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Hierarchical Economic Model Predictive Control
Approach for a Building Energy Management

System With Scenario-Driven EV Charging
Jens Engel1, Thomas Schmitt2, Tobias Rodemann1 and Jürgen Adamy2

Abstract—To handle the increasing number of electric vehicles
(EVs) and their effect on the infrastructure, intelligent and
coordinated charge management is necessary. In this paper,
this problem is considered in the context of a commercial
building energy management system (EMS) with vehicle-to-grid
capable employee EV charging stations (EVCSs). We propose a
hierarchical economic model predictive control (EMPC) scheme
for the operation of the EMS with EV charge management. An
aggregator plans the operation of the EMS and an aggregated
perspective of the EVCSs. A distributor then allots the aggregated
charge power to the individual EVCSs. Both layers employ
EMPC to jointly consider the objectives of monetary costs,
building temperature comfort, EV charge satisfaction and battery
degradation. For the predictions of EV usage behaviour, scenario
generation based on usage data and user input is employed. The
main contributions of this paper are the symmetric consideration
of EV charging objectives using EMPC in both levels of the
hierarchy, as well as the introduction of a scalable and adaptable
averaged scenario generation approach.

Index Terms—Model Predictive Control (MPC), Electric Ve-
hicles (EV), scenario-based, economic MPC, microgrid, energy
management, EV charge management, vehicle-to-grid, V2G

NOMENCLATURE

k Time step
Ts Sample rate
Np Prediction horizon
NS Number of scenarios
NCS Number of charging stations
ϑset Set room temperature
cgrid,peak Peak cost factor
cgrid,buy/sell Tariff for buying/selling energy from grid
Pchp,max Maximum CHP power
Q̇rad,max Maximum heating power
Q̇cool,max Maximum cooling power
Estat,min/max Minimum/maximum stationary battery SoC
Pstat,max Maximum stationary battery charge power
Pmax Maximal EV charge power
Cth Thermal capacity of the building
Hair Heat transfer coefficient to the outside air
εc Cooling machine energy efficiency ratio
cCHP Power-to-heat ratio of the CHP
PEV,max Maximum aggregated charge power
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Edes,min Minimum desired energy level
Ei,min Minimum energy level at EVCS i
Pi,max Maximum charge power at EVCS i
Einit,j Initial energy in charging session j
Cava,j Available capacity in charging session j
Edes,j Desired energy level in session j
Jagg Cost function of the aggregator
Jmon Monetary costs
Jcomf Comfort costs
Jdeg Aggregator battery degradation costs
Jdis Cost function of the distributor
JSoC,i Individual charge satisfaction cost function
Jdeg,i Individual battery degradation cost function
xagg/dis Aggregator/distributor state vector
uagg/dis Aggregator/distributor input vector
dagg/dis Aggregator/distributor disturbance vector
Aagg/dis Aggregator/distributor system matrix
Bagg/dis Aggregator/distributor input matrix
Sagg/dis Aggregator/distributor disturbance matrix
E Stationary battery energy
ϑb Building temperature
EEV, CEV Aggregated EV energy and capacity
Pgrid Power from the power grid
Pchp Power from the CHP
Q̇rad Thermal power from the gas radiator
Q̇cool Cooling power from HVAC system
PEV Aggregated EV charge power
Pren Electrical power from the PV system
Pdem Electrical power demand of the building
ϑair Outside air temperature
Q̇other Building heat loss through the ground
EEV,arr/dep Aggregated arriving/departing EV energy
CEV,arr/dep Aggregated arriving/departing EV capacity
Ei, Ci, Pi Energy, capacity, charge power at EVCS i
Ei,arr/dep Arriving/departing energy at EVCS i
Ci,arr/dep Arriving/departing capacity at EVCS i

I. INTRODUCTION

IN the future mobility infrastructure, electric vehicles (EVs)
will play an increasingly important role [1]. This will not

only impact the mobility infrastructure, but very importantly,
also the energy infrastructure, due to the high energy demand
these EVs will generate through their large battery capacity,
energy consumption and high charging rates. Therefore, EV mo-
bility must be actively integrated into the energy infrastructure,
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especially in the context of managed microgrids. Unmanaged
charging, i. e. immediate and as-fast-as-possible charging, can
cause high peaks in energy consumption, which can have
destabilising effects on the power grid [2], and can lead to
economic problems, as industrial consumers usually have to
pay a significant fee based on the peak load within a billing
period. Yet, EVs also provide an opportunity to counteract
these effects and have positive influence on peak loads [1],
[3]. Their high battery capacity and high bi-directional charge
rates can be used for Vehicle-to-Grid (V2G) interaction, e. g.
for peak shaving and buffering energy from volatile sources.

The challenge of integrating EVs into the power grid is
not new, but has gained much more interest in recent years
due to the increasing share of EVs in individual mobility. The
efficient and integrative charge management of EV charging
stations (EVCSs) has been approached in many different ways
and scopes.

Some works approach the problem as a distributed control
problem in the scope of entire city grids [4]–[6], others within
the scope of home energy management systems (EMS) [7],
[8], with most focusing on microgrids for residential areas
or commercial buildings [9]–[13]. All reviewed approaches
have in common that for handling uncertainties in the EV
behaviour, some form of optimal control, often model predictive
control (MPC), is used, where the charge management problem
is expressed in terms of an optimisation problem with the
charge management objectives being encoded in a cost function.
Furthermore, all approaches aim at a cost optimal operation
as a primary objective. Further objectives differ between
approaches. They either consider power engineering objectives,
like frequency stabilisation [9], [14] and transformer operation
[15]. An important factor to consider in EV charging is battery
degradation. This is especially important in a V2G context, as
V2G interaction can exert high stress on the EV’s battery [16].
This decreases the battery’s lifetime and incurs unwanted costs.
Therefore, this objective is commonly found in related works
[8], [17], [18]. Interestingly, in most approaches, the objective
of achieving charge satisfaction for EVs are met by restricting
constraints on the state of charge (SoC) towards a predicted
time of departure (ToD) [11], [14], [17], [19], [20] instead of
considering some criterium within the cost function [7], [18].

All reviewed approaches use discrete difference equations
to model the SoC and dynamics of the charging process.
Furthermore, they all predict EV behaviour, namely the time of
arrival (ToA), initial SoC at arrival and ToD in order to control
the charge process. The main difference between approaches
arises from how they handle these predictions. Some only
estimate ToA and SoC at arrival and rely on ToD from user
input [11], [19] or make general assumptions [20], while others
work with predicted ToDs [17], [21]. Arrival and departure
behaviour of EVs is sometimes modelled by constraints on the
state [11], [19], whereas other approaches consider it using
unknown (predicted) input disturbances on the state [20], [22].

Another difference lies in the system representation of the
EVCSs within the EMS. In some approaches, the EMS is
one monolithic state space model, where each EV is directly
represented as a state describing its SoC, and a respective charge
and/or discharge input for that state [11], [19]. More commonly

though, hierarchical models with two levels are proposed: An
upper level controller that controls an aggregated representation
of the EVCSs, and a lower level one that manages the individual
distribution of energy between them. The advantage of such
hierarchical approaches is better scalability and separation
of concerns. The upper level controller can remain agnostic
towards individual EV behavior and consider general plant
operation, while the lower level considers a detailed model
and individual EV needs. Here, some approaches group cars
into fleets by similarities, to simplify distribution on the lower
level, i. e. by grouping cars by their ToD and then distributing
energy within these fleets by how far the current SoC is from
the desired one [5], [17]. Other approaches distribute charge
power using rule-based heuristics [4], [6], [9], [21].

The main drawback of such rule-based schemes is that
their rule sets quickly grow in complexity, making it difficult
to adapt or extend them to specific needs. Especially the
proper consideration of battery degradation is difficult. An
alternative to that is presented in both [14] and [20]. Here,
the distribution of charge power to the individual EVs is
done using an optimization problem, which ensures constraint
satisfaction and maximizes the use of the aggregated charge
power. However, both works share the shortcoming that only
aggregated EV objectives are considered, and individual needs
are not considered during distribution.

As EV behaviour is inherently stochastic because ToA, SoC
at ToA, and ToD are unknown variables a priori, the only
available information that can be leveraged are probability
distributions of these variables. These are also highly dependent
on context, since they differ significantly between e. g. a
residential or commercial area, or a company building.

The simplest approaches will just generate one sample per
variable and available charging spot and compensate deviations
using the controller [11] or even none at all, treating departing
vehicles as a white noise disturbance [14], [20], [22]. While
these approaches require a low computational effort, they are
also rather inaccurate before arrival of EVs. More sophisticated
approaches use stochastic programming or stochastic MPC to
handle uncertainties. In these approaches, cars are grouped
into fleets, and their modelled behaviour is used to generate
usage scenarios with an associated probability of occurring. The
control input is then derived by minimizing the cost function
over the ensemble of all generated scenarios weighted by their
probability [5], [11], [17]. These scenario-based approaches
usually work in two stages: In a first stage a day-ahead control
strategy is generated from these scenarios, then in a second
stage the strategy is updated with the information that becomes
available [10], [12], [17]. The main drawback of these methods
is, that generally, a large number of scenarios is generated
and considered in order to ensure accuracy. This makes these
approaches comparatively computationally intensive.

In our work, we propose a hierarchical EMPC approach for
the control of a commercial building EMS with EV charge
management. The system is composed of two layers: An
aggregator plans the operation of the EMS under consideration
of its components and an aggregated perspective of the EVCSs
in terms of monetary costs, building temperature deviation,
battery degradation and charge satisfaction. A distributor
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then allots the aggregated charge power to the individual
EVCSs considering individual charge satisfaction and battery
degradation. The key contributions of our work are:
• We determine optimal control trajectories over the entire

prediction horizon for every individual EV while main-
taining scalability through the hierarchical structure.

• We propose an additional communication step from the
distributor back to the aggregator, which ensures that
all individual EV constraints are satisfied despite the
modeling error in the aggregator without unnecessarily
impairing the non-EV objectives.

• We propose a sophisticated EV usage behavior model
based on multi-component Gaussian mixture models
(GMMs) fitted to real word data of arrival times, sojourn
times and energy requirements.

The remainder of this paper is organized as follows:
Section II presents the model and optimal control problem
formulation of the approach. In Section III, the averaged
scenario generation approach is presented. Section IV presents
the evaluation of the simulation results. Finally, Section V
concludes this paper.

II. MODEL
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Figure 1: The hierarchical system structure of the proposed approach.

The system studied in this work is the EMS of a mid-sized
company building, illustrated in Fig. 1. The building consists
of mostly offices with a footprint of approx. 12 000 m2 and has
an average load demand of approx. 250 kW. The building has
a photo-voltaic system, a stationary buffer battery, a combined
heat and power plant (CHP), a gas radiator, an electric heating,
ventilation and air conditioning (HVAC) unit as well as multiple
V2G-capable EVCSs for employee-use [23]. For the purpose of
this work, we assume NCS = 30 identical V2G-capable EVCSs
to be available. Furthermore, the system is connected to the
public power grid. The system is partitioned into an aggregator
and a distributor. The aggregator represents the EMS with
all components and an aggregated perspective of the EVCSs.
It plans the general system operation under consideration of
monetary costs, temperature comfort, charge satisfaction, and
battery degradation of the EVs and the stationary battery.
Before applying the inputs to the system, the aggregated charge
plan for the EVCSs is then shared with the distributor. The
distributor controls the individual EVCS and distributes the
aggregated charge plan under the consideration of individual
charge satisfaction and battery degradation of the EVs. Since the

aggregator is myopic towards individual EVs, and therefore may
produce a charge plan that would violate individual constraints,
the distributor may adjust the aggregator’s plan, which is then
communicated back to it. The aggregator accepts the adjusted
charge plan, re-plans operation for the other components and
then applies this new plan to the system. This iteration happens
once at each time step. The advantage of this hierarchical setup
is increased scalability and flexibility through separation of
concerns. The aggregator can remain agnostic towards the
number of EVCSs and their individual behaviour, meaning
that the optimization problem remains the same, no matter
how many EVCSs are to be considered in the distributor.
Through the two-way communication between both layers
and the consideration of the same objectives, no layer may
dominate. In the following, the models and control approaches
are presented.

A. Aggregator

The aggregator model is based on the building model
presented in [24]. It contains the energy of the stationary battery
E, the building temperature ϑb as well as the aggregated energy
EEV and capacity CEV available at the EVCSs as states. The
system’s inputs are the electrical power obtained from the
power grid Pgrid, the electrical power from the CHP Pchp, the
thermal power from the gas heating unit Q̇rad, the thermal
cooling power from the HVAC system Q̇cool as well as the
aggregated charge power of the EVCSs PEV. As uncontrollable
disturbances acting on the system are considered the electrical
power from the PV system Pren, the electrical power demand
Pdem of the building, the outside air temperature ϑair, and
the heatloss to the environment through the ground Q̇other.
Furthermore, the arrival and departure of cars at the EVCSs is
modelled using arriving and departing energy and capacity as
disturbances, EEV,arr/dep and CEV,arr/dep, respectively. This
yields the discrete state space representation

E(k + 1)
ϑb(k + 1)
EEV(k + 1)
CEV(k + 1)


︸ ︷︷ ︸

xagg(k+1)

=


1 0 0 0

0 e
−Hair
Cth

Ts 0 0
0 0 1 0
0 0 0 1


︸ ︷︷ ︸

Aagg


E(k)
ϑb(k)
EEV(k)
CEV(k)


︸ ︷︷ ︸
xagg(k)

. . .

+


Ts Ts 0 Ts

εc
−Ts

0 µ
cCHP

µ µ 0

0 0 0 0 Ts
0 0 0 0 0


︸ ︷︷ ︸

Bagg


Pgrid(k)
Pchp(k)

Q̇rad(k)

Q̇cool(k)
PEV(k)


︸ ︷︷ ︸

uagg(k)

. . .

+

Ts Ts 0 0
0 0 Hair · µ µ

D

0

0


︸ ︷︷ ︸

Sagg



Pren(k)
Pdem(k)
ϑair(k)

Q̇other(k)
EEV,arr(k)
EEV,dep(k)
CEV,arr(k)
CEV,dep(k)


︸ ︷︷ ︸

dagg(k)

(1)
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with µ = 1−e
−Hair
Cth

Ts

Hair
and D = I2×2 ⊗

[
1 −1

]
, where ⊗

denotes the Kronecker product. Ts is the sampling time, Cth

the building’s total thermal capacity, Hair the total heat transfer
coefficient, εc the energy efficiency ratio of the cooling machine
and cCHP the CHP’s power-to-heat ratio. The values for these
parameters can be found in Table I. The aggregator’s goal
is to control the system such that minimal monetary costs,
maximal temperature comfort, minimal battery degradation
and maximal charge satisfaction are achieved simultaneously.
This is achieved in two ways: monetary costs, temperature
comfort and battery degradation are considered explicitly in
the cost function of the EMPC. Charge satisfaction is ensured
implicitly through the departure model of EVs and by enforcing
certain constraints on the EVs’ aggregated energy. The cost
function is thus

Jagg = wmonJmon + wcomfJcomf + wDegJdeg (2)

with
[
wmon wcomf wDeg

]
=
[
1 3 0.2

]
. The weights

wmon and wcomf were adapted from [25] and are the mean
values of the weights dynamically selected using Pareto
optimization. They were shown to represent a good trade-
off between both criteria for the system under study. The
weight wDeg was chosen such that the minimization of battery
degradation does not impair the other objectives, hence as a
relatively small value. The monetary costs Jmon are the costs
incurred by buying energy from the grid, burning gas for the
CHP and gas heating system, as well as peak costs that are to
be paid if a power demand peak is generated,

Jmon = Jmon,peak +

Np−1∑
k=0

`mon,grid(k) . . .

+ `mon,chp(k) + `mon,heat(k) (3)

`mon,chp(k) = 0.12
e

kWh
· Ts · Pchp(k), (4)

`mon,heat(k) = 0.0464
e

kWh
· Ts · Q̇rad(k) (5)

`mon,grid(k) =
(
cgrid,buy ·max (0, Pgrid(k)) . . . (6)
− cgrid,sell ·max (0,−Pgrid(k))

)
· Ts

Jmon,peak =

cgrid,peak ·max
k

(0, Pgrid(k)− Pgrid,peak(0)) (7)

where cgrid,buy is the electricity cost and cgrid,sell the feed-in
tariff that applies when energy is sold into the grid. Pgrid,peak(0)
is the maximum peak that has occurred until the current time.
Note that k = 0 represents the first time step within the current
prediction horizon. Temperature comfort inside the building

Table I: Building parameters. Adapted from [24].

Parameter Description Value

Cth Thermal capacity of the building in kWh
K

1792.06

Hair Heat transfer coefficient to the outside air in kW
K

341.94
εc Cooling machine energy efficiency ratio 2.5
cCHP power-to-heat ratio of the CHP 0.667

is achieved by minimising the temperature deviation of the
building temperature from 21 °C,

Jcomf(k) =

Np−1∑
k=0

(ϑb(k)− ϑset)2 (8)

where ϑset = 21 °C. A detailed consideration of battery
degradation is in general rather difficult, as degradation
characteristics are highly nonlinear and differ a lot between
different battery technologies [16], [26]. Yet, in general, to
ensure a low battery degradation, 5 parameters should be kept
low: The energy throughput through the battery, the average
SoC, the depth of discharge (DoD), the charge rate, and
the operating temperature [16]. As the operating temperature
is effectively outside of the control of an external charging
manager, it is not considered in the control scheme. For the
EVCS, the minimization of the energy throughput, average
SoC and charge rate is achieved using a cost function that
punishes these parameters accordingly,

JDeg,EV = wDeg,EJDeg,EV,E + wDeg,SoCJDeg,EV,SoC . . .

+ wDeg,CRJDeg,EV,CR (9)

JDeg,EV,E =

Np−1∑
k=0

MEV(k) · |PEV(k)| · Ts
CEV(k)

(10)

JDeg,EV,SoC =
1

Np + 1

Np∑
k=0

MEV(k) · EEV(k)

CEV(k)
(11)

JDeg,EV,CR =

Np−1∑
k=0

MEV(k) · |PEV(k)|
PEV,max(k)

(12)

MEV(k) =

{
1 CEV(k) > 0

0 otherwise
(13)

with
[
wDeg,E wDeg,SoC wDeg,CR

]
=
[
10 1 0.1

]
. As all

three parts of the cost function are in the same order of
magnitude, this weighting corresponds to one of estimated
relative importance. To keep the DoD low and to simultaneously
ensure a minimal SoC at all times in case of unexpected early
departure, the constraint

EEV,min(k) ≤ EEV(k) ≤ CEV(k) ∀ k ∈ [1, Np] (14)

applies. In order to avoid numerical problems when coupling
the aggregator and distributor, this constraint is relaxed by
adding slack variables, i. e.

EEV,min(k) + z1(k) ≤ EEV(k) ≤ CEV(k) + z2(k). (15)

These slacks are punished accordingly with an additional cost
term

Jslack = K

Np∑
k=1

z1(k)2 + z2(k)2 (16)

where K = 2000 to enforce that they are only used to ensure
feasibility.

The degradation of the stationary battery is punished anal-
ogously to that of the EVCSs, by replacing the respective
variables of the EVCSs with those of the stationary battery.
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This is omitted for brevity. The overall cost function for the
battery degradation is hence

Jdeg = Jdeg,EV + Jdeg,stat. (17)

Note that these terms are not weighted, as they are normalized
to the same value range and are considered equal in importance.

Charge satisfaction is ensured through the predicted depar-
ture disturbances and the constraint on the EVs’ aggregated
energy: We assume that at departure, a car departs with its full
capacity, i. e. Cdep(ToD) = Carr(ToA), and a SoC of 90 % or
the maximally reachable SoC during the car’s sojourn. 90 %
SoC is a compromise between avoiding high potential DoDs
while providing sufficient energy for a maximal driving range.
Together with the energy constraint (14) this enforces that
enough energy is stored in EEV as a car is bound to depart,
as otherwise the energy constraint (14) would be violated in
the time step after departure. Since the actual ToD of an EV
is unknown and only an estimate of it is given, an averaged
scenario for the disturbance prediction is used, which distributes
the energy that is bound to depart over the horizon. This is
explained in more detail in Section III-B. The advantage of
ensuring charge satisfaction implicitly is that it only constrains
the charge process towards the ToD. In conjunction with the
lower bound of (14), this offers high flexibility and freedom
during the remaining charge process.

The aggregator must further satisfy a number of constraints
that ensure proper operation,

19 °C ≤ ϑb(k) ≤ 23 °C k ∈ H1 (18a)
Estat,min ≤ E(k) ≤ Estat,max k ∈ H1 (18b)

0 ≤ Pchp(k) ≤ Pchp,max k ∈ H2 (18c)

0 ≤ Q̇rad(k) ≤ Q̇rad,max k ∈ H2 (18d)

Q̇cool,max ≤ Q̇cool(k) ≤ 0 k ∈ H2 (18e)

−Pstat,max ≤
∆E(k)

Ts
≤ Pstat,max k ∈ H2 (18f)

−PEV,max(k) ≤ PEV(k) ≤ PEV,max(k) k ∈ H2 (18g)

where ∆E(k) = E(k + 1) − E(k), H1 = {1, . . . , Np} and
H2 = {0, . . . , Np− 1}. The maximum available charge power
PEV,max(k) changes with the number of cars present at the
EVCSs. The calculation of this parameter will be explained in
Section III-B. When the aggregator receives an adjusted charge
plan from the distributor, an additional equality constraint is
considered, namely

PEV(k) = P ′EV(k) ∀ k ∈ [0, Np − 1] (19)

where P ′EV(k) is the adjusted charge plan. Finally, considering
the cost functions and operational constraints leads to the
optimization problem for the aggregator

min
uagg,z1,z2

Jagg(xagg, uagg) + Jslack(z1, z2) (20a)

s. t. xagg(k + 1) = Aaggxagg(k) +Bagguagg(k)

+ Saggdagg(k) ∀ k ∈ [0, Np − 1] (20b)
xagg(0) = xagg,0 (20c)
(15), (18a)− (18g)

where xagg =
[
xagg(0) . . . xagg(Np)

]
, uagg =[

uagg(0) . . . uagg(Np − 1)
]
. Note that while the cost func-

tions are nonlinear and discontinuous in appearance, they can
be reformulated such that (20) is a convex quadratic program
(QP) with only continuous variables, which can be solved
efficiently using interior-point methods [27]. This can be done
by calculating all denominators a priori and by replacing min-
and max-terms with epigraph reformulations [24].

B. Distributor
The distributor represents and controls the individual EVCSs

by distributing the charge power PEV of the aggregator under
consideration of individual charge satisfaction and battery
degradation. The energy Ei and capacity Ci at each EVCS are
considered as states of the model, the charge power at each
EVCS Pi as inputs and the arrival and departure behaviour as
disturbances, yielding the state space model

xdis(k + 1) = I2M×2M︸ ︷︷ ︸
Adis



E1(k)
...

EM (k)
C1(k)

...
CM (k)


︸ ︷︷ ︸
xdis(k)

+Ts

[
IM×M
0M×M

]
︸ ︷︷ ︸

Bdis

 P1(k)
...

PM (k)


︸ ︷︷ ︸
udis(k)

+
[
I2M×2M ⊗

[
1 −1

]]︸ ︷︷ ︸
Sdis



E1,arr(k)
E1,dep(k)

...
EM,arr(k)
EM,dep(k)
C1,arr(k)
C1,dep(k)

...
CM,arr(k)
CM,dep(k)


︸ ︷︷ ︸

ddis(k)

(21)

where M = NCS. The distributor considers two objectives
in its cost function, the individual battery degradation and,
contrary to the aggregator, individual charge satisfaction, i. e.

Jdis =

NCS∑
i=1

JSoC,i +

NCS∑
i=1

Jdeg,i +

Np−1∑
k=0

Ks(k)2 (22)

where s(k) is a slack variable, that allows the distributor to
adjust the planned charge profile of the distributor, i. e.

NCS∑
i=1

Pi(k) + s(k) = PEV(k) ∀ k ∈ [0, Np − 1]. (23)

Since the distributor should follow the aggregator’s plan as
closely as possible and only use the slack variable to ensure
feasibility, the slack variable is again punished with K = 2000.
The cost function for ensuring charge satisfaction is

JSoC,i =

Np∑
k=0

di(k)(min[Ei(k)− Edes,min, 0])2 (24)
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where Edes,min =̂ 90 % SoC and di(k) being the departure
indication function, i. e.

di(k) =
Ni,dep(k)

NS
(25)

where NS is the number of total scenarios generated for the
occupation of the EVCSs and Ni,dep(k) indicates the number
of scenarios where k is a ToD at EVCS i. The topic of
scenario generation will be discussed in Section III-B. The
additional explicit consideration of charge satisfaction in the
cost function ensures a more robust and fair distribution of
energy between the EVs present at the EVCSs, as it advocates
a more uniform energy distribution. Battery degradation is
respected analogously to the aggregator, but for each individual
EVCS, i. e.

JDeg,i = wDeg,EJDeg,i,E + wDeg,CRJDeg,i,CR . . .

+ wDeg,SoCJDeg,i,SoC (26)

JDeg,i,E =

Np−1∑
k=0

mi(k) · |Pi(k)| · Ts
Ci(k)

(27)

JDeg,i,CR =

Np−1∑
k=0

mi(k) · |Pi(k)|
Pi,max(k)

(28)

JDeg,i,SoC =
1

Np + 1

Np∑
k=0

mi(k) · Ei(k)

Ci(k)
(29)

mi(k) =

{
1 Ci(k) > 0

0 otherwise.
(30)

Analogously to the aggregator, energy and charge power
constraints must be satisfied, i. e.

Ei,min(k) ≤ Ei(k) ≤ Ci(k) ∀ i ∀ k (31)
−Pi,max(k) ≤ Pi(k) ≤ Pi,max(k) ∀ i ∀ k. (32)

The calculation of these bounds is subject of Section III-B.
Combining the cost functions and operational constraints yields
the optimization problem for the distributor as

min
udis,z

Jdis(xdis, udis) (33a)

s. t. xdis(k + 1) = Adisxdis(k) +Bdisudis(k)

+ Sdisddis(k) ∀ k ∈ [0, Np − 1] (33b)
xdis(0) = xdis,0 (33c)
(23), (31), (32).

Note that again (33) can be formulated as a convex QP. After
solving (33), the distributor will communicate the modified
plan P ′EV(k) =

∑NCS

i=1 Pi(k) to the aggregator.
For the presented EMPC approach, predictions for the

EV usage behaviour are needed. In our approach, these are
retrieved by generating an averaged behaviour scenario based
on probability distributions. In the following sections this
scenario generation and the underlying assumptions on EV
usage behaviour are discussed in detail.

III. EV USAGE BEHAVIOUR & SCENARIO GENERATION

EV usage behaviour is inherently stochastic, since in general,
no exact a priori knowledge about EVs is available. Therefore,
probability models are needed for its description and for making
predictions. In general, an EV’s behaviour is expressed by 3
basic parameters: Its ToA, its sojourn time Tsoj / its ToD,
and the energy required until it is fully charged Ereq. In
our approach, we use probability distributions to generate
a number of possible behaviour scenarios for each current
prediction horizon. We then average these scenarios and use
this averaged behaviour scenario for the control of the EMS.
The advantage of this approach is that it is computationally
conservative, as only one scenario must be considered when
solving the optimization problems, and that it is easily adaptable
to different circumstances and changes in EV behaviour by
simply modifying the underlying probability distributions.

A. EV Usage Behaviour

The use case of our EMS is a commercial building with
employee-only EV charging. We base our assumptions on
EV usage behaviour on the NASA Jet Propulsion laboratory
data set of the Adaptive Charging Network (ACN) of the
California Institute of Technology [28]. From this, we can
derive probability distributions for the number of sessions per
day, the ToA, the correlation of ToA and sojourn time, and
the energy requirements.

Regarding the number of sessions Nses occurring per
workday, the data set shows that there are on average 1.35·NCS

daily session and Nses seems to be roughly normally distributed,
i. e. fNses

(Nses) = N (1.35, 0.052) ·NCS.
Fig. 2a shows the histogram and fitted distribution for the

ToAs of EVs on workdays (Mon-Fri). To fit fToA(ToA), a
Gaussian mixture model (GMM) with 3 components was used.
We assume that no EVs arrive on weekends.

The sojourn time Tsoj was found to correlate with the ToA.
Fig. 2b illustrates this correlation. To fit this distribution, all
sessions where binned into 0.5 h slots corresponding to their
ToA. Between 18:30 and 4:30, it is assumed that no cars arrive.
For each remaining bin, a GMM with 2 components was fitted,
yielding fsoj(Tsoj|ToA). This distribution is used to predict
future sessions, i. e. cars which have yet to arrive. We assume
that on arrival, users will input their estimated departure time
ToDest. We further assume that ToDest ∼ N (ToD, (0.5 h)2).

Unfortunately, the ACN data sets lack technical information
like the capacity and initial SoC of the EVs. Hence, the data
set can only be analysed in regards to the delivered energy
Edelivered. It was found to be independent of the ToA or
Tsoj beyond physical limitations. Therefore, we assume that
Ereq is distributed like Edelivered for long sessions, where
no limitations on possible energy delivery exist. Fig. 2c
shows the corresponding histogram and fitted distribution. For
fEreq

(Ereq), a GMM with 6 components was fitted. Note that
the average sojourn time is approx. 7.5 h, while the average
energy required is approx. 12 kWh. Hence, with a maximum
charge power of Pi,max = 10 kW, the energy demand of most
charge sessions can be fulfilled rather flexibly. For the purpose
of this work, we assume that all EVs have the same capacity
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(a) Histogram of arrival times of EVs from the
ACN JPL dataset and fitted GMM model.
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(b) Histogram of the correlation between ToA
and Tsoj from the ACN JPL dataset.

(c) Histogram of the energy requirements of
arriving cars from the ACN JPL dataset and
fitted GMM model.

Figure 2: Histograms and fitted distributions of EV behaviour from the ACN JPL dataset [28].

of Cavg = 50 kWh, as a reasonable assumption of available
capacity within the next years. The EVs are assumed to be
identical, as employee vehicles are provided by the company.

B. Scenario Generation

Algorithm 1: Session generation
Inputs: Open sessions Sopen, current time Tcurrent, Np,
Cavg;

Init: S = Sopen;
Draw Nsessions expected at current day;
for k = 0 to Np − 1 do

T = Tcurrent + kTs;
Count number Nava of available EVCS;
if T is start of new day then

Draw Nses from fNses
(Nses);

end
for i = 1 to Nses do

Draw sample ToA from fToA(ToA);
if ToA = T and Nava > 0 then

Nava = Nava − 1;
Choose first available EVCS CS;
Draw Tsoj from fsoj(Tsoj|ToA);
Calculate ToD = ToA + Tsoj + Ts;
Draw required energy from fEreq

(Ereq);
Einit = Cavg − Ereq;
Edes =
min (0.9Cavg, Einit + TsojournPmax );

Add {CS,ToA,ToD, Einit, Edes} to S;
end

end
end
Output: Sessions S;

With the models for EV usage behaviour, scenarios can
be generated. A scenario is one occupancy plan of the NCS

EVCSs for the current prediction horizon. This occupancy
plan is derived from charging sessions that are currently open

(Sopen), i. e. the cars which are presently charging, and sessions
predicted to occur within the current horizon. A session j is
defined by: the corresponding EVCS CSj , time of arrival ToAj ,
estimated time of departure ToDest,j , initial energy Einit,j ,
available battery capacity Cava,j , and the desired energy level
at departure Edes,j . Algorithm 1 describes how these sessions
are generated. Note that within a prediction horizon, multiple
sessions can occur at the same charging station, as long as
they do not overlap. Furthermore, we assume that when no
EVCS is available when a car arrives, the car will not wait for
a slot to become available. From these sessions, predictions
for the disturbances and parameters in the current horizon are
derived, i. e. for the available capacity Ci(k), the available
maximum charge power Pi,max(k), a lower bound on the
energy Ei,min(k), arrival disturbances Ei,arr(k) and Ci,arr(k),
and departure disturbances Ei,dep(k) and Ci,dep(k). For each
scenario o of the NS generated scenarios, these parameters are
calculated as

Ei,arr,o(k) =

{
Einit,j Tk is arrival, j ∈ Ji,o(k)

0 otherwise.
(34a)

Ei,dep,o(k) =

{
Edes,j Tk+1 is departure, j ∈ Ji,o(k)

0 otherwise
(34b)

Ei,min,o(k) =

{
Emin,j(k) presence at Tk, j ∈ Ji,o(k)

0 otherwise
(34c)

Pi,max,o(k) =

{
Pmax presence at Tk, j ∈ Ji,o(k)

0 otherwise
(34d)

where Ji,o(k) = { j | CSj = i ∧ ToAj ≤ kTs ≤
ToDest,j + Ts} is the set of all sessions of EVCS i in the
current horizon in scenario o, with Tk = T0 + kTs, T0 being
the current time. The arriving/departing capacity is calculated
analogously to the arriving/departing energy. A secondary
objective of the approach is to ensure a certain minimal SoC
in case of unexpected departure, i. e. Ei,min,o(k). This lower
bound shall only ensure an acceptable minimal SoC and not
inhibit flexibility of engaging an EV in V2G interaction. In
the regular case, i. e. a relatively long session and initial SoC
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above 30 %, the minimal SoC should rise from 30 % to 60 %
linearly over the course of the session. With a minimal final
SoC of 60 %, sufficient range is ensured to cover the majority
of energy requirements, as presented in Fig. 2c. In case of
a session that has a low initial SoC, the lower bound has
to be constructed such that it eventually reaches 60 %, while
avoiding an unnecessarily steep slope. Accordingly, we consider
the following constraints for constructing the lower bound:
• The minimal SoC at the end of the charging process must

be at least 60 % or the maximal SoC that can be reached
during Tsoj, if it is below 60 %.

• The maximal slope of the lower bound is Pi,max · Ts/Ci.
• No unnecessarily steep slope should be applied if a car

arrives with a low SoC, hence a rise time from initial SoC
to 30 % of 2 h should apply.

• For long stays (exceeding 10 h), the final minimal SoC
shall rise up to 70 %.

These constraints further present an implicit prioritization
mechanism: EVs arriving with a very low SoC are effectively
excluded from participating in V2G interaction and will be
charged with a high charge rate, until they reach a sufficiently
high SoC. The constraints can be expressed through lines with
different slopes, which are combined using the min operator.
This yields a lower bound SoCmin,j(k) and Emin,j(k) as

Emin,j(k) = Cava,j · SoCmin,j(k). (35)

To apply these generated scenarios for the actual control of
the system, an averaged scenario is used. It is retrieved by
averaging (34a) - (34d) over all NS scenarios, e. g.

Ei,arr(k) =
1

NS

NS∑
o=1

Ei,arr,o(k). (36)

The parameters of the aggregator are calculated by summing
the parameters of the averaged scenario over all EVCSs, e. g.

EEV,arr(k) =

NCS∑
i=1

Ei,arr(k). (37)

IV. EVALUATION

To show that the contributions of our approach are effective,
a simulation study was carried out. For this study, historical
data of our building in Offenbach, Germany for the year 2018
was used for the disturbances of the EMS building components.
As no historical data exists for the EVCSs, a set of 9189 EV
charging sessions was generated using Algorithm 1 presented
in Section III-B prior to the simulation. For each generated
charging session, a user input is simulated by applying the
assumed behaviour described in Section III, i. e. we sample a
ToDest from N (ToD, (0.5 h)2). We show the efficacy of our
contributions by assessing, that

1) symmetrical application of EMPC on both levels of the
scheme is advantageous,

2) considering user input is favourable,
3) our approach outperforms other state-of-the-art ap-

proaches.

To assess the quality of control, 5 criteria are used, which are
derived from the control objectives, namely

1) monetary costs incurred over simulated timespan,
2) average absolute temperature deviation from 21°C,
3) charge satisfaction achieved in an EV charging session,

i. e. Satisfaction = 100 % · E(ToD)/Edes,
4) EV battery capacity fade aggregated over all sessions,
5) stationary battery capacity fade aggregated over the year.

For calculating the incurred capacity fade, the cycle aging
model proposed in [26] was used. The authors propose a semi-
empirical battery degradation model, where rainflow cycle
counting is used to identify stress cycles of battery operation
in terms of the average SoC, the cycle DOD and the battery
temperature. As battery temperature is not considered in our
approach, we assume the stationary battery’s and EVs’ battery
management system to operate at optimal temperature and
therefore omit the influence of temperature, when calculating
the incurred capacity fade. Note that the model proposed in
[26] is for lithium ion manganese oxide (LMO) batteries,
while most EV batteries are lithium iron phosphate (LiFePO4)
batteries. Therefore, the actual numerical results are not
quantitatively precise, but adequate for qualitative comparisons.
All simulations in the following sections were run with the
parameters presented in Table II. For the scenario generation,
NS = 100 was determined through experimentation to yield
a good trade-off between computation time and accuracy of
approximating the underlying distributions. All simulations
where run with the same seed for the scenario generator. The
models were implemented and the simulations carried out using
the open-source MATLAB MPC framework PARODIS [29].
All simulations were run on an Intel i5-9400 CPU @ 2.9 GHz
using Gurobi as the solver. One simulation over the studied
timespan of one year takes approx. 2.5 h.

Table II: Simulation parameters for evaluation.

Parameter Description Value

Ts Sample rate 0.5 h
Np Prediction horizon 48 =̂ 24 h
NS Number of scenarios 100
NCS Number of charging stations 30
ϑset Set room temperature 21 °C
cgrid,peak Peak cost factor 101 e/kW
cgrid,buy Electricity cost 0.13 e/kWh

cgrid,sell Feed-in Tariff 0.07 e/kWh

Pchp,max Maximum CHP power 199 kW

Q̇rad,max Maximum heating power 600 kW

Q̇cool,max Maximum cooling power −400 kW
Estat,min Minimum stat. battery SoC 15% · 98 kWh
Estat,max Minimum stat. battery SoC 85% · 98 kWh
Pstat,max Maximum stat. battery charge power 32.9 kW
Pmax Maximum EV charge power 10 kW
Cavg Average EV battery capacity 50 kWh

A. Symmetric use of EMPC

To assess the influence of considering the EV control
objectives of charge satisfaction and battery degradation in both
the aggregator and the distributor, we toggled the objectives
considered in the distributor’s cost function (22). Fig. 3 shows
the simulation results for these simulations. In these plots,
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Figure 3: Simulation results for evaluating the performance of the proposed approach in terms of monetary costs, temperature deviation,
charge satisfaction (axis inverted), EV and stationary battery fade. A1: No consideration of individual objectives in distributor, A2: No
consideration of battery degradation in distributor, A3: No consideration of charge satisfaction in distributor, B1: No consideration of user
inputs, B2: User estimations are uniformly distributed around actual ToD, C: Benchmark approach.

HEMPC represents our candidate hierarchical EMPC approach.
In simulation A1, no individual objectives are considered
in the distributor, i.e. it’s acting as a tracking controller; in
simulation A2 battery degradation is omitted in the distributor,
and conversely, in A3 the distributor does not consider charge
satisfaction. Fig. 3d shows charge satisfaction achieved in the
individual charging sessions. As can be seen from the incurred
EV capacity fade in Fig. 3a and the results of simulation A1
in Fig. 3d, the performance of the controller is significantly
worse in terms of the EV objectives if the distributor considers
no individual objectives, i. e. is acting as a tracking controller
only. The EV capacity fade is approx. 40 % higher and while
the average charge satisfaction is almost the same, the variance
is significantly larger.

This is because there are many ways to distribute the
aggregated energy between all EVCSs, which may not be
fair in terms of the individual objectives. Fig. 4b illustrates
this. It can be seen that in this specific case, the distributor
applies strong V2G interaction and inter-vehicle charging in the
afternoon, shortly before vehicles depart. This causes a higher
battery degradation and can lead to low charge satisfaction, if
the estimated ToD is inaccurate, as cars may be discharged
under the assumption that they can be recharged again.

While the implicit charge satisfaction tracking is still in
effect in both the aggregator and distributor, this result shows
that the additional charge satisfaction objective still increases
performance. Furthermore, looking at Fig. 3a and Fig. 3d for
simulations A2 and A3, it can be seen that considering only

one of the two objectives of charge satisfaction or battery
degradation yields a worse performance than considering both
simultaneously. Again, the average charge satisfaction is around
100 %, yet the individual charge satisfactions vary significantly.
This is due to the complementing effect of these objectives:
The battery degradation provides a smoothing effect to the
charge profile by punishing the energy throughput and charge
rate. This causes a reduced V2G interaction, especially towards
the estimated ToD of a vehicle, which in turn reduces the
chance of discharging cars prior to their actual ToD, which may
occur earlier than estimated. If conversely charge satisfaction is
omitted, this smoothing effect and the objective of maintaining
a low average SoC leads to the adverse affect, where cars that
may depart earlier than estimated are not charged soon enough.

The effects of the distributor objectives are further illustrated
in Fig. 4c and Fig. 4d. If no battery degradation is considered,
much more V2G interaction takes place, especially in the
morning, as compared to the baseline approach in Fig. 4a. If
conversely only battery degradation is considered, very little
V2G interaction takes place, compared to the the previous case
as well as the baseline approach.

In terms of monetary costs, stationary battery fade and
temperature deviation, the distributor has only a small influence,
as all objectives fare similarly. In simulation A2, approx. 0.5 %
higher costs than the HEMPC baseline are incurred. While not
shown in the plots, the peak costs are nearly identical for all
three simulations, which shows that the distributor follows the
general plan of the aggregator well.
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(a) Consideration of both objectives in the distributor (HEMPC) (b) No consideration of individual objectives in the distributor (A1)

(c) No consideration of battery degradation in the distributor (A2) (d) No consideration of charge satisfaction in the distributor (A3)

Figure 4: Individual EV charge power for different combinations of objectives in the distributor on Feb. 8, 2018.

B. Influence of user input

To study the impact of considering user input as estimates
of the ToD and the robustness of our approach, two cases are
simulated:

B1) User input is not considered, instead ToDest is generated
by re-sampling a Tsoj from fsoj(Tsoj|ToA).

B2) User inputs are uniformly distributed around the actual
ToD, i. e. ToDest ∼ U(ToD − 1.5 h,ToD + 1.5 h), i. e.
user inputs deviate more strongly from the actual ToD.

Fig. 3b shows a spider plot with the results of these simulations
in comparison. In simulation B1, if no user input is considered,
and instead departure time is estimated based on a car’s
arrival time, the performance in the EV criteria is significantly
worse, as both a much worse charge satisfaction (Fig. 3d,
B1) and higher battery degradation (Fig. 3b, B1) is achieved.
Considering simulation B2 it can be concluded, that even with a
larger deviation of user input from the actual ToD, our approach
is still robust and delivers an acceptable performance, as can
be seen in Fig. 3d and Fig. 3b with simulation B2.

C. Benchmark comparison

In order to judge the performance of the presented approach,
we compare it to a benchmark approach. Therefore, we use
our presented aggregator and scenario generator, with the
modification that no user input is considered. For the distributor,

a non-predictive distribution scheme is used to distribute the
planned aggregated energy PEV(0), i. e.

min
(NCS∑
i=1

Pi(0)− PEV(0)
)2

(38a)

s. t. Ei(1) = Ei(0) + TsPi(0) . . .

+ Ei,arr(0)− Ei,dep(0) (38b)
Ci(1) = Ci(0) + Ci,arr(0)− Ci,dep(0) (38c)
Ei,min(1) ≤ Ei(1) ≤ Ci(1) (38d)
−Pi,max(0) ≤ Pi(0) ≤ Pi,max(0) (38e)

where disturbances and constraints for the current time step
are calculated as described in Section III-B. This baseline
benchmark approach is based on the hierarchical state-of-the-
art approaches, which make no use of user inputs and apply only
a simple non-predictive distribution scheme in the distributor,
which were highlighted in the introduction [14], [20]. Fig. 3c
shows the results of the comparison simulation between our
approach and this benchmark approach. It can be seen, that the
benchmark approach fares very similarly in terms of monetary
and temperature deviation, while incurring approx. 0.8 % lower
monetary costs. Yet, as can be seen in in Fig. 3d and the EV
capacity fade in Fig. 3c, this is due to the significantly worse
performance in the EV objectives. The missing predictive aspect
in the distributor and inaccurate assumptions about ToDs lead to
both a significantly lower charge satisfaction and higher strain
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on both the EV batteries and the stationary battery (Fig. 3c).

D. General remarks

In general, the results of the simulation study show that our
presented approach manages to achieve a good overall control
performance. A total of 9189 EV sessions were considered, and
in only 103 a satisfaction below 90 % was obtained, in only 2
was it below 85 %. The charge satisfaction in all sessions was
well above the guaranteed lower bound SoC at departure. In
the cases where the charge satisfaction was below 85 %, the
estimated ToD was 1 h after actual departure, so a good quality
of ToD estimation is advantageous. Fig. 5 further illustrates,
how the approach makes use of the V2G capabilities of the
EVCSs to avoid and reduce peaks. The plot shows the power
drawn from the grid, the available PV power and the aggregated
EV charge power and the building load demand during August
7, 2018. As can be seen, during the entire day, the power drawn
from the grid is capped at a previously incurred peak. When
the available PV power dips, the difference in available power
is then drawn from the presently available EVs at the EVCSs,
successfully avoiding a new demand peak.

Figure 5: Illustration of the use of V2G capabilities during Aug. 7,
2018.

V. CONCLUSION

We proposed a hierarchical scenario-based EMPC approach
for the control of a commercial building energy management
system with EV charge management. The contributions of
our approach are the improved performance in terms of EV
objectives of charge satisfaction and battery degradation by
symmetric application of EMPC in both levels of the control
scheme, as well as the introduction of a scalable and adaptable
averaged scenario generation for EV behaviour prediction.
We have shown that the symmetric application of EMPC
and consideration of user-inputs for time of departure (ToD)
estimation is advantageous. Our control approach was further
shown to be robust in terms of inaccurate ToD user estimates.

In our work, we assumed all EVs arriving at the EVCSs
to be identical. While this assumption makes sense for the
investigated use case, our work may be improved by relaxing
this assumption. Another issue that we have not addressed
is that of overstay, i. e. vehicles overstaying the anticipated

ToD, which may diminish the performance of the EMS. In the
studied use case of employee-only charging, where the number
of chargers is scaled to demand, this is not very problematic.
But since this may not be the case in all use cases, further
work may investigate this point. Furthermore, so far, charging
efficiencies have not been considered. Since these may influence
the performance of the charge management and monetary
savings, this should be investigated in further work.

A finding of our work was, that the accuracy of ToD
estimations can have a large influence on the performance
of our approach. Therefore, further work may improve on how
user estimations are included into the scenario generation by
validating the reliability of a given input.

Furthermore, the presented approach may be extended to
consider variable intraday electricity pricing, instead of fixed
pricing with peak costs, as this may require the revision of
certain aspects of the control scheme. A more general idea
worth considering is to introduce dynamic weighting of the
control objectives in the aggregator as proposed in [25] based
on changing circumstances such as weather and load demand
to improve control performance.
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