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Abstract - The paper presents a Jacobian smoothing non- Since several operational limits are considered in the
linear complementarity method for solving large nonlinear problem formulation (bounds on voltage magnitudes, on
optimal power flow (OPF) problems. By using (smooth or transformers tap ratios, on reactive power outputs of gen-
non-smooth) nonlinear complementarity (NC) functions we erators, on shunt reactive power compensations, and on
reformulate the OPF problem as a (smooth or non-smooth) line flows), a solution to this problem is not a collapse

nonlinear system of equations, which, in turn, can be solved point. Instead, it is the maximum loading the system can
by well-known methods. The Jacobian smoothing method sustain while satisfying the operational limits specified.
computes the search directions from linear systems that are Notice that we consider constant power changes only, and

formed with the right-hand side from a non-smooth reformu- the load increase holds the load power factor. Notice also
lation and the smooth matrix from a smooth reformulation. that a single parameteris used in all the buses indicated
We test the computational efficiency of the proposed OPF al- for load increase.

gorithm on test systems of up to 2098 buses. For minimum load shedding computati¢, o) = o

and the active and reactive power balance equations, for
Keywords - Optimal Power Flow, Jacobian Smooth-  the buses indicated for load shedding, are expressed as
ing, Nonlinear Complementarity Method.
Pi(V,0,t) — PE + (1 - o)PF =0,

1 INTRODUCTION Qi(V,0,t) = QF + (1 - 0)Qf = 0.

I \HE paper presents a Jacobian smoothing nonlinear The base condition here is a system that cannot satisfy the

. complementarity method for solving large nonlinear o ational limits without shedding some load, or even
optimal power flow (OPF) problems. Besides the classical the extreme condition of an insolvable power flow. See

active loss minimization problem, two other OPF variants 1 5 3] for further concerns on these OPF formulations.
are _so_lve(_j: maximization Qf the system Ioa<_ja_b_|l|ty, and For compactness of the presentation, we will consider
minimization of load sheddn_"ng to restore.fea3|blll|ty of the the o variable hereafter as the last entry of therector.
system operation. The nonlinear OPF will be written as If 2, is a local minimizer to (1), then there exist vectors

Minimize f(z,0) of Lagrange multipliers, say\., 7., v, ), that satisfy the
Karush-Kuhn-Tucker (KKT) optimality conditions [4]:

(3)

subjectto  g(x,0) =0, (1)
h < h(z,0) <h, —g(z) =0, @)
wherez is ann-vector of decision variables (voltage mag- s+z—h+h=0, ©)
nitudes and anglesV, 9), transformers tap ratios, shunt h(z)+2z—h =0, (6)

susceptancess", etc); o is the system loading factorf

T T, _
is a scalar function that represents the system operation V(@) = Jg(@) A+ Jn(2) v =0, @
optimization goal;g is anm-vector function with power St=0,5>0,7>0, (8)
balance equations and other hard constraints;/aisla Z0=0,2>0,0>0, (9

p-vector of functional and simple bound variables, with
lower boundh and upper bound:, that correspond to  wheres andz are slack vectors that transform the inequal-
physical and operating limits on the system. ities in (1) into the equalities (5) and (6§ and Z are
For maximum loadability computatiofi(z, o) = —o diagonal matrices witlh;; = s; andZ;; = z;; Vf is the
and the active and reactive power balance equations, for gradient off; J, is the Jacobian of; J; is the Jacobian
the buses indicated for load increase, are expressed as  0f h; andv = v + 7.
As explained in [4], the major difficulty in solving (4)
Pi(V,0,t) — PY + (14 0)P} =0, @ to (9) is mainly related to the complementarity conditions
Q:i(V,0,t) — QY + (1+0)QF =0, (8) and (9). A “root-finding Newton's method” applied to
(4) to (9) cannot automatically assure z, 7, 0) > 0, and
whereP; andQ; are net power injectiong;” andQ{’ are the numerical solution af = 0 andZ% = 0 is intricate.

power generations, ang” andQF are power loads, allat  For instance, the Newton equation fgrr; = 0 is
the busi. Theo variable represents the loading factor that
simulates load changes that drive the system to collapse. s¥Am, +mEAs; = —strk. (10)
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If avariable is zero, say;® = 0, then the Newton equation
becomess* Aw; = 0, leading to a zero updatéyr; = 0.
Consequentlyz* will remain zero all the time once it
becomes zero, which is fatal because the algorithm will
never be able to recover from such a situation.

A class of primal-dual interior-point (IP) methods,
based on the logarithmic barrier function approach, avoid
these numerical difficulties by considering the perturbed
KKT equations

—g(x) =0, (11)

s+z—h+h=0, (12)

h(z) +2z—h=0, (13)

Vi) — Jy(@)" A+ Jn(z)Tv =0, (14)
ST = pge, (15)

Z0 = uge, (16)

wherepu, > 0 is a barrier parameter that is forced to go
to 0 ask — oo, ande = (1,1,...,1)T is a vector of ones
of appropriate dimension. Primal-dual IP methods do not
require that (11) to (14) be satisfied at every iterate, but
they require thats, z, 7, U) > 0 be verified at every point.

A new nonlinear complementarity (NC) approach has
recently been proposed [4] to efficiently handle the com-
plementarity conditions (8) and (9). Unlike primal-dual IP

methods, the NC approach does not require that the stric

positivity conditions(s, z, 7, v) > 0 be verified at every
single point of the iterative process. It has been derived
from recently developed techniques for solving linear and
nonlinearcomplementarity problenis, 6, 7, 8, 9].

The most attractive feature of the NC approach is
that it reformulates the optimality conditions (4) to (9)
as a nonlinear system of equations, thus allowing for
a Newton-type method to be used. The non-negativity
conditions(s, z,7,U) > 0 are automatically satisfied at
the limit point, without imposing additional conditions
during the iterative process. The equation-reformulation
is obtained by handling each complementarity condition
through a function) : IR? — IR that holds the property

P(a,b) =0 <= ab=0,a>0,b>0. (17)
Notice, for instance, that the complementarity condition
s;m =0, §>0, mm >0, (18)

seen in (8), is equivalent to the nonlinear equation
1/}(82‘,71'2‘) =0. (19)
Any function that holds the property (17), such as

P(a,b) = Va2 + b2 —(a+0), (20)
¥(a,b) = %Hfin{a,b}, (21)

¢mm):%«wf+wﬁmpﬂ}+HEQpr, 22)

is said to be a NC-function. The function in (20) was first
introduced by Fischer [5] in 1992, and has attracted a lot
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of attention from researchers. Notice, on one hand, that
this function is differentiable everywhere but in the origin.
On the other hand, its simple smooth approximation

Yula,b) = Va T4 20— (a+b),  (23)

proposed by Kanzow [7], is differentiable everywhere for
anyp > 0. The zeros of (23) are characterized by

Yula,b) =0, (24)

and when we forcg to go to zero the property (24) closely
approximates the property (17).

In this paper, we introduce a Jacobian smoothing non-
linear complementarity algorithm for solving (1), derived
from smooth and non-smooth equation-reformulations of
the KKT conditions. Section 2 presents the equation-
reformulations and introduces the Jacobian smoothing NC
algorithm. Section 3 details the implemented algorithms,
and Section 4 shows the numerical results obtained as the
algorithms are applied to the OPF problems described in
Section 1. Some conclusions in Section 5 close the paper.

< ab=pu, a>pu, b>yu,

2 THE OPF NONLINEAR EQUATIONS
REFORMULATION

By exploiting the property (17), it is readily seen the
equivalence between the complementarity conditions (8)

and (9) and nonlinear equations systems, in the form

St=0, s>0, #>0, (25)
Zv=0, 2>0, v >0, (26)

It is then obvious that the KKT conditions (4) to (9) can
be reformulated as the nonlinear equations system

— Y(s,m) =0,
— Y(z,0)=0.

—9(x)
s+z—h+h
_ h(z)+z—h _
Fly) = Vi) = Jg(z)"A+ Jp(z)Tv | 0 (@)
P(s, )
¥(z,0)

wherey = (z, s, z,m,v,\)T is the vector of all variables.
The advantage of the reformulation (27) is that, unlike the
KKT conditions (4) to (9), it can be solved iteratively by
well-known methods [10]. The conditiofs, z, 7, U) > 0

are automatically assured by the NC-function at the limit
point of the iterative process.

As it is well known that with a poor initial estimate
Newton’s method may diverge, we sol¥gy) = 0 by a
Newton-type method with step size control to improve the
convergence. The basic step of the solution algorithm is:
Given a solution estimatg,, solve the linear system

Jr(yr)Ay = —F(yx) (28)

for the correction term\y, and compute a new solution
estimate from

(29)

The matrix Jr(yx) is the Jacobian of(y) evaluated at
Yk, and the scalary, € (0,1] is the step size parameter
that enhances the convergence.

Ye+1 = Yk + Ay,
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2.1 Nonsmooth Nonlinear Complementarity Algorithm  the search directions, the Jacobian smoothing method try

If the NC-function used in (27) is non-smooth, like to solve in each iteration the mixed Newton equation

the Fischer-Burmeister function in (20), théf(y) also Tr, (ye)di = —F(yp). (34)

is non-smooth and we cannot apply the classical Newton

method in order to solv&'(y) = 0. On the other hand, we  Notice that the linear system (34) is a mixture between
can apply a non-smooth Newton method based, for exam- the non-smooth Newton equation (28) and the smoothing

ple, on Clarke’s [11] generalized JacobiaR(y) of F(y). Newton equation (33). It uses the unperturbed right-hand
In such a case, the non-smooth Newton method solves atside from (28),—F'(yy), but the smooth matrix from (33),
each iteration the generalized Newton equation JF, (yr). This is one of the major differences between this
algorithm and the one presented in [4, 14].
Viedr, = —F(yx) (30) Kanzow and Pieper comment in [13] that despite the
fact the Jacobian smoothing methods are often viewed as
for the search directiod,,, whereVy, € 0F (yx). A new a variation of smoothing methods, they seem to be much
solution estimate is computed from closer to non-smooth Newton methods than to smoothing
methods since they do not try to follow any smoothing
Ykt+1 = Yk + agdg. (31) path. Instead, they also try to solve the unperturbed prob-

_ ) lem (27) directly by replacing the matri¥, € 9F (yx)
We refer the interested reader to [12] for further details on (30) by a suitable approximatiofy, (s ).

non-smooth Newton methods.
2.2 Smooth Nonlinear Complementarity Algorithm 3 THE IMPLEMENTED OPF ALGORITHM

An alternate way to deal with the non-smoothness of The main steps of the Jacobian smoothing algorithm
¥(a,b), and hence of’(y), is to replace this function by  are as follows:
a smooth approximation, as the one proposed by Kanzow . _ . :
in [7]—the functiony,(a,b) in (23). The paper [9] by Step O: Set_k (; g chozse;;o i )0 and a starting point
Burke and Xu initiated much of the recent research in the Yo = 180, %0, 70, Yo, Z0, A0)- _
area of smoothing methods for solving complementarity Step 1: Form the mixed Newton equation at the paint
problems. A list of related works is presented in [13]. T (g )i = —F ()

Ifin order to reformulate the KKT conditions as a non- Fu\Uk )0k = Yk )>
!inear equations system we use .the smooth function in (23) and solve for the search directidp.
instead of the non-smooth one in (20), then we obtain the

smooth equations system Step 2: Perform a line search along), to obtain the step

ag, and compute a new solution estimate from

—9(2) Ykt1 = Yk + apdy.
s+z—h+h
h(z)+2z—h . isfi iteri
F.(y) = =0. (32) Step 3: If y,41 satisfies the convergence criteria, then
! Vf(x) = Jg(z)" A+ Jn(x) v STOP. If not, then set — k + 1, compute the
Du(s,m) parametef, < px_1, and return téStep 1
Yu(z,0)

If the search directiod,, that is computed in Step 1 is
By forcing the smoothing parametgrto go to zero the not a “good” descent direction, according to the test
equations system (32) closely approximates the equations
system (27). The advantage of the smooth reformula- £ ()" Jr(ye)di < —plldill”, p >0, p>2, (35)
tion (32), though it is an approximation, as compared
with (27), is that we can apply the standard Newton
method to solve it. In such a case, we have to solve at
each iteration the smoothing Newton equation

then we resort to thsteepest descent directighat is, we
setd, = —Jr(yr)T F(yy) to ensure that the search direc-
tion is “sufficiently” downhill.

3.1 Computing the Step Sizes

Tr, () Ay = —Fu(yr) (33) The step sizev, is obtained through a line search

along the search directiaf).. Such a line search is based
on a merit functionp(y) that measures the progress of the
sequence of iteratdgy,, } toward a solution to (27). In this
paper, we consider the simple natural merit function

for the correction termAy and compute a new solution
estimate from (29). The matriXx, (yx) is the Jacobian of
F,(y) evaluated ay;, and, unlikeJg(yx), is smooth.

2.3 Jacobian Smoothing Nonlinear Complementarity . )
Algorithm o(y) = 3 [IF W)l (36)

The Jacobian smoothing NC algorithm described here ltis clear that the global minimum t(y) (which has zero
is derived from ideas of Kanzow and Pieper presented optimal value) is a solution té'(y) = 0. Hence, given a
in [13], and is the main focus of this paper. To obtain solution estimatg, and a search directiafy,, the stepy
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alongd,, can be obtained as an approximate solution to the
unconstrained minimization problem in one variable

i dy,).
o (yx + ady,)

37)

Nowadays, however, it is customary to perform “inexact”
line searches, as the Armijo-type rule [10]:

e Given the scalars < (0,1] andg3 < (0,1), find the
smallest integem € {0, 1,2, ...} that satisfies the test

Py + B"dr) < (1 —v8™)(yr)- (38)

e Then, letay, = ™.

The “inexactness” of this procedure is typified by a small
value ofy (typically, v = 10~%) and a large value of
(typically, 5 = 0.99).

3.2 Reducing the Smoothing Parameter

In order to reduce the smoothing parametgr first
we compute the measure

pie = Isic llmi] + [z 10, (39)

which “mimics” the residual of the complementarity gap.
If the iterates converge to an optimum, thgm,} — 0.
Thus, we propose to computg; based on an expected
cut of the average complementarity gap, as follows:

g {0.25—]’;, 0.9,%} . (40)

3.3 Testing the Convergence

The iterative process is considered converged if

lg(ze)ll < e
max { max {h — h(zy)}, max {h(zy) —h}} < e
IV f(xr) = Jg(@)" Mo + Jn (@) k]l oo
L+ [lzwllz + [1Akllz + [loell2
max{| min{sy, 7 }|, | min{zx, 0 }| }
1+ [[zell2

€1

< e

Otherwise, either the iterative process is stuck at some
point other than a minimum or it has diverged. Typical
convergence tolerances afe= 10~* ande, = 1075,

4 SOME NUMERICAL RESULTS

In order to assess the computational performance of

the smooth (see Section 2.2) and Jacobian smoothing (see

Section 2.3) NC algorithms, we apply them to solve three
diferent OPF problems: (a) minimum active power loss,
(b) maximum system loadability, and (c) minimum load
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Implementations of the algorithms were developed
both in Matlab and in Fortran 77, but the current version
of the Fortran 77 codes only solve the loss minimization
problem. In order to solve the indefinite linear systems in
Step 1 of the optimization algorithms, we have utilized the
public domain linear system solver UMFPACK of Timo-
thy Davis and lain Duff [16]. All test runs have used the
same initialization heuristic (the one suggested in [15])
and set of parametergy = 0.01, v = 0.0001, 5 = 0.75
ande; = 10~%. The results were produced on a Pentium
Il 500 MHz with 128 MBytes of RAM, running under
Linux. All solution times reported are in seconds. They
include the whole processing time except data input and
solution output.

The tests are carried out on seven power networks that
range in size from 30 to 2098 buses, the largest system
in this set being a modified reduced system derived from
the Brazilian South/Southeast power network. Table 1 dis-
plays, for each power system, the total number of buses,
N, the number ofjeneratorbusesg, the number of load
buseseligible for shunt var control£, the total number
of brancheqtransmission lines and transformers),and
the number oftransformerswith LTC device,7. Also
given are the number of primal variables, the number
of equality constraintsyn, and the number of inequality
constraints with upper and lower boungs, Table 2 dis-
plays the total system active and reactive power loads, and
the transmission losses for the base condition, that is, prior
to the application of any optimization procedure.

Table 1: Sizes of the power systems and of the OPF problem (1)

System| NN G & B T|n m p

1IEEE 30 6 5 41 4 63 48 45
2 IEEE 57 7 5 80 10 123 101 79
3IEEE | 118 54 12 186 D 244 169 193
4|EEE | 300 69 12 411 5D 649 518 431
5MEX | 256 68 23 376 50561 430 387
6 TEST| 555 126 46 787 8pL194 937 812
7 BRAZ|2098 169 426 3283 239434 3600 2932

Table 2: Initial loading (active and reactive) and transmission losses of
the power systems.

System P (MW) @ (MVAr) Pr, (MW)

1 IEEE 283.40 126.20 17.62
2 IEEE 1250.80 336.40 27.99
3 IEEE 3668.00 1438.00 129.89
4 |EEE 23246.87 7787.97 408.43
5 MEX 10395.80 3382.00 210.17
6 TEST | 33642.67 11169.98 617.78
7BRAZ | 19570.60 10746.51 1173.60

4.1 Active Loss Minimization

Tables 3 and 4 display the results obtained with the

shedding. The constraints include power balance equa- Fortran 77 codes to solve the active loss minimization
tions, limits on voltage magnitudes, on transformers tap problem. They show the number of iterations (iter), the
ratios, on generators reactive power outputs, and on shunttotal number of merit function evaluationg-gval), the

var sources. The results obtained with the NC algo- number of full/damped Newton steps taken (f/ d), and the
rithms are compared with those obtained with the standard CPU times (time) in seconds. Also given are the num-
primal-dual and the predictor-corrector IP algorithms [15]. ber of iterations and CPU times for the standard primal-
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dual IP method (Table 3) and for the successful predictor- Itis important to mention that all algorithms have con-
corrector IP method (Table 4). The NC algorithms have verged to the same solution. The computational effort per
used the same initialization used by the IP algorithms. We iteration in the IP and NC algorithms is essentially the
can see from these tables that, as far as the CPU timessame, as long as the NC algorithms do not perform too
are concerned, the best performance overall has been thatmany merit functions evaluations. This is, in turn, related
of the Jacobian smoothing NC algorithm (Section 2.3), to the “quality” of the search direction,. It should be
which was able to optimize all test systems in 28.29 sec- pointed out here that the conditional test (35), for assess-
onds. However, its performance has been quite close to ing the “quality” of the search directions, was not used
that of the smoothing NC algorithm (Section 2.2), interms to obtain the results presented in this paper. Then, it is

of both number of iterations9¢ x 92) and CPU times
(28.29 x 29.30).

Table 3: The smooth NC algorithm (Section 2.2) and the standard
primal-dual IP algorithm applied to loss minimization

The entryas =~ 0 in the last column of Table 3 shows
that the standard primal-dual IP algorithm (PD-IP) has
failed to optimize the power system with 2098 buses. The
reason for this failure is that poorly centered iterates (there
are indexes andj such thats;7; < s;7;) cause the step
length ay, to be very close to zero at iteration 5. Then,
the primal-dual IP algorithm cannot progress any further
toward a solution point. Poorly centered iterates usually
happen in problems with strongly active limits, as occur
in heavily loaded systems and systems with bottlenecks in
its transmission network.

The predictor-corrector IP algorithm (PC-IP) was very
successful in optimizing all systems, as shown in the last
two columns of Table 4. Although the predictor-corrector
IP algorithm required less iterations to optimize the whole
set of systems, both NC algorithms were more efficient
to solve the largest problem. Surprisingly, the Jacobian
smoothing NC algorithm solved the 2098 bus system in
12 iterations and 14.47 seconds, in contrast to 23 iterations
and 25.54 seconds of the predictor-corrector IP algorithm.
However, this superior performance of the NC algorithms

reasonable to expect to cut down the CPU times of the
NC codes by implementing more elaborate merit functions

and schemes for ensuring “good” descent directions, such
as a Levenberg-Marquardt type scheme [10].

Test S-NC PD-IP Table 4 shows that the NC algorithm has performed
System | iters ¢-eval f/d  time|iters time a total of 232 merit function evaluations for a total of 30
1IEEE 8 6 5/3 0.46| 10 0.58 damped iterations out of 94. This gives an average of 7to 8
2 IEEE 10 25 7/3 0.70 13 0.87 merit function evaluations per damped iteration. However,
3 IEEE 12 19 7/5 1.1 15 1.34 such an average is not very meaningful, because we have
4 |IEEE 13 21 10/3 233 17 2.78 observed from extensive simulations that some damped
SMEXI| 19 72 8/11 28§ 16 2.23 iterations performs very little merit function evaluations,

6 TEST| 16 16 11/5 490 19 5.6 while others perform the allowed maximum number of
7BRAS| 14 48 8/6 16.89 a5=~0 trial steps per iterationnf in the conditional test (38)),
Total 92 207 56/36 29.30 which is set to 15. In other words, the NC algorithms,

in the current version of the code, has used non-descent
search directions in some iterations.

4.2 Maximum Loadability

Tables 5 and 6 show the results obtained with the
Matlab code for computing the maximum loadability of
a power system. The results shown below consider load
increases at the PQ buses only. However, the code also
allows the specification of any subset of buses or even a
single bus for load increase. Recall from Section 1 that
only constant power loads are modeled. Table 5 shows
the loading parameter, the total system power loads
at the critical point, and the corresponding active losses.
The largest load increase, of 74.10%, has been observed
with the IEEE 118-buses system, and the smallest one,
of 2.34%, with the IEEE 300-buses system. This small
increase in the loading of the IEEE 300 buses-system is
no surprise since we set, on purpose, very tight operat-
ing limits for this system, and specified a small number
of load buses for shunt reactive power compensation. As
expected, power losses are very high at the critical point.

has not been observed in other test runs, and this special

case should not be taken as conclusive.

Table 5: Maximum loading (active and reactive) and transmission losses
at the critical point

Table 4: The Jacobian smoothing NC algorithm (Section 2.3) and the System o P (MW) Q (MVAr) P, (MW)
pr_T_((iai;E[or-corrector P algorj]tgn:l,\?;()_:plied to loss minimi;aéi:(irfp 11EEE | 05916 364.75 16436 L 31.80
System | iters ¢-eval f/d time|iters time 2|EEE | 04412 1439.98 396.58 53.33
11EEE 7 3 6/1 039 7 037 3IEEE | 0.7410 4729.88 1827.03 282.17
2 |EEE 9 9 72 059 8 057 4 |EEE | 0.0234 23621.88 7912.29 459.88
3IEEE | 11 23 83 107 8 0.79
4 |IEEE 19 58 12/7 341 10 1.72 Table 6 shows the number of iterations for the Jacobian
5MEXI| 18 36 14/4 271 10 1.60 smoothing NC algorithm (JS-NC), and for the standard
6 TEST| 18 51 11/7 563 12 3.70 primal-dual (PD-IP) and the predictor-corrector (PC-I1P)
7BRAS| 12 52 6/6 14.47 23 2554 interior-point algorithms. On one hand, as far as the num-
Total 94 232 64/30 28.29 78 34.29 ber of iterations are concerned, the best performance has
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been that of the predictor-corrector IP algorithm. On the indicated in Tables 5 and 7. Notice that the less loaded
other hand, the standard primal-dual IP method failed to system, IEEE 118-buses system, allows a load increase
optimize all the systems; poorly centered iterations make of only 74.10%. It should be pointed out here that the
the step sizes close to zero around the 4th iteration. The load increase of 90% has been applied to all system buses,
Jacobian smoothing NC algorithm was able to optimize while the load shedding is allowed only at the PQ buses.
all the systems. Table 6 also shows the number of active This explains why the algorithms were unable to solve the

limits on voltage magnituded/(), tap ratios {), reactive
power outputs of generator®), and shunt reactive power
compensationsb{). Notice the high number of active

Table 6: Number of iterations and active limits: Maximum Loadability

IEEE 300-buses system. lIts solution space is empty, that
is, it is impossible to obtain a feasible operating point for

this system if we increase by 90% the loads of all buses
limits at the critical point, as expected. For instance, the and allow load shedding only at the PQ buses. Table 10
IEEE 300-buses system has 102 active voltage limits out shows the number of iterations and active limits.
of 300, and 45 reactive power limits out of 69.

Table 9: Minimum load shedding (active and reactive) and transmission

losses at the critical point.

Problem System| o P (MW) @ (MVAr) Pr (MW)
System| JS-NC PD-IP PC-IB V t Q b 11EEE|0.6764 361.74 156.88 31.36
1IEEE| 12  Failed 10 4 1 6 4 2 |EEE| 1.1685 1424.46 336.31 53.17
2 IEEE 15 Failed 12 17 2 5 5 3IEEE | 0.8157 4748.25 1918.52 300.29
3 IEEE 18 Failed 14 43 7 32 11 4 |[EEE - - - -

4 |IEEE 22 Failed 17 |102 6 45 4
Table 10: Number of iterations and active limits: Minimum Load Shed-
Table 7 shows the maximum loading of the systems ding Problem

as the voltage limits at the PQ buses are increased by 5%, System| JS-NC PC-IP[ V¢t Q b

and generators reactive power output limits by 10%, since 1IEEE| 14 10 | 6 0 5 4

they had been set very tight. By comparing ¢heolumns 2IEEE | 11 15 |16 4 5 3

of Tables 7 and 6, we can see the increase in the loading | 3/EEE | 15 16 |42 3 37 11

of the systems. For instance, the loadability of the IEEE 4 |[EEE | Failed Failed| - - - -

300-buses system has increased from 2.34% to 3.06%.
This quite small loadability should not be interpreted as
the system being close to a collapse point, but being close
to violate the specified operating limits. As expected, the
higher is the loading the higher are the power losses. The
Table 8 shows the number of iterations and active limits
at the critical point. As the system loading has increased
the number of active limits has increased as well. For in-
stance, the number of active voltage limits has increased
from 102 to 143, that is, to almost half the buses.

Table 7: Maximum loading (active and reactive) and transmission losses

Tables 11 and 12 show the results obtained when the
voltage limits at the PQ buses are increased by 5%, and the
reactive power of the generators are increased by 10%. As
expected, the amount of load shedded has decreased with
the increase in some of the constraints limits. With the
above mentioned increase in voltage and reactive power

" limits, and a load increase of 20% only in the IEEE 300-

buses system, it was possible to obtain a feasible operating
point for this system.

Table 11: Minimum load shedding (active and reactive) and transmis-
sion losses at the critical point.

at the critical point, with extented limits
System| o P(MW) Q(MVA) Py (MW) ?I/étég] 6.6062 Pg\g\(gvt))gQ(MYé\sr)49PL (M\:g\zll)w
é:EEE 8'2232 1%2‘22 ﬁi'g :;3;2‘; 2 |EEE| 1.0853 149228  357.89 65.42

: : : 5 3IEEE | 0.7623 4893.82  1971.85  327.67
3IEEE | 0.8525 4889.69 188558  323.45 FIEEE | 02151 2378652 707321 493k
41EEE | 0.0306 23738.03  7950.80  493.04 : ' : :

. . . . . Table 12: Number of iterations and active limits: Minimum Load Shed-

TabLe| 8: Nyjtrr?kéitre%f(;g;rﬁtr:q()i?ss and active limits: Maximum Loadability ding Problem
TSystem JSNG PDIP PG V1 O System| JSNC PC-IP[ V. ¢ @ b
1IEEE| 13 Falled 12 | 14 1 5 4 1lEEE) 11 111100 5 4
2IEEE| 15 Falled 11| 18 10 7 5 2|EEE | 18 13 27 6 4 3
3IEEE| 20 Failed 15| 47 3 32 11 SIEEE | 22 15 | 38 4 3 12
AEEE| 14 Failed 15 |143 10 36 5 4IEEE| 25 16 |147 9 3 7
4.3 Minimum Load Shedding 5 CONCLUSIONS

Table 9 shows the results obtained with the Matlab

The paper has described in great detail a Jacobian
code to solve the minimum load shedding problem. In smoothing nonlinear complementarity method for solving
order to obtain the test problems, rather than simulating nonlinear optimal power flows. The distinctive feature of
contingencies that lead the systems to collapse, we havethe NC approach is that it reformulates optimization prob-
increased their loads in all buses by 90%. This increase lems as nonlinear equations systems, which can then be
of 90% has been chosen based on the maximum loadingssolved by well-known methods. The Jacobian smoothing
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NC algorithm has been applied with considerable success [7] C. Kanzow, “Some noninterior continuation meth-
to three OPF problems: active loss minimization, maxi-
mum system loadability and minimum load shedding. Its

performance, in terms of robustness and CPU times, has
been comparable with that of the successful and widely
used predictor-corrector IP technique. We believe that
further research is worthwhile along the lines presented

in this work, both from the theoretical and experimental
point of view. In particular, the implementation of proce-
dures that ensure good descent search directions, in order

to reduce the number of merit functions evaluations and,

more importantly, ensure convergence of the algorithm.
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