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Development of Rule-Based Classifiers for
Rapid Stability Assessment of Wide-Area

Post-Disturbance Records
I. Kamwa, Fellow, IEEE, S. R. Samantaray, and Geza Joos, Fellow, IEEE

Abstract—The paper proposes a systematic scheme for building
compact and transparent fuzzy rule-based classifiers for rapid sta-
bility assessment; the classifiers are initialized by large accurate de-
cision trees (DTs). The approach starts by selecting strategic mon-
itoring buses where phasor measurement units (PMUs) are placed
to capture wide-area response signals in real-time operation. These
measurements are processed in the time and frequency domains for
extracting selected decision features such as the peak spectral den-
sity of the angle, frequency and their dot product evaluated over
the grid areas. These so-called wide-area severity indices (WASI)
are reliable time-varying stability indicators that form the basis of
an effective classification system. Large-size DTs are used to gen-
erate initial accurate classification boundaries for decision making
as early as 1 s or 2 s after fault clearing. From the DT classifi-
cation boundaries, fuzzy membership functions (MFs) are devel-
oped and the corresponding fuzzy rule base is formulated parsi-
moniously by eliminating redundant MFs and rules using a simi-
larity measure. The resulting fuzzy-rule classifiers are successfully
tested for system-wise and area-wise contingencies based on a large
database of detailed simulations of the Hydro-Québec grid and are
further confirmed on actual measurements recorded with existing
wide-area measurements (WAMS).

Index Terms—Decision tree, dynamic security assessment
(DSA), early termination, fuzzy rule base, phasor measurement
unit, stability assessment, wide-area measurement systems,
wide-area severity indices.
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Total inertia of the grid.

Inertia of the th area.

COI Center of inertia.

COI of the system.

Area pilot angle in COI
frame.
Frequency in COI frame.
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Dot product of the frequency
and the angle.
PMU in th area.

PostFltAngle System-wide maximum
COI angle deviation from
steady-state to fault-clearing
time.

PostFltAngle Area-wide maximum
COI angle deviation from
steady-state to fault-clearing
time, for area .
Misclassification error rate
of the tree .
Optimal decision tree.

Entropy of the prediction
model.

TDEF Fault duration.

System-wise minimum
voltage over the time span
of s or s after
fault-clearing.
Area-wise minimum voltage
over the time span
s or s following
fault-clearing, considering
only the buses in area .
Area-wise minimum voltage
over the time span of

s or s after
fault-clearing, considering
only the buses in the faulted
area.
System-wise frequency-
domain severity index
defined over the time span
of s or s after
fault-clearing.
Area-wide frequency-
domain severity index for
area , defined over the time
span of s or s
after fault-clearing.

FastWASITsR Area-wise frequency-
domain severity index for
the faulted area, defined over
the time span of s or

s after fault-clearing.
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Filtered area-wise minimum
voltage.
Filtered system-wise
minimum voltage.
Duration of simulation up
to normal end or loss of
synchronism, whichever
occurs first.

I. INTRODUCTION

S TABILITY problems may not happen frequently but, when
they do, their impact can be enormous. In fact, for many

utilities throughout the world, it can be safely stated that dy-
namic stability becomes the most significant risk facing the net-
work operator during cascade events and extreme contingen-
cies. At present, power system defense plans against these rare
contingencies are based on event detection [1] using breaker
status and fault signals from relays in combination; basically
because the more appealing response-based approach [2] is not
yet fast enough to allow for effective remedial actions. How-
ever, with the recent advances in wide-area measurement, fast-
response-based stability assessment of extreme contingencies
now seems to have better prospects. This new approach, which
ranks the contingency severity/stability using dynamic informa-
tion measured online, is potentially more general and robust
than event-detection schemes alone, which rely heavily on of-
fline simulations of system conditions intentionally set to be
more conservative than those prevailing at the present time. The
lack of transmission system expansion means that, in any case,
current defense plans will reach their limit at a time when it
may be appropriate to supplement them with more refined and
context-sensitive wide-area response-based remedial actions or
special protection systems.

Recently, the present authors proposed a comprehensive time-
frequency-based approach for contingency severity ranking and
rapid stability assessment [3]. The aim was to assist in the clas-
sical offline simulations-based DSA task [4]–[12] by correctly
classifying all single or multiple contingencies that may result
in a loss of stability in the first 20 s following fault-clearing.
The method starts similarly to [3] by selecting a number of
strategic monitoring buses where the phasor measurement units
are located in such positions as to capture representative wide-
area voltage magnitudes and angles during real-time operation
[13], [14]. The short-time fast Fourier transform (STFFT) [15],
[16] is then applied to the responses for extracting selected de-
cision features as the post-disturbance time frame evolves. It
is shown that the sliding frequency-domain features such as
the peak spectral density of the angle, the frequency and their
dot product evaluated over the grid areas and referred to the
system center-of-inertia are reliable time-varying stability indi-
cators that can form the basis of an entirely reliable classification
system.

Following a well established trend [2], [12], this classifica-
tion problem can be cast in a decision-tree framework. However,
most high-accuracy decision trees are opaque, i.e., they contain
a large number of deep terminal nodes, and it is not possible for
a human to follow and understand the logic behind their pre-
diction. For some domains, such as stability control and power
system protection, this is unacceptable since models need to be
understandable. To achieve this, accuracy is often sacrificed by

using simpler but transparent models, resulting in what is called
accuracy versus comprehensibility trade-off.

With this trade-off in mind, it was shown in [3] that a set
of five fuzzy rules constructed heuristically on the basis of
four frequency-domain features with a 2-s response time could
quite effectively classify about 1000 contingencies on both a
test and an actual system. However, building such a heuristic,
engineer-driven compact set of rules is very time-consuming.
No strict guidelines are available for selecting the key fea-
tures and defining the membership function parameters of the
fuzzy-logic-based model, whose validation therefore involves
an iterative, error-prone “testing and correction” process.

This paper aims at closing this gap by developing a more sys-
tematic approach for developing the fuzzy-logic classifier while
at the same time halving the response time of the early solution
without affecting the classification performance. Initially, a
minimal set of relatively independent time- and frequency-do-
main attributes are selected by inspecting the corresponding
dendograms [28] or correlation trees. The open-source DT
software known as Rattle [28] is then used to generate the
classification boundaries associated with the selected features,
based on a massive database of stability simulations. From
the DT boundaries, fuzzy MFs are developed and the corre-
sponding fuzzy-rule base is formulated parsimoniously for a
final transparent classification with a predefined response time
of 1 s or 2 s, depending on the input features. The developed
fuzzy-rule base has been successfully tested for classifying both
system-wise and area-wise NERC-compliant contingencies,
using 55 196 cases (76% stable) from system operations studies
on the Hydro-Québec network. The simulation results of the
proposed DT-initialized fuzzy-rule base is also compared with
a heuristically derived fuzzy-rule base and is found to result in
a far better trade-off between reliability and security of early
instability prediction.

II. SYSTEM STUDIED AND WIDE-AREA MEASUREMENTS

To illustrate our monitoring approach, we will consider a
783-bus system representing the Hydro-Québec grid model used
for operations planning. Since it has been extensively described
in previous publications [17], we will omit details. It suffices to
mention that, for the purpose of the present study, winter and
summer operation planning models are used with about 1000
load flow patterns generated by the transfer limit [30] search
and critical clearing time [8], [18] search processes based on 32
carefully chosen 735-kV contingencies. Some variants of these
models include wide-area stabilizers currently under develop-
ment at Hydro-Quebec [14].

Dynamic-performance monitoring of the grid during distur-
bances is based on observations taken by phasor measurement
units at suitably located buses. Fig. 1 illustrates the bus loca-
tions for the networks under study. Following [3], the first step
of the PMU placement is to divide the network into a number of
electrically coherent areas associated with weak inter-tie lines or
systematically identified stability boundaries. For example, ap-
plying fuzzy clustering techniques to a large number of response
signals to small and large disturbances, it was possible to iden-
tify about nine areas in the Hydro-Québec network which are in-
terlinked by a number of 315- and 735-kV lines. It is important
to recognize that these inter-tie lines are the primary “cut-sets”
of the system, defining the finite number of possible ways to
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Fig. 1. Monitoring of the 783-bus Hydro-Québec system with intra-area and
inter-tie PMUs distributed over nine electrically coherent areas. Inertia (H)/gen-
eration (MW) data are typical values for illustrative purposes.

split the system into unconnected islands with embedded gener-
ation. The next step consists in selecting an optimum PMU set
allocated for monitoring using a sequential addition algorithm
to expand their number, while maximizing the amount of infor-
mation added by each new PMU [13]. At some point during this
sequential addition, the incremental amount of information, as
measured using an entropy-based criterion, becomes very small
and the process stops, giving a minimum number of PMUs that
allows good coverage of the dynamic response data in the data-
base. During the simulation of a given contingency in the sta-
bility program, only those buses with a PMU will be monitored.
However, the method is designed such that, in real time, sim-
ulation will be smoothly replaced by actual measurements, as-
suming the same PMU configuration.

III. WIDE-AREA SEVERITY INDICES

A. COI-Referred Response Signals

The severity indices are defined with respect to Fig. 1 by asso-
ciating with each area of the power grid an equivalent inertia rep-
resenting the total inertia of the generation located in that area.
Assuming that each area is coherent following a disturbance, it
is reasonable to assimilate its behavior to that of a single large
machine with the same inertia and generation. Although this
assumption is not perfect, it offers a straightforward means of
deriving the center of inertia (COI), which is very useful infor-
mation for tracking the stability of interconnected areas. In real
time, a defense plan or an SPS [17], [19], [20] could readily de-
rive these inertia constants through low-speed communication
with the control center state-estimator, which holds the actual
load and generation dispatch.

Before defining the COI quantities, we first need to intro-
duce the area pilot angle concept. For area , equipped with
PMUs, the area angle is the average angle through all mea-
surements

(1)

Then, assuming a total of areas in the network ( in the
present case), we can define the COI of the system as follows:

(2)

where is the total inertia of the grid and is the th area
inertia, as given in Fig. 1. From here on, the area pilot angle and
frequency expressed in the COI frame are given by

(3)

Another useful quantity for contingency severity assessment
is the dot product of the frequency and angle [9]

(4)

where is the speed deviation in the COI frame and
is the area pilot-angle deviation from its post-fault value

immediately at the clearing instant.

B. Time-Domain Features

1) Voltage Criteria: In determining the level of system stress
induced by a contingency, the most obvious criterion is the tran-
sient stability after a single or multiple swings of the generator
angles. In our case, the system is deemed unstable if there is a
loss of synchronism between any of the areas monitored earlier
in the prescribed observational time-frame, i.e., the angle shift
exceeds 180 . When an early discovery of impeding instability
is sought, this criterion is useless because it offers little preemp-
tion time.

By contrast, as known for a long time by system planners,
transient-voltage characteristics can offer a very reliable early
indication of the system strength following a contingency. Plan-
ning standards generally encapsulate this knowledge through a
voltage-time characteristic in the following form:

where

(5)

defines a sliding window during which the voltage should not
remain below the threshold for more than s. For short time
windows, the criterion is more permissive while for longer time
periods, the threshold voltage is higher. At the limit, and
the specification reaches the state-state minimal voltage, which
is set around 0.95 pu for high-voltage transmission systems.
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Fig. 2. Computation of frequency-domain-based WASI �� � �� � � � � ��.

In voltage-sensitive areas, Hydro-Québec has defined process
planning criteria such as

and

in the stability assessment for fast and slow voltage transients,
respectively. Alternatively, other meaningful severity indices
can be derived by replacing the sliding window in the above
equation with custom-made low-pass or averaging filters having
the same response time . These optional voltage-related fea-
tures are later referred to as ,
with s.

2) COI Angle Difference: The COI angle deviation with re-
spect to the pre-fault value is computed for each area and the
maximum value of these differences is found to be a good mea-
sure of the topological stress induced by the contingency. These
features can be expressed as:

(6)

at the th area level and

(7)

at the system level, with

the sign of the area post-fault angle showing the largest absolute
magnitude.

C. Frequency-Domain Features

One key result reported in [3], [16], and [30] is that the excess
kinetic energy accumulated by the th area equivalent machine
over a period of time is proportional to the spectral density of

, which justifies using the latter as an indirect measurement
of the contingency severity. More generally, this approach can
be extended to other relevant signals, such as the angle and dot
product. Fig. 2 shows a block diagram for computing frequency-
domain severity indices.

At the entry, we have the dot product for each area.
The second processing step then computes the spectral density

of the input signal with a prescribed decimation factor ,

Fig. 3. Frequency responses of the first eight channels of the filter bank used
in WASI assessment. Sampling rate: �� � 	
 Hz and � � �.

i.e., based on an N-point FFT, a spectral estimate is provided for
only every input samples.

For each area, the peak of the PSD is taken over the N spectral
lines [area-wise WASI] while the largest value among the

areas is selected as the frequency-domain severity index
[system-wise WASI]. Hence, an STFFT-based severity index
can be computed sample by sample (subtracting the post-fault
value ) when the contingency is triggered by a fault), thus
yielding a time-varying frequency-domain severity index pro-
portional to the excess kinetic energy injected by the contin-
gency in the most disturbed area.

D. Filters for the STFFT

The scale and time behavior of the WASI patterns in Fig. 2
are closely related to the spectral window built into the STFFT
engine [15]. For transient-stability assessment, short window
lengths are the most suitable. We have been using a 16-point
Hamming window whose frequency responses are shown in Fig.
3 for the first eight channels. With the two first bins alone, the
filter bank completely covers the electromechanical frequency
band, providing about a 1 s response time [3], [16].

E. Relationship Between Wide-Area Severity Indices and
Stability Condition

Fig. 4 shows the box-plots of two typical indices: the en-
ergy-based FastWASI(2s), which is basically the system-wide
maximum value of the dot-product PSD, and the voltage-based
Vmin1sR, which is 1 s voltage minimum over the faulted area.
These box-plots are categorized according to the stability condi-
tion of the case, with (stable) and (unstable).

The boxes on the plots define 50% of the sample. The left
limit of the box defines the first quartile of the data, while
the right limit corresponds to the third quartile. Therefore, it
can be concluded that 75% of stable cases verify the relation-
ship , while for 75% unstable cases,

. Clearly, this attribute is able to split
the stability domain into two largely disjointed sets. Similar
reasoning shows that Vmin1sR can split the database into
two stable/unstable sets: contains 75% of
stable cases while includes 75% of unstable
cases. Fig. 5 illustrates the same features using waveforms
from two cases. The first [Fig. 5(a)] is very stable with good
transient voltage profiles and well-damped angle-shifts. This

Authorized licensed use limited to: NATIONAL INSTITUTE OF TECHNOLOGY ROURKELA. Downloaded on January 26, 2009 at 22:30 from IEEE Xplore.  Restrictions apply.



262 IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 24, NO. 1, FEBRUARY 2009

Fig. 4. Example of two key features able to split the databases into two sup-
spaces of stable ��� � ��� and unstable ��� � �� cases. (a) Left: frequency
domain. (b) Right: time domain. Sample count: 55 196 with 76% stable.

is reflected in the basic features as and
. Since , it should be

concluded that the faulted area is also the most voltage-dis-
turbed area across the system.

The second case [Fig. 5(b)] is derived from that in Fig. 5(a)
by increasing the power transfer in the interface studied by 2000
MW. The system remains stable and relatively well-damped but
the transient-voltage profile is unacceptable as they violate the
planning criteria of Vmin1s.

When the stability program runs these two cases, the termi-
nation code is for the first and for the second.

IV. DECISION TREE AND FUZZY-RULE BASE

A. Decision Tree

Decision tree [21]–[23] is the data mining classification algo-
rithm used for high-dimension pattern classification. The math-
ematical representation of the DT algorithm is built on the fol-
lowing definitions:

(8)

where is the number of available observations (cases)

is the number of independent variables (features)
is the -dimensional vector of the categorical (de-

pendent) variable to be predicted from is the th
component vector of dimensional independent variables

are the independent
variables (predictors) of the pattern vector

and tr is the vector transpose notation.
The goal of decision tree data mining is to predict based

on observing . As many decision trees with various accuracy
levels can be constructed from a given [21], finding the op-
timal tree is difficult in practice because of the large size of the
search space. However, powerful algorithms have been devel-
oped [23], [29] to construct decision trees with a reasonable
trade-off between accuracy and complexity. These algorithms

Fig. 5. Examples of two apparently stable cases: (a) Top (reference): very
stable. (b) Bottom (about 2000 MW of additional power transfer in the critical
interface): marginally stable with violation of transient-voltage criteria.

use a strategy that grow a decision tree by making a series of
locally optimum decisions about which feature (system param-
eter) to use for partitioning the data set . The right-sized (or
optimal) decision tree is then constructed according to the
following optimization problem [21]:
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Fig. 6. Simple example of decision tree for classification.

(9)

(10)

where is the misclassification error rate of the tree .
is the optimal DT model that minimizes the misclassifi-

cation error .
is a binary tree .
is the tree index number.
is a node in a tree, with the root node.

is the resubstitution estimate of the misclassification
error of a case in node .

is the probability that any case falls into node .
Any binary decision tree is a collection of nested binary

partitions, denoted here by a quintuple , rep-
resented in the following recursive form [23]:

(11)

where denotes a decision node label for the partition, is the
feature axis, is the threshold value used for the partition, and

and are the node labels for the partition of the left and
right sets, respectively. and denote the subtrees defined
on the left and right sets of a partition. In summary, (10) defines
the decision tree in terms of the pattern lattice created by
partitioning the features plane. The equation states that the lat-
tice can be binary-partitioned on the feature axis into mutu-
ally exclusive left and right sets, as also depicted in Fig. 6. The
left set includes lattice elements with feature values smaller
than the threshold value while the right set includes lattice ele-
ments with feature values exceeding the threshold value.

A common measure of impurity of the predictive model is
the entropy, which is defined for the subset of all possible
states of the prediction model by the following equation [23]:

(12)

The information carried by the prediction model with
subset data models is then the weighted average of the entropies
given by (12). Thus the impurity of the prediction model is
given by

(13)

Assessment of the entropy reduction ascribed to each subset
model provides the importance ranking of independent fea-
tures towards the model total impurity.

B. DT Transformation to Fuzzy Rule Base

DT-based classifiers perform a rectangular partitioning of the
input space while the fuzzy models generate non-axis parallel
decision boundaries. Hence, the main advantage of rule-base
classifiers over crisp DTs is the greater flexibility in the tuning
of decision boundaries. Consequently, fuzzy classifiers can be
more parsimonious, which results in more readable and inter-
pretable rules than DT classifiers. However, the initialization
steps of the identification of the fuzzy model become very sig-
nificant. Common methods such as grid type initial partitioning
[24] and rule generation on extrema initialization [25] result
in complex and non-interpretable initial models. To avoid such
problems, a crisp decision tree, with a high performance and
computational efficiency, is proposed for initial partitioning of
the input domain associated with the proposed fuzzy model.

The DT is transformed to a fuzzy rule base by developing the
fuzzy membership functions [26] from the partition boundary
of the DT. From the DT boundaries, trapezoidal MFs are devel-
oped for each independent variable. For illustration, consider
the DT classification boundaries shown in Fig. 7(a). The asso-
ciated trapezoidal fuzzy MFs [Fig. 7(b) and (c)] are developed
for variables and as follows.

where

(14)

From the fuzzy MFs, a simple rule base can be generated for
classes 1 and 2 as follows:

In fuzzy rule-base models acquired from numerical data,
redundancy may be present in the form of similar fuzzy sets
that represent compatible concepts. This results in an unneces-
sarily complex and less transparent linguistic description of the
system. Using a similarity measure based on the set-theoretic
operations of intersection and union [27], a rule base simpli-
fication method is proposed that reduces the number of fuzzy
sets in the model.
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(a)

(b)

(c)

Fig. 7. (a) Decision boundary of DT between� and� . (b) Fuzzy MF of� .
(c) Fuzzy MF of � .

The similarity measure between the fuzzy sets, based on the
set-theoretic operations of intersection and union, can be ex-
pressed as

(15)

where denotes the cardinality of a set, and the and
operators represent the intersection and union, respectively.
Rewriting this expression in terms of the membership functions
gives

(16)

in a discrete universe , and,
and are the minimum and maximum operators, respectively.
Similar fuzzy sets, i.e., , are merged to create a
common fuzzy set to replace them in the rule base. If the redun-
dancy in the model is high, merging similar fuzzy sets might

result in equal rules that also can be merged, thereby reducing
the number of rules as well.

V. PROPOSED DT-INITIALIZED FUZZY RULE CLASSIFIERS

A. DT and Feature Selection

The decision tree (DT) is used to generate the initial classi-
fication boundaries for the proposed fuzzy-rule base classifiers
of the stability condition. From the nomenclature and given that
the system in Fig. 1 consists of nine areas, the DT can be fed
with the following possible features:

• voltage or WASI criteria over a sliding window of duration
features;

• post-fault angles at area and system levels: 10 features;
• filtered voltage criteria: features.
Given that we may select s or s, the number

of voltage/WASI features is 44, making a total of 64 possible
features. This number is very high and certainly involves many
redundancies. To reduce the set, two so-called “dendograms” of
the features in the pool were plotted, one for all voltages, the
other for all WASI-related features, respectively. The aim was
to find clusters of highly correlated variables and then pick only
one member of the cluster as a candidate input variable. Since
the dendogram associated with a large set of variables is very
busy, the process illustrated in Fig. 8 shows only the final se-
lected results for a 1 s and 2 s response time classification, re-
spectively. The short lines between the features show the tight-
ness of the correlation between the features.

Fig. 8(a) shows that, among all independent inputs, FastW-
ASITsR is best correlated with the decision (OK) at
s. The strong complementarity of voltage and WASI features
is also highlighted by the two clusters being on two well-sep-
arated branches of the dendogram. By contrast, the angle and
WASI-related features are more correlated. Of a special note is
the high correlation between the fault duration and the post-fault
angle in area 8. Fig. 8(b) shows similar results for a decision
making at s. Again, FastWASI2s is the variable most cor-
related with the stability condition OK. Interestingly, the filtered
voltage criteria define a cluster of their own, thus confirming that
they convey additional information not covered as well by cri-
teria based on VminTs.

The 18 features in Fig. 8(a) were used as independent input
variables to the data mining software Rattle to develop a de-
cision tree for 1 s decision response time decision making. At
the core of Rattle is the widely available “rpart” [29] package
which is called with the following settings: convergence error
of , with a minimum bucket before and after a node split
equal to 600 and 300 samples, respectively.

Only 70% of the data was allocated for training, the rest being
reserved for testing. The training took less than 22 s on a 2-GHz
Centrino duo Laptop; Fig. 9(a) illustrates the resulting DT. To
complement this view, Fig. 9(b) ranks the relative importance
of the candidate features that played a role in the classification
process. It was found that the is the most impor-
tant feature based on total entropy reduction. Similarly, for other
features, the importance of candidate features is given in de-
scending order. In the same way as above, the 20 features of Fig.
8(b) were input to Rattle to derive a 2 s response time DT. With
a 70%–30% data split between training and testing, we obtained
the tree shown in Fig. 10(a). Ranking the features according to
their entropy reduction capability produced Fig. 10(b), where
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Fig. 8. Degree of correlation between the candidate features for (a) 1 s and (b)
2 s. Shorter lines indicate more tightly correlated variables. OK is a two-factor
dependent variable.

FastWASI2s turned out to be the most relevant feature in this
case, with Vmin1sR the third.

An attempt was made to improve these results by developing
separate classifiers according to the geographic area where the
fault occurred. This led to four different area-wise DTs as fol-
lows, each for s and s:

1) BJN: faults in the northern James Bay area (areas 5 and 6
in Fig. 1);

2) BJS: faults in the southern James Bay (area 4);
3) CHU: faults in the Churchill Falls area (area 8);
4) MQ: faults in the Manic-Québec area (area 7).

B. Fuzzy Rule Base and Simulation Results

From the boundaries of the system-wise and area-wise clas-
sification, the fuzzy MFs of every feature involved in both the 1
s and 2 s response time DTs are developed as explained in Sec-
tion IV. The corresponding fuzzy rule base is also developed
considering the respective fuzzy MFs. The summary count of
the fuzzy MFs and rules are depicted in Table I where it ap-
pears that some fuzzy MFs are merged according to the simi-
larity measure. The Mamdani Model with Centroid defuzzifi-
cation is used for implementing the developed fuzzy rule base,
as shown in Fig. 11. The rules are given in Tables V and VI
(Appendix) although space considerations prevent us from pro-
viding all the details of the underlying membership functions.

In assessing the performance of the classifiers over the full
data set combining both the training and testing subsets, various
statistical indices are defined as follows [3], [8].

Fig. 9. Sample training results with 70% of the sample reserved for training: 1
s decision time. (a) DT (1 s). (b) Importance of the candidate features.

1) Misdetection: Total number of cases converted to stable
from actually unstable/total cases

2) False Alarm: Total number of cases converted to unstable
from actually stable/total cases

3) Reliability: (Total number of unstable cases—total
number of cases converted to stable cases)/total number
of unstable cases

4) Yield (efficiency): (Total number of stable cases—total
number of cases converted to unstable cases)/total number
of stable cases

5) Accuracy: (Total numbers of cases—number of mis-clas-
sification)/total number of cases

It is important to note from the outset that, in all scenarios
studied, these performance measures were identical for the DT
and the originally developed fuzzy rule base, which was no sur-
prise, as the latter was purposely tuned (as in Section IV) to
match the DT perfectly. Therefore, the DT statistics are not fur-
ther discussed in the sequel.

The characteristics of the complete data set with which the
proposed fuzzy-rule base is tested are summarized in Table II
for both system-wise and area-wise studies. The details of the
classification results for the originally developed fuzzy rule base
are given in Table III. The false alarms and misdetections for a 1
s response-time decision making are 2.22% and 4.47%, respec-
tively. Similarly, for a 2 s decision making, the false alarm and
misdetection rates are 3.00% and 3.38%, respectively. There-
fore, the latter is slightly more reliable than the former. The
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Fig. 10. Sample training results with 70% of the sample reserved for training:
2 s decision time. (a) DT (2s). (b) Importance of the candidate features.

Fig. 11. Fuzzy inference system for classifying the severity of contingencies.

overall classification accuracy for 1 s and 2 s response-time de-
cision-making is 93.25% and 93.61%, respectively.

TABLE I
SUMMARY COUNT OF THE FUZZY MFS AND RULE BASE

TABLE II
SUMMARY COUNT OF THE DATA BASE FOR THE PROPOSED STUDY

TABLE III
RESULTS OF THE PROPOSED FUZZY RULE BASE ORIGINALLY

DEVELOPED TO PERFECTLY MATCH THE DT

As mentioned in Section IV, some redundancy may be present
in the form of similar fuzzy sets, which results in an unneces-
sarily complex and less transparent linguistic description of the
system. Similar fuzzy sets are merged depending upon the sim-
ilarity measure to create a common fuzzy set to replace them
in the rule base, thus reducing the fuzzy MFs and making the
rule base more transparent. In the proposed study, fuzzy MFs
with a similarity measure higher than 0.9 are merged. The fuzzy
classifier results after rule base simplification are depicted in
Table IV the system-wise reliability is seen to be 83.66% and
85.38%, as compared to 80.6% and 85.34% resulting from the
fuzzy rule base before any simplification (Table III), for 1 s and
2 s response-time decision-making, respectively. Thus the relia-
bility improves even after fuzzy-rule base simplification, which
reflects the robustness of the proposed fuzzy rule base. Similar
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TABLE IV
RESULTS OF THE PROPOSED FUZZY-RULE BASE AFTER SIMPLIFICATION

results for the area-wise study are also depicted in Table IV for
1 s and 2 s response-time decision-making.

Results for the area-wise study are also depicted in Table III,
which also includes the yield and reliability of all the proposed
fuzzy classifiers. As expected, the overall accuracy of the area-
wise classifiers is better compared to the system-wise classifiers
in all scenarios but one: the MQ area which, as illustrated in
Fig. 1, connects directly to the major load center of Québec City.
Therefore, most contingencies with a line outage under heavy
load resulted in voltage collapse or in an inadmissible transient
voltage profile. While the latter situation is well covered by the
present severity indices-based method, the former is definitely
not in its scope and should be managed by other complementary
means.

Finally, the proposed method is compared (Table IV) with
two system-wise heuristic fuzzy logic classifiers which were
hand-developed after a lengthy and tedious process, following
the principles outlined in [3]. These empirical classifiers share
the same 15 inputs, selected from the pool of best candidate
features identified in Section IV. They are combined in 16 and
10 rules for 1 s and 2 s response-time decision-making, respec-
tively. From Table IV, it is found that the fuzzy-rule classifiers
developed automatically from the DTs provide a substantially
better yield and overall accuracy than heuristic fuzzy classi-
fiers. Hence, the yield of the proposed automated fuzzy rule
bases exceeds 93% for 1 s and 2 s response times, compared to
51.48% and 64.21%, respectively, with the heuristic fuzzy logic.
The corollary of the degraded yields is higher false-alarm rates,
which rose from 2.68% and 3.04% to 37.31% and 27.52% for
1 s and 2 s decision making, respectively. The sharp increase in
the false-alarm rate adversely impacts the effectiveness of any
contingency filtering based on this method. Likewise, any de-
rived remedial scheme could result in frequent nuisance trips
when the underlying disturbances are marginally stable. How-
ever, a key point is that the reliability of the heuristic method is
close to 100%. This indicator was actually the main driver of the
heuristic fuzzy-classifier design and, naturally, it was achieved

Fig. 12. Hydro-Québec’s ASM-NET configuration from 1991 to now.

by sacrificing the efficiency and, therefore, the overall accu-
racy. This example demonstrates that when reliability is a prime
factor, the automated DT-based solution may need additional
fine-tuning to meet requirements, using for instance, genetic al-
gorithms to optimize the various MFs in (14) [26].

VI. INITIAL TEST RESULTS

As illustrated in Fig. 12, the Hydro-Québec angle-shift
measurement system [14], consists of eight PMUs and a
SCADA linked directly to the EMS and located adjacent to
the Transénergie control center in downtown Montreal. This
represents about 25% of the 735-kV buses in the system. Since
2004, modern Macrodyne PMUs customized to include some
algorithmic features specific to Hydro-Québec have been used
quite successfully. The new Unix-based data concentrator is
responsible for collecting (60-Hz sampling rate) the wide-area
phasors and harmonic data in real time. Processing is then
performed online for time reconciliation and transmission/GPS
error correction before transfer of the results to the appropriate
applications.

Each PMU in Fig. 12 is associated with an electrical area, as
defined in Fig. 1. Unfortunately, two of the nine predefined areas
in Fig. 1 are not equipped with PMU. For simplicity, they are
associated with the geographically closest PMU. The raw PMU
signals are illustrated in Fig. 13(a) while the WASI responses
computed as in Section III, using the inertia information in Fig. 1
are provided in Fig. 13(b).

As discussed in Fig. 4, when the condition (
or ) is met, there is a 75% chance that

the case is stable. The severity measures shown on Fig. 13(b)
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Fig. 13. PMU signal responses following a routine fault at JCA substation. (a)
Top: raw signals. (b) Bottom: classification signals.

demonstrate that with these measures, the present contingency
is very safe from both energy and voltage viewpoints, given that

and . This visual
observation was confirmed by the fuzzy-rule base classifiers,
which set the case as heavily stable for decision making at 1 s
or 2 s after fault-clearing. While the raw data in Fig. 13(a) may
overload even a well-trained human supervisor, an automated
vulnerability assessment system could readily forward this key
information to the system operator just a few seconds after the
event is recorded on the data concentrator. On the other hand, if
the contingency was classified as unstable as early as 1 s after

Fig. 14. Statistics of key variables over the set of misdetected cases.

it was detected, based on the severity information available at
a PMU data concentrator, this might have provided ample pre-
emption time for arming a remedial measure [2] such as load or
generation shedding in the most disturbed area(s).

VII. DISCUSSION

One striking point from the results in Section V is that the re-
liability achieved so far is not satisfactory for some applications.
For remedial-action schemes, which by their very nature work
in tracking mode, this is not a serious issue, considering that the
stability assessment will be repeated every second, for instance
at 3, 4 or 5 s after fault clearing. Therefore, a case that is missed
in an early attempt could be detected as the instability builds up
over subsequent periods of time and the monitored severity in-
dices point to it more and more sharply. However, this “luxury”
of waiting for more information to decide is not possible in con-
tingency filtering for DSA speed-up [11]. If a transiently un-
stable case is mistakenly classified as stable, this can impact
the security analysis of the grid. Therefore, the heuristic fuzzy
classifier is much more effective in this reliability-constrained
application. Nevertheless, it is of interest to analyze any misde-
tected case to better assess the risk it may represent. To this end,
Fig. 14 summarizes in the form of boxplots the statistics associ-
ated with typical variables involved in the misdetection events.

It should be noted that 75% of the misdetected cases were
simulated for 10 s or more either before stopping normally [with
a voltage violation for instance, Fig. 5(b)] or before a loss of syn-
chronism, as in Fig. 15. Therefore, missed cases are generally
associated with midterm poorly damped oscillations, or voltage
and frequency collapse. As such, these phenomena are broadly
out of the scope of the paper. Looking, for example, at other fea-
tures in Fig. 14, we notice that for 75% of the misdetected cases,

are close to exceeding the minimal safety level for
deciding a stable case. The same broadly holds for Vcriterion2s
(75%) and, to a lesser extent, to (50%). We recog-
nize that no method can fit all issues and that, after these clas-
sifiers are executed, a comprehensive DSA should mandatorily
perform long-term stability procedures to scrutinize other as-
pects of the stability problem [30].
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Fig. 15. Typical example of misdetection at 1 and 2 s decision time.

VIII. CONCLUSION

This paper has demonstrated that the analysis of short-term
post-disturbance system-wide records of 1 to 2 s in duration
can provide a number of energy- and voltage-related features,
which allow fast assessment of the grid stability. The features
are screened using dendograms and then fed as inputs to deci-
sion trees trained so as to predict the grid stability status based
on open-source tools [28]. From these initial data-driven clas-
sifiers, more transparent and compact fuzzy-rule base classi-
fiers are derived systematically. On a rather large and highly di-
versified database consisting of 55 196 samples (76% of stable
cases), the system-wise and area-wise classifiers achieved 93%
and 95% accuracy in average for 1 s or 2 s response-time deci-
sion-making.

When the records being analyzed are generated offline in
the course of power system studies for security analysis, the
proposed classifiers allow for fast contingency screening with
more than 95% efficiency in safely terminating a stable case
at an early stage of simulation, thus saving much computation
time. This is just another variant of the early termination family
of methods [7], [18] identified by EPRI as the more effective
way of speeding-up the DSA [11] for online application in
control centers, while maintaining a detailed representation of
bulk power system nonlinear models. However, as the proposed
method generalizes very well to actual records from the data
concentrator of a wide-area measurement system, it could
equally well form the basis for early detection of an impending
instability in order to trigger a one-shot stabilizing control [2],

TABLE V
RULE BASE FOR 1 S EARLY TERMINATION DECISION

TABLE VI
RULE BASE FOR 2 S EARLY TERMINATION DECISION

[19]. The feasibility of the latter application is illustrated using
an actually recorded event from the Hydro-Québec angle-shift
measurement system [14].

APPENDIX

The rule bases obtained by simplification of the DT-initial-
ized classifiers are summarized in Tables V and VI, respec-
tively, for 1 s and 2 s response time decision making. Only the
system-wise rules are shown for illustration purposes, with the
input features listed on the bottom of the tables.
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