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Implementation of Adaptive Critic-Based
Neurocontrollers for Turbogenerators in
a Multimachine Power System

Ganesh Kumar Venayagamoorit§enior Member, IEEERonald G. HarleyFellow, IEEE and
Donald C. WunschSenior Member, IEEE

Abstract—This paper presents the design and practical hard- ~ Synchronous turbogenerators supply most of the electrical
ware implementation of optimal neurocontrollers that replace the energy produced by mankind, and are largely responsible for
conventional automatic voltage regulator (AVR) and the turbine 1 5intaining the stability and the security of the electrical net-

governor of turbogenerators on multimachine power systems. The K The effecti trol of th devi is theref
neurocontroller design uses a powerful technique of the adaptive work. The eflective control of these devices, IS thereiore, very

critic design (ACD) family called dual heuristic programming important. However, a turbogenerator is a highly nonlinear, non-
(DHP). The DHP neurocontrollers’ training and testing are stationary, fast acting, multi-input-multi-output (MIMO) device

implemented on the Innovative Integration M67 card consisting of - with a wide range of operating conditions and dynamic charac-
the TMS320C6701 processor. The measured results show that theteristics that depend on the power system to which the generator

DHP neurocontrollers are robust and their performance does not i nnected t Conventional automatic Volt requlator
degrade unlike the conventional controllers even when a power 'S CONNected 100. Lonventional automatic voltage regulators

system stabilizer (PSS) is included, for changes in system oper-(AVRs) and turbine governors are designed based on some
ating conditions and configurations. This paper also shows that linearized power system model, to control the turbogenerator

it is possible to design and implement optimal neurocontrollers jn some optimal fashion around one operating point. At any
for multiple turbogenerators in real time, without having to do  giher gperating points the conventional controller technology
continually online training of the neural networks, thus avoiding
risks of instability. cqnpot cope well and the generator performance _degrades, thus
driving the power system into undesirable operating states [1].

Additionally, the tuning and integration of the large number
of control loops typically found in a power station can prove
to be a costly and time-consuming exercise.

In recent years, renewed interest has been shown in
. INTRODUCTION power-system control using nonlinear control theory, partic-

POWER-SYSTEM control essentially requires a Cominularly. to improve system t.ransient stability .[2]—[6]. Ins'tead
uous balance between electrical power generation an®fUsing an approximate linear model, as in the design of
varying load demand, while maintaining system frequendj)€ conventional power system stabilizer, nonlinear models
voltage levels, and power grid security. However, generatdf€ used and nonlinear feedback linearization techniques are
and grid disturbances can vary between minor and large imb@Ployed on the power system models, thereby alleviating
ances in mechanical and electrical generated power, while fig operating point dependent nature of the linear designs.
characteristics of a power system change significantly betwednlinear controllers significantly improve the power system'’s
heavy and light loading conditions, with varying numbers dfansient stability. However, nonlinear controllers have a more
generator units and transmission lines in operation at differétmplicated structure and are difficult to implement relative to
times. The result is a highly complex and nonlinear dynami@ear controllers. In addition, feedback linearization methods
electric power grid with many operational levels made up éguire exact system parameters to cancel the inherent system
a wide range of energy sources with many interaction poinfionlinearities, and this contributes further to the complexity of
As the demand for electric power grows closer to the availapfability analysis. Th_e_ design of decentralized I?near controllers
sources, the complex systems that ensure the stability dA¢nhance the stability of interconnected nonlinear power sys-
security of the power grid are pushed closer to their edge.  €mMs within the whole operating region remains a challenging
task [7].
, . _ However, the use of computational intelligence, especially

Manuscript received September 15, 2002. This work was supported by thet.f. ial intelli iall ificial | K
National Research Foundation of South Africa and by the National Sciergetificlal Intelligence, especially artificial neural networks
Foundation. _ (ANNSs), offers a possibility to overcome the above mentioned
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(for example, deviation of terminal voltage from its steadgan be obtained with only the knowledge of relative degrees,
value) as inputs, can identify experimentally the complex arsabilizing controllers for nonlinear systems are difficult to de-
nonlinear dynamics of a multimachine power system, witkign. As a result, most research on ANN-based controllers has
sufficient accuracy [10], and this information can then be usédcused on nonlinear systems, whose stabilizing controllers are
to design a nonlinear controller which will yield an optimateadily available once some unknown nonlinear parts are iden-
dynamic system response irrespective of the load and systified, such as
configurations.

Previous publications have reported on the different aspects " = f(z" L, z) + bu )
of neural network based control of generators. Some have pro-
posed the use of neural-network-based power system stabilizeith full state feedback, whergis to be estimated by an ANN.
(PSSs) to generate supplementary control signals [11]-[15]. Gpren though some methods have been suggested for using
timal PSS parameters have been derived using techniques stisiNs in the context of a general controller structure [27],
as Tabu search and genetic algorithms and shown to be eff@8], the stability implication of updating a network online
tive over a wide range of operating conditions in simulatiois unknown. Furthermore, since an ANN controller can have
[16], [17]. Others have considered a radial basis function (RBRjany weights, it is gquestionable whether the network can
neural network in simulation, using actual values of signals, asdnverge fast enough to achieve good performance. Besides,
not the deviation values of those signals, to replace the AMR closed-loop control systems with relatively short time
[18], and the AVR and the PSS [19]. Another paper [20] has reenstants, the computational time required by frequent online
ported on a MLP neural-network regulator replacing the AVRaining could become the factor that limits the maximum
and turbine governor, in simulation only, with deviation signalsandwidth of the controller.
as inputs and actual signals as outputs of the neural network. Previous work by the authors [29] presented a technique using

Experimental results using the RBF neural-network comdaptive critics for designing a turbogenerator neurocontroller
troller with deviations signals as inputs, and actual signails simulation on a single machine infinite bus power system,
as outputs of the neural network, to replace the AVR onlwhich overcomes the risk of instability [30], the problem of
have been considered in [21]. References [18], [21] havesidual error in the system identification [31], input uncertain-
reported that RBFs have some advantages over the MLP netiesd [32], and the computational load of online training. This
networks, with training and locality of approximations, makingaper extends the work in [29] to the design of multiple adap-
them an attractive alternative for online applications. Measuréde critic’'s based neurocontrollers experimentally on a multi-
results for an MLP-based controller replacing the AVR onlynachine power system in real time.
have been reported in [19]. An online trained MLP feedforward The design and practical laboratory hardware implementa-
neural-network-based controller, with deviations signals [1@ibn of nonlinear excitation and turbine neurocontrollers based
as inputs and outputs of the neural network, to replace bath dual heuristic programming (DHP) theory (a member of the
the AVR and the turbine governor have been considered adaptive critics family) for turbogenerators in a multimachine
simulation [22] and in real-time implementation on a PC-basgmwer system, to replace the conventional automatic voltage
platform [23]. regulators (AVRs) and turbine governors, is presented in this

However, all these neurocontrollers require continual onlinmper. The DHP excitation and turbine neurocontrollers are im-
training of their neural networks after commissioning. In mogtlemented on a digital signal processor (DSP) to control the
of the above results, an ANN is trained to approximate variotsrbogenerators. The practical implementation results show that
nonlinear functions in the nonlinear system. The information koth voltage regulation and power system stability enhancement
then used to adapt an ANN controller. Since an ANN identifieran be achieved with these proposed DHP neurocontrollers, re-
is only an approximation to the underlying nonlinear systergardless of the changes in the system operating conditions and
there is always residual error between the true plant and tenfigurations. These results with the DHP neurocontrollers are
ANN model of the plant. Stability issues arise when the ANNetter than those obtained with the conventional controllers even
identifier is continually trained online and simultaneously usadglith the inclusion of a conventional power system stabilizer.
to control the system. Furthermore, to update weights of the
ANN identifier online, gradient descent algorithms are com- Il. ADAPTIVE CRITIC DESIGNS(ACDS)
monly used. However, it is well known in adaptive control that
a brute force correction of controller parameters, based on fhe
gradients of output errors, can result in instability even for some ACDs are neural-network designs capable of optimization
classes of linear systems [24], [25]. Hence, to avoid the possirer time under conditions of noise and uncertainty. A family
bility of instability during online adaptation, some researchef ACDs was proposed by Werbos [33] as a new optimization
proposed using ANNs such as radial basis functions, where vdaeiehnique combining concepts of reinforcement learning and
able network parameters occur linearly in the network outputsgproximate dynamic programming. For a given series of con-
such that a stable updating rule can be obtained [26]. To dat®] actions that must be taken sequentially, and not knowing
the development of nonlinear control using ANNSs is similar tthe effect of these actions until the end of the sequence, it is
that of linear adaptive control because the ANNs are used oiypossible to design an optimal controller using the traditional
in linearized regions. Unfortunately, unlike linear adaptive corsupervised learning neural network. The adaptive critic method
trol, where a general controller structure to stabilize a systasetermines optimal control laws for a system by successively

Background
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adapting two ANNs, namely an action neural network (whictiifferentiable structure is suitable as a building block. The inter-
dispenses the control signals) and a critic neural network (whiglationships between members of the ACD family have been
“learns” the desired performance index for some function assgeneralized and explained in detail by Prokhorov [35], [36],
ciated with the performance index). These two neural netwonkhose results have been modified for the study in this paper as
approximate the Hamilton—Jacobi—Bellman equation associagftbwn in Section 11-B—D. This paper compares DHP type of
with optimal control theory. The adaptation process starts withitic for neurocontroller implementations, against the results
a nonoptimal, arbitrarily chosen, control by the action networkptained using conventional proportional integral derivative
the critic network then guides the action network toward the of?ID) controllers [37], [38] for multiple turbogenerators.

timal solution at each successive adaptation. During the adap-

tations, neither of the networks need any “information” of aB. Dual Heuristic Programming Neurocontroller

optimal trajectory, only the desired cost needs to be known. Fur-rp o itic neural network in the DHP scheme shown in Fig. 1

thermore, this method determines optimal control policy forﬂtfstimates the derivatives of with respect to the vectoAY

entire range of initial conditions and needs no external tram'n@)utputs of the model neural network) and learns minimization

unlike oth.er neurocontrollers. . . of the following error measure over time:
Dynamic programming prescribes a search which tracks

backward from the final step, retaining in memory all sub- Ell = EL (D) En(t 3
optimal paths from any given point to the finish, until the Il Z c(t)Ec(t) ®)
starting point is reached. The result of this is that the proced

is too computationally expensive for most real problems. In

supervised learning, an ANN training algorithm utilizes a AJ[AY (1)] DJIAY (t+1)]  OU[AY (1)]

i i i t) = - 4
desired output and, having compared it to the actual outpu{?C( ) OAY (t) ! IAY (1) IAY (1) @
generates an error term to allow the network to learn. The

backpropagation algorithm is typically used to obtain thghere(.)/dAY (t) is a vector containing partial derivatives of
necessary derivatives of the error term with respect to thee scalar (.) with respect to the components of the vestor
training parameters and/or the inputs of the network. Howevethe critic neural network’s training is more complicated than in
backpropagation can be linked to reinforcement learning igop, since there is a need to take into account all relevant path-
the critic network which has certain desirable attributes. T%ys of backpropagation as shown in Fig. 1, where the paths of
technique of using a critic, removes the learning process Ofigrivatives and adaptation of the critic are depicted by dashed
step from the control network (traditionally called the “actiomnes. In Fig. 1, the dashed lines mean the first backpropagation
network” or “actor” in ACD literature), so the desired complet@ng the dashed-dotted lines mean the second backpropagation.
trajectory over infinite time is not necessary. The critic networthe model neural-network in the design of DHP critic and ac-
learns to approximate the cost-to-go or strategic utility functiafpn neural networks are obtained in a similar manner to that
at each step (the functioh of Bellman’s equation in dynamic gescribed in [10], [29].

programming) and uses the output of the action network as ongn the DHP scheme, application of the chain rule for deriva-
of its inputs, directly or indirectly. The cost-to-go function igjyes yields

given as follows:

OJ[AY (¢ +1)] _ i:j\i(t N l)amﬁ;(t +1)

J(Y () = i YUY (t+ k) ) IAY;(1) IAY;(1)
k=0

UL OAYi(t+1) OAR(t
DRI plLL )M’;j((j) ©)

where~ is a discount factor for finite horizon probleni@ <
v < 1), U(+) is the utility function or the local cost arid(t) is
an input vector to the critic. where); (t + 1) = J[AY (¢ + 1)]/0AY;i(t + 1)), andn, m, j
Different types of Critics have been proposed. For examplgre the numbers of outputs of the model, action, and critic neural
Watkins [34] developed a system known as Q-learningetworks, respectively. By exploiting (5), eachofomponents

explicitly based on dynamic programming. Werbos, on thef the vectorE(t) from (4) is determined by
other hand, developed a family of systems for approximating

dynamic programming [33]; his approach subsumes other OJ[AY (t)] DJAY (t +1)]

designs for con.tinuous domgins. For example,_ Q.-Iearnir%'?i t) OAY;(t) v ONY;(t)

becomes a special case of action-dependent heuristic dynamic m )

programming (ADHDP), which is a critic approximating the _M _ Z oU(t) Lk(f) (6)

J function (see Section 1I-B), in Werbos’ family of adaptive OAYj(t)  £= 0Ak(t) OAY;(t)

critics. A critic which approximates only the derivatives of the

function J with respect to its states, called the dual heuristic The signals in Fig. 1 labeled with a path number represent the
programming (DHP), and a critic approximating bottand its  following.

derivatives, called the globalized dual heuristic programming 1) Path 1 represents the outputs of the plant fed into the
(GDHP), complete this ACD family. These systems do not model neural network #2. These outputs && (),
require exclusively neural-network implementations, since any AY (t — 1) andAY (t — 2).
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path 1 ! ' S Network AY() — NNeuralk At +A1 )
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Fig. 1. DHP Critic network adaptation. This diagram shows the implementation of (6). The same critic network is shown for two consecutiantiines] .
Firstand second backpropagation paths are shown by dashed lines and dashed-dotted lines, respectively. The output of the chitichehiobackpropagated
through the model from its outputs to its inputs, yielding the first term of (5)@Att + 1)/0A(t). The latter is backpropagated through the Action from its
output to its input forming the second term of (5). Backpropagation of the v8€i¢t)/3.A(t) through the action results in a vector with components computed
as the last term of (6). The summation produces the error v&itor for critic training.

U () 8) Path 8 is the backpropagated signal of the term
0A, (1) """"ngﬁgﬁ} oU(t)/9A(t) (Fig. 2) with respect to path 3 and is
Neural th-———_ g Sy (QU(H)/0Ak(5) (9Ax(1)/OAY; (1)) in (6).
au() Network | 9) Path 9 is a product of the discount factoand the path
FY 0 40 D 7 signal, resulting in term ind.J{AY (¢ + 1)]/OAY; (1)
in (6).
Fig. 2. Backpropagation df (t) through the model neural network. 10) Path 10 represents the output of the critic neural network

#1,0J[AY (£)]JOAY (t).

2) Path 2 representsthe outputs of the action neural network11) Path 11 represents the tedifi (¢)/0AY (¢) (Fig. 2).
fed into the model neural network #2. These outputs are 12) Path 12 represents:;(¢) given in (6) and as follows:
A(t), A(t — 1) and A(t — 2).

3) Path 3 represents the outputs of the plant fed into the acPath12 = E.»;(t) = path10 — path9 — pathll — path8.
tion neural network. These outputs a&x& (¢), AY (¢ —

1), andAY (¢t — 2). The partial derivatives of the utility functiofy(¢) with re-

4) Path 4 represents a backpropagated signal of t§gecttad,(t),andAY (t),0U(t)/0A.(t) anddU (t)/OAY (t),
output of the Critic neural network #2 throughrespectively, are obtained by backpropagating the utility func-
the model neural network with respect to path fion, U(t) through the model network [29] as shown in Fig. 2.
inputs. The backpropagated signal on path 4 is The adaptation of the action network in Fig. 1, is illustrated
S At + 1)(0AY;(t + 1)/0AY(t)) in (5). in Fig. 3 which propagates(t + 1) back through the model

5) Path 5 represents a backpropagated signal of thetwork to the action network. The goal of such adaptation can
output of the critic neural network #2 throughbe expressed as follows [35], [36]:
the Model neural network with respect to path 2

inputs. The backpropagated signgl on path 3 is OU[AY ()] N AJ[AY (t + 1)) _0 Vi @
Doy Ai(t+ 1)(QAY(t +1)/9Ak(2)) in (5). A1) T 0A(r) '

6) Path 6 represents a backpropagation output of path 5
signal ((iv) above) with respect to path 3. The signal ofihe error signal for the Action network adaptation is, therefore,
path 6is>_,—, S0, \i(t+ 1)(0AY;(t + 1)/0Ak(t)) given as follows:
in (5). o
7) Path 7is the sum of the path 4 and path 6 signals resulting Boaolf) = OU[AY (¢)] OJ[AY (t + 1)] ®)
in O.J[AY (¢t + 1)]/0AY; (1), given in (5). a2l =—am " Y7 aam
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Fig. 3. DHP Action network adaptation. Backpropagation paths—dashed lines. The output of the(¢tritid ) at time(# + 1) is backpropagated through the
model from its outputs to its inputs, and the resulting vector is multiplieg bpd added t@U (¢)/9A(¢). Then an incremental adaptation of the action network

is carried in accordance with (9).

The weights’ update expression [35] when applying backprop-
agation is as follows:

MICROALTERNATOR #1 PARAMETERS

TABLE |

o T Too’ =4.50 s Xy = 0.205 pu Rs = 0.006
AW 1o — OU[AY ()] OJ[AY (t+ 1)]| 0A(¢) Tao” =33 ms X4”=0.164 pu H=5.68
A2 =@ DA(t) DA(L) OW A3 Ty’ =025s X,=1.98 pu F=0
9) X4=2.09 pu X" =0.213 pu p=2
whereq is a positive learning rate and 4o are weights of the
DHP Action neural network. TABLE I
The word “Dual” is used to describe the fact that the target MICROALTERNATOR #2 PARAMETERS
outputs for the DHP Critic training are calculated using back-  T.-3725 Xy =0.205 pu Rs = 0.006
propagation in a generalized sense; more precisely, it does use T_5-33ms X, = 0.164 pu H=568
dual subroutines (states and co-states) to backpropagate deriva- To =025s X, = 1.98 pu F=0
tives through the model and action neural networks, as shown ¥ —5595, X, = 0213 pu p=2

in Fig. 1. The dual subroutines and more explanations are found

in [33] and [39].
[33] [39] and control of system stability, two distinct types of system os-

cillations are usually recognized. One type is associated with
generators at a generating station swinging (or oscillating) with
The micromachine laboratory at the University of Natal imespect to the rest of the power system. Such oscillations are
Durban, South Africa has two microalternators, and each oreferred to as “local plant mode” oscillations. The frequencies
represents both the electrical and mechanical aspects of a typifahese oscillations are typically in the range 0.8-2.0 Hz. The
1000 MW alternator. All the per-unit parameters are the sameskond type of oscillations is associated with the swinging of
those normally expected for 1000 MW alternators. The machineany generators in the one part of the power system against gen-
parameters were determined by the standard IEEE methods arators in other parts. These are referred to as “inter-area mode”
are given for microalternators #1 and #2 in Tables | and II, rescillations, and have frequencies in the range 0.1-0.7 Hz. The
spectively [40]. basic function of the power system stabilizer is to add damping
A practical laboratory three machine power system shownfa both types of system oscillations. Other modes which may be
Fig. 4 is set up by using the two microalternators/turbogeneénfluenced by a PSS include torsional modes, and control modes
ators and the infinite bus as the third machine. A photo of thich as the “exciter mode” associated with the excitation system
laboratory consisting of microalternators, transmission line sirand the field circuit [41]. The block diagram of a typical PSS
ulators, high computing machine, etc. is shown in Fig. 5. used to achieve damping of the system oscillations is shown in
The block diagram of the exciter and AVR combination iig. 7 [38]. The considerations and procedures used in the se-
shown Fig. 6 where the saturation factfy is given by (10). lection of the PSS parameters are similar to those found in [38]
The AVR and exciter time constants are given in Table Il and these parameters are given in Table IV.
A separately excited 5.6-kW dc motor is used as a prime
(10) mover, called the microturbine, to drive the microalternator.
The torque-speed characteristic of the dc motor is controlled to
An interconnected power system, depending on its size, Hallow a family of rectangular hyperbola in order to emulate
hundreds to thousands of modes of oscillations. In the analydifferent positions of the steam valve, as would occur in a

I1l. M ULTIMACHINE POWER SYSTEM

S = 0.6093 exp(0.2165V4).
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V. 6
t1 2
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MA
0.01 j0.25 |0.01 j0.25

Micro-Turbine rm

AVR

Vt2

Vref2

Fig. 4. Multimachine power system consisting of two microalternators/turbogenerators G1 and G2 which are conventionally controlled by theeXi&s, go
and PSS.

Micro-

Transmission alternator #2

line simulator

dc motor

Protective
cage over
flywheels

Micro-
alternator #1

Fig. 5. Micromachines laboratory at the University of Natal, Durban, South Africa.

real typical turbine. Appropriately scaled flywheels represenircuit. Each inductance bank contains three of each of the fol-
the different turbine inertia. The microturbine and governdowing size inductors per phase:
Fransfer fupcthn block diagram |s_shown in F.Ig. 8, whﬁ_@f 1) 0.005+0.0625p. U.:
is the turbine input power set point valug,, is the turbine 2) 0.007-+70.1250p. u..
output power andAW is the speed deviation. The governor 3) 0'010+J.0'2500p' u'j
and turbine time constants are given in Table V. 4) 0'012+J.0'5000 ' u"

Transmission lines are modeled using the laboratory trans- ' - p-u.
mission line simulator, which consists of banks of lumped in- These banks of lumped inductors and capacitors can be con-
ductors and capacitors, which can be switched in or out of thected to represent transmission lines in excess of 1700 km, at
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Fig. 6. Block diagram of the AVR and exciter combination.
TABLE I performances of the DSP against the PC. For the application
AVR AND EXCITER TIME CONSTANTS considered in this paper, the cost of the DSP hardware is very
Ty 06165 Tos 0.0235 small (Iess.tha}n 9.3%) cpmpared to the cost of power plant.
T R T 537 S The DSPs intrinsic functions are used when appropriate. The
v ) ¢ i huge computational power was used to the advantage of the ap-
Ty 0.189s Kav 0.003 plication in implementing a dual DHP neurocontroller for two
T 0.039 s generators. The speed of the I-O capability and the interface

with the A4D4-1/O card are exploited in this application.
S _ The critic, action (neurocontroller), and model neural net-
400 kV. For the studies in this paper, only the inductance bankgrks are all implemented on the Innovative Integration M67

are used. card [42] based on the TMS3 206 701 digital signal processor,
operating at 160 MHz, hosted on a Pentium IIl 433 MHz per-

IV. DSP IMPLEMENTATION PLATFORM FOR THE DHP sonal computer. The M67 DSP card is equipped with two A/D
NEUROCONTROLLERS conversion and D/A conversion modules [43]. The input and

The critic, action, and model networks in Figs. 1 and 2 are QHtput signals of the laboratory microalternators differ in their
feedforward neural networks with three layers (input, hiddd@"9e; the terminal voltageds127 'V, the speed i&1500 r/min,
and output). The implementation of multilayered feedforwaridl€ €xciter input voltage i&10 V and the turbine input voltage
neural networks is a numerically computationally intensivé £4 V. Therefore, the signals are all normalized before the
process. The multiply—accumulate operations are very involvBgural network processing is carried out. An overview of the
during both the forward and backward passes. Currently ave_m—SF_’ hardware interface to the laboratory power system is shown
able DSPs that provide high computing power by employing' F|g._ 9. The_ M67 DSP card and, the A/D and D/A modules are
high-level of on-chip parallelism, integrated hardware multdescribed briefly below. _
pliers, specific instruction sets, memory organization schemed¥67 DSP Hardware:The M67 card is a PCI bus compat-
and sophisticated addressing modes, provide a good choicelf DSP card based upon the Texas Instruments TMS320C6701
neural networks hardware implementation. This is because f48@ting point processor. Implementing a modular 1-O expan-
multiply—accumulate time, integrated on-chip random acce¥€n System, the M67 is particularly well suited to data acqui-
memory (RAM), large addressing space and high precisiéﬁ'on and cqntrol tasks, a_nd is sgpported by a collect_lon of
are necessary for efficient virtual implementation of neur&© Pus function cards, which provide hardware interfacing to
networks. For the hardware implementation described in tf&l-world equipment. Fig. 10 gives a block diagram of the M67
paper, one such device is the TMS320C6701 DSP on the Inf3P card. The M67's features include:
vative Integration M67 card. This DSP is chosen in contrasttoa 1) TMS320C6701 160 MHz processor;

FPGA for example, from the Xilinx XC4000 family, because of 2) 1.8 W Power consumption at 160 MHz;

the user friendliness and support tools available when it comes 3) optional external zero wait-state SBSRAM and one wait-
to implementation of very intense complex codes, such as the  state SDRAM memory pools;

adaptive critic designs implementation. The implementation of 4) two inter-board communications ports (up to 80
the DHP neurocontrollers on two generators simultaneously Mbytes/s transfer rate);

in a multimachine power system was not feasible on a PC 5) six channels of on-board timing (two on-chip timers,
hardware in the laboratory. The PC-based implementation three custom 16-bit timers in FPGA logic and the 9850
will require maximum code optimization and the training DDS time-base);

cycles of the action and critic networks will be limited due 6) OMNIBUS module compatible (two available slots on
to the slower platform speed especially with numerous 1-O M67);

interfaces. Therefore, no comparison was carried out on timing 7) 32 bits of digital I1-O;
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Fig. 7. Block diagram of a typical conventional power system stabilizer.
TABLE IV stable. Then the action network is trained further while keeping
PSS TME CONSTANTS AND GAIN the critic neural-network weights fixed. This process of training
Tw 3s T, 0.045s the critic and the action one after the other, is repeated until an

acceptable performance is reached. It is assumed that there is
no concurrent adaptation of the pretrained model neural net-
Tz 02s Kstas 33.93 work, briefly described below. The output of the microalternator

is sampled at 50 Hz, allowing 20 ms for the critic and action
training to take place.

Tl 02s T4 0.045s

8) two serial port connectors; Model Neural Network:The model network training has
9) external mux board control connectors; been described for a multimachine power system in [10]. The
10) JTAG hardware emulation support. same model network is used in the critic and action networks

The OMNIBUS standards provide a fast, flexible, 32-bitraining and is shown in Fig. 12. The weights of the model
wide mezzanine |1-O expansion capability for Innovativaetwork are fixed during the critic and action networks training.
Integration’s DSP and data acquisition boards. OMNIBUShe sigmoidal functions in the hidden layer were computed on
compatible hosts can be equipped with modules supportingh& DSP using thexpinstruction of TMS320C6701.
wide range of I-O specifications and signal standards. Training the Critic Neural Network:In the critic’s training

The A4D4 OMNIBUS module [43] provides the target caraycle, an incremental optimization of (3) is carried out using
processor with four channels of high-speed 200-kHz 16-bit res-suitable optimization technique such as the backpropaga-
olution output A/D conversion per module slot. In additiontion. The flowchart for the critic neural network (Fig. 13)
four channels of high-speed 200-kHz 16-bit resolution D/A coitraining is given in Fig. 14. The functionf-(AY (¢), W¢),
version. The A4D4 module uses two pairs of Analog Device& (AY (¢), Wa4) and fu(AY (¢), A(t), Wa) represent the
AD976AA A/Ds with each channel having independent inputritic, action, and model neural networks with their weights
six-pole anti-alias filters and programmable gain amplifiers fd¥;, respectively.
flexible input. Two pairs of Analog Devices AD7846 D/As with  The critic neural network’s error and weight update equations
output amplifiers and independent channel filtering, gain, amde given in (11) and (12) with the discount factoe 0.5 and
trim, provide for high-speed data output signals. the learning ratex = 0.03. The critic training is carried out for

The four analog inputs on the A4D4 module are succed+ cycles until the weights of the network have convergéd.
sive approximation type A/D converters, which allow for lows initialized to small random values at beginning of the training.
data latency that is critical in control applications and multi-
plexed channel configurations. In addition, each A/D channel P
is calibrated for offset and gain errors allowing accurate mea- Eco(t) :8J[AY(t)] 0 OJAY(E+ 1)) oU(t)

—05 _
surements for a variety of applications. The converters can OAY (1) OAY (1) OAY (1)
be triggered via hardware timer or software access and are o (11)
capable of interrupting the target processor in interrupt driven OJ[AY (1)] OJ[AY (t + 1)]
e AWes = —0.03 -0.5
applications. OAY (t) OAY (t)
Fig. 11 shows the conceptual arrangement of the component
circuitry featured on the board. The DSP card is equipped with _ oU(t)
two such modules. OAY (1)
L0 (odaY@) o OJ[AY (t+1)]
— U.0
V. TRAINING PROCEDURE FOR THECRITIC, ACTION, AND OWea \ OAY(t) OAY (1)
MODEL NEURAL NETWORKS ~ aU(t) 12)
The training procedure is like the one suggested in [35] and it OAY (1)

is applicable to any ACD. It consists of two separate training cy-

cles: one for the criti¢ N¢), and the other for the actiqiiv,). Where the utility functiorl/(¢) is given by (13) [44]
An important measure is that the action neural network is pre-

trained with conventional controllers (AVR and Governor) con- 9
trolling the plant in a linear region. The critic's adaptation is U(t) =[4AV(1) + 4AVi(t — 1) + 44V (¢ — 2)]
done initially with the pretrained action network, to ensure that +[0.4Aw(t) + 0.4Aw(t — 1) + 0.16Aw(t — 2)]°.
the whole system, consisting of the ACD and the plant remains (13)
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Fig. 8. Block diagram of the microturbine and governor combination.

TABLE V backward pass (BP) through the critic network, two BPs through
MICROTURBINE AND GOVERNORTIME CONSTANTS the action network and two BPs through the model network.
Phase advance compensation, Ty, 0264 s For the action network training (Fig. 2), it takes one FP through
e ad — 0036 the critic network, one FP through the action network, one FP
ase advance compensation, 1g DA S through the model network, one BP through the action network,
Servo time constant, Tgs 0.15s and two BPs through the model network. Table VIl gives the
Entrained steam delay, T 0.594 s approximate critic and action networks’ training time per cycle.
Steam reheat fime constant, Ty 3,662 5 One cycle of critic and ac_:tlon_ training takes approximately
110 ps. In a 20-ms sampling time, about 100-150 cycles of
pu shaft output ahead of reheater, F 0.322 critic and action network trainings can be carried out, allowing
Gain K, 0.05 enough time for other processing to take place. For all the

calculations in this paper, the floating point format with 32-bit
single precision was used.

Training the Action Neural NetworkThe action neural
network weights’ update expression [35], [36], when applying  VI. RESULTSWITH THE DHP NEUROCONTROLLERS

backpropagation, is as follows: The two microalternators and the trained DHP neurocon-

X T trollers with fixed weights shown in Fig. 18 are now tested
oU (t) Lo LOJ(t+1) | 0A(1) (14) and their performances are evaluateq_against the conventional
DA(t) 9 DA(t) OW 45 controllers and the power system stabilizer. The DHP neurocon-

troller sampling frequency is 50 Hz and the required time to do

where 0.03 is the learning rafé.» is the weights of the action & forward pass thrOL_Jg.h the action network with fixed yveigh'_[s is
neural network in the DHP scheme and the subscript A2 in (12p0ut 2.3:s. The training of the DHP neurocontroller is carried
represents the DHP action. The flowchart for the adaptation @t in number of steps as explained in the paper. The offline
DHP action neural network (Fig. 15) is shown in Fig. 16. Thiaining involves trammg_ t_he model, action, and critic neurgl
action training is carried out faN 4 cycles until the weights of Networks. The Model training can take 60-100 s and the action
the network have converged. During the action network, trainifg!d Critic training can take 30-50 s. In addition to the offline
weights of the critic network are fixed. training, an online training (natural training; see Fig. 17) is
The overall training procedure of the DHP critic and actioRarried for another 30-50 s. But the time for the natural training
neural networks under the different conditions is shown in tif{épends on the different conditions under which the training is
flowchart in Fig. 17. The training of the critic and action neurdfaried out and can take a longer time.
networks are alternated until both networks have attainedgPerformance Evaluation of the Two DHP Neurocontrollers
training convergence over a wide range of system operatiig Micro-Alternators #1 and #2:Once the DHP neurocon-
conditions and configurations. It is important that the wholollers’ weights have converged, the training is terminated and
system consisting of the neurocontroller and the system remaipg neurocontrollers are allowed to control the microalternators
stable while both of the critic and action networks underg‘ﬁ{ith their weights fixed. The DHP neurocontrollers are tested
adaptation. for dynamic and transient operation for the following three
Computation Cycles for Critic and Action Neural Netdisturbances:
works: Table VI gives the approximate cycles and time ¢ an inductive load addition along the transmission line by
required by the TMS320C6701 160-MHz processor for the  closing switch S1,
forward and backward passes in the critic, action, and model * an increase in the transmission line impedance by opening
neural networks. The add and multiply (MPY) instructions  switch S2;
used here take one and four cycles, respectively. * atemporary three-phase short circuit on bus 7.
For the critic network training (Fig. 1), it takes two forward The tests carried out with different controller combinations
passes (FPs) through the critic network, one FP through thiee summarized in Table VIII. The performances of DHP neu-
action network, two FPs through the model network, onm®controllers (case studies c) in all the above tests are compared

AW 49 = —0.03
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(Infinite Bus)

Fig. 9. Overview of the data capturing and processing system interface to the power system.

SBSRAM SDRAM

OMNIBUS OMNIBUS (1Mbyte) (16 Mbyte)
Slot 1 Slot 0 (Optional) (Optional)
AD9850 DDS
Extornal Bus TMS320C6701
DSP
16-bit Timers
Serial Port 0
32-bit Digital I/O Serial Port 1
JTAG Port
FIFO Port /O Async External
Expansion SRAM Connectors
V360 PCI JTAG
Interface Connectors
PCI Bus

Fig. 10. Innovative Integration M67 DSP card block diagram.

against that of the conventional controllers, the AVR and go2) P = 0.3 p.u. and@ = 0 p.u. (at bus bars 1 and 2 in Figs. 4
ernor (case studies a), as well as with that of a governor plaisd 18). The PSS parameters are carefully tuned [38] for the
an AVR equipped with a PSS (case studies b), for differefitst set of operating condition/y = 0.20 p.u.,Q; = 0 p.u.,
operating points. Measured results are presented for two emd P, = 0.20 p.u.,QQ2 = 0 p.u.). The two microalternators
erating points, namely: 1 = 0.2 p.u. and@Q = 0 p.u. and with their trained DHP neurocontrollers and fixed weights are
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Fig. 11. A4D4 OMNIBUS module block diagram.

Aaxt-1)
Aaxt-2)
Aat-3)
AVr-1)
AV (t-2) o
AVx(t- 3) Update Crmc neural . Initialize: 1. Critic neural network weights to
AP ! ] network weights from their small random numbers, 2. Action neural
(1) previous training. Use weights network weights with the pretrained weights
AP, (1-2) from [10] for the and 3. Model neural network weights
AP, ((1-3) Model neural network with fixed weights obtained from [10].
AV(r-1)
Av,(1-2) |
AV(1-3) " ) Y
Compute the output of the Critic network at time ¢, A(t) = f.(AY(1),W,)
Fig. 12. Model neural-network structure with 12 inputs, 14 sigmoidal hidde ’ Compute the output of the Action network at time 1, A(1) = f,(4¥(1) W, ) |
layer neurons, and two linear neurons. l

Predict the output of the Plant using the Model network at time 7+1,
Y(t+1) = £y, (AY(1), 4A(1), Wy)

A
t 7y

A(II\X ) | Predict the output of the Critic network at time 7+1, A(t+1) =fc(A)/’\(t+1), Ww,) |
Adaxt-1) l
Adxt-2)

A | Compute the Critic network error at time ¢, E,,(¢) from eq. (11) ]
V(1)
A‘/{,( t-1) l
4vi(1-2) | Update the Critic weights using the backpropagation algorithm in eq. (12) |

No

Critic network
Qutput converged?

Fig. 13. DHP Critic neural-network structure with six inputs, ten sigmoide At the next time step
hidden layer neurons, and two linear neurons. repeat the Critic training

now tested and their performances are evaluated against the con-
ventional controllers and the power system stabilizer. Fig. 14. Flowchart for the DHP critic neural-network training.

Case Study 1: An Inductive Load Addition at the First Op-
erating Condition P = 0.2 p.u.,Q = 0 p.u.): At the first 7 by closing switch S3 at time = 10s. Fig. 19 shows the
operating condition, an inductive loa#, = 0.8 p.u. at power load angle response of microalternator #2 for the three dif-
factor (pf) of 0.85, is added to the transmission line at bdsrent controller combinations (case studies la to 1c), since
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Aat-1)
Aa(t-2)
Aaxt-3)
AV(t-1) AV (1) Forced Natural
AVr ) Type of training?
(1-2) APref(t )
A4V (t-3)
Apply PRBS Apply load additions, Operate the micro-alternator at
deviations to the changes in line same steady state condition at
exciter voltage impedance and three which the Action neural network was
and turbine power short circuits pretrained
Fig. 15. DHP action neural-network structure with six inputs, ten sigmoide l l l
hidden layer neurons, and two linear output neurons. . — -
Train the Critic neural network with the Action and Model neural networks
having fixed weights
Train the Action neural network with the Critic and Model neural networks
having fixed weights
Load Critic and Action neural 1. LOi.id the (?ntlc ne}lltal network welg'hts No Critic network output
networks weights from their from its previous training, 2. Load Action .
", veig N al network weights with th trained and Action networks
previous training. Use weights neural network welgits with (e pretraine At the next cycle weights converged?
from [10] for the weights and repeat the trainin,
Model neural network 3. Model neural network weights with weights P s
obtained in [10]

| I

Backpropagate A(t+1) through the Model neural network to get z?f( t+1)/dA(t) and

multiply with the disc"““‘lfac“’f 0.5 (to obtain say X) Fig. 17. Overall training steps for the DHP critic and action neural networks.
kompute the Action network error at time ¢, E,,(#) by adding X above to AU(t)/IA( t)] . . . .
1 of microalternator #2 for this test with the three different

| controller combinations. Clearly the DHP neurocontrollers
(case study 2c) again exhibit superior damping and allow lesser

overshoots compared to the performance of the conventional
controllers even when equipped with a PSS. The load angle
response of microalternator #1 for the same disturbance is
shown in Fig. 22. It is clear the DHP neurocontrollers exhibit
the best damping of the controllers.

Case Study 3: A Temporary 125 ms 3-Phase Short Circuit
Fig. 16. Flowchart for the DHP action neural-network training. at the First Operating ConditionR = 0.2 p.u. andQ =

0 p.u.): Atthefirstoperating condition, atemporary 125 ms du-

the load angle is widely accepted as measure of controltation three-phase short circuit at bus 7 is carried ottati 0s.
damping. The DHP neurocontrollers (case study 1c) ensufigs. 23 and 24 show the terminal voltage and the load angle re-
minimal overshoot on the load angle unlike with the conversponses of microalternator #2 for this test with the three different
tional controllers. This is to be expected since the AVR armbntroller combinations. The fault is placed close to microalter-
the governor parameters have been tuned for only small distnator #1 and as a result the disturbance is felt more severe on
bances at this operating point. The terminal voltage respoma&roalternator #1 than on microalternator #2. Fig. 25 shows
of microalternator #2 is not shown, because relatively littlhne load angle response of microalternator #1.
disturbance and improvement are experienced since the faulCase Study 4: An Inductive Load Addition at the Second Op-
is closer to microalternator #1. For the same disturbance, trating Condition £ = 0.3 p.u. and@Q = 0 p.u.): At the
load angle response of microalternator #1 is shown in Fig. 28econdoperating condition, an inductive loa®, = 0.8 p.u.
The PSS (case study 1b) on microalternator #1 improves thigpower factor (pf) of 0.85, is added to the transmission line at
performance of the conventional controllers. It is clear that theis 7 by closing switch S3 at time= 10s. Fig. 26 shows the
two DHP neurocontrollers (case study 1c) give the best pdoad angle response of microalternator #2 for the three different
formance of the three different controller combinations (casentroller combinations. The two DHP neurocontrollers (case
studies la-1c). study 4c) ensure minimal overshoot and better damping on the

Case Study 2: An Addition of a Series Transmissidoad angle compared to the other controller combinations. This
Line at the First Operating Conditon { = 0.2 p.u., isto be expected since the conventional AVR and the governor
Q = 0 p.u.): At the first operating condition, the seriesparameters have been tuned for only small disturbances at the
transmission line impedance is increased at time= 10s firstoperating point. For the same disturbance, the load angle re-
from Z = 0.022 + j0.75 p.u. to Z = 0.044 + j1.50 p.u. sponse of microalternator #1 is shown in Fig. 27. The PSS (case
by opening switch S2. Fig. 21 shows the load angle resporstady 4b) on microalternator #1 improves the performance of

’ Update the Action weights using the backpropagation algorithm in eq. (14)

No

Action network
eights converged?

At next time step (1+1)
repeat the Action neural
network training
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TABLE VI
FORWARD AND BACKWARD PASS CYCLES AND TIME BASED ON A 160-MHz CLOCK SPEED
Neural FP-no. | FP-no.of | Totalno. | Time/ | BP-no. | BP-no.of | Total no. | Time/
Network of MPYs additions of cycles | FP of MPYs additions | of cycles BP
(ps) (ms)
Critic 80 68 388 2.328 302 148 1356 8.136
(6x10x2)
Action 80 68 388 2.328 302 148 1356 8.136
6x10x2)
Model 196 180 964 5.784 408 390 2022 12.132
(12x14x2)
TABLE VI
CRITIC AND ACTION NETWORK TRAINING TIME
Neural Network | Critic Passes Action Passes Model Passes Total Time
(us)
Critic 2FP+1BP 1FP +2BP 2FP +2BP 67.224
Action 1FP 1FP +1BP 1FP +2BP 42.84
Pt 1 7 s2 4

Micro #1

0.01 j0.25| 0.012 j0.5

0.022 0.75

XS1

Load
DHP 0.022 = B
N troller #1 Ao j0.75 = Infinite
eurocontroller AV, , . 5 e
Prer2 Micro #2
F’m2 6
z G2
AP, Micro-Turbine (M 001 j0.25 | 0.012 j0.50

DHP
Neurocontroller #2

A,
AV,

Fig. 18. Multimachine power system consisting of turbogenerators G1 and G2 controlled by DHP neurocontrollers.

the conventional controllers. It is clear that the two DHP neurgentroller performance is significant and plays a major role in
controllers again give the best performance of the four differer@storing power plants that are operating close to their stability
controller combinations. limits and undergoing severe disturbances, like a three-phase
The neurocontrollers have also been tested at other operashgrt circuit.

points for the transmission line impedance change and thdn order to implement these DHP neurocontrollers on a
three-phase short circuits. Compared to the conventiomammercial power station platform, a procedure similar to
controllers, the neurocontrollers’ performance never degradis laboratory will have to be carried out but in a stepwise
during these tests and the DHP neurocontrollers consisterfdghion, like starting with a supplementary DHP neurocontroller
had better damping. Depending on the type of test carried otat,the AVR and eventually over time replacing the AVR first,
the DHP neurocontrollers have settling times faster than tretd then the governor as well. The DHP neurocontrollers
with the other controllers by 2-10 s. This improvement ioould be implemented on a number of commercially available
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TABLE VI

SUMMARY OF TEST CARRIED OUT

Case Study Alternator #1 Alternator #2 Operating Points Test
Controller Controller
la CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Inductive load addition at bus 7
and governor governor 02pu& Q,=0pu in Fig. 4
1b CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Inductive load addition at bus 7
and governor plus governor 02pu& Q,=0pu in Fig. 4
PSS
Ic DHP DHP P,=02pu,Q,=0pu, P, = Inductive load addition at bus 7
02pu& Q,=0pu in Fig. 18
2a CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Increase of transmission
and governor governor 02pu& Q,=0pu impedance between buses 7 and
4 in Fig. 4
2b CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Increase of transmission
and governor plus governor 02pu& Q,=0pu impedance between buses 7 and
PSS 4 in Fig. 4
2¢ DHP DHP P,=02pu,Q,=0pu, P, = Increase of transmission
02pu& Q,=0pu impedance between buses 7 and
4 in Fig. 18
3a CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Three phase short circuit occurs
and governor governor 02pu& Q,=0pu at bus 7 in Fig.4
3b CONV - AVR CONV - AVR and P,=02pu,Q,=0pu, P, = Three phase short circuit occurs
and governor plus governor 02pu& Q,=0pu at bus 7 in Fig.4
PSS
3c DHP DHP P,=02pu,Q,=0pu, P, = Three phase short circuit occurs
02pu& Q,=0pu at bus 7 in Fig.18
4a CONV - AVR CONV - AVR and P,=03pu,Q,=0pu, P, = Inductive load addition at bus 7
and governor governor 03pu& Q;=0pu in Fig. 4
4b CONV - AVR CONV - AVR and P,=03pu,Q,=0pu, P, = Inductive load addition at bus 7
and governor plus governor 03pu& Q;=0pu in Fig. 4
PSS
4c DHP DHP P,=03pu,Q,=0pu, P, = Inductive load addition at bus 7
03pu& Q,=0pu in Fig. 18

DSP or microprocessor platforms that have high precisiatation. Cost of the DSP implementation platform will not be
(32 bits or higher) and clock speeds of at least 100 MHzmajor consideration since it would be a small fraction of the
allowing a number of critic and action neural-network trainingverall cost of the power plant. The first problem would probably
cycles within a sample period of 50-60 Hz. The DSP platforime in persuading operators of power plants to accept this new
used in the laboratory implementation in this paper can b@known technology, and initially one would probably still need
the starting implementation platform for a commercial powehe conventional controllers to be on standby in parallel to the
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neurocontrollers with the ability to rapidly switch from one taetwork will have to be trained first and then followed by the
the other in the event of a malfunction with the neurocontrolleraction and the critic neural networks.

When solid-state diodes were first used in high power rectifiers
during the early 1960s, many customers insisted on having
their tried and trusted mercury arc rectifier on standby with
a changeover switch in case the new diodes malfunctionedAn adaptive critic design based DHP neurocontroller
The second problem would be to obtain sufficient trainingtrategy has been proposed and implemented on an Innovative
data for a wide range of operating conditions which coulshtegration M67 DSP hardware platform in real time to control
take minutes, hours, or even days to obtain. The Model neutla¢ exciters and turbines of multiple turbogenerators in a power

VII. CONCLUSION
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system. These hardware implementation studies on detaildd], [45]. In addition, the enormous computational load only
specially designed turbogenerator systems have evaluadedes during the offline training phase which is handled by
the robust performance of the adaptive critic design-bastte M67 DSP card, and therefore makes the online real-time
neurocontrollers. Once the critic and action neural networksplementation cost of the neurocontrollers cheaper. The DHP
have converged the parameters of the neurocontroller are fixadurocontrollers have better damping when compared to the
This leads to the fact that there are no adaptive parameteosiventional controllers (which are fine tuned at particular
with the neurocontroller online and therefore avoids the risk operating point and system configuration) even when equipped
instability. The convergence guarantee of the critic and actianth a power system stabilizer, especially when the operating
neural networks during offline training has been shown iconditions and system configurations changes. Such neurocon-
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trollers replacing conventional automatic voltage regulators$ie]
and governors could allow power plants to be operated closer to
their steady-state stability limits, thus producing more electrica!m
power per dollar invested.

(18]
ACKNOWLEDGMENT

The authors gratefully acknowledge the University of Natal,[19]
Durban, South Africa, for allowing the usage of the microma-
chines laboratory.

(1]
[2
(3]

(4]

(3]

(6]

(71

(8]

9]

(10]

(11]

(12]

(23]

(14]

[15]

(20]
REFERENCES

B. Adkins and R. G. HarleyThe General Theory of Alternating Current
Machines London, U.K.: Chapman and Hall, 1975.

Q. Lu and Y. Sun, “Nonlinear stabilizing control of multimachine sys-
tems,”IEEE Trans. Power Systol. 4, pp. 236-241, Feb. 1989.

W. Mielczarski and A. Zajaczkowski, “Nonlinear field voltage control
of a synchronous generator using feedback linearizatidntbmatica
vol. 30, pp. 1625-1630, 1994.

J. W. Chapman, M. D. llic, C. A. King, L. Eng, and H. Kaufman, [23]
“Stabilizing a multimachine power system via decentralized feedback
linearizing excitation control,1EEE Trans. Power Systvol. 8, pp.
830-839, Aug. 1993.

Y. Wang, D. J. Hill, L. Gao, and R. H. Middleton, “Transient stability en-
hancement and voltage regulation of power systéEEE Trans. Power
Syst, vol. 8, pp. 620-627, Apr. 1993.

Y. Wang, G. Guo, D. J. Hill, and L. Gao, “Nonlinear decentralized con-
trol for multimachine power system transient stability enhancement,” in
Proc. 1995 Stockholm Power Tech Copp. 435-440.

Z.Qiu, J. F. Dorsey, J. Bond, and J. D. McCalley, “Application of robust
control to sustained oscillations in power systeniSEE Trans. Circuits
Syst. | vol. 39, pp. 470-476, June 1992.

K. J. Hunt, D. Sbharbaro, R. Zbikowski, and P. J. Gawthrop, “Neural net-[28]
works for control systems—A surveyAutomatica vol. 28, no. 6, pp.
1083-1112, 1992.

K. S. Narendra and K. Parthasarathy, “ldentification and control of dy-[29]
namical systems using neural network&EE Trans. Neural Networks

vol. 1, pp. 4-27, Mar. 1990.

G. K. Venayagamoorthy, R. G. Harley, and D. C. Wunsch, “Experi-
mental studies with continually online trained artificial neural network [30]
identifiers for multiple turbogenerators on the electric power grid,” in
Proc. IEEE-INS Int. Joint Conf. Neural Networks 200®l. 2, Wash-
ington, DC, pp. 1267-1272.

P. Shamsollahi and O. P. Malik, “Real-time implementation and ex-
perimental studies of a neural adaptive power system stabilitEeEE
Trans. Energy Conwvol. 14, pp. 737-742, Sept. 1999.

——, “Direct neural adaptive control applied to synchronous generator,”
IEEE Trans. Energy Conwol. 14, pp. 1341-1346, Dec. 1999.

T. Kobayashi and A. Yokoyama, “An adaptive neuro-control system of[33]
synchronous generator for power system stabilizati#EE Trans. En-

ergy Cony, vol. 11, pp. 621-630, Sept. 1996.

Y. Zhang, O. P. Malik, and G. P. Chen, “Artificial neural network power [34]
system stabilizers in multi-machine power system environméBEE
Trans. Energy Conyvol. 10, pp. 147-155, Mar. 1995.

Y. M. Park, S. H. Hyun, and J. H. Lee, “A synchronous generator stabi-
lizer design using neuro inverse controller and error reduction network,[36]
IEEE Trans. Power Systvol. 11, pp. 1969-1975, Nov. 1996.

(21]

(22]

[24]

[25]

[26]

[27]

[31]

(32]

(35]

5 Time in seconds 20

25

Load angle of alternator #1 for an inductive load addition at bus Pfer 0.3 p.u. and@ = 0 p.u.

Y. L. Abdel-Magid, M. A. Abido, and A. H. Mantawy, “Robust tuning of
power system stabilizers in multimachine power systemiEE Trans.
Power Syst.vol. 15, pp. 735-740, May 2000.

Y. L. Abdel-Magid, M. A. Abido, S. Al-Baiyat, and A. H. Mantawy, “Si-
multaneous stabilization of multimachine power systems via genetic al-
gorithms,”IEEE Trans. Power Syswol. 14, pp. 1428-1439, Nov. 1999.
E. Swidenbank, S. McLoone, D. Flynn, G. W. Irwin, and B. W. Hogg,
“Neural network based control for synchronous generatoliSEE
Trans. Energy Conwvol. 14, pp. 1673-1679, Dec. 1999.

M. M. Salem, A. M. Zaki, O. A. Mahgoub, E. A. El-Zahab, and O. P.
Malik, “Studies on a multi-machine power system with a neural network
based excitation controller,” iRroc. IEEE PES Winter Meetin@000,

pp. 105-110.

Q. H. Wu, B. W. Hogg, and G. W. Irwin, “A neural network regulator
for turbogeneratorsJEEE Trans. Neural Networksol. 3, pp. 95-100,
Jan. 1992.

D. Flynn, S. McLoone, G. W. Irwin, M. D. Brown, E. Swidenbank, and
B. W. Hogg, “Neural control of turbogenerator systemAitomatica

vol. 33, no. 11, pp. 1961-1973, 1997.

G. K. Venayagamoorthy and R. G. Harley, “Simulation studies with a
continuously online trained artificial neural network controller for a mi-
croturbogenerator,” iProc. Inst. Elect. Eng. Int. Conf. Simulatiovol.
457, 1998, pp. 405-412.

, “A continually online trained neurocontroller for excitation and
turbine control of a turbogeneratodEEE Trans. Energy Conversipn
vol. 16, pp. 261-269, Feb. 2001.

P. Parks, “Liapunov redesign of model reference adaptive control sys-
tems,” IEEE Trans. Automat. Contrvol. AC-11, pp. 362-367, Mar.
1966.

P. Osburn, H. Whitaker, and A. Kezer, “New developments in the design
of model reference adaptive control systems,” in Proc. IAS 29th Annu.
Meeting, New York, 1961.

R. M. Sanner and J. E. Slotine, “Gaussian networks for direct adaptive
control,” IEEE Trans. Neural Networksol. 3, pp. 837-863, Nov. 1992.
M. I. Jordan and D. E. Rumelhart, “Forward models: Supervised learning
with a distal teacher,Cogn. Sci.vol. 16, pp. 307-354, 1992.

A. U. Levin and K. S. Narendra, “Control of nonlinear dynamical
systems using neural networks: Controllability and stabilizatittheE
Trans. Neural Networksvol. 4, pp. 192-206, Mar. 1993.

G. K. Venayagamoorthy, R. G. Harley, and D. C. Wunsch, “Comparison
of heuristic dynamic programming and dual heuristic programming
adaptive critics for neurocontrol of a turbogeneratdEEE Trans.
Neural Networksvol. 13, pp. 764-773, May 2002.

D. Prokhorov and L. A. Feldkamp, “Analyzing for Lyapunov stability
with adaptive critics,’Proc. IEEE Int. Conf. Syst., Man, Cyberwol. 2,

pp. 1658-1661, 1998.

T.T. Shannon and G. G. Lendaris, “Qualitative models for adaptive critic
neurocontrol,” inProc. Int. Joint Conf. Neural Networksol. 1, 1999,

pp. 455-460.

Z. Huang and S. N. Balakrishnan, “Robust adaptive critic based neuro-
controllers for systems with input uncertainties,Aroc. Int. Joint Conf.
Neural Networksvol. 3, 2000, pp. 67-72.

P. J. Werbos, “Approximate dynamic programming for real-time control
and neural modeling,” itHandbook of Intelligent ControlWhite and
Sofge, Eds: Van Nostrand Reinhold, pp. 493-525.

C. Watkins and P. Dayan(}-learning,”Machine Learningvol. 8, pp.
279-292, 1992.

D. Prokhorov and D. C. Wunsch, “Adaptive critic design&EE Trans.
Neural Networksvol. 8, pp. 997-1007, Sept. 1997.

D. Prokhorov, “Adaptive Critic Designs and Their Applications,” Ph.D.
dissertation, Texas Tech Univ., Lubbock, TX, 1997.




1064 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 14, NO. 5, SEPTEMBER 2003

[37] W. K. Ho, C. C. Hang, and L. S. Cao, “Tuning of PID controllers base
on gain and phase margin specifications,Pioc. 12th Triennial World
Congr. Automat. Contr1993, pp. 199-202.

[38] P. Kundur, M. Klein, G. J. Rogers, and M. S. Zywno, “Application of
power system stabilizers for enhancement of overall system stability
IEEE Trans. Power Systvol. 4, pp. 614-626, May 1989.

[39] P.J. WerbosRoots of Backpropagation New York: Wiley, 1994.

[40] D.J. Limebeer, R. G. Harley, and S. M. Schuck, “Subsychronous res
nance of the koeberg turbogenerators and of a laboratory microalterng
system,"Trans. SA Inst. Elect. Engpp. 278297, Nov. 1979.

Ronald G. Harley (M'77-SM’86—F'92) was born in
South Africa. He received the BSc.Engu laud¢
and M.Sc.Eng.dum laudg degrees from the Uni-
versity of Pretoria, Pretoria, South Africa, and the
Ph.D. degree from London University, London, U.K.,
in 1960, 1965, and 1969, respectively.

In 1970, he was appointed to the Chair of Elec-
trical Machines and Power Systems at the University
of Natal in Durban, South Africa. He is currently the
Duke Power Distinguished Professor at the Georgia

[41] P. Kundur, D. C. Lee, and H. M. Z. EI-Din, “Power system stabilizers Institute of Technology, Atlanta. He has coauthored
for thermal units: Analytical techniques and on-site validatidBEE  approximately 280 papers in refereed journals and international conferences.
Trans. Power App. Systol. PAS-100, pp. 81-95, Jan. 1981. Nine papers received prizes from journals and conferences. His research inter-

[42] Méx/cM6x Development Package Manuahovative Integration, Simi ests are in the dynamic and transient behavior of electric machines and power
Valley, CA, 2000. systems, and controlling them by the use of power electronics and modern con-

[43] OMNIBUS User's Manuallnnovative Integration, Simi Valley, CA, trol algorithms.

2001. Dr. Harley is a Fellow of the SAIEE and a Fellow of the Institution of Elec-

[44] G. K. Venayagamoorthy, R. G. Harley, and D. C. Wunsch, “Dualrical Engineers (IEEE). He is also a Fellow of the Royal Society in South Africa,
heuristic programming excitation neurocontrol for generators in a Fellow of the University of Natal, and a Founder Member of the Academy
multimachine power system]EEE Trans. Ind. Applicat.vol. 39, pp. of Science in South Africa formed in 1994. He has been elected as a Distin-
382-394, Mar./Apr. 2003. guished Lecturer by the IEEE Industry Applications Society for the years 2000

[45] D.ProkhorovandD. C. Wunsch, “Convergence of critic-based trainingdnd 2001. He is currently the elected Vice-President of Operations of the IEEE
in Proc. IEEE Int. Conf. Systems, Man, Cybernetiad. 4, 1997, pp. Power Electronics Society.

3057-3060.

Donald C. Wunsch (SM'94) received the B.S.
degree in applied math from the University of New
Mexico, Albuquerque, in 1984 and the M.S. degree
in applied math and the Ph.D. degree in electrical
engineering from the University of Washington,
Seattle, in 1987 and 1991.

He was Senior Principal Scientist at Boeing, where
he invented the first optical implementation of the
ART1 neural network, featured in the 1991 Boeing
SM'02) was born in Jaffna, Sri Lanka. He received Annual Report, and other optical neural networks and
the B.Eng. degree with first-class honors in electrica applied research contributions. He has also worked
and electronics engineering from the Abubakafor International Laser Systems and Rockwell International. From 1993 to 1999,
Tafawa Balewa University, Bauchi, Nigeria, andhe was Assistant, then Associate Professor of Electrical and Computer Engi-
the M.Sc.Eng. and Ph.D. degrees in electricaheering, and Computer Science, at Texas Tech University. Since 1999, he is the
engineering from the University of Natal, Durban, Mary K. Finley Missouri Distinguished Professor of Computer Engineering in
; South Africa, in 1994, 1999, and 2002, respectivelythe Department of Electrical and Computer Engineering, University of Missour—

! From March 1996 to April 2001 and May 2001 to Rolla. He heads the Applied Computational Intelligence Laboratory and also

- i April 2002, he was a Lecturer and a Senior Lecturethas a joint appointment in Computer Science. Research activities include adap-
respectively, with the Durban Institute of Technology tive critic designs; neural network pattern analysis, optimization, forecasting
Durban, South Africa, where he lectured Control Systems and Signal ProcessiRg control; bioinformatics; financial engineering; fuzzy risk assessment for
among other courses. Hewas a Rese_arch Associa_te atthe Texas Tech Univem,consequence Surety; graph theory; computer Security; and Go. He has over
Lubbock, in 1999 and at the University of Missouri-Rolla, from 2000 to 2001200 research publications in various aspects of computational intelligence.
Heis Currently an Assistant Professor at the University of Missouri—RoIIa, USA. Dr. Wunsch is an Academician in the International Academy of Techn0|ogica|
His research interests are in computational intelligence, control systems, po@ghernetics, and in the International Informatization Academy; and is recipient
systems and evolving hardware. He has authored over 70 papers in refeigieghe Halliburton Award for Excellence, and a National Science Foundation
journals and international conferences. CAREER Award. He is a Member of the International Neural Network Society

Dr. Venayagamoorthy received the 2001 IEEE Neural Network SociefiNNS), Association for Computing Machinery, Phi Kappa Phi, a Life Member
Summer Research Scholarship and the 2003 International Neural Netwgfkhe American Association of Artificial Intelligence, a Life Member of Sigma
Society Young Investigator award recipient. He is a member of South Africaqy, and previously served as an Associate Editor of the IEEENGACTIONS ON
Institute of Electrical Engineers and the International Neural Netowrk SocietyguraL NETWORKsand voting member of the IEEE Neural Network Council.
He was Technical Program Co-Chair of the International Joint Conferenp@ was elected as a Board of Governors member of the INNS, and served as
on Neural Networks (IJCNN) 2003, Portland, OR. He is Technical Prograpbhcal Arrangements Chair for the International Joint Conference on Neural Net-
Co-chair for the 2004 International Conference on Intelligent Sensing a@grks (IJCNN) 91, Technical Co-Chair for IJCNN 02 and General Chair for
Information Processing (ICISIP), Chennai, India. ]JJCNN 03.

Ganesh Kumar Venayagamoorthy (S'91-M'97—




	Implementation of Adaptive Critic-Based Neurocontrollers for Turbogenerators in a Multimachine Power System
	Recommended Citation

	Implementation of adaptive critic-based neurocontrollers for turbogenerators in a multimachine power system

