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ABSTRACT

We address a problem that arises at the confluence of three re-
cent trends: the popularity of storage-coupled photovoltaic (PV)
systems amongst homeowners, the rapid proliferation of electric
vehicles (EVs) with potential for bidirectional energy storage within
PV-enabled single-family homes, and third, the surge in remote
working accelerated by the Covid-19 pandemic. In this context, we
explore the joint optimal sizing and operation of domestic homes
while accounting for different degrees of remote working and the
impact of home energy management system (HEMS) operation pref-
erences. This task is complex due to the coupling between sizing
and operation and the stochastic and non-stationary nature of solar
generation, load, and EV drive cycles. We introduce SOPEVS (Sizing
& Operation of PV and EV integrated Single-family homes), a novel
framework formulated to tackle this multifaceted challenge. We
use SOPEVS to investigate how commuting habits and choices in
HEMS operation affects the sizing of domestic PV energy systems.
Our findings reveal that homeowners who predominantly work
from home and possess bidirectional EVs can potentially eliminate
the need for separate home storage systems, thereby substantially
reducing overall system costs. We also find that configuring a HEMS
to maximise charging through solar energy can achieve savings of
up to 80% on total system expenditure (excluding cost of EV), de-
pending on the desired level of grid independence and the preferred
State of Charge (SOC) of EV at the time of departure.
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1 INTRODUCTION

Climate change is an increasingly pressing issue that has had severe
impacts on the environment and human populations. Deploying
solar PV is a key strategy for decarbonisation, gaining significant
policy support [12]. The rise in residential PV installations en-
hances sustainability, driven by decreasing costs of PV and battery
technologies [33][22]. For example, in 2022, solar PV installations
exceeded 1 GW in each of over 23 countries [2]. Despite this growth,
the intermittent nature of solar power, high setup costs, and the
complexity of managing small-scale systems pose ongoing chal-
lenges to broader adoption.

Energy storage is crucial for transitioning to a low-carbon econ-
omy by enabling better use of PV power through peak shifting [7].
Yet, the costs and complexities of sizing and operating storage solu-
tions remain barriers. Interestingly, exploiting the storage capacity
of EVs can boost the economic viability of PV-integrated residen-
tial houses by leveraging bidirectional charging to reduce storage
needs and optimise renewable energy use [15][27]. In fact, the shift
towards remote work due to the Covid-19 pandemic means EVs are
parked at home for longer, enhancing their potential to be used as
energy storage. This situation presents an opportunity for direct
solar charging and the use of EVs as energy backup, contributing
to a sustainable energy ecosystem. We explore this synergy further
in this work.

Designing local distributed energy resources for modern homes
presents considerable challenges, particularly when incorporat-
ing PV systems, EVs, and stationary storage (we collectively call
these elements a Home Energy System (HES). A HES demands
sophisticated control to enhance efficiency while ensuring resident
comfort. Future designs must account for the variability of home-
owner lifestyles, including work-from-home (WFH) patterns, the
use of bidirectional EVs, and the benefits derived from optimised
operational strategies. Existing research often overlooks these com-
plexities, in particular, the incorporation of uni- and bi-directional
EV charging and the impact of working from home and, therefore,
does not provide efficient operational policies for current and future
user scenarios (we discuss these challenges in greater depth in Sec-
tion 3.4). Consequently, we develop a more sophisticated approach
to HES design that incorporates these effects.

To confront these challenges, we introduce SOPEVS (Sizing
& Operation of PV and EV integrated Single-family homes),
a novel framework for the integrated sizing and operation of do-
mestic HESs, accommodating both commuting patterns and user
preferences for HEMS. Permitting V2G (vehicle-to-grid technology),
our framework optimises renewable energy utilisation and simulta-
neously reduces initial costs. Our analysis using SOPEVS explores
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V2G’s synergies from various work-from-home scenarios and en-
ergy management strategies, offering insights into cost-effective
HES designs tailored to diverse user needs. It thus has the potential
to empower modern homeowners to significantly reduce capital
expenses through optimal HES design, leveraging recent shifts in
commuting patterns, user preferences, and the promising capabili-
ties of V2G technology.
We make the following contributions:

o We introduce SOPEVS, a framework for the robust and jointly
optimal sizing and operation of domestic HESs incorporating
PV and EV, V2G, and user WFH preferences.

o We evaluate the impact of various user commuting patterns
and preferences on the configuration of PV-EV-integrated
modern homes, highlighting the impact of bidirectional EVs,
WFH practices, and optimised operation strategies across
different user demographics.

e We demonstrate that our set of operation policies manages to
generate substantial efficiency improvements by leveraging
the synergy between V2G and WFH.

The remainder of this paper is laid out as follows. Section 2
surveys related work. In Section 3, we present the background to
our work. Section 4 explains the SOPEVS algorithm. In Section 5,
we use SOPEVS to provide insight on the impact of different user
behaviours and design preferences on the sizing of residential HESs.
Finally, Section 6 concludes our work and provides suggestions for
future work.

2 RELATED WORK

This paper presents an algorithm for robustly and jointly optimising
sizing and operation of residential HESs. It also takes into account
both uni- and bi-directional EVs and the impact of working from
home on EV usage patterns. We believe our work advances the
field because most prior work focuses on either sizing [28] [31] or
operation [18][3] of residential homes (but not simultaneously, and
not in a robust fashion). Moreover, although a handful of papers
do joint optimisation of sizing and operation, they do not take into
account bi-directional EVs or working from home, and therefore
are unable to benefit from their synergy.

We first outline common optimisation approaches, then focus
on papers that do a joint optimisation of sizing and operation,
and finally compare our paper with examples from prior work,
showcasing the novelty of our approach.

2.1 Optimisation approaches

Four principal optimisation approaches have been reported in the
literature: heuristics, mathematical optimisation, analytical algo-
rithms and iterative simulation-based solutions.

Heuristic approaches, such as genetic algorithms [42] or particle
swarm algorithms [37], can achieve fast convergence, but they may
not always reach the optimal solution due to their stochastic nature.
Mathematical optimisation algorithms, on the other hand, can find
the optimum, but they require complex constraint equations to
describe the system [6] [26]. They can also be computationally ex-
pensive since the problem is both integer and non-linear. Similarly,
analytical equations also reach the exact optimal sizing solution
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but are difficult to formulate [5] [8] [35]. Simulation-based meth-
ods have been found to be particularly successful and efficient in
optimising the robust sizing of PV systems [23]. For this reason,
our work uses the simulation approach.

2.2 Joint sizing and operation

Prior work in joint sizing and operation falls into three broad cate-
gories.

The first category uses a two-stage process [32], [20], [17], [30],
[29], [14]. It employs iterative techniques between investment deci-
sions and operational dilemmas, leveraging heuristic algorithms like
genetic algorithms or particle swarm optimisation. These strategies
only offer near-optimal solutions and are sensitive to initial param-
eter settings, showing a lack of robustness to input fluctuations.
Furthermore, these methods typically aim for singular objectives,
like emission reduction or cost minimisation, without robust sizing
guidance or addressing the complexities introduced by bidirectional
EVs.

The second approach integrates planning and operation into a
single optimisation process, utilising integrated techniques such as
mixed-integer linear programming and fuzzy logic [6], [11]. These
models are often subjective, result in lengthy computation times
and are highly sensitive to specific data and parameters, limiting
their capacity to offer robust sizing solutions. Furthermore, their
application to complex, non-linear challenges like multi-roof sizing
remains unclear, and similar to earlier methods, these approaches
do not take into account EVs and the considerable efficiency im-
provements they can bring to the analysis.

The third approach uses a predefined operation strategies based
on expert systems, where the basic rules are established [39], [43]
and [4]. We use a similar approach. For instance HOMER [39], a pro-
prietary software, allows the economical assessment and simulation
of hybrid systems, while others employ genetic algorithms with
predefined operating strategies [43], [4] but all of them only con-
sider one type of expert policy, which happens to not be optimised
for EV-integrated HESs.

2.3 Comparison with representative prior work

To illustrate the complex nature of the sizing and operation problem
when considering PV, storage, EVs, and WFH, we compare our work
with four representative papers from prior work (Table 1). Huang
et al.. [21] present an algorithm for robustly sizing PV and storage
for homes with multiple roof segments. Our work builds upon their
approach, however, with several significant technical contributions,
as discussed next. First, while Reference [21] also studies the sizing
of solar PV and stationary storage, it does not consider EVs at all,
let alone bidirectional EVs. Moreover, their work does not present
an algorithm for joint sizing and operation, focusing only on sizing
when using a simple operation policy. Lastly, it does not consider
WFH patterns or other user lifestyle factors that heavily influence
the sizing of solar PV and storage.

The proprietary HOMER tool [39] is widely used for optimising
PV and storage. To our knowledge, it is not robust to variations in
home load, nor does it consider EV load, let alone bidirectional EVs.
Both Chen et al. [11] Mallol et al. [30] tackle joint sizing and op-
eration but without considering robust optimisation, bidirectional
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EVs or working from home. Chen et al. apply fuzzy logic to con-
vert a dual-objective problem into a single-objective optimisation,
focusing on cost and user satisfaction, Mallol et al. propose a dual-
phase evolutionary algorithm which also does not guarantee robust

outcomes.
Property [21] | [39] | [11] | [30] | SOPEVS
Bidirectional EVs no no no no yes
Robust yes | no no no yes
Sizing & Operation | no yes | yes | yes yes
WFH no no no no yes

Table 1: Comparison of design methods for residential HESs.
This table illustrates whether different properties have been
demonstrated/implemented (yes) or not (no).

To sum up, our work incorporates several complex factors that
are essential to model in solving the joint PV/Storage/EV sizing and
operation problem. Thus, our work counts among the few that do
joint sizing and operation and is the only one that does joint-sizing
and operation in the presence of EVs, as well as bidirectional EVs.
Moreover, no prior work has incorporated lifestyle elements such
as WFH into the sizing decision.

3 SOLUTION APPROACH

In this section we outline our solution approach, with details in the
next section.

3.1 Notation
Table 2 and Table 3 define the notation that is used in the paper.

3.2 Energy System Architecture

The grid-connected residential energy system architecture we study
is shown in Figure 1. This models a typical home with multiple roof
segments as in [21].

It consists of four elements: the solar PV system, stationary
electrical storage, and uni- or bi-directionally charging EVs.

The PV system has a; panels on each roof segment i, with i €
[1, N], which produce a certain quantity of energy depending on
the weather conditions, roof orientation, and tilt. The total solar
generation of the system at time step ¢ is given by Z?:’ 1 Si(t) * a;.

Second, an electrical storage battery buffers excess energy gen-
eration for use at a later time. Its energy content is denoted by
ES?4 (). Finally, we assume that the home has an EV that is load,
but if bidirectional, can be used as additional backup storage.

The EV has a battery size of ES2 .. (¢) but is only charged up to
the maxsoc level and never discharged below the mingoc level.
Note that SOPEVS is applicable to both uni- and bidirectional EVs.

All components are connected through DC/DC (EV, PV system)
or AC/DC converters (Grid, Appliances). A HEMS handles the inter-
actions between the components, operating with optimal control
strategies that are aligned with the pre-defined user goals, see Sec-
tion 4.5.

The system is operated in a grid-connected mode, meaning that
load demands are guaranteed to be met, if necessary from the grid,
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Symbol | Description
N Number of roof segments
i Index of roof segment
T Time period over which the QoS (quality of

service) criterion is computed (days)

Y Confidence level for robustness

0 The target upper bound in unmet energy as a fraction
of overall load |L|

Cost of installing a panel on the ith roof segment ($)
Marginal cost of installing a panel on the ith roof
segment ($)

cb Marginal cost of storage ($/kWh)
aprex Largest possible number of panels on the ith
roof segment
pmax Largest possible battery size (kWh)
o Operation policy
n Total number of hours provided in each solar
and load trace
Si An hourly solar power generation trace for one panel
on the i roof segment; |S?| = n
S A vector of hourly solar power generation trace for
panels on each roof segment; S = {Sy, ..., SN°}
E An hourly EV usage trace, containing daily

departure times, arrival times and SOC on arrival;
Load coming from EV charging at time step ¢

L An hourly load trace (kW); |L| = n

A subset of the load trace from time step t; to t2 (kW)
Total energy used in the load trace from time step

t; to time step ¢y (kWh)

a; Number of panels, as computed by the algorithm,
allocated to the ith roof segment; 0 < a; < A

A The sizing, a vector of allocations ay, ay, ..., an

b Size of battery, as computed by the algorithm;
0 < b <™ (kWh)

u Unmet energy for a given allocation vector, battery
size, load trace, solar trace and EV trace (kWh)

Ty Time unit, representing the number hours in each

time slot ¢

Table 2: Table of notation for the problem formulation.

at all times. The energy provided from the grid at time ¢ is denoted
P grid (®).

3.3 Electric Vehicle Modelling

The integration of EVs into the HES necessitates a nuanced under-
standing of their charging and discharging dynamics . EVs serve
both as a time-varying electrical load when charging and as a poten-
tial energy storage resource when capable of bidirectional energy
flow.

We model both EV and stationary storage charging and discharg-
ing processes using the model from Reference [24]. It ensures that
the charging process does not surpass the desired upper SOC limit



E-Energy ’24, June 04-07, 2024, Singapore, Singapore

Symbol | Description
E¢? . | Size of the EV battery (kWh)
E€®(t) | SOC of the EV battery at time step t(kWh)

al® Maximum charging rate of the EV battery (kW)
ac? Maximum discharging rate of the EV

4 battery (kW)
maxsoc | Maximum desired SOC ratio for the EV battery;
0 <maxsoc <1
minsoc | Minimum desired SOC ratio for the EV battery;
0 < mingoc <1
ne? Charging efficiency of the EV battery
ng Discharging efficiency of the EV battery
a® Lower energy limit function of the EV battery

a; Upper energy limit function of the EV battery

Paer(t) | Net power at time step ¢
Ppy(t) | PV power at time step ¢
Pc(t) Charging power available at time step ¢
P;(t) | Discharging power available at time step ¢
PE%(t) | Charging power available to the EV battery at time ¢
Pi°(t) | Discharging power available to the EV battery at
time step ¢
Pyria(t) | Power drawn from the grid at time step ¢
Pgir(t) | Power that directly flows from the PV panels to load
at time step ¢
ES?et(t) | Energy content of the stationary battery

at time step t (kWh)
n Number of sub-intervals sampled, for one of each a
least-cost sizing is found

Table 3: Table of notation related to the operation policies,
the sizing algorithm and the battery model.

Grid
PU(t Pie(t)
® EV battery 4
B (t)
Prialt)
N
> Sit) +a;
= Puir(t) 3 Load
a PV capacity L(t)
b units of stationary
L storage
Fel(t) Palt)

E(r)

Figure 1: System Architecture

maxsoc , while similarly preventing the battery from being dis-
charged below the lower SOC threshold mingoc, thus preserving
battery longevity.

Note that we use the terms SOC and EV battery state interchange-
ably, meaning that the SOC is given in kWh, while the SOC ratio is
a fraction of the maximum EV capacity.
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The following equations capture the charging and discharging
dynamics, accounting for inefficiencies during the charging pro-
cess. The battery model incrementally evaluates the energy being
charged to the battery and ceases charging once it reaches the
specified upper SOC limit.

This iterative procedure reflects real-world charging behaviour,
ensuring that the model remains true to actual EV charging patterns.

Note that the same equations apply to the battery model of the
stationary battery.

E®(t) = E°(t = 1) + PC° (e " Tu — P (g Ty vt (1)
0 < PE(t) <af® Vit (2)

0<PP(t) <aff vt (3)

ai? (P (1)) < E°(t) < a3”(PE° (1)) vt ©)
PEP(t)P°(t) =0 vt (5)

Equation 1 defines the energy content of the EV battery at any
point in time ¢. Equation 2 ensures that the charge applied to the
EV at time ¢ never exceeds the user-specified maximum charging
rate. Similarly, equation 3 bounds the discharge applied to the EV
by the maximum discharging rate. Equation 4 assures that the
energy content of the EV battery never exceeds the user-defined
SOC boundaries. Lastly, equation 5 assures that the EV battery can
never be charged and discharged at the same time.

Additional equations model CCCV charging and the non-linear
behavior of the system near system limits [24] and have been elided
for space considerations. Note that this model requires several tun-
ing parameters: our choices are shown in Table 8 in the Appendix.

Unlike stationary batteries, the energy levels of EVs cannot be
continuously accounted for, as they are only connected to the sys-
tem intermittently. Thus, modelling EVs requires fine-grained traces
of EV arrivals and departure times, the required state of charge
(SOC) upon departure, and the timing of the next anticipated de-
parture. Such traces are ideally sourced from EV monitoring sys-
tems that track vehicle activity. In the absence of real-world data,
synthetic traces must be generated using tools such as the one
presented in [9], which simulates various EV models and user be-
haviours, including both commuting and non-commuting patterns.
We use this tool in our work.

Moreover, we assume that the HEMS will seek user input regard-
ing anticipated departure times upon each return of the vehicle.
This is vital for tailoring the charging strategy to the user’s specific
needs and schedules.

3.4 Why is this problem difficult?

The combination of PV, EVs and stationary batteries in a residential
HES leads to a complex system that needs careful design and control
to maximise efficiency and minimise cost while meeting design
constraints. In part, the problem is that solar generation, residential
load, and EV usage are all stochastic and non-stationary due to
three effects:
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o Diurnality: Solar irradiance is highly diurnal, as is residential
load consumption, which peaks when the inhabitants are at
home and using high-consumption electrical appliances. Sim-
ilarly, the availability of the EV and its charging demand are
also highly variable throughout the day and heavily depend
on the WFH frequency. To illustrate, Figure 2 depicts these
three processes for a typical homeowner who commutes to
work on weekdays.

e Seasonality: Solar generation drops in the winter months,
while load increases due to additional lighting (and, in some
jurisdictions) heating demands. EV drivers tend to increase
their car usage, as alternative transportation modes, such as
biking and walking, become less comfortable in this period
of the year.

e Long-term trends: Changing climates and urban landscapes,
shifting commuting and vehicle usage patterns, as well as
lifestyle changes all contribute to long-term changes in solar,
load, and EV usage traces.

4.0

Home energy consumption
Solar energy production
EV at home

354

3.0 A

2.5 7

2.0 A

1.5

1.0 4

0.5

Solar generation (Wh) & House consumption (kWh)

0.0 T T T T
0 5 10 15 20

Hour of the day

Figure 2: Shapes of the three stochastic processes: solar PV
generation, load and EV presence throughout 24H for a typi-
cal commuter (WFH T1).

Given the diurnal and seasonal non-stationarity effects in solar
and load data, achieving sufficient temporal resolution and dura-
tion is essential to accurately capture these changes. However, fine-
grained and long-term load and EV usage data is rare. To address
data limitations, we construct a circular time series from at least
one year’s data. This approach allows us to generate diverse future
scenario samples by selecting blocks of days, ensuring a compre-
hensive representation of seasonal variations and long-term trends
despite the well-known challenge of constrained data availability
[21].

Another key challenge arises from the reliance on historical
data for calculating future optimal sizing and operations, given the
inherent unpredictability of future inputs. We use upper probability
bounds to prevent the overfitting to historical data, as in [23]. This
strategy aims to maximise robustness, reducing the sensitivity of
the sizing to minor input variations (see Section 4.4).
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Sizing residential HESs, even without EVs, is already a complex
problem [31] and joint sizing and operation makes the problem even
more challenging. Although prior work has considered this, to our
knowledge, no prior work has taken EVs into account. Adding EVs
to the mix greatly increases complexity since the choice of operation
policies must now include both EVs and stationary storage, EVs
are not always available as an energy storage, and they have a
target departure SOC that must be taken into account. To tame
this complexity, our approach is to pin down a handful of plausible
operation policies that encompass both EVs and stationary storage.
We then compute sizing for each operation policy similar to the
simulation-based approach used in [21][23].

To summarize, the challenges we address in our work are as
follows:

e Solar generation, residential load, and EV usage are all sto-
chastic and non-stationary.

e We cannot rely on historical data alone for calculating future
optimal sizing and operations, given the inherent unpre-
dictability of future inputs.

e The addition of an EV to a single-family households adds
a significant load to the household. It is important to make
charging decisions that minimise cost and maximise PV self-
consumption.

e There are many different operation policies that optimise
different types of EV charging. It is thus crucial to do joint
sizing and operation when sizing solar PV and storage for
homes with EVs.

o If the EV supports bidirectional charging, even higher ef-
ficiency gains are possible, due to the additional storage
provided while the EV is at home. Nevertheless, the EV’s
main goal is still to serve as a transportation mode and it
is thus important that the chosen operation policy ensures
relatively high SOC levels at departure times.

o Finally, different user lifestyles that directly impact the pres-
ence of the EV at home, such as WFH, can also heavily influ-
ence the operation of these retrofitted homes and therefore
need to be taken into account at the design stage.

4 SOPEVS

In this section we present the details of the SOPEVS framework.
The notation used in our work can be found in Table 2 and Table 3.

4.1
SOPEVS requires the following inputs:

Inputs

e Solar traces (S;), one hourly solar trace for each roof segment
i, each having n entries.

e Load trace (L) with hourly resolution and n entries.

o 0, the desired maximum ratio of load that should be met by
the grid.

e y, the desired confidence level for robustness (0 < y < 1, with
1 being the highest confidence).

e N, the number of roof segments.

o T the time period in days over which the quality of service
(QoS) criterion is computed.

e Daily EV usage trace E, including times of departure from
home, times of arrival and EV SOC on arrival.
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e EV battery capacity (E52 .. in kWh).

* Maximum dis-/charging capacity of the EV (a¢” and a}” in
kWh).

e Maximum and minimum desired SOC ratio levels for the
EV battery (values between 0 and 1, mingoc for the lower
SOC limit of the EV battery and maxsoc for the upper SOC
limit).

e EV charging and discharging rates, a¢” and "

e Desired operation policy O, see Section 4.5.

o The cost associated to the PV modules and stationary storage:
clf , clm and cy,.

e Maximum desired capacity for PV on each roof segment, as

well as stationary storage: a]"%* and b™%.

As in prior work [21], our algorithm requires as input hourly
PV generation, load traces and EV traces (S;, L). Solar PV and load
traces are accessible with devices like pyranometers or smart meters.
SOPEVS can be used for any geographical region by giving the
corresponding inputs for that region. Alternatively, one can acquire
these traces through:

(1) Solar Traces: The NREL PVWatts calculator generates solar
traces based on historical data and can simulate different
traces for various roof segments by adjusting for tilt and
orientation [25].

Load Traces: Databases such as the one from EERE [16] offer
access to load profiles. These profiles can be aligned with the
target site’s monthly aggregate load figures, typically found
on utility bills, to approximate actual consumption patterns.

4.2

The objective of the algorithm is to select, given the desired opera-
tion policy, the optimal number of solar panels and the appropriate
amount of storage to ensure that a given load profile is satisfied with
a specified QoS. A sizing that meets the QoS criterion is termed fea-
sible. The algorithm seeks to identify the most cost-effective robust
sizing that meets a target performance level with a certain statisti-
cal confidence. Specifically, given the desired operation policy O
the number of roof segments N, a time period T for calculating the
QoS criterion, a target unmet load €, a confidence interval y, fixed

Objectives

and marginal costs for the i-th solar panels c{ and ¢, marginal
cost for storage c?, the largest possible number of solar panels that
can be installed on the i-th roof segment a]"®%, the largest possible
battery size b™#* N solar traces S;, the EV trace and the load trace
L, the algorithm finds solar sizing A and storage sizing b such that:

o It is feasible, i.e., for all ¢, with probability greater than 1 —y:

u(A,b,t,t+T)
|L[t,t+T]|

e It minimises the cost function!:

C(A,b) = Z (c{+c§"xai)+(cb><b)

ila;#0

'We view an EV as essentially a transportation solution, rather than an energy storage
solution, that has been purchased for purposes other than energy storage. From this
perspective, any use of an EV as storage is ‘free’. Moreover, as the EV choice is user
dependent and the cost fixed once an EV choice has been made, and is independent of
the sizes of solar panels and storage, we do not model this cost in our evaluations.
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e The sizing is robust, i.e., it holds for future loads that are
statistically similar to the past.

4.3 Constraints

In our system, the physical constraints of the components are rep-
resented through a series of equations to ensure their adherence
in the simulation aspects of our algorithms. This approach aligns
with the methodology outlined in [23].

L(t) = Ppo(t) + Py(t) + P3"(t) + Pyriq(t) A (6)
N
Ppo(t) < Z Si(H)a; vt )
i=1
Pe(t) < Ppo(t) = Py (t) = L*°(t) vt (®)
Pair(1) = min(Ppo(1), L(1)) Vi ©)

The equality Equation (6) states that the load at time t is met by
the PV panels, the stationary battery, the EV battery or the grid.
The equality Equation (7) constrains the available solar PV power
at time t to be bounded by the solar generation of all panels on
all roof segments. Equation (8) ensures that the power allocated
for charging the stationary battery does not exceed the remaining
available solar energy after all loads, including the EV charging
load PZ¥(¢) for certain operation policies have been satisfied. The
equality Equation (9) defines the part of the load that is met directly
through solar energy.

4.4 Optimisation Approach

SOPEVS extends prior work by Huang et al. [21], which solved the
PV and storage sizing problem for multiple roofs, but without the
presence of EVs and without jointly optimising sizing and operation.
For completeness, we first sketch this algorithm then discuss our
extensions to it.

The prior algorithm finds the minimal system configuration that
meets the load while taking into account the unique characteristics
of each roof segment, such as dimensions, inclination, orientation,
and installation cost. Hence, SOPEVS uses the following steps:

(1) Sampling Input Traces: The algorithm begins by selecting

n intervals from PV generation, EV usage traces and load

traces to compile a series of trace tuples (S;, L, E), serving as

the data set for simulation.

Finding Minimum Cost Sizings: For each trace tuple, the

algorithm employs simulations, along with stochastic gradi-

ent descent, to determine system sizings that meet a prede-
termined QoS criterion, with the aim of identifying the least

cost sizing for each sub-sample. The simulations assume a

fixed operation policy to decide when to charge or discharge

stationary storage.

(3) Applying Multivariate Chebyshev Bound: To ensure
robustness, a statistical bound is computed for the collection
of sizings, and a hyper-ellipsoid bound is established using
an empirical multivariate Chebyshev method. The bound
centres around the mean of the sizing set, adjusted for the
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desired confidence level y. The algorithm selects the most
economical sizing from the upper echelon of this bound,
ensuring robust system performance and cost efficiency.

We build on this algorithm in two critical ways. First, the system
simulator is extended to model both stationary storage and EVs.
Second, the operation policy tells the simulator how to operate
both storage elements.

Specifically, at each simulation step, if the EV trace indicates that
an EV is available, then, depending on the operation policy and
whether the EV is uni- or bi-directional, the appropriate storage
element is charged or discharged. For example, if the operation
policy is N-U, there is excess PV generation over home load and
the EV is not yet fully charged, the simulator would charge the EV
from PV. By extending the simulator in this way, the remainder
of the prior sizing algorithm proceeds without change, allowing
us to convert a sizing algorithm into a joint sizing and operation
algorithm that is also EV-aware. Moreover, it allows us to identify
the sizing and operation policy combination that minimises cost
while best satisfying user requirements. This approach ensures that
each homeowner can select the operation policy and size of com-
ponents that best matches their lifestyle. Indeed, the connectivity
type of the EV, the WFH frequency and the user’s sensitivity level
to the SOC level at departure times heavily affect the final cost of
the system, as demonstrated in Section 5.

4.5 Operation policies

An operation policy is used to decide when, at what rate, and the
energy source (PV or grid) to use to charge either the stationary
storage or the EV. Symmetrically, it decides when, at what rate, and
the load to meet when discharging either the stationary storage
or a bi-directional EV. Although the space of operation policies is
infinite, in this work, we identify three plausible expert-designed
operation policies: Naive, Solar-Only, and Solar+Grid (fully defined
in Figure 3 and sketched below). These represent a spectrum of
strategies ranging from the conventional, unoptimised approach
prevalent among current users (Naive), through a strategy focused
solely on maximising solar energy utilisation, even a the cost of not
fully charging an EV (Solar-Only), to a balanced approach that seeks
to optimise solar usage while ensuring a high SOC at departure
times (Solar+Grid). Each paradigm applies to both unidirectional
and bidirectional EVs, with the primary difference being the method-
ology of EV charging and discharging?. Importantly, the policies
assume that all charging or discharging activities occur only when
the EV is present at home.

The choice among these three paradigms depends on the user’s
preference and tolerance for uncertainty in their EV’s SOC at de-
parture times. Users must weigh their need for assurance of a
fully charged EV against the potential for increased efficiency and
reduced energy costs offered by the Solar-Only and Solar+Grid
paradigms. This trade-off is similar to the one in Reference [10] ,
although in their work the goal is to flatten building load by con-
trolling the times of EV charging.

2If EV battery degradation costs per charge/discharge cycle are significantly higher
than for stationary batteries, then the operation policy should preferentially use
stationary batteries for storing and discharging PV, relying on the EV only when the
stationary battery became full/empty, since this would reduce operating costs. We do
not consider this policy further in this paper.
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4.5.1 The Naive Operation Policy (N-U & N-B). The Naive para-
digm prioritises keeping the EV as fully charged as possible, with
the assumption that a departure will be known only one hour in
advance. Thus, in the unidirectional Naive (N-U) policy, the EV is
charged as soon as it arrives home and never discharged. In the
bidirectional Naive (N-B) scenario, the EV is only discharged if the
stationary battery is empty and a departure won’t happen for the
next hour. This reduces grid usage when possible. In both cases,
charging is preferably from solar energy when it is available, and if
not, then from the stationary battery, and lastly from the grid, if
required.

4.5.2  SO: The Solar-Only Operation Policy (SO-U & SO-B). The
Solar-Only paradigm uses only surplus solar energy for EV charg-
ing, and never uses the stationary battery or the grid. In the unidi-
rectional Solar-Only (SO-U) model, the EV is charged exclusively
with remaining solar energy after domestic loads are satisfied. This
approach offers no guarantees about the SOC at the next planned
departure time. The bidirectional Solar-Only (SO-B) method sim-
ilarly prioritises solar energy for EV charging but also allows for
the use of the EV battery for discharging when the stationary bat-
tery’s reserves are exhausted. Unlike N-B and SG-B, the SO-B policy
doesn’t consider impending departures.

4.5.3 SG: The Solar+Grid Operation Policy (SG-U & SG-B). The
Solar+Grid approach aims to maximise solar energy usage while
ensuring high SOC levels for the EV by the next departure. This
strategy broadly involves initially using available solar power for
EV charging and, if necessary, supplementing it with energy from
the stationary battery and grid to reach high SOC levels at expected
departure times. In unidirectional systems (SG-U), excess solar
energy is first directed to charge the EV, followed by the stationary
battery if the EV is fully charged. In bidirectional systems (SG-B),
the stationary battery is discharged first for load requirements, with
EV discharge occurring only if the stationary battery is depleted
and the EV does not need immediate charging due to an upcoming
departure.

In summary, these paradigms offer a nuanced spectrum of EV
charging strategies within HESs, allowing users to align their charg-
ing preferences with specific efficiency, reliability, and energy opti-
misation goals.

Figure 3 precisely defines the operation policies. The key distinc-
tion among them is the handling of the variable Le,(t), which is
the EV charging load necessary to meet the departure SOC require-
ment. In the Naive paradigm, Le, () is determined at each time
step t to represent the maximum feasible charging capacity for the
EV battery. Conversely, in the Solar-Only approach, Ley(t) consis-
tently remains at 0 across all time steps. In contrast, the Solar+Grid
policy allocates a non-zero value to Le, (¢) only when the EV’s next
departure is imminent and it has not yet achieved full charge.

5 EVALUATION

This section presents our experimental results, illustrates how
SOPEVS can be used and demonstrates the impact of different
user lifestyles and user preferences on the optimal design of PV-EV
integrated HESs.
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Figure 3: General power management logic that all operation policies adhere to, with variations in the value of L., (t) according
to the specific paradigm. The grey-shaded boxes denote steps relevant to HESs equipped with bidirectional EVs; these steps are

bypassed in scenarios featuring only unidirectional EVs.

5.1 Experimental Data

SOPEVS assumes the availability of representative residential load,
solar, and EV usage traces. These three data sources allow us to
compute an energy system sizing that would be optimal for the
given data and is robust to small variations in the inputs.

To evaluate SOPEVS and investigate the impact of various user-
related parameters on the sizing of energy systems in a post-COVID
world, we have modeled a realistic user setting in Austin, Texas.
For the residential building load and corresponding solar traces,
we use four years of data from twenty representative households
from the Pecan Street Dataport dataset [1], rather than PVWatts.
We select n samples from these input traces. To model EV users
with different WFH frequencies and car usage patterns, we used the
synthetic data generator presented in [9] to obtain representative
EV drive cycles for the three most common WFH types: T1 users
who commute to work with their EV on every weekday, T2 users
who WFH on three days of the week and commute to work on the
other two weekdays, and T3 users who always WFH.

While SOPEVS can be used to determine the optimal HES design
of houses with multiple roof segments, we conducted the evaluation
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on single-roof homes, as the changes to the underlying simulator
are identical.

In our experimental setup, we assume a marginal cost of 1250$/kW
for each solar panel [38] and a battery cost of 460$/kWh, similar to
the current cost of the Powerwall [34], accounting for tax credits.

We evaluate our algorithm on a confidence level of y = 0.85,
meaning that we expect the computed sizing to miss the target 0 at
most 15% of the time. This assumption is realistic, as we don’t want
to oversize our system for a few outlier load peaks in the input
datasets.

Additionally, we assume a maximum roof segment solar panel
capacity of 20kW and a maximum stationary storage capacity of
40kWh.

Furthermore, we use a sample size of T = 100 days. Our baseline
target for the ratio of unmet load is = 0.5, meaning that we aim to
cover at least 50% of the household’s energy consumption through
solar energy. Moreover, each simulation scenario starts with an
empty stationary battery.

We use a Nissan Leaf with a battery size of 40 kWh [13] in
our experiments. Moreover, we assume a charging and discharging
efficiency of 93% [36]. We choose an upper and lower energy content
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limit of 80% and 20% respectively. This is done to avoid the increased
wear on the battery that occurs when the cell energy content is at
upper or lower extremes of the storage capacity.

As in Reference [10], the maximum at-home charging and dis-
charging rate of the EV is set to 7.4 KW, which is common for
Level-2 residential chargers.

We conduct the evaluation for all operation policies that are
defined in 4.5.

5.2 Results

We study the impact of various factors on the optimal design of
PV-EV integrated HESs: the choice between uni- and bidirectional
EVs, the choice of the operation policy, the frequency of WFH and
the desired level of grid independence.

The four main results of our experimentation with SOPEVS can
be summarised as follows:

(1) Using bidirectional EVs achieves significant efficiency gains
and cost reductions, particularly when coupled with a well-
chosen operation policy, see Section 5.2.1.

(2) In the case of unidirectional electric vehicles, the adoption of
a HEMS operation policy that optimises solar energy utilisa-
tion, coupled with a sufficient level of WFH, reduces overall
costs, see Section 5.2.2.

(3) Across all results, we can see that working from home re-
duces both capital and operational costs, see Section 5.2.3.

(4) A high level of WFH and the SG-B policy leads to the very
promising conclusion that the purchase of bidirectional EV
dispenses with the need for additional home storage, see
Section 5.2.4.
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Figure 4: Battery sizes required by different operation poli-
cies and WFH types for 0 = 0.5.

5.2.1 The promise of bidirectional EVs . Figure 4 shows that users
with bidirectional EVs and optimised operation policies (SO-B and
SG-B) require much smaller stationary batteries compared to unidi-
rectional EV users, with bidirectional EVs achieving up to an 80%
decrease in the required stationary battery size. We also see that
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the required stationary battery capacity for N-B users is roughly
the same as for all homeowners with unidirectional EVs, proving
that it does not pay off to purchase a bidirectional EV when using
a naive operation policy.

Bidirectional EVs can entirely eliminate the need for stationary
batteries in some cases, as can be seen in Table 5. For instance,
homeowners looking to meet at most 80% of their electricity load
from the grid, can neglect the stationary battery if they implement
the SG-B policy. Similarly, a homeowner looking to meet at most
50% of their electricity load from the grid, can neglect the stationary
battery if they use the SO-B policy. Clearly, using SO-B leads to the
highest cost savings across all WFH frequencies and levels of 0 (see
Table 9 and Table 10). This is mainly due to the significant decrease
in stationary battery needs. Nevertheless, SG-B also achieves sig-
nificant cost reductions, between 12% and 45%, with higher savings
achieved for higher WFH frequencies and higher grid independence
levels.

While the SO-B policy achieves the lowest overall costs across
all WFH types, it is not optimal if the user is sensitive to the SOC at
departure, as can be seen in Figure 5 and Table 4: the average SOC
at departure for SO-B is much lower than that for the other policies,
with 15.7 kWh being far less than the SOC goal of 32 kWh (80% of
the total battery capacity). This trend is even worse for users who
work more from home, see Figure 6 and Figure 7 for T2 and T3
users. Table 4 also shows that the probability of missing the SOC
target of 32 kWh by over 30% or even by over 50% is quite high for
SO-B across all WFH types. It is unlikely that most homeowners
will be comfortable with this risk level, even if SO-B leads to the
highest overall cost decrease among all operation policies.

Interestingly, Figure 5 shows that the SG-B operation policy
achieves a relatively high average SOC on departure, with 30.5
kWh on average for T1 users and even higher results for T2 (30.97
kWh, see Figure 6) and T3 users (31.04 kWh, see Figure 7). In addi-
tion, using SG-B leads to a very low, almost negligible, probability
of falling below 30% of the SOC goal, as can be seen in Table 4,
making it a safe operation policy choice for most homeowners.
Moreover, Figure 4 proves that SG-B still achieves competitive re-
sults, especially for T2 and T3 users. As a result, SG-B provides the
advantage of maintaining a relatively high SOC of the EV at the
departure time, while still achieving significant cost reductions.

Table 4: Probabilities that the average SOC misses the target
SOC value by more than 30% and more than 50% for T1 users.

HEMS | WFH | > 30% SOC deficit | > 50% SOC deficit
SG-B T1 0.05 0.03
SO-B T1 0.67 0.41
SG-B T2 0.03 0.01
SO-B T2 0.83 0.69
SG-B T3 0.03 0.01
SO-B T3 0.78 0.60

5.2.2 Optimising HESs with unidirectional EVs . We now study how
to reduce costs even in HESs that only have access to unidirectional
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Figure 5: Average SOC at departure from home for T1 com-
muters and the different operation policies.

EVs, which is still the standard nowadays. Figure 4 shows that some
battery capacity reductions of about 2kWh are achievable through
the use of SG-U or SO-U. This shows that optimising the operation
policy for unidirectional EVs leads to efficiency gains, but that they
are, by far, not as significant as with bidirectional EVs.

Still, it is advisable for unidirectional EV users to use the SG-
U or even the SO-U policies in their HEMS, as they never reach
dangerously low SOC levels around departure times, with their
probability of missing the target SOC by more than 30% being 0.0.
Moreover, the average SOC on departure for the SG-U and SO-U
policies (31.91 kWh and 30.11 kWh respectively for T1, see Figure 5)
is very close to the desired SOC level of 32 kWh. The surprising
result for SO-U in Figure 5 underlines that even homeowners who
commute to work every day can still reach high enough SOC levels
by charging their EV only from solar energy, at least in this study
setting.

Additionally, Table 5 demonstrates that using the SO-U operation
policy can lead to important savings, ranging from 8% to 31% and
depending on the desired level of grid independence and the WFH
type, with higher results achieved for higher commute levels, see
Table 9 and Table 10.

Thus, homeowners with unidirectional EVs who WFH on some
days and use the SO-U paradigm in their HEMS can achieve signifi-
cant cost reductions. This is especially true for users who commute
more (T1). We, therefore, encourage typical EV commuters to use
the SO-U policy in their HEMS systems and to consider increasing
their WFH frequency to achieve significant cost reductions.

5.2.3 The benefits of WFH . We now demonstrate that it pays
off to work from home for two to three days each week. In fact,
Figure 4 displays a significant reduction in the required battery
capacity if a user switches from a T1 to a T2 WFH lifestyle, this
jump is especially important for homeowners with a SG-B system,
with a battery capacity reduction of more than 60%. Conversely,
increasing the WFH frequency from three WFH days (T2) to a full
WFH mode (T3) does not lead to any significant savings, as these
two types have very similar stationary battery requirements across
the different operation policies. Moreover, even if a T1 homeowner
does not optimise their HEMS at all and uses the N-U policy, they
can already achieve a 10% system cost reduction only by increasing
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0 | HEMS | PV (kW) | Battery (kWh) | Cost ($) | Savings
N-U 2.25 2.94 4162 Baseline
SG-U 2.27 2.47 3978 -4%
0.8 SO-U 1.77 1.44 2875 -31%
N-B 2.25 2.82 4117 -1%
SG-B 1.89 1.16 2901 -30%
SO-B 0.77 0.04 976 -77%
N-U 4.60 12.06 11297 | Baseline
SG-U 456 11.78 11120 2%
05 SO-U 4.11 10.06 9763 -14%
N-B 4.62 11.98 11283 -0%
SG-B 4.46 7.21 8904 -21%
SO-B 1.61 0.99 1982 -83%
N-U 7.82 26.76 22095 Baseline
SG-U 7.70 26.61 21862 -1%
0.2 SO-U 7.23 24.67 20393 -8%
N-B 7.75 26.67 21962 -0.6%
SG-B 7.54 22.06 19575 -12%
SO-B 3.69 5.73 7257 -67%

Table 5: Sizing results obtained with SOPEVS for different
0 values and operation policies for WFH T1 users, with the
cost decrease compared to the baseline operation policy N-U.

their WFH frequency, and even more important savings if they
optimise their operation policy, as can be seen in Table 6.

WFH | HEMS | PV | Battery | Cost | Savings
(kW) | (kWh) | ($)

N-U 4.60 12.06 11297 | Baseline
SG-U 4.56 11.78 11120 -2%

T1 SO-U 4.11 10.06 9763 -14%
N-B 4.62 11.98 11283 -0%
SG-B 4.46 7.21 8904 -21%
SO-B 1.61 0.99 1982 -83%
N-U 4.29 10.57 10222 -10%
SG-U 4.23 10.28 10018 -12%

T SO-U 4.14 10.29 9905 -13%
N-B 4.30 10.41 10169 -10%
SG-B 4.16 2.55 6373 -44%
SO-B 1.68 2.49 3242 -72%
N-U 4.09 10.09 9762 -14 %
SG-U | 4.08 10.03 9716 -14%

T3 SO-U 4.03 10.14 9697 -14%
N-B 4.05 9.81 9580 -15%
SG-B 3.62 2.15 5515 -51%
SO-B 3.07 2.23 4858 -57%

Table 6: Sizing results obtained with SOPEVS for different
WFH types and operation policies for § = 0.5 and cost de-
crease compared to the baseline case of N-U & T1.
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WFH | HEMS | EV_ ¢ | EV_d | Stat ¢ | Stat d
N-U 1.5 0 5.4 3.9
SG-U 1.3 0 4.2 2.5
T1 SO-U 0.1 0 4.1 2.5
N-B 2.8 14 5.4 3.9
SG-B 6.5 3.0 3.0 1.8
SO-B 0.1 4.0 0.1 0.1
N-U 0.4 0 4.5 3.0
SG-U 0.3 0 4.2 2.5
T2 SO-U 0.2 0 4.1 2.5
N-B 1.8 1.6 4.5 2.9
SG-B 7.4 4.1 0.6 0.3
SO-B 0.6 3.7 0.1 0.1
N-U 0.1 0 4.1 2.6
SG-U 0.1 0 4.1 2.6
3 SO-U 0.1 0 4.1 2.6
N-B 1.6 1.8 4.1 2.5
SG-B 5.5 3.5 0.2 0.1
SO-B 3.3 3.1 0.1 0.1

Table 7: Average daily number of kWh charged and dis-
charged in the EV and stationary batteries (rounded to one
decimal place).

5.24 The powerful synergy of WFH and SG-B . Lastly, we empha-
size that a combination of some degree of WFH with the use of
bidirectional EVs can lead to very promising efficiency gains. Table 6
displays the savings that can be achieved by choosing an optimised
operation policy and increasing the WFH level compared to the
typical T1 user who uses the N-U policy. For instance, working from
home and using the SG-B policy can reduce the required stationary
battery size by a factor of 5 and therefore reduce the total system
cost by 44%. Even higher savings (up to 72%) can be achieved by
using the SO-B policy or by further increasing the WFH frequency,
but the additional savings obtained from only working from home
are not as significant. Additionally, using the SO-B policy comes
with a high risk of low SOC levels, as we have seen in Table 4 and
Figure 5.

Moreover, Table 7 illustrates that the average quantity of kWh
discharged from the EV battery represents only a small fraction
of its total capacity and does therefore not substantially accelerate
battery degradation [41][40][19].

Thus, we recommend two to three WFH days (T2) and the use
of the SG-B as an optimal combination, as this guarantees high EV
battery SOC levels on departure times, while still achieving a cost
reduction of more than 40%.

Table 5, Table 9 and Table 10 demonstrate that all cost reduction
trends are visible across all choices of 8 and thus do not dependent
on the desired level of grid independence. More grid independence
generally just results in higher stationary battery capacity require-
ments. It is also the variation in the stationary battery size that
lies behind most of the cost savings that can be achieved by more
optimised operation policies (SG-B, SO-U), as the recommended PV
size stays relatively stable across policies for a chosen level of 6.
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Conclusively, we find that there are many opportunities for dif-
ferent homeowners to improve their HES designs by choosing their
right combination of WFH level and operation policy.

6 CONCLUSION

We introduce SOPEVS, a novel framework for the joint sizing and
operation of PV-EV-integrated domestic HESs. Extending a prior
algorithm for solar and storage sizing to account both for EVs and
differing operation policies, we used a data-driven and simulation-
based approach to study the synergy between working from home
and bidirectional EVs in energy system sizing and operation, which
we believe to be novel. We find that working from home tends to
reduce system cost and that when combined with an optimised
bidirectional operation policy, it can entirely dispense of station-
ary storage. We also find that configuring a HEMS to maximise
charging through solar energy can achieve savings of up to 80%
on total system expenditure, depending on the desired level of grid
independence and the preferred SOC of EV at the time of departure.

Our work highlights the importance of personalising sizing and
operation to account for variables such as work from home fre-
quency, commute distance, and user preferences, which is absent
from prior work. We find that optimal microgrid design requires a
nuanced approach, factoring in individual lifestyles and preferences
to maximise benefits.

While our work has its limitations, such as the reliance on pre-
defined operation strategies, our findings, we believe, pave the way
for more sustainable, efficient, and personalised residential energy
systems. Key research areas that would significantly augment this
study include examining time-dependent grid independence and
integrating grid tariffs into the optimisation process. These topics
present valuable directions for future research.
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Table 8: Experimental Parameters Used

Parameter | Value Description
alglope 0.1920 Lower energy limit function.
a2glope -0.4865 Upper energy limit function.
e 0.9942 Charging efficiency of the stationary
stationary battery.
nd 1/0.9 Discharging efficiency of the
stationary battery.
Vhom,c 3.8793 Nominal voltage during charging of the
stationary battery
Vhom,d 3.5967 | Nominal voltage during discharging of the
stationary battery
n 100 Number of samples.
Ty 1h Time unit.
U 0 Initial energy state of the stationary battery.
ney 0.935 Charging efficiency of the EV battery
q;" 0.935 Discharging efficiency of the EV battery.
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SOPEVS: Sizing and Operation of PV-EV-Integrated Modern Homes
0 | HEMS | PV (kW) | Battery (kWh) | Cost ($) | Savings
N-U 1.96 1.77 3270 Baseline
SG-U 1.91 1.48 3076 -6%
0.8 SO-U 1.78 1.44 2893 -12%
N-B 1.95 1.66 3209 -2%
SG-B 1.69 1.01 2575 -21%
SO-B 0.73 0.20 1010 -69%
N-U 4.29 10.57 10222 | Baseline
SG-U 4.23 10.28 10018 -2%
05 SO-U 4.14 10.29 9905 -3%
N-B 4.30 10.41 10169 -1%
SG-B 4.16 2.55 6373 -38%
SO-B 1.68 2.49 3242 -68%
N-U 7.38 25.26 20848 Baseline
SG-U 7.32 24.93 20631 -1%
0.2 SO-U 7.29 24.83 20540 -1.5%
N-B 7.29 25.20 20718 -0.6%
SG-B 7.49 12.61 15172 -27%
SO-B 4.77 5.97 8717 -58%

Table 9: Sizing results obtained with SOPEVS for different
0 values and operation policies for WFH T2 users and cost
decrease compared to N-U.

6 | HEMS | PV (kW) | Battery (kWh) | Cost ($) | Savings
N-U 1.77 1.51 2912 Baseline
SG-U 1.74 1.52 2875 -1%
0.8 SO-U 1.73 1.51 2862 -2%
N-B 1.76 1.40 2844 -2%
SG-B 1.53 1.03 2388 -18%
SO-B 0.97 1.30 1810 -38%
N-U 4.09 10.09 9762 Baseline
SG-U 4.08 10.03 9716 -0%
05 SO-U 4.03 10.14 9697 -1%
N-B 4.05 9.81 9580 -2%
SG-B 3.62 2.15 5515 -44%
SO-B 3.07 2.23 4858 -50%
N-U 7.15 24.92 20405 Baseline
SG-U 7.19 24.53 20274 -0.6%
0.2 SO-U 7.14 24.83 20358 -0.2%
N-B 7.21 24.24 20175 -1%
SG-B 6.73 5.92 11141 -45%
SO-B 6.12 5.47 10168 -50%

Table 10: Sizing results obtained with SOPEVS for different
0 values and operation policies for WFH T3 users and cost
decrease compared to N-U.
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Figure 6: Average SOC at departure from home for T2 com-
muters and the different operation policies.
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muters and the different operation policies.
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