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Positioning of Charger Stations for a fully-electrified Swedish Transport System
Consequence on the Power System
Shenglai Jin
Department of Electrical Engineering
Chalmers University of Technology

Abstract
In pursuing a fully electrified transportation system, with the promotion of electric
vehicles, existing traffic prediction models are showing weakness. The inadequate
layout of charging facilities fails to meet demands, and the growing energy consump-
tion has severely impacted the power system.

This study proposes an integrated energy optimization and charging infrastructure
framework (EOIET), addressing the challenges during the electrification process.
In terms of energy consumption prediction, the study established urban traffic flow
energy consumption estimation models UCEM and UTEM based on macro traffic
data, and constructed a long-distance traffic flow energy consumption prediction
model through the LSTM-GRU model with Rayleigh distribution assumption. For
the optimization of charger station layout, the study comprehensively considered the
decentralized nature of the urban layout and applied a simulated annealing model
and topology optimization techniques to determine the optimal location of long-
distance charging stations. The power system impact assessment uses Monte Carlo
simulation combined with deep learning algorithms to optimize the power transmis-
sion strategy and evaluate the grid stability and load balance.

The study verified the model based on Sweden’s historical transportation energy con-
sumption and relevant EU indicators, which confirmed the reliability of the model.
It provided a reference for infrastructure development and grid optimization in the
context of electrified transportation.

Keywords: Traffic Flow Prediction, EV Charging, Positioning charging infrastruc-
ture, Grid Management
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1
Introduction

1.1 Background

Reducing greenhouse gas emissions, mitigating global warming, and striving toward
carbon neutrality represents proactive responses and shared goals in facing the cli-
mate crisis. Under the carbon neutrality framework, the shift to renewable energy
is essential in global energy transformation. To this end, the EU has even put for-
ward the strategic goal of fully implementing electric vehicles. Sweden, with its
leading electric vehicle industry and abundant renewable energy resources, plays an
important role in this process. During the electri�cation of Swedish transportation,
precise forecasting of tra�c �ow, accurate estimation of vehicle energy consumption,
and optimal positioning of charging facilities have become bottlenecks. Meanwhile,
as modern society has higher requirements for the stability and balance of the power
grid, it is crucial to assess the potential impacts of electri�cation on the power sys-
tem is also crucial.

The research aims to utilize extensive Swedish tra�c data to build analytical mod-
els that support accurate tra�c �ow predictions, improving the optimal sitting of
critical charging infrastructure and assessing its potential impact on the grid as well.
Moreover, the research contributes to the development of renewable energy within
the framework of carbon neutrality.

1.2 Literature Review

Accurate tra�c prediction is essential for the development of electri�ed transport
systems. Previous research predominantly focuses on temporal and spatial feature
extraction. Generally, prediction models can be categorized into three types: Naïve,
parametric, and non-parametric models[1]. The naïve model adopts historical data
as a decision-making standard, and cannot accurately re�ect variation tendency of
tra�c �ow. Parametric models, for example, the Autoregressive Moving Average
model (ARIMA) are widely used in short-term prediction[2]. Its extended ver-
sion, combined with the GARCH model, improves the ability to capture conditional
means and heteroskedasticity[3][4]. However, the reliance of parametric models on
the assumption of data linearity limits their performance in complex nonlinear re-
lationships, especially in long-term forecasts. With the rise of deep learning, non-
parametric methods have become mainstream. For example, KNN can e�ectively
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1. Introduction

capture historical �uctuation characteristics, but it is limited to periodic change
characteristics[5][6]. LSTM o�ers improved handling of nonlinear scenarios com-
pared to parametric models [7][8][9], yet its performance is insu�cient when dealing
with short-term �uctuations. To address this, the encoder-decoder structure and
light-BGM were coupled with LSTM[10][11][12][13], unexpectedly resulting in in-
creased computational complexity and risk of over�tting. Meanwhile, the combina-
tion of GRU and encode-decode sacri�ce medium and long-term prediction ability
although simpli�es the computation[14]. In addition, RNN and GCN-based oper-
ations have improved the spatiotemporal feature extraction in prediction[15]-[20].
However, such methods are usually limited to small-scale applications. Reviewing
related models, the �exibility and accuracy of non-parametric models make them
stand out[21]. It is frustrating that it is highly di�cult to consider both multi-
dimensional time predictions and the simplicity of the model. The improvements
may come from the attendance of external factors [22].

Building on tra�c prediction, vehicle energy consumption estimation is also crucial.
Studies have shown that most electric vehicle users tend to charge when the battery
is low[23], keeping the battery charge between 20% and 80% has been shown to be
bene�cial to battery health[24]. These factors exacerbate the "mileage anxiety" of
electric vehicles, while fast charging facilities proved to contribute to overcoming
it[25][26]. As for the vehicle energy consumption calculation, an approach inte-
grating speci�c driving data provides high accuracy[27], however, lacks the ability
to quantify the overall �eet. In comparison, models based on queuing theory are
suitable for �eet calculations[19]. With the popularization of EVs, the potential
interaction between individual user behavior and energy consumption has gradu-
ally attracted attention. Although relevant studies have shown that this relation-
ship still has great uncertainty, urban commuting demand may tend to stabilize
due to the multifactorial impacts[28]. Theoretically, the charging station siting
models can be categorized into mathematical optimization, multi-criteria decision-
making(MCDM), and heuristic algorithms[29]. Notably, mathematical optimization
models are constrained to small-scale and �xed-parameter scenarios. MCDM typi-
cally considers external factors such as cost[30], making it less relevant in demand-
driven cases. In contrast, heuristic algorithms have demonstrated promise in large-
scale planning. The genetic algorithms optimize site selection layout by simulating
user charging behavior[32][33], while whale optimization algorithms plan based on
charging waiting time[34]. European research further provides standardized sugges-
tions for charging station parameters[31], and recommends setting up a light vehicle
charging station every 60 kilometers and a heavy vehicle charging station every 100
kilometers in the EU core network[35][36]. The Swedish Transport Agency con-
ducted a review of existing electric vehicle charging facilities[37][38].

Along with the rolling out of charging facilities, the criteria for evaluating whether
the power grid can meet daily charging needs and maintain smooth operation has
become a research focus. Evidence has shown that EV users usually charge at night
which overlaps with the evening peak, increasing the burden on the power grid[25].
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1. Introduction

Addressing this problem, an analytical framework has been proposed, especially for
the power peak and equipment overload problems caused by charging[39]. Long-
term models suggested that the increase in EV usage may lead to an increase in
the power system's dependence on fossil energy[40]. Meanwhile, smart charging
technologies have demonstrated e�ectiveness in reducing peak loads and enhancing
renewable energy utilization[41]. Additionally, probabilistic models of vehicle energy
consumption and power generation provide quantitative insights for grid stability
analysis[42].

The review of the previous learnings reveals that while substantial progress has
been made in tra�c �ow prediction, vehicle energy consumption estimation, charg-
ing station layout, and grid impact assessment, limitations still exist. Most predic-
tion models have obstacles in capturing both short and long-term characteristics,
particularly performing worse regarding nonlinear sequences. In addition, current
vehicle energy consumption models lack speci�city for di�erent tra�c scenarios (e.g.
cities and highways). Concerning the positioning of chargers, high computational
complexity, especially for large-scale cases, and insu�cient consideration of multidi-
mensional factors do matter. As for the consequence of the power system, there is a
lack of systematic generation and load modeling, and the overlooking of the energy
market is missing as well.

1.3 Purpose

Based on the above analysis, the purpose of the study is to establish an LSTM-GRU
model to enhance the ability to capture both short-term �uctuation and long-term
trends. Furthermore, an additional target is setting energy consumption models
speci�cally tailored for urban commuting and long-distance travel along highways.
Moreover, designing an algorithm to determine the placement of the charging sta-
tions. In addition, a goal is to assess the stability of the power system by Monte
Carlo analysis under multiple decision-making strategies, providing a reference for
the operation aligned with power market policy.
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2
Theory

This chapter mainly presents some known research theories, which will help the
subsequent development of this study.

2.1 Tra�c Flow Forecast

For national-level analysis, long-term trend forecasting of tra�c �ows is crucial for
understanding future tra�c patterns and demand trends, which play a crucial role in
planning and constructing the overall layout of the charging infrastructure. Mean-
while, short-term �uctuation prediction helps to optimize the daily operation of
charging stations, particularly in response to �uctuations caused by special events
(e.g., holidays, large parties, etc.). This enables more appropriate resource allo-
cation, adjusting and optimizing charging stations' speci�c location and capacity.
Relying solely on either a single long-term or short-term model presents some lim-
itations in the analysis. Therefore, combining the strengths of both long-term and
short-term forecasting into a multi-level analytical framework becomes the primary
topic of this study.

Based on the discussion on prediction modeling in Section 1.2, this study adopts
LSTM combined with GRU. The following is a brief introduction to the structure
of LSTM and GRU.

2.1.1 LSTM

The LSTM model is dominated by the learning prediction of long-term dependencies.
It completes the prediction through the forgetting gate, input gate, state update,
and output gate. The forget gate determines which part of the previous cell state
Ct � 1 should be kept. It takes the previous hidden stateht � 1 and the current input
x t , and applies a Sigmoid activation to produce a value between 0 and 1 for each
component of the cell state

f t = � (Wf � jht � 1;x t j + bf ) (2.1)

whereWf is the weight matrix for the forget gate,bf is biased for the forget-gate,
and � is the sigmoid activation function.

Then the candidate cell stateCt is generated using a hyperbolic tangent function as
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2. Theory

an activation function, creating a new set of values that could be added to the cell
state, expressed as

~Ct = tanh( WC � jht � 1; xt j + bC ) (2.2)

Wi ; WC are the weight matrices for the input gate and candidate cell state,bi ; bC

are the basis for the input gate and candidate cell state.

The cell state is updated by combining the retained information from the previous
cell state and the new information, denote by

Ct = f tCt � 1 + i t
~Ct (2.3)

This allows the LSTM model to retain long-term dependencies by deciding what to
forget and what to update.

Finally, it is the output gate that determines the next hidden stateht , also the
LSTM cell's output. It decides which part of the cell state should be passed to the
next layer or time step. The output gate is expressed as

ot = � (Wo � jht � 1; xt j + bo) (2.4)

whereWo is the weight matrix for the output gate, bo is the bias for the output gate.
The hidden state is calculated by applying an active function to the updated cell
state, and then scaling it by the output gate

ht = ot � tanh(Ct ) (2.5)

2.1.2 GRU

GRU is a recurrent neural network with a simpli�ed structure that only includes
update and reset gates to more e�ciently handle short-term �uctuation feature
extraction prediction. The update gate controls how much of the previous hidden
state should be passed on to the current hidden state, determining the amount of
pass information to carry forward at each time step, expressed as

zt = � (Wz � jht � 1; xt j + bz) (2.6)

where Wz is the weight matrix for the update gate,bz is the bias for the update
gate.

The reset gate determines how much of the previous hidden state to forget. It
also decides how much of the past information to discard when computing the new
hidden state, denoted as

r t = � (Wr � jht � 1; xt j + br ) (2.7)

The candidate's hidden stateht is computed using the reset gate. Whenr i is close
to 0, the in�uence of the previous hidden state is reduced, allowing GRU to reset
and focus on the new inputx t . The above process can be denoted by

~ht = tanh( W � jr tht � 1; xt j + b) (2.8)

5



2. Theory

Where W is the weight matrix for the candidate's hidden state.b is biased for the
candidate's hidden state. The hidden stateht is then updated by combining the
previous hidden stateht � 1 (scaled byzt ) and the candidate hidden stateht (scaled
by 1 � zt ). This interpolation allows the GRU to maintain important information
over time while discarding less relevant information.

2.2 Energy Demand Estimation

2.2.1 Energy Consumption per EV

Typically, battery e�ciency is around 90%. To accurately assess the average energy
consumption (kWh/km) of an electric vehicle while traveling, it is necessary to
understand the drive resistance and the key factors that a�ect it. Below is an
energy consumption calculation method based on key factors such as vehicle driving
resistance and battery e�ciency.

Vehicle driving resistance consists of two main components. The rolling resistance,
which is generated by the friction between the tires and the ground, can be calculated
as

Froll = Cr mg (2.9)

whereCr is the rolling resistance coe�cient, m is the mass of the vehicle, andg is
the acceleration due to gravity (generally valued at9:8kg� m=s2). The air resistance
can be expressed as

Ff rag = 0:5CdA�v 2 (2.10)

whereCd is the air resistance coe�cient,A is the windward area of the vehicle,� is
the air density, and v represents the traveling speed.

In general, vehicles traveling through various scenarios experience events such as
acceleration, deceleration, and kinetic energy recovery from braking, all of which
trigger �uctuations in energy consumption. However, individual �uctuations tend
to o�set each other out in large-scale �eets, allowing for analysis under a constant-
speed driving case. In steady-state driving, the vehicle traction is balanced with the
driving resistance. Therefore the vehicle energy consumption per kilometer traveled
can be calculated as

e =
P
�

1
v

=
Froll + Fdrag

�
(2.11)

In this study, the relevant parameters of cars, buses, and large trucks are referenced
in the following table.
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2. Theory

Table 2.1: Parameters of the investigated Electric Vehicles

Parameter Car Bus Truck

m 1300 kg 10000 kg 15000 kg
Cr 0.009 0.007 0.0075
Cd 0.25 0.55 0.65
A 2.4 m2 7.5 m2 7 m2

� 1.225 kg/m3

� 90%

Combined with the general speed at which vehicles travel, the study can take
the energy consumption of 0.2kWh/km for small cars, 1.2kWh/km for buses, and
1.5kWh/km for large trucks.

2.2.2 Energy Consumption Model

In the analysis of energy consumption of large-scale transportation systems at the
national scale, the driving distance and energy consumption of di�erent EVs exhibits
randomness and volatility. The probability distribution models can e�ectively de-
scribe this uncertainty and quantify the energy consumption characteristics in di�er-
ent scenarios, thus providing reliable estimates of average daily energy consumption.
Acknowledging that the vehicle traveling distance obeys a speci�c probability dis-
tribution, the average daily energy consumption of a certain type of electric vehicle
can be expressed as

Eavg =
Z 1

0
exf (x) � dx (2.12)

Heree is the average energy consumption per kilometer of each type of vehicle pro-
posed in 2.2.2,x denotes the daily driving distance, andf (x) denotes the probability
density function obeyed by the driving distance of the vehicle.

In this scenario, if the �eet hasN electric vehicles, its total energy consumption can
be expressed as

E tot = NE avg (2.13)

In practice, the probability distribution smoothes out the extreme driving distance
of individual vehicles into an overall average, making the average daily energy con-
sumption more representative. This model can e�ectively re�ect the average energy
consumption level of a large-scale �eet. Proposing appropriate probability distribu-
tion models for di�erent scenarios has becomes one of the key issues to be addressed
in this study.

2.3 Position of Charger Station

The location of charging stations is a multi-dimensional decision-making process that
takes into account factors such as charging station utilization, vehicle accessibility,
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2. Theory

etc., and it is a typical discrete optimization problem. Adopting multiple constraints
to quantify the corresponding factors and solving the objective function, which can
provide a solution for layout of the charging station to meet the actual demand.
This decision-making process can be expressed as

min =maxZ =
nX

j =1

cj x j (2.14)

Satisfying
nX

j =1

aj x j � bj (2.15)

where,Z is the objective function, which is the weighted sum of the factors a�ecting
the charging station location decision,x j and cj represent the factor and its weight,
respectively. aj and bj represent the moderators in the constraints.

In practical decision-making, following the European Union's principle of prioritiz-
ing demand-driven usage[31], this study focuses on charging station coverage and
usage rate as the main decision-making factors. Meanwhile, di�erent constraints
and objective functions are established for di�erent scenarios. For example, in the
city, the focus is on the distribution of stations consistent with the city's structure,
whereas on the highway, ensuring accessibility within a certain distance. Estab-
lishing a reasonable in�uencing factor system and selecting an appropriate heuristic
algorithm to solve the multi-objective function has also become one of the focuses
of this study.

2.4 Consequence of the Power System

2.4.1 Assessment of Energy Supply and Demand

As the demand for EV charging increases, the balance of supply and demand within
the power system becomes increasingly complex. Using probability distribution
models to �t the patterns of power generation and consumption enables a precise
understanding of the distributional characteristics of supply and demand �uctua-
tions, facilitating a more accurate assessment of supply-demand dynamics across
di�erent periods. To accurately characterize the data, measures such as symmetry,
skewness, and kurtosis can assist in determining the distributional trend of the data
and matching the applicable probability model.

Skewness is mainly used to characterize the direction and degree of asymmetry of
the data distribution. A positive skewness indicates that the distribution is right-
skewed, negative suggests left-skewed, and a zero skewness illustrating that the
distribution is roughly symmetric. The formula followed as

Sk =
1
n

nX

i =1

(
x i � �x

�
)

2

(2.16)
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2. Theory

Kurtosis measures the degree of spikiness of the data distribution and is calculated
as

Ku =
1
n

nX

i =1

(
x i � �x

�
)

4

� 3 (2.17)

In the above expression,x i represents the sample data,�x is the sample mean,� is
the standard deviation,n is the sample size.

In general, the commonly used probability distribution models include normal dis-
tribution, Poisson distribution, exponential distribution, Weibull distribution, log-
normal distribution and so on. Normal distribution is suitable for describing the
case of symmetric distribution, the probability density function is

f (x) =
1

p
2�� 2

e� ( x � � ) 2

2� 2 (2.18)

where� is average� is the standard error.

The Poisson distribution is often used to describe short bursts of events with a
probability density function of

P(x = k) =
� ke� �

k!
(2.19)

where � refers to the average frequency of events andk represents the number of
events in a period.

And the exponential distribution is expressed as

f (x) = �e � �x (2.20)

The Weibull distribution applies to random variables with right or left skewness and
is expressed as

f (x) =
1

x�
p

2�
e� (ln x � � ) 2

2� 2 (2.21)

where, � and � correspond to the mean and standard deviation after logarithmiz-
ing the sequence, respectively. After determining the approximate available prob-
ability distribution model, maximum likelihood estimation (MLE) is a commonly
used parameter estimation method to determine the distribution parameters. For
the samplex1; x2; :::xn and parameter� , the likelihood function expresses the joint
probability of the sample data under the parameter

L(� ) = f (x1j� )f (x2j� ):::f (xn j� ) (2.22)

By solving for the optimal parameters�̂ , the corresponding log-likelihood function
is maximized, i.e.

d
d�

ln L(�̂ ) = 0 (2.23)
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2. Theory

After completing the initial model �tting, it is necessary to conduct a goodness-of-
�t test and comparison to determine the �nal distribution model. Useful criteria
include

Akaike Information Criterion (AIC)

AIC = 2k � 2 ln L(�̂ ) (2.24)

Bayesian Information Criterion (BIC)

BIC = k ln(n) � 2 ln L(�̂ ) (2.25)

where k represents the number of model parameters andn represents the sample
size, these two criteria measure the simplicity of the model.
Kolmogorov-Smirnov Test (K-S Test)

D = sup
x

jFn (x) � F (x)j (2.26)

Fn (x) is the empirical cumulative distribution function and F (x) is the theoretical
distribution cumulative function. The criterion measures the maximum di�erence
between the �tted distribution and the theoretical distribution.

After con�rming the probability distribution model for power generation and con-
sumption, Monte Carlo analysis can be applied to simulate power supply and de-
mand under various scenarios, therby assessing the impact of charging demand on
system stability. This approach simulates diverse supply and demand scenarios
by generating multiple random samples of input variables (e.g., generation, load
demand) to evaluate the performance of the power system under di�erent load con-
ditions. System reliability is represented by the lost load probability (LOLP)

LOLP =
T ime_ loadloss

T ime_ total
(2.27)

A well-performed power system requires an LOLP of less than 0.1%, which provides
a useful reference for subsequent studies.

2.4.2 Assessment of Electricity Market Policies

In addition to the supply and demand, energy market policies also re�ect the supply
and demand and price dynamics of the power system in real-time. The following is
a description of the commonly used market impact mechanisms.

The Merit Order E�ect is a mechanism that prioritizes the dispatch of generating
units based on the cost of generation, with lower-cost units being dispatched pri-
oritized, and higher-cost units starting up only when demand is high. Since the
marginal cost of renewable energy is nearly zero, it might lower the average price
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2. Theory

of electricity in the overall electricity market. Quota Obligation is a policy imple-
mented in Sweden, requires generating companies to meet a certain percentage of
renewable energy in their electricity supply. This obligation can lead to �uctuations
in electricity prices, especially in case of clean energy shortage.

By analyzing historical volatility data on electricity prices, these two mechanisms
can e�ectively assess the impact on the electricity market as electric vehicles are
promoted and renewable energy sources increase. These policy analyses will pro-
vide a key economic principle for charging station placement and charging strategy
optimization.
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3
Case Set-Up

Based on the theoretical foundation of this study, this chapter will elaborate on the
overall technical route of the research and organize multi-dimensional data related
to Sweden, such as vehicle data, human geography information, tra�c �ow, and
power systems, to ensure the reliability of the research. The research structure is
shown in the �gure below.

Figure 3.1: Structure of the Research
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3. Case Set-Up

The study relies on o�cial statistical data from the European Union and Swe-
den, integrating tra�c prediction, energy consumption estimation, charging station
optimization algorithm, and power system evaluation model, to propose a research
framework for integrated energy optimization and charging infrastructure for electri-
�ed transportation (EOIET). Additionally, various historical datasets play a crucial
role in verifying the rationality of the model results.

The data for this study comes from multiple o�cial and public channels, cover-
ing vehicle parameter information [43][44], population, area, and housing ratio of
each city [45], Swedish geographic information [46], registered vehicles, historical
commuting information [47], average daily tra�c �ow on major roads [48], charg-
ing station speci�cation parameters [31], power system power generation, electricity
price [49], etc. The details are shown in the table.

Table 3.1: Data and its resource

Type of Data Content Note Reference

Vehicle Data Unit Energy Consumption
of Vehicles

ecar ; ebus; etruck Volvo, Scania

Civil Data Population N i KVR

Number of houses NH;i

Number of apartments NAp;i

Number of commuters NC;i

Transport Data Number of Cars NCar;i SCB

Number of Buses NBus;i

Number of Trucks NT ruck;i

Annual Passenger km of
Cars in each city

X Annual
Car;i

Annually o�ered km of
Buses in each län

X Annual
Bus;j

Annual average of daily
tra�c �ow

ÅDT Tra�kverket

Geographic Data Shape�le of Swedish City - Open map

Shape�le of roads in Sweden -

Charging Station Data Power of Charger in SwedenPm EU Masterplan

Charging E�ciency � m

Occupy Ratio � m

Energy System Data Annual Generation G Energimyndigheten

Electricity Price C

The availability and interpretation of data provided by some o�cial agencies are
presented in Appendix A. To ensure the consistency and accuracy of the data, all
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3. Case Set-Up

types of data must be cleaned and normalized after being introduced. Missing values
in localized areas are supplemented using a linear weighted interpolation method.
Additionally, ArcGIS software is employed to process tra�c �ow and charging sta-
tion layout, o�ering visualization results as well.

The research employed several simpli�cations to facilitate the analysis. First, in
terms of the research object, the typical energy consumption parameters of electric
vehicles were selected to analyze large-scale �eets, ignoring the variations between
individual vehicles. In addition, in the context of the research scenario, electric ve-
hicle users were divided into two groups: daily urban commuters and long-distance
highway travelers. Distinct models were then constructed based on the characteris-
tics of each group, which, while simplifying the process, overlap demand.

The analysis part of the report is presented in Chapters 4-6. Chapter 4 mainly pro-
poses the estimation of vehicle energy consumption in cities and highways. Chapter
5 builds a model to determine the placement of charging stations in cities and high-
ways; and introduces the initial SoC setting combined with the Monte Carlo process
to determine the charger consumption along the highway. Chapter 6 analyzes the
impact on the power system under full electri�cation of the transport system.
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4
Analysis I

Tra�c and Energy Forecast

This chapter focuses on predicting electric vehicle tra�c and energy consumption to
support modeling and assessment of urban commuting and highway travel demands.
Building on the previous discussions, this study utilizes tra�c forecasting models,
average vehicle energy consumption metrics, and relevant distribution models as
foundational references. The study classi�es its subjects into passenger cars, buses,
and heavy trucks, and further categorizes scenarios into urban daily commuting
demands and long-distance highway travel demands.

In terms of predictive accuracy and demand characteristics, the relatively stable
nature of urban daily travel needs and public transit systems allows for tra�c and
energy consumption forecasts based on historical commuting data and other macro-
level statistical indicators. In contrast, given the greater variability in highway travel
demand, a non-parametric forecasting model is introduced to quantify and predict
�uctuations, thereby obtaining more reliable tra�c and energy consumption data.

4.1 Urban Travel and Energy Consumption

To address urban commuting demands, the study introduces models for estimating
daily commuting demand and energy consumption for cars and buses, referred to as
UCEM and UTEM, detailed in sections 4.1.1 and 4.1.2, respectively. The models
aim to quantify the daily usage characteristics of di�erent types of EVs within urban
settings. Note that heavy trucks are generally excluded from the urban scenario.
However, due to the speci�c requirements of logistic transport, heavy trucks are
considered in Sweden's metropolitan cities, namely, Stor Stockholm, Stor Göteborg,
and Stor Malmö. The relevant analysis is presented in section 4.1.3.

4.1.1 Urban Car Estimation Model (UCEM)

Based on the classi�cation of city characteristics, an analysis was conducted on
the commuting patterns and energy consumption of vehicles in urban areas. The
Swedish Bureau of Statistics provides comprehensive data on essential urban metrics,
including population, area, registered vehicles, and historical commuting data[46][47].
The method for classifying cities, as shown in table 4.1, follows the guidelines pro-
posed by the SKR[50]. This classi�cation framework allows for a nuanced approach
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to understanding commuting and energy consumption dynamics across di�erent ur-
ban contexts.

Table 4.1: Classi�cation of Swedish Municipalities

Code Description

A1 Large cities: Municipalities with a population of at least 200000
inhabitants, with at least 200000 inhabitants in the largest urban
area.

A2 Commuting municipalities near large cities: Municipalities where
more than 40% of the working population commute to work in a
large city or municipality near a large city.

B3 Medium-sized towns: Municipalities with a population of at least
50000 inhabitants, with at least 40000 inhabitants in the largest
urban area.

B4 Commuting municipalities near medium-sized towns: Municipali-
ties where more than 40% of the working population commute to
work in a medium-sized town.

B5 Commuting municipalities with a low commuting rate near
medium-sized towns: Municipalities where less than 40% of the
working population commute to work in a medium-sized town.

C6 Small towns: Municipalities with a population of at least 15000 but
less than 40000 inhabitants in the largest urban area.

C7 Commuting municipalities near small towns: Municipalities where
more than 30% of the working population commute to work in
a small town/urban area or more than 30% of the employed day
population lives in another municipality.

C8 Rural municipalities: Municipalities with a population of less than
15000 inhabitants in the largest urban area, very low commuting
rate (less than 30%)

C9 Rural municipalities with a visitor industry: Municipalities in rural
areas that ful�ll at least two criteria for the visitor industry, i.e.,
number of overnight stays, retail-restaurant-hotel turnover per head
of population.

The results of the city classi�cation are shown in Figure 4.1. It reveals that higher-
level cities are predominantly concentrated in southern Sweden, while Class C cities
are more located in the northern region.
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Figure 4.1: City Type in Sweden

After completing the city classi�cation, based on the Annual Passenger Kilometers of
Cars published by SCB in Sweden[47], denoted asX Annual

Car;i , for each city in Sweden,
along with the population and the number of cars, the average daily distance traveled
per car can be estimated

X Car;i =
X Annual

Car;i

N i
NCar;i (4.1)

This dataset provides an accurate depiction of the average daily commuting distance
for each city over multiple years. Considering the de�nitions of city categories,
the study assumes that daily average commuting distances within each city type
�uctuate within a limited range. By analyzing the historical distribution of these
distances, a characteristic value can be derived to represent each city category, as
illustrated in Figure 4.2.

(a) A1 (b) A2
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(c) B3 (d) B4

(e) B5 (f) C6

(g) C7 (h) C8

(i) C9

Figure 4.2: Daily travel distance in each type of city, where annual data from
SCB[47], the study calculates and sketches the average daily distance from 2019 to
2023 to observe the distribution.
18
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It can be observed that the average daily commuting distance for cities within the
same category �uctuates around a speci�c value. The study identi�es the most
densely concentrated value within this distribution as the characteristic daily com-
muting distance for each city category, denoted as . The speci�c values are presented
in Table 4.2.

Table 4.2: Daily Travel Distance in Each Type of Cities, taking the characteristic
value according to the historical daily commuting distance distribution of each city

A1 A2 B3 B4 B5 C6 C7 C8 C9

40 km 38 km 35 km 36 km 35 km 34 km 36 km 35 km 34 km

The study also introduces a variable: the commuting rateRi . De�ned as the pro-
portion of a city's commuting population to its total population over a speci�c time
period, the commuting rate re�ects the intensity of connections and transportation
demand between cities or within metropolitan areas, calculated by

Ri =
N i;com

N i
(4.2)

where N i ; N i;com represents total population and commuting population, respec-
tively. As mentioned in Chapter 3, there is some overlap between urban commuters
and long-distance travelers. In order to minimize this e�ect and avoid double-
accumulating energy consumption, the study assumes that only the commuting
population follows the average daily travel distance speci�c to each city category.
As for the remaining population, an adjustment factor of 5km per day is applied as
a reference. The vehicle energy consumption in a city is then calculated as

ECar;i = 0:2kWh=km � X j Ri NCar;i + 1kWh(1 � Ri )NCar;i (4.3)

Calculation results for some Sweden cities are shown in Table 4.3 below. The com-
plete data across Sweden is presented in Appendix A.

Table 4.3: Daily Urban Cars, where number of cars o�ered by SCB[47], combined
with commuting rate derived in research to get the energy demand.

City Number of Cars Commuting Rate Energy Demand (MWh/day)

Stockholm 353523 48.21% 1546.5
Malmö 125388 32.29% 408.8

Göteborg 197528 30.82% 623.7
Upplands-Väsby 19024 52.11% 84.5

Vallentuna 16329 50.44% 70.7
Österåker 22610 39.50% 81.5
Värmdö 19556 42.44% 74.3
Järfälla 31097 53.30% 140.5
Ekerö 12956 41.35% 48.4

Huddinge 38886 66.13% 208.6
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The daily energy consumption of cars in various cities in Sweden is visualized,via
ArcGIS, as shown in Figure 4.3.

Figure 4.3: Daily Energy Consumption of Cars in City, following UCEM model

4.1.2 Consumptions for Public Transport in City (UUTE)

In analyzing the driving demand and energy consumption of buses within cities,
the research proposed the UTEM framework, diverging from the approach used
for passenger cars and not relying on historical data. Given that bus operations
strictly adhere to transportation planning, estimating urban public transport en-
ergy consumption based on o�cial transportation plans provided by Swedish gov-
ernments proves to be an e�ective approach. Annual target mileage and the number
of buses[47] are then utilized, integrating transportation planning documents from
twenty-one Swedish provinces, including Skåne, Västra Götaland, etc.[51-71].

These planning documents o�er comprehensive details on the use of public trans-
port for commuting, encompassing route planning, energy consumption design, and
other multidimensional factors. Here, a regulatory function is introduced to model
the integration of this information.

The average distance traveled per bus in each city can be expressed as

X Bus;i = f (X Annual
Bus;j

NBus;i

NBus;tot;k

1
365

) (4.4)
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Where,
X Annual

Bus;j is the annual mileage of one province.
NBus;i and NBus;tot;k are the number of buses in the city and the whole province,
respectively.
f is the regulatory function.

Then according to the energy consumption formula, the daily energy consumption
of buses in a city can be calculated as

EBus;i = 1:2kWh=km � X Bus;i NBus;i (4.5)

Table 4.4 provides examples illustrating the energy consumption levels associated
with urban transit systems. These examples o�er insight into the varying energy
demands across di�erent public transportation networks within urban areas. The
complete data across Sweden is presented in Appendix B.

Table 4.4: Daily Urban Buses Energy Consumption, number of Bus o�ered by
SCB[47], energy demand calculated through model

City Number of Buses Energy Demand (MWh/Day)

Stockholm 697 155.8
Malmö 362 65.57

Göteborg 2038 237.26
Linköping 213 34.34

Örebro 38 21.05
Västerås 501 9.37

Helsingborg 246 43.55
Norrköping 159 25.88
Jönköping 79 23.73

Umeå 118 17.84
Vilhelmina 53 8.01
Arvidsjaur 1 1.09

Pajala 11 1.84
Övertorneå 11 1.19

It is worth mentioning that the number of registered buses in Gothenburg far exceeds
that in Stockholm, but considering that in actual management the capital lacks
su�cient space for parking many public vehicles, it still makes sense to drive to other
cities for charging. After calculating the estimated average daily energy consumption
for buses across di�erent cities in Sweden, the results are presented in a visual format
to provide a clearer comparison and understanding of the data. This visualization,
shown in Figure 4.4, highlights regional variations and allows for a more accessible
analysis of energy usage trends among urban transit systems in diverse locations.
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Figure 4.4: Daily Energy Consumption of Buses in City, following UTEM model

4.1.3 Urban Truck Analysis

As explained above, large trucks in cities only operate around Sweden's major urban
areas. The study estimates the energy consumption of large urban trucks based on
the data from these core urban areas provided by the Statistics Bureau. The relevant
data are shown in Table 4.5.

Table 4.5: Travel for Trucks in City

Region Stor-Stockholm Stor-Göteborg Stor Malmö

Number of LGVs 72 33 22
Vehicle Kilometers 1005896 498988 298926
Km per day 83 84 73

Similarly, taking the average energy consumption of a truck as 1.5 kWh/km. Then
the result of the daily energy demand for trucks in the city shall be calculated by

E truck;n = 1:5kWh=km � NT ruck;i x t (4.6)

The �gure below shows the corresponding regional truck energy consumption.
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Figure 4.5: Daily Energy Consumption of Trucks in Core Region

4.2 Highway-Long Travel and Energy Consump-
tion

Section 2.2 claimed that employing probabilistic models to quantify the average daily
travel distance of vehicles is an e�ective approach. In urban areas, due to the relative
stability of commuting, a classi�cation-based marc-level statistical model is intro-
duced in section 4.1. However, vehicles on highways experience signi�cant variability
in travel distances. A more detailed prediction and probabilistic model for accurate
depiction is essential for highway analysis. It can be noticed that the Rayleigh dis-
tribution is particularly e�ective in representing a variable positively skewed and
constrained to non-negative values. Most occurrences concentrated around a range
in the Rayleigh distribution model, aligned with real-highway travel.

The study used the LSTM-GRU model for tra�c prediction and simulated the
driving distance through the Rayleigh distribution model to complete the energy
consumption estimation.

4.2.1 Tra�c Flow Prediction

The study identi�es the tra�c �ow in Sweden at �rst. Sweden Transport Agency
provides the average daily tra�c �ow[38], denoted as ÅDT. Using ArcGIS for visu-
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alization, it is evident that tra�c volume is signi�cantly higher along the Göteborg-
Malmö corridor (E6 highway), and the major roads near Stockholm (E18 and E20
highway). The tra�c levels on other Sweden's core highways are also substantially
higher than those on standard roads, further validating the rationale for separating
urban commuting and highway commuting in the research.

Figure 4.6: Tra�c Flow in Sweden, data from Tra�kverket[38]

Note that the Swedish Transport Agency does not provide detailed tra�c �ow data
for everyday throughout the year. Instead, measurements are conducted four times
annually, with two measurements taken on weekends and two on weekdays. As a
result, an average daily tra�c �ow ÅDT is derived. Consequently, using the provided
average �ow data directly for predictive studies presents limitations, as it disregards
variations across seasons and months and fails to account for sudden tra�c peaks.
To address this, the study incorporates a tra�c sequence expansion approach, using
ÅDT combined with �uctuation provided by the Swedish Transport Agency[38].
Figure 4.7 illustrates tra�c �uctuations from 2019 to 2023.
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Figure 4.7: Fluctuation of Tra�c Flow

This expansion approach mitigates the e�ects of smoothing out long-term trends,
while also capturing short-term �uctuations overlooked by the average �ow, thereby
enhancing the reliability of the tra�c analysis.

Through the expansion, a more detailed tra�c series is obtained, allowing for future
trend predictions when integrated with a forecasting model. The research addresses
both long-term trends in electric vehicle adoption, which are crucial for planning the
overall charging network layout, and short-term demand �uctuations, which are es-
sential for guiding demand response on the power grid side. The LSTM-GRU model
is particularly well-suited for this dual focus, as it can capture long-term dependen-
cies while remaining sensitive to short-term variations in tra�c �ow. Additionally,
as a non-parametric model, the LSTM-GRU can dynamically adapt to changes in
tra�c �ow, ensuring it is an ideal selection for the predictive need in this research.

A customized LSTM-GRU model is then constructed. The model integrates two
LSTM layers, each equipped with gates for memory management, which collectively
capture long-term dependencies essential for identifying persistent tra�c trends.
These dual LSTM layers enable deeper abstraction of long-term characteristics in
the data, improving the model's ability to handle complex temporal patterns. The
GRU layer is then utilized to focus on short-term variations, adapting to dynamic
shifts in tra�c �ow. Dropout layers are included throughout to prevent over�t-
ting by randomly omitting neurons during training, ensuring robust and generalized
learning. Following these layers, a fully connected layer consolidates the extracted
features to compute the �nal output. Finally, a regression layer applies the Mean
Squared Error (RMSE) loss function to compare the predicted values with actual
values, guiding the model towards greater accuracy. This multi-layered architecture
allows the LSTM-GRU model to capture both long-term stability and short-term
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�uctuations e�ectively, making it highly suitable for precise tra�c �ow forecasting.
The structure of the prediction model is shown in Figure 4.8.

Figure 4.8: Structure of the prediction model

The developed model is subsequently applied to forecast existing tra�c �ow pat-
terns, enabling an assessment of its predictive accuracy. A comparison between the
original observed tra�c �ow and the model's predicted �ow is presented in Figure
4.9.
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