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On-line filtering of stochastic variables that are difficult or expensive to directly measure
has been widely studied. In this paper a practical algorithm is presented for adaptive state
filtering when the underlying nonlinear state equations are partially known. The unknown
dynamics are constructively approximated using neural networks. The proposed algorithm
is based on the two-step prediction-update approach of the Kalman Filter. The algorithm
accounts for the unmodeled nonlinear dynamics and makes no assumptions regarding the
system noise statistics. The proposed filter is implemented using static and dynamic feed-
forward neural networks. Both off-line and on-line learning algorithms are presented for

training the filter networks. Two case studies are considered and comparisons with Ex-
tended Kalman Filters (EKFs) performed. For one of the case studies, the EKF converges
but it results in higher state estimation errors than the equivalent neural filter with on-line
learning. For another, more complex case study, the developed EKF does not converge.
For both case studies, the off-line trained neural state filters converge quite rapidly and
exhibit acceptable performance. On-line training further enhances filter performance,
decoupling the eventual filter accuracy from the accuracy of the assumed system model.
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1 Introduction tigated the use of the EKF with an identified neural network

Accurate on-line estimates of critical system states and paramgdel[_lz]' Dong et al._use neural netwo_rks for adaptive filters in
eters are needed in a variety of engineering applications, such®isOn-line fault detection scheni&3]. Lei et al. used recurrent
condition monitoring, fault diagnosis, and process control. [Reural networks to estimate the state of a chemical prddefs
these and many other applications it is required to estimatewhereas Schenker and Agarwal used neural networks for predic-
system variable which is not easily accessible for measuremeiiite control of a chemical reactor that involved state estimation
using only measured system inputs and outputs. Since the deV&b]. Stubberud et al. used neural networks to implement an EKF,
opment of the well-known KF approach for linear stochastic statemparing various implementation options6,17. Finally,
estimation[1], this method has been widely studied in the literapurovic and Kovacevic have used recurrent neural networks for

ture and applied to many problems. The KF has been extendedyaptive state filtering that is based on deterministic observer
nonlinear systems. One such extension, called the EX{Fhas theory[18].

experienced a lot of interest from researchers but it has found fewI

practical industrial applications due to difficulties in Obta'mngadaptive state filtering in systems with partially known nonlinear

convergent state estimatg3). . . .
Neural networks have been extensively investigated in the COWnamlcs. In previous work, the authors developed an adaptive

text of adaptive control and system identificatigh], but it was Stat€ filtering algorithm using recurrent neural networks for sys-
more recently that their use has been proposed in state estimatf§f’S With completely unknown nonlinear dynamics; complete
Uses of neural networks in practical state estimation algorithrifientification of an empirical model was part of the adaptive filter
has been scarce. One of the first investigation of the filtering ad-9,20. The current paper makes the following contributions:
plications of neural networks was by Lo who proved that a state

filter based on recurrent neural networks converges to the mini-, A practical algorithm is presented for adaptive state filtering
mum variance filtefS]. Elanayar and Shin used radial basis funcy, \,,pjinear systems with partially known dynamics. Our formu-
tion neural networks to investigate state estimation problghs lation is based on the recursive approach of the EKF. However
Also recently, the problem of parameter estimation has receiveél.k he EKE th f iallv K d ' S
Ynlike the , the case of partially known state dynamics is

the attention of the neural networks community with some ne idered | f del develobed f
results reported7]. Nonlinear, finite-memory state estimators usconsidered. Separate neural networks models are developed for

ing neural networks have been proposed by Parisini é8hand €ach “mapping” involved in the filtering algorithm.
Alessandri et al[9], in related publications. Haykin et al. has pre- * The effectiveness of the presented algorithm is demonstrated
sented an overview of state filtering with neural networks, witRy developing state filters for a motor-pump system and a com-
emphasis on radial basis function networks which are linear-iplex process, namely a UTSG. The performance of the developed
parameterd10]. Zhu et al. proposed the design of an adaptiveeural filters is extensively tested and compared to EKF, demon-
observer using dynamic neural netwofid], and Habtom inves- strating the resulting improvements in performance and broad ap-
plicability. For the motor-pump system the online trained adaptive
Contributed by the Dynamic Systems and Control Division for publicatioq in thilter reveals much lower average state estimation errors than the
JOURNAL OF DYNAMIC SYSTEMS, MEASUREMENT, AND CONTROL Manuscript EKF. For the case of the UTSG, the adaptive state filter estimation

received by the Dynamic Systems and Control Division December 2000. Associ ; ) - |
Editor: R. Langari. error is quite acceptable while the EKF fails to converge.

n this paper, a practical algorithm is presented for effective
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2 Nonlinear State Filtering —9(k+1|k), resulting in the state estimafgk-+1|k+1). The
. ] coefficients used to weigh the innovations terms form the ele-
2.1 Problem Statement. Consider the following system ments of the EKF gain matrix. The EKF gain matrix is updated
representation in discrete-time, nonlinear, stochastic state-spasgg the Jacobian df(-) evaluated at the state prediction, the

form, also known as thaoise representation priori error covariance matrix and the assumed covariance matrix
B of the measurement noise. Finally, theposteriorierror covari-
X(k+1)=F(x(k),u(k)) +w(k), @ ance matrix is computed using the updated EKF gain matrixathe

y(k)=h(x(k)) +v(k),

wherek=1,2, ... is thediscrete time instant. Further, is it as-

sumed thaw(k) andv(k) are independent stochastic processes. 2.3 Proposed Method of Solution. In principle, the pro-

At this stage no assumptions are made regarding implicit or egesed neural method of solution appears similar to the EKF, how-

plicit knowledge off(-) andh(-), other than assuming that suchever there are three significant differences:

a representation is an accurate description of the underlying dy- . .

namics. In many traditional state filtering approaches, exact® h€ nonlinear functionsf(-), andh(-) are assumed to be

knowledge of(1) is assumed, and the noise vecta&) andv(k) unknown, and .th'ey. are replaced by the combination of an as-

are considered zero-mean, white Gaussian processes. Equatfbided deterministic states-space system mofigl{-) and

(1) are the starting point for our development. mod ), in the form of an open-loop predictor or simulation
The objective of the state filtering problem is to obtain an estf[_md.e.I [22], and two neural networks used in approximating the

mate X(k), for the statex(k) given input and output observations Significant dynamics absent from the e‘l‘ssumed model; these two

In linear state filtering, the notation used to denote this estimate}gUral networks are referred to as the “error mod&m),

important because depending on the chosen filtering method, (w the _fun_ctlonal form of the flltz_ar state update equation, or the

ferent optimal estimates are obtained. Nevertheless, in real-wolfe" 9ain, is allowed to be nonlinear, sdg(-), and it is also

nonlinear state filtering problems the resulting state estimates &

pnstructed from input/output measurements, and,
not optimal in any sense. Therefore, we use the nota&tf&fk) to

* the process and sensor noise statistics are assumed unknown
simply mean the state estimate at tikefollowing the update and they are not explicitly used in the filter computations.

resulting from the measuremenigk) andy(k), at timek. 3 Adaptive Neural State Filter

2.2 Conventional Method of Solution. The EKF solution In this section we formulate the adaptive state filter. The as-
to nonlinear state filtering assumes the availability of an exastimed system model and the neural network EM are explicitly
system model depicted by equatiaid$. A summary of the algo- utilized in the filter computations.

fithm consists of the following two ste#2,21] 3.1 Filter Equations. To obtain a state estimat&(k+ 1|k
_ . . th . . . . .
Step 1-Priorto Observing thik +1)" Sample-Prediction Step +1), using a nonlinear system model of the form given by equa-

The assumed modé(-) and h(-), and the state estimate at a_. . e ) 2
given time stepx(k|k§ )are use(d)to compute the predicted valu ons (1) and an identified EM, the following prediction-update
' algorithm is proposed:

of the state and outpuk(k+1|k) and y(k+1|k), respectively. ) . h -
The a priori error covariance matrix is also computed using the Step 1 - Prior to Observing thék+1)™ Sample - Prediction
state estimate and the Jacobiarf(of) evaluated at the state esti- tep L .

mate. The assumed covariance matrix of the process noise is usel'® State prediction is computed using the two steps

in this step. { KK+ 1|K) =fmod Xnn(K| k), u(k)),

priori error covariance matrix and the Jacobiarh¢f) evaluated
at the state prediction.

Step 2-Following Observation ¢k+ 1) Sample-Update Step fan(K+ 1]K) = fun( K+ 1]K), P(K) LK), Ex(K|k— 1)), (2
The state predictiorg(k+ 1|k), is updated using a linear combi-
nation of the prediction errors(or innovationy, y(k+1) where the vectors involved in E€R) are defined as

V() =[y(k),y(k=1), ... y(k=n,+1)]",
Uk)=[u(k),u(k—1), ... uk—n,+1)7", (3)
E(klk—1)=[ (KIk—1), (k—1]k—2), . . . &(k—n’+1|k—n)]",

and where, As in the previous predictor, number of delay$is determined
Klk— 1) =(Klk=1) — Kan(Klk—1). 4 iteratively during the network training stage of filter construction.
&(k[k=1)=(klk=1) = &yn(k[k=1) @ Step 2 - Following Observation ¢k+1)" Sample - Update
The number of delays),, n, andny are determined iteratively Step

during the network training stage of filter construction. The state is updated using the state and output prediction of the
The output prediction is computed using two similar steps EM, as follows:
J(k+ 1|K) =hmod X(k+1]k),u(k)), Kaun(k+ 1 k+ 1) = ICn(Kun(k+ 1K), Y(k+ 1), E(k+ 1)),
Inn(k+1[K) = hyn(9(k+1[k), (k) U(k), Ey(k[k— 1)), ®)
®) whereE(k+1) is defined as
where
Ek+1)=[e(k+1),ek), ... e(k—n.+1)]", )
_1)= — —1|k— —nY
Ey(klk—1)=[¢g/ (klk—1),e/(k—1k—2), ... ,g(k—n} and where.
-7
+HlkonaT © elk+ D=y(k+ 1)~ n(k+ 1K) (10
and where, The nonlinear filter gainfCyn(-), is the output of a neural net-
€y(klk—1)=9(klk—1) = gyn(klk—1). (7) work constructed at the filter design stage.
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Figure 1 shows a block diagram of the proposed adaptive sta
filter. In this formulation, there are three neural networks to bt System
constructedfyn(-), hyn(+), andICyn(-). The networks consid-
ered for use are static and dynamic feedforward neural networl oD
[4,23), with well-documented approximation propertigg4].
Static networks have the structure of FIR-type filters, and trainini

must be performed using all network inputs sampled from th A (klkjw
training set, the so-called TF4]. Similarly, dynamic networks T >

y(k+1)

have the structure of IIR-type filters, and training must be per. QNN(mk'ﬂ' Dot () |§(k+llk)

formed using some network inputs from the training set, wheree >

others(delayed outpulsusing tapped delay§past predictions [ 4

the so-called GF4,25]. In training a dynamic network, initially E’ .

the network predictions are inaccurate and this prevents effecti 5 N i
training. In this study, dynamic networks are initially trained using | Tk iNN( o O
TF, followed by GF[25]. TR | NN () | A(kr L) g:' .

3.2 The Off-Line Training Phase. In the off-line training Exklk-1) ’IW
: ; e 1M
phase of the filter, in addition to the output measurements used 7 —
the training sety,qe it is assumed that some reliable state val: g
UES Xiagerr are also available for use in training. The latter can b FA poes f
obtained from experiments or from the assumed system mod v / —
922 X o (k+1)
fmod(-) @andhyof -). The former assumption is quite realistic be- + A ke Ll )
cause in a number of real-world systems a limited number ¢ L- KN () =
measurements can be collected for variables that might otherwi;
be very costly to monitor and sense continuously. The effective
ness of the latter assumption about state values depends on /| e 100 )
accuracy of the available system model. In some instances, ev (amw |l
1

off-line signal processing methods can be used for extracting ste
values from input and output measurements.

|SE/SW Legend:

On-Line N .

. L . . X X ! | J -MTDMulllT Del
The off-line training is divided into two phases. In the first Adaptation . 'lp;_ o
phase all filter networks are trained as if they were static; that i el e e

they are trained separately using TF. In the second phase the
namic networks of the filter are coupled and further trained using

GF. In the first phase of off-line learningyy is developed first, Fig. 1 Block diagram of the neural network state filter
followed by fyy, and then theCyy network. The following ob-

jective functions are minimized in this phase of the training

process

( NP-1 NP—1 K
E,;= go Ei(k+1)= kEO /21 [Inn,(K+ 1K) = Yiarger (K+ NG
NP-1 NP-1 K
E,= IZO Ey(k+1)= kgo /Zl [Xnn, (Kt l|k)_xtarget/(k+ 1)]2, _ (11)
NP-1 NP-1 K
kEgz kEZO Es(k+1)= g,o /2:1 [Rnune (K 1K+ 1) = Xeargere (K+ 1) 12,

The error gradients for feedforward networks trained with TF calandem, by using the response of one network to improve the
be obtained by direct application of the chain-rule. The detailgstedictive response of the two others, until all networks produce
computation of these gradients can be found in many neural ngtceptably accurate MSP responses, as determined by a cross-
works references, such §4,26,27. validation set. The only measurements used as network inputs in
Following completion of the first phase of the off-line learningnijs phase of the off-line training are the delayed system inputs,
GF is used to further train the dynamic networks involved in thgyy - Al other variables are generated by one of the three net-
state filter, that is théyy andhyy networks. This form of learning o5 involved in the state filter. The detailed computation of the

gecgsgg?tenigzz'mﬁﬁggw a;\{ls'sfclj”(e;\r/\rlc;r[zosl:])!ectlve function OV&fror gradients involved in this phase are omitted, but they can be
P y 9 s’ : found in a recent publicatiof25]. More recent recurrent learning

Ko+ W ko+Ws K algorithms can also be considered in this phase of the training that
2 E(ko, k)= 2 2 (§,(klko)—yi(K)2  (12) can accelerate the learning process consider&dy
k=Kg+1 ' k=kot+1 /=1 ! '

where the erroiE(ky,k) depends both on the window location 3.3 The On-Line Training Phase. Neural networks are
and the prediction point within the window. For off-line learning‘semi-parametric” empirical models and therefore they can be
we selectk,=1 andW,=NP—Kk,. In this phase, the two predic- “retrained” recursively, on-line training, as new observations be-
tors and the state update network of the filter are further traineddome available. This training phase is complicated by the fact that
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the only measurements available are those of the system inplitee former is a measure of the state estimate accuracy with re-

and outputsu(k) andy(k), respectively. No state information is spect to the “simulated” state value, whereas the latter is a mea-

available on-line. sure of the state estimate accuracy with respect to the state value
As in the first phase of the off-line training, during on-linecomputed from the assumed model used in off-line training.

training the networks are decoupled and treated separately. For all

the filter networks, only a SSP gradient propagation training is

considered be_cause on-line Iearrjing Wit_h MSP minimizgtion ba— A Motor-Pump System Case Study

comes exceedingly complex and impractical. During on-line train-

ing, the error function to be minimized is of the form The objective of this case study is to develop an adaptive state

filter for simultaneous estimation of a DC motor armature resis-

« tance and flux linkage.

E(k+1)= 2 [Jun K+ 1[0~ Yiarger (K+ D)2 (13) .
/=1 4.1 Motor-Pump System Description. The motor-pump
system comprises a DC motor, a centrifugal pump, and the asso-
iated piping system. The equations governing the operation of
the system have been derived by closely following the approaches
of [29,30. The armature circuit is expressed as

The error gradients used in off-line training must be modified f
use in on-line training. For the output predictor network the err
gradients can be expressed as

M—zr (k+1]k)— (|<+1)]Tm (14) dla(t)

Wy NN Viarge Wy L HRa(D1a(D K, W)=V, (18)
For the state predictor network, the equivalent on-line trainingne armature resistance is assumed to vary with the armature
gradient can be expressed as

current, or equivalently with the external load demand, according

JE(k+1) A I to
TZZ[yNN(k+ 1/K) — Yiargel k+ 1)] kT 1K) diZ(t)
NN R,(t)=a gt +RC. (19)
« ‘9hmod ( ﬂfmod ‘”CNN . . )
IX(K+ 1K) | | 9%un(K[K) | | a%pgn(K/k— 1) The angular velocity of the combined DC motor and the centrifu-
gal pump is described by
of
N (15) do(t) :
&WfNN ampT =Wla(t)— Cmpo™ Cmplw(t) —h,M(t)w(t). (20)

Finally, for the state update network the error gradient can
expressed as

JE(k+1)
OWyc

Bfe dynamic equation for the mass flow rate is described by

— ¢ _ T
=2[gnun(k+1[k) Y1arge(k+1):| (&y(k-i- 1/K)

> 8hmod ( afmod (”CNN
ax(k+1[k) /| afun(K[K) /| awye, |

T:hnan(t)_hrr(t)Mz(t)- (21)

The external load on the overall system is varied through varia-
tions inh,,(t). The external load cannot be directly measured and
therefore it must be estimated. It is assumed that three of the
o motor-pump system statels,(t), o(t), andM(t), are measured.

In Egs. (15) and (16), the contributions of the termg,(-) and  On the other hand, the armature resistariRgt), cannot be di-
€/(-) to the on-line gradients are ignored. rectly measured and it must be estimated. The set of Ed@.

Some of the gradlents contained in E(ﬂs4) through(16) can through(zl) Comprises the motor-pump simulator.

be computed using a sensitivity-type network once the specificadditionally, an assumed motor-pump model is implemented
neural network architecture is selected. The gradien®£@f(-) by replacing Eq(21) with

with respect towe, also depend on the specific architecture of )
the network used, and for a feedforward network they can be M(t)=Knua(t). (22)

obtained using a backpropagation-type procedure. The derivatiy&§ations(18) through(20) are also used in the assumed motor-
of fmod(-) andhpo(-) with respect to the states can be obtainegymp model. However, the physical parameters used in the as-
numerically or even analytically, if an analytical form of the assymed model are different than those used in the motor-pump
sumed model is available. simulator. TheT(t) is estimated from the measured signalgt)

3.4 Off-Line Versus On-Line Training. It should be noted andM(t), using the following semi-empirical relation
here that both the off-line and on-line training stages are comple- A .
mentary and essential for training the filter networks. Applying T =kM(Do(1), (23)

only off-line training will usually not be sufficient. This can bewherek=0.36 is an empirically determined constant. Tih¢t) is
seen by observing Eq@8), and focusing on the inpuknn(k  one of the inputs used in the neural state filter. The equations

+1|k). For the off-ine case,Xyn(k+1[k) is given as describing the predictor form of the assumed motor-pump model
fnod Xtarge( K),U(K)) and the neural networdCyy(-), essentially gre

attempts to infer the value ofi,q(k+1) given the values of

) dM(t)

NN

(16)

Xarge(K) andy(k+1). On the other hand, for the on-line case the Ta(k+1]k)=fMPLT(K|k),@(k|k),Ra(K| k),

network ICyn(-) attempts to inferxiyge(k+1) giveny(k+1), & _smp2,}

and the previous estimatg (k| k), which is not exactly the same R Ra(k+ ﬂpl;)“ fm d(lf‘(k“())L (24)
as Xuarge(K). Therefore, on-line training is more realistic and in- w(k+1[k) = fr5(la(klk),o(k[k), T (k)),

deed more accurate than off-line training, allowing the filter to M (k+1|k) =P (@ (k|k)),

operate in closed-loop form.
Filter performance is assessed using the following errors:  Where the functionsf o= [ fmbg(- ), fmba(- ), fmba(-), frba(-)1"
N . are the discrete-time equivalents of the assumed motor-pump
€aclK) = x(k) —&(k|k) € K) = Xm(k) = X(K|k) a7) model. The discrete-time motor-pump model is obtained by ap-
ac x(k) $ooTme Xm(K) ' plying the standard discretization transformation presented in
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ld(t)

Table 1 Motor-pump system armature resistance and flux link-
age filter test set errors

Motor Pump State Filter EnNMSE €act (k) €mod (k)
Simulator éa T ﬁa T f%a T
Neural Filter w/o | Low Noise! | 0.12% | 0.10% | 1.50% | 2.30% | 0.01% | 0.02%
ke 1) On-line Learning | High Noise? | 0.22% | 0.18% | 4.30% | 2.60% | 0.02% | 0.04%
Estimator Neural Filter w/ | Low Noise | 0.01% | 0.01% | 0.08% | 0.07% | 0.06% | 0.08%
On-line Learning | High Noise | 0.02% | 0.02% | 0.09% | 0.06% | 0.08% | 0.10%
ﬁ(k) Asoumed Motor- ?(k+llk) Extended Low Noise | 0.11% | 0.12% | 1.45% | 2.40% | 0.02% | 0.03%
Pump Model N Kalman Filter | High Noise | 0.25% | 0.20% | 4.20% | 2.50% | 0.03% | 0.04%
| fmod(): Bmod() Ry(k+11k) o o SN 20
[vm)] (Predictor) Wiy ® High Noise: SNR = 0.5
Neural Network
Ul ] Error Model Skl |- ) ) .
a0t Bin(): 10-5-3 et ; ” +"=A varying number of hidden nodes. The EM networks with the best
€, (ki) Oy 8102 [ RnaGe IRy architecture are determined by trial-and-error to bel®—2 and
Byl ) Wrn(kt1lk) 10—5—‘3, with test errors oEyysg=3.9% andEyysge=1.0%,
Rkl respectively.
— wro] .
4.2.2 State Update ArchitectureThe state updatdCyn(-),
{50 is chosen to be a three-layer FMLP static network with 8 nodes in
Y(kt1) R the first layer, corresponding to the inputs, and 2 nodes in the third
M i) N Fanak+lle D Jayer, corresponding to the outputs. The inputs to the first layer are
e ® [uro}—> State Update \1: the three measured outputs, the three residuals, and the two cor-
R il KxNG: 892 kD racted state predictions. The two outputs are the two estimated
\EN’“ " states. The state update network is then trained with the training
(i 1ik) rpe— set and with varying number of hidden nodes. The targets are
M']_ R Rma(k) andW¥,4(k), as determined by the assumed motor-pump
ultple Time Delays . . . .
e model. An 8-9—2 FMLP architecture is determined by trial-and-
Sigle Tume Deley error to be the best for the state filter update network. The test

error for this architecture iEyysg=0.5%.

Fig. 2 Motor-pump system armature resistance and flux link-

X : 4.3 Development of the Extended Kalman Filter. For
age filter block diagram

comparison purposes, an EKF is designed for estimating the ar-
mature resistance and the flux linkage simultaneously. The stan-
dard discrete-time formulation of the EKF is used. For a fair com-
parison with the neural state filters, the previously presented
motor-pump predictor and its linearized version, are used in the
EKF design. Specifically, in th€rediction Stepof the EKF, the

4.2 Development of the Neural State Filter. To design the predictor equation§24) are used, whereas the same equations are
neural filter the motor-pump assumed modgl,q and hy,o4, IS linearized for use in the covariance matrix calculations. In the
used to generate the training set. Zero-mean, white Gaussian pypdate Stepof the EKF, the linearized form of the predictor is
cess and measurement noise is also added to the simulator susdd in both the update equation of the covariance matrix and the
that the measured variables exhiBNRof 3.0 and 0.5 for low and EKF gain matrix calculations. Finally, the noise covariance matri-
high noise experiments, respectively. Testing of the filter is petes are calculated using the white Gaussian noise assumptions
formed using the motor-pump simulator, given by E@$8) made in this simulation study. An attempt was also made to de-
through(22). velop a linearized KF for the problem at hand. The results were

In this study,¥ is modeled as a slowly varying parameter thatot satisfactory because on a number of simulation studies the
is “constant” for a number of transients, and yet acquiring a nevinearized filter did not converge.
value for different set of transients. A training set is constructed 4.4 Comparison of the Neural Filters and the EKF. The

consisting of sinusoidal and ramp signals Ry(t), and different . !
constant signals fo¥. The training set consgg of 10,000 Samp|egomparlson of the neyral filters and the EKF for'the dual armature
: istance and flux linkage study are shown in Table 1, and in

(7500 samples for estimation and 2500 samples for the validati . -
or out-of-sample testing used to stop traiinghe test set con- EESS' 3 and 4. The simulations presented are for the test set pre-
é(&gusly discussed.

sists of 2000 samples of sinusoidal and ramp signals with chardC=_. . . . .
teristics different than those used in the training set. A block dia Figures 3 and 4 depict the state estimates as functions of time
gram for this filter is depicted in Fig. 2. or the ne.ural_ filter with and without on-hne Iearnl_ng, and for the
EKF. All filtering results are compared with the simulated states.
4.2.1 Error Model Architectures. The fyn(-) and hyn(:) The EKF exhibits response similar to the neural filter without
EM predictors are chosen to be three-layer FMLP dynamic netn-line learning, while on-line learning improves the state filtering
works with 8 and 10 nodes in the input layer, respectively. Thesults. In fact, for most of the simulations performed using the
inputs tofyy(-) are the two state predictions from the assumedeural filter with on-line learning, the mean state estimation error
model, the two predicted state errors, the three measured outpuith respect to the simulated states approaches zero.
and the single measured system input. The inputsyt¢(-) are There are some discrepancies in the transients, but the overall
the three output predictions from the assumed model, the thmesponses are comparable, as witnessed by the results of Table 1.
predicted output errors, the three measured outputs and the sinfés table shows the averages of the state estimation errors with
measured system input. The number of nodes in the third layerreEpect to the simulated states and the assumed model states. The
the predictors is set to two and three, corresponding to the twmost important observation is the value of the average estimation
predicted states and the three predicted system outputs, respemr with respect to the simulated states. Both the neural filter
tively. The error models are then trained using the training set anithout on-line learning and the EKF show considerable error in

many digital control texts to Eq$18) through(21) [31]. In view
of the assumed motor measurememis=[1,0,1,1".
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Fig. 3 Motor-pump system armature resistance and flux linkage filter response

using the test data set as inputs

this category because of the uncertainty in the assumed modeise to be worse than the corresponding results with low noise.
used in developing them. At the same time, the estimation errdrhe flux linkage shows an exception to this expectation, but the

(high noise environment )

of these two filters with respect to the assumed model are quéeor difference is very small.
low. However, further on-line learning reduces the estimation er-
ror with respect to the simulated states, at the expense of the

estimation error with respect to the assumed model states. This.is

expected because the filter with on-line learning drifts away fro

The Case Study of a Complex Process System
the assumed model used in the off-line learning. Finally, one In this section, an adaptive neural state filter is developed for

should expects that, in general, the estimation results with higlstimating the UTSG riser void fractiomg(t).
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Fig. 4 Motor-pump system armature resistance and flux linkage filter response

using the test data set as inputs
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5.1 Process System Description.A UTSG simulator devel- UTSG
oped by Choi[32] is adopted for the purpose of this study. Be- Simulator
cause the open-loop system is unstable, a stabilizing controller wrsahe D] | UTSG hUTSG
required to allow system operation. The controller structure useu(+1)= wUTSG(kH)]

with the above UTSG simulator is that proposed by Menon an fwlerh)

Parlos[33]. The UTSG has one control inpudy;,(t), and five
disturbance inputs, namel¥;, (t), Wy (t), Wg(t), Try(t), and

P,(t). The only measured output of the UTSG used in this stud (k) UTSG Lyt 1K)
is Lw(t) . 4 klkr Assumed Model [

The UTSG can be represented in the following nonlinear sta vk f“‘(‘;fi‘e;};“‘;‘;(') Ol
space representation: o] °

dx t) —
U;StG( =furse(Xursa(t) Uursa(t) Wyrsa(t)), (25) L»

Neural Network
Error Model NN, wik+1Ik) |-

U )] ¥
-Lw(k”), ENNG): 7-4-1 »( >

T

A +,
where the state vector includes both the primary and seconde Ey(kk-1) PN 731 M{B‘*
side states. The system of these nonlinear ordinary differenti E:mk.l) —
equations is solved to advance the transient simulation. The me ﬁ
sured UTSG output is expressed in terms of its system states, Rkl
follows: [s]
Ly, (k+1)
Yursa(t) =Lw(t) =hyrsa(Xursa())- (26) S gy il | Neural Oty r(k+ TR+ 1)
. <>£(k+l)-8(k+1)‘ Ngtt:f:k .
5.2 Development of the Riser Void Fraction Neural State Update
Filter. The training and test sets used in the development ar " KNGz 3-4-1
testing of the neural networks involved in the state filter are . O rk+ 1)
collection of UTSG simulator and assumed model data, corre Legend:
sponding to step and ramp changes in operating power level. Or (3075 Mitipte Time Delays
three of the five disturbances are used, along with the single co [0 sine Tme ety

trolled input of the UTSG. These are collectively referred to by
the four-dimensional vectar(k). In addition, the simulator con-
tains white, Gaussian process and measurement noise, such tHég. 5 Block diagram of the UTSG riser void fraction filter
the measured input and output variables exh#iRof 3.0 and
0.5 for low and high noise experiments, respectively.

The state filtering method is now applied for estimating the ] ) ] o ) )
riser void fraction of the UTSG. In this filter, a scheduléaf network is then trained with the training set and with a varying

piecewise linear UTSG model is used as the filter model number  of h_idden nodes. The target in training is the state
£UTSG(.) andhUTS%(.), as further described if83]. The training amr(K), obtained from the UTSG scheduled model. The best

mod mod FMYLP network is found by trial-and-error to be a 3-4-1 network,

set used in the state filter development comprises of data collec'q%}qj h d as 0.11%
from the scheduled UTSG model subjected to different step al the average test ermdEnuse, computed as 0.11%.

ramp changes in the operating power level. The state values fol5 3 Development of the Extended Kalman Filter. For
the riser void fraction are also obtained from the scheduled UT%mparison purposes, an attempt has been made to deve|op an
model. The test set includes 2 individual tests; a ramp increaseglF for the UTSG case study. The first difficulty in this attempt
0.6% per minute from 5% to 10% of full power, and a step inhas been the unavailability of analytical nonlinear or linearized
crease 15% to 18% of full power. Test sets with both low and higRodels in state-space form for use in the EKF equations. In par-
noise, as defined in the previous paragraph, are generated. figlar, the vector functioné(-), h(-)) and their Jacobians, both
neural filter setup used in this case study is shown in Fig. 5. ysed in the EKF algorithm, are related through the differentiation
5.2.1 Error Model Architectures. The fyn(-) and hyn(-) operator, necessitating the aval_lablllty of an analytlc form. Fur-
EM predictor networks are chosen to be three-layer FMLP d{1€rmore, the same vector functiofig-), h(-)) used in the EKF, =
namic networks with 7 nodes in the the first layer, and 1 node e assum_tyed t_o be a perf_ect representa_tlon of the system. In this
the third layer. The inputs téyy(-) are the state prediction from study, Choi’s simulatof32] is used for testing the effectiveness of

the assumed model, the predicted state error, the measured o utlhe sta_te f”‘?fs- As previously described, the_ simul_ator is nu-
and the four measured system inputs, including the disturbanc&€rcally linearized at many steady-state operating points and the

The inputs tohyy(-) are the output prediction from the assumeagsulting linearized models are scheduled fitted) to obtain a

model, the predicted output error, the measured output and cewisg quear moddB3]. The sphedu!ed model is used in the
THEF design instead of an analytic nonlinear model. Furthermore,

nr@e numerically linearized individual models are used in the EKF

corresponding to the predicted state and the predicted output, $8r covariance and filter gain calculations. .
spectively. The error models are trained using the training set an fter overcoming these Serious F”Ode"r.‘g d'ff'.CU|t'es’ an EKF.'S
a varying number of hidden nodes. The EM networks with th(éeveloped for the UTSG riser void fractlon. Filter validation is
best architecture are determined by trial-and-error to be 7-5-1 apggmpted using ramp and step changes in the UTSG operating
7-4-1, with test errors oEyyse=1.98% andEyyse=1.33%, power Ievel: Procgss and. sensor noise is included in the simula-
respectively. tions. The riser void fraction filter did not converge to a steady-
state value in any of the simulations performed. Traditionally,
5.2.2 State Update ArchitectureThe state updatdCyn(-), EKFs are known to have convergence problems even when ana-
is chosen to be a three-layer FMLP static network with 3 nodes lytical nonlinear models of the underlying processes are available.
the first layer, corresponding to the inputs, and 1 nodes in the thid$ually, one would attempt a linearized KF to reduce the impact
layer, corresponding to the outputs. The inputs to the first layer ase convergence problems. In the UTSG case study, a linearized
the measured output, the residual, and the corrected state preHie-did not achieve convergence either. The poor performance of
tion. The output node is the estimated state. The state upddte EKF for the UTSG riser void problem can be attributed to two
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Table 2 UTSG process riser void fraction filter test set errors There are some discrepancies in the two convergent neural filter
transients, but the overall responses are satisfactory, as withessed

Neural State Filter Ex215E | €act(k) | Emoa(k) .
Tow Notse? | Ramp Tnput | 056% | 038% | 031% by the results of Table 2. This table shows the averages of the state
Filter without Step Topat | 0.05% | 018% | 012% estimation errors with respect to the simulated state and the as-

sumed model state. The most important observation is the value of
the average estimation error with respect to the simulated state.
The neural filter without on-line learning shows some error in this

category because of the uncertainty in the assumed model used in

On-line Learning | High Noise* | Ramp Input | 4.50% | -2.60% | -2.48%
Step Input | 0.11% | 0.26% | 0.24%

Low Noise | Ramp Input | 0.08% | 0.09% | 0.07%

Filt ith Step Input 0.01% 0.02% 0.01% A . . . . . .
o ; eer, I e s ;’p“t “0; 065; Orz; developing it. At the same time, the estimation error of this filter
n-line Learnin 1gn INolse am; npu . .| .02 /0 - . . .
g1 iy ° - with respect to the assumed model is lower. For the filter with
Step Input | 0.01% | 0.05% | 0.04% . . . . . .

on-line learning the estimation error with respect to the simulated

! Low Noise: SNE = 3.0 state is further reduced, while also further reducing the estimation

 High Noise: SNR = 0.5 error with respect to the assumed model. This is in contrast to the

results of the previous case study, though we do not have a rea-
sonable explanation. Finally, one should note that, in general, the

reasons{1) the lack of an analytical nonlinear model for use irestimation results with high noise are worse that the correspond-

obtaining a linearized model, ant®) the introduction of struc- iNg results with low noise.
tural modeling differences in the scheduled model used in the
EKF design, compared to the simulator used in testing the EKI§  Summary and Conclusions

5.4 Comparison of the Neural Filters and the EKF. The A practical algorithm is presented for adaptive state filtering in
comparison of the void fraction neural filters and the EKF amgonlinear dynamic systems using neural networks. The algorithm
shown in Table 2, and in Figs. 6 and 7. The simulations presentiedolves a prediction step and an update step, similar to the EKF
in these figures are for the test set previously discussed. framework. In the proposed formulation an assumed, approximate

The estimated riser void fraction for the ramp input of the teslystem model is considered available, though not necessarily in
data set is shown in Fig. 6. The estimated riser void fraction fanalytic form. Further, an EM is empirically identified to compen-
the step input of the test data set is shown in Fig. 7. These figuseste for the unmodeled dynamics. A training procedure is pre-
depict the state estimates as a function of time for the neural filsented for the filter development, consisting of an off-line and an
with and without on-line learning, and for the EKF. All filtering on-line phase.
results are compared with the simulated state. The EKF estimate3he adaptive state filtering algorithm is used to estimate the
diverge from the simulated state values, while the neural filtermature resistance and the magnetic flux linkage of a motor-
without on-line learning have some steady-state errors. The neysamp system simultaneously. The armature resistance is consid-
state filtering results obtained in these tests indicate that the rigeed a system state which cannot be directly measured on-line.
void fraction filter performs quite well. The filter’s performance isThis variable has the potential to indicate developing faults in DC
further enhanced by allowing on-line learning. Considering thmotors. During load variations, the magnetic flux linkage is a
complexity of the underlying process, the results from both neunaarameter which varies slowly with time, compared to the arma-
filters are quite encouraging. However, on-line learning signifture resistance. Therefore, it is considered as a constant parameter.
cantly improves filter performance. Again, for most of the simufhe resulting neural filter provides quite accurate state estimates.
lations performed using the neural filter with on-line learning thEurthermore, it is observed that the accuracy of the filter is not
mean state estimation error approaches zero. affected by the high noise environment considered. In all cases
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Fig. 6 UTSG process riser void fraction filter response using the ramp input of the
test data set (high noise environment )
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examined, use of the on-line learning has further improved thmder grant NAG#9-347. Dr. Atiya would also like to acknowl-

state filter accuracy. These observations indicate the potential éalge the support of NSF's Engineering Research Center at

using such filters in applications involving condition monitoringCalTech.

and fault diagnosis.
The second case study presented is that of a UTSG. The UTSG

system is open-loop unstable. Thus for the transients consideregyémenclature

controller is used to stabilize it. An adaptive neural filter is devel-

oped to estimate the riser void fraction, a state of the UTSG prB€ronyms

cess system. An EKF is also developed for this parameter. Fur-
thermore, adaptive estimation results with and without on-line
learning are presented. The EKF does not converge to a steady-
state value. On the contrary the adaptive neural filter converges
quite rapidly. Even without on-line learning the neural estimation
results are acceptable compared to the EKF, which diverges quite
rapidly. However, with the addition of on-line learning there is
significant improvement in the neural state estimates, resulting in
estimation errors with respect to simulated states of less that 1%.
The test results for this adaptive filter affirm that the proposed
algorithm can be applied to complex filtering problems with con-
stant or slowly varying parameters.

For the two case studies presented it is observed that the accu-
racy of the filter developed without on-line adaptation is as accu-
rate as the values of the states used in the off-line network train-
ing. This fact couples the state estimation accuracy to the accurac
of the assumed system model used in filter design. On-line adap-
tation further improves the state estimates, though a proper on-line
learning algorithm must be used. The on-line learning results fur-
ther demonstrate that to the extent possible the state estimation
error has been decoupled from the accuracy of the assumed model
used in the estimators. Finally, our experience indicates that as the
uncertainty and complexity of the state filtering problem increase,
the benefit of using the proposed algorithm becomes more appar-
ent. It is only then that complex state filters, such as the one
proposed in this study, can be justified.
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motor armature resistance
(AR), nominal AR, load
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eter
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Motor armature current esti-
mates from assumed model
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mates from assumed model
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= UTSG hot-leg temperature
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UTSG simulated nonlinear

dynamics

f9S(-), hsS(-) = UTSG assumed nonlinear
dynamics

amr(k) = target value for UTSG void
fraction
agr(k|k), ag(k+1]k) = UTSG void fraction estimates
from assumed model
annr(k|k) = Filtered value of UTSG void

fraction
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