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Executive Summary
This report documents the results of the work performed in the second year of the ELECTRIFIC
project in WP7 Advanced EV1 Driver Assistance Services (ADAS). The purpose of
ELECTRIFIC advanced EV driver assistance services is to enable the EV driver utilize her
vehicle in the way that is both more convenient for her and friendlier to the grid.
The core component of the developed EV ADAS is the driver activity- and grid-aware EV travel
planner. The core innovation of the EV travel planner is that it goes beyond the traditional
single-trip perspective to travel planning and is capable of planning EV travel in the context of
a whole day. This opens significant new opportunities for optimizing the EV use by supporting
the EV user to reshuffle her activities and EV charging schedule to best align her personal
preferences with constraints of the grid, thus supporting the project’s objectives of radically
simplifying the use of EVs and of aligning the behaviour of EV users with the requirements of
the grid. The market-based EV charging capacity allocation mechanism is the second main
result of the work in WP7. The mechanism uses market-based principles, in particular dynamic
pricing, to better match the demand for EV charging with dynamically changing available
charging capacity.
During the second year of work in WP7, significant progress on development of EV ADAS has
been achieved. Based on the experience with the initial version of EV ADAS delivered at the
end of the first year of the project, the technical components comprising EV ADAS have been
improved both in terms of their capabilities and in terms of their computational efficiency. For
the first time, the developed algorithms have been evaluated using the advanced agent-based
simulation testbed, which allowed to assess their performance in a more realistic setting. A
customized version of the EV ADAS algorithms have also been developed to support project
trials. Technological components comprising EV ADAS have matured significantly and now
provide as solid base for the experimentation and trials which will be the focus of the final year
of the project.

1 Electric Vehicle
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CSP

Charging Service Provider
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Direct Current; Classification of charging station type
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(power) Distribution System Operator
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Photovoltaic
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Charging Station
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Charging Service Provider
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Electric Vehicle

CEV

Combustion Engine Vehicle
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JavaScript Object Notation
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I. INTRODUCTION
I.1. Purpose and organization of the document
The purpose of this document is to report the results of the second year of work of WP7
Advanced EV Driver Assistance Services. In contrast, to the first year of the project, where the
work concentrated on Tasks T7.1 Driver Activity- and Grid-aware EV Travel Planning
Algorithms and T7.2 Market-based EV Charging Capacity Allocation Mechanisms, the work in
Year 2 included all tasks in the work package, including Task T7.3 Advanced EV Driver
Assistance Services Integration and Evaluation and Task T7.4 Privacy Aspects and Support
to Experiments and Trials.
The goal of advanced EV driver assistance services developed in ELECTRIFIC is to enable
the EV driver utilize her vehicle in the way that is both more convenient for her and friendlier
to the grid. For EVs to seamlessly integrate into the grid and people lives, EV users need to
be provided with travel planning tools that would help them resolving many decisions that the
use of EVs currently entails. This is because in contrast with combustion engine vehicles,
which enjoy long driving ranges and ubiquitous and almost instant re-fuelling possibilities, the
EV user needs to carefully consider EV battery status, EV range and dynamically changing
recharging options as part of her travel planning. Due to the inherent complex dependencies
and the number of information sources that need to be considered, such a consideration is
difficult and are very difficult to do without the help of computer-based travel assistance tools.
A key challenge for large-scale adoption of EVs is the sufficient provision of charging
infrastructure and power capacity. The supply of EV charging capacity is constrained both by
the physical charging infrastructure (e.g. the number of available charging slots) and the grid
itself, in terms of being able to source and deliver the requested power to the required charging
stations. Although on a long-term, strategic level, the supply-side of the charging market can
be grown by installing new charging stations and upgrading the grid, there will nevertheless
always need to be effective mechanisms for balancing the demand and supply for EV charging
and ensuring, on one side, maximum utilization of the charging capacity and, on the other side,
the availability of charging to the EVs that need it the most.
The organization of the document largely follows the organization of Deliverable D7.1. In
Chapter II, we give an overview of EV Driver Assistance Services (EV ADAS) and put them in
the context of the overall ELECTRIFIC system architecture. In Chapter II, we describe the
progress made in the second half of the project in models and algorithms for Driver Activity
and Grid-aware EV Travel Planning Algorithms; in Chapter III, we do the same for Marketbased EV Charging Capacity Allocation Mechanism. In Chapter IV, we report on the integrated
evaluation of the EV Driver Assistance Services, in particular on the newly developed
simulation-based evaluation testbed. In Chapter V, we report on support provided by WP7 to
project trials. Finally, Chapter VI concludes the report.

I.2. Scope and audience
The document describes the progress in the design, implementation and evaluation of two
crucial technical components of the ELECTRIFIC framework: the complete ADAS agent and a
charging capacity allocation module of the CSP agent, which is otherwise developed in WP4.
Besides EC Officers and appointed evaluators, the document is meant to be used by the
ELECTRIFIC partners, in particular those active in WP3, WP4 and WP5, in order to obtain the
understanding of the technical approach taken and the solution for the Advanced EV Driver
Assistance Services and their interactions with other modules developed in the project. The
deliverable is also important for trial partners in WP8 in order to better understand the
functionality of EV ADAS and how they are employed in the ELECTRIFIC project’s trials.
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II. MODELS AND ALGORITHMS FOR DRIVER
ACTIVITY- AND GRID-AWARE EV TRAVEL
PLANNING: MID-TERM UPDATE
This chapter summarizes the advances in the development of the driver activity- and gridaware EV travel planner. The core innovation of the EV travel planner is that it goes beyond
the traditional single-trip perspective to travel planning and is capable of planning EV travel in
the context of a whole day. This opens significant new opportunities for optimizing the EV use
by supporting the EV user to reshuffle her activities and EV charging schedule to best align
her personal preferences with constraints of the grid, thus supporting the project’s objectives
of radically simplifying the use of EVs and of aligning the behaviour of EV users with the
requirements of the grid.
In the previous project period, we provided simplified formal definition of the EV Travel Problem
and developed first techniques and solutions to the defined problem. In this period, our
emphasis was on extending the EV travel planner to better cope with requirements of realworld applications. More specifically, we advanced the travel planner along the following two
directions:
1. Extending the formal problem definition of the EV travel planning problem to capture
more realistic cases
2. Improving the EV travel planning algorithms to make them scalable to real-world
problems
Although the required extensions and improvements are somewhat antagonistic by nature –
extending the problem definition makes algorithms computationally more demanding – we
have been able to do both to a significant extent. We have evaluated the newly extended
problem formal model and new algorithmic solution both in a synthetic experimental scenario
(Section II.4. ) and in a mobility micro-simulation (Section IV.5. ).
In this chapter, we describe the extended problem definition and the novel speed-up technique.
Moreover, we describe the modifications used in the simulation evaluation which did not
evaluate only the ADAS planning algorithm, but also the influence of information provided by
the charging stations. We also provide an update on the implementation details of the ADAS
service and of the inspector tool used for evaluation and debugging. Parts of the results
presented in this chapter have been also published in [1] and the theoretical results and the
results of the evaluation in the micro-simulation were published in a journal publication [2] and
accepted to a major transportation conference ITSC2.

II.1. Problem definition update
In the second year of the project, we have performed two main updates to the problem
definition, in particular, the restriction of activities taking place at designated points of interest
(POIs) and the possibility to perform a single activity at one of equivalent locations.

2

https://www.ieee-itsc2018.org/
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Figure 1: Planning problem schema.

Figure 1 shows the schema of the planning problem inputs and outputs, which are similar to
the previous version. The main difference lays in the POI locations and in the possible locations
where the activities can take place

Predefined points of interest
The first update is motivated by the fact that the vast majority of user activities take place at a
limited set of points of interest (POIs) such as shops, office buildings, restaurants or charging
stations, or within small distance from them. On the contrary, the road network consists mostly
of crossroad locations, locations denoting the change of road type, etc., which is important for
route planning but irrelevant to activity planning.
To leverage this fact, we divide the problem into two levels of abstraction. The higher level of
abstraction defines the POIs and the activities which can be performed there (including
charging) and ignores the particularities of the underlying road network (we assume that it is
possible to get from each POI to each other POI). The lower level of abstraction then considers
only the details of how to get from one POI to another POI, focusing on the optimization of time
and energy usage, but ignoring any activities and the charging itself.
We define a set of such POIs 𝑉 ⊂ 𝑉 where 𝑉 is the set of all nodes in the road graph. This
set is much smaller than 𝑉 and if we restrict activities to be performed only on these locations
we are able to use a speed-up technique described in Section II.2. . Obviously, not all possible
locations that a user may want to drive to/from can be contained in the set (otherwise the set
would be too large and would lose its purpose); however, there are solutions to handle these
cases [3]. For simplicity, we currently work with the restriction that all of the activities and
origin/destination must be at a POI location.
Currently, we use a synthetic (randomized) set of POIs, but in future iterations we aim to
include realistic data on shops, CSs, ATMs and other publicly available information.

Multiple activity locations
The second update modifies the model of activities. In the previous model, each activity was
restricted to a particular location, which makes sense in some user-specific cases such as the
user’s home, workplace, or the school.
In the new model, activities are allowed to be performed at one location in a set of multiple
locations. This makes sense especially for general activities such as shopping or ATM
withdrawal, where the user might want to specify some restrictions such as the type of the
shop or the ATM provider but does not restrict the particular branch or location to be chosen.
11
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Each activity 𝑎 has defined a set of locations 𝑉 ⊆ 𝑉 where it can be performed instead of a
single location as was the case in the previous version of the problem model. This extension
is important to enable better optimization of the user’s mobility and especially the utilization of
the charging infrastructure. For example, the ADAS planning algorithm can suggest to the user
to shop at a different shopping center because there is currently an available charging station,
or even a charging station with a higher renewable energy percentage.

Formal definition of the planning problem
We define the Whole Day Mobility Planning with Electric Vehicles (WDMEV) problem as a road
graph structure together with the properties of the electric vehicle (EV), and we define a query
as the particular day activities to be performed including the temporal, spatial, and precedence
constraints.

II.1.3.a. The WDMEV problem
Formally, we define the WDMEV problem as a tuple
⟨𝐺, 𝑉

𝑊

, 𝐶, 𝐵, 𝐵 , 𝑇⟩

where 𝐺 ⟨𝑉, 𝐸, 𝜏, 𝜀⟩ is the underlying road network represented by an oriented graph with 𝑉
being the set of graph nodes and 𝐸 the set of graph edges. The graph 𝐺 has a time cost 𝜏 𝑒
and an energy cost 𝜀 𝑒 associated with each oriented edge 𝑒 ∈ 𝐸. The energy cost can be an
arbitrary function. The set 𝑉 ⊆ 𝑉 defines locations of all possible points of interest (POI),
that is, shops, workplaces, leisure activities, and charging station locations, denoted as POI
nodes. The set 𝐵 defines the discretized levels of state of charge (SOC) of the electric vehicle
(e.g., Watthours) where 𝛽
min𝐵, 𝛽
max𝐵 define the minimal and maximal SOC
respectively and the set 𝐵 ⊆ 𝐵 defines a subset of SOC levels to which the electric vehicle
can be charged at the charging stations. The set 𝑇 defines discretized time points (e.g.,
seconds).
Each charging station 𝑐 in the set of charging stations 𝐶 is defined as a tuple 𝑐 ⟨𝑣 , 𝜏 ⟩
where 𝑣 ∈ 𝑉 is a POI node where the charging station is located, 𝑉
⋃ ∈ 𝑣 is the set
of all CS locations. The function 𝜏 : 𝐵
𝑇 𝐵 ↦ ℕ defines the time required to charge given
amount depending on the current time and current SOC. The only constraint we place on the
function 𝜏 is that it adheres to the FIFO property, that is, 𝜏
𝜏 𝛽 ,𝜏 ,𝛽
𝜏
𝜏 𝛽 ,𝜏 ,𝛽
for any 𝜏 , 𝜏 ∈ 𝑇 such that 𝜏
𝜏 .

II.1.3.b. The WDMEV query
Each WDMEV query is defined as a tuple 𝑄 ⟨𝐴, 𝑣
, 𝛽 , 𝜏 ⟩ where 𝐴 is the set of
∈ 𝑉 is a POI node where the vehicle initially starts and also
activities to be performed, 𝑣
must end, and 𝛽 ∈ 𝐵 and 𝜏
∈ 𝑇 define the initial SOC of the electric vehicle and initial time
respectively.
Each activity 𝑎 in the set of activities 𝐴 is defined as a tuple 𝑎 ⟨𝑉 , est , let , d , pre ⟩ where
𝑉 ⊆ 𝑉 is the subset of graph nodes where the activity 𝑎 can be performed (𝑉
⋃ ∈ 𝑉 is
the set of all activity locations), the interval between the earliest start time est and latest end
time let defines the time window when the activity can be performed and the duration of the
activity is defined by d . The latest start time can be derived as lst
let
d . Moreover, the
set pre ⊆ 𝐴 defines the subset of activities that have to precede 𝑎.

II.1.3.c. The WDMEV Solution
A solution of the WDMEV query 𝑄

⟨𝐴, 𝑣

⟨𝐺, 𝑉

𝑠 ,...,𝑠

, 𝐶, 𝐵, 𝐵 , 𝑇⟩ is a sequence sol

,𝛽

,𝜏

⟩ on the WDMEV problem 𝑊

of tuples 𝑠

𝑣 ,𝑒 ,𝑎 ,𝜏

,𝜏

,𝛽

,𝛽

where 𝑣 ∈ 𝑉 is the respective visited graph node, 𝑒 ∈ 𝐸 ∪ ∅ is the edge by which the vehicle
arrives at 𝑣 (may be empty if 𝑣
𝑣 ), 𝑎
𝑉 , est , let , d , pre ∈ 𝐴 ∪ ∅ is the activity
performed at 𝑣 (may be empty), 𝜏

,𝜏

is the time when the vehicle arrives at 𝑣 and departs
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is the SOC of the vehicle when arriving and departing 𝑣

𝜏
𝜏 ,𝑣
𝑣
In order for the solution sol to be valid, for the initial state holds 𝜏
and 𝑣
𝑣
. For each 𝑠 ∈ sol holds 𝑒 is an edge in 𝐺 starting in node 𝑣
and ending in
∅ and 𝑣
𝑣 or 𝑖 0. Also 𝜏
𝜏
𝜏 𝑒 and 𝛽
𝛽
𝜀 𝑒 .
𝑣 or 𝑒
If there is an activity performed in 𝑠 , i.e., 𝑎
∅, then 𝑣 ∈ 𝑉 , 𝜏
lst , 𝜏
d
𝜏 ,
and for each 𝑎′ ∈ pre there must be some 𝑠 ∈ sol such that 𝑗 𝑖 and 𝑎′ 𝑎 . If charging is
performed in 𝑠 , i.e., 𝛽
𝑣 ,𝜏

∈ 𝐶 such that 𝑣

𝛽

0, then 𝛽

𝑣 and 𝜏

𝜏

∈ 𝐵 and there must be a charging station 𝑐
𝛽

,𝜏

,𝛽

The cost of the solution sol is defined as 𝜏 sol

𝜏

.

𝜏

II.2. New speed-up technique:
routes between POIs

.

Precomputed

By extending the model we have allowed for more realistic problem description, but we have
also provided the means for exploiting the new problem structure, as described in this section.
The presented speed-up technique leverages the described two levels of abstraction and
separates the planning algorithms into two phases—a pre-processing phase and a query
phase (see Figure 2). Note, that this approach is common in routing techniques, but has not
been applied to planning with electric vehicles and to planning with the richer model of
activities.

Figure 2: Schema of the planner.

The pre-processing phase focuses on the low-level problem of finding routes between each
two POIs. The complication here is the use of EVs where we need to take care of the SOC
and make sure that the SOC does not drop below 0. Moreover, we cannot look only for the
shortest path as such path might end with a lower SOC which can then lead to the inability to
find a solution to the whole problem even though such solution exists. To avoid such
incompleteness, we need to store the whole Pareto set3 of non-dominated routes between
each two POIs. This, of course, leads to an explosion of the number of stored routes, leading
both to long pre-processing times and to high memory demand for the route storage. To
improve the pre-processing step, we use a number of relaxation techniques described in
Section II.2.1. .
The result of the pre-processing is then used in the query phase of EV travel planning, which
takes into account the activities, their spatial and temporal constraints, and the locations and

3 Pareto set (or Pareto front) is a set of solutions of multi-criteria problem among which it
cannot be decided which solution is better by a simple comparison of the criteria. It is a set of
solutions not dominating each other. One solution dominates another if all of its criteria are
equal or better to the other solution. The definition of dominance can slightly differ between
problems.
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availability of charging stations. This two-phase approach significantly reduces the number of
expanded states during the search, and consequently the run time of EV travel planning.

Pre-processing phase formally
We can define the results of the pre-processing as a multigraph 𝐺
𝑉 ,𝐸
, where
𝑉 ⊂ 𝑉 is the set of predefined points of interest locations and 𝐸
is a set of edges 𝑒
representing the found paths. As was explained in the previous section, we need to maintain
all non-dominated paths (optimization on both time and energy); therefore, there can be
multiple edges for each pair of nodes. Similarly to the original full road graph, each edge 𝑒 is
associated with energy and time costs of traversal. In addition, the edges have information
about the minimum initial energy needed to successfully traverse the edge. The minimum
energy is almost always equal to the energy cost, but in specific cases ending by recuperation,
the minimum energy needs to be checked during the search and the edge pruned if necessary.
For example, if a user drives through a mountain pass, the consumption is large during the
first half but on the way down the battery recharges, making the resulting energy cost smaller
than the amount of energy required in the battery to overcome the pass.
The pre-processing phase considers the WDMEV problem 𝑊 ⟨𝐺, 𝑉 , 𝐶, 𝐵, 𝐵 , 𝑇⟩. The preprocessing phase consists of computing and storing the shortest paths between all pairs of
high-level nodes 𝑣 ∈ 𝑉 , denoted as routes. We use the multi-criteria Dijkstra’s algorithm [11]
to find the routes. Let 𝐺 ⟨𝑉, 𝐸, 𝜏, 𝜀⟩ be a directed graph with the associated time and energy
costs and let 𝑉 ⊆ 𝑉 be the set of POI nodes. We say that a path 𝑟
𝑣 , 𝑒 , . . . , 𝑒 , 𝑣 in
𝐺 is a 𝑣 , 𝑣 -route iff 𝑣 , 𝑣 ∈ 𝑉 .
We define the time cost of 𝑟 as 𝜏 𝑟
𝑣 ,𝑒 ,...,𝑒 ,𝑣
equation. Let 𝑟
min 𝜀 𝑟
𝜀 𝑒
,𝛽
and 𝜀 𝑟

∑
𝜏 𝑒 . The energy cost is defined by a recursive
denote a sub-route of 𝑟 ending at 𝑣 , then 𝜀 𝑟
𝜀 𝑟 .

We can use the route definition to provide a more high-level definition of the WDMEV problem
𝑊

⟨𝑅, 𝑉

, 𝐶, 𝐵, 𝐵 , 𝑇⟩

where 𝑅 is the set of all 𝑣 , 𝑣 -routes. An important observation is that even if optimizing for a
single criterion (e.g., the time cost), it is not enough to find a single shortest 𝑢, 𝑣-route for each
two POI nodes 𝑢, 𝑣 as the resulting SOC or time might not be enough to find a solution (or an
optimal solution) to a given WDMEV query. In order to find an optimal solution the whole set
of non-dominated routes has to be kept and considered in the planning phase. We define the
dominance of routes as follows. Let 𝑟 , 𝑟 be two 𝑣 , 𝑣 - routes for some POI nodes 𝑣 , 𝑣 ∈
𝑉 . We say that 𝑟 dominates 𝑟 iff 𝜏 𝑟
𝜏 𝑟 ∧𝜀 𝑟
𝜀 𝑟 .
𝑠 , . . . , 𝑠 be an
Let 𝑊 ⟨𝑅, 𝑉 , 𝐶, 𝐵, 𝐵 , 𝑇⟩ be a high-level WDMEV problem and let sol
optimal solution of the original problem 𝑊 for the query 𝑄 ⟨𝐴, 𝑣
, 𝛽 , 𝜏 ⟩. Let 𝑟 , 𝑟 ∈ 𝑅
be two 𝑣 , 𝑣 -routes such that 𝑟 dominates 𝑟 . Let sol′
𝑠′ , . . . , 𝑠′ be an optimal solution of
𝜏 sol′ . The
the WDMEV problems 𝑊 ′ ⟨𝑅\ 𝑟 , 𝑉 , 𝐶, 𝐵, 𝐵 , 𝑇⟩ for the query 𝑄. Then 𝜏 sol
proof can be found in [1].
The dominated paths are removed in the pre-processing step without the loss of optimality.
More aggressive pruning techniques which do not preserve optimality are described in Section
II.2.1.a. .
Although the exact paths are calculated during the pre-processing, only the costs and minimum
energy are stored for each path. Even with the minimalistic amount of data saved the memory
requirements are high. If we store all found non-dominated paths, the results would need
gigabytes of memory even for thousands of POIs due to quadratic memory complexity.

II.2.1.a.

Sub-optimal speed-ups

As many of the sub-problems of WDMEV are NP-hard (as was mentioned in Deliverable D7.1),
it is clear that finding an optimal solution in a real-world scale scenario is not tractable. Here
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we present two speed-ups which allow us to compute such solutions at the price of loosing
optimality, completeness, or both. In Section II.4. we evaluate the trade-off.

II.2.1.a.1. Route reduction
One of the main factors in complexity of the search algorithm is the size of the set 𝑅 of all
routes. One possible technique to reduce the number of routes is to select a subset of 𝑘 𝑢, 𝑣routes between each two nodes 𝑢, 𝑣 ∈ 𝑉 . Here we describe how we select such subset of
size 𝑘. We propose a heuristic selection technique as in the worst case it is not possible to
select the proper subset without solving the entire WDMEV problem. It is not possible to ensure
optimality, but also completeness might be jeopardized by discarding a non-dominated route.
The proposed solution proceeds as follows.
Let 𝑅 , ⊆ 𝑅 be the set of all non-dominated 𝑢, 𝑣-routes. We proceed by clustering the routes
in 𝑅 , by each of the constraints (time, energy) and then by selecting the best route in each
cluster based on the other one. For clustering we use the well known k-means algorithm [4].
1. Find 𝑘/2 clusters in 𝑅

,

based on 𝜏 𝑟 .

2. For each cluster select the route 𝑟 with the highest 𝜀 𝑟 .
The same is done for 𝜀 𝑟 and 𝜏 𝑟 respectively (we take the lowest 𝜏 𝑟 ). The result is a set
of 𝑘 routes which are a representative sample w.r.t. one constraint and the best w.r.t. the other
constraint.

II.2.1.a.2. Dominance relaxation
In Deliverable D7.1, we have used 𝜀-relaxation of the dominance rule to speed-up the search.
We can use the same technique to speed-up the pre-processing phase by using 𝜀-relaxed
dominance criterion in the multi-criteria Dijkstra’s algorithm used to find the 𝑢, 𝑣-routes. This
also results in smaller set 𝑅 of all such routes.

II.2.1.a.3. Limit of charging stops
The third speed-up technique is based on an observation of the real-world properties of the
WDMEV problem. Similarly to public transport planning where it is common to let the user give
an upper bound on the number of transfers, we can realistically assume, that the EV user is
willing to allow at most 𝑞 charging stops between each two activities. By assuming such bound
we can significantly limit the number of label extensions as follows.
Let 𝑙 be a label of a POI node. We extend the label 𝑙 by a field 𝑞 which equals the length of
a sequence of parent labels of 𝑙 such that the EV was charged at the respective POI nodes.
We add the following rule to the move extension (i):


If 𝒒𝒗



If 𝒒𝒗 𝒒 use 𝑽𝐏𝐎𝐈 \𝑽𝑪 as the set of possible move destinations where 𝑽𝑪 is the set of
all charging station locations.

𝒒 use 𝑽𝐏𝐎𝐈 as the set of possible move destinations.

In Section II.4. we evaluate the speed-up technique with 𝑞 1 where the extension of the
labels is not even necessary as the above rule can be based only on the last stop. Charging
stops can be extended only by moves to activity locations and vice versa. It also is reasonable
to assume that the user is not willing to make more than one charging stop between two
activities. It is also possible to determine 𝑞 based on the distance (or energy cost) between the
two consecutive activity locations.

Query phase formally
The query phase (during which the search is executed) is based on the original planning
algorithm described in Deliverable D7.1. The main difference is that the result of the preprocessing phase (that is, pre-calculated graph 𝐺 ) is used instead of the original full road
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graph. As the former contains only the POIs and there is significantly less POIs than all nodes
in the road graph, the planning query is significantly faster. See Section II.4. for evaluation of
the speed gains.
The task of the query phase is to find a solution sol
𝑠 ,...,𝑠
to a query 𝑄
⟨𝐴, 𝑣
, 𝛽 , 𝜏 ⟩ given a high-level WDMEV problem 𝑊 ⟨𝑅, 𝑉 , 𝐶, 𝐵, 𝐵 , 𝑇⟩. To do so we
propose a heuristic search which associates sets of labels to the POI nodes from 𝑉 . The
label for a node 𝑣 ∈ 𝑉 is defined by the following tuple
⟨𝑣, 𝐴

𝑙

, 𝜏 , 𝛽 , ℎ , 𝑙 ′⟩

where 𝑣 ∈ 𝑉
is the associated high-level graph node, 𝐴
⊆ 𝐴 is the set of finished
activities, 𝜏 is the aggregate time cost of the partial solution represented by 𝑙 , 𝛽 is the current
SOC at node 𝑣, ℎ is the heuristic value of respective partial solution (currently used heuristic
function described in Section II.2.2.a. ), and 𝑙 ′ is the parent label from which 𝑙 was extended
and which is used to reconstruct the solution.
Similarly to the pre-processing phase, in order to maintain optimality, the search has to keep
all labels for each node, except for the dominated ones, formally Let 𝑙 , 𝑙 ′ be two labels of a
single POI node 𝑣 ∈ 𝑉 . We say that 𝑙 dominates 𝑙′ (denoted as 𝑙 ≻ 𝑙′ ) iff all the following
conditions are satisfied:
𝐴

⊇𝐴

𝜏

𝜏 ′

𝛽

𝛽 ′

′
(1)

The heuristic search algorithm is a modified Multi-Objective A* [5] which differs in that the
proposed algorithm is not searching for the set of Pareto-optimal solutions as it optimizes only
for time, but it needs to consider the Pareto sets during the search because of the temporal
and energy constraints.
In each iteration, the best label according to the heuristic estimate is extracted from the priority
⟨𝑣, 𝐴
queue and extended using one of the following operations. Let 𝑙
, 𝜏 , 𝛽 , ℎ , 𝑙 ′⟩ be
the extracted label, then
(i) move For each 𝑢 ∈ 𝑉 ∪ 𝑉 \ 𝑣 , let 𝑅 , be the Pareto set of 𝑣, 𝑢-routes between the POI
nodes 𝑣 and 𝑢. For each 𝑟 ∈ 𝑅 , a new label
𝑙

⟨𝑢, 𝐴

,

,𝜏

𝜏 𝑟 , min 𝛽

𝜀 𝑟 ,𝛽

,ℎ ,𝑙 ⟩

is added to the queue with a newly computed heuristic value ℎ (The heuristic is computed
are discarded.
only once per node 𝑢). The labels with state of charge bellow 𝛽
(ii) activity For each activity 𝑎 ⟨𝑉 , est , let , d , pre ⟩ such that 𝑎 ∉ 𝐴
let
d , and pre ⊆ 𝐴
a new label
⟨𝑣, 𝐴

𝑙

∪ 𝑎 , max 𝜏

d , est

, 𝑣∈𝑉, 𝜏

d ,𝛽 ,ℎ ,𝑙 ⟩

is added to the queue with a new heuristic value ℎ .
(iii) charging For each charging station 𝑐
𝑏 ∈ 𝐵 such that 𝑏 𝛽 a new label
𝑙

⟨𝑣, 𝐴

,

,𝜏

⟨𝑣 , 𝜏 ⟩ such that 𝑣
𝜏 𝑏

𝑣, for each charging level

𝛽 , 𝜏 , 𝛽 , 𝑏, ℎ , 𝑙 ⟩

is added to the queue with a new heuristic value ℎ .
(iv) activity and charging If 𝑣 ∈ 𝑉 for some activity satisfying the conditions in (ii) and there
is a charging station 𝑐 s.t. 𝑣 𝑣 the combination of parallel activity and charging has to be
considered. For each such activity 𝑎, charging station 𝑐, and each charging level 𝑏 ∈ 𝐵 such
that 𝑏 𝛽 a new label
𝑙

, , ,

⟨𝑣, 𝐴

∪ 𝑎 , 𝜏′ , 𝑏, ℎ , 𝑙 ⟩
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is added to the queue with a newly computed heuristic value ℎ and a new time 𝜏′ . The new
time 𝜏′ is calculated as maximum of the times computed in the cases (ii) and (iii).
The planning result, however, contains only high-level transfers between the POIs but not the
exact path the driver needs to take. Finding the exact path between two activity locations is
fast and simple and can be done again by a slightly modified planning.

II.2.2.a. Admissible heuristic
The search is guided by a heuristic function which relaxes the SOC constraints and takes
⟨𝑣, 𝐴
maximum of the estimates for single activities. Let 𝑙
, 𝜏 , 𝛽 , ℎ , 𝑙 ′⟩ be the currently
extracted label. For each activity 𝑎 ∈ 𝐴\𝐴
which was not finished yet we define its
estimated time to finish as
𝜏

min 𝜏
∈

𝜏 𝑟,

𝜏 𝑟

(2)

,

where 𝑟 , ∈ 𝑅 is the shortest-time 𝑣, 𝑢-route and 𝑟 ,
∈ 𝑅 is the shortest 𝑢, 𝑣
-route
leading to the initial and goal POI node. Intuitively, 𝜏 denotes the time spent on the shortest
trip from the node 𝑣 to a node 𝑢 where the activity can be performed and then to the initial
node 𝑣
excluding the time spent on the activity itself.
The heuristic itself can be expressed as
ℎ 𝑣, 𝜏 , 𝐴

max

∈ \

𝜏

∑

∈ \

d

(3)

that is, we take the worst time of a trip to an activity and to the goal node and add the sum of
the durations of activities that still need to be achieved. Let 𝑊 ⟨𝑅, 𝑉 , 𝐶, 𝐵, 𝐵 , 𝑇⟩ be a highlevel WDMEV problem. For any nodes 𝑣 , 𝑣 , 𝑣 ∈ 𝑉
the respective shortest-time routes
𝑟 , , 𝑟 , , 𝑟 , ∈ 𝑅 satisfy triangle inequality with respect to the time cost.
Let 𝑊 ⟨𝑅, 𝑉 , 𝐶, 𝐵 , 𝛽 , 𝛽 ⟩ be a high-level WDMEV problem and 𝑄
⟨𝑣, 𝐴
⟨𝐴, 𝑣
, 𝛽 , 𝜏 ⟩ a query. Let 𝑙
, 𝜏 , 𝛽 , ℎ , 𝑙 ′⟩ be a label assigned to some 𝑣 ∈
𝑉 . Then ℎ 𝑣, 𝜏 , 𝐴
defined by Equation (3) is an admissible heuristic estimate of the
time cost of a query 𝑄′ ⟨𝐴\𝐴
, 𝑣, 𝛽 , 𝜏 ⟩.

II.3. Planning with CS availability models
The electric vehicle user is daily faced with a number of uncertainties. Will the charging station
I plan to use be operational and free? How long will the charging take? In ELECTRIFIC, we
aim to help the user reason and make good decisions under such uncertainty. An important
factor in how such planning works is the amount of information (and services) provided by the
Charging Service Providers. This information may include availability and future availability
information, whereas the services might include booking. In this section, we discuss how the
presence of such information and/or services influences the planning algorithm. Planning with
the incomplete and uncertain information will be one of our main focuses in the upcoming
project period.

Planning with various degrees of CS-provided
information and services
An important aspect of the charging station is how much information about its state it provides.
From the planning perspective, the ideal state would be if all charging stations provide
information about their future occupancy and free charging slots could be booked in advance.
In such a situation, the user could plan charging in advance and rest assured that the charging
slot will be available at the desired time. Although frequently mentioned as a desirable future
feature, to our best knowledge, no charging service provider currently offers such reservations.
Therefore, we need to consider other options. The most common situation today is that there
is no information about charging station occupancy at all. The user drives to a charging station
and hopes that it will be free and if it is not, the user has to drive to a different CS or wait until
the occupied CS is vacated. To improve user experience, some charging service providers
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started to monitor availability status of their charging stations and publish the status on their
websites or via APIs4. With such information about current availability status, the user/planner
can create more reliable plans. However, the reliability decreases rapidly with growing time
span between the time of planning and the charging itself as the availability information
becomes obsolete. A better solution would include a prediction of the occupancy based on
historical data. However, as with the booking, no public charging service provider known to us
currently offers this kind of information.
We have evaluated the influence of the variable information provided by CSs in combination
with single-trip and all day multi-destination planning variants using the new ELECTRIFIC
simulation tool. See the description of the simulation and the results of the experimental
evaluation in Section IV.5. .

Planning with
availability query

variable

information

size

in

Even though the scenario where charging stations can be booked in advance is an ideal state
from the planning perspective, there is a fundamental issue raised. The booking requires
sending a query to the CSP if and under which conditions (price, available charging power,
etc.) is the desired charging station available. The ideal case would be if the planner could
request availability information for all relevant charging stations for the whole day at once.
Unfortunately, such queries would require CSP to release too much business sensitive
information and CSPs are reluctant to release such information.
The issue of business sensitive information leakage can be partially solved by some kind of
authorization that would only grant full access to verified subjects but that would make the
system less open. Overall, it is likely that we cannot assume complete information on CSP
availability will be provided and, consequently, we need to look for way under which EV travel
planning can work even without complete information about the environment.
How to work with the incomplete information is highly dependent on how access to availability
information is restricted, which can be done in many ways. The first option is that the CSP
restricts the time window and/or number of charging stations for which it provides availability
information (naturally also with a limit on the number of queries per time unit). In this case, the
planner would have to work with internal logic suggesting which of the considered charging
options are worth querying for exact availability information.
The second option is that the queries will have multiple levels of detail that would be explored
sequentially. In this case, the planner would initially ask for a coarse-grained information (for
example if the charging station is occupied or some bounds on price) for a large time window
and/or higher number of charging stations. Based on the obtained information, the planner
would consequently only query the most promising options for fine-grained detailed information
(such as price and available charging power).

II.4. Evaluation of the planning algorithm with
pre-processing
In this section we provide an evaluation of the presented approach. We mainly present two
results. First is the comparison of the optimal solution and the solution utilizing the speed-ups
where we focus on the trade-off between speed and memory improvement and quality
degradation. Second is the comparison to the algorithm described in D7.1 which does not use
any pre-processing phase.
We base our evaluation on a set of benchmarks based on a real-world data set. Similarly
to Deliverable D7.1, we use the road network of Germany bounded by Munich, Regensburg

4

https://api.e-wald.eu/v1/chargers/
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and Passau extracted from OSM5 with the exception of residential edges, leading to a graph
with 75k nodes and 160k edges. We select 500-5000 random locations acting as possible
POIs for the activities and add 324 real-world charging station locations6 (CSs which appear
on the same graph node are considered a single CS), each with only one charging slot (only
a single vehicle can charge at the same time). Each charging station is randomly assigned one
of three charging rates (11kW, 30kW, and 50kW) and randomly parametrized waiting time
which models morning and evening peak hours. Each benchmark problem is generated based
on the following temporal schema of 4-8 activities by randomly selecting particular sets
locations for the activities:
Table 1: Temporal schema used for benchmark problem generation

#Act. Activity 𝒂 Time window Dur. |𝑽𝒂 |
1
Work 1
[7:00, 19:00]
4h
1
2
Work 2
[7:00, 19:00]
4h
1
3
Shopping [7:00, 21:00] 0.5h 50-200
4
Other
[16:00, 22:00] 1h
10
5-8
...
...
...
...

Evaluation of the pre-processing phase
In this experiment, we evaluate the scalability of the pre-processing phase. Table 2 shows the
relation of memory (in MB) and speed (in minutes) requirements with respect to |𝑉 | for
various pre-processing techniques where 𝑓𝑢𝑙𝑙 is the full pre-processed set of all nondominated routes, 𝜖 0.99 uses the 𝜖-relaxation with given value of 𝜖, and 𝑘 uses the route
reduction with given 𝑘 . The results show, that the memory consumption grows approximately
quadratically which corresponds to the expectations. The lowest memory footprint gives the
route reduction with 𝑘 6. The 𝜖-relaxation has a slightly larger memory footprint than 𝑘 6,
but smaller than 𝑘 10 which suggests that the average number of routes for each origindestination pair resulting from the 𝜖-relaxation pruning technique lies between 6 and 10.
Table 2: Time and memory consumption of the pre-processing phase depending on |𝑽𝑷𝑶𝑰 | and
on speed-up used.

|𝑽𝑷𝑶𝑰 |

𝑓𝑢𝑙𝑙

824 620
1324 1640
1824 3190
2324 5200
5324
-

Memory (MB)
Time (min)
Route limit 𝑘
𝜖-relaxation 𝑓𝑢𝑙𝑙 𝜖-relaxation
20
10
6
0.99
0.99
255 149 95
107
70
5.3
666 388 247
282 119
8.6
1290 749 477
546 168
11.8
2098 1219 776
885 215
15.2
4700
36.6

Regarding the speed of pre-processing computation compare only the 𝑓𝑢𝑙𝑙 set of routes and
the 𝜖-relaxation as for route limit 𝑘 the time is dominated by the computation of the routes and
the subset selection is trivial w.r.t. time. The results in Table 2 show that the speed-up of 𝜖relaxation is more than 10× which is very significant.

5

https://download.geofabrik.de/europe/germany/bayern.html

6

The charging station locations are based on http://ev-charging.com
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Evaluation of the query phase
In this section, we evaluate the speed and quality of the query response depending on a
number of factors. Let us first have a look on the effect of the pre-processing speed-ups. Figure
3 (left) shows the average ratio 𝑡 /𝑡 of the time needed to find a solution where 𝑡
is the
solution time using a pre-processing technique and 𝑡 is the solution using a single multi-criteria
A* described in D7.1. All solutions use the charging limit q=1. The figure shows that the best
solution time improvement comes from the 𝜖-relaxation with less than 5% of solution time
needed. Even the optimal variant with full set of routes provides more than 5× speed-up on
average.
Figure 3 (right) shows the average plan duration ratio 𝜏 /𝜏 of solution quality. Apart from the
optimal full set of routes, the best quality solutions are provided by the 𝜖-relaxation technique
with solutions less than 0.1% worse than optimum which for a 12-hour day corresponds to less
than a minute.

Figure 3: Comparison of the effect of pre-processing speed-ups on the solution time (left) and
quality (right). Values are average for 500 instances; the colored area corresponds to the
region between the 1st and 9th quantile.

II.5. Implementation of EV
services: Mid-term update

driver

assistance

As already discussed, our main focus in this project period was to improve the scalability of
our solution and extend it to cover more realistic scenarios. This work has been mostly in the
problem formulation and algorithm design. Some important implementation details are
discussed in this section, alongside the update on the visual inspector used for debugging the
planner.
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Implementation of the POI speed-up
The speed-up described in Section II.2. implementation together with all necessary classes is
contained in eu.electrific.adas.graph.cache package. The resulting graph is stored in a
GraphCache instance as a 3D array of edges. The creation of the cache is done in two phases.
At first, the paths are calculated for each POI and the complete information is saved to HDD
(it takes ~100GB). Afterwards, the results are processed (possibly with k-means) and stored
in the compressed way as a GraphCache with size varying between 100MB and 5GB
(dependent on number of POIs and used speed-ups – see Section II.5. ).

Updates to the Inspector tool
The Visual Inspector, the web-based tool developed for easier validation and evaluation of the
plans generated by the ADAS AI, previously specified in detail in Deliverable D7.1 Chapter
VI.4, was improved to better help developers evaluate the ADAS generated plans. Changes in
the architecture and the application web interface are described in the sections below.

II.5.2.a. Inspector Architecture

Figure 4: Visual Inspector Architecture Diagram.

The application architecture remains the same. It's a single Web page and Http Web Service
endpoint architecture, with the added features of persistence of plans in JSON format on the
file system and the visualization of multiple plans simultaneously. Web Layout wise, a new
tab “Plans” was added (as seen in Figure 5, and further described on Table 3.
There were no changes in the implementation technologies used. Java and JavaScript using
the following frameworks/libraries: Spring MVC, FreeMarker Java Template Engine , Chart.js
for graph generation and MapBox GL JavaScript for map rendering.

Figure 5: Home Page Web Layout.
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Table 3: Description of Web Layout Areas from Figure 4.

Area Name

Description

View Tabs

Tabs to Switch between views

Plans Available

Plans available to Display, either posted to the
application Web Service or loaded form storage,

Plans Loaded

1..n plans that a visualization was generated for.

II.5.2.b. TimeLine View
The TimeLine View (as seen in Figure 6, and further described on Table 4) implements the
new functionality of comparing multiple plans.

Figure 6: New Layout for TimeLine View.
Table 4: Description of Web Layout Areas from Figure 6.

Area Name

Description

Plan ID

ID of plan the timeline belongs to

Plans Inputs

Activities and their duration in minutes, input
into ADAS to generate the plan

Plan Data Layer Toggles

Toggles data layers on/off on the current
view map, for a specific plan
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III. MODELS AND ALGORITHMS FOR MARKETBASED EV CHARGING ALLOCATION
MECHANISMS: MID-TERM UPDATE
This chapter summarizes the advances in the market-based EV charging capacity allocation
mechanism, which is the second key component of the EV ADAS. The mechanism uses
market-based principles, in particular dynamic pricing, to better match the demand for EV
charging with dynamically changing available charging capacity. Whereas in the first year of
the project, the emphasis was of clarifying requirements and developing formal definition of
the allocation problem, the work in the current reporting period focused on providing a software
implementation of the mechanism and its integration with ELECTRIFIC software components.

III.1. Updated structure of CSP
The Charging Service Provider (CSP) Agent contains several subcomponents. Among them
are the PowerPlanner, OfferGenerator, OfferPricer and the ReservationManager. These four
components form the proactive part of the CSP, which is responsible for future power planning,
offer generation and pricing. As can be seen in Figure 7 the internal CSP API is between the
PowerPlanner and the OfferGenerator providing the output of the PowerPlanner to offer
generation and pricing. A more detailed description of the CSP Agent can be found in
Deliverable D4.2.

Figure 7: Internal CSP Agent architecture and internal API placement.
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III.2. Offer Generator
In the interaction between WP4 and WP7, it has become apparent that motivations of different
parts of the CSP are rather different. On the interface between the DSO and the CSP, there
are high-level, long term concerns about load balancing and nominal grid use (addressed by
the reward schema between DSO and the CSP agent in Figure 8 – see Deliverable D4.2) and
low-level, short-term concerns about energy metrics (addressed by smart charger in Figure 8
– see Deliverable D4.2 for details). On the consumer facing side, the CSP is mainly concerned
with mid-term optimization of the use of charging station resources. Both sides are concerned
with different metrics and may be optimizing toward different optimization goals.
The optimization within CSP is currently performed on multiple levels and considers both grid
related and CSP related criteria. Because these optimizations are performed in independent
components, we link them through the Offer Generator. Offer generator builds offers that
satisfy grid constraints and optimizes the CSP goals. Theoretically, it might be possible to
centralize parts of these optimizations to achieve better performance, we will investigate this
option in the last year of the project.
As discussed in Deliverable D7.1, the offer space is potentially infinite. Selecting finite set of
offers from this space can be viewed as an optimization task. We formalize this view in the
section below. Pricing module then prices these offers based on the revenue or other
objectives of the pricing to influence the behavior of drivers.

Offer generation problem
OfferGenerator selects a set of ChargingOffers from the space of all possible charging offers.
ChargingOffer is generated by the CSP component OfferGenerator, priced by the Offer Pricer
and then offered to the customer, the EV driver (see Figure 8). The ChargingOffer contains the
configuration of the charging service that is offered at given charging station to the EV driver.
ChargingOffer consists of set of consecutive time windows with associated
ChargingPowerOptions that have different renewable percentages, power limits and energy
prices. The optimization of generated ChargingOffers should respect the EV driver constraints,
such as time, required energy and connector type, and CSP constraints, such as hardware
power limitations, grid connection point limit and uninterrupted charging processes.
ChargingOffers are created per connector due to some constraints being related to individual
connectors and chargers (such as connector type or max charging speed). The customer can
be offered ChargingOffers from multiple connectors. However, in the following formulation of
the problem we consider the generation of ChargingOffers for each connector independently.
Table 5 summarizes the optimization variables, parameters and constants that will be
introduced in the following section. To clarify the nomenclature, charging location is a space
where multiple charging stations or chargers are built. Each charger can have one or more
charging connecters (plugs) with different properties.
Table 5: Table of variables, constants and parameters related to the optimization generation of
ChargingOffers.

Variable

Type

Description

𝑡

ℕ

Start time slot of a ChargingOffer

𝑡

ℕ

End time slot of a ChargingOffer

𝑝

Vector of offered power values; 𝑝 power at time slot 𝑡 ∈ 𝑡 , . . . , 𝑡

ℝ

Parameter Type

Description

𝑇

ℕ

Start time slot of optimization horizon

𝑇

ℕ

End time slot of optimization horizon
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𝑏 𝑆𝑜𝐶

ℝ→ℝ

𝜀

ℝ

Efficiency of the battery

ℝ

Maximum charging power of the battery model

𝐶

ℝ

Battery capacity

𝐸

ℝ

Requested energy to charge in the charging offer

𝐵

𝑆𝑜𝐶

0,100

Constants Type

Maximum charging power of the battery based on the SoC

Initial SoC in %
Description

𝐷

ℕ

Duration of a time slot

𝑃

ℝ

Maximum power from the grid at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇

𝑃

ℝ

Minimum allowed charging power by the CSP

𝑃

ℝ

Maximum hardware power limitation

𝐴

0,1

Connector availability (false, true) at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇

𝑐 𝑥

ℝ→ℝ

Cost of energy using the power 𝑥 at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇

𝑟 𝑥

ℝ→ℝ

Renewable ratio using the power 𝑥 at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇

𝑂 𝑥

ℝ → 0,1

Goal of the CSP based on the power 𝑥 at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇

Optimization problem
A ChargingOffer is defined as a series of charging powers over time. Since the available
charging power rates are based on grid forecasts, which are typically discretized, the
ChargingOffer adopts this concept. Hence, a ChargingOffer consists of start time slot 𝑡 ∈ ℕ,
an end time slot 𝑡 ∈ ℕ and a power vector 𝑝, where 𝑝 is the power at time slot 𝑡 ∈ 𝑡 , . . . , 𝑡 .
For charging stations that have more than one connector, Charging Offers are created per
connector. Such a Charging Offer can have four different properties:
𝑓 𝑝

𝑐 𝑝

𝑟 𝑝

𝑓 𝑝
𝑓 𝑝
𝑓 𝑝

𝑡

𝑡

𝑂 𝑝

cost ,

greenness ,
duration ,
CSPoptimal .

Here, 𝑐 𝑥 is the cost of using power 𝑥 at time slot 𝑡 ∈ 𝑇 , . . . , 𝑇 and 𝑟 𝑥 is the renewable
ratio using power 𝑥 at time slot 𝑡 ∈ 𝑇 . . 𝑇 . 𝑂 𝑥 is binary indicator of the optimality with
regards to the CSP goals, e.g. increasing renewable intake or grid-friendliness, and is defined
by the indicator function:
𝑂 𝑥

1
0

, optimal for CSP
.
, other

The optimality function from the CSP perspective is provided as an input from the Power
Planner component of the CSP. In future, it could be even possible, that this parameter is
transformed to a continuous range.
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A Charging Offer can be chosen within the time horizon of 𝑇 and 𝑇 . Placing all possible
Charging Offers in that time horizon causes an exponential number of possibilities. The goal
of this optimization problem is to find the best Charging Offers that are suitable to CSP and
user constraints and their optimization goals.
Error! Reference source not found. summarizes the optimization variables, i.e. the variables
to be optimized, charging request parameters, that is the information that the user sends to the
CSP to get offer and constants that represent configuration of the system. Below, we discuss
different constraints on the generated offers:
1. Parameter constraints:
-

Time constraints: The time duration of a Charging Offer is at least one time slot and
the whole Charging Offer is within the time horizon.
𝑻𝑺

-

𝒕𝑺

𝒕𝑬

𝑻𝑬

Power limits: The proposed charging power is positive, which means discharging
is not allowed, and in each timeslot the value is lower or equal to the maximum
available power from the grid, such that
∀𝒕 ∈ 𝒕𝑺 , . . . , 𝒕𝑬 : 𝟎

𝑷𝒕

𝒑𝒕

where 𝑃 is the upper power limit from the grid perspective at time slot 𝑡.
2. CSP constraints
-

Concatenated charging process: The CSP does not allow on-off charging
processes, hence a proposed Charging Offer needs to be continuous without gaps,
such that
∀𝒕 ∈ 𝒕𝑺 , . . . , 𝒕𝑬 : 𝑷𝒎𝒊𝒏

𝒑𝒕

where 𝑃
is the minimum allowed charging rate, that is not counted as stopped,
where normally the E automatically disconnects and stops its charging process.
-

No gaps between charging processes (optional): The CSP wants charging
processes at the same connector to be aligned to avoid small gaps in between
charging processes, where no further charging process is likely to be scheduled.
To prohibit gaps of exactly one time slot between two charging processes, either
the availability directly before 𝒕𝑺 needs to be 𝟎 (a charging process is directly before
that), or
𝐴

𝐴

1,

where
𝐴
-

1
0

, if available at timeslot
, otherwise.

Same applies to the time slots after the Charging Offer.

3. User constraints:
-

Required Energy 𝑬: The User wants to charge a certain amount of energy 𝑬. In
order to estimate the charging behavior, a battery model 𝒃 𝑺𝒐𝑪 , which provides
the maximum allowed charging power at state of charge 𝑺𝒐𝑪, is needed. In this
optimization problem, we only consider the dependency to the current 𝑺𝒐𝑪 of the
battery. Nevertheless, the charging behavior of batteries is influenced by many
factors, e.g. temperature and the battery management system. We use a simple
battery model
𝒃 𝑺𝒐𝑪𝒕

𝑩𝒎𝒂𝒙
𝟏𝟎𝟎% 𝑺𝒐𝑪𝒕
⋅ 𝑩𝒎𝒂𝒙
𝟐𝟎%

, 𝑺𝒐𝑪𝒕

𝟖𝟎%

, 𝐨𝐭𝐡𝐞𝐫𝐰𝐢𝐬𝐞
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where 𝐵
is the maximum possible charging power of the battery model. We use
this simple battery model instead of the more complex model described in
Deliverable D5.2 as it is sufficient at the current level of detail. If necessary, we will
replace it with the Deliverable D5.2 version. The state of charge changes over the
time slots by
𝑆𝑜𝐶

𝜀⋅𝑝 ⋅𝐷
𝐶

𝑆𝑜𝐶

where 𝐶 is the maximum storage capacity of the battery, 𝜀 the efficiency of charging
and 𝐷 is the time duration of a time slot. Obviously, the charging power needs to
be limited by 𝑝
𝑏 𝑆𝑜𝐶 . In order to be able to work with this battery model, the
user needs to specify the EV model, which defines the 𝐶, 𝜀 and the battery model
𝑏 𝑆𝑜𝐶 , the cars’ initial 𝑆𝑜𝐶
and the required energy 𝐸. Having all this
information, the Charging Offer must fulfill the required energy
𝜀⋅𝑝 ⋅𝐷

-

𝐸.

Connector Type: The users’ EV can probably not support all kinds of connectors,
hence he can specify a set of possible connectors for the optimization. The
optimization will create Charging Offers for each connector. To have a valid
Charging Offer, the connector must be available in its whole time duration:
𝐴

𝑡

𝑡

Additionally to the availability, the connector type can limit the maximum power
supply to the EV, hence the following constraint needs to be added, such that
∀𝑡 ∈ 𝑡 , . . . , 𝑡 : 𝑝
where 𝑃

𝑃

is the maximum power output of the connector.

Optimization goal
At the beginning of this section, we have listed four properties of the charging offer: cost,
greenness, duration and optimality to the grid facing goals of the CSP. Any of these properties
can be taken as an optimization goal for offer generation or multiple criteria can be considered
together. There are two main options for using multiple criteria at once:
1. Combining criteria into single new criteria: We can combine the four main properties of the
Charging Offer to single function using for example weighted sum objective function that
gives
𝒇 𝒑

𝜶𝟏 𝒇𝟏 𝒑

𝜶𝟐 𝒇𝟐 𝒑

𝜶𝟑 𝒇𝟑 𝒑

𝜷𝒇𝟒 𝒑

where the configuration of 𝛼 , 𝛼 and 𝛼 can be determined by the users optimization
choice and 𝛽 𝛼
𝛼
𝛼 to have the same weight of users concerns and CSP
concerns.
2. Multi-criterial optimization: We can optimize the multiple criteria together to get not one,
but whole set of optimal offers that are dominnant, meaning they are better in at least one
criterion than any other solutions. This is a Pareto optimal set of offers. Using this approach,
we could generate a set of charging offers that span different user preferences in terms of
greennes and duration while being best possible in terms of the cost to the CSP and grid
optimality of offers.
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The offer generation optimization criterion could be also left for user to decide, but as some of
the properties are not important to the user (CSP optimality), one of the two approaches above
seems more reasonable.

Solution approach
The solution technique will depend on the choice of optimization goal, but we assume we will
be able to use some convex optimization technique to find optimal offer for given parameters.
However, we will need to provide multiple offers to the customer so that she can pick service
that best fits her needs. We foresee different options for doing this:
-

Iteratively remove offers from the space of available offers.

-

Assume offers already selected to remove the capacity from the max available power 𝑷𝒕
and connector availability 𝑨𝒕 .

-

Using multi-criterial optimization that generates sets of Pareto-optimal offers.

Implementation notes
In the ELECTRIFIC project, the parameters for the charging power, renewable percentage and
the grid-friendliness are discretized and given using different charging power options per time
slot. Nevertheless, the optimization problem formulation above is applicable by simply mapping
the functions 𝑟 𝑝 , 𝑐 𝑝 and 𝑂 𝑝 to the respective values of the charging power options
while only allowing the possible discrete value of 𝑝 within the range of the charging power
option.
The ELECTIFIC API between ADAS and CSP will support all the user requirements as optional
parameters in future. In case the user does not specify anything, the offer generator will create
more generic answers, e.g. not considering the required energy of the user or with a less
accurate battery model. The more information the user adds, the better the offers are tailored
to the requirements of the user.

III.3. Internal CSP API
In the simulation environment described in the next chapter, we will not have access to the
real grid. But for OfferGenerator to function, we need the output of the PowerPlanner. Thus,
for the many charging locations included in the evaluation, we use mock grid data generated
from grid simulations in WP4 to create representative state of the grid. This data is
communicated through an internal CSP API.
The data format of the grid simulation data will be in the form of the internal API between the
PowerPlanner and OfferGenerator part of the CSP agent. The data representation is given in
JAVA annotation.
The data structure, shown in Code 1, is describing time series data using abstract and generic
classes. The main object of the input to the OfferGenerator is the PowerPlan. With the use of
this data structure, the PowerPlan can be expressed easily.
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public abstract class TimeSeries<T> {
UUID id;
DateTime dateFrom;
DateTime dateTo;
LinkedList<TimeSlot<T>> timeSlots;
}
public class TimeSlot<T> {
DateTime dateFrom;
DateTime dateTo;
T data;
}

Code 1: Definition of TimeSeries data.

The PowerPlan is defined as in Code 2. The PowerPlan is extending a TimeSeries of
ChargingPowerSlots. The abstract class TimeSeries and the class definition TimeSlot just
define the time ranges in which the PowerPlan and its TimeSlots are valid. Each
ChargingPowerSlot stores a list of possible ChargingPowerOptions and a map of charging
station ids to a set of its corresponding connector ids, which are available in this time-slot. The
most important data class is the ChargingPowerOption. It can be identified with an UUID, which
is unique over the whole PowerPlan. Furthermore, the upper and lower boundary in charging
power capacity is defined, in which this option is valid. Once crossing these boundaries, the
remaining parameter are not valid anymore. Each ChargingPowerOption defines the
renewable percentage (0-100%), the grid-friendliness factor ([-1,1]), the energy cost (ct/kWh)
and whether this option is suggested from the PowerPlanner component of WP4, which
chooses the optimal options within the same time-slot with regard to overall CSP renewables
and grid-friendliness. The different energy sources, e.g. grid or local, are already combined
within these options. Some of this information, i.e. price of energy and renewable percentages
will be obtained from external APIs outside of ELECTRIFIC.
public class PowerPlan extends TimeSeries<ChargingPowerSlot> {
UUID gridConnectionID;

// id of the grid connection

DateTime validUntil;

// can be ignored in the simulation

}
public class ChargingPowerSlot {
List<ChargingPowerOption> options;

// List of ChargingPowerOptions

Map<UUID,Set<UUID>> connectorsByCS;

// available connectors at charging stations //
at the same grid connection point

}
public class ChargingPowerOption {
UUID optionID;

// unique within the whole PowerPlan

Double UpperBoundCapacity;

// upper power limit

Double lowerBoundCapacity;

// lower power limit

Double renewable;

// renewables [0,1] from grid and local

Double gridFriendlinessFactor;
Double cost;

// the grid‐friendlines factor [‐1,1]
// cost of energy production

boolean powerPlannerSuggestion; // optimal renewable + grid‐friendliness
}

Code 2: Definition of the internal API data structure between the PowerPlanner (WP4) and the
OfferGenerator (WP7).
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III.4. Capacity allocation updates
The charging capacity allocation is related to multiple project goals. By changing when and
where charging is happening, both intake of renewables and grid state can be affected.
Additionally, good allocations can significantly improve user friendliness of electromobility by
reducing queues and waiting times at the charging stations. In ELECTRIFIC, charging capacity
allocation is a result of peer to peer interaction of CSP agents and drivers.
The Offer Generator creates ChargingOffers that contain the configuration of the charging
service offered to the EV driver (charging time, power, connector, etc.). However, the Charging
offer does not contain any information about the price of the charging service. The price is
added in a separate pricing component that determines the price. The price is one of the main
methods by which the CSP can affect EV driver’s decision to charge at charging station and it
is the focus of the analysis of the charging capacity allocation.
In this section, we focus on the progress in the charging capacity allocation and dynamic
pricing strategy we developed. This section is largely based on research published in [6]. First,
we discuss the updated problem model and then we describe our dynamic pricing strategy for
CSPs.
In the scientific literature, the domain of allocation of electric charging inspired a wide range of
problems that include multi-agent, single-agent, game-theoretic, economic as well as other
problems. The whole domain is quite complex. As such, most literature on this topic simplifies
parts of the problem to obtain theoretical results.
In our work we cannot dismiss the practical considerations of EV charging as many papers on
this topic do. Therefore, we approach the problem from the bottom up, building a strategy for
CSP agent in the environment that considers lot of the real charging station constraints.

Protocol
The Multi-Agent Charging Allocation Protocol described Deliverable D7.1 defines interaction
protocol between the CSP and ADAS agents. The protocol is based on the Contract Net
Protocol in which the ADAS agent first requests offers from CSP agent who may respond with
charging offers one of which the ADAS agent may accept.
The Multi-Agent Charging Allocation Protocol has remained unchanged since Deliverable D7.1
even though the underlying components, such as the OfferPricer, were further developed. The
API used by the protocol has remained unchanged as well.
However, we expect that there will be modifications to the API and possibly the protocol as
well in the final year of the project as the interaction between the different CSP and ADAS
agents will become the focal point of our research and development. These changes may
include for example mechanism for handling cancellations or timeouts.

Multi-agent model of pricing influenced charging
resource allocation
In this section, we outline the next iteration of the formal model of dynamic pricing of charging
station offers introduced in Deliverable D7.1. The most significant change is that the problem
is now modelled fully as a multi-agent system.
Allocation of EV charging can be considered as a multi-agent problem with multiple EV driver
agents and multiple CSP agents. The quality of allocation can then be measured in terms of
social welfare or other global statistics (such as average delay of EV drivers due to charging),
as discussed in Deliverable D2.3. We will evaluate these statistics in the simulator that will
include multiple EV drivers and CSPs (see Section IV).
However, the agents in the model work toward their own goals that may not be related to the
global statistics (i.e. drivers want to reduce their own delay and not as much the delay of all
drivers). Our charging station pricing algorithm assumes selfish charging stations that optimize
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some of their own charging station specific criteria, such as revenue. The interaction with other
agents is then evaluated in the simulation.
Model for the charging station pricing problem includes only one CSP agent and multiple EV
driver agents. As such, we do not model any competition between the CSPs. This is because
there are already many open questions in this simplified setting and because there is currently
no data on how competition between multiple CSPs could look like. However, we expect the
simulation results to motivate competitive models of pricing.
Formally, we define the model of charging in electromobility with 𝑛 agents and one charging
location of one CSP as tuple 𝑀 ⟨𝐷, 𝑐, 𝜙 , … , 𝜙 , Φ⟩. 𝐷
𝑟 , … , 𝑟 is a demand expressed
as a sequence of charging services requests 𝑟 sent by the EV driver agents to the charging
service provider agent in a sequence. Each request is defined by its 𝑠𝑡𝑎𝑟𝑡 𝑟 and 𝑒𝑛𝑑 𝑟 times
of charging, time 𝑟𝑒𝑞 𝑟 when the request was issued and 𝑐ℎ𝑎𝑟 𝑟 , the requested charge in
kWh. We assume that 𝑟𝑒𝑞 𝑟
𝑠𝑡𝑎𝑟𝑡 𝑟
𝑒𝑛𝑑 𝑟 and 𝑟𝑒𝑞 𝑟
𝑟𝑒𝑞 𝑟
. For each time we
define free capacity 𝑐: ℝ → ℝ that determines the maximal charging capacity of the charging
station in time.
The interaction of EV driver agent and the charging service provider agent is modeled via
requests 𝑟 from EV driver agent 𝜙 and prices 𝑝 returned by the charging service provider
Φ 𝑟 , where Φ is the charging service pricing function of the charging
agent. Formally, 𝑝
service provider agent, 𝑟 is the charging service request and 𝑝 is the resulting proposed price.
If the charging service provider agent can not accept a given request, it sets 𝑝
∞.
𝜙 , … , 𝜙 denote the decision processes of the EV driver agents that determine whether the
proposed price 𝑝 is accepted by the driver agent. We write 𝜙 𝑝
𝛵 iff the 𝑗-th EV driver
agent is willing to pay price 𝑝 for the requested charging service 𝑟 and 𝜙 𝑝 ⊥ otherwise
(𝜙 ∞ ⊥ always). Provided that 𝜙 Φ 𝑟
𝛵, the EV driver agent accepts the proposed
price for charging request 𝑟 and we assume both the charging and payment eventually happen
in the system. An execution of the model 𝑀 is a sequence of prices and decisions 𝐴
〈𝑝 , 𝛿 〉, … , 〈𝑝 , 𝛿 〉 for all agents and their charging requests 𝑟 ∈ 𝐷, such that 𝑝
Φ 𝑟 and
𝛿
𝜙 𝑝 .
The goal of the charging service provider is to maximize its revenue by optimally setting prices
with Φ. Given that the price 𝑝 of reservation 𝑟 , the revenue 𝜌 at the end of the time horizon
can be written as the sum of prices across all realized reservations:
∑

𝜌 𝐷, 𝑐, 𝜙 , … , 𝜙 , Φ

∈

Φ 𝑟 1

(1)

We are looking for a revenue maximizing pricing function Φ∗ :
Φ∗

argmax 𝜌 𝐷, 𝑐, 𝜙 , … , 𝜙 , Φ

(2)

The maximization is constrained by the free capacity:
∀𝑡 ∈ ℝ, 𝑐 𝑡
Here, 1
agent and 1

∑

∈

1

1

(3)

is the indicator function that equals 1 for requests accepted by the EV driver
is the indicator function of the charging interval of request 𝑟 .

Model vs. Charging Allocation Protocol
In Section III.1. we assume the offer generator to receive time range from the user and offer
generator reponds with a set of offers and user may select one of these offers. This reflects
the structure of the Charging Allocation Protocol. In this model we simplify the protocol as
users specify exactly when they want to charge and after the CSP prices their request they
either accept or decline the offer.
This simplification is done to ease the design of the pricing mechanism. However, the resulting
mechanism is compatible with the original protocol. Each offer generated by the offer generator
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is fed to the pricing module that creates a price tag for this offer as if it was a charging request
in the model above.

III.5. Pricing module
Previous section describes the formal model of the environment in which our pricing module
will operate. In this section, we focus on the design of the pricing module itself. This is an
update to the work described in Deliverable D7.1. In addition to the description of the algorithm,
we describe properties of this algorithm when tested on E-Wald charging station data and we
compare the algorithm to the pricing methods currently deployed by E-Wald.

MDP based pricing algorithm
The maximization problem given by Equation 2 is sequential in nature. The pricing function
has to respond to the confirmed reservations as it can not exceed the capacity of the charging
station (Equation 3). Additionally, the CSP agent will generally not have the exact knowledge
of the individual 𝜙 or of the number of requests to be made in one day. However, the CSP
can build probabilistic model of the EV driver behavior and of expected demand, meaning it
can use the data it has collected about its customers to estimate future demand and response
of its customers to price changes. Thus, from the perspective of the charging station, revenue
maximization is a Markov Decision Process (MDP) [7].
We aggregate the charging service provider’s understanding of the EV drivers decision
processes 𝜙 , … , 𝜙 into the price elasticity function ℰ. Given a request 𝑟 and a generated price
𝑝, price elasticity ℰ 𝑝 is the probability of an EV driver agent accepting the price 𝑝. Arrivals of
requests are modeled using two random variables, 𝐸 |𝐷| , the number of requests arriving in
some time interval, and probability distribution over 𝑟𝑒𝑞 𝑟 , 𝑠𝑡𝑎𝑟𝑡 𝑟 , 𝑒𝑛𝑑 𝑟 , the parameters
of the request 𝑟 .
Using these probabilities, we reformulate the maximization goal from (2) as the maximization
of the expected revenue across possible decision policies 𝜋:
𝜋∗

argmax 𝐸 𝜌 𝐷, 𝑐, 𝜙 , … , 𝜙 , 𝜋

(4)

The expectation is with respect to the joined probability distribution of arrivals and probability
of acceptance and the maximization is subject to (3).
Based on the price elasticity function, we define the MDP pricing strategy that determines
prices offered by the charging service provider throughout the day. We discretize time into 𝑛
time intervals, price into 𝑛 price levels and free capacity into 𝑛 capacity levels. Since we
assume in our model that all charging sessions use the same electrical power, the maximal
free capacity in the time interval is the upper limit on the number of concurrent charging
sessions. Free capacity incorporates all charging service provider constraints, including the
power grid capacity or the number of available charging connectors, into one number.
In each charging time window, there are 𝑛 price and 𝑛 capacity levels and up to 𝑛 time
windows prior to the charging. As such, the state space in each time window has size 𝑛𝑛 𝑛
and the branching factor is up to 𝑛 (see Figure 8). Because price or capacity change in any
time window can have an effect on any other time window, finding solution to (4) means finding
states and
solution for 𝑛 time windows together; that is in a state space with 𝑛 𝑛 𝑛
branching factor at least n .
𝜋∗

argmax 𝐸 𝜌 𝐷, 𝑐, 𝜙 , … , 𝜙 , 𝜋

, 𝑘 ∈ 1, … , 𝑙

(5)

To avoid this combinatorial explosion, we find optimal pricing policy for each time window
independently through 𝑛 independent MDPs that maximize expected revenue in each time
interval (5). However, this means that the new problem is no longer optimal in the sense of (4)
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but only as a set of 𝑛 independent solutions to (5). Combined together, summed maximums
from (5) are bound above by maximum from (4). The tightness of this bound is data dependent.
As such, we do not attempt to determine the tightness of this bound with an experiment using
smaller, but full MDP as this would require us to oversimplify the data.

Figure 8: The structure of the transition function 𝑷. Given state 𝒔, the probability of getting to
the next state 𝒔′ is given by multiplying the probabilities along edges. States are the decision
nodes (ligth color), chance states (dark color) contain the definition of the probability used on
the edge.

The pricing strategy uses one MDP for each time interval. The solution to MDP for the 𝑘-th
interval is the pricing policy 𝜋 .

MDP Structure
⟨𝑆, 𝐴, 𝑅, 𝑃, 𝑠 , 𝑆 ⟩, 𝑘 ∈ 1, … , 𝑙. In each Π , 𝑆 is a finite set of states, 𝐴
The MDP is a tuple Π
is a finite set of actions; 𝑃: 𝑆 𝐴 𝑆 → 0,1 is the transition function forming the transition
model giving a probability 𝑃 𝑠′|𝑠, 𝑎 of getting to state 𝑠′ from state 𝑠 after action 𝑎; and a
reward function 𝑅: 𝑆 𝐴 𝑆 → ℝ.
Starting in the initial state 𝑠 , any action from 𝐴 can be chosen. Based on this action, the system
develops as prescribed by 𝑃 to the next state where another action can be applied. During the
move, the reward can be received based on the 𝑅 𝑠, 𝑎, 𝑠′ function.
A state 𝑠 is defined by triplet 𝑡, 𝑝, 𝑐 . Here 𝑡 ∈ 0, … , 𝑡
∪ 1 denotes the number of time
intervals to the execution of charging (0 denotes the hour of charging, 𝑡
1 marks the exit
states 𝑆 of the MDP). 𝑐 ∈ 0,1, … , 𝑐
is the current available capacity in the time interval,
i.e. how many more requests can be accommodated in the time interval, and 𝑝 ∈ 0,1, … , 𝑝
is the current price level set in the time interval. The set of actions 𝐴 contains three actions,
price 1, price 1 and no change to the price.
Because each accepted request reduces capacity in the time windows by one, the reward
function 𝑅 generates reward 𝑝 for any transition between states 𝑠
𝑡, 𝑝, 𝑐 and 𝑠′
𝑡, 𝑝, 𝑐
1 for all 𝑡 ∈ 0, … , 𝑡
, 𝑝 and 𝑐 in their domains.

III.5.2.a. Transition Function
The transition function 𝑃 is based on the price elasticity function ℰ 𝑝 and the expected number
of requests 𝐸 |𝐷 | for the charging in 𝑘-th interval 𝑡 intervals prior execution of charging.
Components of the transition function are given in (6) and (7). The way to combine these
components into a transition function is shown in Figure 8.
𝑝 𝑡
𝑝 𝑝

|

ℰ 𝑝

|

(6)
(7)
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The probability 𝑝 𝑡 of no more charging requests arriving in state 𝑡, 𝑝, 𝑐 is calculated from
the expected absolute demand for charging in 𝑘-th time interval 𝑡 intervals prior to the start of
charging 𝐸 |𝐷 | . Equation (6) is obtained by modeling |𝐷 | as having geometric distribution,
arrival of charging request as Bernoulli trial (failure in Bernoulli trial meaning no more charging
request 𝑡 intervals before charging) with failure probability 1 𝑝 𝑡 .
The geometric distribution is the probability distribution of the number 𝑌 of failures before first
success in consecutive Bernoulli trials with success probability 𝑞 (this means 0 is in the
support). 𝑌 has expected value
. Identifying 𝑌 with |𝐷 |, we get 𝑞 𝑝 𝑡 . For each 𝑡, the
MDP remains in some state 𝑠 ∈ 𝑡, 𝑝, 𝑐 |𝑐 ∈ 0,1, … , 𝑐
, 𝑝 ∈ 0,1, … , 𝑝
Bernoulli trial with 𝑝 𝑡 being the probability of success.

until successful

Figure 9: The figure shows state of MDP 𝚷𝒌 for 𝒌-th time interval (13:00 to 14:00) of a charging
station with maximal capacity 𝒄𝐦𝐚𝐱 𝟑. State of 𝚷𝒌 is given by 𝒕 𝟑, the number of time
intervals to charging from current time, current price 𝒑 and free capacity 𝒄 that depends on the
real-time overlap of the accepted charging requests (leftmost rectangle) with the incoming
charging request (two rectangles with text show two possible incoming requests).

Arriving charging request has probability of acceptance ℰ 𝑝 . If the price offered by the pricing
strategy is rejected by the customer, the MDP remains in the same state. This is illustrated in
Figure 8 in the branch ending in 𝑠′
𝑡, 𝑝, 𝑐 .
There are few exceptions to the probabilities defined by Figure 8. One of them consists of the
bounds of the domains of state variables. If the price is maximal resp. minimal, the action to
increase resp. lower the price is not available. Similarly, when capacity is 0, 𝑝 𝑝
0 as no
additional request can be accommodated by the charging service provider in the given time
interval. Finally, 𝑡
1 denotes the set of exit states 𝑆
𝑡, 𝑝, 𝑐 ∈ 𝑆|𝑡
1 where the MDP
terminates.

Use of MDPs
The pricing strategy uses 𝑛 MDPs at once. For a charging request 𝑟, the free capacity 𝑐 in
each MDP is calculated from the overlap (in continous, not discretized, time) of accepted
requests (green rectangle in Figure 9) and incoming request 𝑟 (blue rectangles in Figure 2). In
every time window 𝐼 corresponding to Π , starting from the state 𝑡 , 𝑝 , 𝑐 , we apply pricing
policy 𝜋 repeatedly until the policy does not suggest change in price. The final price of the
request 𝑟 offered to the EV driver agent is the sum of the prices in time windows the request
overlaps. In the case of partial overlap with some time window, the price is proportional to the
size of the overlap:

Φ 𝑟

∑

| ∩

,
| |

|

Π 𝑟

(8)

Note that 𝑘-th MDP internally assumes that EV driver is making decision based on the price
𝑝 (the state variable in Π ). Depending on the length of the charging request, this price is only
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part of the price Φ 𝑟 offered to the driver by the pricing strategy. Thus, the length of the time
window should be chosen similar to the length of the average charging request.

Implementation
The implementation of the MDP based dynamic pricing no longer uses the PROST solver and
the RDDL language. By simplifying the MDPs, we were able to implement solution based on
publicly available general purpose MDP solvers written in Python programming language using
NumPy library. We made the switch as the use of very specialized RDDL language was very
cumbersome for our work where we were iterating the algorithm very fast.
In the next step, we plan to implement our pricing algorithms in Java as part of the simulation
and based on this implementation to propose java implementation for the ELECTRIFIC CSP
agent that currently uses a placeholder implementation.
The real-life hardware currently does not support reservations of charging or tracking of
Internal Combustion Engine cars parked in the parking spots for EV charging. As such, we will
need to simplify the pricing algorithms as well as some of the CSP component to deal with this
lack of information to support the trials.
For example, in the absence of ability to guarantee free parking space and charging capacity
at the charging station, bookings will not be possible. Thus, in the pricing, we must replace
explicit availability information with probability distributions about hardware availability.
Additionally, we must decide what happens when the user gets to the charging station at time
when he was supposed to charge only to find that the charging station is not available.
Implementation of these current real-world limitation will be part of our work on allocation
mechanism in the last year of the project.

III.6. Preliminary evaluation of the MDP dynamic
pricing
The MDP based pricing described above was evaluated using E-WALD dataset of charging
sessions. The dataset contains information on charging sessions realized at one of the EWALD charging stations. The E-WALD data includes timestamps of the beginning and the end
of each charging session, the status of the electricity meter at the beginning and the end of
each charging session and the anonymized identifier of a user who activated the charging
session. In the pre-processing step, we remove clearly erroneous data points (such as
charging sessions with negative duration) and merge some short charging sessions with
following charging sessions if the same customer initiated both sessions.
Table 6: Summary statistics of the charging data for charging station with three charging
points.

CS Dataset Statistics Mean
Charging session duration 0.726 h
Charge per charging session 6.72 kWh

Std
0.794 h
5.19 kWh

The summary statistics of the dataset can be found in Table 6. The dataset was collected at
the charging station over the period of several weeks. In this period, the charging station
averaged 2.53 charging sessions per day. With such low demand for charging, there were
almost no conflicts in requested charging sessions. Thus, in our experiments, we randomly
sample the dataset to generate single days with up to 60 daily charging sessions that should
correspond to some of the possible future scenarios.
This charging station dataset does not contain any pricing information about the charging
sessions for its three charging stations. However, E-WALD uses only flat rate pricing in all their
charging stations.
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Price elasticity
Because we do not know the real price elasticity of demand for EV charging services and we
cannot estimate it from available data, we define the price elasticity function ℰ 𝑝
[8]. We use this very simple model as very little is known about
parametrically as ℰ 𝑝
𝑒
price elasticity of demand for EV charging. Simple model lets us cover wide range of possible
options from highly eleastic demand to completely inelastic demand. The question of the
actuall price elasticity of demand for EV charging is worked in WP6.
Recall that ℰ 𝑝 is the probability of the EV driver agent accepting price 𝑝. The different values
of 𝐶 and the corresponding shapes of price-elasticity curves are shown in Figure 10, performed
with different values of 𝐶, from 𝐶 0 to 𝐶 0.9. When data on customer price elasticity
becomes available, parametric function ℰ 𝑝 can be replaced by a model learned from data.

Figure 10: Price elasticity E(p) of demand curves for different values of the C parameter.

In our experiments, we use the same price elasticity function for all drivers. In reality each
person will respond differently to changing price. However, using randomly selected 𝐶 for each
user does not give us different results when compared to using single 𝐶 for all users, on
average the effect is the same. Using one 𝐶 for all users means we are aggregating behavior
of the population. Thus, for simplicity, we use one value of 𝐶 for all users in the experiments
described in following section. We find the optimal policies for Π through the policy iteration
algorithm.

Baselines
In our experiments, we compare the performance of the MDP-based dynamic pricing strategy
to the flat rate strategies and demand-correlated pricing strategy. The flat rate pricing strategy
calculates the charging request price in the same way as the MDP-based dynamic pricing
strategy, except it uses one price in all time windows. The demand correlated strategy sets
price based on the expected demand for each time interval. For time windows with the smallest
demand, it sets lowest price while for time windows with highest demand it sets the highest
price. In the more elaborate experiments built on the simulation platform described in following
sections we will use further baselines that include baselines described in Deliverable D6.2.

III.6.2.a. Price levels
In most experiments, we use 𝑝
5 and five price levels, 1 to 5. The choice of the maximum
price value is tied to the choice of price elasticity parameters. For a given choice of price levels
and given average length of charging session, we chose price elasticity parameters that
generate price elasticity curves of varied shapes over the domain of probable charging session
prices (see Figure 10). The number of price levels is selected at 5 as a tradeoff between the
fidelity of pricing and size of the state space in the MDPs. We use the same price levels for the
flat rate strategies and the demand correlated strategy.
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III.6.2.b. Performance Metrics
To compare the performance of different pricing strategies we use two metrics: charging
station revenue and charging station utilization time. We select only these basic metrics as we
are limited by our data. The revenue metric is defined in Equation (1). Revenue of the charging
station is the sum of prices of all charging sessions. Revenue is directly dependent on the
selected pricing scheme Φ.
Charging station utilization is measured in hours and it is the added duration of all charging
sessions realized by the charging station. This is a proxy of the social welfare of the EV drivers
achieved through various pricing strategies. The higher the utilization, the more of the EV driver
charging demand was satisfied by the charging station. Definition of CS utilization 𝜇 is given
by
𝜇 𝐷, 𝑐, 𝜙 , … , 𝜙 , Φ

𝑒𝑛𝑑 𝑟

𝑠𝑡𝑎𝑟𝑡 𝑟

1

∈

III.6.2.c. Experiments
In each run of the experiment, we randomly draw the set 𝐷 of size 𝑚 from the real-world EWALD dataset. These requests are ordered by 𝑟𝑒𝑞 𝑟 and processed in parallel by each
pricing strategy. Each strategy discards some requests due to capacity constraints, for other
requests the issuing EV driver agents refuse the price. Metrics described above are calculated
from requests accepted by the charging stations with prices accepted by the EV driver agents.
In each experiment, we perform 400 runs and average the resulting metrics. The runtime of
the simulations and the solver implemented in Python is in the order of minutes on the Intel
Core i7-3930K CPU @ 3.20GHz with 32 GB of RAM, with most of the time spent on precalculation of the policies for the MDPs.
For the first experiment, we fixed price elasticity parameter at 𝐶 0.03 and 𝑚 40 requests.
In this experiment, we report the quartiles of the evaluation metrics in Figure 1. We can see
that for given parameters, MDP dynamic pricing improves revenue. Furthermore, it also
improves utilization. The same figure shows the effect of length of the MDP time window on
the results. Using shorter time windows improves revenue but increases the variance of the
results. For this reason, we use 24 time windows per day in the rest of the experiments. Figure
11 also shows that the results obtained for the MDP dynamic pricing can be achieved reliably,
without increasing the variance of the observed metrics over the flat rate pricing.

Figure 11: Experimental results using the evaluation metrics. Each boxplot is a result of 400
independent runs with m=40 and C=0.03. MDP lower index denotes number of time windows
used for one day in the MDP dynamic pricing strategy. DC denotes demand correlated strategy
and F1 to F5 the different flat rate strategies.

For the second experiment, we fixed the price elasticity parameter to 𝐶 0.03 and varied 𝑚,
the number of customers arriving per day from 2 to 70. Results of this experiment can be seen
in Figure 12. As could be expected, increasing the number of booking requests increases
revenue, utilization and delivered charge for all pricing schemes. Unsurprisingly, the revenue
maximizing MDP strategy comes out ahead of other pricing strategies in terms of revenue.
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Moreover, MDP dynamic pricing outperforms the other pricing strategies in utilization across
all numbers of booking requests. While the MDP dynamic pricing is closest to flat rate with
price 1 in utilization and delivered charge, it is closest to flat rate with price 5 in revenue and
average price per kWh.

Figure 12: MDP dynamic pricing performance compared to the performance of the flat rate (𝑭𝟏
to 𝑭𝟓 ) and the demand correlated pricing strategy (DC) during one simulated day using prices
between 𝟏 and 𝟓 when varying the number 𝒏 of charging requests per day. The curves show
the average values based on 𝟒𝟎𝟎 runs with a random selection of 𝒏 booking requests from the
real-world dataset and with price elasticity parameter 𝑪 𝟎. 𝟎𝟑 in each run.

For the third experiment (Figure 13), we varied the price elasticity parameter 𝐶 through values
given in Figure 10. With the increasing elasticity, revenue and utilization decrease. MDP
dynamic pricing again comes on top in both metrics.
In the second and third experiment, the revenue of flat pricing strategy increases as we
increase the flat rate. However, by increasing the number 𝑝
and the number of price levels
above 5, we found that the revenue of flat rate starts to decrease after certain threshold price
level dependent on demand and elasticity. At all times, MDP pricing strategy that uses the
same 𝑝
achieves multiple times higher revenue.

Figure 13: MDP dynamic pricing performance compared to the performance of the flat rate (𝑭𝟏
to 𝑭𝟓 ) and the demand correlated pricing strategy (DC) during one simulated day using prices
between 𝟏 and 𝟓 when varying the price elasticity parameter 𝑪. The curves show the average
value of the metric based on 𝟒𝟎𝟎 runs with a random selection of 𝟒𝟎 booking requests from the
real-world dataset in each run.

Notice the utilization and delivered charge in the second experiment are the same for all pricing
strategies when 𝐶 0; when the demand is inelastic, customers always accept the offered
price and the charging capacity is distributed solely on the first come, first serve basis. The
downslope trend of the utilization and delivered charge with increasing elasticity were to be
expected, given the fixed number of 40 booking requests at average duration 0.726 (the
maximal theoretical utilization with three charging points would be 3 ∗ 24).
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Figure 14: Performance of the MDP dynamic pricing compared to the performance of the flat
rate (𝑭𝟏 to 𝑭𝟓 ) and the demand correlated pricing strategy (DC) during one simulated day using
prices between 𝟏 and 𝟓 when varying the price elasticity parameter 𝑪. The curves show the
average value of the metric based on 𝟒𝟎𝟎 runs with a random selection of 𝟒𝟎 booking requests
from the real-world dataset in each run.

Figure 14 shows the aggregate results of our experiments with MDP pricing clearly
outperforming the baseline pricing strategies. Note that the demand correlated strategy falls
short of the MDP pricing strategy as it does not respond to the changes in capacity.
The results show that that in basic simulation, the MDP dynamic pricing will improve revenue
compared to the baselines in all values of absolute daily demand and all values of price
elasticity, with the exception of completely inelastic demand. The relative increase in revenue
is greater if demand is higher or if it is more elastic. Moreover, the MDP dynamic pricing also
improves the utilization and delivered charge when compared to the flat rate and demand
correlated baselines.
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IV. TESTING AND EVALUATION OF THE DRIVER
ASSISTANCE SERVICES: MID-TERM UPDATE
In this chapter, we describe the advances in methods and tools used for the evaluation and
testing of the Advanced Driver Assistance Services (ADAS) and its integration and interaction
with other components of the ELECTRIFIC ecosystem.
As described in Deliverables D8.2 and D8.3, evaluating complex AI-based and agent-based
systems is not trivial. The main issue lies in the fact that the systems often exhibit emergent
behavior which cannot be tested and evaluated with isolated components. In order to test and
evaluate the AI-based and agent-based components of the ELECTRIFIC ecosystem, we have
proposed and developed a simulation framework.
In this chapter, we describe the philosophy and architecture of the simulation framework, the
inputs necessary for the construction of the simulation model and the outputs which can be
gathered from the simulation and further analyzed. Moreover, we report the progress on the
Inspector tool originally described in Deliverable D7.1. The inspection tool has not been
superseded by the simulation as each has a distinct purpose. The purpose of the simulation is
to test and evaluate the overall complex behavior of the whole system, whereas the purpose
of the inspection tool is to provide a closer look on the behavior of a single ADAS-enabled
agent. Finally, we report on the evaluation of the novel speed-up technique deployed in ADAS
planning algorithm, described in Section II.2. .

IV.1. Simulation architecture overview
The ELECTRIFIC simulation testbed is built on the AgentPolis7 framework, an open-source
agent-based mobility microsimulation developed at the Czech Technical University in Prague.
The main concepts underlying the AgentPolis framework and its approach to mobility
simulation are the following:

7



Microsimulation AgentPolis is a microsimulation of transportation, which means that
the simulation is on the level of detail of individual people and vehicles travelling on a
detailed transportation network. The transportation network is modelled at the level of
detail of individual directed road segments and crossroads, but not individual lanes on
the road.



Agent-based AgentPolis is agent-based, which means that the simulation models the
behaviour of people (and other pro-active entities) as individual agents with distinct
sensor inputs, activities and, most importantly, reasoning and decision-making
capabilities. Each agent also has its own goals and utility functions it is optimizing for.
The agents are decoupled and can communicate with each other only via a message
passing mechanism.



Event-based AgentPolis is event-based, which means that the simulation is driven by
discrete timed events which are stored in an event queue. In each step of the simulation
loop, the earliest event is extracted from the simulation queue and processed. The
events can be added by agents or the environment and are processed via callbacks.
This allows the simulation to run independent of the real time in a speeded-up or asfast-as-possible fashion thus enabling rapid evaluation of experiments.

http://github.com/agents4its/mobilitytestbed
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The AgentPolis simulation framework already comes with several concepts and high-level
abstractions useful for mobility simulation and with a visualization tool allowing for visual
inspection of the simulated behaviour.

Figure 15: ELECTRIFIC simulation architecture overview.

An overview of the ELECTRIFIC simulation high-level architecture is shown in Figure 15 The
figure shows agents (which may represent either user agents or CSP agents) which can
communicate with each other and which can add events into the simulation event queue (e.g.,
schedule activities). When a particular event is executed (i.e., its scheduled start time is
reached) the event runs. This e.g. means that an activity is run. An activity represents any
behaviour of the agents in the simulation, such as driving or charging. An activity might modify
or read state of the entities in the simulation (e.g., EVs or charging stations). The activity itself
might add more events to the queue, for example an event that the activity has finished. The
agent is informed when an activity is finished so that next activity of the agent can be
scheduled.

IV.2. ELECTRIFIC-specific
simulation

details

of

the

We have extended the AgentPolis simulation with a set of concepts allowing for the simulation
of electromobility and all-day planning. The main newly added concepts are the following:


Electric vehicles: The electric vehicle extends the original vehicle and modifies the
Move activity to include the battery State of Charge (SOC) and a discharging model.
Moreover, there is an additional activity for charging at the charging station (CS).



Charging stations and locations: Charging station is a new type of simulation entity
allowing to describe and visualize a charging station. Charging location subsumes a
set of charging stations at the same location belonging to the same Charging Service
Provider.



ELECTRIFIC user agent: In general, ELECTRIFIC user agent is an agent which can
use electric vehicles to fulfil its mobility needs and can interact with the Charging
Service Provider (CSP) agent described below. In order to evaluate various scenarios,
we have developed a number of ELECTRIFIC user agent variants which either use
some configuration of the ELECTRIFIC ADAS system or are based on a simplistic
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model of a naïve user. The variants of the ELECTRIFIC user agent are described in
more detail later in this section.


Charging Service Provider agent: The Charging Service Provider (CSP) agent is a
simulated version of the real world CSP which operates a set of charging stations at
various locations, communicates with the user agents, manages bookings and provides
pricing. So far, the pricing mechanisms developed in Section III.5. are not deployed in
the simulated CSP agent and thus only simple pricing schemes are used.

Deployment
simulation

of

the

ADAS

planner

in

the

The ADAS planning system developed in ELECTRIFIC was deployed in the simulation in order
to evaluate it in more realistic, complex, and dynamic scenarios. Thanks to the configurability
of the ADAS system we were able to deploy it in a number of modes thus simulating various
mobility patterns. The variants of the ELECTRIFIC user agent available in the simulation are
the following:


Naïve user: Naïve user is a special variant of the user agent usable in single-trip
scenarios. The naïve user does not use the ADAS system at all and plans her trip
among locations without any consideration of the current SOC and possible charging
locations. Only when the SOC drops below a certain level, the naïve user plans a trip
to the nearest charging station. This approach models the current typical EV usage
where the EV is used with classical routing application which uses neither the
information about current SOC, nor the information about positions of CSs.



Sequential user: Sequential user already uses the ADAS planning system to find the
best route regarding both the travelling itself and the necessary charging stops. The
limitation of the user is that it does not consider the perspective of the whole day and
thus plans only for each subsequent trip in isolation. We denote this approach also as
a single-trip planning.



ADAS user: ADAS user utilizes the full potential of the ADAS planning system by
planning the whole day mobility needs upfront, including charging and activities and
thus exploiting possible synergies.

Variants of the CSP agent
Similarly, the CSP agent can be configured in various ways. As already mentioned, the agent
does not currently employ the pricing mechanisms described in Section III, but instead uses a
simple flat rate. The flat rate pricing means that to each available charging rate (which depends
on the particular connector) is assigned certain price per minute which is constant (flat)
throughout the day.
An important aspect of the CSP agent is the information and services it provides (e.g., offers
generated as described in Section Offer Generator). The current state of the CSPs in the real
world is such that only minimum information is available online (basically only whether the CS
is operational and its properties). Nevertheless, it is clear that future scenarios (such as we
are aiming to simulate) will be inhibited by CSPs with a broader set of provided information. A
simple step forward is to provide current availability information, further development will
probably bring availability forecasts and booking. To evaluate such scenarios, the
ELECTRIFIC simulation provides the following types of CSP agents:


No information: There is no information provided by the CSPs at all. The user agents
and their planning algorithms have to make decisions based on the location of the
charging stations only.



Availability: information The CSPs provide only the current status of the CSs consisting
of the information whether there is a vehicle charging or not.
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Booking: The CSPs provide an option to reserve a certain time slot in the future
together with an information when the time slot is free to book.

The availability of CSs, power sources and renewable properties as discussed in Section
IV.3.2. are currently not part of the simulation. Deployment of the power profiles alongside the
realistic mobility demand data discussed in Section IV.3.3. and related experimental evaluation
is planned for the next iteration of the ELECTRIFIC simulation tool, thus providing significantly
more realistic results.

IV.3. Simulation inputs
The ELECTRIFIC simulation is highly configurable in order to be usable for evaluation of the
developed algorithms in various scenarios. In this section, we provide a high-level overview of
the inputs and configurations necessary for the simulation and a detailed view of the input data
formats (Section IV.3.1. ) and the charging power input scenarios (Section IV.3.2. ) which are
the data most complicated to obtain. Moreover, we discuss the availability of realistic data for
modelling mobility demand (Section IV.3.3. ).
In general, each scenario configuration consists of the following inputs:


Inputs defining the environment



Inputs defining the supply side (CSPs and CSs)



Inputs defining the demand side (the users)

In this section, we describe in more detail the particular data used to generate the inputs in the
current iteration of the simulation tool and also data we have gathered and prepared to be
included in the inputs of the next iteration. The details of the implementation and data formats
describing the actual inputs are presented in Annex VIII.1. .

Inputs defining the environment
The environment is configured by the map region we want to simulate. We use the standard
OSM format which is then processed for the use in the AgentPolis simulator. So far, we have
used mainly data representing the part of Bavaria in Germany bounded by Munich,
Regensburg and Passau. The data have been obtained from OpenStreetMap8. We typically
exclude the residential streets in order to make the simulation graph smaller and thus to speed
up the simulation runs and to reduce the memory footprint. The resulting road graph contains
approximately 75k nodes and 160k edges. Screenshot of the simulation depicting the road
graph in the entire region is shown in Figure 16.

8

https://download.geofabrik.de/europe/germany/bayern.html
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Figure 16: Visualization of the transport graph for the simulated Bayernwerk area.

The CSs are configured mainly by their location and available connectors, whereas the CSP
is configured by the pricing scheme (currently only the flat-rate scheme is available) and the
set of CSs it operates. Additional configuration consists of the power availability data which is
described in more detail in Section IV.3.2. The charging station locations are currently based
on data from EV Charging9 but can be also taken from the ELECTRIFIC Central Information
Model (CIM) model.
The details of the configuration files and concept used in the configuration system are
presented in the next section.

Inputs defining the supply
In ELECTRIFIC, the supply side consists of the CSP and CSs and the available amount of
energy provided for charging, its cost, and its ‘greenness’, that is, the percentage of
renewables in the energy mix.
In order to create realistic grid profiles for a large-scale simulation, the following different
influencing factors are considered. Among them, there is the grid connection location, the
behaviour of the grid, the charging station hardware (number of connectors and connector
types), configuration of local and grid renewables and the energy cost.

IV.3.2.a. Grid/Charging station
For the simulation of realistic grid behavior, we will use the data obtained from the
implementation of our trial grid in the city of Vilshofen within the power flow simulation tool
PowerFactory10. A full description of the properties of this grid section is given in
Deliverable D8.2 Section III.1.

IV.3.2.a.1. Location
The location of the charging stations in the power grid plays a very important role with regard
to the available power capacity, which is limited by grid congestion and power quality criteria.
Charging stations that are located far away from the transformer can cause a high voltage drop
in the line to the transformer which can violate the power quality standard EN50160. By

9

http://ev-charging.com

10

https://www.digsilent.de/de/powerfactory.html
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contrast, charging stations that are located nearby the transformer will probably cause, e.g.,
less voltage level problems, but still can overload the transformer at some times. Both factors,
and many other power quality issues caused by EV charging, can limit the available charging
power at the charging station. As a result, the location of the charging stations is grouped into
three different levels:


No grid limitation L0: This is typically the case when the grid is enhanced to meet the
power requirement of the charging station and/or the charging station is placed near to
the transformer, hence no critical voltage drop can be expected.



Partial grid limitation L1: In this category, charging station are placed in low voltage
grids without upgrading of the transformer station or not directly near to the transformer,
such that a voltage drop can occur during some time of the day.



Hard grid limitation L2: This charging stations are more limited in time and maximum
usable power than L1. This includes even complete shutdowns, or reductions to a
minimum acceptable charging rate, during peak utilization of the low voltage grid.

IV.3.2.a.2. Load profiles
The grid simulation is driven by load profiles that are attached to the specific loads in the grid
section. In the trial grid area, there is a mixture of households, small industries and shops. The
Federal Association of Energy and Water Management (German: “Bundesverband der
Energie- und Wasserwirtschaft” - BDEW) provides load profiles that are typically for specific
connection types. The profiles distinguish between weekday, Saturday and Sunday/public
holiday. In addition, the profiles slightly differ with regard to the four seasons (S0, S1, S2, S3).
The low voltage grid simulation is carried out using the three different day categories, which
can also be used for multi-day simulation, given by Friday (D0), Saturday (D1) and Sunday (D2).
For each day, the four different seasonal profiles are considered as different grid load
variations.
As a different option, measured load profiles from “Hochschule für Technik und Wirtschaft” can
be used [9]. This data set provide more realistic load profiles, especially with regard to voltage
fluctuations that can be experienced in the simulations. Since the load profiles are available
for a whole year, the simulation input is not limited to certain days, but can be created in the
range of a whole year.

IV.3.2.a.3. Connector configuration
Real charging stations provide one or more connectors with different plug types and charging
speeds. Sometimes only one out of several connectors can be used in parallel. Normally, this
is the case for DC chargers, since the connectors share the same rectifier, which is built inside
the charging station. It is also possible that the available power for the second connector is
reduced when one connector is already charging, such that the second connector cannot reach
its specified maximum power. This applies to AC charging stations that are connected with a
smaller peak power to the grid than their summed connector specifications. For the simulation
data, we assume that all AC connectors can be used in parallel, only one out of n DC
connectors can be used and all connectors can charge with their specified maximum charging
power. Furthermore, Schuko plugs (only up to 3.7 kW) are ignored, since they are not
controllable via software.
For simplicity it is assumed that each charging station can have one of the following setup:


One connector C0: Only one connector is available with no power limitation.



Two connectors C1: Two connectors are available with no power limitation.



Three connectors C2: Three connectors are available with no power limitation.



Four connectors C3: Four connectors are available with no power limitation.
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In every configuration the same plug type is assumed, such that any EV can charge with any
given charging connector. At each grid connection point several charging stations can be
connected. Hence, a set of connectors of different charging stations is available at the same
grid connection point.
The distribution of the connector configuration C0, C1, C2, C3 is shown in Table 7. Furthermore,
all charging stations within the range of 100 meter are assumed to share the same grid
connection. As a result, the 235 E-WALD charging stations with minimum 22 kW connectors
are assumed to be connected to 166 different grid connections
Table 7: Distribution of the E-WALD charging stations to the connector configuration.

Connector Configuration

Distribution (absolute / percentage)

C0

63 / 26.8 %

C1

157 / 66.8 %

C2

11 / 4.7 %

C3

4 / 1.7 %

IV.3.2.a.4. Renewable percentage
The renewable percentage of each ChargingPowerOption is determined by two factors: First,
the local renewables produced by local photo voltaic (PV) systems and, second, the grid-wide
renewable percentage over the day. The overall renewable percentage is calculated according
to the complex metric for renewable energy percentage described in Deliverable D2.3.
Local renewables (PVs)
As local renewables, three different scenarios are considered, depending on the availability of
local renewables. For simplicity, the required physical space for e.g. PV systems is not taken
into account. Theoretically, the panels can even be installed on the rooftop at surrounding
buildings.


Local renewables R0: No local renewables (PV) is available.



Local renewables R1: Small local renewable (e.g. PV) is available to support the
charging station (10 kW peak).



Local renewables R2: Bigger local renewables (e.g. PV) system is installed, that mainly
drives the charging station (30 kW peak).

Each charging station (independent of the grid location profile) can be configured with each
PV system scenario. The PV profile over day, is calculated based on the irradiation and the
location of the charging station.
Grid renewables
The grid-wide renewable percentage is calculated based on data from SMARD11. This
platform provides historical aggregated energy data for Germany, Austria and Luxemburg
under CC 4.0 license. The data in 15-minute resolution contains the produced energy from
different energy sources, from which the renewable percentage can be calculated. The
different energy sources from Germany are grouped into

11 http://www.smard.de
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a) renewables: biomass, water, wind offshore, wind onshore, photovoltaic, other
renewables; and
b) conventional: nuclear, brown coal, stone coal, gas, pump storage and other
conventional.
Depending on the requirement of the scenario, different days can be chosen. For example, on
first of May 2018 at 13:45 over 78% of the generated energy was from renewables, while on
11th of January 2018 at 13:45 the renewable percentage was less than 18%.

IV.3.2.b. Energy cost
The European countries have different legislation that influence the total energy prize. In
Germany, the average energy price per kWh for households (assuming a yearly consumption
of 3500 kWh) is 29.16 Cent in 2017. The energy cost consists of three major blocks, as shown
in Figure 17:
a) The cost for energy production and trading (dark blue),
b) taxes, EEG apportionment (German “Erneuerbare-Energien Gesetz”) and concession
levy, which can be seen as fixed and relative additional costs (medium blue),
c) and grid usage fees, which are related to the DSO (light blue).
The ChargingPowerOption cost in the simulation data only consists of the cost for producing
the energy and a fixed part containing the apportionments and taxes. The OfferGenerator
needs to combine the given cost with the calculated grid usage fees that are derived from the
grid-friendliness factor.
In case a local PV system is directly supplying power to the charging station, it is assumed that
the total energy cost for that energy is equal to 0 ct/kWh. This assumption ignores installation
and acquisition costs, as well as apportionments that need to be paid under certain conditions
when using PV systems for own consumption. Furthermore, the money you would earn by
selling the PV power to the energy supplier is not considered at that point.
Depending on the contract between the CSP and the Energy Provider, the energy cost from
the grid can be either static (actually the cost for energy production and trading will be static)
or dynamic following the market prices.

Figure 17: Components of the average energy cost in 2017.
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IV.3.2.b.1. Static energy cost
In case the CSP has a normal energy supply contract, the energy price is constant per kWh
plus a fixed yearly fee. For simplicity, the yearly fee is ignored and the bigger portion of the
actual energy consumption is accounted with e.g. 5.63 ct/kWh without taxes as shown in Figure
17. Hence, without the grid usage fee, the ChargingPowerOption cost is equal to 20.26 ct/kWh.
In addition to that, the normal grid usage fee (including taxes) needs to be added, either
depending on the grid-friendliness factor or statically.

IV.3.2.b.2. Dynamic energy cost
On the energy market, there is the trading of day-ahead energy with highly dynamic prices,
which are based on the demand and the supply of energy. The dynamic energy prices from
Germany are also available on the SMARD platform. These prices, based on the day-ahead
market, are only the part for the energy production cost. The energy cost ranges between 83.06 €/MWh to 124.29 €/MWh in the time between 01.06.2017 and 31.05.2018. This energy
cost is depending on the demand supply equilibrium and the cost can even be negative, in
case the supply exceeds the demand.
Similar to static the static energy cost, the grid usage fee (including) taxes needs to be added
later on.

IV.3.2.b.3. Extrapolation of the power profiles
The given number of available power profiles must be extrapolated to a much higher number
of charging stations in the simulation. The actual number of charging stations depends on the
targeted simulation scenario. Using a Gaussian distribution on the local PV power (if there is
any) and on the grid limitation value, will be a realistic method to create several variants of the
different profiles.

IV.3.2.c. Data selection
The data for the simulation are prepared in a number of iterations where each iteration includes
additional parameters and complexities.

Iteration 1:
The first iteration only uses the charging stations from E-WALD for nowadays scenario
simulation. Hence, locations are only L0, because currently the grids are enhanced to meet the
requirement for charging stations, and PV categories are only R0 due to no PV systems
installed at the charging stations. The first iteration can use the static cost or the dynamic cost
from the energy market.

Iteration 2:
In the second iteration, some of the E-WALD charging stations will be equipped with small and
big PV systems and their grid connection will be categorized between L0, L1 or L2. With small
PV systems and slightly different location, this scenario is suitable for short-term future
scenarios.

Iteration 3:
Iteration 3 will include additional charging stations with different PV and location scenarios.
This iteration is suitable for long-term future scenario simulation.

IV.3.2.c.1. Mapping of profile to the charging stations
After selection of the appropriate profiles for the charging stations, there must be a mapping
between the profiles and the charging stations with regard to their GPS coordinates. In any
case, each charging station is considered as independent to other charging stations, even so
they are connected to the same low voltage grid. Different mapping approaches are proposed
as follows.
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a) Random:
Initially, a random distribution to the charging stations is considered as reasonable, since one
cannot choose the grid situation when building a new charging station.

b) E-WALD Charging Stations:
Using the real charging stations from E-WALD, the actual connectors and grid connection
situation can be used as they exist in real world.
c) Reasonable from economic point of view:
After integrating locations with type L2, a more sophisticated mapping needs to be introduced.
Since (fast) charging stations will be more frequented near to highways than in rural areas, the
profiles will be assigned according to their physical distance to bigger roads.

Inputs defining the demand side
The demand side consists of the users of electric vehicles (EVs), potentially the ELECTRIFIC
ADAS, and the charging infrastructure defined in the environment and by the supply side. The
configuration of the ELECTRIFIC users consists mainly of the description of the daily activities
the user wants to perform during the simulated scenario and their respective constraints. The
electric vehicle used by the user is configured by its type, available charging connectors and
parameters of the discharging model. The daily activities are typically generated based on a
temporal skeleton by randomly choosing sets of possible locations. An example of such
temporal skeleton is the following:
Table 8: Example of temporal skeleton used for generation of daily activities.

#Act.

Activity

Time window

Dur.

Possible
locations

1

Pre-work

[6:00,10:00]

0.5h

5

2

Work

[7:00,19:00]

8h

1

3

Post-work

[15:00,20:00]

0.5h

5

4

Shopping

[15:00,22:00]

0.5h

200

Such randomized temporal skeletons were so far used to generate data representing the travel
needs of the population of the simulated area. In future iterations, we will use mobility data
such as origin-destination matrices as described in Section IV.3.3.a. for the Bavaria area and
Section IV.3.3.b. for the Catalonia area.

IV.3.3.a. Mobility data in Germany
IV.3.3.a.1. Study on mobility patterns in 2017
The German Federal Ministry of Transport and Digital Infrastructure induced in 2017 a broad
study on mobility patterns in Germany. This research based on preceding studies on that topic
in 2002 and 2008. The survey was evaluated between May 2016 and September 2017 and
included 316.361 persons, which reported 960.619 mobility patterns. The research was
published in June 2018 and is the most current study on mobility patterns in Germany.12

12
http://www.mobilitaet-in-deutschland.de/pdf/infas_Mobilitaet_in_Deutschland_2017
_Kurzreport.pdf
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IV.3.3.a.2. Basic results of the study
The overall volume of traffic in Germany slightly reduced since the last study in 2008 and
shows 260 million trips each day. The travelled distance in these ways increased to daily 3.2
billion person-kilometers. Because cities increased in size each year, the mobility ways and
person kilometers grew the most there and strengthened the need for public transport offers.
The analysis of mobility rates shows a reduction from 90% to 85% of all Germans being mobile
each day, with the highest decrease for teenagers and families with low income. In cities, more
than 10% of each household has at least one membership card of a carsharing organization.

IV.3.3.a.3. Volume of traffic and regional distribution
Differentiating the mobility patterns on the weekdays, the most active days are Monday –
Friday with average 88% of all the survey participants being mobile those days. That numbers
decrease to average 82% on Saturdays and 73% on Sundays. The average distance covered
each day is 39km and takes about 80 minutes.
Traffic in certain regions:
The overall 260 million mobility ways each day can be separated into different regions. First
the urban regions which are categorized into:


Metropolis



Large cities



Medium cities



Small cities

Second the rural areas, which are categorized into:


Central towns



Medium towns



Small towns
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Figure 18: The red parts of the map show the four different region types in urban regions (Top
down from metropolis to small cities). The blue-greenish areas show rural regions (Top down
from central towns to small towns). Most of the Bavarian area, where E-WALD is located,
belongs to the rural regions.
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Table 9: The table provides an overview of mobility patterns on certain weekdays and the
amount of mobility ways in the different region types.

The Table 9 shows the amount of mobility ways each day and is differentiated into the different
regions. 49 million mobility ways are realized in metropolis, 37 million in large cities, 66 million
in medium cities and 16 million in small cities. For the rural area 15 million mobility ways are
performed in central towns, 36 million in medium towns and 41 million in small towns. The
corresponding distance which is covered in those mobility ways each day is for the urban area
596 million km each day for metropolis, 456 million km for large cities, 810 million km in medium
cities and 203 million km in small cities. For the rural area we have 188 million km in central
towns, 446 million km in medium towns and 501 km in small towns.

IV.3.3.a.4. Means of transport
For the means of transport, the own car is the most common mobility vehicle. For Bavaria, the
main region for E-WALD, 45% of all mobility ways are performed with the own vehicle, while
only 10% are covered by public transport. For the regions, the amount of own vehicles for the
means of transport is for small towns with 56% at the highest rate.
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Table 10: Overview of the mode of transport in the different German states and region types.

The Table 10 shows the modes of transport (pedestrian, bike, car-driver, car-passenger, public
transport) and the distribution in the different German states. Furthermore, it shows the
percentage of each mode of transport in the described regions.

IV.3.3.a.5. Purpose of the trip
The survey shows that the occupational mobility ways are increasing since 2008, more than
14% of all driven ways are job-related. This result is accompanied by the decrease of mobility
ways for leisure and shopping, from 32% to 28% (leisure) and from 21% to 16% (shopping).
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Figure 19: The columns show the different purposes of the trips in the years 2002, 2008 and
2017 and the time when the mobility ways are performed.

The Figure 19 top left shows the different purposes of trips and how often they are performed.
The Figure 19 on the right shows at what time of the day each single purpose is performed.
The bottom table in Figure 19 correlates the purpose of the trip with the driven km for the trip
and the required time.

IV.3.3.b. Mobility data in Catalonia
In this section, we summarise data available on the mobility patterns in Catalonia. The data
were gathered as part of the “Enquesta mobilitat quotidiana de Catalunya” public census.
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Figure 20: The sub-regions of Catalonia.

The Table 12 shows the trips performed in Catalonia overall, whereas the Table 13 shows the
actual number of trips between the sub-regions of Catalonia shown in Figure 20. Finally, Table
11 details out the composition of the mobility according to the mode of transport and the
purpose of the trip. For our purposes the private transport is the most important as we aim to
model the effect of increasing electromobility in the sector of private transport.

Table 11: Composition of the mobility.

Public transport is used by 16% of users of mobility. The most used transport is non-motorized,
at 46% during working days. Regarding the reasons for travel, during working days, the main
reason is personal, at 30% while the return at home concerned 45% of trips.
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Table 12: Summary of trips in Catalonia.
W orking
days

Mode of transport

Saturday and
Total w eek
holiday

W orking day Saturday and Total w eek
(%)
holiday (%)
(%)

Car with driver

6.591.535

4.507.044

41.971.763

26,7

26,5

26,6

Car with com panion

1.865.264

3.061.392

15.449.104

7,5

18

9,8

732.052

337.019

4.334.298

3

2

2,8

46.170

43.951

318.752

0,2

0,3

0,2

219.914

43.040

1.185.650

0,9

0,3

0,8

Motorcycle with driver
Motorcycle with com panion
Van
Others
Total Private transport

42.685

21.717

256.859

0,2

0,1

0,2

9.497.620

8.014.163

63.516.426

38,4

47,2

40,3

Table 13: The origin-destination matrix of the Catalonia sub-regions.

Barcelona
Barcelona

Trips in thousands during working day
Catalunya
Central
Tarragona
Alt Pirineu
Lleida

Girona

Terres de
l'Ebre

TOTAL

11310

132,8

173,3

100,2

9,2

20

14

449,5

Girona

132,8

1373

18,8

3,1

2,3

3

0,6

1400,8

Central Catalunya

173,3

18,8

965

9,3

3,5

10

0,8

1007,4

Tarragona

100,2

3,1

9,3

1339

1,5

8,4

18,8

1380,1

Alt Pirineu

9,2

2,3

3,5

1,5

184

7,4

0,6

199,3

Lleida

20

3

10

8,4

7,4

811

2,5

842,3

Terres de l'Ebre

14

0,6

2,5

449

472,3

Barcelona

Girona

0,8
18,8
0,6
Travel in thousands Saturdays and holidays
Catalunya
Central
Tarragona
Alt Pirineu
Lleida

Terres de
l'Ebre

TOTAL

Barcelona

7271

252,2

248,4

228

25,8

39,9

15,3

809,6

Girona

252,2

828

37,7

8

2,9

2,6

1,6

880,8

Central Catalunya

248,4

37,7

565

18,7

7,2

18,5

2,9

650

Tarragona

228

8

18,7

810

2,2

21,7

26,2

886,8

Alt Pirineu

25,8

2,9

7,2

2,2

135

12,4

1

160,7

Lleida

39,9

2,6

18,5

21,7

12,4

466

3,3

524,5

Terres de l'Ebre

15,3

1,6

2,9

26,2

1

3,3

284

319

IV.3.3.b.1. Mobility in Barcelona Metropolitan Region
The provided data contain also more detailed records for each of the sub-regions. Here, we
present the detailed analysis for the Barcelona Metropolitan Region (RBM) so to illustrate what
the data are composed of.
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Figure 21: Territorial scope in
Barcelona Metropolitan region
(RMB).

In the Barcelona Metropolitan Region (RMB), public transport is more used than in Catalonia,
with 20% of trips during working days. This can be explained by the prominence of public
transport in Barcelona and its suburbs. As for the reasons, they are the same as in Catalonia
on average.
There are approximately 50 million journeys weekly carried out in the RMB. The population
considered for further calculations includes the inhabitants of 4 or more years, which for the
RMB is 4.3 million population. As an indicative figure, the average number of Inter-municipal
movements is 9.2 displacements per inhabitant. In the RMB, there are a total of 40.9 million
Inter-municipal displacements. The high importance of the return home in the distribution of
travel according to the reason for the trip is a clear indicator of the pendulum nature of the trips
made in the RMB.
Most of the trips in private transport are made by car. 70.6% of the trips by car are made by
car with driver and 29.4% by car with companion. The vehicle occupancy rates detected were
1.4. The most commonly used mode of public transport is the metro, with a market share of
9.8%, followed by the TMB bus, with a market share of 6%.
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Table 14: Mode of Transport in RBM.
W orking
days

Mode of transport

Saturday and
Total w eek
holiday

W orking day Saturday and Total w eek
(%)
holiday (%)
(%)

Car with driver

3.869.658

2.698.589

24.745.468

22,6

23,2

22,7

Car with com panion

1.133.505

2.002.183

9.671.891

6,6

17,2

8,9

568.114

239.518

3.319.606

3,3

2,1

3

35.768

34.186

247.212

0,2

0,3

0,2

141.067

20.571

746.477

0,8

0,2

0,7

11.501

6.534

70.573

0,1

0,1

0,1

5.759.613

5.001.581

38.801.227

33,6

42,9

35,6

Motorcycle with driver
Motorcycle with com panion
Van
Others
TOTAL Private Transport

Table 15: Origin-destination matrices for working days and Sundays and holidays for the RBM
area.

Barcelonès
Barcelonès

Maresme

5676,4
216
154
421
720
46
22

Maresme
Vallès Oriental
Vallès Occidental
Baix Llobregat
Garraf
Alt Penedès

Barcelonès
Barcelonès

216
890,1
31
23

Vallès Oriental
Vallès Occidental
Baix Llobregat
Garraf
Alt Penedès

Trips in thousands during working day
Vallès
Baix
Occidental Llobregat
Garraf

154
31
694,7
110
20

421
23
110
1862,3
87

Alt Penedès TOTAL

720
0
20
87
1422,8

46
0
0
0
0
283,3

Travel in thousands Saturdays and holidays
Vallès
Vallès
Baix
Oriental
Occidental Llobregat
Garraf

Maresme

3551,9
201
163
284
481
44
23

Maresme

Vallès
Oriental

201
579,5
50

163
50
411
85

284
0
85
1139,1
58

481
0
0
58
907,2
28

22
0
0
0
0
0
193,2

7255,4
1160,1
1009,7
2503,3
2249,8
329,3
215,2

Alt Penedès TOTAL

44
0
0
0
28
199,3

23
0
0
0
0
0
110,2

4747,9
830,5
709
1566,1
1474,2
271,3
133,2

Table 16: Inter-municipal and inter-country displacements in RBM.
Trips in thous ands during working day
Barcelona

Res ta 1a
Corona

Res ta RMB

Barcelona

4.681

1.047

755

Res ta 1a Corona

1.047

2.772

405

405

5.853

Res ta RMB

755

Fora

484

484

Fora

Tri ps i n thous a nds duri ng Sa turda ys a nd hol i da ys
Ba rce l ona
Ba rce l ona

Re s ta 1a
Corona

Re s ta RMB

2.921

604

585

Re s ta 1a Corona

604

1.825

343

Re s ta RMB

585

343

3.864

Fora

Fora

876

876
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From the observation of the market shares of the main modes of transport by city rings it can
be deduced that ring 1 is where public transport assumes the largest market share, reaching
34.3%. As we move away from the central territory of the RMB, the relative weight of public
transport decreases. Outside the first crown, private transport has market shares of around
50%.
92.2% of the trips made in the extended RMB to the limits of the suburban services are
unimodal and the remaining 7.8% are multimodal. The 49.9 million weekly trips in the RMB
turn into 55.2 million travel stages. The main movements between the regions of the RMB are
represented in the following figure. These represent 13.5% of the total trips.

Figure 22: Inter-urban displacements through Barcelonese region.

The main movements between the crowns of the RMB are represented in the following figure.
These represent 11.4% of the total displacements.

Note:
Movements expressed in thousands.
In parenthesis the inter-municipal
displacements

Figure 23: Inter-municipal displacements in Barcelona Region.

In the first ring, 30 million weekly trips are made, corresponding to 60% of total trips. Of these
movements, 58% are required mobility; that is, of the order of 8 million trips. Of the 30 million
weekly trips with origin or destination at some point in the first crown, a total of 28 million have
their origin and destination in the same crown. Of the 8 million weekly trips in the first ring due
to forced mobility, a total of 7.3 million are carried out completely within the first ring.
In relation to the time distribution of movements, we can observe that the greatest
concentration of movement occurs during the first hours of the morning. The movements in the
afternoon are grouped in two time slots: one at noon and another at mid-afternoon; most of
them will be trips back home and for non-compulsory mobility.
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IV.4. Simulation outputs
The ELECTRIFIC simulation outputs a wealth of data that can be further analyzed. In this
section we describe the data outputted from the simulation and some interesting results
obtained from the simulation so far.
We have developed the data analysis tools in Python using the numpy13, pandas14 and
maplotlib15 packages. The results are visualized in a web-based environment built using the
Leaflet.js16 JavaScript framework.

Raw data
According to the microsimulation philosophy of the AgentPolis and subsequently ELECTRIFIC
simulation tools the data are produced locally by the individual agent, entities, and events and
are later aggregated and processed. The raw data are produced in the form of logs in the
JSON data format. The simulation produces the following standard logs:


PlanLog: Whenever the user uses the ADAS planner to find a plan for her mobility
needs, the PlanLog is recorded, containing, the plan duration, plan cost, planner type,
and all the planned actions including their parameters.



DriveLog: When the user starts driving, every leg of the drive is recorded in the
DriveLog. The log contains the start and end locations including time, the start and end
SOC and the entire driven path consisting of individual road segments.



ActivityLog: The ActivityLog logs that an activity has been performed by a user,
including start and end times and the activity ID.



ChargingLog: The ChargingLog logs the events of charging performed by the user.
Again, location and start and end times are logged. Moreover, the log contains charging
parameters such as charging location, used power, percentage of renewables, price,
and the value for grid friendliness. The log also contains the result of the charging, that
is, the amount energy charged.



ChargingWaitingLog: In the absence of booking capabilities of the CSP, it may happen
that a user ends up waiting at a charging station. This event is logged in the
ChargingWaitingLog, including the location, start and end times, and the total waiting
time.



DayLog: When the agent finishes her day (that is, performs all activities and returns
home), the DayLog summarizes the result of the simulation of this particular user. It
contains start location and time, end location and time, and the number of unfinished
activities (which should be 0 if everything went according to the plan).

In addition to the standard logs described above, the simulation might output error logs. The
error logs do not typically represent software errors or bugs but rather unexpected or
undesirable events or agent states. The possible error logs are the following:


EvOutOfChargeLog: This error log represents the situation where the user's EV is out
of charge and thus the user cannot continue fulfilling its activities.



PlanningFailedLog: In some configurations, the user re-plans if unexpected situation
occurs (e.g., a CS is occupied). Occasionally, it may happen that from the given
situation there is no possible plan allowing the user to perform all her activities.

13 http://www.numpy.org/
14 http://pandas.pydata.org/
15 http://matplotlib.org/
16 http://leafletjs.com/
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Aggregated data
In order to make sense of the vast amount of data generated by the simulation the raw data
needs to be aggregated. To do so we have developed a number of python scripts. We
aggregate the following data. Example of visualization of the data can be found in Section
IV.4.3. ; example of the use of the aggregated data to evaluate algorithms is presented in
Section IV.5. .

IV.4.2.a. Charging stations
We can analyze the ChargingLog and ChargingWaitingLog logs to determine the following
statistics for each charging station.


Number of unique users



Total charged energy



Average charged energy (averaged over all users)



Total charging time



Average charging time (averaged over all users)



Total wait time



Average wait time (averaged over all users)

We can aggregate the data over all charging stations to obtain the total time spent charging or
waiting (over all CSs and users) and the total energy charged throughout the whole day. This
is useful to evaluate the infrastructure utilization when using various charging allocation and
planning algorithms and when comparing different levels of communication between the
agents.
Moreover, as all logs are time-stamped, we can analyze the measured statistics as they evolve
throughout the day. For example, we can determine the number of charging and waiting users
(summarized over all CSs or per CS) throughout the day to find peak hours and other patterns.

IV.4.2.b. Users
The most important logs regarding the users are the PlanLog and DayLog. By comparing the
two we can determine the quality of the plan with respect to the actual execution. By comparing
the DayLog values per user for different configurations of the user’s reasoning capabilities, CS
pricing schemes, or information provided by the CSPs we can evaluate the configurations from
the perspective of the individual users. Moreover, we can calculate the following aggregate
values:


Number of users who successfully completed their daily schedule



Average daily schedule duration

In addition, it is easy to compare the obtained values against a baseline scenario, e.g., with
users using a classical combustion engine vehicle (CEV). This way we can determine how
much time is wasted due to the EV overhead.

Visualization of the simulation outputs
To visualize the aggregated data described in Section IV.4.2. we have developed an interactive
visualization of the simulation results. The data for visualization are provided by python scripts
and exported into the GeoJSON format. The visualization itself is web-based and uses the
Leaflet.js JavaScript library to visualize the GeoJSON data in an interactive way.
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Figure 24: Visualization of the charging station data obtained from the simulation.

Figure 24 shows a screenshot of the visualization, displaying a set of charging stations and
data related to them. The data were obtained from a simulation with 500 naïve single-trip users
having only a single start and destination nodes and a small subset of the CSs used in Section
IV.4.2. . The visualization can visually represent a number of CS-related stats (selected by the
right-top option buttons) and detail all stats in the right-top box. The screenshot shows the
average waiting times at the charging stations and clearly conveys the fact that the CS near
the center of the region are demanded the most.
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Figure 25: Visualization of the user data obtained from the simulation.

Figure 25 shows a screenshot of the visualization of the same experiment but focusing on the
users. It shows the points of interest (POI) used as start and destination nodes of the users.
The red lines represent the start-destination pairs where the weight of the line is proportional
to the number of users with the connected POIs being their start or destination nodes.

IV.5. Use of the ELECTRIFIC simulation in the
evaluation of the ADAS planning algorithm
In this section, we present a number of results obtained from evaluation of the ADAS planning
algorithm performed in the ELECTRIFIC simulation. The work has been accepted for
publication at the IEEE Intelligent Transportation Systems Conference (ITSC) 2018.
The evaluation was performed from two points of view. The first point of view is user-centric,
where we have evaluated metrics oriented on the individual users, such as time delay caused
by charging and the effect of the multi-destination planning approach. The second point of view
is infrastructure-centric, where we have focused on the infrastructure as a whole, focusing
mainly on the utilization of the charging stations and the number of users waiting (and thus
wasting their time).

IV.5.1.a. Scenarios
The scenarios we use for the evaluation can be arranged in two dimensions: i) which planning
approach the simulated users use and ii) which information about charging stations they are
able to obtain to make their decision (as described in Section II.3. ). We use three different
variants of add-on services charging stations provide that were already discussed in Section
IV.1. :


Booking – The charging stations provide an option to reserve a certain time slot in the
future together with an information when the time slot is free to book.



Availability – The charging stations provide only the current status whether there is a
vehicle charging or not.
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None – There is no information available at all. The planning algorithms make decisions
based on the location of the charging stations only.

Together with two planning approaches (single- vs. multi-destination), we obtain six types of
scenarios to evaluate.
Now, we describe the behaviour of the EV user agents for each scenario:
Trip planning for a single destination


EV users using only single-destination approach plan only a route to the next activity
including charging, performs the route and the activity, and after the activity is finished
she plans the next route. The behaviour upon the arrival at a charging station depends
on the information provided by the charging stations – there are the following three
alternatives:Booking – The EV user can charge upon arrival as the planned charging
slot was booked in advance.



Availability – If the charging station is occupied on arrival, the EV user waits until the
charging station becomes free or she re-plans to a different free charging station if it is
advantageous.



None – The user waits in a queue until the charging station becomes free.

Trip planning for multiple destinations
EV users using the multi-destination approach plan their complete plan at the start of the day
and the behaviour on the CS is similar to the single-destination users:


Booking – The EV user can charge upon arrival as the planned charging slot was
booked in advance.



Availability – If the charging station is occupied on arrival, the user re-plans the rest of
her plan with the newly obtained information about the length of the queue. The user
also checks the status of the charging station before she starts the trip leg which ends
at the charging station. If the CS is occupied the user re-plans the rest of the plan.



None – If the CS is occupied, the driver re-plans in the same way as in case of
availability information.

The properties of all charging stations on these locations are the same: they offer only one
charging rate (50kW) and can charge only one vehicle at a time. Also, all vehicles are equal
and use simplified linear models of charging and discharging. Discharging is dependent only
on distance (range 260km with battery capacity 26kWh). Time required to recharge a certain
amount of energy is dependent only on the amount and a charging rate. User-centric results.
The first metric we evaluate with respect to the ELECTRIFIC users is the delay caused by the
use of EVs compared to the use of classical Combustion Engine Vehicles (CEV). We aim to
lower this delay as much as possible in order to make the use of EVs less inconvenient.

IV.5.1.b. User-centric results
The first metric we evaluate with respect to the ELECTRIFIC users is the delay caused by the
use of EVs compared to the use of classical Combustion Engine Vehicles (CEV). We aim to
lower this delay as much as possible in order to make the use of EVs less inconvenient.

64

ELECTRIFIC - Description of the intermediate EV driver assistance services

30/08/2018, Version: 1.0

Figure 26: The ratio of time needed to fulfill daily activities and mobility needs compared to the
use of combustion engine vehicle.

As we can see in Figure 26Error! Reference source not found., when using the multidestination approach with booking the increase of time spent on the daily schedule compared
to CEV can be less than 2.5% on average which is 20 minutes in a 12-hour day. In the case
of single-trip approach with no information the increase can be up to 20% in extreme cases,
which accounts for 2.5 hours, typically spent waiting for a charging station to become free. This
shows the importance of both booking capabilities of charging stations and all-day multidestination mobility planning using, e.g., the ELECTRIFIC ADAS system. Notice, that a very
significant improvement can be observed also in the cases with multi-destination planning even
without the CS booking capabilities.
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Figure 27: Comparison of all day plan duration when using single- vs. multi-destination
approach.

Apparently, the most important user-centric metric is the duration of the daily schedule. In
Figure 27 we compare the single-destination approach with the multi-destination one in terms
of plan durations. The figure shows that a majority of multi-destination users are faster (upper
region). The fact that a non-negligible number of single-destination users is slightly faster is
caused by the following. In an isolated environment, where each user's plan is not influenced
by the rest of the users, the multi-destination approach would always be better. However, in
the simulation, where a plan of one user influences the plan of another (booking charging
stations makes booked charging station unavailable to others), it can happen that a singledestination user during his actions tries to book a charging station sooner than a competitor
that would book the CS earlier if he used the multi-destination approach.
Let us now take a look at the comparison of the state of charge at the end of the whole day for
each user (Figure 28). We can see that the multi-destination approach outperforms singledestination in vast majority of cases. Hence, we can confirm that the shorter plans are not at
the expanse of a depleted battery.
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Figure 28: Comparison of final SOC when using single- vs. multi-destination approach.

Figure 29: Number of charging users throughout the whole day.
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From the results discussed above, we can safely say that from the EV user perspective, the
multi-destination approach used in the ELECTRIFIC ADAS is significantly better than the
alternatives.
IV.5.1.c. Infrastructure-centric results
From the infrastructure perspective we focus mainly on the utilization and throughput of the
charging stations, that is, the number of charging users and the number of waiting users
respectively.
Figure 29 shows the number of charging users (that is, users with EVs plugged in at a CS) out
of the total 500 users in the scenario at varying time of day. We can see that regardless the
information provided by the CSPs, the multi-destination approach provided by the
ELECTRIFIC ADAS is able to balance the charging load more regularly by scheduling more
charging events to the afternoon. The single-trip approach used in current systems favors
charging in the morning which overloads the CS infrastructure and leads to less charged EVs
in total.

Figure 30: Number of waiting users throughout the whole day.

Without the booking capabilities this also leads to excess waiting times as shown in Figure 30.
The figure shows the number of waiting users at each time of the day, that is, users which
have arrived at a charging station which is occupied, thus wasting their time. We can clearly
see that the additional information of current availability helps to reduce the waiting time by
spreading the load spatially, but only the whole day multi-destination approach is able to
spread the demand in time and thus reduce the overall waiting time. This is shown in the
following table:
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Table 17: Summary statistics.

multidestination

singledestination

# completed

avg.
duration [h]

# charging

energy
[MWh]

booking

497

12.6

1124

15.5

availability

496

12.7

930

13.6

none

494

12.7

951

12.9

booking

431

12.8

508

7.7

availability

341

12.6

339

4.9

none

417

13.0

518

7.2

The Table 17 summarizes the number of users that were able to finish all their daily activities
and mobility needs, the average duration of the user's day, the number of charging events and
the total energy charged. The results show that the multi-destination all day planning approach
deployed by the ELECTRIFIC ADAS system lowers the daily mobility duration, even though it
increases the total number of charging events. This means that the charging is more often split
into more charging events but those events are more often collocated with the activities and
also the waiting times are reduced, as shown above. In the multi-destination approach there
are on average two charging stops per user per day. The total charged energy is significantly
higher when using the multi-destination approach which is due to the fact that more people are
able to finish their days and less waiting is incurred. This also means that the used
infrastructure is utilized significantly more.
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V. SUPPORT TO TRIALS
In this chapter, we describe the support provided by WP7 to trials conducted in the second
year of the project. This support concentrated on providing customized versions and
deployment configurations of EV travel planning algorithms adapted to specific needs of the
trials.

V.1. Trial ADAS-service description
Currently, a highly simplified, customized version of EV travel planning algorithms is used for
trials. The trial ‘Default Greenest Route and Basic Incentives’ (described in Deliverable D8.2
Section VII.3.1.) required only a service that returns a fastest route from A to B, some
reasonable alternative that avoids highways to be passed as green route and an option to
navigate to a nearest charging station instead of destination if there is any within a reasonable
range and plan walk from the CS to the destination. There is also a requirement for the route
to be as realistic as possible which leads to implementations of turn restrictions and more
realistic speed model, which are described in the following sections.

V.2. Customized algorithms
The custom EV travel planning algorithms for trials accept three arguments: origin, destination
and a type of the route. The route type can be fast or green and both can be also redirected to
a nearby CS which gives us four options.
If the fast option is selected the fastest available route is returned (if exists). If the green option
is selected, the desired output is to return route that is slightly different from the fastest route
which also avoids highways. We use the alternative route algorithm described in Section V.5.
and modify it to ignore routes with speed limit above some threshold (currently 100km/h) and
return the second best found route. We return the second route because we need to be sure
that the green route differs from the fast one and especially on short routes (that are expected
as typical case for the trials) there is high probability there are no highways on the way to be
avoided.
If the option to navigate to a CS is selected (regardless if fast or green is selected), the
algorithm tries to find a nearby CS and finds a route to it and also plan a walk from the CS to
the destination. A CS is selected in the following manner. There are two CSPs, primary and
secondary (currently with charging stations gathered from E-WALD17 and LEMNet18
respectively), and if there is a CS from primary CSP within a defined walking distance (500m)
the nearest one is used. If there is not, the secondary CSP is tried and if there is not a CS
either, then a route to destination is returned instead.

V.3. Edge-based graph
To make the resulting path feasible in the real world, we need to take into account as much
local restrictions in the road network as possible. The most important ones are the turn
restrictions (no left turn, no U-turn, …) and turn orders (ahead only, turn left, …). There are
several ways to incorporate this kind of information into the routing. For example, there can be
a table of forbidden sequences of edges (we cannot use only two edges because of more
complicated restrictions, see example in Figure 33) that can be checked during the search but
that would require a modification of each algorithm that could be used for the search.
Therefore, we have decided to transform the road graph into so-called edge-based graph
(described in [10]) into which the information about forbidden sequences can be directly
injected. The edge-based graphs also enable to easily deal with the speed model working with

17

https://e-wald.eu/

18

https://www.lemnet.org
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deceleration/acceleration on junctions and turn penalties (described in Section V.4. ) and with
a correct implementation, it can be used in any search algorithm.
A standard way to represent a road network is by a simple directed graph where each node
represents a junction and each edge represents a road segment between junctions. The edgebased graph [10] is a pseudo-dual representation that converts the edges (road segments in
real world) of the original graph (node-based graph) to nodes and uses edges as transitions
from one edge (road segment) to another. Basically, it contains an edge for each possible turn
on a crossroad, for example, a typical four-way crossroad with banned U-turns is represented
as eight nodes (one for each road segment and direction) and 4 ∙ 3 12 edges (for each
incoming road segment there are three possible ways). Another example can be seen in Figure
31.

Figure 31: Example of transformation of node-based graph to edge-based graph. Source: [11].

Unfortunately, these nodes and edges are not enough to represent the road network and we
need to employ additional types of nodes and edges. We need to represent the start and end
points of the routes (junctions) and their connection to the road segments; therefore, for each
specific location (junction) in the real world we add one node to the graph (the same as in the
node-based graph) and for each outgoing road segment of that junction we add an entry edge
and for each incoming road segment we add an exit edge.
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Figure 32: Example of edge-based graph with entry- and exit-vertices. Source: [11].

Each edge in the edge-based graph has its time cost that can be derived from various
characteristics of the involved road segments. The edges representing an illegal move (banned
by turn restriction etc.) are simply deleted from the graph.
The edge-based graph can also model more complicated turn restrictions (see example
in Figure 33). To incorporate these restrictions, we do not model the structure of the crossroad
but we take only the incoming and outgoing road segments and connect them (if permitted) by
edges.

Figure 33: Example of complicated turn restriction. Drivers are not allowed to go from road a to
c via b. [Source: https://wiki.openstreetmap.org/wiki/File:Via_way_restriction.svg] .

This representation has of course its advantages and disadvantages. The implementation is
straightforward and it allows to use various search algorithms without any specific modification.
On the other side, though, the increase of the graph size is significant (3 times larger on
average. For now, the impact on the speed and memory requirements of the algorithm is not
that important, but in the future, when we will have the search algorithm completed,
experiments with different representations could be useful.
Although the work on the turn restrictions (resulting into the edge-based graph) was motivated
mainly by the requirements for the trial, it will also be useful for any of the future planning
algorithms that will be used in the real world.
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V.4. Improved speed model
The speed model we use is based on [11]. It works with speed restrictions caused by junctions
(beside speed limits) and the influence of the acceleration and deceleration to the time needed
to traverse a road segment.
Basically, the model just calculates the time based on speed limits and the time penalty caused
by acceleration and deceleration between road segments with different speed limits and the
need to slow down on junctions. To calculate the time penalty 𝑡 caused by acceleration from
speed 𝑣 to 𝑣 is calculated by (𝑎 is the average acceleration of the car in 𝑚 ∙ 𝑠 ):
𝑣
𝑣
2𝑎 ∙ 𝑣

𝑡

The speed limits are retrieved from the source OSM but the speed by which a junction can be
crossed has to be modeled. The model of the speed works with the angle of the turn and the
number and category (primary, secondary, etc. - retrieved from OSM) of the roads incoming
to the junction:


Turn angle velocity 𝒗𝒂 – With the exception of highways, cars need to slow down in
turns. The maximum velocity to pass a turn is calculated by:
1

v

|𝜓|
∙ min 𝑣 , 𝑣
𝜋

where 𝜓 is the turn angle (0 means straight road) and 𝑣
on incoming and outgoing edges respectively.


and 𝑣

are speed limits

Junction velocity 𝒗𝒋 – How fast a vehicle can pass an intersection is influenced by the
structure of the junction including the category of the roads; therefore, junction velocity
is based on the number of incoming edges with higher road category (highway is higher
than primary road) in the following way:
min 𝑣 , 𝑣
𝑣

20

,
10
,
𝑖

𝑘
𝑘

0,
0

where 𝑘 is the number of incoming edges with higher road category and 𝑣
𝑣
are speed limits on incoming and outgoing edges respectively.

and

The resulting speed to which the car must decelerate is the minimum of 𝑣 and 𝑣 .
The model described above returns reasonable duration estimates when used in the planner
in the area of Bavaria but when routes use a lot of highways and primary roads the durations
are underestimated compared to Google Directions19; therefore, we adjusted the model by
adding a speed coefficient 0.8 to these road categories, which lowers the speed limit on these
types of roads to 80%.
Equally to the edge-based graph, also the speed model is not useful only for the trial but also
in the future for any planning algorithm with real world deployment.

V.5. Alternative route search algorithm
The trial ‘Default Greenest Route and Basic Incentives’ (described in Deliverable D8.2
Section VII.3.1.) needed to offer two alternative routing options between origin and destination
to the user. The alternatives cannot be too similar in space (e.g. change just one short road)

19

https://www.google.com/maps/dir/
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and also its criteria value cannot be too far from optima. The alternative also has to be
reasonable to the user, meaning there cannot be meaningless detours. To provide the
alternative to the optimal solution we have implemented a simple algorithm described in [12].
The algorithm is based on two runs of Dijsktra’s algorithm. It searches for the optimal path from
both origin and destination node and keeps the tree of expanded nodes. The algorithm then
looks for maximum paths contained in both trees (called plateaus – see Combination Tree
in Figure 34) and for each of the plateaus it constructs the path from origin to destination going
via the plateau.

Figure 34: Illustration of combination of origin (source) and destination tree for searching of
alternative routes. Source: [13].

The best of the constructed paths (except of the optimal one) is selected as the alternative.
The constructed paths are compared by the following formula:
𝑓 𝑝

2𝑙 𝑝

𝜎 𝑝

𝑝𝑙 𝑝

where 𝑙 𝑝 is the criteria value of the path 𝑝, 𝜎 𝑝 is how much the path 𝑝 shares with the
optimal path and 𝑝𝑙 𝑝 is the criteria value of the plateau from which the path 𝑝 is constructed.
To be sure that the resulting alternative is reasonable the constructed paths are also filtered
by three conditions:


The alternative path 𝒑 must not share too much with the optimal path 𝑶𝒑𝒕: 𝒍 𝑶𝒑𝒕 ∩ 𝒑
𝜸 ∙ 𝒍 𝑶𝒑𝒕 , 𝟎 𝜸 𝟏.



The detour of the alternative must be reasonable compared to the skipped part of the
optimal route: 𝒍 𝒑 ∖ 𝑶𝒑𝒕
𝟏 𝝐 ∙ 𝒍 𝑶𝒑𝒕 ∖ 𝒑 , 𝝐 𝟎.



The route has sufficient local optimality (without meaningless detours) expressed by
plateau length: 𝒑𝒍 𝒑
𝜶 ∙ 𝒍 𝒑\𝑶𝒑𝒕 , 𝟎 𝜶 𝟏.
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We used the following coefficients: 𝛾 0.8, 𝜖 0.25, 𝛼 0.25. Which means that the
alternative can share maximally 80% of length with the optimum, the part of the alternative that
is not shared (the detour) can be maximally 25% longer than the skipped part of the optimal
route and the length of the plateau in the alternative has to be at least 25% of the length of the
detour.

V.6. ADAS service configuration
The configuration of the adas-service for trials purposes requires few additional settings:
Table 18: Additional ADAS settings for trials.

Attribute

Current settings

Primary CSP

E-WALD

Secondary CSP

LEMNet

Max walk from CS

500 m

Highway
threshold

speed 100 km/h

Alternative algorithm settings:

𝜶 – Min local optimality

0.25

𝜸 – Max shared

0.80

𝝐 - Max detour

0.25
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VI. SUMMARY
During the second year of work in WP7, significant progress on development of Advanced EV
Driver Assistance Services (EV ADAS) has been achieved. Based on the experience with the
initial version of EV ADAS delivered at the end of the first year, the technical components
comprising EV ADAS have been improved both in terms of their capabilities and in terms of
their computational efficiency. For the first time, the developed algorithms have been evaluated
using the advanced agent-based simulation testbed, which allowed to assess their
performance in a more realistic setting. A customized version of the EV ADAS algorithms have
also been developed to support project trials. Technological components comprising EV ADAS
have matured significantly and now provide as solid base for the experimentation and trials
which will be the focus of the final year of the project.
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VIII. ANNEX
VIII.1. Implementation of the simulation input
With the goal to be able to generate massive amounts of inputs to feed data to the simulator,
JSON data format schemas for the simulation model’s configuration, plus filesystem file/folder
reference conventions were defined, so that through easy configuration and/or automated tools
to generate the defined configuration files, developers can specify multiple scenarios using a
combination of “common” inputs and scenario-specific ones. The simulation receives a single
input for a scenario, and all other models are then resolved from that scenario configuration
file.
The main JSON Models used for the simulation configuration, can be seen in Table 19, and
their schema in the next section. So that the JSON files are easily reusable, references to other
models, are relative paths to a JSON file or a folder (in which case all JSON files in folder
would be used).
An example of the convention for the folder structure that defines the simulations scenarios
can be seen Figure 35, and it’s further described in Table 20.
Table 19: Simulation JSON Models Inputs

Model
Name

Reference
d Models

Reference Example

Scenario

1..n
User

"users": [

EV "../common/user/adas_user_work.json",
"../common/user/sequential_user_work_entertain.json"
]

1..n
Charging
Service
Provider

"csos": [
"../common/cso/cso1.json"
]

Charging
Service
Provider

1..n
Charging
Station

"chargingStations": [
"../cs/css1.json"

Charging
Station

1..1 Point of "poiId": "MUN",
interest

Point
interest

]
"poiFile": "../poi/pois.json",

of -

-

Electric
Vehicle

1..1 Energy "consumptionModel":"../evChargingModel/consumptionMode
Consumpti l1.json"
on Model

Energy
Consumpti
on Model

-

-

EV User

1..1 Electric
Vehicle

"vehicle": "../evType/vehicle1.json"
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Figure 35: Folder structure convention
Table 20: Folder structure details

Folder Path

Description

/scenarios

Folder containing multiple scenarios

/scenarios/common

Common JSON configuration files to 0..n
scenarios in folder /scenarios

/scenarios/experiment1

Folder containing a scenario configuration,
and it’s unique JSON Models configurations.

scenarios/experiment1/scenario.json A scenario JSON configuration to be input
into simulator

Configuration JSON schemas
Main configuration JSON schema
{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"name": {
"type": "string"
},
"startTime": {
"type": "string"
},
"simulationSpeed": {
"type": "number"
},
"csos": {
"description": "path to a Config file or a folder contaning one or more JSON
Config Files",
"type": "array"
},
"users": {
"description": "path to a Config file or a folder contaning one or more JSON
Config Files",
"type": "array"
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}
},
"required": [
"name",
"startTime",
"simulationSpeed",
"csos",
"users"
]
}

Charging Service Provider Scenario JSON Schema
{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"id": {
"type": "string"
},
"type": {
"type": "string"
},
"prices": {
"type": "array",
"items": [
{
"type": "object",
"properties": {
"power": {
"type": "integer"
},
"price": {
"type": "number"
}
},
"required": [
"power",
"price"
]
}
]
},
"chargingStations": {
"description": "path to a Config file or a folder contaning one or more JSON
Config Files",
"type": "array"
}
},
"required": [
"id",
"type",
"prices",
"chargingStations"
]
}

Charging Station JSON Schema
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{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"id": {
"type": "string"
},
"poiFile": {
"description": "path to a Config file or a folder containing one or more
JSON Config Files",
"type": "string"
},
"poiId": {
"description": "id of the POI to use from the ones found in poiFile",
"type": "string"
},
"connectors": {
"type": "array",
"items": [
{
"type": "object",
"properties": {
"id": {
"type": "string"
},
"maxPower": {
"type": "integer"
}
},
"required": [
"id",
"maxPower"
]
}
]
}
},
"required": [
"id",
"poiFile",
"poiId",
"connectors"
]
}

Point of interest JSON Schema
{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"id": {
"type": "string"
},
"name": {
"type": "string"
},
"lat": {
"type": "string"
},
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"lon": {
"type": "string"
}
},
"required": [
"id",
"name",
"lat",
"lon"
]
}

Electric Vehicle JSON Schema
{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"vehicleId": {
"type": "string"
},
"type": {
"type": "string"
},
"lengthInMeters": {
"type": "integer"
},
"vehiclePassengerCapacity": {
"type": "integer"
},
"usingGraphTypeForMoving": {
"type": "string"
},
"maxVelocity": {
"type": "integer"
},
"initialStateOfCharge": {
"type": "integer"
},
"maxStateOfCharge": {
"type": "integer"
},
"consumptionModel": {
"description": "path to a Config file or a folder containing one ONLY JSON
Config File",
"type": "string"
}
},
"required": [
"vehicleId",
"type",
"lengthInMeters",
"vehiclePassengerCapacity",
"usingGraphTypeForMoving",
"maxVelocity",
"initialStateOfCharge",
"maxStateOfCharge",
"consumptionModel"
]
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}

EV User JSON Schema
{
"$schema": "http://json‐schema.org/draft‐04/schema#",
"type": "object",
"properties": {
"userName": {
"type": "string"
},
"activities": {
"type": "array",
"items": [
{
"type": "object",
"properties": {
"location": {
"type": "string"
},
"timeWindow": {
"type": "object",
"properties": {
"lb": {
"type": "integer"
},
"ub": {
"type": "integer"
}
},
"required": [
"lb",
"ub"
]
},
"duration": {
"type": "integer"
},
"name": {
"type": "string"
}
},
"required": [
"location",
"timeWindow",
"duration",
"name"
]
}
]
},
"poiFile": {
"description": "path to a Config file or a folder containing one or more
JSON Config Files",
"type": "string"
},
"poiId": {
"description": "id of the POI to use from the ones found in poiFile",
"type": "string"
},
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"startTime": {
"type": "integer"
},
"behaviourModel": {
"type": "string"
},
"vehicle": {
"description": "path to a Config file or a folder containing one ONLY JSON
Config File",
"type": "string"
}
},
"required": [
"userName",
"activities",
"location",
"poiFile",
"poiId",
"startTime",
"behaviourModel",
"vehicle"
]
}
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