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Nomenclature and Notation

Nomenclature

Name Description

Acronyms

BCVTB Building Controls Virtual Test Bed

CHP Combined Heat and Power

CPO Car Park Owner

CVaR Conditional Value at Risk

DEC Desired Energy to be Charged

DG Distributed Generation

DOPF Dynamic Optimal Power Flow

DR Demand-Response

ESS Electrical energy Storage System

EV Electric Vehicle

FIT Best FIT index

FU Factory Unit

HP Heat Pump

HVAC Heating, Ventilation and Air Conditioning

ICP Ideal Charging Policy

IMG Industrial Micro-Grid

LOC Level Of Charge

LP Linear Program

MILP Mixed Integer Linear Program

MPC Model Predictive Control

NCP Nominal Charging Policy

PV PhotoVoltaic

PVUSA PhotoVoltaics for Utility Systems Applications

RHCC Receding Horizon policy with Chance Constraint

RHP Receding Horizon Policy

RHPP Receding Horizon Policy with Prior information

TES Thermal Energy storage System
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Nomenclature

Name Description

Mathematical notation

N Set of natural numbers

Rm Real space of dimension m

Sm Space of symmetric (m×m) matrices

k ∈ N Generic time index

I(k, λ) = [k, k + λ) ⊆ N Generic time interval

x ∈ R Real variable

x Lower bound of variable x

x Upper bound of variable x

x∗ Optimal value of x

x(k) Value of variable x at time k

x = [x1x2 . . . xm]
′ m−dimensional real vector

X = {xi,j} Real matrix with entries xi,j

X′ Transpose of X

Tr(X) Trace of matrix X .

X Generic set

Xm
Cartesian product of m sets

identical to X

X\{x} Set X without its element x

P(e) Probability that event e occurs

P(e|e′)
Probability that event e occurs given

event e′

E[x] Expected value of random variable x

B = {0, 1} Binary set

U(k, λ) = [u(k) . . . u(k + λ− 1)]′ Matrix grouping u(l) for l ∈ I(k, λ)

Time notation

t Present time step

∆ Sampling time

λ
Horizon length (number of time steps

inside the horizon)

General notation

EG Energy drawn from the grid

CG Cost of electricity from the main grid

p Unit electricity price
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Nomenclature

Name Description

Electric vehicle notation

PEV
0 Nominal EV charging power

τ fv Number of time slots needed to fulfill vehicle v

tfv Fulfillment time of vehicle v

Ef
v Desired energy to be charged for vehicle v

EEV
∗,v Level of charge of the v-th EV

PEV
∗,v Charge power of the v-th EV

ηEV
∗,v Charging efficiency fir vehicle v

ta∗,v Arrival time (starting charging time) of the v-th EV

td∗,v Departure time (stopping charging time) of the v-th EV

NV∗
Total number of vehicles

V∗(k) Set of vehicles which are charging at time k

H(k) Number of vehicles which are charging at time k

rv Customer satisfaction profile

γ̂ Daily peak power till the present time

γ̃ Power for charging parked vehicles at maximum rate

γp Predicted peak power

αv Weights for cost function

A Vector collecting all the αv

Nm Average number of incoming vehicles at each time step

Em Mean value of the charged energy for each vehicle

Pa Estimate of power consumption

ρ Gain on daily profit with respect to daily cost

s Daily selling price

Vi(k, λ)
Set of indices of vehicles connected to bus i whose minimum

arrival time belongs to I(k, λ + 1)

H(t, k) Number of vehicles which are still charging at time k > t

ǫ Failure tolerance level

γi,v(k)
Binary random variable denoting if vehicle v connected

to bus i is charging at time k

Γi,v Random vector containing γi,v(k)

Ξi,v Support of random vector Γi,v

πka

i,v

Vector of charging powers related to v-th vehicle connected

to bus i during [tai,v, t
a

i,v]

∗ subscript ∗ = i if present, is referring to vehicles connected at bus i
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Nomenclature

Name Description

Electrical energy storage system model

EESS Battery level of charge

PESS+
∗ , PESS−

∗ Battery charge/discharge signal

PESS
∗ Net power exchanged into the battery

ηESS
∗ Battery charging/discharging efficiency

CESS Set of constraints of ESS

∗ subscript
∗ = i if present is referring to ESS

connected at bus i

PV notation

P̂ PV
∗ Power absorbed from the PV plant

P PV
∗ Maximum power production of the PV plant

I Global solar irradiance

TA Outside air temperature

θPV
1 , θPV

2 , θPV
2 Parameters of PVUSA model

ΘPV Parameter vector of the PV model

CPV Set of constraints of PV model

∗ subscript
∗ = i if present is referring to PV plant

connected at bus i

Microgrid notation

CCHP
i

Cost of electricity production by the CHP

system at bus i

CB
i Cost of heat production by the boiler at bus i

J(k, λ)
Objective function to be minimized over

the interval I(k, λ+ 1)

PCHP
i Active power generated by the CHP system at bus i

QCHP
i Reactive power generated by the CHP system at bus i

ηCHP
i Electric efficiency of the CHP system at bus i

cCHP
i

Operation cost of the CHP system at bus i per unit

of electrical power generated in a time slot

pg Gas price

PB
i Heat power produced by the boiler at bus i

ηBi Efficiency of the boiler at bus i
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Nomenclature

Name Description

Microgrid notation

Pi Net active power injected at bus i

Qi Net reactive power injected at bus i

P F
i Active power demand of the i-th factory unit

QF
i Reactive power demand of the i-th factory unit

PG
i Active power generation at bus i

PD
i Active power demand at bus i

Gij

Real part of the electrical admittance

between bus i and bus j

Bij

Imaginary part of the electrical admittance

between bus i and bus j

Vi Voltage magnitude at bus i

θij Voltage phase difference between bus i and bus j

αCHP
i Waste heat factor of the CHP system at bus i

R Thermal power required by the IMG

Π(k) Decision variable vector at time k

Π(k, λ) Decision variable vector sequence in I(k, λ + 1)

kdmax

Maximum departure time for all the vehicles

belonging to Hi(k) ∪Hi(k, λ) for any i

Building basic notation

m Number of building zones

Zi i−th zone of the building

Hi Heat exchanger device of zone i

HPH , HPC Heat pump used for heating/cooling

HVAC model

T SND, TRET Fluid temperature at the inlet/outlet of heat exchangers

vi
Heat exchanger actuation signal (commanded

air flow) for Hi

v Vector of vi, i = 1, . . . , m

κi Coefficient of heating performance of heat exchanger Hi

Ch
H , C

h
C Set of constraints of HVAC model in heating/cooling mode
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Name Description

Zone Thermal model

hi Heat flow conveyed by Hi into zone Zi

h Vector of hi, i = 1, . . . , m

Ti Indoor temperature of zone Zi

T Vector of Ti, i = 1, . . . , m

[T i, T i] Thermal comfort range for zone Zi

T, T Vector of T i and T i, i = 1, . . . , m

e Vector of measurements/predictions of exogenous inputs

ΦT Regression matrix of zone thermal model

kT, kh, ke Model order of T, h and e involved in ΦT

ΘT Parameter matrix of zone thermal model

CT Set of constraints of zone thermal model

C Set of comfort constraints

Heating mode operation

THPH

in , THPH Fluid temperature at HPH inlet/outlet

THPH

0

HPH outlet temperature reference

(HPH command signal)

EHPH HPH electrical energy consumption in heating mode

T TES TES fluid temperature

αHPH Coefficient of HPH energy consumption

ΦTES Regression vector of the heating mode operation model

ΘTES Parameter vector of the heating mode operation model

kTT , kTH , kTh Model order of T TES, THPH and h involved in ΦTES

CH
Set of constraints of overall HVAC model

in heating mode

Cooling mode operation

THPC

in , THPC Fluid temperature at HPC inlet/outlet

THPC

0

HPC outlet temperature reference

(HPC command signal)

EHPC HPC electrical energy consumption in cooling mode

αHPC Coefficient of HPC energy consumption

ΦC Regression vector of the cooling mode operation model

ΘC Parameter vector of the cooling mode operation model

kTC , kHC , kCh Model order of THPC

in , THPC and h involved in ΦC

CC
Set of constraints of overall HVAC model

in cooling mode
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Nomenclature

Name Description

Energy consumption and DR model

EG(k, λ) Total energy drawn from the grid within I(k, λ)

C(k, λ) Total cost of energy within I(k, λ)

Rj j−th DR request

Sj Total energy bound associated to Rj

Rj Monetary reward associated to Rj

F DR program (a sequence of DR requests)

F(k, λ) Set of DR requests that occur within I(k, λ)

J (k, λ) Set of indices j associated to Rj ∈ F(k, λ)

ζj Binary variable associated to the fulfillment of Rj

CF(k, λ) Overall cost of operation under F within I(k, λ)

M
Upper bound to the total building energy consumption

per time step

CDR(k, λ) Set of constraints of DR model within I(k, λ)

Building optimization notation

ê Forecasts/measurements of exogenous inputs

ψi, ψi Slack variables

Ψ(k, λ) Set including ψi, ψi within I(k, λ)

CΨ Relaxed comfort constraint set

Ψfeas(k, λ) Optimal value of Ψ(k, λ) guaranteeing feasibility

Optimization problem (heating mode)

u∗ Vector grouping all command variables

U∗(k, λ) Vector grouping all u∗ within I(k, λ)

Tm Sensor measurement of T

T TES
m , EESS

m Sensor measurement of T TES

THP∗

m Sensor measurement of THP∗

EESS
m Sensor measurement of EESS

THPC

in,m Sensor measurement of THPC

in

⋆ subscript ⋆ = H denotes heating mode; ⋆ = C denotes cooling mode

Test cases

G′ Vector of internal heat gains of the building zones

d Noise signal affecting exogenous variables

a2, a1 Model coefficients of noise signal d

ε Zero-mean Gaussian distributed random variable

TA
true, T̂

A Real/forecast outdoor temperature





Chapter 1

Introduction

The past decades have witnessed an increase of energy demand due to eco-

nomic growth and technological development. However, traditional energy

sources involve carbon-fossil fuels which are the primary causes of pollution

and green house effect. Thus, worldwide countries are promoting incentive

programs and research initiatives in order to reach a sustainable future [1]. In

this setting, electric vehicles (EVs) and renewables represent one of the most

trending solutions [2, 3]. Indeed, renewable generation provides electrical en-

ergy by exploiting natural phenomena such as sunlight or wind. Most popular

applications are related to photovoltaic (PV) plants and wind turbines. On

the other hand, EVs are reducing transportation emissions by employing high

efficiency electrical engines and batteries. Battery recharge is commonly per-

formed through public or home charging stations. In this context, the concept

of microgrid plays a key role, since it represents the simplest aggregation level

of different components and players of the grid for optimal management and

control of the electricity system.

Conventionally, a microgrid is a group of interconnected loads and distributed

energy resources that commonly cooperates with the local area electric power

system. It can be perceived by the main grid as a single entity which reacts to

specific control signals through a single connection point. However, a massive

employment of renewable generation and EV charging stations raises addi-

tional challenges for the power system energy management. Because of their

nature, both these technologies are an intrinsic source of uncertainty. In fact,

renewables represent intermittent and uncontrollable energy resources where

the actual production depends on meteorological conditions. Some of the main

issues arising in this context relate to clean energy curtailment in periods of
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system congestion and to difficult power balancing.

Concerning EVs, their energy demand dramatically changes during different

periods of the day, due to traffic conditions and users preferences. If not pre-

vented, the excess of EV demand could be the cause of several issues to the

energy provider. Indeed, uncoordinated charging of EV batteries may lead to

high power demand, causing voltage fluctuations and unstable grid operations.

Modeling uncertainties related to this issues is essential to develop solutions

that fully integrate these technologies into present power systems.

To overcome such issues, the development of optimization algorithms which

explicitly take into account these uncertainties makes it possible to guarantee

the correct quality of service on behalf of the energy provider. By a suitable

modeling of the uncertain processes, it is possible to provide solutions where

future loads and generation can be effectively forecasted and handled. More-

over, the definition of novel power system protocols may lead to additional

benefits. In fact, several solutions to overcome the inflexibility of present end-

user load patterns have been designed. Demand response (DR) is one of the

most widespread paradigms introduced in the recent years [4]. Users that

are participating in DR programs play an active role in the electricity system

by adjusting their load patterns in response to the needs of the electricity

provider. However, the participation to this programs does not take place on

an individual basis, but rather through the aggregation of a community of

individual customers. This community interacts with the electricity provider

through an intermediary player, called aggregator, which has the objective of

gathering the flexibility provided by each user. To achieve this task, the ag-

gregator sends requests to its users asking for a change of their load patterns.

If users comply with these requests, a monetary reward is granted. Typical

participants in consumer communities are smart buildings, which involve a

considerable fraction of the worldwide energy demand [5].
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1.1 Thesis Contribution

In this thesis, some of the above mentioned problems have been investigated.

The main issues addressed regard handling uncertainty affecting microgrids

from the perspective of EV charging stations and buildings.

Concerning EVs, the main objectives are the formulation of optimization pro-

cedures in order to achieve proper and safe EV grid integration in the face

of the numerous sources of uncertainty. The goal is to reduce peak power

consumption, providing a competitive selling price and ensuring grid technical

constraints. Actually, all the proposed procedures are suitable for any kind of

statistical distribution describing the EV random processes.

Regarding smart buildings, the problem of optimal heating ventilation and air

conditioning (HVAC) operation problem has been studied. Participation of

the building into a DR program has been considered. A two-step receding

horizon algorithm to handle the uncertainty affecting environmental variables

and provide robust performance has been proposed.

In both addressed problems, considerable attention has been devoted to com-

putational aspects of the proposed solutions. In fact, the obtained results

show that the presented procedures feature feasible computational times for

implementation in real-time applications.

1.2 Thesis Organization

The remainder of this thesis is organized as follows.

In Chapter 2, the problem of minimizing the daily peak power consumption

of an EV charging station under vehicle uncertainty is analyzed. Uncertain-

ties affecting EVs are related to arrival times, departure times and energy

demanded. Three receding horizon algorithms to reduce the daily peak power

are proposed. The differences between the algorithms reflect a different a-

priori knowledge about the EV random processes and the flexibility on EV

recharging.

In Chapter 3, the energy pricing problem of an EV parking lot under vehicle

demand uncertainty is addressed. Here, the parking lot is supposed to be

equipped with an electrical energy storage system (ESS) and a PV plant. The

optimization procedure is formulated through a chance constrained program
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where suitable relaxations are exploited to manage joint chance constraints.

In Chapter 4, optimal operation of an industrial microgrid (IMG) is considered.

We suppose that the microgrid is equipped with combined heat and power

(CHP) generation, EVs, renewables and ESS facilities. A chance constrained

formulation to deal with uncertainty on EV arrivals is presented and a receding

horizon algorithm is provided.

In Chapter 5, optimal HVAC operation of a smart building participating into

a DR program is investigated. In this case, the uncertainty is related to envi-

ronmental variables (i.e. ambient temperature, solar illuminance) and internal

load forecasts. The HVAC optimization procedure is formulated as a two-step

optimization problem. The first step is focused on providing a feasible HVAC

operation, while the second one performs the optimization of the overall cost.

Chapter 6 describes extensive simulations performed to assess the performance

and the computational feasibility of all the devised optimization procedures.

In particular, for each of the presented problems, a specific simulation envi-

ronment is developed and the related results are discussed.

Finally, in Chapter 7 conclusions about all investigated problems are drawn,

outlining possible future research lines.

1.3 List of Publications

Most of the material of the thesis is based on published or submitted articles.

EV energy management techniques are investigated in the following papers:

EV1 M. Casini, G. G. Zanvettor, M. Kovjanic, and A. Vicino, “Optimal en-

ergy management and control of an industrial microgrid with plug-in

electric vehicles,” IEEE Access, vol. 7, pp. 101 729–101 740, 2019.

EV2 M. Casini, A. Vicino, and G. G. Zanvettor, “A distributionally robust

joint chance constraint approach to smart charging of plug-in electric

vehicles,” in Proc. 58th IEEE Conf. on Decision and Control, Nice,

December 2019, pp. 4222–4227.

EV3 M. Casini, A. Vicino, and G. G. Zanvettor, “A receding horizon approach

to peak power minimization for EV charging stations in the presence of

uncertainty,” International Journal of Electrical Power & Energy Sys-

tems, vol. 126, p. 106567, 2021.
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EV4 M. Casini, A. Vicino, and G. G. Zanvettor, “A chance constraint ap-

proach to peak mitigation in electric vehicle charging stations,” Auto-

matica (Accepted).

Building HVAC control and energy management under DR programs is ad-

dressed in the following articles:

B1 G. Bianchini, M. Casini, D. Pepe, A. Vicino, and G. G. Zanvettor, “Op-

timal demand-response operation of heating and energy storage in smart

buildings,” in 2017 AEIT International Annual Conference, 2017, pp.

1–6.

B2 G. Bianchini, M. Casini, D. Pepe, A. Vicino, and G. G. Zanvettor, “An

integrated MPC approach for demand-response heating and energy stor-

age operation in smart buildings,” in 2017 IEEE 56th Annual Conference

on Decision and Control (CDC), 2017, pp. 3865–3870.

B3 G. Bianchini, M. Casini, D. Pepe, A. Vicino, and G. G. Zanvettor, “An

integrated model predictive control approach for optimal HVAC and en-

ergy storage operation in large-scale buildings,” Applied Energy, vol. 240,

pp. 327–340, 2019.





Chapter 2

Peak Shaving Strategies for an

EV Charging Station Under

Vehicle Uncertainty

The increasing penetration of plug-in electric vehicles in recent years asks for

specific solutions concerning the charging policies to be used in parking lots

equipped with charging stations. In fact, simple policies based on uncoordi-

nated vehicle charging usually lead to high peak power demand, which may

cause high costs to the car park owner. In this chapter, the problem of mini-

mizing the daily peak power of a charging station is addressed.

2.1 Introduction

The development of renewable generation technologies and electric vehicles

(EVs) makes it possible to tackle several issues causing green house effect

and pollution. On the energy production side, renewable generation has been

adopted to produce green energy without impact on the environment. Con-

cerning EVs, their utilization allows to move gas emissions outside living cen-

ters and to reduce the overall fossil fuel consumption by exploiting renewable

sources [6, 7]. On the other hand, existing power systems might not be capable

to manage the electricity demand needed for a high number of electric vehi-

cles. In fact, safety and technical constraints may be violated in the presence

of high penetration of EVs. Several studies available in the literature propose

EV charging solutions to face different problems. In [8, 9], battery swap-
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ping strategies have been developed to reduce the user waiting time, charging

time and to maximize the station profit, while in [10], a centralized charging

strategy based on battery swapping has been adopted to minimize the total

charging cost, as well as to reduce power loss and voltage deviations in power

networks. In [11], a study focused on the minimization of travel time and

charging cost has been performed, whereas in [12], a price competition game

aimed at maximizing charging station revenues has been developed. In [13],

it has been shown that by exploiting smart metering tools and optimization

techniques it is possible to handle a high penetration of EVs without changing

the power system structure. Energy management of an industrial microgrid

including the charging policy for EVs has been studied in [14], with the scope

of minimizing the overall electricity bill and satisfying network stability con-

straints. To guarantee satisfactory EV charging service, sizing and siting of

charging stations in the network have been investigated, see [15, 16, 17, 18].

In [19], vehicle arrivals are modeled through an ergodic Markov chain, and an

algorithm to minimize the mean waiting time has been proposed, while in [20],

a charging strategy to maximize the profit based on a distributionally robust

joint chance constraint approach has been presented. Regarding location of

charging stations for EVs, parking lots represent an opportunity which has

been often exploited in several cities. To this purpose, a number of works are

focused on the management of charging units located in parking lots, see e.g.,

[21, 22, 23, 24, 25].

Various charging strategies have been proposed to reduce the peak load con-

sumption. A decentralized EV charging schedule aimed at filling the valleys in

electric load profiles has been developed in [26], while in [27] a similar approach

has been proposed taking into account future incoming vehicles, too. In [28],

a coordinated strategy between renewables, EVs and electrical storage devices

has been implemented to reduce domestic peak load, while in [29], the peak

shaving problem has been addressed at network distribution level. The prob-

lem of reducing the peak load under demand response programs in a parking

lot has been recently considered in [30].

A crucial aspect to consider when dealing with EVs is related to the uncer-

tainty which inevitably affects their behavior, like the arrival time, the parking

time and the demanded energy. If not properly handled, these uncertainties

may generate drawbacks, degrading performance or causing problems to the

grid. Different solutions have been devised to handle such issues. In [31], dy-

namic programming has been exploited to provide a real-time algorithm for
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a cost saving/load flattening problem by clustering EVs on the basis of their

departure time. A smart charging algorithm providing peak shaving is de-

scribed in [32] for non-residential sites. Vehicle arrivals are uncertain, while

times of departure are assumed to be known whenever a vehicle plugs-in. In

a vehicle-to-grid framework, an event driven optimization has been proposed

in [33], where rescheduling is performed when a new vehicle arrives or when

an EV leaves the station before the declared time. In [34], a power schedule

aimed at reducing the overall charging cost is considered. Incoming vehicles

are supposed to be affected by uncertainty and the departure time is fixed

when a vehicle arrives at the station. A similar setting is considered in [35],

where vehicle arrivals are generated following a Poisson distribution. If the

EV is not fully charged at departure, a monetary penalty is applied to the

charging station. Photovoltaic generation in an EV charging station has been

considered in [36]. Here, charging strategies based on Model Predictive Con-

trol have been devised to achieve peak reduction. In [37], peak reduction is

achieved by two algorithms, based on interruption (on-off) and modulation

strategies, respectively. In both cases, the energy to be charged and the de-

parture time of vehicles are known once they reach the station. The above

mentioned works require the knowledge of the departure time of plugged-in

vehicles. Such information can be hard to be notified in several practical sit-

uations, like for instance, in charging stations located in commercial centers,

where the parking time can be affected by several unpredictable events. To

fill this gap, charging techniques which do not assume such information have

been proposed.

Chapter Contribution and Organization

In this chapter, we consider a charging station equipped with a number of

charging units for plug-in electric vehicles. The aim is to design a charging

power schedule for each unit able to minimize the overall daily peak power

while satisfying the customer requirements in terms of charged energy. As-

suming that the energy price the car park owner (CPO) has to pay to the

energy provider depends on the daily peak power, the minimization of such

peak will lead to an increase of the CPO profit. Moreover, the station may

participate in a demand response program [4], where a peak reduction is re-

warded by a monetary remuneration. The arrival and departure times of EVs

as well as the amount of energy to be charged are assumed to be uncertain. In

the present setting, vehicle-to-grid power exchange is not considered.

The contribution of the chapter consists in the development of three novel algo-
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rithms aimed at solving the above mentioned problem. Differently from other

approaches available in the literature (like, e.g., [31, 32, 33, 34, 35, 36, 37]),

the considered setting does not require the knowledge of the departure time

of plugged-in vehicles. To deal with this setting, a suitable policy has been

devised to assess the customer satisfaction, where a nominal charging power

is guaranteed to the customer, which may decide to leave the station before

the demanded energy is effectively charged. The proposed algorithms are for-

mulated in a receding horizon framework. In particular, the first one refers to

the case where the CPO has no prior knowledge about the uncertain variables

affecting the system; the second one is suitable for the case when some infor-

mation about them is available, e.g., in terms of probability distributions; the

last one takes into account the possibility of leaving a fraction of the incoming

users not satisfied, i.e. the energy charged is less than the one promised.

The chapter is structured as follows. In Section 2.2, a sketch of the considered

problem is described, while in Section 2.3, a rigorous formulation is reported.

The proposed charging algorithm assuming no information available on the un-

certain variables is provided in Section 2.4. In Section 2.5, an improved version

of the charging procedure is presented, assuming that some information on the

uncertain variables are available. Finally, in Section 2.6 the optimization pro-

cedure based on a chance constrained program where a fraction of customers

may be left not satisfied is provided.

2.2 Problem Description

In this chapter, we focus on a plug-in EV charging station, which can be

supposed to belong to a parking lot.

We assume that the car park owner contracts with customers according to the

following policy:

• The CPO promises a given nominal charging rate to customers.

• Once a vehicle arrives, the customer selects the desired amount of energy

to be charged (DEC), or equivalently, the desired level of charge (LOC)

at departure.

• Based on the promised charging rate, the charging unit estimates the

time at which the request will be fulfilled (fulfillment time), and commu-

nicates it to the customer.
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• When the customer leaves the parking lot, he/she will be marked as

satisfied if the EV has been charged with an average charging power

which is greater or equal to the promised one. Otherwise he/she will

be not satisfied. For instance, if the customer leaves the parking lot at

the fulfillment time (or later), he/she will be marked as satisfied if the

vehicle has been charged with the DEC.

The charging profile promised by the CPO is depicted in Fig. 2.1. The slope of

the quantized ramp represents the nominal charging power rate. The customer

is marked as satisfied if the energy charged at departure lies in the satisfaction

region (gray area in Fig. 2.1). In a realistic scenario, several uncertainties are

Ef
v

Satisfaction region

time

Level of charge

Ev(t
a
v)
tav tfv

Figure 2.1: Customer satisfaction region for a generic vehicle v. EEV
v (tav)

denotes the LOC at arrival, tav the arrival time, tfv the fulfillment time and Ef
v

the desired LOC.

related to the incoming vehicles. To deal with such issues, in this chapter,

three sources of uncertainty are considered for each vehicle: the arrival time,

the parking time and the desired energy to be charged.

The aim of this chapter is to devise a charging policy for the station such

to minimize the peak power on a daily basis while guaranteeing customer

satisfaction. Reducing the peak power is convenient whenever the energy price

the CPO has to pay to the energy provider is related to the daily peak power

consumption. One more reason may concern the participation of the charging

station in a demand response program, where a monetary reward is granted to

the CPO in the face of a power reduction request [4]. To accomplish this goal,

the problem is formulated in a receding horizon framework, where a suitable
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optimization problem is solved in order to compute the charging power of all

active units at each time step. Three different control algorithms are proposed

depending on the prior knowledge the CPO has about the uncertain variables

and on the flexibility on performing the EV recharge.

It is worthwhile to remark that the choice of a satisfaction region as in Fig. 2.1

allows to evaluate the customer satisfaction under uncertain departure time.

In fact, differently from other works where a customer notifies its departure

time when the vehicle arrives at the station, in this framework EVs leave

the station at uncertain time. By assuring a minimum charging power, the

CPO can modulate the actual charging power to reduce the daily peak, while

guaranteeing customer satisfaction.

2.3 Problem Formulation

The problem is formulated in a discrete time setting, where ∆ denotes the

sampling time.

Let v ∈ N denote a vehicle involved in the charging process. For a given

vehicle v, we denote by tav ∈ N and tdv ∈ N the arrival and departure time

steps, respectively. We denote by EEV
v (t) the energy charged till time t and

by PEV
v (t) the mean charging power between the time step t and t + 1.

Once a vehicle plugs-in to the charging unit, the customer declares a desired

energy to be charged Ef
v . Assuming to charge the vehicle at a constant nominal

power PEV
0 , and denoting by ηEV

v the charging efficiency, the number of time

slots needed to fulfill the request is

τ fv =

⌈
Ef

v − EEV (tav)

∆PEV
0 ηEV

v

⌉
. (2.1)

Thus, the DEC will be reached at time

tfv = tav + τ fv . (2.2)

Let us call tfv as the fulfillment time of vehicle v. Moreover, let tdv denote

the departure time of vehicle v. Notice that in a realistic scenario tdv may be

greater, less or equal than tfv .

The set of plugged-in vehicles in charge at the present time t is denoted by

V(t) =
{
v : tav ≤ t < tdv and EEV

v (t) < Ef
v

}
. (2.3)
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In this framework, we suppose that there is a sufficient number of charging

units to ensure the connection of new arriving vehicles.

The dynamics of the charged energy of vehicle v can be expressed as

EEV
v (t+ 1) = EEV

v (t) + ∆PEV
v (t)ηEV

v . (2.4)

It is assumed that the charging power is bounded, i.e.,

0 ≤ PEV
v (t) ≤ P

EV
, (2.5)

where P
EV

> PEV
0 denotes the maximum power of the charging units.

According to (2.4), the customer satisfaction lower bound rv(t) can be ex-

pressed as follows (see Fig. 2.1)

rv(t) = min
{
∆PEV

0 ηEV
v (t− tav) + Ev(t

a
v), E

f
v

}
. (2.6)

Thus, the satisfaction region in Fig. 2.1 is defined by the constraint

rv(t) ≤ EEV
v (t) ≤ Ef

v . (2.7)

It is worthwhile to remark that, for any possible departure time, customer

satisfaction is guaranteed whenever (2.7) holds.

In the next sections, procedures aimed at minimizing the daily peak power

consumed by the charging station are described. These procedures rely on dif-

ferent hypothesis on the information available to the CPO about the uncertain

variables and on the possibility to leave a fraction of customers not satisfied.
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2.4 EV Charging Policy without a-Priori In-

formation

In this section, it is assumed that no information about vehicle arrival/departure

time and DEC is available to the car park owner. The goal of the CPO is to

minimize the daily electricity peak power while guaranteeing customer satis-

faction.

Let us denote by γ̂ the peak power consumption occurred in the considered day

till the present time t. At time t, we denote by γ̃ the power needed to charge

all the parked vehicles at the maximum rate without exceeding the DEC, i.e.,

γ̃ =
∑

v∈V(t)

min

{
P

EV
,
Ef

v − EEV
v (t)

∆ηEV
v

}
. (2.8)

It is apparent that charging the vehicles with an overall power less than or

equal to γ̂ does not increase the daily peak, i.e., γ̂ remains the same. So,

a preliminary check can be done in order to evaluate if the power needed to

charge all the parked vehicles at the maximum rate is less than or equal to γ̂,

that is:

γ̃ ≤ γ̂ . (2.9)

If (2.9) holds, then each vehicle is charged with power

PEV
v (t) = min

{
P

EV
,
Ef

v −EEV
v (t)

∆ηEV
v

}
, ∀v ∈ V(t) (2.10)

without affecting γ̂. Notice that, as previously stated, PEV
v (t) represents the

mean charging power from time t to t + 1 for vehicle v.

If (2.9) does not hold, an optimization algorithm has to be devised in order

to find a charging schedule aimed at minimizing the daily peak power. To

accomplish this task, a receding horizon approach is adopted. Since we are

interested in minimizing the daily peak power, we will consider an operation

time horizon of one day.

In Algorithm 2.1, the pseudo-code of the proposed receding horizon optimiza-

tion algorithm is reported. After the variable initialization at the beginning

of the day, a loop is performed until the day is over. Each loop iteration cor-

responds to a time step. At a generic time step t, the set V(t) containing

the indices of charging vehicles is obtained and the maximum overall power at

time t is computed as in (2.8). If γ̃ ≤ γ̂, the power schedule at time t is set
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1 γ̂ = 0;

2 t = 0;

3 while day not over do

4 compute V(t);

5 γ̃ =
∑

v∈V(t)

min

{
P

EV
,
Ef

v − EEV
v (t)

∆ηEV
v

}
;

6 if γ̃ ≤ γ̂ then

7 PEV ∗
v (t) = min

{
P

EV
,
Ef

v −EEV
v (t)

∆ηEV
v

}
, ∀v ∈ V (t);

8 else

9 [PEV ∗(t, λ(t)), γ∗p ] = charge no prior info(V(t), γ̂);

10 γ̂ =
∑

v∈V(t)

PEV ∗
v (t);

11 end

12 apply command PEV ∗
v (t), ∀v ∈ V(t);

13 t = t+ 1;

14 end

Algorithm 2.1: Receding horizon control algorithm.

according to (2.10), otherwise it is computed by the charge no prior info rou-

tine. Such a function returns the solution of a suitable optimization problem

(described below) in terms of charging power schedule (PEV ∗(t)) for the next

time slot; after that γ̂ is updated accordingly. Then, the computed charging

power schedule is applied to vehicles and the loop iterates.

It is worthwhile to remark that the crucial step of Algorithm 2.1 resides in the

optimization problem the function charge no prior info has to solve at each

time instant. The rest of this section is devoted to describe and comment such

an optimization program, whose solution will define the charging power for all

plugged-in vehicles at the present time t.

In view of the constraints introduced in Section 2.3 related to physical and

customer satisfaction constraints, the following optimization problem is for-

mulated.
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Problem 2.1 (charge no prior info)




[PEV ∗(t, λ(t)), γ∗p ] = arg inf
PEV (t,λ(t)),γp


γp −

∑

v∈V (t)

αv(t)P
EV
v (t)




subject to:

0 ≤ PEV
v (k) ≤ P

EV
, ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

EEV
v (k + 1) = EEV

v (k) + ∆PEV
v (k)ηEV

v , ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

rv(k)≤E
EV
v (k)≤Ef

v , ∀v ∈ V(t), ∀k ∈ I(t+ 1, λ(t) + 1)

γ̂ ≤
∑

v∈V(t)

PEV
v (t) ≤ γp

∑

v∈V(t)

PEV
v (t) ≥

∑

v∈V(t)

PEV
v (k), ∀k ∈ I(t, λ(t))

(2.11a)

(2.11b)

(2.11c)

(2.11d)

(2.11e)

(2.11f)

where PEV (t, λ(t)) is the matrix collecting all elements PEV
v (k) with k ∈

I(t, λ(t)), and λ(t) denotes the optimization time horizon defined as

λ(t) = max{tfv : v ∈ V(t)} , (2.12)

while I(t, λ(t)) refers to the time interval [t, t + λ). Notice that, according to

(2.2), all the vehicles belonging to V(t) will be fully charged or will have left

the parking at time λ(t).

The optimization variables in Problem 2.1 are the power schedule for all ve-

hicles PEV
v (k), ∀v ∈ V(t), ∀k ∈ I(t, λ(t)), and the predicted peak power γp,

while the optimal variables of interest for Algorithm 2.1 are only the charging

powers at the present time step t, i.e., PEV
v (t), v ∈ V(t). Let us denote by the

superscript ∗ the optimal value of the optimization variables.

In Problem 2.1, we aim at minimizing the difference of two quantities: γp

and
∑

v∈V(t) αv(t)P
EV
v (t). For the sake of simplicity, for the moment, let us

neglect the latter one in (2.11a) and let us focus on the minimization of γp, i.e.,

the predicted peak power till the time horizon λ(t). Constraints (2.11b) are

related to the charging power bounds in (2.5), while (2.11c)-(2.11d) concern

the dynamics of the charged energy and the customer satisfaction constraints

as defined in (2.4) and (2.6), respectively. Constraint (2.11e) bounds the total

power consumed at time t to belong to the interval [γ̂, γp], while (2.11f) enforces

the overall power consumed at time t to be greater or equal to the power

absorbed at next time steps. So, constraints (2.11e)-(2.11f) impose that the

maximum peak power until time λ(t) be less than or equal to γp. Then, the

optimal value of γp represents the minimum predicted peak power within the

time horizon.
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Remark 2.1 Constraints (2.11f) may appear somehow obscure. Along with

(2.11e), these constraints impose that the optimal predicted peak γ∗p be attained

at the first time step t, that is,

∑

v∈V(t)

P ∗
v (t) = γ∗p . (2.13)

Notice that, since EEV
v (k) ≥ EEV

v (t), ∀k ∈ I(t+1, λ(t)), according to (2.8), the

maximum charging power (of vehicles belonging to V(t)) which can be consumed

at time t is greater than or equal to those occurring at next time instants, i.e.,

γ̃ =
∑

v∈V(t)

min

{
P

EV
,
Ef

v − EEV
v (t)

∆ηEV
v

}

≥
∑

v∈V(t)

min

{
P

EV
,
Ef

v − EEV
v (k)

∆ηEV
v

}
, ∀k ∈ I(t + 1, λ(t)).

So, constraints (2.11f) are surely feasible. Moreover, the introduction of (2.11f)

does not change the optimal predicted peak γ∗p , but it forces such a peak to occur

at the current time step t. In fact, assuming that γ∗p be a reliable estimate of

the future peak, it is convenient to force the present power consumption to equal

this estimate.

Remark 2.2 Notice that Problem 2.1 is an LP problem, whose solution can

be efficiently found through standard optimization solvers. Moreover, one may

easily prove that such a problem is always feasible. In fact, by charging all the

vehicles at the maximum power until the DEC is attained, one gets

∑

v∈V(t)

PEV
v (t) = γ̃ .

Since Problem 2.1 is evaluated only if γ̃ > γ̂ (due to line 6 in Algorithm 2.1),

constraint (2.11e) is surely satisfied, as well as (2.11b)-(2.11d). Finally, by

Remark 2.1, (2.11f) holds, too.

It is worthwhile to stress that since the problem is formulated in a receding

horizon framework, only the charging powers related to the present time step

will be actually applied. However, since the CPO has no information about

the uncertainty affecting vehicles, each computation of Problem 2.1 involves

only the vehicles which are plugged-in at time t.

In the above reasoning, we neglected the second part of the cost function, i.e.,
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−
∑

v∈V(t)

αv(t)P
EV
v (t) . (2.14)

In (2.14), αv(t) > 0 denote weights which satisfy
∑

v∈V(t) αv(t) = a, for a fixed

a ≪ 1. In (2.13), it is stated that the optimal cost (neglecting (2.14) from

(2.11a)) is
γ∗p =

∑

v∈V(t)

P ∗
v (t) .

So, it is straightforward to note that, since a ≪ 1, the introduction of (2.14)

in the cost function does not significantly change the optimal cost. However, it

allows to allocate the optimal overall charging power at time t among vehicles

on the basis of the weights αv(t).

Such weights can be chosen in several ways. A heuristics which provides good

results (see Section 6.1) is to assign greater charging power to vehicles which

have longer fulfillment time. A possible way to do that is described below.

Let us define

α̃v(t) = tfv − t , v ∈ V(t) (2.15)

and let Ã(t) be the vector collecting α̃v(t). By the definition of V(t) in (2.3),

one has EEV
v (t) < Ef

v . Moreover, by (2.1)-(2.2) one gets t < tfv and hence

α̃v(t) > 0, for all v ∈ V(t). So, by defining the weighting vector A(t) as

A(t) = a
Ã(t)

‖Ã(t)‖1
, (2.16)

it is easy to show that ‖A(t)‖1 =
∑

v∈V(t) αv(t) = a.

Thus, the amount of power given by γ∗p will be split among vehicles to favor

those with greater fulfillment time.

Let us call the procedure reported in Algorithm 2.1 as receding horizon pol-

icy (RHP). Moreover, let us denote by nominal charging policy (NCP) the

uncoordinated charging schedule where each vehicle is charged with constant

nominal power PEV
0 till departure or the DEC is attained.

In the following, we want to show that RHP always returns a peak power which

is less or equal to that obtained by NCP. To this purpose, some notation needs

be introduced. Let us call by γ̂r(t) and γ̂n(t) the peak power occurred up to

time t by adopting the RHP and NCP strategy, respectively. Hereafter, we

denote by the superscript r and n all the variables related to RHP and NCP,

respectively. To simplify the exposure, let us define V̂(t) =
{
v : tav ≤ t < tdv

}
.

By (2.3), one has V̂(t) ⊇ V(t) since V̂(t) contains also the vehicles which are
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charged with the DEC but have not left the parking lot. Since the charging

power is null for such vehicles, they do not contribute to the charging schedule.

The charging power applied by NCP at time step t is

PEV n

v (t) = min

{
PEV
0 ,

Ef
v −EEV n

v (t)

ηEV
v ∆

}
, ∀v ∈ V̂(t). (2.17)

By definition, the peak power function up to time t satisfies

γ̂n(t) = max



γ̂

n(t− 1),
∑

v∈V̂(t)

PEV n

v (t)



 . (2.18)

The fact that the peak power obtained by RHP cannot be greater than that

of NCP is stated by the following theorem.

Theorem 2.1 At a given time t, the following inequality holds

γ̂r(t) ≤ γ̂n(t) , ∀t ≥ 0.

Proof: The theorem will be proven by induction.

At time t = 0, one has γ̂r(0) = γ̂n(0) = 0.

Let us suppose that at time t− 1 it holds

γ̂r(t− 1) ≤ γ̂n(t− 1). (2.19)

We want to prove that γ̂r(t) ≤ γ̂n(t). If γ̃ ≤ γ̂r(t− 1), then by the condition

in Line 6 of Algorithm 2.1, the peak power is not updated and so, by (2.19)

and (2.18)

γ̂r(t) = γ̂r(t− 1) ≤ γ̂n(t− 1) ≤ γ̂n(t).

If γ̃ > γ̂r(t−1), the charging schedule provided by RHP is given by the solution

of Problem 2.1, and according to Line 10 of Algorithm 2.1, it holds

γ̂r(t) =
∑

v∈V̂(t)

PEV r

v (t) . (2.20)

Let us define the charging command

P̂EV
v (t) = min

{
PEV
0 ,

Ef
v − EEV r

v (t)

ηEV
v ∆

}
, ∀v ∈ V̂(t). (2.21)
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Since RHP provides a charging schedule which guarantees the customer sat-

isfaction, surely EEV r

v (t) ≥ En
v (t), and hence by comparing (2.17) and (2.21),

one has

P̂EV
v (t) ≤ PEV n

v (t) , ∀v ∈ V̂(t) . (2.22)

We have to study two different cases.

First, let us consider the case
∑

v∈V̂(t) P̂
EV
v (t) < γ̂r(t− 1). Since γ̃ > γ̂r(t− 1),

then there surely exist PEV r

v (t) ≥ P̂EV
v (t), v ∈ V̂(t) such that

∑

v∈V̂(t)

PEV r

v (t) = γ̂r(t− 1),

and hence

γ̂r(t) = γ̂r(t− 1) ≤ γ̂n(t− 1) ≤ γ̂n(t) .

It remains to study the case
∑

v∈V̂(t) P̂
EV
v (t) ≥ γ̂r(t − 1). It is easy to note

that P̂EV
v (t) satisfies constraints (2.11b)-(2.11e). Moreover, also constraints

(2.11f) are satisfied. In fact, by choosing in (2.11f) the sequence P̂EV
v (k),

∀k ∈ I(t + 1, λ(t)) like in (2.21), one has P̂EV
v (t) ≥ P̂EV

v (k), ∀v ∈ V̂(t), ∀k ∈

I(t+1, λ(t)). Hence, constraints (2.11f) are satisfied, and the charging sequence

P̂EV
v (t) is a feasible solution of Problem 2.1, in the sense that it satisfies all its

constraints.

Since the schedule PEV r

v (t) is the optimal solution of Problem 2.1, one has∑
v∈V̂(t) P

EV r

v (t) ≤
∑

v∈V̂(t) P̂
EV
v (t), and then, by (2.20), (2.22) and (2.18), it

holds

γ̂r(t) =
∑

v∈V̂(t)

PEV r

v (t) ≤
∑

v∈V̂(t)

P̂EV
v (t) ≤

∑

v∈V̂(t)

PEV n

v (t) ≤ γ̂n(t).

�

This theorem states that, for any possible distribution involving the uncertain

variables, the proposed algorithm outperforms the uncoordinated charging pol-

icy, that is RHP is able to reduce the daily peak power while guaranteeing

customer satisfaction.
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2.5 EV Charging Policy with a-Priori Infor-

mation

In this section, it is assumed that the CPO has some knowledge about the un-

certain variables involved in the charging process, i.e., the arrival and charging

time of vehicles and the DEC. We suppose that the probability distributions

(or an estimate of them) of the previously mentioned variables are available,

obtained for instance by using historical data. Under such an assumption, the

technique described in Section 2.4 can be refined, in order to obtain better

performance, i.e., reduced daily peak power.

The main procedure is like to that reported in Algorithm 2.1, with the only

difference that the function charge no prior info used to solve Problem 2.1 in

Line 9 is replaced by charge prior info, aimed at solving Problem 2.2.

Problem 2.2 (charge prior info)





[PEV ∗(t, λ(t)), γ∗p ] = arg inf
PEV (t,λ(t)),γp


γp −

∑

v∈V (t)

αv(t)P
EV
v (t)




subject to:

0 ≤ PEV
v (k) ≤ P

EV
, ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

EEV
v (k + 1) = EEV

v (k) + ∆PEV
v (k)ηEV

v , ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

rv(k)≤E
EV
v (k)≤Ef

v , ∀v ∈ V(t), ∀k ∈ I(t+ 1, λ(t) + 1)

γ̂ ≤
∑

v∈V(t)

PEV
v (t) ≤ γp

∑

v∈V(t)

PEV
v (t) ≥

∑

v∈V(t)

PEV
v (k), ∀k ∈ I(t, λ(t))

∑

v∈V(t)

PEV
v (k)P

(
tdv > k|tdv > t

)
+ Pa(k) ≤ γp, ∀k ∈ I(t, λ(t))

(2.23a)

(2.23b)

(2.23c)

(2.23d)

(2.23e)

(2.23f)

(2.23g)

where

Pa(k) = Nm P
EV
0 min

{
k − t,

Em

∆ηEV
v PEV

0

}
, (2.24)

and Nm, Em denote the average number of vehicles arriving at the station at

each time step and the mean value of the charged energy, respectively.

Problem 2.2 differs from Problem 2.1 since constraints (2.23g) have been added

in the former with the aim of obtaining a better estimate of the future peak

power γp. Notation P
(
tdv > k|tdv > t

)
in (2.23g) denotes the probability that
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the departure time of vehicle v be greater than k, conditioned to the fact that

it is greater than t. The left hand side of (2.23g) can be decomposed in this

way ∑

v∈V(t)

PEV
v (k)P

(
tdv > k|tdv > t

)

︸ ︷︷ ︸
current vehicles

+ Pa(k)︸ ︷︷ ︸
future vehicles

where, at time k, the left part denotes the expected value of the overall power

consumption given by the vehicles which are charging at time t, while Pa(k)

provides an estimate of the overall power consumption given by vehicles which

will arrive at future time, assuming nominal charging power. In the expression

of Pa(k) in (2.24), it is assumed that each vehicle asks for an amount of energy

to be charged equal to Em. In (2.24), the expression Em

∆ηEV
v PEV

0

denotes the

mean number of time slots needed to complete the charge. So, while plugged-

in vehicles are considered individually in (2.23g), future EVs are managed in

an aggregated way, by exploiting average values of uncertain variables.

The introduction of constraints (2.23g) in the optimization problem leads to a

better estimate of the predicted peak power γ∗p , improving the performance of

the overall algorithm, as reported in Chapter 6.

2.6 EV Charging Policy with Chance

Constrained Optimization

In this section, the optimization procedure may be further improved by as-

suming that a fraction of customer may be left not satisfied. Let ε be the

maximum fraction of customers which may leave the parking not satisfied, i.e.,

such that (2.7) does not hold. Let us call this quantity as dissatisfaction level.

For instance, a dissatisfaction level ε = 0.05 means that at most 5% of vehicles

may leave the parking lot not satisfied. Since the departure time of vehicles is

uncertain, a customer is not satisfied whenever

EEV
v (tdv) < rv(t

d
v)

that is, the charged energy at departure is less than promised. In other words,

it occurs when the level of charge at departure lies outside the satisfaction

region depicted in Fig. 2.1.

Then, a chance constrained program aimed to minimize the predicted peak

with at least 1− ε customers satisfied is structured as follows



2.6 EV Charging Policy with Chance Constrained Optimization 23

Problem 2.3 (charge prior info chance constraint)




[PEV ∗(t, λ(t)), γ∗p ] = arg inf
PEV (t,λ(t)),γp


γp −

∑

v∈V(t)

αv(t)P
EV
v (t)




subject to:

zv(k) ∈ B, ∀v ∈ V(t), ∀k ∈ I(t+ 1, λ(t) + 1)

0 ≤ PEV
v (k) ≤ P

EV
, ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

EEV
v (k + 1) = EEV

v (k) + ∆ηEV
v PEV

v (k), ∀v ∈ V(t), ∀k ∈ I(t, λ(t))

rv(k)zv(k) ≤ EEV
v (k) ≤ Ef

v , ∀v ∈ V(t),∀k ∈ I(t+ 1, λ(t) + 1)

γ̂ ≤
∑

v∈V(t)

PEV
v (t) ≤ γp

∑

v∈V(t)

PEV
v (t) ≥

∑

v∈V(t)

PEV
v (k), ∀k ∈ I(t+ 1, λ(t))

∑

v∈V(t)

PEV
v (k)P

(
tdv > k|tdv > t

)
+ Pa(k) ≤ γp, ∀k ∈ I(t+ 1, λ(t))

ε̂v +
∑

∀k∈I(t+1,λ(t)+1)

(1− zv(k))P(tdv = k) ≤ ε, ∀v ∈ V(t).

(2.25a)

(2.25b)

(2.25c)

(2.25d)

(2.25e)

(2.25f)

(2.25g)

(2.25h)

(2.25i)

In Problem 2.3, the time horizon λ(t) defined as

λ(t) = max{t
d

v : v ∈ V(t)}, (2.26)

has been modified to fit the chance constraint.

It is worthwhile to notice that Problem 2.3 is a mixed-integer linear program-

ming (MILP) problem, where all the optimization variables are real with the

exception of zv(k) which are binary variables. Although in the formulation

reported in Problem 2.3 the number of binary variables may be large, from

an implementation point of view it can be greatly reduced by considering the

maximum time a vehicle can stay in charge. Such an aspect will be discussed

in Section 6.1, where it will be shown the computation feasibility of the opti-

mization program.

Problem 2.3 differs from Problem 2.2 by constraints (2.25b), (2.25e) and (2.25i).

In (2.25b), the binary variables zv(k) are defined. Such variables are related

to the fact that the satisfaction constraint involving the vehicle v at time k be

surely satisfied (if zv(k) = 1), or it could be violated (if zv(k) = 0). Constraints

(2.25e) are similar to (2.7); if zv(k) = 1, it is imposed that the LOC at time

k belongs to the satisfaction region (see Fig. 2.1), while if zv(k) = 0, the left

inequality is surely satisfied even if the LOC does not lie in the satisfaction
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1 γ̂ = 0;

2 t = 0;

3 while day not over do

4 compute V(t);

5 γ̃ =
∑

v∈V(t)

min

{
P

EV
,
Ef

v − EEV
v (t)

∆ηEV
v

}
;

6 if γ̃ ≤ γ̂ then

7 PEV ∗
v (t) = min

{
P

EV
,
Ef

v − EEV
v (t)

∆ηEV
v

}
, ∀v ∈ V (t);

8 else

9 [PEV ∗(t, λ(t)), γ∗p ] = charge prior info chance constraint(V(t), γ̂);

10 γ̂ =
∑

v∈V(t)

PEV ∗
v (t);

11 foreach v ∈ V(t) do

12 if
(
EEV

v (t) + ∆ηEV
v PEV ∗

v (t)
)
< rv(t+ 1) then

13 ε̂v = ε̂v + P(tdv = t+ 1|tdv > t)

14 end

15 end

16 end

17 apply command PEV ∗
v (t), ∀v ∈ V(t);

18 t = t+ 1;

19 end

Algorithm 2.2: Chance constrained receding horizon control algo-

rithm.

region. Finally, chance constraints (2.25i) allow a vehicle to leave the parking

lot not satisfied with a probability no greater than ε. Specifically, ε̂v denotes

the probability that the vehicle v had left the parking lot not satisfied at past

time steps, while the second term represents the probability that the vehicle

departs not satisfied at future times. The sum of these two terms is enforced

to be no greater than ε, guaranteeing that the overall number of not satisfied

vehicles do not exceed the prescribed threshold.

The chance constrained optimization procedure is reported in Algorithm 2.2.

The main difference with respect to Algorithm 2.1 resides in the fact that,

once the optimization step is performed, the chance constraint probabilities

may need to be adjusted. Specifically, if the LOC of vehicle v at time t+ 1 is

less than the corresponding customer satisfaction level, then ε̂v is increased by

the probability that the considered vehicle will depart at time t+ 1.
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Remark 2.3 It is worthwhile to note that constraints (2.23g), (2.25h) and

(2.25i) include some probability computations. Since the probability distribu-

tion of the parking time (or an estimate of it) is assumed to be known, when

a vehicle arrives at the station also the distribution related to the departure

time is known. So, P(tdv = k) is known for each v ∈ V(t) and the corre-

sponding value can be substituted in (2.25i). Regarding constraints (2.23g)

and (2.25h), the conditional probability P
(
tdv > k|tdv > t

)
has to be computed

to solve Problem 2.2 and Problem 2.3. However, it can be easily evaluated by

discarding from the unconditional probability mass function of the departure

time, the mass accounting for vehicles such that tdv ≤ t, and normalizing the

obtained distribution. At this step, numerical values can be directly substituted

in (2.23g) and (2.25h). Thus, Problem 2.2 and Problem 2.3 can be solved.





Chapter 3

Energy Pricing of an EV

Parking Lot Under Vehicle

Demand Uncertainty

The increasing adoption of electric vehicles (EVs) and the related need for

efficient battery charging leads to additional challenges to the power network

and energy providers. One of the main issues regards the intrinsic uncertainty

affecting the EV charging process, which calls for appropriate strategies to

ensure reliable solutions. From parking lot perspective, the electric vehicle

charging process should be managed in order to guarantee the recharge at

competitive price. In this chapter, the problem of energy pricing under vehicle

uncertainty is addressed.

3.1 Introduction

In Chapter 2, the general background about electric vehicle (EV) parking lots

and charging stations has been covered. Thus, in this introduction we focus

on describing the energy pricing problem of an EV parking lot. As already

mentioned in the previous chapter, EVs represent a source of uncertainty to

energy providers. In fact, their electricity demand depends on several factors

such as user preferences and traffic conditions. In this context, electricity

pricing of EV parking lot becomes a demanding task, particularly when the

energy price must be chosen in a competitive environment. In the literature,

several works about this problem have been proposed. In [38], a game theory
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study is carried out in order to derive an optimal selling price for several

charging stations. Considering power and transportation network frameworks,

a pricing strategy to optimally manage a large number of EVs is developed in

[39]. In [40], a two layer model is developed to generate electricity selling price

under market price uncertainty, while in [41] an EV energy pricing procedure

to lower the peak power absorption is proposed. To handle the uncertainty on

EVs and renewables, an electricity pricing framework is developed in [42]. To

provide a fair pricing scheme, the utility function of the users is considered in

[43]. In [44], an EV pricing problem is addressed under renewable and load

demand uncertainty. To provide a probabilistic guarantee for the EV charging

profit, a chance constrained program under EV load uncertainty is formulated

in [45].

Chapter Contribution and Organization

In this chapter, a parking lot equipped with a charging station, photovoltaic

(PV) generation and electrical energy storage system (ESS) is considered. The

main contribution of the chapter is twofold:

i) To design a procedure aimed at computing the daily selling price for charging

EVs. In particular, such a price must be the lowest which ensures a given

profit with a probabilistic guarantee. In the considered setting, the source

of uncertainty is related to future incoming vehicles, specifically, to arrival

time, departure time and daily number of incoming EVs. To handle such

uncertainties, a chance constrained optimization problem aimed at finding the

optimal selling price is designed, and a tractable formulation of such problem

is provided.

ii) To provide a receding horizon control algorithm to operate the ESS during

the day to achieve the expected profit of i). Contrary to the procedure designed

in i), this algorithm takes advantage of the knowledge acquired in an online

approach about the random process outcomes of arrived vehicles.

The major novelty of the contribution is to provide a robust selling price

policy as the solution of an optimization problem where the uncertainty on

the EVs is modeled through suitable probability distributions. The proposed

approach allows one to deal with different setups and scenarios because no spe-

cific assumptions on probability distributions describing the EV uncertainties

is made.

The chapter is organized as follows. In Section 3.2, problem variables, con-

straints and probability derivations are described. In Section 3.3, the optimiza-
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tion problem aimed at finding the optimal daily selling price is analyzed and

solved through a suitable algorithm. Section 3.4 is related to the formulation

of a receding horizon procedure to operate the ESS during the day.

3.2 Problem Formulation

In this chapter, we focus on a charging station used to charge a large number

of electric vehicles. Such charging station is assumed to be equipped with

charging units, a PV plant and an electrical storage system. It is supposed

that the number of charging units is enough to provide charging for all incoming

vehicles. Moreover, it is assumed that the daily electricity cost profile and a

forecast of the PV daily production are available in advance. In this setting,

the charging station is not allowed to sell energy to the grid, i.e. no vehicle-

to-grid energy flow is considered.

The problem is formulated in a discrete time setting, where the sampling

time is denoted by ∆. The EV arrival and departure times, and the daily

number of incoming vehicles are uncertain and their probability distributions,

or estimates for them, are assumed to be available. Each plugged-in vehicle is

charged at a constant power rate PEV
0 from the arrival time to its departure

time. We assume that the reference day is divided into λ time slots where

the initial time slot starts at k = 0, while the last one at k = λ − 1. Let

tav and tdv be the v-th vehicle arrival time and departure time, while tcv is the

corresponding charging time, i.e. the number of time slots the vehicle remains

in charge, hence tdv = tav + tcv. The total number of incoming vehicles during

each day is represented by the random variable NV . Let us assume that the

random variables related to arrival time and charging time of each vehicle are

independent and identically distributed. Thus, the arrival time, departure time

and charging time of a generic vehicle are denoted by ta, td and tc, respectively.

Moreover, we assume that the supports of random variables tc and NV are

bounded. We denote their minimum values by tc and NV , and their maximum

values by t
c
and NV .

Let us define by EEV
d (k) the overall energy required to charge plugged in

vehicles in the k-th time slot, i.e. between time k and k + 1.

Concerning the ESS, we denote by EESS(k) the stored energy at time k, and

its charging/discharging power rates by PESS+

(k)/PESS−

(k), respectively. We
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use a simple dynamic model for the ESS

EESS(k + 1) = EESS(k) + ηESS∆PESS+

(k)−
1

ηESS
∆PESS−

(k),

where ηESS is the battery efficiency. Let EESS
0 denote the energy stored at the

initial time step of the day, i.e.

EESS(0) = EESS
0 .

The ESS charging and discharging power rates are bounded by zero and a

maximum rate P
ESS

, i.e.

0 ≤ PESS+

(k) ≤ P
ESS+

0 ≤ PESS−

(k) ≤ P
ESS−

,

while the energy level of the ESS is bounded by its capacity E
ESS

, i.e.

0 ≤ EESS(k) ≤ E
ESS

.

Let us define the net power exchanged by the battery as

PESS(k) = PESS+

(k)− PESS−

(k).

Notice that, in order to have a consistent ESS dynamics, PESS+(k) and PESS−(k)

cannot be both nonzero. Thus, the following constraint needs to be enforced

PESS+(k)PESS−(k) = 0.

Let P PV (k) be the average power produced by the PV plant between time k

and k + 1 and let P̂ PV (k) denote the power that is actually drawn from the

PV plant in the same time interval. Hence ÊPV (k) is such that:

0 ≤ ÊPV (k) ≤ EPV (k).

Thus, the overall energy drawn from the grid EG(k) in time slot k is

EG(k) = max
{
EEV

d (k)−∆P̂ PV (k) + ∆PESS(k)︸ ︷︷ ︸
ÊG(k)

, 0
}
= max

{
ÊG(k), 0

}
,

(3.1)

where the max function is needed since the parking lot is not allowed to sell

energy to the grid.

Let us define the cost per time step c(k) as

CG(k) = EG(k)p(k), (3.2)

where p(k) is the electricity price at time k.

The aim of this chapter is summarized in the following problem.
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Problem 3.1 For each day, compute the minimum electricity selling price s′

such that the daily net profit is at least a fraction ρ of the daily cost, with

probability at least 1− ε.

To fulfill Problem 3.1, the overall revenue must satisfy the following inequality

with probability 1− ε.

∑

k∈I(0,λ)

EEV
d (k)s′ ≥ (1 + ρ)

∑

k∈I(0,λ)

CG(k). (3.3)

By defining s = s′/(1 + ρ), (3.3) is equivalent to

∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

c(k).

So, the goal is to find an artificial selling price s capable to cover the daily

cost. Then, the actual selling price will be s′ = (1 + ρ)s. Hereafter, we will

focus on the computation of s which, for the sake of simplicity, will be denoted

as the selling price.

To compute the probability distribution of the daily net profit, we focus on

finding the distribution of the energy drawn from the grid at each time step.

Since the randomness is due to vehicle statistics, let us focus on random vari-

ables modeling the EV process.

Let us denote by P(e) the probability that a given event e occurs, by P(e, e′)

the joint probability that two events e and e′ occur, and by P(e|e′) the prob-

ability that an event e occurs conditioned to e′.

The probability that a generic vehicle is in charge at time k can be expressed

as

P
(
ta ≤ k, td > k

)
=

k∑

τ=max{k−t
c
+1,0}

P
(
td > k|ta = τ

)
P (ta = τ) =

=
k∑

τ=max{k−t
c
+1,0}

P (tc > k − τ)P (ta = τ) ,

(3.4)

that is the convolution between the complement of the charging time cumu-

lative distribution with the distribution of the arrival time. Notice that, the

probability of having a vehicle in charge at time k follows a binomial distribu-

tion, so we can easily compute the probability that a given amount of vehicles

be in charge at a given time step. In fact, let H(k) be the random variable
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denoting the number of vehicles in charge at time k. Then, its probability

distribution is derived as follows

P (H(k) = n) =

NV∑

m=n

P (H(k) = n|NV = m)P (NV = m) =

=

NV∑

m=n

(
m

n

)
P
(
ta ≤ k, td > k

)n (
1−P

(
ta ≤ k, td > k

))m−n
P (NV = m) .

(3.5)

The study of such probabilities is useful to derive the probability distribution

of the energy needed by EVs at each time step. Indeed, the relation between

EEV
d (k) and H(k) is expressed by the following equation

EEV
d (k) = H(k)∆PEV

0 .

Of course, the marginal cost distribution at each time step is immediately

obtained from the marginal distribution of the EV energy. Unfortunately,

computing the probability distribution of the EV daily cost starting from the

marginal distributions of each time step is a hard task, since the energy re-

quired at different time slot are correlated. Indeed, it can be shown that it is a

combinatorial problem which becomes intractable even for a small number of

vehicles. To overcome such issue, the concept of EV daily loss is introduced.

Let us define the EV daily loss as
∑

k∈I(0,λ)E
EV
d (k)(p(k) − s). Notice that,

a negative loss means that the selling price s provides a profit. For a given

selling price s, we are interested in computing the following probability

P


 ∑

k∈I(0,λ)

EEV
d (k)(p(k)− s) = LEV


 , (3.6)

where LEV denotes a realization of the EV daily loss.

Let us analyze the probability distribution of the daily loss for a single vehicle.

For a fixed s, if vehicle v has been charged in the time interval [k1, k2), then

the corresponding loss is

cv =

k2−1∑

k=k1

∆PEV
0 (p(k)− s).

Then, let us introduce the following set

C(h) =

{
k1 ∈ [0, λ− 1], k2 ∈ [0, λ− 1] :

k2−1∑

k=k1

∆PEV
0 (p(k)− s) = h

}
, (3.7)



3.3 Selling Price Optimization 33

that defines all the possible time windows which can lead to a loss h. Therefore,

the probability that the daily loss of a vehicle is h can be computed as

P (cv = h) =
∑

(k1,k2)∈C(h)

P
(
ta = k1, t

d = k2
)
, (3.8)

that is the probability that a loss h occurs is equal to the sum of the proba-

bilities of every (k1, k2) leading to a loss h. Then, the probability of having a

daily loss LEV is

P

(
NV∑

v=1

cv = LEV

)
=

NV∑

n=NV

P

(
NV∑

v=1

cv = LEV
∣∣∣NV = n

)
P (NV = n)

=

NV∑

n=NV

P

(
n∑

v=1

cv = LEV

)
P (NV = n) . (3.9)

Notice that, the single vehicle loss distributions are independent and iden-

tically distributed, since their relative arrival times and charging times are

independent and identically distributed. So, the distribution of the sum of n

losses is equivalent to the convolution of n single loss distributions. According

to the previous reasoning, the following lemma is introduced.

Lemma 3.1 The probability in (3.6) satisfies

P


 ∑

k∈I(0,λ)

EEV
d (k)(p(k)− s) = LEV


 = P

(
NV∑

v=1

cv = LEV

)
.

3.3 Selling Price Optimization

In this section, the chance constraint on the daily profit and the optimization

problem to compute the optimal selling price are presented. The constraint on

the selling price satisfying Problem 3.1 is

P


 ∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

CG(k)


 ≥ 1− ε

which by (3.2) is equivalent to

P


 ∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

EG(k)p(k)


 ≥ 1− ε.
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To remove the max function in (3.1), the following chance constraint is intro-

duced

P




∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

max
{
ÊG(k), 0

}
p(k)

ÊG(k) ≥ 0, ∀k ∈ I(0, λ)


 ≥ 1− ε.

Notice that such constraint requires that two joint events occur. The first

event concerns the selling price, which has to provide a desired amount of

profit. The second one is aimed at ensuring a positive energy flow.

Let us define the vector PESS(k, λ) as

PESS(k, λ) =
[
PESS(k), PESS(k + 1), . . . , PESS(λ− 1)

]
.

Therefore, the minimum selling price s will be the solution of the following

optimization problem

Problem 3.2





min
PESS(0,λ),s

s

subject to:

P




∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

max
{
ÊG(k), 0

}
p(k)

ÊG(k) ≥ 0, ∀k ∈ I(0, λ)


 ≥ 1− ε

ÊG(k) = EEV
d (k) + ∆PESS(k)−∆P̂PV (k) ∀k ∈ I(0, λ)

0 ≤ P̂PV (k) ≤ PPV (k) ∀k ∈ I(0, λ)

EESS(k + 1) = EESS(k) + ηESS∆PESS+

(k)

−
1

ηESS
∆PESS−

(k)
∀k ∈ I(0, λ)

0 ≤ EESS(k) ≤ E
ESS

∀k ∈ I(0, λ+ 1)

PESS(k) = PESS+

(k)− PESS−

(k) ∀k ∈ I(0, λ).

0 ≤ PESS+

(k) ≤ P
ESS+

∀k ∈ I(0, λ)

0 ≤ PESS−

(k) ≤ P
ESS−

∀k ∈ I(0, λ)

PESS+

(k)PESS−

(k) = 0 ∀k ∈ I(0, λ)

EESS(0) = EESS
0

s ≥ 0.

(3.10a)

(3.10b)

(3.10c)

(3.10d)

(3.10e)

(3.10f)

(3.10g)

(3.10h)

(3.10i)

(3.10j)

(3.10k)

(3.10l)

(3.10m)
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Notice that the nonlinearity in constraint (3.10k) can be substituted by re-

placing (3.10i)-(3.10k) with the following constraints

0 ≤ PESS−(k) ≤ P
ESS+−

(1− zESS(k)) ∀k ∈ I(0, λ) (3.11)

0 ≤ PESS+(k) ≤ P
ESS+

zESS(k) ∀k ∈ I(0, λ) (3.12)

zESS(k) ∈ B ∀k ∈ I(0, λ). (3.13)

By using the conditional probability, chance constraint (3.10c) can be refor-

mulated as

P


 ∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

ÊG(k)p(k)
∣∣∣ÊG(k) ≥ 0, ∀k ∈ I(0, λ)




·P
(
ÊG(k) ≥ 0, ∀k ∈ I(0, λ)

)
≥ 1− ε.

By (3.10d), one has

P


 ∑

k∈I(0,λ)

EEV
d (k)s ≥

∑

k∈I(0,λ)

ÊG(k)p(k)
∣∣∣ÊG(k) ≥ 0, ∀k ∈ I(0, λ)


 =

= P




∑

k∈I(0,λ)

EEV
d (k)(p(k) − s) ≤

∑

k∈I(0,λ)

(
∆P̂PV (k)−∆PESS(k)

)
p(k)


 ,

(3.14)

and

P
(
ÊG(k) ≥ 0 ∀k ∈ I(0, λ)

)
= P

(
EEV

d (k) ≥ ∆P̂PV (k)−∆PESS(k), ∀k ∈ I(0, λ)
)
.

Notice that, the probability in (3.14) can be easily computed if the power

schedule of the battery, the energy produced by the PV, and the selling price

are known.

Suppose that

P
(
EEV

d (k) ≥ ∆P̂ PV (k)−∆PESS(k), ∀k ∈ I(0, λ)
)
≥ 1− β

where β is a risk level such that β < ε.

Then, chance constraint (3.10c) is satisfied if the following inequality holds

P


 ∑

k∈I(0,λ)

EEV
d (k)(p(k)− s) ≤

∑

k∈I(0,λ)

(
∆P̂ PV (k)−∆PESS(k)

)
p(k)


 ≥

1− ε

1− β
.
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Let us denote the quantity
∑

k∈I(0,λ)

(
∆P̂ PV (k)−∆PESS(k)

)
p(k) as daily

savings. It is apparent that the larger the daily savings, the smaller the sell-

ing price s. So, for a fixed β, the following chance constrained program is

introduced.

Problem 3.3





r′β = max
PESS(0,λ)

∑

k∈I(0,λ)

(
∆P̂PV (k)−∆PESS(k)

)
p(k)

subject to:

P
(
EEV

d (k) ≥ ∆P̂PV(k)−∆PESS(k), ∀k ∈ I(0, λ)
)
≥ 1− β

0 ≤ P̂PV (k) ≤ PPV (k) ∀k ∈ I(0, λ)

EESS(k + 1) = EESS(k) + ηESS∆PESS+

(k)

−
1

ηESS
∆PESS−

(k)
∀k ∈ I(0, λ)

0 ≤ EESS(k) ≤ E
ESS

∀k ∈ I(0, λ+ 1)

PESS(k) = PESS+

(k)− PESS−

(k) ∀k ∈ I(0, λ)

0 ≤ PESS+

(k) ≤ P
ESS+

zESS(k) ∀k ∈ I(0, λ)

0 ≤ PESS−

(k) ≤ P
ESS−

(1− zESS(k)) ∀k ∈ I(0, λ)

zESS(k) ∈ B ∀k ∈ I(0, λ)

EESS(0) = EESS
0 .

(3.15a)

(3.15b)

(3.15c)

(3.15d)

(3.15e)

(3.15f)

(3.15g)

(3.15h)

(3.15i)

(3.15j)

(3.15k)

Such optimization problem aims at finding the maximum daily savings r′β
guaranteeing constraint (3.15c), i.e. the probability that the energy flow is

negative is less than β. Notice that equation (3.15c) is a joint chance constraint.

In general, joint chance constrained optimization problems are notoriously

difficult to solve. However, such constraint can be converted with its robust

counterpart in order to derive a tractable formulation of this optimization

problem [46]. Indeed, let us focus on the following optimization program
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Problem 3.4





rβ= max
PESS(0,λ)

∑

k∈I(0,λ)

(
∆P̂PV (k)−∆PESS(k)

)
p(k)

subject to:

inf
P∈D

P
(
EEV

d (k) ≥ ∆P̂PV(k)−∆PESS(k), ∀k ∈ I(0, λ)
)
≥ 1− β

0 ≤ P̂PV (k) ≤ PPV (k) ∀k ∈ I(0, λ)

EESS(k + 1) = EESS(k) + ηESS∆PESS+

(k)

−
1

ηESS
∆PESS−

(k)
∀k ∈ I(0, λ)

0 ≤ EESS(k) ≤ E
ESS

∀k ∈ I(0, λ+ 1)

PESS(k) = PESS+

(k)− PESS−

(k) ∀k ∈ I(0, λ)

0 ≤ PESS+

(k) ≤ P
ESS+

zESS(k) ∀k ∈ I(0, λ)

0 ≤ PESS−

(k) ≤ P
ESS−

(1− zESS(k)) ∀k ∈ I(0, λ)

zESS(k) ∈ B ∀k ∈ I(0, λ)

EESS(0) = EESS
0 ,

(3.16a)

(3.16b)

(3.16c)

(3.16d)

(3.16e)

(3.16f)

(3.16g)

(3.16h)

(3.16i)

(3.16j)

(3.16k)

where constraint (3.15c) is converted to a distributionally joint chance con-

straint where the probability distribution P belongs to the ambiguity set D.

Such ambiguity set is defined as follows

D =
{
P : P ∈ M(P0, . . . ,Pλ−1), E

EV
d (k) ∼ Pk ∀k ∈ I(0, λ)

}
,

where Pk denotes the probability distribution of EEV
d (k), andM(P0, . . . ,Pλ−1)

denotes the set of all joint probability distributions whose marginals are Pk.

As described in [46] and since random variables EEV
d (k) are distributed along

discrete distributions, Problem 3.4 is equivalent to the following mixed integer

linear program (MILP).
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Problem 3.5 (max profit)




rβ = max
PESS(0,λ)

∑

k∈I(0,λ)

(
∆P̂PV (k)−∆PESS(k)

)
p(k)

subject to:

NV∑

n=0

(
∆PEV

0 n
)
zn(k) ≥ ∆P̂PV (k)−∆PESS(k) ∀k ∈ I(0, λ)

NV∑

n=0

Pk

(
EEV

d (k) ≥ ∆PEV
0 n

)
zn(k) ≥ 1− βk ∀k ∈ I(0, λ)

0 ≤ P̂PV (k) ≤ PPV (k) ∀k ∈ I(0, λ)

EESS(k + 1) = EESS(k) + ηESS∆PESS+

(k)

−
1

ηESS
∆PESS−

(k)
∀k ∈ I(0, λ)

0 ≤ EESS(k) ≤ E
ESS

∀k ∈ I(0, λ+ 1)

PESS(k) = PESS+

(k)− PESS−

(k) ∀k ∈ I(0, λ)

0 ≤ PESS+

(k) ≤ P
ESS+

zESS(k) ∀k ∈ I(0, λ)

0 ≤ PESS−

(k) ≤ P
ESS−

(1− zESS(k)) ∀k ∈ I(0, λ)

zESS(k) ∈ B ∀k ∈ I(0, λ)

EESS(0) = EESS
0

βk ≥ 0 ∀k ∈ I(0, λ)

zn(k) ∈ B
∀k ∈ I(0, λ)

∀n ∈ [0, NV ]

NV∑

n=0

zn(k) = 1 ∀k ∈ I(0, λ)

∑

k∈I(0,λ)

βk ≤ β.

(3.17a)

(3.17b)

(3.17c)

(3.17d)

(3.17e)

(3.17f)

(3.17g)

(3.17h)

(3.17i)

(3.17j)

(3.17k)

(3.17l)

(3.17m)

(3.17n)

(3.17o)

(3.17p)

In Problem 3.5, the original robust joint chance constraint (3.16c) has been ap-

proximated by using the Bonferroni inequality, where the optimizer is allowed

to choose the best option for the Bonferroni weights βk. Concerning the bi-

nary variables zn(k), they are used to satisfy each individual chance constraint

(3.17d).

Remark 3.1 Notice that, the number of binary variables zn(k) in Problem

3.5 may be large, since it equals λ(NV + 1). Thus, the computational burden

of Problem 3.5 might be intractable, in general. However, constraint (3.17o)

enforces that only one binary variable can be equal to 1 at each time step, letting

the problem structure suitable to be efficiently managed by standard solvers.
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Data: ε, p(k), EESS
0 , ρ, distributions on ta, tc, NV , and step size γ

1 s∗ = maxk∈I(0,λ) p(k);

2 β∗ = 0;

3 for β = 0 to (ε− γ) by γ do

4 rβ = max savings(β);

5 sβ = min selling price(β, rβ);

6 if sβ < s∗ then

7 s∗ = sβ;

8 β∗ = β;

9 end

10 end

11 return s∗, β∗;

Algorithm 3.1: Main procedure to solve Problem 3.1.

In Problem 3.5, the maximum daily savings rβ for a fixed β is computed.

Then, the corresponding minimum selling price sβ can be obtained by solving

the following optimization problem.

Problem 3.6 (min selling price)





sβ =min s

subject to:

P


 ∑

k∈I(0,λ)

EEV
d (k)(p(k)− s) ≤ rβ


 ≥

1− ε

1− β

s ≥ 0.

(3.18a)

(3.18b)

(3.18c)

(3.18d)

3.3.1 Optimal selling price algorithm

To compute the optimal selling price satisfying Problem 3.1, the procedure

reported in Algorithm 3.1 has been devised.

First, initialization of some variables are performed. In particular, the can-

didate optimal selling price s∗ is set to the maximum of the grid electricity

price, while the candidate optimal value of β is set to 0. Since 0 ≤ β < ε, a

grid search in β with step γ from 0 to ε− γ is performed. For any value of β,

the subroutine max savings provides the solution of Problem 3.5 returning the

related daily savings rβ, while min selling price returns sβ, i.e. the solution of
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Data: β, rβ, ε, p(k), distributions on ta, tc, NV and tolerance γε

1 sbot = 0; stop = maxk∈I(0,λ) p(k); εsat =
1−ε
1−β

;

2 εbot = P
(∑

k∈I(0,λ)E
EV
d (k)(p(k)− sbot) ≤ rβ

)
;

3 εtop = P
(∑

k∈I(0,λ)E
EV
d (k)(p(k)− stop) ≤ rβ

)
;

4 while εtop−εsat
εsat

> γε do

5 smid =
stop+sbot

2
;

6 εmid = P
(∑

k∈I(0,λ)E
EV
d (k)(p(k)− smid) ≤ rβ

)
;

7 if εmid ≥ εsat then

8 εtop = εmid;

9 stop = smid;

10 else

11 εbot = εmid;

12 sbot = smid;

13 end

14 end

15 return stop;

Algorithm 3.2: Bisection procedure to solve Problem 3.6 for given β

and rβ.

Problem 3.6. If the current selling price is less than the current optimal value,

s∗ and β∗ are updated accordingly. Finally, the optimal values are returned.

Since Problem 3.5 is a MILP, it can be easily implemented in the max savings

subroutine. Instead, the solution of Problem 3.6 requires an ad-hoc procedure.

Notice that, Problem 3.6 involves an individual chance constraint where the

only decision variable is related to the selling price s. Moreover, the probability

on the left hand side of constraint (3.18c) is monotonically non-decreasing

with respect to s, and so a bisection procedure on s can be designed, see

Algorithm 3.2. The lowest value of the selling price has been set to sbot = 0,

while the highest one coincides with the maximum of the electricity price over

the day, i.e. stop = maxk∈I(0,λ) p(k), which guarantees a non-negative profit.

The computation of εtop, εbot, and εmid is performed by exploiting (3.7)-(3.8)-

(3.9). The algorithm stops when the relative difference between the maximum

and the minimum probability level in (3.18c) is less than a given tolerance

γε. Thanks to the bisection formulation, computation of min selling price is

efficiently performed.
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3.4 Optimal ESS operation

The above mentioned method is used to compute the optimal selling price at

the beginning of the day. However, during the day, the energy schedule of the

ESS may be adapted to further improve the daily profit, taking into account

the actual realizations of the stochastic processes modeling the EVs. In fact,

at each time step, it is reasonable to assume the knowledge of the energy to

be charged in each connected vehicle and their departure times, as well as

the number of EVs arrived till the present time. To this purpose, a receding

horizon procedure to online operate the ESS can be designed, following a

similar reasoning to that described in Section 3.3.

Let us denote the present time step by t, and let H(t, k) be the number of

connected vehicles which will be still in charge at time k > t, i.e.

H(t, k) = |
{
v : tav ≤ t, tdv > k

}
|.

where | · | denotes the cardinality operator of a set. Notice that, at time t,

H(t, k) is known for any k > t.

Let NV (0, t) be the random variable associated to the number of incoming ve-

hicles during the interval I(0, t+1), and let us denote by na the actual number

of vehicles arrived till the present time step, i.e. in the interval I(0, t+1). So,

the distribution of the daily incoming vehicles can be refined by exploiting the

knowledge of the already arrived vehicles na,

P (NV = n|NV (0, t) = na) =
P (NV (0, t) = na|NV = n)P (NV = n)

P (NV (0, t) = na)
, (3.19)

where

P (NV (0, t) = na) =

NV∑

m=na

P (NV (0, t) = na|NV = m)P (NV = m) ,

and

P (NV (0, t) = na|NV = m) =

(
m

na

)
P (0 ≤ ta ≤ t)na (1− P (0 ≤ ta ≤ t))m−na .

For a given k > t, the arrival time distribution can be updated as

P (ta = k|ta > t) =
P (ta > t|ta = k)P (ta = k)

P (ta > t)
=

P (ta = k)

P (ta > t)
. (3.20)

Let us denote by H̃(k) the random variable describing the number of vehicles

in charge at time k > t, ignoring the EVs which are in charge at time t. In
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Data: ε, p(k), EESS
0 , and distributions on ta, tc, NV

1 Set β = β∗ as returned in Algorithm 3.1;

2 Set t = 0 and EESS
0 (0) = EESS

0 ;

3 while t < λ− 1 do

4 na = |{v : tav ≤ t}|;

5 H(t, k) = |{v : tav ≤ t, tdv ≥ k}| , ∀k > t;

6 compute P (NV = n|NV (0, t) = na), ∀n ∈ [na, N v] as in (3.19);

7 compute P (ta = k|ta > t), ∀k ∈ I(t+ 1, λ− t− 1) as in (3.20);

8 compute distributions of H̃(k), ∀k ∈ I(t + 1, λ− t− 1);

9 solve Problem 3.5 by using the updated constraints (3.21)-(3.22),

and get PESS(t);

10 EESS
0 (t+ 1) = EESS

0 (t) + η∆PESS∗+(t)− 1
η
∆PESS∗−(t);

11 t = t+ 1;

12 end

Algorithm 3.3: Receding horizon algorithm.

other words, H̃(k) coincides with H(k) if one assumes empty parking lots and

initial time step equal to t. Then, the probability distribution of H̃(k) can be

computed similarly as that of H(k) in (3.5), by using the updated distributions

of the total number of incoming vehicles and the EV arrival times, i.e. (3.19)

and (3.20), respectively.

To exploit the same reasoning described in Section 3.3, the receding horizon

procedure is based on the solution of Problem 3.5, where the optimization is

performed in I(t, λ−t), and constraints (3.17c)-(3.17d) are adjusted as follows

NV∑

n=0

(
∆PEV

0 n
)
zn(k) ≥ ∆P̂ PV (k)−∆PESS(k)−H(t, k)∆PEV

0 ∀k ∈ I(t, λ− t)

(3.21)

NV∑

n=0

Pk

(
ẼEV

d (k) ≥ ∆PEV
0 n

)
zn(k) ≥ 1− βk ∀k ∈ I(t, λ− t)

(3.22)

where

ẼEV
d (k) = ∆PEV

0 H̃(k).

A sketch of the receding horizon procedure to online operate the ESS is re-

ported in Algorithm 3.3.



Chapter 4

Robust Energy Management of

an IMG Under EV Arrival

Uncertainty

An industrial microgrid (IMG) consists in a microgrid involving manufacturer

plants which are usually equipped with distributed generation facilities, in-

dustrial electric vehicles, energy storage systems, etc. In this chapter, the

problem of IMG efficient operation in presence of electric vehicle uncertainty

is addressed. To this purpose, schedule of the different device operations of

IMGs has to be optimally computed, minimizing the operation cost while guar-

anteeing electrical network stability and production constraints.

4.1 Introduction

Due to the technological development of low carbon technologies such as re-

newable generation sources, local energy storage systems and electric vehicles,

several issues came up to properly integrate these new features into existing

power systems. In fact, the intermittent nature of the energy from renewables

may affect negatively network stability and grid power quality. To this end,

attention of the scientific community has focused on local communities, and

in particular on microgrids [47, 48, 49]. In [50], a novel model of microgrid in

the presence of renewables and electric vehicles has been presented, whereas

in [51], a coordinated electric vehicle charging algorithm has been proposed

to guarantee the power quality of the system. In this framework, secure grid
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operation under huge penetration of plug-in electric vehicles (EVs) has been

addressed [52, 53]. In [54] a smart charging control to minimize the operation

cost under different user preferences is reported, while an optimal storage siz-

ing procedure to minimize the microgrid planning cost has been presented in

[55].

Besides residential microgrids, recent years have witnessed a growing interest

towards industrial microgrids (IMGs), i.e., microgrids involving manufacturing

plants. In addition to the above mentioned features, this kind of microgrids

has to take into account production loads, industrial electric vehicles, and

possibly spatially distributed combined heat and electrical power generation

sources [56]. In [57], an optimal microgrid planning for an industrial site in the

presence of distributed generation (DG) plants has been proposed, while in [58]

a multi-objective optimization of an industrial microgrid considering demand

response, maximization of the total revenue, and total emission reduction, has

been developed.

To guarantee robust operation of microgrids, uncertainties affecting various

components and processes of the considered systems should be handled, as well.

These uncertainties may affect directly the system behavior leading to possible

violations of both technological and security constraints. In fact, since these

constraints often depend on uncertain variables, a suitable modeling paradigm

is needed to formulate them in probabilistic terms. A rigorous way to model

this uncertainty is to make use of chance constraints [59, 60], which generally

lead to complex formulations difficult to handle. In order to overcome this

issue, several approximation techniques have been proposed, e.g., scenario-

based [61] or distributionally chance constraint approaches [62]. For instance,

a scenario-based approach has been introduced in [13] to guarantee network

performance against uncertainties of power loads and electric vehicles arrivals,

and in [63] to tackle uncertainty on renewable generation in an EV parking

lot.

In this chapter, we consider an industrial microgrid involving a manufacturing

plant composed of several spatially distributed buildings, hereafter referred to

as factory units (FUs), connected to different buses. Such FUs perform differ-

ent tasks of the production plan and some of them are assumed to be equipped

with DG systems. In particular, PV systems coupled with electrical energy

storage systems are considered. Further, we assume that FUs are provided

with combined heat and power (CHP) systems able to produce electrical and

heat power to be exchanged inside the IMG. In addition to CHP systems, heat
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power can also be generated through boilers. A fleet of plug-in electric vehi-

cles is assumed to be assigned to each FU. Such vehicles can be of different

types, ranging from picker to lift trucks, from bucket to delivery trucks [56].

The arrival (charging) time of each EV is assumed to be uncertain, while the

departure (plug-out) time is considered to be known in advance, since it is

assumed to be scheduled in the FU production plan. In this setting, vehicle-

to-grid power exchange will not be allowed. A sketch of the considered IMG

is reported in Fig. 4.1.

Figure 4.1: Sketch of an industrial microgrid.

Chapter Contribution and Organization

The aim of the chapter is to derive an optimal management and control policy

for the IMG in order to minimize the energy bill, while satisfying electrical

network stability constraints, heat and power exchange among FUs, and guar-

anteeing a suitable charge level to EVs. Electricity and gas prices change over

time and they are assumed to be known in advance. The optimization prob-

lem is formulated in a receding horizon framework [64, 65], where at each time

step a sequence of dynamic optimal power flow (DOPF) instances [66, 67] is

solved. To tackle the uncertainty associated to each EV, a chance constraint

approach [59] is adopted. Due to power flow equations and chance constraints,

the obtained optimization problem is nonconvex. Relaxations based on [68]

and [62] make it possible to reformulate the nonconvex constraints as a set of

linear matrix inequalities for power flow and chance constraints, respectively.

The novel contribution of this chapter with respect to the existing literature

can be summarized as follows:

i) the uncertainty related to EVs is managed through a chance constraint ap-

proach. This solution allows one to consider also vehicles which are not in

charge in the optimization problem;
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ii) nonconvex constraints arisen by using chance constraints are relaxed by

means of worst-case Conditional Value at Risk (CVaR) constraints [62], allow-

ing for computationally feasible solution of the optimization problem.

The chapter is organized as follows. In Section 4.2, the problem of optimal

control of an IMG is formulated and all the relevant variables and constraint

on such IMG are presented. While in Section 4.3, the uncertainty concern-

ing electric vehicles has been modelled and the receding horizon approach is

presented.

4.2 Formulation of the Optimal Control of an

IMG

In this chapter, a discrete-time approach with sampling time ∆ is considered.

Let x be a generic variable, the notation x(k) stands for the average value of x

from time step k to k+1. Let the set of buses involved in the IMG be denoted

by N = {1, . . . , N}, where N is the number of buses. By xi we mean a generic

variable x related to bus i.

The aim of this chapter is to minimize the overall cost of an IMG while re-

specting the physical and security constraints imposed by its components, i.e.,

power lines, DG facilities, ESSs, EVs, etc. Moreover, operation constraints

related to heat requirements and EV charging set-points have to be respected,

as well.

4.2.1 Objective Function

Let t denote the present time step and let λ be the horizon length. The

objective function to be minimized is defined as the sum of all the costs of

the IMG over the time interval I(t, λ + 1) = [t, t + λ + 1). Electrical power

can be generated by PV and CHP systems or it can be drawn from the main

grid. Heat may be produced by boilers and CHP systems. Thus, for all the

factory units, the cost of using CHP systems (CCHP
i ) and boilers (CB

i ) has

to be taken into account in the objective function, as well as the cost of the

electricity drawn from the main grid (CG). Thus, the objective function to be
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minimized is:

J(t, λ) =
N∑

i=1

t+λ∑

k=t

CCHP
i (k) +

N∑

i=1

t+λ∑

k=t

CB
i (k) +

t+λ∑

t=k

CG(k) . (4.1)

Let PCHP
i be the electrical power produced by the i-th CHP system, and let

ηCHP
i and pg be the CHP efficiency and the gas price, respectively. Denoting

by cCHP
i the operation cost of the i-th CHP system per unit of electrical power

generated in a time slot, the CHP cost can be expressed as:

CCHP
i (k) =

PCHP
i (k)∆

ηCHP
i

pg(k) + PCHP
i (k) cCHP

i .

Let PB
i be the heat power generated by the i-th boiler, then the corresponding

cost is:

CB
i (k) =

PB
i (k)∆

ηBi
pg(k) ,

where ηBi denotes the boiler efficiency.

Let us denote the net active and reactive power at bus i by Pi and Qi, re-

spectively. By convention, the slack bus is indexed by 1, so the net active and

reactive powers drawn from the main grid correspond to P1 and Q1, respec-

tively. Let p(k) be the electricity price at time k, the overall electricity cost

from the main grid can be written as:

CG(k) = P1(k)∆ p(k) .

It is worthwhile to remark that P1(k) is the difference between the overall

electric power needed by the IMG (for factory operation, power losses, EV and

ESS charging), and the electric power generated by CHP and PV systems.

In this chapter, to avoid arbitrage on electricity price, it is assumed that the

IMG cannot inject electric power into the main grid, i.e., P1(k) ≥ 0 for all k.

4.2.2 Physical and Security Constraints

In this subsection, the physical and security constraints needed to ensure safe

operation and physical stability of the IMG are defined.

First, the power balance equations are recalled. Let P F
i be the active power

demand of the factory unit connected to bus i and let the charge/discharge

power of the i-th ESS be denoted by PESS+
i and PESS−

i , respectively. For a
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generic EV v connected to bus i, PEV
i,v (k) represents the charge power at time

k. Let P̂ PV
i (k) be the actual power drawn from PV plant connected at bus i

at time k. Denoting by PG
i and PD

i the total generated and demanded active

power at bus i, one has:

PG
i (k) = PCHP

i (k) + P̂ PV
i (k) + PESS−

i (k) ,

PD
i (k) = P F

i (k) + PESS+
i (k) +

NVi∑

v=1

PEV
i,v (k) ,

where NVi
is the maximum number of vehicles related to bus i.

The net active and reactive power at bus i can be written as [69, 66, 67]:

Pi(k) = Vi(k)

N∑

j=1

Vj(k)
(
Gij cos θij(k)−Bij sin θij(k)

)
,

Qi(k) = Vi(k)
N∑

j=1

Vj(k)
(
Gij sin θij(k)− Bij cos θij(k)

)
,

where Gij and Bij are the real and imaginary part of the electrical admittance

between bus i and j, Vi is the voltage magnitude at bus i, and θij is the voltage

phase angle difference between buses i and j. Thus, the active power balance

equality constraint at bus i is:

Pi(k)− PG
i (k) + PD

i (k) = 0 .

The reactive powers of the PV systems and EVs are neglected since these small

generators are typically connected to the network through high quality grid-tie

converters that feature a fixed power factor close to 1 [70]. The reactive power

demand consists of the reactive power of the different FU loads. Denoting by

QCHP
i and QF

i the reactive powers exchanged by the CHP system and the FU

connected to bus i, the reactive power balance equation is:

Qi(k)−QCHP
i (k) +QF

i (k) = 0 .

Let us now introduce the inequality constraints concerning network security,

CHP and boiler systems, PV systems and EVs. The network security con-

straints enforce limits on voltages at the different buses and capacities of the

lines, the latter depending on physical properties of the lines [70]. No voltage

limits are set on the slack bus since it is considered a fixed-voltage bus. As

previously stated, we assume that the slack bus is labeled with i = 1. Let us
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denote by Sij(k) the power flowing from bus i to bus j in the k-th time slot.

Network security constraints can be written as:

V i ≤ Vi(k) ≤ V i , ∀i ∈ N ,

and

|Sij(k)| ≤ Sij , i 6= j ,

while the slack bus constraints are:

0 ≤ P1(k) ≤ P 1 ,

Q
1
≤ Q1(k) ≤ Q1 ,

where P 1, Q1
and Q1 are given bounds.

Constraints on active and reactive power generation by the i-th CHP system

are expressed as:

PCHP
i ≤ PCHP

i (k) ≤ P
CHP

i ,

QCHP

i
≤ QCHP

i (k) ≤ Q
CHP

i ,

while the heat power produced by a generic boiler i is constrained as:

0 ≤ PB
i (k) ≤ P

B

i .

Let EESS
i be the energy stored in the ESS connected to bus i, and let ηESS

i be

the corresponding efficiency. The constraints involving the ESS enforce limits

on the charge/discharge power, the storage capacity and the energy balance.

Thus:

0 ≤ PESS+
i (k) ≤ P

ESS+

i ,

0 ≤ PESS−
i (k) ≤ P

ESS−

i ,

EESS
i ≤ EESS

i (k) ≤ E
ESS

i ,

EESS
i (k) = EESS

i (k − 1) + ηESS
i PESS+

i (k − 1)∆−
1

ηESS
i

PESS−
i (k − 1)∆.

Regarding EVs, let us consider the generic vehicle v connected to bus i and

denote by EEV
i,v the energy stored in its battery and by ηEV

i,v the corresponding

charging efficiency. The electrical vehicle charging process is represented by

the following constraints:

EEV
i,v (k) = EEV

i,v (k − 1) + ηEV
i,v P

EV
i,v (k − 1)∆ , (4.2)

0 ≤ PEV
i,v (k) ≤ P

EV

i,v , (4.3)
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EEV
i,v (k) ≤ E

EV

i,v . (4.4)

Lastly, the power drawn from the PV plant at bus i is constrained as follows

0 ≤ P̂ PV
i (k) ≤ P PV

i (k),

where P PV
i (k) is the maximum PV power produced at bus i.

4.2.3 Operational Constraints

Let tai,v and tdi,v denote the time a generic EV v connected to bus i starts and

stops the charging process, respectively. We assume that the departure time

tdi,v is known, being it related to the factory production schedule, while the

arrival time tai,v is uncertain. We also assume that the battery capacity at

plug-in time is known. To assure that a vehicle is fully charged at the time it

is plugged-out, the following constraint is introduced. It enforces the stored

energy at departure time to be equal to the maximum battery capacity:

EEV
i,v (tdi,v) = E

EV

i,v . (4.5)

In the considered setting, we assume that factory units can exchange heat

among themselves, and that their CHP systems and boilers cooperate to satisfy

the overall heat requirement. Denoting by αCHP
i the waste factor that describes

how much useful heat power is generated per electric power produced by the

i-th CHP system, the constraint on the overall heat demand R of the IMG can

be expressed as:

N∑

i=1

(
αCHP
i PCHP

i (k) + PB
i (k)

)
≥ R(k) .

4.3 Optimal Control Implementation

In this section, a receding horizon algorithm ensuring optimal operation of

the IMG is derived. To this purpose, the objective function (4.1) has to be

minimized in order to compute the optimal control sequence.

Let t denote the current time step. The arrival time of a vehicle is supposed to

be uncertain, and therefore the constraint representing its charging process is

meaningful only when that EV is plugged into the network. For this reason, let

us define Vi(t) =
{
v : tai,v ≤ t ≤ tdi,v

}
as the set of indices identifying vehicles
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plugged into the i-th bus at time t. Since the cardinality of this set varies

over time, the optimization procedure needs to be adapted at each time step.

Therefore, an adaptive optimization problem need be formulated at each time

step in order to find the best solution for the IMG operation.

Notice that Vi(t) takes into account only the vehicles charging at time t, but

it provides no information about the incoming ones. Ignoring such an aspect

may lead to situations in which network safety constraints may be violated,

e.g., due to voltage drops and/or power overloads caused by arrivals of vehicles

in future steps. Thus, in order to prevent these events, a chance constrained

approach is adopted to handle uncertainty affecting EVs arrival times.

4.3.1 Uncertainty Modeling

The real arrival time of the v-th vehicle at bus i, tai,v, is supposed to be a random

variable with a bounded closed support [tai,v, t
a

i,v], and let us assume that the

corresponding discrete distribution function is known. To take into account the

incoming vehicles, let us define the index set Vi(t, λ) =
{
v : t < tai,v < t+ λ

}

which contains the indices of the vehicles whose minimum arrival time falls into

the prediction horizon. Notice that, by construction, sets Vi(t) and Vi(t, λ) are

disjoint, i.e., Vi(t) ∩ Vi(t, λ) = ∅, for all i and t.

Being the arrival time tai,v a random variable, also the evolution of the vehicle

state of charge EEV
i,v becomes a random variable itself. So, to manage the

charging process involving incoming vehicles, constraint (4.5) is replaced by

the following chance constraint:

P
(
EEV

i,v (tdi,v) ≥ E
EV

i,v

)
≥ 1− ǫ , v ∈ Vi(t, λ) , (4.6)

where 0 < ǫ < 1 denotes a given failure tolerance level.

In order to model the uncertainty on the state of charge, let us define the

binary random vector Γi,v as

Γi,v =
[
γi,v(t

a
i,v), . . . , γi,v(t

a

i,v)
]′

where,

γi,v(k) =




1 if k ≥ tai,v

0 otherwise
, k = tai,v, . . . , t

a

i,v

describes if a vehicle is in charge at time k.
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Combining (4.6) with Γi,v, the chance constraint can be rearranged as

P

(
ηEV
i,v ∆

( t
a
i,v∑

k=tai,v

PEV
i,v (k)γi,v(k) +

tdi,v−1∑

k=t
a
i,v+1

PEV
i,v (k)

)
≥ E

EV
i,v − EEV

i,v (tai,v)

)
≥ 1− ǫ .

By using (4.2), the second sum can be rewritten as

P

(
ηEV
i,v ∆

t
a
i,v∑

k=tai,v

PEV
i,v (k)γi,v(k) + EEV

i,v (t
d
i,v)− EEV

i,v (t
a
i,v + 1) ≥ E

EV
i,v− EEV

i,v (t
a
i,v)

)
≥ 1− ǫ ,

and finally

P

(
ηEV
i,v ∆

(
πta
i,v

)′
Γi,v + EEV

i,v ≥ 0

)
≥ 1− ǫ, (4.7)

where,
πka

i,v =
[
PEV
i,v (tai,v), . . . , P

EV
i,v (t

a

i,v)
]′
,

and
EEV
i,v = EEV

i,v (tdi,v)− EEV
i,v (t

a

i,v + 1)− E
EV

i,v + EEV
i,v (tai,v).

Notice that, if the vehicle arrival time interval overlaps the current time, the

arrival distribution Γi,v can be replaced by the corresponding conditional dis-

tribution.

4.3.2 Optimization Problem Formulation

Let us define the command row vector Π(t) as

Π(t) =
[
PEV
1,1 (t), ..., PEV

1,NV1
(t), ..., PEV

N,1 (t), ..., P
EV
N,NVN

(t),

PESS+
1 (t), ..., PESS+

N (t), PESS−
1 (t), ..., PESS−

N (t),

PCHP
1 (t), ..., PCHP

N (t), QCHP
1 (t), ..., QCHP

N (t),

PB
1 (t), ..., PB

N (t)
]
.

Furthermore, let us introduce the vector Π(t, λ) in order to collect the control
sequence over the time interval I(t, λ+ 1) :

Π(t, λ) = [Π(t), . . . , Π(t+ λ)] .

The DOPF problem can be formulated as reported in Problem 4.1.
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Problem 4.1 (Dynamic Optimal Power Flow Problem)

Π∗(t, λ) = argmin
Π(t,λ)

J(t, λ)

subject to:

Pi(k) = PCHP
i (k) + P̂PV

i (k) + PESS−

i (k)

− PF
i (k)− PESS

i (k)−
∑

v∈Vi(k)∪Vi(k,λ)

PEV
i,v (k)

Qi(k) = QCHP
i (k)−QF

i (k)

|Sij(k)| ≤ Sij , j 6= i

PCHP
i ≤ PCHP

i (k) ≤ P
CHP

i

QCHP

i
≤ QCHP

i (k) ≤ Q
CHP

i

0 ≤ PB
i (k) ≤ P

B

i

0 ≤ PESS+
i (k) ≤ P

ESS+

i

0 ≤ PESS−

i (k) ≤ P
ESS−

i

EESS
i ≤ EESS

i (k) ≤ E
ESS

i

0 ≤ P̂PV
i (k) ≤ PPV

i (k)





∀k ∈ I(t, λ+ 1),

∀i ∈ N

0 ≤ P1(k) ≤ P 1

Q
1
≤ Q1(k) ≤ Q1

R(k) ≤
N∑

i=1

(
αCHP
i PCHP

i (k) + PB
i (k)

)





∀k ∈ I(t, λ+ 1)

V i ≤ Vi(k) ≤ V i

}
∀k ∈ I(t, λ+ 1),

∀i ∈ N

EESS
i (k) = EESS

i (k − 1) + ηESS
i PESS+

i (k − 1)∆

−
1

ηESS
i

PESS−

i (k − 1)∆





∀k ∈ I(t+ 1, λ+ 1),

∀i ∈ N

EEV
i,v (k) = EEV

i,v (k − 1) + ηEV
i,v P

EV
i,v (k − 1)∆

0 ≤ PEV
i,v (k) ≤ P

EV

i,v

EEV
v (k) ≤ E

EV

k





∀k ∈ I
(
tai,v + 1, tdi,v + 1

)

∀i ∈ N ,

∀v ∈ Vi(k) ∪ Vi(k, λ)

P

(
ηEV
i,v ∆

(
πya

i,v

)′
Γi,v + EEV

i,v ≥ 0

)
≥ 1− ǫ

}
∀i ∈ N ,

∀v ∈ Vi(k, λ)

EEV
i,v (tdi,v) = E

EV

i,v

}
∀i ∈ N ,

∀v ∈ Vi(k) .

Notice that, since Vi(k) ∩ Vi(k, λ) = ∅, ∀i, ∀k, the last two constraints of

Problem 4.1 are mutually exclusive in the adaptive optimization procedure.

It is worthwhile to remark that this optimization problem is nonconvex. In

fact, it involves power flow equations, which describe a highly nonlinear system,

and chance constraints in which the feasible set is typically nonconvex.
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From the optimal power flow perspective, the nonconvexity can be handled by

using its dual formulation and by relaxing a rank constraint to obtain a convex

problem. It has been proven that for radial networks like those considered in

this chapter, such a relaxation is exact, see [68] for details.

Regarding chance constrained optimization, in the next subsection a method

to approximate such constraints is adopted.

4.3.3 Chance Constraint Approximation

In the literature, there exist mainly two approaches to approximate chance

constraints. The first one regards scenario based methods, where a number

of realizations of the random process is collected in order to approximate the

original chance constraints [61, 71]. The drawback of this approach is that

the number of samples needed increases considerably as the failure tolerance

level decreases, leading to computationally demanding problems when satis-

faction probability approaches 1. This feature may be dramatically amplified

by the increasing number and dimension of the random vectors necessary to

model uncertainty. In the considered setting, the number of EVs employed

into the IMG, and then the number of random vectors, amounts to tens or

even hundreds, leading to computationally unfeasible problems.

The second approximation family involves robust optimization methods, where

chance constraints are relaxed by exploiting stochastic properties of the uncer-

tain variables involved. Hereafter, we refer to the technique proposed in [62],

where the first and second order moments of the considered random variable

are used to obtain a convex problem reformulation involving linear matrix in-

equalities. Then, such a problem can be efficiently solved by using standard

optimization tools (e.g., [72, 73, 74]).

Thus, let us now focus on the random variable Γi,v, whose expected value is

given by

E[Γi,v] = µi,v =
[
µi,v(t

a
i,v), . . . , µi,v(t

a

i,v)
]′
,

where

µi,v(k) = E[γi,v(k)] = P (γi,v(k) = 1) = P (tai,v ≤ k) .

Let Σi,v denote the covariance matrix of Γi,v, one has:

Σi,v =



σi,v(t

a
i,v, t

a
i,v) . . . σi,v(t

a
i,v, t

a

i,v)
...

. . .
...

σi,v(t
a

i,v, t
a
i,v) . . . σi,v(t

a

i,v, t
a

i,v)


 ,
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where

σi,v(p, q) =




µi,v(p)(1− µi,v(q)) if p ≤ q

µi,v(q)(1− µi,v(p)) if p > q.

The first and second order moments of Γi,v can be combined as follows:

Ωi,v =

[
Σi,v + µi,vµ

′
i,v µi,v

µ
′
i,v 1

]
.

Let us refer to a generic vehicle v connected to bus i. In the following, for

ease of notation, subscripts i and v are omitted. According to [62], chance

constraint (4.7) can be approximated through CVaR and then replaced with

the following set of convex constraints:





∃χ ∈ R, M ∈ S(t
a
−ta+2),

∃ν ∈ R(t
a
−ta+1), ω ∈ R(t

a
−ta+1),

ν ≥ 0,

ω ≥ 0,

χ+ 1
ǫ
Tr(MΩ) ≤ 0,

M+
(t

a
−ta+1)∑
j=1

Wjνj � 0,

M+
(t

a
−ta+1)∑
j=1

Wjωj −


 0 −1

2
ηEV∆π

ta

−1
2
ηEV∆

(
π

ta
)′

−EEV − χ


 � 0 ,

(4.9)

where Tr(·) is the trace operator and Wj are symmetric matrices of dimension

t
a
− ta + 1. Such matrices are used to approximate the support Ξ of Γ as:

Ξ ⊆
{
Γ ∈ R

(t
a
−ta+1) : [Γ′, 1]Wj[Γ

′, 1]′ ≤ 0, j = 1, . . . , t
a
− ta + 1

}
,

where Wj are such that each entry of Γ must lie between 0 and 1.

4.3.4 Receding Horizon Implementation

Notice that optimization Problem 4.1 does not take into account vehicles whose

departure time falls outside the prediction horizon. To overcome this issue, a

dynamic adaptation of the prediction horizon λ is proposed as follows:

1. Let the nominal prediction horizon λ be given.
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2. At time t, let us check for each bus i if there is any EV with index v such

that v ∈ Vi(t) ∪ Vi(t, λ):

(a) if there is not any EV belonging to Vi(t)∪Vi(t, λ), then the predic-

tion horizon remains unchanged;

(b) if there are some vehicles belonging to Vi(t) ∪ Vi(t, λ), the corre-

sponding departure times tdi,v have to be considered. Let us call

tdmax the maximum departure time for all the vehicles belonging to

Vi(t) ∪ Vi(t, λ). The prediction horizon has to be updated with the

maximum value between tdmax and λ.

The overall receding horizon algorithm is reported in Algorithm 4.1.

1 Let λ0 be the nominal prediction horizon;

2 Set t = 0;

3 Set λ = λ0;

4 for i = 1 to N do

5 for v ∈ Vi(t) do

6 Update the horizon as λ = max
{
λ, tdi,v

}
;

7 Add constraints (4.2)-(4.3)-(4.4)-(4.5) for vehicle v;

8 end

9 for v ∈ Vi(t, λ) do

10 Update the horizon as λ = max
{
λ, tdi,v

}
;

11 Add constraints (4.2)-(4.3)-(4.4)-(4.9) for vehicle v;

12 end

13 end

14 Solve Problem 4.1 to obtain Π∗(t, λ);

15 Apply command Π∗(t);

16 t = t+ 1;

17 Repeat from step 3

Algorithm 4.1: Receding Horizon procedure



Chapter 5

Smart Buildings Energy

Management Under

Environmental Uncertainty and

DR

This chapter deals with the problem of cost-optimal operation of smart build-

ings that integrate a centralized HVAC system, photovoltaic generation and

both thermal and electrical storage devices. Building participation in a Demand-

Response program is also considered.

5.1 Introduction

It is well-known that buildings represent one of the major electricity consumers

worldwide. About a half of the total energy consumption is devoted to heat-

ing, ventilation and air conditioning (HVAC). While HVAC devices in older

buildings are operated through simple rules, newer buildings exploit the oppor-

tunities offered by information and communication technologies to efficiently

operate such appliances [75]. An efficient control of most of the building de-

vices yields to a global reduction of energy consumption, with a consequent

reduction of emissions and energy bills [76].

Although a large part of the currently deployed building management systems

are rule-based, Model Predictive Control (MPC) is gaining a lot of importance,

owing to its flexibility and its ability to take a number of different requirements
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and constraints into account [77]. Indeed, to optimize the building operation

cost, several applications of MPC can be found in the literature, where both

linear [78] and non-linear [79] dynamics are considered. In [80], an MPC-

based enthalpy control algorithm has been derived. Other works deal with

uncertainty in models and/or exogenous variables by using stochastic MPC

approaches. Specifically, in [81, 82] a tractable reformulation using chance

constraints has been devised, while a scenario-based approach has been ex-

ploited in [83].

In order to reduce the computational complexity which often affects MPC

implementations, in [84] a machine learning approach based on multivariate

regression and dimensionality reduction algorithms has been proposed, and

a case study involving a 6-zone building has been carried out. In [85], a

cooperative Fuzzy MPC has been implemented on a real building composed of

five zones.

Due to the relevance of buildings as players in smart grids, an important aspect

recently considered in the building management literature is participation in

Demand-Response (DR) programs, which enables end-users to become active

players in the electricity system [86, 87, 88]. DR is usually managed by an

intermediary player (known as the aggregator [89]) whose role is to gather

flexibility from its affiliated consumers, in order to build services to be sold

either to the grid operator or on the wholesale market. In response to the

aggregator’s requests, which become known in advance, consumers may choose

to adjust their consumption patterns in order to comply and receive a monetary

reward [90, 91, 92]. Reduction of energy cost in presence of DR has been

studied in [93] via an agent-based modeling approach.

Considering the growing importance of distributed generation and the relevant

share of energy consumption by buildings, energy storage systems are expected

to become increasingly used. Such systems are employed to achieve high levels

of self-sufficiency, as well as system resiliency [94, 95]. Furthermore, optimal

sizing and efficient management of electrical storage in smart buildings, mainly

in the presence of photovoltaic (PV) generation [96] and plug-in electric ve-

hicles [97], is a widely investigated topic. In view of the participation of a

building in DR programs, the presence of energy storage facilities contributes

to achieve a high level of consumption flexibility.

Chapter Contribution and Organization

The aim of this chapter is to propose a novel MPC-based control strategy
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aimed at the minimization of the electricity bill in a large-scale building. The

building is assumed to be equipped with a central HVAC system powered by

heat pumps (HPs), a PV plant, thermal (TES) and electrical (ESS) storage

devices, and to participate in a DR program. In the proposed approach, heat

pumps, heater actuators, storage devices, and PV generation facilities are man-

aged in an optimal fashion by a centralized control unit. The employed DR

paradigm consists of price-volume signals sent by an aggregator, which specify

a monetary reward granted to the building operator upon the fulfillment of

energy consumption constraints within a given time period [98, 99].

The control law for the different actuating devices of the overall HVAC system

is computed through a receding horizon algorithm involving a two-step opti-

mization strategy. Several constraints are taken into account, namely thermal

comfort, DR programs, operating limits of heat exchangers, PV power avail-

ability, storage capacity and maximum charging/discharging rates. Meteoro-

logical variables, building occupancy, light and internal appliance loads are

considered as exogenous disturbances where their measured/predicted values

are assumed to be available.

The main contributions of the chapter in the above context are as follows.

• Since the computational complexity of the control algorithm is a crucial

aspect when dealing with large-scale buildings, a framework is adopted

in which heat flows in the different building zones are regulated by con-

trolling the air mass flow through each fan coil. This choice, along with

approximate linear modeling of the building zones, allows for formulat-

ing the optimal control problem at each step as a Linear Program (LP).

Hence, the involved computational burden scales nicely with the problem

dimension and the solver provides a fast solution even for a large number

of optimization variables and constraints [100]. Actually, the presence

of DR programs calls for the introduction of binary decision variables,

changing the nature of the problem from LP to Mixed Integer Linear

Program (MILP). Nevertheless, the number of such variables amounts

at most to few units, i.e., the number of time intervals that contain a DR

request falling inside the optimization horizon and, more importantly, it

is independent of the building size (i.e., the number of zones). As a re-

sult, the computational burden of the overall optimization algorithm is

affordable even for large-scale instances, making the proposed approach

suitable for real-world applications with hundreds of zones.
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• As it is well-known in the literature, multiple sources of uncertainty come

into the picture when dealing with building heating/cooling control, such

as modeling inaccuracies, disturbances, weather forecasting errors and

possibly undersized HVAC system. For this reason, when implementing

a constrained MPC strategy, the presence of such uncertainties often

causes infeasibility of the optimization problem. A standard way to

deal with this issue is to replace hard bounds with soft bounds on the

constraints and introduce penalties in the cost function accounting for

constraint violations. Unfortunately, the choice of appropriate weights

for the different penalty terms becomes a formidable task, especially

in view of the high number of variables/constraints involved and the

hard-to-predict ”size” of constraint violations. To overcome these issues,

in this chapter a different approach based on a two-step optimization

strategy is proposed. At each time step, first an ancillary LP is solved

in order to reset the comfort constraints, by minimizing the l1 norm of

the bound violations. Then, the feasible overall optimization problem

is solved using the modified constraints. A further advantage of this

approach is that it allows for quick recovery from realistic situations in

which the original comfort constraints cannot be satisfied.

To validate the proposed control algorithm, numerical simulations have been

performed on EnergyPlus [101], an industry-standard realistic building model

simulator. In particular, performance analysis in the presence of uncertain

forecasts of exogenous variables has been carried out.

The chapter is organized as follows: in Section 5.2, an overview of the proposed

control architecture is presented while in Section 5.3, the relevant models are

introduced. In Section 5.4, the control problem is formulated, its solution

derived and implementation issues discussed.

5.2 System Architecture Overview

This chapter focuses on a building composed of several zones and equipped

with a central HVAC system. Heating and cooling power is provided by elec-

trical heat pumps. The heating pump HPH is assumed to be connected to a

thermal storage device (TES), while the cooling pump HPC is not. Although

thermal storage is quite common for both heating and cooling use, it is here

employed in the first case only, with the aim of illustrating the performance
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Figure 5.1: Overall HVAC and energy storage system architecture. Blue lines

denote control signals.

of the proposed control strategy both in the presence and in the absence of a

storage device. Heat exchange at zone level is provided by fan coil units, one

for each zone, exchanging heat with the TES at constant water throughput.

Heat flow regulation is achieved by controlling the air mass flow through each

fan coil. It is also assumed that each zone is equipped with a temperature

sensor. The building also features short-term energy storage system (ESS)

facilities (e.g., via a rechargeable battery system) and PV generation. Partic-

ipation of the building in a Demand-Response (DR) program is also assumed.

Regulation of the HPs, TES, fan coil air flow, ESS and PV is implemented via

a digital centralized control unit that operates in discrete time with sampling

period ∆.

5.3 System Modeling

A block diagram of the overall control system is depicted in Figure 5.1 along

with the relevant signals. The modeling of each component is detailed in the

following subsections.
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5.3.1 Zone Thermal Model

The m building zones are denoted by Z1, . . . ,Zm, and the respective heat ex-

changer devices by H1, . . . ,Hm. All zones are equipped with temperature sen-

sors, and the air flow of the heat exchangers can be independently regulated by

the control unit. The control action must ensure that each room temperature

satisfies a time-varying comfort constraint.

Let us define the following variables:

• hi(k) ∈ R: heat flow conveyed by Hi at time k into room Zi,

• h(k) = [h1(k) . . . hm(k)]
′ ∈ Rm,

• Ti(k): indoor temperature of zone Zi at time k,

• T(k) = [T1(k) . . . Tm(k)]
′ ∈ Rm,

• [T i(k), T i(k)]: thermal comfort range for Zi at time k,

• T(k) = [T 1(k) . . . Tm(k)]
′ ∈ Rm, T(k) = [T 1(k) . . . Tm(k)]

′ ∈ Rm,

The dynamics of the indoor temperatures T(k) depend on the heat flows h(k)

and on exogenous variables like outdoor temperature, solar radiation, appli-

ances, lighting, occupancy, etc. For the sake of simplicity, available measure-

ments/forecasts of some/all of such variables are collected in a vector e(k).

Assuming linear time-invariant dynamics, the zone temperature vector evolu-

tion can be modeled in regressive form as:

T(k + 1) = ΘT ΦT(k), (5.1)

where the regression matrix Φ(k) is given by

ΦT(k) = [T′(k) . . . T′(k − kT)

h′(k) . . . h′(k − kh)

e′(k) . . . e′(k − ke)]
′,

(5.2)

being kT, kh, ke suitable nonnegative integers that define the model order. The

matrix ΘT collects the model parameters.
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According to the above, thermal comfort achievement at time k is expressed

by the element-wise constraint

T(k) ≤ T(k) ≤ T(k). (5.3)

It is appropriate to group constraint sets (5.1),(5.2),(5.3) as follows:

CT (k) = {(5.1),(5.2)}, C(k) = {(5.3)}.

5.3.2 HVAC System Model

The HVAC system operates at constant water flow rate. With reference to

Figure 5.1, let us define the following quantities:

• T SND(k) ∈ R: fluid temperature at the inlet of heat exchangers,

• TRET (k) ∈ R: temperature of return fluid,

• vi(k) ∈ R: heat exchanger actuation signal, i.e., commanded air flow at

time k for Hi,

• v(k) = [v1(k) . . . vm(k)]
′ ∈ Rm,

• vi: maximum air flow rate allowed for Hi, i.e.,

0 ≤ vi(k) ≤ vi. (5.4)

For each zone Zi, the heat flow rate hi(k) can be expressed as

hi(k) = κi
(
T SND(k)− Ti(k)

)
vi(k), (5.5)

where κi is a coefficient of heating performance pertaining to heat exchanger

Hi. Note that, in view of (5.5), enforcing limitation (5.4) for all zones yields

the linear constraint sets

Ch
H(k) = {0 ≤ hi(k) ≤ κi

(
T SND(k)− Ti(k)

)
vi, i = 1, . . . , m} (5.6)

and

Ch
C(k) = {0 ≥ hi(k) ≥ κi

(
T SND(k)− Ti(k)

)
vi, i = 1, . . . , m} (5.7)

when the heat exchanger operates in heating and cooling mode, respectively.



64 Smart Buildings Energy Management Under Environmental Uncertainty and DR

Heating Mode Operation with Thermal Storage

The dynamics of the HVAC system in heating mode is now described. As

pointed out in Section 5.2, the heat pump HPH is coupled to a thermal energy

storage (TES). Define:

• THPH

in (k) ∈ R: thermal fluid temperature at HP inlet,

• THPH(k) ∈ R: thermal fluid temperature at HP outlet,

• THPH

0 (k) ∈ R: HP outlet temperature reference, i.e., HP command sig-

nal,

• EHPH (k) ∈ R: HP electrical energy consumption within the k−th time

step,

• T TES(k) ∈ R: TES fluid temperature.

The inlet temperature of each heat exchanger Hi is assumed to be uniform and

equal to the TES outlet temperature, i.e.,

T SND(k) = T TES(k).

Under the realistic assumption that the time constants of the HP thermal fluid

dynamics in response to a change in the reference THP
0 (k) are much smaller

than the control sampling period ∆, the HP outlet fluid temperature can be

expressed by

THPH(k + 1) = THPH

0 (k), (5.8)

so that the HP can be modeled as a unit time step delay system.

A further reasonable assumption is that the heat exchange at TES level is

efficient enough such that

THPH

in (k) = T TES(k). (5.9)

It is worth noting that the above assumptions are indeed satisfied by the real-

world devices emulated by EnergyPlus [101], the widely used realistic building

simulation software used here for experimental validation.

The HP has to be switched on when the reference temperature is greater than

the fluid temperature at the HP inlet, i.e., as long as

THPH

0 (k) > THPH

in (k) = T TES(k),
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which leads to an electrical energy consumption

EHPH (k) = αHPH
(
THPH

0 (k)− T TES(k)
)
, (5.10)

where αHPH represents a device specification. Otherwise, the HP is switched

off and EHPH (k) = 0. Therefore, the condition

THPH

0 (k) ≥ T TES(k) (5.11)

can be assumed without loss of generality.

Concerning the TES dynamics, it is worth observing that T TES(k) depends

on THPH (k) and on the return water temperature TRET (k) = T TES
in , which

in turn dynamically depends on T SND(k) = T TES(k) and on the total heat

exchange at the heater level, i.e., h(k) = h1(k) + · · ·+ hm(k). Therefore, the

TES temperature dynamics can be modeled in regressive form as

T TES(k + 1) = ΘTESΦTES(k), (5.12)

where the regression vector ΦTES(k) is given by

ΦTES(k) = [T TES(k) . . . T TES(k − kTT )

THPH(k) . . . THPH(k − kTH)

h′(k) . . . h′(k − kTh)]
′,

(5.13)

being ΘTES the (row) parameter vector and kTT , kTH , kTh suitable model

orders.

Given the models introduced above, and observing that the thermal energy

stored in the TES is proportional to T TES(k), it is worth remarking that full

control of individual zone temperatures and thermal energy storage can be

achieved by manipulating the control variables THPH

0 (k) and v(k).

Cooling Mode Operation

In order to derive a model of HVAC system in cooling mode, let us define the

following:

• THPC

in (k) ∈ R: thermal fluid temperature at the inlet of the cooling heat

pump,

• THPC(k) ∈ R: thermal fluid temperature at HP outlet,

• THPC

0 (k) ∈ R: HP outlet temperature reference, i.e., HP command sig-

nal,
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• EHPC (k) ∈ R: HP electrical energy consumption within the k−th time

step,

Similarly to the heating mode, the cooling HP dynamics can be modeled as:

THPC(k + 1) = THPC

0 (k). (5.14)

As long as THPC

0 (k) ≤ THPC

in , the HP is switched on and the corresponding

electrical energy consumption is given by

EHPC (k) = αHPC
(
THPC

in (k)− THPC

0 (k)
)
, (5.15)

where αHPC pertains to the given device. Otherwise, it is switched off and

EHPC (k) = 0. Therefore, it can be assumed that

THPC

0 (k) ≤ THPC

in (k). (5.16)

In this mode, it holds that T SND(k) = THPC (k) and TRET (k) = THPC

in (k). The

latter quantity dynamically depends on T SND(k) and on the total zone heat

flow h(k) = h1(k)+ · · ·+hm(k). Therefore, the following regressive model can

be used for THPC

in (k):

THPC

in (k + 1) = ΘCΦC(k), (5.17)

where the regression vector ΦC(k) is given by

ΦC(k) = [THPC

in (k) . . . THPC

in (k − kTC)

THPC(k) . . . THPC(k − kHC)

h′(k) . . . h′(k − kCh)]
′

(5.18)

where ΘC is the (row) parameter vector and kTC , kHC , kCh define the model

orders.

The constraint sets pertaining to the HVAC system operating in heating and

cooling mode, respectively, can be grouped as follows:

CH(k) = {(5.8),(5.10),(5.11),(5.12),(5.13)},

CC(k) = {(5.14),(5.15),(5.16),(5.17),(5.18)}.

5.3.3 Electrical Storage Model

The characterization of the storage system based on rechargeable batteries

used in this chapter is as follows (see, e.g., [102, 70]). Let EESS(k) represent
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the state of charge at time k. Denote as PESS+(k) ≥ 0 and PESS−(k) ≥ 0

the battery charge and discharge signals, i.e., the amount of power fed to and

drawn from the battery in the k−th time interval, respectively. It holds that

EESS(k + 1) = EESS(k) + ηESS∆PESS+(k)−
1

ηESS
∆PESS−(k), (5.19)

where 0 < ηESS < 1 is the battery efficiency. Furthermore, the average battery

power exchange in the same interval reads

PESS(k) = PESS+(k)− PESS−(k). (5.20)

The following additional constraints

0 ≤ PESS+(k) ≤ P
ESS+

, (5.21)

0 ≤ PESS−(k) ≤ P
ESS−

, (5.22)

0 ≤ EESS(k) ≤ E
ESS

, (5.23)

where P
ESS+

, P
ESS−

and E
ESS

depend on the storage size and technology,

and represent the maximum charge/discharge rate and capacity, respectively.

The constraint sets pertaining to ESS can be grouped as:

CESS(k) = {(5.19),(5.20),(5.21),(5.22),(5.23)}.

In order for the model to be consistent, PESS+(k) and PESS−(k) cannot both

be nonzero. This can be guaranteed by introducing the nonlinear constraint

PESS+(k)PESS−(k) = 0, ∀k. See Remark 5.2 in Section 5.4 on how the intro-

duction of this constraint can be circumvented.

5.3.4 PV Generation Model

In this chapter, the well-known PVUSA model of a PV plant [103] is exploited.

In this model, the average power produced by the plant in the k−th time

interval is expressed as a function of irradiance and environmental temperature

as follows:

P PV (k) = θPV
1 I(k) + θPV

2 I2(k) + θPV
3 I(k)TA(k), (5.24)

where I(k) is the global solar irradiance and TA(k) is the outside air temper-

ature. Despite its simplicity, this model is very accurate when its parameters

are fit to measured data and several efficient methods for their estimation un-

der various conditions have been proposed (see [104],[105],[106] and references
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therein). Without loss of generality, it can be assumed that I(k),I2(k), and

I(k)Ta(k) are part of the exogenous variable vector e(k). Therefore, (5.24) can

be written in the form

P PV (k) = ΘPV e(k) (5.25)

which represents a static linear-in-the-parameters model.

Denoting with P̂ PV (k) the average power actually drawn from the PV plant

in the k−th interval, the following constraint must hold:

0 ≤ P̂ PV (k) ≤ P PV (k). (5.26)

The latter two equations are grouped in the constraint set

CPV (k) = {(5.25),(5.26)}.

5.3.5 Energy Consumption and Demand-Response

Model

Let EG(k) represent the amount of energy drawn from the grid by the building

in the k−th time interval. According to the model introduced above, the

electrical energy balance equation reads:

EG(k) = EHP (k) + ∆PESS(k)−∆P̂ PV (k), (5.27)

with EG(k) ≥ 0, since the possibility of injecting excess energy into the grid

is not currently considered.

Let p(k) represent the unit energy price or a forecast thereof, and consider

a generic time horizon I(t, λ). The total energy drawn from the grid within

I(t, λ) is given by

EG(t, λ) =

t+λ−1∑

k=t

EG(k), (5.28)

and the total expected cost of energy in the same interval is equal to

C(t, λ) =

t+λ−1∑

k=t

p(k)EG(k). (5.29)

A Demand-Response model based on price-volume signals is considered in this

chapter. Such a model was introduced in [99] and is recalled next. A DR

program is modeled as a sequence of DR requests Rj , each carrying a time
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horizon I(hj , qj), a total energy bound Sj , and a monetary reward Rj . A

request Rj is satisfied if the total building consumption within I(hj , qj), i.e.,

EG(hj , qj), is less or equal to the threshold Sj. In this case, a monetary reward

Rj is granted.

Definition 5.1 A DR program F is a sequence of DR requests Rj, j =

1, 2, . . . , where Rj is the set

Rj = {I(hj , qj), Sj, Rj} , (5.30)

being I(hj , qj) ⊆ K and I(hj1 , qj1) ∩ I(hj2 , qj2) = ∅, ∀j1 6= j2.

The request Rj is satisfied if and only if

EG(hj, qj) ≤ Sj. (5.31)

For any given time horizon I(t, λ), let

F(t, λ) = {Rj : I(hj , qj) ⊆ I(t, λ)} , (5.32)

be the set of DR requests that occur within the time horizon. Moreover, define

J (t, λ) as the set of indices identifying such DR requests, i.e.,

J (t, λ) = {j : Rj ∈ F(t, λ)} . (5.33)

To each request Rj , let us associate a binary variable ζj ∈ B defined as

ζj =

{
1 if Rj is satisfied

0 otherwise.
(5.34)

The overall expected cost of operation of the building HVAC system within

the time horizon I(t, λ) under the DR program F , is therefore given by

CF(t, λ) = C(t, λ)−
∑

j∈J (t,λ)

ζjRj , (5.35)

i.e., the expected cost of energy minus the total reward for the satisfied DR

requests. LetM be an a-priori known upper bound to the total building energy

consumption per time step. Then, the set of constraints

CDR(t, λ) =
{
EG(hj , qj) ≤ ζjSj + (1− ζj)Mqj , j ∈ J (t, λ), ζj ∈ B

}
(5.36)

drives each variable ζj to 1 if the respective DR request can be fulfilled, and

to 0 otherwise.

The reader is referred to [99] for further details on this model and its MPC

implementation.
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5.4 Optimal HVAC and Storage Operation

Problem

The goal of this section is to devise an optimal schedule for the operation of

the overall system (HVAC, PV, thermal and electrical storage) in order to

minimize the building electricity bill under a DR program F , while preserving

comfort constraints. On a given interval I(t, λ), such a problem amounts to

the optimal manipulation of the control variables v(k), THPH

0 (k) [THPC

0 (k)],

PESS(k) for k ∈ I(t, λ) in order to minimize CF(t, λ). To this purpose, it

should be observed that the model is not linear in the above variables due

to (5.5). Nevertheless, the model becomes linear if h(k) instead of v(k) are

considered as decision variables. Once the optimal values h∗i (k) of hi(k) are

available for zone Zi, the corresponding optimal heat exchanger actuation is

given by

v∗i (k) =
h∗i (k)

κi (T SND(k)− Ti(k))
. (5.37)

In the formulation of the optimization problem, suitable forecasts or sensor

measurements ê(k) of the exogenous variables are assumed to be available.

Therefore, in the sequel, e(k) = ê(k).

5.4.1 Heating Mode Operation with Thermal Storage

In order to formulate the optimal operation problem in heating mode over a

time interval I(t, λ), the set of command variables UH(t, λ), where

uH(k) = [h′(k), THPH

0 (k), PESS(k)]′,

is considered. Moreover, sensor measurements Tm(k), T
TES
m (k), THPH

m (k),

EESS
m (k) of T(k), T TES(k), THPH(k), EESS(k), respectively, are assumed to

be available. Hence, the problem of minimizing the total energy cost CF (t, λ)

over the time interval I(t, λ) can be cast as a mixed-integer linear program

(MILP) as follows.
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Problem 5.1 Optimal combined heating/storage control under DR program

F .

Uopt
H (t, λ) = arg min

UH(t, λ)

ζj : j ∈ J (t, λ)

CF(t, λ)

subject to

CT (k), C(k), Ch
H(k), CH(k), C

ESS(k), CPV (k) ∀k ∈ I(t, λ)

CDR(t, λ)

(5.38)

5.4.2 Cooling Mode Operation

In cooling mode, the set of control variables amounts to UC(t, λ), where

uC(k) = [h′(k), THPC

0 (k), PESS(k)]′.

Sensor measurements Tm(k), T
HPC

in,m (k), THPC
m (k), EESS

m (k) of T(k), THPC

in (k),

THPC(k), EESS(k), respectively, are considered. The problem of minimizing

the total energy cost over I(t, λ) has the following formulation.

Problem 5.2 Optimal combined cooling/storage control under DR program

F .

Uopt
C (t, λ) = arg min

UC(t, λ)

ζj : j ∈ J (t, λ)

CF(t, λ)

subject to

CT (k), C(k), Ch
C(k), CC(k), C

ESS(k), CPV (k) ∀k ∈ I(t, λ)

CDR(t, λ)

(5.39)

5.4.3 Managing Constraint Violations and Uncertainty

The feasibility of the optimization problems introduced in the previous subsec-

tions cannot be guaranteed in general due to a number of circumstances that

may occur in real use cases. Among such factors are the presence of uncer-

tainties in the building component models, errors in sensor measurements or

exogenous variable forecasts ê(k), inappropriate sizing or faults of the HVAC

system, etc. Hence, a certain degree of constraint violation must always be

accepted. In order to mitigate this issue, a common approach in MPC is to

resort to soft constraints, that is, removing the relevant hard constraints and

replace them with penalization terms in the objective function. However, in
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complex scenarios such as the one dealt with in this chapter, designing suit-

able constraint penalization coefficients to be used in the cost function can

be a very difficult task, and the optimal solution of the relaxed problem may

turn out to be very sensitive to such design. To overcome this issue, a two-

step procedure is adopted in this chapter, which is based on the observation

that the constraints that may actually incur violations are the comfort con-

straints C(·). In the first step, such constraints are relaxed by introducing a

set of slack variables, and a modified version of Problem 5.1 or 5.2 is solved, in

which the objective to be minimized is the 1−norm of all constraint violations

over I(t, λ). In the second step, Problem 5.1 or 5.2 is solved replacing the

original comfort constraints with the optimal relaxed bounds computed in the

first step. Note that this substitution always ensures feasibility of the latter

problems.

In order to illustrate the procedure, the following set of positive slack variables

pertaining to each time interval I(t, λ) is introduced:

Ψ(t, λ) =
{
(ψi(k), ψi(k)), ψi(k) ≥ 0, ψi(k) ≥ 0, i = 1, . . . , m, k ∈ I(t, λ)

}
,

along with the relaxed constraint set

CΨ(k) =
{
T i(k)− ψi(k) ≤ Ti(k) ≤ T i(k) + ψi(k) ∀i = 1, . . . , m

}
.

Then, the following linear program, which is a modified version of Problems

5.1 and 5.2, is considered:

Problem 5.3

Ψfeas(t, λ) = arg min
Ψ(t,λ),U⋆(t,λ)

∑

k∈I(t,λ), i=1,...,m

ψi(k) + ψ
i
(k)

subject to

CT (k), CΨ(k), Ch
⋆ (k), C⋆(k) ∀k ∈ I(t, λ)

(5.40)

where ⋆ = H for heating mode (Problem 5.1) and ⋆ = C for cooling mode

(Problem 5.2). All other constraints (battery, DR, etc.) do not influence feasi-

bility and can be omitted. Notice that the optimum of Problem 5.3 represents

the minimum 1-norm of the constraint violations that must be accepted.

5.4.4 MPC Algorithm

The proposed control procedure is implemented in a receding horizion fashion

as the two-step optimization strategy in Algorithm 5.1.
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1 t = 0;

2 Acquire sensor measurements Tm(t), T TES
m (t), THPH

m (t) [THPC

in,m (t),

THPC
m (t)], EESS

m (t) and exogenous variable forecasts ê(k), k ∈ I(t, λ);

3 Solve Problem 5.3 for

Ψfeas(t, λ) =
{
(ψi

feas(k), ψi
feas

(k)), i = 1, . . . ,m, k ∈ I(t, λ)
}
;

4 Define the constraint set

Cfeas
Ψ (k) =

{
T i(k)− ψi

feas(k) ≤ Ti(k) ≤ T i(k) + ψi
feas

(k) ∀i = 1, . . . ,m
}
;

5 Solve Problem 5.1 [Problem 5.2] for Uopt
⋆ (t, λ) setting

C(k) = Cfeas
Ψ (k);

6 Actuate u
opt
⋆ (t);

7 t = t+ 1 and repeat from 2;

Algorithm 5.1: MPC controller implementation

Remark 5.1 At each step t, the proposed procedure consists of the solution

of an LP (Problem 3) and of a MILP (Problem 1 or 2) involving a number of

binary variables equal to the number of DR requests falling inside the prediction

horizon I(t, λ). In realistic scenarios, the number of integer variables in the

MILP is at most a few units [89] . The number of continuous variables as

well as of constraints in all optimization problems scales in a linear fashion

with the number of building zones. This makes the proposed procedure readily

applicable to real-world scenarios involving large-scale buildings consisting of

hundreds of zones, as demonstrated by the simulation experiments reported in

Section 6.4.

Remark 5.2 The formulation of the optimization problems involved in Algo-

rithm 5.1 does not take into account the constraint that the electrical storage

cannot charge and discharge simultaneously, i.e., that PESS+(k) and PESS−(k)

cannot be both nonzero. However, unless EESS(k + 1) = 0 or EESS(k + 1) =

E
ESS

, such condition is always met because the battery efficiency satisfies

ηESS < 1. On the contrary, when the battery state of charge hits one of the

bounds, PESS(k) can be set such that EESS(k+1) = 0 or EESS(k+1) = E
ESS

according to (5.19),(5.20).





Chapter 6

Numerical Simulations

In this chapter, numerical simulations and discussions for all the strategies are

presented. In Section 6.1, simulation results and discussion about algorithms

aimed at minimizing the daily peak power consumption are presented. In

Section 6.2, results concerning the pricing strategy are discussed, while in

Section 6.3, numerical results referring the procedure focused on the robust

operation of an industrial microgrid are provided. Finally, in Section 6.4,

numerical simulations about the techniques for HVAC energy management of

a smart building are presented.

6.1 EV Peak Power Minimization

To assess the performance of algorithms described in Chapter 2, numerical

simulations and comparisons have been performed.

6.1.1 Simulation Setup

A parking lot equipped with charging units is considered. The simulated sce-

nario covers 100 days with a sampling time ∆ = 10 minutes. EV arrivals

have been modeled through an exponential distribution with rate of 5 vehi-

cles per hour, while the desired energy to be charged has been taken from a

uniform distribution in the interval [10, 50] kWh. The parking time has been

chosen according to a triangular distribution with support [tfv − 12, tfv + 12]

with mean value tfv . We suppose that the parking lot is open to arrivals from

6:00 till 24:00, while departure may occur at any time. The nominal power

PEV
0 has been set to 11 kW, while the maximum power P

EV
is 22 kW. Charg-
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ing efficiencies have been set to 0.9 for all the vehicles, while the optimization

weights αv(t) are chosen according to (2.15)-(2.16).

The number of plugged-in vehicles changes during a day. For instance, the

evolution of plugged-in vehicles in the 48-th day of simulation is depicted in

Fig. 6.1. One may notice that vehicles starts to arrive in the parking lot from

6:00, while after 24:00 no more vehicle arrives and the number of charging EVs

quickly decreases.
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Figure 6.1: Number of plugged-in vehicles during the 48-th day of simulation.
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Figure 6.2: Power consumption of NCP (blue) and RHP (red) in simulation

day 48.

Let us recall the acronyms RHP and NCP which are related to the receding

horizon strategy with no a-priori information and the nominal charging policy,
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respectively. Moreover, let us call the procedure described in Section 2.5 as

receding horizon policy-prior (RHPP), the procedure presented in Section 2.6

as receding horizon with chance constraint (RHCC), and let the ideal charg-

ing policy (ICP) be the procedure aimed at minimizing the daily peak power

assuming all the future realizations of the uncertain variables are available.

It is clear that this charging strategy is unrealistic, since it relies on future

outcomes of stochastic variables. However, ICP will be useful for assessing al-

gorithm performance since it provides a lower bound for the daily peak power.

6.1.2 Simulation Results

To evaluate the effectiveness of RHP, the power schedules of NCP and RHP for

the simulation day 48 are depicted in Fig. 6.2. As it can be observed, RHP tries

to coordinate the vehicle charging to maintain the power consumption equal to

the current peak power γ̂. In Fig. 6.2, this corresponds to the intervals where

a flat behavior occurs. According to the condition in Line 6 of Algorithm 2.1,

power values below γ̂ are related to situations in which all the vehicles are

charging at the maximum power rate. In the considered day, RHP is able

to lower the NCP peak by 32.6 kW, corresponding to a relative peak power

reduction of about 12%.

In Fig. 6.3, daily peak powers of NCP and RHP are depicted. As stated in

Theorem 2.1, RHP cannot perform worse than NCP. Indeed, the daily peak

differences between the proposed procedure and NCP are represented by the

blue bars above the red ones. The peak power reduction provided by RHP

w.r.t. NCP in the simulated 100 days amounts to 24.1 kW, on average.
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Figure 6.3: Daily peak power of NCP (blue) and RHP (red).
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Figure 6.4: Daily peak power difference between RHP and RHPP.

Focusing on RHPP, its performance has been compared with that of RHP.

In particular, daily peak power differences between the two procedures are

reported in Fig. 6.4. It can be noticed that RHPP performs better than RHP

in most of the days. In fact, the peak power obtained by RHPP is on average

13.2 kW lower than of RHP (37.4 kW lower than NCP).

The effectiveness of the RHPP can be noticed also comparing it with ICP. In

Fig. 6.5, daily peaks of NCP, RHPP and ICP are reported. For ease of reading,

the peaks provided by ICP are sorted in ascending order, and those obtained

by NCP and RHPP are reported accordingly. It can be noticed that RHPP

performs well also when compared with the best admissible solution. Indeed,

knowledge of reliable statistical information about arrivals, charging time and

DEC, makes RHPP capable to provide peak powers close to the those given

by the benchmark charging policy. However, it is worthwhile to remind that

the ICP provides a lower bound on the peak power and it is not feasible from

a practical viewpoint since it depends on the knowledge of actual realizations

of stochastic variables.

To evaluate the improvement given by the introduction of the weights (2.14) in

the cost function, we will refer to the RHPP procedure. Specifically, in Fig. 6.6,

daily peak power differences between RHPP without weights and RHPP with

weights chosen as in (2.15)-(2.16) is depicted. As it can be noticed, the use of

weights leads to a reduction of the daily peak power, which, in the considered

simulation, amounts to 5.2 kW, on average.
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Figure 6.5: Daily peak power of NCP (blue), RHPP (red) and ICP (yellow),

sorted in ascending order of ICP.
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Figure 6.6: Daily peak power difference between RHPP without weights and

RHPP with weights.
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ε = 1% ε = 5% ε = 10%

Unsatisfied customers [%] 0.20 0.21 0.06

Peak reduction w.r.t. NCP [%] 18.57 18.80 18.82

Peak reduction w.r.t. RHPP [%] 4.29 3.68 4.85

Table 6.1: CSS-ε performance for different values of ε

To assess RHCC performance, several simulations by changing the tolerance

level ε have been carried out and results are summarized in Table 6.1. It can

be noticed that, RHCC strategy performs better with respect to both NPC

and RHPP.

In Fig. 6.7, the RHCC policy with ε = 10% has been compared with the

RHPP strategy. On average, the RHCC strategy provides a lower daily peak.

In this case, the peak reduction is on average 4.8 kW with respect to RHPP

(42.2 kW less than NCP).
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Figure 6.7: Daily peak power difference between RHCC with ε = 10% and

RHPP.

In Fig. 6.8, the charging schedule of one single vehicle is depicted. One may

observe that the algorithm, during the first charging period, lets the vehicle

LOC to be outside the satisfaction region due to and high power demand.

However, in the last time steps it recognizes that the vehicle departure is

more probable and then it brings the level of charge to the satisfaction region.

Another noticeable aspect is the number of violations obtained during simu-

lations. Indeed, the fraction of customer left not satisfied is much below the

chosen value of ε.
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Figure 6.8: Vehicle LOC dynamics by using RHCC with ε = 10% during the

48-th day.

Computational time and scalability issues

To validate the computational feasibility of the proposed algorithms, several

simulations with different EV arrival rates have been performed. Since the

time needed to perform a single iteration differs significantly whether condition

in Line 6 of Algorithm 2.1 holds or not, we only considered the worst case

setting when γ̃ > γ̂. In fact, in this case, the computation of the solution of

a linear program or a MILP is required. In Fig. 6.9, the mean time of each
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Figure 6.9: Mean computation time for an optimization loop using RHP

(green), RHPP (red) and RHCC (blue) with ε = 10%.

iteration is depicted for different EV arrival rates. It can be observed that
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Figure 6.10: Photovoltaic production in 10 simulated days.

the computational burden scales almost linearly with the EV penetration. It

is worthwhile to note that even for an arrival rate of 50 vehicles per hour all

algorithms require computation times much lower than the sampling time (10

minutes), which shows their actual potential for real applications. Simulations

have been performed using Matlab, the Yalmip toolbox [107] and the CPLEX

solver [108], on an Intel Core i7-9700 CPU @3.00 GHz, 16 GB RAM.

6.2 Energy Pricing Optimization

6.2.1 Simulation Setup

In order to validate the proposed procedure, numerical simulations have been

performed. It is assumed that the charging station is located in a commercial

center and it supplies energy from 4 : 00 till 24 : 00. The sampling time is

set to 10 minutes, i.e. ∆ = 1/6 hours, while the nominal charging power for

electric vehicles is 22 kW. The ESS capacity is 1000 kWh, while its maximum

charging and discharging power rates are 500 kW, with an efficiency η = 0.9.

Concerning the PV plant, its peak power is assumed equal to 90 kW. To

perform simulations, for each day the PV production has been scaled by a

uniform distribution in the interval [0.2, 1] (see Fig. 6.10). Fig. 6.11 reports the

EV arrival time distribution, while the probability distribution of the charging

time is shown in Fig. 6.12. By computing the convolution in (3.4), it is possible

to obtain the probabilities that a generic vehicle is in charge at a fixed time,

see Fig. 6.13.

The number of daily incoming vehicles has been modeled by a symmetric
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Figure 6.11: Arrival time distribution of incoming EVs.
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Figure 6.12: EV charging time distribution.

triangular distribution with NV = 100 and NV = 200, as shown in Fig. 6.14.

Concerning the daily profit, the fraction ρ has been set to 0.2, corresponding

to an earnings/cost ratio of 1.2, while the probability level ε is 10%. The

electricity price has been taken from the Italian electricity market [109].

6.2.2 Simulation Results

The considered setup has been simulated for 300 days. In Fig. 6.15, the re-

lation between β and the selling price for a generic day is depicted. In this

case, the best selling price is obtained when β is around 3.4%. To validate the

satisfaction of constraint (3.10c), the computed selling price and the battery

schedule obtained by using Algorithm 3.1 have been considered. In this sim-

ulation, the number of days where such constraint is not satisfied amounts to

14, corresponding to 4.67%.
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Figure 6.13: Probability to have a generic vehicle in charge at a fixed time.
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Figure 6.14: Probability distribution on the number of daily vehicles.
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Figure 6.15: Values of the selling price with respect to β (day 93).

About the selling price, on average it lies between the mean and the maximum

value of the daily electricity price, as shown in the box plots of Fig. 6.16.

In Fig. 6.17, the daily electricity price and daily selling price for day 93 are
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Figure 6.16: Left: Boxplot of the difference between the selling price and the

maximum of the energy price. Right: Boxplot of the difference between the

selling price and the mean of the energy price.
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Figure 6.17: Daily electricity price (blue) and daily optimal selling price (red).

To assess the performance of the receding horizon battery schedule, a com-

parison with respect to the one computed at the beginning of the day has

been carried out. Fig. 6.18 shows profiles of both the ESS energy schedules

in day 93. Notice that, during the first time period, both solutions almost

coincide because no vehicles have arrived yet. However, when vehicles start

arriving to the parking lot, the two profiles separate. During this day, the

receding horizon strategy provides an earnings/cost ratio of 1.24, while that

related to the battery schedule computed at the beginning of the day is 1.21.

As expected, in general, the receding horizon strategy outperforms the energy

schedule computed at the beginning of the day, see Fig. 6.19. Moreover, the

number of days when constraint (3.10c) is violated has been reduced to 4.
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Figure 6.18: Energy schedule in day 93. Top: PV production. Middle: ESS

energy schedule at the beginning of the day (blue) and receding horizon ESS

energy schedule (red). Bottom: Energy needed by the EVs.

6.2.3 Discussion

In the following, analysis and discussion about the presented results are re-

ported. First, it is worthwhile to note that the proposed technique exploits

the EV distributions without requiring limiting assumptions on them. This

means that the approach allows one to deal with different daily scenarios,

possibly accounting for weekdays, holidays, strikes, etc.

By looking at Fig. 6.20 (right), one may notice that the selling price computed

by Algorithm 3.1 at the beginning of a day leads to an earnings/cost ratio

greater than the required threshold, in general. This result fully agrees with

the requirements. In fact, the small number of days falling below the threshold

are less than the prescribed 10%-limit, but at the same time, it is greater than

zero, showing a low degree of conservativeness.

Once the selling price has been fixed, the proposed receding horizon algorithm

can be used to operate the ESS during the day. Such procedure takes advantage

of the knowledge of the random processes outcomes related to EVs, which are

clearly missing at the beginning of the day when Algorithm 3.1 is run. So, it

is expected that the daily profit obtained by the receding horizon procedure

outperforms that given by operating the ESS with the commands provided at

the beginning of the day. Such expectation has been confirmed by numerical

simulations as reported in Fig. 6.19, where the difference between the daily

earnings/cost ratio provided by the two procedures is shown. Besides, the

receding horizon algorithm shows better performance in terms of violations of

constraint (3.10c).
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Figure 6.19: Difference between the earnings/cost ratio obtained by the reced-

ing horizon procedure and that computed by Algorithm 3.1 at the beginning

of the day.
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Figure 6.20: Boxplot of the earnings/cost ratio for the receding horizon ESS

schedule (left) and the policy computed at the beginning of the day (right).

The green line denotes the required threshold.

Regarding the computation of the best value of β, notice that in order to

obtain the best selling price, its optimal value changes day by day on the basis

of the expected PV production and of the electricity price profile. Moreover,

as shown in Fig. 6.15, the flat behavior of the selling price around the optimal

value β∗, allows one to perform the grid search in Algorithm 3.1 with fairly

few iterations.

Concerning computational aspects, Algorithm 3.2 needs about 20 iterations to

return the optimal value of Problem 3.6, with a tolerance γε = 10−6, while the

loop in Algorithm 3.1 has been run over 100 equally spaced values between 0

and ε, i.e. with a resolution of 10−3. As previously stated, such a resolution is
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FU1 FU2 FU3 FU4 FU5 FU6 FU7

CHP system X X X X X X X

Boiler X X X X X

PV plant X X

Table 6.2: Distributed generation facilities assigned to each factory unit.

enough to obtain a value of sβ very close to the optimal one, see Fig. 6.15. In

the considered setup, Algorithm 3.1 takes on average 3.5 minutes to compute

the optimal selling price, while the receding horizon strategy performs one

iteration step in 0.18 seconds. Simulations have been run in MATLAB, the

optimization problems have been formulated using YALMIP [107] and solved

by CPLEX [108] on an Intel(R) Core(TM) i7-7700 CPU @3.60 GHz with 32

GB of RAM. Thanks to the low computational burden, both algorithms can be

effectively used in practical applications even with a larger number of incoming

vehicles.

6.3 Industrial Microgrid Management

In this section, an IMG is simulated in order to test the effectiveness and the

computational feasibility of the proposed approach presented in Chapter 4.

6.3.1 Simulation Setup

Simulations have been performed over three days with a sampling time ∆ = 1

hour, a standard prediction horizon λ0 = 4 hours and a chance constraint

failure tolerance level ǫ = 0.1.

An IMG composed of 10 buses and 7 FUs is considered, see Fig. 6.21. Factory

units are referred to as FU1 , . . . , FU7 and they may be equipped with CHP

systems, boilers, PV plants and EVs. DG facilities installed in each FU are

summarized in Table 6.2.

Technical data regarding DG systems and EVs are taken from [56]. Data of

CHP systems, that is, maximum and minimum active power generation, elec-

tric efficiency, waste heat factor and operational cost are reported in Table 6.3,

while technical data regarding boilers are given in Table 6.4.

Each PV plant is assumed to be coupled with an ESS able to store the power

in excess into batteries. Technical specifications about storage systems are
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Figure 6.21: Structure of the considered 10-bus industrial microgrid. “B”

denotes boilers while “PV” photovoltaic plants.

FU1 FU2 FU3 FU4 FU5 FU6 FU7

PCHP [kW ] 150 90 9 9 3 3 3

P
CHP

[kW ] 1500 900 90 90 30 30 30

ηCHP 0.27 0.34 0.31 0.31 0.30 0.30 0.26

αCHP 1.84 1.20 1.85 1.85 2.05 2.05 1.71

cCHP [ e
kW

] 0.006 0.009 0.013 0.013 0.018 0.018 0.015

Table 6.3: CHP systems technical data.

reported in Table 6.5.

Forecasts of factory load patterns, PV generation and heat requirements are

assumed to be known enough time in advance. The overall factory electrical

load and heat requirement are depicted in Fig. 6.22, whereas the overall PV

generation is reported in Fig. 6.23. The IMG is supposed to be equipped

with three types of EVs (light service vehicles, heavy service vehicles and large

industrial vehicles) each one divided in two subclasses. Technical data on EV

charging systems are reported in Table 6.6, while in Table 6.7, the number of

vehicles assigned to each FU is reported.

Daily arrival and departure schedules of EVs are reported in Table 6.8. The

actual arrival times of vehicles are taken from a symmetric triangular distri-
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FU1 FU2 FU3 FU4 FU6

P
B
[kW ] 800 400 80 80 80

ηB 0.8 0.85 0.85 0.85 0.83

Table 6.4: Boilers technical data.

FU1 FU2

EESS [kWh] 0 0

E
ESS

[kWh] 1000 250

P
ESS+

[kW ] 350 100

P
ESS−

[kW ] 350 100

ηESS 0.92 0.9

Table 6.5: ESS technical data.

Vehicle Type ηEV E
EV

P
EV

Light Service 1 0.88 16 23

Light Service 2 0.88 24 4

Heavy Service 1 0.9 170 24

Heavy Service 2 0.92 85 14

Large Industrial 1 0.95 100 100

Large Industrial 2 0.95 200 200

Table 6.6: EVs technical data.

FU1 FU2 FU3 FU4 FU5 FU6 FU7

Light Service 1 5 4 3 3 3 3 3

Light Service 2 10 4 4 4 4 4 4

Heavy Service 1 5 1 0 0 0 0 0

Heavy Service 2 8 4 0 0 0 0 0

Large Industrial 1 5 3 3 0 0 0 0

Large Industrial 2 5 2 0 0 0 0 0

Table 6.7: Number of vehicles for each FU.
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Figure 6.22: Top: overall FU electrical load. Bottom: overall heat requirement.

Figure 6.23: Overall photovoltaic generation.

bution with a support of 4 hours.

For all buses, the nominal voltage magnitude is set to 230 V , and the safety

limits are given by ±10% of the nominal value. The slack bus is constrained

to draw at most 6500 kW of active power from the grid and the constraints

on the reactive power are set to Qi = −Qi = 3150 kV AR. All the other buses

of the network are treated as load buses.

Electricity and gas prices have been taken from the Italian electricity market

[109] and they are depicted in Fig. 6.24. Notice that, electricity price changes

every hour while gas price is updated once a day.

6.3.2 Simulation Results

The results obtained by simulating the considered IMG show that the proposed

control strategy is able to efficiently manage all the grid components. From

the electrical point of view, in Fig. 6.25 (top), one may observe the relationship

among CHP production, PV generation and main grid power consumption. As

expected, when the electricity price is low, the IMG power is mostly drawn

from the main grid. In Fig. 6.25 (bottom), the total FU electrical demand
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Charging cycles

Vehicle Type 1 2

ta ta td ta ta td

Light Service 1 16:00 20:00 6:00 - - -

Light Service 2 16:00 20:00 6:00 - - -

Heavy Service 1 17:00 21:00 5:00 - - -

Heavy Service 2 16:00 20:00 6:00 - - -

Large Industrial 1 9:00 13:00 15:00 18:00 22:00 6:00

Large Industrial 2 10:00 14:00 16:00 20:00 0:00 5:00

Table 6.8: Arrival and departure time of vehicles.

Figure 6.24: Top: electricity price. Bottom: gas price.

is reported, as well as the overall EV charging profile, while in Fig. 6.26, the

state of charge of the storages related to FU1 and FU2 is depicted.

Moving the attention on the heat demand reported in Fig. 6.27, CHP systems

and boilers are employed to satisfy such constraint. In particular, boilers are

mainly used both when CHP systems saturate and when producing electrical

power through them is not convenient, e.g., around time 25. Concerning the

overall heat generation, it can be noticed that the total produced heat always

coincides with the requirement except around time 57, when the heat produced

by CHP systems exceeds the overall requirement.

In Fig. 6.28, voltage magnitudes of buses 4, 6 and 8 are depicted. It can be

observed that voltage magnitudes remain in the working range at all times.

The largest fluctuations can be observed at bus 8 (red), which is connected to

the most demanding FU, i.e. FU1.

In order to evaluate the performance of the proposed approach, a benchmark

consisting in Algorithm 4.1 without chance constraints (i.e., without lines 9-

12) is considered. The two algorithms have been compared over a three-day
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Figure 6.25: Electrical power side of the grid. Top: overall electrical power

supply. Overall CHP generation (blue), PV production (green), main grid

power consumption (red). Bottom: overall electrical power demand. Overall

FU load (red) and EV demand (blue).

Figure 6.26: State of charge of ESS at FU1 (red) and FU2 (blue).

simulation, showing similar overall costs, as reported in Table 6.9. On the

other hand, to assess the robustness of the two procedures, an increased EV

penetration has been considered. Under this new setting, the benchmark is

no more capable to satisfy grid constraints when the number of vehicles in-

creases of about 30%, while the proposed chance constraint approach is able to

guarantee an optimal grid operation even for a number of vehicles more than

doubled. Hence, thanks to the adopted chance constraint control strategy,

the optimization procedure can suitably manage the incoming vehicles with a

consequent improvement of the grid security.

Day 1 Day 2 Day 3 Total

Proposed procedure 8643.56 8457.12 9953.39 27054.07

Benchmark 8644.99 8461.27 9956.88 27063.13

Table 6.9: Grid operation costs [e] over three days.

In Fig. 6.29, the electrical power side of the IMG under double penetration of
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Figure 6.27: MG heat requirement (red), overall CHP thermal generation

(blue) and boiler heat production (green).

Figure 6.28: Voltages at buses 4 (blue), 6 (green) and 8 (red).

vehicles is depicted. In this setup, the grid is highly stressed. Indeed, the slack

bus and the CHP systems reach often their saturation limits due to the heavy

demand of EVs. However, the proposed algorithm enforces the feasibility of

the IMG network by spreading the EV charging process over the whole plug-in

time.

Figure 6.29: Electrical power side of the grid with double penetration of ve-

hicles. Top: overall electrical power supply. Overall CHP generation (blue),

PV production (green), main grid power consumption (red). Bottom: overall

electrical power demand. Overall FU load (red) and EV demand (blue).
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Regarding computational aspects, the proposed algorithm results to be largely

tractable. In fact, the time needed by an iteration amounts to about 7 seconds.

Simulations have been carried out using CVXPY [110] to model the problem

and MOSEK [72] to solve it on a Intel(R) Core(TM) i7-7700 CPU @3.60 GHz

with 32 GB of RAM.

6.4 Building Energy Management

In this section, results about the control techniques presented in Chapter 5 are

discussed. Heating and cooling operations are considered in Sections 6.4.2 and

6.4.3, respectively, while Section 6.4.4 is devoted to analyzing the performance

of the proposed method when inaccurate forecasts of exogenous variable are

available. A discussion of the results is given in Section 6.4.5.

6.4.1 Simulation Setup

The simulated test structure is an 8-floor building divided in 126 zones (Fig. 6.30)

located in Turin, Italy. The first two floors are devoted to commercial and office

activities, respectively, while the remaining floors are assigned to residential

apartments. Plans of the three types of floors are reported in Fig. 6.31.

The building is equipped with a PV plant, an electrical storage system and two

heat pumps used for heating and cooling purposes, respectively. The heating

system is also equipped with a TES to enable hot water storage. Heating and

cooling circuit schemes are shown in Fig. 6.32 and 6.33. The building has been

designed using DesignBuilder [111] while simulations have been performed via

EnergyPlus [101] connected to Matlab through the Building Controls Virtual

Test Bed (BCVTB) [112]. Building features are reported in Table 6.10, while

materials are summarized in Table 6.11. The energy price time series p(k)

has been taken from the Italian electricity market [109]. The EnergyPlus

simulation model is assumed as the real building. The sampling time ∆ is set

to 10 minutes, while the horizon length used by the MPC is fixed to 12 hours,

corresponding to 72 samples, i.e., λ = 72 in Algorithm 5.1.
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Figure 6.30: Rendering of the building used in test cases.

Figure 6.31: Plans of the building floors: commercial (left), office (middle),

residential (right).

Figure 6.32: Scheme of the heating circuit.
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Figure 6.33: Scheme of the cooling circuit.

6.4.2 Winter Season Simulation - Heating Operation

Results

The thermal behavior of the building has been modeled as in Section 5.3.1 by

means of the autoregressive model (5.1)-(5.2). To this purpose, it is appropri-

ate to define the exogenous input vector e(k) as

e(k) = [TA(k) I(k) I2(k) I(k)TA(k) G′(k)]′

where TA(k) is the outside air temperature, I(k) is the solar irradiance and

G(k) denotes the vector of internal heat gains of the building zones due to

human occupancy, lighting and equipments.

For this model, an identification experiment has been performed over a time

horizon of 18 days, which have been split in 14 days for estimation and 4 for

validation. For each building zone, a coupled model involving all neighboring

zones has been employed. The standard Best FIT index (FIT) defined in

[113, 114] has been used to assess the quality of the estimated model. The

average value of the FIT index for all the identified building zones is 75%,

68% and 66%, for 1, 6 and 12-hour ahead predictions, respectively. For a

qualitative evaluation, in Fig. 6.34, the 6-hour ahead prediction of the internal

temperature of an office zone is compared with the real behavior during the
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Building Component Value

Weather and Location Turin (Italy)

Floor Area [m2] 375

Floor [#] 8

Zone [#] 126

Window to Wall Ratio [%] 20

Solar Transmittance [%] 30

Internal Loads

Occupants [#] 120

Lighting [W/m2] 4.00

Equipment [W/m2] 3.25

Heating: Heat Pump

Heating Capacity [kW ] 389

Heating Power Consumption [kW ] 82

TES Volume [m3] 8

Cooling: Heat Pump
Cooling Capacity [kW ] 389

Cooling Power Consumption [kW ] 82

Electric Energy Storage

Capacity [kWh] 28

Max Charging Rate [kW ] 24

Max Discharging Rate [kW ] 24

PV Plant

Panels [#] 5

Plant Surface Area [m2] 100

Plant Peak Power [kW ] 10

Table 6.10: Test building characteristics

External Walls Internal Walls

Outside Layer Brickwork/100 Gypsum plaster/13

Layer 2 Extruded polystyrene/80 Brickwork/10

Layer 3 Concrete block/100 Gypsum plaster/13

Layer 4 Gypsum plaster/15

Floor Roof Windows

Outside Layer Extruded polystyrene/30 Plywood/10 Generic LoE/6

Layer 2 Cast concrete/300 Glass wool/100 Air/6

Layer 3 Cast concrete/10 Generic Clear/6

Layer 4 Gypsum board/13

Table 6.11: Test building construction materials (name/thickness [mm])

model validation phase.

Concerning the TES, model (5.12)-(5.13) has been identified, and the associ-

ated FIT index turns out to be over 90% even for 12-hour ahead prediction.

The PV plant has been identified by employing model (5.25).
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Figure 6.34: Thermal model identification. Comparison between real zone

temperature (blue) and 6-hour ahead prediction (red) over the four-day vali-

dation period.

hj qj Sj [kWh] Rj [e]

R1 107 5 37 3.6

R2 178 6 40 4.4

R3 325 3 6 2.8

Table 6.12: Winter season - DR program

Depending on the type of zone (commercial, office, residential), different com-

fort constraints are enforced. For commercial and office zones, temperature

bounds are set to 20-24°C from 8:00 to 18:00, and 15-24°C elsewhen. Bounds

for residential zones are 20-24°C from 7:00 to 9:00 and from 19:00 to 01:00,

and 15-24°C otherwise. It is worthwhile to note that such bounds can be freely

adjusted for each zone to adapt to real scenarios.

A 3-day simulation has been performed to evaluate the proposed control strat-

egy. The price/volume DR requests in the considered period are assumed to be

known one day in advance [89] and are reported in Table 6.12. The identified

model has been used by the MPC to generate fan input signals, HP setpoints

and ESS charging/discharging commands, while real measured data have been

generated by the EnergyPlus simulation of the designed building.

At this stage, perfect knowledge of exogenous inputs is assumed. Such an as-

sumption, although not realistic, has been enforced to better assess the quality

of the proposed technique. Simulations in presence of uncertain forecasts will

be analyzed in detail in Section 6.4.4.

In Fig. 6.35, outdoor temperature TA and solar irradiance I for the considered
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days are reported, while in Fig. 6.36, TES temperature T TES, HP setpoint

THPH

0 , ESS state of charge EESS, energy drawn from the PV plant ÊPV ,

unit energy price p and total energy drawn from the grid EG are shown. In

Fig. 6.37, the temperature profiles Ti(k) of three different sample zones are

depicted along with the required comfort bounds [T i, T i] and fan actuation vi.

It can be noted that the zone temperatures lie within the comfort bounds with

small deviations. Indeed, the average bound violation of the worst performing

zone over three days is about 0.13°C, see Table 6.13. Notice that, since exact

input forecasts are assumed, such infringements are due to modeling errors.

This demonstrates the ability of the bound relaxation technique in Section 5.4.3

to manage unpredictable bound violations by pushing the zone temperatures

back within the prescribed bounds in a short time after the violations occur.

It is worthwhile to recall that keeping air temperature within hard comfort

bounds at all times is unfeasible for any conceivable control strategy due to

modeling errors and/or unpredictable disturbances. In Table 6.13, numerical

values of total cost, DR rewards, and comfort bound violations are reported.
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Figure 6.35: Heating operation mode simulation. Meteorological inputs. Top:

Outdoor temperature. Bottom: Solar irradiance.

Cost without DR [e] 136.14

No. of fulfilled DR requests 2

DR reward [e] 8.00

Overall cost with DR [e] 128.14

Worst zone average bound violation [°C] 0.139

Table 6.13: Heating operation mode - Simulation results over 3 days
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Figure 6.36: Heating operation mode simulation. DR requests are depicted in

green if fulfilled, in orange otherwise. Top: energy price (blue) and building

energy consumption per time step (red). Middle: ESS state of charge (blue)

and energy provided by the PV plant (red). Bottom: TES internal temperature

(red) and HP setpoint (blue).
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Figure 6.37: Heating operation mode simulation. DR requests are depicted

in green if fulfilled, in orange otherwise. Zone internal temperature (blue),

comfort bounds (black), fan speed (red dots). Top: commercial zone. Middle:

office zone. Bottom: residential zone.
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To further assess the performance of the proposed procedure, a standard ther-

mostatic controller with 0.5°C hysteresis has been used as a benchmark. Since

thermostatic control is clearly unable to track step variations of the comfort

constraints, preheating/precooling is performed with suitable advance in order

to provide a fair comparison. Moreover, when thermostatic control is in place,

the ESS is operated in the following fashion: if the power currently produced

by the PV panels exceeds that needed by the HP, the surplus is stored in

the battery, otherwise the controller draws power from the battery in the first

place, and then from the grid. Since DR requests cannot be handled by ther-

mostatic control, simulations in absence of DR programs have been performed

for the sake of fairness.

In Table 6.14, the total cost is summarized for both strategies along with the

average bound violation of the worst performing zone. In the considered days,

the total cost achieved by adopting the proposed control technique turns out

to be 25.49% less than that obtained by the benchmark.

Proposed MPC Thermostatic Control

Overall cost [e] 136.64 183.39

Worst zone average
0.139 0.142

bound violation [°C]

Table 6.14: Heating operation mode simulation - Comparison with thermo-

static control (without DR)

6.4.3 Summer Season Simulation - Cooling Operation

Results

As described in Section 5.3.2, the problem structure for cooling mode is sim-

ilar to the heating case, with the exception that no TES is assumed to be

present. The identified models used under this condition have been obtained

in a similar manner. A model for the dynamics of the fluid temperature at

the HP inlet (THPC

in ) is identified according to (5.17)-(5.18), and the resulting

FIT index turns out to be over 80% for 12-hour ahead predictions. This step

is not explicitly needed for the heating case since, according to (5.8), the fluid

temperature at HP inlet is the same as the TES temperature T TES.

For commercial and office zones, comfort bounds are set to 22-24°C from 8:00

to 18:00, and 22-28°C elsewhen. Bounds for residential zones are 22-24°C from

7:00 to 9:00 and from 19:00 to 01:00, and 22-28°C otherwise.
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In Table 6.15 and Fig. 6.38-6.39, the results of a three-day simulation are

summarized. In Table 6.16, the comparison with the thermostatic controller

is shown. As for the winter season, the proposed MPC reduces the cost by

35.67% with respect to the benchmark, still maintaining similar zone comfort.

Cost without DR [e] 79.68

No. of fulfilled DR requests 3

DR reward [e] 6.40

Overall cost with DR [e] 73.28

Worst zone average bound violation [°C] 0.145

Table 6.15: Cooling operation mode - Simulation results over 3 days

0 10 20 30 40 50 60 70

22

24

28

T
em

pe
ra

tu
re

 [°
C

]

0

0.39

0.78

0

0.39

0.78

F
an

 A
ir 

F
lo

w
 [m

3
/s

]
0 10 20 30 40 50 60 70

22

24

28

T
em

pe
ra

tu
re

 [°
C

]

0

0.21

0.42

0

0.21

0.42

F
an

 A
ir 

F
lo

w
 [m

3
/s

]

0 10 20 30 40 50 60 70

Time [h]

22

24

28

T
em

pe
ra

tu
re

 [°
C

]

0

0.03

0.06

0

0.03

0.06

F
an

 A
ir 

F
lo

w
 [m

3
/s

]

Figure 6.38: Cooling operation mode simulation. Zone internal temperature

(blue), comfort bounds (black), fan speed (red dots) and fulfilled DR requests

(green). Top: commercial zone. Middle: office zone. Bottom: residential zone.

Proposed MPC Thermostatic Control

Overall cost [e] 76.74 119.29

Worst zone average
0.156 0.169

bound violation [°C]

Table 6.16: Cooling operation mode simulation - Comparison with thermo-

static control (without DR)
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Figure 6.39: Cooling operation mode simulation. DR requests are depicted in

green if fulfilled, in orange otherwise. Top: energy price (blue) and building

energy consumption per time step (red). Middle: ESS state of charge (blue)

and energy provided by the PV plant (red). Bottom: HP setpoint (blue) and

fluid temperature at HP inlet (red).

6.4.4 Performance Analysis Under Uncertainties

Up to this point, exact forecasts of the exogenous inputs e have been consid-

ered. Such an assumption is not acceptable in a realistic scenario for weather

variables and zone internal gains. On the contrary, it is reasonable to assume

that energy price is exactly known one day in advance, as well as the daily

DR program [89]. For these reasons, simulations have been performed to eval-

uate how the proposed technique is sensitive to forecasting errors in outdoor

temperature, solar irradiance and internal gains.

In a real scenario, predictions of external temperature are provided by national

weather forecast services. Outdoor temperature forecasting errors have been

simulated as follows. First, a second-order autoregressive model has been used

to compute the noise signal

d(k) = a1 d(k − 1) + a2 d(k − 2) + ε(k), k = 0, . . . (6.1)

where a1 and a2 are the model coefficients and ε is a zero-mean Gaussian dis-

tributed random variable. Notice that it is quite common to use autoregressive

systems to model temperature uncertainty, see e.g., [115]. Then, denoting by



6.4 Building Energy Management 105

TA
true the real temperature profile, the temperature forecast T̂A to be used by

the MPC has been obtained as

T̂A(k) = TA
true(k) + d(k)

k − t

λ
, k = t, . . . , t+ λ . (6.2)

Notice that T̂A(t) = TA
true(t), since the outdoor temperature is measured. On

the other hand, the term k−t
λ

takes into account the fact that forecasting accu-

racy decreases with time. State-of-the-art models for temperature forecasting

are able to generate day-ahead estimates with an error of about 2°C [116].

Hence, the coefficients in (6.1) have been chosen conservatively in order obtain

a maximum error of 3°C over a 12-hour ahead prediction.

To test the behavior of the proposed control law, a number of uncertain input

profiles have been generated and used in simulations. In Fig. 6.40, five different

12-hour ahead forecasts are reported, along with the true temperature profile.
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Figure 6.40: Real outdoor temperature (black thick line) and five simulated

forecasts (colored thin lines) at a given time.

Predictions of solar irradiance have been obtained by multiplying the real

irradiance by a signal generated as in (6.1). In Fig. 6.41, different profiles of

solar irradiance predictions are reported along with the actual signal.

To obtain forecasts on zone internal gains, a noise signal as in (6.1) has been

added to the real internal gain, by saturating the perturbed signal to 0. In

Fig. 6.42, the true internal gain is depicted for each zone type along with five

forecasts.
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Figure 6.41: Real solar irradiance (black thick line) and five simulated forecasts

(colored thin lines) at a given time.
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Figure 6.42: Real internal gains (black thick line) and five simulated forecasts

(colored thin lines) at a given time. Top: Commercial zone. Middle: Office

zone. Bottom: Residential zone.

Twenty simulations in heating mode have been generated for each uncertain

input. In Table 6.17, the worst-case value of the total cost and of the average

comfort bound violation of the worst performing zone are reported. Inaccurate

forecasts are considered both individually and combined. The box plots related

to the overall cost for the considered scenarios are shown in Fig. 6.43.

It can be noticed that the presence of inaccurate forecasts may raise the overall

cost up to 7.79% with respect to the nominal case, while the difference on
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comfort is negligible. The latter fact shows the ability of the control algorithm

to minimize the thermal discomfort when unexpected situations occur.

Overall cost [e] Worst zone average
bound violation

[°C]

Exact forecast 136.64 0.139

Uncertain forecast on
external temperature

144.82 0.141

Uncertain forecast

on
solar irradiance

144.98 0.144

Uncertain forecast

on
zone internal gains

143.90 0.144

Uncertain forecast

on
all three inputs

147.28 0.146

Table 6.17: Simulation results for exact and inaccurate forecasts (worst-case

over 20 realizations)
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130

132

134

136

138

140

142

144

146

148

Figure 6.43: Box plot of the total cost in presence of uncertain forecasts over

20 simulations. The three sources of uncertainty are considered once at a time

and at the same time. The green line refers to the result for exact forecasts.
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6.4.5 Discussion

In this section, the results of the simulation experiments are analyzed and

discussed.

Let us first consider the simulation reported in Section 6.4.2, corresponding

to winter season and perfect knowledge of exogenous inputs. The identified

models are able to predict the system dynamics accurately. As expected, the

performance indexes decrease as the prediction horizon grows, yet they remain

on acceptable values. Moreover, it is worth remembering that in a receding

horizon approach, predictions are updated at each time step, thus making it

possible for the control algorithm to adapt against inaccuracies on long-term

forecasts.

Concerning the control system simulation in Fig. 6.36, it can be observed that

the ESS and the TES are charged and discharged twice a day in order to

take advantage of electricity price fluctuations. Moreover, it is apparent that

both the ESS and the TES play an important role in order to satisfy DR

requests. From Fig. 6.36 and 6.37, it is apparent that the last DR request is

not fulfilled, meaning that consumption reduction during the DR interval is not

deemed profitable by the controller. In Fig. 6.37, one can see that the comfort

bounds are mostly satisfied. In this case, since exact forecasts are assumed,

bound violations are only due to discrepancies between the real system and the

identified model. However, the magnitude of such bound violations is almost

negligible. In fact, as reported in Table 6.13, the average bound violation for

the worst zone is less than 0.14°C. The proposed control technique leads to a

total cost which is 25.49% less than that obtained by standard thermostatic

rules, as reported in Table 6.14. Since the benchmark cannot exploit the

knowledge of DR requests, no DR program has been assumed in this case to

ensure a fair comparison. Of course, the gap between the two strategies in the

presence of DR programs is larger.

Since the assumption of exact forecasts is unrealistic, the cost associated to

the benchmark controller is also compared with that obtained by the MPC

under inaccurate input predictions. To this purpose, Table 6.17 and Fig. 6.43

show that the MPC cost under uncertain forecasts does not change signifi-

cantly w.r.t. the nominal one. In fact, the maximum cost under inaccurate

forecasts is less than 8% greater than that obtained for exact forecasts. This

is a consequence of the receding horizon strategy, which implies that only the

prediction errors occurring in the near future significantly affect the perfor-
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mance. This makes the proposed approach intrinsically robust to uncertainty,

since short-term forecasts are usually quite accurate. In addition to affect-

ing the total cost, uncertainty also plays a role in the preservation of zone

temperature comfort bounds. However, this effect is mitigated by the MPC

implementation described in Section 5.4.3, as it is clear from Table 6.17, which

shows that only a slight increment of discomfort occurs in the presence of un-

reliable forecasts. Similar considerations can be made for the results obtained

in cooling operation, i.e., in summer season.

A final remark concerns the computational burden associated with the con-

troller implementation. For the considered 126-zone building, the time required

for computations at each step (i.e., every 10 minutes) is about 15 seconds

showing that the proposed algorithm can be efficiently adopted in large-scale

applications. Computations have been performed using CPLEX [108] to solve

the LPs, on an Intel(R) Core(TM) i7-7700 CPU @3.60 GHz with 32 GB of

RAM.





Chapter 7

Conclusions

In this thesis, uncertainties affecting EVs and smart buildings have been han-

dled through optimization techniques providing cost reduction and feasible

grid operation. Concerning EVs, optimization problems are mostly based on

chance constrained programs. Regarding buildings, an optimization problem

based on receding horizon approach has been formulated to guarantee robust

performance against environmental uncertainties.

In Chapter 2, three algorithms aimed at the daily peak power minimization

of an EV charging station have been proposed. The first algorithm does not

assume any available information on uncertain variables, while the second one

exploits some statistical knowledge on vehicle arrivals, departures and desired

energy to charge. Lastly, in the third algorithm the typical constraint on

customer satisfaction is relaxed through a chance constraint approach. All

procedures have been formulated in a receding horizon framework and rely on

the solution of a linear programming/MILP problem, which provides the op-

timal charging power for each connected vehicle at each time step. Numerical

simulations and comparisons show the effectiveness of the devised techniques,

as well as the computational feasibility for implementation in real applications.

Further studies will address the problem of peak power reduction in EV charg-

ing stations coupled with distributed generation or in the presence of demand

response, and refinements on load forecasting possibly through optimization

techniques.

To derive a proper energy pricing strategy under uncertain EV demand, in

Chapter 3 a chance constrained optimization problem has been formulated.

The resulting chance constraint is based on probability distributions that char-

acterize the EV daily behavior. A tractable formulation of the original problem
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has been derived, and a procedure to compute the optimal selling price has

been devised. While the selling price is computed at the beginning of the day,

during the day a receding horizon strategy to operate the ESS exploiting the

realizations of the EV random processes has been designed. Results show that

such approach is fairly tight. In fact, on average, the daily profit is reason-

ably close to the required value, while the chance constraint is tightly satisfied.

Concerning the receding horizon strategy, the adapted schedule leads to better

performance, in general. Moreover, the amount of chance constraint violations

is reduced. Future developments will address more complex scenarios, where

uncertainty on renewable forecasts and on electricity price are explicitly taken

into account. Moreover, charging stations equipped with vehicle-to-grid facili-

ties can be considered, as well as the participation of the parking lot in demand

response programs. One more research direction is related to competitive en-

vironments, where the energy pricing problem will be analyzed by considering

the presence of other players involved in the charging service.

In Chapter 4, a receding horizon approach to the optimal control of an IMG

in presence of EVs has been presented. To deal with the uncertainty affecting

the arrival times of EVs, a chance constraint approach has been developed

and a suitable relaxation technique has been adopted. Simulations involving a

10-bus industrial microgrid have been performed. The proposed approach has

been compared with a deterministic method which does not employ chance

constraints. Results show that the overall energy bill is similar for both ap-

proaches. However, the proposed method outperforms the benchmark when

looking at robustness in the presence of high EV penetration. In fact, the

benchmark is able to handle EV increase of about 30%; after that network

stability is no more guaranteed, while the algorithm based on chance con-

straints can manage EV growth of more than 100%, thus showing better ro-

bustness features. Future developments may involve the use of different kind

of techniques for dealing with uncertainty, like for instance, scenario-based

approaches. Moreover, uncertainties on vehicle departure times and on other

aspects of the IMG (e.g., uncertain FU load profile and uncertain PV genera-

tion forecasts) can be considered as well.

Finally, in Chapter 5 the problem of optimizing the electrical energy bill of a

building integrating a centralized HVAC, thermal and electrical storage facil-

ities, and PV generation has been addressed. Participation in a DR program

has also been considered. The proposed approach exploits a receding horizon

MPC strategy involving at each step the solution of an LP and of a MILP
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with a number of integer variables equal to the number of DR requests in-

cluded in the prediction horizon. The procedure can be fruitfully applied

to large-size buildings. Experimental validation using a realistic simulation

framework has been carried out. Further studies may address more complex

setups in which the building is considered as a microgrid in its own right,

including electric vehicles, appliances and other kinds of loads. Special at-

tention to active/reactive power flow should be paid in this case in order to

guarantee the satisfaction of electrical constraints. More general DR scenarios

may also be addressed, such as the presence of incentives for keeping energy

consumption above a minimum, which can be efficiently achieved using stor-

age facilities. Finally, different methods for handling uncertainty, like chance

constraints or scenario-based approaches, will be investigated and compared

with the method proposed in this chapter. To this purpose, suitable problem

formulations and related relaxations will be studied to enable such techniques

to manage large-scale buildings.
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