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Abstract—Photovoltaic (PV) inverter, as a promising voltage/
var control (VVC) resource, can supply flexible reactive power
to reduce microgrid power loss and regulate bus voltage. Mean-
while, active power plays a significant role in microgrid voltage
profile. Price-based demand response (PBDR) can shift load de-
mand via determining time-varying prices, which can be regard-
ed as an effective means for active power shifting. However,
due to the different characteristics, PBDR and inverter-based
VVC lack systematic coordination. Thus, this paper proposes a
PBDR-supported three-stage hierarchically coordinated voltage
control method, including day-ahead PBDR price scheduling,
hour-ahead reactive power dispatch of PV inverters, and real-
time local droop control of PV inverters. Considering their mu-
tual influence, a stochastic optimization method is utilized to
centrally or hierarchically coordinate adjacent two stages. To
solve the bilinear constraints of droop control function, the
problem is reformulated into a second-order cone programming
relaxation model. Then, the concave constraints are convexified,
forming a penalty convex-concave model for feasible solution re-
covery. Lastly, a convex-concave procedure-based solution algo-
rithm is proposed to iteratively solve the penalty model. The
proposed method is tested on 33-bus and IEEE 123-bus distri-
bution networks and compared with other methods. The results
verify the high efficiency of the proposed method to achieve
power loss reduction and voltage regulation.

Index Terms—Photovoltaic inverter, voltage control, demand
response, convex-concave procedure, second-order cone pro-
gramming relaxation.
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NOMENCLATURE
A. Sets and Indices
B Set of branches ij
S ©), 2,0 Convex functions
h,i,j Indices of microgrid buses
H (i) Set of parent buses of bus i
I Set of microgrid buses
J (@) Set of child buses of bus i
k Index of iterations
L1 Set and index of price levels of price-based

demand response (PBDR)

m Index of objective function and constraints,
starting from 0

S, s Set and index of sampled scenarios
T, t,t Set, index, and length of time intervals
v Index of regular dodecagon vertices

B. Parameters

3 Price elasticity of loads

w Weighting factor

LA The maximum penalty factor

r* Penalty factor at iteration k

0.0 Lower and upper bounds

0, 0 Uncertainty and expected value of uncertain-
ty

o) Obtained result of decision variable

A,B, C, Coefficients of dodecagon inner approxima-
tion

c” Coefficient of electricity price

D, E Coefficient matrices of day-ahead and intra-
day decision variables

L, Demand response rate at price level / (%)

N;. N, Total numbers of buses and scenarios

Pr, Price level of PBDR ($/MWh)
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Pr, Electricity price before PBDR ($/MWh)
b The maximum reactive power generation of

photovoltaic (PV) inverter (kvar)

Tijs Xy Resistance and reactance of branch #j (p.u.)

S The maximum capacity of branch (kVA)

pe The maximum bus voltage (p.u.)

i The minimum bus voltage (p.u.)

C. Variables

G Binary decision of price level of PBDR

B Binary decision of slope of droop control
function

A; Slope of droop control function

Py Qi Active and reactive power flows through
branch i/ (kW and kvar)

Py Power loss of branch ij (kW)

P/l Active power generation of PV (kW)
PO Active and reactive power of load demand
without PBDR (kW and kvar)

PP O Active and reactive power of load demand
with PBDR implemented (kW and kvar)

0! Reactive power setpoint of inverter (kvar)

or Reactive power output of inverter (kvar)

AQ,, Reactive power adjustment of inverter re-
sponding to voltage variation (kvar)

S1ieS2i Relaxation errors

AV, Voltage variation from expected voltage val-
ue (p.u.)

Vii Bus voltage (p.u.)

Vo Reference voltage (p.u.)

Vi Expected bus voltage in expected scenario
of uncertainties (p.u.)

e Average bus voltage deviation (p.u.)

xeR" Vector of decision variables in convex-con-

cave procedure

1. INTRODUCTION

OLAR photovoltaic (PV) units have been growingly in-
stalled in microgrids. However, the high penetration of

PV may cause voltage issues such as voltage rise [1] and
voltage fluctuation [2], posing a significant threat to mi-
crogrid operation, due to the supply-demand mismatch and
the stochastic output of PV [3]. Also, the infrastructure up-
grade and PV active power curtailment are not cost-effective
ways to improve the microgrid operation profiles.

To conquer this challenge, voltage/var control (VVC) is
an effective measure that can reduce network power loss or
regulate bus voltage. Conventional mechanical VVC resourc-
es, including capacitor banks (CBs) and transformer on-load
tap changers (OLTCs), operate in a discontinuous manner
and thus cannot respond to voltage fluctuation timely [4]. In
practice, not all microgrids are equipped with these VVC de-

vices. Alternatively, with the proliferation of distributed PV
generation, smart PV inverters can produce continuous reac-
tive power with fast response speed [2], [4]. Also, the PV in-
verter is oversized, such that additional reactive power can
be generated during the peak PV period [5]. As a result, the
PV inverter has been recommended by IEEE Std 1547 work-
ing group for VVC function [6].

Generally, the VVC method can be categorized into cen-
tral control and local control. As implied by the name, the
former optimizes the operating decisions of VVC resources
based on several global information including the prediction
of renewable generation and load demand as well as net-
work parameters. In [7], a two-stage chance-constrained
VVC approach is given to minimize the network power loss.
The dispatch decisions of CBs, OLTC, and voltage regula-
tors are determined in the first stage, while the reactive pow-
er generation of inverters is optimized in the second stage.
Reference [8] proposes a distributed robust VVC method
based on the network partition. Moreover, the reactive power
compensation of the inverter is utilized to address the volt-
age rise issue, which in turn enhances the solar hosting ca-
pacity of distribution networks [9]. Network reconfiguration
is coordinated with voltage control resources to improve the
voltage profile of network operation [10]. An electric spring-
based multi-objective voltage control method considering
power flow is proposed. The nonlinear model is solved by a
continuous genetic algorithm [11]. However, these central
VVC methods focus on optimizing the operation setpoints of
the VVC devices over a specific time interval and thus can-
not track the real-time (RT) variation of the stochastic renew-
able generation and load demand.

Alternatively, the local VVC device responds to the local
measurement such as bus voltage based on the built-in con-
trol strategy. In [12], a two-layer local RT adaptive VVC ap-
proach is developed to optimize a Q-V droop control func-
tion, aiming to achieve low steady-state error and control sta-
bility by PV inverters. The high efficiency of voltage-depen-
dent VVC has been verified by [13]. However, since only
the local information is used, the local VVC method can
hardly achieve a system-wide optimum.

Recently, the integration of the central and local VVC
methods has drawn more attention. The parameters of local
droop control functions such as droop slope are optimized si-
multaneously with the central VVC decisions based on the
system-wide information, forming a hierarchical VVC frame-
work. In [2], the reactive power setpoint and voltage inter-
cept of a linear O-V droop control function are determined
at the central VVC level with a pre-set droop slope. Then, a
O-V droop model is further proposed considering the optimi-
zation of droop slope, but the model is nonlinear [14]. Fur-
thermore, the P-V and Q- droop control functions of invert-
ers are co-optimized in [15]. Similar to [2], the droop slopes
are assumed to be determined in advance. In [16], a two-tim-
escale energy management method with multi-terminal soft
open points is proposed. The slope of the linear droop con-
trol function is optimized based on a pre-determined refer-
ence setpoint, which introduces bilinear terms and thus may
reduce computation efficiency. Moreover, the OLTC, CB,
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and PV inverters are coordinated in [17] through a multi-tim-
escale reactive power dispatch approach. The O-P droop con-
trol function of PV inverters is optimized using an islanded
affine robust optimization method. Reference [18] divides
the droop control function into several pieces and optimizes
them separately. Similarly, the nonlinear model and newly in-
troduced binary variables could increase computation bur-
dens. References [19] and [20] also apply piecewise model-
ling approaches to describe the droop control function. To
make the droop control function model linear, some parame-
ters such as voltage setpoints corresponding to droop inflec-
tion points are pre-set before the optimization. In addition,
the optimizations of P-f and O-V droop control functions are
studied in the islanded mode of microgrids. In [21], the
droop control functions with pre-set droop gain are consid-
ered to promote the hosting capacity of renewable energy in
islanded microgrids. Moreover, [22] proposes a stagewise
droop parameter optimization method for isolated microgrids
considering operation safety constraints. The droop control
function is modelled nonlinearly and optimized in the first
stage, after which partial droop parameters can be adjusted
in the second and third stages. From the above literature, the
droop control functions are either modelled in a nonlinear
manner, leading to a heavy computation burden, or simplified
with the pre-determination of certain key droop parameters.

In addition, except for reactive power, active power also
plays an important role in microgrid voltage profiles and
power losses during operation. Price-based demand response
(PBDR) is a typical demand response scheme that aims to
encourage users to shift their partial electricity consumption
via scheduling time-varying prices [23]. Unlike distributed
energy resources such as microturbines and battery energy
storage devices, PBDR does not require additional operating
costs. Furthermore, considering that microgrid operators
could have the retailer attribute [24], [25], different PBDR
prices can be scheduled to achieve load leveling and shift-
ing, which in turn affects microgrid voltage profiles and
power losses. In [26], a stepwise PBDR is designed to coor-
dinate with battery energy storage, aiming to achieve the eco-
nomic operation of microgrids. Moreover, PBDR is consid-
ered in a two-stage robust model for distributed generation
allocation [27]. PBDR is also integrated into a dispatch and
bidding strategy of virtual power plants [28].

However, most existing PBDR-related research works fo-
cus on cost minimization, and the linkage between PBDR
and grid voltage control in the microgrid is often ignored.
Moreover, the PBDR prices are generally scheduled in ad-
vance, giving users sufficient time for response, while the in-
verter reactive power is managed at a short time interval.
Therefore, based on their different characteristics, a multi-
stage hierarchical framework is required to systematically co-
ordinate PBDR with VVC.

Through the above literature review, it can be found that
droop control functions are either modelled with the pre-de-
termined parameters, or modelled in a nonlinear manner that
requires an efficient solving method. Also, a multi-stage hier-
archical framework is needed to coordinate PBDR and in-
verter-based VVC for microgrid operation. To bridge the re-

search gap, this paper proposes a PBDR-supported three-
stage hierarchically coordinated voltage control (HCVC)
method. To efficiently optimize the droop control function
with the bilinear constraints, a convex-concave procedure
(CCP) [29] based solution algorithm is developed. Thus, the
main contributions of this paper are given as follows:

1) A PBDR-supported three-stage HCVC method is pro-
posed to efficiently coordinate the PBDR and inverter-based
VVC resources at different hierarchies and timescales, aim-
ing to minimize the microgrid power loss and voltage devia-
tion. The droop slope and a pair of base coordinates consist-
ing of the expected bus voltage and reactive power setpoint
are fully modelled, such that the key parameters of the local
O-V droop control function can be integrated into the central
hierarchy for intraday optimization.

2) To address the bilinear constraints of droop control
function model in the second-stage hierarchical VVC, a sec-
ond-order conic relaxation (SOCR) model is introduced.
Then, considering the relaxation errors, a penalty convex-
concave model is proposed to reformulate and convexify the
relaxed constraints. Accordingly, a CCP-based solution algo-
rithm is developed to efficiently solve the second-stage opti-
mization.

II. COORDINATED FRAMEWORK OF PBDR AND
INVERTER-BASED VVC

A PBDR-supported three-stage HCVC method is proposed
to minimize microgrid power loss and voltage deviation by
co-optimizing the operation of both active and reactive pow-
er resources. Its framework is illustrated in Fig. 1. The first
and second stages belong to the central layer managed by a
central optimizer using system-wide information. By con-
trast, the third stage belongs to the local VVC layer imple-
mented by the local controller of each PV inverter using lo-
cal RT voltage measurement.

Day-ahead
prediction

Day-ahead PBDR-supported
central voltage control

PBDR price level

Day-ahead
(first) stage

System-wide

information
Hour-ahead hierarchically
Hourly coordinated VVC
prediction 1

Intraday hour-
ahead (second)

Reactive power setpoint and droop
control function of PV inverter

i stage
LSSl Y —-{ Local controller ‘
measurement T
’ RT reactive power of PV inverter‘ Intraday RT

(third) stage

Fig. 1.
od.

Framework of proposed PBDR-supported three-stage HCVC meth-

In the first stage, with the day-ahead prediction of PV out-
puts and loads, the day-ahead PBDR prices are determined
and scheduled for load shifting, aiming to achieve peak shav-
ing and valley filling. These prices are scheduled one day
ahead in order to give consumers enough response time.
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Moreover, the intraday hour-ahead reactive power dispatch
of PV inverters is taken into account under uncertainties in
this stage, forming central coordination between the first and
second stages.

Then, with more accurate hourly prediction of PV outputs
and loads, the second stage optimizes the parameters of the
QO-V droop control functions as well as reactive power set-
points of PV inverters on an hourly basis. The results are de-
livered to the corresponding PV inverters for the local VVC.
Since the system-wide information and possible scenarios of
uncertainty realizations are used to determine the droop con-
trol functions, it hierarchically coordinates the central and lo-
cal layers.

Lastly, in the third stage, with the local RT voltage mea-
surement, PV inverters generate RT reactive power based on
the optimized setpoint and droop control functions. In other
words, inverters can generate either constant or dynamic re-
active power based on the optimized droop control function.

It is worth noting that as the size and scale of the mi-
crogrid increase, the three-phase unbalance issue becomes
gradually evident. This could be tackled by scheduling PB-
DR price levels and optimizing PV reactive power genera-
tion on the basis of each phase.

III. DAY-AHEAD CENTRAL COORDINATION OF PBDR
AND VVC

A. PBDR

The purpose of PBDR is to motivate users to shift their
partial electricity loads by scheduling different hourly prices
one day ahead. A high price will encourage consumers to re-
duce their load demand and vice versa. Since there is a
strong connection between load demand and network bus
voltage or power loss, it is expected to increase the load dur-
ing the peak PV generation period and decrease the load dur-
ing the peak load period.

According to [30], the relationship between electricity
price Pr¢ and load demand P*” can be formulated as:

P =C"-prf (1)
To efficiently implement PBDR, five price levels are de-
signed based on (1), forming a stepwise price-elastic demand

model [26]. The designed stepwise PBDR price levels in this
paper are given in Table 1.

TABLE I
DESIGNED STEPWISE PBDR PRICE LEVELS

Price level Price rate (%) Demand response rate L, (%)
1 60 121
2 80 108
3 100 100
4 130 93
5 170 88

By setting different price levels, the microgrid load de-
mand is expected to change accordingly. Thus, the active
and reactive power of the loads with PBDR can be modelled
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as:
Pr=PP> a,,L, Vi ?)
lel
=0y, L, Vi 3)
lelL

It is worth noting that the load uncertainties such as pre-
diction errors and non-responsive loads can be considered in
P™/OM and P."/Q;;. Other constraints for PBDR imple-
mentation are given as:

Sa, =1 vt

zzz(PrlthtaltLT)<EE(PFOPLD %)
teTiellel teTiel
EEEﬁff)a,’,L,r 2 EEﬁerDT 6)
teTiellel teTiel
S'S i2a, L <max zﬁ;?f) v o
iellel iel

where 7 is set to be 1 hour in the day-ahead stage.

Constraint (4) ensures that only one price level of PBDR
can be activated every hour. Constraint (5) indicates that the
consumers’ electricity bills with the scheduled PBDR cannot
be greater than their original bills. Constraint (6) states that
the consumers’ electricity consumption should not be com-
promised by PBDR. Lastly, the total hourly load after PBDR
is constrained by (7), indicating that a new peak load cannot
be created.

The above PBDR implementation is used to achieve load
shifting from the perspective of the microgrid system by
scheduling different PBDR price levels. The uncertainties of
loads will be further addressed by a stochastic optimization
(SO) in Section III-C.

B. Day-ahead PBDR-supported Central Voltage Control
Model

The day-ahead PBDR-supported central voltage control co-
ordinately optimizes the PBDR scheduling and inverter reac-
tive power dispatch to achieve the reduction of microgrid
power loss and voltage deviation. This day-ahead model is
formulated as:

min|w > > P +1-w) > V" (8)
teTijeB teT
S.t.
2)-(7)
—OI <O <ON ViVt ©)
> Pu.= > P, ~Pl+P VhYiVjVt (10)
he H() JjeJb)
D Oui= > 0, -0l +0" VhYViYVi (11)
heH() JjeJ@)
P, r.+0. x.
V=V, — fVQ“ SR /A (12)
0
1 <Vl
plev= — ' vt (13)
! Niie] VO
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L PO,

Pir=r g Vi (14)
0

ymRS Y, <V ViV (15)

P2+ QL S(SP™Y ViV (16)

The objective function (8) minimizes the total microgrid
power loss and average bus voltage deviation with the as-
signed weighting factor w. The PBDR-related constraints
can be referred to (2)-(7). Furthermore, (9) constrains the in-
verter reactive power supply. O;f* can be calculated first
based on the predicted PV generation and inverter settings.
Note that even though the rated active power is output, the
PV inverters can still generate extra reactive power [5].
Equations (10)-(12) denote the linearized Dist-flow model
[31]. The average bus voltage deviation and branch power
loss are calculated by (13) and (14), respectively. The bus
voltage and branch apparent power are restricted by (15) and
(16), respectively.

To efficiently solve the day-ahead model, some constraints
can be further linearized. Firstly, the absolute expression
| A—B|in (13) can be linearized by introducing a slack vari-
able C. Thus, the absolute expression can be reformulated as
C>A4-B and C>B—-4, and the objective function will mini-
mize C instead of | A—B].

Secondly, the quadratic inequality in (16) is linearized by
a polygonal inner approximation approach [32], as shown in
Fig. 2.

Oy

— Original constraint
space boundary

P;, — Linearized constraint
space boundary

Fig. 2. Illustration of polygonal inner approximation approach using a reg-
ular dodecagon.

The feasible region formed by active and reactive power
is approximated by a regular polygon. A regular dodecagon
is used in this paper. Based on the coordinates of vertices,
(16) can be converted into the following forms:

AP, +B,0, <C (SM™) ViV, ¥ve(l,2,...12} (17)

With the above linearization approaches, the day-ahead
PBDR-supported central voltage control model including (2)-
(15), (17) forms a mixed-integer quadratic programming
problem. The primary decision variables are a,, and Q7
and the uncertainties include P’/ and P'?.

C. SO for Uncertainties

To address the uncertainties of the PV outputs and loads,
a scenario-based SO method [33] is applied. In this method,
multiple scenarios are randomly generated based on the prob-
ability distribution of the uncertainties to represent the possi-
ble uncertainty realizations. Considering that the probability
distribution could be unknown or inaccurate, a sample aver-

ijt
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age approximation method [34] is used in this paper. Thus,
the stochastic programming model of the proposed day-
ahead PBDR-supported central voltage control can be formu-
lated as the following compact matrix form:

mxin Dx + rr}ln NLSSZ;E)}X (18a)
S.t.
@)-(), 9)-15), A7) Vi, Vj,Vt, Vs (18b)
Pl eS
Pl (18¢)

LLs

where x denotes the day-ahead decision variable a,,; and y,
denotes the intraday decision variables including Q7' and
other dependent variables in scenario s.

It is noteworthy that after solving (18), only a,, is sched-
uled and Q7Y will be re-optimized in the intraday stage ac-

cording to more accurate hourly predictions.

IV. HOUR-AHEAD HIERARCHICALLY COORDINATED VVC

A. Inverter Reactive Power Generation with Local Droop
Control

The inverter reactive power output can be fixed at the set-
point or adjusted based on the droop control function. Thus,
this dual output mode is considered in the inverter reactive
power generation.

The conventional Q-V droop control function embedded in
the PV inverter is illustrated in Fig. 3(a). According to this
droop curve, the inverter produces a constant reactive power
0" when the magnitude of the local bus voltage is inside a

deadband [ZfB,I_/?B} Besides, the inverter adjusts its reac-

tive power based on the droop control function if the magni-
tude of the local bus voltage is out of the deadband.

(0] Droop area (0]
Qmax [ _

Droop area

Deadband

area
/

Q:\'('/ iiiiiiiiii
0 V_[)‘B V[)B' v v
B B —i___Ji_IeS
(a) (b)
Fig. 3. Conventional Q- droop control function and linear droop control

function. (a) Conventional Q- droop control function. (b) Linear droop con-
trol function.

However, when the bus voltage stays inside the deadband,
the inverter does not react to the system variation, resulting
in inadequate utilization of the inverter reactive power capac-
ity. To make full use of inverter reactive power capacity, a
linear droop control function is employed [2], as illustrated
in Fig. 3(b). Thus, the inverter reactive power output is for-
mulated as:

=N+ AQ,, ViVt

it

AV, =V, -V ViVt

(19)
(20)
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AQ, =LAV, Vi, Vi (21)
i <i<PL Vi 22)
o soron
1:nax inv ;nax VZ’ vt (23)
_Qi,t < i.,tS it

where the subscript ¢ denotes the index of RT time interval
in the hour-ahead stage.

The droop control function of the inverter is described by
(19)-(23). Equation (19) calculates the RT reactive power
supply consisting of a reactive power setpoint and a RT reac-
tive power adjustment. Then, the difference between RT bus
voltage V;, and expected bus voltage V" is calculated by
(20). Equation (21) states that the reactive power adjustment
in response to the voltage variation is based on the slope of
droop control function, which is further limited by (22).
Note that if f, is zero, the inverter will generate a constant
reactive power at Q7. Finally, the inverter reactive power
output and setpoint are constrained by (23). It can be ob-
served that the variables 4, V", O and the parameter Q7"

i

make up the linear droop control function.

B. Hour-ahead Hierarchically Coordinated VVC Model

Based on the inverter reactive power generation, the hour-
ahead hierarchically coordinated VVC is modelled as:

objymin|w > > P +(1-w) > V" (24a)
S.t.
(2)-(3), (10)-(15),(17), (19)-(23) (24b)

Considering more accurate hour-ahead prediction of PV
generation and loads, i.e., these uncertainties will be realized
in a shorter predicted time interval, the SO method is ap-
plied to simulate the RT uncertainty realization through sce-
nario generation. The slope of droop control function 4, reac-
tive power setpoint O}, and the corresponding expected bus
voltage V7 are optimized in the generated scenarios. It is
noted that this hour-ahead model (24) is nonlinear due to the
bilinear term in (21), which will be addressed in the follow-
ing subsections.

C. CCP-based Reformulation

The bilinear term in (21) significantly decreases the solv-
ing efficiency. To solve this problem, firstly, (21) is convert-
ed into a SOCR model, offering an initial approximate solu-
tion. Then, a penalty CCP model is introduced to recover a
feasible solution.

1) SOCR Model

For illustration, the subscripts are temporally neglected at
this stage. The bilinear term can be converted into an equiva-
lent form, shown as:

IAV=AQ=z,—z, (25a)
A+AV Y
Zl: 2
25b
PRUNZE (25b)
Z,= T
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Then, the quadratic equality constraint (25b) can be refor-
mulated as:

5 (26a)

, (26b)

Constraint (26a) is convex while constraint (26b) is con-
cave. Multiplying both sides of (26a) by 4, it can be rewrit-
ten into a second-order cone form, given as:

A+AV
<1+
1_21 , Zy (273)
A=AV
“ | <l+z, (27b)
—Z3 12

Lastly, the concave (26b) is removed and a McCormick
envelope [35] is added to tighten this relaxation, as shown
in (28).

AQ2 LAV+IAV - LAV (28a)
AO> AAV+IAV — LAV (28b)
AQ< JIAV+IAV — LAV (28¢)

AQ< AAV+IAV — LAV (28d)

Thus, by replacing (21) with (25a), (27), and (28), the
original hour-ahead problem forms a SOCR model. It is not-
ed that, since the objective function is not strictly increasing
in 2; and AV, this SOCR model is not exact and it only pro-
vides a lower bound to the original problem.

2) Penalty Convex-concave Model

The above SOCR model is loose for the bilinear term and
may cause relaxation errors, because constraint (27) is only
restricted on one side. To address this issue, a CCP-based re-
formulation is proposed to transfer the SOCR model into a
penalty convex-concave model by convexifying the concave
constraints. The original CCP is introduced to seek the solu-
tion to the difference of convex programming problems [36],
which is briefly introduced below.

min(/; (x)—g, () (299)

s.t.

f(0=2,(x)<0 Vm (29b)

It is noted that —g, (x) is concave. This concave term is re-
placed by a convex upper bound, which obtains the follow-
ing problem.

min(f, (%) =&, (x.x"")) (30a)
s.t.

[ ()=, (x,x")<0 Vm (30b)

£,(ex")=g,(x")+ Vg, (") (x=x"") Vm (30c)
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where g, (x,x"") is the linearized function of g, (x), which
can be regarded as a tangent plane of g, (x), at the current
solution point x**. As a result, this linearized model (30) can
be solved iteratively to obtain the solution.

In line with the form of (30), the concave (26b) can be re-
formulated into the difference between z,, and g,, (4, AV), as
shown in (31).

z,-8, (L AV)<0 (3la)
g‘l(z,AV)=Wu+AV)— W)z (31b)

z,-&, (L AV)<0 (3lc)
&, (LAV)= L_ZAVk* (2—AV)- (ik*_zAVk*)z (31d)

Since the relaxation errors need to be reduced, slack vari-
ables are introduced to represent the difference, as given
in (32).

z,—-g, (LAV)<s,
%slzo (32a)
z2,— 8, (LAV)<s,
{Szzo (32b)

Then, the slack variables are added to the objective func-
tion, regarded as penalty terms, to tighten the relaxation.

Finally, the penalty convex-concave model for the hour-
ahead VVC is given as:

min| @ 2 zP;?j“+(l - ) z y e +7rkzz(su_t+s2‘,’,)
| (33a)
S.t.
(2)-(3),(10)-(15), (17), (19)-(20), (22)-(23), (252),
(27)-(28),(31b),(31d), (32) (33b)

where 7* should increase as the iteration continues for con-
vergence improvement [29].

D. CCP-based Solution Algorithm

A CCP-based solution algorithm is developed in this sub-
section to iteratively solve this penalty convex-concave mod-
el, as presented in Fig. 4.

The SOCR model provides a lower bound to the original
hour-ahead problem, which can serve as an initial solution.
Compared with the SOCR model, the feasible region of the
penalty convex-concave model is the same. Due to the con-
vexification of (31b), (31d), and the penalty terms, the objec-
tive function of (33) is non-increasing [29], providing an up-
per bound.

Accordingly, the following termination criteria are consid-
ered.

objs— objl”!

C1: <g, (34a)

objt!
c2: 22(51.@14'52‘,1'4[) <0,

teTiel

(34b)
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‘ Initialization: ¢, ¢,, > 1, k=0, 7max>7k>( ‘

v
‘Solve SOCR model (24) and obtain initial points /I?*, AVI.?,*‘
T

) k=k+1}«

Build penalty convex-concave model (33) based
on current points 1¢, AV,? and 7k

!

Solve penalty convex-concave model (33) and obtain the
results of l;‘”*, Ay 1* "and other decision variables

Are C1 and C2
satisfied?

‘ Stop iteration and output results ‘

htl = min{,un:k, n—max} }»

End

Fig. 4.
model.

CCP-based solution algorithm for solving penalty convex-concave

C1 determines the difference of the original objective
function (24) between the current and last iterations, while
C2 checks the sum of the slack variables to ensure equality
constraints.

Note that the penalty convex-concave model is a second-
order cone programming problem, which can be efficiently
solved by off-the-shelf solvers. The logic and procedure of
the solution algorithm for dealing with the bilinear con-
straints can also be applied to other practical optimization
problems such as microgrid planning and operation.

V. CASE STUDY ON 33-BUS DISTRIBUTION NETWORK

A. Test System

A 33-bus distribution network [37] with 10 PV units is ap-
plied to test the proposed method, as shown in Fig. 5. This
network has been widely used in VVC [8], [18] and mi-
crogrid energy management [32] problems. The rated active
power of PV units in the 33-bus distribution network is giv-
en in Table II. The PV inverter capacity is oversized by 10%
such that about 45% capacity is available for reactive power
compensation at the rated active power outputs of PV panels
[4]. Besides, the PBDR settings can be referred to Table 1.
The predicted profiles of PV output and load before PBDR
are given in Fig. 6, which represents the expected scenario.
The predicted uncertainty intervals are set to be £30% of the
expected values for the PV generation and £20% of the ex-
pected values for the loads. Then, 50 scenarios are generated
with a uniform distribution [34], [38] inside the predicted un-
certainty intervals to represent uncertainty realizations for
the day-ahead stage. Similarly, 60 scenarios are generated to
represent minute uncertainty realizations for the hour-ahead
stage. Moreover, the allowed voltage range is set between
0.95 p.u. and 1.05 p.u.. Regarding the penalty CCP, toler-
ances ¢, and ¢, are set to be 0.001, and parameters z°=
1, u=4.
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Fig. 5. 33-bus distribution network with 10 PV units.

TABLE II
RATED ACTIVE POWER OF PV UNITS IN 33-BUS DISTRIBUTION NETWORK

PV No. Rated active power (kW) | PV No. Rated active power (kW)
1 600 6 600
2 550 7 650
3 600 8 550
4 600 9 600
5 500 10 650
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Fig. 6. Predicted profiles of PV output and load response before PBDR.

This numerical simulation is conducted on a 64-bit PC
with a 2.5 GHz CPU and 16 GB RAM using YALMIP [39]
interface on MATLAB platform. GUROBI solver [40] is
used to solve the optimization problems.

B. Day-ahead PBDR Results

By solving the day-ahead PBDR-supported central voltage
control model, the results of scheduled day-ahead PBDR
price levels are obtained, as shown in Fig. 7. The load de-
mand increases in response to the lower prices during period
02:00-06:00 and 08:00-17:00, and decreases in response to
the higher price during period 18:00-23:00. From this point,
PBDR, as an active power resource, can achieve load level-
ing and shifting, which in turn facilitates the microgrid oper-
ation. The average power loss and voltage deviation over the
whole day are 3.453 MW and 0.0488 p.u., respectively.

Besides, it is worth noting that without the PBDR and in-
verter-based VVC, the voltage range under the expected con-
dition is [0.92, 1.07]p.u., which is out of the allowed voltage
range. However, with the coordination of PBDR and inverter
reactive power supply, the voltage range under the expected
condition is [0.99, 1.02]p.u., indicating a significant improve-
ment in voltage deviation reduction.

PBDR price level
— 0 WA W,

—_
o) (=3
(=} (=]
T 1
!
)

Load profile (%)
D
S

40— --— Before PBDR implementation
—— After PBDR implementation
20 : : : .
01:00 06:00 12:00 18:00 24:00
Time
Fig. 7. Scheduled day-ahead PBDR price levels and expected load re-
sponse.

C. Hour-ahead Hierarchically Coordinated VVC Results

The hour-ahead hierarchically coordinated VVC is solved
by the proposed CCP-based solution algorithm. Since the
voltage profile has been improved in the day-ahead stage,
only power loss reduction is considered as the objective in
the hour-ahead stage.

Taking the period of 12:00-13:00 as an example, the total
expected PV generation and loads with PBDR implementa-
tion are 5.9 MW and 2.63 MW, respectively.

Figure 8 shows the solving process of the proposed CCP-
based solution algorithm during this period. Except for the
initial SOCR model (iteration 0), it takes 3 iterations to
reach the termination criteria, showing a high convergence
rate. The total solving time is 38.7 s, which is compatible
for practical online applications.

o -C] 0.09 ) 0.10
N @ 0.06 8 %007
// N ’ % ; ’
\ = >
\ =
" 0.03C 8 0.04
O
\
o
\
& 0 0.01¢ . =
2 3 4 0 1 2 3
Iteration No. Iteration No.
(a) (b)

Fig. 8. Solving process of proposed CCP-based solution algorithm during
period 12:00-13:00 in 33-bus distribution network. (a) C1 and C2 values.
(b) Objective value.

By iteratively solving the hour-ahead penalty convex-con-
cave model, the average power loss during this period is 125
kW. Note that since only power loss is considered in the
hour-ahead stage, the results can achieve a better power loss
reduction compared with that in the day-ahead stage.

Moreover, the results of reactive power setpoints O}, ex-
pected bus voltage V*”, and the slope of droop control func-
tions /, are obtained. Thus, the associated O-V droop curves
of the inverters with the reactive power setpoints can be plot-
ted, as shown in Fig. 9. It shows that the reactive power set-
points of some PV inverters such as PVI1, PV4, PV5, and
PVO9 reach the maximum inverter capacity for the reactive
power. PV2-PV5 have negative reactive power setpoints
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while other PV inverters have positive setpoints.

400 1
200 F
5
: o \
o 2200+ — PV1;—PV2; PV3
— PV4; — PVS5; x Setpoint e
-400 . : ‘ !
0.90 0.95 1.00 1.05 1.10
V(p-u.)
(a)
400 1
200 S
g Or \
Ql 2001 — PV6; —PVT; PV8
— PV9; — PV10; x Setpoint
-400 . . : !
0.90 0.95 1.00 1.05 1.10
V(p-u.)
(b)
Fig. 9. Q-7 droop curves of PV inverters with reactive power setpoints

during period 12:00-13:00. (a) PV1-PV5. (b) PV6-PV10.

Besides, the Q-V droop curves of the PV inverters with
the reactive power setpoints during the peak load period
20: 00-21: 00 are given in Fig. 10 for comparison. In this
case, the PV generation is zero and the total load after PB-
DR is 3.06 MW. Since there is no active power generation,
all PV inverters can make full use of their capacity for reac-
tive power compensation with all positive setpoints. During
this period, PV6 produces constant reactive power. The aver-
age power loss during this period is 81 kW, which is smaller
than that observed around noon.

600
400
— 200
< A
z o0 \
Q12001 pyy;—pv2; - PV3
-400 — PV4; — PVS5; x Setpoint
-600 . : . ]
0.90 0.95 1.00 1.05 1.10
V(pu.)
(a)
600
400 F \\
o 200 F
: of
1 -200F __pye; — PVT;—— PVS
-400 — PV9; — PV 10; % Setpoint
-600 : : : !
0.90 0.95 1.00 1.05 1.10
V(p.u.)
(b)
Fig. 10. Q-V droop curves of inverters with reactive power setpoints dur-

ing period 20:00-21:00. (a) PVI-PV5. (b) PV6-PV10.

D. RT Local VVC and Comparison with Other Methods

In the RT stage, the inverters that operate under droop
control mode can change the reactive power supply in re-
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sponse to the measurement of local bus voltage based on the
optimized droop control function.

To verify the effectiveness of the droop control function
and the proposed PBDR-supported three-stage HCVC meth-
od, 5000 scenarios of PV outputs and loads are randomly
generated by Monte Carlo sampling during the periods 12:
00-13:00 and 20:00-21:00. These two periods correspond to
the peak PV generation period and the peak load period, re-
spectively, which can be regarded as two typical cases of the
whole day. Then, 20% PV output scenarios are randomly se-
lected and set to be 30% of the original value to simulate
PV ramping events such as cloud passing. These scenarios
are regarded as RT uncertainty realizations.

In addition, two other voltage control methods are applied
for comparison, which are given as follows.

1) Method 1: HCVC without PBDR implementation. The
inverter reactive power setpoint and droop control function
are optimized every hour. Then, with local RT bus voltage
measurement, each inverter changes its reactive power out-
put based on the optimized droop control function.

2) Method 2: two-stage central coordination of PBDR and
inverter reactive power generation without local control. The
inverter reactive power dispatch is re-optimized every hour
and fixed.

The comparison results during the periods 12: 00-13: 00
and 20:00-21:00 are given in Tables III and IV, respectively.

TABLE III
COMPARISON RESULTS OF DIFFERENT METHODS DURING PERIOD
12:00-13:00

Average power Voltage violation

Method Toss (KW) Voltage range (p.u.) rate (%)
1 110.4 [0.997, 1.048] 0
2 95.8 [0.966, 1.044] 0
Proposed 80.0 [0.996, 1.045] 0
TABLE IV
COMPARISON RESULTS OF DIFFERENT METHODS DURING PERIOD
20:00-21:00
Method AVT;:E?E&V;’H Voltage range (p.u.) Voltaietev(ioo/iz)ition
1 105.3 [0.947, 0.998] 2.08
2 81.2 [0.949, 0.998] 0.12
Proposed 81.0 [0.953, 0.998] 0

During the peak PV generation period 12:00-13:00, Meth-
od 1 has the largest average power loss, followed by Method
2, indicating the significance of PBDR for power loss reduc-
tion. However, the voltage range of Method 2 is larger than
that of Method 1, but both are within the allowed voltage
range. For the proposed method, it obtains the lowest aver-
age power loss, and the voltage range is similar to that of
Method 1. Also, all the methods have no voltage violations.

During the peak load period 20: 00-21: 00, the average
power loss, voltage range, and voltage violation rate of
Method 1 are the largest, indicating that only using inverter
reactive power compensation cannot fully address the volt-
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age issue. By contrast, the average power loss and voltage
violation rate in Method 2 are greatly reduced due to the
consideration of PBDR, but voltage violation still occurs. Re-
garding the proposed method, although its average power
loss and voltage range are slightly less than those of Method
2, no voltage violations are observed.

In addition, based on the simulation results of 5000 sce-
narios, the probability distribution of the microgrid power
loss during the period 12:00-13:00 for Method 2 and the pro-
posed method is given in Fig. 11. It shows that the proposed
method with local droop control can achieve a great power
loss reduction. Note that because no PBDR is implemented,
the load profile of Method 1 is obviously different from that
of the other two methods, causing the power loss to be the
largest. Thus, Fig. 11 is used to compare the performances
of Method 2 and the proposed method in power loss reduc-
tion.

o0
1

B Method 2
M Proposed method

Probability distribution (%)
N

(=]

20 40 60 80
Power loss (kW)

100 120 140 160 180

Fig. 11. Probability distribution of microgrid power loss during period 12:
00-13:00 for Method 2 and proposed method.

Moreover, the probability distribution of the voltage pro-
file at Bus 18 (end bus along feeder) during the period 20:
00-21:00 for all methods are plotted in Fig. 12.
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Fig. 12. Probability distribution of voltage profile at Bus 18 during period
20:00-21:00 for all methods.

As observed from this figure, Method 1 has the widest
voltage range and largest voltage violation rate. The voltage
profile of Method 2 is significantly improved compared with
that of Method 1 due to the coordination of PBDR. For the
proposed method, the bus voltage does not exceed the al-
lowed range with a better voltage profile (further from the
lower voltage limit) and less deviation range, showing supe-
rior performance in voltage regulation against uncertainties.

In summary, the above comparison shows the effective-
ness of the PBDR as an active power resource to support
voltage control. More importantly, the proposed method
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takes advantage of the central and local VVC methods with
the load shifting function of PBDR, demonstrating the high
efficiency for power loss reduction and voltage regulation.

VI. CASE STUDY ON IEEE 123-BUS DISTRIBUTION NETWORK

A. Test System

This paper also applies the IEEE 123-bus distribution net-
work [41] to verify the scalability of the proposed method.
There are 14 PV units installed in the network and their loca-
tions are marked with red circles in Fig. 13. The rated active
power of PV units in the IEEE 123-bus distribution network
is given in Table V. Other settings are the same as those in
the 33-bus system.

PV13
111 110112 113 114

68 69 70 71
p——0—0—9

PV7
oo @®PVS

73 74 75

Fig. 13. IEEE 123-bus distribution network with 14 PV units.
TABLE V
RATED ACTIVE POWER OF PV UNITS IN IEEE 123-BUS DISTRIBUTION
NETWORK
PV No. PV rated power (kW) PV No. PV rated power (kW)
1 230 8 270
2 250 9 250
3 240 10 230
4 260 11 240
5 250 12 240
6 480 13 250
7 250 14 230

B. Day-ahead and Intraday Simulation Results

The load profiles before and after PBDR implementation
are obtained by solving the day-ahead PBDR-supported cen-
tral voltage control model, which is shown in Fig. 14. The
load demand increases from 09:00 to 16:00 when the sched-
uled PBDR price levels are lower, while it decreases from
18:00 to 22:00 when the price levels are higher. The estimat-
ed average power loss and voltage deviation of the entire
day are 683.4 kW and 0.073 p.u., respectively.

During the entire day, the proposed CCP-based solution al-
gorithm is used to solve the hour-ahead hierarchically coordi-
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nated VVC. Similarly, taking the peak PV generation period
12:00-13:00 as an example, the total expected PV generation
and load demand after PBDR are 3.67 MW and 2.58 MW,
respectively. The solving process of the CCP-based solution
algorithm is shown in Fig. 15. The SOCR model is solved
first (iteration 0) to provide the initial solution. Then, the
other 3 iterations are taken to obtain the results. The solving
time is 57.6 s, indicating that the proposed CCP-based solu-
tion algorithm is suitable for online use even in the larger
system. During this period, the power loss is 27.4 kW and
the voltage deviation is 0.0027 p.u..

100 e
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5 60t
& /
SR a— --— Before PBDR implementaion
S —— After PBDR implementaion
20 . . . .
01:00 06:00 12:00 18:00 24:00
Time

Fig. 14. Load profiles before and after PBDR implementation of IEEE
123-bus distribution network.
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Fig. 15. Solving process of proposed CCP-based solution algorithm during

period 12:00-13:00 in IEEE 123-bus distribution network. (a) C1 and C2
values. (b) Objective value.

C. RT Local VVC and Comparison with Other Methods in
IEEE 123-bus Distribution Network

To further verify the effectiveness of the proposed method
as well as the optimized droop control function in the IEEE
123-bus distribution network, 5000 scenarios of PV outputs
and loads during the periods 12:00-13:00 and 20:00-21:00
are randomly generated using the same setting of the 33-bus
distribution network in Section V-D. Moreover, Methods 1
and 2 in Section V-D are adopted for comparison. The com-
parison results of average power loss and voltage range dur-
ing these two periods are given in Tables VI and VII, respec-
tively.

TABLE VI

COMPARISON RESULTS OF DIFFERENT METHODS DURING PERIOD
12:00-13:00 IN IEEE 123-BUS DISTRIBUTION NETWORK

Method Average power loss (kW) Voltage range (p.u.)
1 25.73 [0.984, 1.015]
2 21.28 [0.980, 1.018]
Proposed 20.58 [0.984, 1.015]

TABLE VII
COMPARISON RESULTS OF DIFFERENT METHODS DURING PERIOD
20:00-21:00 N IEEE 123-BUS DISTRIBUTION NETWORK

Method Average power loss (kW) Voltage range (p.u.)
1 58.61 [0.990, 1.005]
2 52.63 [0.990, 1.006]
Proposed 52.37 [0.993, 1.005]

During the peak PV generation period 12:00-13:00, the av-
erage power loss of Method 1 is significantly higher than
that of Method 2 and the proposed method, indicating that
PBDR is effective in reducing network loss. However, the
voltage range of Method 2 becomes wider compared with
that of Method 1, but both are within the allowed voltage
range. Lastly, the proposed method can achieve the lowest
average power loss and the smallest voltage range, indicat-
ing the effectiveness of the optimized droop control function
in the hour-ahead stage.

During the peak load period 20:00-21:00, Method 1 has
the largest average power loss, while the power loss of Meth-
od 2 significantly decreases after PBDR implementation.
The proposed method achieves the smallest average power
loss as well as voltage range.

It is worth noting that during these two periods, all the
methods do not encounter the violation of voltage con-
straints.

With the results of these 5000 scenarios, the probability
distribution of the voltage of phase C at Bus 31 during the
period 12:00-13:00 for all the methods are plotted in Fig.
16. As shown in this figure, the voltage profile of Method 1
without PBDR is generally larger than that of the other two
methods. Compared with Method 2, the proposed method
greatly reduces the voltage deviation, making the bus volt-
age closer to the reference bus voltage of 1 p.u..
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1.000
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Fig. 16. Probability distribution of voltage of phase C at Bus 31 during pe-
riod 12:00-13:00.

In addition, the probability distribution of microgrid pow-
er loss during the period 20:00-21:00 for Method 2 and the
proposed method are given in Fig. 17. The microgrid power
loss of the proposed method is generally lower than that of
Method 2, which shows the high efficiency of optimized
droop control function in the voltage regulation.

In summary, the above comparison shows the superiority
of the proposed method in microgrid power loss reduction
and voltage control.
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VII. CONCLUSION

In this paper, a PBDR-supported three-stage HCVC meth-
od is introduced, aiming to minimize the microgrid power
loss and voltage deviation via co-optimizing the operation of
both active and reactive power resources. The day-ahead PB-
DR scheduling is efficiently coordinated with intraday invert-
er reactive power dispatch in a centralized manner via a SO
method. By contrast, the inverter reactive power dispatch
and RT local control are hierarchically coordinated consider-
ing the possible RT uncertainty scenarios.

Several linearization methods are applied to solve the non-
linear constraints for the day-ahead model. Then, in the sec-
ond-stage hierarchical VVC, to exploit the PV inverter poten-
tials, the reactive power output is considered to be constant
or adjustable based on a linear Q-V droop control function.
The key parameters of the droop control function, which in-
clude the droop slope and a pair of base coordinates repre-
senting the expected voltage and corresponding reactive pow-
er setpoint, are fully modelled. More importantly, a CCP-
based solution algorithm including model relaxation, refor-
mulation, and solving procedure is developed to efficiently
solve the second-stage optimization problem. The case study
verifies the effectiveness and high efficiency of the proposed
method and solution algorithm.

The proposed method focuses on the coordination of PB-
DR and PV inverters. However, there are various distributed
energy resources and network devices such as battery energy
storage and CBs in microgrids. In future research works, the
proposed method can be expanded to coordinate with these
resources and devices. Moreover, a more general model of
the droop control function with deadband and the three-
phase unbalance issue of the microgrid can be considered.
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