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DECENTRALIZED INTERACTION ESTIMATORS FOR
LOAD FREQUENCY CONTROL IN MULTI–AREA POWER

SYSTEMS USING MODEL REDUCTION TECHNIQUE

Mohammad H. Kazemi — Mehdi Karrari
— Mohammad B. Menhaj

∗

Load Frequency Control (LFC) has received considerable attention during last decades. This paper proposes a new
method for designing decentralized interaction estimators for interconnected large-scale systems and utilizes it to multi-area
power systems. For each area, a local estimator is designed to estimate the interactions of this area using only the local output
measurements. In fact, these interactions are the information of other area. In each local station the overall large-scale power
system is split into two related subsystems: the i -th area and the residue system (aggregation of other areas), then a low
order dynamic model, closed to the dynamics of the main system, is considered for the interaction estimator. Hankel-norm
model reduction technique is used to construct an approximate model for the interaction dynamics provided that the residue
system is stable. The proposed method is implemented to a three-area power system to illustrate the effectiveness of the
proposed method.

K e y w o r d s: Multi-area power systems

1 INTRODUCTION

In Power systems, one of the most important issues is
load frequency control (LFC), which deals with the prob-
lem of how to deliver the demanded power at the desired
frequency with minimum transient oscillations [20]. This
problem has received considerable attentions during the
last three decades led to development of many different
approaches [21-23].

Load frequency control in a multi-area power system
is an example of large-scale systems, which is important
in electrical-power-system design and operation. Many
control strategies for load frequency control have been
proposed since the 1970s [1, 9, 10]. A local load frequency
controller uses only its area’s state measurements. It does
not use any feedback from other area. Therefore the in-
teractions of the other area are unknown for each local
controller. In the most control strategies the interactions
are considered as an external disturbances [6, 12]. While
this paper addresses a method to reconstruct the inter-
actions which can be used in control design strategies to
yields the better results.

The classical scheme for decentralized state feedback
control is based on the assumption that all states of the
subsystems are available. In large-scale systems, espe-
cially multi-area power systems, however, this assumption
is not usually realistic. Therefore, a state estimator has
to be designed. This estimator exploits the model of each
subsystem and its actual inputs and outputs to produce a
good estimation of unknown states of the system. Interac-
tions between subsystems are another uncertainties that
make the complexity of controller design in large-scale

systems. In the classical scheme for decentralized control,
the interactions are unknown for the local observer or con-
troller. Therefore the reconstruction of interactions, plays
an important role in the local observers and controllers
to achieve less conservative performance.

The main idea of this paper is to introduce a scheme to
estimate the interactions in a decentralized approach. The
decentralized observation problem was first considered in
[2]. Necessary and sufficient conditions on the subsystems
were derived in [8] under which the observers could be

designed. In [18] an output-decentralization and stabi-
lization scheme were proposed, which could be directly
used to construct asymptotic state estimators for linear
large- scale systems. The problem of robustness of a Lu-
enberger observer applied to a given large- scale system
was addressed in [7].

In [3] a decentralized filter was obtained by identifying
the dynamics of the interaction variables, and estimating
the local states and interactions using local information.
An indirect method for decentralized estimation of inter-
connected large-scale systems was presented in [4]. In [4],
the estimators were obtained in two steps. In the first
step, an approximate model for the desired local vari-
ables, in an indirect method, was derived. In the second

step a local filter was derived using the obtained model
and the local measurements.

In the previously published papers, such as [19], [3],
and [5], either the local state vector and the interaction
variables are assumed to be available or the interactions

have been treated as disturbances. However in the prac-
tical problems, as considered in this paper, there is no
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measurement on the interaction variables. Our main ob-
jective, in this paper, is to introduce a method for design-
ing decentralized estimators to estimate the states and
interactions, using only local output feedback.

In a decentralized control problem, such as decen-
tralized state estimation or the interaction estimation
problem, the overall large-scale system is split into the
two systems, the related subsystem (ith subsystem) and
the residue system (aggregation of other subsystems). It
should be noted that, the interactions to the ith subsys-
tem are generated by the dynamics of the residue system.
Therefore, by incorporating the dynamics of the residue
system one can expect to reduce the error of the estima-
tion. But if the dynamics of the residue system is added
to the estimator dynamics, the order of the designed filter
becomes very high, while, the aim of decentralized esti-
mation is to use low order estimator for each subsystem.

This paper is organized as follows: Section 2 formulates
the problem. The system under study is described in Sec-
tion 3. Section 4 introduces the main contribution of this
paper, which is to use the Hankel-norm model reduction
technique to obtain some dynamics for the interactions.
In Section 5, the simulation results for a three-area power
system show the effectiveness of the proposed algorithm.

2 PROBLEM STATEMENT

Consider the large-scale LTI system S , composed of
N subsystems Si (i = 1, 2 . . . , N ) described by

ẋi = Aiixi + hi + Biui + Giwi

yi = Cixi + vi

(1)

where, hi is the interaction from other subsystems,

hi =
N∑

j=1, j �=i

Aijxj (2)

where xi ∈ Rni is the state vector of ith subsystem and

ui ∈ Rpi is its control function. Furthermore wi ∈ Rgi is

the disturbance and vi ∈ Rqi is the measurement noise,

which are assumed be bounded. Aii , Bi , Ci , and Gi

describe the dynamics of the isolated ith subsystem, Aij

describes the interaction matrix from the j th subsystem,

which are assumed to have appropriate dimensions. It

is assumed that (Ci, Aii) is observable and (Aii, Bi) is

controllable.
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Fig. 3. Block diagram of area-1

The goal of this paper is to design an estimator Fi for

each subsystem to estimate the interactions from other

subsystems, hi , and the states of ith subsystem. As seen

in Fig. 1, the estimator Fi constructs the estimate of in-

teraction, ĥi , and state estimation x̂i from the input and

output of Si . The local controller uses these estimations

to control the ith subsystem.

3 THE SYSTEM UNDER STUDY

A three-area power system shown in Fig. 2 is taken as
an example system [16]. Figure 3 shows the block diagram
of area 1. Referring to Fig. 3, state vector x , control
vector u , and disturbance vector d can be defined as
follows:

x=

�
�x1

x2

x3

�
� , u=

�
�∆Pc1

∆Pc2

∆Pc3

�
� , d=

�
�∆Pd1

∆Pd2

∆Pd3

�
� , y=

�
� y1

y2

y3

�
�

y1 =[∆f1 ∆Ptie12]
′
, y2 =[∆f2 ∆Ptie23]

′
, y3 =[∆f3]

′

x1 =
�
∆f1 ∆Pt11 ∆Pt21 ∆Pt31 ∆Pg11 ∆Pg21 ∆Pg31 ∆Ptie12

�
′

x2 =
�
∆f2 ∆Pt12 ∆Pt22 ∆Pt32 ∆Pg12 ∆Pg22 ∆Pg32 ∆Ptie23

�
′

x3 =
�
∆f3 ∆Pt13 ∆Pt23 ∆Pt33 ∆Pg13 ∆Pg23 ∆Pg33

�
′
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Table 1. System parameters

Area 1 Area 2 Area 3

D1 = 0.006 D2 = 0.0083 D3 = 0.008 (p.u.Mw/Hz)

M1 = 0.2 M2 = 0.167 M3 = 0.15 (p.u.Mw)
Tt11 = 0.2 Tt21 = 0.3 Tt31 = 0.21 (s)

Tt12 = 0.24 Tt22 = 0.35 Tt32 = 0.22
Tt13 = 0.25 Tt23 = 0.32 Tt33 = 0.23
Tg1i = 2.22 Tg2i = 0.08 Tg3i = 0.1 (s)
R11 = 2.2 R21 = 2.45 R31 = 2.23 (Hz/p.u.Mw)
R12 = 2.23 R22 = 2.5 R32 = 2.21
R13 = 2.21 R23 = 2.48 R33 = 2.22
α1i = 0.25 α2i = 0.5 α3i = 0.5
α12 = 0.2 α23 = 5.0
T12 = 0.272 T23 = 0.109 (p.u.Mw/Hz)

where are: ∆fi - incremental frequency deviation of area i ,

∆Pgki - incremental governor valve position change of gen-

erator k of area i , ∆Pci - control input of area i , ∆Ptki -

incremental output of generator k in area i , ∆Ptie ij - incre-

mental change in tie-line power between areas i and j , ∆Pdi

- disturbance of area i , Mi - equivalent inertia constant for

area i , Di - equivalent damping coefficient for area i , Tgki -

governor time constant of generator k for area i , Ttki - turbine

time constant of generator k for area i , Tij -synchronizing co-

efficient in normal operating conditions between areas i and

j , aij - ratio between the rated MW capacity of areas i and

j , αki - distribution factor for generator k , Ri - drooping

characteristic for area I .

The system parameters are listed in Table 1.

4 REDUCED ORDER MODEL TECHNIQUE

In this section, a low order dynamic model (closed to the

dynamic of the main system) is considered for the interaction

estimator. It is clear that the closer the order of the approxi-

mate model is to the order of the residue system, the error of

the estimation is less. The proposed method in this section is

to use the Hankel-norm model reduction technique to reduce

the order of the dynamics of the residue system to a low order

”approximate” model. This method is only applicable when

the residue system is stable.

In model reduction techniques [14, 15, 17], the state-space

description of a stable system is transformed to balanced coor-

dinates, where the observability and controllability Gramians

are equal and diagonal (“balanced”). The diagonal elements of

the balanced Gramian in fact form a set of closed-loop input-

output invariant (the Hankel singular values) which quantify

the contribution of each state to the input-output map of

the system. States that contribute weakly to the input-output

map, are deleted. The method has some appealing properties:

it generically leads to a stable reduced-order model and an

error bound exist in terms of the truncated Hankel singular

values.

Now the dynamics of large-scale system (1) is rewritten as

ẋi = Aiixi + hi + Biui + Giwi

yi = Cixi + vi ,
(3)

˙̃xi = Ãix̃i + Ahixi + B̃iũi + G̃iw̃i

hi = C̃ix̃i ,
(4)

where,

C̃i = [A1i A2i . . . Ai(i−1) Ai(i+1) . . . AiN ] ,

B̃i = diag − block{B1 B2 . . . Bi−1 Bi+1 . . . BN} ,

G̃i = diag − block{G1 G2 . . . Gi−1 Gi+1 . . . GN} ,

ũi =

�
�����������

u1

u2

...
ui−1

ui+1

...
uN

�
�����������
, w̃i =

�
�����������

w1

u2

...
wi−1

wi+1

...
wN

�
�����������
, x̃i =

�
�����������

x1

x2

...
xi−1

xi+1

...
xN

�
�����������
, Ahi =

�
������������

A1i

A2i

...
A(i−1)i

A(i+1)i

...
ANi

�
������������

.

Ãi =

�
������������

A11 A12 . . . A1(i−1) A1(i+1) . . . A1N

A21 A22 . . . A2(i−1) A2(i+1) . . . A2N

...
...

...
...

...
...

...
A(i−1)1 A(i−1)2 . . . A(i−1)(i−1) A(i−1)(i+1) . . . A(i−1)N

A(i+1)1 A(i+1)2 . . . A(i+1)(i−1) A(i+1)(i+1) . . . A(i+1)N

...
...

...
...

...
...

...
AN1 AN2 . . . AN(i−1) AN(i+1) . . . ANN

�
������������

Equation (4) shows the dynamics of the residue system (in-
teraction dynamics). By applying the model reduction tech-
nique on equation (4), the reduced order model interaction
is obtained namely “approximate model”. There is one main
question: what is the appropriate order of the approximate
model? If the order of approximate model is selected to be
much less than n − ni , the order of estimator becomes low
which implies simplicity of the estimator but in this case the
error of estimation is increased. One can choose the order of
approximate model as the order of ith subsystem, ie, ni . Note
that, it is assumed that ni < n − ni otherwise, the model re-
duction technique is not necessary and the dynamics of the
residue system can be used as a model for the interactions.

There exists a similarity transformation T , which trans-
forms both the observability and the controllability Grami-
ans of the residue system (4) to the form Σ := diag(σ1, σ2,

. . . , σn−ni) and the balance realization to the form

ż = Abz + Bbxi + wz

hi = Cbz
, (5)

where,

z = T x̃i , Ab = T ÃiT
−1 , Bb = TAhi , Cb = C̃iT

−1 , wz =

T B̃iũi + TG̃iw̃i .

Partition the balance realization (5) according to ni vari-
ables into

	
ż1

ż2



=

	
Ab11 Ab12

Ab21 Ab22


 	
z1

z2



+

	
Bb1

Bb2



xi +

	
wz1

wz2



,

hi = [Cb1 Cb2]

	
z1

z2



,
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and partition accordingly to

Σ =

	
Σ1 0
0 Σ2



.

The ni -state reduced-order model is then obtained as:

ż1 = Ab11z1 + Bb1xi + wz1

hi = Cb1z1 .
(6)

Lemma 1 ([11]). Let Gh := (Ãi, Ahi, C̃i) , the transfer func-

tion matrix of the residue system, be asymptotically stable

and minimal with n − ni states. Assume ni < n − ni and

Ghr := (Ab11, Bb1, Cb1) be an ni -state reduced-order model

obtained by balanced truncation. Then

1) Ghr is in balanced coordinates with balanced Gramian Σ1 .

2) If σni > σni+1 then Ghr is asymptotically stable and

minimal.

3) ‖Gh − Ghr‖∞ ≤ 2 trace [Σ2] .

Note carefully that item 3) gives an error bound in terms

of the truncated Hankel singular values.

The augmentation of the dynamic model of ith subsystem

(3) and reduced-order interaction model (6) result in:

	
ẋi

ż1



=

	
Aii Cb1

Bb1 Ab11


	
xi

z1



+

	
Bi

0



ui +

	
Giwi

wz1




yi = Cixi + vi hi = Cb1z1 .

(7)

Assuming

�	
Aii Cb1

Bb1 Ab11



, [Ci, 0]

�
is observable, then we can

use the measurement signal yi and introduce a Kalman filter
to estimate xi and hi as follows:

	
˙̂xi

˙̂z1



=

	
Aii Cb1

Bb1 Ab11


	
x̂i

ẑ1



+

	
Bi

0



ui + Ki(yi − Cix̂i),

x̂i(0) = 0, ẑi(0) = 0,

Ki = P

	
C⊤

i

0



R

−1
, (8)

Ṗ =

	
Aii Cb1

Bb1 Ab11



P + P

	
Aii Cb1

Bb1 Ab11


⊤

−P

	
C⊤

i

0



R

−1[Ci 0]P + Q , P (0) = P0 .

5 SIMULATION RESULTS

In order to demonstrate the effectiveness of the proposed
decentralized interaction estimation, numerical simulations
have been carried out. Now the proposed interaction estima-
tion method is implemented to a multi-area power system,
which is described in Section 3. For each area, it is assumed
that there occurs 0.1 puMW step disturbance in other two
area. A local estimator is design for each area and the esti-
mated interactions are shown in Figures 4 to 7.

It should be noted that, since the estimation of interactions
is the main goal of this paper, no control input signals, ∆Pci ,
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are considered for each area. In fact they have no effect on the
estimation results.

In area 1 there exist one interaction signal, T12∆f2 , which
is the frequency deviation of area 2 and in area 2 there ex-
ist two interaction signals, T23∆f3 and ∆Ptie12IM2 , and in
area 3 the interaction signal is ∆Ptie23IM3 .

The simulation results show the effectiveness of the pro-
posed algorithm even in the presence of measurement noise
and disturbances.

6 CONCLUSION

In this paper, the design of decentralized estimators for
interconnected large-scale systems was investigated. Local es-
timators were designed to estimate the interactions and states
of each subsystem using only the local output measurement.
We outlined the model reduction technique to construct an
approximated model for the interaction dynamics. Numeri-
cal simulations were presented for a multi-area power system.
These simulation results demonstrated the effectiveness of the
proposed method.

References

[1] ALDEEN, M.—TRINH, H. : Load-Frequency Control of In-
terconnected Power System via Constrained Feedback Control
Schemes, Comput. Electr. Eng. 20 (1994), 71–88.

[2] AOKI, M.—LI, D. : Partial Reconstruction of State Vectors in
Decentralized Dynamic Systems, IEEE Trans. Automat. Contr.
AC-18 (1973), 289–292.

[3] BEKHOUCHE, N.—FELIACHI, A. : Decentralized Discrete

Time Filters, Proceeding of the 27th IEEE Conference on De-

cision and Control, pp. 81–83, 1988.

[4] BEKHOUCHE, N.—FELIACHI, A. : Decentralized Estimation:

an Indirect Method, Proceeding of the 37th IEEE Conference
on Decision and Control, pp. 366–369, 1998.

[5] BEKHOUCHE, N.—FELIACHI, A. : Decentralized Estimators
for Interconnected Systems Using the Interface Information,

Proceeding of the 29th IEEE Conference on Decision and Con-
trol, pp. 250–254, 1990.

[6] CHEN, Y. H. : Decentralized Robust Control System Design for
Large-Scale Uncertain Systems, Int. J. Control 47, 1195–1205.

[7] CHEN, B.—LU, H. : State Estimation of Large-Scale Systems,

Int. J. Contr. 47 No. 6 (1988), 1613–1632.

[8] FUJITA, S. : On the Observability of Decentralized Dynamic
Systems, Int. J. Cont. 26 (1974), 45–60.

[9] GEROMEL, J. C.—PERES, P. L. D. : Decentralized Load Fre-
quency Control, IEE Proc. D 132 (1985), 225–230.

[10] HIYAMA, T. : Design of Decentralized Load-Frequency Regula-
tors for Interconnected Power Systems, IEE Proc. C 129 (1982),
17–23.

[11] JAMSHIDI, M. : Large-Scale Systems: Modeling and Control,
North-Holland, New York, 1983.

[12] LIM, K. Y.—WANG, Y.—ZHOU, R. : Robust Decentralized
Load-Frequency Control of Multi-Area Power Systems, IEE
Proc.-Gener. Transm. Distrib. 143 No. 5, 377–386, 1996.

[13] LUNZE, J. : Feedback Control of Large-Scale Systems, Prentice
Hall, 1992.

[14] MOOR, B. C. : Principal Component Analysis in Linear Sys-
tems: Controllability, Observability, and Model Reduction, IEEE
Trans. Automat. Contr. AC-26 No. 1 (1981), 17–32.

[15] MUSTAFA, D.—GLOVER, K. : Controller Reduction by

H∞ -Balanced truncation, IEEE Trans. Automat. Contr. AC-36

No. 6 (1991), 668–682.

[16] OKADA, K.—YOKOYAMA, R.—SHIRAI, G.—SASAKI, H. :

Decentralized Load Frequency Control with Load Prediction in

Multi-Area Power System, IEEE Conf. on Control, pp. 649–654,

1988.

[17] PERNEBO, L.—SILVERMAN, L. M. : Model Reduction via

Balanced State-Space Representations, IEEE Trans. Automat.

Contr. AC-27 No. 2 (1982), 382–387.

[18] SILJAK, D. D.—VUKCEVIC, M. B. : Decentralization, Stabi-

lization, and Estimation of Large-Scale Systems, IEEE Trans.

Automat. Contr. AC-21 (1976), 363–366.

[19] SPERRY, R. K.—FELIACHI, A. : Discrete Time Decentralized

Estimators for Interconnected Systems, Proceeding of the 27th

IEEE Conference on Decision and Control, pp. 396–400, 1988.

[20] MURTY, P. S. R. : Power System Operation and Control, Mc-

Graw-Hill Publishers, 1984.

[21] ELGEND, OI.—FOSHA, C. E. : Optimum Megawatt Frequency

Control of Multi Area Electric Energy System, IEEE Trans.

PAS-89 (1970).

[22] MALIK, O. P.—KAMAR, A. : A Loud Frequency Control Al-

gorithm Based on Generalized Approach, IEEE Trans. on Power

Systems 3 (1988).

[23] LIAW, C. M.—CHAO, K. H. : On the Design and Optimal Au-

tomatic Generation Controller for Interconnected Power System,

Int. Journal of control 58 (1993).

Received 20 February 2001

Mohammad Hosein Kazemi was born in Iran in 1967.

He is a PhD student of the Amirkabir university from Iran.
He received his BSc in electrical engineering from K. N. Toosi

university and his MS in control engineering from Sharif uni-

versity in Iran in 1992 and 1994. His research interests are

large-scale systems, power system control, adaptive and ro-

bust control theory..

Mehdi Karrari was educated in IRAN from 1966 to 1985

where he received his BSc in power systems. In 1987 he re-

ceived his MS in control system from imperial college in Lon-
don and his PhD in control engineering from Sheffield univer-

sity in England in 1991. From 1991, he is member of staff in

electrical engineering, Amirkabir university. His research in-

terests are nonlinear system identification and power system
control.

Mohammad Bager Menhaj was born in Iran in 1959.

He received the MS and PhD degrees in electrical engineering
from OSU, USA, in 1989 and 1992, respectively. In 1993, he

joined the Amirkabir university of technology in Tehran-Iran,

where he is currently Associate Professor of control group.

He is author and co-author of more than 110 technical pa-
pers. He is author of two books: Computational Intelligence

(Vol. 1): Fundamentals of Neural Networks, in Persian, (Pro-

fessor Hesabi Center of Publishing, Tehran, 1998) Application

of Computational Intelligence in Control (Vol. 1), (Professor

Hesabi Center of Publishing, Teheran, 1998). His main re-
search interests include theory of computational intelligence,

nonlinear system theory, adaptive filtering and systems, sig-

nal processing and their applications in control, power systems

and communications.


