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Abstract: The estimation for the nonlinear dynamic system with time-varying input time-
delay is an important issue for system identification. In order to estimate the dynamics of
the process, a dynamic neural network with external recurrent structure is applied to the
modelling procedure. In the case where time-delay is time varying, a useful way is to
develop on-linetime-delay estimation mechanismsto track theinput time-delay variation.
In this paper, two schemes respectively called direct as wdl as indirect time-delay
estimators are proposed. Finally, two numerical examples areillustrated for the test of the

proposed methods. Copyright © 2002 IFAC
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1. INTRODUCTION

It is known that many industrial processes involve
input time-delays. Therefore, the identification of the
process input time-delay is one of the important
issues in the domain of system moddling and
identification. Some literatures can be found on time-
delay estimation. Reed et. a.(1981) applied LMS
algorithm to locate the cross-correlation function so
as to estimate the time-delay between input/output
signals. Teng and Sirisena (1988) proposed an
approach to extend the order of the numerator
polynomial function for time-delay estimation. Lim
and Macleod (1995) proposed an adaptive time-delay
tracking method for IR filter. Balestrino et. al.(1998)
proposed a strategy for steady state time-delay
estimation. However, almost all of these approaches
are only available for linear systems. It is noted that
most industrial systems more or less contain not only
time-delay but also non-linearity. Hence, if the non-
linearity of the process is significant, it will be
necessary to devel op the approaches for the modeling
of nonlinear processes with time-delay.

During the recent decade, neural networks have been
proved to be useful for system modeling and function
approximation. In this paper, the dynamic neura
network where the input layer has the externd
recurrent connection with the output of the network is
used to model the dynamic nonlinear process. It is

noted that the time-delay in some industrial processes
may be varying with time. For example, the inlet flow
rate, the manipulated variable of a continuous stirred
tank reactor, may change with time, it thus causes the
variations of the manipulating time-delay.

In this case, the on-line time-delay estimation is
necessary if the effect of those variations can not be
ignored. In this paper, two neurd network based
methods for the modelling of a class of nonlinear
process with input time-delay is proposed. The first
oneis called asindirect time-delay estimation method.
In this method, the criterion is minimized with respect
to the estimated time-delay that is contained in the
neural network based model used for the
identification of the non-linearity and the dynamic
behaviour of the process. The indirect method can be
considered as a honlinear programming problem. The
second scheme, on the other hand, is called direct
time-delay estimator which is constructed by a neural
network. In order to model the time-delay, a neura
network is applied. To evaluate the proposed time-
ddlay estimation schemes, two numerical examples
areillustrated for comparison.

2. INDIRECT TIME-DELAY ESTIMATION

Suppose the processis described by f: R™™ 5 R, i.e.
Yk =f(Yk1.Uk-r,) D



where f () € C 2, Yy =[Vk-1. Yk-n]' € R"
and Uk-r, = [uk—‘rk ----- uk—rk—m]T e R™ ae
respectively the output and input vectors, and Tt is
the time-delay. The neural network based modd used
to describe the process, i.e.

i =WTS(x), 2
where y,. isthe output of the neural model with time-

delay, W =[wj,..,w]T € R" is the weight vector
connecting the outputs of the hidden layer and the
output of the model, S(x) =[s(x1),...,s(xh)]T eRMis
the output vector of the hidden layer,
s(x)=@1-e*)/1+e*) is the sigmoid function,
and the inputs of the sigmoid function in the hidden

layer are of theform, i.e.
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where T, isthe estlmar[e of thetime-delay,. naand nb
are respectively the lags of the output and input of the
neura model, and wjs are the weights The

introduction of the auto-regression of the modd
output into the network can be useful to ssimulate the
dynamics of the process. Consider the case where
time-delay is varying with time. It is supposed that
the time-ddlay can be separated as integer and
fractional partsaswell, i.e.

%k = ak + 6%k y (4)
where dy isthe integer part of the time-delay whilst
oty denotes the fractal part of the time-delay, which

is constrained within the range of one sample period,
i.e. (2,3) (Lim and Macleod 1995). Suppose that the
time-delay changes slowly so that it means that the
time-delay can be considered as constant during one
sample period. For the estimation of the fractiona
part of time-delay, the gradient of the output of the
neural model with time-delay respect to 67, i.e
9y /987 should be calculated. Considering (2) and

@3), it yidds
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where s'(x) =ds(x)/dx =0.5(1—s(x)2). In (5), the
effect of the recurrent connection to the gradient has
been considered. Using a method of first-order
interpolation can derive the gradient duy_z _; / 007 .

From the first-order Taylor's series expansion, it leads
to

St k_ak kdk
k-d—(k-c =D . (§)
+8t(u,_g4

uk_%k = uk—ak -1

=U_g, 1 ~U 1)
Hence, the gradient of Uz, with respect to 6t can
be derived as

g2, —j
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Moreover, the gradients of the output of the neurd
model with respect to the weights are respectively
obtained by

W _gx), i=1..h; 6)
oW,

and
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Define the index

Q=05e? =0.5(y, - 9,)?, (11)
and the parameter matrices, i.e.

0=[Wq,0s Wp, | Vyre V1T

T : (12
0)=[Wij [Vi]]" (h+H)x(na+nb+q)
Then, the estimate of these matrices will be
9=9—7L18—Q,and (D=(D—7\.28—Q. (13)
00 0

where A; >0, (i=12) are the optimizing step-
sizes. If an optimizing algorithm with second-order
convergence, e.g. a modified Levenberg-Marquardt
method, is applied, the update of matrices, i.e.6 and
®, becomes

(k) = (k-1 ~AH( + o] 22
oy

+Byk-D-y(k-2), wv=6,0
ayk)(ayk)T 0>0 and is adjustable

: (14)

where H=(—%

factor. The facior o can be changed from O to .
When o is zero, the GaussNewton agorithm is
obtained. If o changes to «, the algorithm becomes
the gradient descent method. In addition, o has the
capahility for numerica sabilization if the agorithm is
converging towards a saddle point, then [0y /0¥ ]
may approach zero. In this singular case, o >0 will
considerably improve the numerica dahility. If the
proposed step size istoo large, even if the direction of
the step is correct, the fina result may be worse By
increasing o, it can also reduce the step sze, and move
more in the direction of the gradient. In order to
increase the possibility to escape from some local
minimums, a momentum term is embedded into this
algorithm and B >0 is the momentum factor. When

the estimated 87, is obtained, both the fractional and

integer parts will be updated by (Lim and Macleod,
1995)
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and
‘j'k =df’ &y e (k+n,k+1+m) (16)
6Tk =6'|:k,

where 0<n<1 is a very smal number. As the
indirect time-delay estimation is a procedure of on-
line nonlinear programming, it requires much cost on
computational load.

3. DIRECT TIME-DELAY ESTIMATION

The procedure of the indirect time-delay estimation
illustrated in above section is considered as a problem
of nonlinear programming. In this section, the so-
called direct time-delay estimation approach will be
proposed. A dynamic neural network will be
constructed directly for the time-dday estimation.
The peformance of the estimator depends on the
specification of the weights V, the orders of the inputs
and the number of the hidden nodes of the network.
In this section, the timedday estimation is
formulated as a procedure of system identification.
Assume that the time-delay can be separated as
integer and fractiona partsaswell, i.e.

%k =ak +6%k, (17)
where dy isthe integer part of the time-delay whilst
oty denotes thefractal part of the time-delay.

In order to estimate the time-delay, the estimator of
the fractional part of time-delay is proposed as
follows:

3tk =9(Vie, 1) » (18)
where g(.)e C? redlises the mapping g:RY >R,
where g=q;+tqy; V) is the weight matrix;
e =[8%k 1,0 8Tk » Bk 1Bk g, | - where
ex =Yk —Yk- The formula (18) can be realised
using a neural network, i.e.

” H H q
8 = 2 vis(zj) = X vid 2 vijlijl - (19)
i=1 =1 j=1

The gradient of y, with respect to 7, can be
obtained by

Ny 9y _h a oYk
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where

Mkt |

“ose Uk=de-i T Yk-dy - (21)

To determine the weights of the neural network,
which is used for the moddling of fractional time-

delay, the gradients of &1 with respect to v; and Vij

are calculated respectively by:

@=s(zi) i=1..H, (22

ov;

and

86% H d1 86‘Ck_1

—=2ViS(Z))(l_i + X Vij ]

aVij i=1 ! Ak =1 b Bvij . (23
i=1...9

The gradients of Y, with respect to the weights of the
neural network are determined respectively based on
(8 - (10). The weights are adjusted using the
modified Levenberg-Marquadt method shown in (14).

Then based on the estimated result of the fractional
part of time-delay, both the integer part as well as the
fractional part of the timedday are adjusted
separately by using the following formulae
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where 0<n <1 isavery small number.

The on-line computational load of the direct time-
delay estimation will certainly be heavier than the
indirect method. However, the direct neural time-
delay estimator can be trained either on-line or off-
line. Then the training procedure can be cut off if the
neural network has been trained well. In this case, the
estimator can be implemented with much less on-line
computational effort and can be used for fast
processes as well.

4. NUMERICAL EXAMPLES

Two numerical examples are illustrated to show the
performances of the proposed time-delay estimation
approaches.

Example 1. Suppose that the nonlinear process with
time-delay is

Yk = _ Y1 #001 0.5uy_+

1+ Yfo1+ Yoo
where the time-delay is a continuous time-varying
function that is of the form:
0.005t + 2, t <300
T= 17, 300<t <400

17-0.005(t—400),  t > 400

Suppose the sampling period is 0.1 second and a
neural network with the architecture of single input-
single output and five hidden nodesis used for system



modeling. The input signal in the form shown in the
following
uy =sin(k/20) + 2sin(k /10) +

cos(k /5) +cog(k/ 2) + 2sin(k)
is used to stimulate the process. Both the direct and
indirect algorithms for time-delay estimation are
applied to the modeling procedure respectively. Fig. 1
shows the result of time-delay estimation using direct
method. In this method, a neurd network with 7
hidden nodes and the input vector of the form:

| =[87 1, 8T_2, 873, B, B2 Bzl
isused for the construction of time-delay estimator.
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Fig. 1 Time-delay estimation using direct method

For the indirect time-dday estimation method, the
parameters for Levenberg-Marquadt algorithm are
chosen as A=0.025,00=0.15 and B=0.75. The
corresponding time-dday estimation result is
illugrated in Fig. 2. The edtimation erors are
respectively demonstrated in tables 1 and 2.

Table 1 Estimation errors of indirect method

Mean squared error  Maximum error
0.9715 4.4950

Table 2 Estimation errors of direct method

Mean squared error  Maximum error
0.1077 3.8622

From theillugtrated results, it is known that the direct
approach for time-delay estimation is better that the
indirect method. Obvioudly the direct method results
in much smaller estimate residual. The on-line
computational cost for the direct method is, however,
much more expensive than that of the indirect
approach. If the neura time-delay estimator is trained
wdll, then, the training mechanism can be cut off. In
this case, the wedl-trained neura estimator can be
implemented with fast speed and much less
computational cost. Moreover, the dynamic model
validation result isillustrated in Fig. 3. It shows that
the system identification based on the on-line time-
delay estimation can get satisfactory resullt.
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Fig.2 Time-delay estimation using indirect method
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Fig. 3 Dynamic model validation

Example 2: The van de Vusse reactor can be
described by

dC
d_tA =-k1Ca - k3CZ *+d(t—1)(Caf - Ca):
dg—tB =kiCa-k2Cg-d(t-7)Cq

The isothermal series/paralléel reactions:

A —-> B - C, 2A > D

take place in thereactor. In the process, C, and Cg are
respectively the effluent concentration of component
A and B, d is the dilution-rate, and 1 is the time-
delay. The values of the parameters are k,=50 h?,
k,=100 h%, and ks=10 |- mol-h™L. The concentration
of A in the feed stream is given by C,; and equals to

10 mol-171, Initiadly, the process is at steady state

with C,=0.2143 mol-11 and C,=0.1520mol-17L,
The process is sampled at every 0.002 h. The time-
varying time-ddlay 7 is caused by the change of the
dilution rate flowing through the pipe, i.e.
5(1- €909 4. 2; t<2h
1= 2+5(1- €99% 1 3.5(1- g 0015(2)y. 2h<t<4h
2+5(1- €99 +35(1- €099 - 3.5(1- 0054y t>4n



Both approaches proposed in this paper are applied to
the modeling of the time-delay. Fig. 4 and Fig. 5
respectivdly demonstrate the time-delay estimate
results using the direct as well asthe indirect methods.
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Fig. 4 Timedday estimate for the van de Vusse
reactor using direct method
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Fig. 5 Timedday estimate for the van de Vusse
reactor using indirect method

It seems that the method of the direct time-delay
estimate derives better result than that obtained by
using indirect method. In the indirect method, the
optimizing step size A ischosen as 0.275, o.=0.15,
and B=0.5; whilein the direct method, the number
of the hidden nodes of the neura network is 20, the
order of the network inputs are respectively q; =2,

and g, =3. Moreover, the parameters A,o,B of the
training agorithm are respectively 0.95, 0.5 and 0.05.

5. CONCLUSIONS

In this paper, the neural network based direct and
indirect time-ddlay estimation methods for nonlinear
dynamic systems with time-varying time-ddlay are
proposed. The proposed indirect approach, based
upon a neural model with time-delay to simulate the
nonlinear dynamic system with time-delay, can be
consdered as an on-line nonlinear programming
problem. On the other hand, the direct method for

time-delay estimation is using aneural network based
time-delay egtimator to identify the time-deay
directly. For the computational cost, the direct
method is obvioudy larger than the indirect method if
the on-line training is implemented. However, if the
training procedure is finished, the well-trained
estimator will have much less computational |oad
than the indirect method since it does not require any
on-line optimizing computation in this case. In order
to simplify the procedure of time-delay estimation,
the technique of dividing the time-delay as both the
integer and fractional parts has been applied. The
numerical examples show that both the proposed
methods can be used to estimate the time-delay for
nonlinear systems with time-delay. The direct method
however obtained better estimation results.
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