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Abstract—On-line estimation of variables that are difficult  isthe well-known state estimation problémhich has been tra-
or expensive to measure using known dynamic models has ditionally applied to problems such as tracking and guidance of
been a widely studied problem. Applications of this problem ai0rne opjects, state control, and time-series forecasting [11],

include time-series forecasting, process control, parameter and . o . .
state estimation, and fault diagnosis. In this paper, practical [13], [16], [39]. Parameter estimation is also of significant engi-

algorithms are presented for adaptive state filtering in nonlinear Neering importancg, because in many real-world proble_ms_ accu-
dynamic systems when the state equations are unknown. The rate values of physical system parameters are not kaquyiori

state equations are constructively approximated using neural for use in tasks such as control, monitoring, or fault diagnosis.
networks. The algorithms presented are based on the two-Step p4rameter estimation can be formulated as a state estimation

prediction-update approach of the Kalman filter. However, unlike L . "
the Kalman filter and its extensions, the proposed algorithms problem, by considering the parameters of interest as additional

make minimal assumptions regarding the underlying nonlinear States [23], [24], [40]. Beyond adaptive control, one of the main
dynamics and their noise statistics. Nonadaptive and adaptive applications of parameter estimation is the detection of faults
state filtering algorithms are presented with both off-line and and the monitoring of system condition. By detecting estimated
on-line learning stages. The proposed algorithms are implemented 53 meter drifts and/or abrupt changes in system parameters, the

using feedforward and recurrent neural network and comparisons . .
are presented. Furthermore, extended Kalman filters (EKFs) are ONSet of a fault can be detected in a timely manner [12], [30],

developed and compared to the filter algorithms proposed. Forone [35]. A review of the relevant literature reveals that available
of the case studies, the EKF converges but results in higher state parameter and state estimation algorithms are not currently in
estimation errors that the equivalent neural filters. For another, widespread use in industrial or commercial applications. Rather,

more complex case study with unknown system dynamics and ey have been limited to defense and other aerospace applica-
noise statistics, the developed EKFs do not converge. The off-line .. Y . . . P pp
tions which are customized in nature.

trained neural state filters converge quite rapidly and exhibit X )
acceptable performance. On-line training further enhances the ~ Since the development of the well-known Kalman filter (KF)
estimation accuracy of the developed adaptive filters, effectively approach for state estimation in linear systems [11], [21], this
decoupling the eventual filter accuracy from the accuracy of the method has been widely studied in the literature and applied
process model. to many problems. The KF is a recursive estimation approach,
Index Terms—Adaptive state filtering, dynamic networks, ex- where state estimates are obtained in two distinct steps. In the
tended Kalman filters (EKFs), nonlinear state filtering, recurrent  first step, a one-step-ahead state prediction is obtained, based
networks. on the latest state estimate. In the second step, the state estimate
is refined by linearly combining the state prediction obtained in
|. INTRODUCTION the first step, with the new output measurements. The KF has

CCURATE on-line estimates of critical system states arfen extended to nonlinear systems. One such extension, called
A parameters are needed in a variety of engineering appli&'&@ extended Kalman filter (EKF) [11], has experienced a lot of

tions, such as condition monitoring, fault diagnosis, and procdBLerest from researchers but it has found few industrial applica-
control. In these and many other applications it is required to £2nS [20]. In the EKF approach, the state prediction is obtained

timate a system variable which is not easily accessible for mdg-the first step using nonlinear state propagation based on the

surement, using only measured system inputs and outputs. Th&!lable model. In the second step, the newly received output
measurements are combined with the state prediction, still in a

linear fashion. As aresult the state estimate is effectively a linear
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orous analysis for this algorithm has appeared in the literature is considered. Separate neural networks models are devel-
[7], [36]. oped for each “mapping” involved in the filtering algo-

Neural networks have been extensively investigated in the ithms.
context of adaptive control and system identification [6], [18], * The effectiveness of the presented algorithms are demon-
[25], [29], but it was more recently that their use has been pro- strated by developing state filters for an artificial nonlinear_
posed in state estimation. Uses of neural networks in practical Problem and areal-world complex process encountered in
state estimation algorithms has been scarce. One of the first Power plants, namely a U-tube steam generator (UTSG).
investigation of the filtering applications of neural networks ~ The performance of the developed neural filters is exten-
was by Lo who proved that a state filter based on recurrent  Sively tested and compared to EKF, demonstrating the re-
neural networks converges to the minimum variance filter [26].  Sulting improvements in performance and broad applica-
Elanayar and Shin used radial basis function neural networks bility.
to investigate state estimation problems [10]. Stubbetual. In the next section, we formulate the general nonlinear
have presented an adaptive form an the EKF which usestate filtering problem and describe a conventional solution
neural network to develop an error dynamics model identifiegpproach to the problem followed by the constructive approach
simultaneously with the state estimates [42]. Suykehsl. using neural networks. In Section lll, the algorithm for the
have used the so-called neural state-space representationadaptive neural state filter is presented, followed by the
for nonlinear identification and control, though they did noalgorithm for adaptive neural state filter in Section IV. In Sec-
investigate its application to state estimation [44]. Obradoviton V, the simulation results demonstrating the effectiveness
used Gaussian radial basis function networks also to prediftthe filtering algorithms are presented. Section VI presents
system outputs and in cases when the states and outputssaree discussion, along with a summary and the conclusions
related by linear relations, to also predict the system sta@@wn from the paper.
[31]. Nonlinear finite-memory state estimators using neural
networks have also been proposed by Parisiral. [32] and II. NONLINEAR STATE FILTERING
Alessandriet al. [1], in related publications. Haykimet al.

presented an overview of state filtering with neural networks In this section the genergl nonlinear St?te filtering problem
with emphasis on radial basis function networks [17]. Zfu IS formulated. A brief overview of the EKF is presented, along

al. proposed the design of an adaptive observer using dynanvwviiéh the approximation-based approach formulated in this

neural networks [46] and Habtom investigated the use of tREPET:
EKF with an identified neural-network model [15]. Leit

al. used recurrent neural networks to estimate the state of'a
chemical process [22], whereas Schenker and Agarwal usedonsider the following system representation in the dis-
neural networks for predictive control of a chemical reactarete-time nonlinear state-space form, also known asdiee
that involved state estimation [38]. Finally, Stubbereidal. representation
used neural networks to implement an EKF, comparing various
implementation options [43]. Also recently, the problem of {X(t—lr 1) = f(x(t),u(t)) + w(t) (1)
parameter estimation has received the attention of the neural

networks community with some new results reported [2].

In this paper, practical algorithms for effective adaptive Sta%here . L
A . . t=1,2,... discrete-time instant;
filtering are presented for nonlinear dynamic systems. These al-

Problem Statement

gorithms are based on the well-known universal approximationY( ) nx1 outgu;[. vector of the nonlinear state-
properties of feedforward and recurrent neural networks [4], [5], space model,
u(t) m x 1 input vector of the model;

[9], [19]. In an attempt to broaden the applicability of the pro-
posed algorithms, minimal assumptions are placed upon the dy> ¢
namic structure and the noise characteristics of the underlyingf(')
dynamics. As such, rigorous analysis of the algorithms usually )
found in linear filtering settings, or based on linearization argu- *(*) process noise, ahx 1 vector;

ments, is not a major thrust of this paper. Such an effort will ne- v() measurement noise, anx 1 vector.

cessitate assumptions that invalidate the original intent of tHj§ther. is it assumed that(#) andv(¢) are independent pro-

work, that is its applicability to problems with unknown dy-C€SSes: At this stage no assumptions are made regarding implicit
(-) andh(-), but that such a represen-

namics. The algorithms are demonstrated in some real-wofgeXPlicit knowledge of

problems and compared to EKF for effectiveness. This paﬁé‘Fion is an accurate description of the underlying dynamics. In
makes the following specific contributions. many traditional state filtering approaches, exact knowledge of

(1) is assumed and the noise vecter§) andv(t) are con-

« Practical algorithms are presented for adaptive state filidered zero-mean white Gaussian. Equation (1) becomes the
tering in nonlinear dynamic systems that could be appbtarting point for our development.
cable to a broad range of problems. Our formulation is The objective of the state filtering problem is to obtain an esti-
based on the recursive approach of the EKF. However, unatex () for the statex(¢) given input and output observations.
like this formulation, the case of unknown state equations linear state filtering, the notation used to denote this estimate

[ x 1 state vector of the nonlinear model;
andh(-) vector-valued continuous nonlinear func-
tions;
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is important because depending on the chosen filtering methodStep 1—Prior to Observing theé { 1*"*) Sample-Prediction
different optimal estimates are obtained. Nevertheless, in reStep:In this step the assumed modél) andh(-) and the state
world nonlinear state filtering problems the resulting state estistimatex(¢|t) are used to compute the predicted value of the
mates are not optimal in any sense. Therefore, we use the site and outputk(t + 1J¢) andy(¢ + 1|¢), respectively. The
tationx(¢|t) to mean the state estimate at timédollowing the a priori error covariance matrix is also computed using the state
update resulting from the measurements) andy(¢), at time estimate and the Jacobianfgf) evaluated at the state estimate.
t. This notation should not be interpreted to imply an optimdlhe assumed covariance matrix of the process noise is also used
state estimate in the minimum variance or any other sense. in this step.

Step 2—Following Observation of 4 1)th Sample-Update
B. Conventional Method of Solution Step:Following the arrival of a new measuremerit + 1), the

Conventional methods of solving nonlinear state filteringtate predictionk(¢+1[¢), is updated using alinear combination
problems have almost exclusively been limited to the nonada}ithe prediction errors (or innovationg)t+1) -y (t+1[¢), re-
tive case where it is assumed that an exact system mode$@ding in the state estimae¢ +1|¢+1). The coefficients used
available. Methods for adaptive nonlinear state filtering haje Weigh the innovations terms form the elements of the EKF
almost always been limited to the tuning of the filter gains ig&in matrix. The EKF gain matrix is updated in this step using
anad hocmanner following the design of a nonadaptive filter.the Jacobian di(-) evaluated at the state predictict{f +1|¢),

In general, there are two approaches to solving nonling&ea priori error covariance matrix and the assumed covariance
(nonadaptive) state filtering problems; one is formulated asmatrix of the measurement noise. Finally, thposteriorierror
nonlinear least-squares estimation problem, minimizing ti§@variance matrix is computed using the updated EKF gain ma-
error between the measured system output and the predidf®t thea priori error covariance matrix and the Jacobiai0f)
system output, whereas the other approach attempts to m@¥aluated at the state predictice(z + 1[¢).
mize the variance of the state estimation error. The resultingThe approximations introduced in the EKF often result in in-
state filters are known as least-squares and minimum varia@égurate state estimates and the EKF frequently suffers from
filters, respectively. Both approaches require explicit knowfonvergence problems. Many alternatives have been proposed,
edge of the nonlinear system dynamics, though the assumpti§Hgh as square-root filtering to alleviate convergence problems.
placed on the statistics are different. Additionally, in many circumstances the linearized KF is used.

In nonlinear least-squares estimation no statistical assunip-the linearized KF, the nonlinear system dynamics are lin-
tions are made regarding the noise terms because the state¢@gzed abouta nominal state trajectsft), instead of the state
timate is chosen as a “best fit” to the observed measureme@géimate. The linearized KF filter though has less convergence
in a deterministic sense. The problem is formulated as that@Pblems that the EKF, it usually results in less accurate state
a classical nonlinear parameter optimization, where an obj&stimates.
tive function is minimized subject to the constraints imposed by
the system dynamics. For general nonlinear least-squares pi@b-Neural Method of Solution

be obtained. The various approaches used are the gradient(i@ilar to the EKF, however there are three significant differ-
scent and conjugate gradients methods. To obtain a recursiyges.

nonlinear filter, a sequence of a nonlinear least-squares objec-
tive functions must be minimized. This requires further approx-
imations to be introduced. Nonlinear minimum variance estima-
tion, on the other hand, requires explicit knowledge of the noise
statistics involved in the system dynamics. The resulting non-
linear state estimate is the conditional mean of the actual state,
and the resulting state filter is recursive in nature. The main ap-
proximation introduced in nonlinear minimum variance estima-
tion is the one involving the system dynamics. There are two
major approaches for approximating the nonlinear system dy- explicitly needed in the filter computations.
namics; either by Taylor series expansion or by statistical lin-

earization. Different forms of the Taylor series expansion res(I;;At-rh(fa netyvorl<|sfcon3|dere(jr]|nfth|sd$aper (fjor aplplroxmatmg the
in the EKF, the linearized KF, and other high-order filters, su ter functional forms are the feediorward multilayer percep-

as the iterated EKF [11]. In all of the aforementioned nonlinef n (FMLP) and the recurrent multilayer perceptron (RMLP)

state estimation approaches it is assumed that an exact nonli both “universal approximatorsf4], [5], [9], [19]. In the

model is available. Furthermore, in the case of minimum Valri1_ext section learning algorithms are presented for training non-

ance estimation the statistics of the noise processes invoIveJiri]rg?ar filters based-on t.hes.e neural networks. Both the nop_adap—
the system dynamics are assumed known. tive and the adaptive filtering cases are presented. Specifically,

The EKF solution to nonlinear state filtering is briefly pre-by approximating the functior{-), h(-) and K(-) using neural
sented assuming the availability of an exact system model de-

picted by (1) [11], [14]. The algorithm consists of the following  2gyicty speaking, the proof for an FMLP is known, though we are not aware
two steps. of an equivalent proof for RMLP networks.

» The nonlinear function€(-) and h(-) are assumed to

be unknown and they are either replaced by a known
model f,,,.a(-) and h,,.q(-) in the nonadaptive filter,

or constructed from input—output measurements in the
adaptive filter.

The functional form of the filter state update equation is
allowed to be nonlinear, sak(-) and itis also constructed
from input—output measurements.

¢ The noise statistics are assumed unknown and they are not
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Fig. 1. Block diagram of the nonadaptive neural-network state filter.

networks, nonlinear least-squares filtering algorithms can be de- Filter Equations

veloped for use in determining the filter structure and parame-1pe state filter utilizing neural networks assumes that a de-
ters. terministic system model is available with the structural form of
(1). Itis assumed that given a value of the statg,(¢) and the
inputu(t), the statex,,0q(t+ 1) and outpuy,,.q(t + 1) can be
computed using the deterministic modglq(-) andh,,oq(-),

In this section the case of a nonadaptive neural state filtexsspectively. Neural networks are used to model some of the
is considered. In view of the complexity of the problems adunctional relations entering a recursive filter. This constructive
dressed, the nonadaptive formulation is of academic interest bpproach to state filtering can be consideneshadaptivebe-
cause in many cases of interest exact nonlinear models arecaise a system model is assumed available and no further iden-
available. However, the nonadaptive formulation helps setup ttifecation is performed. It is further assumed that the system in-
framework for the more complex adaptive case. In nonadaptipats and outputs are measured.
state filtering a deterministic system model is assumed avail-As in the case of the EKF, our approach is also recursive.
able. Such a model could be in the form of a complex simi+his means that each updated estimate of the state is computed
lator or an analytic model. The system model can be simulatederms of the previous state estimate and the new observations.
off-line and during such simulations the system states can Agsuch, it consists of a prediction and an update step, much like
computed and used for off-line filter design. On the other hantthe EKF. However, unlike the EKF, where the update step is a
during on-line filtering operations the (current and past) valuéiaear combination of the latest innovations, in our approach the
of system states are not available. Fig. 1 shows a block diagrapdate step can take a general nonlinear form and include past
of the nonadaptive state filter configuration, with on-line filteinnovations. Since an analytical formulation and solution for a
tuning. nonlinear state filter is very difficult, even for known specific

I1l. N ONADAPTIVE NEURAL STATE FILTER
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forms off,,,.qa(-) andh,,.q(+), @ neural-network approach is fol-first phase, the so-called off-line phase, the system is simulated

lowed to learn the filter relatiorfC(-) from data. numerically by providing the system input signals that will
To obtain a state estimatg(z + 1|t + 1), using a nonlinear typically be encountered during its normal operation. For such

system model of the form given by (1), the following predictiona phase the state vectors are assumed known, obtained from

update algorithm is proposed. the available model. The resulting training setup consists of
Step 1—Prior to Observing the 4 1)th Sample-Prediction an FMLP network trained using TF. In the second phase, the
Step: on-line phase, the system is assumed to be in real operation.
Input and output data are collected and further training is
{f((“r 1[t) = finoa (Xnn (t[E), u(?)) (2) Performed to fine tune the parameters of the filter. For the

y(t +1]t) = e (X(t + 1])) on-line phase the states are not assumed available. In this stage

. . an FMLP network is further trained using GF. Other consid-
wherex(t + 1|) andy (¢ + 1|¢) are the system state and outpUrations in network design, such as prevention of overfitting,

predictions, respectively, and whetg v (#[t) is the neural state 5sgignment of network nodes, etc., are not discussed here

estimate. _ _ because they follow standard practices [18], [28].
Step 2—Following Observation of 4 1)th Sample-Update
Step: B. Off-Line Training

. N For the off-line training case a finite set of state values is
NEFIE+ D) = Kvn t+ 1)t t+1), E(t+1 . . . .
xyn(t+1jE+1) v (R(EF 1), Y(E+1), &+ ()%) assumed available, constructed either by model simulations or

where Y(¢ + 1) is a vector containing present and past syste -line measurements. The network error function is defined as

output measurements arl(t + 1) is a vector containing the ollows:
present and past innovations terms. These vectors are defined NP NP ¢
as follows: E= Z E(t) = [En N1 () — Zearger k(D] (6)
T t=0 t=0 k=1
{ Y+ D) = [y + 1,50 oy —ny + DI

E+1) = [e(t +1),e(t),. .. et —ne +1)] Trarget k() k™ component of the target vect e (t);

where NN E(EE) k™" component of the state estimate vectors
Kk (E]E);
t+1)=y(E+1) -9+ 1) (5) NP number of training exampl_es;
£ number of states to be estimated.

is the innovations term defined in the EKK yx(:) is a non- Because state measurements are available, the inputs to the

linear function equivalent in functionality to the EKF gain andilter network Ky n(-), i.e.,x(t + 1[t), Y(t + 1), £(¢), are all
wheren,, andn, are the number of past output and error termiglown. Therefore, a TF strategy is adopted to train the filter
used in the filter, respectively. Equations (2) and (3) represéifitwork. The learning algorithm could be the simple backprop-
the nonadaptive state filter equations. agation method applied to the network represented by the func-
In contrast to the EKF algorithm, a prediction and an updat®n Ky (), with inputsx(t + 1[¢) = finoa (Xearget (£), u(t)),
equation for the error covariance matrix is not included. It i/(t + 1) and £(¢), with outputxy (¢ + 1[¢ 4+ 1) and with
quite natural to augment the filter (2) and (3), with functiongi€sired outpuK:areec(t + 1). Any variant of the backpropaga-
forms for thea priori anda posteriorierror covariance matrices. tion algorithm is also appropriate. Because any such approachis
During actual operation of the developed filters such estimateased on a gradient descent algorithm, the off-line training will
of the error covariance matrix could become crucial in dete¢onverge at least to a local minimum [18]. Further assume that a
mining filter performance because of the lack of an actual std@&ge enough training set is assembled, that the network is large
measurements. enough and that it converged to the global minimum. Then it
In the nonadaptive filter there is only one network t&an be argued thatthe off-line state estimate will asymptotically
be constructed,Kyn(-). Furthermore, as seen by (3), th&onverge to the expected value of the target state, given the cur-
mapping performed by this function is static. Therefore, di§nt and previous outputs and previous state estimates [37]. In
FMLP network should be sufficient for this approximationinterpreting these qualitative arguments about the convergence
Two approaches are used in the filter training, teacher forciRgoperties of the off-line algorithm, one should consider the cur-
(TF) and global feedback (GF). If the input layer of a networkent algorithmic limitations in designing neural networks for dy-
contains autoregressive terms or other variables that are RBfic systems, with respect to their generalization properties.
easily measured on-line, as in the case of state filtering, ) o
training can proceed in two ways. In training with TF, ony~- On-Line Training
the samples available in the training set are used as networlEor the on-line case the states are unknown and the training al-
inputs. Whereas, in training with GF past network predictiorgorithm becomes more complex. Observing (3) reveals that the
are used as networks inputs instead of training samples.right-hand side contains a number of past predictions, obser-
other words, TF trains a neural network statically whereas Gtions and innovations. These in turn depend on the network
results in dynamic training. In this study, the filter networloutputs at previous time steps. This suggests a recurrent-type
training procedure has been partitioned into two phases. In tbarning algorithm, even if using the simple FMLP architecture
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for the filter network. An algorithm based on the forward propbe obtained numerically or even analytically, if analytical ex-
agation approach of Williams and Zipser is used in this stuglyessions foff,,,.q(-) andh,,.q(-) are available. Equations (9)
[18], [45]. Although such an approach is slower than other apnd (10) summarize the recursion used to obtain the error gradi-
proaches, such as the backpropagation-through-time (BTT)eitts involved in the state filter. Once the error gradient is com-
has the comparative advantage of being easily adapted for uspated, the weight update is performed using a gradient descent
an on-line method. In addition, in the event that training must bele.

continued while the system is in operation, the on-line training

feature is more desirable. A recently developed algorithm tHat Off-Line Versus On-Line Training

is considerably faster than existing on-line techniques would bejt should be noted here that both the off-line and on-line

appropriate for this phase of the training [3]. training stages are complementary and essential for training the
Since the states are unknown, the error here is defined in tefifg$work. Applying only off-line training will usually not be
of the system outputs as follows: sufficient. This can be seen by observing (3) and focusing on

n the inputx(t + 1|¢). For the off-line casex(t + 1|t) is given
Eit+1)= Z [ (t + 1]E) — Yeargeen(t+ D> (7)  @SFuoa(Xiarges (), u(t)) and the neural network essentially at-
=1 tempts to infer the value af;..q.:(t + 1) given the values of
Xiarget (£) @ndy (¢ 4 1). On the other hand, for the on-line case
the network attempts to infed;,.«.t (¢ + 1) giveny(¢ + 1) and
Yearger k(1) ka component o targe:(? + 1); the previous estimF;lﬁNN(ﬂt), vgvhi(ch is )ngt exac(tly thg same
ot +1t) k™ components of ( + 1[t); _ @SXarget(t). Therefore, the on-line case is the more realistic
n ~ nhumber of outputs included in the training o g indeed the more accurate approach, allowing the filter to
In the foll(%wmg notation, for any two vectorss = gharate in closed-loop form. The off-line stage can be viewed
(a1, "“,n) andb = (bl’ s 'jbm) , 9a/0b means the q the injtial training phase used to obtain a good starting point
matrix with da;/0b; as its ¢ j)th component. The error ¢, ina on-line training stage. The ease of implementing off-line
gradients can be obtained by using the chain rule as foIIows:traming (it is merely a standard backpropagation procedure),
OE(t+1) . T 9% (t + 1[t) gives us an excellent opportunity to achieve such a relatively
ow 2 |:Y(t+1|t)_Ytarget (t+ 1)} T ow (8) good starting point. Further improvements to the state estimates
can be made using on-line learning. The major drawback of the

wherew contains all of the network weights and biases. Thgn.line learning is the lack of guaranteed convergence of the as-
gradientdy (¢ + 1|t)/Ow can be obtained in terms of the grasociated algorithm.

dient of the state with respect to, by differentiating the pre-

Ay (t+ 1Jt) < Myod ) < Ofmod ) <a§(]\’]\’(t|t)) Adaptive state filters are used when a system model must be

where

ow O\ Ox(t+ 1) ) \ Oxnn () ow identified. In the EKF method for state filtering, the functions
f(-) andh(-) are assumed known. Currently there are no prac-
The state gradient vect@txy v (t[t)/dw can be obtained in tically viable algorithms for designing adaptive state filters for
terms of the state gradient vectors at tintesc ¢, by repeated nonlinear dynamic systems.
application of the chain rule. By differentiating (3) (wittsub-

stituted in place ot + 1), the following is obtained: A. Filter Equations
OxNN(tlt) OKny In this section, no system model is assumed known for use
Ow = ow in the predictor step of the filter. Rather, a finite set of input,
KN O state, and output measurements is assumed available. There-
<8§<(t|t — 1)> <8§< @ ”_1°1|t — 1)> fore, neural networks are used to develop approximations of the
95 ! 1 NN functional forms entering the predictor step of the filter equa-
% < xvn(t =1t~ )> tions. This approach to state filtering is consideaddptivebe-
ow cause an empirical system model must be constructed first. The
e OKNN state-space representation of (1) can be rewritten imtheva-
T ; Ay (t — it — 1 — 1) tionsrepresentation as follows:
Iy(t —ilt —1—4) K(t+ 1[t) = finmov (X(Ht — 1), u(t), 1))
10 " 1nnov A b) b)
(M 4o Ft+ 118) = B (&0t — D.u(®), £5) D

wheredy (t — ¢)/8w was set to zero. The gradients Bixn ()  wherefinoy (-) andh;y,,ey (-) are nonlinear functions related to
with respect tow, x(t + 1|¢) andy(t — ¢|t — 1 — ¢) depend on functionsf(-) andh(-) of the noise representation [23].

the specific architecture of the network used and for the FMLP The purpose of theanovationsterm £(¢), as defined earlier,
network they can be obtained using a backpropagation-type pioto account for stochastic effects and modeling uncertainties
cedure. For recurrent architectures, such as the RMLP netwarkt predicted by the filter predictor. Therefore, in theova-

an approach similar to the one presented in [33] can be used. Tibasform of the state-space representation, the error in the state
derivatives off,,,0q(-) andh,,q(-) with respect to the states canpredictionx(¢|t — 1) is compensated by thienovationsterm,
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&(t). The transition from the nonline@mnovationgepresenta- trained using TF and GF for the off-line and TF for the on-line
tion to theprediction-updatdorm is made by considering thisstages. The state and output predictor networks represent
crucial role of thannovationsterm. dynamic mappings and they are approximated by either FMLP
In the two-step prediction-update state filter, the update step RMLP networks. They are trained using TF and GF for
must use the most current system output measurements inttieoff-line and TF for the on-line stages also. It has been our
form of innovations, to compensate for stochastic and/or moelxperience that as the complexity of the state filtering problem
eling inaccuracies in the prediction step. Therefore, in the piecreases, RMLP networks are more effective in approximating
diction step only the most relevant signals are required for cotine two predictors. Furthermore, training predictors using GF
putingx(t+1|¢), that is the updated state valwg|¢), the mea- results in improved generalization capability.
sured system inputa(¢), and the present and past output pre-
dictions, Y(¢|t — 1), or output measuremenf¥(t). Since the B. Off-Line Training
updated state value has already been compensated by the inn@-is assumed that some reliable state measurements are
vations term, the use of boty(¢) and Y(t|t — 1) in obtaining available from experiments done on the system itself or a
the state/output prediction is redundant. Therefore, a choice ggRtem model, or that even other off-line signal processing
be made regarding the ug@(t) over Y(tt — 1) in the predic- methods are available for extracting the state values from
tion equations and vice versa. In this study the latter of the tilgput and output measurements, for example using spectral
variables is used. This observation about the innovations teg&timation techniques. Such an assumption is quite realistic
results in a predictor form that utilizes the most recent state ibecause in a number of real-world systems a limited number
formation and this predictor can be directly used in the filtesf measurements can be collected for variables that might
equations. Furthermore, the nonlinear functidpg..(-) and otherwise be very costly to monitor and sense. For example, in
hinnev(-) of the predictor can be constructed using neural ngjrocess systems, laboratory analysis is performed routinely to
works, as in the neural filter functio®Cy v (-) of the nonadap- determine the composition of produced compounds, a rather

tive state filter. expensive sequence to be performed continuously for on-line
The adaptive state filter fo(¢ + 1| + 1) can now be formu- measurements. Similarly, in many electromechanical devices
lated using the following two steps. speed measurements might not be available due to the cost asso-
Step 1—Prior to Observing the { 1)th Sample-Prediction ciated with speed sensors. Nevertheless, hand-held tachometers
Step: can be utilized during an initial setup period to collect speed
The state and output predictor values are obtained using thformation. Additionally, off-line signal processing methods
following equations: can be used to accurately infer speed information from input
X and output measurements.
Xnvn(E+ 1) =fyn (&NAr(t|t),u(t), Yrn(tt— 1)) The off-line training is divided into two phases. The differ-

R R - ence between the two phases is in the interaction of the three
ynn(t+1Jt) =hyy (XNN(W)’ u(t), Y (tlt — 1)2 networks during training. In the former the networks are trained
separately using TF, whereas in the latter they are coupled and
wherex vy (t + 1[t) andy v v (t + 1[t) are the neural state andirained using GF. In this first phase, the inputs to the output
output predictions and wher® v v (¢[t — 1) is the vector con- anq state predictor networks are the present and past inputs

taining the current and past output predictor responses. of the systemu(¢), the present and past output observations,
Step 2—Following Observation of the-t 1)th Sample-Up- 3, . (1) and the state valugy...(t), as obtained by off-line
date Step: S ) experiments, simulations, or other signal processing procedures.
The state prediction is updated using The inputs to the state update network are the present and past
outputs of the systemYa.get (t + 1), the present and paist-
Xvn(E+1t+1) =Kyy novationsterms, € reet (t + 1) and the state value,a gei (t),
(Xnn(@E+1t), Y+ 1), Exn(t+1)) (13) obtained as previously discussed. This is the TF phase of the

off-line training. Once the learning process reaches an accept-

where the vectorgy(-), €nxn(-) are defined similarly to the able level of accuracy then GF is used to minimize the multi-
nonadaptive filter case. It should be noted that the output pstep-ahead prediction (MSP) error [34]. In the GF phase of the
dictor form is not identical to the standard EKF formulation. ltraining process, the two predictors and the state update network
has been our experience that the present formulation resultaie developed in tandem, by using the response of one network
improved state estimates, as compared to the standard EKF forimprove the predictive response of the other, until both pre-
mulation. At this time, we cannot offer an explanation for thidictors and the state update network produce acceptably accu-
A schematic diagram of the adaptive state filtering method iiate responses. The output and state predictors are constructed
shown in Fig. 2, where the on-line adaptation of the state anding either RMLP or FMLP networks. For simple state fil-
output predictors and the state update network is shown.  tering problems use of FMLP networks for the output and/or

For the adaptive neural filter case, there are three neusshte predictors appears sufficient. As the complexity of the fil-
networks to be trained, represented by the functifing(-), tering problem increases the use of RMLP networks becomes
hyn(-) and Kyn(-). The filter update networklCyn(-) is  essential. Irrespective of the difficulty of the filtering problem,
treated similarly as in the case of the nonadaptive filter. the FMLP network architecture is used in constructing the state
represents a static mapping and it is approximated by an FMupdate network because of its static nature.
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Fig. 2. Block diagram of the adaptive neural network state filter.

In the first phase of the off-line training process, the outpwehain-rule. The detailed computation of these gradients can be
predictor is developed first, by minimizing the following objecfound in many recurrent network references, such as [33].
tive function: In the second phase of the off-line training process, training
is performed using GF. The error functions to be minimized for
r oLl the state predictor, output predictor, and state update network
_ __ ~ 2 ’ ’
By = ZEl (t) = Z v (tlt = 1) = trarger i ()] are similar to (14)—(16), respectively. However, in this phase
=0 = (14) the multistep state update error is minimized because the output
where all variables are as previously defined. The error functigfedictor response is used in the state predictor and state update

to be minimized for the state predictor network is given by ~Networks, instead of the output observations. Similarly, the error
functions for the output and state predictors are such that MSP

‘ errors are minimized instead. The only observations used in this
[Ennp(tlt—1) — xtargetjk(t)]Q phase of the off-line training as network inputs are the current

k= and past system inputa(¢). All other variables are generated

) o (15) by one of the three networks involved in the state filter. The de-

whereas, the error function to be minimized for the state updaffyeq computation of the error gradients involved in the off-line

network is given by training phase with GF are omitted, but they can be found in

. [34]. The convergence of the off-line training algorithm can be

[En 3k () — Zrargeen (D (16) treated in the same manner as the nonadaptive filter case.
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C. On-Line Training

which is identical to (6). The error gradients for an FMLP and/or Neural networks are “semiparametric” empirical models and
RMLP network trained with TF can be obtained by using théherefore they can be “retrained” recursively as new observa-
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tions become available. On-line learning of state filter networks, V. SIMULATION RESULTS
whether FMLP or RMLI?, is complicated by the fact f[hat thg. tate Filter Performance Evaluation
only measurements available are those of the system inputs an _ ) _
outputs,u(t) andy(¢), respectively. Therefore, in order to cor- In this sf[udy, the perfprmance of the developed filters is as-
rect for deviations in the filtered state valdg|t), the updates Sessed using the following errors:
for the weights and biases must be determined from the output _x(t) — x(tt) X (t) — X(t[t)
residual terme(t). Cact (1) = x(t) €mod (1) = X ()

As in the first phase of off-line training, during On'“neThereIative eITOE

tFralnlr;lg the nitworkls are_delcoupled handd treaéed Separat%%’timatet(ﬂt),with respect to the “actual” state valuét). The
-or all networks, only a single-step-ahead gradient propaggy, ;e errok,,.4(t) is ameasure of the accuracy of the state es-
tion training is considered because on-line learning with Gtmatefc(ﬂt), with respect to the state value,, (), as obtained

becomes exceedingly impractical. As witnessed by the res anny available system model, off-line signal processing proce-

pre?ented, th'? r?ppro>|<_|ma]'5!|()n .haslmlmrr]nal I|Dmpact onr Nfures or infrequent measurements. The set of target state values
performance of the on-line filtering algorithm. During on- mextarget(t) andx,(t) are sampled from the same process.
training, the error function to be minimized is of the form

In the simulation results presented the quantitdgs(¢) and
€moa (), denoting the average values of the normalized resid-
uals, e,(t) and ey0a(t), respectively, have also been calcu-
lated. Furthermore, the normalized mean-square error with re-
where all variables are as previously defined. The errorgradiegb':ect to the “actual” state valu& sr) is used as a perfor-
used in off-line training must be modified for use in on-lingnance measure. It is defined as the mean-squared deviation of
training. For the output predictor network the error gradientge filtered state with respect to the actual states diBrsam-

. (21)

(t) is ameasure of the accuracy of the state

n

E(t+1)=> [Gvnat + 1) — trargerx (t + D @7
h=1

can be expressed as follows: ples, normalized by the mean squared value of the actual state
OFE(t+1 . T dhyn for the same number of samples.
# =2 |:YNN(t + 1|t) - ytarget(t + 1):| NA
aWhNN aWhNN A .
(18) B. An Atrtificial Nonlinear System
wherewn.. . is defined as the vector containing the weights 1) Problem Description:The 2120 stochastic nonlinear

and biases of the output predictor network. For the state p{s%_stem used in this example is assumed to be described by

dictor network, the equivalent on-line training gradient can béae following state and output equations, shown in (22) at the
i ottom of the page, and
expressed as follows:

n(E+1) =07 (z1(t + 1) + 220t + 1))
agv(vtifil) — 2t + 11f) — Vearger (t+ DI { ot + 1) = 1.522(¢ + 1) (23)
> . . . respectively, where
X <8Aah]\]; : ) <8A 81Ct,\t,\_ 1 ) <aan ) (29) z1(t), x2(t), andz3(t)  states of the system;
v () *vn (et —1) Wi uy(t) andus(t) two inputs;
wherewy, . is defined as the vector containing the weights and ,;, () andy,(¢) two outputs of the system.
biases of the state predictor network. Finally, for the state updatge variablenP™e**(t) is a zero-mean white Gaussian process
network the error gradient can be expressed as noise added to the system. The system parametefsand~y
OE(t+1 take on different values as follows:
aw(i,;) =2[Fnn(E+ 1) = Yearger (£ + 1)]T 0.50, Actual System
S o= { 0.50, Model 1
» < Ohy N ) KNy (20) 0.45, Model 2
8§<NN(t|t) ow Kuwn Z, Actual System
o dof - : 8= 3 Model 1
wherew Koy 1S defined as the vector containing the weights 3’
and biases of the state update network. 5. Model 2
Some of the gradients contained in (18)—(20) can be com- 0.30, Actual System
puted using a sensitivity-type network once the specific network v = { 0.25, Model 1 . (24)
architecture (either FMLP or RMLP) is selected. The other gra- 0.25, Model 2

dients are determined in the same manner as in the nonadaptike aforementioned parameters indicate tHaidel 1 is more
on-line training method. accurate thadfodel 2, as compared to thdctual System.

z1(t+1) = a (21(1)” + 0.3z2(t) w3(t) + 0.2u1 () + nprocess (t)
ea(t+1) = o (22(8)” + 7y 23(t) 21(t) + 0.5 ug () + nrocess(¢) 22)
z3(t+1) = a (23(1)" + 7 21(t) 22(t) + 0.5 uz(t) + nEroeess(t)
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2) Development of the Nonadaptive and Adaptive Neural TABLE |
State Filters: It is assumed thats(t) is the state to be esti- 2120 SrsTEM NEURAL STATE FILTER COMPARISONRESULTS
mated. The neural state filtering algorithms proposed are ni X - X

. . . . . Neural State Filter Architecture | Network Size | EnMse

applied to develop a nonadaptive and an adaptive filter. Fir
we perform off-line training, followed by on-line training. Non-adaptive | State Update | Feedforward 5-6-1 0.29%

The design of both the nonadaptive and adaptive state filte  Filter State Update Recurrent 5-6-1 3.04%
requires an estimation data set and a validation (or testing) d Output Predictor | Feedforward 5-6-2 0.18%
set. The formeris divided into a training and evaluation setant x4, tive | Output Predictor | Recurrent 5.7.2 16.6%
is used to specify the filter structure and parameters, whereas State Prodictor | Feodtormard S5l 061%
latter is used in final testing of the filter. While using the valida ’
tion set the filter structure and parameters are not adjusted. State Predictor | Recurrent 5101 | 22.3%
estimation and validation data sets are a collection of step,ra  Filter State Update | PFeedforward 5-6-1 0.21%
and sines, that cover a wide range of typical inputs to which tl State Update Recurrent 5-8-1 17.5%

2120 system is subjected. The estimation data set is generated

using M odel 1 for the nonadaptive filter and/ odel 2 for the

adaptive filter. In addition, process noise is added to the equa- TABLE I

tionS Whlle data iS Collected. The process nO.lgz cess(t) iS VALIDATION DATA SET INPUT SIGNALS FOR 2120 SYSTEM

assumed to be zero-mean white Gaussian with 0.01 standard de-
viation (sd). The validation data set is generated using (22) and ) () Number of Samples
(23). Anestimatiordata set is obtained that consists of 1000 data 0-3sin(mt/8)+ | 0.45(t/400)— 100
samples. The estimation data set consiststadiaing set(600 0.5(#/400) 0.2 sin(w¢/20)
samples) and agvaluationset (consisting of 400 samples). The 0.3,¢ < 26s 0.3, < 365 50
evaluation data set is used to determine the best stopping point 0,t > 26s 0,¢ > 363
in the training process (to prevent over-training) as well as to 00022 02 0
select the filter structure. . '

Only one-hidden-layer networks are used, where the network 0.2 0.002¢ 50
size is determined using the following approach: a given 0.3 +0.2sin(r¢/5) | 0.2 + 0.3(¢/200) 200

network is trained using the training data set and the training
process is stopped when the error associated with the evaluation
data set began to increase (indicating over-training); the errofThe comparisons of Table | clearly indicate that for this
in the evaluation data set is noted and training is repeateblem the feedforward architecture is preferable to the
with a different size network; a number of network sizesecurrent architecture. This is to be expected for the state
is examined and the architecture that resulted in the lowegidate network as this mapping does not implement dynamic
evaluation data set error is chosen. For the nonadaptive caeffects. A possible explanation for the predictor networks could
the neural network state filter is a 5-6-1 FMLP. The averadee that this example is relatively simple and the underlying
error on the evaluation portion of the estimation data set fdynamics can be captured by the global feedback implemented
this architecture i€£'x vy se = 0.285%. For the adaptive casein a feedforward network.
there are three neural networks involved in the state filter. The4) Neural Filter Validation: The resulting nonadaptive and
output predictor network was determined to be a 5-6-2 FML&tlaptive filters consist of static and dynamic feedforward net-
network, with a corresponding evaluation data set error wiorks. Following complete selection of the filter architecture,
Enxnvse = 0.183%. The state predictor network is determineghe combined set of networks involved is tested by applying the
to be a 5-8-1 FMLP network, with a corresponding evaluatiogalidation data set (consisting of 450 samples which the net-
data set error oy yrse = 0.612%. Finally, the state update work has not previously seen). Table Il shows the validation
network is determined to be a 5-6-1 FMLP network, with data set used. Two experiments are considered for the valida-
corresponding evaluation data set erroffy s = 0.213%.  tion set: a low noise experiment with noise sd 0.01 and a high
3) Neural State Filter Comparisonin this section a com- noise experiment with noise sd 0.05. Fig. 3 shows the nonadap-
parison of various network architectures is presented, evaluatig and adaptive state filtering results for the validation data set
their effectiveness to address the state filtering problem at hanagkh high noise level. None of the neural state filters account
Table B presents a summary of these results. The comparis@n on-line learning. Table I#:5 displays the average state es-
is performed by running once thevaluationdata set through timation errors, using the previously defined metrics. The er-
the various networks. Both feedforward and recurrent networksrs with respect to the actual states without on-line learning
are considered. The two predictor networks are dynamic in ngre large. This is because the model used in obtaining the state
ture, whereas the state update network is static. The architegtues for training has been intentionally made to exhibit sig-
tures depicted in the table represent the best network choicesfiicant errors. Off-line training cannot reduce these errors any
lected following a search over possible network configuratiomgrther. However, as shown in Table Ill on-line training has been
and input layer layouts. successfully used to further reduce the state filtering errors with

3(Architecture column) All predictor networks are dynamic, whereas all state “(Columns 3, 4, 5, 6) Without on-line learning.
update networks are static. 5(Column 7) With on-line learning.
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Fig. 3. State filter responses using the validation data set (high noise environment); neural state filters without on-line learning.

TABLE Il
2120 SrSTEM x5(t) STATE FILTER VALIDATION SET ERRORS

State Filter Exumse | €act(t)? | €moa()® | €act(t)® | €moa(t)
Non-adaptive | Low Noise (¢ =0.01) | 0.32% 12.5% 0.1% 8.5% 0.2%
Neural Filter | High Noise (o = 0.05) 0.46% 11% 0.05% 9.5% 0.15%

Adaptive Low Noise (¢ =0.01) | 0.32% 10% 0.1% 0.8% 2.3%
Neural Filter | High Noise (¢ = 0.05) | 0.26% 11% 0.05% 0.9% 2.5%
Extended Low Noise (¢ = 0.01) 0.30% N.A. N.A. 12% 0.05%
Kalman Filter | High Noise (o = 0.05) 0.45% N.A. N.A. 11% 0.03%

respect to the actual states. Due to space limitations the estimaAn attempt was made to develop a linearized KF. The re-
tion results with on-line learning are only tabulated. The sigults, however, were not satisfactory because in most simulation
nificant drop in the adaptive filter state estimation error can Istudies the filter did not converge. The comparative results of
clearly observed. the designed EKF are presented in Table Il and Fig. 3. In this
5) EKF: For comparison purposes, an EKF is designed féigure, three state filters are compared with the “actual” state
estimating the state:3(¢). The standard EKF algorithms isvalues of the system. The neural state filters shown do not in-
used in developing a nonadaptive filter. For a fair comparisatude the effects of on-line learning. Due to space limitations
with the nonadaptive neural state filte¥/odel 1 and its lin- we have included the effects of on-line learning in the next case
earized version is used in the EKF design. Specifically, in ttetudy. The EKF exhibits response similar to both the nonadap-
Prediction StepModel 1 is used, whereas the same model i8ve and adaptive neural filters without on-line learning. During
linearized for use in the covariance matrix calculations. In thhke initial segment of the simulations shown in Fig. 3, the non-
Update Stemf the EKF, the linearized version dflodel 1 is adaptive neural filter and the EKF exhibit worse performance
used in both the update equation of the covariance matrix athén the adaptive neural filter. However, in the latter segments
the EKF gain matrix calculations. Finally, the noise covarief this simulation study the EKF appears to perform better than
ance matrices are calculated using the white Gaussian ndis¢h the nonadaptive and adaptive neural filters, again without
assumptions. The EKF gains are recomputed following the #ine on-line learning effects. Overall, the average responses of
rival of each new observation. As a result, the performance thie three filters are comparable when no on-line learning is used.
an EKF should be compared to that of an nonadaptive neufdle numerical results of the state estimation error with on-line
filter with on-line learning. learning are included in Table IIl. A quick review of the results
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with on-line learning reveals a shift in the state estimation eneat transfer from primary side to the secondary side; and 3)
rors. The nonadaptive estimation error with on-line learning gevent hydro-dynamic instabilities in the feed-water pipes due
improved with respect to the actual states. The error with respéztvater hammers. Because the open-loop system is unstable, a
to the model is worse. The same trend is observed for the adafabilizing controller is required to allow system operation. The
tive estimation error with on-line learning. Despite a significardontroller structure used in this study is that proposed by Menon
drop in the estimation error with respect to the actual states, #red Parlos [27].

error with respect to the model further increases. This can be2) UTSG Simulator:A UTSG simulator developed by
explained on the basis that on-line learning is expected to gi8&dohmayer [41] and modified by Choi [8], is adopted for this
better state estimates with respect to the actual states and furitedy. The simulator was developed using one-dimensional
the model states exhibit inaccuracies with respect to the actoass, momentum, and energy conservation equations. An

states. integrated secondary-recirculation-loop momentum equation
_ is incorporated into the simulator to calculate the water level.
C. A Complex Thermal-Hydraulic Process System There are seven control volumes in the model spatial domain:

In this section the adaptive neural state filtering algorith@ur on the secondary side, the steam dome-downcomer (SDD)
is applied to the UTSG and compared with EKF designs. THggion, the tube bundle region and the riser region, which is
UTSG is a highly nonlinear, unstable, multivariable thermal-hylivided into a saturated volume and a subcooled volume. The
draulic process system used in nuclear power plants with pré¥-ee control volumes on the primary side are the inlet plenum,
surized water reactors (PWRs) The UTSG is used to Convg]ﬁ outlet plenum, and the fluid volume within the tube bundle
water in liquid phase to steam. The steam from the UTSG figgion.
used to drive turbines which in turn drive electric generators. A brief description of the UTSG simulator used is presented
The UTSG is, therefore, an important power plant componehfgre, for the reader to appreciate the complexity of the involved
whose operation is critical for the overall plant operation. TH¥rocess dynamics. For the primary side model, a set of three
UTSG is sufficiently complex that it is considered a real-worldifferential equations with three unknowns is used. In matrix
test case for the proposed algorithms. In this case study, tigm these are
adaptive neural state filters arrt]a d(_avelopgg ffor gg;rir;g Sl(;)WIE1 (T(7)) T(T) =1,
varying process parameters; the riser void fractigr() an
the overall primary heat transfer coefficiditye. . (T(7): @B(7), Tialr), Fpr(7), Wpr (7)) (25)

1) Description of the UTSG Dynamicsn UTSG operation, Where we have

high pressure liquid from the power plant primary loop flows in Eq (T(7)) 0 0

and out of primary side (also called the tube side). The primary E1 (T(7)) = 0 E (T(7)) 0

side liquid flow path is up from the hot leg inlet, to a semicircular 0 0 B33 (T(7))
turnaround and then down to the cold leg exit. Feedwater enters (26)
the UTSG from the steam plant. At this junction, the feed-water T(7) = [T1(7), Ta(7), Tg(T)]T (27)

mixes with the liquid being discharged from the quUid'Vap%here
separation devices. The liquid mixture flows downward through
the annuladowncomeregion. After a turn at the bottom of the ()
downcomer, the liquid is heated during an upward passage out-, -

continuous time;
three-dimensional vector forcing function;

: . . 1 temperatures of the inlet;
side the U-tubes in thieibe bundle regionThe heat transferred 18 temgerature of the tube bundle:
across the tube bundles causes evaporation of some of the liqui 2(7) temperature of the outlet; ’
and a two-phase mixture exits from the tube bundle entering th ?’1 ’

iser. The liquid and dall ted b o (-) diagonal matrix function of the temperature vector;
rser. Theliquid andvapor are partially separated by Swir VaneST(T) dependence on the temperature vector is compli-

a; tﬂe E?_?ch tr_}% nser andhmore slep?ratlor;].ogcurs near (tjhe.tﬁp cated by the embedded empirical correlations gov-
ofthe - The vapor that results from this is saturated wit erning the thermal and fluid properties of the system.

a quality of about 99.75%. This vapor is then fed to the turbin]ane thermal load) (+) is the thermal energy transferred from

units and other auxiliary equipment. : . :
the primary side to the secondary side across the tube bundle
The three outputs of a UTSG that are usually measured aref Gign Thg heat load is calculate)c/i using

cold-leg temperaturé&.;(t), the downcomer water levél,, (),
and the secondary steam presskyét); while the five distur- Qp(7) = Uover Ao AT pi(7) (28)

bances acting upon the system are the feedwater temperatunerel/,... is the overall heat transfer coefficiert, is the total
Ty.w.(t), the hot-leg temperaturB,;(t), the primary mass flow outside surface area of the tubes, axifi; »,(7) is the log-mean
rate W,,,.(¢), the primary pressuré,,.(¢), and the steam flow temperature difference given by

rateW,,(t). There is only one manipulated control input which 11 (1) — To(7)
is the feedwater flow raté¥ s, (t). ATpm(r) = T (29)
The open-loop dynamics of a UTSG are unstable throughout [Tz (T)—Tm}

its operating regime. Furthermore, during operation the watehere?,; is the saturation temperature of water at pressure
level must always be maintained between certain prespecifiggl..

limits to 1) make sure that the steam quality is always above aFor the secondary side, the mass and energy conservation
certain value to prevent turbine blade damage; 2) have effectaguations are summed up over the control volumes and the mo-
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mentum equation is used to describe the recirculation flow. Tl Disturbances

secondary equations can then be represented as
yedq P Thil® Wpe® Wet® Tew(®) Ppr(®)

Ez (x5(7)) %s(7) = 5
(xs (7_)7 QB (7_)7 wa (7_)7 Wst("_)a Tf'w (7_)7 V(T)) (30)
or Wew® CTab | Tay(t+])
U, (T) f 1 (T) + QB (T) —> Steam-G:n:rator > Psat(t+1) Outputs
V. (7‘ ) f2 (7‘ ) Controlled ——— T (t+1)
d | an(r) fa(7) tnput
E; (%,(7)) — = (31)
: (X (T)) dr QR(T) f4(T) Fig. 4. Block diagram of the UTSG process simulator.
Py(r) 5(7)
W(r) Jo(7)

in state filtering methods, such as the EKF, in the form of a
standard state-space model. This is because the nonlinear forms
involved in the simulator are complex expressions incorporating
empirical relations not suitable for analytic differentiation.

3) Development of the Neural State Filterk this section,
ar(r)  void fractions at the riser outlet; two a_daptive ne_zural_ state filters are deyeloped an_d inve;tigated.
P.(r) secondary side steam pressure; 'I_'he first state filter is develope_d to_esnmate the riser \_/0|d frac-
Wir) tion, «gr(t). The second state filter is developed to estimate the

recirculation flow rate. . heat t ¢ ficient (HT hich i
The process noise is modeled #r). The right-hand-side of PI'Mary heat transter coetlicien (HTQ)over, Which is a con-
gfant parameter.

(30), thatisf; (+), represents the forcing functions and is coupl Th timati d validation dat t din the devel
to the primary side through the thermal 1o@¢ (7). The scalar € estimation and validation data Sets used in the develiop-
ment and evaluation of the neural models are a collection of

functionsin (31) f;(7) fori = 1,. .., 6, represent very complex TSG imulator dat ding to st q
functions of the states derived from a combination of physic process simulator data corrésponding fo steép and ramp
nges in operating power level. These operating power level

principles and empirical correlations. Each of these expressio ) . i
is several pages long. The nonlinear matrix funcliai-) is de- changes are effected by changes in the UTSG inputs: the hot-leg

pendent upon the state vectay(7) also and it is characterized €MPeraturey, (), the steam flow ratW*t(t)’ the feedwater
by similar complexity as the matri, (-) temperaturé’.,(t), and the controlled input, the feedwater flow

The system of (25)—(31) are combined to obtain the foIIowin?tve’w(t)' These disturbances and the controlled input will be

nonlinear state-space representation for the UTSG: enotgd c_oIIect|ver, by the vectaf?). In the nservmq fraction
adaptive filter, the only output measurement used is the UTSG

xs(T) secondary states;

U,(r) internal energy at the downcomer exit;
V(7 vapor volume in the steam dome;
an(7) void fractions at the riser inlet;

E(x(7)) x(7) = fp (x(7), u(T), w(7)) (32) water levelL,,(t). In the HTC adaptive filter, all three output
where measurements of the UTSG process simulator are used. In ad-
E(:)  matrix dependent oF,(-) andEs(-): dition, process and measurement noise, which is zero-mean,

x(r)  combined primary and secondary side state vectowhite' Gaussian with 0.05 standard deviation (sd), is added to

: the collected data.
u(r)  controlled inputWy,,(7); . Lo I .
w(r) disturbance vector: The detailed estimation and validation data sets used in the

£,.() nonlinear vector function, representing the UTS@eSign and validation of the adaptive neural filters are given

b dynamics ’ in [28]. All simulations of the UTSG are performed in the low
The system of these nine nonlinear ordinary differential equ ower operation range which corresponds to less than 20% of
H” operational power. This is because the low power opera-

tions is solved numerically to advance the transient simulati ) ) Is th test i i q T
given values for(7) andw(7) and an initial value for the state lonregime reveals the greatest nontineartlies and honminimum

x(7). The measured UTSG outputs are expressed in termsPOPSe behgvior i_n the dynamic_s of the UTSG? The following
the system states as follows: sections briefly discuss the design and evaluation of the neural

state filters as applied to the UTSG.

y(7) = by, (x(7), w(7)) (33) a) Adaptive Riser Void Fraction FilterThe adaptive
state filter algorithm is used to estimate the riser void fraction,
ag(t). The estimation data set used in training the networks

y(7) = [Lo(7), T5(7), Po(1)]* (34) comprises of data collected from the UTSG subjected to
different step and ramp changes in the operating power level.

and whereh,,(-) is a three-dimensional nonlinear functiorThe statec . qet r(t) iS oObtained from the UTSG simulator

vector andl3(7) is assumed equal to the cold-leg temperaturand is used to develop the appropriate neural models.

T.i(7). Fig. 4 shows a block diagram of the UTSG simulator Three neural networks are used in this estimation scheme: the

used in this study, with the input, disturbances, and outpuistput predictor, the state predictor, and the state update net-

denoted in discrete-time form. work. The development of these networks follows the earlier

It should be pointed out that (32) and (33) represent a UTSiBscussion on the algorithms. The neural filter setup used in this

simulator. Nevertheless, this simulator cannot be used direatiyse study is shown in Fig. 5.

where
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UTSG
Simulator
l u(t+1) { }Lw(t*'l)
u(t) > Neural Net 1 (t+11¢)
A Output s N
L SREY L predictor -
LNt t—l); (RMLP 6-3-1)

[z}
A I z ! ]
L, w(t+1 15 Ew(t+d) L2
\
3
Egz'l L (t.lt y L)
NN, w(t!t Neural Net o ™ Neural Net 1 141)
u(t) —» State - e(t+ )= State I
n > Predictor A Filter
ONNR(t!) (RMLP 6-4-1) ONNR(EHLIDL (FMLP 3-5-1)
1]
1z 1

Adaptive NN Riser Void Fraction Filter

Fig. 5. Block diagram of the UTSG riser void fraction adaptive filter.

b) Neural Output Predictor:The neural output predictor the output from the neural output predictﬁy\rj\ry,w(t|t -1,
architecture is initially chosen to be a three-layer RMLP nethe inputs to the process systartx), and the delayed output
work with six nodes in the the first layer, corresponding to six iref the neural state predict@y x r(t[t — 1). The number of
puts and one node in the third layer, corresponding to one outpuides in the hidden layer is set to three initially. The state
The single output of the third layer is the single-step-ahead ppredictor is then trained with the estimation data set. The
diction (SSP) of the UTSG water level,y ., (t + 1]t). The target is the Stater ... r(t+ 1) as provided by the UTSG
six inputs to the first layer are the process inputg,), the state simulator.
ararget, R(t) @and the delayed output of the neural model itself, The neural state predictor is trained using the approach sum-
JiNNjw(t|t — 1). Initially, the number of nodes in the hiddenmarized for the output predictor. Based on the lowggt, sk
layer is set to three. The neural output predictor is then trained the evaluation data set (no weight update), a RMLP network
with the estimation data set. The target is the UTSG simulateith an architecture of 6-4-1 is determined to be the best. The
output, Liarget w (t + 1). averageF v s e for this architecture is 0.1%.

The training of the neural output predictor is continued until  d) Neural State UpdateThe weights of the neural output
the stopping criterion is reached; thatis, until #ig; s p 0f the and state predictors are fixed and no further training is per-
evaluation data set (no weight update) just begins to increak®med on these networks. The neural state update architecture
The number of nodes in the hidden layer is increased and ikdirst chosen to be a three-layer FMLP networks with three
training cycle is repeated. A suitable number of neural networkedes in the input (first) layer and one node in the third layer,
are developed in this way and the best among them is choserconresponding to one output. The output of the third layer is the
this case, the best neural output predictor architecture is foufitered state valueg v r(t + 1|t + 1). The three inputs to the
to be 6-3-1. TheéE v a5k Of the output, in this case, is 0.4%. firstlayer are the UTSG process simulator outpluts ge: . (t+

c) Neural State Predictor:;The neural output predictor 1), the residuak(t + 1), wheree(t + 1) = Liarget,w(t +
weights are now fixed and no further training is performed oh) — JiNN,w (t 4+ 1|t), and the output from the neural state pre-
this model. The neural state predictor is chosen to be a threéstor &y~ r(¢t + 1|t). The target in training is the same as
layer RMLP with six inputs in the first layer, correspondingn the training of the neural state predictor, namely the state
to six inputs, and one node in the third layer, correspondifg..get, r(t + 1) obtained from the UTSG simulator.
to one output. The output of the third layer is the SSP of The initial number of nodes in the hidden layer of the neural
the statean n r(t + 1]t). The inputs to the first layer are state filter is set to four and training is performed as described
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in the previous section. The best FMLP network is found to lmn this network. The neural state predictor is chosen to be
a 3-5-1 network with the averadey ;s computed as 0.1%. a three-layer FMLP with eight inputs in the first layer, cor-
e) Adaptive Heat Transfer Coefficient Filteiffhe adap- responding to eight inputs, and one node in the third layer,
tive filtering algorithm is also used to estimate the primary heabrresponding to one output. The output of the third layer is the
transfer coefficient (HTC)/,v... The qualitative difference be- SSP of the HTC[AjNNjover(t + 1|¢). The inputs to the first layer
tweenUqye: andag(t) is thatUsy., is a very slowly changing are the outputs from the neural output predic§oy (]t — 1),
parameter of the UTSG and it can be considered to h@ema the process system inputs(t) and the delayed output of the
stantvalue for the time duration of normal operating transientseural state predictot/y x over(t|t — 1). The number of nodes
The HTC can still be considered a “state” with no dynamics fah the hidden layer is set to three initially. The state predictor
applying the adaptive state filtering algorithm. is then trained with the estimation data set. The target is the
Itis apparent that the estimation data set used to develop EC, 1/, over, Values which are obtained from the UTSG
neural filter should cover a wide range of transients of the UTS§gmulator.
process system withifferent Uy, values. In addition, these  The neural state predictor is trained until tBg ;s of the
variations inUsyve: should beobservablein the UTSG output eyaluation data set (no weight update) just begins to increase,
measurements. Based on trial runs, it was found that changegdyeported for the output predictors. The FMLP network with
Uover areweaklyobservable through the UTSG simulator outthe |owest error is found to be a 8-5-1 network and the average
puts,L,(t), P5(t) andTy(t). Therefore, in order to infer varia- g\, ... for the evaluation data set is computed at 0.1%.
tions inUsy.: With high accuracy, all three UTSG simulatorout- 1) Neural State Update The weights of the neural output
puts were used in the filter. Further, it was found that the steafRg state predictors are fixed and no further training is per-
flow rate, W.(t), greatly obscured the “observability” 6bve:  formed on these networks. The neural state update architecture
through the UTSG outputs. For this reason, the estimation 8arst chosen to be a three-layer FMLP network with seven
validation data setare designed with the steam flow Fitg(t), nodes in the input (first) layer, corresponding to seven inputs,
kept constant during power level changes. This is clearly untgsq one node in the third layer, corresponding to one output. The
alisti_c;_ however, thg i_ntention in this study is to determ@ne tr@utput of the third layer i€y x over (£ + 1]¢ + 1). The seven in-
feaS|b|I|ty of determmmg the “constant” parametéj.. using puts to the first layer are the UTSG simulator outpwig,+ 1),
an adaptive neural filter. he residuals; (+1) wherec(t+1) = y(t+1)— g wn (t+1]f)

Three neural models are used in this filtering scheme: t fd the output from the state predictdi y over (£ + 1[£). The
neural output predictor, the neural state predictor and t get in training is the same as in the tra{ining of the state pre-

neural state update network. The development of these m0d8|§tor namely, the HTC obtained from the UTSG
again, follows the relevant earlier discussion on the filtering - " ="~ target,over

algorithms. The filter setup for this case study is shown in the The initial number of nodes in the hidden layer is set to four

block diagram in Fig. . and training is performed as described in the previous section.

f.) Neural Output Pred|.ctor:'The neural ou.tput predictor The best FMLP network is found to be a 7-4-1 network with the
consists of three networks; a single network is developed for

T i i 0
each of the outputs of the UTSG process simulatoy(t), averagekiy s In the evaluation data setas 0.1%.

T.(t), and P,(t), denoted by the vectgr(t). Each of the net- 4) Neural State Filter ComparisonA comparison of
works in the output predictor is a three-layer RMLP networp/arous network architectures is now presented, demonstrating

The same eight inputs are used for each of the networks. Thgé%ir effectiveness to address the state filtering problems of the
are the four inputs of the process systen(t), the primary complex process system con5|der_ed. Table IV presents a sum-
heat transfer coefficient/,..., and the three neural Outputmary of these results. The comparison is performed by running

predictor outputs (delayed by one time stepyy (¢t — 1). ©Nce theevaluationdata set through the various networks.
The output for each of the networks fsyy(t + 1t) Both feedforward and recurrent networks are considered.

Ly o + 1[t), Tynalt + 1[t) and Pyy s(t + 1[t)]- Tr;a The two predictor networks are dynamic, whereas the state

number of hidden nodes in each of the networks is initially sHpdate network is static. The architectures depicted in the table
to four. The three neural models are then trained concurrenffiPresent the best network choices, selected following a search
with the estimation data set. The targets for each of the netwoR¥ET Possible network configurations and input layer layouts.
are Liasget,w(t + 1), Tiargetcr(t + 1) and Pragger o(t + 1), There are a couple ofqbsgrvatlons to be made about Table IV.
respectively, and are obtained from the UTSG simulatofh® comparison clearly indicates that for this problem, the re-
Training is stopped when thEy y,se of the network outputs current architecture is preferable to the feedforward architec-
for the evaluation data set (no weight update) just begins #§€. The exception is the state update network. Again, this is
increase. In this case, the best neural output predictor is fougPected for the state update network because this mapping does
be 8-4-1 forL,(t) and T.(t) predictors and 8-5-1 for the Notcapture dynamic effects. Furthermore, for the riser void frac-
P,(t) predictor. TheF ;5 for the three networks modenngtion adaptive filter the state update network results using feed-
the three process outputs are 0.7% for fhg(t) predictor, forward and recurrent networks are comparable. The table sup-
0.000 04% for thel,;(t) predictor and 0.002% for th&,(t) ports the assertion that as the complexity of the dynamics to be
predictor. TheseExyse values are computed using themodeled increases, dynamic recurrent networks might become
evaluation data set. preferable to dynamic feedforward networks for predictive pur-
g) Neural State Predictor:The neural output predictor poses. This assertion is consistent with our experience in devel-
weights are now fixed and no further training is performe@ping MSP for processes with varying level of complexity [34].



1426 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 12, NO. 6, NOVEMBER 2001

TABLE IV
UTSG NEURAL STATE FILTER COMPARISON RESULTS
Neural State Filter Architecture | Network Size | FnMsE
Output Predictor | Feedforward 6-4-1 16.2%
Adaptive Riser Void Output Predictor Recurrent 6-3-1 0.4%
State Predictor Feedforward 6-4-1 12.5%
State Predictor Recurrent 6-4-1 0.14%
Fraction Filter State Update Feedforward 3-5-1 0.13%
State Update Recurrent 3-4-1 0.2%
Output Predictor 1 | Feedforward 8-5-1 8.2%
Output Predictor 1 Recurrent 8-4-1 0.67%
Output Predictor 2 | Feedforward 8-5-1 6.8%
Adaptive Heat Trasfer | Output Predictor 2 Recurrent 8-4-1 0.00004%
Output Predictor 3 | Feedforward 8-5-1 7.3%
Output Predictor 3 | Recurrent 8-5-1 0.002%
Coefficient Filter State Predictor Feedforward 8-7-1 12%
State Predictor Recurrent 8-5-1 0.13%
State Update Feedforward 7-4-1 0.11%
State Update Recurrent 7-3-1 13.2%
5) Validation of the Neural State FiltersThe adaptive fil- TABLE V

ters for the riser void fraction and HTC are now tested using the VAUPATION DATA SETUSED IN THEUTSG HTC ADAPTIVE FILTER

validation (or previously unseen) data set. The selected adap-

tive filters consist of recurrent predictors and feedforward state Uover Load Changes
update mapping. The validation set consists of two individual (% of Nominal Value) | (% of Full Power)
tests; aramp increase from 5% to 10% with 0.6%/min and a step 70% 5% (Steady-State)
increase from 15% to 18% in the UTSG simulator power level.

60% 10% (Steady-State)

Zero-mean white Gaussian process and measurement noise with
0.05 sd is initially added to the validation data sets. The per- 50% 15% (Steady-State)
formance of the filters is later evaluated with a higher level of

. S 70% 20% (Steady-State)
process and measurement noise; the validation set was also cor-
rupted with zero-mean white Gaussian with 0.15 sd. 65% 15% to 20% (Ramp)
The validation data set used in evaluating the HTC adaptive (1% /minute)
filter is listed in Table V. There are eight individual tests in the 5% % % (S
validation data set; Tests 1 to 4 are conducted at steady-state 5% 15% to 18% (Step)
power levels, Tests 5 and 7 are ramp increases in power and 55% 15% to 20% (Ramp)
Tests 6 and 8 are step changes in power. Thgse last four tests (1% /minute)
are conducted with differertf..,.. values and with zero-mean
35% 10% to 13% (Step)

white Gaussian process and measurement noise, with 0.05 sd,
added to the validation data set. The performance of the filters
to Test 5 and 6 is then evaluated with a higher level of process
and measurement noise. The noise level is set at 0.15 sd. The state filtering results obtained in the validation tests in-
Riser Void Fraction Filter: The performance of the riser dicate that both the riser void fraction adaptive filters perform
void fraction adaptive filter on the validation data set corrupteguite well. The adaptive filter performance is further enhanced
with both low and high levels of noise is evaluated. Two filby allowing on-line learning. The average state estimation error
ters are compared, without and with on-line learning. The awith respect to the actual states is reduced from a maximum
erageF y s g for the riser void fraction filtered valuér (¢|77)  value of 2.6% to about 0.65%. At the same time, the estimation
and the average erroes..(t) and e.q(t) values are listed in error with respect to the model increases as a result of the on-line
Table VI. The riser void fraction estimated values for the ramigarning. This is to be expected as discussed in the previous case
input in the validation data set are shown in Fig. 7, the estimatgididy. Considering the complexity of the underlying process, the

values for the step input in the validation data set are shownrggults from both filters are quite encouraging. In fact, for most
Fig. 8. of the simulations performed using the neural filter with on-line
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Lz_J
Adaptive NN HTC Filter
Fig. 6. Block diagram of the UTSG HTC adaptive filter.
TABLE VI with high noise cqrruption. the averadky s s g for the filtered

UTSG RRoCESSRISER VOID g:f%ggg RASDAPT'VE FILTER VALIDATION value of the HTCU/,,...(t|t) and the corresponding normalized
residual values,(t) for the validation data set tests are listed
Neural State Filter Ewmse | el | eman 1N TaDle VI The HTC filtered values for tests 5 and 6, with the

data sets corrupted with high levels signal noise, are shown in
Figs. 9 and10, respectively.
Adaptive without | (o =0.05) | Step Input | 0.05% | 0.18% | 0.12% Again, considering the difficulties in even computing HTCs
Ou-line Learning | High Noise | Ramp Input | 4.5% | -26% |-248%  off-line using physics-based approaches, the accuracy of the
(c=015) | StepInput | 0.11% | 0.26% | 0.24%  state filters on the validation data set is quite satisfactory. The
Low Noise | Ramp Input | 0.08% | 0.09% | 0.54% filter without on-line learning has consistently performed with
acceptable performance. The consistency has been observed by
considering different type of simulation scenarios. The neural
filter with on-line learning further improved the performance of
(¢ =015) | StepInput | 0.01% | 0.05% | 093% e state filter, by reducing the state filtering errors to very low
levels. The improvement in the worst average estimation error
is significant; it is reduced from 4% to less than 1%.
learning, the average state estimation error with respect to the&) EKFs: In this study, an attempt is made to develop and
actual states is very small. compare EKFs with the developed neural state filters. The first
Heat Transfer Coefficient Filter,The performance of the difficulty in this attempt has been the unavailability of analyt-
HTC adaptive filter is evaluated using the validation data sgfal models in state-space form for use in the EKF algorithm. In
inputs listed in Table V. Validation of two adaptive filters is prethis study, Choi's simulator [8] is used as the “actual” system
sented; without and with on-line learning. Tests 1 to 4 are cofor testing the effectiveness of the state filters. The simulator
ducted to evaluate the accuracy of the filtered values of the pig-numerically linearized at many steady-state operating points
mary heat transfer coefficiefif,y..(t[t) at steady-state UTSG and the resulting linearized models are scheduled to obtain a
operating power levels. Tests 5 and 6 are conducted to eygiece-wise linear model. The scheduled model is then used in
uate the performance of the HTC adaptive filter under trafhe EKF design. Furthermore, the individual numerically lin-
sient UTSG operating conditions. All tests are performed witarized models are used in the EKF error covariance and filter
low noise corruption while only tests 5 and 6 are performeghin calculations. Both the linearized and the scheduled UTSG

Low Noise | Ramp Input | 0.56% | 0.38% | 0.34%

Adaptive with (6 =0.05) | StepInput | 0.01% | 0.02% | 0.45%
On-line Learning | High Noise | Ramp Input | 1.1% | -0.65% | -3.21%




1428

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL.

12, NO. 6, NOVEMBER 2001

0.5

0.45+

0.4r

0.35

0.3

0.25

Riser Void Fraction

0.1

0.05}

02

0.15f ¥

Il

Simulator

Neural Filter w/ On-line Learning
Neural Filter w/o On-line Learning.

Extended Kalman Filter

| 1 1

1

0
0

100

200

300

400

500 600 700 800

Time (seconds)

Fig. 7. UTSG process riser void fraction adaptive filter response for a ramp input (high noise environment).
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Fig. 10. UTSG process system HTC adaptive filter response using step input (high noise environment).
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TABLE VII VI. SUMMARY AND CONCLUSION
UTSG ROCESSHTC ADAPTIVE FILTER VALIDATION SET ERRORS

Practical algorithms are presented for nonadaptive and adap-

Neural State Filter EnNmsE | €act(t) tive state filtering in nonlinear dynamic systems using neural
Test 1| 12% 4% networks. The algorithms involve a prediction step and an up-
Test2 | 08% | 2.5% date step, similar to the EKF framework. In the nonadaptive for-

mulation it is assumed that an accurate system model is avail-
able, though not necessarily in analytic form. For the adaptive
formulation, an empirical system model is identified prior to

Test 3| 0.5% 2.7%
Low Noise | Test 4 | 0.55% 2.8%

Adaptive without | (7 =005) | Test 5 | 0.46% | 1.3% filter development. Learning algorithms are presented for the
On-line Learning Test 6 | 0.58% | 0.7% two filters consisting of an off-line and an on-line phase.
Test 7| 0.3% |-0.85% Neural state filters address one of the main problems associ-
Test 8 | 2.9% | -0.32% ated with conventional state filtering methods, the limited appli-

cability to real-world problems. Namely, their reliance on per-
fectly known system models and noise statistics has resulted
in limited practical applications. In conventional state filtering

High Noise | Test 5 | 0.6% 1.11%
(0=015) | Test 6 | 1.28% | -2.9%

Test 1| 0.05% | 0.9% methods, even if nonlinear system models are available, some
Test 2 | 0.04% | 0.8% type of model linearization must usually be performed. In the
Test 3| 0.05% | 0.8% adaptive state filtering algorithms discussed in this paper, the

nonlinear dynamics involved in the filter are approximated using
neural networks. Therefore, a functional form of the state-space
equations is not required. Further, a neural network is used to

Low Noise | Test 4 | 0.03% 0.7%
Adaptive with | (0 =10.05) | Test 5 | 0.02% | 0.8%

On-line Learning Test 6 | 0.03% | 0.1% determine the possibly complex nonlinear mapping between the
Test 7 | 0.02% | 0.09% innovations terms, system outputs, and the state update value.
Test 8 | 0.08% | 0.08% The state filtering algorithms developed in this paper are free

from limiting assumptions on the underlying system dynamics
and noise statistics, resulting in broad applicability to a large
class of problems.

Initially, a simple nonlinear system is chosen to demonstrate

the nonadaptive and adaptive neural state filtering algorithms.

models exhibit significant inaccuracies as compared to Cho . . .
g P Jl‘ﬁe two neural filters are developed using an accurate and an in-

simulator. Unfortunately, these represent the only available al- . .
. : . accurate model of the system, respectively. They are validated
ternatives for analytical UTSG models for use in the EKF. The_. ; . .
$ing a data set comprised of test signals different than those

errors associated with the numerically linearized and SChedLjEeontained in the estimation data set. Further, the validation data

%;SG models are extensively discussed in Menon and Par R is corrupted with low and high process noise. An EKF is
[ A]\ft . h . deling difficult developed using the model made available to the nonadaptive
er overcoming these serious modeling difficulties, tW. eural filter for comparison purposes. The EKF state estimation

EKF.S are developed for the UTSG; one for th‘? TISer VOihsuits are comparable to the two neural filters without on-line
fraction and another for the heat transfer coefficient. Bo%g

filt lidated usi d st h in the UT élrning under both low and high noise. All filters have rela-
ers are validaled using ramp and step changes in the ely low state estimation error with respect to the model used

operating power level. White Gaussian process and SeNEPtheir development, whereas more significant error with re-

naise is included in the simulations. The riser void fraCt'OQéJect to the actual system states. Further improvements in both

filter did not converge to a steady-state value in any of th . .
. X . . neural state estimates with respect to the actual states has re-
simulations performed. The state estimates diverged from th : - ) - ;
o . sulted from on-line training using additional input and output

actual state values, as shown in Figs. 7 and 8. Similarly no

convergence was achieved for the heat transfer coefficient fiI{BF asuremt_ants. This has been at the expense of th? state es_tlma-
also, as shown in Figs. 9 and 10. Ion error with res_pect tothe mod(_el used in filter design. Despite
Traditionally, EKFs are known to have convergence problenq%ese results, this case study might not be complex enough to

even when analytical nonlinear dynamic models are availr:lbﬁjee.monStrate a significant benefit for the proposed filtering al-

Usually, one would attempt a linearized KF to reduce the ing_onthms.

pact of convergence problems. However, linearized KFs sufferThe second case study is that of a UTSG. This is a complex
from performance, especially when the assumed state trajectBf§cess systemanditis used to develop two adaptive neural state
is not very accurate. In this case study, linearized KFs did ridfers and two EKFs. The UTSG system is open-loop unstable
converge to a steady-state value either. Itis believed that the pdB#l S0, for the transients conducted in this study, a controller is
performance of the EKFs can be attributed to two reasons: 1) thged to stabilize it. An adaptive neural filter is developed to es-
lack of a nonlinear state-space model that can be analyticdilijpate the riser void fraction, a state of the UTSG. Additionally,
differentiated for use in the EKF design and 2) the presenceasf adaptive neural filter is developed to estimate a constant pa-
significant modeling uncertainties in the numerically linearizedmeter of the UTSG system, the primary HTC. The EKFs are
scheduled model used in developing the EKF, as compareddveloped for both these parameters. Furthermore, adaptive es-
the “actual” system used in testing the EKF. timation results with and without on-line learning are presented.

High Noise | Test 5 | 0.06% | 0.1%
(¢=0.15) | Test 6 | 0.13% | 0.6%
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The two EKFs do not converge to a steady-state value within thg1]
simulation time-frame. On the contrary both adaptive neural fil-

. . . . : 12]
ters converge quite rapidly. Even without on-line learning the[
estimation results are acceptable compared to EKF and to thes]
errors obtained in computing these parameters off-line. How[-14]
ever, with on-line learning there is significant improvement in
the neural state estimates, resulting in estimation errors with rgt5s]
spect to the actual states of less that 1%. The results obtained
from this case study affirm that the proposed state filtering al'[lG]
gorithms can be applied to complex filtering problems with con-
stant or slowly varying parameters. Such critical variables carl17]
among other things, help assess on-line equipment condition qu]
fault diagnosis purposes.

For the two case studies presented it is observed that the dé®]
curacy of the filter developed without on-line adaptation is as
accurate as the values of the states used in the off-line networko]
training. This couples the obtained state estimation accuracy to
the process model accuracy. On-line adaptation has further ing
proved the state estimates, though proper on-line learning a[l—
gorithms must be used. The success of the filtering algorithm
can be partially attributed to the development of separate neurgzlzl
models for the output and state predictors and for the state up-
date. This is only an empirical observation with no theoretical23l
proof or explanation. The results further demonstrate that to th@4]
extent possible the state estimation error has been decoupled
from the accuracy of the process model used in developing tHéd!
estimators. If a model is not available for obtaining state values
for use in off-line training, a finite sample of state measure{26]
ments could be collected. Finally, our experience indicates that
asmeummnmmymmcompbﬂWoﬂhegamengpmMeHﬂ]
increase, the benefit of using the proposed algorithms becomes
more apparent. It is only then that complex filters, such as th&®
ones presented in this study, can be justified.

[29]
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