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Abstract: Nowadays, Distributed Energy Resources (DERs) and Electric Vehicles (EVs) are being
increasingly used in smart distribution networks. There are concerns regarding the use of DERs and EVs
which are twofold: (i) they may lead to grid voltage variation and (ii) they have uncertainty in power
production. In this paper, a distributed voltage control method is proposed in the simultaneous presence of
DERs and EVs preserving the independence and reducing the communications between them while
considering probabilistic behaviors. The proposed objective function improves the system voltage profile
with the lowest rate of change in the active and reactive power of DERs and EVs. For this purpose, a method
is developed for converting the centralized optimization problem to the distributed optimization problem
using Dual-Decomposition (DD) and Alternating Direction Method of Multipliers (ADMM) algorithms
based on Peer-to-Peer (P2P) communication capabilities of DERs and EVs. The uncertainty of DERs and
EVs are modelled by utilizing a scenario-based approach and a Two-Point Estimation Method (2PEM),
respectively. The results on the modified IEEE 69-bus test system show that the proposed method can

improve the voltage deviation of the worst bus by about 7%, and also reduce grid losses by about 48%.

Keywords: Distributed optimization, Alternating direction method of multipliers (ADMM), Distributed

energy resources (DERs), Electric vehicles (EVSs), Uncertainty.



Nomenclature

Indices

t Index of time slot

nj Index of distribution network buses

p Index of parking lots

k Index of DD and ADMM iteration

d The number of smart photovoltaic inverters

L Lines between n, j buses

Parameters

ch Penalty factor to control active power changes

Cg Penalty factor to control reactive power changes
cp Penalty factor to control changes in the active discharge power of EVs
Viom Nominal network voltage (p.u)

Vinax Maximum network voltage

Vinin Minimum network voltage

Ry; Lines resistance

Xai Lines reactance

p ADMM algorithm convergence acceleration factor
a DD algorithm convergence acceleration factor

APpaxq Maximum active power changes of each inverter
APping  Minimum active power changes of each inverter
AQmaxa Maximum reactive power changes of each inverter
AQming  Minimum reactive power changes of each inverter
APpqyxp  Maximum changes in the active discharge power of EVs
APpin,  Minimum changes in the active discharge power of EVs

Eehr Convergence threshold

Py Active power set point before applying the changes

Qao Reactive power set point before applying the changes

Pyo Active discharge power set point before applying the changes

Variables

Vo The voltage of each bus before applying the changes

Ve The voltage of each bus

PSS Active power losses

PGS Total network power losses

Py Active power of each inverter after applying changes

Qu¢ Reactive power of each inverter after applying changes

Pyt Active power of EVs discharge after applying changes

Ape* Lagrangian multiplier related to the maximum voltage inequality constraint
A;'fi" Lagrangian multiplier related to the minimum voltage inequality constraint
APy, Active power changes of each smart inverter

AQg: Reactive power changes of each smart inverter

AP, , Active discharge power changes of EVs

1. Introduction
The development of Distributed Energy Resources (DERS) encourages communities to play a role in smart
networks. The rapid growth of penetration of DERs in the power system helps to supply electrical energy
needs without increasing fossil fuel consumption, and it also greatly reduces the emission of greenhouse

gases [1]. In addition to the presence of renewable energy resources such as wind and solar sources in the



network, Electric Vehicles (EVs) also are used, which are a new and growing technology in smart networks
[2,3]. EVs help to reduce pollution [4] and also its connection to the network improves reliability [5].
Increasing the number of EVs in smart networks leads to an increase in network energy demand, as well as
current harmonics. In the absence of management on the pattern of receiving their energy from the network,
the voltage of the buses and the loading of the lines may be out of range. For this purpose, active and reactive
power management of EVs is done by using bidirectional chargers to minimize voltage deviation [6]. In [7],
also a stochastic multi-objective method is used to manage the active and reactive power of EVs and harmonic
compensation in smart distribution networks.

Hence, DERs and EVs are widely connected to the grid, which is inherently uncertain [8,9]. Uncertain
parameters are the power production of DERs and the number and State Of Charge (SOC) of EVs which not
considering them causes some problems in the study. Uncertainty modeling methods are different which
include Information Gap-Decision Theory (IGDT) [10], robust optimization [11,12], fuzzy modeling [13,14],
chance constraints [15], scenario-based methods [16], and Two-Point Estimation Method (2PEM) [17]. The
increasing penetration rate of DERs and EVs in smart networks has emerged as problems in the field of grid
voltage profiles. Any incorrect decision causes power quality problems. Therefore, the smart network
scheduling problem associated with DERs, EVs, and their uncertainties to maintain appropriate voltage is
much of interest. In this regard, many control methods are provided to solve the voltage problem and improve
the network specifications. Different voltage control algorithms are developed based on centralized to
distributed optimization methods [18-28]. The most basic method of voltage control is the centralized control
method [18-20]. In a centralized control system, a central controller is used to control the voltage of the entire
system in the presence of DERs. Disconnection with the central controller causes the voltage control system
to lose in the entire system. In this method, there are a lot of computational burdens because the optimization
is based on a lot of information. Also, since all system states and boundary conditions must be given to the
central controller, this requires high-quality communication from all DERs to the central controller. There is

a concern that the owners of various DERs are not willing to hand over their affairs to a third party due to



security. Therefore, centralized systems are usually not scalable and require many telecommunication links.
In contrast, distributed control systems do not have a central controller, and the control system is distributed
throughout the smart networks. In this structure, each DER is considered an independent control factor. Smart
network components are related to each other on a Peer-to-Peer (P2P) basis in a distributed voltage control
method. The distributed control methods can reach a globally optimal solution under certain constraints, thus
achieving almost the same quality as centralized schemes.

There are different algorithms in the distributed voltage control method. The convergence speed of algorithms
is important, and it is necessary to pay attention to it. The gossip algorithm is used in a distributed method to
manage the power flows in the smart network. Each bus participates in distribution management by sending
the calculated values to neighbor buses and using P2P communications [22]. In [23], voltage control is
performed in a distributed method using the Dual-Decomposition (DD) algorithm. Also in this structure, P2P
communication is used to exchange data between different parts of the network. In [24] a distributed feedback
control algorithm is used to optimize the voltage. In this method, each bus can participate in voltage control
by injecting active and reactive power. Each bus does this by measuring voltage and communicating with its
neighbors. In [25], the problem is formulated based on the Alternating Direction Method of Multipliers
(ADMM) algorithm and by dividing the network into specific regions. A two-stage method is used to optimize
reactive power in distribution systems with Wind Farms (WFs). In this problem, border information is
exchanged between neighboring regions. Also, In [26], the ADMM algorithm is used to control the active
and reactive power of DERs of the type of WFs. According to this, WFs act in a way to minimize the deviation
of bus voltage from the nominal value and network power losses. Also, the effects of active power injection
from WFs are considered. The Jacobi Proximal-ADMM (JP-ADMM) algorithm is used based on distributed
control method and P2P communication between smart photovoltaic inverters [27]. Also, in this control
method, solutions are proposed to increase the robustness of the algorithm.

As mentioned, the use of EVs has expanded greatly. Therefore, the investigation of EVs and their control in

distributed methods are also of great importance. In the mentioned papers in the field of distributed voltage



control, the presence of EVs is not reviewed in the smart distribution network. Also, the behavior of DERs
and EVs is accompanied by uncertainties. Examining possible states is important to achieve more accurate
results, but uncertainties are not included in most previous studies. In [28], the ADMM algorithm is used to
solve the proposed model of decentralized robust optimization. In addition to DERs, EVs are also considered.
The purpose of this issue is to achieve coordination between the aggregators of EVs and the Distribution
Network Operator (DNO). In this model, EVs are under centralized control, and only DERs operate in a
distributed manner. Therefore, this model is not fully distributed. It also seems that in this paper which models
each EV independently, if the number of EVs is considered large, the optimization problem may not converge
due to the use of many binary variables for modeling.

According to the research gaps mentioned in previous works, in this paper, distributed control methods are
proposed based on DD and ADMM distributed algorithms using P2P communication capabilities of DER
and EV converters considering the uncertainty related to DERs and EVs. These proposed algorithms use the
change of active and reactive power of some DERs and the active discharge power of some EVs in the
network to adjust the grid voltages.

Moreover:

e The considered EVs can discharge active power to the smart network in any parking lot. According
to the voltage range, the algorithm determines how many of these EVs are allowed to be discharged
for each hour, so the network does not suffer from overvoltage. It is assumed that the charging of EVs
is done by the parking distributed generation sources to which the EV is connected, and they do not
receive power for charging from the network.

e The uncertainty of solar radiation is also modeled using the scenario-based method per hour. Also,
the uncertainty of the number of EVs in each parking lot and in each time slot is modeled using the
2PEM.

e For a better review, the results of the proposed algorithms are compared with the centralized control

method.



e The effect of implementing proposed distributed algorithms is also investigated on grid losses in
comparison to the centralized method.

2. General description of the proposed model
In this section, the smart network structure based on distributed voltage control is presented. Accordingly,
Fig. 1 shows an overview of the proposed structure. In this model, day-ahead scheduling and one-hour time
steps are considered. To achieve more accurate results, the uncertainty of solar radiation using the scenario-
based method for each hour and the number of EVs in each parking lot using the 2PEM are modeled and
applied to the smart active network. Smart photovoltaic inverters can help the power distribution system by
using their decentralized voltage control feature. The proposed DD and ADMM algorithms are hosted by
network voltage control functions and integrate with the smart photovoltaic inverter's internal control loops.
In the physical layer, this network has n nodes, d smart photovoltaic inverters, and p distributed generation

resource parking lots.
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Fig. 1. The proposed structure of a smart distribution network based on distributed voltage control.



3. Mathematical model
In this section first, the mathematical model of the centralized voltage control problem is presented in
subsection 3.1, since the aim is to find a method of converting the centralized optimization problem into a
distributed optimization problem. On the other hand, by modeling the centralized voltage control problem, a
basis can be obtained for comparison with the proposed distributed methods. In the following, the model of
distributed algorithm based on DD and ADMM is presented in subsections 3.2 and 3.3, respectively.

3.1. Centralized control method
In this subsection, the problem model is introduced based on the centralized control method. The simplified

model of the centralized control optimization problem is as follows:

MiN, 4o D (c§ AP +cAQS )+ D (cr AP (1)
d p

Vo SV i ot )

Vo2V i vnit ®)

APy AP, <AP . :Vd t (4)

AQ g <AQy, SAQ VA ®)

AP SAP  <AP iVt (6)

The objective function (1) minimizes the amount of all changes in the active and reactive power of DERs
required to maintain the voltage in the acceptable range, as well as the amount of change in the discharge of

the active power of EVs in each hour. The first and second terms of this equation represent the change in
active and reactive power of DERs with the value of AP, and AQ, . Also, its third term shows the amount
of change in the active discharge power of EVs. Constraints (2) and (3) indicate that the voltage value of

each bus must be within the range. In the same way, the amount of change in active and reactive power of

each DER in constraints (4) and (5) as well as the changes of active discharge power of EVs in constraint (6)



are limited. ¢/, c3, and c;’ are fixed penalty coefficients used to control variables of AP, AQ,, and

AP, . . These coefficients specify the priorities of the control measures. When the reactive power of DERs is

not enough or changing their active power is more optimal, the active power limit of DERs is used to adjust
the system voltage. To solve this optimization problem first, the voltage of each bus should be expressed as
a function of the active and reactive power of each DER and the active discharge power of each parking lot.
For simplicity, a simple two-bus distribution network is considered to consist of a DER, an Electric Vehicle

Parking lot (EVP), and a line with a resistance and a reactance as shown in Fig. 2.

Vd Xdi Vi

i N
DER Ra, o |
EVP d i|

Fig. 2. View of a simple distribution network in the presence of DERs and EVs.

The voltage value of each bus can be obtained using equation (7):

(Rdz,i +X dz,i )(sz,t "‘de,t + sz,t) (7)
Vo)

r‘/i,t‘:\/wd,t)z_z(Rd,iPd,t +X4iQqr +Ry Py )+

Then, the active and reactive power of each DER and the amount of active discharge power of EVs can be

expressed as a function of their changes by (8), (9), and (10):

Pd i Pd ot APd t (8)
Qd t :Qd o™ AQd t 9)
Pp (= vao + APp ¢ (10)

The operation of the centralized control method presented in this subsection is by using a central controller.
The central controller solves the optimization problem based on the information it receives about the voltage
of buses and the set points of DERs and EVs participating in the voltage control. The central controller sends

the new points P, ., P,., and Q,, to the desired DER and parking lot to adjust the voltage profile of the

p.t?
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distribution network. It should be noted that the equations mentioned are developed based on the method
presented in [27].

3.2. Proposed DD-based distributed control
The main aim of this paper is to design a voltage control system that does not rely on a central controller. In
this subsection, the distributed voltage control algorithm is proposed based on the DD method [23]. This
proposed algorithm decomposes the optimization problem into subproblems suitable for distributed control
and applies the Lagrangian theory. To do this, the centralized optimization problem (1)-(6) should be
decomposed into optimization subproblems so that they can be solved locally. The objective function (1) can
be solved in distributed form. Also, constraints (4), (5), and (6) are local, meaning they only influence the

local decision variables of AR, ,, AQ,,,and AP, . Therefore, these constraints can be easily separated into

local constraints. On the other hand, constraints (2) and (3) cannot be distributed because the voltage of each

bus is a non-linear function of P, ,, Q,,, and P, given by equation (7) is described. By linearizing the

voltage of each bus, the optimization problem (1)-(6) is solved using the proposed DD-based method. The
first-order approximation of equation (7) can be used to linearize the voltage of each bus, as described in
equation (11).

(11)

Ath)+2( Vo

oP,

~VnO+Z( r\/ ar\/

ant Fact 0Q,

Vo

——AP,,)

Therefore, according to equation (11), f\/m

following, since the calculation of partial derivatives is not easy and depends on the state of the system, they

can be approximated using equations (12), (13), and (14).

oV o _ Ry, (12)
an it _V nom
ar‘/n t d,i (13)

~

6Q dt V nom
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R, (14)

ar\/n,t

P, "V

I

nom

The above equations are a suitable approximation for r\/n,t when the phase angle between voltages in

provides

different buses is small, which can be proven in the distribution network. The linearization r\/n]t

the possibility of solving the entire optimization problem (1)-(6) in a distributed method based on the
Lagrangian DD method. The main idea of the Lagrangian method is to simplify the original problem (1)-(6)
by transferring the constraints to the objective function. The Lagrange of the objective function (1) is defined

as follows:
L(AP,AQ,AP,, A™,A™) =" (cf AP/, +c$AQ¢,) (15)
d

2 C]AP )+ D AT (Vg )
p n

-V max ) +ﬂ“thinNmin _r‘/n,t

Where A7 and A"\ are the Lagrangian multipliers, which are associated with inequality constraints (2)

and (3), respectively. Based on (11), equation (15) can be written as follows:

L= (c{ AP +c§AQZ )+ D (cr APZ )+ (16)
d p

max R i X i R i
Zﬂ‘n,t Nn,o_vmax +VLAPd,t +V = AQd,t +Vd' App,t)

Rd i X d.i Rd i
vV APd t _V_AQd i _\/_APp,t)

nom nom nom

+ﬂ’:?tin (\/ _Vn,O -

min

In (16), if the value of the Lagrange multipliers is considered constant, the previous objective function can
be considered for each of the smart inverters connected to DERs and for each parking lot with EVs
individually. To solve equation (16) more easily, the minimum value of the objective function can be obtained
using partial derivatives and the Karush-Kuhn-Tucker conditions (KKT) with equations (17), (18), and (19)
as follows:

Ry, (7
V

nom

max min 1 min max
APy, (A™, ™) = 2P Z(’ln,t _zn,t )
d n
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e - alt 18

AQu (™ A™) = pee D (A =7 ) (18)
d n nom

AP (ﬂ/max ﬂmin) =i2(ﬂvmin _imax ) Rd,i (19)
p.t ’ ZCE - nt nt Vnom

Lagrangian multipliers must be greater than zero. According to KKT rules, Lagrange multipliers are obtained

from equations (20) and (21):

max k __ max ,k -1
ﬂ‘n,t =max {j’n,t +a<vmax _r\/n,t

19 e

nt

AMmE = max {/1,??:""“1 +oc(r\/

Vi )0} (21)

Where k is the number of iterations and « is a parameter that is defined to accelerate the convergence of the
algorithm. Since the Lagrangian multipliers have a direct relationship with the voltage difference of a bus
from the network, it seems logical that each pair of Lagrangian multipliers is calculated locally in the bus to

which it belongs. From P2P communication protocols are used to obtain A7 and /1'“'” Since the proposed

algorithm in this subsection does not have a suitable convergence speed, the ADMM-based algorithm is
proposed in the next section.

3.3. ADMM-based distributed control
In this subsection first, the formulation of the ADMM algorithm is described in general in part 3.3.1. Then
the details of the formulation of the proposed ADMM-based algorithm are reviewed in part 3.3.2.

3.3.1. ADMM method
The ADMM algorithm used for optimization problems can be written as follows [29]:

Min(f X)+9g(z)),xeX,zeZ (22)

Ax +Bz =c (23)

Constraint (23) can be added to the objective function. Therefore, the Lagrange of the objective function is

obtained as follows:
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24
MinL (x,z,2)=f (x)+g(z)+A" (Ax +Bz —c)+§||Ax +Bz —c||§,x eX,zeZ (24)

In this equation, A represents the Lagrangian multiplier, and p is a penalty factor related to the constraint (23),
which should be considered positive, and I. I2 is the norm of a vector. The Lagrangian function obtained in
(24) can be solved by the ADMM algorithm using the iteration of equations (25)-(27). In these equations, k
is the iteration index of the algorithm. In this algorithm, the variables x and z are optimized according to

equations (25) and (26), respectively. Thus, the ADMM algorithm becomes an effective method to optimize

the problem.
x(k +1)=argminL (x,z (k),A(k)),x €X (25)
z(k +D)=argminL (x (k +1),z,4(k)),z €Z (26)
Ak +1) =A(k)+p(Ax (k +1)+Bz (k +1)—c) (27)

Finally, the ADMM algorithm converges when the following equation holds:

Mk +2) =0k )[, <& (28)

3.3.2. Proposed ADMM-based algorithm
This part details the ADMM-based proposed distributed algorithm formulation for this special problem. The
ADMM-based algorithm also applies terms called penalty coefficients to the Lagrange function. This
algorithm, like the DD-based algorithm, is used to decompose a voltage control system based on centralized
optimization into subsystems that interact with each other in a distributed manner. By transferring the global

constraints to the objective function, the Lagrange of the objective function is defined as equation (29):

L,(AP,AQ, AP, A™ A™) =" (¢ APZ +CIAQZ )+ Y. (Ch AP2) + (29)
d p

DA W, O R s o

_Vmax)+lr:r,]tin°/min _r\/n,t )+§‘ _Vmax
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Like the proposed DD-based algorithm, A% and A" are the Lagrangian multipliers, which are associated

with unequal constraints (2) and (3), respectively. According to KKT rules, Lagrangian multipliers are

obtained from equations (30) and (31):

ATt = max {47+ oV g V1)) 50

//l/rT:n’k = max { njtin'kil +p(b/n,t _V min )’0} (31)

To solve equation (29) more easily, using partial derivatives and KKT rules, the minimum value of the

objective function can be obtained with equations (32), (33), and (34):

1 Rd i i Rd ix d,i R (32)
AP, = oV -2p v —| AP, —2p VY > AQy  +A
2Cdp n 2,0(\/ di j nom nom
1 Ry Xy, (33)
AQd,t = 2 {—Zp \d/’ :Y (AP, t +APp,tJ+AtX 1
209 +2p[ o j o
nom
1 Rd i i Rd iXd i R (34)
APp’t = 5| —2p — | APy —2p———-AQ, +A
p Rdi Vnom Vnom
2, +2p Vno;n

In the above equations, the values of A® and A obtain using equations (35)-(38). From P2P

communication protocols are used to achieve A% and A" of all buses.

At =>al, (35)
AY =>a, (36)

(37)

ar, = (a0 - A )

nom
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(38)

a0, = (A - A )

nom

Fig. 3 shows the flowchart of problem-solving using the proposed ADMM-based algorithm. In the following,
the Voltage Deviation Index (VDI) and the Average Voltage Deviation Index (AVDI) are introduced in
equations (39) and (40), respectively. By using these two indices can be seen the effect of the proposed

methods, and can also be used as a basis for comparing all methods.

voI), =3 (V.| -1) 59

t

AVDI :(ant:(w”

~1))/IN (40)
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Fig. 3. Flowchart of the proposed ADMM algorithm.

3.4. Network losses

In a power system, part of the available power is lost by unwanted effects. During the transmission of electric
power, there are also losses due to the resistance and reactance of the line. In this paper, the effect of the

proposed methods on network losses is also investigated. The amount of line active power losses between

two buses n and j can be obtained by equation (41).
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(P2 +Q2)) (41)
Vo[

The total active power losses of the network can be determined by the sum of the losses of all lines, which is

PLoss (n’ J ): Rn,j

expressed as equation (42).

T ,Loss __ Loss :
Poiy _;P( ®vn,jelL (42)

n, n,j)

3.5. Uncertainty model

In this subsection, the mathematical formulation of the uncertainties used in this paper is investigated.

3.5.1. Uncertainty of solar radiation
Among the different methods of uncertainty modeling, the scenario-based method is used for uncertainty
modeling of solar radiation.
In this modeling method:
e Step 1: Using the collected data, a Probability Distribution Function (PDF) is produced, and also at
this stage, choosing the type of PDF is very important. The uncertainty of the amount of solar radiation

is usually modeled by the beta distribution function, which is expressed by equations (43) and (44)

[30].

<o B)e y(a+p) (1o (43)
e ey
y(n)=(n-1)! (44)

e Step 2: In this step, using the Monte Carlo approach, scenarios are generated and the number of these
scenarios is large for modeling.

e Step 3: In this step, the scenarios can be reduced by using different methods such as Mixed Integer
Linear Programming (MILP), fuzzy, and K-Means clustering. In this modeling, the K-Means method

is used to reduce the scenarios.



18
In this method, it is assumed that the set {xl,xz,..., X n} is all the scenarios produced in the previous step and

each scenario is a d-dimensional vector. K-Means clustering aims to divide n scenarios into k clusters or

segments in which k sections are specified as a set s :{sl,sz,...,sk } The members of this set should be

chosen in such a way as to minimize the Within-Cluster Sum of Squares (WCSS) according to equation (45)

[31].

k k
argmin, 33" — 4 | =argmin, s, Vars -

i=lxes; i=l
In (45), x; is the mean of the points in each cluster or in other words in each s, , and |s; | is the number of

cluster members i.
e Final step: In this step, the Expected value of the scenarios obtained in the previous step is calculated
and finally, the modeled uncertainty is applied to the problem models.
3.5.2. EVs participation uncertainty
Also in this paper, the number of EVs in each parking lot and in each time slot is modeled by the 2PEM. For
this purpose, using the Weibull distribution function, the collected data are modeled. The Weibull distribution
function is defined by shape and scale parameters, which is expressed by equation (46) [32].

k-1 _ik (46)
f(x:i,k)zg(ij e(*] , x>0

In the above equation, k is the shape parameter and 4 is the scale parameter. After modeling the data by the
Weibull distribution function, 2PEM is used to model the mentioned uncertainty [33]. For this probabilistic
modeling, it is assumed that in the function z =h(x ), x is a vector as {x,,x,,...,x,, } Which x, to x, are
random parameters modeled by the PDF. h describes the system model, x is the vector of uncertain input

parameters to the system, and finally, z is the output variable. In this modeling method, the position of the

estimated points of the x is obtained using equation (47).
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X; =4 +¢6x0, 1=12 (47)

Here, since the number of estimated points is two, i =1,2 is assumed, and X, is the focus position i. The

required parameters are calculated by equations (48), (49), and (50).

X3 1 3_1 1 lx 3 2 i —_ 1 2 (48)
6= +(-1) + ; j=1
M;(x)= I(X -, ) f (x)dx
=—1 = 50
ﬂ’x,j SJ (JX) 1=123,... (50)

M; (x ) specifies the central torque of order j of variable x, also x, and ¢, represent the mean and standard

deviation, respectively. The probability of each part is calculated by equations (51) and (52).

Ve . (51)
(Ve

! €

FERS (52)
X,3
€=€6—€=2 l+[ 5 j

The torque of random quantity z is calculated with appropriate approximation by equation (53).
2 J- (53)
E (z ] ):ZPi (h(x,))

Finally, this calculated uncertainty is applied to the structure of the problem, such as the uncertainty of solar
radiation.

4. Numerical analysis
In this section first, the information on the network is given in subsection 4.1, and then the obtained results

are presented in subsection 4.2.
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4.1. System data
To check the performance of the proposed algorithms, the modified IEEE 69-bus radial distribution network
is selected as the test system, and simulation is performed on this network [34]. Fig. 4 shows the overview
of the network considering DERs and EVPs, and the network load profile is considered in Fig. 5. The
minimum and maximum voltage limits are set at 0.95 and 1.05 p.u. The values of rated voltage and rated
power are considered to be 12.66 kV and 10 MVA, respectively. In this paper, the problem of voltage control
is solved in a centralized method, and distributed method based on DD and ADMM proposed algorithms by
GAMS software. The reviewed uncertainties are also modeled by MATLAB software, and the obtained
results are entered into GAMS software. All modeling methods are performed using a computer system with

4 GB of RAM and an inter-core i5 CPU.
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The fourteen solar-type DERs are considered in the discussed radial network. It is also important to note that
the location of DERs along this feeder is hypothetical. It is assumed that each DER has a three-phase smart
photovoltaic inverter, and all these inverters participate in voltage control. Each inverter has network
management functions that allow it to adjust the voltage at the Point of Common Connection (PCC).
This network also has five EVPs, and the placement of these EVPs like DERs is completely hypothetical. As
mentioned, these EVs can discharge active power to the network, and their charging is provided by the
parking lot itself. Algorithms determine the number of EVs that can be discharged per hour. The rest of the
EVs can discharge there if needed by considering the storage device inside the parking lots. « and p are set
to 20 and 0.08, respectively. ¢!, c3, and c;’ values are also set to 4, 1, and 2, respectively.

4.2. Study results

In this subsection, the results are presented and compared with each other. According to Table 1, the results

are examined in five scenarios.

Table 1 Different scenarios in the case study.

Scenario Centralized DD-based ADMM-based Presence Presence
number control distributed distributed of of
method algorithm algorithm DER EV
1 v v
2 v v
3 v v
4 v v v
5 v v v

4.2.1. Scenario 1 (Centralized control method)
The centralized voltage control method is investigated, in this scenario. In this regard, Fig. 6 and Fig. 7 show
bus voltage 61 and 65 in the base case without DER and centralized voltage control method, respectively.
Bus 61 has the highest amount of load, and bus 65 has the highest VDI. For this reason, these two buses are
used for the case study. As can be seen from the figures, no voltage improvement is done since 21-4. Because
during these hours the DERSs have no production, and the network is without these resources. It is expected
that the voltage improvement in the centralized method is more than in the proposed distributed methods,

which are investigated in the next two scenarios. The total grid losses are approximately 0.2806 p.u in the
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base case without DERs, and it has reached 0.1675 p.u in the centralized control method. Therefore, by

improving the voltage, network losses will also decrease.
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Fig. 6. 61 bus voltage curve.
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Fig. 7. 65 bus voltage curve.

4.2.2. Scenario 2 (DD-based distributed algorithm)

In this scenario, the aim is to investigate the distributed voltage control method based on the DD algorithm.
Fig. 8 and Fig. 9 show the voltage of buses 61 and 65, respectively. For a better comparison, the results of
this control method are drawn together with the centralized control method. As expected, the voltage control
by the centralized method is performed better in all hours than the DD-based distributed method, but due to
the mentioned advantages, this control method is suggested. However, due to the slow convergence speed
and the low required power to improve the voltage, which will be examined below, this method is not very

efficient. For this reason, ADMM-based distributed control is proposed in the next scenario.
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Fig. 8. 61 bus voltage curve.
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Fig. 9. 65 bus voltage curve.
4.2.3. Scenario 3 (ADMM-based distributed algorithm)
Considering the disadvantages mentioned in the proposed DD-based method, the ADMM-based distributed
control method is proposed, in this scenario. For this purpose, Fig. 10 and Fig. 11 show the voltage of buses
61 and 65 as in the previous scenarios, respectively. As can be seen from the figures, for both buses, the
proposed ADMM-based algorithm performed better than the DD-based algorithm, and it has results closer

to the centralized control method.
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Fig. 10. 61 bus voltage curve.
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Fig. 11. 65 bus voltage curve.

Fig. 12 shows the Lagrangian multiplier of DER4, which is connected to bus 62. As can be seen, it starts to
adjust the voltage from 4:00 and reaches its maximum value at 18:00. Fig. 13 shows the active and reactive
power changes of the DER4 smart inverter in bus 62. The total active power supplied to the network by this

source during the day is about 0.1841 p.u, and the total reactive power is about 0.1564 p.u.
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Fig. 12. DER4 Lagrangian multiplier curve.
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Fig. 13. DER4 active and reactive power changes curve.
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In the following, to show the disadvantages of the proposed DD-based algorithm, it is compared with the
proposed ADMM-based algorithm without the presence of EVs. For this purpose, Fig. 14 and Fig. 15 show
the amount of active and reactive power changes of the smart inverter of DER4 at 11:00, and Fig. 16 shows

the voltage of bus 61 at 16:00.
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Fig. 14. Active power change curve of DER4 at 11:00.
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Fig. 15. Reactive power change curve of DER4 at 11:00.
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Fig. 16. 61 bus voltage curve at 16:00.

According to Fig. 14 and Fig. 15, the ADMM-based algorithm has a higher convergence speed than the DD-
based algorithm, and convergence is achieved about 20 iterations earlier. Fig .16 shows the advantage of the

proposed ADMM-based algorithm in the voltage curve like the active and reactive power changes. In such a
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way the bus voltage is increased from 0.93 to approximately 0.952, while the DD-based algorithm is
increased the voltage from 0.93 to approximately 0.943. Also, the higher convergence speed of the ADMM-
based algorithm can be better seen in this curve. Fig. 17 shows the comparison of total network losses in 24
hours for all methods. It should be noted that the base case without DER and the centralized control method

are without iteration, but in this figure, they are drawn as a line to better see the results.
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Fig. 17. Total grid losses in 24 hours.

As expected, by the improvement of voltage, the centralized control method has power losses lower than
the proposed distributed methods. In the comparison of distributed methods, the proposed ADMM-based
algorithm has reduced the losses more than the proposed DD-based algorithm.

4.2.4. Scenario 4 (DD-based algorithm with EV)
In this scenario, the effect of the presence of EVs in the network is investigated by implementing the proposed
DD-based algorithm. Fig. 18 shows the voltage curve of bus 61 for the DD-based algorithm. As can be seen,

in the presence of EVs, voltage improvement is done better.

0.965 T T

T T T T
[—e—DD (With EV) —DD (Without EV)]

1 1 1 1 |
2 4 6 8 10 12 14 16 18 20 22 24
Time (hours)

0.93 | | | | 1

Fig. 18. 61 bus voltage curve by implementing the DD algorithm.
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Fig. 19 shows the power losses curve of the entire network in two modes. In this figure, the losses are

decreased more in the presence of EVs, and this is because the voltage improvement is done better in the

presence of EVs.
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Fig. 19. Total losses curve in 24 hours by implementing the DD algorithm.

4.2.5. Scenario 5 (ADMM-based algorithm with EV)

In this scenario, the effect of the presence of EVs in the network is investigated by implementing the proposed
ADMM-based algorithm. The presence of EVs in the ADMM-based algorithm, like the DD-based algorithm,
improves voltage and reduces grid losses. For this purpose, Fig. 20 and Fig. 21 show the comparison of bus

61 voltage and total grid losses in the presence and absence of EVs, respectively.
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Fig. 20. 61 bus voltage curve by implementing the ADMM algorithm.
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Fig. 21. Total losses curve in 24 hours by implementing the ADMM algorithm.
4.2.6. Comparison of probabilistic and deterministic modes
In this subsection, the comparison of probabilistic and deterministic modes is discussed. It should be noted
that all the previous scenarios were probabilities, and the uncertainty is included related to the amount of
solar radiation and the number of EVs in each parking lot in all of them. Fig. 22 and Fig. 23 show the voltage

of buses 61 and 65, respectively. As expected, the results are better in the case of not considering the

uncertainty.
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Fig. 22. Comparison of probabilistic and deterministic modes (Bus 61).
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Fig. 23. Comparison of probabilistic and deterministic modes (Bus 65).
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4.2.7. Processing details of the proposed algorithms
The VDI is expressed in percentage in Table 2 for some end buses. Bus 65 has a higher VDI than other buses
in all methods, and in comparison between control methods, centralized control has a lower VDI for all buses.
Among the two distributed control methods, the ADMM-based algorithm has a lower VDI than the DD-

based algorithm, and with the addition of EVs, this index is decreased more than without them.

Table 2 VDI of end buses (%).

Bus Base Centralized Distributed control algorithms
number Case Control DD ADMM DD ADMM
(without EV) (with EV) (with EV)

57 6.25 3.48 4.50 3.65 3.34 2.60
58 8.75 5.04 6.32 5.29 4.97 4.01
59 9.84 5.72 7.10 6 5.69 4.64
60 11.19 6.64 8.16 6.97 6.65 5.49
61 13.33 8.14 9.85 8.53 8.20 6.89
62 13.42 8.18 9.92 8.58 8.25 6.93
63 13.54 8.27 10 8.67 8.34 7.02
64 14.12 8.72 10.50 9.14 8.80 7.43
65 14.30 8.86 10.65 9.28 8.94 7.56

The processing details of the three voltage control methods are shown in Table 3. The problem-solving time
and the number of iterations to reach convergence prove that the proposed ADMM-based algorithm reached
convergence earlier than the proposed DD-based algorithm, and also the convergence speed is accelerated
with the addition of EVs. The centralized control method has a lower AVDI than the other methods, and after
that, the ADMM-based method and the DD-based method perform voltage improvement, respectively. The
AVDI decreases in DD and ADMM methods with the addition of EVs. It should be noted that the centralized
control method is without EVs. Therefore, the basis for comparing the centralized method with the proposed

distributed algorithms should be in the case without EVs.

Table 3 Processing details of voltage control methods.

Base Centralized Distributed control algorithms
Processing Details Case Control DD ADMM DD ADMM
(without EV) (with EV) (with EV)
Solving time (seconds) - 234 119 95 93 80
Number of iterations - - 116 87 63 32
VDI of bus 65 (%) 14.3 8.86 10.65 9.28 8.94 7.56
AVDI (%) 2.55 1.29 1.85 1.33 1.18 0.91
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Reduction of AVDI compared to - 1.26 0.7 1.22 1.37 1.64
the base case (%)
Reduction of AVDI compared to - - -0.56 -0.04 0.11 0.38
centralized control (%)
Total network losses (p.u) 0.280 0.167 0.207 0.177 0.160 0.145
Losses reduction rate compared to - 40.30 26.23 36.63 42.83 48.11
the base network (%)

5. Conclusion
This paper proposed DD-based and ADMM-based distributed methods in the presence of DERs and EVs.
The proposed algorithms used the change of active and reactive power of DERs and the active discharge
power of EVs for voltage control. The uncertainty of solar radiation and EVs' participation in each parking
lot were modeled by the scenario-based method and 2PEM, respectively. This paper aimed to achieve a
distributed control method in the presence of EVs that does not dependent on the central controller. In this
regard, the centralized control method without the presence of EVs was modeled, and the results were
compared. The simulation results were shown that the ADMM-based distributed control method has better
results and higher convergence speed. Therefore, it enables the ability to implement operationally. On the
other hand, the losses of the entire network were also reduced by improving the voltage in all methods.
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Figure captions

Fig. 1. The proposed structure of a smart distribution network based on distributed voltage control.

Fig. 2. View of a simple distribution network in the presence of DERs and EVs.
Fig. 3. Flowchart of the proposed ADMM algorithm.

Fig. 4. IEEE 69-bus radial distribution system.

Fig. 5. The network load profile.
Fig. 6. 61 bus voltage curve.

Fig. 7. 65 bus voltage curve.

Fig. 8. 61 bus voltage curve.

Fig. 9. 65 bus voltage curve.

Fig. 10. 61 bus voltage curve.

Fig. 11. 65 bus voltage curve.

Fig. 12. DER4 Lagrangian multiplier curve.

Fig. 13. DER4 active and reactive power changes curve.

Fig. 14. Active power change curve of DER4 at 11:00.

Fig. 15. Reactive power change curve of DER4 at 11:00.

Fig. 16. 61 bus voltage curve at 16:00.

Fig. 17. Total grid losses in 24 hours.

Fig. 18. 61 bus voltage curve by implementing the DD algorithm.

Fig. 19. Total losses curve in 24 hours by implementing the DD algorithm.
Fig. 20. 61 bus voltage curve by implementing the ADMM algorithm.

Fig. 21. Total losses curve in 24 hours by implementing the ADMM algorithm.
Fig. 22. Comparison of probabilistic and deterministic modes (Bus 61).
Fig. 23. Comparison of probabilistic and deterministic modes (Bus 65).
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Table 1 Different scenarios in the case study.

Table 2 VDI of end buses (%).

Table 3 Processing details of voltage control methods.



