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Summary. A novel approach to fast transient sta-
bility assessment of power systems is presented. It con-
sists of inductive inference which allows the construc-
tion of decision rules derived from off-line simulation
data. The proposed procedure derives from ID3 by Quinlan,
appropriately modified so as to handle a large number
of continuous variables. The decision rules are expressed
in terms of static, controllable variables. This makes
the method able to solve both on-line transient stabil-
ity analysis and preventive control problems.

1. INTRODUCTION

The on-line transient stability assessment of elec-
tric power systems is an extremely problematic, still
open gquestion.

The conventional approach consists in assessing the
system's robustness to withstand credible large distur-
bances; and even if nowadays Liapunov's direct criteria
have matured enough to become truly effective, they still
remain off-line methodologies [1,2]. The need for con-
ceptually different on-line approaches, along with an
in-depth qualitative understanding of the system's be-
haviour is strongly felt.

In this paper, such an on-line approach is present-
ted. It consists in using Inductive Inference (II) [3,
4] (which is the Artificial Intelligence (AI) approach
to pattern recognition) to construct classification rules
inferred from large bodies of preclassified off-line
simulation data.

The proposed procedure derives from ID3 by Quinlan
[5], appropriately modified so as to handle the large
number of continuous variables characterizing power sys-
tem operating conditions.

Our research effort has been oriented towards the
development of an appropriate quantization procedure as
well as tne design of a more flexible control strategy
using some heuristic domain-dependent knowledge.

After completion of the learning stage, the obtain-
ed rules can be used by a knowledge based system for
transient stability analysis. Furthermore, simplified
versions of these rules can be used to acguire qualita-
tive understanding of the system's behaviour.

2. INDUCTIVE INFERENCE
APPLIED TO TRANSIENT STABILITY [6]

2.1. Classification problem

We define our classification problem in the case
of a fixed topology and a given disturbance (or fault).
Let CT be the class of sufficiently robust opera-
ting points (the robustness of the power system with re-
spect to a given disturbance is currently measured by
the corresponding critical clearing time of this fault,
and C  the remaining states. + ~
Given a preclassified learning set E (E=E UE ;
E =ENC ; E =gnct) and given a representation lan-
guage (e.g. first order predicate calculus) which is used
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to express any knowledge about the learning states, the
task of inductive inference is to build a final classi-
fication rule, simple and reliable to the extent possi-
ble. This in turn will be used to predict the class-
membership of any operating point, i.e. to decide whether
the system is stable or not with respect to the occur-
ence of a particular fault.

This particular class definition enables us to
formulate naturally some heuristic knowledge to guide
the learning system. Moreover, the obtained rules will
carry information specific enough to permit the operator
to be aware, during the on-line assessment, of the actu-
al robustness of his power system with regard to tran-
sient stability.

The learning states are preclassified by means of
a classical time domain (step-by-step) transient stabi-
lity analysis program. Therefore, there is no inherent
limitation about the dynamic models used to simulate the
power system.

2.2. Attributes

The learning states are characterized by a fixed
number of attributes (or variables) which can be select-
ed by the learning system to formulate a decision rule.
In the case of the application of our methodology to
real life power systems, these should of course be
chosen with the help of experts like operators or sys-
tem operation and planning engineers who know the weak
points of their system.

Overall, the resulting choice must be a good com-
promize between storage requirements of the learning set
(which may be very demanding in the case of large sys-
tems), and information whose loss can prevent the ob-
tained rules from being sufficiently reliable.

In the absence of this experts' knowledge and in
order to preserve generality, we propose the following
list of attributes :

Attuibutes related to the system as a whele :
- total active and reactive load power;
- mean, minimum and maximum node voltage.

Attibutes nelated to the various regions * :

- total active and reactive generated and load power;

- active power exchanges with the different neighbouring
regions;

- mean, minimum and maximum node voltages in this region.

Attrnibutes related to generator nodes :

- active power and initial acceleration for each machine.

One could of course argue that one of the classical
independent sets of state variables like (P/V;P/Q) or
(v/8) would have been sufficient, but except for gener-
ator nodes and possibly for very important load nodes,
the sole nodal variables are not determinant.

* The power system can be decomposed in a reduced number

of regions which are composed of electrically close nodes
(connected by rather short lines), while the "tie-lines"

between these regions are rather long lines.
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Rather, it is their conjunctive action which can modify

the robustness of the system; this explains why we have
cnosen more global, lumped values. Moreover, by avoid-
ing storage of irrelevant information, this choice
allows us to combine reasonable representativity and
admissible storage requirements for the learning set.

On the other hand, one could propose to use more
directly involved attributes such as Liapunov functions
Zor instance, but we think that it should be possible
o build decision rules without using such information.
In that case, all the attributes will be static, direct-
1y or indirectly controllable variables. This in turn
allows the use of the resulting rules in a preventive
control environment and their physical interpretation
«will be facilitated.

Finally, let us point out that this choice remains
ongly indepancdent of the torology.

(I (n lu

utes must be defined only in the case of very bdroad
aancges like several line trippings or cene*atc: out-
ages.

3. BRIEF DESCRIPTION OF THE PROPOSED HMETHOD
3.1. Modified ID3 [6]

The procedure consists in selecting, by using the
criterion explained in [6], an attribute aj and an
optimal quantization threshold Vjgpt in order to gen-

erate the following partition of the initial learning
set :

g = {e€Eiaj(e) 2vigpe} v By = {e€2 | aj(e) >vigpe} -
The procedure is then applied recursively to the
non-terminal subsets of this partition. A set is termin-
al if all its states belong exclusively to ¢t or
or better if its entropy is lower than a certain thres-
nold value *. This generates a tree (Fig.l), each node
of which corresponds to a subset of its parent node.
The root node corresponds to the initial learning set;

the terminal or leaf nodes ccrrespond to samples belong-

ing "almost" exclusively to ct or c .
P:0.59
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FIG.1

Decision tree obtained jor the one-machine-—
infinite-bus system studiea tn [¢)]. P t1s the active
power in p.u. produced by the machine and V., s the
magnitude of tie machine node voltage in p. x.

* The entropy of any subset A of E is defined as

’[P (A)1ogzp+(A)+p_(A)logzp_(A)]

= +
=2a7/8a ; At =anc
is the number of elements in

where p,(A) =7A t/#A and p_(A)
and A~ —Afﬁc and #S

the set S -

A new set of attri-

The criterion used for selecting and quantifying
an attribute at each non-terminal node of the tree uses
some heuristic knowledge and entropy calculations. It
has been designed in order to reduce at each step, to
the extent possible, the entropy of the descendent nodes
while preventing unreliable choices. In the case of ab-
normal growing of the tree backtracking can be caused
in order to reconsider previous choices.

3.2. Overall approach

The complete system consists of two different mod-
ules cooperating to build a reliable decision tree :
1) The modified version of ID3; given a learning set
this module builds several decision trees.

A test module generating a test set in order to de-
cide wnether one of the preceding rules is reliable
enouch. If not, new learning stactes ars added to nake
the learning set more representative and the mostT
reliable rule is passed to the precedinz module as
initial hypothesis to generate in turn new rules.

2)

The new states which are added to the learning set
are misclassifications and the learning set is becoming

more represenctative, without growing too much, in an
iterative fasnion.

4. CONCLUSION

In this short paper, we nave led the foundations
of a new on-line approacn to transient stability assess-
ment, where the classification criteria are formulated
in terms of static, more or less controllable, variables.
The information they carry can therefore be used for
analysis as well as for preventive control purposes.
This is one of the originalities of our method as com-
pared to other recently proposed ones. another interest-
ing feature is that these easily understandable rules
express the system's transient stability benhavior for
a wide range of operating conditions, and can be used
to inform the operator about the salient characteristics
of his system.

The application of the proposed method to the
simple one-machine-infinite-bus system [6] has shown
that the quantification procedure behaves well. In the
very near future we intend to apply the discussed method
to a more realistic medium-sized power system.
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