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Abstract- This paper extends the sequential learning algorithm strategy of
two different types of adaptive radial basis function-based (RBF) neural
networks, i.e. growing and pruning radial basis function (GAP-RBF) and
minimal resource allocation network (MRAN) to cater for on-line
identification of non-linear systems. The original sequential learning
algorithm is based on the repetitive utilization of sequential input-output data
in order to accomplish the training phase.

Some interesting modifications have been proposed in the growing and
pruning neurons criteria of the original GAP-RBF neural network to make
the resulting modified GAP-RBF (MGAP-RBF) neural network suitable for
on-line system identification applications. The Unscented Kalman Filter
(UKF) has been proposed as a new leaming algorithm to update the
parameters of MRAN, GAP-RBF and MGAP-RBF neural networks.
Moreover, to keep the resulting parameter estimation routines more sensitive
to track any possible time-varying system dynamics, a variable forgetting
factor strategy has been included in the UKF learning algorithm. The
proposed identification algorithms have been tested on a nonisothermal
continuous stirred tank reactor (CSTR) and the chaotic Mackey Glass time-
series as two different benchmark problems. The resulting performances of
the MRAN, GAP-RBF and the proposed MGAP-RBF neural networks being
estimated with the extended Kalman filter (EKF) or the UKF learning
algorithm have been evaluated for comparison purposes. Simulation results
show the superiority of the proposed MGAP-RBF neural network estimated
with the UKF learning algorithm.
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INTRODUCTION

Many engineering applications need a suitable model structure, within which a good
model is to be found, for a compact and accurate description of the dynamic behavior of
the system under consideration. These models are used for simulations, predictions,

analysis of the system’s behavior, design of model-based controllers, and so forth.
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100 On-Line Identification of Non-Linear Systems Using Adaptive RBF-Based Neural Networks

Radial Basis Function (RBF) networks have been popularly used in many
applications in recent times due to their ability to approximate complex non-linear
mappings directly from the input-output data with a simple topological structure and
ease of implementation of dynamic and adaptive network architectures.

Several learning algorithms, such as resource allocation networks (RAN), RAN-
EKF, and MRAN, have been proposed in the literature for training RBF networks. In
practical on-line applications, sequential learning algorithms are generally preferred
over batch learning algorithms as they do not require retraining whenever new data is
received. However, selection of a learning algorithm for an on-line application is
critically dependent on its accuracy and speed. In recent years, different methods [1,3,8]
have been proposed in which sequential learning algorithms are used.

Sequential learning algorithms have the following distinguishing features:

® The input-output data are used sequentially (one-by-one) to train the learning
system;

¢ At any sample time instant, only one input-output data can be observed and used
by the learning system;

¢ The learning system discards any observed input-output data as soon as the
learning procedure is completed;

® The learning system has no prior knowledge as to how many total training
observations will be presented.

A significant contribution to sequential learning was made by Platt [10] by
proposing RAN in which hidden neurons were added sequentially based on the novelty
of the new observed data. Enhancement of RAN, known as RAN-EKF, was proposed
by [5] in which EKF rather than least mean squares (LMS) algorithm was used for
updating the network parameters (centers, widths, and weights of Gaussian neurons) to
improve the accuracy and obtain a more compact network. RAN and RAN-EKF can
only add neurons to the network and can not prune insignificant neurons from the
network. As a consequence, the networks obtained by RAN and RAN-EKF could
become extremely large in some large-scale complex applications.

A significant improvement to RAN and RAN-EKF was made by [18,19} by
introducing a pruning strategy based on the relative contribution of each hidden neuron
to the overall network output. The resulting network referred to as MRAN has been
used in a number of applications [13]. Other pruning schemes in the RBF networks have
been proposed in [11,12].

Similar to the other sequential learning algorithms, MRAN accepts input-output
data one-by-one. However to decide on the growing and pruning neurons mechanisms
at each sample time instant, it utilizes a sliding data window to identify the neurons that

contribute relatively little to the network output based on the input data distribution

International Journal of Information Science & Technology, Volume S, Number 2 July/December, 2007



K.SALAHSHOOR, Ph.D. / M. R. JAFARI, M.S. 101

received in the window.

One important point to be noted in all of these sequential algorithms is that they do
not link the required learning accuracy directly to the algorithm. Instead, they all have
various thresholds which have to be selected using exhaustive trial and error studies.
The 1ssue of specifying various thresholds based on the needed accuracy has been raised
in MRAN for determining the inactive neurons.

Huang, et al. [1] proposed a simple sequential growing and pruning algorithm based
on the relationship between the significance of a neuron and the required learning
accuracy for RBF networks, referred to as GAP-RBF. Conceptually speaking, the
significance of a neuron is defined as the overall contribution of that neuron to the
network output averaged over all the input data received so far.

This paper focuses on the GAP-RBF and MRAN neural network to cater for on-line
identification of non-linear systems. The usual EKF leaming algorithm has been
upgraded to the UKF learning algorithm. An exponential forgetting factor strategy has
been included in the UKF learning algorithm in order to enable it to track any possible
time-varying dynamic changes. To make the neurons growing and pruning procedure
more adapted to the on-line identification applications, the growing and pruning criteria
have been modified.

The rest of this paper is organized as follows: First MRAN and GAP-RBF neural
networks will be described. After that the EKF and UKF learning algorithms will be
presented. This will be followed by a description of the problems in the original GAP-
RBF neural network and presentation of a modified GAP-RBF neural network. Later,
the performance comparison results for the original GAP-RBF and its modified version
together with the MRAN using the EKF and UKF learning algorithms will be presented
on two benchmark problems. The paper will close with a summary of results and

conclusions.
MRAN AND GAP-RBF NEURAL NETWORKS

In this section, the main ideas behind the MRAN and GAP-RBF neural networks are
described.

- MINIMAL RESOURCE ALLOCATION NEURAL NETWORK (MRAN):

MRAN is based on the Gaussian RBF neural networks. The output of a Gaussian RBF

network with K hidden neurons can be described as follows:

Flx)=> a¢,(x,) (1)
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where x, is the input vector of the network, ¢, is the connecting weight of the kth
hidden neuron to the output neuron, and ¢, (x,) denote a response of the kth hidden unit

to the input vector x,, defined by the following Gaussian tfunction:

2
xtl B Juk "
2

k

¢k(xn) = exp - (2)

where g, and o, refer to the center and width of the kth hidden neuron respectively,

and ||| indicates the Buclidean norm.

In sequential learning, a series of training samples (x,.y,}) , n =1, 2, . . . are
randomly drawn and presented one-by-one to the network.

The learning process of MRAN involves the allocation of new hidden neurons as
well as adaptation of network parameters. Its learning begins with no hidden neurons.
As an input-output data (x,,y,) is received, MRAN learning algorithm conducts the
following two basic growing and pruning steps:

1. Growing Step: The following three error criteria are first checked to decide on

allocation of a new hidden neuron:
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where g, is the center of the hidden neuron which is closest to current input x,. €pin,
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g, and e, are thresholds to be selected appropriately. e, is used to determine if the
existing nodes are insufficient to obtain a network output and is an instantaneous error
check. &, ensures that the new neuron is sufficiently far from all the existing neurons
and is given by & =max{g_ 7", €., } where ¥ is a decay constant (0<y <1). Equation
(5) 1s an additional MRAN condition, compared with RAN and RAN-EKF, which is
mtroduced to ensure the neuron growth smooth, ¢; 1s the network output error at ith
instant and e is the threshold selected to check whether the network meets the
required sum squared error specification over a sliding window size (M) in the past.

If all three error criteria in the growing step are satisfied, a new hidden neurcn is

allocated with the following initial parameters to remove error:

aKH = en
luKH = xn (6)
c)-K+1 = Kdu
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where & is an overlap factor which determines the overlap of the hidden neurons
responses with the neighbor hidden units in the input space. The dimensionality of the
covariance matrix (P,) in the EKF or UKF learning algorithm is also adjusted by adding
new rows and columns related to the number of new parameters introduced by the new
hidden neuron.

Else

The network parameters (&, ,4,,0,; k=1,.,K) are updated using the EKF or
UKF learning algorithms. (EKF and UKF algorithms are described in the Section
entitled, “Extended Kalman Filter and Unscented Kalman Filter”).

Endif

2. Pruning step: The updated network is finally checked to prune the redundant
hidden units that have minimal contribution to the network outputs for M consecutive
observations in the sliding data window. To accomplish this objective, the contribution
of all the available hidden units (k=1,..., K) are first calculated on the network outputs
(J=1,....J) as follows:

0, (x,) = ;@ (x,) 7

The highest absolute values of these contribution values are:

] (8)

Now, the contribution values on each network output are normalized to the highest

omax(x”):{mfxok]’, mflx‘OAJ

absolute values as follows:

: k=1..K;j=1 .., J 9

If the normalized contribution value of the kth hidden unit on the jth network output
(ry) falls below a threshold for M consecutive observations, the kth hidden unit is
regarded as a redundant unit and is pruned. Then the dimensionality of the covariance
matrix (P,) in the EKF or UKF learning algorithm is adjusted by removing rows and

columns which are related to the pruned unit.

- GAP-RBF NEURAL NETWORK

GAP-RBF neural network uses the same Gaussian RBF network structure as discussed
for MRAN. Consequently, its network performance can be described by Egs. (1) and
(2). However, its growing and pruning algorithm is derived based on a notion of
significance for the hidden neurons (instead of the root mean square criterion in
MRAN). During the sequential learning process of GAP-RBF, a series of training
samples (x,,y,) , n=1,2,... are randomly drawn from a range X with a sampling density

tunction of P(X) and presented one-by-one to the network. Each training sample would
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trigger the action of adding a new hidden neuron, pruning the nearest hidden neuron, or
adjusting the parameters of the nearest hidden neuron, based on only the significance of
the nearest hidden neuron to the training sample. This is in contrast with the MRAN
learning algorithm in which all the neurons will be checked for adding, pruning and
adjusting purposes. This results in reducing the overall computations and thereby
increasing the learning speed. The significance of the kth hidden neuron is defined as
(2]:

(1.80,) e,

E,s‘ig(k): S,(X)

(10)

where [ is the dimension of the input space (xe R'), and S(X) denotes the estimated
size of the range X where the training samples are drawn from.

In [2] for both growing and pruning, it is shown that one needs to check only the
nearest neuron based on the following Euclidean distance to the current input data x, for

its significance:

e, = 22, = min( x, = de=1,.,K (1)
where £  is the center of the hidden neuron which is nearest to x,.

The learning process of GAP-RBF begins with no initial hidden neurons similar to
MRAN. As new observation data (x,,y,) are received during the training, some of them
may initiate new hidden neurons based on the growing criteria. However, the newly
added neuron may have insignificant contribution to the overall performance of the
whole network, and hence this neuron should not be added at all.

Therefore, GAP-RBF uses the following enhanced growing criterion for each new
observation data (x,,v,) to prevent adding insignificant neuron leading to a smooth
Zrowing process:
|x, — 2, > &,

&> € (12)
(1.8, — 1, |/ le,)
S(X) 7 i

where x, is the latest input received, g  1s the center of the hidden neuron nearest (in
the Euclidean distance ) to x,. enis 1s the desired approximation accuracy and €, is a
threshold to be selected appropriately. If the growing criteria (12) are satisfied for a new
cbservation, a new significant neuron K+1 will be added and the parameters associated

with the new hidden neurons are taken as follows:
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Ty, =€,
My =X, (13)
Og = K“xu —H,

where e, =y, - flx,). In this case, all the other present neurons (k =1,..., K) will remain

as significant and their parameters will be unchanged. Thus, pruning checking need not
be done after a new neuron 1s added.

However, if a new observation (x,,y,) arrives and the growing criteria (12) is not
satisfied, no new neuron will be added and only the parameters of the nearest neuron
(e, u,,0,) will be adjusted using the EKF or UKF learning algorithms. Then, the
significance of the nearest (most recently adjusted) neuron is checked via the following
pruning criterion:
(1.80,)'«

ir nr

E‘\'ig (n'r) = S(X)

(14)

min

If the average contribution made by the nearest neuron in the whole range X is less
than the expected accuracy e, it is taken as insignificant and should be removed. As
discussed, at any time instant, only the single nearest neuron needs to be adjusted or
needs to be checked for growing and pruning.

The complete description of the GAP-RBF leaming algorithm [2] can be
summarized as follows:

Given an expected desired accuracy e, for each observation data (x,,y,), where
x, € R', do the following steps:

1. Compute the overall network output:
X

fle)=2a, exp[ X, —ﬂknz} (15)
k=1

where K 1s the number of hidden neurons.

o,

2. Calculate the parameters required in the growth criterion:

£, =max{e, ¥t O<y<l) (16)
e, =y, ~J(x)
where € . and £ . are minimum and maximum distance thresholds, respectively.
3. Apply the growth criterion for adding neurons:
If e > ey, and |Jx, -, [>¢€, and (1.8xfx, -, |e.|/S(X) > e,
Allocate a new hidden neuron K + 1 with:
Xy =6,
My =X, (17)
Ogu1 = Kixn ~ Ml
Else

Adjust the network parameters &, , 4, ,0, for the nearest neuron only, using the
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EKF or UKF algorithm.

4. Check the pruning criterion for the nearest (nrth) hidden neuron:

If !(1.80,”)'0.’”,, /S{X) <e,,. remove the nearest {nrth) hidden neuron and do the
necessary changes in the EKF or UKF algorithm.

Endif

Endif

EXTENDED KALMAN FILTER AND UNSCENTED KALMAN FILTER
- EXTENDED KALMAN FILTER (EKF)

The Kalman filter (KF) in its standard form is a popular choice for any linear stochastic
estimation problem. However, in most real applications of interest, the system dynamics
and observation equations are non-linear and hence suitable modifications to the
standard kalman filter are required. The extended kalman filter (EKF) provides these
modifications by linearizing the non-linear process and observation models around the
last state estimate. In this way, the EKF gives an approximation of the optimal estimate
and hence can be considered as the most common and popular approach for both non-
linear state estimation and parameter estimation (e.g. learning the weights of a neural
network).

Let the process be estimated and the associated observation relationship be
described by the following non-linear state-space model:

Yo = f o+ w,
(18)

Yo =h(x ) +v,
where x; represents the unobserved state of the system, u; 1s @ known exogenous input,
and y, 15 the observed measurement outpul. The process noise wy drives the dynamic
system, and the observation noise is given by v, .

The EKF invoives the following recursive estimation of the mean (X) and error
covariance (P) of the state estimate under a Gaussian assumption:

1. Consider the last estimated state x(k | k).

2. Linearize the non-linear system dynamics x,,, = f (x;,1,)+w, around X(k | k).

3. Apply the prediction cycle of the kalman filter algorithm to the linearized system
dynamics in order to calculate a prior state estimate X(k +114)and a prior estimate of
the error covariance matrix P (k+/1k).

4. Linearize the non-linear measurement dynamics y, =h (x )+v, around
xk+11k).

5. Apply filtering or update cycle of the kalman filter algorithm to the linearized
measurement dynamics in order to calculate the posteriori state estimate X(k +11k) and

the posteriori estimate of error covariance matrix P{k+/ k).
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Let F(k) and H(k) be the Jacobian matrices of the non-linear process f.) and

observation A{.) models around the estimated state, denoted by:

a bl
Fk)= M e uy
ox ¢
Hk+1)= aﬁ(X) I;(u»m
ax

The EKF works almost like a standard KF, except for / and /4. which vary ix time
based on the estimated state X. Its actual algorithm can be stated in terms of the

following two distinct cycles:

Predict Cycle
Predict next state, before measurements are taken:
xk+11k)y=f (x(kk)u,)

. (20)
Plk+11k)y=FUO)Pk I OFT )+ 0k)
Update Cycle
Update state, after measurements are taken:
i+ 1k+D =8k +11k)+ Kk +Dly,,, —h (Glk+11k)]
Kk +D=Phk+1KH" (k+ l)[H(k +DPk+11EHk+D" + Rk + 1)]" (21)

Plk+Uk+D)=[T-K(k+DH Uk + )Pk +11k)
where  and R are covariance matrices, describing the second order properties of the
state and measurement noise (i.e., O = E(ww’) and R=E(vv’) where E(.) denotes

the expected operator). K denotes the kalman gain matrix, used in the update observer.
- UNSCENTED KALMAN FILTER (UKF)

The EKF has two important potential drawbacks. First, the derivation of the Jacobian
matrices, that is the linear approximators to the non-linear functions, can be complex
causing implementation difficulties. Second, this linearization can lead to filter
instability if the estimation time-step intervals are not sufficiently small [3].

To address these limitations, Julier and Uhlmann [3,4] developed the UKF.
Therefore, it was extended to parameter estimation applications by Wan and Van der
Merwe [14,16].

Instead of linearizing these non-linear functions using Jacobian matrices (Eq. (19)),
the UKF uses a “deterministic sampling” approach to calculate the mean and covariance
estimates of Gaussian random state variables (i.e. x) with a minimal set of 2L+1 sample
points (L is the state dimension), called as sigma points [3,15,16], through the actual
non-linear functions. This approach yields more accurate results compared to ordinary

functions linearization in the EKF.
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The results are accurate to the third order (Taylor series expansion) for Gaussian
inputs for all non-linearities. For non-Gaussian inputs, the results are accurate to at least
the second order [3]. Whereas, the linearization approach of the EKF results only in the
first order accuracy.

The UKF algorithm can be implemented by the following steps:

[- The algorithm is started with some initial guesses for the state estimate (xp) and
the error covariance matrix (Py), defined as:

X, = E[x,]
Py =Bl(x, = %,)(x, = )"

where E[.] denotes the expected vaiue.

(22)

The UKF algorithm is followed the recursive application of the “deterministic
sampling” to the non-linear system equations (Eq. (18)) for other time instants
ke ll,...,o}as follows:

2- Tt calculates a collection of sigma points, stored in the columns of the

Lx(2L+1) sigma point matrix g, , where L is the dimension of the state vector as:
Yoo = % Xt 7\/PH X =¥ Pesy (23)

where A=¢*(L+ k)L and }/:m are scaling parameters. The constant
determines the spread of the sigma points around X and xis a secondary scaling
parameter.

3- Propagate each column of g, (%,, ) through the non-linear system state
equation f(x,,u,) to perform the prediction or ime-update step as:

Z::kll.—l = fL?fi.m 7”!:—]] =020 (24)

Then, the a priori estimate values for state and error covariance are calculated as:
20,

X = ZW,-(”')Z;HH (25)

i=0
B=SWlr -5 [ -] R (26)
=0

where {W;) is a set of scalar weights as follows: (W, /L+/1))

(cy _ () (¢) _ l .
W /L+/1)+(l a +/3)W W /2(L+/1) = 1,...,2L s 1S 4

parameter used to incorporate any prior knowledge about the distribution of X and R"
is the process noise covariance matrix.

The sigma points are updated using a priori estimate values of the state (X, ) and

error covariance ( £, ):

i N . N -
Ko = | Xk X, + y\[PA Xy =¥y B (27)
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Then, each column of Y,, , is propagated through non-linear system observation
equation A(x) to predict the measurement values ( ¥, ) as:
Yoo = A ¥ ] i=0,.., 2L
(28)
21 (
Y = ZVVx ”J)Yj,k!k~l (29)
=0
4- after the prediction step, the correction or measurement update step is performed

to calculate the posteriori estimate state as follows:

=5+ K Oy -3 (30)
where y; is the actual measurement vector and K is kalman gain defined by:
K, =P, P, 31)
where
P = 3 e ] o =571 (32)
" :
Py, = wa‘((‘) [Yf.l.—lk-l - 5’;] [YJ.MH - 5’;]1 +R" (33)

i=()
where R is the measurement noise covariance matrix. Finally, the posteriori estimate
of the error covariance is computed as:
- T
Pk _I)k _Kf(P)‘-(}‘Kk (34)

THE MODIFIED GAP-RBF NEURAL NETWORK AND THE UKF LEARNING
ALGORITHM

Some desired modifications have been proposed in the growing and pruning neurons
criteria to make the resulting MGAP-RBF neural network suitable for on-line system
identification applications. The UKF learning algorithm with a variable forgetting factor
scheme has been proposed as a new learning algorithm to update the free parameters of
the MRAN, GAP-RBF and MGAP-RBF neural networks. The proposed modifications

can be described in the following two sections.
- THE MODIFIED GAP-RBF NEURAL NETWORK

In order to have smoothly output response and avoid oscillation, the mechanism of
adding and pruning should be allowed to change smoothly. The rate of adding or
pruning of neurons can be controlled with threshold values of e, and g, . Selection of
these values depends on the complexity of the system, input data for identification and
the required accuracy for the model.

But the most important and effective factor is the persistent excitation (PE) property

of the input data. If the input data have enough degree of PE, smooth and accurate
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output can be obtained with suitable adjustment of the threshold values; but, if the
inputs do not possess PE property, which may occur for instance in the case of closed-
loop identification, then tuning the threshold values can not help and hence some
desired modifications on the growing and pruning criteria will be necessary.

In on-line applications, identification usually starts with not exact prior knowledge
about the network structure and parameters. Thus, it is a better approach to allow the
identification algorithm to adapt its modeling process with an initial higher increase in
its rate of neurons growth in order to improve such uncertain circumstances in the
beginning as fast as possible. Then, as the identification process continues on and the
input data 1s more prone to lose its richness property (PE), it would be logical to
decrease the modeling sensitivity by lowering the rate of neurons growth.

However, evaluating the original GAP-RBF algorithm [2] and its application
reported in [1,2,17] demonstrates that the neurons are added hardly in the start of the
modeling process. This can cause large initial errors in the identification and the EKF or
UKF learning algorithms may not be able to estimate parameters properly under such
under-parameterized situation.

As the rate of neuron creation in GAP-RBF can be controlled by £, (Eq. (16)), the
following exponential time-varying pattern is proposed to make a gradual evolution of
&, from an initial higher sensitivity £ . to a final lower sensitivity €, :

mHn

£, =& (€, —E)1—eT) (35)
where 7 is the time-constant parameter that can be used to control the time rate
evolution of £, .

Another problem is due to probable oscillation in the number of created neurons
which can cause big errors in the identification results. This phenomenon can occur in
on-line identification especially when the numbers of created neurons are small and the
input data have small degree of PE, too. These detrimental effects can be improved by

changing the pruning criterion (Eq. (14)) as follows:

(180, @, /S(X) < fe,, (36)

ar

in which a new pruning factor (0 < £ £ 1) has been added.

- THE MODIFIED UKF LEARNING ALGORITHM

In on-line identification, the estimation learning algorithm should be fast enough to
adapt the identification model to any possible time-varying dynamic changes in the
process.

The covariance matrix can be initialized with a large value. This option, however,

causes rapid fluctuations in the initial neural network parameters estimates and hence
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endangers the estimator convergence. Besides, choosing small initial covariance matrix
will make the estimator adaption very slow. On the other hand, when the process
dynamic changes, some of the previous estimation information will lose its accuracy as
far as the new process dynamic is concerned. Thus, there should be a means of draining
off old information at a controlled rate. One useful way of rationalizing the desired
approach is to modify the covariance matrix update relationship (Eq. (34)) as follows:

Bo=(B —KP K)/n, (37)
where 77, behaves as the forgetting factor concept in the usual recursive least squares
(RLS) algorithm which undergoes the following time-varying evolution:

e =T +(1“77k-1)(1_€_”5) 0<r, <1

(38)

where ¢ is the recursive time interval that is spent in the UKF learning algorithm to
estimate the GAP-RBF neural network free parameters with fined structure. Thus, ¢ 15
reset to zero when any network structural change, i.e., neuron creation or pruning,
occurs. This scheme maintains a desired parameter adaptive capability in the UKF
algorithm whenever process dynamics undergoes a time-varying change. Because,
7, starts with a Jower 1nitial value to accelerate the parameter estimation, its value is
changed exponentially with a desired time-constant { § ) to a higher final value to assure

the estimator convergence property.
SIMULATION CASE STUDIES

[n this section, the identification capabilities of the modified GAP-RBF neural network
with the modified UKF learning algorithm are tested on two benchmark problems. The
resulting performances are compared with the original GAP-RBF and MRAN neural
networks being estimated with both the EKF and UKF leamning algorithrus.

- NONISOTHERMAL CONTINUES TANK REACTOR (NONISOTHERMAL CSTR)

The process is a nonisothermal CSTR with an irreversible reaction (A —»B) which

consists of two non-linear ordinary differential equations, given by [7]:

dC, ¢ E
d—r" :V(C"f —C,)—kC, exP(—E)Q.(!),
(3N
dT g (—AH Yk, C E p.C,. A
a Ty T T Ry ROy q{] exp[ #C,, ¢/’(t)HX(TJ "
(40)
where
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@,(1) fouling coefficient 0<e@, <1

. catalyst deactivation coefficient

c, effluent concentration, the controlled variable
q. coolant flow rate, the manipulated variable

q feed flow rate, disturbance

C feed concentration

T, feed temperature

T, coolant inlet temperature

The remaining model parameters together with the operating conditions are
presented in Table 1.

Table 1: Nominal CSTR Operating Condition.

Nominal CSTR Operating Condition
g =100/ min™ E/R=995x10"K
C,, =lmoll™ - AH =2x10"cal.mol™
T, =350K 2.0, =1000g!™
T, =350K C,.C, =lealg’ K"
V =1001 g, =103.41 min™'
h, =7x10°cal min”' K™ T =440.2K
k, =7.2%x10"" min™ C, =836x10"moll”

The nonisothermal CSTR exhibits time-varying characteristics due to fouling
phenomenon. Fouling occurs when a material is deposited on a heat transfer surface
during the period of process operation. In practice, it is common for heat transfer
surfaces to become contaminated with deposits and this causes additional resistance to
the flow of heat. Linear fouling is a common approach to model the development of a
fouling film over a period of time [7], which can be described by the following time-
varying equation:

h, =¢,()h=(1-a,t)h,

(41)
where
t time,
h heat transter coefficient, cleaned,
hy heat transfer coefficient, scaled,

. =0.01 fouling constant.
Therefore, the heat transfer coefficient # defined in Eq. (40) is replaced by h,. The
open-loop step response of the CSTR process for a series of step changes in g, 18 shown

in Figure 1 for constant heat transfer coefficient (g, (¢f) =1). It is seen that the process is
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highly non-linear. To demonstrate the effect ot time-varying nature of the process due to
the assumed time varying heat transfer coefficient (Eq. (41)), the previously mentioned
open-loop step response tests, have been repeated; Figure 2 shows the resulting
responses. As illustrated, the process is nonstationary and does not have a steady-state
condition.

In order to be able to compare and analyze all the simulation outcomes, each
simulation experiment was organized under the same conditions as follows:

During the first 5 time samples (minutes), the CSTR process was run at the nominal
operating conditions given in Table |. The initial free parameters were initialized at the
following fined values (in all the identification algorithms):
=0.01, x=0.85, y=0.995, ¢,,,=0.001, ¢ . = 0.001 and M =50.

min

£, =01, €

Then, the process was deviated from the initial nominal operating condition via a
sequence of multi-level step changes of +10%, -20%, +5% and finally another +5% in
the coolant flowrate (g.) as the manipulated variable to cover the process non-linearities
over a wide range of operating conditions. A normally distributed random signal (mean
=0.5, variance =1) was superimposed on each operating point level as shown in Figure 3
to enrich the identification data.

The process dynamics described in Egs. (39) and (40), do not include any random
process disturbances. However, in order to perform the simulation experiments under
real circumstances, two independent white noises with variance of 0.0l have been added
to the process dynamics as the process noises. Similarly, a white noise with variance of
0.01 has also been added to the process output (the effluent concentration (C4)) as the
measurement noise.

The complete identification simulation results for different performed experiments
with various versions of MRAN and GAP-RBF algorithms, i.e.

MRAN-EKF MRAN NN with EKF learning algorithm
GAP-RBF-EKF GAP-RBF NN with EKF learning algorithm
MRAN-UKF MRAN NN with UKF learning algorithm
GAP-RBF-UKF GAP-RBF NN with UKF learning algorithm
MGAP-RBF-UKF MGAP-RBF NN with UKF learning algorithm

have been summarized in Table 2 for concise comparison purposes. The results
demonstrate the superiority of the proposed MGAP-RBF-UKF algorithm with respect to
other algorithms in terms of the following two main objectives:

I. Network model accuracy in terms of Integral of Squared Error (ISE) measure.

2. Network model structure simplicity or compactness of number of neurons.
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Figure 1: Open-loop step response with
constant heat transfer coefficient.

120 -
115

110

LO0s

Manipulated variable (g.)

—i

20
fime{min)

10

5 s 25

Figure 3: Noisy input sequence.

I

MRAN-EKF
Clean Qutput ||

Output {C)

15
tme(min)

Figure 5: Gutput of MRAN with EKF algorithm.

20 35

------- GAF.EKF
Clean Outpul

012
3
= 0l 1
=
=
S oog [ e

0.08 At o

A
0 5 10 15 025 3 35

Lime(min)
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Table 2: Performance Comparison of Different Algorithms.
Typfe of ISE Resulting Performance Figs.
algorithm
MRAN-EKF | 02972 starts with | neuron and terminates at 4, moderate 5.6
) fluctuations up to 5 neurons. ’
GAP-RBF- starts with 1 neuron and terminates at 12, moderate
EKF 020571 fucruations. /8
MRAN-UKF | 0.2798 starts with 1 neuron and terminates at 3, high fluctuations 9.10
) up to S neurons. ’
GAP- RBF- 0 1646 | Starts with 1 neuron and terminates at 2, very high 1112
UKF ' fluctuations up to 3 neurons. ’
MGAP- RBF- starts with | neuron and continues on with a constant 2
UKF 0.0276 neurons. 13,14
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- CHAOTIC MACKEY-GLASS TIME-SERIES BENCHMARK

It is very useful to examine the performance of the proposed identification algorithm
(MGAP- RBF-UKEF) to predict a chaotic time-series. The Mackey-Glass time-series has
been introduced as a difficult benchmark problem in the literature exhibiting a very
complex behavior, which may not be demonstrated by physical systems.

This time series can be generated by the following delay differential equation:

dx(t): ax(t—17)
d  1+x%-1)

—bx(1) (42)

where a = 0.2, 6 = 0.1, v = 17 and x(0)=0.3.

The identification experiments for this case study are configured to predict x at one-
step ahead, based on the past values of x at 50, 56, 62 and 68 steps back. The difficulty
in time-series prediction is increased by injecting a random Gaussian noise signal with a
mean value of 0.1 and variance of 0.1 to the series x(¢). The identification procedure for
all experiments done in this case study is run with an initial state of x(0)=0.3.

Similar to the previous case study, all the free GAP-RBF and MRAN parameters

have been fixed as the following values:

e =01,¢, =001, k=02, y=0.995, e, = 0.001, ¢, =0.01 and M=50.

As shown in Figures (15-24) the resulting identification time-series have been
demonstrated by two separate time durations. Figures (15,17,19,21,23) illustrate the
initial transient stages of the identification experiments. They have been included in
order to show the well-behaved nature of the results, in the early on-line identification
stages. Figures (16,18,20,22,24) show the 500 last stages of the identification

experiments.

[T TRANEKE
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Figure 15: Initial Output of MRAN-EKF. Figure 16: Final Output of MRAN-EKF.
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Figure 24: Final Output of MGAP-UKF.

Table 3 summarizes the prediction performance of different algorithms in terms of
the ISE measure. It is seen that the proposed MGAP-RBF-UKF algorithm gives a
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superior performance over other algorithms in terms of the network model accuracy.
Figure 25 displays the neuron updating time history during the on-line learning
identification. It can be observed that the proposed MGAP-RBF-UKEF algorithm learns
fast and obtains small network architecture with more stable and steady behavior.

Table 3: Performance Comparison of Different Algorithms.

Type of NN ISE Figs.
MRAN-EKF 50.2384 15,16
GAP-RBF-EKF 25.2522 | 17.18
MRAN-UKF 64.5485 19,20
GAP- RBF-UKF 31.3089 21,22
MGAP- RBF-UKF 14.6591 23,24
ant & ]
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Figure 25: Time History of Neuron On-Line Updating For Different Algorithms.
CONCLUSIONS

In this paper, two different types of adaptive neural networks, i.e. GAP-RBF and
MRAN, have been utilized for on-line identification of non-linear systems. The original
versions of these neural networks have already been employed in off-line identification
modes for function approximation and time-series prediction purposes using two
distinct training and testing phases [1,2]. This paper has proposed some desired
modifications in order to make the resulting MGAP-RBF neural network more suitable
for on-line system identification purposes.
The basic contributions in this regard can be summarized as follows:

1. Modification in neuron creation criterion.
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2. Modification in neuron pruning criterion.

The original GAP-RBF and MRAN neural networks are EKF-based in network
parameter adjustment or learning algorithm. In this paper, the UKF, as an extension to
the EKF, was used for updating the MRAN, GAP-RBF and MGAP-RBF network
parameters.

The UKF learning algorithm was also modified to incorporate the forgetting factor
concept, $0 as to increase its alertness to track any system dynamic changes efficiently.

The analysis of the resulting outcomes indicates the following observations:

1. The main flaw of the MRAN-based identification algorithms is the dependency of
its learning accuracy and generalization performance on the growing-pruning
window size, which is normally chosen on an exhaustive simulation trial and error
basis.

2. The MRAN-based identification algorithms require higher computational
complexity due to the fact that all the neuron parameters should be updated during
each learning phase when no neuron is added or omitted.

. The main benefit of the GAP-RBF-based identification algorithms is that any

(S

desired accuracy requirement can directly be introduced in the algorithm by
defining a significance quality measure for the quality of each neuron,

4. The GAP-RBF-based identification algorithms have a lower degree of
computational complexity in comparison with the MRAN-based ones due to the
fact that only the nearest neuron parameters should be updated during each learning
phase. However their tuning parameters are higher and more sensitive to the
threshold initialization values.

5. The UKF learning algorithm leads to better accuracy of the results in comparison
with the EKF one due to utilization of a deterministic sampling approach to
calculate mean and covariance terms.

6. The UKF learning algorithm performs better in the face of contaminating noise.
However, its computational complexity is higher.

7. The proposed MGAP-RBF neural network with the UKF learning algorithm using
the developed forgetting factor strategy gives the best performance. This
achievement can mainly be expressed in terms of the resulting accuracy and the

network-model structure simplicity.
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