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Abstract

In this paper, a new model for charging infrastructure placement with latency optimization is presented. Nodal charging latency
coefficients are calculated including the traffic flow over a candidate location and charging time of the charging technology to
be installed. Faster charging and lower traffic flow reduce charging latency and vice versa. To exceed optimization problem’s
complexity, set-cover modeling is applied to model the road network and the electric vehicle driving trajectories comprising
the drivers’ behavior. As a result, optimal number and layout of charging locations are found for the minimal charging
infrastructure latency, subject to the charging reliability constraint. Numeric results illustrate integration of the charging
latency as part of optimal charging infrastructure placement modeling. An optimal locations layout is shown for applying
the optimization model to a 10 x 10 discrete grid with driving trajectories. A comparison is made with a reference model
that is user-centric and quality of service based to oversee advantages of the newly infrastructure-centric planning model by

minimizing charging latency. Differences are found in optimal layouts with the change of optimal locations.
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1 Introduction

It might take a longer time for an electric vehicle (EV) to
reach its destination, since it can get held up in longer charg-
ing queue when arriving at a charging station [1]. This is a
major shortcoming in facilitating EV adoption and engaging
a wider electromobility. To resolve the charging congestion
of the charging infrastructure, EVs can take less direct route
to avoid charging queue or from the perspective of the charg-
ing infrastructure the solution is to select locations with lower
traffic flow that can accommodate a faster charging technol-
ogy. In terms of wireless communications terminology, the
perspective of latency is explored in [2] where the dynam-
ics of the contention-based bandwidth request scheme is
modeled by a 3-dimensional Markov chain to derive key per-
formance measures such as system efficiency, mean number
of pockets in the buffer and mean head-of-line delay. The pro-
posed paper similarly takes in consideration the traffic flow
over a point in the road network and considers as weights in
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latency coefficients to be included in the optimization pro-
cess. Charging latency is associated to flow congestions and
charging queue which are discussed in [3]. By this defini-
tion, the charging latency is defined as the ratio between
the traffic flow and charging time in relation to the charg-
ing technology. In some cases, excessive charging latency of
the charging infrastructure can cause EVs to be unusable for
transportation. This is the main motivation and the basis of
this research paper to further establish a universal planning
model to set the path for unlimited mobility of EVs and ease
the EV driving convenience.

More specifically, finite queue length as reflection of
charging queuing behavior and various sitting constraints
are part of the optimization model presented in [4]. The
objective function is to minimize the comprehensive total
cost of the charging infrastructure placement. Optimization
results show the optimal charging locations (CS) layout and
the allowable maximum queue length at charging locations.
In reference to the optimization model presented in [3], this
paper also shows an optimal charging infrastructure place-
ment layout subject to charging reliability that was firstly
incorporated in [4]. Nonetheless, the present paper considers
the charging queue as a facilitator to charging congestions
with a direct relation to charging latency of the charging
infrastructure and as such places the charging latency as
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objective function for optimization. By this point of the paper,
it must be emphasized that the present paper takes more gen-
eral approach in charging infrastructure optimal placement
and itis an upgrade of our reference model presented in [4]. In
[4] we have introduced a charging infrastructure placement
model subject to the quality of service (QoS) and charging
reliability. It is a set-covering-based discrete model where
the objective function is set on selecting minimal number of
locations and the constraints involve the overall disposable
charging time of the EV drivers to complete planned trips
and the charging reliability. Charging reliability is a term
that we have also incorporated as an optimization constraint
to engage unlimited mobility for EVs, based on the prin-
ciple of selecting at least one charging location within the
driving range of EVs. It is elaborated more profoundly in
[5, 6] and even more thoroughly in [7]. A shortcoming of the
reference model [4] for which we have progressed to present-
ing this model is due to the QoS constraint that is difficult
to determine for EV drivers. Still, if QoS is determined as
expected service level for the charging infrastructure it can
alsobe incorrect and lead to travel inconveniences. Regarding
[4], this improved model finds the charging latency valu-
able for all EV drivers in more general aspect from the
point of charging infrastructure placement and our objec-
tive function is to minimize charging latency. The present
paper is more universal model that derives from the ref-
erence model with set-covering modeling presented in [4]
and the charging latency as main novelty involved in charg-
ing infrastructure placement used as a conventional index in
other areas as in telecommunications, as shown in [8] and
[9], information-technology communications [10, 11], etc.
Nonetheless, latency in those areas is defined as a change of
node due to node occupancy which is like the charging infras-
tructure placement problem by changing more frequently
traffic occupied candidate locations with less occupied that
can charge with faster charging times. This is the gap that we
targeted and exploited in present paper.

As vital part of the charging latency is the charging
congestion. In most of the research papers, charging con-
gestion is targeted by control and adaptive algorithms, such
as [12-14]. In [12], an adaptive control algorithm for EV
charging is proposed without straining the power system.
Congestion signals in relation to traffic flow are deployed
across the network and managed by the control algorithm.
The present paper includes the traffic flow that comes from
driving behavior by considering the EVs driving through
a candidate location in the road network within the plan-
ning period. In comparison to reference [12] traffic flow is
included in present paper since a road network is simpler to
be derived and modeled as shown in this paper in comparison
to a model of the electric power network which is in addition
involved by the connection power of the charging station.
Nevertheless, the electric power system is included in the
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present paper indirectly through the charging time at a candi-
date location, which is determined by the connection power.
In [13], once again the charging congestion is observed from
the viewpoint of asset congestion during peak hours. The
point is to mitigate congestion in electric network and how
to avoid congestion issues. The control algorithm boils down
to comparing a controlled and uncontrolled EV charging.
In comparison to [13], present paper does not involve any
control charging strategy regarding EV charging yet takes
a general charging infrastructure optimal placement plan-
ning viewpoint. It considers reducing charging congestions
by placing the charging infrastructure with an optimal objec-
tive function to minimize charging latency as a ratio of the
traffic flow at a candidate location and charging time. Other
types of exploitation strategies to reduce congestion shown in
[14] such as management of EV loads and other cost savings
optimization are not within the focus of present paper.

A similar idea that comes close to the concept in present
paper is reference [15], where a test was made to obtain info
whether the efficiency of the traffic system could be enhanced
by congestion charges. The test is named “The Stockholm
congestion—charging trial 2006,” where a different toll rate
was set across the cordon of Stockholm to reduce traffic and
to motivate vehicle drivers to use alternative routes. Goal
was to test if additional charging and increasing toll costs
would force vehicle drivers to use less costly tolls. With the
overview made in [15] declares that the effects on conges-
tion reduction were larger than anticipated, so that it resulted
in favorable benefits for environment, but also in favor to
vehicle users. Similar to the idea in [15], present paper uses
the input info on candidate locations regarding their traf-
fic flow as starting point in determining their significance in
the overall charging latency—if traffic weight is higher, it
is more expectable to have congestions and thus the model
must be set to select locations to reduce latency while the
location is within the driving range of the EVs. Nonetheless,
reference [15] is a traffic flow-oriented paper and in present
paper traffic flow is part of input data modeling as driving
trajectories reflecting EV driving behavior. In other, more
recent study, [16], there are substantial findings regarding
the outcomes of implementing time-differentiated conges-
tion charging rates—there is higher support for congestion
charging with the ultimate purpose of greater delay reduction.
Therefore, the aim of the present paper is to further facilitate
the transformation of placing charging infrastructure based
on more latency reduction-based optimization models.

From a charging infrastructure-centric planning point,
there are variety of discrete location models which fall under
the categories of coverage, median and dispersion models
as noted in [17]. Coverage discrete location models relate to
the set-covering theory, i.e., to location set-covering problem
(LSCP), [18]. Present paper is a discrete set-covering model,
whereas per LSCP definition the optimal objective function
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is set to find the minimum number of locations to reduce
charging latency and to cover the road network with CSsin a
way so that they are at least adjacent for a driving range dis-
tance. In comparison to [18], distance is used as a coverage
criterion used as an optimization constraint defined by the
charging reliability which was referenced previously. One of
the first discrete set-covering models in relation to finding the
location to allocate an ambulance vehicle to cover an area in
relation to minimal time of arrival or distance was presented
in [19]; however, the improvement of these set-covering mod-
els in the framework of charging infrastructure planning must
be improved in objective functions and constraints, which
is done in present paper by involving the charging latency
and the charging reliability as a constraint. In more recent
papers, such as [20] a thorough review is made of the formu-
lations and case-studies regarding the optimal placement and
locations selection for classical fast and slow charging sta-
tions to provide deeper insights. Discrete location problems
for example max covering, P-center and P-median models
for CI placement are shown comprising the inputs and out-
puts in the models. Inputs are defined as no. of CS, demand
nodes, set-covering inputs, candidate sites and the outputs are
locations of CS, max no. of covered nodes, locations of min
average driving distance, etc. Objective functions are both
cost wise including distribution network expansion, service
durations, power quality or other ancillary services costs opti-
mization. Namely, as emphasized in [20], charging stations
optimal location selection is an open research topic and in
the present paper we have upgraded a classic set-covering
optimal charging stations location model with the novelty of
integrating latency as a term that merges two vital compo-
nents including charging time and traffic flow over a potential
charging location. Additionality to the classical covering-
based charging infrastructure placement models, advanced
analytics is applied on travel behaviors of urban residents
and thus included in the optimization models. Such exam-
ple is [21] where the models consist of two parts, i.e., one
for short distance commuters which utilize slow charging
technology facilities, and the other for long distance travel-
ers which utilize fast recharging technology. Nevertheless,
the shortcoming of this paper is that it is strongly depended
on the sensitivity analysis of the user behavior, that it has a
strong impact on the number and location selection of the CS.
On the other hand, the present paper also includes the charg-
ing behavior following a trajectory selection and modeling
of traffic flow over a charging location with a corresponding
charging technology to be placed at a selected location—fast
or slow charging technology to find the impact of the charg-
ing time to reduce the charging latency. In [22] using discrete
modeling of the road network and with additional clustering
analysis on user behavior, the electric vehicle charging sta-
tions coverage was shown. Similarly, for the purpose to show
the patterns of movement of EV users, the trajectories are also

part of the set-covering modeling that are further used to set
the basis for the charging latency optimization.

Following the literature review above, we have solely
focused on the gap where latency from a charging infras-
tructure planning viewpoint has not been involved in any of
the research papers that elaborated on discrete set-covering
allocation models in combination with charging reliability.
As a well-known and highly utilized index, latency is used
in communication networks to reflect the change of a node
because of high occupancy which may cause rendering of the
applications in-use. Translated to our case, latency served as
a main incentive and an idea to define an objective function
to select candidate locations (nodes) with lesser charging
latency coefficients (occupancy).

Closest references to our paper are [4—7] which all have
the charging reliability in-common and derive from the base
set-covering models [18, 19]. References [12—-14] targeted
charging congestion, which is implicitly related to charging
latency, however from the electric power system viewpoint
that is not in focus of this paper. More closely to the funda-
mental concept of present paper is elaborated in [15] where
the tolls paying ratio (nodes) was adjusted to charge more in
areas with higher traffic and the benefits were clear in reduc-
ing traffic congestion. Thus, the main scientific contributions
and improvements regarding the references specifically elab-
orated in this paragraph, but also in relation to the literature
review are:

e New set-covering charging infrastructure optimization
placement model where the objective function is set on
minimizing the charging latency subject to the charging
reliability;

e Charging latency is the main novelty to be introduced in
the research area of CI placement and focus of this paper.
It is defined as a ratio of the traffic flow and the charging
time of the charging technology to be placed at a candi-
date location. We consider that these two components in
particular impact the most in the optimal charging stations
location selection and as such are explored further in this
paper;

e Elaboration on the optimization of the charging latency of
the charging infrastructure, where given candidate loca-
tions with a lower traffic flow and faster charging time
technology, the overall charging latency of the charging
infrastructure is to be reduced. The constraint on charging
reliability was already thoroughly elaborated in [4—7];

e New approach of how to measure the charging conges-
tion of the charging infrastructure as a consequence of
optimization of the charging infrastructure latency. The
option of calculating the charging congestion can be used
toreflect the charging congestion reduction, which is a ben-
eficial information to justify and assess the investments in
comparison to other CI placement models. In this paper, the
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case study shows the overall charging congestion reduc-
tion by comparing the newly involved Latency model over
a QoS-based model for CI placement;

e New approach how to assess and oversee the spatial
changes in the CI placement model by comparing the
Latency and QoS model. The approach shows how to find
the difference in selecting and comparing the charging
technologies for the optimal locations. This approach can
be used to emphasize the significance of the latency coef-
ficients in the optimal selection of charging locations on
locations that have fewer traffic loads and can accommo-
date faster charging stations.

The rest of the paper is organized as follows: the newly
proposed optimization procedure is presented in Sect. 2 with
Sect. 2.1 on input data preparation and Sect. 2.2 on the
charging latency optimization model. Section 3 presents the
numerical results. The conclusion drawn from the paper is
provided in Sect. 4.

2 Charging infrastructure latency
optimization

The optimization procedure proposed in this paper is com-
plementary to the model presented in [4-7] and is shown
in Fig. 1. It consists of three sections, first is the input data
preparation followed by the optimization model and results.

The first Subtask Sect. 2.1.1 of the input data preparation is
to model the road network in a discrete network represented
as a finite set of candidate location points. Next, the goal of
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the second Subtask Sect. 2.1.2 is to outline the EV drivers’
behavior by specifying the road network points as elements
of an individual driving trajectory at specific point in time.

In the third Sect. 2.1.3, the main novelty and the main point
of this paper are presented—charging latency. It is thoroughly
elaborated on this subject on how a charging latency value is
found for an individual candidate location. Next that follows
is the Subtask Sect. 2.1.4 reserved for charging reliability.

The novel optimization model including the charging
latency minimization is presented in Sect. 2.2. The objective
function is set on finding the minimal number of locations to
minimize charging latency subject to the charging reliabili-
ty—defined as selecting at least one charging location within
the range of the EV.

Numerical results are presented in Heading 3, where the
optimal charging infrastructure placement layout is presented
for different EV driving ranges and compared with a (refer-
ence) QoS-based optimization-based model [4].

2.1 Input data preparation

Input data preparation consists of several subtasks before
the optimization model execution. In these subtasks, data
is prepared such as for the modeling of an arbitrary road
network as a finite set of discrete points. These points are
latter used as candidate locations and as a part of an EV driver
trajectory. Charging latency modeling is also presented as the
vital part of the optimization procedure. Charging reliability
is shown as the concept valuable to engage unlimited mobility
for EVs.

2.1.1 Modeling the road network as a final set of discrete
points

Complementary to the modeling of the road network shown
in our paper [4], the discrete approach is used to form a
finite set of discrete elements representing the candidate loca-
tions. The discretization is a well-known method that is only
applied in this paper as it is and is explained fully in detail in
[23]. This is a fundamental first step in reducing the spatial
complexity of continuity of the road network and to further
prepare the data for the optimization model. The road net-
work is represented by the set M, as follows:
M={m, my,....mj, ...,my}; i=12,...,1. (D
M is the finite set of I road network points. The i-th element
of the M finite set is m; that represents the i-th candidate
location for placing the charging station.

Figure 2a shows an example road network in continuous
domain and Fig. 2b shows the discretized form with 15 dis-
crete points, part of the set M as presented in Eq. (1) with
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Fig.2 Example of road network (a)
discretization: a road network
and b discretized road network
with 15 discrete points

Road network

15 elements. The empty markers of the road network are the
candidate locations for the optimization model.

2.1.2 Modeling the trajectories as sets of discrete points

EV driving trajectories also comply with the discrete mod-
eling as shown for the candidate locations. For the v-th EV
driver, the ¢-th trajectory is presented as a finite discrete set
as in Eq. (2).

Nv,t = {nv,l,t» ny,2,ts -+ o ”u,Jv,,,t}§ j=1,
2, o,y Yo=12,...,V; vt=1,2,...,T.

@

~’nv,j,l’ .

N, is the t-th finite set of trajectory elements of the v-th
EV driver, and n,, is the j-th trajectory element. In a plan-
ning period that has 7T time instances, J,,; stands for the total
number of trajectory points of the v-th EV driver at 7-th time
instance. V is the total number of EV drivers. To give an
example of a trajectory, Fig. 3a shows the layout of the trajec-
tories of the v-th EV driver at three different time instances, as
explained in Eq. (2). The pointn,, 1 1 n,,1,2 and n, 1 3 represent
the starting trajectory points in three different time instances,
and n, 71 ny 82 and n, ¢ 3 the finish trajectory points, respec-
tively. In comparison to candidate locations which are empty
markers, the trajectory points are noted with black markers.

Furthermore, the traffic weight (Fig. 3b) in a planning
period T can be derived as shown in next Sect. 2.1.3 in Eq. (4).

2.1.3 Charging latency of the charging infrastructure

The charging latency of the charging infrastructure is focus
and novelty in this paper. It combines the traffic flow at a
candidate location and the charging time of the charging tech-
nology to be installed at that location. Traffic flow is defined
by the number of EVs traveling along a candidate location
point of the road network within an observed or planning
period and the charging time is dictated by the charging power

of the charging technology. For the traffic flow, the following
definition is involved:

1, ifm; € Ny,

Wi = s Ve=1, 2, ...,

N 0, otherwise
T Yv=1,2,...,V; i=1,2,...,1 3)

where the coefficient W; ; takes the value of 1 if the i-th can-
didate location point is part of the set of trajectory demand
points of the v-th EV driver at #-th time instance, and O oth-
erwise. The weight of the i-th candidate location point for
placing CS, noted with w;, is calculated as sum of the coef-
ficients W, in the planning period with T time instances,
written as:

T
wl:ZWl,f’ VZZI,Z,,I (4)
t=1

The weights are shown in Fig. 3b—for the given exam-
ple of three time instances, the size of the weights shows
that along w7 and wg, two trajectories overlap and along wg
three. The size of the marker increases as more overlap over
a candidate location. Traffic weight is vital for the charging
latency of the charging infrastructure and since takes part of
its definition.

Hence, the charging latency of the charging infrastructure
that is latter part of the optimization objective function in
(9) consists of the individual charging latency coefficients
defined for the i-th candidate locations:

wi

CL, = —
CTy

;s Vi=1,2,...,1; Yke K 5)

where the CTy, is the charging time of the k-th charging tech-
nology to be installed at candidate location and K is a set of
charging technologies.

The charging latency coefficient in (5) principally states
the following: A charging infrastructure that consists of
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Fig. 3 a Representation of the
v-th EV driver trajectory at ¢-th
time instance; b traffic flow
weights

charging locations with high traffic flow and longer charging
time, their charging latency is high. Consequently, it will take
alonger time for each EV to reach its destination since it will
be held up in a longer charging queue.

Optimizing the charging infrastructure placement based
on i-th candidate location’s charging latency coefficient
reflects in selecting the candidate locations that have lower
traffic flow and can admit faster charging technology with
faster charging times. Our objective is minimizing the charg-
ing latency of the charging infrastructure with selecting
minimum number of charging locations by also ensuring the
charging reliability to engage unlimited mobility, as shown
in the optimization model in Sect. 2.2.

2.1.4 Set representation of the charging reliability criterion

The charging reliability criterion is involved in previous
research papers [4-7]. In Fig. 4, the charging reliability crite-
rion is shown for the trajectory n, 11 — n,7,1. Itis a criterion
involved to exceed the major shortcoming of EVs, i.e., the
short range and engage unlimited mobility. In this paper, the
charging reliability criterion is not a subject of research, still
it is a fundamental constraint to be involved in the optimiza-
tion constraints in the latter optimization model, presented
in Sect. 2.2.

By the set-covering theory, [19, 23], discrete elements of
the road network have both dual role—to be elements of the
set M and also part of the trajectory finite sets, N,,;. Using the
Euclidean distance [23], the distance between the candidate
location point and the trajectory demand point is defined by
the Euclidean distance [24]:

L = . . )2 L SN2 .
gz,],v _\/(ml nv,],t)dx + (m; nv,],t)dy»
mi € M; ny j+ € Ny;. 6)

The j-th trajectory point is covered by i-th candidate loca-
tion, if the criterion of coverage distance noted in (6) is
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(b)

fulfilled.

A

Svi={mi e M:& j, <R}
J=12 ., Jys Yo=1,2,..., V. %)

In Eq. (7), the elements of the finite set S,,; represent all
candidate location points m;, which meet the distance cri-
terion &;;, < R,. In other words, S,,; holds the candidate
locations which can cover the trajectory points j.

To provide a more straightforward notation of candidate
locations for the further optimization process, the following
Boolean coefficient is involved, i.e., a; ,, which is equivalent
to the set defined in Eq. (7).

a = 1, if gi,j,v < Rv
v — . .
0, otherwise

®)

The a;, coefficient in Eq. (8) notes whether the distance
from the i-th candidate location to the j-th trajectory set ele-
ment for the v-th driver falls within the scope of the defined
distance criterion, §;;, < R,. If this criterion is met, the a;,
coefficient takes the value of 1, otherwise its value equals O.

2.2 Charging latency optimization model
for optimal charging infrastructure placement

Our ultimate goal is to set the charging infrastructure to a
minimal charging latency, i.e., reduce charging congestion
coming from a queue due to the traffic flow going through
a candidate location. The objective function is to minimize
the charging latency of the charging infrastructure by find-
ing the optimal charging locations layout subject to charging
reliability criterion:

1
Min{F:ZCLi-xi} )

i=1
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Fig.4 Charging reliability L
criterion based on the EV o
drivers’ range [4]

where x; is the binary decision variable associated with i-th
candidate location and CL;; is the charging latency coefficient
comprising the traffic flow weight w; and charging time of
k-th charging technology at i-th candidate location as shown
in Eq. (5) in Sect. 2.1.3.

The optimization constraints are:

1
Zai,v'xizl; Yo=1,2,...,V (10)

i=1

xiefo, 1) i=1,2,...,1. (11)

As elaborated in Sect. 2.1.4, Eq. (10) is included to ensure
the charging reliability of the charging infrastructure. The
coefficient a;, of Eq. (10) notes whether the distance from
the i-th candidate location to the j-th trajectory set element
for the v-th EV falls within the scope of the defined distance
criterion, &;j, < R,. If this criterion is met, the a; , coeffi-
cient takes the value of 1, otherwise its value equals 0. This
constraint will impose the optimization to select at least one
candidate location within the driving range if the v-th EV.

Constraint (11) states the binary definition of the opti-
mization decision variable for i-th candidate location, i.e.,
the binary definition of / candidate locations.

2.3 Charging congestion measurement

The charging congestion measurement is determined by
using the charging times of the charging technology to be
installed at selected optimal locations, x; :

CM =) CTy-w; -xi; Vk e K. (12)

1

The overall CM gives an outlook of the overall charg-
ing time for the selected optimal charging stations locations.
Higher values means that the CI placement will result in
higher charging congestion and vice versa. This value can
be used to justify the investment in an optimal CI placement
using the charging latency aspect in comparison to other set-
covering model which are based on coverage and do not
include other aspects such as charging times or traffic flow.

3 Numerical Results

To show the advantages of the optimization model presented
in this paper, an existing test road network is used as shown
in Fig. 6 [4] and modeled by Eq. (1). The road network con-
sists with 100 discrete points, equally distributed on a 1 p.u.
distance between two adjacent points and 1 p.u. is considered
100 km distance.

According to Egs. (1) and (2), each point of the network
is a both candidate location and part of a driving trajectory.
Table 1 lists the driving trajectories for 3 EV drivers at dif-
ferent time instances and their layout is shown in Fig. 5b,
modeled as shown in Eq. (2). In this case study, it is assumed
that at the beginning of the trajectory the battery, i.e., SoC of
the v-th EV driver is fully charged and enables the EV driver
to complete a full driving range, R,. The loss of charge and
any other factors having impact on the SoC are not point of
research in this paper. EV drivers’ mobility behavior can be
therefore modeled arbitrary considering any road network
point (column 3). The shortest and the longest driving trajec-
tory is driven by Ist EV driver in two different instances.
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Fig.5 a Fig. 6 in [4], test road network with 100 candidate locations; b trajectories of EV drivers
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(b)
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1 1
22 23 24 125 26

33 i4

44

XChangcd optimal locations

x unchanged optimal locations

Fig.6 a 3.1 optimal solution in Table 4 in [14]; b optimal layout based on charging latency optimization

To make this case study clearer and to present the impor-
tance of charging latency coefficients, it is assumed that all
candidate locations can accommodate a charging technology
with charging time of 150 min which is equal to charging a 50
kWh battery with a 20 kW charging power. Table 3, columns
1 and 4 represents the enumerated candidate locations, from
1 to 50 and 51 to 100 and based on Eqs. (3)—(5) the numeric
values of candidate location latency coefficients are shown
in columns 2 and 7.

@ Springer

This paper considers two models: a QoS model (refer-
ence model) charging infrastructure optimization placement
which is more user-centric and a Latency model (improved
model) with charging latency optimization which is more
generally infrastructure focused since it uses the well-known
latency index that is used for a communications infrastruc-
ture or network to be optimized. Reference model is taken
from [14], case numbers 3.I-3.III in Table 4 since it is the
same road network model, trajectories and a value for a QoS
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Table 1 EV divers’ trajectories at ¢-th time instance [4]

EV driver Time Trajectory
instance

1 t=1 1234142434445464 748494

95

t=38 959697 8777
r=12 777879 80
t=16 80706050403020109876
=22 616 26 36 46 56

2 t=1 2232425262728292938373
t=15 737475 65 55
=21 554535343323131222

3 t=38 818283848 58 68 78 88 98
t=17 98 97 96 95 94 93 92 91

where the EV driver has a very long waiting time at dis-
posal for charging, i.e., using slower charging technology.
By comparing the reference and improved model, our goal
is to examine the impact of optimizing the charging latency
on the optimal locations’ selection and placement layout,
but also to find how the overall charging time of the charg-
ing infrastructure is improved. Comparison is made for three
different cases of the driving range: 200 km, 400 km and
500 km and it is considered that the driving range is equal
for all EV drivers. The planning period is 22 time instances
and each time instance represents when a EV trajectory is
driven.

Table 2 gives an outlook regarding the optimal loca-
tions’ solution derived by Latency model in comparison
to QoS model (row-wise)—boldly noted locations in QoS
model cases are unchanged locations in comparison to
improved model. Otherwise, an optimal location is consid-
ered unchanged, if it is selected in both optimal location

selection solutions. Such locations for 3.1 are: 1, 3, 12, 14,
18, 23, 34, 38, 45, 52, 54, 58, 72, 74, 78, 80, 83, 87, 92,
94, 96, 98, for 3.1 is only location no. 26 and for 3.1II there
aren’t unchanged locations. It can be concluded that as the
driving range increases, the number of unchanged locations
drops (column 4) from 22 to 1 to none, for 3.1, 3II and 3.111,
respectively. This is due to the new optimization objective
function that pushes the optimization model in selecting loca-
tions with lower charging latency coefficients as the driving
range increases for the charging reliability constraint. In addi-
tion, as the range increases, the optimal selection is wider and
since the number of changed locations is higher (column 5).
Nonetheless, it can be seen in column 3, that the number of
selected locations for first case is lower than the reference
case by 2 and higher in 3.II by 2 and in 3.III by 1. This
occurs since the improved model has found minimum of the
objective function at different locations with lower latency
coefficients to fulfill the charging reliability constraint.

The models’ comparison is further made graphically to
compare optimal solutions for the case of a 200 km range.
Figure 6a shows the optimal solution layout for the refer-
ence case 3.1 and Fig. 6b for the improved model, i.e., where
are the changed optimal locations in comparison to reference
model. Figure 6 shows for both cases the charging latency
coefficients with different size noted with black markers in
the background. As expected, the improved model shows an
optimal solution layout that includes charging latency coef-
ficients with smaller size as listed in Table 3.

To give a deeper significance to charging latency min-
imization and to make this case study even clearer, we
calculated the overall charging time for the charging infras-
tructure as sum of the charging times for all optimal locations.
Overall charging time was derived from Eq. (5) and is only
calculated for demonstration purposes as the product of traf-
fic flow and charging time to show how charging latency

Table 2 Selected locations for the reference, QoS model and improved model, charging latency model

Model Selected locations

Reference 3.1, Table 4 [14]

Improved model

Reference 3.11, Table 4 [14]

Improved model

Reference 3.111, Table 4 [14]

Improved model

136810121418 222326303438
424546 50 5254 555870 72 74
7578 80 83 87 92 94 96 98

1379121416 182023 32343638
4045 52 54 56 58 60 65 72 74 78
80 83 8792 94 96 98

381226303438427074788293
97

472023262844 45 52 60 65 68 79
8492 96

3816223438404274789297
914263338506264 7583889196

No. of selected locations Unchanged Changed
locations locations

34 22

32 10

14 1

16 15

12 0

13 13
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Table 3 Candidate locations with

their charging latency i-th node Lat?ncy 200 km 400 km 500 km
; ino ti coefs
Qo and liomcy models Rl dmp R dmp Rl I

1 0.0067 150 150 0 0 0 0
2 0.0067 0 0 0 0 0 0
3 0.0067 150 150 150 0 150 0
4 0.0067 0 0 0 150 0
5 0 0 0 0 0 0
6 0.0133 300 0 0 0 0
7 0.0067 0 150 0 150 0 0
8 0.0133 300 0 300 0 300 0
9 0.0067 0 150 0 0 0 150
10 0.0067 150 0 0 0 0
11 0 0 0 0 0 0 0
12 0.0067 150 150 150 0 0 0
13 0.0067 0 0 0 0 0 0
14 0.0067 150 150 0 0 0 150
15 0 0 0 0 0 0
16 0.0067 0 150 0 0 150 0
17 0 0 0 0 0 0
18 0.0067 150 150 0 0 0 0
19 0 0 0 0 0 0
20 0.0067 0 150 0 150 0 0
21 0 0 0 0 0 0 0
22 0.0133 300 0 0 0 300 0
23 0.0067 150 150 0 150 0 0
24 0.0067 0 0 0 0 0 0
25 0 0 0 0 0 0 0
26 0.0067 150 0 150 150 0 150
27 0 0 0 0 0 0
28 0.0067 0 150 0 0
29 0 0 0 0 0
30 0.0067 150 0 150 0 0 0
31 0 0 0 0 0
32 0.0067 150 0 0 0
33 0.0067 0 0 0 150
34 0.0133 300 300 300 0 300 0
35 0.0067 0 0 0 0 0
36 0.0067 0 150 0

37 0 0 0 0 0 0 0
38 0.0067 150 150 150 0 150 150
39 0 0 0 0 0 0 0
40 0.0067 0 150 0 150 0
41 0 0 0 0
42 0.0067 150 0 150 0 150 0
43 0 0 0 0 0 0
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Table 3 (continued)

i-th node Latency 200 km 400 km 500 km
coefs

Ref Imp Ref Imp Ref Imp

(min) (min) (min) (min) (min) (min)
44 0.0067 0 0 0 150 0 0
45 0.0067 150 150 0 150 0 0
46 0.0067 150 0 0 0 0 0
47 0 0 0 0 0 0
48 0.0067 0 0 0 0 0
49 0 0 0 0 0 0
50 0.0067 150 0 0 0 0 150
51 0 0 0 0 0 0 0
52 0.0067 150 150 0 150 0 0
53 0 0 0 0 0 0 0
54 0.0067 150 150 0 0 0 0
55 0.0133 300 0 0 0 0 0
56 0.0067 0 150 0 0 0 0
57 0 0 0 0 0 0 0
58 0.0067 150 150 0 0 0 0
59 0 0 0 0 0 0 0
60 0.0067 0 150 0 150 0 0
61 0 0 0 0 0 0
62 0.0067 0 0 0 0 0 150
63 0 0 0 0 0 0 0
64 0.0067 0 0 0 0 0 150
65 0.0067 0 150 0 150 0 0
66 0 0 0 0 0 0 0
67 0 0 0 0 0 0 0
68 0.0067 0 0 0 150 0 0
69 0 0 0 0 0 0 0
70 0.0067 150 0 150 0 0 0
71 0 0 0 0 0 0 0
72 0.0067 150 150 0 0 0 0
73 0.0133 0 0 0 0 0 0
74 0.0133 300 300 300 0 300 0
75 0.0067 150 0 0 0 0 150
76 0 0 0 0 0 0 0
77 0.0133 0 0 0 0
78 0.0133 300 300 300 0 300 0
79 0.0067 0 0 0 150 0 0
80 0.0133 300 300 0 0 0 0
81 0 0 0 0 0 0 0
82 0.0067 0 0 150 0 0
83 0.0067 150 150 0 0 150
84 0.0067 0 0 0 150 0 0
85 0 0 0 0 0 0 0
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Table 3 (continued)

i-th node Latency 200 km 400 km 500 km
coefs

Ref Imp Ref Imp Ref Imp

(min) (min) (min) (min) (min) (min)
86 0 0 0 0 0 0 0
87 0.0067 150 150 0 0 0 0
88 0.0067 0 0 0 150
89 0 0 0 0 0
90 0 0 0 0 0
91 0.0067 0 0 0 150
92 0.0133 300 300 0 300 300
93 0.0133 0 0 300 0 0
94 0.0133 300 300 0 0 0 0
95 0.0200 0 0 0
96 0.0133 300 300 300 300
97 0.0133 0 0 300 0 300 0
98 0.0133 300 300 0 0 0 0
99 0 0 0 0 0 0 0
100 0 0 0 0 0 0 0
Overall sum 6900 6000 3000 2700 2850 2100

(min)

optimization reduces the charging congestion of the charg-
ing infrastructure. Table 3 with columns 3,4, 5 and 8,9 and 10
(row-wise) acknowledges the difference in the overall charg-
ing time of the charging infrastructure for optimally selected
locations considering the reference and improved model.
As expected, significant contribution in reducing the overall
charging time of the charging infrastructure is noted for the
improved model as Table 3, columns 3 and 8 lists the results
for when the driving range is 200 km, 4 and 9 for 400 km
and 5 and 10 for 500 km. Overall charging time is given
in row 101 as overall sum of charging times: 6900 min for
the reference model and 6000 min for the improved model.
In overall, by minimizing the charging latency, the optimal
solution given by the improved model reduced the charging
time by 900 min. For 400 km and 500 km cases the improved
model reduced overall charging infrastructure charging time
in comparison to reference model by 300 min and 750 min,
respectively.

To examine the overall charging time of the charging
infrastructure even more thoroughly we consider charging
times in Table 3, columns 3 and 8 (row-wise) and compare
changed and unchanged optimal locations in Table 2, rows 2
and 3. We observe that the charging time at reference location
6 is higher in comparison to improved location 7, since the
traffic flow is higher. Same for locations 8 10 22 26 30 42 46
505570 75 which were changed by the improved model. The
latency coefficients for the changed locations in the improved
model in the case of 200 km are lower in comparison to the

@ Springer

reference case, 0.0067 (location 7, improved model) in com-
parison to 0.0133 (location 6, reference model), etc. for the
rest of the changed locations; thus, giving head in the opti-
mization objective in the improved model to be selected in
the optimal layout solution. By this point, it is clear that the
latency coefficients increase their value if the traffic flow
is higher or decrease their value for charging technology
installed that provides faster charging time. By selecting
lower value charging latency coefficients and minimizing the
charging latency, the charging infrastructure optimal layout
placement is improved (charging congestion time-wise).

4 Conclusions

This paper presents a novelty in optimal charging infrastruc-
ture planning called charging latency. Objective function is
to minimize charging latency and give an optimal layout of
charging locations subject to the charging reliability con-
straint. In previous papers, charging reliability of the charging
infrastructure is defined as selecting at least one charging
location within the driving range of the electric vehicle.
Charging latency is defined as the ratio of the traffic flow
over a candidate location and the charging time of the charg-
ing technology that can be installed. Faster charging times
and lower traffic flow are points of interest and selecting can-
didate locations with smaller latency coefficients reduces the
overall charging duration. To finding the advantages of the
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newly proposed model, we have made a comparison with
a previously published model that is user-centric based. It
involves a quality of service QoS requests by electric vehicle
drivers to determine the minimal number of locations and
optimal locations layout yet again subject to charging relia-
bility. Since the QoS requests are user specific, present paper
gives an infrastructure-centric and universal model where
is easier to calculate nodal charging latency coefficients to
be included in objective function. Numeric results show
the advantages and the improvements made by the Latency
model in relation to QoS model. Comparison is made to see
which optimal locations were changed because of the newly
defined charging latency coefficients. To give an outlook in
reducing the charging latency, overall charging time of the
charging infrastructure is calculated for both models. Latency
model gives clear improvement in reducing the overall charg-
ing time in comparison to QoS model. A shortcoming of this
paper is that considers the charging infrastructure planning
from an infrastructure point of view and does not consider the
electric power system. Still, electric power system is included
indirectly given the determination of the charging technol-
ogy that can be installed at a candidate location given the
allowable connection power. Further research will comprise
the electric power system in this model.
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