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Iterative Learning Control for Robotic Path
Following with Trial-Varying Motion Profiles

Yiyang Chen, Bing Chuand Christopher T. Freeman

Abstract—Ilterative learning control (ILC) aims to maximize
performance of systems performing repeated tracking tasks.
However, in most existing applications, the motion profile is
inherently specified a priori, which has restricted both its ap-
plication range and scope of performance improvement. For
example, the typical repeated path following task in robotics only
requires a spatial path profile rather than a temporal trajectory
profile, for which most existing ILC designs are unsuitable.
To handle this requirement, this paper extends the ILC task
description by relaxing this postulate to enable a trial-varying
motion profile and formulate an ILC path following problem

The vast majority of ILC work, e.g. [11]-[16], considers
the concept of trajectory tracking as the design objectiee,
the output trajectory has aa priori motion profile specified
over a finite time interval0, 7], whereT is the duration
of the task. However, the concept of path following is the
principal design objective within a wide range of robotisks,
such as manufacturing assembling [17], virtual fixture [A&]
packaging. Compared to trajectory tracking, path follayvin
only requires the robotic end-effector to follow a giventpat

with system constraints. Under this extended problem setup, a defined in space without any temporal constraints. Theggfor

spatial ILC algorithm is proposed with efficient implementation

the motion profile is unlocked as a free variable to release

and robust convergence analysis, which updates the input signal supstantial control design freedom. The work in [19]-[21]

and motion profile at the end of each trial to reduce the tracking
error. This algorithm is implemented experimentally on a gantry
robot test platform to verify performance, practical feasibility
and reliability. Comparisons with other control methods are also
made to clarify its advantages, such as error reduction, control
effort reduction and constraint handling.

Index Terms—iterative learning control, path following, gantry
robot

I. INTRODUCTION

exploited this design freedom to improve the robustness in
vehicle steering problems based on the feedback of measured
information. This design freedom is further consideredan-p

allel work [22]—-[25] to develop path planning strategiesaig

at minimizing the total robotic path following time. Howeye

the tasks described in the above research were not repeated,
which prevented the application of ILC to further improveith

path following performance. The research conducted in [26]
utilized ILC to handle a time-optimal path tracking taskt bu

ILC is a technique formulated to improve the performanc@mPloyed a different ILC setting using a system model update

of robotic tasks that repeatedly execute a task over melti

trials. # employs the input signal; and tracking erroe;, of
the current trial to update the input signal,, for the next
trial. Based on the recorded information of past trials, h&3

been shown to significantly reduce the repeated errors dause

Aw. The recent work in [27], [28] exploited the trial-varying
initial conditions as well as multiple time-delays to desig
robust ILC algorithm for tracking tasks with disturbances,
modeling errors, and various uncertainties.

A number of ILC attempts have been made to relax the

by model mismatch, and for many system classes guarant8§§umpti°n of am priori specified motion trajectory. The first

error convergence to zero after a sufficient number of tria
In addition, the ILC implementation procedure is relatyve
simple and straightforward, since it does not require chan

to internal parameters or controller structure. Moreovelpes

not require a high computational load due to its off-linetihp
update procedure. Because of these benefits, ILC has bgé’rl?

applied to various robotic systems, e.g. stroke rehatidita
[1]-[3], robotic manipulator [4]-[6], inkjet printer [7]gantry

|\g/ork in [29] proposed an ILC update law to increase the path

|foIIOWing accuracy at corner points. This update law meagur

p’ue closest distance to the path for each point on the output
rajectory, and employed this information to decide whethe
to switch on and off the motors of a two-axis gimbal system.
sequent work in [30] addressed the torque ripple reafucti
problem for switched reluctance motors with spatially dedin
physical variables, which updated the input voltage at each

robot [8] and motor system [9]. See [10] for a detailefPtor position using the spatial torque error. Moreovevesal

overview.
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well-established ILC algorithms were reformulated in [31]
with spatial coordinates via 2D convolution reconstruttior
systems with spatial steady state coupling output, such as
additive manufacturing. Although the above work developed
ILC algorithms to handle robotic tasks without a unique
motion profile, these algorithms were ad hoc, applicable onl
to specific robotic applications and only a minority focused
on path following tasks. Also, none exploited the control
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motion profile to achieve practical benefits other than the
task accuracy. An exception is the authors’ previous work in
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[32]-[36], which proposed several ILC algorithms to mirmei u;(t) € R andy,(t) € R™ are the state, input and output on
control effort while maintaining high path following acaay. the k" trial respectively;A, B andC are system matrices of
However, these algorithms were restricted to limited @asscompatible dimensions. At the end of each trial, the state is
of tasks, i.e. point-to-point or piecewise linear pathdaling reset to an identical initial value, i.e4(0) = xo. This system
tasks. has an equivalent operator form

The contribution of this work in relation to the existing
solutions in the literature is listed as follows: Yk = Gui +d. @

o ILC Task Extension (Section IIThis paper extends the Since the signall is constant with respect to the identical
classical ILC task description in [11]-[16] to exploitinitial statex, it can be absorbed by the reference trajectory
the design freedom of a trial-varying motion profile ta-(¢) without loss of generality by assuming, = 0 to yield
improve task performance in terms of path followingi(¢) = 0.
accuracy. The input signat,;, and output signaj;, belongs to the input

« General Problem Formulation (Section Ilyhis problem and output Hilbert spaces;[0, 7] andL5*[0, T defined with
formulation is the first attempt to solve general spatidhner products and associated induced norms
path following problem with constraints on micro scale T
manufacturing tasks, which outperforms the existing spa- (u, v)p = / uT(t)Rv(t)dt, ull g = 1 /{u, g, (3)
tial ILC frameworks in [29]-[36] in terms of generality. OT

o A Comprehensive ILC Algorithm (Section I powerful T
and comprehensive spatial ILC algorithm is proposed {, y>Q :/0 z (HQy(t)dt, Hy”Q =\ y>Q’ “4)
with convergence analysis to update the input signal and | . m . m
motion profile at the end of each trial, which solves th' which R € 8, andQ € S++’f L300, T] = Lg[0, T}
proposed general path following problem. 'S t.h?. system' pperatpr anile L? [0, ] denotes the effect

o Experimental Verification (Section IVJhe practical per- of initial conditions with respective forms
formance of this algorithm is verified on a gantry robot
test platform, and comparisons with other control meth- (Gu)(?)
ods are made to illustrate its advantages to solve the - . gr
constrained path following problems, which cannot b'e\zIOte thatG has an adjoint operatas™ defined by
addressed by classical norm optimal ILC in [37]. (u, G*y)p = (Gu, y)g (6)

The notation used in this paper is standailis the set , ) ) )

of non-negative integer&” and R"*™ denote the sets of which will be used later in algorithm development.
dimensional real vectors andx m real matrices respectively;
St is the set of alln x n real positive definite matrices; B. Path Following Task Requirements

4 14
Ly[a, 0] denotes the space @" valued Lebesgue square- i s now necessary to introduce the concepts of a path and

integrable sequences defined on an intefwal b]; (z,y) IS 4 motion profile, where the former is defined as follows:
the inner product of: andy in some Hilbert spaceX x Y is

the Cartesian product of two spacéandY, respectively; any
signal with the symbdldenotes a physically measured sign
rather than a numerically computed signal using a nominal Fisel0, 1]~ F(s) e R™, (7)
system model. Other notations will be introduced as needed.
mapping spatial coordinateto output pointr(s).
Il. PROBLEM FORMULATION The path profile is defined by thee priori function 7 with
. . . , initial and terminal positions;(0) and (1), and independent
In this section, the system dynamics are introduced, ané : . : .
: " ; ; of any temporal information. To determine how fast the rabot
the path following task is described using the concepts of a ) . .
. . R end-effector moves along the given path, a continuous motio
path and a motion profile. The ILC task description is thenroﬁle
extended to formulate an ILC path following problem witH’
a trial-varying motion profile as well as embedding system
constraints. is introduced to map between time indéxand spatial co-
ordinates, i.e. s = 6(¢). Based on the above definitions of
A. System Dynamics path profile and motion profile, a specific reference profile
r € L0, T] can be written as follows:

ot
:/ Ce'=%) Buy(s)ds, d(t) = Ce*aq. (5)
0

Definition 1. A path is a sequence of points in output space
K defined by a continuous function

0:tel0, T|—selo, 1] (®)

This paper considers ahinput, m-output continuous linear

time-invariant system in state space form r(t) =r(6(t)), t [0, T]. 9)
i (t) = Azy(t) + Buk(t), (1) Therefore, the path following task is described as: to choos
yr(t) = Cap(t), an input signalu such that the output trajectory = Gu

accurately follows the reference profitedefined by (9), i.e.
where & € N denotes the trial numbet; € [0, T] is the y P y )

time index withT < oo being the trial lengthy(t) € R™, y=Gu=r, r(t)=r(0(t)). (20)
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In practice, system constraints have to be considered in the I1l. A SPATIAL ILC ALGORITHM

control design procedure to guarantee the obtained soligio | thjs section, the design objectives of the ILC path
allowed and implementable. An input saturation constraint following problem are listed, and a spatial ILC algorithm is
Q={ue lg[o’ T : [u(t)| = M(t),t € [0, T]} (11) proposed with robust convergence performance and implemen

tation instructions, which solves the problem in Definiti®n
is taken into account to denote the restrictions on systgutin

limit for an exemplary case. In addition, the backward mmwtio . -
: o . : A. ILC Algorithm Description

of the system is prohibited to give the constrafitit) > 0, _ _ o o

and the extra constraint{0) = 0 and#(N) = 1 are used to To achieve the design objectives in Definition 3, the authors

guarantee the task starting at the initial position and rgndiconsider the norm optimal ILC update law proposed in [37],

at the terminal position. Meanwhile, considering the servihich iteratively updates the input signal by minimizing

speed and acceleration constraints, a motion profile ainstr @ cost function consisting of the error and the input signal

is obtained as follows: change. This ILC update law is extended in this paper by
) . . embedding the motion profilé as a free variable and incor-
O ={0 € L,[0, T]: 0<0(t) < Vmaz, ‘9(75)’ < Umaz; porating the system constraints as well. To handle the propl
6(0) = 6(T) = 0}, (12) the following lemma is needed.

Lemmal. LetS; andS; be two closed convex sets in a Hilbert

wherev,,q, anda,, ., are maximum velocity and accelerationspaceX_ Define the projection operatof, (-) and Ps, (-) as
values respectively.

According to the task description and the system consgaint Pg, () = arg min [|& — %
a path following problem is defined as below. e
Definition 2. The Path Following Problem aims at choosing
an appropriate input signa:l in the input constraint se® to where || - || is the induced norm inX. If S; N Sy # @, the
reduce the path following error following convergence condition is satisfied as

e=r—y (13) lo™* — 2l <lla* — 2%, Ve e S$inS,  (16)

to zero, forr(t) defined in (9) and any admissibiein the |\ here € X and z** is computed asi = Ps, («*) and
motion profile set® defined in (12). & = Pg (). !

P, (x) = arg min [|& — 2|5,
EESs

C. ILC Path Following Problem Proof. The proof is derived in [38]. O

To improve the performance of repeated path following Using the condition (16) in above lemma, the extended ILC
tasks in robotics, the classical ILC task description igeded Update law and its convergence property are hence described
in this paper to exploit the choice of motion profile as a fre@ the following theorem.

variable, which gives rise to the following problem. Theoreml. If the system (1) is controllable an@ has full
Definition 3. The ILC Path Following Problem iteratively row rank, define the ILC update law as follows: with initial
updatesu;, and#dj, using valuesug € €2 anddy € ©, at each trial, an ILC update law

updates the input signal using

(Uhy1,0k41) = F(ug, Or, ex), (14) ~ .
) ) Uk+1 = Uk + G* (I + GG*)7 (T’k — Guk) a7
such that the two variables converge, the system consraint o
are met and the path following erre, = r, — y, converges followed by the projection

o zero, L.e. upy1 = Po(lgs1) = arg glelg lu—tpy1llp,  (18)

lim up =u*€Q, lim 6, =0" €O, lim e, =0, (15)
k— o0 k—o0 k— o0

and then updates the motion profile using
wherery(t) = 7(0x(t)) is the reference profile at trial.

Since the motion profile is a free variable in the above
problem setup, it is also incorporated into the ILC update lalf S; N .Sy # @, the monotonic conditions hold as follows:
(14) as an updated term. Note that the system constraint sets
Q and© denote the physical limits discussed in Section 1I-B. I = yrsally < llexly (20)
To achieve the design objectives of the extended problem, a lextillg < lIme — Yr+1llg - (21)

spatial ILC algorithm is proposed in Section . where G = (G*G)~1G* is the pseudo inverse operator of
Remarkl. The extended ILC problem setup in Definition 3 iz, 5, = {(y,u) € H : y = Gu}, S, = {(y,u) € H : y =
more general than that of classical ILC in terms of constraip, , ¢ O}, H is a Hilbert space defined & = L7*[0, T x
handling. It is capable of changing input signals and motior¢[o, 77 and

profiles to alternative values to satisfy the system comga

while the unique solutions of classical ILC might not be T
admissible. See the comparisons in Section IV for more detai lylly = \//0 [(GTy(t) TRGTy(1) +yT (HQy®)]dt. (22)

s = argmin | — yi 1l 5. 7(0) = 7(O(1). (19)
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Algorithm 1 Spatial ILC Algorithm
_ Input:  System operatofr, path profiler, initial input signal
Proof. See Appendix A. O uo € Q, initial motion profiled, € ©, weighting matrices

@ andR
The above theorem states how the extended ILC Upd‘aﬁtput: Optimal input signak:* and motion profiley*

Iawhmodifies fthe ir;]put_ Slignal"““, arlld mc;f[lion profiIerH h _1: initialization: Trial numberk =0
at the end of each trial respectively, while preservingrthei,. gon the injtial input signalg to the robot, measure the

constrained requirements € ( and ¢ € ©. Moreover, it initial output trajectorygo, and obtain the initial errog,.

appealing properties on monotonic convergence and smallg; Record the initial input signak, and motion profiled.
error upper bound have been shown in the next corollary al. while not l[éx]| < e do

the specific case without input constraint. 5:  Update the input signaky.; by solving (39) and
Corollary 1. If the input constraint does not engage, the path performing projectionuy 1 = Po(iigi1).

following error monotonically converges, i.e. 6: Setk =k + 1 to perform the next ILC trial.
. Send the input signal;, to the robot, measure the
||ek+lHQ < P ||ekHQ ’ (23) Output trajectorygk'

Update the motion profil@, by performing projection
(19) and obtain the errafy.
- Record the input signal, and motion profiledy.
10: end while
er < Egoilc’ (24) 11 return u* =u, andf* = 0y

and the upper bound of error nory at each trial is equal or
smaller than the value}ic of norm optimal ILC using the
same values of) and R, i.e.

where0 < p < 1 is the spectral radius dff + GG*)~L.

the measured path following error sequerég}r>o of Al-
gorithm 1 monotonically converges to zero, i.e.

Based on this update law, a spatial ILC algorithm (Al-
gorithm 1) is then proposed to update the input signal and léx+1llg < pllékllg - (27)
motion profile at the end of each trial. In this algorithm,
andd, are appropriate initial input signal and motion profileWhere0 < p < 1 is the spectral radius dff + GG*)
At the end of each trial, the input signal.., is updated
by (39) with weighting matrices) and R, and followed Proof. See Appendix C. O
by a projection mechanism. Then, the updated input signal
is sent to the plant to obtain the corresponding measuredrheorem 2 provides theoretical support for the robust
output trajectoryy,41. After that, the motion profil@,.; is monotonic convergence property of Algorithm 1 with the
updated by performing another projection mechanism talyiegxistence of model uncertainty. This appealing featurefis o
the measured path following erréf = r,—gy, in practice. The much practical concern for robotic path following task, &s i
training procedure terminates when the error norm becomgsarantees the monotonic reduction of the path followimgrer
smaller thane, which denotes a sufficiently small positiveto zero even there is a certain level of model uncertainty.
scalar specifying the accepted practical accuracy levelhe
given task. Moreover, the computational complexity of this
algorithm is3n2. C. Implementation Instructions

Proof. See Appendix B.

-1

The ILC update law (17) can be directly applied as a feed-
B. Robust Convergence Performance forward implementation. Moreover, the alternative featba
In this paper, a multiplicative form of model uncertainty i®!US feedforward implementation in [37] is suggested to ednb
considered as real-time measured system state within the ILC update.eSinc
5 this method has instantaneous interaction with systent fdan
G=({I+4)G, (25) learn state information during the task, it can further iover
where the operaton : I3[0, N] — I3[0, N] denotes the the robust performance of the algorithm.
model uncertainty. Therefore, the measured output trajgct The operatorP, projects the unconstrained inpag ;; into
i1 = Guy, differs from the the numerically computed outputhe input constraint s&@. This step is straightforward as the
trajectory y, = Guy. Although the ILC update procedureinput constraint sef2 is usually pointwise in practice. For
in Algorithm 1 is similar to that in norm optimal ILC, the eéxample, if the input constraint sét is represented as the
employment of the trial-varying motion profile and systergaturation form (11), the solution afy1 = Po(iry1) IS
constraints leads to extra effort in the robust performangéen by
analysis as shown in the following theorem.

t), u t t
Theorem?2. If the input constraint does not engage and M(®), T (8) = M),

U1 (t) = { a1 (1), — M(t) < g (t) < M(t), (28)
I — AGG*|| < 1, (26) —M(t), Upga(t) < —M(t),
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for 0 <t < T. The projection (19) chooses an element from
the motion profile constraint s€ by solving the problem

|

H ~ 2
nyn||7‘*yk+1||Q,

subject tod € O, r(t) = 7(6(t)).

(29)

The cost function of problem (29) is convex, the égts
also convex by its definition in (12). However, the function

r(t) = 7(0(t)), (30)

may be non-linear since a general path is usually not contpose

of straight line segments. In this sense, this problem is a

large scale non-convex optimization problem, as the motion _
: . . . . Flg. 1. Three-axis gantry robot test platform.

profile needs to be discretized at a small sample time into

high dimensional vector. To reduce the computational load

the following assumption is considered to add an addition: IrAmplifier

constraint to problem (29). E Ercoder—Y '
Assumptionl. The motion profiled in problem (29) belongs _“_S_cif_ty\fa_r_e““ : o ncocer — |
to the set | I ° |
) i — b T Motor |

Or ={0€ L3[0, T]: 0(t—A) <O(t) < Op(t+A)}, (31) : ‘EK" P it Bkt

| Hardware

Position Feedback

|
where A denotes a small time interval, ed.= 0.01 - 7. / \ :: g |]|]|]
I 0

The extra constraim € O reduces the search space of the Computer dSPACE
variable §, so each elemeni(t) is then optimized over the +--—-—-----—--—--
local sub-intervalgfy(t — A), 0;(t + A)]. Since the lengths
of these sub-intervals are much smaller than the wholeadpalfii9- 2. Structure block diagram of gantry robot platform.
interval [0, 1], the path profile® can be approximated as a line

segment fromv (f — A) to (¢ + A) via local linearization pemarka. In practical applications, the controller should be
within these relatively small sub-intervals. Therefote ton- equipped with a large enough computation load to ensure

gtraint (30),‘3” this sub-interval can be approximated by ﬂ?ﬁe ILC update procedure to be completed before the start
linear function of the next trial of the repetitive task. In this sense, the
implementation of the proposed algorithm will not violakes t
planned task execution time in practice.

- 0(t) — 0k (t — A)
r(t) = rk(t)—’_ek(t < A) f@/g(t - A)

(re(t+A)—ri(t—A)).

(32)
Using the above linearized approximation, the problem {29) IV. V ERIFICATION ON A GANTRY ROBOT
reformulated into the following convex optimization prebl | yis section, the performance of Algorithm 1 is verified on
min  [|r — g% a three-axis gantry robot test platform, which fully repties
o @ 3 } the practical environment with model uncertainty and rando
st. 0€0n6y, r(1)=7(0), r(T) =r(1), disturbance. Also, comparisons with other control mettares

0(t) — 0.t — A)
9u(t + A) — O,(t — A)

made to clarify its advantages .
(re(t + A) — ri(t — A)), fy g

(33) A. Test platform description

. The gantry robot shown in Figure 1 is employed as the
Remark 2. Assumption 1 does not affect the convergencgst platform. This gantry robot comprises three axes ndarke
performance of Algorithm 1, since the proofs in Theorem Jg x, y and z, which are perpendicular to each other. The
and 2 s_tiII hold with respect to the combined motion profil§,yividual motions of the three axes together give rise ® th
constraint® N Oy,. hybrid motion of end-effector in a given 3D space. Thergfore
Remark3. The proposed algorithm has three steps during &nis gantry robot structure allows the implementation afaia
identical trial, which are the input signal update step (7@ robotic tasks, such as pickup a payload from the dispensker an
input signal projection step (18) and the motion profile updathen place it down on the moving convey below.

step (19). As explained in the above text, the first two steps a The input of the gantry robot is in unit of voltage, and
relatively straightforward to implement, but the compigtaal the displacement of each axis is measured by an incremental
burden mainly lies on the last step, as it needs to solveencoder as the output. The block structure overview of the
high dimensional convex optimization problem (33). This cagantry robot test platform is shown in Figure 2. To build
be efficiently solved using standard solvers and parsersup the test platform, a powerful dSPACE DS1103 micro-
MATLAB , such asSeDuMi [39] and YALMIP [40]. controller is considered to sejve as the interface between t

r(t) = ri(t) +

with a global optimal solution.
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Fig. 3. Mean square path following errors of Algorithm 1 witdifferent ) . . . ) . )
values ofg. Fig. 4. Hybrid output trajectories of Algorithm 1 for the fial few trials and

the final trial with ¢ = 100, 000.

software' (host computer), aqd the hardware (gantry robot). C. Practical Performance of Algorithm 1
each axis, a BNC channel is used to send the input voltagé
sigrgl to an Aerotech model BA10 linear amplifier. Renishaw Algorithm 1 is applied to perform the path following task
RGH22 linear encoders with a resolution 3#;:m for x-axis specified in Section IV-B. The initial input signal and matio
and y-axis, and Aerotech rotary encoder for z-axis with profile are chosen as, = 0 and 6y(¢t) = ¢/T respectively.
resolution of16um are used to receive the position feedbacko compare the influence of weighting parameters on the
of corresponding motors. convergence performance of this algorithm, the authors set
7 = 1 as a constant value, and choose the valueg ab
50, 000, 80, 000, 100, 000, 120, 000, and150, 000 respectively.
B. Path Following Task Specifications To evaluate the accuracy of the algorithm in a fair manner,

To evaluate the performance of the proposed algorithnf8€ concept of mean square error is used in this paper to
the path following task is specified as: using all three ax@&antify to the average squared error valuggorithm 1

(m = 3) to follow a path defined by is repeatedly performed with different values @f and the
mean square path following errors at each trial are plotted
0.005cos(—2ms + ) + 0.005 in Figure 3 as the coloured curves to show their monotonic
7(s) = 0.005sin(—27s + ) , s€[0, 1], (34) convergence properties. Also, a larger weighting paramete
0.01s g contributes to a faster convergence rate. The mean square

. _ _ _ errors converge to the accuracy level 16f3 approximately
within the given timeT" = 2s. The nominal system models ofand fluctuate around certain values due to the measuring

the three axes are considered as limit of the incremental encoders. These fluctuations after
0.05 0.05 0.03 convergence cannot be avoided in practice, and can be only
Gals) = —, Gy(s) = —, G:(s) = — (35) reduced by applying more precise sensors.

To further evaluate the performance of Algorithm 1, the
To provide baseline tracking, disturbance rejection anda&t experiment withg = 100,000 is explained in detail. The

edge tracking, a feedback proportional controller is cef®® hyhrid output trajectories for the initial few trials andeth
in parallel with the axis to give final trial are plotted as the coloured curves in Figure 4,
which shows the path following performance from a direct
Ga(s) Gy(s) G- (s) 0 -

, , , (36) point of view. The hybrid output trajectory at each trial
1+ K:Ga(s)' 14 KyGy(s)” 1+ K.G.(s) gradually follows the desired path (the yellow curve), anel t

where K, = 100, K, = 300 and K, = 100. The input hybrid trajectory at the final trial accurately follows thatbp.
xr , vy z .

saturation constraint (11) is considered with Therefore, the information in Figure 3 and 4 gives rise to the
conclusion that Algorithm 1 guarantees high path following
M(t) = [1.10, 1.55, 1.10]", t € [0, T], (37) accuracy of the robotic tasks.

The comparison between the initial and final motion profiles
and the speed and the acceleration constraints in (12) are made in Figure 5, whose speed and acceleration satisfy
defined asv,,q. = 2.00 and a,,,, = 1.00 to prevent the motion profile constraint (12) withy,,,, = 2.00 and
the system damage to the gantry robot. For simplicity, thg,., = 1.00. This figure further indicates the evolution trend
weighting matrices are denoted 5 = ¢/, and R = 71, of motion profile along the trial axis, such that there grdigua
whereq and7 are positive scalars. forms 4 acceleration-deceleration sub-intervals along the time
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Fig. 7. Comparison between Algorithm 1, norm optimal ILC anddieack
control in terms of path following error derivatives with= 100, 000.
Fig. 5. Motion profiles of Algorithm 1 for the initial few trla and the final

trial with ¢ = 100, 000.
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Fig. 8. Comparison between Algorithm 1, norm optimal ILC anedieack

Fig. 6. Comparison between Algorithm 1, norm optimal ILC anddieack control in terms of control effort witly — 100, 000.

control in terms of path following error withh = 100, 000.

axis. Therefore, the results of Algorithm 1 meet the desigWaln the valugs prov_lded by the allgorlthm. Th|s phenomenon
requirement (15) of the ILC path following problem. can.be exp!amed, since the algorithm |t_erat|vely upda}m ¢
motion profile to reduce the path following error by making
_ ) the reference trajectory more easily to be followed.

D. Comparison with Other Control Methods To illustrate other benefits of the algorithm, the concept of

Furthermore, the algorithm performance is compared witontrol effort is used to quantify to the energy consumption
that of norm optimal ILC proposed in [37] and feedbackvhile performing the given taskA comparison is made in
control on the same task specified in Section IV-B. Theigure 8 on the control effort between these control methods
parameters of norm optimal ILC are similar to those usetlthough the algorithm design phase does not contain the
for the algorithm, i.er = 1, ¢ = 100,000, uo = 0 and objective of control effort optimization, its control dgsi
0(t) = t/T. The feedback control uses3a0 feedback gain freedom brings a positive side effect to reduce aroustd of
to follow the path with motion profilé(¢t) = ¢/T. the control effort required by existing control methods lehi

The mean square path following error of the four contrglerforming the same path following task.
methods as well as their derivatives are plotted in Figuracb a To evaluate the constraint handling performance, norm
7 for comparison. The mean square path following error of tlgptimal ILC is again conducted on the same task specified
proposed algorithm converges to the accuracy levelof®, in Section IV-B with an alternative motion profile
and the the derivative converges to a value belowHowever, 5

. : 5 0.5t%, if t <T/2,

the corresponding accuracy level of norm optimal ILQGs 0(t) = {1 —0.5(T —1)?, otherwise
and abovel0 and the accuracy levels of feedback control are ’ ’
10~! and 35.5 respectively, which is relatively much higherTo compare the constraint handling performance, the input

(38)
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tasks.Howevertheyudse linearized approximation to convexify

S S the problems, and other efficient linearized methods witrelo
= Ea computational burden will be examined and evaluated. To
g g further exploit the design freedom of motion profile, other
g g performance index, e.g. control effort, can be added into th
£ £ cost function.Ji(u, 6) to yield additional practical benefits.
é é Last but not least, the robust convergence performance at
general case with input constraint will be investigatéd.
Time Variable, t (s) these points constitute the authors’ future research tibres;
< and will be reported separately.
I T Spatial ILC
= ———Norm Optimal ILC
g - = ~Tnput Constraint APPENDIXA
g PROOF OFTHEOREM 1
% The projection operatoPs, (-) solves the problem
0 1 2 I‘T]lln |‘€Hé+||u_uk‘|?%

(39)

Time Variable, t (s) st e=ry—y, y= Gu, Tk(t) _ f(@k(t)),
Fig. 9. Comparison between Algorithm 1, and norm optimal ILGérms ~ With an identical structure to the norm optimal problem
of input trajectory withg = 100, 000. described in [37], and the only difference is the relaxation
of reference profiler;(t) = 7(0x(t)) to be trial-varying. In
this sense, the analytic solution (17) is derived. The pt@a
eratorPs, (-) yields (18).Since S; N Se # &, there must
EISt u* € Q and hence the poinfu®,r;) € S; N Ss.
Thus, substituter™ = (ug41,yk+1), ¢ = (uk,yr) and
(u*,r) into the convergence condition (16) to give

signal of the three axes at the final trial with= 100, 000 are
plotted in Figure 9, which reveals that the converged mpg
signal satisfy its input saturation constraint (11). Alsbe
converged input signals using norm optimal ILC are plotted
separately in the same figure. As this motion profile of norm
optimal ILC contradicts with the given input constraintgth lu* — Uk+1H§a + ||k — kaHé
converged x-axis input signal of norm optimal ILC is beyond
the input saturation constraint, which must be avoided. How
ever, the proposed algorithm is capable of handling theesystSince the system (1) is controllable a6tdhas full row rank,
constraints, as its problem setup enables an alternativieeh the pseudo inverse operaiGi’ exists, which makes the above
of motion profiles, which agree with the input constraint. inequality equivalent to

2 2
<l = ullg + llre = yrllg - (40)

The above comparisons illustrate that the proposed spatial ot 2 2
ILC algorithm has better performance than other controhmet 1GT (e = grs) [ + e = wrall
ods for robotic path following tasks in terms of error redoict <||GH(re — yk)H; + e — kaé , (41)

control effort reduction and constraint handlirigxperiments . . . .
with other R and Q values provide varying convergenceand gives rise to (20)n addition, it follows from the definition
speed but similar monotonic convergence performance to {#e(19) such that
3
accuracy level ofl0~*mm?. For brevity, these results are lewill = ks — vrrilly < llre = vrrallg » (42)
omitted. . )
which yields (21).

V. CONCLUSION AND FUTURE WORK
: . i ) APPENDIXB
This paper is the first attempt to solye general spatial PROOF OFCOROLLARY 1

path following problem with a trial-varying motion profile
and system constraints on micro scale manufacturing taskss'nce the input constraint does not engage, it follows that
which outperforms the existing classical ILC and spatiaC IL “++1 ~ Ur+1 and thus
frameworks with respect to generality as well as trackinguac 75 — Yrt1 ||Q H (I+GG*)~ ek”Q p IIekIIQ . (43)
racy. A powerful and comprehensive spatial ILC algorithm is
proposed with robust monotonic convergence analysis t@sof "0M the projection (19), the following inequality holds as
this problem, which simultaneously update the input signal
and motion profile at each trial. The practical performante o
this algorithm is verified on a gantry robot test platformganwhich gives rise to
comparisons with other control methods are also conducted
to srf)ow its benefits in terms of error reduction, control gffo lewtillo < por+llerlio < plexlle- (45)
reduction and constraint handling. Therefore, the upper bound of error norm at each trial is-
The experimental results demonstrate the feasibility ef th?’“(]_[iC 1 0i) |leo|l, and this value is clearly smaller than the
algorithms to achieve the design objectives of path folfmvi valuee©ilc = pk leollp of norm optimal ILC.

lextillg < okt llrk — Yl oky1 <1, (44)
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APPENDIXC
PROOF OFTHEOREM 2

Since the input constraint does not engage, the equatjos
uk+1 = U+ holds and there exists

uppr = up, + G (1 + GG*) ey, (46)

(14]

[16]
and it follows that
[17]
e — Yp+1 = €k — (I + A)GG*(I + GG*)_lék
= (I - AGG*)(I + GG*) "¢y (47) 18]

As |I - AGG*|| <1 and||(I + GG*)7!|| < p, thus
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