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Abstract
The requirements for high accuracy and throughput in data-intensive complex mechatronic systems
lead to situations where unmodeled dynamics can not be neglected. For example, nonlinearities caused
by cable connections, or position-dependent dynamics due to changing flexible dynamics as function
of position, or position-dependency caused by force ripple in actuators can limit the positioning
accuracy if they remain unmodeled in the feedforward.
This research aims to develop systematically tunable and interpretable position-dependent
feedforward for systems that are approximated well by a linear time-invariant system for motion tasks
that stay close to a fixed position, e.g., a wire bonder or wafer scanner. To achieve a systematically
tunable and interpretable position-dependent feedforward that is also flexible to varying motion tasks,
the feedforward is chosen as a function of the reference 𝑟 with position-dependent feedforward
parameters, e.g.,
𝑓(𝑝, 𝑟, 𝑡) = 𝐾!"# (𝑝) +𝑘"$ (𝑝)𝑟̈ (𝑡) + 𝑘"% (𝑝) ⃜
𝑟 (𝑡) + 𝑘"# (𝑝)sign4ṙ (t)89.
Here, 𝐾!"# (𝑝) is a position-dependent motor force constant, and 𝑘"$ (𝑝), 𝑘"% (𝑝), 𝑘"# (𝑝) are positiondependent feedforward parameters corresponding to, respectively, acceleration feedforward
parameter to compensates Newton’s first law, snap feedforward parameter corresponding to the lowfrequency contribution of the flexible modes, and the parameter for the sign of the reference velocity
to compensate Coulomb friction. Note that traditional feedforward is recovered in case
𝑘"$ (𝑝), 𝑘"% (𝑝), 𝑘"# (𝑝) are position independent. Moreover, the motor force constant is often already
calibrated by well-established calibration methods, see, e.g., [1].

To find the position-dependent parameters in the feedforward signal, estimation methods such as
iterative learning control with basis functions [2] can be applied for references that stay close to a fixed
position. The key idea is then to interpolate the learned parameters for a few fixed positions using
Gaussian process regression, where prior knowledge about the smoothness of the parameters as
function of position can be specified in a kernel [3]. To optimally distributed the fixed learning positions,
the variance of the estimation of the Gaussian process is utilized in a mutual information optimization
procedure.
Experimental results on a wirebonder by ASMPT, see Figure 1, show that in case the motor force
constant is not calibrated well, position-dependency may cause possibly additional position
dependency in the feedforward parameters. The acceleration feedforward parameter that is modelled
by the Gaussian process, see Figure 2, captures the variation in the motor force constant. The
systematically tunable position-dependent feedforward framework using Gaussian processes
significantly outperforms the position-independent feedforward methods, as shown in Figure 3, for six
random test positions.

Figure 1. Wirebonder by ASMPT consisting
of a stacked 𝑥𝑦𝑧-stage with positiondependent actuators.

Figure 3. Normalized error 2-norm for
position-independent feedforward and
the developed position-dependent
feedforward approach with optimally
distributed learning positions.

Figure 2. Gaussian process of the
acceleration feedforward parameter as
function of 𝑥 and 𝑦 position for optimally
distributed training data (red).
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