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Abstract—The large-scale penetration of photovoltaic (PV)
units and controllable loads such as electric vehicles (EVs) ren-
der the distribution networks prone to frequent, uncertain, and
simultaneous over/under voltages. The coordinated control of
devices such as on-load tap changer (OLTC), PV inverters, and
EV chargers seem efficient in regulating the distribution net-
work voltage within normal operation limits. However, the need
for measuring infrastructure throughout the distribution net-
work and communication setup to all control devices makes it
practically and economically difficult. Furthermore, for large
networks, the large measurement dataset of the network and
distributed control resources increase the computational com-
plexity and the response time. This paper proposes a voltage
control strategy based on dual-stage model predictive control
by coordinating devices such as OLTC and controllable PVs
and EV charging stations. A minimum set of available control
resources is identified to establish the voltage control in the net-
work with reduced communication and minimum measuring in-
frastructure, using a reduced model framework. Simulations
are performed on 33-bus distribution network and the modified
IEEE 123-bus distribution network to validate the efficacy of
the proposed control strategy.

Index Terms—Active distribution network, distributed genera-
tion, photovoltaic (PV), model predictive control (MPC).

1. INTRODUCTION

THE widespread integration of distributed energy resourc-
es (DERs) notably in last decades has turned traditional
passive power distribution networks into active distribution
networks (ADNs). The integration of DERs, mainly photo-
voltaic (PV) units, increases network flexibility, operation
cost, and sustainability. However, it may also lead to unsta-
ble and insecure operations due to reverse power flow, simul-
taneous over/under voltages, and other power quality compli-
cations [1], [2]. The deployment of DERs such as wind tur-
bines and PV sources along with controllable loads such as
electric vehicles (EVs) further exacerbates the active net-
work management (ANM) due to the uncertainties associat-
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ed with them in spatio-temporal distribution [3]. To make
the distribution networks resilient to the technical challenges
raised by high integration of DERs, enhanced monitoring
and control become significantly important. The control capa-
bilities of DERs and other control devices along with en-
hanced communication and measurement infrastructure prom-
ise the stable operation of ADNs to avoid or at least post-
pone network reinforcement [4].

The voltage rise problem forms one of the prominent is-
sues in ADNs. Over the years, a large number of research
works have been carried out for real-time voltage and reac-
tive power control so as to deal with uncertain and frequent
voltage violations. The volt/var optimization (VVO) is a criti-
cal feature of ANM, wherein the control capabilities of fast-
acting devices such as PV and EV inverters, storage devices,
and other power electronic interfaced devices such as soft
open point (SOP), are utilized for the voltage regulation and
loss minimization [5]. Over the years, various voltage con-
trol strategies have been proposed for voltage control and
VVO in ADNs, which can be broadly classified as local/de-
centralized, centralized, distributed, and hybrid voltage con-
trols. Local control forms the simplest voltage control strate-
gy, wherein control actions are taken based on pre-specified
rules and local measurements [6]-[8]. Local control strate-
gies lack optimization or coordination among resources, thus
are suited for networks with limited control resources.

Centralized control is widely studied in small/medium dis-
tribution networks, owing to their rule-based or optimization-
based coordination among control resources [9]. Optimiza-
tion-based coordination has been carried out on single-time-
scale coordination [1], [3], [5], [10]-[12] and multi-time-
scale coordination [13]-[15], wherein the devices with differ-
ent temporal operation characteristics are coordinated at dif-
ferent time scales. Most of the research works anticipate the
uncertain generation from RESs such as PVs, thus avoiding
the necessary uncertainties. References [5], [16]-[18] have in-
corporated randomness and uncertainties in generation and
load using techniques such as stochastic programming. Refer-
ence [16] considers random stochasticity in EV charging and
discharging, and [17] accounts for uncertainties by consider-
ing worst-case transitions in stochastic resources for voltage
control using robust constrained model predictive control
(RC-MPC). The uncertainty in line parameters is considered
in [18] while regulating node voltages. The need for reliable
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communication, information transparency, and complexity in
control makes it difficult for centralized control strategies in
large distribution networks. To account for heavy communi-
cation and the need for voltage control in large distribution
networks, distributed voltage control seems to be promising,
wherein various distributed controllers coordinate with com-
munication among neighboring controllers. Distributed coor-
dinated control is carried out using multi-agent system-based
coordination algorithms [19], [20], decomposition coordina-
tion-based algorithms [21]-[23], and consensus-based algo-
rithms [24]-[26]. However, distributed control strategies are
technically difficult to implement.

Recently, hybrid control strategies have been used to regu-
late voltage efficiently by hybridizing and utilizing the mer-
its of centralized, local, and distributed control strategies [4],
[27]1-[29]. Furthermore, to account for the need for system
models, deep learning-based voltage control strategies are
gaining interest [30] - [32], using the coordination of the
above-mentioned strategies.

Recent years have seen a significant rise in predictive con-
trol, notably model predictive control (MPC), driven by the
abundance of data logs and enhanced by recent advances in
short-term forecasting. MPC employs a system model for it-
erative computation of control variables at each control step
and strategically optimizes the anticipated future behavior of
the underlying system.

Within the existing literature, studies exploring MPC-driv-
en voltage control have been investigated within local [33],
decentralized [34], centralized [10]-[15], as well as distribut-
ed [35]-[37] frameworks. Centralized MPC-based strategies
are relatively easier to implement than distributed control
strategies, for small and medium-sized networks. In [11] -
[13], [15], the active/reactive power exchange leveraging
smart inverters is used along with an on-load tap changer
(OLTC); however, the measurements are assumed to be avail-
able from every node, so that the controller apprehends the
system state for real-time control. Moreover, all control re-
sources are utilized increasing the communication burden. A
distributed solution is proposed in [36] with optimality fea-
tures of centralized control. However, in a distributed set-
ting, the full set of network measurements is needed. Using
diverse control equipment, [37] proposes a distributed MPC-
based control strategy employing the gradient projection
method to find the optimal solution. A decentralized control
strategy utilizing coordination among different clusters is
proposed in [34]. The control strategy mitigates the commu-
nication requirements, while no attention is given to the opti-
mality of solution compared with centralized strategies.
Since centralized control demands extensive two-way com-
munication with each controllable device, scaling this cen-
tralized strategy becomes cost-prohibitive with the increasing
number of control devices. Distributed control strategies of-
fer a viable alternative that requires sparse communication,
but optimal solutions may not be always guaranteed. More-
over, in future distribution networks with highly penetrated
distributed generation (DG) units and EVs, the coordination
of all control resources with different temporal characteris-
tics will increase the complexities of computation and coordi-
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nation.

To this end, this paper proposes a voltage control strategy
leveraging a dual-stage MPC-based reduced model frame-
work that requires less network information, communication,
and control needs, thus encompassing the benefits of both
distributed and centralized control structures discussed
above. A dual-stage MPC is used in [13] to coordinate con-
trol devices with different temporal characteristics; however,
the measuring infrastructure is assumed to be installed
throughout the network and all control resources are used
for voltage regulation. Reference [14] has carried out MPC-
based real-time voltage control in ADNs in which the need
for measuring infrastructure throughout the network is re-
duced. However, all the control resources available in the
network are monitored and used for voltage regulation. Fur-
thermore, the MPC framework is single-stage designed for
the coordination of only fast-acting control resources such as
DG units and energy storage systems (ESSs). Reference [38]
proposes an index for identifying the most effective control
resources for voltage regulation. However, for the identifica-
tion of the nodes with voltage violations, it is required to
monitor all nodes in the network. Furthermore, for different
voltage violation cases, different sets of effective control re-
sources are needed, which requires the availability of all con-
trol resources. Hence, to address these research gaps, this pa-
per presents a real-time voltage control strategy in ADNs
based on dual-stage MPC with a reduced model framework.
A comparison of existing control strategies with this paper is
drawn in Table I.

TABLE I
COMPARISON OF EXISTING CONTROL STRATEGIES WITH THIS PAPER

Reduced number of Reduced number
sensors and measur- of control re-
ing infrastructure sources

Reference Control strategy

[13]

[14]

[38]
This paper

Dual-stage MPC X

Single-stage MPC N x
Index-based N

Dual-stage MPC N

X

X

<

A minimum measuring infrastructure and a global mini-
mum set of available control resources for voltage regulation
are used throughout the network. The critical nodes for mea-
surements are identified using the network partitioning based
on hierarchical clustering algorithm (HCA) [39]. A global
set of control resources is identified by ranking the control
resources using numerical voltage sensitivity analysis, to pro-
vide a reduced model framework and bring down the num-
ber of sensors and measuring devices as well as communica-
tion infrastructure. The reduced model framework highly re-
duces the computational complexity and response time of
the controller. It is to be noted that a system model is imper-
ative for employing MPC; however, a distribution network
model is rarely available. Existing literature commonly as-
sumes the availability of the network model, and thus ex-
tracts the necessary parameters such as voltage sensitivity co-
efficients from Newton-Raphson (NR) power flow [4], [10],
[13] or other analytical methods [14], [17], relying on



1882

known line parameters. In case the network model is not
available, the sensitivities can be extracted experimentally if
the measurements are available throughout the network.
However, the proposed control strategy, featuring a reduced
model structure, demands sensitivity coefficients for selected
nodes (control and observation nodes) only. These required
nodal sensitivities can be experimentally computed using
measured-data-based sensitivity calculation methods as in
[40], [41], with the limited number of devices present. Thus,
the main objectives of this paper can be summarized as fol-
lows.

1) Development of dual-stage MPC-based reduced model
framework for voltage control in ADNs with control devices
of different temporal characteristics.

2) Network partitioning to identify critical nodes for mea-
surements (termed as observation nodes) and ranking of
available control resources using novel ranking index (RI),
by utilizing numerical voltage sensitivity analysis.

3) Identification of global control resource set among the
ranked control resources and implementation of the MPC-
based control strategy on the 33-bus distribution network
and modified IEEE 123-bus distribution network in simula-
tion.

The remainder of the paper is organized as follows. Sec-
tion II provides the dual-stage MPC. Section III discusses
the optimization problem formulation. Section IV formulates
the reduced model framework, with reduced measurement
and communication infrastructure and reduced use of control
resources. Section V presents the modeling and description
of the test distribution networks. Section VI presents the sim-
ulation results on the IEEE 33-bus distribution network and
modified IEEE 123-bus distribution network with the pro-
posed control strategy and discussions. Finally, Section VII
provides the conclusion of this paper.

II. DUAL-STAGE MPC

MPC efficaciously deals with complex dynamic systems
to predict the system behavior. MPC employs the system
model and current system state to determine the optimal con-
trol sequence over multiple time steps called control horizon
N.. The system behavior is predicted based on optimal con-
trol sequence over the prediction horizon N,. The system
evolution is depicted in Fig. 1.

The system is expressed by a discrete linear model [42] as:

2(k+ )= Az(k)+ BAu(k) (1)

Y(k)=Cz(k) 2
where A and B are the system matrix and input matrix, re-
spectively; C=[CT, CIT' is the output matrix corresponding
to system output y(k)=[y] (k), y2 (k)]"; z is the state vector;
Au is the control input vector; and k is the time step. The
system evolution is governed by a linear model given in (3)
and (4), where dv/ou and di/du are the voltage (v) sensitivity
and current (i) sensitivity to the control input # (OLTC tap
change, active/reactive power exchange by PV inverters and
EV charging stations (EVCSs)), respectively.
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Vectors z and y=[y|, y, " represent the node voltages y,
and line currents y,, and Au represents the change in active
and reactive power at control nodes or change in voltage
due to tap operation of OLTC. B represents the sensitivities
of monitored variables with respect to control variables. The
voltage sensitivity coefficients can be obtained using analyti-
cal voltage sensitivity analysis to power flow equations [43],
or can be extracted from numerical techniques such as New-
ton-Raphson (NR) power flow. In this paper, the voltage sen-
sitivity coefficients are extracted from the inverse of the Ja-
cobian matrix using the offline NR load flow method, and
sensitivities of the branch currents are calculated at each
sampling instant [13]. Sensitivities with respect to tap opera-
tions of OLTC are obtained by calculating deviations due to
two successive tap operations. Based on the linearized dis-
crete model of the system, the state variables are obtained se-
quentially over N, as:

2(k+ 1]k)= Az(k)+ BAu(k)
2(k+2/k)=Az(k) + ABAu(k)+ BAu(k + 1)

2(k+N,k)=A"z(k)+ A" BAu(k)+..+4" " BAu(k+ N, 1)
)

Using the above-obtained states, the predicted output can
be obtained as:

y(k+1|k)= CAz(k)+ CBAu(k)
y(k+2lk)= CA* (k) + CABAu(k)+ CBAu(k + 1)

: (6)
AGN, AGN,-1 §
yk+N k)= CAV z(k)+ €A™' BAu(k)+ .+

CA" " BAu(k+N,—1)

The control sequence over the control horizon AU and the
consequent predicted output sequence over the prediction ho-
rizon Y are represented by (7) and (8), respectively. It is to
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be mentioned that only first control actions are applied using
receding horizon control, to consider the system state at each
optimization stage. Incorporating fresh measurements at each
step alleviates the model inaccuracies (if any).

AU=[Au(k)" Au(k+1)" Au(k+N,—1)']" 7
Y=[y(k+1[k)" y(k+2/k)" p(k+N, k)" ] (8)

The predicted output over the predicted horizon N, can be
expressed in terms of measurements and optimal inputs over
the control horizon N, as:

Y= Fz(k)+ ®AU )
F=[(CA" (CA)" (CA) €A™' (10)
[ ¢B 0 |
CAB CB
AR (11)

e)
Il
BN
=

CAB
| CA"'B CA"’B A" VB
The system state vector z(k) is acquired through real-time

measurements at time step k. The output is predicted based
on the change in control inputs. To obtain the control inputs
at time step k, we can write:

u(k)=u(k— 1)+ Au(k)

u(k+ D=u(k— 1)+ Au(k)+ Au(k+ 1)

(12)
u(k+N,— D)=u(k— 1)+ Au(k)++Au(k+N,— 1)
Equation (12) reduces to the compact form:

U(k)= Gu(k— 1)+ AAU (13)

G=[I I 11"
100 .. 0

. 14

A:({(:)...(:) (14)
I 11 .. 1

The previous input u(k— 1) cumulatively adds all previous
input changes in (12), thus the input changes at the previous
time steps such as {Au(k— 1), Au(k—2)} are implicitly consid-
ered by the value of u(k—1). The voltage control architecture
in ADNSs is shown in Fig. 2.

It is worth mentioning that the choice of control horizon
and prediction horizon involves a trade-off between computa-
tional complexity and rigorousness of the controller actions.
The control action is taken such that the output meets the set
point target at the end of the prediction horizon [10], as
shown in Fig. 1. Since it is assumed that the measurements
are available quite frequently due to advanced metering infra-
structure, the control action is determined over a short time
window. For this purpose, the prediction horizon is consid-
ered to be 3 (which is relatively low), so that the controller
action is more aggressive than spreading the control action
over a long time window. From the computational perspec-
tive, the prediction horizon is chosen to be equal to the con-
trol horizon (N,=N,=3) in this paper.
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Fig. 2. Voltage control architecture in ADNs.

III. OPTIMIZATION PROBLEM FORMULATION

The optimal input change is found by an optimization
problem which lies at the core of MPC. The objective func-
tion is formulated as a quadratic programming:

min{ ;(” V=Y +1) ”2Q+ | o ”i) + | Autk+1) ||i; (15)

where y,,, is the desired/reference vector; ¢=[0,, 0, " is the
slack variable vector added to the objective function so that
the controller does not stop under solution infeasibility; and
0, R, and S are the weight matrices corresponding to the
voltage deviation from the nominal value, control inputs,
and slack variables, respectively. The objective function is
convex and is solved as a standard quadratic problem with
the positive semi-definite Hessian matrix. It is to be noted
that the provided control strategy is deterministic in nature.
The inherent uncertainties in nodal power may render the
controller with insufficient control capability. Thus voltage
constraints are relaxed using slack variables with the mini-
mum possible value to secure the MPC controller from be-
ing stopped unintentionally. The weights are dynamically
changed as per the requirement of the system. When the volt-
ages are beyond the normal operation range, the weight asso-
ciated with the control input change is reduced to bring the
voltages quickly within the normal range and the weight as-
sociated with the voltage deviation from the nominal value
is increased. Moreover, matrix R includes the weights corre-
sponding to tap operation, active and reactive power control
inputs of PVs and EVCSs, i.e., R, R,, and R, respectively.
The control inputs concerning active power are penalized
more than reactive control inputs. The weights associated
with control inputs under different network conditions are
given in Table II. The values in Table Il mean the objective
weights of the weight matrices, i.e., the values of the diago-
nal elements. The optimal control action is obtained under
the following system and input constraints:

Au,, < Au(k+D<Au,, (16)

u <ulk+D<u,, (17)

o 1+v, ., <vik+)<v,  +0,1 (18)
i(k+D<i_,, (19)
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TABLE 1T
WEIGHTS ASSOCIATED WITH CONTROL INPUTS UNDER DIFFERENT NETWORK
CONDITIONS

Objective weight
0 R R R S

q 2

Range of bus voltages (p.u.)

max(v)> 1.1 or min(»)<0.9 100 0.1 0.1 1 1000
1.05<max(»)<1.1 or 0.9<min(»)<0.95 100 1 1 10 1000
max(v)< 1.05 and min(v)>0.95 100 10 10 100 1000
ov
sk +D=v(k+1=1)+ | S | Aulk+1-1) (20)
. . oi
ik+ D=iCk+1= D+ | = | Aulk+1-1) @1

where the subscripts min and max represent the minimum and
maximum values of the corresponding variables, respectively;
and 1 represents a unitary vector. Constraint (19) corresponds
to the thermal limit constraints of the distribution lines. The
MPC-based optimization is carried out in two stages. The opti-
mal operation of OLTC is carried through each hour at the first
stage, wherein Au in (15) is given as:
(22)
The variable Av,,, (change in OLTC tap reference) is treat-
ed as a continuous variable. The appropriate action taken by
the OLTC is determined by rounding off the value of the
continuous variable obtained, to the nearest discrete tap posi-
tion of the OLTC. At the second stage, controllable PV and
EV inverters are coordinated after each minute, wherein the
control input Au in (15) is given by:

Au=[AQ, AQ,, AP, AP.T (23)
where AQ,, and AQ,, are the changes in reactive power ex-
changed by the PV inverters and EVCS inverters, respective-
ly; and AP, and AP, are the changes in active power ex-
changed by the PV inverters and EVCS inverters, respective-
ly. It is to be noted that the reactive power as well as active
power from PV and EVCS is used as control variables. The
active power from EVCS is considered to be available
through EVCS smart inverters, to assess the control capabili-
ty of V2G technology. The use of active power curtailment
(APC) from PVs involves the curtailment of renewable ener-
gy, which is generally discouraged by the DG owners. Simi-
larly, active power exchange by the EVCS involves the deg-
radation of battery life and customer willingness to partici-
pate in V2G. Thus, a maximum of 10% of the available ac-
tive power is used for control purposes. Moreover, the
weights attributed to the control inputs associated with ac-
tive power are considered significantly greater compared
with those pertaining to reactive power control inputs, to ex-
hibit the minimal preference for the active power. The dual-
stage MPC efficiently deals with temporal characteristics of
slow-acting OLTC and fast-acting PV and EV inverters,
which greatly reduces unnecessary tap operation.

Au=Av,,

IV. REDUCED MODEL FRAMEWORK

The reduced model framework uses only selected nodes in
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MPC linear model formulation to reduce the model size for
fast computation. This involves the identification of critical
nodes and ranking of control resources as discussed in this
section.

A. Selection of Observation Nodes

The multi-step corrective control using MPC needs real-
time measurements to update the system state. For large-
scale networks with substantial amounts of control resourc-
es, the need for measuring infrastructure increases signifi-
cantly. The need for a wide communication network and
measuring infrastructure throughout the network elevates the
cost and complexity of real-time coordinated control. To
achieve effective control with the requirement of least mea-
surement infrastructure, we need to nominate network nodes
that are more sensitive to deviations in network quantities
such as voltage. For the identification of sensitive nodes, net-
work partitioning using HCA [39] is used to dispense the
network into the optimal number of zones. The HCA utilizes
the concept of electrical distances defined in (24). The elec-
trical distance D, quantifies the coupling among network
nodes using voltage sensitivity [14].

Dy=-In(a;a;) (24)
where a,;=AV,/AV; and a;=AV,/AV; are the voltage devia-
tions at node i and node j with respect to voltage deviation
at node j and node i, respectively.

1) HCA

The HCA initially assumes all nodes of the network as in-
dividual clusters. The clusters are subsequently merged using
bottom-up agglomeration based on electrical distances, in a
hierarchical manner as shown in Fig. 3.

Bottom-up agglomeration

@ Node

hdiy

@

fudpdy
gefelcs

"T

®

A

L

Step 3

g
<
NS

Step 2 Step 4

Fig. 3. Illustration of hierarchical clustering method.

The successive merging of individual clusters C,, and C, is
given by:

D;,=max{DieC,,jeC,}

C,UC,=min D¢

mn

(25)

(26)
where Dy, is the inter-cluster distance between cluster m and
cluster n. The merging of zones of the network subsequently
proceeds to form a single cluster. The appropriate clustering
results are identified based on the measure of relative diame-

m?
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ter at each clustering stage. The diameter of a cluster d¢ is
given by:

d‘=max{Di,j € C} 27)
where C is the cluster for which diameter is calculated. If

the number of zones at a given clustering stage is K, the rel-
ative diameter d" of the network is given by:

1 K
d:E;¢

The appropriate clusters K are chosen at the stage where
the relative diameter change between successive stages is the
maximum, i.e.,

K::max{|d2'—d1’

(28)

di—d;

- PRI

dg=dl, |} (29)

In var control space, the clusters are linked based on aver-
age linking criterion [39], wherein the inter-cluster distance
is the average of electrical distances between the nodes of
two clusters, given as:

xxxxxxxxxx

(30)

where n!, e C, and n' eC, are the /™ nodes in clusters C,,
and C,, respectively; and m,,, and n,, are the total numbers
of nodes in clusters C, and C,, respectively. The appropriate
clustering (with % clusters) is decided based on the maxi-
mum value of the average zone distance d“ of the network

at each stage, given by:
E(Cdmn )2
K
K:=max{d",d;",...d5, (32)

dv= mn=12,.. k-1 (3D

where cd,, is the inter-cluster distance between any two
zones as calculated by (30) at a given clustering stage; and
dy".dy",...d,, are the average zone distances at different
clustering stages. The optimal zoning corresponds to the val-
ue of K at the clustering stage where the value of zone dis-
tance is the maximum. Within each partition of the network,
a node is chosen to represent the whole partition for any
voltage variations. The representative nodes are named as ob-
servation nodes as in [43], which are chosen based on their
location in the zone. For each zone, the PV node which lies
towards the end of the feeder is chosen as the observation
node [14]. However, if no PV node happens to be present in
a zone, the node at the end of the feeder in the host zone is
selected as the observation node. It is worth mentioning that
for enhanced observability, we can choose multiple observa-
tion nodes from each zone so that the solution is closer to
the system-wide optimal solution. However, due to the close
geographical proximity of nodes in a zone in a distribution
network, the generation profile of all PV-DG units is almost
identical, thus it is sufficient to choose the single most criti-
cal observation node for the sensing and measurement of
voltage control. Moreover, the slight change in sensitivity co-
efficients due to changes in network conditions has a negligi-
ble effect on electrical distances and no effect on the net-
work partitioning. Thus, the partitioning remains the same in
different load scenarios. It is to be noted that all observation

1885

nodes and nodes where controlled resources such as PVs or
EVCSs are connected are necessarily equipped with measur-
ing devices for real-time control. The communication infra-
structure is laid only for nodes where control resources are
connected.

B. Selection of the Minimum Control Resources

To minimize communication and the need of all voltage
control resources, the control infrastructure is reduced by
choosing the control nodes that are more significant in reduc-
ing the voltage violations with minimum control actions. For
choosing the control resources for real-time control, the re-
sources are ranked based on voltage sensitivities to the obser-
vation node. The ranking utilizes the numerical voltage sensi-
tivity analysis carried out using offline power flow. Corre-
sponding to each PV node, the value of the ranking index R/
is calculated, which is the summation of voltage sensitivities
at all observation nodes due to the reactive power change by
a control resource. If N, ={0,,0,,..,0,,} is the set of obser-
vation nodes, and N,={c,,c,,...c,} is the set of control re-
sources available in the network, R/ is given as:

RI ov,  Ov, ov, ;
= iR e el S i S
20, a0, a0,
where RI, is the index value corresponding to the i" control
resource; and 0v, /00, is the voltage sensitivity of the 7" ob-

(33)

servation node corresponding to reactive power change by
the i" control resource. The control resource with a higher
value of R/ is more effective in controlling the voltage at ob-
servation nodes. For the determination of the minimum set
among all control resources (PV inverters), a simulation is
performed to observe the highest voltage violation in the net-
work. To correct the highest voltage violation, the control re-
sources in the ranked set are sequentially added for voltage
correction till the voltage violation is brought within the per-
missible limits [0.95, 1.05]p.u.. It is to be mentioned that the
control resources are assumed to have the minimum reactive
power available in this worst-case scenario. Thus, the control
resource set that brings voltages within limits during the maxi-
mum violation is sufficient for controlling voltage violations
throughout the network for all scenarios and load variations.

V. MODELING AND DESCRIPTION OF TEST DISTRIBUTION
NETWORKS

To validate the proposed control strategy, the test distribu-
tion network models are set up with the modified network
configuration and added components. The network nodes are
represented by set A. The distribution lines radially connect-
ing the nodes of the network are represented by a set £=
(m,n)c N'x N. The distribution system lines are modelled us-
ing series admittance, y,,=1/(r,,+]jx,,), where r, and x,,
are the resistance and reactance of the line connecting nodes
m and n, and x,,=wL,,, where L,, and w are the line induc-
tance and system frequency, respectively. The 33-bus distri-
bution network [13] and modified IEEE 123-bus distribution
network [2] are used as test networks in this paper, as
shown in Figs. 4 and 5, respectively.

mn
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Commercial area Industrial area The peak active and reactive power demands of the 33-
bus distribution network are 3.715 MW and 2.30 Mvar, re-
spectively. The network is modified to accommodate 16 PVs
of 550 kVA (each with peak generation of 500 kW) and two
EVCSs of 1 MVA.
Sub- .. . .
station Similarly, the peak active and reactive power demand of
I N A M M A - MM the IEEE 123-bus distribution network is 3.49 MW and 1.92
| } Mvar, respectively. A total of 21 PV sources of 650 kVA are
} } installed throughout the network with a peak generation of
L= =T BiPV; =EVCS; vLoad 585 kW. The PV inverters are slightly overrated by 10% to
Commercial arca meet the reactive power demand as per IEEE standard 1547
Fig. 4. 33-bus distribution network. (2018) [44].
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Fig. 5. Modified IEEE 123-bus distribution network.

It is to be noted that the distribution systems considered
in this paper are assumed to be three-phase balanced sys-
tems. The substation is equipped with an OLTC, which is co-
ordinated in a centralized control strategy for regulating the
distribution system voltage. The tap operation of OLTC for
voltage control, as in [45], is given by:

)’( :_HX + K(V[ - vre/’) (34)

where v, is the voltage at the secondary side of the OLTC;
v, 1s the reference voltage of OLTC, which is the control
variable as defined in (22); and y, H, and K are the state
variable (tap position), integral deviation, and inverse time
constant, respectively, and the variable y corresponding to
the tap operation is treated as a continuous variable. Howev-
er, the value of y depends on v, , which is determined by
the optimization at the first stage. The OLTC has 32 tap
steps and one tap step changes the voltage by 0.00625 p.u.,
and a maximum of 2 tap steps are allowed at a given time
instant. Thus, OLTC can step up or bring down the voltage
by 0.1 p.u. when the highest or lowest tap positions are
reached. The parameters K and H are toned so that the
OLTC control action is completed in 3 s. It is to be men-
tioned that the tap operation is carried only when then the
maximum voltage deviation in the network is more than
2.5% of the nominal value, and the total number of tap oper-
ations in a day is restricted to be 10 to enhance its life. Fur-

thermore, PV sources are connected to the balanced three-
phase distribution network at various nodes, which are as-
sumed to be interfaced by smart inverters, so that they can
exchange active as well as reactive power with the network.
The nodes where PV sources are connected are represented
by node set N, N. The PV power generation relies on PV
capacity and irradiance at a given location and time. The
available reactive power of PVs and EV stations, i.e., O,,(¢)
and Q,(¢), are constrained by active power generation and
EV charging load as given in (35) and (36), respectively.
The inverters are assumed to have grid support functions to
exchange reactive power under very little or no active power

generation.
Opy()=£/Spp=Ppy (1) (35)
Oy )=/ Sgy=Piy (0) (36)

where P,,(¢f) and P, (f) are the active power exchanged at
time instant ¢ by a PV source and an EVCS, respectively;
and S, and S;, are the ratings of the PV inverter and EVCS
inverter, respectively. The power profile of PVs can signifi-
cantly vary with geographic location. Since distribution net-
works are located in a small geographical area, the genera-
tion profile is assumed to be uniform for all PVs in both the
33-bus and the modified IEEE 123-bus distribution net-
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works. The PV generation profile and EV load profile are
shown in Fig. 6(a). The loads are connected in all nodes.
These are classified as residential loads, industrial loads, and
commercial loads Fig. 6(b), and the load power demand is
shown.

—_
=]

——PV
——EV (residential)
——EV (industrial)

Active power (p.u.)
S
wn

0 5 20 24
Time (hour)
~ ()
2_ 1.0 ——Residential
= —— Commercial
g —«—Industrial <
£ 0.5 —
o
° M
5 I I I I 1
E 0 5 10 15 20 24
Time (hour)
(d)
Fig. 6. Power profiles. (a) PV generation and EV load. (b) Load power de-
mand.

VI. SIMULATION RESULTS AND DISCUSSION

The proposed control strategy is validated on the 33-bus
distribution network and modified IEEE 123-bus distribution
network. The networks are modeled using the Power System
Analysis Toolbox (PSAT) in MATLAB environment and all
optimizations are carried out using CPLEX solver with MAT-
LAB interface.

A. 33-bus Distribution Network

Simulations are performed on the 33-bus distribution net-
work shown in Fig. 4. The network is fed from 63.3 kV/
12.66 kV substation at node 1. The system base power is
considered as 10 MVA and the base voltage is 12.66 kV.
The PV sources are distributed throughout the network with
two EVCSs located at node 14 and node 31 as in [13], one
OLTC at the substation, and industrial, commercial, and resi-
dential loads (Fig. 4). Initially, the distribution network is
partitioned into 4 zones using HCA to identify the observa-
tion nodes, as depicted in Fig. 7.

Sub-
station

EVCS; vLoad

Fig. 7. Partitioning of 33-bus distribution network.

The network nodes N, c N'={17,33,5,21} are chosen as
observation nodes based on their location at the feeder end
in a zone [14]. Corresponding to these observational nodes,
all PV control sources are ranked based on the value of RI.
The ranking of PV inverters for voltage control is shown in
Table III.
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To effectively choose an optimal set of controllable PV re-
sources N, c N, a time domain simulation over 24 hours
is run to determine the instant of extreme voltage violations
in the network. The simulation is carried out assuming there
is no voltage control available in the network. The voltage
profile without any control action is shown in Fig. 8, where
the gray planes represent the upper and lower limits of nor-
mal operation range of node voltages, which are 1.05 p.u.
and 0.95 p.u., respectively.

TABLE III
RANKING OF PV INVERTERS FOR VOLTAGE CONTROL IN 33-BUS
DISTRIBUTION NETWORK

Ranking PV bus RI Ranking PV bus RI

1 33 0.5047 9 7 0.2291

2 17 0.4878 10 27 0.2246

3 31 0.4429 11 21 0.1365

4 15 0.4008 12 5 0.1229

5 13 0.3527 13 25 0.0563

6 29 0.3526 14 23 0.0553

7 11 0.3022 15 3 0.0549

8 9 0.2695 16 19 0.0208

Voltage
(p-u.)

1.08
1.06
1.04
1.02
1.00
0.98
0.96

Time (s)

Fig. 8.
network.

Voltage profile without any control action in 33-bus distribution

The extreme voltages are 1.0826 p.u. and 0.9429 p.u. at
node 17 and node 18, respectively. Since the peak over-volt-
age violation is greater than the peak under-voltage viola-
tion, the over-voltage scenario under the given network con-
ditions and available reactive power from PV inverters are
considered for voltage correction. The control resources
from the ranked set are serially added for extreme voltage
correction, to bring down the node voltage below the normal
operation limit (1.05 p.u.). The voltage correction for ex-
treme over-voltage scenario requires the top five ranked PV
sources N,,,={33,17,31,15,13} for bringing the voltage
within limits. The voltage control for the test network is
studied considering two cases as follows.

1) Case A: only PVs and coordinated control of PVs and
OLTC are used for voltage control assuming that no EV
load is present in the distribution network.

2) Case B: EV loads are added to the 33-bus distribution
network at node 14 and node 31 and are centrally coordinat-
ed with PVs and OLTC for voltage control.

The voltage profiles and test results are given in Figs. 9-
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13, and will be discussed in the following text.

‘ Voltage
1.05 /\ (p.w)
1.04 Wi : 1.04
1.03 1.03
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S 100
?300'99 0.99
< 0.98 0.98
” 097 0.97
0.96 )
0.95 | Moo
0 90000

60000
Time (8)

> 1015
Bus ny, b2£ 2530 ¢ 30000

Fig. 9. Voltage profile with coordinated control of PV inverters and OLTC
in 33-bus distribution network.
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Fig. 10. Voltage profile with coordinated control of PV inverters in 33-bus

distribution network.
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Fig. 11. Voltage profile with coordinated control of OLTC, PV inverters,
and EVCSs in 33-bus distribution network.
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Fig. 12. OLTC tap operation with coordinated control of PV inverters and

OLTC in 33-bus distribution network.

1) Case A
The network is modelled for observation nodes and node-
set NV,,,. It is considered that the measuring devices are

placed at all modeled nodes and the substation, while com-

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 12, NO. 6, November 2024

munication infrastructure is laid for node set N, , and the
substation node.

The PV inverters of set \V,,,, are used to eliminate voltage
violations corresponding to the PV generation profile in Fig.
6(a) and load profile in Fig. 6(b) using single-stage MPC, as-
suming no OLTC control. The voltage profile with coordinat-
ed control of PV inverters is shown in Fig. 10.

It can be seen that the voltages remain within the safe op-
eration limits [0.95,1.05]p.u.. It is to be noted that only se-
lected control resources are sufficiently able to maintain volt-
ages within the limits. The reactive power exchange by these
resources is high from the available reactive power inverter.
Furthermore, the controller tries to bring the voltages closer
to the nominal value when the voltages are within limits so
that the power losses are reduced; however, we can relax
this objective to reduce reactive power exchange for any eco-
nomical or operational constraints of the inverters. The high-
est and lowest voltages of PV inverters without APC are
1.0460 p.u. and 0.9503 p.u., respectively. Under added con-
trol using APC, the minimum/maximum voltage is 1.0349/
0.9510 p.u., and the total curtailed active power is 8.5 kWh,
as shown in Fig. 13(a).

1000
Sampling instant

0 500

——PV33; PV31;---- PV17; —PV15; - PV13
(a)
=
=2
O
% .
-0.3 - - -
500 1000 1500
Sampling instant
——PV33; PV31;------ PV17;, —PV15; - PV13
(®)
0
£ -02
<03 ‘ ‘ -
0 500 1000 1500
Sampling instant
——PV33; PV3l; - PV17; —PV15;---- PV13
(©)
g 0.3
5 .
g - r\«‘h&h\ h‘- TN ”
- 0 500 1000 1500

Sampling instant

—EVCS14; - EVCS31
(d)
Fig. 13. Active power exchange by control resources. (a) APC in Case A
with only PV control. (b) APC in Case A with coordinated control of OLTC
and PV inverters. (c) APC in Case B with coordinated control of PV invert-
ers, EVCS, and OLTC. (d) Active power injection from EVCS using V2G
in Case B.

Figure 9 shows the voltage profile with coordinated con-
trol of PV inverters and OLTC using the dual-stage MPC
framework. The OLTC tap operation is carried out using if-
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then-else rules in addition to being centrally coordinated
with the controlled PV inverters. The OLTC operation is op-
timally determined after each hour, and 6 tap operations are
dispatched by the central controller (Fig. 12). The OLTC
takes 3 s to apply each tap control action. It is to be under-
stood that the OLTC operates with primary winding control,
thus increasing the tap position reduces the secondary volt-
age. Since the reference voltage corresponds to the second-
ary voltage, the reference voltage above 1 p.u. results in a
decrease in tap position and vice versa. The primary voltage
is always 1 p.u., with each tap step at the secondary voltage
changes by 0.00625 p.u.. Since the voltages are maintained
within limits by PV inverters only, the coordination of
OLTC tries to bring voltages closer to the nominal value and
reduces the net reactive power injection and absorption sig-
nificantly. The tap operation can be further reduced by relax-
ing the objectives of voltage deviations from the nominal
value. However, we may have other objectives such as pow-
er loss minimization in the optimization formulation. The
maximum and minimum voltages after the coordinated con-
trol of PV inverters and OLTC are 1.0454 p.u. and 0.9504 p.
u., respectively, and the net curtailed power is 3.6 kW, as
shown in Fig. 13(b). The APC reduces the reactive power in-
jection and absorption requirements by 0.6411 MVA and
1.5983 MVA, respectively, as compared with the control
without leveraging APC.

2) Case B

An EV load is added to the network in the residential and
industrial sections. The EVCSs are placed at node 14 and
node 31 of the network, each rated 1 MVA. The EV load
profile is shown in Fig. 6(a). Simulations are carried out to
observe the effects of adding EV load. The EV inverters are
brought in for actively controlling voltages with active pow-
er as well as reactive power exchange in coordination with
OLTC and PV inverters, to show their effectiveness in volt-
age regulation and V2G capabilities. The EV inverters are
coordinated with OLTC and PV inverters, assuming that
they are equipped with measuring devices and communica-
tion to other control devices and the centralized controller
(at the substation). The voltage profile with coordinated con-
trol of OLTC, PV inverters, and EVCSs is shown in Fig. 11,
with the minimum and maximum voltages as 1.0312 p.u.
and 0.9554 p.u., respectively. By leveraging reactive power
from PV inverters, the minimum voltage is brought up from
0.9700 p.u. to 0.9742 p.u.. The net APC and active power in-
jection from EVCS are 3.1 kW and 1.4 kW, respectively, as
shown in Fig. 13(c) and Fig. 13(d), respectively. Even
though the active power exchange is less, it significantly re-
duces the need for reactive power exchange.

To validate the efficacy of the proposed strategy with re-
duced measuring infrastructure and control resources com-
pared with the full-order models, a comparison is made with
single-stage MPC in [14] and dual-stage MPC in [13]. Bus
17 is chosen for analysis due to its highest voltage violation
and the voltage profiles are shown in Fig. 14.

Various metrics such as the minimum and maximum voltag-
es, reactive power injection and absorption, and total network
power losses are used for comparison, as given in Table IV.
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Voltage (p.u.)

Time (s)

Fig. 14. Comparison of voltage profiles of bus 17 using reduced model
framework with full-order models.

TABLE IV
COMPARISON OF CONTROL STRATEGIES

The minimum/  Reactive power  Power

Control Test distribu- . L
strate tion network  Mmaximum volt-  injection/absorp-  loss
gy age (p.u.) tion (MVA)  (MWh)
33-bus 0.9520/1.0425  2.8859/8.7592  2.8295
13 ;
(131 Modified IEEE o701 0550 9942672572 5.5326
123-bus
33-bus 0.9511/1.0454  2.9802/83960  2.8166
14 ~
(141 Modified [EEE ) o7c01 0050 8.0654/6.9671  5.5618
123-bus
33-bus 0.9521/1.0476  2.1937/8.2233  2.7488
Proposed i
P M"dl‘g‘;ifEE 0.9757/1.0204  6.1761/6.8278  5.7884

It is seen that the reduced model framework performs effi-
ciently with all the metrics quite comparable to the full-or-
der models [13]. Furthermore, a numerical comparison is
provided in Table V to quantify the voltage deviation in both
models. In the table, x is the mean voltage difference, and o
is the standard deviation of the voltage difference between
the full-order model and the reduced-order model, over the
whole simulation period of 24 hours. Both mean and stan-
dard deviations are quite low, which infers that the reduced
model framework performs similarly to the full-order model.

TABLE V
COMPARISON BETWEEN FULL-ORDER MODEL AND REDUCED-ORDER MODEL

Test Svstem Number  Optimization Voltage
distribution r}rll del of nodes  running time deviation (p.u.)
network 0 modelled per sample (s) u P
Full-order
model 33 0.0312 0.0067
33-bus Reduced (node  0.0085
edauced- 17
order model 8 0.0186 )
Full-order
Modified 123 0.0505 0.0034
model 0.0043
IEEE 123- (node
bus Reduced- 7 0.0183 94)
order model

Considering the communication latency of 150 ms for
transferring the set of measurements to the central controller,
the complete execution of the control action by the inverters
requires 0.3186 s using the proposed strategy. Nevertheless,
the time step for the MPC control is chosen as 1 min. The
MPC control can be efficiently used for small time steps if
the fast variation in generation and load are considered.
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B. Modified IEEE 123-bus Distribution Network

The proposed strategy is further validated on a larger mod-
ified IEEE 123-bus distribution network. The modified net-
work is a balanced three-phase network with a nominal volt-
age of 4.16 kV. The system base power and base voltage are
chosen to be 1 MVA and 4.16 kV, respectively. The network

Sub- | :
station| |
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is fed through an OLTC at node 149 and PVs are distributed
as shown in Fig. 5 with ratings described in Section VI. The
network is partitioned into 6 zones using HCA, as shown in
Fig. 15, and the identified set of observation nodes is
Nobwc/\/z{l 14,85,59,51,11,6}. Corresponding to the obser-

vation nodes, the PVs are ranked as shown in Table VI.

Fig. 15. Partitioning of modified IEEE 123-bus distribution network using HCA.
TABLE VI
RANKING OF CONTROL RESOURCES IN MODIFIED IEEE 123-BUS DISTRIBUTION NETWORK
Ranking PV bus RI Ranking PV bus RI Ranking PV bus RI
1 85 0.2161 8 104 0.1763 15 55 0.1187
2 114 0.2133 9 102 0.1760 16 42 0.1113
3 110 0.1969 10 74 0.1736 17 38 0.1043
4 82 0.1967 11 99 0.1726 18 33 0.0993
5 106 0.1798 12 65 0.1592 19 22 0.0990
6 96 0.1778 13 59 0.1422 20 34 0.0893
7 88 0.1774 14 51 0.1273 21 11 0.0659
The voltage profile without any control action is shown in Voltage
Fig. 16, and the minimum and maximum voltages are (p‘u'l) 06
0.9272 p.u. and 1.0592 p.u., respectively. The minimum con-
trol resource set NV, ,={85,114,110} is seen to be sufficient 1.05 1.04
to climinate the extreme voltage violation in the network. El.oo 1.02
The voltage profile using control resource set N, ,, (PV in- ‘éjb 1.00
verters only) with single-stage MPC is shown in Fig. 17. £ 0.95 0.98
The minimum and the maximum voltages after coordinat- > | —  “Quueeeesmy %
ed control of PV inverters are seen to be 0.9673 p.u. and 0»9% -------------------------------------- ] 0.96
1.0135 p.u., respectively, with a net APC of 2.3545 kW. The B, 50 "‘9‘0006).94
voltage profile using coordinated control of PV inverters and S tuy, 6e,100 0 30000 e (2)0000

OLTC with dual-stage MPC is shown in Fig. 18.

The maximum and minimum voltages are seen to be
1.0187 p.u. and 0.9756 p.u., respectively, with 7 tap opera-
tions as shown in Fig. 19, thus maintaining the voltages with
normal operation limits. Figure 20 shows the APC. The total
APC from PVs is 2.0228 kW. The coordinated control of PV
inverters and OLTC reduces the reactive power injection
from 7.0257 MVA to 4.6071 MVA.

Fig. 16. Voltage profile without any control action in modified IEEE 123-
bus distribution network.

A comparison of the full-order models proposed in [13]
and [14] with the reduced-order model is provided in Fig.
21 with numerical comparison in Table VI.
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Fig. 17. Voltage profile using coordinated control of PV inverters in modi-
fied IEEE 123-bus distribution network.
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Fig. 18. Voltage profile with coordinated control of PV inverters and
OLTC in modified IEEE 123-bus distribution network.
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Fig. 19. OLTC tap operation with coordinated control of PV inverters and

OLTC in modified IEEE 123-bus distribution network.
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Fig. 20. APC. (a) Coordinated control of PV inverters. (b) Coordinated

control of PV inverters and OLTC.

VII. CONCLUSION

In this paper, a voltage control strategy based on dual-
stage model predictive control is presented using a reduced
model framework, which utilizes a minimal set of available
control resources to mitigate the need for system-wide com-
munication, measuring infrastructure, and computation time.
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Fig. 21.  Comparison of voltage profile of bus 94.

Unlike the full-order model, the observation and control
nodes are only modeled using linear model for the MPC
framework. Furthermore, the controllable nodes and critical
observation nodes are assumed to have the necessary measur-
ing infrastructure for real-time control. The minimal set of
control resources is identified by ranking the system nodes
with control resources, corresponding to critical observation
nodes, using numerical voltage sensitivity analysis based
novel index called ranking index. The efficacy of the pro-
posed control strategy is verified on 33-bus and modified
IEEE 123-bus distribution networks. The proposed control
strategy efficiently performs in voltage regulation as com-
pared with the full-order models.
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