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Abstract--Proper location and adjustment of power system
stabilizers (PSSs) is of great concern to achieve effective
enhancement of overall power system damping performance.
Thus, the problem of optimal location and coordinated tuning of
PSSs (OLCTP) requires the fulfillment of several specifications
to ensure system operation with adequate security margins for
different operating conditions. This paper presents a
comprehensive approach to tackle the OLCTP based on a
combination of probabilistic eigenanalysis (PE) and the mean-
variance mapping optimization (MVMO). PE is employed to
assess the probabilistic attributes of the system eigenstructure
associated to the statistics of nodal injections. Next, a combined
technique of principal component analysis and fuzzy c-means
clustering is applied to select a reduced subset of relevant
scenarios to be considered in the formulation of the OLCTP. The
number of PSSs, as well as the set of parameters that ensure
robustness for operating condition change, are determined
through MVMO. Numerical results demonstrate the effectiveness
of the proposed approach. In addition, an adaptive controller
coordination scheme, which can be used online, is suggested.

Index Terms--Small-signal stability, power system stabilizer,
probabilistic eigenanalysis, heuristic optimization.

[. INTRODUCTION

ITH the changing ways that power systems are being

operated in the power industry deregulated
environment, poorly damped low-frequency
electromechanical oscillations may restrict the maximum
power transfer limits, which also entails adverse implications
for system security and economics [1]. From power system
operation perspective, much work has been directed towards
the development of methods for improving system small-
signal stability performance through operational strategies
such as generation rescheduling methods [2] and coordination
of transmission path transfers [3]. Other innovative methods
suggest optimal power flow computation including small-
signal stability constraints [4] and computational intelligence
based optimal adjustment of power flow and bus voltage
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features [5].

Also, considerable effort has gone into the research area of
supplementary damping controllers. The power system
stabilizer (PSS) has been proposed as supplementary
excitation controller to damp out troublesome oscillations,
thereby enhancing the overall system stability while extending
the transfer capability limits. Hence, PSSs have proved to be a
simple, effective, and economic control option and therefore
extensively used by utilities [6].

Mathematically, the unified solution to the PSS location
and robust tuning problems can be quite complex in multi-
machine power systems with changing operating conditions.
On one side, the PSS location problem has been a subject of
intensive research over the last two decades. Many approaches
and indexes based on participation factors, residues, damping
torque, sensitivity coefficients and singular value
decomposition have been reported for identifying suitable PSS
locations [7], [8]. Relationships between some of these
approaches have been discussed in [9] and a comparative
study is presented in [10]. Notwithstanding, they are based on
a deterministic framework. Several studies extent the
conventional sensitivity coefficient analysis to the
probabilistic context in order to determine probabilistic
sensitivity indexes for selecting PSS locations [11]. However,
these studies are based on analytical probabilistic approaches
which may provide misleading estimates of eigenvalue
statistics due to extensive underlying assumptions. This
disadvantage becomes more evident when considering large-
size power systems with a high number of uncertain input
variables [12].

Likewise, there is a myriad of methods that have been
devised for PSS tuning. The first methods were based on the
synthetic single machine - infinite bus bar scheme [13].
However, due to the inherent limitations of this type of
approach, the resultant PSSs were not always effective in
multimachine systems with widely varying operating
conditions. Therefore, some proposals for multimachine
models based on fuzzy-logic systems [14], artificial neural
networks [15], Hee robust control [16], and meta-heuristics
[17], to name a few, have been reported, aiming to robust PSS
designs. Recent efforts have also been made to attempt a
unified solution for both problems of optimal PSSs’ location
and parameter definition [18]-[20]. In this connection, this



paper proposes a comprehensive approach to tackle the
problem of simultanecous determination of optimal locations
and coordinated tuning of PSSs (OLCTP). Firstly,
probabilistic eigenanalysis (PE) is employed to assess the
probabilistic attributes of the system eigenstructure associated
to the statistics of nodal injections. Next, a combined
technique of principal component analysis (PCA) and fuzzy c-
means clustering (FCM) is applied to select a reduced subset
of relevant scenarios to be considered in the formulation of the
OLCTP, which is solved by mean-variance mapping
optimization (MVMO). The results obtained using the IEEE
New England test system highlight the viewpoint and
effectiveness of the proposed approach. Since MVMO falls
into the category of the so-called population-based stochastic
optimization techniques, its performance is compared with
that of a standard particle swarm optimization (PSO).
Furthermore, an intelligent scheme for adaptive controller
coordination is outlined.

The remaining part of the paper is organized into the
following sections: Section II gives an overview of the
proposed approach, discussing the main issues associated with
PE and MVMO. In Section III, a test case is developed and
evaluated. Finally, conclusions and outlook for future work
are drawn in Section IV.

II. PROPOSED APPROACH

The framework of the proposed approach is sketched
schematically in Fig. 1. It starts with the definition of the
models required for power system steady-state and dynamic
analysis (i.e. actual system model), the probabilistic models
(i.e. probabilistic distribution functions -PDFs) of input
system variables and the requirements imposed on the system
by the small-signal stability constraint in order to guarantee
secure operation. Next, PE is performed to assess the
probabilistic properties of the system eigenstructure (i.e.
eigenvalues, eigenvectors and participation factors) with
respect to changing operating conditions (e.g. random
variation of nodal injections). In the subsequent stage, a
combined technique of PCA and FCM is employed to exploit
the insights gained from PE in order to select a subset of
relevant scenarios which are accounted in the formulation of
the OLCTP. Finally, optimal PSSs’ location and parameters
are determined through MVMO.

A. Probabilistic eigenanalysis

The flowchart of the PE method is illustrated in Fig. 2 [21].
It resembles a Monte Carlo (MC) type repetitive simulation,
which requires previous definition of the probabilistic models
of system input variables (i.e. probability distribution
functions - PDFs). The MC-based PE procedure starts with a
sampling strategy to draw random samples of input variables
in consistency with their PDFs. Next, based on a settled
utility’s operating policy to balance power (e.g. least-cost or
merit-order economic dispatch), a set of generation variables
corresponding to each set of sampled nodal demands is
obtained (i.e. all components of the nodal injection vector are

obtained). Each trial nodal injection vector defines an
operating state that is determined by power flow calculation.
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Fig. 2. Monte Carlo-based probabilistic eigenanalysis

Viable operating states (which fulfil steady-state voltage
limits, thermal overloading of transmission elements, and
maintain the generation units operating within their limits) as
well as operating states characterized by overloading of
transmission network elements and low voltage profiles are
then selected. Next, for each selected operating state, the
system small-signal stability is evaluated via linearization-
based eigenanalysis [22]. Here, critical oscillatory modes
(OMs), their associated frequency, damping ratio ¢, right and
left eigenvectors as well as participation factors are calculated.
An eigenvalue tracking procedure based on modal parameters
is also applied at this stage to ensure proper storage of modal
analysis information and to ensure proper statistical evaluation
of computed critical mode parameters. Besides, sequential
estimation of statistical relative error is applied in order to
ensure a high degree of confidence of the eigenvalue statistics.
Thereafter, based on the resultant statistics, the mean,
variance, skewness and kurtosis parameters as well as
histograms and boxplots can be used to describe the
variability of the system -eigenstructure. Besides, the



probabilistic indexes Ry, and DEpgs are calculated to assess
the instability risk due to negatively damped or lowly damped
OMs and to provide suggestive PSS location. Based on a
defined { threshold (e.g. {p > 5%), the Ry, index is calculated
accounting the cumulative PDF associated to each critical
mode ( as follows

OMQ-Neg = P(Ci < O)
Ripst = OMC-Poor = P(O <G < 5%) i=1,--, MC

OMC-Damp = P(Ci 2 5%)

where OM.y,, indicates the probability of instability due to
negatively damped OM, OMcpo, indicates the probability
associated to poorly damped OM, and OM¢.p,n, indicates the
probability associated to well damped OM. Mc is the number
of critical modes, and P(.) denotes cumulative probability.

Considering different critical modes separately, and
through the analysis of the histograms of the participation
factors, the DEpgs index is computed for each mode according
to:
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DEpggi = max
PSSi k=1-NG
where the suffix i denotes the i-th mode, Ng is the number of
generators, E|pfa,| is the mean of the participation factor (pf)
associated with the generator speed deviation states (Aw).

B. Selection of scenarios

The several random scenarios defined by MC cannot be
jointly used in the formulation of the OLCTP due to the huge
complexity of the optimization process, which, indeed, would
entail a tremendous computational burden. Hence, a reduced
number of scenarios must be chosen. These scenarios have to
effectively represent all the possible operating states embraced
by the probabilistic simulation. Thus, a combined technique of
PCA and FCM is applied to properly select the reduced subset
of relevant scenarios to be considered in the formulation of the
OLCTP, which constitute the input of the MVMO algorithm.

The n operating scenarios generated by MC simulation (i.e.
observations) are represented by multivariate vectors of p
features, which include active and reactive power nodal
injections, as well as the frequency and damping of the poorly
damped OMs. The feature vector set constitutes a (n X p)
multivariate data matrix (X).

Performing multivariate analysis to the data matrix allows
technically determining clusters of possible operating states,
whose centroid features can be considered as representative of
all possible scenarios. Firstly, univariate normalization is
carried out to the data matrix for avoiding the influence of
different measurement units of original variables. This
normalization converts the original variables in other new
ones with zero mean and unit variance.

Then, PCA is applied to the normalized data matrix in
order to reduce the dimensionality of the data, maintaining as
much as possible of the variation presented in them. This is
achieved by transforming the data to a new set of variables,
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the principal components (PCs), which are uncorrelated and
ordered so that the first few components keep most of the
variation present in the original variables [23]. The sum of the
PC cigenvalues (A is equivalent to the total variance of the
data matrix, and each PC eigenvalue offers a measure of the
corresponding explained variability (EV;). So, the number of
the chosen PCs depends on the desired explained variability,
which is specified as more than 90% in this paper (3).
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Next, FCM is applied to the first PC scores in order to
determine the clusters of the operating states. Finally, the
feature vectors that have the minimum Euclidean distance to
the cluster centroids are chosen as the representative
scenarios.
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C. Optimal location and coordinated tuning of PSSs

A PSS is generally viewed as an additional block of a
generator excitation control. The block diagram of a typical
PSS is shown in Fig. 3. Typically, the PSS uses a stabilizing
feedback signal such as, for instance, generator shaft speed
(0shart), to modulate the reference of the automatic voltage
regulator [22]. The PSS input signal is first passed through a
high-pass filter (commonly termed washout filter) which
prevents input’s steady state changes from modifying the field
voltage. The phase compensation blocks provide the
appropriate phase-lead characteristic to compensate for the
phase lag between the exciter input and the generator
electrical torque. The stabilizer gain block determines the
amount of damping introduced by the PSS [6].

From the washout function perspective, the value of the
associated time constant Ty, is not critical, since it should be
considered small enough such that stabilizing signals at the
frequencies of interest will be relatively unaffected. Thus, Ty
is considered known beforehand (e.g. Ty = 10s) [22], [24].
Therefore, a reasonable overall damping performance during
the system upsets (i.e. maximising the damping ratios while
avoiding destabilizing interactions between PSSs) is related to
the appropriate determination of the number, location and
remaining parameters of the PSSs (i.e. gain Kpgg and time
constants T, to Tj).
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Vsmin

Fig. 3. Typical PSS structure

C.1. OLCTP problem statement

To tackle the aggregate problem of deciding on the location
and tuning of the PSSs while minimizing the number of
controllers and achieving a satisfactory overall system
damping performance for all OMs and for all the relevant
scenarios determined in the previous stage, an optimization



problem can be defined as follows [25]:

nc nm ng
min OF(x) = Y>> (1-p, ) Kosg, )
k=1 i=l j=I
subject to
Xj—min < Xj < Xj—max (%)
§i24, (©)
A7 < A, ™

where x is the solution to the problem, that is, the set of
control variables (gain Kpss, and time constants T, to Ty) to be
determined for each PSS to be installed. Kpgg; is the PSS gain
of the j-th generator, p;; is the normalized speed participation
factor of the j-th generator in the i-th OM, nc is the number of
selected scenarios, nm is the number of OMs, and ng is the
number of generators.

The objective function, as defined in (4), constitutes a
weighted sum of the PSSs’ gains. The weighting coefficients
are defined in terms of normalized participation factors of
generator speed deviation states (pj;), which can be seen as the
mode sensitivity to the installation of an ideal PSS using speed
input [25]. Thus, for instance, if only the j-th generator has
influence on the i-th mode, then p;; = 1, which implies a null
weighting coefficient and also means that the PSS gain of that
generator can take any value between its limits. By contrast,
if pj = 0 or p;j = -1, it is because the j-th generator has no
influence or has dampening effect over the i-th mode, which
entails a non-zero weighting coefficient, meaning that the PSS
gain of that generator will be minimized. Note that those
where the gain of the PSS has a non-zero values are the ones
to be selected for PSS location.

The constraint (5) imposes minimum and maximum limits
to the gains and the time constants in the lead-lag blocks of
the PSSs, whereas, according to constraint (6), the damping
ratio of the OMs is to be set above the minimum acceptable
threshold (e.g. &y, > 5%), which ensures that these modes have
sufficient damping and considerable stability margin.
According to constraint (7), frequency excursions of the OMs
should be limited within a narrow range in order to ensure that
the system transient stability margins will not be adversely
affected [6].

The determination of the solution to this optimization
problem is handled, in this paper, through MVMO, which was
originally proposed in [26] and shares certain similarities to
other heuristic approaches, but possesses a special mapping
function. In power system optimization, MVMO has been
successfully applied to solve the optimal reactive power
dispatch problem [27]. In [28], numerical comparisons
between MVMO and some basic and enhanced evolutionary
algorithms show that MVMO exhibits a better performance,
especially in terms of convergence speed.

C.2. Mean-variance mapping optimization

The MVMO operates on a single solution rather than a set

of solutions like in many evolutionary algorithms. The internal
searching space of all variables in MVMO is restricted in
[0,1]. Hence, the real min/max boundaries of variables have to
be normalized to 0 and 1. During the iteration it is not possible
that any component of the solution vector will violate the
corresponding boundaries. To achieve this goal, a special
mapping function is developed. The inputs of this function are
mean and variance of the best solutions that MVMO has
discovered so far. The elegant property of MVMO is the
ability to search around the local best-so-far solution with a
small chance of being trapped into one of the local optimums.
This feature is contributed to the strategy for handling the
zero-variance [26]. The procedure of MVMO for solving the
OLCTP problem with D variables is summarized in Fig. 4.

Step 1: Read power system data and set MVMO parameters.

Step 2: Initialization: Initialize an initial vector x in [0,1]
based on the uniform random distribution.

Step 3:  Fitness evaluation: De-normalize x, run the power
flow and evaluate the fitness function.

Step 4: Termination: Check the termination criteria. If yes,
terminate MVMO. Else, continue to step 5.

Step 5: Solution archive: Store x, fitness value, objective
value and feasibility to the archive if x is better than
any of existing solutions.

Step 6: Based on the archived solutions, compute mean X,
and variance v; for each dimension i.

Step 7:  Parent assignment: Assign the best archived solution
Xpest as the parent.

Step 8: Variable selection: Select m < D dimensions of x.

Step 9: Mutation: Apply the mapping function to the
selected m dimensions.

Step 10:  Crossover: Set the remaining D-m dimensions of x to
the values of Xpeg

Step 11:  Go to step 3.

Fig. 4. MVMO implementation procedure for OLCTP

III. TEST RESULTS

Numerical experiments were performed on a Hewlett
Packard Pavilion dv3 personal computer with an Intel®
Core™ 2 central processing unit (CPU), 2.2 GHz processing
speed, and 4GB RAM. The simulation environments
MATLAB®, MATPOWER® [29], and DigSILENT Power
Factory© were used to accomplish the implementation aspects
and to test the proposed approach. The implicit restarted
Arnoldi method is used for fast eigenvalue computation. The
approach is tested using the IEEE New England 39 bus test
system [30], whose single line diagram is depicted in Fig. 5.
All generators are represented by sub-transient model and
equipped with excitation systems as well as thermal turbine
governor systems. Changes have been made in the system to
account for different operating conditions characterized by
considering multivariate normal PDF representing nodal
demand uncertainties around highly loaded conditions.
Besides, mean values of the coefficients defining piecewise
quadratic cost functions of generating units were considered.



A. Probabilistic study and selection of scenarios

Initially, no PSSs were considered in order to study the
system damping performance without the addition of
supplementary damping controllers. Overall CPU time for PE
with 11,734 trials is 3.78 h. A set of nine critical modes was
registered in all analyzed operating states and the statistics of
their frequencies and damping ratios are summarized in Table
I. The lowest frequency mode 1 is an inter-area mode in which
generator 1 (which is modeled as a single large generator
representing an aggregated equivalent of the New York
system) oscillates against the rest of the system generators.
The higher frequency OMs are intra-area and local modes.
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Fig. 5. IEEE New England 39 Bus test system

TABLEI
STATISTICS OF CRITICAL OMS
Freq. (Hz) Damping (%)
Mode | Generator | Mean Std Mean Std

1 All 0.6165 0.0056 6.3350 0.2163
2 G2 0.9080 0.0133 3.5522 0.1339
3 G3 1.0578 0.0199 4.8024 0.1996
4 G4 to G8 1.3776 0.0137 4.0521 0.1503
5 G5,G6 1.1688 0.0039 3.8369 0.0223
6 G4 to G7 1.4061 0.0065 37717 0.0546
7 G8 1.2719 0.0076 5.7319 0.4801
8 G9 0.9842 0.0130 4.3695 0.1554
9 G10 1.7986 0.0075 6.7686 0.1379

It is considered that the system has sufficient damping
when the critical modes have { = 5% for all operating
conditions. Hence, according to the values for the three
possibilities of Ry, index summarized in Table II, there is a
high small-signal instability risk associated with the
occurrence of poorly damped oscillations. This is reasonable
since the different rates of random increase in demand
generated from the PDF around highly loaded conditions
result in higher power flows over most of the long lines in the
system, which would indeed deteriorate the system damping
performance.

Based on PE results, relevant scenarios are established. Fig.
6 shows the spatial distribution of the three main PC scores
and the clustering formation. In the figure, the three-
dimensional PC scores are grouped into three different
clusters using FCM algorithm. The red circles highlight the
centroid locations, which can be considered as the three most

representative scenarios among the whole number that was
analyzed across MC-based PE by similarity judgment
according to the statistical properties of their attributive
features (i.e. system loading conditions and modal properties).

TABLE II
Rinst INDEX
Mode OMﬁ-Ngg OMC-Poor OMC-DamL
1 0.00 0.01 0.99
2 0.00 1.00 0.00
3 0.00 0.77 0.23
4 0.00 1.00 0.00
5 0.00 1.00 0.00
6 0.00 1.00 0.00
7 0.00 0.02 0.98
8 0.00 1.00 0.00
9 0.00 0.00 1.00

PC3

PC2

Fig. 6. Main PC scores and clustering formation

The DEpss index is computed for all critical modes
according to equation (2) and the most suitable suggested PSS
locations are summarized in Table III. From this perspective,
most generators should be required to add a PSS, which could
be not effective for operating condition change, as evidenced,
for instance, in the boxplot of the speed deviation participation
factor of mode 4 shown in Fig. 7. In the figure, the central
mark of each box denotes the median, the edges of the box
represent the 25% and 75% of the total data, the whiskers
extend to the most extreme data points not considered as
outliers (i.e. data with large deviation ranges from the mean
value), and the blue triangles show the outliers plotted
individually. Note that, from a purely maximum mean speed
participation factor viewpoint, using the participation factor as
an indicator for PSS location, G4 would be the most suitable
option for increasing the damping of mode 4. Nevertheless,
the statistical analysis demonstrates that G4 participation
factor has the highest variability, showing greatest amount of
outliers. Thus, the decision of PSS location using only the
mean speed participation factor could not always provide an
effective contribution to overall system damping performance.
Therefore, in order to obtain a more confident decision, it is
necessary to perform a coordinated optimization considering
both the most relevant scenarios that properly represent
probable operating conditions as well as the variability of the
participation factors. Such an optimization problem was
formulated in equations (4) to (7). The optimization results are



presented in the following subsection.

B. Optimization results

In addition to the scenarios selected in the previous
subsection, the PSS parameters were adjusted considering
typical limits, that is Kpsg = [0, 50], T; = T3z= [0.2 2], T|/T, =
T3/T4 = [1 30]. Therefore, the OLCTP search space has 45
dimensions. The population size of the PSO is set to 15. The
convergence of the OF averaged from 10 independent trials of
both MVMO and standard PSO [31] is shown in Fig 8. Note
that, MVMO outperforms outstandingly the standard PSO in
terms of both convergence speed and the minimum reached.
This observation matches with one of the conclusions
established in [28], since after the first 3,000 function
evaluations, the MVMO is able to locate the optimal area in
the search space. Moreover, it can continue exploring that area
for any better solution without being trapped in one of local
optimums.

TABLE III
DEpgs INDEX
Mode | Generator | Mean speed PF
1 G6 0.48
2 G2 1.00
3 G3 1.00
4 G4 0.90
5 G5 1.00
6 G7 0.90
7 G8 1.00
8 G9 1.00
9 G10 1.00
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Besides, to fairly compare the quality of the final results
obtained with both optimization techniques, the PSO was run
for 16,500 function evaluations performed in 13.23 h whereas
MVMO was run 5000 function evaluations that required 5.48
h. The OLCTP results, in terms of PSS location and gains,
given by each method, are summarized in Table IV. Both
techniques yield comparable gains but there are some
differences in terms of PSS locations related to generators 4
and 8, which may be due to the variability of their speed
participation factors which could be assimilated differently in
the reproduction process (i.e. creation of new offspring) of
both algorithms.

Based on one of the worst case among the representative
scenarios, linearization-based eigenanalysis was performed to
illustrate the small-signal performance of the system after
adding PSSs according to both optimization results. Fig. 9
shows the frequency and damping ratio of each critical mode.
It can be seen that satisfactory damping ratios can be achieved
with both OLCTP results, but, by contrast, the mode
frequency deviations are smaller for the MVMO case. Note
also that the least-damped mode is obtained when the PSO
results are used whereas most modes exhibit comparable
damping ratios when using the MVMO. Time domain
simulation was also performed here to further assess the
quality of the obtained results. For this purpose, a three-phase
fault was applied in bus 16 at 1.1 s with a duration of 50 ms.
Fig. 10 presents the oscillograms corresponding to the active
power flow of transmission line 9 — 39, showing comparable
oscillatory shapes for both PSO and MVMO algorithms.

TABLE IV
PSS LOCATION AND GAINS
PSO MVMO
Generato
r Mean Mean
G2 0.948 3.131
G3 4.864 0415
G4 Not used 0.214
G5 0.494 0.520
G6 0.311 0.449
G7 0.964 0.349
G8 1.627 Not used
G9 0.311 0.511
G10 Not used Not used
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Fig. 9. Time domain simulation



C. Adaptive intelligent damping control

PE of the system was further performed in order to
ascertain whether the system is small-signal secure throughout
wide-ranging operating conditions. The values for the Ry
index are presented in Table V, comparing the instability risk
that arises when considering OLCTP results obtained with
both MVMO and PSO. It can be seen that, although installing
PSS according to MVMO perspective reduces considerably
the instability risk, some operating states may still exhibit
poorly OMs. On the other hand, the instability risk would be
considerably higher for the PSO case. These results may be
related to the PSSs’ gains obtained either through MVMO or
PSO, since the objective function pursues the smallest
weighted sum of the PSSs’ gains. Thus, future research work
is being directed towards redefinition of the objective function
as well as consideration of additional remote input signals.
The results may also be attributed to the fact that, the solutions
obtained with a reduced subset of relevant scenarios tend to be
conservative due to the assumption that the solutions obtained
for particular operating states can be satisfactory when the
analysis extends to many different operating states. This
aspect could be overcome by individually solving the OLCTP
for several sets of representative scenarios in order to structure
table based controller coordination.
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Fig. 10. Time domain simulation
TABLEV
COMPARISON OF Rynst INDEX AFTER PSS COORDINATED TUNING
OLCTP Ry, /Mode| 1 |2 |3 |4 |56 |7 |8 |9
OMC-Ngg 0.00/0.00{0.00{0.00|0.00{0.00]|0.00{0.00{0.00
MVMO OMC-Poor 0.00/0.26{0.05|0.4110.38{0.17]0.00{0.09{0.00
OMC-Damp 1.00{0.7410.95(0.59|0.62(0.83{1.00|0.91{1.00
OMC-Ngg 0.00/0.00{0.00{0.00|0.00{0.00]0.00{0.00{0.00
PSO OMC-Poor 0.00/0.49(0.08|0.58|0.45{0.33]0.00{0.22{0.00
OMC-Damp 1.00{0.51/0.92{0.42|0.55(0.67{1.00]0.78{1.00

For on-line applications, the proposed approach could be
combined with knowledge-based pattern recognition
techniques to structure the function of an adaptive intelligent
damping control coordinator, whose implementation
procedure can be summarized as shown in Fig. 11. The input
features are a set of real-time monitored system signals
describing the actual operating state. PCA is then applied for
input dimensionality reduction. The information obtained oft-
line from PE and OLCTP serves as a system knowledge base

which can be used for two key purposes, namely: i) to train an
intelligent classifier (e.g. Support Vector Machine Classifier)
that enables determining the security status of the actual
operating state, and ii) to synthesize the relationships between
varying sets of representative system states and optimal
parameters (i.e. non-linear mapping from the space of actual
system state to the space of coordinated control parameters).

Input features

Reduced inputs

Intelligent classifier

I<_

Actual situation

Table based
controller coordination

< : Optimal parameter set | 2>

PSS,

Fig. 11. Adaptive controller coordination scheme

IV. CONCLUSIONS

In this paper, a comprehensive approach for solving the
OLCTP using a combination of PE, PCA, FCM and the
MVMO is presented. The main premise was to ensure an
effective improvement of the overall system dynamic
performance by determining the location and tuning of the
PSSs while minimizing the number of controllers. Numerical
results highlight the importance of solving the OLCTP
considering both the most relevant scenarios that properly
represent probable operating conditions as well as the
variability of the system eigenstructure. The adoption of the
MVMO to deal with the optimization task has further
confirmed its outstanding performance both in terms of
convergence and the minimum reached. This property is of
great value, since the OLCTP is complex and requires high
computational effort. The computation time of the proposed
approach can be further greatly reduced through parallel
computation. The proposed approach could be also tested with
other existing alternative OLCTP formulations. PE revealed
that the instability risk may not be fully eliminated under
wide-ranging operating conditions by considering a unique
solution of OLCTP. Hence, an adaptive controller
coordination scheme has been suggested to solve the task of
real-time adaptation of system uncertainties in order to
achieve robust damping control objectives.
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