submitted to International Journal of Occupational Safety and Ergonomics, JOSE, 1998

Title: Adaptive Process Control in Rubber Industry
Authors: Rudiger W.Brause Ulf Pietruschka
Affiliation: J.W.Goethe-University, Frankfug.M., Germany

Short Title: Adaptive Process Control

Name and addr ess of correspondence:
Dr. Rudiger W.Brause
J.W.Goethe-University,
FB Informatik, NIPS
Robert-Mayer-Str. 11-15
Postbox 11 19 32

D - 60054 Frankfurt am Main

Tel.: +49 (69) 798 -23977

Fax: +49 (69) 798 -28353

Email: brause @informatik.uni-frankfurt.de



Abstract
This paper describes the problems and an adaptive solution for process control in rubber
industry. We show that the human and economical benefits of an adaptive solution for the
approximation of process parameters are very attractive.

The modeling of the industrial problem is done by the means of artificial neura
networks. For the example of the extrusion of arubber profile in tire production our method

shows good results even using only afew training samples.



1 Introduction

In many industrial processs, the optimization of the process might reduce eawvironmental
damages and increase employee satisfadion as well as economica benefits. Here, the key
problem lies in the optimal choice of the process parameters which are typicdly not available
due to severa reasons. This contribution tries to show that adaptive methods are important

alternatives to conventional solutions.

Let us dudy this idea in more detal for a cncrete type of production: the rubber

industry.

1.1 A rubber industry production problem

Processcontrol in rubber industry has the smell of a ,dirty” indwstrial branch. Thisrelays
nat only on the often very dul and dwsty rubber and tire production rooms where the
produwcts are ,baked* by hea and stean, but aso on the fad that the maacomolealar
propartions of rubber are hard to predict due to their noninea charader. When a rubber
mixture leaves the extruder (the melting and form-giving machine) after being heaed upto
110%140%C, compressed to 70140 kar by a screw conwveyor and pressed through a meta
mask, the rubber relaxes, i.e. it expands or shrinks, depending onthe mixture, changing

therefore its shape in a non-linear manner by 10%-20% up to 50%.

The basic production layout is shown for our example of tire profile productionin figure



rubber
material

Fig. 1 The tire profile extrusion is done by heating up a rubber mixture in a
machine, called an extruder, until it becomes liquid and then pressing it
through a small opening, called a metal mask. The outcoming rubber stream
expands and solidifies after cooling down at the open air.

The task of process control consists of estimating the necessary extrusion parameters (in
our case: the unknown best shape of the extrusion metal mask) for an acceptable rubber
product after relaxation. Up to now, due to the nonlinear nature of the macromolecular
mixture this task can not be solved analytically. Instead, specialized people estimate the
profile of the original metal mask by their experience with the subject and correct their

estimates after experience. This gives atria-and-error turn-around production cycle.

This kind of production causes severe disadvantages for the production business. For the

management:

 the start for anew product is delayed by the time for 2-3 turn-arounds, each one taking
4-5 days to make a new mask, install it on the extruder, make an extrusion try,

measure the obtained rubber profile and estimate a new metal mask,

 this delay does not only wastes time, money and natural resources, but also increase

the production overhead and impedes therefore the production flexibility severely,

* inthe case of illness of an employee or a change to another enterprise, the knowledge

isno longer accessible. This causes mayor obstacles for the production.



Also from the employee's point of view, this kind of production is not satisfactory:

» The eperienced employees are tied to this job (which is judged as ,boring*) withou
the posshility of a dhange within the enterprise. The only passhility for a job change
is to change to ancther enterprise which is often na possble due to many econamicd
and personal reasons. Thus, motivation and identificaion with the job is sverely

impeded.

In conclusion, there ae very attradive benefits of a possble solution to this problem, bath

on the economical and the human labor side.

1.2 Adaptive Process Control

Now, this kind o parameter estimation problems can be overcome by adaptive process
control methods. Generally, these methods are interesting in ore of the following situations

in industrial process control:

* The process control is analyticdly not solved. So, until now only crude human

estimations or outdated practices are available,

* In principle the problem can be solved analyticdly, but it is too expensive, or there is
nat enoughtime to dothis for every variant of the problem, or there ae no quified

people available to do this,

* In principle the problem can be solved analyticdly and there ae people ready and time
avail able to dothis, but the necessary internal parameters of the process can na be
measured because ather the measuring device will i nfluence the processand therefore
the measurements itself, or the measurement is technicdly na feasible, or it is too

difficult, or it is too expensive.



Contrary to the exact analytical solution, the adaptive methods will only update the
parameters by an iteration process based purely on the final, measured outcome data
Adaptive control methods are used in many industry branches, especialy for system control

and identification, see (White 1992) and (Narendra 1986).

Neural actuator signals
Network
commands Tparameters Process
Leaning |« | )
sensor signals

Fig. 2 The main layout for adaptive control. The control commands are
mapped to the actuator signals (e.g. to pumps, levers and motors) by a neural
network. The parameters controlling the network itself are updated by an
adaptive algorithm which uses the results of the actuator signals (the sensor
signals) and the control commands as input. The preprocessing of the sensor
signals and the learning may also be done by extra specialized neura
networks.

This method is often used in conjunction with the paradigm of Artificial Neural Networks,

see e.g. (Haykin 1994) and Fuzzy Control (Buckley 1992).

In this paper we will show how this kind of approach can be done for the concrete problem
of tire production. In the following we consider the problem of approximating the necessary

shape of the metal mask by the means of an artificial neural network.

2 Approximating the extrusion process parameters

In order to apply adaptive parameter approximation algorithms we have to model the
industrial process, in our example the tire production. As it is described in the previous
section, the main task consists of estimating the profile of a metal mask which extrudes the

profile of a rubber band. This band is then cut into stripes of the perimeter length of atire and



then glued to the caing. The raw tire is then ,baked in a metal tire form for 20 minutes,
which gives the preliminary profile its ultimate form.
2.1 Modeling the process

Althoughthe extruded rubber profile is atemporary form its desired acarracy is 0.1 mm.

This settles the upper limit for our approximation errotfzign 3 a sample profile is shown.
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Fig. 3 A rubber profile and the rresponding metal mask. In the upper
figure, a aut through the rubber band is $own, whereas in the lower figure
the autout of the metal mask bar is $iown in the front view. The dotted line
denotes the (carved) edges of the opening. This is also visualized in the
vertical cut of the metal mask on the right hand side.

The upper profile is the desired rubber profile, the lower one shows the rrespondng
redanguar metal mask. On the right hand side a @it throughthe metal (shaded areg shows
the form of the opening (not shaded). The profile has a wider opening where the rubkber
flowsin. This corresponds to the dotted line which encircles the profil e opening in the metal

mask.
The modeling has to reflect the following facts:

* The profile of the extruded rubber band principally depends on the volume of the
extruded rubber. The rubber expansion presaure and flow within the profile heavily

depends on whether there is ,a huge anourt of rubber” , i.e. the neighba parts of the



profile have ahigh level, or if we have ,very few rubber around', i.e. the neighba
parts are low-leveled. This causes the rubber profile to be dso a function d the profile

height of the neighbor points,

» Additionaly, the extruded rubber profile heights depend nodinealy on the rubber
mixture composition G, presaure P by the screw conveyor, temperature T and extruder

type E,

* By the norlinea form of the screw conweyor the pressure dong the profile mask
(alongthe ais of abscissaein fig. 3) deaeases norlinealy from the right to the left.
This depends on the extruder machine type and onthe profile type. Therefore, the
rubber profile height does also depend onthe asolute position onthe ais of abscissae

of the metal mask.

Nevertheless the whale system is deterministic: the same rubber mixture G with the same
mask g(x), temperature T and presaure P result in the same rubber profile r(x) on a diff erent

extruder machine of the same type E

G,TPE
9(x) > 1(x)

The analyticd treament of the norlinea dependencies is very difficult. Conventional
assumptions abou energy (i.e. enthalpy) conservation are not valid here, becaise the system
is nat closed and shows nontlinea moleaule behavior. Also the dired measurement of the
process parameters like temperature and presaure in the profile ae pradicdly limited. The
sensors have to incorporated in such a way that they do nat constitute obstades themselves,
otherwise the presaure mndtions will be immediately changed and gve different results.

This is practically impossible or very expensive.



In contrast to this, our adaptive approach models the system as a whole, avoiding all
differential equations and constants which are hard to devise and to measure. Especially the
model of a neura network with only localy distributed input for each neuron underlines the

local character of the modeling.

We devided the whole profile, depending on the tire width, into 170-270 points which are
placed in the regular distance of & mm. For the comparison of profiles with different width,
the centers of the profiles were lined up and treated as the common middle point of the grid.
Each point on the grid has a desired rubber profile height r(i). Since the profile data initially
contain only points of profile change (x,r(x,), X,, r(x,), ..) the intermediate points are

generated by interpolation, see Fig. 4.

r(x)

) 1) 9| g )

Fig. 4 The interpolation of the rubber profile. The intermediate points are
obtained by equidistant points and are denoted by dotted lines.

Since the influence of the neighborhood is limited to a certain number s of sample points for
a certain rubber profile height r(i) we have only to consider k=2s+ 1 influencing sample points
as parameters for the unknown metal mask function g(x)

g(X) =F(r sl el iy G, E, PL) = F(X,, ooy X)
In this model we implement a neighborhood window which uses k=2s+1 sampling points
around location i. All values r, for the sampling points outside the profile limits are set to

Z€Ero.



3 The approximation networ k

In this section we want to derive an algorithm for approximating the exact extruder metal
mask profile f(x) at location x = (x,, ..., X) by a neural network, implementing the
approximation function F(x). The metal mask will in turn produce the desired rubber profile
r(x). It is well known that a two-layer neural network can approximate any continuous
function to any degree of accuracy, provided that we have enough neurons in the first layer,

see (Hornik, Stinchcombe, White, 1989) and (Xu, Krzyzak, Y uille, 1994).

3.1 Theactivity network

Now, for our purpose let us assume a two-layer network like the onein figure 5.

Dy R
Ym

Fig. 5 The adivity approximation network. The input lines x=(xa,.. X,) are
processed by speda RBF-units, denoted as bladk circles. Their outputsy; are
linealy weighted, added together and form the network output F(x). All
units with the same function are grouped verticdly in one layer. Thus, we
have two layers: m RBF-units in the first layer and one unit as the second
layer.

Eadh layer is composed of computational units caled ,neurons‘. Each neuron computes a
function Sk,w) of its inputx and its parametexs.

Let us define the activity = (yi, ...ym) Of the first layer by the activity of theth unit

y,=S(xc)=¢e" i=1..m (1)

and the activity of the second layer by the linear function
FX) = Fy(x) =5 wyy; =w'y y=1,wO'bias’ (2
=1
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This models the approximation functiorxlFés a linear superposition (weighted sum) using
mnonlinear basis functiorts that depend only on the ‘Mahalanobis distartbéetween the

inputx and a ‘neuronal centect.
S(Ix-cl) =S(d) d= M (x-¢)f = (x-)'M'M (x-c)

The fact that the activity S(.) depends only on the distance (raxigBjrpm a center gave

them the nameadial basis functions RBF.

For adapting and scaling the ellipsoidal input field controlled by the mdtrixe used the

scaling equation

M™ = (1 - y(1-a)(aa’)) M°® a= (x-c)/ [x-c| ©)
with the scaling facton and the learning ratg see PietruschkaBrause 1996).

There ae principaly two approades to train the network parameters. either we train the

two layers separately or as a whole.

The gproach o treaing the two layers sparately, clustering the input spacefirst and
then optimizing the weights of the second layer, is fast, but it has ome flaws. This gives us
a high sample density of output values where we have dusters of inpu samples, nat where

the ouput error is high.

Therefore, we optimize both layers at the same time. To avoid the mputational
problems of the badkpropagation (Rumelhart, Hinton, Willi ams 1986 approach we chocse a
different strategy. We start with the lowest passble cmplexity of the network and gadually
increase the number of neurons in the first layer until the eror is aufficiently reduced. This
was alrealy proposed for RBF nets, for example by (Schioler, Hartmann 1992. We insert
the neuron at location x,, the k-th sample with the maximal error, that has to be cmpensated
by the new m-th neuron. We have to design the width M _ such that it fits the new basis

functionin the context of all neighbaing reuron kesis functions. In contrast to the goproach
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of (Platt, 1992) we do not use gradient descend technique to rearrange al other neurons and
adapt all their receptive fields: this is computionally intensive and is the source of new
errors. Instead, we stop the adaption process of the new neuron by the criterion of non-
significant activation on a data point. Additionaly, we reduce the long distance
neighborhood influence by alearning rate y(d) which drops with increasing distance fromc_,

that is with decreasing activity level, see (Pietruschka, Kinder 1995).

The whole growing and initialization learning algorithm, called GGRBF (growing
generdized RBF), can be formulated in pseudo code. With the maximal tolerated Error

Tol Err and the maximal number m__ of neurons we get

GGRBF:

m =0; Errset(Trainingset):=f(lnputset);

VH LE ( max(Errset)>Tol Err ) AND (nxm_) DO
x = coord(max(Errset)) (* location of maximal error *)
I nsert Neur on( x)
Adapt Tolst Nei ghbor (M) ; (* Eq.(3) *)
| evel : =1; y: =1; (* start with high activation level*)
VWH LE | evel > 0. 01 DO

FOR i:=1 TO [OTrai ni ngSet 00 DO

| F S (x)>l evel THEN Adapt ToNei ghbor (y, x, M_) END

ENDFOR
y: =y[D.87; (Odiminuate learning rate [)
| evel : =l evel -i nc; (* lower the attention level *)
ENDVHI LE
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m =mt+1 (* new neuron installed *)

conput eErrset (Trai ni ngSet); (* O new error landscape *)

ENDVH LE

4 Simulation results

The algorithm above was implemented and the approximation was simulated with real process

data. An important key for the simulation performance turned out to be the two parameters:

k, the number of neighborhood sampling points, and &, the distance between the sampling

points. The proper choice is determined by balancing the counteracting influences:

If we choose & too small, we increase the number of necessary sampling points for a
certain neighborhood and increase therefore the dimension of the input space. Since
we have only a small limited number of training samples, the training becomes very
difficult since the input space becomes very sparse. On the other hand, if we choose &
too big, important information can be lost due to undersampling the dependency

function,

If we choose k too big, we encounter the same problem of dimension inflation and
training difficulties due to the sparseness of the training samples in the input space.
Additionally, by increasing too much context information, the generalization ability of
the network will be limited. On the other hand, if we limit the window too much,
necessary context information which helps to distinguish between different situations

isignored, resulting in a unnecessarily randomized training .

From the theoretical point of view, thisis an interesting situation. Nevertheless, we are not

yet aware of an applicable method of determining the optimal & and k to solve the problem
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of optimal training. Therefore, we decided to smulate different configurations in order to

get an acceptable choice for the parameters.

We generated the training set by shifting a window (determined by & and k) by an
increment of 1 mm over the profile data of 5 profiles with the same values of G, E and P.
This generated 1346 training patterns. The sixth profile was used for the generation of test
set of 271 test points. Our multi-dimensional approximated function became

g@i) = F(r, o Fpeal o 1, W)
with w being the weight per meter of the extruded rubber band. The simulation results
generaly showed only a very small influence of the position i. So, let us consider other

dependencies.

For the expected absolute error for 100 neurons we got different results. The best
performance converged by training to the following expected absolute error, depending on
the number of sampling points k and the interpoint distance &. In Fig. 6, this is shown for

k=7,9,11 for each of the intersample distances of 6=3,4,5 mm.

/|
vt )

0,2

N

0,154

error
o

019 7 9 11

4 d[mm]
0,05+

7 9 11

k [samples]

Fig. 6 The error development for different parameter values of ¢ and k
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It is interesting to see that the error does not automatically decrease when we increase the
number of sampling points. Thisisalso valid if we consider instead the window size implied

by the neighbor sample set size and the intersample distance , see figure 7.

0,3

0,2

10119

0,1

d
5

4318 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50

window size [mm]

Fig. 7 The error development and the window size

There is a configuration of the parameters where the balance is roughly met and the error
becomes quite small. The best results are observed by k=9 and =4 mm which corresponds
to a window size of 32 mm. In Fig. 8 the test profile, the result of the network and the
resulting error is shown for this configuration. The expected absolute error was 0.16 mm,
the maximal absolute error 0.56 mm. The y-axis is scaled up by the factor of three to

enhance the visibility of the errors.

Fig. 8 The desired profile and the profile produced by the net for k=9, d=4.
For visualization purposes, the y-axis (the profiles and the error) scaling is
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enlarged 3 times compared to the x-axis. One can clealy seethat error is
especially increased in the neighborhood of strong changes in the profile.

Now, why is there still such a big error? For example, let us regard the ceanter of a profile.
When we scde up the eror, the drawing in Fig. 9 arises. The size of the sampling window is
32 mm whereas the width of the profile hill is 34 mm. Here, we can observe the typicd
influence of the sampling window: Since in the other training profile samples in the average
there ae no valleys (gaps) on the right and left hand side of the ceanter outside the sampling
window, the net ,assumes* the expansion presaure of more rubber from the right and left
hand side. This would increase the profile & the caiater. But here, this is not the cae, so
without the aiticipated rubber neighbor presaire the desired height in the ceater is not

reached and an error occurs.

window of neighboring samples
+ 2mm

v

34 mm

Fig. 9 The error and the sampling window size (k=9, 6=4). When the
sampling window is too small, the deep ridges at the left and right hand side
are not seen by the system and the prediction assumes too much rubber
volume flow from the sides to the middle. This results in faulty estimation of
the necessary meta profilein the middle.

In order to get rid of this effect, we have to enlarge the window and include the neighbor
information about the desired gap, i.e. about the lack of rubber material in the neighborhood.
If we do this, we have experienced: the error will go up also. Why?

This can be explained by the following. All samples r(j) near the point i of estimation in the

profile are not completely independent of the value r(i): the profile does not consist of random
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data. Thus, when we ald more or less correlated samples we do not automaticdly add
information to the training. Instead, the interdependencies ‘confuse’ the leaning system. We
have a sparse input space if we elarge the input space (by adding additional variables)
without filli ng it with training patterns, the whole system leans less This problem is known
asthe ,curse of the dimensions* (Huber 1985. The only remedy for this problem is either the
augmentation of the number of training patterns (which is not available) or the gpropriate
deletion of unnecessary input lines, i.e. variables. The arrent neural methods for the latter
concept include weight pruning (see eg. Huberman, Rumelhart, Weigend 1991 or
dimension reduction techniques by Kohonen maps (see eg. Bruske, Sommer 1997).
Nevertheless to our knowledge there exist no analytica method yet for a proper seledion of

the distances and related numbers of the necessary sample points.

5 Discussion and outlook

In the previous dions we have presented an adaptive solution for the problem of unknown
processparameters in tire production. The proposed neural network leans the function which
estimates the form of the metal profile for the extrusion of a rubber band when the rubber
profile is given as a goal.

The learning algorithm uses no internal process variables or other intrinsic knowledge but
only the measurable external process parameters as the weight per meter and the resulting
rubber profile. In Fig. 10 the layout of the alaptive control and the antrol migration from the

human subject to the automatic system is shown.
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Fig. 10 The principal feedback lines in the profile specification. The
gpecification is initialy tied to the human operator who estimates the
parameters for the conversion of the desired rubber profile to the metal mask
profile. The produced rubber profile is then scanned and measured by a laser
scan unit. This reveals an estimation error which is corrected by the human
operator. With a neural network system, the estimation and correction
process is automatic. According to the performance error and the obtained
accuracy, the migration of the profile specification from the operator (solid
arrow) to the neural system (dotted arrow) can be controlled by the operator
himself.

In our case, the migration from the hand-made mask specification to the automatic, net
generated version can be made gradualy and smooth, leaving the control over the whole

migration process always in the hand of the human

In the beginning the neural network profile prognosisis only used by the human operator
as an additional information source. In Fig. 10 thisis shown by a solid arrow. When the net
has learned sufficiently and the prognostic error has decreased, the switch to the automatic
profile generation (dotted line in Fig. 10 ) can be made. The human operator has always the
full control over the usage of the adaptation process which is a strong source of human

acceptance for all automation projects.

This approach has many technical advantages:

18



* There is no intrinsic system knowledge necessary like non-linear dependencies or

differential equations for modeling,

» The same adaptive program can be used even when the parameters change due to a

change in the non-model ed system background context,

» There isthe theoretical possibility to obtain all necessary estimation parameter values
for a new rubber mixture just by training with one standard profile. By the usage of a
generaized adaptation the initial parameters will determine the correct metal mask for

all possible desired profiles.

This resultsin solid economic advantages

By involving a computer-based adaptive learning, the knowledge is automatically

collected,

» The start for atire production can be scheduled in a short time interval. This makes the

production more flexible and competitive,

» Last not least, the minimization of the trial-and-error cycles saves a lot of money and

resources,

» The better profile estimations save also rubber material. It is estimated that saving
1mm of rubber material on each profile will result in a save of about 0.8 Mill. $ per

year. Thisis also interesting from the environmental point of view,

» Theintroduction of high-tech tires which contain multi-layer rubber profilesis a new
challenge for the human designers. Here, the automatic adaptive estimation technique

can help alot to produce high quality tires with a short setup period only.

Also the human operator profits by the system:
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* The task becomes less boring,
» The human operators are no longer tied exclusively to this production step.

Our work aso shows that there ae still several problemsto be solved, for instance amethod
to overcome the "curse of dimensions' by a proper method to seled independent inpu

sample points for the network.
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