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ABSTRACT

This paper addresses the problem of curtailing the number of
control actions and minimizing controller movements for real-time
voltage/reactive power control. Algorithms are proposed to iden-
tify the most effective subset of control actions and to minimize
controller movements. An algorithmic objective function appro-
priate for the treatment of system security and economy is also
proposed. It eliminates trial and error adjustments of weightage
factors for a combined objective. A single parameter decides the
priority between movement of controls and gains in security as
well as loss reduction. The algorithms are compared and con-
trasted with SLP and SQP techniques by means of two practical
systems.

Keywords: OPF, voltage control, Real-time control, reactive
power control.

INTRODUCTION

The development of Reactive Power Optimization(RPO) and
control algorithms for real time applications is of prime impor-
tance for optimal and secure operation of power systems. The
Optimal Power Flow (OPF) is perhaps the most complex on-line
EMS advanced application function under development. Signifi-
cance of real time optimal operation of power systems stems from
security and economic considerations.

For secure power system operation, redundancy is required in
the system for driving it to the normal state in case of credi-
ble contingencies/emergencies. Redundancy in the power system
w.r.t. reactive power control and optimization implies availability
of alternate configurations of the network with acceptable reactive
power flows, in terms of line MVA loading, bus voltages, MVA
loading of transformers and generators. These factors determine
the steady state security of the power system. With ever increas-
ing load demands and system expansion costs, redundancy in the
system has to be sacrificed. Instead, optimal use of reactive power
control resources for maintaining real time steady state security
becomes essential.

Economic benefits can be achieved by rcal time optimal control
of power systems. This demands optimal scheduling of generation
based on availability and generation cost (Unit commitment and
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active power optimization problems) and optimal allocation of the
reactive power resources for security or economic objective.

The “state of the art” OPF/RPO algorithms assist the op-
erator in deciding the best possible gains that can be achieved
for security or economy oriented objectives. However, with in-
creasing system sizes aud controls, variety in the type of controls,
their distributed nature and the real time restrictions on the num-
ber and the amount of control, the operator is faced with the
formidable task of identifying the eflective subset of control ac-
tions that can he implemented. In this sense, requirement of the
real time OPF/RPO algorithm is to aid the operator in select-
ing the minimum number of effective controls. In addition, the
operator has to maintain adequate reserves to deal with proba-
ble contingencies. Glavitsch et. al. in [2] and Tinney et. al. in
[1] outline the desirable features of a real time OPF algorithm.
Glavitsch and Bacher emphasise the requirements of high compu-
tational speed, robustness and reduced controller movements. We
quote from {2], “ The OPF assigns an optimal value to each pos-
sible control varjable. Assuming that there is a large number of
possible control variables, the OPF algorithm would move most of
them from actual state to the optimal state. However, a practical
real-time realization of this optimal state is not possible since the
operator cannot have, e.g., hundred generator voltages be moved
to different settings within a reasonable time. Only the most ef-
fective subset should be moved, which means that within the OPF
the algorithmic problem of moving the minimum number of con-
trollers with maximum effect has to be solved.” Tinney et. al.[1]
have addressed the need to curtail the number of control actions
to meet the real time requirements and the difficulties faced in
the selection of minimal number of effective controls in order to
achieve this. We quote, “ There is no way to select a subset of the
most important control actions from total set of control actions
in an OPF solution. The actions are not ranked and importance
of an action is not necessarily related to its magnitude. Even if a
given number of best actions could be selected from a OPF output,
the correct magnitude for the selected actions would be unknown
because they would have to be readjusted to compensate for the
omitted actions.” The paper [1] proposes two possible formula-
tions to meet these requirements. In the first formulation, the
total number of control actions of each class were specified ( refer
(3] for similar OPF algorithm development). However, they also
point out that setting this limit in advance could cause the cost of
the solution to be unacceptably high. The problem would also be
well defined if a limit were specified on the increase in cost above
minimum attainable, with all controls in use; but this could cause
too many controls to be used (for interesting related reading refer
to the discussion of [4]).

A significant feature that differentiates a real time OPF from
standard optimization problem is that suboptimal solution is ac-
ceptable for the former because of the real world constraints. Glav-
itsch points out in [2] that consideration of data uncertainities can
be used to speed up the algorithm, for e.g., if the accuracy of
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a large generator output power measurement is about five MW,
making a computation with an accuracy of one MW is useless and
consumes unnecessary computing time. As per Tinney’s opinion
(1], developing a method for curtailed control actions appears to
be exceptional and coping with it will require unusual approaches.

We have not observed in the literature any appropriate theory
for reducing the number of control actions and its correlation to
the increase in cost. An algorithm to reduce the number of control
actions based on sensitivity analysis and space & time decomposi-
tion of controls has been proposed in [3]. However, the algorithm
cannot identify the most effective subset of controls. The heuristic
judgement of the designer plays an important role in this process.
This paper for the first time presents the appropriate algorithms
with strong theoritical support and negligible heuristics for achiev-
ing the important goals of minimizing the amount of controller
movement(|| Au ||;=min) and curtailing the number of controllers

in real time for VQ optimization. The proposed algorithm implic-
itly strikes a balance between

o reducing voltage infeasibilities.
¢ reducing MW losses in the system.
o reducing the number of controls.

The above three distinct and contrasting requirements are con-
trolled via a single parameter ¢, resulting in simple and efficient
algorithms. The approach is faster than standard optimization
methods. The proposed algorithms are robust, have fast and easy
convergence properties. The objective function has an automatic
balancing feature to ensure security and reduction of active power
losses in the system. The algorithmic nature of the objective func-
tion removes the requirement of trial and errors, with varying
weightage factors for combined economy and security oriented ob-
jective. Comparitive evaluation with Sequential Linear Program-
ming(SLP) and Sequential Quadratic Programming(SQP) algo-
rithms js also presented, wherein complete optimization is per-
formed, to study the effects of curtailing the number of controls
and corresponding increase in cost function.

In the following sections, we first identify the important char-
acteristics of the OPF algorithm that can be exploited for devel-
opment of fast, robust and reliable algorithms. Then the essential
optimization theory required for minimal control action algorithms
is presented, as no such theory has been presented earlier. It is fol-
lowed by the algorithms for minimizing and curtailing the control
actions for security cum economy oriented objectives. Simulations
for practical power systems are presented.

REAL TIME VQ OPTIMIZATION

The secure and optimal operation of power systems require the
following:

e Optimal Power Flow.

o Corrective rescheduling.
o Corrective switching.

. VQ optimization.

The cycle time for a classical OPF is about 60-90 min [11]. With
changes in either the load profile or the network topology, cor-
rective rescheduling of P and Q variables as well as corrective
switching actions need to be carried out.

VQ optimization and control is required to minimize losses,
provide adequate reactive power margins, improve the voltage pro-
file and to avoid voltage critical problems like voltage instability.
The inputs to a VQ optimization problem are the system load and
voltage profile, network information and the active and reactive
controller settings obtained from the real time data base. The VQ
optimization algorithm has to adjust the reactive power control
variables to achieve one or more of the above objectives. To re-
alize maximum economic benefits from VQ optimization, a cycle
time of 15 min is considered satisfactory [4] for an optimization
and control frequency of 60 min. Howeyer, for improvements in
system security and stability, smaller cycle time for VQ optimiza-
tion is required. '

VQ PROBLEM CHARACTERISTICS

In this section typical V@ optimization problem characteris-
tics are identified to enable the development of reliable, fast and
efficient algorithms. Firstly, a VQ optimization problem is char-
acterized by two distinct type of constraints viz., soft ard hard
constraints. We define them as follows.

Defn-1: A Hard constraint in an optimization problem is a
constraint that has to be strictly satisfied. These constraints in
a VQ optimization problem are device constraints, generator Q-
limits and possible line loading limits.

Defn-2: A Soft constraint in an optimization problem is a
constraint whose limits (lower and upper) can be characterized as
“desirable” rather than “essential” and hence, need not be “neces-
sarily” satisfied. These limits in a VQ optimization problem corre-
spond to voltage bounds for the PQ-nodes. These constraints in-
troduce an extra freedom which the optimization algorithm should
be able to exploit. In general penalty function approaches and
their variations, e.g., augmented lagrangian methods enforce these
constraints in a soft-way. However, the price is paid in terms of
possible numerical instability and reduced computation speeds.
The approach presented in this paper is not a penalty function
approach. Specifically, in this paper we propose algorithms that
are fast and numerically stable; they do exploit the softness of
voltage constraints.

Secondly, an important feature of a VQ optimization problem
is that the number of constraints (lower and upper voltage bounds,
generator Q-limits, Q-injection variables and On Load Tap Chzmg-
ing transformer (OLTC) tap limits) far exceed the number of con-
trol variables. MVAR line loading constraints can also be consid-
ered in the above set. An optimization algorithm, while reducing
voltage deviations should be able to exploit this redundancy in
constraints for selecting the “best descent direction”. The “best .
descent direction” is characterized mainly by the property of mini-
mizing the voltage infeasibilities with minimum amount of control.
The above ideas can be expressed within the mathematical frame-
work of “best approximation” defined as follows.

Defn-3: A vector z, is a best approximation of the solution of
the equations f(z) = G ( G can be a vector or a matrix)[8], if for
all x, either -

L Il f(z) = G llF>]l f(z0) = G |l or
2. [1f(z) = Gllp = || f(zo) = GllF and || z [|22[| z, |2

Part-1 of the definition is significant because it recognizes that
infeasibilities cannot necessarily be reduced to zero; a significant
aspect in enforcing soft constraints. This has been exploited to
develop robust algorithms. Importance of part-2 arises from the
fact that it ensures minimal norm solution in case of multiple min-




ima having same cost. Specifically in VQ optimization, this can
be used to guarantee minimum control action for minimizing the
deviation of voltage profile of the system.

Finally, objective function evaluation, e.g., active power loss or
power system voltage profile for a given control can be performed
by a Power Flow(PF) program. As the network is very sparse,
sparse computations drastically bringdown the required computa-
tional effort. Therefore, line-search based optimization algorithms
are very suitable for OPF from computational viewpoint. Note
this is in contrast with many other optimization problems, e.g.,
VLSI design, wherein computation of new objective function may
require extensive simulations. In such cases, line-search methods
become inefficient. '

Thus, an efficient real time VQ optimization algorithm should in-
corporate the following characteristics.

o It should differentiate between hard and soft constraints,
while being robust (numerically stable and fast).

o [t should be able to exploit the redundancy and softness of
the constraints to minimize control action.

o It should be predominantly a line-search based algorithm to
facilitate simple and fast computing.

e Objective should reflect the requirements and the tradeoffs
of real-time control.

Various security or economy oriented objectives have been pro-
posed in the literature for reactive power control. It has been
pointed out in [3] that neither active power loss minimization nor
uniform distribution of reactive reserves to generators operation in
secondary control can meet the real-time objectives. If the OPF
objective is active power loss minimization, the OPF results in
high voltages in network. Also, reactive overloads appear at all
generators electrically close to load centers. On the other hand,
security oriented objective has a negative impact on system volt-
age profile. Therefore, a security cum economy oriented objective
function is required in real-time with an implicit balancing fea-
ture to control the above mentioned effects. Also, the objective
function should have the characteristic of implicitly reducing the
required amount of control.

FORMULATING A MINIMUM CONTROL ACTION
PROBLEM

The previous section outlined the utility of best approximate solu-
tion in defining a minimal control action problem. A more precise
and desirable problem from minimum control point of view can
be defined by counsidering a constrained non-linear minimization
problem with objective function f(u). Let u® represent the initial
control vector and let H = {u : f(u) is a local minimum for the
constrained problem}. Then the minimal control action problem
can be formulated as follows.
Find u* € H such that || u* — u® [|o<|| u —u® ||z for all w ¢ H.
Because of the difficulties involved in solving the above problem,
we consider an iteration dependent non-linear security oriented
objective function for RPO. At the k_th iteration, the following
optimization problem is attempted.
minimize for all i € PQ nodes and j € PV nodes and lines with
violated MVA flows having dominant MVAR loading
Tilvr = 08 )2 4 5, (hy — hie)?
subject to ™" < u < Y™ (1)
QM < Q; < QM for all i belonging to the set of PV-nodes.
— /5 PR < Quow, <SP — P, for all I be-
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longing to the set of violated line flows with dominant MVAR
loading.

The element h; represcnts the j_th element of the vector h
which contains all the generation Q-injection variables and the
MVAR flow variables (éﬂaw‘) for lines with violated MVA and
dominant MVAR loading. Pf,,, represents MW flow in the line !
at the k_th iteration in either of the two directions. If real power
limits are exceeded in a line, the reactive power control is unlikely
to eliminate the violations of the line MVA loading limits. Such
violations are corrected by resheduling the active power control
variables [12]. Therefore, only those lines having MVA violations
with significant MVAR loadings are considered in (1). The formu-
lation is based on the assumption that changes in real power in the
lines due to small changes in reactive power control variables are
negligible. Let b = [v“‘“kT, hd“kT]T. The elements of the vector
b* depend on the system voltage profile, generator Q-injections,
line MVAR flows andaniteration count &; they are set as follows.
For all ¢ belonging to set of PQ-nodes

if v7® < v¥ < 0P9% then corresponding b5 = of

if v} > v"** then corresponding b§ = ve*

if v¥ < v7" then corresponding b} = v
For all 7 belonging to set of PV-nodes

if Q" < QF < Q*® then corresponding b* = QFf

if @¥ > Qme® then corresponding b;‘ = Qres

if QF < Q7™ then corresponding b = Qi
The elements of b* for MVAR line flow constraints considered in
h are set in a similar fashion. Note that as correction to the volt-
age profile is being done, reduced control action is implicit in the
above objective. We also provide an economic bias to the security
oriented objective by including active power loss reduction in the
algorithm.

THEORY FOR MINIMAL CONTROL ACTION

The minimal control action problem for feasibility restoration
has been precisely defined in the previous section. However, the

* load bus voltage vector (v, ), generator Q-injection and MVAR line

flow vector (#) cannot be expressed explicitly as a function of u.
Therefore, compact modelling of Dommel and Tinney [5] is used
to linearize (1). Without loss of generality, we assume that the
vector b* can be partitioned into two sub-vectors 5 and b¥ corre-
sponding to the constraint sets vz, and h respectively. Linearizing
(1) at the k_th iteration, we have

Avk Sk b — vk
[AIL’“]—[S,‘{ Au=| g gk @
Let ¥ = (S5, 55"] and 65" = [[0f — of)T, [0} — R¥)T].
b is a “restoration vector” with non-zero elements for violated

load bus voltages, generator Q-injections and MVAR line flows of
vector A.

The above set of equations represent an overdetermined sys-

tem. It is evident that Au must correspond to the “best approxi-
mation” for the linearized set of equations (2). Following theorem
outlines the methodology of obtaining the best approximation.
Theorem-1: The “best approximate” solution of the equations
AX = Bis X, = A*B. A% is the pseudo-inverse of A [8].
If Ais (m x n) matrix, m > n and null(A)=0, then AT A is non-
singular and A% = (ATA)'A7. If S* is a full rank matrix, an
efficient way to compute the best approximation is by QR factor-
ization of S¥; a unique solution for Aw exists that minimizes the
infeasibilities at each iteration. However, in practice the overde-
termined system need not be full rank; therefore the following two
important questions arise.
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o Is the overdetermined matrix § k rank deficient?

o If yes, how do we then compute the best approximation for
Au?

The rank of a matrix A and its pséudo—inverse can be computed by

Singular Value Decomposition (SVD) of'A. An important mathe--

matical result is given below: _
Theorem-2: Let A ¢ R™*", then there are orthogonal matrices
P and Q, such that [7}-

- L0 T
NHERE
where T = diag(oy,02,....,0v), 01 2 03 2 ... 2 0, > 0,

a; is the i_th singular value and r the rank of matrix A. It can
also be proved that

2. for a mxn matrix A,m > n with singular values 01,03, ...,0,;
012 03 > ... > Oy, a (mXn) matrix B with rank r and A/ defined

as , )
A =Q 20 pT

where Z;/ = diag(01,02,+.40y), 01 203 2 ... 20, >0
|| A= A’ ||p= min || A~ B|rand

3. the best approxiation for an overdetermined system is

£-1

X°=A+b=P( 0 )QT[)

From the above properties, we can construct a matrix A/ of rank
r, which is nearest to A in its frobenius norm. The above results
are significant because of the fact that Gaussian Elimination can-
not be used in practice for determination of the rank of a matrix,
as numerical computations are approximate and as such produce
non-zero diagonal entries, even in case of rank deficiency. As such
in practice, possibility of rank deficiency (and also the probable
rank) and the nearest rank deficient matrix are computed using
SVD in the following manner [7].

Let the elements of S* be accurate to quantities of order €. Find

r such that o2, + 02,, + ... + 62 < €. Then, the probable rank -

of §% is r. By property 2 & 3 of Theorem-2, with g.41 to o, set
to zero, nearest rank deficient matrix 5% and the corresponding
best approximate solution'Au can be computed. In actual imple-
mentation, the matrices P and Q need not be stored explicitly. A
variation of the above method used to compute the best approxi-

mation for possible rank deficient matrix is to set all o; < €elay to
zero (6]. An important observation is that the best approximation
Au* so determined with non-zero ¢, minimizes infeasibilities with
minimum control action i.e., if there exists a control u/ such that
[| 8 — S*Au/ [lz=|| 8 — S*Au* |z, then || Au* [lo<|| Au/ s
Infact, in practice, parameter € can be used to restrict the amount
of control action. It is proved in appendix-D that the second norm
of the control action (|| Au |j;) obtained from best approximate
solution of (2) decreases with the increase in control parameter
¢/. Our experience suggests 0.001 to 0.005 as a suitable range for
¢/. This results in matrix S*' close to the original matrix S*; the
change in frobenius norm is around 0.001%.

ALGORITHM FOR MINIMAL CONTROL ACTION

As VQ control is a nonlinear optimization problem and the
amount of control Au suggested after linearization may not be
feasible, an iterative procedure incorporating a line-search along
the direction of best approximation to minimize a selected objec-
tive needs to be formulated. The choice of objective function for
line-search is not unique. Therefore, there exists an additional
flexibility in the algorithm, as conflicting requirements like se-

curity and economy, for e.g., minimizing the amount of control
action versus minimizing the active power losses can be handled
simultaneously by this procedure. An estimate of the change in
active power loss along the best approximate direction is derived in
appendix-B. As has already been pointed out line-search is compu-
tationally efficient for VQ optimization. It will involve repetitive
PF computations wherein strict enforcement of hard Q-generation
constraints is done. The developed procedure will have inherent
numerical stability because of the use of orthogonal matrices and
explicit treatment of rank deficient matrices. Also note that such
an algorithm will enforce the voltage constraints in a soft man-
ner without recourse to penalty function or augmented lagrangian
methods. A model algorithm is now presented:

AG1: Feasibility restoration and loss reduction algorithm
with minimum control action

STEP 0: Set iteration count k = 0. Select ¢/ & e.

STEP 1: Do a PF and determine P} & restoration vector b2.
STEP 2: If Voltage and generator Q-constraints satisfied or if
k> 0 and Pf"l — P} < ¢, stop.

STEP 3: Compute S* (appendix-A).

STEP 4: Compute nearest rank deficient approximation S¥ to
Sk,

STEP 5: Compute Auf = st bk

STEP 6: Set s* = AuF

STEP 7: Do a line search along s* to minimize P.. Let the op-
timal step size be o where 0 < o* < 1. Set u**! = u* 4 ofs*,
P! = P and compute b+,

STEP 8: Increment the iteration count k = k + 1. Go to step 2.

If the voltage profile is not satisfactory t'i>n ¢/ should be reduced
in the next VQ cycle. To provide an economic bias during the
line-search to the security oriented objective , we minimize active
power losses. The algorithm automatically strikes a balance be-
tween security and economy in the corresponding order. When the
system profile changes drastically, complete optimization (OPF)
should be performed. The merits and desirable features of the
algorithm (AG1) are:

1. Automatic balancing features for the conflicting requirements
of attaining the maximum possible economic gains versus
minimizing the control action and maintaining the security
of the system.

2. Rapid convergence to the optimal solution ( table-II). This
results because of marginal changes in the singular values of
the sensitivity matrix. This may also be used to speed-up
the algorithm by avoiding SVD at each iteration.

3. Accurate modelling of the non-linearities of the system as
repeated PF’'s are performed during the line-search.

4. Unimodal behaviour of the active power losses of the system.
Thus, the possibility of the multiple minima along the search
direction are eliminated.

Curtailing the number of control actions

Curtailing a variable movement, in it’s natural sense, can be
thought of as restraining the movement of the variable in a phys-
ical or a numerical process. In a numerical process, variables will
tend to move marginally, from their initial values because of the
“small” nonzero terms introduced in the numerical computation.
However, such a movement will have negligible influence on the
objective function. Therefore, we curtail the movement of a vari-
able (z;), if

2 —2f < el & | f(z5) - £(a9) |< e2

where superscripts * and o denote the final and initial values re-




spectively. The choice of €l and €2 will depend on the uncertainity
in the real time data base (obtained by state estimation) and the
accuracy of the transducers used. Suitable values of €l and €2 are
suggested in the result section. For a VQ optimization problem a
subset of variables for strict curtailment (el = 0) can be identified
as follows.

. . . T
1. Compute the loss derivatives g*" = %%‘, %%,...., g‘-]T.
nc

2. Compute s* = ¥ x b%, the minimal norm vector to minimize
infeasibilities.

3. Now if, g > 0 and s¥ < 0 or gf < 0 and s¥ > 0, then the i_th
control action reduces both the MW losses and the voltage infea-
sibilities. If however, g¥ and s¥ are of same sign, it implies that
the i_th control reduces the voltage infeasibilities but increases
the MW losses. In such a case, the corresponding control can be
eliminated by setting s¥ = 0. Notice that the choice of controllers
used to attain the objective is not unique. The outlined proce-
dure automatically identifies the most effective subset of controls
to reduce active power losses as well as voltage infeasibilites. The
effect of such a measure is most evident in case of the Q-injection
variables (SVC’s and capacitor banks) where s; > 0 and g; > 0
will imply that losses increase with increase in capacitive injec-
tion. Similarly s; < 0 and ¢; < 0 will imply increase in losses
and reduction of infeasibility with increase in inductive compen-
sation. An estimate of the change in active power loss along the
modified search direction is derived in appendix-B. An improved
algorithm(AG2) biased for active power loss reduction with cur-
tailed controller actions is presented below.

AG2: Curtailing the number of controls for voltage pro-
file correction and active power loss reduction

STEP 0: Select e, €l, €2, €3, €.

Set for all j=1,nc; alossvar(j) = 0. The variable alossvar(j) accu-
mulates an estimate of change in Py due to j_th controller move-
ment using piecewise linear approximation for loss function.

STEP 1: Do a PF and determine P} & restoration vector bZ.
STEP 2: If Voltage and generator Q-constraints satisfied or if
k> 0and PF™' — P} < ¢, go to step 10.
STEP 3 to STEP 6: same as in AG1.
STEP 7: If g > 0 and s¥ > 0: s¥ =0.
If g <0and sf <0: sf=0.
STEP 8: [Line search] i=0. Select of.
REPEAT
i=i+1
uf = uk + a,-"s"

Q

For all j=1,nc, alossvar(j) =alossvar(j) +g;(uf_,)(af—ak_;)s.

Select of, | > af
UNTIL (Pp(uf_ ) — Pr(uf) > €3 AND of,, < 1)
STEP 9: k =k + 1; % = ¥, Compute #*. Go to step 2.
STEP 10: Do for j=l,nc; if | uf — u? [< el and | alossvar(j) |< €2;
cuftail the control.
STEP 11: Stop.

SLP AND SQP ALGORITHMS

To evaluate the effects of minimizing control action, curtailing the
number of controls and the use of algorithmic objective function on
the sub-optimality of the solution, SLP and SQP algorithms have
been implemented. Constrained active power loss minimization is
used as the reference. The other motivation for these implemen-
tations is to evaluate the effects of exploitation of softness of the
voltage constraints on the total infeasibilities and the MW losses
at the optimal point. Finally, these studies have been beneficial
in evaluating the numerical performance of SLP and SQP algo-
rithms. Reduced model formulation (rcfer appendix-A) of Dom-
mel and Tinney [5] have been used in the sensitivity computations.
The SLP and SQP algorithms are detailed in appendix-C.
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TEST RESULTS

A realistic assessment of the algorithms will require repetitive VQ
optimization using a day’s load curve and the snapshots of the
control variables on-that day. In absence of the load curve in-
formation, a more conservative estimate can be obtained by com-
paring the performance of AG1, AG2, SLP and SQP algorithms.
However, in practice as the load profile varies gradually and the
results of the previous cycle of VQ optimization are available; con-
vergence and speed characteristics of the algorithms in practice
will be much better compared to the simulations presented. The
results of simulations on practical 89 and 319 nodes systems are
summarised below.

In the systems considered, less than 2% change in generator
voltages, 0.75 MVAR change in capacitor banks and less than half
the transformer tap movement is curtailed, if the effect on losses
is less than 0.1 MW.

89-bus system ‘
This system comprises of 400, 220, 132, 66, and 33 KV voltage
levels. There are 12 generators, 21 switchable VAR compensators
and 19 tap changing transformers. Voltage feasibility range for the
PQ-nodes is between 95-105%. Comparitive evaluation of SLP,
SQP, minimal control action and reduced controller algorithms
are presented in table-I.

TABLE-I: Results for the 89 bus power system

INITIAL | SLP Alg. | SQP Alg. | AGI | AG2
STATE

1 14467 | 113.36 | 111.74 |129.21 | 119.25
AP - 2164 | 2276 | -10.68 | -17.57
Comp 140 458.575 458.12 145.27 | 281.35
N, 19 3 2 2 5

3, 1.480 0.024 0.03 | 0.553 | 0.103
L 0.919 1.015 1022 | 0.981 | 0.998
o, 0.081 0.020 0.028 | 0.044 | 0.037

First, it is observed from table-I that minimal control action
algorithm (AG1) drastically brings down the control action with
significant reduction in MW losses and improvement in voltage
profile. For e.g., it is observed that total compensation increases
from 140 MVAR to 145 MVAR with AGl. As SLP and SQP al-
gorithms have MW loss minimization as their primary objective,
reduction in MW losses is more significant for these algorithms,
but at the cost of large control action. For e.g., Q-compensation
in the system is increased from 140 MVAR to 458 MVAR . Sec-
ondly, it has been found by simulations that almost 34% of the
controls could be curtailed using AG2. The performance of AG2
is better than that of AG1 in all respects. The primary reason for
this is that AG1 reduces capacitive compensation ( because of the
negative elements introduced in the search direction for the capac-
itive variables). However AG2 inhibits the reduction of capacitive
injections (gf and s¥ have same sign) and therefore, in totality
improves the results. Finally, it is observed that tuned SLP algo-
rithm’s performance is comparable to that of the SQP algorithm
performance; SLP algorithm is faster than SQP algorithm. The
algorithms have been tested on a VAX-8810 computer. Computa-
tional effort required for the SLP, SQP, AG1 and AG2 algorithms
is approximately 21, 41, 15 and 16 seconds(CPU time) respec-
tively. The value of the control parameter ¢/ used in the above
simulations is 0.005. The effect of control parameter value on the
control action suggested for AG1 and the convergence character-
istics are tabulated in table-II.
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TABLE-ILI: Effect of control parameter ¢ on amount of
control action :

iter ¢ = 0.005 ¢/ = 0.0025 ¢ = 0.001

LOSS | Aull LOSS I Aufs | LOSS | Au lla
0 144.67  0.9629 144.67  1.7884 144.67  2.9369
1 135.05  0.5572 129.14  0.8324 129.22 13213
2 129,82  0.4023 125.10  0.8211 124.19  1.0707
3 129.21  0.4019

From table-II, it can be observed. that as the value of con-
trol parameter is decreased, the corresponding amount of maxi-
mum possible control action increases while the losses decrease.
Note that this behaviour is consistent with the lemma proved in
appendix-D. Thus, ¢/ parameter controls the amount of control.
The table also shows that the convergence is steady and takes place
in very few iterations. Irrespective of the value of ¢/ used, no oscil-
lations are observed during convergence. The steady reduction in
| Au |jz indicates the steady decrease in the amount of maximum
control needed, and thus demonstrates the utility of the algorithm.

319 bus system .

This system comprises of 400, 220, 132 and 66 KV lines. There
are 22 generators, 42 Q-injection variables and 24 tap changing
transformers in the system. Voltage feasibility range for all the
buses is from 95% to 105% of the nominal voltage. Results for the
system are presented in table-IIl. No oscillations were observed
during convergence to the final state. As can be observed, most of
the earlier observations hold for this system also. As much as 50%
controls have been curtailed by algorithm AG2 with only 1.8MW
increase in power losses above the SQP results. Similarly, perfor-
mance of AG1 is also satisfactory. Computational effort required
for the SLP, SQP, AG1 and AG2 algorithms is approximately 70,
156, 50 and 75 seconds(CPU time) respectively.

TABLE-IIIL: Results for 319 bus system

INITIAL | SLP Alg. | SQP Alg. | AGl | AG2

STATE
Py 252.91 227.02 231.08 237.23 | 232.84
APL% - -10.35 -8.2 6.2 | -7.93
Coinpen 5 245.44 271.54 | 167.85 | 199.86
N, 136 33 14 40 25
S 7.605 0.719 0.212 0.934 | 0.525
Ly 0.950 .994 1,000 0.985 | 0.993
Oy 0.058 0.032 0.029 0.033 | 0.031

CONCLUSIONS

Algorithms were proposed to minimize the number of control
actions as well as controller movements, in order to realize real-
time objectives in voltage/reactive power control. These algo-
rithms represent systematic procedures to improve the state of the
power system considering at the same time practical constraints
such as feasible and most effective controller movements. The
cost of reduction/curtailment of controller movements is the sub-
optimality of the solution. With growing system sizes, it is im-
possible for the operator to identify the most effective subset of
controls which result in maximum gains while meeting real world
constraints. We feel these algorithms represent a significant ad-
vancement towards reducing operator dependency in OPF, which
is essential for real-time applications. The algorithms are based
on sound mathematical and numerical techniques; they are robust,

fast and easy to implement. A single parameter decides-trade offs
between movement of controls, number of controls and gains in
security as well as loss reduction.

LIST OF SYMBOLS

n - size of the power system network.

S$*® - maximum permissible MVA for the [_th line.

P}, - active power flow in the I_th line in either of two directions
at k_th iteration.

Q% o, - Teactive power flow in the I_th line in either of two direc-
tions at k_th iteration.

v; - voltage at bus i.-

h - violating MVAR line flows and generator QQ-constraint equa-
tions vector.

v§ - vector of load bus voltages at k_th iteration.

vie?" _ desired voltage vector for vector vy, at k_th iteration.
hée" _ desired vector for vector k at k_th iteration.

Q: - net reactive power injection at bus i.

P, - active power loss of the system.

P, - slack bus active power injection.

Comp - total Q-compensation.

g - load flow equations vector.

g* - power loss derivative at k_th iteration.

N, - number of violated PQ-node voltages.

#t, - mean voltage of the system nodes.

o, - standard deviation of voltages for the system.

Sy - sum of absolute voltage infeasibilities.

S% - voltage sensitivity matrix at k_th iteration.

Sf - sensitivity matrix for constraints k at k_th iteration.

S - senstivity matrix for state vector z.

% - reactive power control vector.

I . ll2 - Euclidean norm of a vector.

|l . lIF - Frobenius norm of a vector.

A? - pseudo-inverse of matrix A.

0; - i_ th singular value of a matrix.

ustep - restriction vector for the controller movements (u).

nc - dimension of vector u.

w.r.t - with respect to.

r.h.s - right hand side.

Superscript o denotes the initial point & k the iteration count.
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APPENDIX-A

REDUCED MODEL FORMULATION
As the active power injection variables except the slack bus power
injection are fixed in RPO, AP, = AP,;. On linearization of the

power flow equations around the power flow solution, we obtain
[2]jAz + [Z]Au=10

Az = ~[Z]1[&]Au
Az = [S;]Au (A1)
APy = (2T Az + [2E)T Ay
APy = | [Qﬂ‘] [S.] + (2] |Au
Similarly, Ak = —Aa: + 5o gh S2lAu
Ah = [8"5 + a’”]Au (A2)

Reduced gradients can be computed from the above expressions.
APPENDIX-B

LOSS ESTIMATION FOR AG1

Using second order a,pproximation for Pp(u), we have at the k_th
iteration

AP} = [%’11 At + 180 (5
Since Auf = S¥* bk, we have
AP} = [_J._]T gkt B+ 1bAT[Sk+]T[3’P ][Sk"’]bk

The above equation gives an estimate of the change in losses along
Au* given b*. However, evaluation of the estimate as above is in-
accurate as well as expensive. Therefore, line search is used in the
proposed algorithm.

LOSS ESTIMATION FOR AG2

At the k_th iteration, the search direction is given by As* =
DS Q” b¥, where D* is a diagonal matrix (df) w1t11 d¥ = 1if g
and s¥ have opposite signs and d* =0if gF and s¥ have same sign.
With quadratlr approximation of the loss funct)on and the search
direction computed as above, we have the estimate

APF = [Q’J_]T DESH bE 4 1ka[SM]TDkT[Ef_I‘;L]Dk[SH]bk

The expression is similar to the one given for AG1, and the qual-
itative remarks for AG1 hold for AG2 also.

]Au

APPENDIX-C

SLP ALGORITHM
At the k_th iteration of the SLP algorithm the following linear
programming p10b1em is solved.
min APE = [@*‘]TAu sub]ect to
ma:r(—us'tep W™t — u¥) < AuF < min(ustep, u™® — u*)
‘Tmin - Ik < A.r < prmeT _ ltk
pmin __ pk < Ahk < pmoT Lk .
Expressions for Az and Au have been computed in (A1) and (A2).
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SQP ALGORITHM
At the k_th iteration of the SQP algorithm the following quadratic
programming problem is solved.

min [224]7Au + LA [HY)[AY]

Umm — uk < Auk S umeT _ uk

Zmin _ .‘l?k < AIk < gmer zk

hmin — hlr < Ahk < pmes hk
The matrix H* is a positive definite quasi newton Hessian approx-
imation to the Hessian of the augmented lagrangian function at
the k_th iteration. The implementation utilizes EO4VCF routine
from the NAG library, which differs from the standard SQP algo-
rithm of [9] in the following way. Firstly, at each iteration, strict
feasibility is maintained for power flow constraints. Secondly, only
inequality constraints exist in the reduced formulation solved by
SQP method. Finally, the convergence of the algorithm is super-
linear. For further discussions refer to [9,10].

APPENDIX-D

Lemma: The second norm of the control action {|| Au ||z) ob-
tained from best approximate solution of (2) decreases with the
increase in control parameter ¢.

Proof: Let S* :Q( o ) pT

Then, the corresponding best approximate solution for the control
action (Auyp) is given by Auy = Sk b%. By property-3 of Theorem
2 and the invariance property of second norm of a vector under
linear transformation by an orthogonal matrix, we have

Tk 2
law =5 (25) ©

where Q@ = [g1, 42, ..., ¢m].

Similarly, the second norm of the control action (Awu,/) obtained
by using rank deficient approximation of the sensitivity matrix
(¢/ > 0 such that r < n) is given by

, ()2
| aug =5 (52) @

From (3) and (4), || Auy |l2<|| Auo |- Similarly, for any two
positive values of ¢/, a and 8 (a < ), we have

I Aug [lo<[| Aua |2

S. A. Soman received B.E degree in Electrical Engineering from
the Regional Engineering College, Bhopal in 1989, M.E in Elec-
trical Engineering from Indian Institute of Science, Bangalore in
1992. Currently he is working towards the Ph.D in Electircal En-
gineering department, IISc, Bangalore.

K. Parthasarathy (SM ’89) received the B.Sc degree from Mysore
University in 1956, the D.1.1.Sc, M.E and Ph.D in Electrical Engi-
neering from Indian Institute of Science, Bangalore in 1959, 1961
and 1967 respectively. He is currently professor at Indian Insti-
tute of Science, Bangalore. His research interests include computer
aided protection, parallel processing, reactive power optimization
and real-time control of power systems.

D. Thukaram(M ’90) received the B.E degree in Electrical En-
gineering from Osmania University, Hyderabad in 1874, M.Tech
in Integrated Power Systems from Nagpur University in 1976 and
Ph.D from Indian Institute of Science,Bangalore in 1986. Since
1976, he has been with 1ISc, where he is currently Assistant Pro-
fessor in the department of Electrical Engineering. His research
interests include computer aided power system analysis,reactive
power optimization, parallel processing and expert system appli-
cations to power systems.



