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combinations to their utility with the aim of being able to
maximize future environment reward [10].

Abstract— In this paper, an intelligent approach based on XCSR
(accuracy-based learning classifier system with continuousvalued inputs) method is proposed for the load-frequency control
(LFC) system using a modified traditional frequency response
model suitable for a bilateral-based deregulation policy. Model
independency and flexibility in specifying the control objectives;
cause it as an interesting solution for the LFC design in new
power system environment.

XCSR is a system with a knowledge base of rules, where
the rules are usually in the RL traditional production system
form of “IF state THEN action”. Evolutionary computing
techniques are used to generate and search the space of legal
rules, whilst RL techniques are used to assign rewards for the
existing rules, and therefore guiding the search process to find
better and fitter rules [10].

To demonstrate the capability of the proposed solution, a
simulation on a 3-area power system with possible contract
scenarios is given.

In this paper, an XCSR based control structure design is
described and applied to a modified dynamical model for a
general control area in the deregulated environment with
bilateral contract policy introduced in [1]. It has an intelligent
controller that receives the area control error (ACE) and its
deviation (∆ACE) signals and provides generator set point
signal (∆Pc), using XCSR method; then it is distributed among
the different units under control using fixed participation
factors.

Keywords- Load frequency control; learning classifier systems;
XCSR; deregulated environment

I.

INTRODUCTION

In a deregulated environment, the load-frequency control
(LFC) design has an important role to enable power exchanges
and to provide better conditions for the electricity trading. It is
treated as an essential auxiliary service to keep the electrical
system reliability at a suitable level [1]. However usually the
load frequency controllers used in the industry are
proportional-integral (PI) type that are designed for a specific
operating points, these conventional LFC designs are not
usable for large-scale power systems with nonlinearities,
undefined and uncertain parameters, also if the nature of the
disturbance varies, they may not perform as expected [1]. Then
as a result, adaptable and flexible controllers like intelligent
controllers [2-8] are more suitable than the classical ones, for
the LFC problem in deregulated environments.

The above technique has been applied to the LFC problem
in a three-control area power system as a case study. In the
performed simulation, the test power system is considered as a
collection of control areas interconnected with high-voltage
transmission lines (tie-lines).
The organization of the rest of the paper is as follows. In
Section 2, a brief discussion on a test system for LFC synthesis
problem is given. An explanation on XCSR method and how a
load–frequency controller can work within this formulation is
provided in Section 3. In Section 4, a case study of a threecontrol area power system, for which the above architecture is
implemented for, is discussed. Simulation results are provided
in Section 5, and paper is concluded in Section 6.

XCSR is a “continuous-valued input, Learning Classifier
System (LCS)”. It is one of the intelligent approaches which
have received little attention in the area of power system
control. It is a machine learning approach for producing
adaptive, flexible systems in an unknown environment using
reinforcement learning (RL), evolutionary computing and other
heuristics [9].

II.

TEST SYSTEM

Here, to illustrate the effectiveness of the proposed control
strategy for LFC design, a generalized dynamical model for a
control area in restructured power system is used [1]. The
modified LFC block diagram for control area i can be obtained
as shown in Fig. 1. A power system in a deregulated
environment includes separate generation, transmission and
distribution companies with an open access policy.

All evolutionary computing approaches like genetic
algorithms (GA) mainly are based on searching a problem
space by producing and developing an initially random
individuals (of solutions) such that fitter individuals (solutions)
are generated over time [10]. The RL is also a machine
learning technique which the agent (learner) interacts with the
environment and learns through mapping state and action

In an open energy market, a distribution company (Disco) has
the freedom to contract with any available generation company
(Genco) in its own or another control area (there can be various
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Fig. 1 LFC structure in deregulated environment [1]

combinations of contracts between each Disco and available
Gencos) [1]. It is assumed that each Disco is responsible for
tracking its own load and honoring tie-line power exchange
contracts with its neighbors.

•

A box labeled [P], including classifiers (rules)
population,

•

A match set [M], which consisting the rules of [P] that
match the input,

In a restructured environment the bidding process is as
follow, the Gencos submit their ramp rates (megawatts per
minute) and bids to the market operator. After bidding
evaluation and approving the ramp rates by the responsible
organization, those Gencos selected to provide regulation
services must perform their functions according to their
contract [11].

•

A genetic algorithm component which acts on [M]
classifiers,

•

A system prediction array P(ai), which is an array that
explain each action prediction, represented in [M],

•

As shown in Fig. 1, each control area has its own AGC
synthesis which is responsible for tracking its own load and
honoring tie-line power exchange contracts with its neighbors.
The signals in the model identify which Genco has to follow a
load demanded by a specified Disco and the scheduled flow
over the tie lines must be adjusted by demand signals of those
distribution control areas having a contract with Gencos out of
its boundaries [1].

An action set [A], consisting of the [M] rules which
their actions advocating the chosen action of P(ai). The
selected action is sent to the effectors and a reward is
returned by the environment.

•

Previous action set [A]-1 will be updated, and in each
time a new reward signal is provided by the
environment.

Following, the above components functionality are
described in detail.

More explanations on the model and related equations have
been described in detail in [1], [11].
III.

A. Action Selection
The population matrix [P] contains fixed maximum size of
N classifiers [13]. For the current application, N is equal to 200
rules and the population matrix initialized with no classifiers.

THE XCSR APPROACH

As it is shown in Fig. 2, XCS system consists of following
elements [12]:
•

Each classifier presents a general shape of an RL rule: “IF
condition THEN action”. In this application, condition
parameters assumed to be, ACE and its deviation signal, and
action parameter is set to ΔPc. However, the mentioned
parameters’ values are real, then the continuous-valued version
of XCS (XCSR) that is provided for real-valued parameters has

A reinforcement learning component which the XCS is
in interaction with environment via its detectors to get
the necessary inputs and its effectors to do action (ai).
Also the environment gives the XCS, a scalar reward at
different times,
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Fig. 2 XCS and its components [13]

been used [14]. In this method, the classifier condition is a
concatenation of intervals [14]:
Intervali =(ci ;si)

B. Reinforcement Learning
The RL component role is followed after a reward signal
received from the power system. It updates the p,
and F
parameters of classifiers action set [A]-1, which was selected in
the previous LFC execution period as follows [13]:

(1)

where ci and si are real numbers. The ci is the center value
of Intervali and the si is a delta defined concerning ci [14].
Table I shows all the detailed classifiers’ parameters [13].

The selected previous action, is multiplied by a discounting
factor γ = 0.71, and is added to the received reward from the
previous time-step. As it is shown in Fig. 2, the resulting value
is called P that is used to adjust the classifiers’ predictions and
prediction error in [A]-1 [13].

At each LFC execution period (that is greater than the
simulation time window and is equal to 200 samples), the
average values of ACE signal and ∆ACE within that period,
are separately sent to the XCSR learning core. The new
obtained values are compared with all the classifiers conditions
of [P]. If there is no similar rows, a new classifier with the
parameters specified in Table I, will be added to [P] and [M].
However, if there are similar condition classifiers and input, the
matching classifiers will be added to the match set [M] (see
Fig. 2) and a P(ai) array will be formed for classifiers’ actions
represented in [M], according to a fitness-weighted average of
the predictions of classifiers advocating action a [15]. Then an
action will be selected from P(ai) based on the roulette-wheel
action selection (the action selection is proportional to P(ai)).
The selected action arranges the action set [A] including all
classifiers in [M] has the selected action [13]. The chosen
action (ΔPc value) is then sent to the effectors (LFC system)
and when an LFC execution period for the selected action is
done, an immediate scalar reward according to (2) is calculated
and sent back to the XCSR.
200

reward = −(

∑
i =0

The F, ε and p parameters of each classifier are updating
respectively according to (3) and (4) [13].

p j = p j + β (P − p j )

ε j = ε j + β( P − p j −ε j )
⎧k j = exp[(ln α )(ε j − ε 0 )/ ε 0 ]
⎪
⎪
size of [ A ]−1
⎪ k' = k
kj
∑
j
⎨ j
j =1
⎪
⎪
⎪ F = F + β (k ' − F )
j
j
j
⎩ j

∑ ACE )
i

for ε j > ε 0

otherwise 1
( 4)

where α and 0 are the classifier’s accuracy parameters
[13] and are fixed at 0.1, 0.01, respectively. β is the learning
rate parameter and its value is 0.2.

200

ACEi − Δ

(3)

(2)

More explanation on how the above relations are created
can be found in [13].

i =0

The reward function is a measure of the action performance
on how it decreases the ACE signal distance to zero.
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C. Genetic Algorithm Component
When a match set is created, the XCSR computes its
classifiers average time-stamp, and runs the GA if the
difference between the obtained average and the current CPU
time exceeds a threshold (for the current application the
threshold is set to 0.25) [15]. Then GA component selects a
classifier from [M] with the roulette-wheel selection (according
to classifiers’ fitness), and performs mutation on its first five
elements with probability µ = 0.08 (here for the simplicity, the
cross over operator was not implemented). Finally, the selected
classifier time-stamp parameter is modified to the current CPU
time.

IV.

To demonstrate the effectiveness of the proposed control
design, a three-control area power system based on the model
described in Section 2 is assumed as a test system (see Fig. 3).
In this simulation, each control area includes two Gencos and
one Disco which its parameters are given in [11].
V.

c∆ACE
s∆ACE
ai
P

F
N
T

SIMULATION RESULTS

To demonstrate the effectiveness of the proposed approach,
some simulations for the various possible scenarios of bilateral
contracts and load disturbances were carried out to the 3control area power system with XCSR based controllers
described in Section 4.

After doing of mutation, the new offspring (classifier) will
be added to the [P] if sum of the N parameters of all classifiers
is less than 200; otherwise, a classifier is deleted proportional
to its inverse fitness probability and then the new classifiers
will be added [13].
cACE
sACE

APPLICATION TO A 3-CONTROL AREA POWER SYSTEM

In this section, the performance of the closed-loop system
using the XCSR method in comparison of robust PI controller
(ILMI method) [11] is tested for various possible scenarios of
bilateral contracts and load disturbances.

TABLE I: Classifier Parameters
The center value of ACE (is initialized to the input ACE value)
The delta defined for ACE (is initialized to a random delta value
for ACE signal)
The center value of ΔACE (is initialized to the input ΔACE
value)
The delta value of ΔACE (is initialized to a random delta value
for ΔACE signal)
A real value for ΔPc (is initialized to a random value for the
action)
Classifier prediction: the environment reward average when that
classifier’s action controlled the system (is initialized to a random
value)
Classifier prediction error: an average of a measure of the error in
the prediction parameter (is initialized to a random value)
Classifier fitness: an inverse function of the prediction error (is
initialized to a random value)
The number of classifiers has the same conditions to the existing
classifier (is initialized to 1)
Timestamp: The genetic algorithm (GA) is run in a match set if
the average number of classifier time-steps since the last GA in
that match set exceeds a threshold (is initialized to the CPU time.)

A. Test Case 1
For the first test case, a large load disturbance (a step
increase in demand) is applied to each area as follow:
ΔPL1 = 100 MW, ΔPL2 = 70 MW, ΔPL3 = 60 MW
For simplicity, assume the following generation
participation matrix (GPM) [1], is used for the bilateral
contracts between three areas.

0 0.5⎤
⎡0
⎢0
0 0.5⎥⎥
⎢
⎢
0.5 0 ⎥
GPM = ⎢ 0
0 0.5 0 ⎥
⎢
⎥
0⎥
⎢0.5 0
⎢⎣0.5 0
0 ⎥⎦
The above matrix shows the participation factor of each
Genco in the considered control areas (each control area is
determined by a Disco). The rows and columns of the GPM are
corresponded to Gencos and Discos (control areas),
respectively [1]. Therefore, according to the above GPM each
Disco demand is only sent to its local Gencos.
The simulation results are shown in Figs. 4 to 6. Solid line
is used for XCSR based, and dashed line is used for ILMI
method [11]. The notations are defined as follows,
• Δf : Frequency deviation,
• ΔPtie: Actual (current) tie-line power flow,
• ACE: Area control error,
• ΔPm: Actual power changes,
• ΔPc: The set point to the governor,
As it is seen from Figs. 4 to 6, the XCSR controller
increases/decreases the governor set point monotonically until
the frequency deviation and area control error signals of all
areas driven back to zero, quickly.

Fig. 3 Three-control area power system with intelligent controllers

According to explanation of the proposed method in
Section 3, the XCSR controller averages input ACE and ∆ACE
signal values during an LFC execution period, then creates a
new value for ΔPc signal. This function causes the step changes
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to be appeared in the governor set point. Also, the generated
power and tie-line power changes (Fig. 4) are properly
converge to specified values.
In this case, since there are no contracts between areas, the
scheduled steady state power flows over the tie lines are zero.
B. Test Case 2
As second test case, consider larger demand by Disco 2 and
Disco 3 as follow:

ΔPL1 = 100 MW, ΔPL2 = 100 MW, ΔPL3 = 100 MW
And assume the following GPM which shows Discos
contract with the available Gencos in other areas,
Fig. 5 ACE signals

⎡0.25
⎢ 0.5
⎢
⎢
GPM = ⎢0.025
⎢
⎢ 0
⎢⎣ 0

0 ⎤
0 ⎥⎥
0.25 0.75⎥
0 ⎥
0.25
⎥
0 ⎥
0.25
0.25⎥⎦
0
0.25
0

System responses are shown in Figs. 7 to 9.
C. Test Case 3
In this test case the performance of the proposed intelligent
LFC system is examined against large and random load
changes. For this test, consider the GPM of scenario 2 and
assume a bounded random load changes (Fig. 10) as an
uncontracted local demand, is applied to each control area.

Fig. 6 Area control action signals

−50MW ≤ ΔPdi ≤ +50MW
As it is shown from Fig. 11 the XCSR controllers track the
load fluctuations, effectively.

Fig. 7 Frequency deviations and tie-line power changes

The above simulation results show that the proposed
intelligent LFC methodology operates as well as powerful
Robust ILMI Control technique. Furthermore the higher
flexibility, higher degree of intelligence and model
independency of the proposed solution for a wide range of load
disturbances and possible bilateral contract scenarios are
investigated.

Fig. 4 Frequency deviations and tie-line power changes
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Fig. 8 ACE signals

Fig. 11 Frequency deviation and tie-line power flow
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