lacks generality (i.e. it is only applicable to lead-acid batteries, not to lithium-ion
batteries). But the SAM model then evolved to become extremely specific to some technologies
for other aspects than voltage (e.g. for capacity and degradation), so it is unclear why the
requirement for the voltage part of the model wasdifferent. As indicated above, the selected voltage
model in SAM is technology-independent but requires parameters identified from manufacturer

data, and neglects any impact of temperature.

The original Copetti model does not discuss self-discharge or performance degradation, so these
will be addressed separately. Also, the Copetti model uses the battery temperature as an input, but
does not address calculating that temperature. A lumped capacitance thermal model will be added
to that effect.
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2.46.2 The Copetti model

In their study (Copetti et al., 1993), the model authors tested several lead-acid batteries under
charge/discharge regimes over wide range of operating conditions in order to develop a generic
model. Their model is based on a modified version of Shepherd equations (Shepherd, 1965). The
model includes expression for charge and overcharge phases which are not considered by the

previous models such as Shepherd and Facinelli (Facinelli & A., 1983).

The basis of the voltage model is the same as for all models representing a steady-state ECM (here

expressed for one cell rather than the whole battery):
V == VOC - Rint I (240)

Where V,. (open-circuit voltage) and R;,. (internal resistance) are calculated by different

expressions in discharge and charge modes.

The discharge open-circuit voltage (Vyc 4) for a single cell, in V, is:
Voca = 2.085 —0.12 (1 — S0OC) (2.41)
While the charge open-circuit voltage (Vpc ), in 'V, is:
Voce =2 +0.16 SOC (2.42)

The expression for R, represents 3 terms: a constant term, a term that depends on the cell current
I, and a term that depends on the state of charge SOC. These terms are then multiplied by a
correction factor depending on the battery temperature T, which is expressed as a difference with

the reference temperature T,..r = 25 °C:
AT =T — Trer (2.43)
The discharge equivalent resistance Ry 4 Iis:

4, 027
1+ 1137 50C15

1
Rinta = o (0.02 + ) (1 —0.007 AT) (2.44)
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Where C; is the battery capacity for a 10-h discharge.

The charge equivalent resistance R;y; . is:

0.48
1+19% ' (1= 500)12

1
Rintec=— <0.036 +

C10 ) (1 —0.025 AT) (2.45)

The full voltage equations are obtained by replacing V. and R;,; by the appropriate values in
equation (2.40).

The coulombic efficiency in charging mode, ., is calculated by an empirical equation:
20.73
e =1 - o\TeFEm ) 240

The equation for the charge voltage is only valid in the absence of gassing current. The threshold
for gassing process can be expressed by the cell voltage, and the equations above for charging will

only be valid when the cell voltage V' is below the gassing voltage V; (V < V) with:

I
Vy = (2.24 +1.971n (1 + C_)) (1 — 0.002AT) (2.47)
10

Above the gassing voltage (V > 1), the charge cell voltage follows a dynamic behavior before

reaching its final value, V,. (voltage at the end of charge):

I
Ve = (2.45 +2.011 X1In <1 +c_>> (1 — 0.002AT) (2.48)
10

Between 1, and V,, the voltage canbe expressed as:

Ji, 1 at=socgc
VemVot (Vo= V)| 1—e” Tt (2.49)

Where t; and SOC, represent respectively the time and the state of charge at the onset of gassing

(i.e. when the voltage became higher than ), and 7 is a time constant expressed as:
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17.3

T= 167

I (2.50)

1+ 852 (=—
(Cm)

So in charging mode, the voltage is expressed differently depending on the charge level:

e Charge V <V, : Vy¢,from (2.42) and Ry from (2.45) with the general expression (2.40)

e Overcharge V > 1/, : Dynamic expression (2.49)

In charge mode, when the battery voltage reaches the certain point (transition from bulk to
absorption stage), the charge controller reduces the current to keep charging the battery with
constant voltage (toavoid overcharging). Therefore, without investigating the right transition point
among charge stages, the model is unable to estimate the voltage accurately. Since the Copetti
equation uses the voltage as an indicator parameter to switch among various stages of charge and
voltage is a function of input current, the Copetti model fails to simulate the battery behaviour (in
absorption stage) when it is coupled with charge controller. To solve this problem, the newly
developed model employed the combination of battery SOC and terminal voltage to appropriate ly

investigate the turning points among various charge stages and apply the corresponding equations.

The synoptic diagram of battery which is illustrated in Figure 2.4 demonstrates the inputs and
outputs of battery model. The mathematical algorithms and detailed explanation associated with

this component is provided in the following section.

2.4.6.3 Developed model

The developed lead-acid battery model uses the Copetti model for voltage and internal resistance.

Its schematic is described in the figure below.
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Figure 2.4 Schematic diagram of general lead-acid battery model

2.4.7 Lithium-ionbattery (L1B) model

As mentioned previously, the LIB subcategories have different features corresponding to the
battery chemistry class. This chemical variation needs to be taken into consideration in the LIB

modelling procedure.

2.4.7.1 Modelling approach

Equivalent circuit model (ECM) was used as modelling strategy to replace the electrochemical
reaction of LIB with network of electrical elements under dynamic loading condition. This
modelling approach has been described previously in the subsection corresponding to battery
modelling strategies. Intrade of between accuracyand complexity level, commonly one or two RC
blocks are employed to meet the required accuracy level while keeping the number of parameters

under control. The general 2" order ECM is presented in Figure 2.5.
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Figure 2.5 Schematic diagram of the 2nd order ECM

The internal voltage source (V,.) models the open circuit voltage and the series resistor (R,) is the
minimal ohmic internal resistance of the battery. The parallel RC branches comprised of
polarization resistance and capacitance (R;, C;) and (R, C,) represent the impact of short and long
dynamic transient response respectively. Based on Kirchhoff’s law, the terminal battery voltage
(Vgqt) consists of four parts (the open circuit, series resistance, the first (1;) and second (V) RC

block) can be written as:
Vbat = Voo =V1 = Vo2 = Rolpat (2.51)

The voltage-drop of RC branches over the time (dt) can be calculated through the following

formula expressed like a derivative:

Wi ! "+ ! I (2.52)
dt = R.C, ' ¢ '
dv, 1 1
= — —.1 2.
Or in the integrated form:
Vpar = ko — kq1.exp(—a.t) — k,.exp(—b.t) (2.54)

Where:



52

ko="Voe — Rs.Ipat

k= Rilyr oy = 2
1 1-1bhat 2 Ibat (2.55)
_1 1
T R.¢. " TRLC

During charge and discharge mode of operation, the ECM elements vary differently asa function
of SOC, temperature, and state of health (SOH). The challenge in this modelling approach is to

formulate the ECM elements based on influential parameters.

The most cited test procedure to provide data for parameter identification is called a charge-
discharge current impulse test. During the test, a current pulse for charging/discharging the battery
will be applied to measure the corresponding terminal voltage. It is necessary to impose adequate
rest time (e.g. 30-60 min) between charge and discharge current pulses to ensure the battery reaches
the equilibrium to be stable at certain open-circuit voltage. Parameters are identified based on the
test data as illustrated in Figure 2.6, and then expressed as polynomial functions or lookup tables.
These functions or table encapsulate the variation of all parameters as functions of temperature and

state-of-charge:
ECM parameter; = f;(SOC, Temperature ) i =1,2,...,N (2.56)

N illustrates the number of ECM parameters which can varies based on model structure (for a 2d
order ECM, these would be Vy, Ry, R1,R5,C1,Co, 1.6. N = 6). The dependency on state-of-health

requires longer tests and is generally addressed separately.
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Figure 2.6 Schematic diagram for parameters identification of 2nd order ECM

Detailed testing of a wide range of batteries is outside the scope of this thesis, so the parameters
described below are extracted from the literature, with an objective of selecting parameters

applicable to a broad range of batteries using a given technology.

The developed LIB component model is applicable to 3 chemistries which are the most frequently
employed for on-site storage-based hybrid systems (Hesse etal., 2017): NMC, LFP, and LTO.

2.4.7.2 Lithium Iron Phosphate (LiFeP0O, )—- LFP

The developed LFP battery model (Lam et al.,, 2011) has capability to work in two modes of
operation to simulate battery performance with and without incorporating the temperature effect
respectively. Both modes of operation use the second order ECM to estimate the battery terminal
voltage. Regardless of the operation mode, the open-circuit voltage is calculated through the

following equation, which is temperature independent:
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ae
Vpe = a,67%259C 4+ g5 +a, SOC + age 1-s0C (2.57)

The temperature is not considered in the above equation since the open-circuit voltage variation

remains below 2 mV in atemperature range from —20°C to 40°C (Lam et al., 2011).

In the first mode the values corresponding to ECM elements are based on battery SOC:

£,(SOC) = by SOCS + b, SOCS + b3 SOC* + b, SOC3 + bs SOC? + bg SOC
+ b,

f;(SOC) = c1 e259C 4¢3 S0C + ¢y (2.58)
RO,Cl,CZ =fl(50c)

Rl’RZ = f}(SOC)

Where a,- aq, by-b; and C;- C, are the constant parameters which are identified separately for

charge and discharge operation in (Lam et al., 2011).

The second mode of operation taking into consideration the effect of temperature on battery
performance. Two series of equation has been defined for the temperature range above and below

the 20°C to improve the model accuracy for predicting the battery terminal voltage:

In the following sets of equation, the ¢ and d subscripts refer to charge and discharge mode of
operation respectively. T is the battery temperature in kelvin and AT indicate the temperature
deviation from reference (20°C). The ECM terms with “*” superscripts representthe corresponding

parameters in equation (2.58) which is dedicated to temperature independent model.

High temperature (> 20°C)

3.91

Roc = Ry (50C).0.7192 expm
(2.59)

. 10.14
ROd = ROd (SOC) 0.7613 expm



Ri¢ = 9.86E8 exp(—0.1479T — (—01178T + 13.99).50C) —18970T
+705.4

Riq = R74(50C) — (0.00036.97 AT) + 0.0002225 AT .SOC

Cic = C;-(SOC) + 8.814 AT

Ciq = C{4(S0C) — 6.58 AT .SOC + 12.11AT

Ryc = R5(S0C) .(~134.4T +5.011)

Ryq = R5,(S0C) + (0.006718 AT) exp(—20S0C) — 0.0005967 AT

Coc = C5-(S0C).0.00002611 exp(0.03541 T)

. 2398
Coq = C3,(50C).3128 exp(—T)

Low temperature (< 20°C)

Roc = (0.2192 SOC* — 0.3968 SOC3)(—0.08297 T + 24.82)
+ (0.0002136 T2 — 0.1422 T + 2348) SOC?

+ (—0.0001795 T2 — 01077 T — 16.2)SOC

28.78

+ 0.04968 eXpm
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(2.60)

(2.61)

(2.62)

(2.63)

(2.64)



Roq = (—0.00000593 T3 + 0.0050112d T2 —1.411 T + 132.5)S0C*
— 0.2819 S0C3 + 0.2448 SOC? — 0.0963 SOC

24.37
+ 0.06297 exp (

T — 236.3)

Ric = 7.008E29 exp(—0.03051 T + (0.2782 T — 63.04)S0C)
+ 0.00000284 T2 —0.001733 T + 0.2786

Riq = (19230 T? — 0.1166 T
+ 17.66) . exp —(0.01098 T? — 5.644 T + 729.9)S0OC
+ 0.01827 — 0.006462 SOC

Cic = (—11.23T? + 5941 T — 784800)S0C*
+ (16.18 T? — 8523 T + 1.12E6)S0OC3
— 368.8exp(426.1 T) SOC?
+ (—1.199 T? + 710.3 T — 102700)SOC + 8.493 T — 1902

3
Ciq = —1173 (SOC + (142.8 T — 4.068))

+827.8(SOC + (0.01428 T — 4.068))” + 100.5
+ (—0.06807 T2 + 400.2 T — 57690 )(S0OC
+ (0.01428 T — 4.068) )

R,. = 3.726E8 exp(—495.1 T + 32.23 50C) + 592100 T? — 350.7 T
+ 5.225 + 157.150C
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(2.65)

(2.66)

(2.67)
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180.
R;4 = 0.008238 exp (— - 20 SOC) + 15.89E-8 exp (T

T —232.1

4202
— 2.208E-8 exp (T) SocC
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3779)

Coe = ((6.343E-6) SOCS — 1.817E-5 SOC* + 188700 SOC3).exp(855.1 T)

— (1.414E-5) exp(838.1T) .SOC + 696.2

Coq = (24E-450 C*+ 21.54E-6 SOC3 + 2.8) exp(759 T)

4
+ 157300 SOC? exp(435.3 T) + 378.3 SOC exp(

(2.68)

980

T —243)

2.4.7.3 Lithium Nickel Manganese Cobalt Oxide (LiNiMnCo0,) — NMC

The selected parameters for the NMC model implement a first-order ECM (i.e. R, = 0, C, = ),

as proposed by (Ceraolo etal., 2019). For this chemistry, temperature effects are mainly affecting

capacity and degradation, but their impact on ECM parameters can be neglected. The ECM

elements are described through a series of polynomial equations where the corresponding

parameters are defined as a function of SOC:

ECM element; = a, SOC3+a, SOC? +a3SOC +a,

ECM element =V,., Ry, R1,C;

Where ato a, are are tabulated below.

Table 2.8 Li-ion NMC model parameters

(2.69)

ECM elements a, a, a; a,
Voc -0.1558 0.625 0.0776 3.643
Ry 0.0082 -0.0113 0.003 0.0114
R4 0.036 0.0551 -0.0251 0.0103
Cq 82419 -119776 50522 7415.9
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2.4.7.4 Lithium Titanate (LTO)

The model for LTO estimate the battery terminal voltage through the second order ECM based on
the proposed model in (Li et al., 2018). Again, for this chemistry, temperature effects are mainly
affecting capacity and degradation, but their impact on ECM parameters can be neglected. The
extracted parameters values are expressed through the following equations where the ECM

components are quantified as a single-variable function of battery SOC:
Voc=aleazsoc+a3 SOCS+a4 SOC2+a5 SOC+a6 (270)

Where a;t0 a¢ are the constant parameters that are presented in the table below.

Table 2.9 Constant parameters for V..

aq a, as as as Qe
-0.018 -83 0.642 -0.642 0.5673 2.0633

The other components of ECM including the series resistor as well as RC block’s parameters

(resistor and capacitor) are quantified by the following equations:

ECM element; = b,;e?259C + b,
2.71)

ECM element = RO'R]J CllRZ!CZ

The by, b, and b5 are the constants corresponding to ECM parameters equation which are identified

in the table below.

Table 2.10 Constant parameters of ECM components

ECM elements by b, bs
Ry 15.62 -24.37 7.75
R4 18.08 -25.14 4.67
Cqy -596 -11.01 703.6
R, 31.1 -155.2 4.98

C, -3956 -27.12 4475
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2.5 Battery library model evaluation

The battery library including the generic lead-acid and several Li-ion battery chemistries models
is implemented in the TRNSY'S environment in order to determine the terminal voltage of battery
as a function of input current/power, load and ambient temperature at various modes of operation.
The battery was cycled under operating conditions and the parameters of interest were recorded

over the test period (e.g. battery current, voltage and temperature).

The TRNSYS project as it is shown in Figure 2.7 has been defined to evaluate and compare the
accuracy level of developed and currently existing battery model (Type 47) through comparison

among simulated and experimental battery voltage.

4+ New model T
, —_— —— 1
] o L r"%‘ ok,
LSER ,_,._Jc-;g
_— N =
Experimental data ¥ 4 Dutput file - plot
g ——
Type 47

Figure 2.7 TRNSYS project for model evaluation

The recorded experimental data include the current and voltage at the charge controller output, as
well as ambient temperature. The battery model receives the measured current and calculates the

voltage.

2.5.1 Experimental setup and tests

The experimental setup (Solar street light), was installed at Sexton Campus of Dalhousie
University in Halifax, Canada to collect the data corresponding to battery operation under dynamic

supply and demand condition. The installation data is provided in Table 2.11.
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Table 2.11 Installation site specification

Latitude Longitude Elevation PV tilt angle PV direction

46.67°N 63.61°E 145 m 45° South

The data logger recorded the parameters corresponding to battery behaviour over the two months
period from 14/05/2014 to 14/6/2014. The stored data including battery input/output current and

voltage as well as ambient and surface temperature.

2.5.2 Lead-acid battery model evaluation

The tested battery is a sealed advanced glass mat (AGM) battery, type Hoppecke solar bloc 6 V
250 Ah. Each module consists of three internal cells; the weight is 41.4 kg and the dimension are
(L, W, H) 308,107,275 mm. The battery bank comprised of two lead-acid modules
(6 V, 250 Ah) connected in series. In order to carry out the steady phase of the test, a power-cycler
(Arbin BT2000) is employed to put the battery under deep charge and discharge cycles. For the
second stage (dynamic loading), the utilised experimental setup operates as an off-grid solar
streetlight. The setup is comprised of two 135 W PV panels which are connected in parallel to
supply the required electricity for 55 W LED lamp unit (SAT-48S model). The setup has light

controlling functionality to turn on/off the LED based on surrounding radiation level.

2.5.2.1 Deepcharge-discharge cycle

In the first phase of test, in order to characterize the battery performance, the discharge cycles were
carried out based on the provided set point limits by manufacturer in battery specifications sheet.

The discharge and charge schedules are described briefly in the following.

The discharge cycle with constant current equal to 22.9 A takes approximately 9 huntil the voltage
drops to 5.4 VV per module. The charge cycles consist of two stages including constant current (CC)
and constant voltage (CV) which take 8 h and 3 h respectively. During the first step the power
cycler charges the battery with constant current (22.9 A) until the battery voltage reaches 7.05 V.

This step is followed immediately by a CV phase of charging where the terminal voltage remains
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constant and current decreases until the cutoff point (minimum current of 3.43 A). The simplified

description and set point values corresponding to deep discharge cycles are presented in Table 2.12.

Table 2.12 Deep discharge-charge schedule description

step  Phase Description and values

1 Discharge Current at -22.9 A to a minimum voltage limitof 5.4 V

Two step CC/CV: current +22.9 A to a maximum voltage limit

2 Charge of 7.05 V and a minimum cut-off current of +3.43 A

The characteristic voltage and current profiles corresponding to experiment and simulation data

are given in Figure 2.8.

- = =voltage (experimental) ——voltage (simulation) —— soc ——current
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Figure 2.8 The battery voltage (experimental and simulation results) versus current and SOC profile

As it is anticipated the voltage experienced steady decline over constant discharge phase which is
typical of lead acid battery. Charging the battery (CC) increases the voltage gradually until the end
of bulking stage where the transition to rapid rise occurred and voltage reachesthe maximum value.
Throughout the floating charge stage (CV) the voltage remains constant while current drops

steadily.
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2.5.2.2 Dynamic loading

During the second phase of the test, the system operates continuously for a whole month and the
required load value as well as supplied electricity level varies daily due to the change on working
hours of LED lamp and input solar radiation intensity. Consequently, during one-month time span
of monitoring the experimental setup, the battery experienced various charge and discharge
regimes over the different SOCs and DODs. These various realistic working conditions provide
opportunity to examine the model at three states of charging (bulk, absorption and float) as well as
autonomous operation mode which is crucial for evaluation procedure. Moreover, the repeated
discharge cycles with different initiation SOCs (ranging from 90% to 30%) and working operation
events enable the possibility to assess the battery performance in wide range of DODs.

Any type of inaccuracy during either mode of operation (charge/discharge) will be accumulated
and has impact on the (starting point of) following cycles. Therefore, precise measurement of
charge-discharge efficiency as well as initial SOC at the start of the test are key parameters to
minimize the model evaluation error. A fully charged battery at the start of the test facilitates the
SOC tracking through coulomb counting method over the whole period. Since the model utilizes
current integration method, determining the cycle efficiency necessitate measuring the columbic
capacity corresponding to charge and discharge cycles. The cycle efficiency would be estimated
through dividing the columbic capacity (Ah) value for discharge, by the charge. The measured
values of columbic efficiency throughout the deep discharge cycling test ranged from 95% to 98%

for the corresponding battery module.

Figure 2.9 presents the comparison among predicted and experimental battery voltage by
developed and currently existing TRNSYS model (Type 47 with Shepherd-Hyman model) during
six arbitrary selected consecutive days. The solid red line indicates the measured battery voltage
and the blue and green dash line represent the simulated data by developed model and Type 47

respectively.
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Figure 2.9 Comparison among measured and simulated battery terminal voltage

The good level of agreement between experimental and predicted data which are presented in
Figure 2.9 during whole test timespan (after several dynamic loading cycles ~ 30) demonstrates
the model capability to predict the battery electrical behaviour over long-term periods. Two days
were selected as representative of sunny and cloudy days when the battery experience full and
partial charge respectively. The corresponding days were selected according to the amount of daily
generated solar electricity parameters (columbic capacity in Ah) and the related information is
presented in Table 2.13

Table 2.13 Selected days for model assessment

Climatic condition Day No Electricity production (Ah)
Sunny 3 66.3
Cloudy 26 29.7
Average 1-30 46.6

Figure 2.10 and Figure 2.11 contain three graphs to present the model input and output parameters
as well as experimental data over a sunny and cloudy day respectively. The top graph displays the

(measured and simulated) terminal voltage and the middle chart shows how battery SOC changes
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over the battery operation. Finally, the recorded parameters which are used as model input data

including the ambient temperature and battery current are provided in the bottom graph.
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Figure 2.10 Battery model inputs and outputs for sunny day (Top: measured and experimental

battery voltage. middle: the battery SOC bottom: measured input current and ambient temperature)

As can be seen in top graph in Figure 2.10, during the discharge mode (between 0-8th hour), the
TRNSYS component (type47e) fails to estimate the battery voltage accurately while, acceptable
match exists between measured and developed model’s simulated results. The root mean square
error (RMSE) of Type 47 and the developed model corresponding to the discharge phase during
the sunny day is 50 mV and 7 mV respectively. During the transition stage from discharge to charge
when the current value is approximately zero the battery voltage represents the open circuit voltage
at corresponding SOC.

For model assessment during the charge mode, several aspects need to be considered including the
investigation of charge stage (e.g. bulk, absorption) and reaction to charge controller device (which
works in conjunction with battery). During the first stage of charge (bulk) — between 10th to 14th
hour — the predicted voltage by the developed model closely follows the experimental results and
the offset between two data series remains below 70 mV. As can be seen, Type 47 is unable to

investigate the final point of bulk charging (transition to the absorption stage) which results in a
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considerable gap between predicted and experimental data over the rest of the cycle. During the
charge stage, the RMSE is 40 mV for the developed model compared to 130 mV for Type 47.

Figure 2.11 presents the same series of data (simulated and experimental battery input/output
parameters) for to the cloudy day. The developed model predicts the measured voltage with a
reasonable accuracy, while Type 47 is unable to follow the trend of the recorded battery voltage in
discharge and during the majority of the charge phase. Apart from a short period (between 8th - 10t
hour) at the start of the charge mode, the voltage predicted by the developed model precisely
follows the acquired data from the experimental setup, and the root mean square error (RMSE) is
19 mv.
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Figure 2.11 Battery model input and outputs for cloudy day (Top: measured and experimental

battery voltage. middle: the battery SOC bottom: measured input current and ambient temperature)

The table below presents an overview of RMSE values for the different tests.
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Table 2.14 RMSE values [in V] for simulated battery terminal voltage

Day No Operation mode  TRNSYS type Developed model
(climatic condition)
3rd Charge 0.13 0.04
(Sunny) Discharge 0.05 0.007
Cycle 0.12 0.03
25th Charge 0.06 0.018
(Cloudy) Discharge 0.03 0.023
Cycle 0.04 0.0196
1st — 30t Charge 0.12 0.052
(Random) Discharge 0.092 0.015
Cycle 0.096 0.05

2.5.3 Lithium-ionbattery modelsevaluation

The measured voltages which are used in this evaluation are provided by Calce Battery research
group (Zheng et al., 2016) who applied the dynamic stress test current profile, on batteries with
LFP and NMC chemistries.

2.5.3.1 Lithium Iron Phosphate (LFP)

The battery specifications corresponding to the LFP which is used for model evaluation by
experimental data (Zheng etal., 2016) is presented in Table 2.15.

Table 2.15 LiFePO4 Battery specifications

Cell chemistry Capacity rating (Ah) Weight (gr) Dimension (mm) Length(mm)

LiFePo, 2.23 67 25.4 65

Three plots including the measured and estimated voltage (top graph), the battery soc (middle
graph) and the current profile are presented in Figure 2.12. According to the provided current

profile in the bottom graph, the test comprised of two stages:

e Static charge including two steps (constant current/constant voltage)

e Dynamic charge/discharge



67

As can be seen in the top graph, acceptable agreement exists between experimental and estimated
voltage over two parts of the test. In the first part (static charging) the model error remains below
0.05 V and over the dynamic charge/discharge the offset between two data series never exceeds
0.15V.
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Figure 2.12 The estimated and measured voltage (top), the battery SOC (middle) and battery input

current profile (bottom)

The acquired results from this evaluation indicated the developed battery model has the capability
to estimate the battery voltage over both static and dynamic loading mode of operation with
reasonable error for considered application.

2.5.3.2 Lithium Nickle Manganese Cobalt Oxide (NMC)

The properties of utilised battery for implementing the experimental test (Zheng et al., 2016) are
shown below

Table 2.16 NMC battery specifications

Cellchemistry  Capacity (Ah) Weight (gr) Diameter (mm) Length (mm)

NMC/Graphite 2 45 18.33 64.85
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The model input and output data as well as measured battery voltage are presented in Figure 2.13
through three plots. The top plot shows the model estimated and measured voltage, the middle plot
indicates the battery SOC variation and finally the bottom graph is allocated to the input current

profile.

The operating conditions include different phases:

e Constant current (CC)-constant voltage (CV) charge steps
e Constant current discharge phase
e Rest-time (where the terminal voltage is equal to battery OCV)

e Dynamic charge-discharge mode

The first stage of the test (static loading) is comprised of two steps (CC and CV) in charge mode
which is followed by single step (CC) in discharge phase. In order to attain the equilibrium, the
current remains zero for approximately two hours before starting the second stage of the test. Over
the rest time period the battery terminal voltage represents the battery OCV at the corresponding
SOC. The second stage is a dynamic stress test to put the battery under fast changing charge and

discharge phases.

Table 2.17 Battery test schedule explanation

Stage Phase Description and values

1st Charge Two step CC/CV:current 1 A to a maximum voltage limit of
4.2 V and a minimum cut-off current of 0 A

1st Discharge Current at -1 A to a minimum voltage limitof 3.5V
- Rest zero charge or drawn current for 2 hrs
2nd Charge/discharge The dynamicstress current profile for rest of the test

The comparison between estimated and measured voltage at top graph indicate the model has
capability to appropriately predict the battery voltage even atlow currents.
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Figure 2.13 The estimated and measured voltage (top), the battery SOC (middle) and battery input
current profile (bottom)

During the charge mode the error at first and second step remains below 50 mV and 20 mV
respectively. The model capability to accurately estimate the battery SOC and OCV can be
evaluated through comparing the data sets over the rest time period. A good agreement is also
shown among simulated and experimental voltage at rest (hours 6 to 8) where the offset never
exceeds 16 mV. The model error is higher during short transients in discharge mode (around hour
5), reaching 0.2 V, which is still acceptable in the context of yearly or multi-year PV+Battery

analyses.

2.6 Chapter summary

This chapter presented the most relevant battery technologies for PV+Battery systems, and
reviewed the models implemented in building performance and energy systems simulation tools.
The literature review identified the main desirable characteristics for component models, and
highlighted the fact that none of the implemented models combines all those characteristics. In

particular, the component models available in TRNSYS lack several key features such as health
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degradation and the ability to represent Li-ion batteries. Temperature effects are generally poorly

represented in building performance tools such as EnergyPlus and TRNSYS.

The proposed TRNSYS battery library responds to the identified need by proposing 3 distinct
component models addressing the modelling of generic batteries, lead-acid batteries, and lithim-

ion batteries. They have been compared to experimental data to confirm their validity.
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CHAPTER 3 RESIDENTIAL ARCHETYPE

This chapter describes the residential archetype used in this study. The archetype consists of a
typical building (house), its heating, ventilation and air-conditioning (HVAC) system, and the
PV+Battery system.

3.1 Building

The selected residential building for modelling purpose in this thesis is a two-storey single-family
detached house (210 m? of floor area) with a basement and an attached garage constructed in
Canadian Center of Housing Technology (CCHT)(Swinton et al., 2001). It represents a typical
North-American wood-frame structure compliant with Canadian R-2000 building standard which
is set on a poured concrete basement. In order to implement the house model, the detailed
information regarding the insulation materials, windows specifications and airtightness
assumptions are extracted from building specification provided by Swinton et al.(Swinton et al.,
2001).

3.1.1 HVAC system (baseboard and conventional AC)

The heating, ventilation and air conditioning (HVAC) system is comprised of all-electric baseboard
heating unit and conventional air conditioner. The considered electric resistance heating system is
commonly used for space heating application in Canadian buildings. The HVAC load is calculated
through modelling the corresponding HVAC system in TRNBuild using the idealized heating and

set-point control strategy.

3.2 Occupant-driven load profiles

The accurate estimation of electricity consumption plays a crucial role in achieving more accurate
and reliable results in implementing and modelling the load management strategies. The pie chart

in Figure 3.1 indicates the share of major end-use in total consumed energy in residential sector.
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Figure 3.1 Total residential energy consumption by major end-use (NRCan, 2021)

As it is illustrated in Figure 3.1, approximately 64 % of the whole consumption is associated with

HVAC loads (heating and air-conditioning), and even 83 % when domestic hot water is added.

Lighting and other electrical appliances account for the remaining 17 %. In all-electric homes, the

electricity consumed by HVAC systems also has a notable impact on the electricity grid peak

demand. In Québec for example, residential space heating contributes 30% of the winter peak

demand (Kummert et al., 2011). The electricity demand profile used in this study is comprised of

three load components:

3.21

HVAC system (space heating and cooling)
Hot water system
Electrical appliances (e.g. washer, dryer, dishwasher, freezer, refrigerator, light and small

appliances)

HVAC load (space heating)

The detailed model of considered residential archetype as well as corresponding HVAC system
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(electric resistance) is implemented in a validated building model in TRNSYS to estimate the
HVAC load regarding the commonly assumed occupant comfort conditions (K. Zhang, 2018). The
impact of internal heat gains which is generated by operation of electrical appliances are considered

in the simulation model.

A typical meteorological weather data file for Montreal, Canada (CWEC) (Environment Canada,
2010) is utilised in this study to provide the associated climatic conditions (e.g. temperature,

radiation level and etc.) for system components over the simulation periods.
3.2.2 Appliances, lighting, and plug loads

The employed non-HVAC load profile (e.g. appliances, lighting and etc.) in this study is based on
measured data for non-HVAC electricity load from 22 Canadian houses ranging from 6 to 30 kwWh
usage per day (Johnson & Beausoleil-Morrison, 2017). The non-HVAC load profiles are
categorized into three classes (low, average and high) based on daily electricity consumption. The
8 households with lower than 10.8 kwWh daily electricity consumption are labelled as low demanded
profile, while high load profile category consist of 6 households with daily electricity usage more
than 17.8 kWh. The remaining load profiles including 8 households have daily electricity
consumption between 10.8 and 17.8 kWh which are tagged as average. For more clarification the

information related to the classified load profiles are presented in the Table 3.1.

Table 3.1 Load profiles classifications according to daily electricity consumption

Daily electricity consumption <10.8 kWh 10.8 kWh < < 17.8 kWh 17.8 kWh <

Number of households 8 8 6

In this study, one load profile in each category was selected following a methodology that imitates
the selection of typical months for a Typical Meteorological Year: the cumulative distribution
frequency (CDF) of all load profiles within one category were plotted, and the CDF that was the
closest to the “average” of that class was selected. This allowed us to keep only 3 non-HVAC
profiles, corresponding to high, average, and low usage categories. The selected electricity

demands are added to the electrical load of the house but they are also used in the detailed
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simulation, as most of these usages are converted to internal gains.
3.2.3 Domestic hotwater

The domestic hot water (DHW) load is derived from eight series of measured data containing DHW
draw profiles (Edwards et al., 2015). The water draw profiles were categorized in three groups
based on daily usage (low, average and high). The daily usage thresholds as well as quantity

corresponding to the profile’s classification is shown in Table 3.2.

Table 3.2 DHW profiles classifications

Daily hot wat ti L L L L
aily hot water consumption <130() 130 (B) <<170()  170() <

Number of water draw profiles 3 3 2

The same method based on CDF comparison is used to select one profile in each category. The
electricity usage associated with domestic hot water is obtained by running a separate 5-min
simulation using a typical 270 L, 2-element water heater (Allard et al., 2011) and the 15-min

integrated electrical load is then used in the main simulation.

3.2.4 Electric vehicle (EV)

According to the published vehicle survey by NRCan (Canadian Vehicle Survey: Annual, 2009),
the average yearly mileage for the typical Canadian vehicle is around 15200 km. Depending the
model and driving habits, the electric vehicle can travel between 4.8 and 6.4 km by using 1 kwh
of electrical energy (Buchmann, 2011). The technical specifications corresponding to the various
EV model’s battery are provided in Table 3.3 (Electric Vehicle (EV) — Battery University).

Table 3.3 Electric vehicle battery capacity, range and energy consumption

EV make/Model Battery capacity Range  Electricity/distance

(kWh) (km) (kWh/km)
BMW i3 (2019) y) 345 8.2
GM Spark 21 120 5.7
Fiat 500e 24 135 5.6

Honda Fit 20 112 5.6
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Nissan Leaf 30 160 5.3
Mitsubishi MiEV 16 85 53
Ford Focus 23 110 4.8
Smart ED 16.5 90 5.5
Mercedes B 28 136 4.9
TeslaS 60 60 275 4.6
Tesla S 85 90 360 4.0
Tesla3 75 496 6.6

The efficiency of EV supply equipment, varies between 74.2 and 90.6 % depending the charger
level (e.g. level 1 and level 2) and ambient temperature (Sears et al., 2014). According to the
provided data, the typical EV electricity consumption as well as considered assumptions are

presented in Table 3.4.

Table 3.4 Electricity load corresponding to the typical EV

Electricity/distance 5.6 km/kWh
Charger efficiency 85 %
Yearly mileage 15200 km

Yearly Electricity consumption 3193 kWh

Therefore, the demanded electricity for charging one EV according to Canadian driving habits is
estimated to be 8.75 kWh per day.

3.3 Electricity demand profile

The average daily electricity demand (non-HVAC, HVAC and DHW) for various end-user
categories (low, average and high) ranges from 70 to 90 kWh/day. The non-HVAC load stands for
the electricity used by appliances (frig, stove, TV and etc.), lighting and plug loads which is
extracted from measured data (22 Canadian households). The HVAC load represent the consumed
electricity for space heating and air conditioning which is estimated from the calibrated TRNSYS
model of employed archetype. The DHW load is the amount of electricity utilised by the electric
water heater to supply the measured water draw profile corresponding to the real consumption
patterns (8 Canadian households). The detailed information related to the employed load profiles
(low, average and high) including the yearly electricity used in each sector are shown in Table 3.5.
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As expected, the HVAC consumption (mainly heating) increases for cases with a lower energy
demand for appliances, as those appliances contribute to internal heat gains (the buildings and
HVAC setpoint profiles are identical in all cases, so the contribution of internal gains is the only
changing parameter in calculating the HVAC loads.

Table 3.5 Yearly load profile for various consumption patterns

Consumption HVAC Non-HVAC DHW Total
pattern category (kWh/year) (kWh/year) (kWh/year) (kWhlyear)

Low 19734 2642 3573 25948
Average 18281 4525 4808 27614
High 17041 6510 4948 28498

The average daily electricity demand corresponding to the three major part of load profile is
demonstrated graphically in Figure 3.2.

m HVAC m Appliance = DHW
High

Average

low

0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00 80.00
Daily load (kWh/Day)

Figure 3.2 Average daily load profile for various consumption patterns

In order to investigate the variation of electricity demand corresponding to each end-use over the
year, the average daily load profile associated with the moderate consumption pattern (average) for
non-HVAC and HVAC +DHW load are presented separately within 15 minutes interval time in
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Figure 3.3 and Figure 3.4 respectively. The corresponding profiles represent the average

consumption class (with 27616 kWh/year).
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Figure 3.3 Daily average load profile for non-HVAC load (average electricity use)

The presented graph in Figure 3.3 shows the daily load average of electrical appliance (e.g. lighting,
fridge and etc.) for average consumption pattern (12.4 kwh/day). As it is illustrated the trend of
non-HVAC load profile approximately stays constant over the year since apart from lighting, the
usage patterns for the other appliances-which depend on occupants’ behaviour- remain unchanged.
The presented graph in Figure 3.4 is related to the sum of daily average consumed energy by HVAC
(50.08 kWh/day) and hot water system (13.7kWh/day) over the whole year.
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Figure 3.4 Daily average load profile for HVAC load (Including hot water)

As it is anticipated the HVAC load and hot water usage varies significantly over the year based on
climatic conditions. The notable drop in ambient temperature over heating seasons results in higher
electricity consumption by HVAC system.

The total electric demand is shown in Figure 3.5. The presented load profile is the average of total

electricity demand within 15 minutes interval over the whole year.
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Figure 3.5 The average daily load electricity profile

The 15-min electrical demand is presented for selected winter and summer days (January 15t and
July 15%) in Figure 3.6 and Figure 3.7. The top, middle and bottom plots show the low, average
and high consumptions pattern categories respectively. These days were selected randomly, and
are presented to illustrate the dynamic profile of the simulated demand. They are not necessarily
“typical”’, hence they do not necessarily match the average shapes shown in the average profiles

above.

The same zoning and comfort conditions are considered for all three archetypes regardless of
electricity consumption patterns, therefore the HVAC loads associated with three classes (low,
average and high) are similar in all cases (except for the influence of internal gains, as discussed

before).

The presented load profiles in Figure 3.6 indicates the electricity consumption in January 15t when
the HVAC load accounts for significant percentage of total demanded energy.
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Regardless of consumption pattern the electricity demand (for electrical appliances) in residential
building usually remains negligible during 12-6 AM while the load profile experience significant
rise over the morning and evening peak hours. The morning and evening peak periods usually occur
between 6-9 AM and 16-20 PM respectively. The load over the remaining hours entirely depends

on occupancy present/absence status and reflect the electricity consumption profile.

The nature of occupancy-driven electricity demand corresponding to hot water, appliances and
plug loads, as well as ambient temperature fluctuations that affect the energy used by the HVAC
system, the load profile pattern varies significantly from day to day. The plots in Figure 3.8 show
the load profile from three electricity usage classes over a whole week (April 10t to 17th). As can
be seen the load pattern changes over the consecutive days regarding the occupants’ energy

consumption schedules and habits.
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Figure 3.8 The load profiles corresponding to the typical week
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3.4 PV+Battery system

A typical grid-connected solar system with battery backup is presented in Figure 3.9. It is

comprised of PV panels, a bi-directional inverter, a charge controller, and battery bank

PV Array g
Dual-Function Electric

ﬁ Inverter Grid
Azl_

00000 zfl_

=
LBy

Load

components.

&=

Charge
Controller

Figure 3.9 One-line diagram of grid-tied PV+Battery system

Appropriate sizing of the system components plays a major role in improving the system efficiency
and performance while optimizing the system economically. The main parameters for sizing are
the assumed/target daily critical load (i.e. the load that must be satisfied in case of power outage),
battery depth of discharge, number of autonomy days for battery capacity, and the constrain of
available roof area for panels installation. These parameters are discussed in the continuation of

this subchapter.

3.4.1 Autonomy day

The number of autonomous days refers to the system potential to supply the demanded electricity

in absence of grid or solar electricity.

3.4.2 Critical load

Batteries are an expensive part of the system, so they are typically not sized to meet the average or
peak demand in case of power outage, but rather according to a “critical” load. For an average
house, the essential items which are needed to be powered during the critical events include the

refrigerator, some lights, microwave oven, cellphone battery charger, radio and security systems.
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The critical load can also include minimum heating in selected rooms in winter. This requires
meeting peak power demands from 3 to 5 kW (running) and up to 7 kW (starting) — the autonomy
is not proportional to these peak demands, as the average critical load is supposed to be much
lower, in the order of 400 W to 600 W (or approximately 10 to 15 kWh/day). This is confirmed by
multiple commercially available solutions like E-Gear (E-Gear™ BESS,) and Tesla (Powerwall |
Tesla Canada,) that provide 10 to 12 kWh storage for residential backup/stand-by battery banks.
These banks are intended to provide one day of autonomy, which can be extended to 2 to several

days in a PVV+Battery system, depending on available solar energy.

3.4.3 Battery Depth of Discharge (DOD)

The battery DOD is the percentage of battery capacity that can be used during charge or discharge
cycles. The predefined cycle depth is one of the primary parameters that affect the battery
degradation rate and lifetime. A higher DOD range increases the autonomy, but reduces battery
life. Results obtained by testing a battery in grid-connected applications indicated that increasing
the DOD by 15% (from 0.6 to 0.75) reduce the battery effective life by more than 30 % (from 10
to 7 years) (Smith etal., 2017).

A economical trade-off must be reached between purchasing a larger battery and using it with a
reduced DOD, versus purchasing a smaller battery and using it with its maximum DOD. According
to the conducted researchby NREL(Smith et al., 2017) on lithium ion battery life-cycle in grid-
connected application, for prolonging the battery life up to 10 years ,the battery DOD should be set
to 60 % of its nominal capacity. This decreases the storage cost over the energy system lifetime
and minimize the battery operation and maintaining expenditures. In this study, the battery SOC
thresholds are set between 0.3 and 0.9 over the whole simulation to maintain the cycle depth at
60 %.

3.4.4 PV panelsand battery bank sizing

In order to investigate the impact of PV nominal power and battery storage capacity on potential
energy flexibility of the hybrid solar system, nine system size configurations are defined through
combining the three PV and battery size variants. The information regarding the employed sizes of
PV and battery are shown in Table 3.6.
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Table 3.6 PV nominal power and battery capacity

PV size (kW) Battery capacity(kWh)
16.2 30.1
12.2 61.2
8.1 122.4

In the case of a PV system which cannot export to the grid, the amount of curtailed PV energy is a
simple and practical indicator of the performance of a PV+Battery system. This indicator represents
the amount of energy that would have been available at the output of the PV panels but was
curtailed (by disconnecting the PV panels or rejecting part of their power output) because the

battery was full and the load was insufficient.

The results obtained with the average occupant-driven load profiles are shown in Table 3.7.

Table 3.7 Curtailed solar electricity data

PV power (kW) 8.1 kw 12.2 kW 16.2 kW
Battery capacity (kWh)

0 kWh 5208 kWh 9010 kWh 13837 kWh

30 kWh 225 kWh 1868 kWh 5141 kWh

60 kWh 36 kWh 1503 kWh 4506 kWh

Due to the mismatch between the generated solar electricity and load profile, installing the PV
panels without battery storage, results in considerable amount of dumped energy. The simulation
results indicate 48 % of generated solar electricity is curtailed for on-site solar system with 8.1 kW
PV panels where this ratio is 58 % and 64 % for 12.2 kW and 16.2 kW PV panels respectively

Adding the battery bank with 30 kwWh of storage capacity to the PV systems enables storage of
excess generated solar electricity to accommodate the demanded load, out of solar window period

to reduce the curtailed energy.
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As the data shows, contrary to the notable drop on curtailed energy when the storage capacity rises
to 30 kwWh, doubling the size of battery bank to 60 kWh shows diminishing returns for all PV sizes.

This can be explained by the fact that apart from storage capacity, the daily load also affects the
amount of curtailed energy. In cold climates, this daily energy load (dominated by heating)
decreases during the sunniest months (May-August), which results in energy curtailment during

these months.

For better interpretation, the monthly grid-imported electricity as well as curtailed energy,
corresponding to the solar power system of 16.2 kW PV (the largest PV size) with 30 kwh and 60
kWh battery is shown in Table 3.9 and Table 3.9 respectively.

Table 3.8 Monthly grid usage and curtailed energy for PV (16.2 kW) + Battery (30 kwh)

Month Jan Feb Mar  Apr May Jun July Aug Sep Oct Nov Dec

Curtailed 0 0 81 443 999 1168 1376 626 401 46 O 0
(kWh)
FromGrid 4126 3314 2348 1323 44 16 2 71 115 999 2554 3883
(kWh)

As the results indicate, 80 % of curtailed energy is related to the period between May to August
where the total grid imported electricity corresponding to this period is 133 kWh. Since the
estimated values, show the reasonable saturation level for the battery size to accommodate the
demanded load, increasing storage capacity (from 30 kWh) will not lead to a notable rise on

harvesting the dumped energy.

Based on the presented data in Table 3.9, doubling the battery capacity to 60 kWh results in just
11 % reduction on the total curtailed energy.
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Table 3.9 Monthly grid usage and curtailed energy for PV (16.2 kW) + Battery (60 kwWh)

Month Jan Feb Mar  Apr May Jun July Aug Sep Oct Nov Dec

Curtailed O 0 0 45 982 1185 1412 572 309 0 O 0
(kwh)
FromGrid 4093 3301 2264 1033 O 0 0 0 0 942 2550 3880
(kWh)

3.5 Chapter summary

This chapter describes the employed residential archetype in our simulation studies. A typical
North-American wood-structure single-family house is simulated using a validated model. A
simple HVAC system is modelled (electric baseboard heating, typical central air-conditioning,
electrical hot water tank). Occupant-driven load profiles for domestic hot water and non-HVAC
loads (lighting, appliances, plug loads) are taken from Canadian empirical studies in the literature.
A preliminary PV+Battery sizing study shows that increasing the battery size beyond 30 kWh for

the simulated buildings shows diminishing returns, for all PV peak power sizes.
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CHAPTER 4 ENERGY FLEXIBILITY

This chapter analyses the benefits of PV+Battery systems in the residential sector in terms of
energy flexibility. The employed key performance indices (KPIs) in the flexibility assessments are
defined and quantified for the developed archetype (introduced in chapter 3) representative of
Canadian residential building and electricity consumption pattern. The flexibility analyses
accommodate both utilities and end-users’ sides through grid interactive and yearly KPIs (e.g. self-
generation and self-consumption) respectively.

This study investigates the impact of two key design parameters of a P\VV+Battery system —PV peak
power and battery storage capacity — on yearly KPIs, using a simple control strategy commonly

implemented by commercially available inverters (“grid support”, detailed below).

In the second part, dynamic flexibility KPIs are assessed for one PV system configuration and two
basic control strategies (“grid support” and “UPS”, explained below). In this study, the desired load
is assumed to remain constant, i.e. the occupants’ comfort is not affected by flexibility events
(whether the thermal comfort, the hot water temperature, or the ability to use any appliance at a

given time).

4.1 PV+Battery integration to the electricity grid — the role of
flexibility

4.1.1 The challenges and opportunities (utility perspective)

Financial incentives, a notable drop in market prices of photovoltaic (PV) panels and global
concern for environmental issues over the last decade encouraged the electricity consumers to
install and operate rooftop solar power systems. Due to generous subsidies and substantial decrease
of solar power cost, PV panels are close to reach grid parity over the world (i.e. the cost of solar
electricity becomes close to utility rates) (Branker et al., 2011). However, increasing the share of
solar energy in producing electricity without appropriate load management has major drawbacks
for power utilities: over-generation during sunny days, and a high power ramp rate before evening
peak hours, which increases the risk of failure in power plant facilities (Denholm et al., 2013).

Adding well sized and well managed batteries to PV systems could allow to reduce these negative
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impacts, and even to improve the overall grid performance, in addition to providing distributed

backup power to end-users.

Demand side management (DSM) in smart grid includes balancing the supplied electricity and
load, which is more effective through appropriate interaction of the grid and buildings. Croce et
al., (2017) discussed centralized management as a solution for smart grid which is equipped with

local storage devices.

O’Connell & Riverso, (2016) evaluate energy flexibility provided by the integration of solar power
system with batteries over different conditions (e.g. heating season, on/off peak hours and etc.) and
energy control approaches. They confirm that PVV+Battery systems have the capability to improve

grid stability through responding grid signals for increasing/decreasing the load.
4.1.2 Energy flexibility associated with PVV+Battery

According to the proposed definition by the International Energy Agency’s (IEA) Energy in
Buildings and Communities (EBC) Annex 67, energy flexibility is reshaping the load profile
through distributed generation, storage and demand-side responses in reaction to the grid request
while providing secure and reliable supply with least impact on occupants (Jensen, Marszal-
Pomianowska, etal., 2017).

The energy flexibility concept can be used to assess the performance of different systems and
control strategies to implement demand-side management for the smart grid. Integrating batteries
within solar photovoltaic (PV) systems enables to control the power flow dispatch (based on
supplied electricity and required load). In addition to modifying the electrical load profile (e.g.
peak shaving, load shifting), battery storage units add resiliency to system in the case of power

failures.

Due to a lack of a uniform methodology for assessing the energy flexibility, performance is often
assessed on a case-by-case basis (O’Connell & Riverso, 2016). The energy flexibility KPIs should
be selected with reference to the objective and proposed sources of flexibility. Claul et al., (2017)
conducted comprehensive review on previous research in the area of flexibility and provided

complete list of existing KPIs in a broad range of applications (e.g. on-site generation and storage).
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For instance self-generation and self-consumption appropriately identify the range of flexibility in
the contexts of supplying the electricity demand through the renewable energy power system
(ClauR et al., 2017). The aforementioned KPIsalso play crucial role in the economic assessment
of adding roof-top solar systems for the site owners through quantifying the reduction in the grid

usage.

Apart from commonly used KPIs such as self-generation and self-consumption as the label of
installed PV system characteristics, it is also necessary to investigate dynamic performance
indicators for complementing the flexibility assessment. These flexibility indicators quantify the
building’s dynamic interaction with the electricity grid. Asan example the forced flexibility could
be defined as photovoltaic (PV) system capability to increase (positive or upward flexibility) or
decrease (negative or downward flexibility) the amount of imported electricity from the grid over
the predefined events (Claul’ etal., 2017).

4.2 Methodology

4.2.1 Energy flexibility scenarios

The study considers two opposite flexibility events: upward (or positive) and downward (or
negative). During upward flexibility, the controller reduces on-site generation (by dumping PV
power) and forces the battery to store energy through grid charging. It generally takes place over

the solar window when the produced solar electricity is beyond the demand.

During downward flexibility, the system uses the stored energy to reduce the amount of energy
imported from the grid. This solution is usually applied toavoid high ramp rate over the peak hours.
Currently the time of use scheme encourages the end-users to reduce their consumption on high
demand hours. The example of flexible energy demand for downward flexibility event is

demonstrated in Figure 4.1.



90

6
— Reference case
- Demand response
S
z 4
- -
=< tdr Erb
o Qi
[
o
£ 3
@
©
o
g 21 meax <« E'
Q.
1 P
O T r T T T T r v v T
0 2 4 6 8 10 12 14 16 18 20 22 24

Time of day [h)

Figure 4.1: Flexible energy demand of building (downward flexibility)
4.2.1 Control strategies

The employed load management approach has a notable impact on the provided energy flexibility
offered by hybrid solar power system. The implemented rule-based control methods in this study

represent two extreme operation modes typically available in commercial grid-tied inverters.
e Grid support (PV priority)

In the grid-support mode, the system supplies the required load by prioritizing the electricity
generation sources as the following order: 1st. PV panels, 2. Battery and 39 Grid. This reduces
the dependency on the grid, but it will not necessarily minimize the electricity bill since discharging
the battery during off or mid peak hours is not always economically beneficial.

e Uninterrupted power system (UPS)

In UPS mode the primary task is to keep the battery fully charged in order to back up the grid for
supplying the load over interruption or instability. Utilizing this mode of operation let the

households have access the electricity over blackout as well as supporting the sensitive AC loads.
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In this mode, since the battery bank is always fully charged, the surplus electricity is either dumped
or exported to the grid. Therefore, the system is unable to store the extra-generated electricity
during the day to meet the load in absence of solar energy. It is interesting to note that, since the
battery is not used under normal operation, this references scenario is very close to what a PV

system without battery would provide.

4.3 Key Performance Indices (KPIs)

The considered KPIs for evaluating the provided energy flexibility by the PV+Battery are briefly
explained in this section.

4.3.1 Yearly KPIs(Salometal., 2014)

e The self-generation (or load cover factor) estimates the share of demand met by on-site

generation through various generator types (e.g. PV panels).

[ min[g () — S — ¢, ()] dt
[, 1Dt

Self — generation = (4.1)

Whereby the g(t) is the solar panels power at time t and s(t) represent the battery power balance.

{(t) is corresponding to the losses and I(t) indicates the load power.

e The self-consumption (or supply cover factor) displays the proportion of on-site generation
which is utilised by the end-user. In fact, this indicator quantifies the system potential to

store and use the surplus generation.

[T min[g(®) — S() — ¢(), I(t)] dt
[) gt

Self — consumption = (4.2

4.3.2 Grid interaction (Dynamic) KPIs (Jensen, Marszal-Pomianowska, et
al., 2017)

The system capacity to modify the electricity demand upon receiving the grid signal needs to be

evaluated for both upward and downward flexibility scenarios. Figure 4.1 provides a graphical
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explanation of grid interactive KPIs for downward energy flexibility corresponding the two hours

event (occurs at 8:00 AM).

e The flexible energy (Ey) reflects the amount of load that can be shifted (shed or added)
through on-site generation and (de)store energy. This indicator measures the system
flexibility in interaction with grid.

tar

Er= |  (Qur—Qres)it (4.3)

Here Qgr and Qs show the corresponding power consumptions at reference and demand response
scenario respectively. This KPI evaluates the system interaction with the grid during a particular

event; however, it does not assess the impacts after the event, which is the focus of the next KPI.

e The rebound energy (E,p) characterizes the change in the energy demand after the event.
The battery state of charge will be affected by the system behaviour during the flexibility
event, and this will have an impact on the system behaviour down the line, sometimes
several hours after the event has taken place. In this study t., is approximated by the end

of a yearly simulation.

teo
E.p= (er - Qref)dt (4.4)

tar

4.4 Case study

The specifications corresponding the residential archetype which is selected for implanting the

flexibility analyse is presented in Chapter 3.

In order to study the impact of PV size and storage capacity on yearly energy flexibility KPIs, nine
sizing variants were defined by combining 3 PV sizes and 3 battery sizes, as illustrated in Table

4.1.
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Table 4.1 PV nominal powers and battery capacities

PV size (kW) Battery capacity(kWh)
16.2 30
12.2 60
8.1 120

For the grid-interactive KPIs, one PV and battery size are selected to investigate the impact of load-
management scenarios. The selected PV array nominal power is 8.1 kW (three 270 W panels are
wired in series at each string) and the storage capacity of the battery bank is 30 kWh (48 V —
600 Ah). Eight Lithium-ion (LiFePQO,) battery (model-CLI300-12LT), 12V 300Ah, are connected

in two paralleled groups of 4 modules in series mode.

4.5 Simulation setup

The simulation uses a detailed TRNSYS model of the house, the grid-tied solar system (composed
of PV panels, charge controller, inverter and battery bank), as well as an all-electric HVAC system

(Baseboard heating and conventional Air conditioner).
4.5.1 Controller

The control strategy which is employed in the TRNSYS model consists of two control layers:
supervisory and real time. The supervisory layer implements the considered mode of operation by
sending control commands to the inverter. Additionally, during the event it applies the associated

rule-based scenario to govern energy dispatch to/from system components.

The real-time layer utilizes the equations and equalities to address the system operation constraints
such as battery SOC set-points, voltage thresholds and the limits for the main components power

rate.

o P oas(t) = Pgrid(t) + Pbattery(t) + Ppy(t)
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° Pbattery min < Pbattery(t) < I:,batterymax

. Pgrid(t) < |:>gridmaX

The battery SOC remains constant at 0.9 when the system operates in UPS mode while the

minimum and maximum SOCs for grid support mode are 0.3 and 0.9 respectively.
4.5.2 Implementation of flexibility event

As mentioned above, when the inverter operates in grid-support mode the amount of electricity
usage from the grid is minimized, so there is no potential for downward flexibility. During an
upward flexibility event, the controller applies the following rules to minimize generation and
maximize the delivered energy from the grid. The inverter shuts down the PV system and forces
the battery to stop discharging in order to employ the grid for supplying the required load and
charge the battery with maximum allowed current.

When the inverter works in UPS mode, the system has the capability to shift energy during upward
and downward flexibility events. For the upward flexibility, the controller shuts down the PV and
meets the load with the grid. Downward flexibility is obtained by readjusting the pre-set low set
point of battery SOC to meet the load by discharging the battery. To put it simply, the controller
switches to the grid-support mode and use the battery potential to offset the load that is not met by
the solar panels.

4.5.3 Running the simulation setup

For the assessment of yearly KPIs with different system sizing configurations, results are simply

obtained by running 27 independent simulations (9 system designs combined with 3 usage classes).

For the assessment of dynamic KPIs, only one load profile is kept, and an independent simulation
is run for each one-hour flexibility event. So for example the first simulation will have an upward
flexibility event from 0 AM to 1 AM on January 1%, the second simulation will have an event from
1AM to 2 AM, etc. This results in 8760 simulations for upward flexibility events and 8760
simulations for downward flexibility. Note that the calculation time is limited for this study, so no

attempt was made to reduce it. Under tighter constraints, it would be possible to fix a given limit
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to assess the rebound effect (t,, above) and simulate several flexibility events in the same
simulation. For example, if a 1-week period is assumed to be long enough for the impact of the
flexibility event to be “forgotten”, each simulation could include one event per week and the total
number of simulations to run would be reduced to 168. MATLAB scripts were used to generate

the input files, run TRNSY'S simulations in batch mode, read and analyse the results.

4.6 Results

4.6.1 Yearly KPIs

Figure 4.2 shows the self-generation for a whole year for three different load profiles associated
with low, average, and high electricity consumption patterns. The results are related to the “grid-
support” mode of operation where the battery stores the surplus generation to supply the load over

peak hours.

Points with a zero value on the x-axis represent conventional grid-tied photovoltaic systems
without batteries. As mentioned above, the performance obtained is the same as a PV+Battery
running in UPS mode, asin that case the battery is maintained fully charged under normal operation

and not used to compensate for the solar generation variations.

Adding a battery to a PV system allows to almost double the self-generation and more than double
the self-consumption, and there appears to be a saturation of the battery benefits above a value of
4kWh/kW, for the selected load profiles.

Figure 2 shows that the installed PV capacity has a large impact on self-generation, which was
expected. A more surprising result is that self-generation is also strongly affected by the total
electrical load, with higher loads corresponding to higher self-generation. For the same
PV+BATTERY configuration, the solar fraction (the potential share of on-site generation to cover
the load) will decrease if the building load increases, but in all cases (with the selected assumptions
and configurations) the self-generation will increase. This KPI does not “credit” the system for any
exported energy, and increasing the building load will shift some of that exported energy towards

directly used energy, therefore improving the self-generation.
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Figure 4.2 Self-generation versus battery capacity

Figure 4.3 shows the results obtained for self-consumption. There is a direct relationship between
the amount of exported (or dumped) energy and self-consumption, so adding a battery has a large
impact on that KPI. The saturation effect observed for self-generation is even more present,
showing that the sizing of PV+Battery systems will have a large impact on their energy flexibility,

without necessarily requiring much larger investment costs than conventional (battery-less) PV

systems.
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Figure 4.3 Self-consumption versus battery capacity

A possible explanation for the relatively quick saturation of the two KPIs with increasing battery
sizes is that the system performance is largely influenced by two extreme periods. In winter, an all-
electric building load will be very high due to space heating, and solar generation will be low. So,
the need for storage is relatively small, only representing a few extremely sunny days. In summer,
on the other hand, the building load will typically be much lower, and the solar generation will be
much higher. Adding a relatively small battery capacity allows dealing with the winter period, but
not with the summer period. And the results seemto show that the investigated battery sizes (up to
15 kWh/kWp) do not result in significant improvements over much lower battery sizes —improving
the self-consumption significantly would require a longer-term energy storage (closer to seasonal

storage than to the type of short-term storage investigated in this study).

4.6.2 Dynamic KPIs

The KPIs presented above show a picture of the yearly system performance and are very relevant
to end-users. This section will address dynamic KPIs which may be better suited to the priorities

of utilities that need to balance demand and supply at a shorter time scale, typically a few hours.
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All the results in this section were obtained for the system configuration with a 12kW PV array

and 120 kWh of battery capacity, using the “average” non-HVAC load profiles.

Figure 4 and 5 show how the system reacts to an upward flexibility event (i.e. an event when the
grid requests that the building use more energy) in grid-support mode. The event occurs at 12:00
PM and lasts for one hour. Figure 5 shows that the inverter starts to charge the battery by using the
grid, so that the battery SOC rises up to 0.35.

The system also shuts down the PV panels, so that the grid is used to supply the entire building

load. The left graph (Figure 4) shows the large impact on grid import during the flexibility event.

After the event at 1:00 PM the inverter reverts to normal operation, using the battery to cover the
load. A rebound effect can be observed between 1:00 PM and 4:45 PM, when the energy stored in
the battery is used. The rebound effectends when the battery SOC reaches the same value as for
the reference scenario. The situation in Figure 4.4 and Figure 4.5 show a favourable case, since the
battery SOC at the start of the flexibility event is low.
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Figure 4.4 One-hour flexibility event for upward energy flexibility scenario (grid support mode)
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Figure 4.5 One-hour flexibility event for upward energy flexibility scenario (grid support mode)

Figure 4.6 shows a downward flexibility event when the UPS mode of operation is selected. The
event occurs at 9:00 AM and the controller acts to discharge the battery for supplying the load.
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Figure 4.6 One-hour flexibility event for downward energy flexibility scenario (UPS mode)

Figure 4.7 indicates that while the discharging phase lasts for the whole period of the event, the
discharge rate has been reduced gradually. This reduction is caused by solar electricity generation
over the second half of the event. Atthe end of the event he battery charge level (SOC) has dropped
to 0.87.

After the flexibility event (at 10 AM), the battery will be recharged to its setpoint in UPS mode
(0.9 here), in this case using PV generation. There is no rebound effect since the amount exported
to or imported from the grid is not affected. The controller could be set to allow battery charging
from the grid in UPS mode, in which case a rebound effect would be possible (although not on the
day represented here). In UPSmode, the maximum downward energy flexibility will be achievable

at times when the whole load is supplied through the grid.
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Figure 4.7 One-hour flexibility event for downward energy flexibility scenario (UPS mode)

The energy flexibility varies daily and hourly throughout the year. This KPI depends on various
parameters including: on-site generation, demand, battery SOC and energy control approach.
Figure 4.6 displays how this KPI varies depending on the start time of the event for the PV grid
support mode. The PV power, load and battery SOC (at the start of the event) are presented in the
same graph. On that graph, the blue line represents the flexibility KPI Ef defined above for a 1-h

event that would occur atthe given time. Since the event duration is 1 hour, E; expressed in KWh

has the same numerical value as the average power in kW.

Figure 4.8 shows hourly results for a typical day during the heating season. In the absence of PV
power (in the period between 12:00 AM and 10:00 PM) the available upward flexibility is equal to
the maximum battery charging power. It should be noted that over the mentioned period the whole
demand is supplied through the grid for both reference and demand response scenario. Later in the
day, when PV panels contribute to the load during the solar window, the upward flexibility
increases as it represents the sum of the load that was covered by PV and the maximum battery

charging power.
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Figure 4.8 Hourly flexibility power (upward flexibility-grid support mode-heating season)

The maximum battery charging power (about 4kW here) represents the minimum achievable

flexibility during the day, as long as the maximum battery SOC is not reached.

Figure 4.9 presents the same results for a very sunny mid-season day. The low demand and high
on-site generation keep the charge level of battery around the high limit over the major part of the
day. Between 3:00 PM and 9:00 PM, the battery is full and the KP1 is equal to the amount of the
load that was covered by solar electricity. Consequently, the energy flexibility is equal to the

portion of the demand, which is supplied by the battery and PV.
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Figure 4.9 Hourly flexible power (upward flexibility-grid support mode-sunny day)

For the UPS mode of operation, the upward energy flexibility is the same as for the grid-support
operation when the battery is full: it is equal to the part of the load that is covered by PV, and it is

always zero at night.

Downward flexibility is mainly affected by the maximum battery discharge power. Figure 10

displays how downward energy flexibility fluctuates hourly over a typical heating season day.

Hereby the SOC indicates the battery charge level at the end of the event. As it is illustrated in
Figure 4.10, when the PV power is negligible the downward energy flexibility is equal to the load

aslong as it is smaller than the maximum discharge rate.

For instance, at 10:00 PM the discharged energy is not adequate to cover the whole load which
results in a lower KPI compared to the demand. When part of the load is covered by the PV and/or
the battery, the available downward flexibility is equal to the share of the load which is still covered
by the grid. Since we do not consider potential exports as “flexibility”, it is O the whole load is

already met by the sun and or the battery.
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Figure 4.10 Hourly flexible power (downward flexibility-UPS mode)

Figure 4.11, Figure 4.12, and Figure 4.13 represent the same results as the figures above but
combining all the days and event times for the entire year. Each data point in these figures depicts
the value of Ef as a result of one simulation with one flexibility event taking place at the given time
on one particular day. The colour of each point denotes the month in which that day is falling. The
blue line represents the median value of the KPI, while the boxes represent the 25" and 75t

percentiles.

Figure 4.11 shows that the available energy flexibility Ef ranges from 0 to slightly over 12kWh,
the lower values taking place during the day. The minimum flexibility at night is at 4 kWh except
when the battery is full, as discussed above. The median value is relatively constant during the day,
with higher values immediately after the solar day, when the battery is more likely to be charged

and the load increases with late PM/ early evening activities.

During the night time the higher E occurred over the months with higher solar radiation (e.g. June

and July), when the surplus of generation during the day can be used at night to meet the load.
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Figure 4.11 Upward flexible energy-grid support mode

Over the day time, usually on-site generation supplies the load and the system operates in semi-
standalone mode. In these conditions, upward flexibility is gained by shutting down the PV panels
and supplying the load with the grid, so that the shape of the flexibility matches the shape of the

building load, and is higher during the winter months (e.g. December and January).

Figure 4.12 and Figure 4.13 display the upward and downward energy flexibility for UPS mode

respectively in a same format as shown in Figure 4.11.

As it is expected and explained previously in both upward and downward energy flexibility, the
correspondent KP1 depends on the share of on-site generation in supplying the load. The upward
flexibility is a direct representation of PV generation that can be shut down, and the downward
flexibility represents the share of the load that is not covered by PV, up to the maximum battery

discharge current (about 8 kW here).
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Figure 4.12 Upward Flexible energy-UPS mode
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Figure 4.13 Downward flexible energy-UPS mode

4.7 Chapter summary

This chapter assesses the energy flexibility provided by a PV+Battery system. Yearly and dynamic
flexibility Key Performance Indicators (KPIs) are assessed for different system configurations
(sizing) and non-HVAC load profiles through system simulation in TRNSY'S. The simulated house
is a typical Canadian single-family home and high-resolution load profiles are used for non-HVAC
loads and domestic hot water.
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Default control strategies in commercially available inverters are used: Grid support (or PV

priority) and UPS-mode. No attempt is made to optimize these strategies in this study.

Yearly KPIs such as self-generation and self-consumption show that adding batteries to a
conventional grid-tied PV system can improve dramatically the available flexibility, with a
saturation of the effects for battery capacity higher than 4 kWh/kWp under the selected

assumptions.

Dynamic KPIscalculated for 1-h upward and downward flexibility events show that there is a large
variability in available flexibility, depending on the day and time of the year and on the inverter
control strategy. The UPS mode, which results in the lowest yearly self-generation and self-
consumption, presents a significant downward flexibility potential, limited by the maximum
battery discharge current, which resulted in a potential of up to 8 kwWh per 1-h event, with a median
value between 0 and 4 kWh depending on the time of the day (the downward flexibility is limited
by the load itself, the PV+Battery system cannot do better than removing the entire load). Its
upward flexibility results from the ability to shut down PV generation and is entirely dependent on
solar radiation. On the other hand, the grid-support (or PV priority) operation mode, which already
minimizes grid imports, offers no potential for downward flexibility under the current assumptions.
Its upward flexibility is variable between 0 and 12kWh in this study, with a relatively constant

median value around 5 kWh.
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CHAPTER 5 ECONOMIC ASSESSMENT

This chapter investigates the economic performance of PV+Battery systems in the Canadian
residential context. The conducted analysis considered two parameters of capital costand potential
cost savings on electricity bill. The conventional grid-support mode of operation is compared with
a proposed “battery pre-charging” strategy and they are assessed for the two most frequent billing
policies: predefined (e.g. Time of Use) and dynamic (e.g. price signal) flexible rates. The case
study residential property, which has been described earlier in Chapter 3, is used for modelling

purpose (e.g. load profiles, hybrid system sizes and etc.) to conduct the economic analysis.

The Net Present Value (NPV) and the payback period corresponding to the defined PV and battery
capacity configurations are estimated to analyze overall cost of offered power flexibility during
peak hours. The net levelized cost of provided flexibility to electricity grid through residential
PV+Battery system is estimated for comparison purpose with other electricity generation

technologies (e.g. hydropower, natural gas, coal, wind and etc.).

5.1 Methodology

Figure 5.1 shows the workflow of our economic analysis.
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Input parameters

Technical parameters Economic parameters

e Residential load (HVAC, DHW and e System components cost
appliances) e Finance assumptions

e TRNSYS model of PV+Battery system

System size configurations

Investigating existing scenarios
e Electricity billing structures
Billing policies

Electricity rates

Demand response programs
Existing incentives

Calculation procedure

e Electricity cost in absence of PV+Battery system
e Revenue from saving on electricity cost

o NPV of PV+Battery installation project

Analysis output

e Net cost forinstalling residential PV+Battery system
e |evelized cost of flexibility from residential PV+Battery system

Figure 5.1 Economic analysis workflow

The TRNSY'S model of residential archetype presented in chapter 3, including PV+Battery system
and load profile (HVAC, DHW, appliances and EV) corresponding to average consumption

pattern, was used for performing all simulations in this chapter.
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Table 5.1 presents monthly produced solar electricity for the corresponding PV size variants which

were discussed in chapter 3.

Table 5.1 Monthly produced solar electricity (kWh)

PV Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Year Day
(kw) Avg
8.1 474 633 957 1090 1314 1394 1499 1143 977 640 307 304 10737 29
12.2 690 921 1392 1586 1911 2027 2180 1663 1421 932 447 443 15618 43
16.2 949 1267 1914 2181 2628 2788 2998 2286 1954 1281 615 609 21475 59

Since billing policies usually vary over a certain time interval (e.g. a few months) according to
demanded energy by end-users, the implemented load management scenario must be modified
accordingly. Table 5.2 shows the total monthly electricity load (HVAC, DHW and appliances) for

the three consumption patterns which are described in chapter 3.

Table 5.2 The monthly electricity usage (in KWh) for three consumption patterns

Load Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Year Day
kWh Avg
Low 4599 4008 3470 2245 612 650 785 731 606 1453 2698 4091 25948 71

Avg 4631 4035 3429 2301 900 892 898 1030 973 1635 2780 4110 27614 76
High 4297 4013 3444 2087 1107 1272 1448 1388 1027 1585 2714 4117 28498 78

EV charging (which is assumed to occur over the off-peak nigh hours) increases the residential
daily electricity consumption by 8.75 kWh.

The Table 5.3 (Feldman et al., 2021; Masson & Kaziuka, 2020) summarizes the cost breakdown
for instaling a PV+Battery system in Canadian residential properties. Although system
components (PV, battery and inverter) are sold in discrete size values, the following table provides
an approximative estimation through modelling total cost for installing an 8 kW PV with 30 kWh

back up battery and a 48V-8KW dual function grid-tied inverter.

Table 5.3 Cost breakdown for installing PV + Battery system in a Canadian residential property

PV panel
Cost (CAD/W)
Module 0.63
Structure and electrical 0.75
Installation 1.55

Total expenditure 2.93




Battery bank
Cost (CAD/kWh)
Module (li-ion) 550
Structure and electrical (including the 220
inverter, switch and back up circuits)
installation 30
Total expenditure 800

111

The employed parameters in economic assessment, including project timespan and components

lifetime, aswell as financial assumptions are shown in Table 5.4 (Macklem etal., 2021).

Table 5.4 Financial parameters for economic assessment of installing residential P\V+Battery

Parameter Value

Project lifespan 20 years

PV panelslifetime 25 years

Battery lifetime 10 years (operatingat 60% DOD)
Inflation rate 2%

Discount rate 3%

With the selected assumptions (e.g. SOC thresholds, chemistry, and DOD), the lifetime of the

employed battery is 10 years, which necessitates one replacement during project lifetime (20

years). For the economic assessment analysis, the cost corresponding to the battery unit

replacement in the 11 year is limited to module price (excluding structural and electrical

expenses).
Table 5.5 shows capital cost corresponding to different system sizes.

Table 5.5 capital cost for various PV + Battery system size variants

PV power (kW) 0 kw 8 kw 12 kW 16 kW
Battery capacity (kWh)

0 kWh 0S$ 23733 $ 35746 S 47466 S
30 kWh 24480 S 48213 S 60226 S 71946 S
60 kWh 48960 S 72693 S 84706 S 96426 S

The considered load management strategies are implemented through scheduling the inverter to

control power dispatch between the electricity grid and system components (e.g. battery bank and

PV panels).
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The economic viability of employing a residential PVV+Battery system in various billing structures
is assessed through computing the net present value (NPV) over the project lifetime (Duffie &
Beckman, 2013).

5.2 Electricity rate structures

Utilities have various policies for implementing their load management scenarios to strike a
balance between production capacity and the required electricity load. Time of use pricing scheme
and price/curtail signal are the more frequently used strategies by utilities; they are briefly

explained in the following.
5.2.1 Time of Use (TOU) pricing scheme

Time of use (TOU) is a typical pricing policy which is employed by the vast majority of utilities
to encourage electricity consumers avoiding unnecessary usage over peak hours. In this strategy
the day is divided into few periods, namely off peak, mid peak, and peak hours. Electricity rates

vary over these periods and TOU prices are usually updated monthly or seasonally.
5.2.1.1 Case studyfor TOU

The TOU data corresponding to Grimsby power Inc., which provides electricity service to

residential/commercial customers in Ontario, is provided in Figure 5.2

B - ' - On-peak H< WINTER (November 1 - April 30)

G SUMMER (May 1 - October 31) B o oo

_- B 7 am - ___--

Figure 5.2 Detailed TOU pricing schedule of Grimsby power Inc

The data corresponding to real TOU price is shown in Table 5.6 which indicates the electricity
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rates during peak, off-peak and mid-peak hours.

Table 5.6 Grimsby power time of use electricity rate

Grid mode Rate
(C/kWh)
Off-peak 10.5
Mid-peak 15
On-peak 21.7

The data corresponding to PV arrays output power as well as load profile are presented in Figure

5.3 where the TOU periods are specified according to data provided by Grimsby power.
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Figure 5.3 Daily average load and load profile over TOU periods

InFigure 5.3, the green frame is associated with off peak hours when electricity price has the lowest
rate. The orange and red frames indicate mid and peak hours respectively when the electricity rate

increases significantly.

5.2.2 Price signal (peak power event)

A price signal rate structure modulates the electricity rate to incentivize consumers/prosumers to
support the grid operation through matching their electricity consumption/supply with the grid
generators capacity: a price increase will encourage demand reduction and more exports from
prosumers, while a price decrease will encourage more demand and discourage exports. Day-ahead

real price or curtail signal are the common approaches for implementing the demand response
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program. This dynamic pricing provides opportunity for electricity consumers to adopt their

consumption/grid-usage based on network supply potential to minimize the overall electricity cost.
5.2.2.1 Case study for price signal

Hydro-Québec, government-owned public utility in province of Québec in Canada, charges a flat
rate for electricity in the residential sector. Recently, the utility has offered two optional demand
response (DR) programs for winter season (when the utility peak occurs). These optional tariffs
apply dynamic electricity rates for customer, with the objective of reducing demand during winter
peak periods (downward flexibility). The DR events are defined during the morning and evening
peak hours over 6:00 t0 9:00 and 16:00 to 20:00 respectively. The participants receive a notification
signal one day prior to the events which can occur during both morning and evening peak hours.
The total number of events hours will remain below 100 hours during whole program period
(December 15t - March 31st). The specifications corresponding to the power peak events are shown
in Table 5.7.

Table 5.7 Peak events specifications data

Specification hours
Maximum number of events per day 2
Minimum interval between 2 events 7
Event duration 3-4
Maximum total event duration per winter period 100

With the first optional tariff, customers receive credits equal to 50 ¢ for each kWh that they “save”
during DR events, where “savings” are assessedby comparing their energy use over the DR period
to their typical electricity consumption load profile for similar days. The reference energy use is
estimated by the utility, based on historical energy use for each consumer, combining the day, time
of day, and a linear regression versus ambient temperature. In this credit-option program, the
electricity rate remains constant (6.08 ¢/kWh). There is no risk to consumers as the credit cannot
be negative. In order to receive the credit, amount of curtailed energy must be above 2 kWh during
a peak event. The second program is defined as “Flex D rate, which offers a lower electricity rate
compared to the flat rate outside of the peak event periods, at 4.28 ¢/kWh (a 30 % discount). The
electricity cost is significantly higher during DR events, at 50 ¢/kWh (more than 800 % increase
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over the standard flat rate and a 1200 % increase over the Flex D “non event” rate). The electricity
rates corresponding to Hydro-Québec billing policies for the base and demand response

programmes (winter credit option and rate flex D) as of 2021 are summarized in Table 5.8 .

Table 5.8 Electricity rates of various billing policies (Hydro-Québec rates as of 2021)

1st tier 2nd tier Peak event
(< 40kwh/day) (> 40kwh/day)
Billing policy Rate (¢/kWh) Rate (¢/kWh) Rate (¢/kWh)
Base rate 6.08 9.38 Unchanged
Rate flexD 4.28 7.36 50
Winter credit 6.08 9.38 50 (credit for difference

with reference)

5.2.2.2 Peak events determination

The exact mechanism to determine peak events is not published by Hydro-Québec, but the “dual
energy” rate (which switches between electricity and another energy source) uses ambient
temperature to define the peak periods, with a threshold of -12 °C or -15 °C depending on climate
zones within Québec. Peak demand events used in the winter credit option were logged over the
2020-2021 winter and compared to the temperature forecasts for Montréal and for the city of
Québec. In most cases, the forecasted temperature was around or below -12 °C for one of the two
cities or both (peak events are the same throughout the province). We assumed that using a
threshold of -12 °C to cause DR events was a reasonable approximation. That limit was applied to
the typical weather file used in this study (CWEC). The morning and evening peak events are
assumed to occur when the average temperature drops below -12 °C over the period between 6-9
AM and 16-20 PM respectively. The results are shown in Table 5.9. According to the Hydro-
Québec regulations, the maximum number of peak events and the total duration must be below 33

and 100 hours respectively.
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Table 5.9 Peak power events analysis

Temperature threshold -12°C
Morning event 22 days
Evening event 7 days
Morning and eveningevents 6 days
Total number of events 29

Total events duration 97 hours

Figure 5.4 shows a histogram of simulated electricity demand for the modelled house over the peak
demand events. Based on the estimated data, a battery bank with 30 kWh storage capacity and 60
% DOD, would be able to supply the required energy over 11 events (35 % of total peak events)

without importing electricity from grid (operating in off-grid mode).
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Figure 5.4 The distribution of the demanded load over peak power events period

Additionally, such asystem could provide 85 % of the total energy demand over all peak events.
Since all the load values during the peak events remain below 35 kWh, using a battery bank with
a 60 kWh capacity (operating with 60% cycle depth), has potential to shift all the grid-imported

electricity load during the peak events periods.
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The same analysis is conducted to quantify the total produced solar electricity during the power
peak events, with three PV nominal power values (8.1, 12,1 and 16.2 kW). The simulation results

are shown in Table 5.10.

Table 5.10 Generated solar electricity during the power peak events

PV size (kW) 8.1 12.2 16.2

Solar electricity (kWh) 17 25 34

As it is anticipated, since the solar irradiance level is extremely low over the defined power events
(6-9 AM or 16-20 PM from Dec 1st to Mar 31st), PV panels play a negligible role in reducing

imported electricity from grid in winter credit or flex rate programs.

5.3 Control strategies

As shown above, PV panels will have little impact during peak events. Managing battery storage
is a key control element to maximize a PV+Battery system economic performance. There are two

main strategies to reduce the grid dependency over the peak hours:

e Force the system to charge battery over off-peak hours and simultaneously stop battery
from discharging in this period. (constant rule-based controller)
e Scheduling charging/discharging period through forecasted deliverable solar electricity

and load profile. (dynamic controller)

Commercially available grid inverters can be scheduled for grid charging over predefined periods.
The inverter could be programmed with reference to the monthly average of PV output and
electricity load as well as the TOU schedule. It would then manage dispatching the power flow
from/to the grid on the basis of a pre-set schedule. This method would be simple to implement, the
operator would have to modify inverter settings (e.g. monthly or seasonally) to minimize electricity
bill.

This method does not account for daily variations in load and PV output. In the second strategy,
day-ahead data (weather and load forecasts) are used in the controller to optimally schedule the
inverter to minimize electricity cost. The controller charges the battery during off-peak periods (for

a certain number of hours according to the forecasts) so that the amount of stored energy plus
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generated solar energy over the daylit hours is sufficient to cover the load over peak times. As a
result, the consumer does not have to buy electricity from the grid at high rates. The control

strategies for eachbilling policy will be discussed under the corresponding subchapters.
5.3.1 Control strategy and cost-saving potential assessment for TOU

Time-of-use rates (TOU) provide an opportunity to reduce electricity bills by shifting demand from
on-peak (“expensive”) periods to off-peak (“cheap”) periods. In PV+Battery systems, this can be
achieved by storing and de-storing energy from battery. A quick, simplified energy analysis is
useful in assessing the impact of energy losses on that strategy.

Using detailed simulations with the models described in chapters 2 and 3, the following estimates

for efficiencies can be derived:

AC to DC (inverter efficiency ~ 93%)

Charging the battery (efficiency ~ 95%)

Discharging the battery (efficiency ~ 95%)

DC to AC (inverter efficiency ~ 93%)

The round-trip efficiency (also called AC/AC efficiency) is simply calculated by multiplying these

values.

Round trip ef ficiency = 0.93 X 0.95 x 0.95 x 0.93 =0.781 Q)

Consequently, for providing 1 kWh deliverable electricity energy in AC mode the required amount
of energy from grid is equal to 1.28 kWh (1 kwh/0.78).

Using the Grimsby Power rates presented above, the cost associated to providing 1.28 kwWh during

off peak hours is:

1.28 kWh x 10.5¢/kWh = 13.44 ¢ )

Given the electricity rates in mid-peak (15 ¢/kwWh) and peak (21.7 ¢/kWh) periods, implementing
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battery off-peak grid-charging results in potential savings up to 11 % and 38 % respectively. To
maximize the economic efficiency of the corresponding strategy, the control layer is defined
through the following rules:
e Priority for grid-charging period is off-peak and mid-peak hours, sequentially (no battery
grid-charging is allowed during peak hours)
e Priority for drawing the stored energy to supply the load is peak hours and mid-peak
hours, sequentially (no battery discharge is allowed over off-peak hours)
e Grid-charging will be scheduled based on estimated day-ahead PV output and load profile
to avoid solar electricity curtailment
The implemented grid battery charging strategy is demonstrated graphically in Figure 5.5,

showing the system interaction with grid over arbitrary selected winter day (February 9t).
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Figure 5.5 battery grid charging (top) versus grid-support load management strategy (bottom)

The imported electricity from the grid, in/output battery power as well as battery SOC level are
compared between pre-charging (upper graph) and grid-support (lower graph) scenarios over peak,
mid-peak and off-peak hours. The mid-peak and peak hours are marked in the corresponding graph

by yellow and red background areas respectively.
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In the pre-charging scenario (upper graph), the controller charges the battery at 3:30 AM until the
start of the peak hours (7:00 AM). The battery supplies demanded load over peak hours (7:00 —
11:.00 AM) without using the electricity grid. At the end of the mid-peak hours, the battery is
charged for half an hour prior to the second peak-hours period (5:00 — 7:00 PM). Due to relatively
high electricity rate (higher than off-peak hours) over the mid-peak hours, the battery grid-charging
needs to be scheduled effectively to supply the load for the second peak-hours period (battery SOC
needs to be close to 0.3 atthe end of peak-hours).

As shown in the graph, the implemented strategy shifts the demand from peak hours to off-peak
hours without energy curtailment or unnecessary battery grid-charging over mid-peak hours (the
battery SOC reaches 0.3 at the end of second peak period at 7:00 PM).

In the grid-support scenario, the system supplies the required load over the entire mid-peak period
without importing electricity from the grid, but it fails to accommodate the energy demand over
the peak hours. Apart from a short period of time (one and half our) at the end of first peak hours,
the controller had to supply the load using the electricity grid. This load management strategy
effectively conducted load shifting over the mid-peak hours, where the stored excess solar
electricity (mainly between 10:00-12:00 AM), compensated the lack of solar irradiance at the end
of solar window period (3:00 —5:00 PM).

As expected, the pre-charging scenario delivers significantly higher savings, but it also applies

more cycles to battery. Itshould be noted that load and weather forecasts are assumed to be perfect.

5.3.2 Control strategy and cost-saving potential for price signal

The rate for the first tier of imported electricity from the grid (< 40 kWh/day) is 6.08 C/kWh while
the remaining consumption will be billed at a higher rate of 9.38 C/kWh. Meeting a portion of the
total load through the PV panels helps keeping the daily electricity grid consumption below the 40-
kWh threshold and avoiding a 54 % raise.

Over the winter period (Dec-Mar), according to a signal received prior to the peak event, the
inverter will be scheduled to charge the battery through the grid. Implementing this load
management strategy (battery grid charging) minimizes the imported electricity from the grid
during the corresponding peak periods to gain credit for reducing the consumption. With the winter
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credit option, shifting 1 kWh of electricity demand from event period to off-peak time leads to a

50 ¢ credit, which is equivalent to 8 kwWh of electricity consumption.

With the Flex D rate, the cost of electricity is reduced by 42 % and 22 % for the 1st and 29 tiers
respectively. But electricity used during peak events will be highly penalized, at 50 ¢/kWh — a
“peak event” kWh is worth 12 “non peak event” kWh.

Figure 5.6 shows the implemented load management strategies. It compares power dispatch
between electricity grid and system components in pre-charging (upper graph) and grid-support
(lower graph) mode of operation during the day (January 11t) with morning and evening peak

events.
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Figure 5.6 Battery grid charging (top) versus grid-support mode (bottom) in morning and evening

peak

The solid lines show the input/output power related to system components and the battery SOC
trend is presented with the black dash lines. The power peak events periods over the day are marked

through two grey bands.

In grid support mode (bottom graph), the lack of solar input during the morning peak prevents any

charging from battery (which was discharged overnight) so the morning peak load is entirely met
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by the grid. Over the solar window time frame for the corresponding day (8 AMto 4 PM), the PV
output power (yellow line) covers the load (red line) and the imported electricity from the grid
stays close to zero for approximately the entire period. The excess produced solar electricity is
stored in the battery bank to support the grid for supplying load during the evening peak hours. As
presented on the lower graph, the stored energy meets the load roughly about half of the evening
peak event duration (from 4 PM to 6 PM).

In pre-charging mode (upper graph), the inverter charges the battery (starting at 2 AM) according
to the day-ahead estimated load and solar electricity during the upcoming peak event (from 6 AM
to 9 AM). Apart from a short surge in the load profile at the end of the peak event period, the
battery supplies the entire load, without using electricity from the grid (off-grid mode). The PV
system then meets the load and contributes to charging the battery after the morning peak event.
Battery grid charging starts at 11:45 AM and continues until 4 PM, leading to operation in off-grid

mode for most of the evening peak event (until 7:30 PM).

With the pre-charging strategy, battery charging start time is the key parameter and it needs to be
investigated appropriately. Efficient timing extracts the maximum potential of the system
downward flexibility through using the entire storage capacity without dumping generated solar
electricity. The battery SOC trend (black dash line) confirms the effectivity of the implemented
scenario when it reaches the upper threshold (0.9) prior to the start of the peak events (6 AM and
4 PM).

5.4 Results

This subchapter presents the results of energy simulations and economic analyses for both

electricity rate structures, TOU and price signal.

5.4.1 Economic analysiswith TOU rates

The yearly electricity cost estimation, for the case study household with an average energy
consumption pattern (for appliances and domestic hot water) using the private EV charger unit is
4193 $ based on the TOU rates. The results corresponding to load profile analysis are presented in
Figure 5.7, which demonstrates electricity consumption dispersion over the off-peak, mid-peak and

peak hours.



125

M Electricity consumption B Electricity bill

20000 2500

S 16000 2000
3 «
g (an]
2 12000 1500 §.
c 3
2 2
S 8000 1000 'S
2 £
2 K
] [FT]
. II I -

Ll

0 0

Off - Peak Mid - Peak Peak
Figure 5.7 Electricity consumption and cost break down over off, mid and on-peak periods

5.4.1.1 Costsavings without grid export

With current policies, grid export is often not credited to PV+Battery systems (or battery-only
systems). Excess PV production will be curtailed as dumped energy. The cost savings on annual
electricity bills result from displacing part of grid imports from peak to mid-peak and from mid-

peak to off-peak hours. Results are shown in Table 5.11 for the grid-support mode of operation.

The results indicate that by adding 30 kWh of battery capacity, the average increase on the
electricity bill saving is approximately 55%. Doubling the battery size to 60 kwWh leads to a further

reduction, but with diminishing returns (14 % increase).

Table 5.11 Reduction on overall yearly electricity cost — grid support strategy, no grid exports

PV power (kW) 8 kW 12 kw 16 kw
Battery capacity (kWh)

0 kWh 762 S 883 S 986 S
30 kWh 1154 S 1367 S 1539 S

60 kWh 1232 S 1530 $ 1760 S
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The pre-charging control strategy delivers extra savings, asshown in Table 5.12. Depending on the

system size, implementing the grid battery charging increases savings by 22 % to 38 %.

Table 5.12 Extra savings from pre-charging control strategy — no grid exports

PV power (kW) 0 kw 8 kW 12 kW 16 kw
Battery  capacity

(kwh)

30 kWh 462 S 391 $ 362 S 334 S
60 kWh 577 S 470 S 428 S 385 S

The total savings on annual electricity bill are shown in Table 5.13

Table 5.13 Total cost savings on the annual electricity bill — pre-charging, no grid exports

PV power (kW) 0 kw 8 kw 12 kw 16 kw
Battery  capacity

(kwh)

0 kWh 0S 762 S 883 S 986 S
30 kWh 462 S 1545 S 1729 S 1873 S
60 kWh 577 S 1702 $ 1958 $ 2145 S

5.41.2 Costsavings with grid exports (net metering)

Even if this scenario is not currently possible in Canada, we have assessed the savings that could
be achieved if grid exports were allowed and valued at the same rate as grid imports at the time.
The results corresponding to the system size variants are shown in Table 5.14, as additional savings

compared to Table 5.11.

Table 5.14 Extra savings gained from valuing grid exports (net metering) — pre-charging strategy

PV power (kW) 8 kW 12 kw 16 kw
Battery capacity (kWh)

0 kWh 964 S 1659 S 2540 S
30 kWh 198 S 667 S 1307 S
60 kWh 47 S 392 S 1045 S

As expected, in absence of storage or with a lower battery capacity, the net-metering program is
more profitable for prosumers, delivering savings that are higher or comparable to the savings
obtained by displacing energy use. The total energy savings are shown in Table 5.15.
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Table 5.15 Total reduced amount of electricity cost (with net-metering)

PV power (kW) 0 kw 8 kw 12 kW 16 kw
Battery capacity (kWh)

0 kWh 0S 1726 S 2542 S 3526 S
30 kWh 751 S 1743 S 2396 S 3180 $
60 kWh 1502 S 1749 S 2350 S 3190 $

5.41.3 NetPresent Value

The modest savings shown above must be assessed in comparison with the relatively high initial
costs. Table 5.16 presents the Net Present Value (NPV) calculated using the economic parameters

shown in Table 5.4 (inflation rate, discounted rate, time span, etc.).

Table 5.16 Net Present VValue of PV+Battery systems —no grid exports

PV power (kW) 0 kw 8 kW 12 kW 16 kw
Battery  capacity

(kwh)

0 kWh -7.3KS -16.7K S -26.2K'S
30 kWh -30.8K S -31.7K S -39.8K S -48.4K S
60 kWh -70.1K $ -69.6K S -76.1K S -83.8K S

The results show that employing a PV+Battery system for the representative household used in our
simulations is not economically viable when there is no possibility to send the excess solar
electricity to the grid.

The NPV results with grid exports are shown in Table 5.17. With net metering, the PV system

without battery can be profitable, but all scenarios with batteries still deliver negative NPV values.

Table 5.17 Net Present Value of PVV+Battery system with net-metering

PV power (kW) 0 kw 8 kw 12 kW 16 kW

Battery capacity

(kwh)

0 kWh 13.4K S 19K S 28.5K'S

30 kWh -25.15K S -27.4K S -25.4KV -16.4K S

60 kWh -50.2 K S -68.6K $ -67.7K$ -61.3K'$
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It could be argued that the lifetime of PV panels (25 years) is usually longer than 20 years which
is chosen as lifespan for the project. Table 5.18 presents the NPV results for PV-only systems

considering the analysis period up to 25 years.

Table 5.18 Net Present Value of PV system without battery (25 years lifetime analysis)

PV size (kW) 8.1 12.2 16.2
NPV (Without net metering) 2.7KS 11.3KS 20K $
NPV (With net metering) 23.9K$ 34.4K $ 49.9K $

Figure 5.8 and Figure 5.9 show cumulative discounted cash flows over the 20-year analysis period
(“roling NPV”). The year when the NPV becomes positive corresponds to the discounted payback
time. The following figures are corresponding to the 8 kW PV system with and without the 30 kWh

battery storage unit respectively.
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Figure 5.8 Net Present Value of 8 kW PV system without Battery
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Figure 5.9 Net Present Value of 8 kW PV (8 kW) + Battery (30 kwh)

Figure 5.8 shows that, with the relatively high electricity rate as well as TOU pricing, a PV system
without battery can be profitable after 13 years. Asshown in Figure 5.9, the same PV capacity with
battery has a much larger capital cost (turns the NPV value down), so the NPV still remains

negative after 10 years, when the battery must be replaced, bringing the NPV value further down.
Figure 5.9 also shows that with the selected sizing, there is almost no difference between the
scenarios with and without grid exports. The selected design brings self-consumption atavery high
level, so that little energy is curtailed (without grid exports) or exported (with net metering).

5.4.2 Economic analysis with price signal

In the absence of PV panels and storage, the reference cost for the modelled house is 2423$ per
year with the flat rate.

5.42.1 Annual costsavings

The yearly cost savings achievable with a P\VV+Battery system are shown in Table 5.19.
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Table 5.19 Reduction on yearly electricity cost — PVV+Battery system, flat rate

PV power (kW) 8 kw 12 kW 16 kW
Battery capacity (kWh)

0 kWh 369 S 427 S 477 S
30 kWh 573 $ 688 S 780 S
60 kWh 617 S 787 S 921§
120 kWh 634 S 816 S 972 $

As expected, the cost savings delivered by self-consumption of PV energy and by avoiding to go
over the 40 kwWh/day threshold for the first-tier price are minimal, and the impact of having a

battery quickly saturates over 30 kWh.

The results corresponding to the winter credit program are presented in Table 5.20 for various

system size variants.

Table 5.20 Winter credits corresponding to system size variants

PV power (kW) 0 kw 8 kW 12 kw 16 kw
Battery capacity

(kwh)

0 kWh - 128 19S 225
30 kWh 233§ 239 $ 242 S 244 S
60 kWh 302 S 310 S 313 S 314 S

It is interesting to compare the savings shown in the table above to the maximum achievable: if all
electricity used during the DR events was displaced, 643 kWh could be credited, which is
equivalent to 322 $. So for example, the battery bank with 60 kWh capacity reaches about 90 % of

the maximum achievable savings even without PV.

The presented data in Table 5.20 only consider credits related to the demand response program, the
total saving as result of reducing the overall grid usage are not included. Table 5.21, presents the

combined savings.
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Table 5.21 Total reduced amount on electricity bill (flat rate + winter credit)

PV power (kW) 0 kw 8 kw 12 kW 16 kW
Battery capacity

(kWh)

0 kWh - 381 S 446 S 499 S
30 kWh 233 S 812 S 930 $ 1024 S
60 kWh 303 $ 927 S 1100 S 1235 S

If net-metering is assumed (even though it would not be possible currently in Québec), the extra

savings presented in Table 5.22 can be achieved.

Table 5.22 Extra credits through net metering program (flat rate)

PV power (kW) 8 kW 12 kw 16 kw
Battery capacity (kWh)

0 kWh 315 S 548 S 840 S
30 kWh 58S 197 S 395 S
60 kWh 14 S 114 S 313 S
120 kWh 2S 91 S 274 S

For the systems with battery, the extra credits achievable from net metering are low, with a flat-

rate tariff structure.

The analysis above assumes the “winter credit” program has been selected. Table 5.23 assumes the
other option for DR events in Québec, the “Flex D rate. For each result, the first value indicates
the savings from reduced rate throughout the year, and the second value indicates the penalty for

energy use during DR events. The latter is subtracted from the former to obtain net savings.

Table 5.23 Reduced electricity bill, Flex D rate (discounted rate benefit — penalty for grid usage

during peak event)

PV power (kW) 0 kw 8 kw 12 kW 16 kw

Battery

capacity (kWh)

0 kWh - 447 -310=137S 474-303=171S 499 -300=199S
30 kWh 336 -89=247S 474-83=391S 523 -80=443 S 566 —78 =488 S
60 kWh 336 -20=316S 475-12=463 S 532-9=523$ 593 -8=585S

A comparison with Table 5.20 shows that the PV panels alone deliver more savings than with the
winter credit program, which only delivers saving during the DR events. The savings in Table 5.23
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only happen during the winter months, since the Flex D tariff only applies in winter. For rest of
year, the PVV+Battery system can deliver savings as well, as shown in Table 5.19. The results in
Table 5.24 show savings for whole year. It is worth mentioning that the difference with Table 5.23
is not exactly what is reported in Table 5.19 since the latter is for the whole year, while the “flat

rate” savings if the Flex D rate is selected should only be calculated for April through November.

Table 5.24 Total reduced amount on electricity bill (flat rate + flex rate D)

PV power (kW) 0 kw 8 kW 12 kW 16 kw
Battery capacity

(kWh)

0 kWh - 3528 413 S 463 S
30 kWh 247 S 777 S 887S 973 S
60 kWh 316 S 892$ 1055 $ 1179 $

A comparison between Table 5.21 and Table 5.24 (total savings with winter credits compared to
total savings with Flex D rate) shows that the Flex D rate delivers slightly higher annual savings
for the consumer (approximately 6 %).

5.42.2 NetPresentValue

NPV values with and without net metering are shown in Table 5.25 and Table 5.26 respectively.

Table 5.25 Net Present Value of PV+Battery system without net metering

PV power (kW) 0 kw 8 kW 12 kW 16 kW
Battery capacity

(kwh)

0 kWh - -14.7k S -25.2k $ -35.6k $
30 kWh -35.5k S -45.4k S -54.7k S -64.1k S
60 kWh -74.8k S -83.7k S -91.6k$ -100.1k $

Table 5.26 Net Present Value of PVV+Battery system with net metering

PV power (kW) 0 kw 8 kw 12 kW 16 kW
Battery capacity

(kWh)

0 kWh 0.0 -7.2k S -12.2k S -15.7k S
30 kWh -35.5k S -44.1k S -50.0k $ -54.8k S

60 kWh -74.8k S -83.4k S -88.9k S -92.7k S
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The possibility to inject the excess electricity generation into the grid through net metering results
in better NPV values (or rather in less unfavourable NPV values), especially in absence of battery

storage.

The results indicate that PV+Battery systems are not profitable in any scenario for any design. The
achievable savings cannot compensate the high capital cost of P\VV+Battery systems, even with net-

metering (which would not be possible currently in Québec).

Since the lifetime of PV panels (25 years) is longer than the assumed period in the calculations, the

NPV analysis is repeated for 25 years for PV-only systems.

Table 5.27 Net Present Value of PV without battery (25 years time span)

PV size (kW) 8.1 12.2 16.2
NPV (Without net metering) -11.8k S -21.8k S -31.8k S
NPV (With net metering) -2k S -4.7k S -5.6k S

Figure 5.10 and Figure 5.11 show the cumulative discounted cash flows over the 20-year analysis
period (“rolling NPV’). The year when the NPV becomes positive corresponds to the discounted
payback time. The two following figures are corresponding to the 8 kW PV system with and
without the 30 kWh battery storage unit respectively.
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Figure 5.10 Net Present Value of 8 KW PV system without battery

Without batteries, net metering has a large impact on system’s economic performance, even though
the NPV remains negative.
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Figure 5.11 Net Present Value of PV (8 kW) + Battery (30.1 kWh)

With a 30-kWh battery, there is almost no difference between the scenarios with and without grid
exports. The selected design brings self-consumption at a very high level, so that little energy is

curtailed (without grid exports) or exported (with net metering).

5.4.3 Capital Expenditures of Flexibility

The previous sections have shown that the current flexibility incentives through TOU or price
signals are not sufficient to make PV+Battery systems profitable in the selected contexts
(representative of Ontario and Québec). Another way to look at the value of distributed generation
and flexibility is to compare it to other generation technologies. A good indicator for electricity
generation technologies is capital expenditures index, or CAPEX, which expresses the initial cost
of each kW made available on the grid. The technology-specific baseline costs provide an
opportunity for policymakers to analyse and compare various scenarios for extending the electricity
grid potential to supply load. Interestingly, the concept of power CAPEX can be extended to
flexibility, thereby considering as “generation” technologies that provide kW’s of power during
DR events rather than continuously. The following table provides a cost range for various
technologies, which is published by the National Renewable Energy Laboratory in 2021 (NREL,
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2021). Values were converted to CAD using an exchange rate of 1.25 CAD/USD and rounded. The
table includes batteries, which are obviously not a “generator” as a coal power plant is, or as a wind

turbine is, but can be considered as part of the means to provide power during DR events.

Table 5.28 Levelized capital expenditure of electricity generation technologies (NREL, 2021)

Electricity generation (or flexibility) Power CAPEX (CAD/kW)

technology Min. Max.
Onshore Wind 660 1800
Offshore Wind 1840 7050
Residential PV 700 3500
Geothermal 5500 -
Hydro power 2800 20300
Residential Battery 1550 5800
Biopower 4500 5500
Nuclear 7450 9400
Naturalgas 950 3400
Coal 2900 7200

Due to the complexity of economic analysis for residential P\V/+Battery systems, those systems are
not covered by the baseline technologies. PV systems and batteries are considered, but separately,
with CAPEX cost of 700 to 3500 $/kW for PV and 1550 to 5800 $/kW for batteries.

To estimate the power CAPEX of PV+Battery systems, the modelled system needs to be capable

of providing a steady supply to the grid over the entire peak hours period (usually 4 hours).

In our analyses above, the systems include 8 kW PV panels + a 30 kWh (7.5 kW peak power)
battery storage, which is designed with self-consumption in mind. Based on our results, the CAPEX
for electricity generation (or rather flexibility) from residential PV+Battery systems is ranging from

3600 to 5800 $/kW, therefore in a similar range as battery-only systems.
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5.5 Chapter summary

The financial assessment presented in this chapter has compared various sizing for PV+Battery
systems. The net present value (NPV) analysis shows that these systems are never economically
viable under “price signal” rate structures, which consist of a flat rate with penalties or rewards for
specific DR events (using current rates applicable in Québec). The flat rate would have to go over
15 ¢/kWh for PV-only systems to be profitable without net metering, and over 8 ¢/kWh with net
metering. The results for atime of use (TOU) rate structure based on the current situation in Ontario
are slightly better but lead to the same conclusion: no profitability can be achieved without net
metering, and PV+Battery systems with 30 kWh storage capacity or more have a strongly negative
NPV. Our results also show that in the most favorable scenarios, battery capital costs should
decrease to a level of 220 $/kWh to reach profitability, which seemslike aneasily achievable target

given the 100 $/kWh value often quoted in price forecasts.

Looking atresidential PV+Battery systems from the utility perspective, they can be considered as
“generators” (for DR events only) providing flexibility at a CAPEX which is not far from other

renewable technologies
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CHAPTER 6 CONCLUSIONS AND RECOMMENDATIONS

The residential sector represents a significant share of worldwide energy consumption and
greenhouse gases emissions; it is targeted by numerous programs aiming at reducing these
emissions. PV systems can play a role in decarbonizing the grid and the building sector, but the
focus on maximizing the annual energy production has resulted in an exacerbation of the peak
demand problems. Energy flexibility (the ability to adapt a building energy generation and demand)
is a key aspect in decarbonizing the building sector: space and water heating can be effectively
decarbonized by switching to electricity, but peak demands must be mitigated to maintain and
increase the resilience of the grid. PV+Battery systems can rise to the challenge of addressing the
decarbonization and the flexibility objectives, but they must be carefully designed, and their
assessment is complex because of their interaction with occupied buildings and dynamic weather
patterns. The overall goal of the work presented in this thesis was to assess the benefits of
PV+Battery systems in typical residential buildings in the Canadian context.

6.1 Summary of key contributions

Chapter 2 presented a literature review of battery models in building performance simulation and
energy system simulation tools. The review highlighted the need to develop models capable of
representing the main battery technologies (lead-acid and lithium-ion) with a sufficient level of
detail, taking into account performance degradation, the various elements having an impact on
battery efficiency (e.g. self-discharge), and the impact of temperature on performance. TRNSYS
was lacking these models, and none of the reviewed models was satisfying on all accounts. A
library of component models was developed to respond to this need, and the developed models
were compared to experimental data to assess their validity. The developed library was used in the
simulation studies and is a contribution to other studies addressing PV+Battery systems (or battery

systems coupled to other generation technologies) in TRNSYS.

Chapter 3 presented an archetypal model of a Canadian house with an all-electric heating,
ventilation and air-conditioning (HVAC) system and a PV+Battery system. Occupant-driven load
profiles for domestic hot water and non-HVAC loads (lighting, appliances, plug loads) are taken
from Canadian empirical studies in the literature. The model has been used for the modelling

studies in chapters 4 and 5. A preliminary assessment of PV+Battery systems is also presented in
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that chapter, showing that increasing the battery size above 30 kWh leads to diminishing returns.
The detailed archetypal model produced in this chapter can be used in other energy analyse studies.

Chapter 4 presents an analysis of the energy flexibility offered by PV+Battery system. Default
control strategies in commercially available inverters are used: Grid support (or PV priority) and
UPS-mode. No attempt is made to optimize these strategies in this study. Yearly KPIs such as self-
generation and self-consumption show that adding batteries to a conventional grid-tied PV system
can improve dramatically the available flexibility, with a saturation of the effects for battery
capacity higher than 4 kWh/KWp under the selected assumptions. This is an interesting design rule
for practitioners. Dynamic KPIs calculated for 1-h upward and downward flexibility events show
that there is a large variability in available flexibility, depending on the day and time of the year
and on the inverter control strategy. The UPS mode, which results in the lowest yearly self-
generation and self-consumption, presents a significant downward flexibility potential, limited by
the maximum battery discharge current, which resulted in a potential of up to 8 kWh per 1-h event,
with a median value between 0 and 4 kWh depending on the time of the day (the downward
flexibility is limited by the load itself, the PV+Battery system can not do better than removing the
entire load). Its upward flexibility results from the ability to shut down PV generation and is
entirely dependent on solar radiation. On the other hand, the grid-support (or PV priority) operation
mode, which already minimizes grid imports, offers no potential for downward flexibility under
the current assumptions. Its upward flexibility is variable between 0 and 12 kWh in this study, with
arelatively constant median value around 5 kWh. The dynamic assessment of flexibility KPIsis a

contribution to the literature, in addition to the design rules to maximize yearly KPIs.

Chapter 5 presented a financial assessment comparing various sizing for PVV+Battery systems. The
net present value (NPV) analysis shows that these systems are never economically viable under
“price signal” rate structures, which consist of a flat rate with penalties or rewards for specific DR
events (using current rates applicable in Québec). The flat rate would have to go over 15 ¢/kWh
for PV-only systems to be profitable without net metering, and over 8 ¢/kWh with net metering.
The result for a time of use (TOU) rate structure based on the current situation in Ontario are
slightly better but lead to the same conclusion: no profitability can be achieved without net
metering, and PV+Battery systems with 30 kWh storage capacity or more have a strongly negative
NPV. Our results also show that in the most favorable scenarios, battery capital costs should

decrease to a level of 220 $/kWh to reach profitability, which seemslike an easily achievable target
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given the 100 $/kWh value often quoted in price forecasts. Looking at residential PV+Battery
systems from the utility perspective, they can be considered as “generators” (for DR events only)
providing flexibility at a CAPEX which is not far from other renewable technologies. This
economic analysis can guide policymakers an utilities wishing to develop incentive programs for
PV+Battery systems, and help designers achieving an acceptable economic performance with
given energy or resilience targets. The CAPEX comparison opens the door to a different assessment
of distributed generation, considered not from the homeowner viewpoint but from the utility

viewpoint.

6.1.1 Further research

The work on battery modelling has identified some remaining weaknessesin the proposed models:
it is challenging to propose generic models applicable to a wide range of technologies, and another
interesting option would be to consider automatic parameter identification based on widely
available performance data, keeping the structure of the models but adapting the generic parameters
to specific batteries without necessitating detailed test data. The same approach has been applied
to identify parameters of the 5-parameter PV module model in TRNSYS (De Soto et al., 2006).

The work on flexibility has highlighted the importance of control strategies and the difficulty of
assessing energy flexibility as “one number”. Further research work is needed to develop KPIs that
can communicate the potential of PV+Battery systems (or other building-integrated storage

management systems) to utilities, and to develop optimized control strategies.

In this thesis, system sizing has been approached in a simplified way: a parametric analysis was
conducted in Chapter 4, and only one system sizing was kept for Chapter 5. Sizing optimization
for grid-tied PV+Battery systems is a multi-objective optimization problem which necessitates
defining several pareto solutions regarding the criteria of interest (Mehrabankhomartash et al.,
2017). Optimization criteria can include system reliability (resilience over grid failure), solar
electricity generation cost, electricity bill saving, levelized expenditure for peak shaving and load
shifting, as well as reducing greenhouse gas emissions (Ippolito et al., 2014). Doroudchi et al.
(Doroudchi et al., 2016) employed mixed integer linear programming to optimize the energy cost
of a single-family house considering four sizing configurations for grid-tied PV systeminstallation
and battery energy storage. They investigated the impact of various battery sizes on saving

opportunity over monthly energy cost. Tanetal. (Tanetal., 2010) used the Monte Carlo simulation
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technique (for simulating utility grid outage) to optimize the PV and back up battery system sizes
regarding the loss of load probability index. Kaplani et al. (Kaplani & Kaplanis, 2012) considered
the number of autonomy days as the main objective to investigate the optimum size of PV+Battery
system. They implemented optimization through investigating the system success rate for
accommodating the load during grid failure. Mehraban et al. (Mehrabankhomartash et al., 2017)
optimized the size of a PV+battery system for commercial building based on yearly energy cost
saving. In addition to the imported electricity from the grid, they also defined and considered the
cost associated to grid failure. Accordingly, the optimum size was investigated through grid usage
as well as compensated damage cost with supplying the load during power outage. Cervone et al.
(Cervone et al., 2016) employed Markov-Chains approach to optimize the size of battery bank
(lead-acid and Li-ion chemistry) for PV system using the payback period time as main objective.
The methods proposed in these research works could be used with the models developed in this

thesis to perform a more thorough system design optimization.

Finally, the economic analysis has delivered disappointing results form the homeowner point of
view: the current rate structures in Ontario and Québec make PV+Battery systems not
economically viable. Updating these results with the rapidly decreasing battery prices would be
interesting on one hand, while taking into account the value of resilience would help, on the other
hand. This is an active research area (Anderson et al., 2021) but little work has addressed the
residential sector. It would also be interesting to further the analysis from the utility point of view,
comparing the cost of subsidizing PV+Battery systems to the cost of upgrading power lines,

transformers, and other components.
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