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Abstract

This paper focuses on the high-precision engineering application of designing and implementing a norm-optimal iterative
learning control (ILC) algorithm for the precise positioning of a robotic gripper tip flexibly coupled to an industrial walk-
ing beam system. The ILC algorithm generates a feedforward or exogenous signal to minimize tracking errors, thereby
enabling high-precision motion control. However, integrating the ILC signal into an existing feedback control system can
introduce control signal discontinuities and fluctuations, potentially impairing performance.

To address these challenges, this paper proposes structural adjustments to the feedback control algorithm and the imple-
mentation of the ILC signal. The primary objectives are to prevent controller fragility caused by the integration of the
ILC signal, ensure stable and feasible dynamics of the control variable, and maintain the desired system performance.
This work demonstrates the novel application of norm-optimal ILC to a walking beam system with a flexibly coupled
robotic mechanism. To the best of our knowledge, this specific application has not been explored in the literature.
Validation through simulations, conducted using a nonlinear plant model in Simscape/Simulink, provides valuable insights
into the dynamic behavior and control performance of the system.
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tracking even in the presence of incomplete system
models or recurring but unknown disturbances and ini-
tial conditions across iterations.'*>

Although the concept of Iterative Learning Control
(ILC) is relatively recent, its origins date back to the
1970s.%” The first formal and mathematically rigorous
study was conducted by Arimoto et al..® which is widely
regarded as the foundation of ILC research. The first
comprehensive book on ILC, authored by Moore,’
focused on deterministic systems. Thirty years later,
Rogers et al.'” presented an extensive discussion cover-
ing ILC applications across linear, nonlinear, distribu-
ted, and stochastic systems. For a thorough overview
of the fundamental principles, applications, and recent
developments in ILC, the review papers>*!'""!* provide
excellent resources.

Based on the literature, three main approaches to
synthesizing ILC algorithms are outlined by Matijevic
and Kostic>: (1) heuristic methods, (2) model inversion-
based approaches for feedback systems or controlled sub-
systems, and (3) optimization-based formulations.
Among these, optimization-based designs have demon-
strated broad applicability across various domains.'*!?
Notable examples include industrial robots, pick-and-
place machines, electron microscopes, free-electron lasers,
printing systems, wafer stages, healthcare technologies,
broiler production systems, quantum control, nuclear
fusion, additive manufacturing, and servo systems.

Regardless of the synthesis method, most ILC stra-
tegies focus on tracking a reference signal defined over
a finite time interval, which is particularly relevant for
high-precision engineering tasks. As a result, the spatial
tracking problem has also been approached using ILC
techniques. However, current implementations of spa-
tial ILC remain highly application-specific, and a gen-
eral framework applicable across a broader class of
systems has yet to be established.®

In the work of Saab et al.,'” ILC was applied to
industrial robot manipulators, with emphasis on chal-
lenges related to initial state mismatches and model
uncertainties. To address this, a specialized homing
controller was introduced to automate state initializa-
tion at the end of each iteration. Despite this advance-
ment, transient vibrations were observed, indicating
the need for further refinement. Similarly, Yan et al.'®
investigated ILC for robotic manipulators operating
under complex initial conditions.

The application of ILC to robotic systems with con-
trol variable constraints is addressed in several studies.
Meng and He' investigated the use of ILC for a
robotic arm with input constraints, focusing on vibra-
tion suppression and accurate trajectory tracking.
Input limitations such as actuator saturation and dead
zones can introduce undesirable vibrations, compro-
mising both performance and stability. Chen et al.*

further explored ILC design under constraints on both
control and output variables, demonstrating its effec-
tiveness in maintaining tracking accuracy despite these
challenges.

In industrial settings where computational resources
are limited, Chi et al.>' proposed a computationally effi-
cient ILC implementation that avoids matrix inversion.
This approach significantly reduces the computational
burden, making it practical even for applications with a
large number of ILC signal samples.

Meng and He*? presented an ILC framework aimed
at addressing practical implementation challenges in
flexible structures, such as vibration suppression, input
saturation, dead zones, backlash, external disturbances,
and trajectory tracking. The book also introduces sim-
plified partial differential equation models to describe
typical problems in flexible structures, which are gener-
ally more difficult to stabilize using ILC.

Rogers et al.'® identified the phenomenon of long-
term performance degradation in ILC
implementations—a situation where the tracking error
initially decreases across iterations but begins to grow
again after many trials. This is interpreted as an
implementation-related issue rather than a limitation of
the theoretical framework.

The design of constrained ILC, including approaches
for handling input saturation, is also discussed, notably
through the use of receding horizon techniques.

Rogers et al.>* highlight the numerous opportunities
for advancing ILC, particularly in the areas of design,
application, and implementation. Persistent
challenges—such as actuator saturation, backlash, and
integrator windup—underscore the need for continued
research to enhance its practical applicability.

This paper investigates the application of norm-
optimal ILC to a walking beam motion system featur-
ing a flexibly coupled robotic mechanism. It addresses
key implementation challenges and proposes modifica-
tions to the control algorithm to enable successful
deployment. To the best of our knowledge, the use of
norm-optimal ILC in walking beam motion systems
has not been reported in existing literature. Related
aspects of applying norm-optimal ILC in mechatronic
systems with flexible couplings are discussed in
References 22, 24-26.

Previous research on walking beam systems has pri-
marily focused on classical control architectures,
including PLC-based logic,”’ finite-element-based load
simulations,”® nonlinear model predictive control,”
and multivariable structure design.*® These approaches
require accurate modeling and often lack adaptability
to time-varying system dynamics or unmodeled distur-
bances. The use of iterative learning control (ILC),
especially in its norm-optimal form, has not yet been
reported for walking beam applications, despite the
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Figure I. Walking beam motion system with a flexible coupled robotic mechanism.

method’s proven strengths in repetitive, high-precision
motion systems.

Walking beam systems are widely used transfer
mechanisms in manufacturing environments, particu-
larly in machining-type transfer lines.*’ They have
diverse industrial applications, including bonding
machines, metal forming lines, packaging processes that
require precise placement, and coordination with pick-
and-place units or robotic arms. Their motion is syn-
chronized with upstream and downstream equipment—
such as conveyor belts, stamping machines, and robotic
grippers—to ensure high throughput and coordinated
operation. By synchronously lifting, advancing, and
positioning parts across workstations, walking beams
enhance automation and productivity.

Over time, these systems have evolved from basic
transport components into sophisticated tools for pre-
cision motion and assembly tasks. However, achieving
both high speed and high positioning accuracy remains
a challenge, especially in mitigating vibration. [terative
Learning Control (ILC) addresses these challenges by
learning from previous executions to compensate for
system uncertainties and improve tracking accuracy.’?
It generates feedforward signals or exogenous inputs
that reduce tracking errors, even when system models
are incomplete.

Despite these benefits, implementing ILC may lead
to abrupt changes in control variables, such as disconti-
nuities or fluctuations, that degrade overall system per-
formance. To mitigate these issues, adjustments to both
the control algorithm structure and the implementation
of the ILC signals are necessary.

This paper proposes modifications to the norm-
optimal ILC algorithm to improve control robustness,
ensure smooth control dynamics, and preserve high
performance. The proposed method is implemented
on a walking beam motion system with a flexibly
coupled robotic mechanism. Validation is performed
using a nonlinear Simscape/Simulink model that
accurately captures multibody dynamics and system
nonlinearities.

The model incorporates both feedback and feedfor-
ward controllers based on parametric and nonpara-
metric system identification, providing robust control
aligned with high-order model behavior. Section
“Norm optimal ILC design: Modifications, simulation
verification, results, and discussion” presents the ILC
algorithm development, simulation setup, and pro-
posed modifications.

For systems with unstable or poorly damped poles,
serial norm-optimal ILC architectures are shown to be
more suitable than parallel configurations.**-* The
proposed approach addresses issues of controller fragi-
lity and excessive control input variations,>> >’ enabling
stable and efficient system operation. Simulation results
in MATLAB/Simulink confirm the effectiveness of the
proposed strategy and provide valuable insights into
the dynamic behavior of the walking beam motion
system.

System description

To highlight its practical relevance, the walking beam
motion system analyzed in this paper reflects typical
setups found in automated production lines requiring
tightly synchronized transfer and placement operations.
In general, such a system with a flexibly coupled
robotic mechanism is depicted in Figure 1. The control
variable is the force F, acting on the walking beam,
whose movement is tracked via encoders. The control
objective is to ensure that the point of interest (x,,,
Vpoi) follows a specified reference trajectory. This point
corresponds to the tip of the gripper, which is used for
high-precision assembly tasks within the machine.
Although a sensor to track (X,,; Vpo) during machine
operation is unavailable, it is assumed to be present
during the development of the control algorithm that
generates the control force F,. All parameters shown in
the figure are known, enabling the creation of a simula-
tion model of the controlled plant using the Simscape/
Simulink module in MATLAB. The gripper is modeled
as a thin beam, divided into four finite elements, while
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Table I. One example of the possible parameters of the plant from Figure 1.

c_base =4e4 N/m

d_base =100 N/m/s

|_base=3m

M_base=1000kg (3m X 0.1 m X 0.15m)
m_baseD=10kg (3m X 0.1 m X 0.15m)
m_baselL = | kg (0.15m X 0.1 m X 0.4 m)

m_stage = | kg (I m X 0.1 m X 0.40 m)
c_low_arm =200 Nm/rad

d_low_arm =1 Nm/(rad/s)
m_low_arm=0.75kg (0. m X 0.1 m X 0.6 m)
c_up_arm=400N/m

d_up_arm= 100 N/(m/s)

|_thin_beam=1m (0.5cm X 0.5cm)
density = 2700 kg/m? % thin beam
Young_modulus =70 GPa % thin beam
Poisson_ratio =0.33 % thin beam
N_finite_elements =4 % thin beam
M=m_stage + m_low_arm +
+|_thin_beam*5e-3*5e-3*density
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Figure 2. Simscape/Simulink model of controlled plant from Figure I, or walking beam motion system with a flexible coupled

robotic mechanism.

the rest of the subsystem is represented by a nonlinear
time-invariant model with lumped parameters.
Analytical Modeling using Lagrange’s equations and
linearization of the nonlinear model is also feasible.
Based on the known geometric and physical para-
meters of the rigid bodies and their connections in the
multibody system, a software model can be developed
in Simscape/Simulink. Linearization or identification
techniques can then be applied to this model to derive
suitable models for controller design. The Simscape/
Simulink simulation model fully corresponds to the
controlled plant (or real experimental setup). Figure 2
presents recorded Bode diagrams, serving as nonpara-
metric models of the controlled plant depicted in
Figure 1. The parameters listed in Table 1 correspond
to a motion system used in industrial wirebonder

machines. While the numerical values are not identical
to a real wirebonder, the system geometry and the char-
acteristics of the nonparametric model shown in
Figure 3—within the desired closed-loop frequency
bandwidth—are representative of the actual system.

The Bode diagrams in Figure 3 were generated pri-
marily by estimating frequency response data (FRD
models) from simulation-based experiments using
broadband noise excitation, including uniform,
Gaussian, and PRBS signals. These FRD models
formed the core of the analysis and were compared
against models obtained through numerical lineariza-
tion. Coherence functions were computed as well, con-
firming the reliability of the identification. The resulting
FRD models served as the basis for both controller
design and performance evaluation.
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Figure 3. Nonparametric models of the controlled plant shown

To ensure reliable excitation across a wide frequency
band, all input signals were bounded in amplitude to a
maximum of 10N. The experiments were conducted
with a sampling time of 7, = 2e-04s, corresponding to
a sampling frequency of 5000 Hz. The PRBS excitation
was generated using a 10-bit shift register, yielding a
sequence of 2'°—1 = 1023 samples, while white and
uniform noise signals provided broadband excitation.
In all cases, the usable identification bandwidth ranged
approximately from 1 to 400 Hz, which corresponds to
roughly twice the expected closed-loop bandwidth of
the system.

Walking beam systems are widely deployed in real-
world settings where synchronization with adjacent
machinery is essential. For example, in metal forming
lines, walking beams coordinate with stamping tools
and transfer stations to support high-throughput preci-
sion manufacturing. In automated packaging, they
work in tandem with pick-and-place units to ensure
accurate product handling and positioning. These sce-
narios underscore the practical motivation behind the
control strategy developed in this paper.

The structure of the closed-loop system is shown in
Figure 4. The feedback loop utilizes the encoder signal
to measure the position of the walking beam. The sys-
tem also includes a feedforward controller,
Cy(s) = Ms?, where M represents the total mass driven
by the control force F, (as detailed in Table 1 and
Figure 1). The feedforward controller Cp(s) = Ms?
operates on the smooth reference trajectory x,(f),
which is generated offline, ensuring that noise

on Figure 1.

amplification is not a concern in this application. The
trajectory x,.r(f) used in this study is generated using a
quintic polynomial:

Xper () = a0 + art + at® + a3t + agt* + ast’

The coefficients ay to as are determined by enforcing
boundary conditions on position, velocity, and accel-
eration at the start (1 =1y) and end (r=1t;) of the
motion interval:

Xrer (t0) = 0, Xrer (o) = G0, Xrer(to) = Go

Xror (1) = drs ey (1) = G ey (1) = Gy

This formulation ensures smooth and continuous refer-
ence signals, along with their first and second deriva-
tives. Although the jerk (third derivative) is not
explicitly optimized or constrained, it remains bounded
and continuous due to the inherent smoothness of the
polynomial. The trajectory is typically extended with
idle periods before and after the motion to improve
transient handling. This trajectory design inherently
limits X, thereby reducing dynamic coupling effects
and ensuring feasible control effort for both horizontal
and vertical motion components.

Consequently, the controller Cy(s) = Ms?, shown in
Figure 4, can be viewed as equivalent to a controller
Cy(s) = M driven by the available reference accelera-
tion signal X,.r(¢). Thus, noise amplification is not an
issue in this context.
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feedforward controller and serial ILC connection.

The feedback controller, Cp, is designed in the fre-
quency domain to achieve a closed-loop bandwidth of
215Hz (refer to the closed-loop system in Figure 4).
The design ensures standard stability margins, includ-
ing a modulus margin below 6dB, a phase margin
above 30°, and a gain margin above 6dB.?” The con-
trollers (Cy,Cp) are implemented digitally in state
space with a sampling time of 7, = 2e-04s. This sam-
pling time was selected to reflect the timing resolution
typically used in industrial high-precision motion sys-
tems with fast dynamics and flexible structures,®-*
such as bonding machines.

However, achieving the desired motion performance
for the walking beam’s position (x) does not necessarily
ensure equivalent performance for the point of interest
(Xpoi» Ypoi)- This point, corresponding to the tip of the
gripper, is not rigidly connected to the walking beam
motion system. Its motion depends on both the move-
ment of the walking beam and initial conditions, such
as the weight of the robotic mechanism’s gripper, the
resulting bending effects, and the relative motion
between the robotic mechanism and the walking beam.
Additionally, the dynamic characteristics of the flexible
coupling between the robotic mechanism and the walk-
ing beam system, as shown in Figure 3, also influence
the motion.

The system’s goal is for the point of interest (x,,
Ypoi) to follow a specified reference trajectory ((X,es Viep)s
Vrer = const.) which repeats periodically in alignment
with defined machine operation cycles (j =1, 2, 3 ....).

To achieve this, the control structure in Figure 4 can be
modified by incorporating an ILC algorithm and its sig-
nal f;. During the ILC signal learning phase, the point
of interest (X,,, Vpos) can be equipped with a sensor (e.g.
an accelerometer), as shown in Figure 5. In nominal
operation, the ILC controller is replaced by an ILC sig-
nal generator tailored to the reference trajectory ((x,.s
Vref)s Yrer = const.), and the system operates without a
sensor at the point of interest (X,o;, ¥poi)-

The control variable (F,) influences the output posi-
tion (x,,;) according to the reference trajectory (x.).
The motion of y,,; depends on (1) the initial conditions,
(2) the system’s physical parameters (e.g. stiffness and
damping), and (3) the second derivative of the reference
trajectory (x,.z; 1.e. reference acceleration).

Improved performance of y,, = const. can be
achieved by (1) limiting the acceleration of the refer-
ence trajectory (x,.), (2) increasing the system’s damp-
ing and stiffness to better support the motion of y,,,
and (3) minimizing the impact of initial conditions on
the movement of the point of interest (x,,; Vpoi). The
following analysis focuses primarily on improving the
tracking quality of (x,,;) with respect to the reference
trajectory (xX,e).

During the development and deployment of the
ILC-based control strategy, measurement noise and
unmodeled dynamics may influence the learning pro-
cess. High-frequency noise can be amplified by the ILC
signal if not properly addressed. To mitigate such
effects and ensure robust performance, low-pass
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feedforward controller and modified serial ILC connection.

filtering of the learned ILC signal is considered, as illu-
strated in Figure 6. Additionally, the weighting
matrices in the ILC design (see Section “Norm optimal
ILC design: Modifications, simulation verification,
results, and discussion™) are selected to balance learn-
ing speed and robustness against disturbances and
modeling uncertainties.

The feasibility of filtering major input signals (set-
point, process output, and measurable load distur-
bances) to the PID controller is analyzed, yielding
validated modifications for maintaining good system
performance.®® For instance, a low-pass filter can
reduce overshoots during step changes in the setpoint:

1

LP! ar — PR
" (1 + I}-S)z

()

i LPfgar =

1+7}s

The first-order filter eliminates step changes in the pro-
portional component of the controller, while the
second-order filter addresses changes in the derivative
component during setpoint transitions.’® In this con-
text, Figure 6 proposes a structural modification (with
the final proposed modification presented in Figure 12).

Since Cyr(s) = Ms?, the second derivative of the ref-
erence trajectory significantly influences the dynamics
of the control signal. A reference signal with rapid
changes may cause the control signal to exceed actua-
tor limits. While reference trajectories are generally
designed to avoid unacceptable dynamics in control
and output signals, the ILC algorithm aims to precisely
track challenging reference trajectories, which may
involve rapid dynamic changes. Consequently, the ILC
signal can exhibit sharp variations and discontinuities.
Similar to the approach in Higglund,*® the ILC signal
could be filtered in a serial connection to mitigate
undesirable dynamics in the control signal. However,
proper implementation of the filter is challenging, as it
risks adversely affecting previously achieved system
performance.

Norm optimal ILC design: Modifications,
simulation verification, results, and
discussion

In the previous section, the signals and functionalities
of the system components, as well as the overall setup
illustrated in Figures 4 to 6, were discussed. This section
focuses on the synthesis of the ILC algorithm, which
aims to ensure the convergence of the compensation sig-
nal f;(¢) through repeated iterations (f = 1, 2, 3, ...). The
goal is to improve the tracking accuracy of the point-
of-interest position x,,;(f) along the reference trajectory
15(1) = Xrer (0).

The plant is modeled using discrete-time transfer
functions Gy(z) and G,(z) (see Figures 3 and 5), while
the feedback and feedforward controllers are denoted
by Cp(z) and Cy(z), respectively. The Z-transforms
7i(2) = Xer(2), fj(2), and x),,(z) represent the reference
trajectory, the ILC compensation signal, and the point-
of-interest position at iteration j, respectively (see
Figure 95).

The plant model, including G;(z), G2(z), and Gs(z)
(see Figures 3 and 5), was identified in the frequency
domain using nonparametric Bode plots derived from
the nonlinear Simscape/Simulink model, which accu-
rately captures the plant’s dynamic behavior under
operating conditions.

The complementary sensitivity function of the sys-
tem without the ILC algorithm (f;(z) = 0) and feedfor-
ward controller (Cy = 0) in Figure 5 is given by the
following expression:

Xpoi(2) _ Cp(2)G1(2)Ga(2)
Xrep(z) 1+ Cp(2)Gi(2)

Tes(2) = (2)
The reference trajectory x,.r(z) is repetitive and remains
the same for each repetition cycle j. Since the reference
trajectory is consistent across iterations, the tracking
error in the j-th iteration is given by:

Ej(2) = Xpef (2) = X)i(2) 3)
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An ILC algorithm can be expressed by its update
equation:

fi+1(2) = 00 (@) + LR)E;(2)) (4)

Here, L(z) is the learning filter, and Q(z) is the robustness
filter. Both filters are implemented offline using non-
causal filtering methods. After filtering with L(z), time-
shifting is applied. The filtering with Q(z) is designed
based on its magnitude response |Q(z)| only, providing
zero-phase filtering. These non-causal filtering methods
enable high-precision learning. The learning process is
repeated iteratively to reduce the tracking error.

If relation (4) holds, the tracking error propagation
for the system in Figure 5 is expressed as:

Ej+1(z) = Q@)1
+ [1 — 0(2)] {1 — (1 +

- Tcs(Z)L(Z)] Ej<Z)

) 1)@

The first term determines how much of the previous
error is propagated to the next iteration. The tracking
error converges monotonically if and only if:

|0(2)[1 (5)

for all frequencies f;, with z = €2™/1Ts_ To achieve this,
the learning L(z) filter is ideally chosen to cancel the
closed-loop dynamics:

— T(2)L@2)]| <1

P27 f

L) = (Ta(2) ™ ()

However, this inversion is typically not exact due to sys-
tem non-idealities or non-minimum phase behavior. In
such cases, exact inversion is replaced by stable approx-
imations, such as Zero Phase Error Tracking Control
(ZPETC) or regularized inversion, which retain only
the stable portion of the inverse. These non-causal
approximations are implemented offline to preserve
robustness while avoiding unstable dynamics.

Therefore, O(z) is introduced as a design parameter
to ensure robustness and prevent amplification of noise
or modeling errors. The combined use of L(z) and Q(z)
balances convergence speed and robustness.

For the controlled plant in Figure 1 and the ILC
structure with serial connection, calculating L(z)
becomes significantly more complex. The filter Q(z) is
typically a low-pass filter designed to ensure the con-
vergence of the ILC algorithm in (4). For the structure
in Figure 5 (with the serially connected ILC algorithm),
during iteration j, consider N data samples for each rel-
evant signal:

$ho = [4(0) X)) o 1]
Xrep = [Xrer(0) Xper (1) X (N = 1) |7
e = X — x5 = [/(0) ¢(1) e(N—1)]"
f;=1£0) £(1) s =1
(7)

The impact of ILC signals f; on the output variable x;w-
can be described by the impulse response of the closed-
loop system from f; to x-j’wi, represented by the impulse
response of T:

Te5(0) 0
j : . :

Xpoi = Ty f]7 T, = ) (8)

TN 1) T,(0)

To derive the optimal update law for the ILC compen-
sation signal f; , |, we begin with the expression of the
tracking error at iteration j + 1 in terms of the previous
error e¢; and the change in compensation signal:

:ej_Tcs(fj.'+l_f_;.') (9)

This relation assumes that the closed-loop system from
f; to x7,,; is linear and time-invariant (LTI), and that the
same reference trajectory x, is repeated across itera-
tions, as is standard in ILC frameworks.

We now define a quadratic cost function that pena-
lizes the tracking error e; +, the control effort i

and the variation f; | — f;:

€i+1

J:ejTHWeejﬂ +J}T+1Wffj+1
T
T G =) Warlfio1 =)

Substituting the expression for ¢; 1 |, we obtain:

(10)

J =l = Tulfic = £)] Weleg— Tuslfi o1 — )]
AW+ o =) Wl — )
(11)

Expanding this term:

j = e]‘TWeej_z j+1_.fj")TTcy;' We.ej
T =) TL-WTo(f 1~ f)
+j;‘T+1ij;‘+l + (’;+l_ﬁ)TWAf<f}“ _j;)

The goal of the norm-optimal ILC design is to deter-
mine the compensation control signal f; , | in iteration
j + 1 that minimizes the quadratic cost function 7,
leading to stationary condition:
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0J
=0
7.

Differentiating the cost function with respect to f; i,
we obtain:

oJ
I+ 1
+2Wif o T 2War (o —f;) =0

Rearranging the terms gives the linear system:

= —2T£We|:ej_ Tcs 'ﬁ+1 + TCS f]-}

(Teg We Tes + Wy + Wyg) fioy = Tog We g
+(TL - W, T+ Walf;

Solving the update equation yields the ILC update law:
Ji+1

Here, the learning and robustness matrices are defined
as:

=Lyt 0, f (12)

L= [TL-W, T+ W, + Wy 'TE. W, (13)
Qo = [ch; We-Tes + Wf + WAf]71 [Tci We T+ WAf]
(14)

These expressions clearly demonstrate how the learning
behavior is influenced by both system dynamics and
the design of the weighting matrices. To ensure numeri-
cal stability and robustness of the ILC update law (12),
we note that the matrix to be inverted in equations (13)
and (14),

A=TE- W, T+ Wy + Wy,

is symmetric and positive definite, provided that Wy
and Wy, are positive semidefinite. This guarantees the
existence of a well-defined inverse. The conditioning of
A can be controlled through the choice of weighting
matrices and directly affects the sensitivity of the com-
puted L, and Q, to numerical errors. For the selected
weights, the condition number of 4 remains moderate
(on the order of 10°), which is acceptable for double-
precision computation. If needed, conditioning can be
further improved by increasing Wy or introducing a
small positive Wy, as these terms act as regularization
components. These properties ensure reliable matrix
inversion and contribute to the numerical stability of
the ILC iteration across a wide range of reference sig-
nals and operating conditions.

The matrices L, and Q, are computed once based on
the nominal system dynamics and weighting matrices,
and remain constant throughout the ILC iterations.
This design choice ensures computational efficiency,
consistency, and numerical stability.

Generalization is achieved by appropriately selecting
the weighting matrices to capture the expected varia-
tions in system dynamics and disturbances. As a result,
the fixed matrices L, and Q, provide satisfactory per-
formance across a range of operating conditions, with-
out requiring re-computation at each iteration.

To analyze the convergence of the update law (12)
and the tracking error signal in the closed-loop control
structure shown in Figure 5, we first express the track-
ing error as:

ej = xref - Tcs : (fj + xref) = (I* Tcs) 'xref - Tcs fj‘
Substituting this into the update law (12) yields:
Ji+1

This expression reveals that the evolution of the ILC sig-
nal across iterations is governed by the iteration matrix:

= Lo : (I_ Tcs) 'xref + (Qa _La : Tcs) fj

A: :Qo_La'Tcs'

Thus, a sufficient condition for the asymptotic con-
vergence of the ILC signal to a steady-state solution is
that the spectral norm of A is strictly less than one:

[l =11Qs = Lo - Tes|l 1, <1 (15)

where ||.||,, denotes the induced 2-norm, equal to the
largest singular value of a given matrix. In MATLAB,
the singular value decomposition (SVD) function can
be used to compute this norm, providing a robust and
accurate estimate of the induced 2-norm.

Moreover, by substituting the ILC update equation (12)
into the tracking error dynamics equation (9), we obtain:

(I_ TcsLo)ej - Tcs(Qo - I) f/

This equation shows that the tracking error dynamics
depend not only on the current error but also on the
asymptotic behavior of the ILC signal f. However,
the dominant factor determining error convergence is
the matrix I — T,.L,. Therefore, a sufficient condition
for the convergence of the tracking error is:

”I_ TcsLaHiz <1

€i+1 =

(16)

Notably, the inhomogeneous term

—1
Q,— L, Toy=[TL-W, Tes + Wy + W] Wy

indicates that tuning Wy, can directly influence the
iterative dynamics and robustness properties.

The convergence analysis highlights that the pro-
posed norm-optimal ILC framework offers a structured
approach for shaping the learning dynamics via the
design of weighting matrices W,, Wy, and Wy;.

The matrix L, determines how aggressively the algo-
rithm adapts to the current tracking error, while Q,
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reflects the memory of the previous ILC signal. The
term Q, — L, - T, plays a key role in the stability of the
iteration. By appropriately tuning W, and Wy,, one
can regulate its magnitude and enforce convergence.
Specifically:

(1) A larger Wy penalizes large control updates,
promoting monotonic convergence,

(2) The matrix Wy, acts as a damping term, limit-
ing inter-iteration variation and enhancing
robustness to noise and modeling uncertainties.
A small Wyr (ie. lower penalty on input
variation) results in faster convergence, but
may reduce robustness to modeling errors
or disturbances. Conversely, a larger Was
enhances robustness but slows down learning.
This highlights a critical trade-off in tuning Wy
and W,, to achieve the desired balance
between learning speed and noise sensitivity.

Through proper tuning, the designer can balance con-
vergence speed, robustness, and steady-state perfor-
mance. The norm condition in equation (15) offers a
practical criterion for verifying convergence and guid-
ing the selection of weighting matrices.

Tuning of the weighting matrices*®:

(1) W,: Set to reflect the desired weighting of the
tracking error. It determines the relative impor-
tance of minimizing the error and should be
selected based on the application’s performance
objectives.

(2) Wjp: Start with H Win2 significantly larger than
|| Tes||o- A larger Wy penalizes excessive control
effort, promoting monotonic convergence.
Gradually decrease W, until the system begins
to diverge, then fine-tune it to achieve an opti-
mal balance between convergence speed and
stability.

(3) Wyt Initialize with H WAinz = 0 and progres-
sively increase it until steady-state error fluc-
tuations fall within acceptable bounds or stop
improving. This term acts as a damping factor,
reducing oscillations between iterations and
improving robustness to noise and model
uncertainty.

In the control system defined by Figures 1 and 5 (or 6),
with controllers C; and Cy, designed as described in
Section “System description,” and with the reference
trajectory (7) defined over a finite time horizon of N
samples, and parameters listed in Table 1, the following
weighting matrices were used in the norm-optimal ILC
cost function (10):

W,=1,W; =107 -1, Wyy=0-1

where / denotes the identity matrix of size N X N, cor-
responding to the length of the reference trajectory.
This configuration was selected based on a widely
adopted heuristic tuning approach,*® which has been
validated both in the literature and in practical
applications.

In Figure 6, we adopt a third-order Butterworth
digital low-pass filter LPpy,. with a bandwidth of
0.999 - (1/T;), where the sampling time is 7, = 2e-4s.
The selected cutoff frequency (99.9% of maximum)
ensures identical structures between Figures 5 and 6.
However, simulations show that even minimal control-
ler adjustments significantly impact system perfor-
mance. This phenomenon, which affects both stability
and performance, is referred to as controller fragility.*

Simulation results for the structure in Figure 6 and
the norm-optimal ILC design procedure are shown in
Figures 9 and 10. The presence of the LPyy,. in Figure
6 causes pronounced oscillations in the control vari-
able. In contrast, the structure in Figure 5 shows the
control variable peaking at approximately 1.5¢ +4 N at
the beginning and end of the simulation, with no noise
in the control signal (Figures 7, 8, 10 and 11).

The tracking error is reduced by over 1000 times
with the application of the norm-optimal ILC algo-
rithm. This algorithm enables more efficient tracking of
the point of interest along the x-coordinate (xp).
However, since the movement of the point of interest
along the y-coordinate (y,,;) depends on the second
derivative of the reference trajectory, system para-
meters, and initial conditions. As a result, the ILC
algorithm has minimal impact on y,,; movement.

Simulation results indicate that while the norm-
optimal ILC algorithm significantly improves the per-
formance of the output variable, it is impractical due to
its tendencies toward controller fragility, abrupt jumps,
oscillations, and potentially excessive control variable
values.

Modified norm optimal ILC

The ILC signal f; is calculated offline between consecu-
tive iterations, aiming to achieve the most efficient
tracking of the reference trajectory x,... In offline mode,
non-causal filtering of the ILC signal f; is feasible,
allowing noise suppression and reduction of abrupt
changes in the control signal. However, such filtering
can negatively impact the previously achieved perfor-
mance of the output signal. Despite the small sampling
time (7, = 2e-04s), even a delay or lead in the filtered
ILC signal as small as one sampling interval can signifi-
cantly affect output signal performance.
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Figure 7. lllustration of the iterative convergence of the norm-optimal ILC algorithm and its impact on reducing the tracking error

of the x-coordinate of the point of interest.
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Figure 8. lllustration of the operation of the designed norm-optimal ILC structure from Figure 6.

To address controller fragility, we propose a heuris-
tic solution validated through simulations. Specifically,
we recommend incorporating a digital non-causal FIR
filter:

zl+1+4+z2
3

LPﬁ]tar(Zil) (17)

into the structure shown in Figure 6. This filter supple-
ments the third-order Butterworth digital low-pass fil-
ter, previously applied with a bandwidth of 0.999-(1/Ty),
which caused controller fragility (as demonstrated in
Figure 10). Simulation results for this modification are
presented in Figures 12 and 13 and should be compared
with Figures 9 and 10. This approach provides
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Figure 10.
error of the x-coordinate of the point of interest.

acceptable control variable dynamics with minimal
degradation in tracking the reference signal x,..
However, it does not entirely eliminate the tendency of
the control variable to exhibit singularities at the first
and last samples. To reduce artifacts in the ILC signal
near the trajectory boundaries, two general strategies
are applied. First, the reference trajectory is extended
by a short time interval (e.g. 50 ms) beyond the opera-
tional time window within which the ILC signal is
implemented. This extension allows smoother conver-
gence of the learned ILC signal near the endpoint.

lllustration of the iterative convergence of modified norm-optimal ILC algorithm and its impact on reducing the tracking

Second, the first and last samples of the control signal
are smoothed by aligning them with adjacent values
(e.g. setting the last sample equal to the penultimate
one), thereby preventing discontinuities or numerical
peaks. Between iterations, non-causal filtering is per-
formed offline, which can also compensate for time
delays in the implementation of the ILC signal f;. This
general method improves signal continuity, especially in
the presence of non-causal filtering, and is applicable to
a wide range of ILC implementations. A more general
recommendation for the structure in Figure 6 is as
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follows: The filtered control signal’s averaged sample is
calculated by averaging n_ + 1 + n, samples of the
original signal, where the number of samples ahead
(n+) and behind (n-) the current sample are equal
(n—=ny). The filtered ILC signal is then subjected to
non-causal time-shifting by (n.) samples forward. To
balance filtering performance and suppression of abrupt
jumps or flickering in the control signal, . should be
as small as possible (n+ =1).

The FIR filter defined by (17) is a symmetric 3-point
moving average filter, with frequency response:

LPﬁ[mr(ejw) = 5(1 + 2cosa))

Control signal F, [N] with feedforward and feedback components in (j = 15) iteration
50 T T T T T

F, [N]

1 L L |
0 200 400 600 800 1000 1200

Time #[ms]
Control signal F, [N] with feedforward and feedback components in (j = 15) iteration
| - . . ; : . :
1000 |- 4
ol 4 4
oo | [—FENG=1) |
Z —Fg [N], (j =15
Sl Fa [[N]]. ((JJ = 15))
3000 |
-4000 - 4
5000 - 4
6000 |
o 0 w0 0 1000
Time f[ms]
Figure 11. Control signal of the modified norm-optimal ILC

structure from Figure 6. (A non-causal low-pass filter (17) is
used, and the last sample of the ILC signal is set to be equal to
the penultimate one.).

where o is the normalized angular frequency (rad/sam-
ple). The filter has unity gain at @ = 0 and decreasing
gain toward the Nyquist frequency (w = ), smoothing
the control signal by suppressing high-frequency noise
and abrupt changes. Being symmetric and non-causal,
it causes zero phase distortion and introduces a one-
sample forward time shift, consistent with its non-
causal operation. This corresponds to a time delay of
exactly one sampling interval, that is, 1 Ts = 0.0002s
(0.2ms). The frequency domain effects of this filter are
shown in Figure 13. Overall, this FIR filter effectively
balances noise reduction and delay, improving control-
ler performance and signal smoothness.

The modification in Figure 12 introduces the feed-
back controller implementation as follows:

k]Z _ k] .
-1 1-zV
(18)

The integral action (C;_p) of the feedback controller
(Cp) remains in the direct branch, while the rest of the
controller (C,_s) is moved to the feedback branch. This
modification does not affect the system’s characteristic
equation, sensitivity function, or load sensitivity func-
tion. Stability parameters—such as a modulus margin
below 6 dB (4.7 dB), a phase margin above 30° (36.8°),
and a gain margin above 6dB (15.8dB)—remain
unchanged.

Based on the results in Figure 13, we conclude that
the filter in equation (17) is unnecessary in the structure
presented in Figure 12.

Excessive control actions observed at the end of the
reference trajectory (Figure 9) are attributed to numeri-
cal instability. Extending the reference trajectory by a
suitable time interval, Az (e.g. 50 ms), enables the offline
computation of the ILC signal f; to continue beyond
the actual system implementation. This approach pre-
vents abrupt jumps in the control signal at the trajec-
tory endpoint.

Cn(2) = Cip(2) + Cop(2); Crplz) = -

%7poi (0) - xrer (0)

¥j = Xref > xjref(mod)O
> » Cip
A .

Si= 0%rgs

Fiy x/ xjpoi yjpoi
>O » G —» G2 > Gs >

Memory || LPpuar [<—| ILC algorithm |*—| Memory [¢—

ej -

fj+1

e A+

Figure 12. Structure of the closed-loop walking beam motion system with flexible coupled robotic mechanism and modified serial

ILC connection and feedback controller implementation.
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Figure 14. lllustration of the operation of the designed norm-o

At the beginning of the reference trajectory, sudden
variations in the ILC signal—often caused by distur-
bances such as initial conditions—can also lead to
excessive control actions and actuator saturation. The
modified structure in Figure 12 effectively mitigates
these discontinuities in the control variable.

This improvement becomes evident when comparing
the control signal amplitudes across different

ptimal ILC structure from Figure 12.

configurations: approximately 10,000N in Figure 9,
2000N in Figure 11, and only 300N in Figure 14.
Considering realistic actuator limitations, the control
signal in Figure 14 remains well within the acceptable
range, in contrast to the excessive peaks observed in
Figures 9 and 11.

The effectiveness of the proposed modification
becomes particularly evident under stringent actuator
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Figure 15. lllustration of the iterative convergence process for the tracking error norm in the structural implementation of the

system from Figure 12, under different control signal constraints.

saturation limits. Figure 15 explicitly illustrates the
iterative convergence of the tracking error norm under
different actuator saturation thresholds, confirming
that the modified ILC structure maintains system per-
formance even when the actuator saturation level is as
low as 30 or 20 N.

The fragility observed in our study does not stem
from internal closed-loop instability, but rather from
signal-level degradation in the control signal. These
degradations are triggered by abrupt changes in the
feedback controller input, caused by reference trajec-
tory endpoints, discontinuities in the ILC signal, or
mismatches in initial conditions. This phenomenon is
particularly relevant for real-world implementations,
where actuator saturation and excessive oscillations
must be avoided.

In this paper, we characterize controller fragility as
the sensitivity of control signal quality to small, abrupt
perturbations in initial conditions, the reference trajec-
tory, the ILC signal and other internal signal disconti-
nuities, measurement noise, and minor variations in the
controller’s structure and parameters. Specifically, we
define controller fragility in terms of undesirable
increases in control signal amplitude, sudden jumps, or
high-frequency oscillations, triggered by minor struc-
tural or signal-level changes.

To quantify this phenomenon, we define the Control
Signal Fragility Index (CSFI) as:

CSFI+ = HFX, tA”z - ||Fx,nominalH2

||Fx,n0minal||2 (19>
where ||Fy||, denotes the L2-norm of the control signal
F,, and A represents a small impulse perturbation in
the controller input or a structured variation, such as a
*+ l-sample delay in the ILC signal, a minor gain
change in a controller parameter, or a slight structural
modification.

CSFI value greater than 0.5 indicates significant con-
troller fragility—that is, a high sensitivity of the control
signal to small, abrupt internal signal variations. The
simulation results presented in Figures 8, 9, 11, and 14
suggest that unmodified controller structures exhibit
high CSFI values, confirming their vulnerability. In
contrast, the proposed modifications (e.g. the structure
shown in Figure 12) result in markedly reduced fragi-
lity, consistent with lower CSFI values and improved
robustness.

This paper introduces a general methodology aimed
at reducing the sensitivity of the control variable to
abrupt variations in the ILC signal when the signal is
applied in series within a closed-loop control architec-
ture. In this way, in serial ILC implementations within
a closed-loop control structure, abrupt variations in the
ILC signal can negatively affect both horizontal and
vertical motion components. The proposed method
relies on a structural decomposition of the feedback
controller, whereby the integral component is retained
in the direct path, and the remaining dynamics are relo-
cated to the feedback path. This modification effectively
mitigates, and in some cases eliminates, control signal
degradation caused by discontinuities in the ILC signal.

Such discontinuities often arise because of attempts
to compensate for disturbances associated with initial
conditions. Consequently, when feasible, it is preferable
to eliminate these disturbances through constructive
(i.e. system-level or initialization) measures rather than
through compensatory control action.

Conclusion

The walking beam motion system with a flexibly
coupled robotic mechanism is widely used in industrial
applications such as assembly lines, high-precision
machines, and transport systems. Operating in
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repetitive cycles, it tracks a reference trajectory with
high precision. However, increasing machine speeds to
boost productivity poses challenges, as demanding ref-
erence trajectories can lead to more aggressive control
signal changes and increased tracking errors. To main-
tain high-precision tracking of the desired trajectory,
an exogenous or feedforward ILC signal can be inte-
grated into the system.

This paper demonstrates that while the ILC signal
can enhance precision, its integration into an existing
feedback control system may introduce discontinuities
and fluctuations in the control signal, potentially
degrading overall performance. To address these chal-
lenges, the paper proposes structural modifications to
the feedback control algorithm and the implementation
of the ILC signal, ensuring improved system robustness
and precision.

The paper begins with a literature review, highlight-
ing that ILC implementations are highly specific to
applications and that the associated implementation
challenges represent an area for future research. It then
presents a detailed procedure for synthesizing and
implementing the norm-optimal ILC signal in the walk-
ing beam motion system. The findings show that, even
when stability is positively confirmed, inadequate
implementation of the feedback controller or improper
integration of the ILC signal can result in unacceptable
system performance and controller fragility.

Through simulation, the paper proposes and vali-
dates a robust implementation strategy for the feed-
back controller and ILC signal integration. All
nonlinear effects in the walking beam motion system
are accounted for in the simulation, and the norm-
optimal approach to ILC signal synthesis is data-driven
rather than model-based.

The proposed approach successfully mitigates con-
troller fragility induced by the ILC signal, ensures feasi-
ble control variable dynamics, and achieves the desired
system performance.

Although nonlinear friction was not explicitly mod-
eled in the simulation environment, in practical imple-
mentation scenarios, friction compensation should be
considered. If friction effects are consistent across repe-
titions, the ILC algorithm is expected to implicitly com-
pensate for them. Otherwise, specialized control
strategies for friction compensation may be used in
combination with ILC.

Future work will focus on experimental validation
of the proposed ILC methodology. A wirebonding
machine is considered as a testbed for experimental
validation of the proposed ILC methodology under
real-world constraints.
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