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Executive Summary
This report documents the results of the work performed in the first 12 months of the
ELECTRIFIC project in Work Package 7 Advanced EV1 Driver Assistance Services (ADAS).
The purpose of ELECTRIFIC Advanced EV driver assistance services is to enable the EV
driver to utilize their vehicle in the way that is both more convenient for them and friendlier to
the grid and EV battery.
The core component of the developed EV Driver assistance services 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 the user’s whole day. This opens significant new opportunities for
optimizing EV use by supporting the EV user in organizing their activities and scheduling EV
charging to best align their personal preferences with the constraints of the grid.
The market-based EV charging capacity allocation mechanism is the second main result of the
work in WP7. The allocation mechanism uses market-based principles, in particular dynamic
pricing, to balance the demand for EV charging with the dynamically changing available
charging capacity.
During the first 12 months of the project, the overall approach to Advanced EV Driver
assistance services has been defined in terms of the design of the required software modules
and algorithms. A first working implementation of Advanced EV Driver Assistance Services
has been completed and evaluated on a set of benchmark scenarios. The results of the first
12 months of work in WP7 provide a solid foundation for the first trial planned and executed in
WP8 and the subsequent work on a more feature-complete version of Advanced EV Driver
Assistance Services in the second year of the project.

1
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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 first 12 month of work in WP7
Advanced EV Driver Assistance Services, in particular tasks T7.1 Driver Activity- and Gridaware EV Travel Planning Algorithms and T7.2 Market-based EV Charging Capacity Allocation
Mechanisms.
The document is organized as follows. In Section II, we give an overview of EV Driver
Assistance Services (EV ADAS) and put them in the context of the use cases for ELECTRIFIC
and of the overall architecture of the ELECTRIFIC system. In Section III, we describe the
models and algorithms for Driver Activity- and Grid-aware EV Travel Planning Algorithms; in
Section IV, we do the same for Market-based EV Charging Capacity Allocation Mechanisms.
In Section V, we describe selected implementation details for both the proposed EV travel
planning algorithm and the capacity allocation mechanism. Finally, in Section VI, we outline
the overall evaluation methodology for EV ADAS and report first evaluation results. Section VII
concludes the report.

I.2. Scope and Audience
The document builds on use cases identified in the project’s original description of action and
further elaborated in WP2 and reported in [1]. The proposed design of EV ADAS respects the
overall ELECTRIFIC system architecture defined in WP3 and reported in [2].
The document describes the design, the first implementation and the initial evaluation of EV
ADAS. The first implementation of EV ADAS has been integrated with the rest of the
ELECTRIFIC by WP3, as reported in [3]. The implementation of EV ADAS is also going to be
used as part of the first ELECTRIFIC trials executed by WP8.
Besides EC Officers and appointed project evaluators, the presented report is meant to be
used by ELECTRIFIC project partners, in particular those active in WP3, WP4, WP5 and WP6,
in order to obtain the understanding of the technical approach taken and the envisioned
solution for EV ADAS as well as the interactions of EV ADAS with other ELECTRIFIC modules
developed in the project. The document is also important for trial partners in WP8 as it enables
them to better understand the functionality of EV ADAS and how this functionality can be
leveraged in ELECTRIFIC project’s trials.
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II. OVERVIEW OF EV DRIVER ASSISTANCE
SERVICES
The goal of advanced EV driver assistance services developed in ELECTRIFIC is to enable
the EV driver utilize their vehicle in the way that is both more convenient for them and friendlier
to the grid and the EV battery. 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 have 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 their travel planning. Due to the inherent
complex dependencies and the number of information sources that need to be considered,
such a consideration is 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. 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. Nevertheless, there will always be
a need for 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 ability to plan an effective use of an EV is inherently coupled with the ability to efficiently
allocate required EV charging capacity. For work management and organization purposes, the
work addressing these two problems is split into T7.1 Driver Activity- and Grid-aware EV Travel
Planning Algorithms and T7.2 Market-based EV Charging Capacity Allocation Mechanisms,
respectively.
Before describing the proposed solution for both of the problems in Section III and IV, we first
show how the above described objectives fit within the ELECTRIFIC use cases elaborated in
WP2 and how the proposed solution integrates with the overall ELECTRIFIC system
architecture designed in WP3.

II.1. Relation to the ELECTRIFIC Use Cases
The ELECTRIFIC use cases revolve around the central functionality of the system which is
enabling seamless electromobility through smart vehicle-grid integration. A key part of
ELECTRIFIC is then trip/travel2 planning for EV users. The artificial intelligence components
comprising of several communicating agents provide such functionality by means of EV Travel
Planning Algorithms and EV Charging Capacity Allocation Mechanisms. The implementation
of the planning algorithms and allocation mechanisms forms the main part of the ADAS
software agent (see Section II.2 for more information about the architecture of the ADAS
agent). Because of their strong reliance on artificial intelligence (AI) techniques, we refer to the
modules implementing these planning algorithms and allocation mechanisms collectively as
ADAS AI.
The ELECTRIFIC use cases [1] begin with the mentioned core functionality of the system,
which is TUC-01: Plan and navigate a trip. The EV user requests to plan a trip. The trip is

2

We use the terms interchangeably. The original idea was to use the term travel planning to emphasize
that ELECTRIFIC takes broader than the single-trip context when planning the usage of EVs. However,
the more established term trip planning has also been adopted in the project.
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specified over a set of activities during the day possibly constrained in time and/or location.
The EV user can use their own vehicle or a vehicle from a car sharing scheme. In the latter
case, the planning of a trip includes selecting and suggesting the most suitable vehicle from
the fleet of available car sharing vehicles. The ADAS Agent calculates multiple versions of the
trip and displays them to the user. Both the request and the response of the system is provided
via a user interface, which is developed under WP3.
For each trip, the ADAS AI proposes a selection of an appropriate vehicle and several charging
stations, charging slots and charging capacities such that the trip plan is feasible. The ADAS
AI algorithms use AI techniques, particularly heuristic search and combinatorial optimization,
to suggest EV travel plans that specify how the EV user should organize their activities and
related trips during the day, when and where they should charge the EV and which routes they
should take when travelling between the locations of their activities. The details of the formal
model of the problem and proposed solution in form of algorithms are described in Section III
in detail.
The search and optimization processes consider several criteria selected by the user as a part
of the input, namely the cost of the trip, duration of the trip, and the percentage of renewables
used for charging. Trip suggestions also respect properties of the car, in particular the battery
charging and discharging model. Although ADAS AI suggests the optimum route with the
selected EV and optimum charging slots, the EV user needs to carry out the final booking of
the EV and reservation of charging slots with the respective systems of the Charging Service
Providers (CSPs) and EV Fleet Operators, either via or independent of the ELECTRIFIC
system.
Reservation of charging slots and booking of the EVs for travel can be performed by EV users
on their own or based on suggestion from the ADAS AI via ELECTRIFIC. Moreover, an EV
Fleet Operator can use ELECTRIFIC to involve the EV user in performing the EV selection
and charging. The use case TUC-05: Involve users in charging describes this situation. The
motivation from the EV Fleet Operator is to better control the fleet, e.g., the return location of
the EVs. For the EV users, the involvement can be compensated monetarily or by other
motives provided by ADAS AI via ELECTRIFIC, as is the comfort of EV usage, efficient trip
planning, cheap recharging and others. The situation with charging is more complicated than
with EV selection, as the number of charging occurrences is usually larger than number of
booked EVs for one trip (esp. if it is limited only for one day, which is the current assumption).
When the user will need a specific support from the ADAS AI for selection of a charging station
and charging slots, the Grid-aware EV Travel Planning Algorithms (Section III) have to
consider a sequence of decisions about the particular route, and points in time when the used
EV needs recharging. This process is an intrinsic part of TUC-01, but in future can support the
user in the context of TUC-05 as well.
The charging sub-problem of TUC-01 and prospectively TUC-05 has also overlap with the
market-based principle for a fair balance between the requirements of the EV users and CSPs.
On the one hand, EV Travel Planning algorithmically chooses charging so that it best matches
the EV user travel requirements. On the other hand, the Charging Capacity Allocation
Mechanisms (Section IV) balances the other side of the equation, that is, the parameters of
the charging service offered by CSPs, including pricing, charging rate, percentage of
renewables and others, towards their profit.
The last use case relevant to the Advanced EV Driver Assistance Services is TUC-06: Provide
battery-friendly and cheaper charging, which explicitly formulate the purpose of ELECTRIFIC
as a battery-friendly, grid- and renewable-aware service for electromobility users. The target
of optimal grid capacity allocation is covered by the interplay between the EV Travel Planning
Algorithms and the Market-based EV Charging Allocation Mechanisms. As sketched for TUC01 and TUC-05, with the support from the AI algorithms, the two sides of the market balance
the supply and demand of the electric power between CSPs and EV users. This balance not
only facilitates the discovery win-win transactions for both sides, but also provides a
mechanism for the more efficient usage of the power, therefore cheaper charging and battery-
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friendly behaviour. As the ADAS AI can, on behalf of the user, take in to the account the needs
of the EV battery, the planned trips can be optimized not only for cheap charging, but also to
provide battery-friendly charging. In the case of cheap charging, the requirements on the grid
can be projected to the price of energy at different locations in different time thus motivating
the demand to spread across. The price of charging therefore sends a monetary signal toward
the EV users. In the case of battery-friendly charging, efficient recharging of the batteries can
be both monetarily efficient for the EV Fleet Operators, but also explicitly required by the EV
users to decrease the ecological footprint caused by production of additional EV batteries.
The summarized ELECTRIFIC use cases with emphasized usage of the ADAS AI algorithms
and mechanisms (present in the following sections) are as follows:
TUC-01: Plan and navigate a trip
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.

EV user plans a trip
ADAS AI calculates multiple versions of the trip via the EV Travel Planning Algorithms
(and proposes an EV for the trip) and displays them to the user including a rating
EV user selects one of the displayed trips
ADAS AI (the Travel Planning Algorithms) proposes a suitable EV (in certain range) for
the selected trip to the EV user
EV user books the EV
ADAS AI (the Travel Planning Algorithms) proposes the reservation of a CS during trip
[if available]
EV user reserves the charging stations
ADAS AI (the Travel Planning Algorithms) suggests options of the charging station
reservation (timeslot and charging capacity)
EV user selects a charging option (timeslot and charging capacity)
EV user picks up booked EV
EV user uses route navigation for selected trip
ADAS AI calculates route
EV user gets notifications and is offered user choices during trip: Changes in the
charging station reservation (capacity, timeslot), incentives, and route adjustments

TUC-05: Involve users in charging
1.

EV Fleet operator provides booking schedule to ADAS AI within ELECTRIFIC

2.

ADAS AI proposes EV for selection to EV user (TUC-01)

3.

EV user selects and books an EV

4.

ADAS AI detects when EVs need to be charged (considering state of charge) and how
they need to be charged (considering state of health)

5.

ADAS AI detects suitable charging station during the trip that the EV can reach with the
current state of charge

6.

ELECTRIFIC proposes to use the charging station and charging mode by offering an
incentive to EV user

7.

EV user accepts or declines the proposal from ELECTRIFIC
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TUC-06: Provide battery-friendly and cheaper charging3
1. Distribution System Operator monitors availability of renewables and provides this
information to ELECTRIFIC
2. ELECTRIFIC provides information about available renewables to the CSP
3. CSP via ELECTRIFIC (the Market-based EV Charging Allocation Mechanisms) provides
cheaper charging with renewables to their customers (EV users). This will reduce the
price for the used kWh at the charging station or the time-based charging price in €.
4. CSP via ELECTRIFIC (the Market-based EV Charging Allocation Mechanisms) provides
battery-friendly charging to their customers (EV users).
5. EV user uses cheaper and batter-friendly charging from the CSP
6. ELECTRIFIC stores and analyses data about the behaviour of the CSP’s customers
regarding green and battery-friendly charging
7. ELECTRIFIC considers this information for the trip planning and provides this information
to the CSP
8. CSP can use green and battery-friendly charging for marketing purposes

II.2. Relation to ELECTRIFIC Architecture
The ELECTRIFIC system consists of several software agents representing encapsulated units
of decision making. The agents are defined by their goals resulting from the goals of entities
on whose behalf they act (e.g., EV users). The agents communicate via their APIs with their
surroundings, be it another agent or a passive software component. The software components
exchange and store data, interface with the users and provide support during development,
testing and deployment.

3

Note that the following is based on the current description of the use case in [1]; the final use case
might be modified based on the research findings of the project.
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ADAS user interface

Charging Service
Provider Agent

ADAS Agent

EV Fleet Operator Agent

ADAS AI
Charging Service
Allocator

Charging Service
Provider Subsystems

Charging
Allocator

EV
Allocator

EV Travel Planner

EV Booking Service

EV Fleet Operator
Subsystems

Common Information Model
Figure 1. ELECTRIFIC architecture with the related agents and AI components.

The three software agents of the ELECTRIFIC system are depicted in Figure 1. The data
exchange among the agents and their components is depicted in the figure as arrows. The
ADAS Agent receives the planning requests from the ADAS user interface developed in WP3
and responds with the planned trips. During the planning process, the ADAS Agent requests
bids from the Charging Service Provider (CSP) agents and EV Fleet Operator agents on their
services. The providers and operators respond with various offers of charging and booking of
EVs respectively. All three agents use the Common Information Model to get the underlying
data; in the case of the ADAS Agent, the data contains the Environment Model in terms of the
route graph with height information and parameters of various EV types used for estimation of
energy usage during the trips in the Discharging Estimator (see Section III) for a detailed
description of both).
The core part of the ADAS Agent is the ADAS AI which encapsulates the Activity- and Gridaware EV Travel Planning Algorithms (see Section III), which are the Charging and EV
allocators, and the EV Travel Planner. All these algorithms work in one search framework
analysing variants of the trips. The search principle will be explained in detail in Section III.


The EV Travel Planner suggests travel plans for EV users. The travel plans suggested
specify how the EV user should arrange their travel-implying activities, how the EV user
should charge their vehicle and which routes the EV user should take to travel between
the locations of their activities. In the case the EV user is using a shared vehicle, the
suggested travel plans should also identify the vehicle the EV user should use from the
fleet of available shared vehicles. For calculating travel plans, the EV Travel Planner
employs the Charging Allocator and EV Allocator logical components.



The Charging Allocator is a logical component of the ADAS AI used by the EV Travel
Planner to select when, where and how the user should charge their EV.



The EV Allocator is a logical component of the ADAS AI used by the EV Travel Planner
to select the most suitable vehicle for the EV user in the case the user uses a vehicle
from a shared fleet.
12
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The ADAS AI is supported by a testing and development testbed presented in Section VI.1.1.
The testbed allows to emulate the CSP agents and EV Fleet Operators as well, therefore it
provides testing abilities not only for the core AI components of the ADAS AI algorithms, but
also for testing in the wider context of the other related agents in the ELECTRIFIC system.
CSP agents predict future charging charging capacity at particular charging stations they act
on behalf of. These predictions are used to model charging limits and to construct discretised
charging offers. The charging offers of various charging slots, rates and prices (see Section
IV) are requested by the ADAS AI during the planning process (see Section III). Suitable
charging offers are reserved by the ADAS Agent for the particular EV user’s trip.
The principle of EV booking is similar to reservation of charging slots. The ADAS Agent
receives bids on various EVs at different locations for generated prices and decides which EV
is most suitable for the EV user needs and trip parameters requested. The bids are generated
by the EV Fleet Operators. Another possibility is an EV privately owned by the user. This
situation can be technically seen as a “micro” EV Fleet Operator with a fleet of one EV and
controlled solely by the private owner of the EV.
The user interface used for tasking the ADAS AI is developed as a part of WP3 and together
with results of WP6 provides a user-friendly way of defining the trip requests. The output of the
ADAS AI algorithms is then displayed back via the same user interface and the user can
choose between several prepared trips meeting the user's requirements. The Common
Information Model developed as a part of WP3 provides efficient storage infrastructure and
provides the data needed by the components mentioned so far.
In the following sections, we provide details on the WP7 components, notably the formal
models of the ELECTRIFIC system and the AI algorithms implemented to solve the formal
problems.
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III. MODELS AND ALGORITHMS FOR DRIVER
ACTIVITY- AND GRID-AWARE EV TRAVEL
PLANNING
EV Travel planning algorithms developed in Task 7.1 enable the EV Driver Assistance services
to calculate and propose to the user EV travel plans. Although the whole calculation is part of
a single reasoning process, it can conceptually be broken into three layers: (1) EV user activity
scheduling, (2) EV charging point selection and (3) energy-efficient EV routing. At the EV user
activity scheduling level, the travel planning algorithm explores different possible orderings and
locations of the user’s planned activities with the objective of finding the best ordering and
locations meeting the user and charging constraints. At the EV charging point selection level,
the travel planning algorithm decides the most suitable charging points, considering both the
predicted capacity and prices at charging stations and the information from the vehicle's battery
management system. It is at this point where the travel planning algorithm integrates with the
EV charging capacity allocation mechanisms developed in Task 7.2. Finally, at the EV routing
level, the algorithm performs the actual energy-aware routing, considering the terrain
topography and the physical properties of the vehicle and its battery system.
ADAS Agent
ADAS AI
Charging
Service
Providers

Charging
Allocator

EV Allocator

EV Fleet
Operators

Day Activity Planner

Route Planner
Discharging Estimator

Environment Model
Dynamic Data

Static Data

Figure 2. Architecture diagram of the ADAS Agent showing the modules implementing the EV
Travel Planning functionality.

III.1. Approach
Although there is a wealth of literature on path planning with energy constraints and charging
and related problems, the proposed solutions focus on isolated planning of single trips and do
not take into account the whole day context of mobility (see Section III.2 for a survey). Such
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approaches are not sufficient for ELECTRIFIC as they do not allow to unlock efficiency gains
stemming from optimizing EV usage beyond individual trips.
We therefore propose to take a more holistic perspective, where we take into account not only
the route planning and charging, but also the temporally and spatially constrained activities
which need to be performed by the users. By taking the whole day activity and mobility model
into consideration, our approach provides better solutions compared to single-trip planners that
handle each request independently.

Figure 3: Example scenario.
A - home location, C - work location, B, D - chargers, B - shop. Activities are 8h work, 30min
shop. Maximal state of charge (SOC) - 30 kWh, charging to full takes 60 minutes. a) Naive
approach: The user first decides the order of activities (work, shop). Charging postponed until
necessary. b) Whole day formulation: Optimize the order of activities and charging (shop,
work).

Take for example the scenario in Figure 3. The user starts and ends in the home location A,
may charge the EV at B and D and shop at B. The user's goal is to spend 8 hours at the
workplace and to shop for 30 minutes. The initial (and maximal) capacity of the EV battery is
30 kWh and charging to full takes 60 minutes. In the naive plan shown in Figure 3a), the user
first decides the order of activities, that is, first go to work and then do the shopping. Also the
charging is postponed until necessary. By this approach, the user first goes to the location C
(the EV has enough charge to do that) and works for 8 hours. Next, the user wants to go home
and make a stop for shopping, but the charge of the EV is not high enough to do so and thus
the user must first go to a nearby charging station at location C. Then the user can get to the
location B and do the shopping, while also charging the EV. Finally the user gets home, with
the overhead of time caused by charging of 45 minutes (we do not count the charging time
while shopping).
By optimizing for the whole day formulation of the problem , the user can obtain the optimized
plan shown in Figure 3b), where the shopping is scheduled before work. In that case, the user
first arrives at B, does the shopping while recharging the battery to full and continues to work.
At the way back, the EV does not have enough charge for the whole trip and thus a short
(10 min.) charging stop is scheduled. Overall the user arrives 30 minutes earlier than in the
naive case and spends only 10 minutes on charging overhead. Notice also, that the overall
energy consumed from the charging stations is 10 kWh less which might also save money.
Obviously, this simple problem is easy to optimize, but the problem gets too complicated for a
human when the number of locations and activities increase and the temporal constraints are
more complicated.
Informally, the Whole Day Mobility Planning with Electric Vehicles problem can be modelled
as a search problem on a road network graph with specific vertices being charging stations
and points of interest (POIs) where given activities can be performed in given time windows.
The edges in the graph (corresponding to the road segments) have a particular time cost
depending on the distance and maximal speed (we do not allow choosing the cruise speed)
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and energy cost depending mainly on the elevation profile (as the EV can recuperate energy
when going downhill) and the speed.
Each of the activities the user wants to perform is associated with a particular location and is
constrained by the earliest activity start time, that is, the time when the activity can be started
at the earliest, the latest activity end time, that is, the time when the activity must be finished
at the latest, and the activity duration which is fixed. This gives us a time window in which the
activity duration must fit. The charging stations are associated with a location, the cost of
charging service (usually as cost per minute), and charging speed depending on the
technology available at the charging station.
In general, the cost of charging can differ between the charging stations and in time, based on
the charging station allocation mechanism and the pricing scheme as discussed in Section IV.
In the current state of the algorithm we simplify the charging station allocation and pricing so
that the cost can differ between the charging stations but is considered to be constant
throughout the time. The costs are fixed upfront and no communication with the Charging
Service Providers (CSPs) is performed to determine the charging costs. We are interested in
minimizing either the total time spent travelling and performing activities, the total money cost
of the trip (where the money is spent on charging stations), impact on the environment
(greenness), or all at the same time.
The main challenges of the proposed problem are the following. The underlying traveling
salesman problem (TSP) makes the whole problem NP-hard [4], but as was shown in the
example, sequencing the activities up-front may significantly reduce the quality of the solution,
or even make the problem unsolvable. This is mainly due to the temporal constraints which
may be not satisfiable in some orderings. Another source of complexity is the limited capacity
of the batteries (and thus limited range of autonomy of the EV). The state of charge (SOC) of
the battery must be taken into account during the optimization in order to ensure that a path
worse according to the metric (e.g., time) but with higher SOC is not discarded as it might lead
to a solution, whereas a better path might end in a dead-end (i.e., without enough SOC to
reach the goal).

III.2. Related Work
At first, we look at applications related to EV mobility and at ADAS for EVs then we look at
scientific work related to our problem.
One of the main needs of the EV user is to see if their car is able to reach the destination or
whether there are any charging stations along the route. Most of the applications (e.g.
Egomap4, EVTripPlanner5, EV EVJourney Route Planner6 and A Better Route Planner7) are
very similar to traditional route planners, but they have several features for the EV users. These
features are the estimation of EV range and the map of EV charging stations. The applications
in principle differ only in the geographical area they support and the accuracy (and the number
of supported EV models) of their EV battery discharging calculation. Another web and mobile
application is EVMAPA8 which combines a map of charging stations with a payment method
for charging and with GPS navigation. EVMAPA is available only in the Czech Republic and
Slovakia.

4

https://www.egomap.eu/

5

https://www.evtripplanner.com/planner/

6

http://www.evjourney.com/

7

https://abetterrouteplanner.com/

8

https://www.evmapa.cz/
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The EV manufactures also develop their own Advanced Driver Assistance Services. Renault
teamed with TomTom and built the first in-dash navigation system for electric vehicles9, which
minimizes the range anxiety by providing the information about the charging stations (e.g.
location, operating hours and payment methods)10. Hyundai uses NAVTEQ’s ADAS11 and
allows to chose a green route (beside the common ‘fastest’ and ‘shortest’ route) which, by
taking into account attributes such as slope, height and curvature, reduces fuel consumption
for vehicles with internal combustion engines and energy consumption for electric vehicles. To
minimise the consumption, it also predicts traffic jams and tries to avoid them.
Advanced Driver Assistance Services have been also addressed in earlier European R&D
projects. For example, the EcoGem12 project developed an ADAS capable of planning the
most energy-efficient routes. The ADAS also uses machine learning to predict traffic situation
and bottlenecks from the knowledge of the transport system and its own historic data. Finally,
the system can also share information with other vehicles and the surrounding infrastructure.
The main difference to ELECTRIFIC ADAS is that the EcoGem system does not take into
account the whole day perspective when planning travel and also does not include charging
capacity allocation mechanisms.
From the scientific point of view, we are concerned mainly with the theoretical models and the
respective algorithms. A large number of models and algorithms related to particular subproblems of the Whole Day Mobility Planning with Electric Vehicles problem have been
formulated in the literature. The basic problem we can consider is the shortest-path problem
on a graph and the corresponding Dijkstra's algorithm [5]. A multi-criteria version of the shortest
path problem together with a modification of the Dijkstra’s algorithm was introduced in [5]. In
the multi-criteria version, the notion of the shortest path is superseded with the idea of a set of
Pareto-optimal paths, that is, a set of paths which are not dominated on all criteria by any other
path. The generalization of the Dijkstra’s algorithm leads to a label-setting algorithm [6] with
arbitrary labels.
When considering EVs, the battery capacity limit and charging become crucial. In [7] the
authors present a number of gas station problems (including shortest path and TSP) where
the vehicle has a limited tank capacity and can refuel at some of the graph nodes with either
variable or uniform price. The authors present a number of dynamic programming solutions
and approximations. In [8], [9] the authors study energy-optimal routing for electric vehicles by
first casting it as a variant of the Constrained Shortest Path Problem [10] with an 𝑂(𝑛3 )
algorithm and second by solving it as a graph search problem with the A* [11] algorithm and a
consistent heuristic yielding an 𝑂(𝑛2 ) solution (where 𝑛 is the number of nodes in the road
graph). In practice, the EV routing problem is also solved by various commercial (mentioned
above) and academic routing services [12]. The battery limit and charging is often considered
not only for the single shortest path problem, but also for TSP or Vehicle Routing Problems. In
[13] the authors consider the case of routing a fleet of vehicles as a Green Vehicle Routing
Problem also with multiple modes of recharging (as in our case). Similarly, the Electric Vehicle
Routing Problem with time windows is solved in [14]. In [15] the authors have shown that the
minimal cost path problem for EVs (or for Hybrid Plug-in EVs in their case) is NP-hard by
transforming it to the Shortest Weight-Constrained Path Problem which was shown to be NPhard in [16].

9

https://automotive.tomtom.com/tomtom-renault-launch-first-electric-vehicles-dash-navigation-system/

10

https://automotive.tomtom.com/products-services/connected-services/travel-services/

11

http://www.prnewswire.com/news-releases/hyundai-introduces-green-routing-navigation-leveragingnavteqs-advanced-content-117221913.html
12

http://www.innovationseeds.eu/Virtual_Library/Results/ECOGEM--An-Innovative-Advanced-DriverAssistance-System-ADAS-For-Electric-Vehicles-Aiming-At-Sustainable-Mobility.kl
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Another important facet of our Whole Day Mobility Planning with Electric Vehicles problem is
the time. Again, there are many temporal extensions of the individual sub-problems. The
Shortest Path Problem with time Windows has been solved with a label-setting algorithm in
[17], an optimal algorithm based on dynamic programming has been proposed by [18]. A
summary of time-constrained vehicle routing and scheduling problems (including TSP) and
respective algorithms was published in [19]. An optimal algorithm was presented in [20] and
an approximation in [21].
In our case, the combination of time windows on the locations to visit and resources consumed
on the edges (but also replenished at some locations) needs to be considered. A very recent
work [22] have considered a closely related problem in the sea transportation domain. The
authors propose a Time-Dependent Shortest Path Problem with the addition where the path
must visit a specified sequence of nodes and a TSP variant, both including bi-criteria
optimization. The particular criteria are fuel consumption and safety. in addition to temporal
constraints in the ports to visit, the properties (e.g., cost) of the graph change in time depending
mainly on the weather situation. Closely related is also the Trip Query Problem [23] which
consists of the problem of planning a trip over points of interest such that each belongs to a
specific category and at least one point of interest from each category has to be visited, also
studied as generalized TSP [24]. A temporal extension of a similar problem (Multi-Type
Nearest Neighbor) was studied in [25]. In our current problem, we do not consider multiple
locations for each activity, but instead focus on the temporal and SOC constraints which, to
our best knowledge, have not been studied in combination yet.

III.3. Problem Definition
In this section we propose a formal definition of the Whole Day Mobility Planning with Electric
Vehicles problem which is a simplified version of the planning and scheduling problem we
solve in the ELECTRIFIC. The current formalization simplifies several aspects of the complete
problem, in particular it does not take into account the selection of a car (for electric car sharing
users) and uses a simplified model of EV charging. That said, the formalization is designed in
a way which makes future extension to a full version straightforward.
Let 𝐺 = (𝑉, 𝐸) be a directed graph representing the underlying road network, where 𝑉 is a set
of vertices and 𝐸 is a set of edges and each edge (𝑢, 𝑣) ∈ 𝐸 is associated with two cost
attributes, a non-negative time cost and energy cost, which can be negative due to
recuperation.
Let 𝐶 ⊆ 𝑉 be a set of charging stations where each charging station 𝑐 ∈ 𝐶 has a set of available
charging rates and charging costs per time unit of charging for each charging rate. The time
required for charging is the function mapping a charging rate, initial SOC and resulting SOC
on the charging time. Besides the maximal SOCmax we define the minimal state of charge
SOCmin below which the battery cannot not drop at any point in the plan. This parameter
represents the need of drivers to keep some energy reserve. Otherwise the inaccuracy of the
consumption estimates may lead to a fully depleted battery during the plan execution even
though in the plan SOC was not expected to drop below 0.
Let 𝐴 ⊆ 𝑉 be a set of activities to be planned. Each activity 𝑎 ∈ 𝐴 is associated with the
following time constraints: EST(𝑎) is the earliest start time, LET(𝑎) is the latest end time, and
AD(𝑎) is the activity duration which also imply the latest possible arrival time LAT(𝑎) =
LET(𝑎) − AD(𝑎).
The initial state of the problem is specified by the starting location 𝑣init ∈ 𝑉 and an initial battery
state of charge SOCinit .
The goal is to find a path 𝜋 = (𝑣1 ∈ 𝑉, . . . , 𝑣𝑘 ∈ 𝑉), |𝜋| = 𝑘 defining an order of the visited nodes
beginning and ending at the initial location (𝑣1 = 𝑣𝑘 = 𝑣𝑖𝑛𝑖𝑡 ) and performing all of the activities.
The path is extended with a non-negative waiting time at nodes where an activity is performed
and/or the EV is charged. For the nodes where the EV is charged also the properties of the
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charging are defined - amount of charged energy, charging rate and charging cost. The SOC
of the vehicle cannot drop below SOCmin anywhere on the path.
We consider the optimization metric of the Whole Day Mobility Planning with Electric Vehicles
problem to be a weighted sum of the time, financial costs and greenness. Naturally, the
problem can be cast as a multi-criteria optimization and the proposed solution would be easy
to modify, but we leave this extension for future work for simplicity of exposure.

III.4. The Planning Algorithm
Our solution is based on the idea of label-setting algorithm [6]. The difference from classic
Dijkstra's algorithm [5] is that instead of maintaining a single label for each opened vertex, the
label-setting algorithm maintains a Pareto set13 𝐿𝑣 of all non-dominated labels
𝑙𝑣 = (𝐴𝑣 , 𝜏, 𝛽, 𝛾)
where 𝐴𝑣 ⊆ 𝐴 is a set of activities already visited, 𝜏 is the time required to get to the node 𝑣, 𝛽
is the current SOC, and 𝛾 is the money cost of the path leading to 𝑣, more precisely to the label
𝑙𝑣 . In order to determine the Pareto set 𝐿𝑣 , we use the following definition of the dominance
relation ≺.
Definition 1 Let 𝑙𝑣 , 𝑙′𝑣 be two labels of the same node 𝑣. We say that 𝑙𝑣 is dominated by 𝑙′𝑣
(denoted as 𝑙𝑣 ≺ 𝑙′𝑣 ) iff the following conditions are satisfied:
𝐴𝑣
⊆
𝐴𝑣 ′
𝑓(𝜏, 𝛾) ≥ 𝑓(𝜏′, 𝛾′)
𝛽
≥
𝛽′

(1)

where 𝑓(𝜏, 𝛾) is the criteria function minimized by the algorithm, in our case weighted sum of
time and money costs.

13

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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Figure 4: Pseudo-code of the core of the travel planning algorithm.

The pseudo-code of the solution is shown in Figure 4. In each iteration of the algorithm, a label
𝑙𝑣 of a vertex 𝑣 ∈ 𝑉 is polled from the priority queue 𝑄. The labeled state is expanded (function
expand on Line 12), the new labels are pruned (function prune on Line 13) by the speed-up
techniques described in Section III.4.1. and then the labels, which are not dominated by any
label already contained in the queue, are added to it (Lines 14-20). Whether a solution is found
is checked by the isGoal function which checks if all the activities were performed (𝐴𝑣 = 𝐴) and
if it returned to the starting location (𝑣 = 𝑣𝑖𝑛𝑖𝑡 )
The states are expanded in four stages, each representing one action the user can do:





driving to neighbour vertexa
performing an activity
charging
charging while performing an activity

We distinguish between an action and an activity in the context of the search as an activity is
just one of the possible actions which include also driving and charging.
The first case label expansion represents driving. Let 𝑣 be the polled node and 𝑙𝑣 = (𝐴𝑣 , 𝜏, 𝛽, 𝛾)
be the label currently being expanded. For each outgoing edge of the node a new label is
added to the queue with time and SOC updated accordingly to the time and energy cost of the
edge. The labels with state of charge bellow SOCmin are discarded.
An activity can be performed only if the current location 𝑣 is an activity location (𝑣 ∈ 𝐴) and the
activity has not been performed so far (𝑣 ∉ 𝐴𝑣 ). The start time of the activity is set to the earliest
available moment satisfying the activity time constraints. It means it starts at current time 𝜏 or
if the current time is less than earliest possible start time of the activity EST(𝑣), it starts at the
earliest possible start time. With time independent costs, later start can never result into a
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better solution. If the location conditions are met and the end time of the activity also satisfies
the time constraints (≤ EST(𝑣)) a new label is added to the queue.
The expansion of the charging is maintained by Relevant CSP Retriever component (described
below in Section IV.3.1. ) selecting available charging options. Currently, this component is
very simplified and will be improved in the future. To reduce the search space we limit the
variants of the charging action. The charging action can be applied if the battery is bellow a
threshold 𝑆𝑂𝐶𝑡 (e.g., 80% of SOCmax) and the battery is always charged to 100%. If the current
location is a charging station (𝑣 ∈ 𝐶), a new label is added to the queue for each charging rate
with SOC updated to maximum (SOCmax ), time updated accordingly to the time required to
charge to that SOC by the charging rate and also the cost of the charging (based on the
charging time and the charging rate) is added to the current money cost 𝛾. Because the driver
does not have to be present while the charging is in the process, they can do also an activity
if it is at the same location as the charger. Similarly to the case of charging only a new label is
added to the queue for each charging rate. The difference is, that the time parameter is set
with respect not only to the charging but also to the performed activity.

Speed Ups
In order to improve the performance of the solution we propose a number of speed-ups. The
proposed speedups fall in two categories. The first category are pruners, which are used to
prune some of the expanded labels (Line 13 in Figure 4) based on a heuristic guidance. The
second category is dominance relaxation where the notion of dominance is relaxed so that
more labels are considered dominated and thus pruned.

N-elliptic search-space reduction
In real-world road graphs, a route between two points usually does not diverge much from the
straight line between the points, thus the area in which the optimal route is can be bounded by
an ellipse with start and destination as focal points [26]. This pruning preserves optimality in
vast majority of cases but it cannot be guaranteed. In the proposed problem this approach can
be extended by n-ellipse generalization having 𝑛 focal points. We use activity locations with
starting location as the focal points 𝐹 = 𝐴 ∪ {𝑣init }. Vertex 𝑣 from the road graph not satisfying
the following condition is removed from the graph with all outgoing and incoming edges
∑𝑣′∈𝐹 𝑑𝑖𝑠𝑡(𝑣, 𝑣′) ≤ 𝐷
where 𝐷 is a defined boundary and 𝑑𝑖𝑠𝑡(𝑣, 𝑣′) is a distance between the two points. We use a
maximal sum of distances from all focal points among the focal points themselves multiplied
by a coefficient 𝛼 ∈ [1, ∞). This boundary ensures that all focal points lies within the n-ellipse
and therefore are reachable.

Temporal consistency forward-checking
Labels from which any of the remaining activities cannot be reached in time can be pruned. To
preserve optimality we use optimistic lower bound of a minimal time required to get to the
activity based on a maximal travel speed 𝜛max. This lower bound consists not only of estimate
of the travel time but also of estimate of minimal time required for charging if the current state
of charge is not enough. This estimate works with maximal available charging rate and with an
optimistic estimate of the minimal required energy to get to the activity.

State of charge consistency forward-checking
This consistency checking prunes away all labels from which it is impossible to get to any
charging station 𝑐 ∈ 𝐶 or back to the start 𝑣init without getting the state of charge below SOCmin.
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Dominance relaxation
The 𝜀-dominance relaxation [27] modifies the conditions of dominance from Equation (1) with
relaxation ratios 𝜀𝑓 , 𝜀𝛽 ∈ [0,1] to
𝐴𝑣
⊆
𝐴𝑣 ′
𝑓(𝜏, 𝛾) ≥ 𝜀𝑓 ⋅ 𝑓(𝜏′, 𝛾′)
𝛽
≥
𝜀𝛽 ⋅ 𝛽′

(2)

This relaxation does not preserve optimality but it is expected to greatly reduce the search
space with only a small impact on the solution quality.

III.5. Summary
In this section we have presented the formal models and algorithms used in the ADAS AI to
provide the planning capabilities. The models and algorithms are ready to connect with other
components of the ELECTRIFIC system, namely CSPs and the EV Fleet Operators, although
in the first iteration the real connections are replaced with simplified models. Implementation
and evaluation of the EV travel planning algorithms is described in Sections V.1 and VI.2,
respectively.
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IV. MODELS AND ALGORITHMS FOR MARKETBASED EV CHARGING ALLOCATION
MECHANISMS
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. In this section, we described the mechanism developed in Task 7.2 for charging
capacity allocation in the electromobility ecosystem powered by ELECTRIFIC. The mechanism
uses market-based principles, in particular dynamic pricing, to better match the demand for
EV charging with dynamically changing available charging capacity. The EV travel planning
algorithms described in the previous section aim to suggest optimal EV travel plans for a
particular EV user. In contrast, the charging capacity allocation mechanism needs to take a
multi-agent perspective. This is because it involves allocation of capacities of multiple, and
possible many, charging service providers (CSPs) on one side and many EV users on the
other, each with their own motivations and goals.

IV.1. Approach
The multi-agent paradigm [28] is more than separation of concerns or a software abstraction.
Multi-agent models provide a valuable tool that helps us think about complex real-world
phenomena emerging from the interaction of multiple deliberating entities. Since such entities
do not necessarily share values and goals, the multi-agent paradigm allows modelling of
systems comprising competitive agents, provides tools to understand them, and offers
mechanisms that control interactions between these entities so that their values and goals are
achieved.
Real-world economy is perhaps the most complex instance of a system of many interacting
agents. Many aspects of the real-world economy have inspired the multi-agent system
research and vice versa (with the game theory at the core of both).
Market-based principles are a key source of design patterns for multi-agent resource allocation
problems. Although most multi-agent systems do not yet reach the sizes of real economies,
many multi-agent systems adopt market-based principles to efficiently, robustly and in
distributed manner allocate resource and/or make other collective decisions.
The two building blocks defining multi-agent resource allocation mechanisms are the allocation
protocols through which agents exchange messages with each other and allocation strategies
the individual agents use when deciding on the specific responses to exchange with the
allocation protocols.
These two building blocks inseparably work together. On one hand, through allocation
strategies, the agents participating in the allocation mechanism strive to gain the best
allocation outcome from their individual perspective. On the other hand, the protocols limit the
structure of content of interactions among the agents with the rules designed by the
environment (in the real-world typically by laws, ethics, and/or conventions) in order to achieve
a desired collective outcome. The separation of the allocation protocols from the allocation
strategies gives multi-agent resource allocation mechanism power and flexibility to adapt to a
wide range of circumstances.

Contract Net Protocol
As the basis for the ELECTRIFIC charging capacity allocation protocol we use the well-known
and widely used Contract Net Protocol [29], see Figure 5. The protocol provides the base
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functionality we need for the selection of the charging service. The protocol is straightforward,
thus, easily extensible and, since it was standardized, it has been used successfully in many
practical applications.

Participant

Initiator
call for proposals

m

i≤n

refuse
deadline

j=n-i

n

propose
reject proposal

k≤j

accept proposal

l=j-k

failure

inform done/result

Figure 5. Contract Net Protocol

The Contract Net Protocol can be seen as a particular form of an auction mechanism [30],
where one side (called the initiator) requests a particular service from several suppliers (the
participants). The agents following the protocol are self-interested and they try to fulfill their
goals. The system is open, so if an agent stops working, the system as a whole will continue
working. The restarting process of a particular agent is specific to the agent's implementation.
The communication is assumed to be reliable in a sense that although messages can be
delayed, they are all eventually delivered in the order they were sent. The system is
asynchronous as the agents react to the messages they receive. The processing time can be
limited by timeouts in the protocol; the volume of communication is constrained by the
throughput of the used communication channels (internet, cellular network, etc.).
The course of the protocol is straightforward. The initiator broadcasts specifics of the requested
service (in the call for proposals). The participants either refuse (if they are not able to deliver
the service) or send a service proposal with an associated compensation (e.g., in the form of
a cost) for carrying out the requested service for the initiator. After waiting for refusals or
proposals from all participants until a deadline, the initiator decides which proposals are most
suitable based on how the compensation fits the values and goals of the initiator (e.g., the
lowest price) and informs the participants about choosing their proposals. Finally, the
participants with accepted proposals inform the initiator about fulfilling the service(s) or failure.

IV.2. Multi-agent Charging Allocation Protocol
The Contract Net Protocol is the basis of the charging capacity allocation mechanism
implemented in the ELECTRIFIC project. Below we describe the resulting Multi-agent
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Charging Allocation Protocol (for simplicity just allocation protocol further on) depicted in Figure
6. The allocation protocol is based on the APIs established in [3] and described in detail in
Section V.2.1. , namely two CSP calls:
/csp/chargingstation/{csid}/forecasts and
/csp/chargingstation/{csid}/reservations.

The former provides the call for proposals in the contract net protocol terminology, together
with the response charging service proposals sent back from the CSP to the ADAS agent. The
latter provides the acceptance of a proposal together with the confirmation from the participant
CSP.

Charging Service
Provider Agent

ADAS Agent
/csp/chargingstation/{csid}/forecasts

time

The EV travel planning algorithms on the side of the ADAS Agent and the Charging Service
Allocator in the CSP agent are responsible for implementing the allocation strategies of agents
within the allocation protocol. The CSP’s Offer Generator and Reservation Manager are fed by
the data from the core CSP’s agent subsystems (for more details see [31]). The ADAS Agent’s
Relevant CSP Retriever and Charging Service Selector represent the part of the logic of the
overall EV travel planning invoked when the travel planning needs to decide about charging
the user’s EV.

Request for offers
Offer
Generator

Relevant
CSP
Retriever

Charging service proposals

/csp/chargingstation/{csid}/reservations

Booking/reservation of CS
Reservation
Manager

Confirmation

Charging
Service
Allocator

Charging
Capacity
Predictor

Charging
Service
Selector

Charging
Allocator

Subsystems
(Voltage Planner & Forecaster,
Power Planner & Forecaster)

Charging
hardware

Common Information Model
Figure 6: Multi-agent Charging Allocation Protocol.

First step before the initiation of the charging allocation protocol taken by the ADAS (the
initiator in the Contract Net Protocol) is to obtain the list of available CSPs (the participants in
the Contract Net Protocol) in the Relevant CSP’s Retriever component. This list can be
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obtained from a static central directory provided by the ELECTRIFIC system and we do not
consider it to be a step in the protocol.
The protocol is initiated by the ADAS Agent that needs to arrange EV charging as part of travel
plans that are calculated to satisfy the user’s travel needs. The ADAS Agent sends the request
for offers to the CSPs with geographically relevant charging stations. This step corresponds to
the call for proposals in the Contract Net Protocol. The CSP that receives this request produces
a list of charging service offers through the Offer Generator. These offers are then sent back
to the ADAS Agent. ADAS needs to invoke the Contract Net Protocol for each CS separately
and the offers from the CSP are only for the requested charging stations.
The generation and pricing of charging offers for requested charging stations is triggered by
the incoming request for charging service offers. The offer generation and pricing represent
the allocation strategy mentioned as one of the building blocks of multi-agent charging
allocation mechanisms (the other building blocks being the allocation protocols and the
allocation strategy of the ADAS Agent).

Steps of the allocation protocol
At the side of the CSP, participation in the protocol consists of offer generation (Section IV.4.1.
) and the pricing of these offers (Section IV.4.3. ). In general, the first step is the enumeration
of possible charging options. Multiple factors affect this enumeration, such as predicted
charging capacity, grid status indicators (power quality), available charging sockets as well as
existing service bookings. The resulting options are then priced with regard to multiple
considerations. On one hand, pricing can be as simple as flat rate for all charging options. On
the other hand, pricing can be used to manipulate demand at the charging station, respond to
the grid events and changes in the energy market or expected production of renewables. The
pricing strategy based on the Markov Decision Processes (described in Section IV.4.3. ) can
be configured to generate strategies from both ends of this spectrum. The output of the pricing
step is a set of priced charging service offers for multiple time intervals in the future.
The ADAS Agent receives the charging service offers from multiple CSPs for multiple
requested charging station locations. ADAS Agent uses these offers to generate travel plans
based on the user specified criteria (the particular planning optimization criteria are discussed
in Section III). Based on these criteria, ADAS Agents via the Charging Service Selector
chooses the charging locations to be included in the plan and selects charging offers to accept
from the relevant CSPs. Zero or more charging stations can be chosen and one or more
charging options spanning one or more-time windows within each charging station can be
selected. Next, ADAS sends a reservation to these charging stations through the CSP’s
Reservation Manager. If the bookings are accepted, the EV user can move to realize the plan.
If not, ADAS will need to re-plan using other charging options, different charging stations or by
updating the set of service offers from the charging stations by sending out a new request for
offers.
On the CSP side, if the booking is accepted by the CSP, it will be saved in the CSP booking
storage to make sure the assigned capacity is no longer offered to other ADAS Agents. The
next time the CSP generates charging service offers, it will consider the new bookings, too.
The biggest conceptual difference between the sole Contract Net Protocol and the allocation
protocol is that Contract Net Protocols do not necessarily run in parallel with more agents in
the initiator role. In the proposed charging allocation protocol, the ADAS Agents of more EV
users can request proposals at one point in the time and, therefore, the participating CSPs
have to consider more proposals in parallel. This is because the real-world is inherently nonlocal, therefore the concurrency is a must-have for systems interacting with the environment
in more places in parallel. This concurrency, however, introduces additional complexity and
will be a focus of further research and development in the next stage of the project.
Possibly one of the most pressing issues for the deployment of the proposed allocation protocol
is the approach to the cancellation of bookings, in situations where either the ADAS Agent or
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CSP must cancel the booking because of unforeseen circumstances. The CSP APIs already
support two cancellation fees for both the EV user (represented by the ADAS Agent) and the
CSP. At this phase, however, the Offer Generator does not yet generate the penalty fees that
the ADAS agents can accept or refuse on behalf of their EV users.
Another open problem is the expiration of proposals. In contrast to Contract Net Protocol, the
allocation protocol runs in parallel not only during execution of the trip, but already during
planning. As such, a proposal from the CSP for a given slot can be accepted in parallel by
multiple ADAS Agents. This can lead to overbooking of charging resources. Although there is
a simple solution achieving no overbooking by introducing locks on the offered-not-yetaccepted charging resources, this can be highly suboptimal strategy for CSPs. Another
approach to finer allocation is to propose charging slots in various lengths. Last but not least,
the Multi-Agent Charging Allocation Protocol has to handle failed requests during planning and
booking of the charging slots based on the information from the Smart Charger subsystems.
In the following sections, we provide details on the two protocol endpoints in the ADAS Agent
and CSP and explain the algorithmic principles behind them.

IV.3. ADAS Allocation Strategy
ADAS is at one of the endpoints of the charging allocation protocol described in Section IV.2.
ADAS creates EV travel day plans to satisfy its users requirements. Part of these plans is
where and when to charge the user’s EV. ADAS selects charging opportunities that best fit
each user’s needs. The decision making at the ADAS side of the protocol is concentrated in
two logical components, the Relevant CSP Retriever and Charging Service Selector (see
Figure 6). These logical components run as a part of the inner loop of the planning algorithm
described in Section III.4.

Relevant CSP Retriever
The Relevant CSP Retriever selects CSPs that are relevant at the current step of the planning
algorithm (described in Section III.4). During planning, when the possibility of charging the EV
is encountered, ADAS needs to know which charging options are available in order to continue
with the planning. To do this, ADAS retrieves a set of relevant charging stations and their
controlling CSPs. These will be charging stations that are in the physical proximity to routes
and activities being planned.
For example, if the plan requires three activities to be realized at three different locations, the
relevant charging stations may be obtained by collecting the charging stations that fit into the
N-ellipse (see Section III.4.1. ) around the locations of the three activities. The CSPs operating
these charging stations are then sent the request for offers for the times when ADAS could
conceivably visit these charging stations. The offers obtained from the CSPs through the
charging allocation protocol are then used in the planning algorithm.

Charging Service Selector
Using the offers obtained in the first step of the charging allocation protocol (see Figure 6),
ADAS builds the plan for its user. If the user confirms this plan, the Charging Service Selector
sends the reservation request to the CSPs that books the charging offers required for the
realization of the plan.
The choice of the charging offer is done in the inner loop of the planning algorithm; the
deliberation about the charging offer selection cannot be separated from the rest of the
planning. As such, user’s preferences that are considered for the EV travel day plan are
indirectly reflected in the selection of charging offers. If the user prefers low price above
everything else, more expensive but faster charging stations may not be selected. However,
as the charging station offer is only a small part of the considerations done by the planner,
even the expensive charging offers maybe included in the plan due to other factors.
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IV.4. CSP Allocations Strategy
The CSP Agent handles the operation of one or more charging stations and interface to the
power grid systems and actors, as described in [31], and acts as one of the parties in the
charging allocation protocol described in Section IV.2. Functional components that support the
interactions within the Charging Allocation Protocol are the Offer Generator, including its
pricing module, and the Reservation Manager.
The Offer Generator collects the quantitative and qualitative constraints on the future provision
of charging services from the other components of the CSP and generates sets of feasible
offers that are subsequently priced by the CSP pricing module and sent to the ADAS agent as
part of the first exchange within the multi-agent charging allocation protocol.
The Reservation Manager handles the second part of the exchange with ADAS agents. In the
exchange, the Reservation Manager confirms or rejects booking of an offer selected by the
ADAS agent from the previously sent list of offers. It is also responsible for providing relevant
information regarding the already booked charging services to the low level CSP subsystems
(e.g. power planner).

Offer Generator
Offer Generator creates the list of charging service offers presented on request to interested
ADAS agents. The offer generator interacts internally with the core components of the CSP as
well as externally with ADAS agents through the Charging Allocation Protocol. To this end, it
provides two types of APIs: internal and external. The former is used to perform local calls to
the CSP subsystems (e.g. Charging Capacity Predictor - see the architecture of CSP in [31]),
whereas the latter serves for exchanging information between Charging Service Allocator of
CSP and Relevant CSP Retriever of ADAS.

Offer parameters
At the beginning of the allocation protocol, Relevant CSP Retriever uses the external API (that
is, the call /csp/chargingstation/{csid}/forecasts; the external API is described in detail in
Section V.2.1. ) to contact the Offer Generator with a request for offers for a specific time
period. The provided time period is passed through the internal API to the internal CSP
subsystems (such as Charging Capacity Predictor). In the background (details are out of the
scope of this deliverable and are discussed in [31]), the Charging Capacity Predictor calls the
Voltage Planner and Power Planner, which on their turn each call the Voltage Forecaster and
Power Forecaster component, respectively.
The Power Planner component is responsible for estimating the future available power
capacity, whereas the Voltage Planner component's main objective is to qualitatively compute
the power quality. Note that the CSP adopts the traffic light concept of power quality, meaning
three levels of green, yellow and red colours that correspond to good, medium and bad power
quality respectively. After gathering all the options from power planner and voltage planner
separately, the respective CSP subsystems reply to the Offer Generator with the following
information: available power both from local sources and from the grid. In the latter case, the
percentage of renewable energy sources is also included. Furthermore, the Capacity Predictor
sends to the Offer Generator the list of available connectors.
For the sake of clarity of this internal CSP subsystem background interactions, we give the
following simple example. Let us assume that the Offer Generator sends to the Capacity
Predictor a charging offer request to be carried out between 11 AM and 12 PM. Charging
Capacity Predictor considers this period and asks in parallel the Power Planner and the
Voltage Planner for possible options. Let us assume that the Power Planner answers back to
the Capacity Predictor with the following list



Source 1: 30 kW with 60% renewables
Source 2: 10 kW with 100% renewables
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Whereas from voltage planner the following information about the power is sent to capacity
predictor:



20 kW: Green and Yellow phase
More than 20 kW: Red phase

After receiving the list of options from both planners and assuming that out of its three
connectors one is occupied (e.g. C3), the Charging Capacity Predictor sends to Offer
Generator (OG) the following:



Available Capacity: 10 kW with 100% renewables and 20 kW with 60% renewables
Available Connectors: C1 and C2

As demonstrated in the example above, the internal inputs to the Offer Generator from the
core CSP subsystem (e.g. Charging Capacity Predictor) are the constraints on the parameters
of future charging sessions. These constraints result from the projected capacity reduced by
already committed reservations (described in detail in [31]). The different types of charging
session parameters are summarized in Error! Reference source not found.. These p
arameters are associated with each future timepoint are a basis of the offers generate by the
offer generator.
Table 1: Inputs to the Offer Generator.

Parameter

Type

Predicted available power capacity at t

continuous

Predicted intake of renewables at t

continuous

Projected availability of charging connectors at time t discrete
Projected availability of parking spots at time t

discrete

Note that the fourth parameter (e.g. projected availability of parking spots) is currently not yet
implemented by CSP subcomponents and its implementation requires infrastructure support
in terms of sensors to detect the occupancy of the parking spot, in case the car is parked and
not being charged.
To maximize the efficiency of the allocation and avoid sending irrelevant service offers, the
ADAS agent can, as part of its request for offers specify optional charging service constraints
and preferences, and thus enable the Offer Generator to only generate relevant offers within
the request for proposals step of the Charging Allocation Protocol. The charging services
constraints and preferences can include


requested charge in kWh



requested target state of charge



possible preferred start and end time of the charging session



charging connectors usable by the EV



requested charging profile (such as a battery friendly charging profile)

Charging service constraints and preferences are optional; CSP must be able to generate
offers even when no constraints and preferences are provided. CSP is not required to fully
respect charging service constraints and preferences specified by an ADAS agent; CSP can
generate offers that violates the constraints given by ADAS, for example in cases when these
preferences cannot be satisfied by the CSP due to other factors.

Offer Generation
The main purpose of the Offer Generator is to assemble the above mentioned continuous and
discrete parameters into priced offers. Together, we can think of these parameters as forming
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a multidimensional offer space that contains all possible charging service offers, pricing being
a function above this space. As some of these parameters are continuous, there is in theory
an infinite number of possible offers.
When pricing is not considered, it would be reasonably simple to communicate the whole range
of offers, the whole offer space, to the ADAS. This would be as simple as sending the
boundaries on the offer parameters obtained from core CSP components. However, as we will
discuss in Section IV.4.3. , the pricing function can be complex and it would be therefore
infeasible to communicate the whole pricing function to the ADAS. Additionally, the pricing
function may be a trade secret of the CSP and as such CSPs might not be willing to disclose
it fully to its customers.
This means that the CSP should only send offers that are evaluation of the pricing function at
certain points in the space of the offer parameters. Which points to select is the question for
the Offer Generator.
One way to construct offers is through the discretization of time into non-overlapping time
windows, where each time window offers one or multiple charging options. This is illustrated
by an example in Error! Reference source not found..
Table 2: Example of a charging offer.

Time

13:00-14:00

14:00-15:00

Charging
connector

3.7 kW [0.5€] 3.7 kW [0.5€] 3.7 kW [0.5€] 3.7 kW [1.0€]
none
22 kW [0.9€] 22 kW [0.8€] 22 kW [2.0€] 22 kW [2.0€]

Renewables

8 kW [+0.3€]
4 kW [+0.1€]

7 kW [+0.3€]
4 kW [+0.1€]

15:00-16:00

2 kW [+0.1€]

16:00-17:00

0 kW

17:00-18:00

none

With this kind of offer, the CSP presents to the ADAS the whole range of charging options. The
pricing deliberations of the offer generator are described separately in Section IV.4.3. This offer
set uses a uniform discretization of time into one-hour intervals and discretizes the available
power and renewables in each of these time windows.
Another example offer can be found in Error! Reference source not found.. This offer uses d
ifferent discretization of the offer space to create offers with overlapping times. As the time
windows are not aligned, the offers cannot be presented as a table but only as a list. This sort
of offer could also be feasible if ADAS specified that it requires certain amount of charge (e.g.
between 20 and 25 kWh) in the request for offers.
Table 3: Example of another charging offer using different discretization of the offer space as
well as a different description of the offer set.

Offer

Time

Max possible
charge
delivered

Max possible %
of renewables

Price

Offer 1

13:30 - 15:10

22 kWh

30%

2€

Offer 2

14:50 - 16:15

25 kWh

25%

3.10€

Offer 3

15:50 – 17:00

20 kWh

0%

3€

Note that power quality is shielded from the ADAS as it is not a decision factor propagated to
EV users. Power quality is used internally by CSP to construct charging service offers.
The two examples above show how different points in the offer space can be enumerated.
How to select these points and how many of these points to select, however, are open
questions:


The question of the number of offers presents an inherent trade-off between the
number of offers and the variety of options they represent. The finer the discretization
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of the offer space, the more complete range of options is offered to the ADAS. However,
this also means larger lists of offers, meaning larger communications overhead and
greater leak of trade secret from the CSP. Many practical aspects of the realization of
the ELECTRIFC system will have an influence on the number of offers provided by the
Offer Generator.


The question of which offers to select is more nuanced. Fixing the number of offers
we can present to the user, we want to present range of options that is as complete as
possible but that is still interesting to the user. The trade-off here is between the
completeness of the coverage of the offer space and the amount of detail in different
parts of the offer space. This can lead to users accepting suboptimal offers as in some
parts of the offer space the covering may not be sufficiently dense.

If ADAS sends additional information in the request for offers, this information can be used to
further narrow down the offer space. Thus, in the same number of offers, much more detailed
range options can be presented to the user.
As the questions concerning the selection of offers cannot be answered without accounting for
multiple practical considerations, in the first iteration of the Offer Generator, we select the offers
manually, using uniform discretization of parameters where possible.

Reservation Manager
Reservation Manager has two distinct purposes. On one hand, Reservation Manager responds
to the reservation request send by the ADAS agent within the second stage of charging
allocation protocol (See Figure 6). On the other hand, the Reservation Manager plays the role
of the intermediary between the CSP agent and the Charging Station Management System,
which is a software component interacting directly with the hardware (e.g. charging station
infrastructure). Charging Station Management System is covered by WP4 and is implemented
by the be.ENERGISED solution of has-to-be14.
On the Charging Allocation Protocol side of the Reservation Manager, ADAS sends a
reservation request to the CSP. ADAS agent specifies which offer or offers received from the
CSP agent in the first step of the Charging Allocation Protocol it wants to book. The
Reservation Manager confirms the reservation to the ADAS agent and records reservation
details in its internal reservation storage. Reservation information is then used to update
projection of future available capacities and to serve the booked charging session when its
time is due.
On the internal side of things, the Reservation Manager needs to collect information relevant
to the reservation requests coming from ADAS. For example, it needs to check the expected
availability of relevant connectors at the charging station, to retrieve status data about the ongoing charging processes such as the actual drawn power or the overall energy stored inside
the battery since the start of the charging process. In the current version, the Charging Station
Management System is not able to provide information about EV's state of charge and state
of health. As a matter of fact, this prohibits for the time being the Offer Generator to create
offers that consider the battery capacity degradation.
The Reservation Manager is also responsible for providing information to the Power Planner
regarding the reservations which will influence the available power capacity predicted by the
Capacity Predictor component. It also supplies static data (e.g. configuration) of the charging
stations. Finally, the Reservation Manager is responsible for managing specific power profiles
generated by the Smart Charging Algorithm of the CSP at different levels of granularity (e.g.
charging station / connectors).

14

https://beenergised.com/en/about-us
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Pricing Module
Pricing Module within the offer generator oversees pricing various offers created by the Offer
Generator. As discussed in [1], pricing of charging services follows three goals:


Distribute costs of providing charging services. For CSPs to remain in business, in
the long term, they cannot operate perpetually at loss and need to cover their costs
and possibly return profits.



Signal of resource scarcity: price can be used to convey information about the
availability of resources. Basic economic intuition says that scarce resources means
higher prices. We want to use higher prices to signal low charging capacity at the
charging station.



Incentivizing behavior change: another part of the economical intuition says that if
price of one source of the commodity increases, demand for cheaper sources of this
commodity increases as well. We want to use the price signals to manipulate demand
in such a way that it concentrates in location and times where charging capacity is
available.

Pricing does not need to follow all three goals. At one end of the spectrum are business that
operate charging stations for free to complement their main business. Retailers such as IKEA
operate free charging stations to attract more customers and support the company message15.
Tesla used to support its EV selling business by offering free charging at their charging stations
as well, but has since moved to a more sustainable pricing scheme for new customers with the
goal of incentivizing behaviour change16.
The other end of the spectrum are the charging station operators that run charging stations as
part of their core for-profit business. Here, more pricing schemes can be found such as flat
monthly fees, charging time based pricing or charging rate based pricing that are used by EWald17. Because the current number of electric vehicles on the roads is relatively small, more
complicated charging schemes are usually not yet needed.
Other pricing schemes that address all three pricing goals described above, however, may
become necessary when the demand for charging services increases. In [1], we address the
three pricing goals, we describe several charging schemes:

Figure 7: Charging schemes

We consider these pricing schemes to be single-commodity pricing schemes, meaning pricing
of a single type of a charging service, for example slow charging with the 3.7 kW plug and fast
charging with 22 kW plug. The same type of pricing can be used for all “commodities” offered
by the CSP, as is done now (for example, as is the case of the E-Wald flexcharge). However,
it is conceivable that different pricing schemes could be used for different types of charging,

15

http://www.ikea.com/gb/en/ikea/electric-vehicle-charging/

16

https://www.tesla.com/blog/update-our-supercharging-program/

17

https://e-wald.eu/flexcharge/
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such as time-of-use pricing for slow charging and demand response or surge pricing for the
fast charging.
In the following sections, we focus on the demand-response pricing as the time-of-use pricing
and surge pricing can be thought of as special cases of the demand-response. For example,
the Time-of-use pricing can be emulated by demand-response by adjusting its parameters,
such as by extending the length of time windows and limiting the set of available prices.
In [1], we discuss the differences between the private charging and the dedicated charging
stations. In the following description of the pricing mechanism, we have the case of the
dedicated charging stations in mind.

Demand-response Pricing
We focus on the demand-response pricing as it is the most general pricing scheme that can
be modified to emulate time-of-use pricing and surge pricing. Also, it can be used to address
the three goals of charging services pricing given above, that is, the distribution of cost,
signalling of resource scarcity and incentivization of behaviour change.
Demand-response pricing mechanisms of various kinds of services have been extensively
studied in Economics, Revenue Management and Supply chain management [32] [33]. In
these fields, demand-response pricing is recognized as a critical lever for influencing behaviour
of buyers.
To put the charging services pricing into context, we can view it as pricing of perishable goods,
such as seasonal clothing, hotel rooms or airline tickets [34]. These goods have value only
until certain point in time. For clothing, that is the end of the season, for airline tickets, it is the
departure of the airplane. In the case of charging stations, the commodity is the charging
resources available in a given time window. With perishable products, the goal is to sell the
available stock for maximum profit before the stock expires. Same with the charging services,
charging resources that were left unused in some time window are missed profit opportunity.
In the case of the airline tickets, this problem has been extensively studied in different
variations and with focus on different aspects of the problem [35]. The first step is usually the
construction of an approximate model of user behaviour (such as customer price sensitivity,
seasonality of demand, no shows, etc.). Next comes the determination at which price to sell
each ticket through the maximization of expected revenue. The rule of thumb for accepting or
rejecting bookings could be described as follows: “Is the profit from this booking greater or
smaller than the expected profit from this seat that we could get later? If it is greater, confirm
the booking. If it is smaller, deny this booking.”
However, each accepted or rejected booking influences all following bookings as consecutive
customers are not able to book the same seat. Although the problem can look deceptively
simple, due to this knock-down effect, survey [33] notes the complexity of this problem. For
this reason, most work on this subject restricts the problem in some way.
Unlike competition between sellers of goods, where multiple sellers sell the same good, such
as electricity, and compete on price, charging services are specific to specific locations. This
makes sales of charging station services semi-monopolistic for each location. Similarly, most
work on pricing of airfares is not directly concerned with the competition with other airlines but
more with filling the airplane. This is because sale of tickets for each flight is usually considered
to be a monopolistic market.
In the following sections, we approach the charging station pricing strategy in a way similar to
the way pricing is approached for airline tickets. Both problems focus on perishable goods
where the knock-down effect plays an important role as both booking of airline ticket and
booking of charging station can affect all following sales.
As is the case in the airline revenue management, we at first disregard the competitive aspect
of pricing due to the semi-monopoly of the product. In the case of the airlines, this is caused
by the fact that often there are not multiple airlines flying to the same destination at the same
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time. Similarly, charging services are currently usually not offered by different CSPs at the
same location.
An important distinction between the two pricing problems is the interconnectedness of the
bookings in the case of the charging services; this is not present with the sales of the airline
tickets. In the case of the airline tickets, it is not particularly important which seat (in given fare
class) was sold. Sale of one seat does not significantly impact sales of the surrounding seats.
However, booking of single time window influences time windows before and after it, as it can
split other charging opportunities. This important distinction is illustrated in Error! Reference s
ource not found..
In the next section, we focus on the charging module that sets the price within the Offer
Generator module of the CSP using the approach used in airline revenue management.

Figure 8: Difference between the airline pricing problem and the charging station pricing.
Valid bookings are shown as green rectangles. Generally, airline seat bookings do not
significantly affect booking of other seats (with the exception of large group bookings). On the
other hand, booking of short charging sessions at 1:00 and 4:00 prevents booking of longer
charging sessions shown in red.

Demand-response Pricing Module
The Pricing Module is responsible for pricing charging services offered by a charging station.
In the description of the pricing module, we focus on the demand-response pricing strategy as
the implementation of this strategy can emulate the other two pricing strategies. As input, the
pricing module uses the offers generated by the offer generator, current and predicted
utilization of the charging station (based on historical data) and the expected price demand
elasticity of the customers.
The goal of the pricing module is the maximization of charging station profits at certain time
horizon. However, other optimization criteria can be used to achieve different goals. For
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example, a publicly owned charging station that is not concerned with profits may attempt to
maximize charging station utilization or minimize waiting times at the charging station.
While the pricing is generated at the CSP level, in this formalization, we consider the pricing
at the level of the charging station because each charging station is selling unique charging
services due to its location.
For now, we disregard the competitive aspect of pricing in our model. As discussed in previous
section, we assume our pricing model to assume monopoly. By monopoly, we mean that while
there can be competition between multiple charging stations, we argue that unique location of
each charging station is sufficient to differentiate charging services at this charging station for
us to disregard the competitive aspect of the pricing for now.
In the following section, we describe the offer pricing problem formally.

Problem Formalization
In this section, we formalize the problem of dynamic pricing of charging station offers. In this
formalization, our focus is on the offers that use uniform discretization of time and some form
of discretization of the other offer parameters. This type of offers is easier to formalize as it
does not require any input from the ADAS during the generation of offers.
As such, the problem we are trying to solve is how to price charging offers generated by the
charging station. We consider the set 𝑇 of time points 𝑡1 , 𝑡2 , … 𝑡𝑛 for which the prices
𝑝1 , 𝑝2 , … , 𝑝𝑛 need to be determined. The time points in 𝑇 denote the starting times of time
intervals of the same length that start at time 𝑡𝑖 and end at time 𝑡𝑖+1. 𝑐𝑖 and 𝑝𝑖 are the expected
free capacity and price respectively, in time interval starting at 𝑡𝑖 . Both price and capacity can
change with time. The expected free capacity in each time interval may change, either because
somebody books or cancels charging in the time interval or because the forecasted state of
the grid changes.
In this formalization, we use the symbol 𝑐𝑖 , the expected free capacity to be aggregate of all
charging station constraints, such as power grid capacity or the number of available charging
connectors. This is a simplification done in order to simplify the formalization. In the realization,
the various heterogenous constraints will have an effect on the generation of offers being
priced.
Customers may book charging in any future time interval. Thus, we will denote price and
capacity as functions 𝑝(𝑡𝑖 , 𝜏) and 𝑐(𝑡𝑖 . 𝜏), meaning the price or capacity of 𝑖-th time interval at
time 𝜏 ∈ 𝑇. Fixing the time 𝜏, both price and capacity functions are elements of the space of
step functions over real numbers ℒ.
𝑗

𝑗

Given the offer, each reservation 𝑟𝑗 = (𝑡𝑘 , 𝑡𝑙 , 𝜏𝑗 ) ∈ 𝑅 is made for one or more consecutive time
𝑗

𝑗

intervals, starting at time interval 𝑡𝑘 and ending in 𝑡𝑙 . Arrival of the reservation is denoted 𝜏𝑗 .
The price 𝜋𝑗 of the reservation is the sum of prices associated with the time intervals at the
time of the reservation:
𝑗

𝑡𝑙

𝜋𝑗 = ∑ 𝑝(𝑡, 𝜏)
𝑗

𝑡=𝑡𝑘

Reservations arrive randomly according to a demand distribution that is dependent on the price
function as well as external factors. The set of reservations 𝑅 depends on the pricing function
as changes to the price influence demand. Thus, 𝑅 is a function 𝑅(𝑝): ℒ × 𝑇 → 2𝑇×𝑇×𝑇 , where
2𝑇×𝑇×𝑇 is the set of all possible sets of reservations.
Goal of the charging station is to maximize the profit. In each time interval, charging station
needs to cover the ground cost of maintaining the infrastructure denoted Γ𝑔 . During charging,
charging station needs to pay for the electricity consumed from the grid. This cost is specific
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to each charging session as it depends on the total charge delivered to the EV and possibly
variable price of electricity and charging rate. Given that the price 𝜋𝑗 of a reservation 𝑟𝑗 , profit
or loss at the end of the time horizon, after 𝑛 time intervals, can be written as sum across all
reservations:
Π = −𝑛Γ𝑔 + ∑ 𝜋𝑗 − 𝛾𝑗
𝑟𝑗 ∈𝑅

However, this point of view of the profit is not particularly useful for optimization. As each price
𝜋𝑗 is calculated as the sum of prices of booked time intervals, we can rewrite the profit as
function of pricing of time intervals:
𝑗

𝑡𝑙

Π(𝑝) = −𝑛𝛾𝑔 + ∑ ∑ 𝑝(𝑡, 𝜏𝑗 ) − 𝛾𝑗
𝑟𝑗 ∈𝑅(𝑝) 𝑡=𝑡 𝑗

𝑘

The optimization goal of the pricing is then:
𝑝′ = argmax Π(𝑝)
𝑝∈ℒ

Finding optimal pricing function is not an easy task. The pricing function is part of the innermost
sum in the calculation of Π. The sum itself is also dependent on 𝑝, as the set of reservations 𝑅
is dependent on 𝑝. In fact, the set of reservations is dependent on 𝑝 through the actions and
responses of individual customers. However, it would be very difficult to model behavior of
each customer to get optimal pricing strategy.
To make the problem tractable, we aggregate behaviour of multitude of customers into the
probability distributions that describe behaviour of customers together. As such, we can no
longer maximize the profit in absolute numbers. Instead, we maximize the expected profit (in
the statistical sense):
𝑝′ = argmax E(Π(𝑝))
𝑝∈ℒ

Framework that deals with problems posed this way is the framework of Markov decision
processes.

Markov Decision Processes
The described optimization problem is a complex one. To solve it, we chose to model the
charging services pricing problem as a Markov decision process (MDP) [36]. First, we
decompose the optimization problem into a sequence of decisions, where at each timepoint 𝜏,
we need to select new pricing function 𝑝 ∈ ℒ. Markov decision processes provide a framework
for modelling a wide range of sequential decision problems, where an agent must submit a
sequence of decisions as responses to the developing environment. MDP consist of set of
states 𝑆, a set 𝐴(𝑠) of actions in each state; a transition model 𝑃(𝑠 ′ |𝑠, 𝑎); and a reward function
𝑅(𝑠). Starting in initial state 𝑠0, any action from 𝐴(𝑠) can be chosen. Based on this action, the
system develops and moves to the next state where another action can be applied. This
description is illustrated in Error! Reference source not found..
The transition model describes the probability of reaching state 𝑠′ from state 𝑠 when action 𝑎
was selected. Utility of the decision sequence is the reward accumulated across the sequence
of reached states.
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Figure 9: Simplified example of a MDP for pricing of a single time window.
States (circles) are defined by the capacity 𝑐 and the price 𝑝. Actions (arrows) are “increase
price” and “lower price”. Based on the action taken and the probabilistic transition function,
new booking or cancellation may arrive, increasing or reducing price. The diagram shows the
tree of all possible developments. When realized, only one path from the root(left) to the leaf
(right) is traversed.

When solving the MDP, the goal is to select a sequence of actions that will reliably lead to high
reward (profit in our case). The solution to a problem modelled as MDP is a policy, usually
denoted by 𝜋. Because the transition function is probabilistic, same sequence of decisions can
lead to different utilities. Thus, for every possible state 𝑠, policy must provide recommended
action 𝜋(𝑠). The quality of the policy 𝜋 is described by the expected utility across all possible
state sequences given 𝜋. Optimal policy 𝜋 ∗ is policy that gives highest expected utility.
In the charging services pricing problem, state 𝑠 is defined by the price and capacity in all time
windows, 𝑠 = (𝑐1 , 𝑐2 , … , 𝑐𝑛 , 𝑝1 , 𝑝2 , … , 𝑝𝑛 ). The actions that the agent can take are changes to
the price of the future time intervals. The transition model 𝑃(𝑠 ′ |𝑠, 𝑎) then determines, given the
current pricing, whether somebody booked charging (which reduces capacity in certain time
windows) or whether the grid state changed, which can increase or reduce capacity as well.
Finding optimal policy in real life MDP problems is difficult, as is showing the optimality of the
policy itself. Field that deals with these problems is the field of domain independent probabilistic
planning. As the determination of optimal policy is difficult, a set of benchmarks based on real
life problems, such as the Frogger game, wildfire control or traffic control, is used to compare
the quality of the state of the art MDP solvers.
One such state of the art solver is PROST [37], a probabilistic planning system that won the
International Probabilistic Planning Competition in both 2011 and 2014 (in the MDP track).
PROST is based on the Upper Confidence Bounds for Trees algorithm from the Monte Carlo
Tree Search (MCTS) family, which was recently applied in the game playing algorithms such
as go or poker with stunning results.
PROST is an online planner. After each action is processed by the environment, PROST uses
the limited time it has to perform Upper Confidence Bounds for Trees rollouts to determine the
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best action in given state. As an input, PROST uses a problem description in Relational
Dynamic Influence Diagram Language (RDDL). RDDL [38] allows a concise description of
states, actions and transition functions.
Our initial model of charging services pricing uses one MDP per time window. In this model,
we consider the deliberation about the price of a time window to be independent of the other
time windows. The MDPs for each time window are copies of one MDP that solves the single
time window charging services pricing problem. Price provided by MDP in each time window
only depends on the available capacity (including reservations) in this time window. To
incorporate expected demand into this simplified model, price in each time window is weighted
by aggregated expected demand. As such, the demand is not included in the MDP model
directly, but the individual MDP models are weighted by it.
The initial model assumes one MDP solver for each time window. These solvers are running
in parallel. For example, pricing model for one day with time window spanning one hour would
include 24 Prost instances, one for each hour. Price generated by each PROST instance would
then be weighted by the expected demand at given hour at this particular charging station. We
already have demand data for multiple charging stations operated by E-Wald. We plan to use
this data to estimate expected demand at charging stations.
Another part of the pricing module that requires data analysis is the transition model. Namely
the price sensitivity of demand for the charging services. However, this is very difficult to
estimate in the current conditions as charging operators do not typically use dynamic pricing.
For this reason, we use parametric curves instead that are commonly used in the literature
[39].
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V. IMPLEMENTATION OF EV DRIVER
ASSISTANCE SERVICES
The core of the EV Driver assistance services is implemented within the ADAS Agent (referred
to as adas-service software module in WP3). Part of the EV charging capacity allocation
mechanisms that governs how charging station providers participate in the capacity allocation
process is implemented within the CSP Agent.
In addition to describing the software implementation of the EV travel planning algorithms and
the charging capacity mechanism, we also describe supplementary modules required for the
operation of the ADAS Agent. This is because WP7 is primarily responsible for implementing
the ADAS Agent part of the ELECTRIFIC system. The implementation of the ADAS Agent and
its integration with the overall ELECTRIFIC system is performed in close collaboration with
WP3 and reported in Deliverable D2.2 [3].

V.1. Implementation of the EV Travel Planning
Algorithms
The implementation of EV Travel Planning algorithms described in Section III is split into
several components:


ADAS Planner – The algorithm itself is encapsulated in an implementation of
AdasPlanner interface (AdasPlannerImpl) which receives a planning request,
transforms it into an internal representation, configures and executes the search
algorithm, transforms the results from the internal representation to the API
representation and returns the transformed result. The planner can be configured by
PlannerConfiguration containing all possible settings of the algorithm, e.g.
𝜺-dominance relaxation coefficients, which pruners are used and weights of the criteria
function. Currently, the settings are hardcoded in the source code but in the future
there will be a configuration file.



Multi-criteria Dijkstra Algorithm - The core of the planner is MultiCriteriaDijkstra
class which is responsible for the search described in the Section III.4. A new instance
is created for each search. The class receives an initial state, goal and an instance of
the PlanningGraph which is the last key component.



Planning Graph – The PlanningGraph class is an implementation of the label
expansion (Line 12 of the pseudocode in Figure 4). It receives a label and according
to the information contained in it and from the environment data – road graph, charging
service providers and in the future also electric fleet operators; it generates the labels.

The planner is supposed to work as a service and this functionality is handled separately.
There is AdasServiceApplication which initializes AdasServiceImpl - loads graph data and
initializes charging station provider client. The AdasServiceImpl configures the ADAS Planner
and handles asynchronously the planning requests.

V.2. Implementation of the Capacity Allocation
Mechanism
Capacity allocation mechanism is realized through the capacity allocation protocol and the
agents interacting through this protocol. At one end, this is the ADAS Agents and at the other
end it is the CSP agent. The Multi-agent Charging Allocation Protocol and the ADAS and CSP
strategies are described in Section IV. In this section, we provide additional implementation
details. First, we describe the API through which the capacity allocation protocol is realized.
Next, we describe the planned structure of the pricing module of the CSP. The planning
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algorithm that is responsible for actions of the ADAS as part of the capacity allocation protocol
is described separately in Section V.1.

Charging Protocol API
The information flow between the CSP agent and the ADAS agent is designed to be at an
abstract level, as the latter is not interested in the specifics of the corresponding
subcomponents of the former during its decision-making process. To this end, two factors play
a major role in shaping up the list of decisions which are expressed in monetary form: future
capacity and demand predictions. Based on the output of these two, a corresponding price for
a specific charging service offer is computed.
In this section, we describe the API through which the Charging Allocation Protocol messages
between ADAS and CSP agent are exchanged. The API also offers other messages than the
ones described in the section on MCAP to support the additional functionality of the CSP agent.
The type of information exchanged between CSP agent and ADAS agent can be classified into
two categories: Request for Offers and Reservation Process. The former can be used to send
request for offers from the ADAS side and disseminate informative data about the charging
stations such as location of the charging stations. The latter can be used for reservation
processes such as booking a new reservation, canceling an existing reservation and periodic
status request of the reservation status. Each category can be further divided into static and
dynamic groups which refer to the type of the corresponding information. Next, we give an
overview of the corresponding APIs that the CSP agent provides to the ADAS. We first start
with those interfaces relevant to Request for Offers and then give the ones associated with the
reservation process.

Request for Offers
This category consists of three different APIs, two of which are static such as search and data
whereas the other (e.g. forecast) is dynamic:
1. /csp/search: This interface is used in order to search for charging stations that are in
the proximity to a given location. Hence, ADAS needs to call this API by specifying the
following three input parameters: “latitude”, “longitude” and “range”. The reply to this
request is a list of charging stations consisting of ID of that specific station and its
corresponding location composed of latitude and longitude if the request has been
carried out successfully (e.g., OK code 200), otherwise replies with an error code of
400 (bad request) if the input parameter “range” is negative.
2. /csp/chargingstation/{charging-station-id}/data: This interface serves to disseminate
static information of a specific charging station specified by its ID. Hence, ADAS needs
to call this API by specifying the ID in the API call. The reply to this request consists of
the following information if the request has been carried out successfully (e.g., OK code
200):
a. cs-id: ID of the corresponding charging station
b. manufacturer: Information about the manufacturer
c. model: Information about the model
d. location: Denotes the location of the corresponding charging station in terms of
latitude and longitude
e. connectors: Is a list of connectors available to the corresponding charging
station and consists of
i.
con-id: Is the ID of the specific connector unique within an organization.
ii.
evse-id: Is the globally identified unique ID for electric vehicle supply
equipment.
iii.
connector-standard: Describes the used standards and definitions.
Examples are “DOMESTIC-F”, “CHADEMO”, etc.
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iv.

plug-type: Specifies the connector types that can be used for
connecting vehicles to charging stations. Examples are “Tesla
Connector”, “AVCON Connector”, etc.
v.
point-type: Specifies the charging technology which can be either AC
or DC.
vi.
charging-mode: Describes the different standards for communication.
For AC charging point-type, we have “Mode_1”, “Mode_2” and
“Mode_3” whereas for DC charging point-type, we have “Mode_4” and
“CHAdeMO”.
vii.
Charging-facility: Defines the type of charging that could be performed
at a charging point.
viii.
Max-power: Denotes the maximum power the corresponding
connector.
Otherwise, the interface replies with an error code of 404 (not found) in case
the corresponding charging station specified by ID does not exist.
3.

/csp/chargingstation/{charging-station-id}/forecasts: This interface implements the
request for proposals part of the Charging Allocation Protocol. ADAS needs to call this
API by specifying the following three input parameters: “charging-station-id” which is
specified in the path of the API call, “date-from” and “date-to” denote respectively the
starting and ending period for the forecasts. Note that “date-to” is a mandatory
parameter to be set otherwise the CSP agent does not know how long the forecast will
be and returns an error code of 400 (bad request). The reply to this request is a list of
time slots (start and end time such that the duration of each time slot is configured by
CSP agent), where each time slot consists of a list of options (e.g. 3.7 kW, 11 kW, 50
kW) such that each option gives information about available power capacity,
percentage of renewables, price and grid friendliness together with the list of available
connectors that are able to provide the corresponding charging process. Note, that
each such reply has a unique ID which can be used later through other APIs. Otherwise
replies with an error code of 400 (bad request) if the input parameter “date-to” is
negative and with a code of 404 (not found) if the charging station ID does not exist.

Reservation Process
This category consists of three different APIs, two of which are static such as reservation and
cancellation whereas the other (e.g. status) is dynamic:
1. /csp/chargingstation/{charging-station-id}/reservation: This interface is used in order to
carry the second step of the Charging Allocation Protocol. ADAS needs to call this API by
giving the following two mandatory parameters: “charging-station-id” which is defined in
the path of the API call, and “reservation-time” which specifies the following information:
 user-id: The ID of the EV user
 date-from: The starting time of the reservation
 date-to: The ending time of the reservation
 connector-id: The ID of the corresponding connector
 Forecast-id: The ID which is required in order to fetch the corresponding forecast
generated by /csp/chargingstation/{charging-station-id}/forecasts API
 priority: Booking priority which can be for instance “BookEenrgy”
 List of option-ids
The reply to this request is a reservation ID in case the operation has been successfully
terminated (e.g. 200), otherwise returns back an error code of 400 in case “date-to” is
negative, 404 in case charging station-, connector-, or options- IDs do not exist, and 409
when the forecast data is outdated.
2. /csp/reservation/reservation-id}/cancellation: This interface is used in order to cancel an
ongoing reservation. ADAS needs to call this API by specifying the only input mandatory
reservation ID parameter. The reply to this request is a OK code 200 in case the operation
has been successfully terminated; otherwise it sends back an error code of 404 when the
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reservation ID cannot be found. Note that when a reservation is canceled, a cancellation
fee needs to be paid whose value can be obtained by calling /csp/reservation/{reservationid}/status API which is described next.
3. /csp/reservation/reservation-id}/status: This interface is used in order to disseminate
reservation specific information such as current cancellation fee, the forecasted available
energy for the whole reservation, etc. ADAS needs to call this API by giving as input one
mandatory parameter which is the reservation ID. As a reply, CSP agent sends back the
following information:
1. reservation-id: The same ID that was initially sent in the request
2. session-id: An ID for the ongoing charging process. It has a value of zero if the charging
process has not started yet.
3. cancelByADASFee: The fee that must be paid by ADAS due to the cancellation of a
reservation.
4. priority: This is defined by the EV user which allows the smart charger to decide the
way the EV should be charged.
5. date-from: The starting time of the reservation.
6. date-to: The ending time of the reservation.
7. available-energy: The currently available capacity in this time slot for this reservation.
If this capacity is lower than the booked capacity the ADAS should inform the user that
the CS cannot provide the booked capacity.
8. booked-energy: The amount of booked capacity in the timeslot.
9. cancelByCSOFee: The fee that the CSP needs to pay in case of cancellation.
10. connector-id: The ID of the corresponding reserved connector.
11. user-id: The ID of the EV user.
12. charging-station-id: The ID of the charging station.
This API returns an error code of 404 if the specified reservation ID cannot be found.

Pricing Module
The pricing module is responsible for the pricing of charging offers as part of the CSP charging
offer generation strategy. Dynamic pricing strategy and the reasons for choosing this strategy
are outlined in Section IV.4.3. In this section, we describe the planned implementation of the
pricing module and to some extent of the offer generator.
The first implementation of the model uses one Markov decision process for each time window
to determine the pricing for this time window. The prices generated this way are then weighted
with weights based on the expected demand curve obtained from historical data.
As such, each time window presents single time window charging services problem (see
Section IV.4.3. ). To generate the pricing for this time window, we implement the single time
window charging services pricing problem in RDDL [38]. The RDDL problem description is
then solved by PROST [37] to propose prices. The usage of PROST requires some changes
to the model, such as:




PROST works with so called factored Markov Decision Processes where the states in
set 𝑺 are induced by the set of binary variables and the number of remaining steps is
finite. In the case of charging services problem, this means that we must discretize
prices and capacities into finite sets of price levels and capacity levels.
In PROST, only binary actions are allowed (no numbers). This means that action
cannot be used to set price to some number. Instead, actions must have form
“increase price” or “lower price”. However, we can define as many actions as we
want, such as “increase price by 1”, “increase price by 2”, etc.

There are many other tweaks done to the model that are required due to the specifics of the
RDDL language and the PROST planner.
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The PROST planner is a program written in C++ and it cannot run on its own. It works in
conjunction with a RDDLSim, implementation of a parser, simulator and client/server
evaluation architecture for the RDDL18. RDDLSim exchanges messages with Prost. RDDLSim
keeps a compact representation of the Markov Decision Process and PROST chooses actions
to take in the process. Given the action, RDDLSim simulates what happens next and lets
PROST know when new input is needed.
To integrate PROST and RDDLSim into the pricing module, we repurpose the server part of
the RDDLSim that communicates with PROST. RDDLSim is a software written in Java. Java
sources of the RDDLSim are available under the GNU General Public License v3. Instead of
simulating the next state, we use the input from the reservation manager and the CSP core
components to figure out the next state in the MDP.

V.3. ADAS Agent Initialization and Configuration
Road
Network
Representation

Topology

Import

and

An important part ADAS agent is the import and data representation of the road graph. To
import the road graph we use the java library gtd-graph-importer (gtd-graph stands for general
time dependent graph) previously developed by CVUT, which allows to create a Graph
structure containing all required information about the road network from OpenStreetMap 19
XML data format (.osm). OpenStreetMap is a free map of the whole world created by a
community of volunteers. It is modified, updated and extended continuously by the volunteers.
The created graph contains sets of nodes and edges. Each node has standard latitude and
longitude WGS 8420 (GPS) coordinates and elevation. These coordinates do not allow fast
computation of distances between nodes; therefore, the nodes are extended with coordinates
in a Cartesian spatial reference system (projection onto a plane) specific for a given region.
The corresponding reference system has to be specified for the importer by a proper Spatial
Reference System Identifier21 (SRID) – e.g. Germany: 5679, Czech Republic: 5514. Each
reference system is defined for some area and the area of the chosen reference system should
be as small as possible to preserve adequate accuracy of distance calculation.
Each edge is defined by its origin and destination nodes and contains its length, permitted
modes of transport (CAR, WALK, BIKE, etc.) and maximum permitted speed, as derived from
the OpenStreetMap (either from maxspeed tag or from the type of the road). During the route
search, decisions are made only on crossroads therefore the graph can be simplified by
merging edges between the crossroads. We calculate plans for electric vehicles for which it is
important to consider also the elevation profile (for energy consumption calculation) of the
route therefore the resulting edges from the simplification are extended with the elevation
profile defined by an elevation gain and an elevation drop. Elevation gain is the total number
of metres climbed up along an edge and elevation drop is the total number of metres climbed
down along an edge.

18

https://github.com/ssanner/rddlsim

19

https://wiki.openstreetmap.org/wiki/Main_Page

20

https://en.wikipedia.org/wiki/World_Geodetic_System

21

https://en.wikipedia.org/wiki/Spatial_reference_system
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Figure 10 Attributes of the road graph components.
Note that additional derived attributes such as time and energy cost are computed from these
primary attributes.

To extract the relevant portion of road network topology elements from OpenStreetMap data,
we use the Osmosis22 tool. It is a command line tool which allows to easily filter out elements
without tags useful for our purposes (highway=primary, etc.) or outside of the required
bounding box. Because the standard OpenStreetMap data does not contain elevation data,
we use SRTM plugin23 for Osmosis which uses data from NASA Shuttle Radar Topography
Mission24 and adds an ‘elevation’ tag to every node.
For fast initialization of the ADAS service, the road network is cached in a serialized binary file.
The conversion of the OSM data to the graph structures can take half an hour (dependent on
the size of the OSM data) while the deserialization takes only few seconds using the FST
library25.

Service Configuration
The ADAS agent is configured by a YAML configuration file (adas-service.yml). Although the
configuration file also contains general service related settings such as port, path and logging,
here we only list the current ADAS AI-related settings:


cspClientConfiguration – specifies the URL of the charging station provider service.
The provider service is required to get information on charging slot availability and
prices.



efoServiceUrl – specifies the URL of the electric fleet operator service. The service
will be used in the future by the ADAS to find about EV availability and prices. Currently
the service is used only for integration testing.



graphDataPath – specifies the path to the cached serialized road network graph data
which will be loaded when initializing the service.



saveDebugData – true if the application should save JSON which can be uploaded to
the VisualInspector (see Section VI.4) for debugging.



debugDataPath – specifies the path to the folder where the debug data will be saved



visualize – true if the application should directly upload the debug data to the
VisualInspector.

22

http://wiki.openstreetmap.org/wiki/Osmosis

23

https://github.com/locked-fg/osmosis-srtm-plugin

24

https://www2.jpl.nasa.gov/srtm/

25

https://github.com/RuedigerMoeller/fast-serialization
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visualizationUrl – specifies the URL of the VisualInspector by which the debug data
should be visualized.

V.4. ADAS Package Structure
Below we describe the Java packages comprising the implementation of the ADAS service
Name

Description

eu.electrific.adas.discharging

Contains classes regarding
estimator provided by THD.

eu.electrific.adas.service

Contains classes responsible for the configuration
and running of the ADAS-service together with API
resource

eu.electrific.adas.cso

Contains internal (planner) representation of
charging related structures (charging station,
operator,...)

eu.electrific.adas.efo

Contains internal (planner) representation of EV
related structures (EFOs, EVs,...)

eu.electrific.adas.experiments

Contains framework for experimental evaluation of
the ADAS planner

eu.electrific.adas.graph

Contains graph related data structures

eu.electrific.adas.planner

Contains implementations of the ADAS planner with
its internal input and output formats

eu.electrific.adas.search

Contains implementation of the search algorithm
(multi-criteria Dijkstra and PlanningGraph) with
related classes

eu.electrific.adas.util

Contains various utility functions and structures

eu.electrific.adas.vis

Contains structures required for visualization for
debugging (module test-ui)

EV

discharging
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VI. TESTING AND EVALUATION OF THE DRIVER
ASSISTANCE SERVICES
Testing and evaluating software systems based on artificial intelligence (AI), such as the ADAS
service is generally a challenging task. In this section, we first introduce the overall approach
to testing and evaluation and then present concrete evaluation results for the currently
implemented version EV driver assistance services.

VI.1. AI-oriented Testing Methodology
The ADAS AI is a key component of the ELECTRIFIC solution because it provides the trip
planning for EV Users. The algorithms powering the ADAS service will most likely be the major
consumers of system resources and the quality of the trip plans suggested will have a decisive
impact on the acceptance of the ELECTRIFIC solution.
For these reasons, we have established a dedicated AI-oriented test and evaluation suite to
monitor the progress of this critical component of the ELECTRIFIC solution.

Testing Environment
AI-oriented testing will be performed on the ELECTRIFIC integration environment (see Section
IV of [1]). The integration environment is currently composed of the following components:

Figure 11: Integration environment components.

Not all the deployed components will be directly involved in the execution of AI-oriented testing
and evaluation. That said we aim to reuse the same environment used for ELECTRIFIC
integration tests because unused components should not affect the results of AI tests.
Main ELECTRIFIC components used for AI testing and evaluation are:
●
●
●

ADAS service
EFO service
CSP service

The execution of AI-oriented tests consists of an initial configuration loaded by the three
involved services, a predefined set of travel planning requests sent to the ADAS AI service by
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the testing tool with a certain scheduling, the interactions of ADAS AI service with EFO and
CSP agents and finally the resulting trip plans. This process is shown in Figure 12.

Figure 12: Overview of the AI-oriented testing process displaying inputs and outputs of the
tests and interaction between involved services.

The schedule of the planning requests defines how many test requests are sent to the ADAS
AI service with details about parallelization and delays between requests. This schedule is
useful especially for performance and load testing described in the next paragraph.

Testing Guidelines
Testing and evaluation of AI algorithms is very hard because, in contrast with more typical
software systems, it is often not possible to define what the correct output of the algorithm is.
This is because the correct and/or optimum output is difficult to derive for a human (this is in
fact one of the very reasons for constructing AI algorithm). An AI algorithm can therefore
provide results that appear correct despite the fact that the algorithm is implemented with
defects.
The following guidelines may help when designing an AI-oriented testing suite:


Write code for testability: The tests should help to shape the code they test. Write
small functions or modules, think about testing while writing code (or write tests first),
and refactor code (update code after the fact) to make it easier to test.



Function independence: Attempt to limit the direct dependence between functions,
modules, objects and other constructs. This is related to testability and writing small
functions although suggests limits on how much interaction there is between units of
code in the algorithm. Less dependence means less side-effects of a given unit of code
and ultimately less complicated tests.



Test Independence: Test should be independent from each other. Frameworks
provide hooks to set-up and tear-down state prior to the execution of each test, there
should be no needed to have one test prepare data or state for other tests. Tests should
be able to execute independently and in any order.



Test your own code: Avoid writing tests that verify the behaviour of framework or
library code, such as the randomness of a random number generator or whether a math
or string function behaves as expected. Focus on writing test for the manipulation of
data performed by the code you have written.



Probabilistic testing: Metaheuristics and Computational Intelligence algorithms
generally make use of stochastic or probabilistic decisions. This means that some
behaviours are not deterministic and are more difficult to test. Write probabilistic tests
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to verify that such algorithms behave as intended. Given that probabilistic tests are
weaker than deterministic tests, consider writing deterministic tests first.


Consider test-first: Writing the tests first can help to crystallize expectations when
implementing an algorithm from the literature, and help to solidify thoughts when
developing or prototyping a new idea.

The AI-oriented testing suite is split in two parts, functional tests and non-functional tests:

Functional Tests
By definition, functional testing is a quality assurance process that bases its test cases on the
specifications of the software component under test. Functions are tested by feeding them
input and examining the output.
Since the output of the ADAS AI service are trip plans, in order to define functional tests. We
need to define criteria that determine whether the produced responses are correct, i.e. whether
they are valid trip plans.

Non-Functional Tests
Non-functional testing is the testing of a software application for its non-functional
requirements: the quality with which the system operates rather than whether it implements
the required functionality.
There are two main non-functional tests that are important from the AI-testing perspective: load
testing and solution quality evaluation.
Load Testing
Load testing is the process of putting demand on a software system and measuring its
response. Load testing is performed to determine a system's behaviour under both normal and
anticipated peak load conditions. It helps to identify the maximum operating capacity of an
application as well as any bottlenecks and determine which element is causing degradation.
Load tests can be based on a fixed and small number of input configurations producing a
predictable set of trip planning results. Peak load conditions can be simulated with the
scheduling of the requests, for example increasing their parallelization or decreasing the delay
between the calls. It is fundamental that load tests are executed in the same conditions to be
comparable and the specification of the hardware characteristics must be added to the test
description.
Solution Quality Evaluation
Solution quality characterizes how good the solutions proposed by the AI-system are. Solution
quality is defined in terms of one or more solution quality metrics, which can be evaluated for
each problem instance and problem solution pair. In the case of Driver Assistance Services,
the currently used quality metrics are time, cost and greenness of proposed plans.
Two possible approaches for the evaluation of the algorithms exist. The approaches differ on
how the benchmark problems are created and what is taken as the baseline solutions against
which the proposed solutions are compared.
1. Evaluation on synthetic problems, for which optimal solution can be easily found
manually. E.g., road graph can be a simple grid where by slightly changing the
parameters (edge length, energy consumption, etc.) different aspects of the algorithms
can be tested. This approach allows testing particular components/parts of the
algorithms but they cannot cover real world complexity and specifics. In addition, the
generation of the benchmark problems can be very time-consuming.
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2. Evaluation on problem instances with real world road graph. Either the instances can
be taken from real world user requests (probably available in the future) or they can be
generated by a random-based procedure. The optimal solution would be a perfect
baseline solution but it can be very computationally expensive or even impossible to
get this solution. Next option against which the proposed algorithm can be compared
is some simplified version of the algorithm (e.g. emulating human reasoning about the
problem) or older version of the algorithm. This approach covers the real-world
complexity but its disadvantage is an unknown (or hard to calculate) optimal solution.
Such approach has been used for the first evaluation of the ADAS AI algorithm
presented in the next section. The benchmarks described is Section VI.2.2. can be also
used as a base for the testing scenarios.
Both approaches have their advantages and disadvantages and we will use both of them to
leverage the advantages.

Test Scenarios
The definition of test scenarios is critical for effective testing and for verifying the quality of the
produced results in most of the possible conditions. For example, it could be interesting to
define tests with the following conditions (one by one or mixed):




wide road network graph
high number of user activities/goals
high number of similar requests (same activities at same time in the same location)

The following table is an example of a functional test result comparison for a specific test:
Table 4: Example of functional test result comparison.

Functional test #1

Iteration #1

Iteration #2

Iteration #3

Benchmark

Trip time

t1

t2

t3

t4

Trip cost

c1

c2

c3

c4

Trip greenness

g1

g2

g3

g4

Response time

r1

r2

r3

r4

Overall

o1

o2

o3

o4

An overall indicator can be defined combining the different metrics (eventually with different
weights) in order to have a quick and easy way to compare test results. More detailed
examples of test scenarios are presented in Section VI.2.2.

VI.2. Evaluation of the Driver Activity- and Gridaware EV Travel Planning
This section provides a preliminary experimental evaluation of the proposed algorithm of the
Driver Activity- and Grid-aware EV Travel Planning described in Section III.4. The algorithm is
evaulated on the real world road graph (approach 2. decribed above) and it is compared with
a baseline solution emulating human reasoning. First, we describe the baseline solution and
the set of used benchmarks. Next, we evaluate the proposed algorithm (Section III.4) against
the baseline solution, evaluate the quality of the speedups proposed in Section III.4.1. and
evaluate the effect of the dominance relaxation on the quality of the solution and execution
time of the algorithm. This is only a preliminary evaluation of the EV travel planning algorithm
and was not executed within the integration environment but only as a standalone program
without any connection to the other Electrific components (CSP and EFO agents).
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Baseline Solution
To evaluate the effect of the global approach to solving the Whole Day Mobility Planning with
Electric Vehicles problem, we evaluate it against a baseline solution. The baseline solution is
based on the same label-setting algorithm (Section III.4) with the following modifications.
The most important modification is that, similarly to a human user, the activities are approached
in a sequential manner, without considering all possible orderings. We use a simple heuristic
to sequentially order the activities before planning. The activities are ordered by the latest
possible arrival time LAT(𝑎) so that the most urgent activities are performed first.
Another modification is the use of a reactive charging behavior. A typical user does not plan
the charging until the battery has dropped below some threshold 𝑆𝑂𝐶𝑡 which for the baseline
algorithm is set to 𝑆𝑂𝐶𝑡 = 0.5 ⋅ SOCmax. The charging is planned for each leg of the day plan
separately.
As already mentioned in Section VI.1, such baseline solution can also be used for continuous
testing of the implementation.

Benchmark Set
In this section we present a set of benchmark problems which were used to evaluate the
algorithm. This set of benchmark problems can also be used as a base of the testing suite
benchmarks proposed in Section VI.1. As a testing location we use a rectangular area of the
real-world road network in Germany bounded by Munich, Regensburg and Passau with the
transport network extracted from OSM26 and limited to main roads between cities leading to a
graph with 75k nodes and 160k edges. We select 18 locations acting as possible POIs for the
activities and 8 of the 18 locations acting also as the charging stations.

26

https://download.geofabrik.de/europe/germany/bayern.html
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Figure 13: Benchmark area with location used for the problem instances generation.
location with charging station,

location without charging station

Each benchmark problem is generated based on one of the following schema by randomly
selecting particular locations for the activities.

The most important aspect of each schema is the number of activities, which range from 1 to
5. The variation between number of activities was achieved by taking only the first 𝑛 activities
from the schema. For each schema and each number of activities we have generated 50
random instances (500 in total).
Energy consumption function for edge (𝑢, 𝑣) was approximated in [40] and [12],
𝜅𝑑𝑖𝑠𝑡(𝑢, 𝑣) + 𝜆(𝑒𝑙𝑒𝑣(𝑣) − 𝑒𝑙𝑒𝑣(𝑢)) if 𝑒𝑙𝑒𝑣(𝑣) − 𝑒𝑙𝑒𝑣(𝑢) > 0
𝑒𝑐(𝑢, 𝑣) = (
𝜅𝑑𝑖𝑠𝑡(𝑢, 𝑣) + 𝛿(𝑒𝑙𝑒𝑣(𝑣) − 𝑒𝑙𝑒𝑣(𝑢)) otherwise
with coefficients set to 𝜅 = 0.2, 𝜆 = 2 and 𝛿 = 1.5. Each charging station 𝑐 ∈ 𝐶 provides the
same set of charging rates {11𝑘𝑊, 30𝑘𝑊, 50𝑘𝑊} with equal pricing. The charging time was
simplified with linear approximation based only on amount of charged energy and used
charging rate.
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The parameters of the algorithm were set as follows. The battery capacity SOCmax was set to
26kWh and the charging threshold 𝑆𝑂𝐶𝑡 for the proposed algorithm was set to 0.8 ⋅ SOCmax .
The optimization metric was set purely to time.

Whole Day vs. Single Trip Approach

Figure 14: Ratios of the single trip baseline and proposed global approaches.

In this experiment we compare the baseline single trip approach against our proposed whole
day approach based on a number of quality metrics. The first metric is the duration of the
whole day plan (i.e., makespan) including the travel times, times spent on activities and time
spent on charging, if the charging is not performed in parallel with an activity (in that case we
take the maximum of the durations of the activity and charging). The second metric is the
consumption of the electric energy (measured in kWh) for driving throughout the whole day.
The energy which was charged but not used for driving is not included. The last metric is the
cost of the whole day plan. We assume that the only cost comes from the charging and is
proportional to the time spent charging which is based on the current mode of operation of
most commercial charging stations. As in both our algorithms, the EV is always charged to
maximum, this may result in charging some energy which is not spent throughout the day. This
excess energy is also payed for and thus is included in the cost metric. Note that the algorithm
proposed in Section III.4 performs a single-criteria optimization where the optimized metric is
time only (that is, the duration of the day plan).
Figure 14 shows comparison for each of the considered metrics per problem for the proposed
solution (the x-axis) and the baseline solution as would be found by a human user (the y-axis).
Let us first focus on the duration metric Figure 14(a) for which our proposed algorithm
optimizes. Clearly, the optimized global solution is often better than the single trip baseline
solution, sometimes with the difference in hours. What is also possible to observe is that
although optimal, the solution returned by the global algorithm is not always better than the
baseline solution. This is due to the restrictions on charging (i.e., always charging to maximum)
which may also take some extra time. This effect is most prominent in scenarios with a low
number of activities and diminishes with a growing number of activities per day.
Somewhat unexpected are the results shown in Figure 14(b) and (c) which show that although
the algorithm explicitly optimizes only for the time metric it outperforms the baseline solution in
the two other metrics for most instances as well. This relates to the situation in the introductory
example, where by optimizing the problem as a whole, future energy needs can be anticipated
and detours necessary for charging can be eliminated.
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Figure 15: Ratios of the single trip baseline and proposed global approaches in dependence on
the number of activities in a problem.

In order to make a fair comparison we evaluate the ratio of the proposed solution to the
baseline solution for each metric. Figure 15 shows a boxplot27 for each of the metrics. All three
boxplots show that the more activities are needed to perform during the day, the bigger
speedup can be obtained from the whole day optimization. For five activities, which is still a
very reasonable number for an average user, the time spent on the day activity plan may be
more than 20% and on average nearly 10% shorter using whole day optimization. For an
average 10h workday (including e.g., shopping) this accounts for 2 and 1 hour respectively
which is a very significant amount of time to be saved.
As already discussed, similar patterns can be observed for the metrics for which the algorithm
does not explicitly optimize. Figure 15(b) shows that for five activities a day, the proposed
approach saves nearly 20% energy (and subsequently charging costs) on average.

VI.3. Evaluation of the Current Implementation
Here we evaluate the speedups presented in Section III.4.1. used to improve the performance
of the initial implementation of the ADAS AI algorithm. Similar techniques can be used to
evaluate any new implemented feature, speedup, or a modification of the code as part of the
testing environment described in Section VI.1.

Effect of the Speedups
In this section, we evaluate the effect of the pruning speedups (Section III.4.1. ) on the
performance of the algorithm in terms of opened states which directly translates to the
execution time.

27

The boxplots show median (strong line), mean (black dot), the box showing Q1 (the 25th percentile) and Q3 (the 75th percentile)
and the whiskers shows the lowest and highest point within 1.5 IQR of the lower and higher quartile respectively. The outliers are
shown as circles.
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Figure 16: Opened states in dependence on used pruners relative to no pruners: 𝐄 - elliptic
reduction with 𝜶 = 𝟏. 𝟏, 𝐀 - activity temporal consistency, 𝐂𝐡 - charging consistency.

Figure 16 shows the comparison of ratios of the opened states of the proposed solution without
any pruners and using the particular combination of pruners. The combinations of pruners
excluding the ellipse pruner perform significantly worse than the ellipse pruner itself and any
combination including it. The best result is obtained by combining all pruners which is not
surprising. The combination of all pruners reduces the solution time by 75% on average which
shows that the proposed pruners are a significant improvement.
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Effect of the Dominance Relaxation

Figure 17: Effect of dominance relaxation on plan duration and execution time. The filled area
represents data between the 1st and the 9th quantile.

The last set of experiments evaluates the performance in terms of execution time and quality
of the solution (the plan duration metric) when applying the dominance relaxation speedup. In
this experiment all pruners from the previous section were used in combination with multiple
settings of dominance relaxation described above in Section III.4.1. above
Figure 17 shows the ratios of the algorithm using the given dominance relaxation value and
using no dominance relaxation. The right column shows the SOC relaxation 𝜀𝛽 which relaxes
the dominance only on the SOC whereas the left column shows the criteria relaxation 𝜀𝑓 which
relaxes the dominance on the optimization function 𝑓(𝜏, 𝛾) which in our case equals to the time
𝜏. The results show that even though the execution time is reduced to 25% from 𝜀𝛽 = 1 to 𝜀𝛽 =
0.99 , the quality of the solution is practically intact.
As expected, there is a significant increase in execution time between 𝜀𝑓 = 0.99 and 𝜀𝑓 = 1
while the plan duration increases with increasing 𝜀𝑓 . For 𝜀𝑓 = 0.99 the error is already within
5% of the optimal solution. The results suggest that the best trade-off between execution time
and quality of the solution might be provided by the combination of 𝜀𝛽 = 0.99 and 𝜀𝑓 = 0.99.
Indeed, such combination reduces the execution time to less then 15% while not increasing
the plan duration above 2,5 for 90% of the instances.

VI.4. Visual Inspector
The Visual Inspector is an internal web-based tool developed for easier validation and
evaluation of the plans generated by the ADAS AI. The application visualizes data related to
the resulting plans. It allows to visualize user’s input request and the resulting response
enriched by planning related information together with data concerning charging stations.
Since the Visual Inspector is highly dependent on the ADAS AI, its features will change in the
future as the ADAS AI capabilities will develop. First, we look at the high level architecture of
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the Visual Inspector and on which frameworks and libraries the application is built. Then we
focus on how the application visualizes the different types of data.

Architecture

Figure 18: Visual Inspector Architecture Diagram.

The application consists of a single Web page and Http Web Service endpoint. The maps
rendering is done through MapBox GL JavaScript28 library that uses its own external API.
Through the Web Service shown in Figure 19 with the payload described in Table 5,
developers can send their generated plans to be added to the list of plans available for
visualization by the application.
The single Web page layout as seen in Figure 20 and further described on Table 6, consists
of two main views, TimeLine and Charging Station Operator (CSO) that can be navigated
though the use of tabs.Figure 20: Web Page Layout
The implementation was done with Java and JavaScript using the following
frameworks/libraries: Spring MVC29, FreeMarker Java Template Engine30, Chart.js31 for graph
generation and MapBox GL JavaScript32 for map rendering.

28

https://www.mapbox.com/mapbox-gl-js/api/

29

https://docs.spring.io/spring/docs/current/spring-framework-reference/html/mvc.html

30

http://freemarker.org/

31

http://www.chartjs.org/

32

https://www.mapbox.com/mapbox-gl-js/api/
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Figure 19: Visual representation of the Visual Inspector REST API in Swagger UI.

Table 5: High level description of the VisualizationData Model attributes.

Attribute

Description

name

Unique Id, displayed on Web Interface on a
Dropdown menu of available plans to
visualize

inputVisualization

The inputs used to create the plan, activities:
 Location
 Duration

planVisualization

The resulting plan data consisting of list of
actions of different types: MOVE, CHARGE,
ACTIVITY… Each action33 contains different
information according to its type.

csoVis

List of CSO Charging Stations and their
data:
 Location
 Charging Price
 Power Quality
 Available Power
 Renewables
 Bookings

33

Action vs activity: activity is only one of the possible actions - MOVE, CHARGE, ACTIVITY, CLAIM,
DISCLAIM
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Figure 20: Web Page Layout.

Table 6: Description of Web Layout Areas from Figure 20.

Area Name

Description

Plan List

List of Plans available for visualization

View Tabs

Tabs to Switch between views

Data Layer Toggles

Toggles data layers on/off on the current
view map

Plan Inputs

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

View Specific Map

The current view map

View Specific Area

Current view specific Information (TimeLine
or CSO Graphs)

TimeLine View
This view (example in Figure 21) serves for the visualization of the resulting plan and input
request. It is composed from three parts. The map shows the spatial attributes of the plan
(routes and locations) while the timeline shows the temporal attributes. These two components
are complemented by a menu allowing to turn on/off data layers on the map. The simplistic
visualization of the input containing only names and durations (in seconds) of activities.
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Figure 21: TimeLine View.

Map
The interactive map as seen in Figure 21, displays the route, its charging points and activities
duration. All the different information can be toggled on or off with the menu on the right as
seen in Figure 21. Users can see Charging Point detailed information by clicking on its icon on
the map as seen in Figure 22.

Figure 22: Charging Point detailed information view.
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TimeLine
The interactive TimeLine as seen in Figure 21, shows the actions throughout the plan duration.
The yellow slider can be used to see what is the location on the map at the selected time.
By clicking on an action, the following events are triggered:



For MOVE actions, the route is highlighted as seen on Figure 23.
For all actions, a dialog is shown with the action details as seen on Figure 24. Different
pieces of information are displayed for different types of action. E.g. for the MOVE
action the transport mode is shown while the CHARGE information contain cost,
renewables percentage, etc.

Figure 23: Route selected on the TimeLine.

Figure 24: Charge Activity selected on the TimeLine.
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Charging Station Operator View
This view displays the generated plan on the map as well, but instead of only the used charging
stations it displays all charging stations in the area. Beside the map, this view contains also
graphs with charging station properties in time and a menu turning on/off data layers.

Figure 25: CSO View.

CSO Map
This interactive map as seen on Figure 25, displays the plan, all charging stations in the area
and their total number of available slots. All the information can be turned on/off with the
toggles on the right as seen on Figure 25. Users can select a charging station by clicking on
its icon on the map as seen in Figure 26.
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Figure 26: Selected Charging Station View.

CSO Graphs
The interactive graphs shown in Figure 25 display the development of the electricity price and
the percentage of renewables for each charging station throughout the day. In the future, a
slider on the graph will display this information also on the map for the selected point in time.
A charging station can be highlighted on the map by clicking on its graph.
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VII. SUMMARY
During the first 12 months of work in WP7, the project achieved significant progress in the
development of Advanced EV Driver Assistance Services (EV ADAS). Based on the identified
use cases for ELECTRIFIC and on the proposed architecture of the ELECTRIFIC system, we
have developed the initial design for EV ADAS, delivered its first implementation and evaluated
its functionality on a set of benchmark problems. In addition to advancing the design and
implementation of EV ADAS, we have also deepened our understanding of the relationships
between EV ADAS and other components of the ELECTRIFIC system. In particular, we have
clearly defined the boundary and interfaces between the EV charging capacity allocation
modules developed in WP7 and Charging Service Provider subsystems developed in WP4.
Overall, the results achieved during the first 12 months in WP7 are encouraging and provide
a solid foundation for the project’s upcoming first trials and for the development of a more
feature-rich version of EV ADAS in the second year of the project.
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