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Grid planning by using a synthetic grid model
With the integration of EVs
Anton Corneliusson
Department of Earth, Space and Environment
Chalmers University of Technology

Abstract
The increasing integration of electric vehicles (EVs) presents new challenges for
low voltage (LV) local and distribution grids. This thesis evaluates the impact of
widespread residential EV charging by comparing real grid data from the Swedish
distribution system operator (DSO) Ellevio with estimates from the synthetic
Reference Electricity Grid Analysis (REGAL) model. Focusing on three residential-
dominated areas under a scenario of 100% EV penetration, the study assesses peak
load increases and substation utilization using measured grid data and real EV
charging profiles. The model’s accuracy is evaluated through parameter
comparisons. Results indicate that peak loads may increase by up to 40%, with
REGAL generally overestimating demand. While the model proves useful for early-
stage planning in predominantly residential areas, its applicability diminishes in
areas with significant commercial loads. The study highlights the importance of
aligning synthetic models with local conditions as EV adoption accelerates.

Keywords: EVs, LV grids, REGAL, Grid planning, Load forecasting, Residential
charging, Load Analysis
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AC Alternating Current
BEV Battery Electric Vehicle
DC Direct Current
DER Distributed Energy Resources
DSO Distribution System Operator
Ei Energimarknadsinspektionen
EU European Union
EV Electric Vehicle
HC Hosting Capacity
IBR Inverter Based resources
LV Low Voltage
MAPE Mean Average Percentage Error
MV Medium voltage
PHEV Plug-in Hybrid Electric Vehicle
PV Photo Voltaic
REGAL Reference Electricity Grid Analysis
SCC Short-circuit capacity
SOC State of Charge
Svk Svenska Kraftnät
THD Total Harmonic Distortion
V2G Vehicle-to-grid
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Nomenclature

Below is the nomenclature of indices, sets, Source or Models, parameters, and
variables that have been used throughout this thesis.

Indices

c Index for EV charging profile
h Index for the harmonic order
i Index for customer number
j Index for substation number
m Index for cell number
n Index for iteration number
t Index for time step

Sets

Cj Set of selected EV profiles at substation j

com Set of commercial customers
res Set of residential customers
tot Set of all/total customers

Source or Models

Ellevio Refers to real measured data from the DSO
REGAL Refers to the estimated data from the synthetic grid model

Parameters
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a, b, c Denotes the three phases
E Active energy consumption measured in kWh
J Number of substations
M Number of cells
N Number of iterations or amount of a quantity
P Active power consumption measured in kWh/h
S Substation capacity measured in kVA
U Denotes the voltage, measured in V
∆ Denotes the percentage change
µ Denotes the mean value or share
σ Denotes the standard deviation
MAPE Denotes the deviation measured in %
THD Denotes the total harmonic distortion [-]

Variables

Eres,year,j Annual active energy consumption at substation j

k1/2 Velander constant 1 or 2
kEst

1/2,n Estimated Velander constant at iteration n

Ncom,j Number of commercial customers at substation j

NEV,j Estimated amount of EVs connected to substation j

NREGAL
EV Total number of estimated EVs

NREGAL
EV,m Estimated number of EVs in cell m

N ratio
EV,res Estimated amount of EVs per residential customer

Nres,j Number of residential customers at substation j

NREGAL
res Total number of estimated residential customer

NREGAL
res,m Estimated number of residential customers in cell m

P EV
c (t) Active power consumption for the EV charging profile c at time t

Pcom,j(t) Active commercial power consumption at time t

Pi,j(t) Active power consumption for customer i connected to substation
j at time t

P max,EV
j,n Active peak power at substation j at iteration n with EV integra-

tion
P max,No EV

j,n Active peak power at substation j at iteration n without EV inte-
gration
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P max
REGAL Aggregated estimated peak load

P max
REGAL,m Estimated peak load in cell m

Pres,j(t) Active residential power consumption at time t

P EV
res,j(t) Active residential power consumption at time t with EV integration

P max
res/tot Aggregated peak load, either residential or total depending on con-

text
Ptot,j(t) Active total power consumption at time t

P EV
tot,j(t) Active total power consumption at time t with EV integration

SEllevio
j Rated capacity for substation j

SEllevio
res Total residential capacity

SREGAL
res Total estimated residential capacity

SREGAL
res,m Estimated transformer capacity in cell m

Ua,b,c Voltage at phase a, b, c

Uavg Average voltage U

Uh Denotes the voltage amplitude at harmonic order h

∆Pj,n Active power peak change at substation j at iteration n

µ∆P,n Mean value of active power peak change at iteration n

µres,j Residential capacity share at substation j

µ∆P Global mean value of active power change
µk1,2 Global mean value of the Velander constants k1 and k2

σ∆P,n Mean value of active power peak change at iteration n

σ∆P Global standard deviation of active power change
σk1,2 Global standard deviation of the Velander constants k1 and k2

MAPEP Percentage deviation of peak load
MAPES Percentage deviation of capacity
THDU Denotes the total harmonic distortion for voltage U

V UF Denotes the voltage unbalance factor [-]
year Set of all hours over a year
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1
Introduction

1.1 Background

The transportation sector is a major contributor to greenhouse gas emissions, and
one key strategy to reduce these emissions is the adoption of electric vehicles (EVs)
[1]. In Europe, transportation accounted for 25% of total greenhouse gas emissions,
with 70% of that coming directly from transportation on the road. In 2021, the
European Union (EU) introduced the "Fit for 55" proposal, a key milestone aimed
at making Europe climate-neutral by 2050 and ensuring that all new cars sold by
2035 are zero-emission [2]. Electric vehicles (EVs), including plug-in hybrid electric
vehicles (PHEV), battery electric vehicles (BEV), and other vehicles with electric
charging capability, accounted for 13% of the total vehicle fleet in Sweden, with their
number increasing by 18% in 2023. In contrast, EVs represented only 3.9% of the
vehicle fleet across the rest of Europe [3, 4]. As the number of EVs increases, studies
show that their charging adds load to residential and distribution grids, potentially
impacting rated power, causing voltage variations, injecting harmonics, and creating
other power quality issues at the connection point [1, 5].

The Reference Electricity Grid Analysis (REGAL) model consists of a synthetic low-
voltage grid designed to meet the national grid requirements in Sweden, with high
geographical resolution. It supports the integration of various load types, including
average load profiles for households, apartments and EVs. The REGAL model
consists of grid cells, each measuring an area of 1 km2, with a total of approximately
105.000 cells. The longest cable is used to estimate the largest voltage drop both
with and without EV integration, as the lowest voltage in the network is assumed
to occur at the end of the longest cable, not necessarily where the load is highest.
The purpose of the REGAL model is to estimate the needed hosting capacity for
each grid cell, based on the residential demand [6].

Ellevio is one of the largest grid owners in Sweden, that owns the electricity grid in
seven different counties in Sweden. Ellevio also provides electricity network services,
connections for wind and solar power plants and solutions for charging EVs. Ellevios
grid is 83.6 thousand kilometres long and delivered 24.2 TWh in 2023 of electricity
through their grid. Ellevios have almost 1 million costumers where 86 % of them
are households [7].
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1. Introduction

1.2 Literature review

A significant body of research has explored the impact of EV charging on the LV
grid, primarily using theoretical or simulation-based approaches. These studies
often rely on statistical models, synthetic load profiles or scenario-based simulation
to estimate the consequences of rising EV penetration on transformer ageing, cable
and transformer loading, and voltage and frequency stability. Several notable
examples from the literature are outlined below:

In Barros et al. [8], the authors analysed the transformer ageing factor for various
EV penetration levels during summer and winter. A probabilistic framework based
on Monte Carlo simulation to evaluated to estimate the transformer’s hottest-spot
temperature and corresponding ageing factor. The study utilized real residential
demand data obtained from grid measurements, along with EV charging profiles
derived from several UK-based projects. The result indicated that during summer, a
50% penetration level of long-ranged EVs led to an ageing factor of 5.2. This means
that the transformer aged 5.2 times higher under normal operations, for example,
1 h of operation correspond to 5.2 h of ageing. Similarly, findings were reported by
Jain et al. [9], who showed that increasing EV penetration significantly reduced the
transformer’s lifespan. However, with the implementation of a reactive power
controller and compensation strategies, transformer ageing was improved, resulting
in a lifespan extension of nearly 50%. This suggests that performance improvements
can be achieved through control-based solutions without requiring substantial
infrastructure upgrades.

In Polat et al. [10], the authors analysed the impact of EV charging in residen-
tial LV grids, focusing on voltage drops, transformer overloading, power losses and
voltage unbalances. The study created 1000 simulated charging profiles based on
statistical models, based on arrival and departure times corresponding to typical
work hours. Three scenarios of EV penetration, 10%, 30% and 50%, were analysed
using load flow analysis performed with forward-backward sweeping methods. The
load flow analyses evaluated the LV grid’s performance in terms of losses, loadings
and voltage magnitudes. The findings revealed that with a 50% EV penetration,
the probability of voltage violations increases by 25%. However, the probability of
transformer overloading only increased by 8.5%.

In Aguilar et al. [11], the authors investigated the impact of EV charging stations
on the distribution transformers and feeders within the electrical grid at California
State University Northridge. The study evaluated both residential and commercial
EV charging using a detailed simulation model, with various scenarios with
different penetration levels and charging strategies assumed to draw 10 kW. The
result showed that with 10% EV penetration, two lines and one transformer
experienced overloading at peak hours. At 25% the stress increased significantly,
with 18 lines and three transformers exceeding their transformer capacity. These
findings highlight the challenges a relatively small penetration of EV adoption can
impose.
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1. Introduction

In Zaferanlouei et al. [12], a Norwegian case study presented in, the authors
analysed a small section of the distribution grid with roughly 860 customers
connected to 32 medium-low voltage transformers rated at 22/0.23 kV. The study
used the total active and reactive power consumption data for the area, with
individual customer loads where estimated based on the total power share for each
transformer. EV charging profiles were synthetically created based on the mean and
standard deviation of the daily driving distance, arrival and departure time, also
different types of charger power ratings. The impact of various charging
strategies such as uncontrolled and smart charging, was evaluated. The analysis
included voltage drop at roughly 1000 nodes and the load of both cables and
transformers. Resulted showed that with uncontrolled charging the power flow
exceeded both the cable and transformer capacities, also the voltage drop exceeded
grid requirements. However, When smart charging was implemented with grid
constraints, neither cables nor transformer capacities were exceeded, and the voltage
level remained within acceptable limits.

In Kerdphol et al. [13]. The authors propose a synthetic inertia method using
Vehicle-to-grid (V2G) technology via bidirectional chargers, enabling EVs to
contribute to grid stability while maintaining a battery state of charge (SOC) above
80%. The approach involves the implementation of a centralised control system to
coordinate and regulate the support of synthetic inertia in real-time. The results
indicate that V2G-enabled EVs can provide immediate synthetic inertia during
disturbance, effectively counteracting load fluctuations and variability from
renewable energy resources. The study demonstrates that system frequency can be
maintained within acceptable limits, highlighting V2G as promising for enhancing
frequency stability in renewable-dominated power systems.

In Hungbo et al. [14], the authors evaluated the impact of EVs in LV grids using
a probabilistic framework derived based on real EV charging data. Monte Carlo
simulations were used to evaluate two grid models: one without photovoltaic (PV)
integration and one with PV generation. The results indicate that, without PVs,
transformer loading increased by 20% under high EV penetration. However, when
V2G was implemented the increase in transformer loading was limited to only 1%,
highlighting its potential for load balancing. Additionally, the inclusion of PV
generation reduced transformer loading by 24%, demonstrating the beneficial
impact of PVs in reducing grid stress associated with EV adoption.

In Chandra et al. [15]. The authors investigated the optimal solar-powered EV
charging stations within radial networks, with the primary objective of minimizing
cost. The study evaluated three charging strategies: direct charging, smart
charging and smart V2G. The analysis focused on maintaining voltage stability
within acceptable limits and evaluating the impact of the charging methods on
transformer ageing and power losses. The results demonstrated that smart charging
and V2G methods reduced power losses by approximately 14% and 22%, compared
to direct charging. Furthermore, the transformer ageing factor was reduced by nearly
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1. Introduction

12% with the implementation of smart V2G, suggesting a potential
extension of transformer lifespan. Additionally, the V2G strategy contributed to
improved voltage stability at critical buses by reducing dips.

1.3 Aim
This thesis aims to evaluate the impact of increasing electrification of the passenger
car fleet on the existing LV grid by comparing the synthetic REGAL model to real
grid data provided by Ellevio. The study focuses on a 100% EV penetration
scenario to evaluate how residential EV charging affects the local grid performance
and whether the substation limits are exceeded. Furthermore, the accuracy and
applicability of the REGAL model are evaluated. Unlike previous studies that
primarily rely on simulations and or statistics, this thesis integrates real load
measurements and EV charging data to provide a more realistic analysis and data-
driven analysis of grid performance under widespread EV penetrations.

Based on the overall aim of the thesis, the following research questions have been
expressed:

1. Can the REGAL model be used for grid planning in Ellevio’s grid, and If so,
under what conditions?

2. To what extent is the REGAL model’s estimated peak power demand
accurate in areas with a predominately residential share, and how is this
accuracy influenced by customer composition, electric vehicle ownership and
residential density?

3. How does 100% EV penetration influence EV grid loading, as evaluated from
two perspectives: (i) the calculated increase in peak load, and (ii) the
comparison between calculated peak loads and peak demands estimated by
Velander’s formula?

1.4 Limitations
The following limitations will be used in this project:

• The analysis is focused on LV grids, defined as grids with nominal voltage
levels of 0.4 kV.

• The focus is exclusively on residential EV charging.
• Only a small part of Ellevios grid will be used, where different amounts of EVs

per residential customer will be used for analyses. Where a few areas with
different population densities will be investigated.

• Only passenger cars are considered in the demand analysis, other types of
vehicles are excluded.

• Grid planning analysis is focused on evaluating power limitations in
substations, other aspects such as voltage quality or grid economics are not
considered.
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2
Theory

2.1 Grids
This section provides an overview of the Swedish grid structure, including the
necessary components. It will also discuss key topics such as grid requirements,
system strength, hosting capacity, and the integration of Distributed Energy
Resources (DERs).

2.1.1 Swedish grid structure
The Swedish grid is divided into three categories: the transmission grid, the regional
grid, and the local grid. The combination of the regional and local grids is referred
to as the distribution grid. The transmission grid can be compared to a highway,
where large amounts of energy are transferred with minimal losses. The regional
grid resembles the national road system, connecting different cities across the
country. The local grid functions like the road system within a city, distributing
energy to various consumers [16].

This section provides an overview of the different types of grids in Sweden, explaining
their structure, voltage levels, and roles in electricity distribution. It also introduces
the major electricity companies that operate within these networks.

• Transmission grid: The Swedish transmission grid operates at voltages
between 220 kV and 400 kV. Svenska Kraftnät (SvK) is the system operator
responsible for managing the transmission network and ensuring the balance
between electricity production and consumption. Electricity suppliers in
Sweden are legally required to provide enough power each hour to meet the
demand. To handle any imbalances between forecasted and actual
consumption or production, various balancing service providers adjust the
supply or demand. The transmission network is designed to transport
electricity efficiently over long distances while minimizing system losses [16].

• Regional grid: The regional grid typically operates at voltages between 30 kV
and 130 kV, connecting to the transmission grid, local grids, various production
facilities, and high-demand loads such as industries. The majority of the
regional grids or Distribution System operators (DSO) are owned by three
companies: E.ON Elnät Sverige, Vattenfall Eldistribution, and Ellevio [16].

• Local grid: The local grid typically operates at voltages between 0.4 kV and
20 kV. It is responsible for distributing electricity to end users such as

5



2. Theory

households, small businesses, and local services. In this context, voltages up to
1 kV are considered low voltage (LV), while voltages between 1 kV and 20 kV
fall under medium voltage (MV). The low voltage grid represents the final stage
of electricity distribution, typically connecting consumers through 230/400 V
systems. Additionally, small-scale electricity production such as photo voltaic
(PV) is also connected at this level [16].

• Electric companies: 170 different companies are related to the local and
regional grid, where the majority of the companies have a strong connection
to the municipality. The three biggest companies E.ON Elnät Sverige,
Vattenfall Eldistribution, and Ellevio, provide more than half of electricity to
the consumers [16].

• Concession Areas: Sweden’s electrical grid is divided into approximately
300 concession areas, each assigned to a grid operator. The grid operator
holds a monopoly and has the obligations to build, operate, maintain the
network and connect new customers. This means the grid operator is
responsible for planning and ensuring grid capacity, including adapting to
future needs. This framework is regulated by the Swedish Electricity Act
(1997:857) and supervised by Energimarknadsinspektionen (Ei) [17, 18].

2.1.2 Components in the grid
This part explains the different components of the electrical power grid and its main
applications.

• Substations are used to maintain the functions of transformers and minimize
losses. The key components are:

1. Transformers primary function in the electrical power grid is to adjust
AC voltage levels, either stepping up or stepping down, while
maintaining the same frequency and power balance. In particular,
distribution transformers step down the voltage to levels suitable for end-
users, such as commercial and residential loads [19].

2. Circuit breakers has the same function as a switch for the grid. During
faults or disturbances, the circuit breaker switches off and protects the
rest of the system, this can be done manually or automatically [20].

3. Relays are designed to measure quantities such as voltage and current to
detect unwanted conditions, such as overcurrent or overvoltage. When an
unwanted condition is detected, the circuit breaker is triggered to switch
off the circuit [20].

4. Busbars enable efficient power distribution by serving as central nodes
that connect multiple circuits with minimal losses. Typically made of
copper or aluminium, they enhance electrical reliability by reducing
resistance and improving conductivity. Commonly used in substations,
busbars support load management and streamline switching operations,
ensuring operational flexibility [21].

• Power lines and cables: There are multiple techniques to transport
electricity, the main techniques are: Overhead lines, underground cables and
sea cables. The choice of techniques has different purposes and consequences
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2. Theory

[22]. The conductors of the lines and cables are typically made of copper or
aluminium, both of which provide good electrical conductivity and mechanical
strength [23].

1. Overhead lines: The transmission grid primarily consists of overhead
lines. In the regional grid, they are used in open landscapes, but also
provide connection between different urban areas. To ensure reliable
operation, overhead lines are installed along line corridors, and strips
of land are cleared of tall vegetation to reduce the risk of interference.
In the local grid, such corridors do not exist, which increases the risk of
falling trees and weather-related disturbances. While Overhead lines are
cost-effective and relatively easy to maintain, they are more vulnerable to
damage and environmental factors and have a significant visual impact
on the landscape [24].

2. underground cables: In regional grids, underground cables are
generally not used over long distances due to technical limitations but can
be used over short distances, especially in densely populated areas where
overhead lines are impractical. In local grids, underground cables are
more common, particularly in urban areas, cities or forested areas where
falling trees can cause damage. The key advantages are the protection
from weather-related damages and improved aesthetics. However, they
involve installation costs and are more difficult and costly to maintain
[23, 25].

3. Submarine (Sea) cables: Sea cables share many of the advantages of
underground cables, particularly in terms of protection and durability.
They are primarily used to connect regions separated by bodies of water.
This cable is armoured to withstand mechanical stress and environmental
impacts, making it a reliable solution. The main drawback is that faults
can be time-consuming and costly to locate and repair [26].

2.1.3 Grid requirements
The Swedish grid follows multiple standards and requirements regarding voltage
magnitudes, frequency, and harmonic content. One of the most important standards
is EN 50160, which applies to low and medium-voltage grids. In this context, the LV
range refers to phase-to-phase voltages below 1 kV, while the MV range covers phase-
to-phase voltages between 1 kV and 35 kV. EN 50160 includes various definitions,
such as:

• Nominal voltage: The voltage at which the system is designed to operate.
• Voltage dip: A sudden drop in voltage to a value between 1% and 90% of

the nominal voltage, lasting between 10 ms and 1 min.
• Voltage interruption: When the voltage falls below 1% of the nominal

voltage; interruptions can be either accidental or prearranged.
• Harmonic voltage: A sinusoidal voltage with a frequency that is an integer

multiple of the fundamental frequency (50 Hz).
1. Individual: The relative voltage amplitude Uh related to the

fundamental voltage U1, where h is the order of the harmonic.
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2. Global: The total harmonic
distortion (THD) quantifies harmonic distortion in a voltage waveform
and is defined as:

THDU =

√∑∞
h=2 U2

h

U1
(2.1)

• Voltage unbalance: When the voltage magnitudes or the phase angles
between the three phases are not equal.

1. The average voltage can be calculated according to [27]:

Uavg = Ua + Ub + Uc

3 (2.2)

2. Where the voltage unbalanced factor (VUF) can be calculated according
to [27]:

V UF = |Ua,b,c − Uavg|max

Uavg

(2.3)

EN 50160 specifies limits on the number of voltage dips and interruptions allowed
per week or year, as well as the allowed harmonic content. Table 2.1 summarizes
the most important EN 50160 requirements that electrical suppliers must follow, to
ensure a consistent voltage and power quality for its end-users. However, while EN
50160 puts the minimum requirement for all European countries, TSOs or individual
countries may use stricter requirements to ensure a better voltage and power quality
[28].

Table 2.1: Requirements according to EN 50160

Parameter Description
Frequency ±1% (49.5 - 50 Hz) for 99.5% of the week.

Voltage magnitude variations ±10% of nominal voltage for 95% of the week.
Short interruptions Up to a few hundred per year

(lasting up to 3 minutes).
Long interruptions Fewer than 10 to 50 per year

(longer than 3 minutes).
Voltage unbalance Up to 2% for 95% of the week.
Harmonic content THD < 8% (see equation 2.1)
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2.1.4 System strength
The definition of system strength varies between industry and academic
institutions. In power systems, it is often synonymous with short-circuit capacity
(SCC). However, a more widely accepted definition is the system’s sensitivity of
voltage to changes in current and power flow. It can also be described as the stiffness
of voltage, similar to how inertia affects frequency deviations. There are multiple
definitions, but they all share a common theme: the sensitivity of the grid and its
response to various events, such as disturbances or changes in power and current
flow [29].

A weak grid is more susceptible to voltage instability, particularly in areas dominated
by inverter-based resources (IBRs). Low system strength in these grids increases the
risk of protection malfunctions, as decreased power quality can lead to challenges in
maintaining protection coordination and overall grid stability [29].

2.1.5 Hosting capacity
Hosting capacity (HC) refers to the maximum additional generation or load that can
be integrated into the existing grid without exceeding operational limits or causing
grid violations, such as voltage levels, thermal limits and power quality requirements
[30].

According to [31] a weak grid with low short-circuit current is more susceptible to
voltage oscillations, especially in areas with a high concentration of DERs. Changes
in production or load can cause noticeable voltage variations in such grids. As
DER penetration increases, the required system strength must also increase, as
the likelihood of DERs affecting voltage stability grows. As DER concentration
increases, it becomes more important to improve system strengths to ensure grid
stability. According to [32], it has been shown that as PV penetration increases
and hosting capacity is reached, voltage variations caused by PVs, a type of DER,
become more noticeable, potentially leading to voltage violations.

2.1.6 Distributed energy resources
Distributed Energy Resources (DERs) refer to a range of technologies connected to
the distribution grid. These include renewable generation systems like PV panels,
wind power, energy storage solutions such as batteries, and EVs. While there are
various definitions of DERs, their common goal is to reduce greenhouse gas emissions
and decentralize energy production. Additionally, new business models are being
explored in which prosumers, or consumers who both generate and consume energy,
are integrated into the grid, shifting away from traditional centralized production
to more distributed, flexible energy markets [33].
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Inverter-based resources (IBRs) are a subset of DERs that use inverters to connect
to the AC grid, converting DC to AC. These include Type 3 and Type 4 wind
turbines, solar PVs, and battery energy storage systems. The main differences
between IBRs and traditional power sources lie in their dependence on power
electronics, which makes them more sensitive and results in lower fault currents [34].

There are studies that show that Several studies highlight the potential benefits of
DERs. For example, they can reduce power losses [35], provide voltage support
during grid faults [36], and increase the hosting capacity of distribution networks
for PV integration [37]. However, other studies indicate that DERs can also
introduce challenges, such as voltage and frequency instability, voltage dips,
overvoltage events, extended disturbances, overall power quality issues, and damage
of different equipment due to reverse power flow [36, 38, 39].

These results differ when analysing DERs because they depend on several factors,
such as the penetration level of the technology and how it is implemented in the
grid.

2.2 Topology of distribution and local grid
The Local and distribution grid can be configured using several grid topologies,
which determine how cables and lines are connected to ensure electricity delivery.
The three main topologies used in distribution and low voltage grids are: radial,
ring (loop) and meshed topology.

Radial topology is characterized by a tree-like structure in which loads are
connected to the supply source, via a single unidirectional path. This configuration
is widely used in residential areas or regions with small-scale industries, due to its
simplicity in design and cost-effectiveness. However, its main limitation is its
vulnerability to faults and voltage drop issues [40].

Ring topology, also referred to as loop topology is arranged such that each node
is connected to two others. Forming a closed loop. This enables bidirectional power
flow, making it more reliable during faults in the ring. While this topology offers
fault tolerance compared to radial systems, it introduces increased complexity and
maintenance challenges. Ring topologies are most common in transportation
systems and industrial facilities [41].

Meshed topology involves multiple connections between. This configuration
provides high reliability, fault tolerance and voltage stability. Meshes grids are
typically implemented in critical infrastructures and large-scale industrial complexes
where operation is essential. However, these benefits come with an increased
investment cost, increased complexity and maintenance challenges [41].
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3
Methods

This section describes the methodological framework used to evaluate the accuracy
of the REGAL model under 100% EV penetration, using real grid data from
Ellevio. The overall process is illustrated in the flowchart in Figure 3.1, Which was
structured into three main phases: Input & Preprocessing, Modelling & Analysis
and Evaluation & Insights.

The methodology begins with the selection of areas. Based on predefined criteria
such as residential share and area size. Data collection was then implemented by
using three main sources: measured data from Ellevio, estimated data from
REGAL and approximately 170 distinct EV charging profiles. The collected datasets
were subjected to preprocessing, including filtering and aggregation steps, to ensure
consistency and preparation for analysis.

In the Modelling & Analysis phase, EV charging profiles were integrated with load
estimations from REGAL and compared with measured data. In parallel, substation
data from Ellevio, including maximum peak loads and rated substation capacities
were used. Two REGAL scenarios are used: one with 0% EV penetration and one
with 100%, allowing for a direct comparison between estimated peak loads and
capacities under different penetration levels. These comparisons enable an
evaluation of the REGAL model’s accuracy and the additional load stress introduced
by electric vehicle (EV) charging on the LV grid.

Finally, the Evaluation & Insights phase quantifies the model’s accuracy using the
Mean Absolute Percentage Error (MAPE). Additionally, a grid impact analysis was
performed through two perspectives: The observed load increase due to EV charging
and a Velander Constant Analysis, which examines the load diversity across different
areas.
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Figure 3.1: Overview of the methodology.
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3.1 REGAL model
The Regal model considers only residential customers, excluding other types of grid
load such as commercial load. There were multiple load profiles corresponding to
different customer types. Within a residential category, customers were classified as
either houses or apartments, each containing a variety of distinct load profiles and
subcategories. The yearly energy consumption of all houses and apartments within
a grid cell was used to calculate the corresponding peak power using Velander’s
formula in Equation 3.11. The estimated peak power from Velander’s formula was
then used to size the transformers within each grid cell, assuming that all
transformers in the same grid cell have identical capacities.

The model then combines the created synthetic grid with residential load profiles
and EV charging that were added to the residential load. Finally, it analyses whether
the additional load from EV charging causes transformer violations, defined as when
power demand exceeds transformer capacity [6].

3.2 Criteria for selecting areas

The REGAL model divides the Swedish grid into cells of 1 km2 in size, estimating
the number of transformers and demand for each cell. To compare actual data with
the REGAL model, several areas were chosen for comparison

To enable the comparison, actual data from the DSO company Ellevio were obtained.
This data included multiple parameters from transformers managed by Ellevio. The
energy consumption data covered a full year with a resolution of one hour, totalling
8760 hours, which allowed for the analysis of seasonal variations in load demand.

In the REGAL model, the accuracy when analysing individual cells of 1 km2 in rural
areas showed an average deviation of 44.5 % from the actual hosting capacity. When
analysing municipality areas in Sweden with an electrical connection, the average
deviation from the actual capacity was ±10 %, covering an area of a municipality in
Sweden [6].

Although the REGAL model showed a high deviation when individual cells were
analysed it was acceptable at the municipality level in Sweden. To improve
REGALs reliability compared to the 44.5% deviation at smaller scales, an area of
at least 5 km2 was selected for analysis. This decision was driven by the need for
statistical significance, a larger area provided a broader sample size that better
captured variations in demand and capacity. A smaller area might not have
captured enough variations in the total demand and capacities. Therefore, selecting
a larger area provided robustness and reliability for the analysis.
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The REGAL model is based on residential loads and the integration of EVs
connected to houses and apartments. Therefore, the majority of customers in the
selected area had to be residential. Specifically, the number of residential customers
had to make up at least 85 % of the total customer base in the area. A high
residential share was essential for statistical significance when comparing the
REGAL model with actual data, as commercial loads could introduce noise into the
analysis. Additionally, since EV charging profiles are directly linked to residential
customers, a lower residential share would have increased the influence of
commercial loads, further adding noise to the results.

In summary, for an area to be considered interesting for further analysis, it must
meet the following criteria:

Table 3.1: Criteria for Selecting Areas for Further Analysis

Criteria Requirements
Minimum area size 5 km2

Residential customer share 85 %

3.2.1 Selected areas for cases
Area 1: is a typical urban town in Sweden, that is dominantly made of houses
with a few schools and grocery stores. The area also includes a ski facility and a
separate area for commercial purposes. The population is roughly 5400, covering an
area of 6 km2, resulting in a population density of approximately 900 People/km2.
The majority of the customers in this area were residential, accounting for about
90 % of the total 2250 customers connected to 47 substations (see Appendix A.1 for
a detailed customer distribution per substation). However, in terms of energy usage,
residential load represent approximately 70% of the total annual energy
consumption. According to REGAL, the estimated number of cars per residential
customer was 1.24.

Area 2: is a typical urban outside one of the bigger cities in Sweden, that is mostly
dominated by made of houses with a few schools, grocery stores and two separate
areas for commercial purposes. The population is roughly 8400, covering an area of
6.5 km2 resulting in a population density of approximately 1300 People/km2. The
majority of the customers in this area were residential, accounting for about 88 %
of the total 3950 customers connected to 89 substations (see Appendix A.2 and A.3
for a detailed customer distribution per substation). However, in terms of energy
usage, residential load represent approximately 64% of the total annual energy
consumption. According to REGAL, the estimated number of cars per residential
customer was 1.1.
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Area 3: is the densely populated urban area outside one of the biggest cities in
Sweden, which is mostly made of houses and apartments. The Area has many
schools, grocery stores and commercial activities that are more similar to a bigger
city. The population is roughly 24000, covering an area of 8 km2 resulting in a
population density of 3000 People/km2. The majority of the customers in this area
were residential, accounting for about 86 % of the total 12700 customers connected
to 88 substations (see Appendix A.4 and A.5 for a detailed customer distribution
per substation). However, in terms of energy usage, residential load represent
approximately 52% of the total annual energy consumption. According to REGAL,
the number of cars per residential customer was lower at 0.66, compared to Areas 1
and 2.

3.3 Data Source and Processing
This section describes the different parameters and how they were used in the
analysis, the parameters were obtained from the REGAL model and different
software’s from Ellevio.

Table 3.2: Parameter description obtained from Ellevio and REGAL

Parameter Source Description
Customer type Ellevio Classification of customers as either residen-

tial or commercial, denoted as "res" or "com".
Timestamp Ellevio The specific hour t when the active energy

consumption was recorded.
Pi,j(t) Ellevio Hourly active power consumption for cus-

tomer i connected to substation j at time t,
measured in kWh/h, representing real energy
use.

Customer ID Ellevio Each customer in the grid has a unique as-
signed ID.

Substation ID Ellevio Each substation j in the grid has a unique
assigned ID.

Secondary
voltage Ellevio Voltage rating on the secondary side of the

substation, measured in kV.
SEllevio

j Ellevio Capacity of substation j, measured in kVA.
Geographical
coordinates REGAL Location of each 1 km2 cell, represented by

the south-west corner coordinates.
NREGAL

EV,m REGAL Estimated number of EVs per cell m, based
on the REGAL model.
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Parameter Source Description
NREGAL

res,m REGAL Estimated number of residential customers
per cell m.

SREGAL
res,m REGAL Estimated transformer capacity in cell m,

measured in kVA.
P max

REGAL,m REGAL Estimated residential peak load per trans-
former in cell m, expressed as a percentage
of transformer capacity.

P EV
c (t) REGAL The c-th EV charging profile. 170 unique

profiles representing average energy use in
10-minute intervals over a year, in kW h per
10 minutes.

The selected area was required to meet the criteria in Table 3.1. The substations
within the area were obtained using a map-interface software from Ellevio, and only
those substations with a secondary voltage rating of 0.4 kV were chosen, as this
voltage rating is used for residential customers. The number of residential and com-
mercial customers connected to each substation denoted as j, was determined by
filtering customer IDs based on their type and counting the unique IDs separately
for residential and commercial categories. From this process, the parameters Nres,j

and Ncom,j were obtained.

The total residential load was obtained from Ellevio’s databases by aggregating
the hourly active energy consumption of all residential customers i connected to the
same substation ID j. A similar approach was applied to commercial loads, resulting
in the residential and commercial load profiles, Pres,j(t) and Pcom,j(t), over a yearly
period hourly time steps. Since most residential loads, such as heating, electronics
and lightning are mainly resistive, their reactive power demand was expected to be
low. Thus, a power factor close to 1 was assumed for residential customers at 0.4 kV,
and their reactive power impact was considered negligible. The same assumption
was made for small commercial customers connected to the LV grid, as their typical
loads, such as lightning and office equipment, were mostly resistive. As shown in
Table 3.1, residential customers make up at least 85 % of the total customer base.
Even if the power factor for commercial customers were slightly lower, the limited
share (≤ 15%) would result in a negligible impact on the grid’s overall reactive
power demand.

Substation-specific information was obtained from Ellevios databases, which de-
scribe different attributes of individual substations. From these databases, the sub-
station capacity SEllevio

j was extracted for each substation j. Additionally, the se-
lected cells from REGAL were determined by the actual geographical coordinates
(longitude and latitude) of the substations identified in Ellevio’s databases. The
following parameters were obtained for each selected cell seen in table 3.2, where
these parameters provided a base for further analysis for the selected areas.
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3.4 EV load profiles for substations
Based on the parameters from the section on 3.3 Data Source and Processing, EV
load profiles were created by combining relevant data from REGAL and Ellevio.
The total number of EVs in the selected area was estimated by aggregating the
number of EVs NREGAL

EV,m from each cell m, resulting in the parameter NREGAL
EV . A

similar procedure was applied to the residential customers NREGAL
res,m , which resulted

in the parameter NREGAL
res . It was assumed that all cars in the selected areas were

fully electrified, 100% of all vehicles were EVs. Existing EVs connected to the grid
were not considered, as their demand was assumed to be included in the base load.
Using these parameters, the ratio of EVs per residential customer was determined,
along with the estimated number of EVs assigned to each substation j, calculated
as:

N ratio
EV,res = NREGAL

EV

NEst
res

(3.1)

NEV,j = ⌈N ratio
EV,res · Nres,j⌉ (3.2)

The parameter NEV,j in Equation 3.2 represent the estimated amount of EVs per
substation, rounded up to the nearest integer. The term Nres,j represents the
actual number of residential customers connected to substation j. The ratio N ratio

EV,res

represented the number of EVs per residential customer and was considered to be
uniformly distributed across the selected area. This meant all residential customers
were assumed to have an equal probability of owning an EV, regardless of which
substation they were connected to. This assumption was considered reasonable,
as each area had at least 2000 residential customers, with some exceeding 10000.
With such large customer bases, small variations in EV ownership among individual
households were expected to average out. Additionally, due to the lack of
information on EV ownership data at the customer level, using a uniform
distribution provided a statistically justified approach for the estimation of
EV penetration at the substation level.

To generate the EV charging profile P EV
c (t), the original 10-minute resolution

charging data was first aggregated into 1-hour intervals by summing all 10-minute
values within each hour. After this aggregation, charging profiles were assigned to
each substation through a random selection process. Specifically, for each substation
j, NEV,j charging profiles were randomly selected from the 170 available EV
profiles. This approach ensured that the assigned profiles captured a realistic
variety of individual charging behaviour. Finally, the selected EV charging profiles
were aggregated per substation, resulting in the total EV charging demand for each
substation j, which is expressed as:

P EV
j (t) =

∑
c∈Cj

P EV
c (t) (3.3)
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Where Cj is the set of the selected EV profiles for substation j, and P EV
c denotes the

c-th EV charging profile at time t. The parameter P EV
j (t) represents the aggregated

EV profiles at substation j. From Equation 3.3 the hourly residential and combined
energy consumption could be described as:

P EV
res,j(t) = Pres,j(t) + P EV

j (t) (3.4)
P EV

tot,j(t) = Ptot,j(t) + P EV
j (t) (3.5)

The parameters P EV
res,j(t) and Pres,j(t) represent the hourly demand from residential

customers at time t, with and without EV integration. Similarly, the parameters
P EV

tot,j(t) and Ptot,j(t) represent the total demand, with and without EV integration.
Equations 3.4 and 3.5 provided a foundation for further analysis of residential load
and transformer utilization in the selected areas. These formulations are necessary
for understanding energy consumption dynamics and the impact of EV charging on
both residential and total grid demand.
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3.5 Load analysis when including EVs

3.5.1 Max load comparison
Max load comparisons were used to evaluate how much the peak demand was
expected to increase due to the integration of EVs. This provided an understanding
of the added stress EV charging could affect the grid during peak hours, helping to
understand the potential needs for future capacity upgrades. The maximum load
comparison was analysed for each substation both with and without the inclusion of
commercial loads, where the change in peak load was calculated using the following
equation:

∆Pj,n =
P max,EV

j,n − P max,No EV
j,n

P max,No EV
j,n

· 100% (3.6)

The parameter ∆Pj,n represents the percentage change in peak load for substation
j due to EV integration at iteration n. The term P max,EV

j,n denotes the maximum
peak load with EV integration, while P max,No EV

j,n represents the maximum peak load
without EV integration. The equation compares the difference between these two
values and calculates the percentage change.

Following the load change calculations, the average and standard deviation load
change were calculated for a selected area. These were calculated using the following
equations:

µ∆P,n = 1
J

J∑
j=1

∆Pj,n (3.7)

σ∆P,n =

√√√√√ 1
J

J∑
j=1

(∆Pj,n, −µ∆P,n)2 (3.8)

The parameters µ∆P,n and σ∆P,n in Equation 3.7 and 3.8 represent the mean and
standard deviation of the load changes at iteration n.

It was observed that the results varied depending on the specific iterations used
when randomly selecting EV charging profiles. Due to this sensitivity, it was
decided to perform multiple iterations and compute the mean and standard
deviation for each iteration. Using multiple iterations and calculating the global
average and standard deviation, provided a more robust and representative outcome
by reducing the noise introduced by random variations in the EV charging profiles.
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The mean and standard deviation values, and the mean of the standard deviations
across multiple iterations N , were calculated as follows:

µ∆P = 1
N

N∑
n=1

µ∆P,n (3.9)

σ∆P = 1
N

N∑
n=1

σ∆P,n (3.10)

The parameter µ∆P in Equation 3.9 describes the global load change calculated
after N iterations. Similarly, the parameter σ∆P Equation 3.10 calculate the global
standard deviation, describing the typical variations across N iterations.

3.5.2 Calculations of Velander’s constants
Velander’s constants are commonly used in grid planning to estimate the relationship
between max load and yearly energy consumption for different types of customers.
The constants k1 and k2 are varied depending on the customer type and its subtype,
such as residential customers living in houses with or without electric heating. These
constants are used to estimate the peak demand based on its yearly energy
consumption. The relationship between maximum demand and yearly energy
consumption is expressed by the following equation:

Pmax = k1 · Eyear + k2 ·
√

Eyear (3.11)

Velander’s constants k1 and k2 were used to identify the relationship between the
yearly energy consumption and the peak demand for all substations j in the selected
areas for only residential customers, including the impact of EV integration. The
estimation of Velander’s constants was performed using multiple linear regression,
where the estimated peak load for substation j was expressed as:

yres,j = kEst
1 · x1 + kEst

2 · x2 (3.12)

Where the parameters x1,j = Eres,year,j and x2,j =
√

Eres,year,j, and the term Eres,year,j

is the annual residential consumption at substation j.

Before EVs were integrated in the selected areas, it was assumed that all customers
connected to the substations shared similar load profiles, and profiles associated
with houses and apartments. Established customer types were not used, instead, all
customers were assumed to belong to the same residential type and subtype. This
assumption excluded potential impacts such as PVs and battery storage, which may
influence consumption patterns. After EV integration, the assumption remained
valid, as EVs were uniformly distributed across all substations, resulting in a
representative load profile that captured the impact of EV charging.
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It was observed that the results from Equation 3.12 varied depending on the specific
iterations used when randomly selecting EV charging profiles. Due to this
sensitivity, it was decided to perform multiple iterations and compute the global
mean and standard deviation for each iteration, similar to section 3.5.1.

The global mean and standard deviation for the estimated Velander’s constants kEst
1

and kEst
2 were calculated as:

µk1/2
= 1

N

N∑
n=1

kEst
1/2,n (3.13)

σk1/2 =

√√√√ 1
N

N∑
n=1

(
kEst

1/2,n − µk1,2

)2
(3.14)

The parameter µk1/2
in Equation 3.13 describes the global mean values for the

estimated Velander constants k1 and k2, in the selected areas. Similarly, the
parameter σk1/2 in Equation 3.14 described the corresponding standard deviations,
representing the typical variation across N iterations. The Velander’s constants will
only be true for areas that are similar to the selected areas, where the customer’s
consumption behaviour and charging patterns are similar to the selected areas.

3.6 Comparison between REGAL and Ellevios grid
The purpose of the comparison was to evaluate how accurately the REGAL model
could represent key parameters by comparing data from Ellevio. The analysis
focused on two aspects: Estimation of rated capacities and expected maximum
loads. If the model proves useful under specific conditions, it is also important to
evaluate its accuracy.

Evaluation Metric
To quantify the accuracy of the model, the Mean Average Percentage Error (MAPE)
was used:

MAPE =
∣∣∣∣∣y − ŷ

y

∣∣∣∣∣ × 100% (3.15)

MAPE measured the average absolute percentage difference between the actual
value y and REGAL’s estimates ŷ, allowing comparisons between different datasets.
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3.6.1 Capacity comparison
Since the REGAL model only estimated residential capacities, the rated capacities
from Ellevio’s grid needed to be adjusted to reflect the residential share at each
substation

The residential share of each substation j, was calculated based on the ratio between
the maximum load from residential and commercial customers, with and without
the integration of EVs:

µres,j =
P max

res,j

P max
res,j + P max

com,j

(3.16)

The terms P max
res,j and P max

com,j represent the residential and commercial peak loads in
Equation 3.16. The resulting residential share µres,j was then used to scale the
substation’s rated capacity, to obtain the total residential rated capacity from
Ellevio’s data:

SEllevio
res =

J∑
j=1

µres,j · SEllevio
j (3.17)

The parameter SEllevio
res represents the total residential downscaled capacity from

Ellevio, derived from the total capacity SEllevio
j at substation j. Then REGAL

estimates were calculated by aggregating the estimated capacities in each cell m:

SREGAL
res =

M∑
m=1

SREGAL
res,m (3.18)

The MAPE between these values was calculated as follows, from the Equations 3.17
and 3.18:

MAPEcapacity =
∣∣∣∣∣SEllevio

res − SREGAL
res

SEllevio
res

∣∣∣∣∣ × 100% (3.19)

This evaluation determines how accurately the REGAL model estimated the
installed residential capacity in the selected areas. integration of EVs.
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3.6.2 Maximum load comparison
To evaluate whether REGAL could capture the expected peak loads, the maximum
from the residential and total loads from both REGAL and Ellevio’s data were
aggregated, with and without the

REGAL’s total estimated residential peak demand was computed as:

P max
REGAL =

M∑
m=1

P max
REGAL,m (3.20)

The parameter P max
REGAL,m represents the estimated residential peak load from

REGAL at grid cell m. Similarly, the parameter P max
REGAL represents the total

residential peak load from REGAL in Equation 3.20. Then from Ellevio’s data,
both the residential and total (residential + commercial) aggregated peak load were
calculated, with and without integration of EVs:

P max
Ellevio =

J∑
j=1

P max
res/tot,j (3.21)

The parameter P max
res/tot,j represent the peak load from the residential or all customers

connected to substation j. Similarly, the parameter P max
Ellevio represent the aggregated

peak load from Ellevio. Lastly, the accuracy of REGAL’s estimated peak demand
was calculated with the values from Equation 3.20 and 3.21:

MAPEload =
∣∣∣∣∣P max

REGAL − P max
Ellevio

P max
Ellevio

∣∣∣∣∣ × 100% (3.22)

The Equation 3.22 was applied twice, once using residential peak load and once using
the total peak load, to understand the influence of excluding commercial customers
on REGAL’s accuracy.
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4
Results

This section presents the findings from the analysis of the actual grid under the
integration of EVs. The results are structured to provide insights into load changes,
the evaluation of Velander constants, and the accuracy of the REGAL model.

First, the impact of EV charging on load levels is evaluated by analysing residential
demand and the contribution of commercial customers across various substations.
A statistical analysis evaluation follows, highlighting the variability and significance
of the observed load changes. Next, Velander’s constants are calculated for the
selected areas, discussing the influence of EVs on residential demand. This involves
applying multiple linear regression to estimate peak demand based on annual energy
consumption. Finally, the REGAL model is compared to measured data, with a
focus on its accuracy in estimating capacities and peak loads.

4.1 Analysis on the actual grid when including
EVs

In this section, there will be results that show the maximum load increase when
including EVs, where a statistical analysis was used. Also the calculation of
Velander’s constants for the three selected Areas.

4.1.1 Load increase when including EVs
This section shows the distribution of load increase across all substations for the
selected Areas when including EV charging, by using histograms. Also, a statistical
analysis of the load increases with the integration of EVs.

The load increases were shown in Figure 4.1 for a specific iteration. Each subfigure
in Figure 4.1a to 4.1f illustrates the load increase distribution for either residential
(in blue) or all customers (in red) in Areas 1 to 3. The x-axis represents the load
increase in percent, calculated according to Equation 3.6, while the y-axis shows the
number of substations that fall within each percentage interval.
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(a) Area 1: Residential load change (b) Area 1: Combined load change

(c) Area 2: Residential load change (d) Area 2: Combined load change

(e) Area 3: Residential load change (f) Area 3: Combined load change

Figure 4.1: Histogram of load changes in the selected areas

The impact of EV integration on residential customers is shown in Figures 4.1a,
4.1c and 4.1e. In all areas, most substations experienced a residential load increase
between 0 to 40%, with the mean value ranging between 13.3 to 14.7% and a
standard deviation of between 18 to 19%, indicating relatively high variations
between substations. A few substations experienced extreme cases, with load
increases ranging from 80 to 180%. These outliers shared a common characteristic:
a low average yearly energy consumption per customer compared to the rest. The
affected substations had an average yearly energy consumption between 2000 and
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8000 kWh per customer, where the majority of the other substations ranged between
10 000 and 17 000 kWh. A lower yearly energy consumption typically corresponds
to a lower peak demand, making these substations more susceptible to load changes
when EVs are integrated. The outliers did not cause any overloading, due to the
fact that the substation had a low peak demand.

In contrast, Figure 4.1b, 4.1d and 4.1f show that when both commercial and
residential customers were included, the increase in peak load was generally lower
and more concentrated. In all areas, most substations experienced load increases
between 0 and 25%, with the mean value ranging between 8.8 to 13% and a standard
deviation of between 15.8 to 22%. Fewer exceeded 30%, showing a dampening effect
from the commercial load which gives a more stable total load change.
Overall, the result across all three areas showed an observable increase in maximum
load when adding EV charging, with residential loads being the most sensitive
compared to the total loads. The lower variations showed in the histograms related
to the total loads, suggest that commercial loads may stabilise the overall load
profile, even with a small proportion. However, it also shows that the impact of EV
charging is more sensitive to infrastructure that is dominated by residential
profiles, indicating the importance of planning for substations serving only
residential customers.

4.1.1.1 Statistical analysis of load changes

In Figure 4.1a to 4.1f, a few outliers that exceeded 80% were observed in the
histograms related to residential loads. For all histograms, where an outlier is
defined as: A value that is not centred around its mean value in this context. These
deviations were primarily dominated by substations with a significantly lower
average hourly energy consumption per customer over a year for all selected Areas.

This is a natural mathematical consequence when the average energy consumption
is low, additional load such as charging from EVs will have a greater impact on the
overall percentage change. Substations with a higher average energy consumption
are therefore less sensitive to the same additional load, due to a lower relative change.

Due to the noticeable variations in the load increase distributions, both in mean,
standard deviation and the existence of outliers, followed by randomly selecting EV
charging profiles to the substations for each iteration. It was decided to compute
the global mean and standard deviation over 1000 iterations, where the Equations
3.9 to 3.10 was used to calculate the different values, where it provided statistically
robust results by averaging the different outcomes for a large number of random
combinations. These results were presented in the Tables 4.1
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Table 4.1: Statistics of load change for residential and total loads

Area
Residential Load Total Load

µ∆P [%] σ∆P [%] µ∆P [%] σ∆P [%]
1 14.50 19.53 14.54 21.85
2 17.17 19.92 13.14 18.53
3 16.37 21.32 8.62 15.21

The parameter µ∆P represents the global mean value of peak load change after 1000
iterations. Similarly, the parameter σ∆P denotes the global standard deviation of
peak load changes after 1000 iterations.

Table 4.1 summarises the maximum load changes observed across all substations for
the different areas. The table shows the results for residential and commercial loads.
The table contains the global mean and standard deviation across all substations
for the three areas, based on 1000 iterations where each iteration randomly selected
new EV profiles.

In the residential part in Table 4.1, the global mean value for the maximum load
increase (µ∆P ) for residential customers ranged between 14.5 to 17.17%. The global
standard deviation for the maximum load change (σ∆P ) ranged from 19.53 to 21.32%,
reflecting significant variations due to EV charging among substations within each
area. This high variability is probably due to the presence of outliers, which will
penalise the standard deviation.

Similarly in the combined part of Table 4.1, the global mean value for the maximum
load increase (µ∆P ) for all customers, was generally lower and ranged from 8.62
to 14.54%. This indicates that the inclusion of commercial loads tends to dampen
the overall impact of EVs. The global standard deviation (σ∆P ) ranged from 15.21
to 21.85%, again reflecting a significant variation in load change due to EV charging.

4.1.2 Velander’s constant when including EVs
This section described the calculations of Velander’s constants for the selected Areas
after adding EV charging, both for each iteration as well for the global mean and
standard deviation over 1000 iterations. The result was calculated using Equation
3.11 to 3.14, which were used to calculate the Velander’s constant k1 and k2 for each
iteration and determine the corresponding global statistical values.

For a random iteration, the calculated Velander’s constant for the selected Areas
was plotted against the actual demand for the different substations. This is shown
in Figure 4.2, where each subfigure shows the linear fit between estimated and actual
peak loads for the substations in the three Areas.
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(a) Area 1: Linear fit vs actual peak demand

(b) Area 2: Linear fit vs actual peak demand

(c) Area 3: Linear fit vs actual peak demand

Figure 4.2: Multiple linear regression of actual and estimated peak demand, by
using Equation 3.12
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In all three areas, the calculated maximum residential demand with EVs was plotted
against the yearly energy consumption, along with the estimated constants kEst

1 and
kEst

2 used in Equation 3.11.

In Area 1, the estimated constants were kEst
1 = 0.00028 and kEst

2 = 0.038 as shown
in Figure 4.2a, describing the relationship between the calculated peak demand and
yearly energy consumption for each substation. Similarly, Area 2 had estimated
constants of kEst

1 = 0.00026 and kEst
2 = 0.043, as shown in Figure 4.2b. The

results in Area 1 and 2 are relatively similar, which aligns with the similarities for
the customer composition, primarily consisting of single-family houses. In contrast.
Area 3 showed a different behaviour, with estimated constants of kEst

1 = 0.0003 and
kEst

2 = 0.0007, as shown in Figure 4.2c. This distinct characteristic of Area 3, which
has a larger customer base dominated by apartments.

As shown in Figure 4.2a to 4.2c, the linear fit based on Velander’s constants performs
well in Area 1 and 2, with minimal deviation across the full range of yearly energy
consumption between 0 to 1400 MWh. However in Area 3, Figure 4.2c, the linear fit
does not perform as well compared to Area 1 and 2. The model overestimates peak
demand around 500 MWh and underestimates higher energy consumption around
2000 MWh, which indicates that energy consumption and peak demand are less
linear in Area 3, due to a broader yearly energy consumption up to 2500 MWh. A
part of this variation can be due to the higher population density and that Area 3
is mostly apartments, compared to Areas 1 and 2.

4.1.2.1 Statistical analysis of Velander’s constants

Due to the noticeable variation in Velander’s constants across each iteration, caused
by the random selection of new EV profiles are randomly selected for each
iteration. The global mean and standard variation of the estimated constants kEst

1
and kEst

2 were calculated over 1000 iterations. This approach was chosen to
ensure the statistically robust result, allowing each selected Area its representative
Velander’s constants. The analysis assumed that all residential customers in the
selected Areas were assigned a new subtype of customers, due to the integration of
EVs.

The global mean and standard deviation for the Velander’s constant k1 and k2 were
calculated according to Equation 3.13 to 3.14 after 1000 iterations, presented in
Table 4.2.

Table 4.2: Velander’s constants for the different Areas

Area µk1 σk1 µk2 σk2

1 0.000278 0.000009 0.042019 0.007828
2 0.000259 0.000006 0.041830 0.005479
3 0.000293 0.000006 0.008783 0.006503
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The parameters µk1 and µk2 represent the global mean values of the Velander
constants k1 and k2, respectively, calculated after 1000 iterations. Similarly σk1 and
σk2 denote the global standard deviation of the same constants, also determined
after 1000 iterations. These values provide insight into the central and variability
of the Velander constants in the estimation process.

The global mean value for the constant k1 for Areas 1, 2 and 3 was calculated to the
range between 0.00026 and 0.00029, with a standard deviation between 0.000006
and 0.000009 in Table 4.2. This indicates a high consistency across the different
Areas, as the variation in the k1 constant is relatively low. In comparison, the k1
values used by Ellevio range from 0.00023 to 0.00033, depending on the residential
customer subtypes. These results suggest that the calculated global mean value is
aligned with the Velander constants used in grid planning.

The global mean value for the constant k2 for Areas 1 and 2 was calculated to the
range 0.0418 and 0.0420, while in Area 3, it was significantly lower at 0.0088, as
shown in Table 4.2. While the results in Areas 1 and 2 were closely aligned, Area 3
showed a clear deviation, indicating a fundamental difference in load behaviour. The
standard deviation of k2 ranged from 0.0054 to 0.0078 across all Areas. Although
the absolute variation was relatively small, percentage-wise variations in Area 3 were
due to its lower global mean value. For comparison, Ellevio uses k2 values between
0.025 and 0.063, depending on the residential customer subtype. These values align
well with Areas 1 and 2 but not in Area 3. In Area 3, the calculated global mean
and standard deviation of k2 were 0.0088 and 0.0065. This proximity suggests high
variability relative to the global mean value and supports that the use of Velander
constants, at least from this analysis, is not suitable for accurately capturing peak
demand in Area 3.

Area 1 and 2 showed similar results in both the mean and standard deviation of
the estimated constants k1 and k2, while Area 3 showed a significant deviation in
the constant k2. One possible explanation is the difference in the average number
of residential customers per substation: Areas 1 and 2 have between 39 and 43
residential customers per substation, while Area 3 has an average of 125. This
indicates a higher residential customer density in Area 3, which statistically tends
to produce a more evenly distributed and stable load profile. In comparison, the
substations in Areas 1 and 2 are more sensitive to variations in individual customer
behaviour. As a result, the relationship between peak demand and yearly energy
consumption in Area 3 tends to follow a single-variable linear path, where the
contribution from the non-linear square root term is reduced. This explains the lower
value of k2, which contributes to the non-linear component in Velander’s formula,
in Equation 3.11.
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4.2 Comparison between REGAL and actual grid

Different types of comparisons were done when comparing the REGAL model with
the actual grid, with and without the integration of EVs in both systems.

4.2.1 Capacity comparison
The capacity comparison includes both the aggregated capacity from Ellevio’s grid
data and the estimated capacity from the REGAL models for selected areas,
evaluated with and without EV integration. The aggregated capacity from Ellevio
represents the total and residential share from each substation (see Appendix A.6)
to A.10 for full substation capacity data), while the estimates from REGAL are
based on selected grid cell. The results are based on the Equation 3.16 to 3.19 and
are presented in Table 4.3.

Table 4.3: Comparison of REGAL’s estimated capacity and Ellevio’s residential
capacity for all Areas, with and without EVs

Area EV SEllevio
tot [kVA] SEllevio

res [kVA] SEllevio
res [kVA] MAPE [%]

1
No

28000
18900

17500
7.5

Yes 20400 14.2

2
No

45300
24600

30700
25.1

Yes 27900 10.0

3
No

78800
40550

49700
22.5

Yes 46000 8.0

The parameter SEllevio
tot refers to the aggregated installed capacity from Ellevio’s

substations, representing the total available transformer capacity, and the values
SEllevio

res correspond to the downscaled portion of this capacity assigned to
residential customers. In parallel SREGAL

res is the aggregated residential capacity
estimated by the REGAL model. The parameter MAPE is used to quantify the
percentage deviation between SEllevio

res and SREGAL
res .

The capacity comparison table in 4.3 demonstrates that the REGAL model provides
a reasonable estimation of the total substation capacity across all Areas. Before the
integration of EVs, the deviation ranged from 7.5 to 25.1%, with the lowest
deviation in Area 1 and highest in Area 2. These values indicate that REGAL
captures the overall dimensions of substations well for the selected Areas.
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With the integration of EV charging, the deviations decreased significantly to 10 and
8% in Areas 2 and 3, indicating that the residential capacity is better aligned with
the actual scaled residential capacity. However, in Area 1 the deviation increased
to 14.2%. This suggests that the deviation can be improved, with the downscaled
residential capacity, particularly when the REGAL model overestimates the base
load from residential customers.

Overall, the deviation before and after the integration of EVs remains within an
acceptable for all three areas with a size between 6 to 8 km2, particularly in contrast
to a higher deviation of 44.5% when comparing individual cells in the REGAL model
[6]. However, the REGAL model tends to overestimate the residential capacities in
Areas 2 and 3.

4.2.2 Load comparison
This section presents a comparison between the aggregated peak loads from
Ellevio’s grid data and the REGAL model estimates for the selected areas, both with
and without EVs. The aggregated loads from Ellevio correspond to each substation,
where the estimates from REGAL are based on selected grid cells. The analysis
includes both residential and total load comparisons, where the total load includes
commercial loads. The results are based on Equation 3.20 to 3.22 and are presented
in Table 4.4.

Table 4.4: Comparison of residential and total loads under different scenarios

Area EV
Residential Load Total Load

P max
Ellevio

[kW]
P max

REGAL

[kW]
MAPE

[%]
P max

Ellevio

[kW]
P max

REGAL

[kW]
MAPE

[%]

1
No 7900 7500 5 10900 7500 31.2

Yes 10600 10800 1.9 13200 10800 18.2

2
No 11700 13300 22.2 18200 13300 21.4

Yes 17200 18500 7.6 22800 18500 18.9

3
No 22000 22200 0.9 37100 22200 40.1

Yes 29800 34500 15.8 43200 34500 20.1

The parameter P max
Ellevio represents the aggregated peak load from Ellevio’s

substations. In comparison, P max
REGAL denotes the aggregated peak load estimated

using the REGAL model. The parameter MAPE is used to quantify the
percentage deviation between P max

Ellevio and P max
REGAL.
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The results show varying levels of deviation in residential peak load estimation across
the three areas. In Area 1, the deviation remained relatively low, decreasing from
5 to 1.9% with EVs. In Area 2, the deviation decreased significantly from 22.2 to
7.6%, with a relatively high deviation without EVs. In contrast, Area 3 showed an
opposite trend, the deviation increased from 0.9 to 15.8%, with a relatively high
deviation with EVs.

These results indicate that the model’s accuracy in estimating residential peak loads
is not consistent in all areas, where the inclusion of EVs either improved or worsened
its accuracy.

When evaluating the total load, which includes both residential and commercial
customers, the deviation was significantly higher. This reduction is expected, as the
REGAL model is developed for residential loads and does not include commercial
activity in its design. Consequently, this comparison is not entirely representative
of REGAL’s intended application. The deviation across all areas ranged from 18.9
to 40.1%, which is in general a poorer performance.

It is important to note that the selected areas consist predominantly of residential
customers, between 86 to 90% of the total customer base. However, despite the high
share, the residential load accounted for only 52 to 70% of the total annual energy
consumption. This indicates that even a relatively small portion of
commercial customers can have a significant impact on overall energy use. Their
presence influences the REGAL model’s performance, highlighting its sensitivity to
mixed loads and its reduced accuracy when including commercial loads.

In conclusion, the REGAL model demonstrates strong performance in estimating
residential peak loads. The overestimations observed in Areas 2 and 3 may arise
from local demographic factors not fully captured by the model. While REGAL
is not designed for areas with mixed customer compositions, the results highlight
both its strengths and limitations. Overall, it is best suited for residential peak load
forecasting.
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5.1 Method
The selection criteria for the different areas were specifically designed to align with
the structure of the REGAL model, which is designed for only residential customers.
Focusing on areas with a high share of residential customers and minimising
commercial load influence, which better aligns with REGAL. It also ensures a better
comparison between measured data and synthetic estimations, which automatically
gives a more reliable evaluation of REGAL’s accuracy in a typical residential
environment. In addition to the customer share, considering the percentage of
residential annual energy consumption would further strengthen the selection
process, as it more accurately reflects the actual contribution of residential demand.

However, these selection criteria also limited the ability to draw a general
conclusion. By excluding smaller areas, rural areas, and grids with a mixed customer
base, where demand is less predictable and individual load behaviour has a greater
impact. The analysis focused on where REGAL is expected to perform well. As a
result, while REGAL appeared useful in residential-dominated areas with relatively
controlled conditions, caution is important when applying it to more complex parts
of the grid. Since this study analyses only three areas, further validation is needed
using a broader and more diverse set of areas, both similar and different from the
selected areas, to more accurately evaluate the general applicability of the REGAL
model.

EV charging behaviour was modelled using 170 profiles based on real charging data
from actual EV users. These profiles captured realistic variations in charging
behaviour, providing a solid foundation for estimating EV demand. In most cases,
the number of available EV profiles exceeded the number of EVs per substation,
allowing each EV to be assigned a unique EV profile. However, in substations with
a high number of EVs, some profiles were reused potentially limiting its diversity.
In contrast, substations with only a few EVs, and individual profiles had a large
impact. This variation is illustrated in A.11, which shows the average and standard
deviation across the 170 profiles.
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Lastly, a methodological consideration arises regarding the rescaling of the total
substation capacity to isolate the residential capacity. The formulas used in
Equation 3.16 and 3.17 assume that the residential peak load directly corresponds
to its share of the total capacity. This may oversimplify the actual load behaviour,
especially in substations with a large share of commercial customers. Further
investigations are needed to determine whether the approach holds under different
load compositions.

5.2 Results
The analysis of Velander constants shows similarities in Areas 1 and 2. This is likely
due to the estimated number of EVs per residential customer, ranging
between 1.1 and 1.24, and the similar average number of residential customers per
substation (39-43). In contrast, Area 3 had a higher population density, a lower
EV-to-customer ratio of 0.66, and a larger average number of customers
per substation, approximately 120. These findings address the Research Question
regarding EV-driven loading by suggesting that high EV ownership aligns more
closely with Velander constants used by Ellevio (related to research question 3).

Further insights were gained from the analysis of relative load changes in maximum
load due to EV integration. Histograms showed that most substations experienced
load increases between 0 to 40%, with noticeable variation. Substations with a lower
annual energy consumption per customer, typically between 2000 and 8000 kWh were
more sensitive to EV integration. In such cases, each additional EV introduced a
larger increase in peak demand, amplifying load volatility. This was particularly
noticeable in Area 3, where outliers in load increase appeared despite a lower EV
per customer ratio of 0.66. While a lower ratio would typically be expected to
result in smaller peak load changes, the higher number of residential customers per
substation in Area 3 acted as a compensating factor, resulting in peak load changes
comparable to those in Areas 1 and 2. These findings reflect both the second and
third research questions, demonstrating how REGAL’s assumption on EV
ownership can still yield comparable peak loads in areas with higher residential
density, even when EV ownership is lower.

REGAL’s tendency to overestimate peak loads was observed when comparing peak
load before and after EV integration was added to the residential load. This
overestimating likely arises from the model’s design. Each transformer is exposed
to multiple iterations of EV charging profiles, with the iteration with the highest
peak selected. This effectively models a worst-case scenario without considering its
probability. While this approach leads to higher deviations compared to measured
data, it can be justified in a grid planning context where conservative estimates
ensure a safe margin. For consistency, the same method was when combining
Ellevio’s residential load profiles with EV charging data, ensuring that both the
REGAL and measured datasets reflect extreme case scenarios. These findings
address the second research question, highlighting how the structure of REGAL
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influences its accuracy in predicting peak load across various assumptions.

When commercial loads are included, the deviation between REGAL estimates and
actual peak loads increases, as presented in Table 4.4. Rather than improving
estimation accuracy, this highlighted a key limitation of the model, applying the
model to a mixed customer base can lead to misleading conclusions. To ensure valid
comparisons and reliable results, input use data should reflect primarily only
residential loads. This directly addresses the first and second research questions,
indicating that REGAL is best suited for grids with predominated residential
customer compositions. To improve REGAL’s framework, including commercial
activity, to provide a broader and more reliable model for its applicability.

Finally, the comparison of capacity and peak loads supports the REGAL
applicability in early-stage grid planning within residential areas. The model
provides a quick estimation of hosting capacity and peak loads without requiring
real-time measurement data. However, in mixed load areas, the accuracy of these
estimates was reduced. These observations are related to the first and second
research questions, highlighting how assumptions around EV behaviour and
customer types influence transformation utilization or potential overloading.
In areas where REGAL’s assumptions closely match actual conditions, the model
performs well. However, when assumptions such as car ownership or customer
composition deviate from reality, REGAL may over or underestimate future demand.
This underscores the importance of aligning model assumptions with local conditions
for accurate grid planning.

5.3 Future work
Future work could expand by using power flow simulations in the low voltage grid to
analyse how EV charging affects the voltage profile, line loading and system losses.
This would require implementing a power flow method such as Newton-Raphson
or backward/forward sweep algorithm to capture the grid behaviour under varying
loads.

Another future work involves the investigation of V2G integration in a radial low-
voltage grid. Since V2G introduced bidirectional power flows, where it challenges
the current top-down voltage drops in radial systems. This raises an important
question about voltage regulations and protection schemes when current flows are
in reverse directions, which is critical for future grid systems.

Finally, further validation of the REGAL model could involve additional
parameter comparisons such as cable lengths, voltage drops and customer-type
variability. Specifically testing REGAL in areas with lower population density or
higher customer diversity could help to determine the model’s robustness, accuracy
and grid planning applications.
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This thesis evaluated the applicability of the REGAL model for grid planning in
Ellevio’s LV grid under a 100% EV penetration scenario. The study focused on
understanding how EV integration affects substation loading and how accurately
REGAL estimates peak loads and residential capacities. By using measured load
data from multiple customers, EV charging data, and substations level analysis
across three areas, the study investigated REGAL’s performance under varying
residential densities and customer compositions.

The results show that REGAL can be a useful tool for grid planning, particularly in
areas with a high share of residential customers and limited commercial customers.
REGAL’s peak estimation aligned when only considering residential load.
However, in areas with mixed customer types or significant commercial loads, it
resulted in larger deviations. This indicates that REGAL is most suited for planning
in residential-dominated areas, where its core assumptions are more valid.

The accuracy of REGAL’s peak load estimates was shown to depend strongly on
assumptions such as EV ownership, customer density and load composition. In Area
3, where the EV ownership was lower, the peak loads were comparable with Area 2
and 3 due to the higher number of customers per substation. This highlights that
REGAL’s assumptions can compensate for each other, but also underscores the
importance of aligning the model with local conditions to avoid misleading results.

The impact of high EV penetration on the LV loading was observed, Most
substations experienced increases up to 40%, but REGAL tended to overestimate
these peaks due to its usage of worst-case scenario selections. While this
conservative approach ensures safety margins, it may lead to unnecessary high
infrastructure investments if used without additional context. Still, worst-case
estimates can be valuable in long-term grid planning.

In summary, REGAL demonstrates a strong potential for grid planning in
residential areas. However, to strengthen and generalize the model’s applicability,
further analysis across a wider range of areas is needed. Including commercial loads
and performing more parameter comparisons, would provide a more complete
evaluation of the model’s performance. With these improvements, REGAL could
play a central role in building robust and future-proof LV grids.
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A
Appendix 1

A.1 Customer distribution

Figure A.1: Area 1: Residential and commercial customer count across all substa-
tions

Figure A.2: Area 2: Residential and commercial customer count across all substa-
tions (part 1)
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Figure A.3: Area 2: Residential and commercial customer count across all substa-
tions (part 2)

Figure A.4: Area 3: Residential and commercial customer count across all substa-
tions (part 1)
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Figure A.5: Area 3: Residential and commercial customer count across all substa-
tions (part 2)

A.2 Rated capacity distribution

Figure A.6: Area 1: Rated capacity across all substations
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Figure A.7: Area 2: Rated capacity across all substations (part 1)

Figure A.8: Area 2: Rated capacity across all substations (part 2)
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Figure A.9: Area 3: Rated capacity across all substations (part 1)

Figure A.10: Area 3: Rated capacity across all substations (part 2)
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A.3 Average load profiles

Figure A.11: Average weekly load profile for the 170 EV profiles. With mean and
standard deviation
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