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Abstract. In this paper the development of a micromanipulation system with stereoscopic
imaging and different control algorithmsis reported. The system consists of a commercially
available micromanipulator (Kleindiek MM3A), an electromagnetically actuated
microgripper, 2 externa CCD cameras performing stereovision, a stereoscopic
lightmicroscope and a control PC. As the micromanipulator does not possess positional
encoders the microgripper’s position has to be provided by the implemented visual
feedback system. Once this position is known, inverse kinematics is applied to calculate the
position of the micromanipulator’s axes. The implemented adaptive discrete P-control is
evaluated and compared to an artificial neural network model. To get a better understanding
of the dynamic model of the micromanipulator, a characterization of its axes is performed.
The derived data also assisted the control improvement of the micromanipulator.

1 INTRODUCTION. Micro- and Nanotechnology have experienced an ever-growing interest
within the last decades and outstanding progress was made in this field. One of the main tasksin
microsystems technology is microassembly, which needs to be performed by joining different
microparts together. The development of microrobotic systems being able to conduct
microassembly tasks similar to assembly in the macro domain is a challenging task and receives
worldwide interest [1, 2]. In paralel to the rapid advance in microtechnology, information
technology is one of the most progressive scientific fields. Powerful computers and signal
processing units are available at low prices and the area of their application is continuously
growing. Thus, artificial intelligence techniques like fuzzy logic and artificial neural networks
aready developed years ago have become applicable. For a mentionable amount of applications
these techniques could prove to be superior to conventional techniques. In addition, problems
that could not be solved by conventional techniques can now be dealt with.

In the following chapter the development of a flexible micromanipulation system being able to
perform automated microhandling tasks is presented. A commercialy available
micromanipulator is used and electromagnetically actuated microgrippers are integrated. A
visual feedback system isimplemented and different control algorithms are tested and compared
[3, 4, 5]. Chapter 3 introduces different approaches of controlling the micromanipulator. Apart
from an adaptive discrete P-control, a neural network based algorithm is also developed. The
use of artificia intelligence techniques like neural networks or fuzzy logic is aready well
known for microrobotic applications [6]. In general sense, these techniques are preferably used
where robots have to actuate in a partly undefined neighborhood, which is often the case in the
micro domain. In our case it is the micromanipulator itself whose exact mathematical model is
unknown. The implemented feedforward backpropagation network is presented and its
performance is evaluated. Additionally, a characterization of the micromanipulator is performed
leading to another control possibility. As the characterization data are identical to the training
data set used to train the neural network, the performance of the network could be interpreted



and weak points could be identified. Chapter 4 presents the performed case studies and Chapter
5 concludes the paper.

2 DESIGN AND IMPLEMENTATION. As in former studies [7, 8] the realized set-up
consists of the Kleindiek Micromanipulator MM3A, an electromagneticaly actuated
microgripper, a stereoscopic lightmicroscope and two external CCD cameras performing
stereovision (see Figure 1).
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Figure 1: Photo of the realized set-up with micromanipulator, integrated microgripper, stereoscopic
microscope and stereovision system.

2.1 Micromanipulator. The Kleindiek Micromanipulator MM3A is of compact size (length of
65 mm), has three degrees of freedom (two rotational axes, one linear axis), a wide working
range (240° in the rotational axes, 12 mm in the linear axis) and subnanometer resolution (0,25
nm in the linear axis, 5 nm in the rotational axes). The micromanipulator is driven by
piezoactuators and can be operational in fine and in coarse mode. In coarse mode the actuation
is based upon the well know stick-slip principle. As the micromanipulator does not possess
positional encoders, it can be operated in manual mode only by moving it stepwise to the
desired end position and by visually observing its approach to this position. In order for any
automated use of the micromanipulator to be alowed, a visua feedback system has to be
implemented to obtain the current position of the micromanipulator’s axes. To conduct this task,
a stereovision system is realized (see Chapter 2.3).

2.2 Microgripper. Electromagnetic actuation is chosen for the microgripper assuring that the
movement of the microgripper’stips is a continuous mapping of the applied current. In this way
the closing and opening of the microgripper’s tips can be controlled easily. Furthermore, when
working under atmospheric conditions, electromagnetic actuators tend to be more reliable than
actuators with other actuation principles (e.g. electrostatic actuation).

The used microgripper prototype consists of an actuator and two fingers, which are fixed on the
left and on the right of the actuator by agglutination under the light microscope. The actuator
consists of a double layer coil (120 windings in total, wire 70 um diameter) wound around a
highly oriented crystalline FeSi sheet. The fingers and tips of the microgripper are fabricated
using an amorphous aloy, which exhibits excellent soft magnetic and mechanical properties
(VITROVAC 7505). Cold laser cutting technique (wavelength =1064, repetition rate 3 kHz
and power rate P= 123 mW) is used in order to cut both the fingers and the tips. To facilitate the



recognition of the microgripper’s position by the visual feedback system, a sub-miniature LED
is mounted on its base [§].

2.3 Visual feedback system. Two analog CCD cameras (Hitachi KP-M1E/K, with a resolution
of 768x576 pixels) are mounted at the same height as the micromanipulator. To alow for a
precise position calculation in three dimensions, the cameras should neither be mounted too
close to each other nor in parallel. They are connected viaa NI connector block (IMAQ-A6822,
multiplexing the two analog signals) and a frame grabber (IMAQ PCI-1408) to the control PC.
The cameras are calibrated independently with MATLAB and the camera calibration toolbox.
Furthermore, stereo calibration of both cameras is performed by means of the same toolbox [9,
10]. Thus, the exact position of the cameras and their orientation to each other is derived.

Knowing the position of one point in two dimensions for both images, its position in three
dimensions can be calculated with respect to one camera reference frame. By means of this
algorithm a resolution close to single coarse steps of the micromanipulator is obtained. Due to
the integrated LED (see chapter 2.2) the recognition of the microgripper focuses on the search
of awhite spot in arather dark image for each CCD camera. It is proven, that the implemented
algorithm is fast, stable and rather insensitive to changing lighting conditions.

3 IMPLEMENTED CONTROL OF THE MICROMANIPULATOR. The position of the
micromanipulator’s end effector is derived by the stereovision system with respect to one
camera reference frame. Equation 1 encodes the whole coordinate transformation from camera
reference frame to micromanipulator base frame. Once the position of the micromanipulator’s
end effector is known with respect to its base frame, inverse kinematics is applied to calculate
the position of the micromanipulator’s axes.

C=R™ R R T(xy), (1)

where R,'®” is arotation about z by 180° and T(xo) is atranslation along the vector Xo.

Due to the stepwise mode of motion of the micromanipulator classical control theory like PID
control cannot be applied. Furthermore, no exact dynamic model of the micromanipulator is
known. This means that the step size of single steps of the micromanipulator is not known
exactly for none of the three axes. The step size mainly depends on the load being applied to the
micromanipulator and the direction of motion. Even though to a minor extent, environmental
conditions like temperature and humidity also affect the step size of the micromanipulator.
Taking all these considerations into account, different control strategies are implemented and
compared.

3.1 Adaptive discrete P control. Due to the stepwise motion of the micromanipulator discrete
P control isrealized at first. As awaysin closed loop control the inputs of the control block are
the desired position and the fed-back measured position. The according actuation parameters for
the robot are calculated by means of the difference of this values multiplied with a correction
factor encoding an estimated step size of the micromanipulator. As mentioned above, this
correction factor is not known precisely. So, its value is updated after every movement of the
robot using the actuation parameter of the ultimate movement, the former difference between
desired and measured position and the actua difference. Figure 2 shows a block diagram of the
implemented control algorithm.
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Figure 2: Block diagram of the adaptive discrete P control of the micromanipulator.

3.2 Characterization of the micromanipulator. In order to obtain more knowledge of the
characteristics of the micromanipulator, 100 random movements were performed each by
moving all three axes. The start- and end position of the microgripper are stored together with
the number of performed steps. The differences between start- and end position are calculated
and graphs with the related number of steps are drawn. Figure 3 shows the results for al three
axes. It can clearly be observed that the relation between performed movement and number of
stepsis not purely linear. Especialy in axis B a mentionable discrepancy between movement in
positive and negative direction can be observed. The reason is that downward steps tend to be
decisively bigger than upward steps.
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Figure 3: Characterization of the three axes of the micromanipulator. The graphs show the dependence of
the number of steps on the difference between start- and endpoint for all 3 axes.

The same experiments were performed by moving the three axes individually. It can be
observed that the variability in this case is notably smaller. Thisfact givesrise to the assumption
that movement in multiple axes influences the position accuracy even though to a small extent.
In order to be able to use al these characterization data, a function has to be found that fits the
obtained data points. Thus, polynomial regression using polynomials of 5" degree is used to fit
the data in the least squares sense. By doing so, it can be observed that the obtained curves do



not lead exactly through the origin of the coordinate system which is a basic prerequisite of a
proper approach to the desired position. To improve the algorithm for the final approach, the
same characterization was performed for small displacements of the micromanipulators axes
and thus for few steps of the micromanipulator as well. Therefore, two models of the
micromanipulator are developed, one encoding great displacements and the other one for fine
positioning of the microgripper.

3.3 Artificial neural network classification. The above-presented algorithm uses the actual
properties of the micromanipulator to achieve fast and precise positioning in al three
dimensions. Nevertheless, it can be seen that movements in multiple axes cross-effect each
other. In addition, by subtracting the end- from the start position valuable information of the
actual position of the micromanipulator islost. In order to utilize all the available data, artificial
neural networks are considered as appropriate control technique.

For the first tests a feedforward backpropagation network was implemented. The standard
layout with one input layer, one hidden layer and one output layer was chosen. The input layer
is comprised of 6 neurons, with one neuron representing the start position and one the end
position for each of the three axes. The output layer consists of three neurons encoding the
actuation parameters for all three axes. Nine neurons are chosen for the hidden layer. As
activation function for the neurons in the hidden layer a tan-sigmoid function is used. The
transfer function between hidden layer and output layer is chosen to be purely linear. MATLAB
and the Neural Networks Toolbox are used to implement this network. Figure 4 shows the
structure of the implemented network.

Figure 4. Structure of the implemented feedforward backpropagation network.

The data set of 100 movements mentioned above is used to train the network. Resilient
backpropagation is chosen as training agorithm. Training is performed for 100000 iterations
with an error goal set to 1.

In spite of the fact that the problem is only partially non-linear in al three axes, no convergence
of the error to zero could be obtained. The cause of this fact might be the already mentioned
outliers in the training data set leading to a rather scattered distribution of these data
Nevertheless, reasonable results could be achieved for coarse approximation to the desired
position. The first test did not provide satisfying results for fine positioning. The problem in
particular is that the mapping of a zero input (the same values for start- and end point) is not the
zero vector as it should be. The performance can be improved by training the network with an
additional training data set only including small distances of motion. Another possibility could
be a second neural network being especially designed for the final fine positioning.

4 TESTS. In order to evaluate the performance of the realized set-up and the implemented
control agorithms, various case studies were conducted. The main experiment consists of
picking up two optical fibres consecutively and placing them in a predefined position [11]. The
fibres have a diameter of 125 mm. Taking into account a maxima opening range of the
microgripper of 250 mm it is possible to perform coarse- as well as fine positioning by means of
the presented stereovision system (see Figure 5).

The case studies with the adaptive P control show a quite good performance. Nonetheless,
various LOOK — THEN MOVE iterations have to be conducted consecutively to approach the



programmed points. This fact is not surprising as it is obvious that the adaptive algorithm can
only provide an approximation of the necessary number of steps due to the nonlinear nature of
the problem. As aresult of the fact that the number of steps and hence the actuation parameters
have to be integers, numerical problems occur for the calculation of the correction factors for
small movements. For this reason, the adaptive part of the algorithm is suppressed for the final
approach to programmed points thus working with fixed correction factors.

¢) Picking up the fibre d) Placing the fibre

Figure5: Performing an automated pick and place task of an optical fibre.

Calculating the actuation parameters by means of the derived polynomial function as described
in chapter 3.2 leadsto afast and stable positioning of the micromanipulator. One coarse and one
fine approximation step lead to satisfying results for most of the considered points.

The neural network based model constitutes a more elegant solution for the control task. All
properties of the micromanipulator can be incorporated in one model. The problem of an
unsatisfying mapping for zero inputs could be solved by providing additional training data for
this working range. Furthermore, it is possible to combine the model with one of the above
presented solutions for the final approach to the programmed points.

In comparison to the first implementations using only the adaptive discrete P control,
considerable improvements could be made using characterizing polynomia functions or neural
networks in terms of positioning time.

5 CONCLUSION AND OUTLOOK. In this paper the successful application of a developed
micromanipulation system for the handling of optical fibres was demonstrated. It could be
shown that the implemented stereovision feedback gives sufficiently high resolution to perform
the desired handling tasks. Automation of the commercially available micromanipulator
Kleindiek MM3A was achieved by implementing different control agorithms. Superior



performance of advanced control algorithms based on the characterization of the
micromanipulator and on neural network techniques was presented. The improvement of the
presented neural network based control algorithm will be a subject of future work. Furthermore,
a self-learning network will be implemented thus being able to adapt itself to changing
environmental conditions.
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