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Abstract - This paper reports the application of a new
artificial neural network (ANN) tool for dynamic secure
managing of isolated systems with a large wind power
penetration. In this research, ANNs are used not only for
fast and accurate dynamic security assessment but also to
move the system from insecure states into new secure
ones. This procedure is based on power exchanging
between diesel and wind generators, and also exploiting
other combination of diesel units in operation. Computer
simulations of the real power system of Lemnos (Greece)
support the validity of the developed approach.

1. INTRODUCTION

In the last few years, we have been witnessing a growing
interest in the use of renewable energy sources, motivated
by environment concerns and economic appeals. Studies
carried out in several countries have identified a high
wind energy potential at various sites. In islands, there are
particularly favorable conditions for wind power
exploitation, due to an appropriate climate environment.
Isolated systems of this nature supply energy to 3 to 5%
of European Union population, and are a major supply
source on many developing countries.

In isolated systems, conventional production is mainly
provided by Diesel generators, with high production costs
resulting from high fuel prices and from the costs of fuel
transportation. Therefore, power production costs can be
considerably reduced if wind power production is
increased. However, power systems that include wind
generation are exposed to fast wind power changes and to
very high wind speeds, which may provoke a sudden loss
of wind generator production. These production changes
must be fast and efficiently compensated by the Diesel
generators; otherwise, large voltage and frequency
variations, or even the collapse of the system, may result.

To avoid these problems, a very conservative policy of
operation dispatch is usually adopted by local utilities,
leading to increased spinning reserve (SR) requirements,
to under exploitation of wind power production and to
higher production costs.

Therefore, to increase wind power production in isolated
systems, without compromising dynamic security issues,
new advanced control systems and tools must be installed

and integrated with local SCADA (Supervisory Control
and Data Acquisition) which provides data from the
network. This data concerns wind speed, power outputs of
renewable and conventional production units, load
consumption levels, temperature, etc.

Such a prototype of control system has been developed
and integrated within an existing SCADA on the Greek
island of Lemnos, within the framework of JOULE II
European Union research and development program. The
control system is operating since January 1995 in the
island and an evaluation stage is presently going on.

This advanced control system suggests an operating
strategy for the upcoming hours by displaying to the
system operators the start and stop schedule of the diesel
machines and wind generators. These suggestions are
performed by a "unit commitment and dispatch module",
incorporating results from short time load and wind
forecasts, and based on minimization of global production
costs.

The control system also includes dynamic security
assessment tasks, such as: 1) fast dynamic security
classification of each generation schedule, calculated
upon request of the "unit commitment and dispatch
module" for a given set of wind power disturbances; 2)
continuous on-line monitoring of dynamic security for
current operating states.

This paper describes the approach developed for the tasks
of security monitoring of the control system and presents
recent new developments related with the definition of a
set of preventive control actions. These measures are
namely load redispatches and new unit commitment (UC)
alternatives, for cases where insecurity is detected. These
preventive control suggestions also take into account
economic operation costs and are defined at two levels: a)
immediate preventive control (if possible); and b) short
term prospective control, involving some interaction with
the "unit commitment and dispatch module".

In this project, ANN are an essential piece of the
approach now described. Not only do they perform
consistently better than traditional statistical methods in
the dynamic security pattern classification [2], but they
also provide means for evaluating the degree of security.
Moreover, they provide simple and effective mechanisms
of computing the derivatives of a security index with
respect to the control variables. Such ability allows the



application of gradient based methods. In this paper, we
show how these methods can be used to escape from
dynamic insecure states and achieve new secure ones,
keeping track of the economic issues related.

A complete description of the project and its modules,
such as "wind power and load prediction", "unit
commitment and dispatch" and "security assessment and
monitoring" may be found in [1].

2. PREVIOUS WORK

Considerably activity has been devoted in the last years to
the application of ANN for dynamic security assessment.
The first attempts in this field were led by Sobajic and
Pao [3] that have designed a multilayer network for fast
evaluation of critical clearing time. Latter Kumar et al.
[4] described in a general way the requirements needed
by ANN to evaluate dynamic security in large power
systems. Djukanovic et al. [5] developed the approach of
Sobajic [3] and presented a new ANN approach for the
determination of load shedding amount that assures
transient stability. More recently Quin Zhou [6] started
exploiting ANN with the concept of vulnerability. A good
description of the application of ANN techniques in
power systems can be found in [7].

Recently the authors of this paper presented a new ANN
based method for transient stability assessment and
preventive control [8, 9] . This approach evaluates the
transient stability degree, on the basis of the emulation of
the transient energy margin, and defines preventive
control measures through a hybrid ANN-optimization
method that solves an economic dispatch with transient
stability constraints using a minimal incremental
operation cost strategy [8, 9].

Although a lot of research has been reported in this field,
the number of successful real case applications is still
rather small. In this paper, we describe a real case
application of ANN to the dynamic security evaluation
problem of a medium size isolated network.

The developed methodology is also an extension of the
method previously described in [8, 9] and includes the
enlargement of the system stable domain by including
new different UC alternatives. This means that when an
insecure OP is detected by the "security monitoring
module", a preventive control algorithm looks for secure
OPs, not only on the basis of power exchanges among
generators, but also exploiting new feasible UC
alternatives, namely suggested or resulting from the
interaction with the "unit commitment and dispatch
module".

3. ANN FOR DYNAMIC SECURITY EVALUATION

On-line analysis of system behavior for specified wind
power disturbances is practically impossible using
conventional tools. Therefore ANNs were used for on-
line and accurate evaluation of system stability degree
relatively to pre-selected severe wind power disturbances.

The global approach involves the following major steps:
1 - Generation of a representative set of operating

points and selection of the ANN inputs;
2 - Design an ANN able to evaluate on-line the

system dynamic security degree.
3 - Definition of preventive actions, exploiting some

ANN capabilities, that push system into security.

Each operating point of the set referred in step 1 is
characterized by a large number of system variables.
However, ANN inputs must be characterized by  the
following properties:

a) adequately characterize the system state; at the same
time, this set should be small enough to avoid a
large number of ANN parameters;

b) be independent among them;
c) include a subset of monitorable and controllable

variables so that it might be possible to exercise
control actions in the system.

Moreover, these variables should be directly obtained
from the SCADA data base to ease the monitoring and
control procedures. Most of these variables are directly
related with the wind power production levels and Diesel
machines UC and dispatch.

3.1 . The Lemnos Study Case

The electric power system of Lemnos comprises one
diesel power station (DPS), two wind parks (WP), and
two (2*250 kW) photovoltaic plants (PV). The DPS
comprises five Diesel units (2*1.2 MW and 3*2.7 MW;
one of the 2.7 MW units is only used when one of the
others is in maintenance). The two WPs have the
following nominal capacities:

WP1 : 8*55 kW + 7*100 kW = 1.14 MW;
WP2 : 12*225 kW = 2.7 MW.

Each of the two PVs is rated at 250 kW. The relative
small size of PVs and the particularly fast response of
their control systems lead to their influence on the system
dynamic behavior being minor. A full description of the
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Fig. 1 - Single line diagram of Lemnos power
system



Lemnos system can be found in [1]. Figure 1 presents a
simplified version of this network, where D represents a
single Diesel unit.

3.2 Selection of the System Security Index

Isolated power systems that include wind power
production are particularly sensitive to sudden wind
changes. If the frequency deviation caused by wind
disturbances is greater than a certain threshold, protective
devices, such as frequency relays, are set to operate
performing the disconnection of the wind parks or load
shedding defined by the local utility.

Therefore the maximum absolute frequency deviation (∆f)
was chosen as the index that characterizes system
dynamic behavior. In this study, the system was
considered secure if ∆f<0.7 Hz and insecure otherwise.

The evaluation of ∆f index, for a given wind power
disturbance, as the one presented in figure 2, can be
performed using a full dynamic security study. This
evaluation needs the numerical solution of the differential
equations of the system adopting a complete
representation of its components (asynchronous and
synchronous generators with governor and voltage
regulating devices), which would demand an
unacceptable large computational effort. Therefore, an
ANN based approach was used. The output of the ANN
to be designed is the ∆f value of the system when the pre-
selected wind power disturbance, presented in figure 2,
occurs.

3.3 Details on ANN Development

The training set was generated by varying the total load
(PL), the total wind power (Pw) and the wind margin
(WM). The WM is defined as the ratio of the diesel
spinning reserve to the total wind power. This set was
built to represent a large spectrum of possible operating
points, not only for the present conditions but also for
some expected increase in load consumption or wind
production in the near future. This will avoid the need of
re-training the ANN continuously.

This data set comprises respectively 1177 patterns used
for learning purposes and 588 for test. Each data set
operating point is characterized by a ∆f value, obtained
from a complete dynamic simulation performed during

several seconds after simulating the occurrence of the
wind perturbation described in figure 2.

This phase is developed off-line and involves a large
computational effort. In very large systems this may
become the bottleneck of the application of this approach.
However the learning set dimension can be kept reduced
if engineering judgment is previously used to identify
some particular operating conditions to be included in the
learning set generation procedure [10]. For example,
operating strategies for peak load, light-load diagram
periods or certain periods of the year (due to availability
of energy resources) can be used.

A measure F of separability was used to select the most
representative system variables [2]. The first selected
variables where: PL, Pdn, Pw, WM, WP, Pd1 and Pd2,
with Pdi representing the power produced by diesel units
of type i. The wind penetration (WP) is defined as the
ratio between Pw and PL.

An ANN (called ANN3 in figure 3) was then trained
using as inputs this set of variables and as desired output
the ∆f index. In this work, we have used feedforward
ANN’s and the Adaptive Backpropagation (ABP) training
algorithm [11]. The ABP uses an individual adaptive
learning rate for each weight, which provides a much
faster learning process. The stop training criterion was
based in the well known cross validation principle, which
fights against overfitting. Despite the good approximation
of ANN3 output to the target values ∆f, we could not use
this ANN for control purposes. Notice there are non-
independent variables on ANN3 input.

If ANN inputs are independent and controllable, then it is
possible to control the effects in ∆f (ANN output) of any
changes in those inputs. Besides they should be able to
represent accuratly the usual operating scenarios.

From the initial selected variables it was possible to
identify a reduced set, characterized by the property of
independency among them, able to represent the system
(defining the new ANN inputs):

- Actual or forecasted load  of the system PL;
- Actual or forecasted wind power production Pw;
- Nominal capacity of Diesel units in operation (or

scheduled) Pdn.

This set of variables fulfills the required assortment of
properties. Note that variable Pdn is directly related to the
UC definition. Since there is a biunique relation between
the Pdn values and the set of diesel generators in
operation, Pdn will be the “perfect” candidate as a control
variable for the UC set-up.

There are 2 different types of diesel generators: G1 (1.2
MW) and G2 (2.7 MW). Table I represents the set of
possible resulting combinations of machines in operation
and corresponding nominal capacity of Diesel units in
operation (Pdn).
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Fig. 2 - Wind power disturbance



Table I
Pdn values for all the combinations of diesel units in

operation
nr. of G1 nr. of G2 Pdn (MW)

1 0 1.2
0 1 2.7
1 1 3.9
2 0 2.4
0 2 5.4
2 1 5.1
1 2 6.6
2 2 7.8

Variables WP, WM and Pd1 and Pd2 can be obtained
from the set (PL, Pdn, Pw). Therefore, two ANNs were
used for this purpose exploiting the available training set.
The following steps summarize the ANN architecture
assembling: 1- Building and training small ANN blocks,
that establish relations among system variables with high
discriminant power; 2- joining and fusing blocks and
retraining the whole set as a single ANN. This approach
lead to reduced training time and effort. The building
blocks ANN1 to 3 and their dependencies are displayed
in Fig. 3.

Fig. 3 - Building blocks of the ANN

Finaly, the basic blocks are compounded into a single
ANN which is retrained. The final ANN architecture is
composed of: 1st layer: 3 input units (PL, Pw and Pdn);
2nd layer: 8 units; 3rd layer: 4 units; 4th layer: 4 units;
last layer: 1 output unit (∆f value).

This ANN was used to perform security classification
tasks. The error obtained in the test set for the established
∆f limit (0.7 Hz) was 0.68% (4 misclassifications in 588
tested patterns). In order to study the robustness of the
ANN classification, we repeated the same classification

task with several different values for the ∆f limit. This
concern was motivated by the all possible settings of the
protective underfrequency relays. Figure 4 shows that
classification error remains nicely low, independently of
the secure/insecure ∆f threshold.

During the design stage, other Pattern Recognition
Techniques, like the K Nearest Neighbors (KNN) method
and Decision Trees (DT), obtained using an inference
inductive procedure were also used for security
classification purposes, as described in [2]. However, the
results obtained with this ANN approach showed better
performance, for the global classification error obtained,
as described in table II.

Table II
Comparative performance results (threshold: ∆f=0.7 Hz)

KNN 2.38%
DT 5.59%
ANN 0.68%

3.4 Dynamic Security Behavior

Although the ANN architecture is a little complex, it is a
small tool (only three input variables) able to characterize
system dynamic behavior for the specified perturbation.

Figures 5 and 6 display the behavior characteristics of the
Lemnos system, coupling operation conditions (given by
Pdn, Pw and PL) and security (given by ∆f value). When
looking at these figures , we can observe that there are
regions in the curves where an increase in wind power
production favors the system dynamic behavior (by
decreasing ∆f), which constitutes, at least at first sight, an
unexpected result. This particular behavior can be
explained by the analysis of the influence of Pw and the
spinning reserve (SR) in system dynamic security. Notice
that, for fixed PL and Pdn, a higher Pw (higher wind
penetration) makes one expect a greater ∆f, because the
system becomes more vulnerable to wind changes. On the
other hand, decreasing Pw implies a corresponding
increase in the diesel power production (PD). If PD is
close to Pdn, then the spinning reserve becomes small and
the system loses its compensating capabilities and
becomes specially sensitive even to small changes in Pw.
These facts make it evident that there are two
compromising terms (Pw and SR) whose settings require
careful tuning.

Without this knowledge, one might be tempted to
implement an algorithm that simply reduces the wind
power production when a decreasing in ∆f is desired; as
we have just seen, that might result in an inappropriate
approach.One might also expect that the higher the total
capacity of diesel machines in operation, the greater the
wind margin would become, and, therefore, the expected
frequency deviations would decrease.

From observation of figures 5 and 6 one can see that this
is not always true. We can observe the crossing of some
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curves (notice curves for Pdn=5.1 MW and Pdn=5.4
MW), which means that, in terms of dynamic security, the
choice between these two values of Pdn must be made
considering the values of PL and Pw.

From table I, we may conclude that the two types of
machines (G1 and G2) have a different dynamic security
behavior. For example, for Pdn=5.1 MW, we have 2 G1
type machines and one G2 machine and for Pdn=5.4 MW,
we have 2 G2 machines. In spite of the higher value in the
second case (providing a greater SR), the corresponding
∆f value is not always smaller.

The knowledge gathered at this phase was used to define
the type of possible preventive control strategies that are
developed in next section.

4. PREVENTIVE CONTROL

Although the operating strategy of the system for the
upcoming hours is defined to avoid insecurity, it may
happen that, because of incorrect predictions of wind
power and load, system may enter into an alert state. In
this case, system operator should take preventive control
actions. Having in mind that load shedding is an
undesirable action, then for  a given PL, we can change

Pw and Pdn in order to cope with some target ANN
output (∆f value).

Variable Pdn is changed by modifying the current Diesel
unit-commitment. Pw is changed by disconnection-
connection of individual wind generators at a given wind
park. Of course, there is a set of constraints that must be
satisfied when changing both Pdn or Pw:

a) Pdn is a discrete variable that can only take the
values specified in Table I. Also, Pdn must be
greater than PD (diesel power production);

b) Pw will not be increased when all available wind
generators are already active;

c) When changing both Pdn or Pw, the algorithm must
check if diesel technical limits of each diesel
generator are not violated.

The preventive control algorithm developed (named
LEMSEC) is basically composed by two procedures
according to the type of suggestions provided: a)
immediate actions (procedure PREV) that corresponds to
connection /disconnection of wind turbines (eventually to
be triggered by some automatic procedure) and b) short
term actions (procedure PROS) corresponding to changes
in Diesel UC and to be implemented under operator
supervision.
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If a potential insecure state is detected during system
operation, then PREV procedure searches a new stable
state by only changing Pw. In pseudo code, it could
conceptually be described by:

Input (actual state)

/* define an immediate action to reach security */
if ∆f>0.7 then

repeat (if no constrain is violated)

( ) ( )∆ ∆ ∆
f Pw f Pw h

f

Pw

n n( ) ( )   ;+ = + ⋅1 ∂
∂

adjust h;
until ∆f<0.7

/* if state is “quite” secure then made it cheaper */
else if ∆f<0.67 then

while Pw<Pwmax  and not (0.68<∆f<0.7) do
 (if no constrain is violated)

increase Pw;

where n is the iteration index and h is the gradient step.

Step h is adapted according system evolution trajectory: if 
∂∆f/∂Pw keeps the same sign for several iterations, then h
is increased; on the other hand, if its sign changes from
one iteration to another or if a constrain is violated then h
is decreased. Procedure PREV will stop if h becomes
smaller than a given pre-established value or, of course, if
∆f<0.7 Hz. Limit values 0.7, 0.67 and 0.68 are just
example values. PREV algorithm accepts any reasonable
values that system operator wants to experience.

Although Pw is a discrete variable, related with the
connection/disconnection of wind generators, it can be
tackled as a continuous variable during the iterative
procedure and adjusted to the closest feasible Pw value
afterwards.

The derivative of ∆f with respect to Pw is evaluated
through the ANN, as described in [8, 9]. New generated
states are always feasible operating points, implicitly
contained in the training set.

Procedure PROS is an extension of the algorithm
developed for PREV applied to all feasible combinations
of diesel machines (i.e., to all Pdn values suggested by the
UC module). As this procedures tries to look into
immediate future, the inputs of the ANN are based on
wind and load forecasts. The load forecast sets directly
the value of ANN input PL and the wind forecast sets
Pwmax - maximum of wind power production. PROS
searches then, a set of new combinations (Pdn, Pw)
corresponding to secure/economical states.

Table III and figure 7 show results of the application of
LEMSEC. Each state is characterized by PL, Pdn and Pw.
Corresponding values of security index ∆f and total
hourly Fuel Consumption (FC) are also provided. Initial
unstable state Si was transformed in a stable one f1 by
PREV procedure. The other stable states f2..4 were

provided by PROS procedure. It is clear that PREV was
conceived to provide immediate actions in order to
quickly reach security by only changing power production
between diesel and wind generators.

Table III
Initial state and new state provided by LEMSEC (in this

example, PL=7.0MW and Pwmax=4.0 MW)
f1 - PREV        f2..4 - PROS

PL
(MW)

Pdn
(MW)

Pw
(MW)

∆f
(Hz)

FC
(g/h)

initial state   Si 7.0 5.1 3.507 0.734 819.5

  f1 7.0 5.1 3.328 0.697 861.5
New          f2 7.0 5.4 3.208 0.693 925.2
states         f3 7.0 6.6 3.746 0.675 782.2

    f4 7.0 7.8 3.984 0.622 703.1

The presented value of FC regards only operation costs
and does not include start and stop costs of Diesel units.
Procedures PROS wakes up the "UC and dispatch"
module delivering it a set of secure/economical states
choices and a dialog between the control procedure and
the UC module starts.

Note that a trade off between security and operation costs
may be established. The philosophy behind the global
control system developed [1] requires that all information
about units in service and dispatch corrections, obtained
within a "security module", should be passed to the "UC
and dispatch module", where they are combined with
other constraints such as minimum up and down times,
starting costs and other.
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In brief, the preventive control algorithm performs:
a) definition of preventive control measures:

- if insecurity is detected, the algorithm suggests
appropriate measures (connection or disconnection
of wind generators, in general), that might be taken
immediately, to reach a stable state, and provides the
new stable security index as well as related
production costs;

b) prospective control:
- based on the wind and load forecasts, the algorithm
computes the dynamic security indexes and, in



association with the "UC and dispatach" module,
defines a new set of possible secure states, showing
its security indexes and its production costs.

5. CONCLUSIONS

This paper describes a successful case of application of
ANN in the field of dynamic security assessment. The
developed  methodology provides:

- a new robust tool for accurate monitoring of
dynamic stability;

- a better understanding of system dynamic behavior;
- an algorithm for the definition of preventive control

actions;
- a start up for the definition of short term prospective

control decisions.

Although this implementation was developed for a small
size network, the results obtained are quite encouraging,
and show that:

- The present approach constitutes an innovative
insight in the field of dynamic security preventive
control and provides a user-friendly tool to help
system operators to manage in a secure way these
kind of systems.

- Generalization of the developed technique is
workable. The method previously described in [8,9]
is here applied in another system, with a different
security problem and distinct system representation.

The presented methodology was also successfully applied
(on simulation) to a medium size power system (Madeira
island). This network has a total installed capacity of 174
MVA, divided by one large Diesel power station (12 units
of 4 different types), five hydro power plants and two
large wind parks. Wind power penetration reaches 25% of
total production during off-peak hours. For this case a
neural network with an architecture (6, 8, 4, 4, 1) was
used. The performance of this ANN was similar to the
one obtained for Lemnos.

The described approach leads to higher penetration of
renewable energies and contributes to assure a secure
operation of isolated power systems with wind power
production. Not only it provides the opportunity to
operate an isolated system at lower costs, but also
contributes to environment protection by lowering
emissions from the Diesel stations.
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