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Abstract

The subject area of this paper is the application of systemstheory developed for
linear repetitiv e processesa distinct classof 2D linear systems,to linear iterativ e learn-
ing cortrol schemes. A unique feature is the inclusion of experimental results obtained
from the application of cortrol laws designedusing this theory to an experimental rig
in the form of a chain conveyor system. Some areasfor further theoretical researt
arising from this study are alsobrie y discussed.

1 Intro duction

Iterativ e learning cortrol, denotedby ILC from this point onwards, is a technique to cortrol

systemsoperating in a repetitive mode with the additional requiremen that a specied

output trajectory r(t) over a nite interval [0; T] is followed to a high precision. Examples
of sud systemsinclude robotic manipulators that are required to repeat a given task to a
high precision, chemical batch processesr, more generally the classof tracking systems.
Motivated by human learning, the basic idea of ILC is to use information from previous
executionsof the task in order to improve performancefrom trial to trial in the sensethat

the tracking error is sequetially reduced. The objective of ILC is to usethe repetitiv e nature
of the processto progressiely improve the accuracywith which the operation is achieved
by updating the control input iteratively from trial to trial.

Sincethe original work by Arimoto et al [3], the generalareaof ILC hasbeenthe subject of
intensereseart e ort both in terms of the underlying theory and “real world' applications.
One starting point for the literature hereis the text [6] which givesa good survey up to
1992. For the recen “state of the art' see,for example,[7].

Typical ILC algorithms construct the input to the plant on a given trial from the input
usedon the last trial plus an additive incremert which is typically a function of the past
valuesof the obsened output error, i.e. the di erence betweenthe achieved and desiredplant
output. Supposethat ui(t) denotesthe input to the plant ontrial k and that the ( nite and
constart) trial length is denotedby T; i.e. t 2 [0; T]: Supposealsothat e(t) denotesthe
di erence betweenthe desiredtrajectory r(t) and the systemoutput y(t) on the sametrial.



Then the objective of constructing a sequenceof input functions sud that the performance
is gradually improving with ead successi® trial can be re ned to a cornvergencecondition
on the input and error:

Jim jjei = 0; lim jjux  uijj=0 (1.1)
where jj jj is a signal norm in a suitably chosenfunction space(e.g., L3[0; T]) with a
norm-basedtopology.

This de nition of corvergen learning is, in e ect, a stability problem on an in nite-
dimensional two-dimensional (2D)-product space, typically of the form N  L,[0; T]: As
sud, it placesthe analysisof ILC schemesrmly outside standard (termed 1D here) cortrol
theory { although (aswe will seelater in this paper) it still hasan important role to play in
certain casesof strong practical interest. Instead, ILC sdhemesmust be seenin the conext
of xed{p oint problemsor, more precisely repetitive processe$1(.

In general,the work reported to date on ILC sthemescanbedivided (at agenerallevel) into
two classes.In the larger class,nonlinear systemsand, in particular, practically motivated
model structures typically encourtered in robotics or processindustries applications are
studied. A key point hereis that (in the main) the resultscurrerntly available typically make
critical use of special structural properties of the models of the underlying dynamics, e.g.,
thosearising in cortrol oriented models of medanical or electro{medanical systems.

This paper focuseson the secondclasswhere linear systemsare consideredin a general
setting. One immediate consequenc®f this choiceis that well known analysisand design
conceptsare theoretically available for use (with appropriate modi cations as necessary).
For example, frequency domain methods have beenusedto derive convergencecriteria in
the form of spectral conditions on the transfer function matrix describing the underlying
(pass-to-pass)dynamics [9]. These frequency domain approadies can be extendedto the
time domain through the useof norm boundson the operator which relatesthe error on the
previoustrial to that on the currernt one{ the so-callederror transmissionoperator.

This paper beginsby consideringlLC schemesthat take, in particular, the error on both the
currernt and a nite number of previoustrials into accoun. The useof errorsfrom previous
trials in the algorithm correspndsto a form of ILC (trial to trial) feedforward action and
the use of current trial error knowledgeis direct (or currernt trial) feedba& action. One
immediate bene t from the presenceof the feedba& elemen is that the usual advantages
of feedba& cortrol, e.g., stability of the closedloop systemand increasedrobustness,are
potertially available.

The rst part of the paper will demonstratehow a generalclassILC sdiemes,wherethe
cortrol action is a conbination of feedba& action on the currernt trial plus feedforvard
action from the previoustrial, can be formulated sud that analysis of their stability and
corvergenceproperties is equivalent (mathematically) to well studied genericproblemsfor
a distinct sub-classof 2D linear systemsknown as di erential and discretelinear repetitive
processes.Exploiting this equivalencethen leadsto necessaryand su cient conditions for
closedloop stability and computableboundson the corvergencerate. This, in turn, leadsto



fundamenal limitations on achievable performanceexpressedn terms of basic(1D) systems
theoretic properties sudh as the relative degreeand minimum phase characteristics of the
exampleunder consideration.

In the secondpart of the paper, the application of norm optimal approad to a chain
conveyor systemis descrited. This is (to the best of the authors knowledge)the rst ewer
implemertation of a cortroller designedusing2D systemstheory. Finally, someopenreseart
guestionsare brie y discussed someof which aretheoretically basedand otherswhich arise,
in essencefrom the experimertal work and related studies.

2 Stabilit y and Convergence of ILC Schemes Using
Rep etitiv e Pro cess Theory

The state spacemodel of the plant to be cortrolled by an ILC shemeis assumedto be of
the following form (with T < 1)

Xk (t)
yi(t)

Axy (1) + Buk(t); t 2 [0;T]

whereon trial k; xk(t) isthe n 1 state vector, yi(t) isthe m 1 output vector, and u(t)
isthe | 1 vector of cortrol inputs. If the signal to be tracked is denoted by ry(t) then
e(t) = rq(t) yk(t) is the error on trial k: Also without lossof generality in this section
(exceptwherestated) we setx,(0) = 0; k 1

The classof ILC sdiemesconsideredin this section are of the following form which, in
e ect, is a (static and dynamic) combination of (a nite number of) previousinput vectors,
the currert trial error, and the errorson a nite number of previoustrials. In particular, on
trial k + 1 the cortrol input vector is calculated using

b\ X
Ug+1 (1) = iU () + Kilex+1 (1)
i=1 i=1

+ Ko[aw](t) (2.3)

In addition to the memory' N; the design parametersin this cortrol law are the static
scalars j; 1 i N; the linear operator K[ ]J(t) which descritesthe currert trial error
cortribution, and the linear operator K;[](t); 1 i N; which describesthe cortribution
of the error on trial k+ 1 i: Next we shav how the closedloop systemin this casecan
be written as a special caseof the generalmodel of linear constart passlength repetitive
processes.

First note that the open loop error dynamics can be written in convolution form as

&+ (1) = ra(t) Olukwa](t); 0 t T (2.4)



where zZ,
Gult)=Cc & IBuy()d (2.5)

0

Using this description, it is easily showvn that the closed-lmp error dynamicson trial k + 1
canbewritten overO t T as

( W )
e (1) = (I + GKo) * (il GKilew il(t) + (1 i)ra(t) (2.6)
i=1 i=1
or, equivalertly, in the form
&+1 = L&+ Db (2.7)
where
&)= g nO; g (2.8)

is the so-callederror super-vector.

Supposenow that & 2 Et, where Et is a suitably chosenBanad space,and b 2 Wr,
where W+ is a linear subspaceof E. Then in this setting, the boundedlinear operator Lt
mapsE+ into itself, the term L+ & descrikesthe cortributions of the errors on the previous
N trials to the current one,and b, termed the disturbancevector, descrikesthe cortribution
from external sourceson the currert trial. Note also that the theory which now follows
appliesto any ILC sthemewhich can be written in the abstract form (2.7).

It is now routine to arguethat corvergenceof a closedloop ILC sdiemeof the form con-
sideredhereask ! 1 isequiwvalernt to stability of its linear repetitiv e processinterpretation
(i.e. (2.7)). The following is the rst basicstability de nition.

De nition  2.1. An ILC schemewhich can be written in the form (2.7) is said to be asymp-
totically stableif there existsa real salar > 0 suchthat, given any initial error &g, the
saquene f &g« 1 genented by the perturbed process

B = (Lr+ )& +bk O (2.9)

convemgesstrongly to a limit error & 2 E; wheneverjj jj . , whee jj jj denoteshoth
the norm on Et and (later) the induced operator norm.

Note herethat if b= 0, the limit error is & = 0 and the action of the ILC schemeis
to reduceany initial non-zeroerror exponertially to zero. Note alsothat this de nition of
stability includesa certain degreeof robustness.In particular, the term actsas (additive)
model uncertainty and, by de nition, the systemis required to retain asymptotic stability
in the presenceof small perturbations from the nominal model.

Direct application of the linear repetitive processstability theory of [10] now yields the
following result.



Theorem 2.1. An ILC schemewith closal-loop error dynamicsof the form (2.6) (or, equiv-
alently, (2.7)) is asymptotially stableand hene convemgesif, and only if, all roots of

N N 1

y4 1Z N 12 N — 0 (210)

havemodulus strictly lessthan unity.

In fact, the roots of (2.10) are the spectral valuesof L+ in this particular caseand this
condition is simply the interpretation of the generalresult that asymptotic stability of a
processdescrited by (2.7) holds if, and only if, r(Lt) < 1 wherer() denotesthe spectral
radius of its argumer.

If the condition of Theorem 2.1 holds then the closedloop error dynamicscorvergein the
norm topology of L,[0; T] to

et = (I + GKg) 'rq (2.11)

wherethe so-callede ective cortroller K¢ is given by
Ke = —— (2.12)

where

= i K= Ki (213)

The simplestway to obtain (2.11) is to replaceall variablesin (2.6) by their strong limits
and re-arrange.

The following result, whoseproof again follows by direct application of repetitive process
stability theory and is henceomitted here,givesa bound onthe error sequencevhenTheorem
2.1 holds.

Theorem 2.2. Supmsethat the condition of Theorem 2.1 holds. Then the resulting error
sgquene is boundal by an expressionof the form

& e Mi(maxjei; ;iiev i)+ Ma) & (2.14)

where M; and M, are positive real salars, and 2 (may ij;1) whee ;1 i N;isa
solution of (2.10).

The result of Theorem 2.1 is courter-intuitiv e in the sensethat stability is largely inde-
penden of the plant and the cortrollers used. This is a direct result of the fact that the trial
duration T is nite andover sud aninterval alinear systemcanonly producea boundedout-
put irrespective of its stability properties and in this de nition of stability unstable outputs
of this kind are still "acceptable'.Henceewenif the error sequenceeneratedis guararteedto
convergeto a limit, this terminal error may be unstableand/or possiblyworsethan the rst
trial error, i.e. the useof ILC has producedno improvemen in performance. To guarartee



an acceptable(i.e. stable (asthe most basic requiremert)) limit error the stronger concept
of stability alongthe pass(seebelow) hasto be used.

Theorems2.1 and 2.2 can be usedto derive important results on parameter selection. In
particular we have the following.

1. Convergenceis predicted to be ‘rapid' if . is small and will be geometricin form,
k

corverging approximately with .
2. The limit error is nonzerobut is usefully descriked by a (1D linear systems)unity
negative feedba& systemwith e ective cortrol K, de ned by (2.12) and (2.13). If
max (j ij)! O+ then the limit error is essehnally the rst learningiterate, i.e. useof
ILC haslittle benet and will simply leadto the normal “large errors' encourered in
simple feedba& loops. There is hence pressure'to let max;j ij be closeto unity when
Ke isa highgain' cortroller which will lead (roughly speaking)to “small' limit errors.

X
3. Zerolimit error canonly be achieved if b 0 which , in turn, requiresthat i=1
i=1
which is not possibleif r(Lt) < 1 (but is possiblefor the caseof r(Lt) = 1). This
situation is reminiscen of classicalcortrol where the inclusion of an integrator (on
the stability boundary) into the cortroller resultsin zero steady state (limit) error in

responseto constart referencesignals.

There is a conict in the above conclusionswhich has implications on the systemsand
cortrol structure from both the theoretical and practical points of view. In particular,
considerfor easeof presemation, the casewhenK; = 0; 1 i N. Then ‘small' learning
errors will require high e ective gain yet GK should be stable under suc gains.

High gain feedba& systemsare descrited in essetial detail by the systemroot-locus. The
details are omitted herefor brevity and can, for example,be found in [8]. This referencealso
details the limitations imposedby a non-minimum phaseplant.

In what followswe considerthe application of the strongerlinear repetitiv e processstability
theory concepttermed stability alongthe passto ILC sdhemeswhich can be written in the
abstract form (2.7). The starting point is to note that there are two essetial problemswith
asymptotic stability appliedto ILC scdhemes.

The rst of theseis that only statemens about the situation after an in nite number of
trials have occurred are possibleand little information is available concerningperformance
from trial to trial. The secondproblem is (as noted above) that although a limit error is
guararteed to exist, it could well have unacceptabledynamic characteristics. In particular,
exponenially growing (‘unstable’) signalscan be acceptedbecauseof the nite trial length
and, in practice, this is clearly undesirable. In the next section, we will introduce the
conceptof norm optimal cortrol to deal with the rst problem and belov we addressthe
secondproblem using the conceptof stability alongthe pass,termed stability alongthe trial
here, of linear repetitive processe®f the form (2.7). The key feature is that the stability
alongthe trial property is independen of T:



To apply this to the iterative learning cortrol schemesof this section, considerthe case
when the trial length (or passlength in linear repetitive processterminology) can be arbi-
trarily greater than the "'nominal’ value T, i.e. it may becomein nite. Then the formal
de nition of this property is asfollows.

De nition  2.2. An ILC schemethat can be written in the form (2.7) is said to be stable
along the trial if there existsreal numkers M; > 0and ; 2 (0;1) independentof T such
that, for each T, > T, the error sequene from the model (2.7) satis es the inequality

iibij

& & My L &+

g (2.15)

Using linear repetitiv e processtheory [10], it canbe shown that the property of De nition
2.2is equivalert to the existenceof real numbersM; > 0and ; 2 (0;1) independen of T
sud that

Lt My §i8Te T (2.16)

To illustrate the application of the stability along the trial property, it is instructive to
considerthe openloop casewherethe trial to trial error dynamicsare de ned by the integral
operatorL : e ! &1

Z t
() =Da®+C ' IBa()d =LEOI:0 t T  (217)

0
with E1 = C([0; T]; R™) the spaceof boundedcortinuousreal-valuedfunctionsin the interval
0 t T onwhich the norm is de ned asjje(t)jj = supy  tjiet)jim; Wherejj jjm is any
conveniert normin R™, e.g.jjyiim = Max; i mjYij. In this case,asymptotic stability is easily
showvn to be equivalert to r(D) < 1 and to provide a physical explanation of this property
supposethat r(D) jjDjj < 1 (a sucient condition) holds. Then e;(0) = De(0) is
reducedfrom trial to trial, i.e. the sequenceof initial errorsis reducedfrom trial to trial
(sinceit only dependson D). By cortinuity of e, this alsooccursfor t “slightly’ greater
than zero. In this way, the matrix D "squeezesthe error to zero, starting from t = 0 and
working to t = T. Unfortunately, depending on the state spacetriple (A;B;C), it could
be that fort 0 the error actually increasesover the rst few trials and it takes a large'
number of trials before the error is small everywhere. This is shavn by rst noting that
asymptotic stability guararteesthe existenceof real scalarsMt > 0 and 1 2 (0;1) sut

that
jibij
1 1

The term involving 1 in this last equation relatesto the error reduction due to D and
the term M+ relatesto, and dependson, the system structure de ned by the state space
triple fA; B; Cg. This whole processcan be visualizedas squeezingsomethingout of a tube,

jie eji  Mr Hij ejj + gk 0 (2.18)



e.g. toothpaste,wherewhenthe endis already at, a bulge dewelopsin the middle and after
“squeezinglong enougheverything drops out at the end.

In particular, with E1, = C([0; T¢]; R™) where T, is arbitrary and not necessarily nite,
we obtain the following result for stability along the trial in the caseof (2.17). (The proof
of this result is again omitted sinceit is a direct application of repetitive processstability
theory.)

Theorem 2.3. Suppsethat the pair f C; Ag is observablend the pair f A; Bg is controllable.
Then the ILC process(2.17) with T, T is stablealongthe trial if, and only if,

@ r(D)< 1,jsl, Aj6 0; Re(s) 0;and

(b) all eigenvaluef the transfer function matrix

L(s)=C(sl, A) 'B+D (2.19)

have modulus strictly lessthan unity for s= {! ;! 0

3 Norm Optimal ILC

The norm optimal approad in generalhasa mature theoretical basis[1] and in this setting
the following is the formal de nition of a successfulLC algorithm.

De nition  3.1. Consider a dynamic systemwith input u and output y. Let Y and U
ke the output and input function spaces respectively and let r 2 Y be a desired referene
trajectory from the system. Then an ILC algorithm is suaessfulif, and only if, it constructs
a sguene of control inputs fuxgy o which, when applied to the systemor plant (under
identical exgerimental conditions), produces an output sequene fyygx o with the following
properties of convegent learning:

kI!llrn Yk = T; kI!|1m Uk = Uy (3.20)
Here convelgene is interpreted in terms of the topologiesassume in Y and U respctively.

Note: This generaldescription includeslinear and nonlinear dynamics, cortinuous or dis-
crete plants, and time-invariant or time-varying systems.

Now let the spaceof output signalsY be a real Hilbert spaceand U also be a real (and
possibly distinct) Hilbert spaceof input functions. Then the respective inner products
(denotedby h; i) and normsjj jj2= h; i areindexedin a way that re ects the spaceif it
is appropriate to the discussion.

The dynamics of the plant consideredhere are approximated by a linear model which in
operator form can be written as

y = Gu+ zg (3.21)

whereno lossof generalily arisesfrom setting zo = 0: Also it is clearthat the ILC procedure,
if corvergen, solvesthe problemr = Gu; for u; and, if G is invertible, the formal solution



isjust uy = G !r: A basicpremiseof the ILC approad is that the direct inversionof G is
regardedas an impractical solution becauseit requiresexact knowledgeof G and involves
derivativesof r: This high-frequencygain characteristic would make the approat sensitive
to noiseand other disturbances. Also it can be arguedthat inversion of the whole plant G
is unnecessaryas the solution only requires nding the pre-imageof r under G:

The above problem is easily shovn to be equivalert to nding the minimizing input u;
for the optimization problem

min fj gj2 : e=r y;y= Gug (3.22)

The optimal error jjr  Gu, jj? is a measureof how well the ILC algorithm has solved the
inversionproblem. It alsorepresets the bestthat the systemcando in tracking the signalr:
The caseof interest hereis whenthe optimal error is zero,i.e. u; is asolutionofr = Gu; :
Also (3.22) is clearly a singular optimal cortrol problem which by its very nature requires
an iterativ e solution.

In particular, the classof ILC algorithms consideredhere compute, at the completion of
trial k; the input on trial k + 1 asthe solution of the minimum norm optimization problem

Uk+r = argminy,,, fJyes (Uke)g (3.23)

subject to
€+ = I Yk+15 Yk+1 = GUy+1 (324)

wherethe performanceindex (or optimality criterion) usedis
Jir (Uke1) = Ji@ea fig + ik Ui (3.25)

The initial cortrol ug 2 U can be arbitrary but, in practice, will be a good rst guessat
the solution of the problem. Also the relative weighting of reducing the currert trial error
against minimizing the deviation in the cortrol input signalsusedon successig passescan
be absorked into the de nitions of the normsin Y and U:

The bene ts of this approad are immediate from the simple interlacing result

iedi®  J(uen) jiei®; 8k 0 (3.26)

which follows from optimality and the fact that the (non-optimal) choiceof ux+; = uyx would
lead to the relation Jy.1 (Ux) = jj&jj?: This result statesthat the algorithm is a descen
algorithm as the norm of the error is monotonically non-increasingin k and also equality
holds if, and only if, ux+; = ug; i.e. whenthe algorithm has convergedand no more input-
updating takesplace.

The controller ontrial k + 1 is given by

U1 = U+ Ges;8 0 (3.27)



This relationship, together with the error update relation
e =(+GG) g;8k 0 (3.28)
and the recursiwe input update relation
U1 = (1 +GG) Hug+Gr); 8k 0 (3.29)

can be usedto undertake a detailed analysisof the (theoretical) properties of this classof
ILC laws [1].

In this paper, we will only considerthe special caseof Ji+1 (Uk+1 ) de ned asfollows applied
to alinear time invariant di erential plant model with state spacematrices(A; B; C) (state,
input and output respectively)

Zt
des(Uer) = 5 1 (008 (0% (W) W) RUa () u()adt
+ 26l (T)Feun (T) (330

andthe symmetric matricesQ; R; and F satisfythe normal linear quadratic optimal cortrol
assumptions.Standard optimal cortrol theory now givesthe solution as

4 = AT () CTQew(t)
U () = U(t)+ R BT i (1)
1 (T) = CTFeu(T); t2[0;T] (3.31)

This represetation is non-causal(in the standard sense)but it can be transformed into a
causalimplementation asdetailed next for the caseof a relaxation factor
Transform the costatevector . (t) using

1) = KO X () X+ k(1) (3.32)

where the feedba& gain matrix K (t) satis es the well known Riccati (matrix) di erential
equation

K(t) = ATK(t) K({A+K(@#)BR 'B'K(t) C'QC
K(T) = C'FC (3.33)

Note that this last equation is independert of the inputs, states and outputs of the system
and henceonly needsto be computed oncebeforethe sequenceof trials begin.
The predictive or “feedforvard' term .3 (t) must be computedon ead trial using

1) = (A BR 'BTK)" wia(t) CTQe(t)
+ (1 HKBug(t) (@ )CTQr(b) (3.34)



with terminal boundary condition
wa(T)= CTF[ a(T)+ (@ )r(T)] (3.35)

The algorithm is now causalsince (3.34) and (3.35) can be solwed o -line by reversetime
simulation using available previoustrial data.
Next we detail the application areastudied in this paper.

4 Chain Conveyor Systems

Previous work [5] has applied three term (or PID) ILC scemesto this corveyor structure
both in simulation and experimert. The major conclusionwas that this is a highly rele-
vant application areafor ILC. Despitethis, achievable performancewas limited by the PID
structure in certain cases.Hencethe decisionwas madeto apply norm optimal basedILC
shemesoutlined in the previous sectionto chain corveyor systems. The ewertual goalis
to assesghe performanceof sud sdhemesin ‘real world' operation - both stand alone and
comparatively. In the remainder of this paper, we descrike the chain conveyor systemto be
used,its mathematical modeling and con guration for the actual implemenation of cortrol
action, and the designof the candidate ILC sdieme.

The System

The chain corveyor systemsconsideredin this work have two possibleoperational modes
- indexing and syndironization. When operating in an indexing mode the corveyor moves
oneitem at a time under a dispenser. The dispenserremains stationary and product is
dispensedwhenthe corveyor comesto rest. This motion is then repeatedfor the next item.
In syndironization mode the corveyor movesat constart velocity and the dispensermoves
badk and forth. Product is dispensedwhen the position and velocity of the dispenserare
syndironized to that of item on the corveyor. The systemis measuredby its accuracy
combined with rate of throughput and reliability. Ead requiremern introducesdi culties
and accuracywill degradewith time due to componert wear. Commonly this is overcome
by regular manual re-calibration of the system.

High rates of throughput imply large accelerations. These produce large electrical and
medanical stressesin the system componerts that increasewear and reducesaccuracy
Ultimately high stresseswill causethe premature failure of componerts, reducingreliability
and overall throughput. It is therefore necessaryto ensurethat the cortroller demanddoes
not requirethe actuator to perform outside of the manufacturersspeci cations. As descrited
in [5] the systemhasmany problemsthat a PID controller cannot deal with at high enough
accuracyto meettypical performancerequiremens.

The corveyor, seeFigure 1, is constructed from a 3m long framework of right angle steel
sectionand consistsof two parallel strings of 0.5 pitch steelroller chain. At 300mm intervals
there is an aluminum plate supported on a rod that is pinned through a bushing on eat



Figure 1: Sthematic of Conveyor Construction.

chain. A standard squirrel cageinduction motor supplied by a variable voltage variable
frequency (VVVF) inverter, that is delta connectedto a 3 phase pulse width modulated
(PWM) inverter, drivesthe conveyor through a timing belt drive with a 5:2 reduction ratio.
The induction motor is oversizedfor the medanical load to ensurethat the actuator will not
limit systemperformance.A 500pulseper revolution optical encaler, making measuremets
on the motor shaft with di erential outputs, provides position feedba&. Processingusing a
DEVA 004 motion cortrol card increaseghe resolutionto the equivalert of 2000pulsesper
revolution.

The dispenser,seeFigure 2, consistsof a trolley that moveslinearly above the conveyor.
The trolley is an open frame, as this allows dispensingsystemsand instruments to be ex-
changedwhenrequired. A long belt suppliesthe linear motion, rotary motion being provided
by an identical induction motor/b elt drive systemas for the corveyor.

QO_~—H O

Figure 2: Sthematic of DispenserConstruction.

Frequency-Domain Mo del

The modelsof the corveyor and the dispenserusedare linear approximations, which were
deweloped for simulation purposes. These were obtained by driving the cornveyor and the
dispenserwith a variable frequency sinusoid, provided by a dc motor drive and recording
the frequencyresponse. The motor velocity was measuredby using a tachometer, and then
scaledto give a responserelating input voltage to output velocity in courts/seconds. From
the resulting Bode plots linear appraoximations were derived for the corveyor and dispenser
respectively as

61506 10°
(s2+ 49+ 35%)(s2+ 54s + 18(F)

GCOnV(S) =
(4.36)



6:47 1C°
(s+ 35)(s2+ 9%+ 11(7)

Gyisp(S) =
(4.37)

Next we brie y descrilke how the cortrol action is applied.

Control Implemen tation

A PC cortrols the system that includesthe DEVA interface card. The card has two
14-bit Digital to Analogue Converters (D=A) for speeddemand output and two optically-
isolated digital outputs for axesenabling. A programmableinterrupt cortroller is provided
to produceregularly timed processorinterrupts suitable for running discretecortrollers. As
the inverters are unableto accepta -10V to +10V speeddemand,a positive analoguespeed
signalis provided, with a singleline of the parallel port linked to the direction setting pin of
the inverter to provide direction cortrol. A program, written in C, provides a userinterface
to the hardware and alsoimplemerts the cortroller.

System Simulation

In order to begin the evaluation of the performanceof norm optimal ILC designsin this
area, including the relative advantages/disadantages of predictive action, a simulation of
the systemoperating in syndironous mode has beenconstructedin MATLAB/SIMULINK.
Also a rangeof cortrollers have beendesigned.For example,Figure 3 shovs a sampledesign
(for the dispensertransfer function) wherethe referencesignal usedis the sameasthat used
in the previouswork on the useof PID ILC for this application [5].
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Figure 3: lllustrativ e Design.

5 Conclusions

The goal of the researb programmeon which this paper is basedis to ewvaluate the perfor-
mance(both stand aloneand comparative terms) of norm optimal basedILC sthemesin the



‘real world' operating domain. The testbed chosenfor this is a chain corveyor system. To
date, the experimertal testbed hasbeenconstructedand the relevant parts of its dynamics
appraximated by linear models,in the form of transfer functions constructedfrom measured
frequencydomain data, obtained. Also a range of cortrollers basedon both the norm opti-
mal and predictive norm optimal ILC designshave beencompleted(a samplenorm optimal
designhasbeenincluded here).

This paper hasdescrilked the necessarpadkground dewelopmert to undertake an extensive
range of experimertal tests which will be usedto addressthe following key questions(and
others).

1. How do normal optimal and predictive norm optimal ILC compareagainstalternatives
(from, in the main, [5] and the relevant cited references).

2. Are there any bene ts to be obtained by using predictive norm optimal ILC [2], i.e. an
enhancemenof norm optimal cortrol action wherethe (weighed) e ects of the errors
on a nite number of future trials are taken into accoun in the cost function to be
minimized, againstjust norm optimal ILC.

3. If norm optimal ILC doesindeedgive improved (relative) performance how canthis be
guarti ed in terms of the key extra parametersin thesecortrol laws, i.e. the prediction
horizon N and the weighting factor ?

4. What are the generalmessage$rom this study in terms of the theme of this special
sessionj.e. the relative merits of higher order ILC.

Further early results from the experimertal programme (beyond those of Figure 3 here)
can be found in [4]. Initial assessmdnof them does indeed conrm the promise of the
norm optimal approad to iterativ e learning cortroller designfor what is a major industrial
applicationsarea(chain conveyor systemsare extensiwely usedin many processcortrol areas,
sud asbreadproduction systems). The following areasrequire short to mediumterm further
researf.

1. The e ects of unmodeled dynamics.
2. The e ects of mismatd in resetting the processinitial conditions.

3. The dewlopmen of the algorithms in a stochastic setting to deal with the e ects of
noise.
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