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H I G H L I G H T S

∙ EV Parking lots (PLs) provide flexibility to distribution system operators (DSOs).

∙ The PL operator uses stochastic optimization to determine flexibility margins.

∙ The DSO uses PLs and PVs flexibility for multi-objective optimized operation.

∙ The DSO optimization ensures energy recovery by PLs after flexibility.

∙ A coordinated decentralized solving algorithm is proposed for DSO optimization.
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A B S T R A C T

Distributed energy resources (DERs) can provide flexible services to enhance the operation of distribution net-

works (DN). This study uses flexibility models for photovoltaic (PV) systems and electric vehicle (EV) parking lots 

(PL). A stochastic optimization model calculated the day-ahead PL consumption profiles and the maximum avail-

able flexibility for each 15-minute interval. The model assumes that flexibility provision is followed by energy 

recovery periods to maintain EV charging services. The distribution system operator (DSO) uses these flexibilities 

to optimize DN operation through a multi-objective formulation that accounts for both technical and economic 

factors. The optimization problem is based on a multi-period formulation to consider the effect of PL energy 

recovery at future intervals. The problem is decomposed using the Alternating Direction Method of Multipliers 

(ADMM) for a decentralized solution. Results are presented for three cases simulating 24-hour operation of IEEE 

123-node test feeder, with four PLs and 15 PV systems. The results show improvements in voltage profiles and 

associated costs by comparing the priority weights for the two objectives. It was also shown that it is possible to 

modulate the contribution of flexible service purchases, both to the improvement of the voltage profile and to 

the cost, by varying the number of iterations of the ADMM algorithm.

1. Introduction

1.1. Background and motivation

The evolution of the power system is driving distribution system op-

erators (DSOs) to request various flexibility services from distributed

energy resources (DERs) [1]. The sources of flexibility useful to the 

DSOs are often small in size and some form of aggregation is required; 

in addition, the flexibility useful to DSOs is distinctly local [2].

One of the most widespread DERs is represented by PV systems. They 

can provide flexibility by varying their reactive power injection or by
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Nomenclature 

Δt Single time period duration of 15 minutes (in h)

𝑛r ec Predefined number of subsequent intervals to recover the 

power change after a flexibility interval

𝑃 𝐹 Power Flow

PL flexibility model

𝜔 ∶ Scenario index

𝜋 

𝜔 Probability of scenario 𝜔
𝐸 

𝜔,𝑡
S+ Total energy stored in the EVs arriving in the parking lot at time

t (in kWh)

𝐸 

𝜔,𝑡
S- Total energy leaving the parking lot due to EV departures at

time t (in kWh)

𝐸 

𝜔,𝑡
S net Net batteries energy stored by the EV  at the end of period 𝑡 (in

kWh)

𝐸 

𝜔, 𝑡
ini,𝑗 Initial energy of t he EVs arriving in period 𝑗 and leaving in pe-

riod 𝑡 (in kWh) (𝑗 = 0 indicates that the relevant EVs are

already parked when the optimization horizon begins) 

𝐸 

𝜔,𝑡
V2V 

Energy associated with V2V exchanges in  period 𝑡 (in kWh) 

𝑃 

𝜔,𝑡 Power absorbed from the grid (limited by 𝑃 max 

) (in kW)

𝑃 

𝜔,𝑡
max 

Sum of the maximum power of the EV charging stations in use

at time t (in kW) 

𝑃 

𝜔,𝑡
ref 

Reference lot consumption profile of parking  (in kW)

Δ𝑃 

𝜔,𝑡 ,flex up   

𝜔,𝑡
 

Δ𝑃flex down 

Flexibility margins at time t (in kW)

𝐶 

𝜔,𝑡
S 

Cost energy of using of the initial  stored in the vehicles (in

€/kWh) 

𝑊 

𝜔,𝑡
𝑓 𝑙𝑒𝑥 Revenue associated with the provision of the maximum flexi-

bility at time t (in €/kWh) 

𝜌𝑡TOU Time of use tariff for t he purchase of energy from the grid, at

time t (in €/kWh) 

𝜌 𝜇 

 Tariff for the use of the initial energy  in the entering EVs (in

€/kWh)

𝜌𝑡flex Tariff for the provision of the flexibility service (in €/kWh)

𝜇 

𝜔,𝑡 Fraction of the initial energy used to ensure that a minimum en-

ergy margin 𝑒 min 

is maintained in the EV batteries at time

t

𝜂 ch Efficiency of the EV batteries charging from the grid

𝛿 Battery self-discharge rate

𝑙 

𝜔, 𝑡
V2V Vehicle-to-vehicle charge transfer losses at time t (in kWh)

𝑡 flex Flexibility time period

+𝑛  

 flex Additional consecutive period of flexibility

PV flexibility model

𝐼 

𝑡
ℎ 

Solar irradiance  at time t 

𝜂𝑝𝑣 

ℎ 

Efficiency of conversion of the PV system

𝑃 

𝑡 , 𝑄 

𝑡
pv pv Active and reactive power of PV system at time t (in kW

and kvar)

𝑃 

𝑡
𝑝𝑣 𝑚𝑎𝑥, ℎ Maximum active power produced by the ℎ𝑡ℎ 

 PV at time t 

(in kW)

𝑆𝑝𝑣 

ℎ 
Surface area of the  PV system 

DSO voltage optimization model

𝝀 𝑗 Vectors of Lagrange multipliers of the subproblem of the 𝑡ℎ𝑗  

         VCZ

𝝎 𝑗 Vectors of additional variables of the subproblem  

 of the 𝑗 

𝑡ℎ VCZ
PN Pilot node

VCZ Voltage control zone

Δ𝑄𝑝𝑣 ,𝑡
,flex up Δ𝑄𝑝𝑣 ,𝑡

flex down Up and down reactive flexibility margins of PV       

at time t (in kvar) 

Δ𝑃 𝑝𝑣 ,𝑡
fle x The active flexibility margin of PV at time t, achieved by

curtailing the maximum generated active power (in kW) 

Δy𝑡 

pn 

 

           Vector of variations of PN voltages at time t (in p.u.)

𝑃  

 

𝑡
pl 

Active power absorbed by the EV parking lot at time t  (in kW)

𝑃 

𝑡 ,flex up 𝑃 𝑡
 flex down 

Variables representing  the up and down flexibility of 

parking lot used at time t (in kW) 

𝑏 

𝑡
DSO Allocated budget of the DSO at time t for voltage regulation

service (in €) 

𝑐 

𝑡 , 𝑐 

𝑡
pl pv Linear cost  functions of PL and PV, respectively, at time t

Γ pv 

, Γ evpl, Γload 

 

Matrices of voltage sensitivity coefficients of PVs, 

EVPLs and loads, respectively
𝑛𝑅̄ r ec 

,𝑡 𝑛 ,𝑡
 down 

, 𝑅̄  rec  

 

 up Active power recovered, at time t, for the up and down 

flexibilities used in the previous 𝑛 𝑟𝑒𝑐   

 

periods (in kW)

𝑉 

𝑡 

pn,𝑖 PN Voltage of VCZ 𝑖 at time t 

x 

𝑡
pv Vector of active and reactive powers provided by 𝑁𝑝𝑣  

 

PV systems

at time t (in kW)

x 

𝑡
flex pv 

Vector of PV active power flexibility provided at time t (in 

kW)

x 

𝑡
pl Vector of active power absorbed by PLs at time t (in kW) 

x 

𝑡
flex up 

Vector by of active power upward flexibility provided  PLs at

time t (in kW) 

x 

𝑡
flex down 

Vector of active power downward flexibility provided by       

PLs at time t (in kW)

curtailing their active power injection with respect to their maximum 

power extraction. The former method does not present operational costs 

whereas the active power curtailment reduces the income related to the 

generated energy. Another type of DER that provides effective flexibility 

is represented by battery storage systems (BSSs). However, the initial 

investment for installing BSSs is relatively high.

An alternative to BSSs is represented by electric vehicles (EVs) con-

nected to the grid for charging. In this case, the storage system is already 

available for transportation purposes, while offering the flexibility ser-

vice can provide an income to EV owners when the EV is connected 

to the grid [3]. As a drawback, the EVs are small-sized batteries and 

scattered over the network; therefore, their aggregation is required to co-

ordinate the operation between the DSO and EVs [4]. By addressing this 

challenge, the increased presence of EVs, rather than imposing signifi-

cant stress on the existing power distribution system, can be leveraged 

as a flexible resource that offers potential economic benefits to various 

stakeholders in the energy market [5]. In this regard, the case of parking 

lots (PLs) is of particular interest because it represents a natural aggrega-

tion of numerous EV chargers. As a drawback, the active power absorbed 

by a PL is random in nature.

In this framework, the following are the key issues that research is 

tackling:

– identifying an appropriate stochastic model of the PLs operation and

a management tool that allows optimization of power absorption, 

with the objective of providing flexibility to the distribution system 

while guaranteeing the EV charging service [6];

– formulating multi-objective problems for the optimal operation of

the distribution system, with the aim of pursuing technical ob-

jectives, such as optimal voltage profile of the distribution grid

or maximum security margin on feeder loading, by exploiting the 

flexibility provided by PLs and other DERs, at minimum cost;

– providing adequate models and tools to the distribution system op-

erator (DSO) to effectively solve the multi-objective optimization 

problems in real-time operation, exploiting innovative distribution 

system modeling and decentralized control architectures [7].

1.2. Related literature

Recent research has focused on studying the best structures of lo-

cal electricity markets to promote small-scale DERs providing flexibility
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services [8]. Another field of investigation regards the assessment of the 

actual flexibility that can be provided when aggregating multiple flexible 

units accounting for their random and dynamic behavior [9].

This paper does not address market issues. The PL operators define 

the flexibility margins based on the tariff for this service, which is pre-

defined by the DSO. The paper focuses on the optimal management 

and control of distribution systems using DER flexibility. This problem 

is typically addressed in literature through a multi-level or multi-layer 

architecture.

In [10], a framework for optimal day-ahead scheduling and real-time 

dispatch of active distribution systems under uncertainties is proposed. 

A two-stage stochastic programming model is used to optimize the 

multi-period optimal power flow day-ahead scheduling. In contrast, a 

predictive real-time dispatch based on a rolling horizon activates the 

available flexibility services to minimize deviations from the committed 

schedule. This framework does not account for the peculiar features re-

lated to the PLs and their operational constraints that should guarantee 

an adequate EV charging service. In [11], a two-stage hierarchical mech-

anism focuses attention on network congestion management. In the first 

stage, a hierarchical optimization model is built considering the dispatch 

of direct control resources and microgrids. In the second stage, if the first 

stage fails to relieve congestion, an optimization is activated, which ex-

ploits the services provided by DERs to minimize the operating cost for 

the DSO. The present paper focuses on normal operation of the distri-

bution system, neglecting emergency conditions in which the network 

congestion service is required. In [12], a two-stage management method 

is presented: the first stage updates the power set-points of DERs. It is im-

plemented as a linear scenario-based optimization problem. In contrast, 

in real-time operation, the second stage adjusts the power flexibility in-

jection of a utility-scale battery energy storage system (BESS) to mitigate

the imbalance introduced by uncertainties. This method focuses on the 

provision of flexibility services to the transmission system rather than on 

the distribution system’s optimal operation. In [13], a two-layer strategy 

optimizes the low-voltage distribution system operation. The first layer 

regulates EV scheduling and energy consumption, while the second layer 

minimizes voltage deviations and energy losses using heuristic multi-

objective optimization. The strategy aims at achieving peak load shaving 

by maximizing EV storage exploitation and minimizing EV charging 

costs. Similarly, a two-stage control scheme for voltage support by PV 

generation and EVs is proposed in [14]. The day-ahead and intraday 

control stages aim to mitigate voltage deviations, with the intraday stage 

employing real-time rolling optimization. The EV charging profiles are 

obtained by Monte Carlo simulations, avoiding the need to foresee the 

EV charging demands. The flexibility of such profiles is handled directly 

by the DSO. In [15], a three-stage flexibility provision framework for ra-

dial distribution systems considering uncertainties is proposed, with the 

objective that the DSO can arrange flexible resources in each different 

time stage and offer preset flexibility with as little economic loss as pos-

sible. In [16], a sequential horizon-based energy management process 

is designed for the optimal techno-economic operation of the fast EV 

charging stations in the distribution network by combining centralized 

supervisory control and resilient distributed control. Both [15,16] focus 

on the provision of a frequency response service to the transmission sys-

tem operator by the DSO rather than on the optimal operation of the 

distribution system. In [17] a mixed-integer multi-objective optimiza-

tion problem is formulated to achieve reliability improvement, losses 

reduction, and voltage regulation of the distribution system by chang-

ing the time allocation of the EV charging and discharging operations. 

The priority is using the energy stored by EVs to allow islanded oper-

ation during blackouts, which is not allowed in most real distribution 

systems.

All the above references do not account for the peculiar features 

related to the operation of PLs and the EV charging constraints. They 

use detailed distribution system models and centralized control ap-

proaches. These methods provide accurate optimal solutions but require 

real-time monitoring of the whole distribution grid, with synchronized

measurements from all buses, lines, and end-users sent to the control and 

management systems. Alternatively, DSOs can use different approaches, 

such as distributed or decentralized methods (see [18]). Coordinated 

decentralized optimization of DER set-points offers a good compromise 

between achieving optimal solutions and reducing communication and 

data exchange [19]. Indeed, since the first smart grid experiments more 

than ten years ago, the voltage control structure in MV distribution sys-

tems has been organized in multiple levels, as in the Isernia project in 

Italy [20]. Also, more recent research applications in Australia have pro-

posed decentralized and distributed control structures as preferable with 

respect to centralized ones [21].

In [7] a two-level optimization problem is proposed for voltage op-

timization by DSO: at the first level, on an hourly time horizon, a 

centralized optimization problem is solved to define the operating con-

ditions of conventional voltage regulators, whereas at the second level, 

on a minute-based time horizon, a decentralized optimization problem 

based on the Alternative Direction Method of Multipliers (ADMM) is 

used to define the set-points for the DERs.

1.3. Specific contribution

The present paper adopts the same optimization structure as in [7], 

focusing on the second level, which is the decentralized optimization 

of DERs, and is extended to the case of flexibility services offered by 

EV PLs. A stochastic optimization performed by the PL operator to de-

termine both the schedule and the up and down flexibility offered by 

the PLs in terms of absorbed power. The model assumes that when the 

DSO uses the flexibility by increasing or decreasing the absorbed power 

from the scheduled value, an energy recovery phase follows in the subse-

quent periods. This ensures that the EV charging service is not affected. 

The flexibility offered by the PL operators is then used by the DSO, to-

gether with the flexibility from other DERs, to optimize the distribution 

system operation. To include the energy recovery constraint, the DSO 

optimization problem is extended to a multi-period formulation.

The paper is a research extension of Ref. [22,23], which adopted a 

simpler PL model without energy recovery and a single-objective, cen-

tralized optimization problem for the DSO. In contrast, the present paper 

proposes an optimization problem for the DSO based on a multi-period 

formulation to include energy recovery by PLs. It is a multi-objective 

optimization problem that minimizes both voltage deviation from the 

reference values and the cost of using flexibility services. Other techni-

cal objectives can also be considered, such as current security margins 

and power losses, see [24]. However, voltage profile is preferred. With 

suitable modeling, it is reduced to managing voltage amplitudes at pi-

lot nodes (PNs) by partitioning the network into voltage control zones 

(VCZs), as in [25]. This avoids the need for whole distribution system 

state knowledge and requires only voltage measurements at the PNs. 

A flat voltage profile helps to limit large current flows [26], which in-

directly reduces active power losses and the risk of line overload. The 

network partitioning into VCZs also allows coordinated decomposition 

of the DSO optimization problem using ADMM, which improves compu-

tational efficiency and reduces communication requirements through a 

decentralized architecture.

The specific contributions of the paper are:

– the DSO optimization problem uses a multi-period formulation to

account for the energy recovery of the PLs once their flexibility is 

used; in this way, the provision of the flexibility services does not 

affect the total energy absorbed by each PL, ensuring the required 

quality of the EV charging service, and the effect of energy recovery 

on the voltage profile in subsequent periods is properly considered 

by the DSO;

– the problem of optimal operation of the distribution system is formu-

lated with multiple objectives, including technical aspects (voltage 

profile optimization) and economic aspects (costs of using flexibility 

services from PLs and PV systems);
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– the use of VCZs reduces the need for real-time measurements

throughout the whole grid by limiting voltage control to the PNs;

– the DSO multi-objective multi-period optimization problem, which

uses an accurate linearized model of the network equations for guar-

antee computational efficiency, is decomposed for a coordinated 

decentralized solution using ADMM. 

The paper is structured as follows. Firstly, the EV parking lot model 

used by the PL operator is recalled in Section 2. Then, the DSO multi-

objective multi-period optimization problem is presented together with 

the decentralized solving algorithm, respectively in Section 3.5 and 

Section 4. Finally the numerical results for a case study are presented in 

Section 5.

2. Flexibility modeling

The operation of the distribution system is optimized by acting on 

active and reactive powers injected by PV systems and on active powers 

absorbed by PLs with EV charging stations. The models of the flex-

ibilities provided by these distributed resources are described in the 

following.

2.1. PV system

The configuration of the PV system connected to the h-th node of 

the network is shown in Fig. 1(a). It is equipped with the maximum 

power point tracker (MPPT) and a reactive power controller. At each

time period 𝑡,  

  the MPPT injects the maximum active power 𝑃 

𝑡
𝑝𝑣 max, ℎ

extractable  

 from the available irradiance 𝐼 

𝑡 ,ℎ  according to

𝑃 

𝑡 

𝑝𝑣 max, ℎ = 𝜂𝑝𝑣ℎ𝑆 𝑝𝑣 ℎ
𝐼 

𝑡
ℎ (1)

where 𝜂 is𝑝𝑣ℎ  the efficiency and 𝑆 is𝑝𝑣ℎ  the surface area of the  

 

PV sys
 

tem; the injected reactive power is  

 𝑄 

𝑡 = provided𝑝𝑣, ℎ  0. Flexibilities are  

 

by curtailing the active power 𝑃 

𝑡 and𝑝𝑣 max,ℎ  by varying reactive power 

 

between 𝑄 and𝑝𝑣 min,ℎ  

 

𝑄𝑝𝑣 

 max,ℎ 

according to the capability curve of the

inverter (

-

Fig. 1(b)), that is

𝑃 𝑝𝑣 min, ℎ ≤𝑃 

𝑡 

𝑝𝑣, ℎ ≤ 𝑃 

𝑡
𝑝𝑣 max, ℎ 

𝑄 𝑝𝑣 min, ℎ ≤𝑄 

𝑡
𝑝𝑣, ℎ 

≤ 𝑄 𝑝𝑣 max, ℎ

(2)

Fig. 1. PV system: a) Configuration; b) Flexibility.

Fig. 2. Flexibility of the consumption of an EV parking lot.

In general, an active power curtailment has a direct cost due to the in-

come reduction. In contrast, reactive power variations do not have a 

direct cost, as international standards [27,28] require PV inverters to 

accept and follow a reactive power set point sent by the DSO, regulating 

the reactive power injected into the grid accordingly.
𝑝𝑣

The active flexibility margin Δ𝑃  𝑡
fle isx  achieved by curtailing the 

maximum generated active power, according to

Δ𝑃 

𝑝𝑣, 𝑡
flex, ℎ = 𝑃 

𝑡
𝑝𝑣 max, ℎ − 𝑃 

𝑡
𝑝𝑣, ℎ 

(3)

𝑝𝑣
Analogously, up and down reactive flexibility margins, Δ𝑄  𝑡

 andflex up  

 

Δ𝑄𝑝𝑣 𝑡
fle arex down  achieved by adjusting the reactive powers within the

 

corresponding limits, that is

Δ𝑄 

𝑝𝑣, 𝑡
flex up 

= 𝑄 𝑝𝑣 max, ℎ − 𝑄 

𝑡
𝑝𝑣, ℎ 

for up margin 

Δ𝑄 

𝑝𝑣, 𝑡
flex down = 𝑄 

𝑡
𝑝𝑣, ℎ 

− 𝑄 𝑝𝑣 min, ℎ 

for down margin
(4)

2.2. EV parking lot

The EV PL at the 𝑖-th node of the network absorbs active power  

 𝑃 

𝑡
pl i 

from the grid at each time period 𝑡 according to  

 a reference profile 𝑃 

𝑡
pl ref, i

obtained by solving a day-ahead multistage stochastic optimization that 

minimizes the cost of the energy supplied by the grid

𝑃 

𝑡
pl, i = 𝑃 𝑡 

pl ref, i 

(5)

Flexibility is provided by increasing/decreasing active power absorp

tion around the reference consumption profile within predefined limits 

𝑃 

𝑡 and𝑝𝑙 min, 𝑖  𝑃 

𝑡 ,𝑝𝑙 max,  

  𝑖 

-

see Fig. 2.

𝑃 

𝑡
𝑝𝑙 min, 𝑖 ≤ 𝑃 

𝑡
𝑝𝑙 𝑖 ≤ 𝑃 𝑡 

𝑝𝑙 max, 𝑖 

(6)

These limits are calculated in advance by the EV aggregator to inform 

the DSO. As detailed in [29], a day-ahead procedure, using multistage 

stochastic optimization, minimizes the PL’s energy procurement cost by 

modeling the stochastic behavior of EVs and their charging needs. The 

optimization divides the day into four stages of six hours each, updating 

the schedule and flexibility margins based on current EV data at the 

beginning of each stage.

The procedure involves scenarios generated from the available fore-

casting of the number of EVs entering and leaving the PL during each 

15-minute period of the optimization horizon. For each scenario, the 

model calculates the aggregated storage size, the maximum charging 

power, and the energy stored in the arriving and departing EVs. Similar 

scenarios in each stage of the scenario tree are grouped by using 𝑘-
medoid clustering [30]. Clustering in this application uses medoids 

instead of the centroids of a 𝑘-means procedure because the mean is 

not suitable. The number of vehicles in the parking lot must be an inte-

ger at each time step and must match the number of entries and exits.
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The medoid is a sequence of vehicle counts over the day, selected from 

the original dataset, so it satisfies this condition.
𝜔,𝑡The reference consumption profile 𝑃 ref = 𝑃  

 

𝜔,𝑡 is determined by

minimizing the energy procurement cost:

min 

∑ 

𝜔 

𝜋 

𝜔 

∑ 

𝑡

(

𝜌𝑡TOU𝑃 

𝜔,𝑡 Δ𝑡 + 𝐶 

𝜔,𝑡
S

) 

(7)

where 𝜋 

𝜔 is the probability of scenario 𝜔, Δ𝑡 is the duration of each pe

riod, 𝜌𝑡 is𝑇𝑂𝑈  the time-of-use tariff, and 

 

𝐶 

𝜔,𝑡 isS  the cost of using the stored 

energy in the arriving vehicles, assuming the presence of bidirectional 

charging stations for vehicle-to-vehicle (V2V) energy exchanges.

-

To reduce computational effort, the PL model does not track each 

vehicle battery separately. Instead, the model represents the net total 

energy: the energy in all vehicle batteries connected to the charging 

stations, minus the part of the initial energy that is not used for V2V 

exchanges. If V2V exchanges were lossless, they would not appear in the 

equation because the energy lost by one vehicle would equal the energy 

gained by another. The constraint includes only V2V exchange losses

𝑙 

𝜔,𝑡 ,V2 V  as these are the only factors that affect the total stored energy:
  

𝐸 

𝜔,𝑡
S net = (1 − 𝛿)𝐸𝜔,(𝑡−1) 

S net 

+ 𝜂 ch𝑃 

𝜔,𝑡 Δ𝑡 − 𝐸 

𝜔,𝑡
S- + 𝜇𝜔,𝑡 𝐸 

𝜔,𝑡 

S+ − 𝑙 

𝜔,𝑡
V2V

+
𝑡−1
∑

𝑗=1
(1 − 𝜇 

𝜔,𝑗 )𝐸𝜔,𝑡
ini, 𝑗 (8)

where 𝜇 

𝜔,𝑡 is the fraction of initial energy used for V2V purposes, which 

can be appropriately constrained, 𝛿 represents battery self-discharge, 

and 𝜂 isℎ  the charging efficiency.𝑐  

In ( ), the energy is calculated at the end of each period 𝑡, considering 

all entries and exits during that period. The energy entering with the 

vehicles is 𝐸 +. The portion available for V2V exchanges𝑆   is 𝜇𝐸 𝑆+, which 

 

is added to the net energy. Since 𝐸 𝑆− includes (1 − 𝜇)𝐸 𝑆+, which is  

 

not

available for V2V exchanges, this part is subtracted from 𝐸 𝑆− 

. Vehicles

exiting in period 𝑡 may have entered in any earlier period of the day, 

assuming the PL is empty at 𝑡 = 0. The net energy decrease
∑

  due to exiting

vehicles  

 is
 

 𝐸 

𝑡 − (1 − 𝜇 

𝑗 )𝐸𝑡 , where 𝐸 

𝑡 is the battery energy of𝑆− 𝑖𝑛𝑖, 𝑗 𝑖𝑛𝑖, 𝑗  

 

vehicles that entered at time 𝑗 and exited in period 𝑡.

8

In (7 𝜔,𝑡),𝐶 represents𝑠  a reward for vehicle owners who support park

ing lot operations through V2V exchanges using their initial energy:

𝐶 

𝜔,𝑡 = 𝜌 𝜇 

𝜔, 𝑡 𝐸 

𝜔, 𝑡,S 𝜇 S+  where 𝜌 is𝜇  the predefined tariff.

-

Up and down maximum flexibility margins are calculated for each 

flexibility interval (𝑡 flex 

) (consisting of a single or multiple consecutive 

periods) with a subsequent energy recovery period, as illustrated in 

Fig. 3. The objective function for this is:

min 

∑ 

𝜔 

𝜋 

𝜔 

∑ 

𝑡 

(

𝜌𝑡 

𝑇 𝑂𝑈𝑃 

𝜔,𝑡 Δ𝑡 + 𝐶 

𝜔,𝑡
S − 𝑊 

𝜔,𝑡
flex

) 

(9)

𝜔,𝑡where 𝑊fle isx  the revenue from providing flexibility. 

Flexibility is achieved by adjusting power consumption within spec
𝜔,𝑡ified nonnegative margins Δ𝑃 duringflex  𝑡 flex  

 

and in the recovery periods 

𝑛 rec compared to reference power level 𝑃 

𝜔,𝑡:ref

-

Δ𝑃 

𝜔, 𝑡
flex 

= 𝑃 

𝜔, 𝑡
ref − 𝑃 

𝜔, 𝑡 for down margin

Δ𝑃 

𝜔, 𝑡
flex = 𝑃 

𝜔, 𝑡 − 𝑃 

𝜔, 𝑡
ref for up margin

(10)

so that

𝑊 

𝜔, 𝑡
flex = 𝜌 

𝑡
flex Δ𝑃𝜔, 𝑡 

flex up/down 

Δ𝑡 (11)

where 𝜌𝑡 is the compensation rate paid by the DSO to the flexibilityflex  

provider. For 𝑡 not in 𝑡  

fle x, 𝑊 

𝜔, 𝑡 isflex  null. 

The flexibility margin for all the periods in 𝑡 flex 

is constrained to 

be constant. Moreover, during recovery periods 𝑛r ec 

, power changes are

Fig. 3. Representation of down flexibility offered by a EV parking lot and 

corresponding recovery.

uniform and no further flexibility is requested:

Δ𝑃 

𝜔,𝑡
flex = − 

∑ 

𝑗∈𝑡 flex

Δ𝑃 

𝜔,𝑗
flex

𝑛 rec
(12)

𝜔,𝑡Outside 𝑡fle x and recovery periods 𝑛r ec 

, Δ𝑃fle isx  constrained to be null. 

In the test, 𝑛r ec=3. The adopted number is a tradeoff between the 

need for the PL to guarantee EV charging and the benefit for the DSO to 

modify the PL consumption profile. Since the recovery is constant during 

the recovery interval, a shorter 𝑛 rec increases the flexibility  

 

offered by

the PL operator, due to the quick recovery of the variation from the ref-

erence profile. However, the benefit for the DSO decreases if the profile 

change is balanced over a very short period. Since the minimum flexibil

ity period 𝑡fle x is 15 min and the assumed longest  

 

continuous interval is

45 min, 𝑛  

 

= 3 means the total flexibility event𝑟𝑒𝑐   will last at least 1 hour

and at most 1.5 hours.

-

The optimization problem for the calculation of the flexibility mar-

gins is completed by the technical constraints of the problem used to 

calculate the reference profile, including (8).

3. DSO optimization: problem formulation

In actual operation, the DSO objective is to optimize the voltage 

profile of the distribution grid by using the flexibility provided by PV 

systems and PLs at minimum cost. The approach presented in [22] is 

reformulated below to accurately account for the energy recovery after 

the flexibility of PLs has been used; moreover the approach in [22] is 

extended to account for multi-objective optimal operation.

A distribution network with 𝑁 nodes is considered; it includes 𝑁pv 

 

PV systems and 𝑁pl PLs, as well as uncontrolled loads. Without loss of 

generality, it is assumed that the same value of 𝑛 rec applies to  

 

all the 

PLs. The barred symbol 𝑥̄ indicates a specific value assumed by variable 

𝑥, such as a minimum or maximum value or a value in given operating 

conditions, according to the subscript, respectively, min, max or 0.

In the following subsections, the models of PV systems and PLs used 

by the DSO optimization problem are first presented. Then the multi-

objective function is introduced, and the system constraints are recalled 

by using a linearization of the power flow (PF) equations. Finally the 

overall problem is written in terms of variations with respect to a given 

operating point.

3.1. Model of PV systems used by DSO

The DSO models the active and reactive powers provided by 𝑁 𝑝𝑣 

PV 

systems according to (2). Assuming that

𝒙 𝑡 

pv 

=
[

𝑃 𝑡
pv,1,… , 𝑃 𝑡

pv,𝑁𝑝𝑣
, 𝑄 

𝑡
pv,1,… , 𝑄 𝑡 

pv,𝑁 𝑝𝑣

] 𝑇

the inequalities (2) can be written in a vector notation as

̄ 𝒙pv min ≤ 𝒙 

𝑡
pv ≤ ̄ 𝒙 𝑡

pv max 

(13)
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where the values of the variables 𝑃 

𝑡 in𝑝𝑣 max, ℎ  𝒙̄ 

𝑡
pv max  

 

are determined and

communicated by the PV system operator to the DSO for each period 

of time 𝑡. Moreover,  

 the values of 𝑄 

𝑡 and 𝑄 

𝑡 

𝑝𝑣 min 𝑝𝑣 max 

in 𝒙̄ pv min 

and

𝒙̄  

 

𝑡
pv max 

, respectively, are determined by the reactive capability chart and

communicated once and for all.

The PV active power flexibility can be written in a vector form as

𝒙 𝑡
flex pv = 

[

Δ𝑃 

𝑝𝑣, 𝑡
flex, 1,… ,Δ𝑃 𝑝𝑣, 𝑡 

flex, ℎ

] 𝑇
(14)

Because the reactive power does not impact the cost related to the 

use of PV flexibility, the expression of the reactive flexibility margins is 

not reported in vector notation.

3.2. PL model used by DSO

With reference to the generic 𝑘𝑡ℎ PL, at each stage of the procedure 

described in the previous Sect. 2.2 the PL operator defines the scenario 

𝜔̄  

 

which best describes the actual PL operating conditions𝑘   considering 

the number of vehicles that are present. Then, for each time period 𝑡, 
the PL operator determines and communicates to the DSO the values of 

the three variables 𝑃 𝜔̄ 

 

𝑘  

 

,𝑡
ref

̄ 𝜔
, Δ̄ 𝜔̄ 𝑘 

,𝑡 Δ ̄
and

 𝑘 

,𝑡 

.,𝑘 do  

 

𝑃fle x 𝑃 

 wn,𝑘 flex up,𝑘 

The DSO models the active power 𝑃 

𝑡 absorbedpl,𝑘  by the PLs according

to 

𝑃 

𝑡
pl,𝑘 = 𝑃 

𝜔̄ 𝑘 

,𝑡 

ref,𝑘 + 𝑃 

𝑡
flex up,𝑘 − 𝑃 𝑡 

flex down,𝑘 

+ 𝑅̄ 

𝑛 rec 

,𝑡 

down,𝑘 

− 𝑅̄ 

𝑛 rec 

,𝑡 

up,𝑘 for 𝑘 = 1, … , 𝑁 evpl

(15)

where 𝑃 

𝑡 and representingflex up,𝑘  𝑃 

𝑡 areflex down,𝑘  the variables  the up and 

  

𝑛
down flexibility, respectively, and 𝑅̄𝑛 rec 

,𝑡 

and 𝑅̄  rec 

,𝑡 

     are the assignedup,𝑘 down,𝑘   

values of the active power to be recovered for the up and down flexibility 

used in the previous 𝑛r ec periods, given by

𝑅̄ 

𝑛 𝑟𝑒𝑐 

,𝑡 

up,𝑘 = 

1
𝑛 rec

𝑛 rec
∑ 

𝑖=1
𝑃 

𝑡−𝑖
flex up,𝑘 𝑅̄ 

𝑛 rec 

,𝑡 

down,𝑘 = 

1
𝑛 rec

𝑛 rec
∑ 

𝑖=1
𝑃 

𝑡−𝑖 

flex down,𝑘 

(16)

 

 𝑃 

𝑡−𝑖 𝑃 

𝑡−being ( 𝑖 ) theflex up,𝑘 flex down,𝑘  the value of  up (down) flexibility deter
   

mined and already used by the optimization problem solution in the 

previous time period 𝑡 − 𝑖.

-

Assuming

𝒙 𝑡 

pl 

=
[

𝑃 𝑡
pl,1,… , 𝑃 𝑡

pl,𝑁evpl

] 𝑇

𝒙 𝑡
flex up =

[

𝑃 𝑡 

flex up,1,… , 𝑃 𝑡
flex up,𝑁 evpl

] 𝑇

𝒙 𝑡
flex down = 

[

𝑃 

𝑡
flex down,1,… , 𝑃 𝑡

flex down,𝑁 evpl

] 𝑇

the vector notation of (15) is

𝒙 

𝑡
pl − 𝒙 

𝑡
flex up + 𝒙 

𝑡
flex down = ̄ 𝒙 𝑡

ref rec 

(17) 

where vector 𝒙̄ 

𝑡 includes theref rec  all  known terms, which are the barred 

 

symbols in (15).

The values assumed by the variables 𝑃 

𝑡 or  

flex up,𝑘  𝑃 

𝑡 chosen
 flex down,𝑘 

at time period 𝑡 are going to impact the subsequent time periods dur

ing which the energy recovery by the PL must be guaranteed. Then

additional equality constraints analogous to (

-

, 

15)–(16) concerning the 

subsequent 𝑛 rec time periods must be introduced 

𝑃 

𝑡+𝑗
pl,𝑘 = 𝑃 

𝜔̄ 𝑘 

,𝑡+𝑗 

ref,𝑘 + 

1
𝑛 rec

( 

𝑃 𝑡 

flex down,𝑘 − 𝑃 𝑡 

flex up,𝑘 

) 

+ 𝑅̄ 

𝑛 rec 

,𝑡+𝑗 

down,𝑘 

− 𝑅̄ 

𝑛 rec 

,𝑡+𝑗 

up,𝑘

for 𝑗 = 1, … , 𝑛 rec for 𝑘 = 1, … , 𝑁 evpl (18)

where

𝑅̄ 

𝑛 rec 

,𝑡+𝑗 

up,𝑘 = 

1
𝑛 rec

𝑛 rec
∑

𝑖=𝑗+1
𝑃 

𝑡+𝑗−𝑖
flex up,𝑘

𝑅̄ 

𝑛 rec 

,𝑡+𝑗 

down,𝑘 = 

1
𝑛 rec

𝑛 rec
∑

𝑖=𝑗+1
𝑃 

𝑡+𝑗−𝑖
flex down,𝑘

(19)

The vector notation of (18) is

𝒙 𝑡+𝑗 

pl 

− 1
𝑛 𝑟𝑒𝑐

𝒙 𝑡
flex down +

1
𝑛 𝑟𝑒𝑐

𝒙 

𝑡
flex up = ̄ 𝒙 𝑡+𝑗

ref rec (20)

Finally, the following box constraints must be satisfied by the

variables 𝑃 

𝑡 andflex up,𝑘  𝑃 

𝑡
flex down,𝑘

0 ≤ 𝑃 𝑡 

flex up,𝑘 

≤
⎧

⎪

⎨

⎪

⎩

0 if ̄ 𝑅 

𝑛rec 

,𝑡
up,𝑘 > 0 

max 

( 

0, Δ̄𝑃 

𝜔̄ 𝑘 

,𝑡 

flex up,𝑘 

− 𝑅̄ 

𝑛 rec 

,𝑡 

down,𝑘

)

otherwise

0 ≤ 𝑃 𝑡 

flex down,𝑘 

≤
⎧

⎪

⎨

⎪

⎩

0 if 𝑅̄ 

𝑛 rec 

,𝑡 

down,𝑘 > 0

max 

( 

0, Δ̄𝑃 

𝜔̄ 𝑘 

,𝑡 

flex down,𝑘 

− 𝑅̄ 

𝑛 rec ,𝑡
up,𝑘

) 

otherwise

(21)

Constraints (21) allow the variables 𝑃 

𝑡 (flex  to,𝑘 𝑃 

𝑡 )up flex down,𝑘  be not null
  

only if the up (down) flexibility has not been used in the previous

𝑛 ec ,𝑡time periods, that is only if 𝑅̄𝑛r = 0 (𝑅̄𝑛 rec 

,𝑡 

r ec       up,𝑘    ); in such adown = 0,𝑘      

case, the available up (down) flexibility cannot be larger than the al

Δ̄ 𝜔̄
lowed 𝑃  

 

𝑘 

,𝑡
value

 

(Δ̄ 𝜔̄𝑃  

 

𝑘  

 

,𝑡 𝑛 ,𝑡 𝑛 ,𝑡
) reduced by 𝑅̄  

 quantity
 rec  𝑅̄ r ec

 (
 

 

 )flex up,𝑘 flex down,𝑘 down,𝑘 up,𝑘  

of down (up) flexibility that must be recovered from the previous time 

periods. Inequalities (

-

21) can be written in vector notation

0 ≤ 𝒙 

𝑡
flex up ≤ ̄ 𝒙 𝑡

flex up max

0 ≤ 𝒙 

𝑡
flex down ≤ ̄ 𝒙 𝑡 

flex down max

(22)

3.3. Multi-objective function

In this paper, the objective of the DSO is to improve the voltage pro-

files along all the feeders while limiting the cost related to the use of 

flexibility offered by PV systems and PLs. It results in a bi-objective op-

timization problem [31]; the first objective function 𝑓 𝑜𝑏𝑗1 

is related to 

the voltage profiles; the second one 𝑓 𝑜𝑏𝑗2 is related to the cost of flex-

ibility. 1 The bi-objective problem is converted into a single-objective 

problem by using the weighted sum method [32], according to

𝑓 𝑜𝑏𝑗 = 

w 1

𝑓 𝑛𝑜𝑚
𝑜𝑏𝑗1

𝑓 𝑜𝑏𝑗1 + 

w 2

𝑓 𝑛𝑜𝑚
𝑜𝑏𝑗2

𝑓 𝑜𝑏𝑗2 (23)

where the weights w 1              

 

and w2 

: w1 

+w2 

= 1 are a-priori assigned on the
basis of the DSO’s willingness to pay to achieve an improvement in the 

voltage profiles. The objective functions 𝑓 𝑜𝑏𝑗1 

and 𝑓 𝑜𝑏𝑗2 

are normalized 

𝑛𝑜𝑚 𝑛𝑜𝑚
by dividing each function by, respectively, 𝑓 and 𝑓 , that is by their𝑜𝑏𝑗1 𝑜𝑏𝑗2
values evaluated in absence of the powers injected by PV systems and 

PL flexibility [32].

Concerning the technical term 𝑓 𝑜𝑏𝑗1 in (23), monitoring the voltage 

amplitudes of all the nodes is not viable for large distribution networks. 

To reduce the measurement requirements, according to [25], the distri-

bution network is partitioned into voltage control zones (VCZs); in each 

VCZ a pilot node (PN) is defined, whose voltage amplitude is represen-

tative of the voltage amplitudes of all nodes in the VCZ. Assuming that

1 Other objectives, such as network loss minimization or security margins, 

could also be included in a similar way but are not treated in this paper.
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the number of VCZs and PNs is 𝑁 vcz the term 𝑓 𝑜𝑏𝑗1 

can be written as

𝑓 𝑜𝑏𝑗1 = 

1
2 

𝑁 vcz
∑ 

𝑖=1

𝑛 rec
∑

𝑗=0

(

(

𝑉 𝑡+𝑗
pn,𝑖

) 2
− 𝑉 

2 

pn ref,𝑖 

) 2 

(24)

𝑡+
where 𝑉 𝑗

 is vo,𝑖  thepn  ltage amplitude at time 𝑡 + 𝑗 and 𝑉 pn ref,𝑖 

is the as

signed reference value, both referred to the  

 PN of the 𝑖 

𝑡ℎ VCZ. In a 

multi-level control framework the reference value can be assigned by 

the solution of the day-ahead optimization, as in [

-

14]. In practice, (24) 

represents the sum of the squared voltage deviations from the reference 

values of the voltages of the PNs in the current time period 𝑡 and in the 

subsequent 𝑛 rec time periods; such a multi-time period formulation is 

adopted to account for the impact of the variables  

 𝑃 

𝑡 andflex up,𝑘  𝑃 

𝑡
flex down,𝑘

on subsequent time periods through (18).

Defining

𝒚 𝑡+𝑗
pn =

[

(

𝑉 𝑡+𝑗
pn,1

) 2
,… ,

(

𝑉 𝑡+𝑗 

pn,𝑁 𝑣𝑐𝑧

) 2] 𝑇
(25)

and a vector also for the voltage reference values, the objective func-

tion (24) becomes

𝑓 𝑜𝑏𝑗1 = 

1
2 

𝑛 rec
∑ 

𝑗=0

( 

𝒚𝑡+𝑗pn − ̄ 𝒚pn ref 

) 𝑇 

(

𝒚 

𝑡+𝑗
pn − ̄ 𝒚pn ref 

) 

(26)

Concerning the economic term 𝑓𝑜𝑏𝑗 2 in (23), it quantifies the cost 

related to the use of the PV and PL flexibilities

𝑓 𝑜𝑏𝑗2 

= 𝐶 pv
( 

𝒙 

𝑡
flex pv 

) 

+ 𝐶 pl up
(

𝒙 𝑡
flex up 

) + 𝐶 pl down
(

𝒙 

𝑡 

flex down 

)

Since 𝐶 pv           

 

, 𝐶pl up 

and 𝐶pl down 

are typically linear cost functions, the term

𝑓 𝑜𝑏𝑗2 can be written as

𝑓 𝑜𝑏𝑗2 = c 

𝑇
pv𝒙 

𝑡
flex pv + c 

𝑇
pl up𝒙 

𝑡
flex up + c 

𝑇 

pl down 

𝒙 𝑡 

flex down (27)

where c pv 

, c pl up 

and c pl down 

are vectors of unitary costs.

Substituting (26) and (27) into (23) yields

𝑓 𝑜𝑏𝑗 = 

w 1

𝑓 𝑛𝑜𝑚
𝑜𝑏𝑗1

(

1
2

𝑛 rec
∑ 

𝑗=0

( 

𝒚𝑡+𝑗pn − ̄ 𝒚pn ref 

) 𝑇 

(

𝒚 

𝑡+𝑗
pn − ̄ 𝒚pn ref 

) 

)

+
w 2

𝑓 𝑛𝑜𝑚
𝑜𝑏𝑗2

( 

c𝑇pv𝒙 

𝑡
flex pv + c 

𝑇
pl up𝒙 

𝑡
flex up + c 

𝑇
pl down𝒙

𝑡 

flex down 

) 

(28)

3.4. System constraints

Equality constraints refer to the steady-state model of the distribution 

system, which are based on PF equations. Indeed, since PF equations are 

nonlinear equations, a linearized model of the distribution system can 

be used to limit the computational burden and the risk of convergence 

problems in the solution of the bi-objective optimization problem. In the 

case of radial topology, using the constrained-Jacobian method in [33], 

the variations of the voltage amplitudes of the PNs can be linearly related 

to the active and reactive powers injected by PV systems and to the 

active powers absorbed by PLs by, respectively, the sensitivity matrices

𝚪 pv 

and 𝚪 pl; it yields

Δ𝒚 

𝑡
pn = 𝒚 

𝑡 

pn − ̄ 𝒚 𝑡
pn 0 

= 𝚪 pv 𝒙 

𝑡
pv − 𝚪 pl 𝒙 

𝑡
pl (29)

where 𝒚̄ 

𝑡 represents the values of the voltage amplitudes of the PNspn 0           

 

in absence of PV systems and PLs. It is worth noticing that the different 

sign is due to the fact that PV systems inject active powers whereas 

PLs absorb active powers. Finally, to take into account the effect of the

energy recovery imposed by PLs in the periods subsequent 𝑡, it imposes 

that

Δ𝒚 

𝑡+𝑗
pn = 𝒚 

𝑡+𝑗
pn − 𝒚̄ 𝑡+𝑗 

pn 0 = −𝚪 pl 𝒙 

𝑡+𝑗
pl 𝑗 = 1,… , 𝑛 rec 

(30)

Box constraints refer to the admissible range of PN voltage ampli

tudes 𝒚 𝑡+𝑗
pn , such that its

-

̄ 𝒚pn min ≤ 𝒚 

𝑡+𝑗
pn ≤ ̄ 𝒚pn max 

for 𝑗 = 0, … , 𝑛 rec 

which can also be written in variation form 

Δ ̄ 𝒚 𝑡+𝑗 

pn min ≤ Δ𝒚 

𝑡+𝑗
pn ≤ Δ ̄ 𝒚 𝑡+𝑗

pn max for 𝑗 = 0, … , 𝑛 rec 

(31)

being 

Δ𝒚̄ 𝑡+𝑗 

pn min = ̄ 𝒚pn min 

− ̄ 𝒚 𝑡+𝑗 

pn 0 and Δ ̄ 𝒚 𝑡+𝑗
pn max = ̄ 𝒚pn max 

− 𝒚̄ 𝑡+𝑗 

pn 0

3.5. Multi-objective problem formulation

Since the system constraints (29)–(31) are expressed in variation 

form, to formulate the optimization problem it is necessary to rewrite 

the bi-objective function (28) as

𝑓 𝑜𝑏𝑗 = 

w 1

𝑓 𝑛𝑜𝑚
𝑜𝑏𝑗1

(

1
2

𝑛 rec
∑ 

𝑗=0

(

Δ𝒚 

𝑡+𝑗
pn − Δ𝒚̄𝑡+𝑗 

pn ref

) 𝑇 

( 

Δ𝒚𝑡+𝑗pn − Δ𝒚̄𝑡+𝑗 

pn ref

)

)

+
w 2

𝑓 

𝑛𝑜𝑚
𝑜𝑏𝑗2

( 

c𝑇pv𝒙 

𝑡
flex pv + c 

𝑇
pl up𝒙 

𝑡
flex up + c 

𝑇
pl down𝒙

𝑡 

flex down 

) 

(32)

𝑡
where Δ +𝒚̄ 𝑗 

pn ref = 𝒚̄ 𝑡+𝑗 

 pn ref − 𝒚̄ 

 

.pn 0 

Then, defining

𝒖 

𝑡 = 

[

Δ𝒚 

𝑡
pn

𝑇 …Δ𝒚𝑡+𝑛 rec 

pn
𝑇 

𝒙 

𝑡
pv

𝑇 𝒙 

𝑡
pl
𝑇 …𝒙 

𝑡+𝑛 rec
pl

𝑇 

𝒙 

𝑡
flex pv

𝑇 𝒙 𝑡
flex up 

𝑇 𝒙 

𝑡 

flex down 

𝑇 

] 𝑇

(33)

the multi-objective optimization problem can be written in compact 

form as

min 

𝒖 

𝑡

1
2 

𝒖 

𝑡 
𝑇 H 𝒖 

𝑡 + h 

𝑇 𝒖 

𝑡 (34)

subject to

𝚪 𝒖 

𝑡 = 0 (35)

A 𝒖 

𝑡 = ā (36)

𝒖 

𝑡
min ≤ 𝒖 

𝑡 ≤ 𝒖 

𝑡
max (37)

In (34) H and h are derived from (32) omitting the constant scalar 

Δ𝒚̄𝑡+𝑗 𝑇 

pn refΔ
+𝒚̄𝑡 𝑗 

whichpn ref  does not affect the solution. Constraint (35) ac-

counts for (29) and (30) with adequate expression of 𝚪 including 𝚪 pv 

and 𝚪pl 

 

. Constraint (36) represents the PL models (17) and (20), and the

box constraints (37) include (22), (13) and (31).

4. DSO centralized/decentralized optimization algorithm

Since H in (34) is positive semi-definite, the optimization prob-

lem (34)–(37) is convex but not in a strict sense. To overcome this 

problem, a dual optimization problem can be formulated based on 

the Augmented Lagrangian function and the solution can be obtained 

using the iterative method of multipliers (MM). In this way, a central-

ized solution to the DSO optimization problem can be achieved. In the 

following, an alternative approach is proposed that employs a decen-

tralized algorithm based on the ADMM for solving the optimization 

problem.
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The first step is partitioning the variables u 

𝑡 (33) according to the 

chosen network partitions. In practice, for the generic 𝑖 

𝑡ℎ VCZ, the vec

tor u 

𝑡 represents  

 the partition of u𝑡
 that includes the 𝑖 

𝑡ℎ components of𝑖   

the voltage vectors Δ𝒚 

𝑡 

pn …Δ𝒚𝑡+𝑛 rec 

pn , the subset  

 of 𝒙 

𝑡 relatedpv  to the PV

systems that  

  belong to  

𝑡+𝑛 rec
 the 𝑖 

𝑡ℎ VCZ, the subsets of 𝒙𝑡pl …𝒙 , of 𝑡
pl   𝒙 flex up

and of   

 𝒙 𝑡 related tfle x down  to PLs that belong to he  

𝑡ℎ VCZ. With respect
 

𝑖
to such a partition, the optimization problem can be decomposed into

𝑁 vcz subproblems, considering that the objective function in (

-

34) is ad-

ditive, the equality (36) and the box constraints (37) are decoupled, 

whereas the only coupling among subproblems is represented by (35). 

The subproblem related to the 𝑖 

𝑡ℎ VCZ is

min
𝒖 

𝑡
𝑖

1
2 

𝒖 

𝑡
𝑖
𝑇 H 𝑖 𝒖 

𝑡
𝑖 + h 

𝑇
𝑖 𝒖 

𝑡
𝑖 (38)

subject to

𝚪 𝑖𝑖 𝒖 

𝑡
𝑖 +

𝑁 vcz
∑

𝑗=1
𝑗≠𝑖

𝚪 𝑖𝑗 𝒖 

𝑡
𝑗 = 0 (39)

A 𝑖 𝒖 

𝑡
𝑖 = ̄ a𝑖 

(40)

𝒖 

𝑡
min 𝑖 ≤ 𝒖 

𝑡
𝑖 ≤ 𝒖 

𝑡
max 𝑖 

(41)

To cope with the coupling among the subproblems introduced by (39), 

the ADMM is adopted similarly to [7]; each step of the iterative solving 

algorithm is composed of the following three phases:

1) 𝑁v cz 

subproblems are solved in parallel using Quadratic Programming

algorithms, where  

  the subproblem related to the 𝑖 

𝑡ℎ VCZ is

min
𝒖 

𝑡
𝑖

1
2 

𝒖 

𝑡
𝑖
𝑇 F 𝑖 𝒖 

𝑡
𝑖 + f 

𝑇
𝑖 𝒖 

𝑡
𝑖 (42)

subject to 

A 𝑖 𝒖 

𝑡
𝑖 = ̄ a𝑖 

(43)

𝒖 

𝑡
min 𝑖 ≤ 𝒖 

𝑡 

𝑖 ≤ 𝒖 

𝑡
max 𝑖 

(44)

being

F 𝑖 

= H 𝑖 + 𝑐
𝑁 vcz
∑

𝑗=1
𝚪 

𝑇
𝑗𝑖𝚪 𝑗𝑖

f 𝑖 = h 𝑖 +
𝑁 vcz
∑

𝑗=1
𝚪 

𝑇
𝑗𝑖

(

𝝀 

∗
𝑗 + 𝝎 

∗
𝑗 − 𝚪 𝑗𝑖𝒖 

𝑡
𝑖
∗ 

)

where 𝑐 is the penalty scalar parameter of ADMM, 𝝀 𝑗 

and 𝝎 are𝑗  vectors 

of dimension 𝑛 rec + 1 of, respectively, Lagrange multipliers and addi

tional variables, and starred symbols ( 

∗ ) represent the values assumed 

by variables in the previous step of the iterative algorithm;

-

2) the VCZs exchange some results; in detail, the 𝑖 

𝑡ℎ VCZ evaluates and 

sends to the other VCZs the vectors 𝒛 = 𝚪 𝒖 

𝑡 with𝑗𝑖 𝑗  

 𝑖 𝑖  𝑗 = 1, … , 𝑁vcz,  

each

𝒛 being𝑗𝑖  of dimension 𝑛 rec 

+ 1;

3) the VCZs in parallel update the local values of the additional variables 

and the Lagrange multipliers according to the following

𝝎 𝑖 

= 

1
𝑛 vcz

𝑁 vcz
∑ 

𝑗=1
𝒛 𝑖𝑗 , 𝝀 𝑖 = 𝝀 

∗ 

𝑖 + 𝑐 𝝎 𝑖 𝑖 = 1,… , 𝑁 vcz (45)

5. Case study

This research focuses on an IEEE 123-bus feeder system that operates 

at a rated voltage of 4.16 kV [34]. The test feeder is converted into 

a three-phase balanced system to implement the proposed methodol-

ogy. This test feeder presents rated power flows and line impedance 

parameters that are lower than those of other distribution systems 

with higher rated voltages, such as 10 or 20 kV, which are typical in 

Europe. Therefore, although the results presented hereafter are system-

dependent, the general considerations derived concerning the applica-

bility and the benefits of the proposed Multi-Objective Optimization 

Problem (MOOP) can be extended to any MV distribution system.

The total active and reactive powers of the load connected to the 

network under rated operating conditions are 3.44 MW and 1.89 Mvar, 

respectively. A 115-/4.16-kV substation supplies the MV feeder, and the 

HV busbar is assumed to be the slack bus with constant rated voltage. 

Four PLs and 15 PV systems are connected to the IEEE 123-node test 

feeder, as depicted in Fig. 4. 𝐸𝑉 𝑃 𝐿 1 

and 𝐸𝑉 𝑃 𝐿 4 

have 45 charging sta-

tions. 𝐸𝑉 𝑃 𝐿 2 

and 𝐸𝑉 𝑃 𝐿 3 

have 70 charging stations. The maximum 

power of each charging station is assumed to be 40 kW. The forecasted 

numbers of entries and exits are different for each PL. Each PL is assumed 

to be empty at the beginning and at the end of the day. The network is 

partitioned into four virtual VCZs, using the method outlined in [35], 

and the corresponding PNs are shown in Fig. 4.

Three cases are analyzed, each referring to the 24-hour evolution 

of the operating conditions of the feeder. The presence of the on-load 

tap changer in the HV/MV substation and of voltage regulators and ca-

pacitor banks along the feeder is accounted for by including a higher 

control level that optimizes their action every hour, as in [7]. Network 

reconfiguration can also be assigned as a task of this higher optimiza-

tion level, but its effect has not been considered because it is not the 

focus of this paper. The three cases labeled A, B, and C differ in the 

rated power of the PV systems, which are assumed to be 200, 250, and 

300 kW, respectively. The active power generated by the PV systems 

follows the maximum power point in response to changes in solar ra-

diation throughout the day, as shown in Fig. 5 for Case A, and cannot 

be reduced. The reactive power supplied by the PV system is null if the 

generated active power is smaller than 10 % of the PV system’s rated 

value. When the generated active power is larger than 10 %, the range 

of possible variation of the reactive power is equal to plus/minus half of 

the rated active power.

Fig. 4. The IEEE 123-nodes test feeder with four VCZs highlighted in different 

colors, four electric vehicle PLs (EVPL) in blue, and 15 PV systems in red circles. 

(For interpretation of the references to colour in this figure legend, the reader is 

referred to the web version of this article.)
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Fig. 5. Total active power generation by the 15 PVs and load consumption for 

case A.

Cases A, B, and C also differ with respect to the system loading con-

ditions. In case A, the load is 120 % of its rated power and the daily 

active power load curve is reported in Fig. 5. In cases B and C, the daily 

load curves were reduced to 80 % and 30 % of the rated power, re-

spectively. The PLs exhibited the same operating conditions for all three 

cases, and the unitary cost of the service is equal to 12.50 € per MW of 

used flexibility over a quarter-hour.

First, the results are presented as a comparison between the solu-

tions of the centralized and decentralized algorithms considering three 

different options:

• only-VDI: The decentralized problem is performed every quarter-

hour by considering only the objective function (24), related to 

voltage optimization, and without minimizing costs;

• no-PL: The decentralized problem is solved every quarter-hour by

varying only the PV reactive powers and neglecting the possibility 

of varying PL (consequently, the cost is equal to zero);

• MOOP: The decentralized problem is solved every quarter-hour by

varying both the reactive powers of PV systems and the absorbed 

powers of PLs, choosing the priority of the objective functions, that 

is, varying the values of w 1 

and w 2 

.

The results of the centralized and decentralized algorithms are evaluated 

in terms of:

• voltage deviation index (VDI), obtained as the sum over 24 hours

of the values of the objective function (24) evaluated in p.u. by 

performing a PF every quarter-hour;

• cost of the flexibility service offered by PLs in €/day.

In the second part, only the decentralized algorithm is considered. 

Assuming fixed values of w 1 

and w 2 

, the performance of the VDI is

analyzed using the MOOP and no-PL algorithm options. It is also shown 

that energy recovery during the day is always guaranteed, even in the 

case where ADMM is run with fewer iterations than those required to 

reach the optimal centralized solution. This is because energy recovery 

is enforced by constraint (43) in the each subproblem.

The simulations were performed using MATLAB R2024b installed on 

a computer equipped with an AMD Ryzen 7 4800H, 2.9 GHz CPU and 

16 GB of RAM.

5.1. Sensitivity analysis of the weight parameters for the centralized 

algorithm

The sensitivity of the optimal solutions to the variations of the pa-

rameters w 1 

and w 2 

is analyzed by comparing the results reported in 

Table 1. In this subsection, reference is made to the solutions obtained 

by the centralized algorithms reported in the left-hand side column for 

each type of algorithm. In detail, the parameters w 1 

and w 2 are varied,

considering that each parameter can assume values in the range of 0 to 

1 according to the following different methods [24]:

• 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm considering the only objective 𝑓 𝑜𝑏𝑗1, that is

𝑤 1 

= 1, 𝑤 2 

= 0;
• MOOP algorithm giving higher priority to 𝑓 𝑜𝑏𝑗1 than 𝑓 𝑜𝑏𝑗2 

, that is

𝑤 1 

= 0.67, 𝑤 2 

= 0.33 according to the Rank-Sum method;

• MOOP algorithm giving equal priority to 𝑓 𝑜𝑏𝑗1 

and 𝑓 𝑜𝑏𝑗2 

, that is 𝑤 1 

=
0.5, 𝑤 2 

= 0.5 according to the Equal Weight method;

• MOOP algorithm giving higher priority to 𝑓 𝑜𝑏𝑗2 than 𝑓 𝑜𝑏𝑗1 

, that is 

𝑤 1 

= 0.33, 𝑤 2 

= 0.67 according to the Rank-Sum method;

• 𝑛𝑜 − 𝑃 𝐿 algorithm considering the only objective 𝑓 𝑜𝑏𝑗1 but without

exploiting PL flexibility, that is imposing 𝑓𝑜𝑏𝑗 2 

= 0.

Considering the VDI, in the case of the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm, the per

formance on the voltage profile is not limited by costs, showing how the 

VDI can assume very low values, especially for Case C where the cen-

tralized solution is 𝑓𝑜𝑏𝑗 1 = 0.0903  

 

p.u. At the other extreme, the 𝑛𝑜 − 𝑃 𝐿 

algorithm presents the solutions with the highest VDI for all cases be

cause optimization exploits only the reactive power variations by PVs. 

The opposite consideration can be made concerning the service cost, that 

is the value of 𝑓 𝑜𝑏𝑗2. For example, in Case C the lowest value of VDI is 

obtained by the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm at the highest cost, 𝑓𝑜𝑏𝑗 2 = 113.39
€ per day, which is a high expense for the DSO to pay for the ancillary

service. On the contrary, the 𝑛𝑜 − 𝑃 𝐿 algorithm always imposes a null 

cost.

-

-

The values of the objective functions obtained by the three MOOP 

algorithms with different weights lie between the extreme values repre-

sented by the solutions of the 𝑛𝑜 − 𝑃 𝐿 and the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithms.

The performance of the MOOP algorithm giving higher priority to

𝑓 𝑜𝑏𝑗1 (w1 = 0.67, w 2 

= 0.33) presents solutions that are comparable to 

those of the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm in terms of VDI but with a signifi

cant reduction in the service cost, equal to about 45 % in all the cases. 

Consequently, it is preferable with respect to the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm.

A sensible yet limited increase in the VDI values for all three cases is 

shown in the case of the MOOP algorithm giving same priority to 𝑓 𝑜𝑏𝑗1
and 𝑓 𝑜𝑏𝑗2 (w1 = 0.5, w2 = 0.5). On the other side, the service cost is

-

Table 1 

Comparison between centralized and decentralized solutions in terms of VDI (p.u.) and cost (€/day).

Case Objective

function

only-VDI w 1 

∶ 0.67, w 2 ∶ 0.33 w 1 

∶ 0.50, w 2 

∶ 0.50 w 1 

∶ 0.33, w 2 

∶ 0.67 no-PL

centr. decentr. centr. decentr. centr. decentr. centr. decentr. centr. decentr.

A VDI 0.1010 0.1095 0.1070 0.1096 0.1158 0.1159 0.1412 0.1464 0.1516 0.1519

Cost 99.03 102.94 55.24 54.32 27.13 26.81 4.00 1.36 0.00 0.00

B VDI 0.0946 0.1032 0.0984 0.1040 0.1087 0.1088 0.1342 0.1389 0.1445 0.1446

Cost 108.33 109.43 59.07 54.83 30.86 31.15 4.57 2.75 0.00 0.00

C VDI 0.0903 0.0937 0.0928 0.0947 0.1020 0.1029 0.1286 0.1332 0.1389 0.1391

Cost 113.39 121.33 63.27 61.08 41.48 39.38 5.19 3.18 0.00 0.00
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further reduced to values equal to about a third of the corresponding 

ones obtained by the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm.

Finally, the MOOP algorithm giving higher priority to 𝑓 𝑜𝑏𝑗2 (w1 = 

0.33, w 2 

= 0.67) provides poor performance in terms of VDI solutions, 

which, for all three cases, are almost comparable to option 𝑛𝑜 − 𝑃 𝐿. The 

flexibility service offered by PLs is seldom used and the resulting cost is 

limited to a few € /day.

Despite the small values of the VDI reported in Table 1, the impact on 

the voltage profiles of the different algorithms is significant. For the sake 

of comparison, as an example, Figs. 6–8 report the daily evolution of the 

𝑃𝑁 3 

voltage obtained for the above five different algorithms. The 𝑃 𝑁 3 

is chosen because the corresponding 𝑉 𝐶𝑍 3 is  

 

the farthest from the slack 

bus in the HV/MV substation, and 𝑃 𝑁 3 is very close to  

 

𝐸𝑉 𝑃 𝐿3 , which

presents the largest absorption among the four PLs. From Figs. 6–8 it 

is possible to see how, for all three Cases A, B, and C, the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 

algorithm provides the profile closest to the reference of 1 p.u. but ob

viously at a higher cost than other algorithms; the 𝑛𝑜 − 𝑃 𝐿 algorithm

-
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Fig. 6. 𝑃 𝑁 voltage3  profiles for case A: MOOP with w , red1 = 0.67  w 2 = 0.33  

solid line; MOOP with w 1 = 0.5, w 2 = 0.5 

 

blue solid line; MOOP with w 1 

= 0.33,
w 2                   

 

= 0.67 green starred solid line; 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 black starred solid line; 𝑛𝑜 − 𝑃𝐿
purple circled dashed line. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.)
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figure legend, the reader is referred to the web version of this article.)
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Fig. 8. 𝑃 𝑁 voltage profiles for case C: MOOP with3    w 1 = 0.67, w 2 

= 0.33 red

solid line; MOOP with w 1 = 0.5, w 2 = 0.5 blue solid line; MOOP with w 1 =  

 

0.33,
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= 0.67 green starred solid line; 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 black starred solid line; 𝑛𝑜 − 𝑃𝐿
purple circled dashed line. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.)

profile reaches node voltage values that are too low, down to 0.93 p.u., 

while the two MOOP algorithms, respectively, with w 1 

= 0.67, w2   

 

= 0.33
and with 𝑤 1 

= 0.5, 𝑤 2 

= 0.5, are the ones that provide the best trade-

off between improvement of the voltage profile and the costs associated 

with this ancillary service. For this reason, in the remainder, to per

form a deep technical and economic analysis, only these two MOOP 

algorithms are considered, namely the one with higher priority to the 

VDI with respect to costs, and the one with equal priority between the 

two objectives.

-

5.2. Validation of the decentralized algorithms

Comparing the columns in Table 1 referring to the centralized and 

the decentralized solutions, it is evident that the decentralized algorithm 

converges to values of the two objective functions, which are VDI and 

service cost, that are very close to the centralized solution for all the 

−5three cases (the accuracy of the solution is of  

 the order of 10 ) and for

all the algorithms (only-VDI, no-PL, MOOP with different weights).

Referring to the decentralized solutions of the two chosen MOOPs for 

96 times during the day, Table 2 reports the average, maximum and min

imum number of iterations needed to reach convergence, always with 

an accuracy of  

 the order of 10 

−5. Minimum values of the number of it

erations are obtained when PLs and PVs do not offer flexibility and the 

algorithm has no degrees of freedom to optimize. In contrast, the max

imum values occur when the algorithm can exploit both the variations 

of the PV reactive powers and the flexibility of multiple PLs.

-

-

-

Since the number of iterations in Table 2 can be too large for prac

tical applications, it is interesting to analyze the trend of both VDI and 

service cost as functions of the number of iterations. The decentralized 

algorithm is stopped at a fixed number of iterations set equal to 900, 

which is approximately equal to the mean value of the iterations in 

Table 2.

-

Referring to the MOOP with w1 = 0.67 and w2 = 0.33, Figs. 9–11 

show the obtained results for Case A, Case B and Case C, respectively. 

All three plots show how the decentralized algorithm moves towards the 

exact dashed-line solution of the centralized one, blue in the case of VDI, 

and red for costs; the algorithm requires slightly more than 300 itera

tions to be very accurate. An important aspect, which is verified in all

three cases, is related to the fact that in the first 20 iterations, the cost as

sociated with the optimization is zero because the algorithm intervenes 

on the VDI firstly by using only the reactive power of the PVs (which is

-

 

-
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Table 2 

Number of iterations of the two MOOP algorithms: w 1 

= 0.67, w 2 

= 0.33 and w 1 

= w 2 

= 0.5.

# of iterations Case A Case B Case C

w1 = 0.67
w2 = 0.33

w 1 = 0.5
w 2 = 0.5

w1 = 0.67
w2 = 0.33

w1 = 0.5
w2 = 0.5

w 1 = 0.67
w 2 = 0.33

w1 = 0.5
w2 = 0.5

Mean value 854 834 889 887 928 884

Maximum value 2141 2072 3423 4369 9728 4167

Minimum value 2 2 2 2 2 2
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Fig. 9. VDI and costs as functions of the number of iterations for case A. MOOP 

with w 1 

= 0.67, w 2 

= 0.33: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.)
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Fig. 10. VDI and costs as functions of the number of iterations for case B. MOOP 

with w 1 

= 0.67, w 2 

= 0.33: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.)

costless); for larger number of iterations, the VDI is lowered by increas-

ing the cost, using the flexibility of the PLs. Therefore, it is clear that 

stopping the decentralized MOOP at a fixed number of iterations results
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Fig. 11. VDI and costs as functions of the number of iterations for case C. MOOP 

with w 1 

= 0.67, w 2 

= 0.33: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.)

in lower costs for the optimization service, while the VDI is significantly 

improved although it does not reach the optimal solution. In general, 

all three Figs. 9– 11 show that by stopping the algorithm for just over 

300 iterations, the VDI is quite close to the optimum, and the cost is 

approximately 80 % of that required to reach the optimal solution.

Referring to the MOOP with w 1 = 0.5 and w 2 = 0.5 Figs. 12–14 

show the results of the VDI and the cost obtained for Case A, B and C, 

respectively. Compared to Figs. 9–11 for MOOP with w1  

= 0.67, w 2 

= 

0.33, the first number of iterations associated with zero cost increases to 

50 instead of 20, because in this case more importance is given to the 

service cost, and the reactive power of PVs is used as much as possible 

before using the flexibility of PLs. The second aspect, which is quite 

visible, is that the number of iterations required to reach a solution with 

an accuracy close to that of the centralized one is close to 500. The cost 

is approximately 80 % less than that required to reach the centralized 

solution, which is lower than that associated with MOOP with w1  

= 0.67
and w 2 

= 0.33, as shown in Table 1.

Notably, the number of iterations of the decentralized MOOP signifi-

cantly affects the total execution time of the algorithm. Table 3 provides 

a comparison of the execution time of a single optimization problem be-

tween the decentralized MOOP and the centralized algorithm. As shown, 

the single optimization problem for the decentralized MOOP takes a time 

of one and a half ms indifferently for Case A, Case B, and Case C; while 

the centralized algorithm takes 173–200 ms, depending on the case, to 

solve a single optimization problem.

The execution times suggest that the decentralized MOOP with w 1 

= 

0.67, w2 = 0.33 requires less overall time to achieve convergence because 

the algorithm requires approximately 300 iterations to obtain a good 

solution accuracy; instead, the decentralized MOOP with w1 = 0.5,
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Fig. 12. VDI and costs as functions of the number of iterations for case A. MOOP 

with w 1 

= 0.5, w 2 

= 0.5: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.)
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Fig. 13. VDI and costs as functions of the number of iterations for case B. MOOP 

with w 1 

= 0.5, w 2 

= 0.5: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this 

article.)

w 2 

= 0.5 requires almost 500 iterations. Considering a general time 

comparison of the w1 = 0.67, w 2 

= 0.33 decentralized MOOP with the

w 1 = 0.67, w2 =  

 

0.33 centralized algorithm, it can be stated that multi

plying 300 iterations by 1.5 ms gives an overall time of 450 ms, which 

compared to 200 ms of the centralized algorithm is more than twice. 

However, it must be remembered that the overall time for the central

ized algorithm must also consider the communication time delay owing 

to the sharing of information between the single DER or PL and the 

central computing unit; this communication step with the central unit 

is absent for the decentralized algorithm. Quantification of the latency 

of the communication network depends on various factors such as the 

amount of information exchanged, the type of connection used, the dis

tance between the network endpoints and the number of users who can 

saturate the bandwidth of the specific channel. However, this latency 

should not exceed one hundred ms for real-time applications. Hence, 

the performance related to the overall execution times of centralized

-

-

-
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Fig. 14. VDI and costs as functions of the number of iterations for case C. MOOP 

with w 1 

= 0.5, w 2 

= 0.5: blue and red solid lines. Optimal values of the central-

ized algorithm: dashed blue and red lines. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this

article.)

Table 3 

Time of execution (ms) of the single optimization for MOOP and the centralized 

algorithms.

Case decentralized MOOP centralized

w1 = 0.67
w 2 = 0.33

w 1 = 0.5
w 2 = 0.5

w 1 = 0.67
w 2 = 0.33

w1 = 0.5
w2 = 0.5

A 1.5 1.5 179.7 173.4

B 1.5 1.5 200.0 189.7

C 1.5 1.5 197.9 197.3

and decentralized MOOPs with w 1 

= 0.67, w 2 

= 0.33 can be considered 

almost equivalent with a slight advantage for the centralized solution 

assuming a good wired data connection. However, a decentralized solu-

tion is more resistant to possible connection failures and is more scalable 

if optimization considers a greater number of PNs.

5.3. Impact of PL flexibility

In this subsection, the time evolution of 𝑓 𝑜𝑏𝑗1 

in (24) during the day 

is reported and the two options, no-PL and MOOP with w 1 

= 0.67, w 2 = 

0.33, are compared, with the aim of providing evidence of the impact 

of the flexibility of PL on voltage profiles. Figs. 15–17 show the daily 

trends of 𝑓 𝑜𝑏𝑗1 for Case A, Case  

 

B, and Case C, respectively; the 𝑛𝑜 − 𝑃 𝐿,
red dashed line, and the MOOP, blue solid line. From these figures, it is 

evident that it is possible to cut some of the peaks of the dashed-red curve 

through the use of the flexibility offered by PLs. Such improvements in 

voltage profiles during the day correspond to a cost of approximately 

54€ in Case A, 55€ in Case B, and 61€ in Case C, respectively.

To provide evidence that the voltage optimization performed on the 

PNs of each VCZ guarantees the adequacy of all node voltages within 

the same VCZ, Figs. 18 and 19 show, during 24 h of the day, the voltage 

trends of the PN together with those of the nodes reaching the maximum 

and minimum voltages within 𝑉 𝐶𝑍 1 

in Case A for the MOOP with w 1 

= 

0.67, w2 = 0.33 and the option 𝑛𝑜 − 𝑃 𝐿, respectively. 
As shown in Figs. 18 and 19, the blue line that represents the voltage 

of 𝑃 𝑁 1 is always close to 1 p.u. and is bounded by the upper and lower 

node voltages, the red and yellow curves, respectively. Furthermore, a 

comparison of the trends in Figs. 18 and 19 shows that the MOOP with 

w 1 

= 0.67 and w2  

= 0.33 outperforms option 𝑛𝑜 − 𝑃 𝐿 by filling the valley

between 19:30 and 20:00.
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Fig. 15. Time evolution of 𝑓 in Case A, for MOOP with𝑜𝑏𝑗1   w 1 = 0.67, w 2 = 0.33.
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Fig. 16. Time evolution of 𝑓𝑜𝑏𝑗 in1  Case B, for MOOP with w 1 

= 0.67, w 2 = 0.33.
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Fig. 17. Time evolution of 𝑓 𝑜𝑏𝑗1 in Case C, for MOOP with w 1 

= 0.67, w 2 

= 0.33.

Figs. 20 and 21 show, during 24 h of the day, the voltage trends

of 𝑃 𝑁2  

 

together with those of the nodes that reach the maximum and

minimum voltages within 𝑉 𝐶𝑍 2 in Case B for MOOP with w1 = 0.67,
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Fig. 18. Daily time evolution of the voltage profiles of 𝑃 𝑁1 (blue) and the values 

of the maximum (red) and minimum (yellow) voltages within 𝑉 𝐶𝑍 1 

in Case A

for MOOP with w 

 

= 0.67, w references 

 

= 0.33. (For interpretation of the to1 2
colour in this figure legend, the reader is referred to the web version of this 

article.)
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Fig. 19. Daily time evolution of the voltage profiles of 𝑃 𝑁1 (blue) and the values 

of the maximum (red) and minimum (yellow) voltages within 𝑉 𝐶𝑍1 in Case A 

for 𝑛𝑜 − 𝑃 𝐿 algorithm. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.)

w 2 

= 0.33 and option 𝑛𝑜 − 𝑃 𝐿, respectively. As shown in Fig. 20, the

minimum voltage profile within 𝑉 𝐶𝑍 2 

deviated significantly from that 

of 𝑃 𝑁2  

 

during the central hours of the day, although it remains above

0.965 p.u. This behavior is due to the large size of 𝑉 𝐶𝑍2  

compared to 

𝑉 𝐶𝑍 1 

and the corresponding presence of many subfeeders, as shown in

 

Fig. 4. This remark suggests that it is not recommended in distribution 

networks to have a VCZ with more than a hundred nodes, especially 

in the presence of numerous branches of the main feeder leading to 

subfeeders and subsubfeeders.

Even under these operating conditions, the MOOP with w1 = 0.67 and 

w 2 =  

 

0.33 outperforms the option 𝑛𝑜 − 𝑃 𝐿 by filling the valley between 

19:30 and 20:00.

It should be noted that in all the cases considered, the decentralized 

algorithm always guarantees the recovery of the energy used as flexibil-

ity for optimization within the day, even in the case of a low number 

of iterations forced on the algorithm, because (43) imposes energy re-

covery on the ADMM at the subproblem level. Table 4 shows the energy 

absorption during the 24 hours of all PLs comparing the scheduled val-

ues, that is without optimization, and those obtained by MOOP after 

100 or 1000 iterations. For each PL, the energy absorption obtained by
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Fig. 20. Daily time evolution of the voltage profiles of 𝑃 𝑁2  

(blue) and the values

of the maximum (red) and minimum (yellow) voltages within 𝑉 𝐶𝑍2 in Case B 

for MOOP with w 

 

= 0.67, w references 

 

= 0.33. (For interpretation of the to1 2  

colour in this figure legend, the reader is referred to the web version of this 

article.)
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Fig. 21. Daily time evolution of the voltage profiles of 𝑃 𝑁 (blue) and the2  values 

of the maximum (red) and minimum (yellow) voltages within 𝑉 𝐶𝑍2 in Case B 

for 𝑛𝑜 − 𝑃 𝐿 algorithm. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.)

Table 4 

Total daily energy absorbed (MWh/day) by PLs for Cases A, B, and C: scheduled 

vs. MOOP with w 1 

= 0.67, w 2 

= 0.33.

Algorithm 𝑃𝐿 1 𝑃𝐿 2 𝑃𝐿 3 𝑃𝐿 4

Scheduled (no optimization) 3.6501 6.2028 8.5620 3.6501

MOOP (100 iterations) 3.6501 6.2028 8.5620 3.6501

MOOP (1000 iterations) 3.6501 6.2028 8.5620 3.6501

MOOP algorithm is the same as scheduled, whichever the number of 

iterations.

Finally, for completeness, Figs. 22–24 show, for Case A, Case B, and 

Case C, the time evolution of the active power actually absorbed using 

MOOP, and the scheduled one for 𝑃 𝐿 3 

. The comparison between the 

two curves provides evidence of the energy-recovery effect in the blue 

curve. Considering Fig. 24, it is interesting to highlight some specific 

hours of the day to show how the MOOP algorithm works to manage the 

PL flexibility to improve the VDI. Two time intervals were selected, fo-

cusing on the peak reductions of the objective function shown in Fig. 17.
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Fig. 22. 𝑃 𝐿3 planned vs. optimized consumption in Case A, for  

 

MOOP with 

w 1 

= 0.67, w = 0.33.2
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Fig. 23. 𝑃 𝐿  

 

planned vs. optimized consumption in Case B, for MOOP3   with 

w 1 

= 0.67, w = 0.33.2
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Fig. 24. 𝑃 𝐿3 planned vs. optimized consumption in Case C, for  

 

MOOP with 

w 1 

= 0.67, w = 0.33.2
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Fig. 25. 𝑃 𝐿 3 

planned vs. optimized consumption in Case C between 3:45 and

5:00 in the morning, for MOOP with w 1 

= 0.67, w 2 = 0.33.
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Fig. 26. 𝑃 𝐿  

 

planned vs. optimized consumption i3  n Case C between 18:45 and 

20:30 in the evening, for MOOP with w 1 

= 0.67, w 2 

= 0.33.

Specifically, the first interval runs from 4:00 to 5:30 in the morning and 

the second from 18:30 to 20:00 in the evening.

Fig. 25 shows, during the first interval, how the MOOP algorithm 

reduces the 𝑃 𝐿 3 

absorption by approximately 800 kW in the quarter-

hour between 4:30 and 4:45 to improve the voltage profile (this is the 

first peak cut in Fig. 17), and in the subsequent time intervals, the energy 

recovery constraint forces the algorithm to increase the absorption by 

one-third of 800 kW for each of the next three quarter-hours, from 4:45 

to 5:30.

Fig. 26 shows, for the second interval, that the MOOP increases the 

𝑃𝐿 3 

absorption by approximately 180 kW between 18:45 and 19:00 to 

improve the VDI and effectively cut the second peak in Fig. 17, while 

for energy recovery, the algorithm must reduce the 𝑃 𝐿 3 

absorption by 

60 kW for each of the next three-quarter-hours, from 19:00 to 19:45.

The improvement in the voltage profile introduced by the optimiza-

tion that exploits the PL flexibility has the indirect effect of reducing 

power flows along the lines because the voltage drops are contained. 

This effect also causes a reduction in power losses. Table 5 reports the 

daily energy losses in MWh/day obtained by the MOOP with w 1 

= 0.67, 
w 2 

= 0.33 and the option 𝑛𝑜 − 𝑃 𝐿. For the three Cases A, B and C, the 

MOOP reduces active power losses by 5 %, 7 % and 9 %, respectively. 

Hence, limiting the voltage drops by improving the voltage profile of 

the distribution network by performing voltage optimization on a lim-

ited number of nodes in the network, such as four PNs, and exploiting 

the active power flexibility offered by PLs in distribution networks has 

a relevant impact on limiting the flowing currents and the associated 

power losses.

Table 5 

Power losses (MWh/day) for all the three Cases A, B, and C: MOOP with w 1 

= 

0.67, w 2 

= 0.33 vs. 𝑛𝑜 − 𝑃 𝐿 algorithm.

Case MOOP no-PL difference: no-PL – MOOP

A 2.2249 2.3319 0.1070

B 2.0275 2.1719 0.1434

C 1.8837 2.0538 0.1701

In addition to the technical aspects, the reduction of energy losses by 

the proposed MOOP with w 1 

= 0.67, w 2 

= 0.33 has an economic impact. 

Using the data in Table 5 the savings obtained by MOOP with respect 

to the 𝑛𝑜 − 𝑃 𝐿 algorithm are estimated to be approximately 14 €/day, 

19 €/day, and 22 €/day, respectively for Cases A, B, and C, assuming the 

energy cost is equal to 130 €/MWh. Such savings can be subtracted from 

the service cost the DSO must face using the proposed MOOP. Always 

referring to the MOOP solved by the decentralized algorithm, the service 

costs are equal to about 54 €/day, 55 €/day, and 61 €/day, respectively 

for Cases A, B, and C, as shown in Table 1. Then, the overall operating 

costs, that is, the service cost reduced by the energy savings, are equal 

to 40 €/day, 36 €/day, and 39 €/day, respectively, for Cases A, B, and C.

6. Conclusion

This study investigates the contribution that the flexibility services 

offered by PV systems and EV parking lots (PLs) can provide to the 

optimal management of distribution systems. The flexibility that can 

be provided by the PLs is estimated using a stochastic optimization 

model that calculates the day-ahead absorption profiles and the max-

imum allowable flexibility margins for each 15-minute interval. The 

model assumes that the flexibility provision is always followed by some 

time intervals of energy recovery by the PL to guarantee an adequate 

EV charging service. Based on such a model, a real-time flexibility dis-

patch algorithm for the DSO is proposed. A multi-objective approach is 

adopted to account for both technical (voltage profile) and economic 

(costs related to the flexibility service purchase) aspects. The optimiza-

tion problem is based on a multi-period formulation that includes the 

effect of the energy recovery required by the PLs on the voltage profile 

in subsequent time intervals. Finally, the multi-objective multi-period 

optimization problem (MOOP) is decomposed using ADMM, to allow its 

decentralized solution based on partitioning the distribution network 

into voltage control zones (VCZs). In this way the computational bur-

den and communication requirements for the solution of the MOOP are 

quite limited in view of the real-time implementation. As a drawback, 

the MOOP does not directly account for all the nodal voltages and line 

current flows; these quantities are indirectly limited by containing the 

voltage variations at the pilot nodes (PNs) of the zones.

The proposed optimization has been tested on an IEEE 123-bus feeder 

system operating at medium voltage, and 4 PLs and 15 PV systems are 

connected to this distribution network. The performance of the proposed 

decentralized methodology has been compared with the centralized so-

lution by considering the voltage deviation index (VDI) and the cost of 

the flexibility service offered by DERs. For the considered cases and for 

different weights assigned to the objective functions, the decentralized 

algorithm has always converged to values of VDI and cost that are very 

close to the centralized solution.

By varying the priority weights of the objective functions, the im-

provements in terms of voltage profile reach 30 % using the flexibility 

of both PLs and PV systems with respect to the case in which only the 

flexibility of the PV systems is exploited. The cost for purchasing the 

PL flexibility service is estimated to reach up to 120 €/day. In particu-

lar, five different algorithms were considered: the first optimizing only 

VDI (𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼), the second with higher priority to VDI with respect 

to service cost, the third with equal priority to the two objectives, the 

fourth with higher priority to service cost with respect to VDI, and the
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fifth without the use of PL flexibility (𝑛𝑜 − 𝑃 𝐿). The 𝑛𝑜 − 𝑃 𝐿 and the

fourth algorithms gave poor performance in terms of voltage profile,

whereas from a technical-economic point of view, the best options were

selected as the second and third algorithms because the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 al

gorithm results in being too expensive. In fact, for the second algorithm,

the performance in terms of VDI is very close to that of the 𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼
algorithm, but with a cost reduction of approximately 50 %. The third

algorithm achieves good voltage performance, losing approximately 5 %

in terms of VDI, but reducing the cost to less than 35 % compared to the

𝑜𝑛𝑙𝑦 − 𝑉 𝐷𝐼 algorithm. The numerical results also show that the second

algorithm provides a reduction of the active power losses in the distri

bution network, thus decreasing the actual operation cost by about 30 %

with respect to the service cost.

-

-

This power loss reduction also proves that improving the voltage 

profile of the distribution network nodes has an indirect impact on lim-

iting the amplitudes of the currents flowing through the grid lines, thus 

improving the thermal operation of the network due to feeder load. The 

results also show that performing the voltage optimization on only a few 

nodes of the network, in this study, the four pilot nodes of the VCZs led to 

a limited excursion of the minimum and maximum voltages within each 

VCZ, thus improving the voltage profile of all nodes, with the advantage 

of reducing the number of variables in the optimization problem.

In terms of computational effort, the second algorithm requires fewer 

iterations than the third algorithm, 300 instead of 500, to achieve a good 

solution accuracy in terms of VDI. The reason is that the second algo-

rithm, which gives a higher priority to VDI, takes advantage of the PL 

flexibility more rapidly. A comparison of overall execution times for the 

second algorithm between the decentralized and centralized solutions 

revealed that the overall computational effort is comparable. However, 

the decentralized algorithm has the additional advantage of being more 

resistant to possible failures and its performance is more scalable when 

considering distribution networks with a larger number of pilot nodes 

and DER and PL connections.

Finally, it is important to highlight that in all the considered cases, 

the decentralized algorithm has always guaranteed the recovery of the 

energy used by flexibility service in the subsequent time periods, inde-

pendently of the number of iterations, so that the DSO’s choices do not 

impact the EV charging service.

A limitation of this study is that flexibility is considered only for 

a particular type of aggregated load, i.e. PLs with EVs, which currently 

have limited diffusion in society. Future work will investigate how to ac-

count for the uncertainties related to the flexibility service provision by 

PV systems and the introduction of the flexibility of other loads, such as 

commonly used domestic loads, into the optimization problem. Finally, 

it is important to recall that the unitary cost of the service may result 

in an economic barrier to the practical implementation of the proposed 

MOOP approach, although flexibility appears to be the only technical 

tool available to guarantee the voltage quality of future distribution 

systems.
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