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INTRODUCTION
Successful smart manufacturing implementations
bring tremendous cost and quality benefits in the
semiconductor industry. Instead of optimizing
single-system performance, production is opti-
mized at factory level. High-accuracy and reliable
servo performance at machine level are must-be
qualities [1]. Data-based concepts such as ma-
chine learning and performance prediction can
only work reliably if similar systems behave and
perform similarly. This is also required to enable
portability of process programs across a scalable
number of machines. Classical feedforward con-
trol no longer suffices to achieve flawless motion
performance over the life-cycle of a machine, in-
dependent of its maintenance condition and valid
over various generations of equipment.

Semiconductor assembly machines, such as
die bonders and pick-and-place machines, have
many precision servo axes that operate in a point-
to-point fashion with a precision in the order of mi-
crometers. The point-to-point motions have very
short durations of tens of milliseconds, making
the axes largely dependent on feedforward con-
trol for decent tracking performance. In order for
a process to start as soon as possible, the axis
must quickly settle at the final position. Even with
a good feedforward controller, the optimal feed-
forward parameters differ between machines due
to manufacturing tolerances, wear and cost con-
straints. This provides an opportunity for a robust,
real-time tuning strategy that can maintain opti-
mal performance over time.

Since many machine axes perform (almost) re-
peating tasks, iterative learning control [2] (ILC)
can potentially improve performance by learning
from reproducible errors. In Nexperia’s die bond-
ing equipment, the critical axes rely on camera-
assisted trajectory planning. For instance, a

point-to-point trajectory of a pickup head may be
adjusted by several micrometers each time to ac-
count for observed offsets in product positions.
The consequence is that no two trajectories are
identical. While conventional ILC deals with per-
fectly reapeating setpoints, ILC with basis func-
tions [3] has been developed to handle varying
trajectories. Basis-function ILC essentially results
in an online feedforward tuning algorithm, which
is parameterized using the reference and tunable
parameters.

The aim of this paper is to implement basis func-
tion ILC [2] on several axes of the Nexperia
ADAT3-XF die bonder platform, leading to signif-
icant performance improvements. Axes with dif-
ferent combinations of dominant characteristics
such as Coulomb friction, viscous friction, and
stiffness are considered. In each case, the ILC
algorithm performs reliably with little tuning effort,
leading to smaller tracking errors, faster and im-
proved settling at the final position, and reduced
performance variation. The learning can be ac-
tive during production, meaning that representa-
tive production cycles are used to learn. To run
the ILC algorithm alongside the machine cycle
which runs in excess of 72000 products per hour,
updates must be computed within a fraction the
50ms cycle time. For this reason, an efficient im-
plementation based on the FFT is used. The im-
plementation relies on inexpensive frequency re-
sponse measurements of the system.

This paper discusses the potential of ILC in sev-
eral modules of Nexperia’s die bonder. Further-
more, an efficient implementation is developed,
that is essential for industrial deployment of the
solution.

DIE BONDER MACHINE ARCHITECTURE
Nexperia’s ADAT (Automatic Die ATtach) die bon-
der (Fig. 1) is a versatile semiconductor assembly
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platform. It is mostly aimed at assembly of small
discrete (diode, transistor, logic) semiconductor
packages ranging in size from 200µm to 1mm.
The platform is intended for high-speed (more
than 48000 units per hour) and high-accuracy
(better than 10µm 1σ placement accuracy) as-
sembly.

FIGURE 1. The Nexperia ADAT3-XF assembly
platform.

The basic assembly process is shown in Fig 2.
After wafer production (1) and cutting (2), the first
step is to select and pick up the product (3). The
wafer is handled by a wafer stage (3). The prod-
ucts are picked up by a vacuum nozzle (3) that
can move in vertical direction. The vacuum noz-
zle attaches the product to a substrate (4) that
is handled by a substrate handler. The substrate
handler is an interchangable module that permits
handling of copper lead frame strips, reel-based
lead frames, plastic strips, real-based tapes and
RFID/NFC substrates depending on the particular
semiconductor device. Subsequently, the prod-
ucts are molded (5) and electrically tested (6).

In this work we consider two motion axes that are
critical to the quality of the assembly process.

Axis 1: Product handler logitudinal movement
The first axis is the product handler X-axis, which
is involved in accurately positioning the substrate
before assembly. This positioning must happen
with a fast settling at the final position so that the
machine speed is not hampered.

Axis 2: Pickup head radial movement
The second axis is involved in the motion of the
pickup head. Each pickup head can move in ax-

1. 
lithography

2. 
cut wafer

3. 
select and pickup product

4. 
attach to substrate

5. 
mold chip

6. 
test product

FIGURE 2. The basic semiconductor assembly
process.

ial direction in order to pick up products from the
wafer and place them onto a substrate. This axis
is involved in handling the semiconductor dies
and accurate control results in predictable forces
on the products.

IMPLEMENTATION OF BASIS FUNCTION ILC
Standard ILC generates a feedforward signal that
attempts to eliminate the reproducible errors for
a specific perfectly repeating task. To be robust
to changes in tasks and task durations, model-
based feedforward is combined with learning con-
trol. This leads to basis function ILC [3].

Controller structure
The control structure is shown in Fig. 3. The
feedback controller C(z) is a standard PID con-
troller with optional filters, operating at an 8 kHz
sample rate. The feedforward model structure in-
cludes jerk (kj), inertia (ka), viscous friction (kv),
Coulomb friction (kC), stiffness (ks) and spring
offset (kso) feedforward, according to Eq. 1:

fj = kj
...
r j + kar̈j + kv ṙj+

kC sign (ṙj) + ksrj + kso. (1)

In this model, the derivatives of rj are pre-
computed and implemented following the consid-
erations in [4]. The index j refers to the j-th task.

Physical plantDigital controller

C(z) P(s)

Feedforward
model

-

rj ej

yj

zoh

adc

y(t)
fj

FIGURE 3. Controller structure.
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Basis function ILC
Based on Fig. 3, the error in task j is given by [6]:

ej = Srj − PSfj ,

with S = 1
1+PC and P the plant. For a constant

reference signal, it follows that:

ej+1 = ej − PS(fj+1 − fj). (2)

In our implementation of basis function ILC the
feedforward signal fj is linearly parameterized as:

fj = Ψjθj (3)

Specifically, for the structure in (1):

Ψj =
[...
r j r̈j ṙj sign (ṙj) rj 1

]
θj =

[
kJ ka kv kC ks kso

]T
For a norm-optimal ILC solution the following ob-
jective function is minimized [2, 3]:

J (θj+1) = ‖ej+1‖2We
+ ‖θj+1 − θj |‖2W∆θ

, (4)

in which ej ∈ RN is the error signal in the j-th task
of N samples, We ∈ RN×N is a (diagonal) matrix
imposing a temporal weight on the error signal
and We ∈ Rn×n is a (diagonal) matrix weighing
the rate of change of the feedforward parameters.

Substituting (2) and (3) into (4) it can be shown [3,
9] that the update of the feedforward parameters
is given by:

θj+1 = Qθj + Lej , (5)

with:

Q =
(
ΨT
j J

TWeJΨj +W∆θ

)−1 (
ΨT
j J

TWeJΨj +W∆θ

)
,

L =
(
ΨT
j J

TWeJΨj +W∆θ

)−1
ΨT
j J

TWe,

in which J is the Toeplitz matrix corresponding to
the process sensitivity PS (i.e.the lifted represen-
tation).

Efficient implementation
Although the update (5) involves inversion of
small matrices (i.e. n-by-n matrices with n the
number of feedforward parameters), the construc-
tion of these matrices relies on forming the prod-
uct JΨj , where J is an N × N Toeplitz matrix
containing the impulse response of the process
sensitivity PS. Hence, the product JΨj is iden-
tical to filtering the columns in Ψj with the pro-
cess sensitivity. To speed up computation, use is

made of the fact that this filtering in the time do-
main, equivalent to a linear convolution, can be
executed efficiently in the frequency domain. To
achieve a linear convolution, zero-padding must
be performed. Suppose m samples of the im-
pulse response of PS are available. Then, the
impulse response and the vectors in Ψj must both
be zero-padded to a length of N +m− 1 samples
(or the next power of two). These sequences can
be transformed to the frequency domain (using
the fast Fourier transform (FFT)), where the con-
volution translates into a point-wise multiplication.
The result is transformed back to the discrete time
domain (using the inverse FFT).

The FFT-based algorithm involves
2Nn (log (N) + 1) operations compared to
the nN(N + 1) operations for the full matrix
product.

The impulse response is the inverse FFT of a fre-
quency response function (FRF) measurement of
PS, which is readily obtained from an experiment
in which noise is injected on the feedforward input
and its effect on the error signal is measured.

RESULTS
This section reports the results of applying basis
function ILC to the two machine modules men-
tioned earlier.

Axis 1: Product handler
The product handler is a linear stage with pre-
loaded bearings and a linear motor. It is affected
by friction. The feedforward model includes the
terms ka, kv and kC .

In the experiments, the product handler makes
steps of 1mm with a uniformly distributed varia-
tion of 10µm. Fig. 4 shows the results with feed-
forward with fixed parameters. The mean error is
indicated in solid black, and indicates the repro-
ducible portion of the servo error. Fig. 5 confirms
that the mean error across the tasks is indeed re-
duced significantly with basis function ILC. Fig. 6
shows that after enabling ILC, the performance
already improves within 10 tasks.

Axis 2: Pickup head
The pickup head is a small leaf-spring mecha-
nism, driven by a brushless motor via a pulley
and cable assembly. The whole mechanism is af-
fected by friction and stiffness. The feedforward
model includes the terms ka, kv, kC , ks and kso.
The spring offset term is essential since the axis
not equipped with an integrator to remove offsets.
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FIGURE 4. Product handler position error with
standard feedforward. The mean error me is
shown in black. The bottom plot shows the de-
viations from the mean error.

In the experiments, the pickup head makes reset-
ting movements of 1mm. Fig. 7 shows that with a
fixed feedforward model the errors are significant
but highly reproducible. With basis function ILC
(Fig. 8) a small error remains. Interestingly, the
remaining errors are still largely reproducible, but
of an oscillatory nature caused by machine vibra-
tions. These errors cannot be accounted for by
the basis functions. Input shaping could be con-
sidered to improve performance [8].

CONCLUDING REMARKS
Basis function ILC is demonstrated to lead to sig-
nificant performance improvements on two impor-
tant machine axes of the ADAT die bonding plat-
form. The algorithm improves servo performance
in a few cycles and maintains performance when
slight variations in the dynamics occur, such as
a position-dependent friction or force constant.
These characteristics have the potential to make
the performance of the machine more robust and
consistent over time. If this succeeds, smart man-
ufacturing systems can allocate different manu-
facturing processes to a group of machines at will,
relying on the fact that they perform predictably
and identically (so-called process portability).

Remaining work includes the definition of safe
limits on feedforward parameters adapted by the
ILC algorithm. These limits should ensure that
the module is functionally sound. Furthermore,
as parameters tend towards one of the limits, this
can serve as an indication of machine health or

FIGURE 5. Product handler position error with
basis function ILC. The mean errorme (black) has
been reduced significantly. The non-reproducible
component of the error is similar to that of Fig. 4

FIGURE 6. When basis function ILC is enabled,
performance is improved within about 10 tasks.

the need for maintenance.
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