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Segregated Linear Decision Rules for
Inverter Watt-VAr Control

Rabih A. Jabr

Abstract—The modern photovoltaic inverter has an active
power-reactive power (Watt-VAr) control curve that is part of its
management modes. The Watt-VAr curve, whose settings can be
remotely modified, regulates the inverter reactive power output in
function of its active power. This paper proposes the optimization of
inverter segregated linear decision rules (LDRs), starting from the
legacy Volt-VAr optimization in distribution networks. As opposed
to classical LDRs that are interfaced with Volt-VAr optimization,
the segregated LDRs are piecewise linear continuous curves that
directly satisfy the reactive power capability of inverters, and
their multiple segments can capture the correlation in solar power
variability. The paper presents linear programming formulations
for optimizing the segregated linear decision rules using stochas-
tic optimization, robust optimization, and distributionally robust
optimization. The optimization schemes are demonstrated on both
meshed and radial networks, and their performance is validated
via Monte-Carlo simulation.

Index Terms—Decentralized control, distributed power
generation, load flow control, optimization methods, reactive
power control, uncertainty, voltage control.

I. INTRODUCTION

HE standards for integrating distributed energy resources
T in power distribution grids stipulate their contribution to re-
active power control that lessens over-voltage and under-voltage
operation [1]. Modern photovoltaic (PV) inverters can operate
in the Watt-VAr mode, whereby the reactive power injection or
absorption is based on the active power injection. The power
systems literature includes several studies dedicated to com-
puting Watt-VAr decision rules, the simplest of which are the
linear decision rules (LDRs) [2]-[5]. The LDR for every inverter
has two parameters defining a straight line equation (intercept
and slope). When the LDR intercept is set to conform with
the classical Volt-VAr network optimization solution [6]—[8],
tuning the slope turns out to be generally insufficient to retain
the feasibility of the VAr injections against the inverter capa-
bility curve [9]. Recent research departs from LDRs in favor of
nonlinear inverter control policies that are trained to optimize the
operation and satisfy reactive power capabilities [10], [11]. This
paper proposes segregated LDRs (SLDRs) that overcome the
shortcoming of classical LDRs and are yet more straightforward
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than the nonlinear policies. Unlike the nonlinear decision rules,
the SLDRs are not computed via machine learning, but directly
through optimization methods. This paper describes approaches
for calculating the SLDRs using stochastic optimization, ro-
bust optimization, and distributionally robust optimization. The
stochastic and distributionally robust optimization solutions
account for the correlation between the uncertain real power
injections via a probability mass function based on historical
observations.

The robust optimization solutions use uncertainty sets instead
of the historically observed probability mass functions. The goal
of robust optimization is to compute a reactive power control
policy that performs best, facing the most adverse realizations
in the uncertainty set. The traditional robust optimization formu-
lations for inverter dispatch assume relatively complete recourse
decisions, i.e., the second-stage problem is almost certainly
feasible for any choice of workable first-stage decisions. The
two-stage robust optimization problems are commonly solved
in a centralized fashion using the column-and-constraint genera-
tion method [12]-[16], or in a distributed mode using adaptations
of the alternating direction method of multipliers algorithm [17],
[18]. The decision rule approach is often used to gain tractability
[2]-[4], [19], and its practical deployment is amenable to a
decentralized implementation [9]. In the presence of historical
data, stochastic programs give solutions that exploit knowledge
of the distribution of uncertain parameters and their correlation
[20]; when the constraints are required to be feasible with a
predetermined probability, the problem reduces to a chance-
constrained program, such as [5]. In many cases, the distribution
of the data is not entirely known and is also approximated to gain
computational performance [21]-[23]. A workaround is to have
the solution policy computed under partial information of the
probability distribution using distributionally robust optimiza-
tion methods [24], [25].

Regardless of the adopted optimization framework, the deci-
sion rule approach is the most promising in terms of scalability
for systems operating under uncertainty [20], [26]-[29]. This
paper develops decision rules that are more flexible than the
crude linear decision rules previously reported for Watt-VAr
control [2]-[4]. The proposed rules are segregated over the
domain of PV real power generation. The segregated LDRs
are necessarily piecewise linear continuous functions of the
realizations of real power uncertainty, and they present two
advantages. Firstly, the SLDRs can satisfy the reactive power
values from classical Volt-VAr optimization and yet remain
feasible over the domain of PV real power variation. Secondly,
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TABLE I
EXAMPLE OF AN SLDR
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when probability mass functions are available, the SLDRs can be
computed via stochastic or distributionally robust optimization
to exploit the correlation between the PV generation patterns,
which can entail improvement under practical operating scenar-
ios. This paper first presents a robust optimization formulation
for computing SLDRs; the robust formulation employs a poly-
hedral uncertainty set that respects the limits of PV real power
generation. It then introduces methods to compute the SLDRs
while considering the probability mass function of the PV real
power generation together with the uncertainty in the observed
probability values.

The remainder of this paper is arranged as follows. Section II
presents the fundamentals of Watt-VAr control via SLDRs.
Section III describes the computation of the SLDRs via ro-
bust optimization, and Section IV expands on the fundamental
formulation to present the SLDR calculation using stochastic
optimization and distributionally robust optimization. Numeri-
cal comparisons are reported in Section V on both radial, and
weakly meshed distribution networks having up to 1466 nodes.
Conclusions are outlined in Section V1.

II. SEGREGATED LINEAR DECISION RULES

The segregated linear decision rule is a piecewise linear con-
tinuous function. Suppose that the SLDR Q. ( Py, of the inverter
at node £ gives the reactive power value ) in function of the
real power P}, over the interval [P, PMaX], Define P]SL), and
i=mn",...,0,...,n%, as the i*" breaking point on the Py axis
such that P,i"i) << P,EO) << PISW), where P,g"i) and
P]ETH_) match with the endpoints of the interval [Pin, Ppax],
Assume that the corresponding values of reactive power are

Q("i) QW
k ’ 17 ]
employed in the Volt-VAr optimization, and cho) is the cor-
responding optimal value [7], [8]. Therefore, the SLDR is as
follows:

, Qgﬁ). P}go) is the nominal forecast value

nt

Qu(P) = > QY (1)
nt

Po=>" Pt )

where t,(j) is a nonnegative weight linked with the i* breaking

point such that:

nt
>t =1 )
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Fig. 1. Plot of the SLDR in Table I.

Example 1: Table I gives the coordinates of an SLDR with
n~ = —2, nT = 3, and for an inverter rating of 1.1 per-unit.
Fig. 1 shows the corresponding plot.

The SLDR representation is valid provided that [30]:

1) At most two values of t,(:) are positive.

2) If tg) is positive, then only an adjacent t;ﬁi)’ ie., t](€i+1) or

tl(ffl) is permitted to be positive.

The above two conditions are satisfied by introducing a binary
variable y(,z) for each interval, where i =n",...,0,...,n" —
1:

o<t <y @)

0<tW <yl yD i—n 41,0, 0t =1 (5)

0< ") <yl Y ©6)
nt—1

y =1 )
yef01}y,i=n",...,0,...,n" =1 (8)

For example, if the binary variable y,(;f) corresponding to the

leftmost interval is one, then t,(ﬂni) + t;nw_l) =1,ie., t,(c"i) and
t,(gm'l) are used to interpolate in the interval and the remaining
weights not appearing in this equation are necessarily zero.

A. Minimizing the Voltage Magnitude Deviation

Consider the voltage magnitude deviation at node j, corre-
sponding to changes in the PV real and reactive power injections
atnodes k = 2,...,m (k = 1 is the index of the slack node):

_ S lvip vie
AWVl =3 (KNTaR+ K %aQ)  ©
k=2

The coefficients K ;‘;‘P and K ;Z‘Q give the sensitivity of the volt-
age magnitude at node j to the real and reactive power injection
atnode k, respectively. As described in [9], the coefficient values
can be computed from the inverse of the power flow Jacobian
matrix at the operating point given by Volt-VAr optimization.
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The power variation values around the Volt-VAr optimization
set-points are:

AP, =P, — PV = Z R N (1)
nt
AQ=Qr-QY =Y Qlt) -  an

Therefore, given the SLDRs and a vector of real power injections
for PVs, the corresponding reactive PV power injections can
be calculated from the mixed-integer linear program (n is the
number of nodes in the network):

min Zﬁj (12)
=2
subject to (3)—(8) and:
m ’I’L+
v|pP i), (i 0
9> 3 KPS 0 - po
k=2 i=n"
nt
+ENLS Q) - QY (13)
m ”L+
v|P i), (i 0
92 3 |-K | Y By - B
k=2 i=n"
|V|Q Z Qk (Z _ 0 (14)
i=2,....n (15)

The variables in the above problem are ¥, t](;), and y,(cz). The
remainder of the paper shows that the SLDR calculation method
can be done in three different ways that depend on the available
data:

e The robust optimization solution (Section III) considers
only the domain of photovoltaic power generation. It is
suitable when the probability mass function for PV power
generation is not known.

e The stochastic optimization solution (Section IV-A) ac-
counts for the photovoltaic power generation’ s probability
mass function and assumes this function is known with
certainty. It is suitable when the probability mass function
is identified from historical observations, and the operator
is confident about its accuracy.

e The distributionally robust optimization solution
(Section IV-B) considers that the probability mass
function is not known with certainty; this solution
effectively handles ambiguity in the probability mass
function specification. It is suitable when the operator has
only partial information on the probability mass function.

The methodology starts with a Volt-VAr optimization (VVO)

solution that takes as input the network branch data, loads and

the forecast values of the photovoltaic real power P [8] The
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outcome of VVO is the load tap changer (LTC) and capacitor
settings and the reactive power output from the photovoltaic

inverters Q,(CO) corresponding to P,EO). The SLDR computation
gives the values of Q,(;) fori # 0.

III. ROBUST OPTIMIZATION SOLUTION

The previous section assumes that the Q,(;) values of the
SLDRs are already known; this section describes how these
values are determined using robust optimization. Based on the
linearity of the model, the ordinates of the SLDRs can be
computed for each inverter at a time. Consider the PV inverter

at node k, and let x denote the column vector containing tg)
(i=n"\...,0,...,n)and ¢y (i =n",...,0,...,n" —1).
The mixed-integer linear program in Section II-A for a single
inverter at node & can be written in a compact form as:

min 39 (16)
j=2
subject to (3)—(8) and:
19% > —K'-V‘PP(O) _ K"V‘QQECO) + C}“km (17)
19 > K‘V‘PP(O) +K‘V|QQ(O) kaI (18)
J=2,... n:kis fixed (19)

where cj;, is the column vector of coefficients obtained by
identification with (13)—(14); it includes the Q,(;) parameters,
which are the SLDR breakpoint ordinates to be optimized. The

variables in the vector = are t,g) and y( "), The robust optimiza-
tion solution minimizes the sum of absolute voltage magnitude
deviations due to PV complex power injection change at node &,
under PV real power that causes the maximum sum of absolute
voltage magnitude deviations, i.e.:

n
min E ﬂjk
j=2

(20)

subject to (3)—(8) and:
0j1 > _KJ|_‘;|PP]§0) . KJ‘Z‘QQ](CO) + mlax {Ckax} @21

Dk > KJ‘»Z‘PP,EO) + K}Z‘QQ,EO) + max {-cha} 2

7 =2,...,n; kis fixed (23)
QI(Ci)min < Q](J) < Q}(Ci)max (24)
i=n,...,—1,1,....n" (25)

Eq. (24) constrains the inverter reactive power within its limits,
and the index range in (25) excludes Q,(CO) as itis set by Volt-VAr
optimization [7], [8]. Any value of @) on the SLDR segment
interpolating between two adjacent breakpoints satisfies the in-
verter capability due to the convexity of the inverter’s capability
region (c.f. Fig. 1).

To compute the SLDR via duality theory [20], the constraint
(8) is relaxed to 0 < y,(f) <1 and is incorporated with the
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remaining linear constraints (3)—(7), (24), and (25) in a compact
form:

Az > b, x>0 (26)

Note that for a fixed c;;, cl J
objective function value of max ci ;T subjectto Ax > b, © > 0
is equal to the optimal objective function value of the dual
program min bTy;k subject to ATy'jk > Cjk, y;,C < 0. This
equality exists because the feasible region Ax > b, x > 0, is
nonempty by construction and, therefore, strong duality holds.
A similar equivalence exists for max —c/; ;@ subject to Az >
b, x > 0, leading to the following robust counterpart

-z is a linear function, and the optimal

min Z Dk (27)

j=2

subject to (24), (25), and:

O > —Ki TP — KOO + 6Ty, 28)
O > Ky PP + KYCQY + 0Ty, (29)
ATy > ey, <0 (30)
ATyl > —cji, v, <0 31)
j=2,...,n; kis fixed (32)

The minimization term is omitted from (28) and (29) because
itis sufficient that the constraint is satisfied for at least one value
of the vectors y; , and y;/ - The vectors cjj, include Q,(f) in its
elements. Therefore, the reactive power values at the breakpoints
are optimized by solving the linear program (24), (25), (27)-
(32). The essence of robust optimization is that by using strong
duality theory, the resulting formulation allows for optimizing
the SLDR parameters in c;.

IV. STOCHASTIC AND DISTRIBUTIONALLY ROBUST
OPTIMIZATION SOLUTIONS

The stochastic and distributionally robust computation of the
SLDRs accounts for the correlation among the PV real power
variations from their forecast values employed in Volt-VAr opti-
mization [7], [8]. The variations occur between the consecutive
Volt-VAr optimization updates, i.e., typically in an interval of
15 minutes. The difference between the actual and forecasted
values of PV real power reflects a probability distribution that
could be constructed from historical patterns.

The nominal (most likely) probability mass function can be
simulated by (i) taking the differences between several occur-
rences of the most recent historical actual values for the PV
real power and the historical forecasted values, (ii) adding these
differences to the current predicted values, (iii) grouping the
vectors resulting from (ii) into different bins formed by the
intersection of the segregated PV real power axes, and (iv)
computing the class-mark (average value P,f) and frequency (or
probability ,02) value for each scenario £ [31]. A bin (in the above
procedure) is from the intersection of segregated intervals for PV
real power. For example, if two PV inverters have six intervals
each, the outcome is a square grid of 36 bins.

2705

Section I'V-A describes SLDR computation using stochastic
optimization. Section IV-B extends the stochastic optimization
method by considering that the probability values are not known
with certainty but rather vary within ambiguity boxes, leading
to the distributionally robust optimization solution. Both the
stochastic optimization and distributionally robust optimization
formulations are linear programs, for which efficient solutions
can be obtained.

A. Stochastic Optimization Solution

Let p? denote the probability mass value associated with
scenario /, P,gl’z) the 7" real power interval limit of inverter k in

scenario ¢, and Q,(;’Z) the corresponding i*" reactive power limit
of inverter k in scenario ¢. The superscripts (,¢) and (i + 1, ¢)
for real and reactive power denote the coordinates of adjacent
points corresponding to the limits of the interval in which the

class-mark P,f lies. The corresponding weight t,(f’e) is

(i+1,0) 4
I i i

P(H—l 0 (33)

P]gi,é)

Therefore, the stochastic program for determining the SLDRs is
(L is the number of scenarios):

L n
min Zp%Z’A“/fH (34)
(=1 j=2
subject to (24), (25), and:
E VP i,0) (3,0
3= 3 e
k=2
i+1, il 0
+ PO (1=1) - PO}
# 30 o
4 Q (i+1,0) (1 _ tg,a) _ Q;O)}} (35)
By defining x( ) and :c(o 0.
7,0 VIP il i+1,0
§k) K‘ \ (P( ) P( ))
4 KJ\_\;\Q ( g,o _ Q’(jﬂ,z)) (36)
SO 0 K\V\P (P(z+1 ,0) P,EO))
+ KJ‘Z\Q (QS'FL@ _ QISO)) (37)

Equations (24), (25), (34), and (35) are rewritten as a linear
program:

(38)

L n
min E pgg ﬁﬁ-
=1 j=2
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subject to (24), (25), (36), (37) and:

u i,0),(i,0 0,/

=D G (39)
k=2
= i) (1,0 4

95> 3~ — a5 (40)

>
U
N

B. Distributionally Robust Optimization Solution

The stochastic optimization solution in the above subsection
requires an exact specification of the probability mass function,
which is usually not available in practice. Consider that the
probability values py (¢ =1,..., L) are imprecise, but belong
to a box ambiguity set [22]:

L
p = {p pe=p0 ey me =0, P < <P

r=1

(4D

where p is an L x 1 vector containing the probabilities py; the

bounds in the ambiguity set can be determined using the method

of historical distributions [22], [23]. The distributionally robust

optimization formulation minimizes the maximum objective

function value observed over the ambiguity set of imprecise
probabilities:

L n
: 4
min I;I}eag( Z pe Z v 42)
=1 Jj=2
subject to (24), (25), (36), (37), (39), and (40).

As in Section 111, the primal problem
max,e, S0 pr PR 0% for a fixed ¥ is replaced by
its dual:

L n
min Y | pf Y05 + 0y + 0ty (43)
=1 j=2
subject to:
2t =) 0 (44)
j=2
Y% >0,7<0,(=1,...,L (45)

The result is the distributionally robust counterpart problem:
minimize the objective function in (43) subject to (24), (25),
(36), (37), (39), (40), (44), and (45).

V. NUMERICAL RESULTS

Four distribution networks were used to test the inverter
Watt-VAr SLDRs: modified radial (B_R) and meshed (B_M)
versions of a realistic Brazilian distribution system [32], in
addition to larger radial (1k5_R) and meshed (1k5_M) networks
with around 1500 nodes; Ref. [33] provides a link to the complete
data sets of the test networks. Table II shows for each network
the number of nodes (n), the number of switched capacitors
(CAP), the number of load tap changers (LTC), the number of
photovoltaic distributed generators (PV nb.), and the generation

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 36, NO. 3, MAY 2021

TABLE II
TEST SYSTEM DATA

[ Net, [ nn [CAPLIC [PVnb. [PV% [ min% | max % [ sp |
B_R 161 2 6 7 57.47 28.73 86.20 1.35
B_M 160 2 6 7 57.47 28.73 86.20 1.35
1k5_R 1466 8 8 5 72.12 36.06 90.14 1.1
1k5_M | 1464 8 8 5 68.51 34.25 99.34 1.1

of the PV real power as a percentage of total load in the test case
(PV %); the last three columns present the limits of minimum
(min %) and maximum (max %) PV generation and the ratio of
the inverter apparent power capacity to the connected capacity
of PV real power (s/p). Refs. [34], [35] discuss the importance
of oversizing inverters to increase the controller bandwidth with
larger percentages of renewable power supplied to the grid. The
test cases highlight significant PV power integration reaching
around 100% for the 1k5_M network in addition to large power
variations. The starting point for computing the SLDRs is the
Volt-VAr optimum point of capacitor and LTC settings in ad-
dition to the inverter reactive power, optimized as in [8]. The
variations in the PV real power were simulated as follows:

1) The power values were sampled from a multivariable
normal distribution whose correlation matrix is specified
in [33], and where the standard deviation of each variable
(representing PV real power) is the range of variation
divided by six.

2) Each power level from the step above is multiplied by
a random number uniformly drawn from the interval
[0.8,1.2].

The above procedure captures the correlation between vari-
ables and yet simulates a population that differs from the ideal
multivariable normal distribution. Five sets of SLDRs were
computed for each system, each having n~ = —3 and n* = 3,
as follows:

1) The first set of inverter SLDRs was computed via Robust
Optimization (RO), as detailed in Section III. The RO solu-
tion only considers the domain of PV real power variation,
based on the capacity limits, without accounting for the
correlation in historical data. In comparison, the robust
optimization formulation in [9] does not consider the PV
inverter reactive power limits. The limits can be accounted
for after the reactive power is computed using the linear
decision rule, i.e., a reactive power value that violates the
limit is set at the limit. The resulting performance using
[9] is virtually identical to that form the segregated LDR
RO computation that directly considers the inverter limits.
However, the segregated LDR computation can account
for the correlation between the photovoltaic real power
variations using stochastic optimization and distribution-
ally robust optimization, as discussed in points 2 and 3
below, but this is not possible employing linear decision
rules.

2) The second group of inverter SLDRs was obtained
from Stochastic Optimization (SO), as presented in
Section IV-A. Unlike RO, the SO solution considers
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TABLE III
NUMBER OF SCENARIOS FROM 300 OBSERVED SAMPLES

[Net [BR [ BM | IK5.R | IK5_M |
[L [ 249 [ 249 | 147 | 183 |

TABLE IV
EXECUTION TIME [S]

[ Net | RO [ SO | DRO-20% | DRO-40% | DRO-60% |
BR |03 14 36 30 51
B.M | 03 | 33 51 53 52
kKSR | 1.6 | 142 323 36.8 327
k5 M | 32 | 163 31.0 403 353

TABLE V

SUM OF VOLTAGE MAGNITUDE VIOLATIONS AT ALL NODES [PU] — AVERAGE
OVER 10,000 TRIALS

[ Net | RO | SO | DRO-20% | DRO-40% | DRO-60% ]
B_R | 7.45B-08 | 1.86E-08 | 1.02E-08 | 4.I8E-09 | 2.19E-09
B_M | 1.84E-08 | 1.67E-07 | 9.78E-08 | 6.03E-08 | 3.56E-08
Tk5_R | 3.04E-03 | T.0IE04 | 9.59E-05 | 9.51E05 | 9.71E-05
TKS_M | 1.66E-04 | 9.37E-05 | 834E-05 | 7.956-05 | 7.65E-05

300 observed samples from the distribution, as described
above. Table III shows the number of scenarios in the
multidimensional sample space corresponding to each of
the test systems.

3) The remaining three groups of SLDRs were calculated
using the Distributionally Robust Optimization (DRO)
method in Section IV-B, where the ambiguity in the
probability values is considered in the box with limits of
+20%, £40%, and +£60% of the nominal values. The cor-
responding results are denoted by DRO-20%, DRO-40%,
and DRO-60%.

The computation of the SLDRs involves solving linear pro-
grams. The programs for computing the VVO starting point and
the SLDRs were developed in Matlab, and the CPLEX [36]
application program interface (API) for Matlab was used for
solving the linear optimization problems. The numerical tests
were executed on a MacBook Pro that has a 2.9 GHz Intel Core i5
processor with a memory of 8 GB 2133 MHz. Table IV displays
the computing time, which is acceptable given the 15-minute
regular interval update of Volt-VAr optimization setpoints. The
next subsection evaluates the quality of the SLDRs using out-
of-sample Monte-Carlo analysis.

A. Out-of-Sample Analysis

The quality of the computed SLDRs was evaluated using
Monte-Carlo analysis. Ten thousand samples of PV power gen-
eration were obtained from the distribution in the section above,
and the corresponding network conditions were evaluated using
power flow. The validation is carried out using the current injec-
tion power flow [37], which entirely accounts for the nonlinearity
in the power flow problem. The samples are different from
those used to compute the SO and DRO solutions, but they fall
within the domain of PV variation employed in RO. Table V
shows the sum of voltage magnitude violations at all nodes
averaged over the 10,000 trials; the voltage magnitude violation
at a node is the margin by which the nodal voltage magnitude

2707

TABLE VI
HIGHEST VOLTAGE MAGNITUDE VIOLATION AMONG ALL NODES [PU] —
MAXIMUM OVER 10,000 TRIALS

[ Net [ RO | SO | DRO-20% | DRO-40% | DRO-60% ]
B_R [ I.I2E-05 | 9.836-06 | 9.81E-06 | 7.79E-06 | 6.43E-06
B_M | 295E05 | 1.69E-05 | 1.54E-05 | 1.46B-05 | 1.28E-05
Tk5_R | 8.00E-03 | 2.02E-03 | 1.98E-03 | 2.02E-03 | 2.07E-03
TKS_M | 3.41E-03 | 1.84E-03 | 161E-03 | 1.59E-03 | 1.51E-03

TABLE VII

TOTAL NUMBER OF NODES WITH VOLTAGE MAGNITUDE VIOLATIONS —
AVERAGE OVER 10,000 TRIALS

[ Net. [ RO [ SO [ DRO-20% | DRO-40% | DRO-60% |
B_R 0.0250 | 0.0068 0.0036 0.0018 0.0010
B_M 0.0014 | 0.0422 0.0294 0.0198 0.0138
1k5_R | 1.8434 | 0.8309 0.8222 0.8172 0.8114
1k5_M | 0.7721 | 0.5703 0.5698 0.5653 0.5609

TABLE VIII

PERCENTAGE LOSS INCREASE RELATIVE TO CENTRALIZED OPTIMIZATION —
AVERAGE OVER 10,000 TRIALS

[ Net | RO | SO | DRO-20% | DRO-40% | DRO-60% |

B_R 0.47 0.46 0.46 0.47 0.47
B_M 0.47 0.46 0.46 0.46 0.46
1k5_R | 0.06 | -0.17 -0.17 -0.17 -0.17
1k5_M | -0.07 | -0.08 -0.08 -0.08 -0.08

exceeds the prescribed upper limit or falls below the lower limit.
The results show that the SLDRs from the different methods
result in a low value for total voltage magnitude violations,
with improvement often incurred from using the probability
mass function in SO and further accounting for its ambiguity
in DRO. Similar conclusions are gleaned from Table VI, which
reports on the highest voltage magnitude violation at all nodes, as
observed over 10,000 trials. Table VII presents the total number
of nodes with voltage magnitude violations averaged over the
10,000 trials; while all values are acceptably low, the least mostly
correspond to DRO.

Centralized inverter dispatch results in zero violations when
used to solve the problem for each pattern of PV power variation.
The dispatch solution starts from a conic programming solution
(that is globally optimal for radial networks) and then uses
coordinate descent to restore feasibility for meshed networks
[8]. Although the setup is not realistic as the Volt-VAr optimiza-
tion is updated over fixed intervals of 15 minutes, centralized
dispatch serves as a benchmark for comparing power loss. In this
regard, Table VIII shows the percentage loss increase relative to
centralized optimization, where the loss is averaged over the
10,000 simulations. The percentage increase is modest, less
than 0.5%, and in some instances, it is negative, signaling a
reduction in the loss as compared to the centralized solution; the
reduction is understood given the voltage magnitude violations
that effectively relax the limits of the feasible region.

VI. CONCLUSION

This paper presented linear programming formulations for
computing segregated linear decision rules for inverter Watt-VAr
control. The SLDR is an extension of the classical linear decision
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rule; it allows maintaining feasibility within the inverter’s capa-
bility region when the Watt-VAr curve is interfaced with cen-
tralized Volt-VAr optimization, and its piecewise linear nature
can account for correlations captured from historical data. The
details of three formulations for computing the SLDRs are given.
The first involves robust optimization and therefore exploits only
knowledge of the domain of PV power variation. The other
two methods consider the distribution observed from historical
data; they are stochastic optimization and distributionally robust
optimization, which is immune to ambiguity in the probabil-
ity values. Monte-Carlo simulation results show that the three
approaches give acceptably low values of voltage magnitude
violations, with better performance generally from methods that
exploit the probability mass function of PV power variations.
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