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Nonlinear dynamic processes with time-varying time delays can often be encountered in industry. Time-delay estimation
for nonlinear dynamic systems with time-varying time delays is an important issue for system identification. In order to
estimate the dynamics of a process, a dynamic neural network with an external recurrent structure is applied in the modeling
procedure. In the case where a delay is time varying, a useful way is to develop on-line time-delay estimation mechanisms
to track the time-delay variation. In this paper, two schemes called direct and indirect time-delay estimators are proposed.
The indirect time-delay estimator considers the procedure of time-delay estimation as a nonlinear programming problem.
On the other hand, the direct time-delay estimation scheme applies a neural network to construct a time-delay estimator to
track the time-varying time-delay. Finally, a numerical example is considered for testing the proposed methods.

Keywords: modelling, time delay, nonlinear systems, neural networks, estimation

1. Introduction dynamic nonlinear process. Time delays in some indus-
trial processes may be varying in time. For example, the
Many industrial systems involve time delays. Therefore, inlet flow rate being the manipulated variable of a contin-
the identification of time delays is one of the most impor- uous stirred tank reactor may change in time. Thus this
tant issues in system modelling and identification. Some causes variations in the manipulated time delay. In this
literature can be found on time-delay estimation. Reed case, on-line time-delay estimation is necessary if the ef-
al. (1981) applied the LMS algorithm to locate the cross- fect of those variations cannot be ignored.
correlation function in order to estimate time delay be- In this paper, two neural network based methods for
tween input/output signals. Teng and Sirisena (1988) pro-the modelling of a class of nonlinear processes with time
posed an approach to extend the order of the numeratojelays are proposed. The first one is called the indirect
polynomial function for time-delay estimation. Lim and time-delay estimation method. In this method, the crite-
Macleod (1995) proposed an adaptive time-delay tracking rion is minimized with respect to the estimated time de-
method for the IIR filter. Shor and Messer (1997) devel- |ay that is contained in the neural network based model
oped a statistical method for time-delay estimation in a used for the identification of the non-linearity and the dy-
non-Gaussian process. Balestrigtoal. (1998) proposed  namic behaviour of the process. The indirect method can
a strategy for steady-state time-delay estimation. Chingpe considered as solving a nonlinear programming prob-
et al. (1999) applied wavelets to time-delay estimation. |em. On the other hand, the second scheme is called the
However, almost all of these approaches are only avail- direct time-delay estimator formed by a neural network.
able for linear systems. It is well known that most indus- |n order to model a time delay, a neural network is applied.
trial systems contain not only time delays but also non- To evaluate the proposed time-delay estimation schemes,
linearities. Hence, if the non-linearity of a process is sig- a numerical example is given for comparison.
nificant, it will be necessary to develop approaches for the
modelling of nonlinear processes with time delays.

During the recent decade, neural networks have been2' Indirect Estimation Method

proved to be useful for system modelling and function syppose that the process under consideration is described
approximation. In this paper, a dynamic neural network py a mappingf : R"*™ — R, i.e.

where the input layer has an external recurrent connec-

tion with the output of the network is used to model the Yk = f(Yie—1, Uk—r,), Q)
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where f(-) € C?, Yi1 = [Yr—_1,.--,Yx_n]’ € R™ and where

Uk—r, = [Ur—r,—1, Uk—r—2, -, Uk —m]" € R™ are s'(z) = ds(z) =0.5(1 — 8($)2).
respectively the output and input vectors, andis a time dzx
delay. A neural network based model used to describe theln (5), the effect of the recurrent connection to the gradi-
process is of the form ent was considered. Using a first-order interpolation, we
. can estimat®uy_+,—;/0d7. The Taylor series expansion
g =W? S(z), 2 leads to
where §;, denotes the output of the neural model with f o Yk—dy T Yk—dy—1

Up—py, R Uy g 1+ ot

time delay, W? = [w?,w3, ..., w?]T € R" is the weight k—dy— (k—dp—1)
vector connecting the outputs of the hidden layer and the .
output of the networkS(x) = [s(z1),...,s(zp)]T € R? =g,y T O0T(u_g, —we_g, 1) (6)

Is the output vector of the hidden layer, Hence the gradient of;_, —; with respecttod7 can be

1 _ e~ expressed as
s(@i) = =7
e 7auk_+k_j: U, 5 — U 5 (7
is the sigmoid function, and the inputs of the sigmoid 967 k—di—j  Thodp—j—1

function in the hidden layer are expressed as Moreover, the gradient of the output of the neural

np model with respect to the weights is given by
wayk J+szn +5 k=%, =35> i=1,...,h ik
(3) Ow?
where 7, is the estimate of the time delay,, and n,
are respectively the lags of the output and input of the
1 . .
_neural m_odel_, andv;; represents the welghts connecting Byk Ok
inputs with hidden nodes. The introduction of the auto- Zw s'(w) Zw i DL tYr—j )
j

regression of the model output into the network can be J=1
useful to simulate the process dynamics.

Consider the case where the delay is time varying. It
is supposed that the time delay can be split into integer as well as
and fractional parts, i.e.

a7 a7
Tk :cik+6%k7 4) 813’; Zw (Zw'j 51}; : + Ug—7, J)

where d;, is the integer part of the delay whil$t, de-
notes the fractional part of the delay, which is constrained
to lie within the range of one sample period, (&, 3)

(Lim and Macleod, 1995). Suppose that the change in the
time delay is much slower than the sampling rate so the Q = 0.5¢7 = 0.5(yp — )2, (11)
time delay can be considered constant during one sample

period. In order to identify the time delay, the fractional and the parameter matrices, i.e.

part of the time delay is considered as one of the param-

eters to be estimated. Then, the integer part of the time 0 = [wi,...,wi,o7]",

delay can be deduced from the estimated result of the frac- 117 12)
tional part. For the estimation of the fractional part of time W= [wij](h)x(nﬁan)'

delay, the gradient of the output of the neural model with
respect tod7 should be calculated. From (2) and (3), it

=s(z;), i1=1,...,h (8)

i=1...,n4 (9)

j=ng+1,...,m. (10)

Define the index

Then the estimates of these matrices will respectively be

follows that 0
Op = 0p—1— M1 e ,
O I < N 00 (13)
LG = 26/ (2, 1 OYk—j
or 907 z—; o (xl)(]z—; wu 97 Wk = Wg—1 — A2 oQ
= h - Owi—1’

ny
+ Zwmaﬂ Oup—ty 1)7 (5) where \; > 0, i = 1,2 are the opFimizing step-siz:_a_s.
o7 If a second-order optimization algorithm, e.g. a modified
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o

Levenberg-Marquardt method, is applied, the update of 3. Direct Estimation Method

matricesf and w becomes

,0Q
o

+ B(w(k—1) —¥(k —2)),

(k) = (k= 1) = A[He + o]

(14)

where U is a generalized parameter of the neural net-
work, H,. is the Hessian matrix, i.e.

oo (e (TyT (T ()
or
GG GG

a > 0 is the adjustable factor withir{0, c0). At the

The procedure of indirect time-delay estimation illustrated
in the foregoing section is considered as a problem of
nonlinear programming. In this section, the so-called di-
rect time-delay estimation approach will be proposed. A
dynamic neural network will be constructed directly for
time-delay estimation. The performance of the estimator
depends on the specification of the weightsthe orders

of the inputs and the number of the hidden nodes of the
network. In this section, time-delay estimation is formu-
lated as a procedure of system identification. Assume that
the time delay can be separated as integer and fractional

parts as well, i.e.
T = dy, + 67, (17)

where dj, is the integer part of the time delay whilst;,
denotes the fractional part of the time delay.

In order to estimate the time delay, the estimator of

beginning, o is set as a rather large value to ensure the the fractional part of the time-delay is proposed as fol-

positive definiteness of the approximation to the Hessian.
In this case, the algorithm becomes the steepest descent

method. Thena should be decreased towards zero at
each successful iteration. # becomes zero, the Gauss-
Newton algorithm is obtained. Moreovet;, has the sta-
bilization capability provided that the algorithm converges

to a saddle point. In this situation the Hessian matrix ap-

proaches zero, and > 0 will improve the numerical sta-
bility. In order to increase the possibility to escape from
local minima, a momentum term is embedded into this al-
gorithm andg > 0 is the momentum factor.

When the estimated7, is obtained, both the frac-

lows:
67k = g(V, Ik), (18)
where g(-) € C? implements the mapping: RY — R,
whereq = q1 + ¢2,¢q1 and ¢» are respectively the orders
of the sequence of the fractional part of the time delay
{67k} and the sequence of the differences between the
system and model outputs:; }; V' is the weight matrix,
and [, is the input vector of the time-delay neural esti-
mator of the following form:

I = [675_1, - 1"
where e, = v — §x. Formula (18) can be realized using

i) 5Tk—q17 €k—1y -y Ch—gqo )

tional and integer parts will be updated in accordance with a neural network, i.e.

(Lim and Macleod, 1995):

deyr = dy — 1,
(15a)
s = 67 + 1
for 67 € (—oo, k + )], or
dpyr = dyp +1,
(15b)
SPpis = 675 — 1
for 67 € [k + 1+ n,00), and
Czk+1 = Czka
(16)
O0Tkt1 = O0Tg

for 67, € (k+mn,k+1+n), where0 <n < 1 isavery
small number. Since the indirect time-delay estimation
is a procedure of on-line nonlinear programming, a high
computational load as involved.

H H
0Ty, = vas(zl) = vas(zq:viljlk_j} (29)
i=1 i=1 j=1

where H is the number of the hidden neurons of the neu-
ral estimatorp? represents the weight connecting the out-
put of the i-th hidden neuron with the output of the neural
network, whilst v}j denotes the weight assigned to the
connection between thg-th input of the network and the
input of the ¢-th hidden neuron.

To determine the weights of the neural network
which is used for the modelling of the fractional time de-
lay, the derivatives o7 with respect tov; and v;; are
respectively calculated by

%‘57’2’“ —s(z), i=1,...,H, (20)
Ui
and
057 _ N~ 2\ (1 N1 0T
Sl —ZviS(zz)( ;H+Zvij 90;, )
LY i=1 j=1 J
J=1...,¢. (21)
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The gradient of g, with respect to the weights Table 2. On-line computational load of the direct approach.
of the neural network is determined based on (8)—(10).

The weights are adjusted using the modified Levenberg-| Multiplications 6(na +np) + 60 +9
Marquadt method expressed in (14). The corresponding +(h+6)(q1 + g2+ H)
parameter matrices of the neural network are Additions 5(ng + ny) + 6h + 3
0=[03 ... v}, 077, w= [}, T+ Dl e+ H)
Nonlinear computations 2h+2H +1
Then, based on the estimated result of the fractional
part of the time delay, both the integer and fractional
parts of the time-delay are adjusted separately using (15a), It can be seen that the on-line computational load of
(15b) and (16). the direct time-delay estimation will certainly be heavier

based on empirical knowledge, and then the number offal time-delay estimator can be trained either on-line or
the hidden nodes of the neural network depends on the®ff-line. Then the training procedure can be stopped if

criterion minimized with respect to the weight matfi%; the neural network has been trained well. In this case, the

which denotes the weight matrix related to the number of €Stimator can be implemented with much fewer on-line

the hidden neurons of the neural estimator, i.e. computational efforts and can be used for fast processes
as well.

J(H, Vi)=Y [y(t) —g(t.d +67)]°.  (22)

t=1 4. Numerical Example
Define A numerical example will be used to show the per-
N formances of the proposed time-delay estimation ap-
J(H) = min [y(t) — (¢, d+g(Vy, ]))]2, (23) proaches. Suppose that the nonlinear process with time
Vi delay is
where N is the number of epochs for optimization. Based yr—1 +0.01
Yk = + 0.5ug_~,

on the approximation theory of multilayer feedforward 14y R,

neural networks (Cybenko, 1989), it is known that there

will be where the time delay constitutes a continuous time-
J(H) > J(H +1). (24) varying function of the form
Theoretically, while increasing?, there exists an optimal 0.005¢ + 2, t < 300,

number of the hidden neurons of the time-delay neural es-

. . i = <
timator, i.e. H = H*, which may lead to g 17, 300 < # < 400,

17 — 0.005(¢t — 400), t > 400.
JH —1) > JH*) ~ J(H" +1). (25) , o
Suppose that the sampling period is 0.1 s and a neu-
In the fo”owing, the Comparison of the on-line compu- ral network with the SISO architecture and five hidden
tational costs between the indirect and direct time-delay hodes is used for system modelling. The input signal of
estimation schemes will be given. In order to simplify the the form
comparison, it is assumed that only the steepest descent

algorithm is applied to the training procedure of neural uy, = sin(k/20) + 2sin(k/10)

networks, as well as the time-delay estimation procedure. k/5 E/2) + 2sin(k

Tables 1 and 2 demonstrate the computational operations + cos(k/5) + cos(k/2) + 2sin(k)

required for both the approaches. is used to stimulate the process. Both the direct and in-

direct algorithms for time-delay estimation are applied to

Table 1. On-line computational load of the modelling procedure. Figure 1 illustrates the relation

the indirect approach. between the number of the hidden nodes of the neural net-
work based time-delay estimator and the accuracy of the
Multiplications 6(nq + np) + 5h + 4 modelling approximation. It is shown that an increase
a

. in the number of hidden nodes will decrease the mean
Additions 5(na +ny) +5h +3 squared error of the modelling approximation. However,
Nonlinear computations 2h+1 when the number of hidden nodes is greater than a certain
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value (here this value is 7), the mean squared error will not
be reduced obviously. In this case, we chose seven hidder
nodes to construct the neural time-delay estimator. In this

network, the input vector is of the form 20

[o] 1000 2000 3000 4000 5000 6000

[ Real time-delay

. . R T
I = [6k_1, 6Th—2, 0Tk_3, €x—1,€k—2, €k_3,1]

Time-delay

Estimated time-delay

Figure 2 shows the result of time-delay estimation using of
the direct method. For the indirect time-delay estimation

1 1 1 1 1
o] 1000 2000 3000 4000 5000 6000

method, the parameters for the Levenberg-Marquadt al- No. of Samples
gorithm are chosen a& = 0.025 and 8 = 0.75. The
initial value of the adjustable factor i& = 0.15. The Fig. 3. Time-delay estimation using the indirect method.
corresponding time-delay estimation result is illustrated in
Fig. 3. The estimation errors are shown in Tables 3 and 4.
Table 3. Estimation errors of the indirect method. 5. Conclusions
Mean squared errof 0.9715 In this paper, the neural network based direct and indi-

rect time-delay estimation methods for nonlinear dynamic

Maximum error 4.4950 systems with time-varying time delays are proposed. The
proposed indirect approach, based upon a neural model
Table 4. Estimation errors of the direct method. with time delay to simulate a given nonlinear dynamic
system with time delay, can be considered as an on-line
Mean squared error 0.1077 nonlinear programming procedure. On the other hand,
Maximum error 3.8622 the direct method for time-delay estimation employs a

neural network based time-delay estimator to identify the
From the presented results, it follows that the direct time delay directly. For the computational cost, the direct
approach for time-delay estimation is better than the in- method is obviously less efficient than the indirect method
direct method. Obviously, the direct method results in a if on-line training is implemented. However, if the train-
much smaller residual for the estimate. The on-line com- ing procedure is finished, the well-trained estimator will
putational cost for the direct method is, however, much have a much lighter computational load than the indirect
more expensive than that of the indirect approach. If the method since it does not require any on-line optimizing
neural time-delay estimator is trained well, then the train- computation in this case. In order to simplify the proce-
ing mechanism can be terminated. In this case, the well-dure of time-delay estimation, the technique of splitting
trained neural estimator can be implemented with high the time delay into the integer and fractional parts was ap-
speed and substantially reduced computational cost. plied. The presented numerical example shows that both
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of the proposed methods can be used to estimate time de€ybenko G. (1989)Approximation by superposition of a sig-
lays for nonlinear systems. The direct method produced, moidal function — Math. Contr. Signal Syst., Vol. 2,
however, better estimation results. No. 4, pp. 303-314.
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