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Abstract
Progress in micro/nano actuation and sensing systems over recent years has greatly extended

the capability to explore, observe, feel, interrogate, and manipulate a variety of samples at small
scales, from the millimeter down to the size of individual atoms. These technological and scientific
advances are fundamental to a wide range of applications including, micro-nano-manipulation
and assembly, material characterization at micro/nano-scales, localization and physical analysis
of single molecules. The trend is the combination between nano-robotic systems and Scanning
Electron Microscopy (SEM) and to achieve robotic tasks in such an environment in automated
ways. This choice is mainly motivated by performance that classical optical microscopy can-
not offer, i.e. the nano-metric imaging resolution and the depth of field which is necessary
to simultaneously observe tools and samples. The works related in the literature have tackled
very interesting critical issues of robotic at the small, but they have been made successfully
thanks to the experience of the operator in the filed. Current control interfaces are therefore a
real impediment toward a widespread use of robotic technology inside electron microscopy by
a broad scientific community. This thesis targets the development of a generic, intelligent and
user friendly interface that can manage elementary robotic tasks needed inside a SEM by simply
defining graphical instructions on the SEM screen. To deal with the very high magnification
capability of SEM and to be able to reach any region of interest on sample observed by such
microscopes, the robot end effectors must have the capability to navigate with a displacement
range to resolution ratio of several million times. As such, all the motion control must deal with
multi-scale trajectories, i.e. trajectories in the nano-meter range up to the milliliter range. The
main experimental platform considered in this thesis is the ISIR-robotex nano-robotic platform.
It is mainly composed of a poly-articulated nano-robotic system actuated by piezoelectric iner-
tial actuators (PIAs) and holding a self sensing Atomic force Microscope (AFM) probe as end
effector. Several robotic scientific issues have been tackled. The main contributions are:

- Non-linear modeling of piezoelectric inertial actuators to deal with multi-scale dynamic
representation issues.

- Velocity characterization and velocity control of a class of piezoelectric inertial actuators

- High level multi-scale path following control of an AFM operating inside electron micro-
scopes.

- AFM tip localization and tracking through deep learning based vision inside an electron
microscope.

- Model predictive control (MPC)-based path following and obstacle avoidance for an AFM
cantilever operating inside electron microscopes.

The developed methods enrich the motion capability and sensing of nano-robotic systems
operating inside SEMs, accelerating the process towards a fully-automation for robotic manipu-
lation purposes at the small scales.

Keywords: Nano-robotics, automation, velocity control, path following, deep learning,
model predictive control, scanning electron microscopy.
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General introduction
Nano-robotics has become a key tool to face the current challenges in micro/nano technologies

for both industry and academic research. It has been applied in a wide range of emerging domains,
such as nano-material characterization, nano-assembly and cell manipulation. Automated and
batch productivity with micro/nano-robots is a critical issue to meet the massive and potential
market windows. To achieve complex and advanced robotic tasks, a remarkable amount of works
in motion planning, control, evolution and learning methods has been developed and successfully
applied on macro scale robots. However, there is still a huge gap between these cutting-edge
theories and their possible implementation to nano-robotics. This issue is still an open research
subject in the community. The reasons are mainly lying on the fact that the working principles
between nano-robotics and macro robotics are totally different as well as the complex working
environment at the small scales. In addition, there are several critical issues related to the lack of
observation data in the small scales compared with the abundant sensing choices for conventional
robots.

The mainstream is the combination between nano-robotic systems and Scanning Electron
Microscopy (SEM) and to achieve robotic tasks in such an environment in automated ways.
This choice is mainly motivated by performance that classical optical microscopy cannot offer,
i.e. the nano-metric imaging resolution and the depth of field which is necessary to simultaneously
observe tools and samples. Automated control can be divided in two layers, the high level control
layer and the low level control layer. The high level control consists on decision making, motion
planning, task assignments and so on, according to the fusion between multiple sensing cues such
as vision, position, velocity and force measurements. The low level control layer is in charge of
controlling the dynamics of the robot and the end effectors to execute a task defined by the high
level controller.

The works related in the literature have tackled very interesting critical issues of robotic at
the small, but they have been made successfully thanks to the experience of the operator in the
filed. So the question is: is it possible that all the cited applications are programmed by
a child of 10 years old? So, if the reply is YES (and it is YES), that means that nano-robotic
technology inside SEM can be used by any operator from any field. This is fundamental for a
widespread use of robotic systems inside EMs in a broad scientific community and not only from
computer scientists/roboticists. This is possible provided that an advanced user friendly interface
is built to allow programming robotic tasks by a succession of elementary path following tasks
that manage all the unpredictable and no totally observable situations such as probes landing
on the substrate, obstacles avoidance, trajectory optimisation, stop motions to avoid unwanted
collisions, intelligence and so one. These are just few exemples of tasks that HAVE TO BE
MANAGED by an advanced high level controller. There is still a plenty of improvement space
for nano-robotics automation inside SEM in order to achieve more generic, intuitive, intelligent
and autonomous robotic tasks in such an environment. The improvement varies from detection,
modeling and control to decision making, planning and emergency reaction.

This thesis targets the development of a generic, intelligent and user friendly interface that
can manage elementary robotic tasks needed inside a SEM by simply defining graphical instruc-
tions on the SEM screen. All these motion control must deal with multi-scale trajectories, i.e.
trajectories in the nano-meter range up to the milliliter range. In this case, the piezoelectric
inertial actuator (PIA) is the most promising type of actuator for such robots.

These technical challenges require to deal with several robotic scientific issues that have not
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been solved in the literature. For the thesis, the end effector is a self sensing AFM. The issues
are:

Issue 1: due to the very high magnification capability of SEM, to be able to reach any region
of interest on sample observed by an SEM, the AFM probe must have the capability to navigate
with a displacement range to resolution ratio of several million times. The AFM probe must be
able to move on a distance of several mm or cm to reach any region on a sample as well as of
few nm to operate in a narrow area. No solution was available in the literature to control in an
automated way the position of an AFM probe with such a high range to resolution ratio.

Contributions:

• Non-linear model of PIAs is proposed to deal with multi-scale dynamic representation
issues. It describes the mathematical relation between the input voltage applied to a
piezoelectric element and the displacement of the associated slider. The model is based
on a coupled piezo/friction hysteresis model and an augmented elasto-plastic friction
model for which the breakaway displacement depends on the frequency and the ampli-
tude of the input sawtooth voltage. This dependency is highlighted experimentally and
represents the main novelty in friction modeling compared to the state of the art.

• Velocity characterization and velocity control of a class of PIAs is studied. The achievable
velocity range of PIAs is characterized in air and vacuum environments. This analysis
allows the definition of a detailed map of the velocity characteristics in forward and
backward motion directions. Velocity control strategies are then studied based on an
instantaneous velocity feedback and an average velocity feedback. The work on the
velocity characterization and control has been the key for path following control and
model predictive control that has been studied thereafter.

Issue 2: for AFM tracking using SEM vision, one has to consider specific issues related
to the compromise between the scan speed and the image quality of SEM. This restriction
seriously limits the performance of conventional vision tracking algorithms such that those based
on Template Matching when used with electron images. At high scan speed, the image quality is
very noisy making very difficult to differentiate the AFM tip from the background, hence limiting
the tracking capabilities. In this thesis, we have explored for the first time the potential value of
deep learning in the context of nano-robotic vision tracking inside SEM.

Contributions:

• High level multi-scale path following control of an AFM cantilever operating inside elec-
tron microscopes.

• Atomic force microscope tip localization and tracking through deep learning based vision
inside an electron microscope.

Issue 3: during the navigation of the AFM inside the SEM, it is often needed to avoid
obstacles. This is for instance the case when the trajectory is delimited by virtual guides. The
issue is that if the obstacle is detected when the AFM tip touches it, i.e detection by force
sensing, it is too late to avoid it in a secure way. The only solution is to predict it by vision, to
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let an interval of time for a secure obstacle avoidance with controlled dynamics. We propose in
this thesis for the first time a model predictive control-based obstacle avoidance for AFM with
SEM vision feedback.

Contribution:

• Model predictive control (MPC)-based path following and obstacle avoidance algorithm
for AFM cantilever operating inside electron microscopes.

The thesis is organized as follows: Chapter 1 reviews recent advances in robotics at the
small scales operating inside EM and their relevant impact in micro/nano- applications. It gives
a sighted to the reader about what is possible nowadays with such instruments and it shows the
chalenges for automated programming of robots inside SEM. Chapter 2 lays the foundations for
the low level closed loop position and velocity control of the ISIR-robotex nano-robotic platform.
It presents a non-linear model of PIAs to deal with multi-scale dynamic representation issues.
Issues related to multi-scale position control and velocity controls are then studied. Chapter 3
addresses the issue of high level multi-scale path following control of an AFM cantilever operating
inside electron microscopes. The aim is to control the trajectory of the cantilever driven by a
PIA using both electron microscope images and velocity measurements from optical encoders.
To do so, we have studied the issues related to the real time localization and tracking of an
AFM cantilever from SEM images for any scan speed configuration and despite of low images
quality. Chapter 4 adresses the issue of Model predictive control (MPC)-based path following
and obstacle avoidance of AFM cantilevers operating inside a SEM.
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Chapter 1

Nano-robotics inside SEM

In order to use a manipulation robotic system at the nanometer scale, the positions of the tools
and the end effectors relative to the objects with which they interact need to be observed in a
fairly precise manner. Choosing Electron Microscopes (EMs) is advantageous in this regard.
This chapter reviews recent advances in robotics at the small scales operating inside EM and
their relevant impact in micro/nano- applications. Robotic tasks inside EMs do not concern
only people from the fields of robotics but more generally scientists from broad disciplines that
do not have necessary the required skills for advanced programming of complex robotic tasks
inside EMs. As it will be shown in this chapter, whatever the complexity of the tasks, it is
always composed of a succession of several elementary simple positioning tasks of the end effectors
and or the background. The breaking approach targeted in this thesis is to open a new way to
achieve automated tasks at the small scales inside EMs that any operator can programs by simply
drawing elementary paths with a mouse click on a computer screen displaying the magnified
electron images. If the robotic end effectors can follow these paths accurately in a secure way,
programming a manipulation task at the small scales inside EMs would become a child’s play.
The need of advanced user-friendly interfaces for robotic tasks programming inside EMs is the
key for a widespread use of robotic systems inside EMs. Such interfaces require however to tackle
several robotics scientific issues that have not been solved in the literature and that represents the
heart of the thesis.

1
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1.1 Electron and atomic force microscopy for the observation of
the small worlds
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Figure 1.1: Comparison between multi scales in micro world [47].

When tackling micro/nano-robotics, one has to consider several constraints in terms of inter-
action forces, actuation and sensing principles (Fig. 1.1). The small scales can be classified into
nanoscale (1 up to 100nm), mesoscale (100 nm up to 10 µm) and microscale (10 µm up to 1mm)
[47]. Due to the scale effect, surface forces are predominant between 1 nm and 100 µm while
volume forces have more importance beyond 100 µm. Electron microscopy (EM) and Atomic
Force Microscopy (AFM) are ideal observation tools below 1µm.

Various types of microscopes are available when it comes to observing the micro and nano
worlds. They rely on distinct physical principles of operation, interacting directly or indirectly
with the objects to observe and then reconstructing the resulting image. Which type of micro-
scope should be used depends on the goals; the microscopes relevant to the nano-scale are:

1.1.1 Electron Microscopy (EM)

It relies on electrons instead of photons. Electrons are emitted by a field electron emitter gun
or a thermionic field gun. As with photonics microscopy, these electrons can be reflected (SEM:
Scanning Electron Microscopy) or transmitted (TEM: Transmission Electron Microscopy). The
electron beam interacts with matter as it hits it, which results in emissions. These emissions are
intercepted by specific sensors, and treated so as to reconstruct an image of the object’s surface,
topography, atomic composition and so on. A SEM can reach sub-nanometer resolutions, and
a TEM can go below a tenth of that on thin samples. SEM can be used for the observation of
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solid materials and prepared biological cells in high vacuum conditions (i.e. 10−6 Pa), for frozen
cells using CryoSEM technology and for no frozen and no dried cells using the variable pressure
SEM (VP-SEM). EM allows the observation of the inner structure of unroofed cells but their
main drawback is that they do not provide tridimensional images, which is an impediment for
the definition of the thickness of nanoscale structures.

1.1.2 Atomic force Microscopy (AFM)

It is based on the work of Binnig, Nobel Prize of physics 1986. AFM uses tools of various natures,
sizes and operating principles, which have in common that they probe the observed surfaces with
a stiff tip. The apex of this tip is of a nano- or micrometer scale and is brought very close or
even in contact with the zones of interest. This microscope is useful to get various kinds of data
such as adhesion, elasticity, viscosity and topography of small-scale samples.

Z

Y
Cantilever Tuning 

fork

Sample
holder

AFM tip 
holderX

XY piezo
scanner

Z piezo
scanner

Z control

XY scan 
control

Figure 1.2: Simplified scheme of an AFM using a frequency shift detection from a tuning fork.
The AFM can operate by controlling the XYZ positions of the AFM tip holder or that of the
sample holder.

The AFM is generally mounted on a piezoelectric scanner that can either moves the AFM
probe or moves the sample in X, Y and Z directions. Depending on the application, it can operate
following different operating modes. The three main AFM modes are contact mode, intermittent
contact (or tapping), and non-contact modes. In contact mode, the force on the tip is repulsive.
The probe-surface separation is less than 0.5 nm. By moving the Z position of the probe in a
way to maintain the force between the probe and the sample constant an image of the surface
is obtained. One disadvantage of this mode is that forces can damage and deform soft samples.
In non-contact mode, the probe does not enter in contact with the sample surface, but oscillates
above the sample. Using a feedback loop to monitor changes in the amplitude due to attractive
VdW forces, the surface topography can be measured. This mode will not suffer damage to the
sample, but usually need ultra high vacuum (UHV) to have best imaging. In tapping mode, the
cantilever is oscillated at its resonant frequency and the probe lightly taps during scanning on
the sample surface. The tip only contacts the surface briefly during each oscillation cycle. This
mode is perfect for biological samples such as polymers and DNA, as well as numerous other
fragile samples. Fig. 1.2 shows a simplified scheme of an AFM using a frequency shift detection
from a tuning fork. The AFM can operate by controlling the XYZ positions of the AFM tip
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holder or that of the sample holder.

1.2 Nano-robotics inside SEM

A series of robotic applications involving SEM have been reported in the literature. One can cite
works related to electrical and mechanical characterization of nano-matarials [120] [164] [49]
[137] [101] [120], MEMS and NEMS assembly [35] [152] [143] [146], biological cell ma-
nipulation and/or characterization [44] [127] [5], pick and place of small scale objects such
as colloidal particles [163] and carbon nanotubes (CNTs) [133]. The common point between
these applications is the need of corse and fine positioning capabilities of the robotic system and
a SEM vision feedback. Such robots often have multiple degrees of freedom and are composed
of specific actuation and sensing mechanisms. Some example of commercial nano-robotic sys-
tems designed by companies such as Zyvex, Kleindiek, SmarAct, Toronto Nano Instrumentation,
Physik Instrumente and attocube are shown in Fig. 1.3 [143] [154] [43] [150] [159] [56] [114]
[75]).

(a) (b) (c)

(d) (e) (f)

Figure 1.3: Commercial nano-manipulation systems. (a) Zyvex. (b) Toronto Nano Instrumenta-
tion. (c) SmarAct. (d) Kleindiek Nanotechnik, (e)Physik Instrumente (PI). (f)attocube [132].

1.2.1 Actuation

Because of SEM’s working principle, only specific actuators can be used. They must be vacuum-
compatible and being insensitive to the electron beam. They must also be able to achieve a very
high displacement to resolution ratio, typically several millimeter travel range for coarse position-
ing tasks and few nanometers for high precision fine positioning tasks. Performance comparison
between micro/nano-actuators can be observed in Fig.1.4. Piezoelectric actuators have been
increasingly applied thanks to their desirable properties such as fast dynamics, high resolution,
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Figure 1.4: Performance comparison between micro/nano-actuators. (a) ElectroThermal actua-
tor. (b) Voice coil actuator (VCA). (c) Microelectromechanical systems (MEMS). (d) Piezoelec-
tric inertial actuator.

high power-to-weight ratio and compact size. Especially, Piezoelectric Inertial Actuators (PIAs)
are one of the best candidates to produce a high motion range to resolution ratio.

PIAs can be classified into three families [69] [25]: ultrasonic, inchworm, and stick-slip. They
share common characteristics: (i) their motion are friction driven, (ii) the travel range is only
related to the length of the slider’s guide and (iii) holding force arises from friction without power
consumption. However, they are different in working principle and performance [23].

Actuator Controllability Force Speed Reference

Ultrasonic Medium(need of track resonance) Press-dependent >100mm/s [61]

Inchworm Low(multi-phase synchronization) >15N >1.5mm/s [82]

Stick-slip High(only one control channel) dozens of N 10-50mm/s [73] [100]

Table 1.1: Comparison between perzoelectric actuators.

The ultrasonic actuator is based on the excitation of stator’s resonance. This resonant vibra-
tion is typically elliptical [141] [62]. By changing motion phase shift among piezo components,
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motion direction can be altered. Typical ultrasonic actuators are characterized by a high speed
capability (> 100 mm/s). From a control point of view, such actuators are characterized by a
medium controllability and the control unit can be complex to realize due to the need to track
resonance [27] in the case of load variation. A typical inchworm actuator has two groups of
piezo stators. When one group sticks to slider (i.e. load) and guides its motion by deformation,
the other group is not in contact with the slider and prepares for the next stick motion. The
quality of the resulting motion relies on the driving frequency and the phase shift among stator
groups. Thus, synchronization among piezo stators must be accurate [83] [93]. The advantage
is that such actuators can produce a motion with a high resolution and a high output force.
The main limitation lies in its low speed (< 10mm/s). From a control point of view, the need
of a multi-phase synchronization can lead to a high cost and an engineering complexity. The
working principle of a stick-slip actuator takes advantage of the competition between friction
force and inertial force. It can be operated in hybrid mode (scanning or stepping) depending on
the choice between high resolution and large motion range [18] [147] [134] [46]. Compared to
the other two classes of actuators, a stick-slip actuator provides medium speeds (10-50 mm/s).
Without any need of multi-phase synchronization, such an actuator possesses only one piezo-
electric channel. This is a major advantage, which lowers the cost, simplifies controller design,
and leads to a better miniaturization potential. Based on the simplicity and versatility described
above, Piezoelectric Stick-Slip (PSS) is one of the most commonly used actuation principle for
nano-robotic systems. The performances of PIAs are summarized in Table 1.1.

Working principle of a Piezoelectric Stick-Slip (PSS) actuator: a PSS actuator is
mainly composed of a Piezoelectric Element (PE), a slider with one translational or rotational
DOF, and a friction material located between the PE and the slider (Fig. 1.5). The slider is
used to carry a load. Several PSS actuators can construct a multi-DOFs kinematic structure.
The friction force Ff drives the motion of the slider.
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Figure 1.5: Piezoelectric stick-slip actuator driven by sawtooth signal. (a) Motion in the forward
direction. (b) Motion in the backward direction.

This actuator has two main motion phases. Stick phase is produced by a slow deformation
of the PE, the slider sticks to the motion of PE. Slip phase results from an abrupt deformation
of the PE leading to a relative motion between the PE and the slider. If only the stick phase
is involved, the actuator is moving in scanning mode. This operating mode is useful for a high
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positioning resolution but the stroke of the slider is limited by the maximal deformation of the
PE. If stick and slip phases are used alternatively, the actuator is moving in stepping mode. This
mode allows a large motion stroke but with a lower resolution. The alternate stick and slip phases
are often obtained when the PE is fed with a sawtooth voltage. Usually, for PSS actuators with
a linear motion profile, the slider has one translational DOF. If the sawtooth voltage is featured
by a slow rise and an abrupt drop, the resulting motion direction will be referred to as forward
direction. If the sawtooth voltage is featured by an abrupt rise and a slow drop, the motion
direction will be referred to as backward direction. They are illustrated in Fig. 1.5.

1.2.2 Sensing

Due to the vacuum-working environment of SEMs, one has to consider the heat dissipation
issues of sensors to be used inside these microscopes. Typically, for SEM integrated nano-
robotic systems, different kinds of sensors can be used for position/velocity measurements, force
measurements and depth measurements Fig. 1.6.

SEM

Actuator

End-effector

Nano-robotic system

Low level controller

Sensor information fusion

High level controller
(decision making)

Nano-manipulation task

Position sensor

Force sensor

Depth sensor

Low level controller

Pre-image processing

Figure 1.6: Nano robotic control scheme inside SEM.

1.2.2.1 Position measurement

There are mainly three kinds of sensors that can be integrated in piezoelectric actuators, namely
capacitive sensors, optical encoder-based sensors and strain gauge-based sensors.

Piezoelectric actuators have nonlinear properties such as the hysteresis and the creep [59],
which lower down the accuracy and the stability of the nano-manipulators. The compensation of
such non-linearities with feedback controllers and/or with inverse hysteresis models is nowadays
well mastered. Capacitive sensors provide a non-contact and a low power displacement mea-
surement, with a nanometer resolution and a wide bandwidth up to 10 kHz. However, they are
expensive and they allow position measurement in a very limited working range within a couple
of millimeters [40]. Strain gauges suffer from the thermal drift issues. Optical encoders are
able to measure displacements in the centimeter range with a nanometer resolution. They are
usually combined with an interpolation circuit and a counter to provide a position or a velocity
measurement. They are ideal for stick and slip actuators but they also suffer from thermal drift
because optical elements generate heat.
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1.2.2.2 Force measurement

Forces sensors are useful to provide a force feedback during a manipulation task. Several kinds
of force sensors can be used based for instance on MEMS technology or AFM. With MEMS
technology, the capacitive measurement principle is used to measure the displacement of a probe.
The force measurement is deduced from the displacement measurement by the knowledge of
mechanical suspensions stiffness. This method tends to provide smaller sensors with the need of
little control electronic, leading to more integrated sensors. A trade-off between the measurement
range and the resolution is often involved. With AFM technology, small and shap cantilevers can
be used as end effectors to manipulate objects while providing in real time force informations.
To be integrated in the analysis chamber of a SEM, it is preferable to use compact self sensing
AFM probes.

Tuning fork

Cantilever

Figure 1.7: Simplified model of the Akiyama A-probe Tunning Fork, composed of the AFM
cantilever integrated on the tuning fork, [136].

A self-sensing and self-actuating (-exciting) probe can be based on a quartz tuning fork (TF)
combined with a micro-machined cantilever for dynamic mode AFM, Fig. 1.7. One example of
commercially available self sensing AFM probe is the Akiyama-probe. This tuning fork-probe is
made of two coupled resonators, i.e. the tuning fork and the cantilever. The typical resonance
frequency of the silicon cantilever is ∼ 50 kHz and that of the tuning fork before the cantilever
was glued is ∼ 32 kHz.

1.2.2.3 Depth measurement

The vertical manipulation in SEM keeps being a challenging and tricky issue having not been
reasonably solved, due to the lack of depth information. Depth measurement or estimation can
be used to safely land the end-effector on substrates to be able to perform manipulation tasks
afterwards. Depth measurement can be divided into two methods, namely vision based and force
measurement based [63] [89] [154] [154] [117] [133] [37] [88] [140] [140] [154] [39]. In
addition, the depth measurement is of importance to calibrate the end effectors relative to the
SEM images. The end effector can be for instance an AFM cantilever (Fig. 1.8).

Electron microscopes usually provide a two dimensional image of the sample with a scale bar
indicating the horizontal dimensions along x and y axes of the image. However, the image does
not provide information about sample feature height or the vertical distance between the probe
tip and the sample. Hence, to guide a probe tip under the microscope towards a desired point
on the sample, one has to use a manipulator and sensors attached to the tip to detect contact
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Figure 1.8: Three dimensional schematic diagram of SEM and AFM cantilever coordinates.

with the sample or observe alternative signs such as probe shadow on the sample just before the
contact and horizontal sliding of the tip on the sample just after colliding it [116]. In addition,
if a microscope is not provided with a built-in sample manipulator or the manipulator does not
meet the desired precision, the user may have to incorporate another positioner in the microscope
for sample manipulation and nano-probing. Hence, coordinates of the image and microscope may
not be well aligned with those of the micro-manipulator. Ignoring such misalignment can create
unacceptable positioning error after guidance of the probe tip to a target point on the sample or
even damage the probe and sample. Hence, to increase the precision and speed of operation in
nano-porbing applications, it is essential to address this misalignment problem in a systematic
way.

1.2.3 Control strategy

For nano-robotic tasks inside SEM, a systematic control scheme must be implemented taking
advantage of multiple sensing feedbacks as described in Fig. 1.6. The control structure is mainly
divided into two parts. The decision making layer referred as high level control is in charge of
selecting and monitoring the tasks such as a Sequential function chart (SFC), a path planning,
a path following and a deep learning. The dynamic control referred as low level control is in
charge of controlling the dynamics of the robot and the end effectors to execute a task defined
by the high level controller.

1.2.3.1 Position control

The state of art has shown that for PIAs several control issues related to the nonlinear behavior
and the hybrid operating mode of these actuators still require studies in order to satisfy the
demanding performance in nanotechnologies. Existing control strategies can be classified into
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control in scanning mode and control in stepping mode.

The objective of the control in scanning mode is to reduce the hysteresis effect and to damp the
vibrations [52]. Hysteresis may induce open-loop positioning errors as high as 10%-15% of the
displacement range [71]. Furthermore, oscillations of a hundred nanometers at the fundamental
resonance frequency can be observed in the slider displacement [84]. Open-loop strategies can
be used for hysteresis compensation [51, 142] [65, 108, 157] and vibration damping [92, 109].
However, in practice, it is difficult to obtain precise compensators, and hence to guarantee
positioning accuracy. Also, these methods are not robust against hysteresis variations and shifts
in the resonance frequency. For these reasons, numerous closed-loop control strategies have
been studied in the literature, including pole-placement [70], PID control [41], H∞ control
[123, 139] [12], sliding mode control [74], LQG control [105], and so on. On the other hand,
few techniques exist in the literature to control PSS actuators in stepping modes. A frequency
proportional controller is proposed in [24] where the frequency of the sawtooth control voltage is
chosen based on the tracking error. A cascade controller is designed via dehybridization in [124]
using a hybrid model of the actuator. In the inner-loop, a hybrid controller is designed to impose
a time-scale separation between continuous and discrete states. In the outer-loop, a continuous
proportional derivative controller is developed using an approximated continuous model of the
inner-loop in order to satisfy closed-loop stability. A frequency/amplitude proportional controller
is presented in [110] to control the amplitude and the frequency of the sawtooth control signal
separately. The proportional gains are determined in the same way as for classical proportional
controllers. None of the existing controllers has dealt with the stepping/scanning switch problem
of PSS actuators. The first ever results on mixed Stepping / Scanning mode control of stick-slip
SEM-integrated nano-robotic systems has been proposed in [98].

1.2.3.2 Velocity control

Specific driving methods of PIAs are needed to obtain a smooth motion trajectory through
velocity control. This is of primary importance to achieve a path following as it will be explained
in Chapter 3. However, the only two references in the literature dealing with velocity control
of PIA are [57] [73]. The second reference is a part of this thesis that will be explained in
Chapter 2. In the first reference, Hunstig et al. [57] proposed some driving methods of PIAs to
obtain smooth motions while avoiding the slip vibrations. These driving methods are evaluated
considering three main criteria, namely the steady state velocity, the smoothness of motion,
and the start-up time. Liang et al. [73] have made a characterization of the velocity of PIAs
with respect to the amplitude and the frequency of the input sawtooth voltage to evaluate the
reachable velocities that can be used a an input reference in a closed loop control. Velocity control
based on an instantaneous velocity feedback and on an average velocity feedback has then been
studied. The latter one has shown better results in terms of motion vibration damping. The
average velocity control described in [73] will be used in this thesis as a part of the path following
control.

1.3 Nano-robotic Application inside SEM

The aim of this section is to report some applications of robotics at the small scales inside
an electron microscope. The applications are divided into three categories, namely "Nano-
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materials manipulation and characterization", "Nano-assembly" and "Cell characterization and
manipulation". The presented examples are of course non exhaustive. It gives a sighted to the
reader about what is possible nowadays with such instruments.

1.3.1 Nano-materials manipulation and characterization

For such applications, several works can be found. Fig. 1.9 illustrate some of them. There are
two main types of characterization, the mechanical and the electrical one.

(a) (b)

Nanospring

AFM cantilever

(c)

(d)

Nanoindentation

(e)

Graphene film
nanoindentation

(f)

(g)

Graphene flakes

(h) (i)

Figure 1.9: Nano-robotic applications involving mechanical and electrical manipulation and char-
acterization of nano-materials [132]. (a) Mechanical characterization of MWNTs [43], (b)
nanowires [159], (c) nanosprings [17]. (d) Mechanical characterization of 2D materials of
graphene films [3]. (e) nanopapers [91]. (f) suspended InP membranes [161]. using nanoinden-
tation and contactless measurements. (g) Electrical characterization for nanowires. (h) [160].
graphene flakes [86]. (i) single transistors on IC chips [137].

The mechanical characterization aims at estimating some mechanical properties of nano-
materials such as the Young modulus. One can cite exemples with Multiwalled Carbon Nan-
otubes (MWNTs) [43], nano-wires [159], nano-springs [17], graphene films [3], nano-papers
[91]. The electrical characterization aims at providing electrical properties of nanomaterials such
as the conductivity. One can site the case of nano-wires [160] or single transistors on IC chips
characterization [137].

The mechanical characterization can be done by indentation or stretching of nano-materials
using probes such as AFM cantilevers. The electrical characterization can be done by bringing
a conductive probe on the nano-material and passing a current through it.
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1.3.2 Nano-assembly

xiehui

1 2 3

4

(a) (b) (c)

2 μm

2 μm

(e)

(d)

Nanotweezer Open CloseNanotweezer

(f)
Scan with nanobit probeScan with pyramidal tip

Nanotip assembly

AFM

(g) (h)

Figure 1.10: Nano device and nanostructure assembly [132]. (a) Nanowires pick, place and
assembly [102]. (b) MWCNT assembled as a 3D letter with EBID [45]. (c) and (d) A thermal
sensor [148] and nanoscaled tweezer assembled by nano-manipulation [11]. (e) 3D pyramidal
spheres assembly [163]. (f) High-aspect-ratio AFM cantilever tip assembly for high-resolution
imaging [66]. (g) Assembly photonic plates as a 3D photonic crysta device [14]. (h) Nanowire
field-effect transistors (nano-FETs) automated nanomanipulation to remove extra and maintain
one-nanowire format [152].

With a precise positioning of end effectors using multi-DOF capabilities, the nano-robotic ma-
nipulator can achieve assembly tasks of various nano-devices. For instance, in Fig. 1.10(a), a
pick-and-place manipulation was executed by two nano-probes to distribute and solder golden
nano-wires on a pattern of ’NANO’ [102]. A 3D letter ’N’ consisting of MWCNT was constructed
by cutting and bending processes from EBID, and assembled via nano-manipulation [45] [78]
[79] (Fig. 1.10(b)). In Fig. 1.10(c), a thermal sensor composed of two MWCNTs is mounted
on an AFM cantilever realized by EBID and nano-manipulation [148]. Two nanotubes were
manipulated and assembled as a nanotweezer and finally mounted on a special Si tip patterned
with metal electrodes [11] (Fig. 1.10(d)). As shown in Fig. 1.10(e), a 3D pyramidal structure
composed of stacked silica spheres was constructed by a cooperative assembly process of two nano
probes [162]. The pick and place control is conducted by the coorperation between a tungsten
probe and a modified piezoresistive AFM cantilever featured with a spherical adhensive pocket
tip. A nanotip held by a microgripper was assembled and soldered on an AFM cantilever tip
by EBID technique. This forms a high-aspect-ratio AFM cantilever tip, for a high-resolution to-
pography imaging [66] (Fig. 1.10(f)). To produce a 3D photopic crystal device (Fig. 1.10(g)), a
thin plate was disassembled from a substrate with the connection bridge broken by a nano-probe
[14]. It is then reassembled (Fig. 1.10(g)). In Fig. 1.10(h), a fabrication method of nanowire
field-effect transistors (nano-FETs) is proposed using nanowire contact printing [152].
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1.3.3 Cell characterization and manipulation

(e)

Approach

Nano probe

Single cell

(d)

Nano picker top view

Micro probe

Single cell

1 2 3

(b)

Approach Insert

Slide Lift

1 2

3 4

(a)

Before buckling After buckling

Before penetration After penetration
1212

(c)

Before push

1

Pushing

2

(h)(g)

Cell sample

Nano spatula

 Lifting up nano spatulaLanding nano spatula

1 2

(f)

Cell cutting

2

Approaching

1

Figure 1.11: Cell characterization and manipulation inside an ESEM and SEM, [132]. (a) Cell
stiffness measurement [8]. (b) Cell–substrate tested by nano-fork [6]. (c) Cell–substrate tested
by nano-putter [126]. (d) Cell–cell adhesion force determination [128]. (e) Intracellular electrical
measurement for viability test [5]. (f) Single cell cutting [130]. (g) Chromatin extraction [28].
(h) Self-reconfiguring metamorphic nanoinjector for injection into mouse zygotes [15].

FIB etching and deposition techniques are carried out to convert the standard AFM cantilevers
into various types of functional tools such as a soft buckling nanoneedle [7] [8] [10], a nano-fork
[6] and a nano putter [129] as shown in Fig. 1.11(a), Fig. 1.11(b) and Fig. 1.11(c). These
tools were controlled by nano-manipulators in Environmental Scanning Electron Microscopes
(ESEM) to identify and determine the cell stiffness and viscoelastic properties [9] [8]. The
nano-manipulations are also applied to lift and push cells to measure adhesion forces among cells
[128], adhesion forces between cell and substrate [126] [6] [131] [129], and intracellular electrical
properties [5] as shown in Fig. 1.11(d) and Fig. 1.11(e). In Fig. 1.11(f), a nano-knife is used to
perform a surgery on yeast cell [130]. Nano-manipulation can also contribute to the extraction
of DNA from single-cell nucleus with a vision illustration from SEM. A nanospatula was used
to dissect and collect a single-chromatin complex from cell nucleus, after the target location
for extraction is decided by combining the information from both SEM images and fluorescence
microscopy images [50] (Fig. 1.11(g)). Because the gene distributions in nucleus are not random,
this work guarantee high-throughput gene mapping to explore the relation between gene loci and
nuclear substructures [28]. Fig. 1.11(h) presents a self-reconfiguring microelectromechanical
system (MEMS) nanoinjector for genetic modification of cells [15]. DNA is attracted to the
outside of the lance using positive voltage, and then the lance is inserted into a cell. This lowers
down cell internal stress caused by the extra fluid from traditional DNA microinjection.
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1.4 Automation

(d)

(j)

(b)

(g)

Graphene membrane

Cross structure by FIB

(a)

1μm

Non-overlapping

Overlapping

1μm

Contact detection by evaluating CNT linearity

(e)
Fused SEM & AFM scan vertical view

Fused SEM & AFM scan lateral view

(i)

(h)

ReleasePick up

2μm

(c)

Automated following Automated following

Manual teaching

1 2

3 4

(f)

(k)

Scan by conventional AFM 

Scan by CNT-enhanced AFM

Figure 1.12: Automated nano-manipulation. (a) Automated CNTs pick-up based on SEM vi-
ual feedback. CNT and AFM cantilever during overlapping are separate by segment detection
method (SDM) algorithm. Contact detection by evaluating CNT linearity [53] [133]. (b) Auto-
mated four-point probe measurement on a single nanowire. Adapted from [119]. (c) Automated
nanoprobing for electrical characterization. Adapted from [49] [156]. (d) Robotic assisted
micro-manipulation system for path plan by haptic/visual/sound interfaces [13]. (e) Fused rep-
resentation of SEM overview scan and AFM topography scan of a calibration pattern [90]. (f)
SEM-Guided AFM scan [29]. (g) Automated indentation for graphene membranes test [164].
(h) Individual colloidal spheres fully-automated pick-and-place by two coorporative nanoprobes
with customized geometries [163]. (i) Automated nanowire pick-place on MEMS device for
tensile test [149]. (j) CNT automated pick up, delivered to a microstructured four-point-probe
for electrical measurements [38]. (k) CNT-enhanced, high-aspect-ratio AFM tip assembly [26].

To achieve an automated or semi-automated robotic task inside an electron microscope, it
is necessary to used several sensor data (Fig. 1.6) including force measurements, SEM vision
treatments as well as some tools such as virtual reality (VR) and tele-operation. Automated
sequences can be made by specific tool boxes such as OFFIS Software developed in the Division
Microrobotics and Control Engineering (AMiR) from University of Oldenburg.

To deal with unpredictable situations and to tend to less ad hoc solutions, two solutions are
possible: including the human in the loop using teleoperation or developing advanced algorithms
such as those based on machine learning. The first solution requires experienced operators, the
second one is not well mature in the literature for SEM based nano-robotics.

Some examples of applications that have used automated or semi automated controllers are
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illustrated in Fig. 1.12. The degree of automation can be categorized into three levels, low-
automated, semi-automated and fully-automated. The low-automated level control is based
on tele-operation, which requests experienced operators in the control loop to make decision
according to comprehensive sensing cues, for instance, haptic and observations through SEM
screen [20] [39]. The process is time-consuming and not repeatable when dealing with a batch
of manufacturing production. The semi-automated level control plays an assistant role during the
robotic task. Virtual Reality (VR) techniques can be used to get an access to a non-observable
environment. VR can provide several informations such as vision, sound an touch to help the
human operator to make a reasonable decision [13] [2]. In other applications, some tasks are
partially feasible by an automated process while other ones are implemented manually [38].
To get an automation level, it is possible to first achieve a sequence based on a manually pre-
defined procedure which is repeatedly executed after [149]. This is a manual teaching in order
to provide reference operation sequence, followed by an automated duplication [133] [53] [156].
The fully automated level control is often achieved conditionally or task-oriented. Customized
end-effectors can be used to guarantee a high manipulation success rate [163]. A summary of
automation levels inside SEM is reported in Table 1.2.

1.5 Summery and objectives

According to the literature, SEM based nano-robotic systems are key tools for scientists and in-
dustrials that need to fabricate, observe and analyse products from micro and nano-technologies.
Applications can be related to material science, electronics and mechanics at small scales as
well as the fields of biology. The design of robotic systems made of materials compatible with
the vacuum environment of SEM is well mature in the filed. The piezoelectric inertial actuator
(PIA) is the most promising type of actuator for such robots as it can deal the the very high
magnification capability of SEM by enabling motions in the centimeter range with a nanometer
resolution. The works related in the literature have tackled very interesting critical issues of
robotic at the small, but they have been made successfully thanks to the experience of the oper-
ator in the filed. There is still a huge gap between the nano-robotics technology inside SEM and
its accessibility by non-roboticists. This thesis targets the development of a generic, intelligent
and user friendly interface that can manage elementary robotic tasks needed inside a SEM by
simply defining graphical instructions on the SEM screen. All these motion control must deal
with multi-scale trajectories, i.e. trajectories in the nano-meter range up to the milliliter range.
The high level control layer must consider decision making, motion planning, task assignments,
according to the fusion of multiple sensing cues, varying from vision, position, velocity and force
measurements. The low level control layer must be responsible of achieving the specific reference
commands from the higher layer decision with a well mastered dynamic so that it can interact
with the high level layer in real-time.
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Chapter 2

Characterization, modeling and low
level control of the ISIR-robotex

nano-robotic platform

This chapter lays the foundations for the low level closed loop position and velocity control of
the ISIR-robotex nano-robotic platform. This platform is composed of a multi-dof nano-robotic
system actuated by Inertial Piezoelectric type Actuators (PIA) and holding an AFM cantilever as
an end effector. The robotic system operates inside a SEM. Due to the very high magnification
capability of Scanning Electron Microscopes (SEMs), to be able to reach any region of interest
on a sample observed by an EM, the AFM probe must have the capability to navigate with a
displacement range to resolution ratio of several million times which is referred as a multi-scale
displacement. First, a non-linear model of PIAs is proposed to deal with multi-scale dynamic
representation issues. It describes the mathematical relation between the input voltage applied to
a piezoelectric element and the displacement of the associated slider. The model is based on a
coupled piezo/friction hysteresis model and an augmented elasto-plastic friction model for which
the breakaway displacement depends on the frequency and the amplitude of the input sawtooth
voltage. This dependency is highlighted experimentally and represents the main novelty in friction
modeling compared to the state of the art. Secondly, the nonlinear model is used to define control
gains for two fundamental and elementary tasks inside the SEM, namely 3D motion generation
of the AFM probe and multi-scale AFM tip landing on sample surface. Finally, velocity char-
acterization and velocity control of a class of PIAs is studied. The achievable velocity range of
PIAs is characterized in air and vacuum environments. This analysis allows the definition of a
detailed map of the velocity characteristics in forward and backward motion directions. Velocity
control strategies are then studied based on an instantaneous velocity feedback and an average
velocity feedback. The low level controllers will be used in the next chapters as the basis to deal
will multi-scale path following issues of AFM probes with SEM vision feedback.
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2.1 ISIR-robotex nano-robotic platform

ControlDesk interface

Input/output connection ports 

dSPACE control unit

PSS inertial actuated Nano-robotic system

Serial robotic structure

(a) (b)

Akiyama-Probe end-effector

SEM vacuum chamber
Parallel robotic structure

Figure 2.1: Experimental setup used in this study (a) and the nano-robotic system (b).

The ISIR-robotex nano-robotic platform is composed of (Fig. 2.1): (i) the multi-dof nano-robot
actuated by 9 piezoelectric stick-slip actuators (SLC-1720), (ii) a controller board (dSPACE
DS1007), (iv) a control interface (dSPACE ControlDesk), (iii) a Scanning Electron Microscope
(ZEISS EVO LS 25) providing visual feedback and (v) a self seing tuning fork AFM probe as
the end effector, with its signal processing unit interface.

2.1.1 SEM ZEISS EVO LS 25

The instruments EVO LS 25 is a high performance Scanning Electron Microscope (SEM) that
includes a large analysis chamber to observe and analyze hydrated and non-hydrated samples.

The analysis chamber is under vacuum conditions so that the electron beam not only travels
through the electron gun, but also within the chamber to reach the sample to be observed. The
EVO LS 25 microscope allows various vacuum conditions, i.e various pressures. This extends
the capabilities of the microscope to image and analyze non-conductive samples using a variable
pressure mode. This is fundamental for samples or parts that cannot be coated with a thin
conductive carbon or metal film. The variable pressure mode allows also the observation of
hydrated and heavily contaminated samples (e.g. oily).

High vacuum (HV) mode: typically samples or parts are presented to the SEM with a
conductive surface – native in the case of metals, or applied as a thin carbon or metal film on
the surface of non-conductive samples. High vacuum delivers the best quality image and analysis
data as the electron beam remains coherent when traveling in high vacuum through the column
to the vacuum chamber.

Variable Pressure (VP) mode: when high quality imaging and analysis are needed on
uncoated, non-conductive samples or parts, such as those being imaged in a multimodal workflow,
VP mode is recommanded. VP mode uses a gas in the vacuum chamber to trigger a process of
gas ionization that will neutralize charge build-up on the surfaces of non-conductive materials.

Extended Pressure (environmental mode): variable pressure also can be taken to the
extreme, by choosing through-the-lens (TTL) pumping and water vapor in the specimen chamber,
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to work at even higher gas pressures. This allows imaging at relative humidity up to 100% of
hydrated samples in their natural state. This vacuum configuration is also recommended for
heavily contaminated parts, where throughthe-lens pumping will prevent contamination from
reaching the optical column.

Some examples of biological samples observed using the SEM of ISIR are shown in Fig. 2.2.
The technical specifications are shown in Table 2.1:

100 µm 30 µm 2 µm

2 µm 20 µm 100 µm

Figure 2.2: Some examples of biological samples observed using the SEM of ISIR.

In addition, there are 9 different scanning modes (Mode 1 - Mode 9) for EVO LS 25 micro-
scopes. The electron beam scanning speed decreases with the scanning mode increase. Higher
quality images can be obtained by lowering the electron scanning speed. This severely affects
the performance of real-time close-loop control with visual feedback. Conversely, the higher the
electron scanning speed is applied, the shorter time it takes to obtain the imaging, but at the
price of a loss of the image quality resulting in noise and blur. In this work, Scanning Mode 3 is
chosen for SEM visual feedback, to achieve a reasonable tradoff batween the image quality and
scanning speed.

Resolution Acceleration Voltage Probe Current Magnification

Value 2 nm 0.2 to 30 kV 0.5 ρA to 5 µA < 5 – 1,000,000×

Table 2.1: SEM EVO LS 25 specifications.

2.1.2 Multi-dof nano-robot

The nano-robotic system is vacuum compatible. It is composed of a 3 DOF serial structure and
a 6 DOF parallel structure ( Fig. 2.1 b). All actuators of the nano-robot are piezoelectric stick-
slip(PSS) with same reference (SLC-1720-S-HV). The actuators have a stroke of 12 mm and a
resolution in the nanometer range. The position of each actuator is measured by an integrated
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optical encoder with an initial resolution of 20 µm. To increase the measurement resolution, we
have used a digital interpolator with an interpolation factor of 4096. As such, the measurement
resolution is around 5 nm. The nano-robotic system is interfaced to a host computer via the
controller board. X and Y axes of the serial structure are in the horizontal position while Z axis
is in the vertical position (see Fig. 2.1 b). The end-effector, self sensing tuning fork AFM, is
held by z axis actuator.

2.1.3 Controller board

The controller board is composed of a DS1007 PPC Processor Board, a DS2004 High-Speed A/D
Board, and a DS3001 Incremental Encoder.

DS1007 PPC Processor Board: it provides high computing power combined with fast I/O
access. The single-slot board offers an onboard Gigabit Ethernet host and I/O interface. It is an
excellent fit application requiringe a combination of high computing power and fast closed-loop
rates (e.g., for electric motor control, advanced driver assistance systems or active noise and
vibration cancellation)

The DS1007 features a QorlQ P5020 dual-core processor running at 2 GHz. It is fully pro-
grammable from Simulink. It offers an integrated, high-data-throughput Ethernet host interface
for setting up modular systems without additional host interface cards. The DS1007 is highly
expandable. Its Ethernet I/O interface can be used for direct real-time model access via the
TCP/IP or UDP/IP protocol and for bypassing.

DS1007 supports a multicore system by using the individual cores of the dual-core processor
and easily assign the I/O boards by graphical programming via RTI-MP. The DS1007 dual-
core board is able to speed up applications with parallel computing and high performance data
exchange between the cores.

DS2004 High-Speed A/D Board: it has 16 channels with an independent A/D converter
with a resolution of 16 bits and differential inputs. The conversion time is 800 ns per channel.
Four external trigger lines, extensive trigger functions and onboard sample buffers enable single
measurement as well as burst conversion. The board buffers up to 16,384 values per channel and
then transfers them to the processor board as a burst. This reduces the communication overhead
and improves the overall system performance.

The Real-Time Interface (RTI) libraries for the A/D board provide RTI blocks that allow you
to implement the functionality and I/O capabilities of the board in Simulink models. The RTI
blocks can be added to a Simulink model via drag & drop.

DS3001 Incremental Encoder: it comprises 5 parallel input channels, each providing
everything needed to connect an incremental encoder and process its output signals: a regulated
encoder power supply with sense lines, differential or single-ended inputs for the encoder’s two
phase lines, and an index input. Technical specification is given in Table 2.2.
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Channels Position counter Input frequency Signal types Resolution

Value 5 24 bit 1.25 MHz (max) Digital 4-fold subdivision

Table 2.2: DS3001 technical specifications.

2.1.4 Akiyama AFM Probe (A probe)

100 µm

Tuning fork

AFM tip (radius < 15 nm)

AFM cantilever

Figure 2.3: Akiyama A-probe Tunning Fork observed by the SEM of ISIR. It is composed of the
AFM cantilever integrated on the tuning fork, [136].

Akiyama-Probe (A-Probe) is a self-sensing and self-actuating (-exciting) probe based on a quartz
tuning fork (TF) combined with a micromachined cantilever for dynamic mode AFM. As shown
in Fig. 2.3. Akiyama-Probe is equipped with a high-end sharp silicon tip (tip radius of d ≤
15nm, tip height of 28µm/s) and has an excellent imaging capability on various samples with
different properties. It requires neither optical detection, nor external shaker. Its compact and
integrated structure of the cantilever is another advantage, making itself more adjustable for
nano-manipulation within limited working space. A-Probe is designed for operation in ambient
conditions. It may work in other conditions, like vacuum, UHV, or low temperatures.

Tipically, the A-Probe works at a dynamic mode with the frequency modulation (FM) de-
tection, where the TF is self-excited (oscillating) at its first resonance frequency. This motion
applies a small vibration at the glued ends of the cantilever, which always contains a compo-
nent in z-direction (i.e., the axis of the tip) due to the twisting motion of the prongs (i.e., the
cantilever disturbs a symmetry of the TF). The cantilever amplifies the vibration according to
its mechanical property and a large out-ofplane motion of the tip is obtained. During sample
imaging, the resonance frequency is tracked by a phase locked loop (PLL) and kept at a set value
by adjusting the tip-sample distance with a feedback loop. The A probe can detect external
forces applied on the AFM tip by a measurement of a shift on the resonance frequency of the
tuning fork.
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2.2 Nonlinear modeling and position motion control of an ele-
mentary pizoelectric inertial actuator

This section summarizes the work reported in [Boudaoud et al. Tmech 2018] dealing with the
dynamic non linear modeling of PIAs embedded into the serial XYZ robotic structure. In this
work, a particular case of PIAs are considered which are the Piezoelectric Stick Slip (PSS)
actuators. However, the model can be generalized to a large class of PIA.

This model has been validated with experimental data for multi-scale displacements, i. from
the mm range to the nm range:

• in both time and frequency domains,

• for the two operating modes of the nano-robot, i.e. scanning mode and stepping mode,

• for different motion directions, i.e. forward and backward,

• for close loop trajectory-tracking task.

The modeling is performed under the hypothesis that the actuator is composed of: (i) a Piezo-
electric Element (PE) attached to the base of the actuator, (ii) a moving slider guided by a
linear crossed roller guideway with one translational DOF and (iii) a friction material between
the slider and the PE without lubricant (Fig. 2.4). The 3 DOF nano-robotic serial structure is
modeled here. Let us consider Xe, Ye and Ze as the coordinates of the end effector. The direct
geometric model of the structure is:


Xe

Ye

Ze

 =


qx

qy

qz

+


0

L1

−L2

 (2.1)

qx, qy and qz are respectively the joint coordinates of X, Y and Z axis. The dimensions L1

and L2 are the initial position of the end effector in Y and Z axes respectively.

2.2.1 Multi-state dynamic modeling of the Piezoelectric Element (PE)

The PE of the studied PSS actuators series has two main vibration modes (Fig. 2.4), a multi-
mode model is then used as follows:

Mp
d2pza
dt2

+Dpa

dpza
dt

+Kpapza = KactaU − Ff (2.2)

Mp
d2pzb
dt2

+Dpb

dpzb
dt

+Kpbpzb = KactbU − Ff (2.3)

pz = pza + pzb (2.4)

Mp, Dpi , Kpi and Kacti are respectively the mass, the damping, the stiffness and a static
gain of the first vibration mode and the second vibration mode (when replacing i with a and b
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Figure 2.4: Step response and Power Spectral Density (PSD) of the x axis PE (PSS actuator
without slider) using a 90 V step input. Two main vibration modes at 64 kHz and 118 kHz.

respectively). pzi is the displacement of a vibration mode i. The total displacement of the PE
is pz. U and Ff are respectively the input voltage and the friction force between the slider and
the PE.

In static mode (i.e when t→∞), the hysteresis nonlinearity H(.) is considered. The Modified
Prandtl-Ishlinskii (MPI) static hysteresis model is used to define H(.). It is well adapted for
non-symmetric hysteresis. This model is composed of (see equation 2.5): (i) n blocks of backlash
β (rbi) with a bandwidth 2× rbi and a weighting coefficient ωbi for each block and (ii) n blocks
of dead zone ∆ (rdzi) with a dead zone width 2 × rdzi and a weighting coefficient ωdzi for each
block (1 < i < n).

H (.) =

[
n∑
i=1

ωdzi∆ (rdzi)

n∑
i=1

ωbiβ (rbi)

]
(2.5)

2.2.2 Dynamic Modeling of the the Slider

The motion q of the slider is produced thanks to the friction force Ff . The dynamic equation of
the slider can be described by the following equation:

Ms
d2q

dt2
= Ff (2.6)

Ms is the mass of the slider. In the sequel, the friction force is modeled by an augmented
elasto-plastic model whose original formulation has been proposed in [36].

2.2.3 Modeling of the friction force

For the PSS actuators of the X, Y and Z axes, experiments have shown that in the stepping
operating mode, the breakaway displacement zba depends on the amplitude and the frequency of
the input sawtooth signal. This dependency is different when the slider is moving in a forward
direction or in a backward direction. Therefore, we propose here an augmented formulation
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of the original elasto-plastic model by taking into account a voltage/frequency rate dependent
function of zba. Moreover, experiments have shown that the actuator has several low frequency
(< 15 kHz) vibration modes which are not due to the PE. According to our hypothesis, the low
frequency vibration modes are related to the presliding motion between the PE and the slider.
A multi-state elasto-plastic friction model is then formulated to describe Ff

2.2.3.1 Multi-State Elasto-Plastic Friction model

In the elasto-plastic friction model, the motion x = pz − q between the PE and the slider is
decomposed into elastic and plastic parts, denoted by z and w respectively:

x = z + w (2.7)

Let us consider an external force that produces the motion x, which can be elastic (case 1),
elasto-plastic (case 2), or purely plastic (case 3). If the external force is cancelled, in case 1, the
motion x returns back to its initial position, in case 2, the motion return back with an offset
due to the plastic part, and in case 3, the motion is irreversible due to the pure plastic motion.
In the elastic range (case 1) ẋ = ż and ẇ = 0. In the elasto-plastic range (case 2) ẋ = ż + ẇ.
In the pure plastic range (case 3) ẋ = ẇ and ż = 0. Each motion range is delimited by the
breakaway displacement zba and the steady-state elastic strain zss. The motion x is in the elastic
range (case 1) when |z| ≤ zba. When zba < |z| < |zss|, mixed elastic and plastic displacements
are produced (case 2). Otherwise, only plastic displacement or sliding occurs (case 3), with |z|
saturates to |zss|.

A single-state elasto-plastic friction model with the friction force Ff is governed by:

Ff = ρ0z + ρ1ż + ρ2ẋ (2.8)

ρ0, ρ1 and ρ2 are respectively the contact stiffness, the damping for the tangential compliance
and the viscous friction constant. When the friction is presliding dominant with a small velocity
ẋ, ρ2ẋ is negligible compared to dry friction [67].

As such, the force Ff has a stiffness component ρ0 and a damping component ρ1. Each of
these parameters, including the mass of the moving surface, can define a resonance mode.

The elastic component z is described by the equation:

ż = ẋ

[
1− α(z, ẋ)

z

zss

]
(2.9)

where α is given in equations (2.10) and (2.11), [36].

α (.) =
1

2
Sin

(
π
|z| − |zss|+zba2

|zss| − zba

)
+

1

2
(2.10)
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α (z, ẋ) =


0 |z| 6 zba

α(.) zba < |z| < |zss|
1 |z| = |zss|

 sgn(ẋ) = sgn(z)

0 sgn(ẋ) 6= sgn(z)

(2.11)

Equations (2.7), (2.9), (2.10) and (2.11) allow satisfying the requirements on ẋ(t), ẇ(t) and
ż(t) in case 1, case 2 and case 3 as described above.

zss is often assigned in the literature as a positive constant independent of ẋ(t). In order to
ensure that the model is able to simulate the motion of the slider in both forward and backward
directions, we replace zss by zss(z) and we propose the following formulation [85]:

zss(z) = zss sgn(z) (2.12)

zss in the right side of equation (2.12) only represents a positive constant value. Combined
with the condition that |z| is always saturated to |zss|, for any motion direction it yields:

0 6
z

zss(z)
6 1 (2.13)

Taking into account the equations (2.9), (2.10) and (2.11), the condition 0 6 dz/dx 6 1 is
always satisfied. This condition is necessary as described in the original paper [36], when super
relaxation is produced and no Stribeck effect is considered.

Let us now consider a multi-state elasto-plastic model. In this case Ff is governed by the
following equation:

Ff =
m∑
i=1

(ρ0izi + ρ1i żi) (2.14)

Here, we select m=3 to take into accound 3 eigenmodes in the friction presliding dynamic.
This choice is motivated by the experimental curves of Fig. 2.5.

This formulation will allow to describe m resonant frequencies of the stick-slip actuator. The
resonant frequency fri for an eigenmode i is:

fri =
1

2π

√
ρ0i

Ms
. (2.15)

The complete model of the PSS actuator describes the nonlinear transfer between the motion
q and the voltage U .
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Figure 2.5: Step response of the PE (PSS actuator without slider) using a 90 V step input (a).
PSD of the PE (PSS actuator without slider) using a 90 V step input (b). Normalized (to unity)
step response of X axis (c), Y axis (e) and Z axis (g) for a 30 V step input voltage (PSS actuator
with slider). PSD of the step response of X axis (d), Y axis (f) and Z axis (h). The PSD of each
measured step response (c), (e) and (g) shows three main vibration modes. For X axis: 2200 Hz,
3700 Hz and 6800 Hz. For Y axis: 1500 Hz, 2900 Hz and 8000 Hz. For Z axis: 5950 Hz, 6850
Hz and 9630 Hz.

2.3 Experimental analysis and parameters identification

The dynamic parameters of the PE in equations (2.2) and (2.3), the hysteresis parameters in
equation (2.5) and the friction force parameters of equations 2.7-2.12, are identified [85] [22].
The breakaway displacement zba is fitted to cover the ranges [50 Hz - 1 kHz] and [20 V - 95 V]
in both motion directions.

The model identification is done considering experimental data from each axis of the serial
structure (i.e. X, Y and Z axis) independently. Experiments are performed in air. The identifi-
cation results are presented in TABLE 2.3.

Simulation and experimental data demonstrate highly consistency as shown in Fig. 2.5 and
Fig. 2.6.
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Figure 2.6: Hysteresis curves of X axis (I), Y axis (II) and Z axis (III). The amplitude and the
frequency of the input sin signals are: (I-a) 90 V, 50 Hz, (I-b) 30 V, 50 Hz, (I-c) 90 V, 2200Hz,(I-
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Figure 2.7: Voltage/frequency rate dependent characteristic of the breakaway displacement zba.
Characteristic for the forward direction of motion: (a) X axis, (c) Y axis and (e) Z axis. Charac-
teristic for the backward direction of motion: (b) X axis, (d) Y axis and (f) Z axis. The curves
are obtained with experimental data in the ranges [20 V - 95 V] and [50 Hz - 1 kHz]
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For the identification of zba, different sawtooth voltages are applied to measure the displace-
ment q of the slider. The average slope of q is calculated for the identification of zba considering
rz = zss

zba
= 1.1. For each nano-robot axis, 32 sawtooth voltages are applied in forward direction

and 32 in backward direction. The frequencies of the input signals are 50 Hz, 100 Hz, 500 Hz
and 1kHz. For each frequency, different amplitudes are used, namely 20, 40, 50, 60, 70, 80, 90
and 95 V. Identified results of zba are fitted to cover the ranges [50 Hz - 1 kHz] and [20 V - 95
V]. Results are shown in Fig. 2.7. These characteristics are quite different for the actuators of
the 3 axes even they are from the same reference.

Nevertheless, common properties can be observed:

(i) For two sawtooth signals of same amplitude and same frequency, the characteristics of
zba are different in backward and in forward directions of motion (see for instance Fig. 2.7 (a)
and Fig. 2.7 (b)). This can explain the asymmetric behavior of the actuator in the two motion
directions.

(ii) The breakaway displacement is more sensitive to the amplitude of the input signal than to
its frequency. This is important for simulation issues. The model can be simplified by considering
only the relation between zba and U .

For control issues, these results show that the model and/or an observer based on the model
must be designed considering a relation between zba and U for each driving direction.

X, Y and Z axes parameters [unit] Identified values
X axis Y axis Z axis

ρ01 [N/m] 4.012× 106 9.67× 105 3.15× 106

ρ02 [N/m] 1.27× 107 3.52× 106 4.14× 106

ρ03 [N/m] 4.93× 107 2.08× 107 8.35× 106

ρ11 [Ns/m] 78.77 39.07 17.72
ρ12 [Ns/m] 137.24 154.4 13.99
ρ13 [Ns/m] 96.03 246.94 32.92
PE parameters [unit] Identified values
Mp [Kg] 0.00075
Dpa [Ns/µm] 25.86
Dpb [Ns/µm] 82.17
Kpa [N/µm] 1.23× 108

Kpb [N/µm] 4.24× 108

Table 2.3: Identified parameters of the PSS actuator for X, Y and Z axis.

2.4 Closed loop trajectory generation and control strategies

The nonlinear model is used to define control strategies for the 3 DOF structure. The aim
is to analyze if a motion generation defined by simulation with a controller can be faithfully
reproduced when the same controller is implemented experimentally. The first part deals with a
closed loop trajectory generation involving X and Y axes in stepping mode only. The second part
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deals with a contact detection strategy with Z axis in a mixed regime: stepping and scanning.

2.4.1 Closed loop trajectory generation in stepping mode
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Figure 2.8: Control diagram of one axis of the nano-robotic system. qref stepping is the reference
position in stepping mode. qref scanning is the reference position in scanning mode. The switch
block define which control signal is used: position P1 for closed loop stepping control, position
P2 for open-loop stepping control and position P3 for closed loop scanning control.

In stepping mode, the closed loop control scheme for one axis of the nanorobot is shown in Fig.2.8
where the switch is always in position P1. It includes:

(i) A sawtooth generator designed with matlab/Simulink. This generator has three inputs
UA, UF and Dir to control respectively, the amplitude, the frequency and the direction of the
sawtooth output signal U at each sampling time.

(ii) The PSS model defined in the previous sections with the identified parameters. The inputs
of the model are the voltage U , the input direction Dir and the signal UA. Dir and UA are used
to define the value of zba at each sampling time.

(iii) PI controller 1. It is a Proportional Integral (PI) controller used to control the amplitude
of the sawtooth signal U taking into account the absolute value of the error between the reference
position qref in stepping mode, the actual position q (i.e.

∣∣qrefstepping
− q
∣∣) and the absolute value

of the integral of this error. The proportional gain and the integral gain are denoted respectively
KpV _step and KiV _step .

(iv) PI controller 2. It is also a PI controller used to control the frequency of the sawtooth
signal U . The input of this controller is the same as that of PI controller 1. The proportional
gain and the integral gain are denoted respectively KpF_step and KiF_step .

Let us denote qrefX and qrefY the reference positions in stepping mode for X and Y axes
respectively.

{
qrefX = (−20t+ 1000) sin(2πf0t+ π

2 ),
qrefY = (−20t+ 1000) sin 2πf0t,

(2.16)
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t is the time vector.

The controller of Fig.2.8, where the switch is always in position P1, has been applied for X and
Y axes. First, the controller has been simulated with Matlab/Simulink using the nonlinear model
of the nano-robotic system. Secondly, the controller with the same parameters (i.e. controller’s
gains) has been implemented in real time on the dSPACE controller board.
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Figure 2.9: Closed loop displacements of the X axis and Y axis in response to a decreasing
amplitude reference input qrefX and qrefY respectively. Reference trajectory, experimental
data and simulation data are shown. Experiments are done in air. X axis: (a) 0.1 Hz, (c) 0.2 Hz
and (e) 0.5 Hz. Y axis: (b) 0.1 Hz, (d) 0.2 Hz and (f) 0.5 Hz. The same controller’s parameters
have been used in simulation and for experiments. (g) Results of the 3D spiral motion in XYZ

Results in Fig.2.9 show that, both in simulation and experiments, the 3 DOF structure of the
nano-robot tracks well the reference trajectories for frequencies 0.1 Hz, 0.2 Hz and 0.5 Hz, in
stepping mode. This consistent result demonstrates the efficiency of the model to design a con-
troller by simulation upstream of a real time implementation. Indeed, the gains of the controller
have been defined by simulation using the model and the same gains have been implemented
experimentally. In the next section, the study goes further by generating a motion as well in the
millimeter range as in the nanometer range, which covers a motion range where the maximum
displacement is one million times higher than the minimum one.

2.4.2 Multi-scale AFM tip landing inside SEM

We propose here a mixed stepping/scanning control to land the AFM cantilever in a wide motion
range. The control strategy of Fig. 2.8 is also used here, where the switch can be in positions
P1, P2 or P3 depending on specific conditions. For a safe contact detection, the PSS actuator
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must operate in both scanning and stepping modes.

Tuning fork

Probe

Contact surface

Figure 2.10: A tuning-forkbased dynamic force sensor on Z axis. A tungsten probe tip of 1-2
mm length with a tip radius around 1 µm, manually glued on the side of one prong of the tuning
fork, oscillating at resonance frequency of 32 kHz. Resonance frequency shifts and feedback as
voltage Vsh, when contact occurs between probe and environment.

The tuning fork oscillates at is resonance frequency (32 kHz). When the probe tip touches a
sample, a shift of frequency occurs. This shift is deduced from an analog voltage Vsh. See [1]
for more details about the working principle of the tuning fork probe.

The control strategy is applied on Z axis of the nano-robot serial structure. It has been defined
as follows (Fig. 2.8) :

Step1 - stepping mode control- (Switch position P1): the actuator is controlled in
stepping mode with a course reference position equal to 1 mm, through controller in Fig.2.8.

Step 2 - mixed stepping and scanning mode control- (Switch position P2 or P3)
: the actuator is controlled in a mixed regime scanning mode (Switch position P3) and stepping
mode (Switch position P2). For the scanning mode, the voltage U is generated by the PI
controller 3. The reference position is 1.7 µm. For the stepping mode, the amplitude and the
frequency of the sawtooth signal are fixed to 35 V and 2 Hz respectively (open loop). In this
step, the Z axis performs a fine approach of the probe tip toward the sample. The scanning mode
control monitoring contact signal Vsh, ensures a safe approach of the probe toward the sample.
The amplitude of the displacement in stepping mode must be lower than that in scanning mode.
As such, it is ensured that the probe touches the sample only in the phase of scanning control.

Step 3 - scanning mode control- (Switch position P3): the voltage Vsh of the tuning
fork probe detects a contact. Only the PI controller 3 is then active. The probe returns back in
closed loop by 100 nm in scanning mode, Fig. 2.11 (c).
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Figure 2.11: Experimental results of the controlled position of Z axis by the controller in Step 1
(a), Step 2 (b) and Step 3 (c). When the position of Z axis increases, it is moving toward the
sample.

(a)

(b)

- Millimeter range displacement -

-Micrometer range displacement -

0 2 4 6
Time (s)

Time (s)

0

200

400

600

800

1000

Experimental data
Simulation data

0 1 2 3 4
0

0.4

0.8

1.2

1.6 Experimental data
Simulation data

Z
  
d
is

p
la

ce
m

en
t 

(µ
m

)
Z
  
d
is

p
la

ce
m

en
t 

(µ
m

)

(c)

- Nanometer range displacement -

-Micrometer range displacement -

Time (s)

Time (s)

Time (s)

0 0.4 0.8 1.2 1.6 2
-0.5

0

0.5

1

0 1 2 3 4 5
-0.12

-0.08

-0.04

0

(d)

Experimental data
Simulation data

Experimental data
Simulation data

Z
  
d
is

p
la

ce
m

en
t 

(µ
m

)
Z
  
d
is

p
la

ce
m

en
t 

(µ
m

)

Figure 2.12: Experimental and simulation results of the controlled Z axis position in Step 1 (a),
Step 2 (b) (c) and Step 3 (d). The time origin is set at 0.

The control strategy including the 3 steps has been simulated with Matlab/Simulink using
the nonlinear model of the Z axis. The control strategy with the same parameters (i.e. gains
of the controllers in Steps 1, 2 and 3) has been implemented in real time on dSPACE controller
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board. The nano-robotic system is operating in the vacuum chamber of the SEM. Fig. 2.11
(a),(b),(c) show respectively the experimental results of the controlled position of Z axis in Step
1, Step 2 and Step 3. The switch from Step 2 to Step 3 is performed when the value of Vsh is
higher or lower than two threshold values.

The experimental closed loop position of Z axis is very close to that obtained by simulation
during Step 1, Step 2 and Step 3. This result demonstrates that the control parameters (con-
trollers gain) can be completely defined by simulation when considering millimeter (Fig. 2.12
(a)), micrometer (Fig. 2.12 (b)) and even nanometer displacements (Fig. 2.12 (d)). The mean
errors between experimental data and simulations are 0.56 %, 18.36% and 8.25% for closed loop
millimeter, micrometer and nanometer displacements respectively. The efficiency of the model
to design a controller by simulation in stepping mode, in scanning mode and in a mixed mode
upstream of a real time implementation is demonstrated. Therefore, the proposed model can be
used for observer and control designs as well as simulation and code generation for nano- robotics
through a streamlined CAD/CAM engine programming.

2.5 Velocity characterization and control

In the previous sections, we have developed the control the PSS actuated nano-robotic system
through position control. However, if we want to achieve more automated tasks, such as driving
the end-effector to accurately follow a reference trajectory and path, velocity control is of primary
importance. The work of this section fills the technological gap in nano-robotics for applications
requiring a motion generation and path following at the micrometer and the nanometer scales
with a controlled speed. In order to provide velocity references that PSS actuators can achieve,
experiments are carried in both forward and backward directions of motion under air and vacuum
environments. Through applying various input sawtooth voltages on the actuator with different
amplitudes and frequencies, the velocity range of the actuator is identified. This analysis allows
obtaining a detailed map of the velocity characteristics. Velocity control strategies are then
studied and implemented experimentally on the nano-robotic system. The control method is
based on a Proportional Integral (PI) scheme to control the amplitude and the frequency of
a sawtooth input voltage with a velocity feedback of the actuator. Two control strategies are
studied, the first one uses the instantaneous velocity of the actuator as a feedback signal and the
second one uses, at each sampling time, the slope value of the displacement from the actuator’s
starting position as the closed loop feedback.

2.5.1 Analysis and characterization of the velocity

Because the nano-robotic systems is not only used in air environment but also in the vacuum
chamber of the SEM, the velocity characterization is done in both air and vacuum. Without
loss of generality, all experiments are performed on the PSS actuator of Y axis in the serial
nano-robotic structure (see Fig. 2.1).

The aim is to define the reachable velocities of the actuator based on the experimental condi-
tions. Experiments have shown that the velocity of the slider depends mainly on the sawtooth
voltage parameters, namely the amplitude, the frequency and the sign of the ramp slope.
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Figure 2.14: Velocity characteristics of the PSS actuator in air and vacuum environments for
backward (a) and forward (b) motion directions.
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Figure 2.13: Velocity characteristics of the piezoelectric stick-slip actuator in vacuum environ-
ment.

The experiments have been done first in air and then in vacuum under the following protocol:
(i) a sawtooth voltage with a fixed amplitude, frequency and ramp slope is applied on the
piezoelectric element of the actuator, (ii) the displacement of the slider is measured during several
seconds with 35 kHz sampling frequency using the integrated optical encoder, (iii) the average
velocity is calculated based on the experimental displacement measurement. This experiment
is repeated for sawtooth voltages with the following frequencies: 50 Hz, 1 kHz, 2 kHz, 3 kHz,
4 kHz, 5 kHz, 6 kHz, 7 kHz, 8 kHz, 9 kHz, 10 kHz and 11 kHz. For each frequency, different
amplitudes have been are applied, namely 10 V, 20 V, 40 V, 60 V, 80 V and 90 V. The same
experiment is then repeated by changing the sign of the ramp slope of the sawtooth voltage. In
total, the average velocity of the actuator has been identified for 144 operating points in air and
144 operating points in vacuum. In this latter case, the nano-robotic system has been put inside
the SEM with a vacuum pressure of 3.16× 10−4 Pa.
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Air Vacuum

Forward Backward Forward Backward

Maximum Velocity [µm/s] 10732 -11465 12313 -13796

Minimum Velocity [µm/s] 17 -30.9203 21.9235 -37.473

Table 2.4: Maximum and minimum measured velocities in different operating conditions.

For each operating condition, i.e. air/forward direction, vacuum/forward direction, air/backward
direction and vacuum/backward direction, the velocity characteristic of the actuator with respect
to the amplitude and the frequency of the sawtooth voltage has been obtained (Fig. 2.13) by
fitting the experimentally identified average velocities with a cubic interpolation.

For a given set of amplitude and frequency, the slider moves faster in backward direction. This
is observed in both air and vacuum conditions. The velocity does not depend on the sawtooth
voltage parameters only, but also on the working environment. Indeed, with the same input
amplitude, input frequency and motion direction, the actuator moves faster in vacuum than in
air as shown in Fig. 2.14. The difference of velocity in air and vacuum is significant only for
velocities higher than 10000 µm/s. The minimum and the maximum identified velocities for each
operating condition are summarized in Table 2.4.

For control purposes, the velocity characteristic curves allow the definition of the required
amplitude and the required frequency of the sawtooth voltage to reach a desired velocity. It can
also be used as a basis for the definition of the proportional gains to control the amplitude and
the frequency of the sawtooth voltage in closed loop so that the actuator can reach a reference
velocity. In addition, as it will be shown in Chapter 4, the velocity maps can be used as an
internal model for model predictive control.

2.5.2 Velocity control strategies

Velocity control strategies are proposed in this section considering the range [500 µm/s -
5000 µm/s]. As shown in Fig. 2.14, the effect of the environment (i.e. air and vacuum) on
the velocity in this range is not very high. As such, velocity control in both environments using
the same controller will lead to comparable results. Therefore, in this section experiments are
performed in vacuum only.

The first strategy is based on the instantaneous velocity while the second one uses the average
velocity calculated at each sampling time from the actuator’s starting position.

2.5.3 Instantaneous velocity control

The velocity control is based on two Proportional-Integral (PI) controllers. As shown in Fig. 2.15,
PI controller 1 and PI controller 2 are used to control the amplitude and the frequency respec-
tively of the driving sawtooth voltage. The input of each controller is the error between the
reference velocity Vref and the actual instantaneous velocity vi. The output of the sign function
allows the definition of the direction of motion of the actuator.
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Figure 2.15: Control diagram of the closed loop instantaneous velocity control. Vref and Vi are
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The controller is designed in the discrete form as follows:

Ua(k) = Kpae(k) +
k∑
i=1

(Kiae(k)Te) (2.17)

Uf (k) = Kpfe(k) +
k∑
i=1

(Kife(k)Te) (2.18)

The signals Ua(k) and Uf (k) are calculated from the PI controllers. They define respectively
the amplitude and the frequency of the sawtooth voltage. Kpa, Kia are the proportional gain
and the integral gain respectively of PI controller 1. Kpf , Kif are the proportional gain and the
integral gain respectively of PI controller 2. Te is the sampling time and kTe stands for the time.
The derivative of the displacement is considered as the feedback signal.

Since the actuator is driven by a stick-slip principle, the instantaneous velocity used in the
feedback loop becomes very high during the slip phases. This is a major impediment to achieve
a good compromise between the closed loop bandwidth and the stability margin of the system.
For instance, high gains of the controller lead to a fast response time but significant vibrations
of the actuator will be produced.

For the implementation of the controller, based on a trade off between stability and response
time, the selected gains are Kpa = 0.00001 V s/µm, Kia = 1.2 V s/µm, Kpf = 0.001 V s/µm and
Kif = 1 V s/µm.

The controller has been designed using matlab/simulink and the implementation has been
performed on the dSPACE controller board with a sampling frequency of 35 kHz. The control
voltages Ua and Uf calculated with the controller board are connected to the input of the
sawtooth generator to drive the PSS actuator.

The velocity references have been selected taking into account the characterization results of
Fig. 2.14. Experimental results of the slider displacement with the closed loop instantaneous ve-
locity control are shown in Fig. 2.16 for reference velocities of 500 µm/s, 1000 µm/s, 2000 µm/s,
3000 µm/s, 4000 µm/s and 5000 µm/s. For the evaluation of the controller performance, exper-
iments have been performed in forward and backward directions.

For PSS actuators, using an instantaneous velocity control leads to a relatively long response
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Figure 2.16: Experimental results of the displacement of the slider with the closed loop instan-
taneous velocity control. (a) Displacement in forward direction. (b) Displacement in backward
direction. The PSS actuator is operating in the vacuum environment.

time which is more than 1 s in the range of the input reference [500 µm/s - 5000 µm/s]. This
is an important issue for PSS actuators, which have a limited working range. For instance, the
displacement range of the studied actuator is 12 mm. Using a reference velocity of 5000 µm/s,
the actuator reaches the desired velocity in closed loop after having traveled the half of the total
displacement range. Moreover, there are significant vibrations in the instantaneous velocity
feedback signal as shown in Fig. 2.17. This is mainly due to the repetition of several sequences
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Figure 2.17: Experimental instantaneous velocity of the slider with the closed loop feedback for
a reference of 1000 µm/s. (a) Velocity in forward direction. (b) Velocity in backward direction.
The PSS actuator is operating in the vacuum environment.
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of slip motions.

The instantaneous velocity control is an interesting solution for PSS actuators but it requires
a severe compromise between stability and response time.

2.5.4 Average velocity control

The velocity of the slider can also be calculated by the ratio between the displacement and the
time, i.e. the slope of the displacement with respect to the time. The velocity control describes
the instant velocity state, and the slope control reflects the average velocity state. If a velocity
control is applied, the average velocity must also converge to the velocity reference.

+

_

Vref

Sawtooth generator

PI controller 1

PI controller 2

PSS 
Actuator
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U

Dir

Ua

Uf
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Abs

qe

Abs

Calculation of the 
average velocity

Figure 2.18: Control diagram of the closed loop average velocity control. Vref and Va are
respectively the desired velocity reference and the actual average velocity calculated from the
slider’s starting position.

The average velocity is calculated by

Va =
q

t− t0
(2.19)

Where Va is the average velocity, q represents the displacement of the slider, t stands for the
actual time and t0 is the time when the slider starts moving (initial position).

The control diagram is shown in Fig. 2.18. It has the same working principle as that of the
previous controller (Fig. 2.15) except that the output feedback is now the average velocity.

The ratio between the total displacement of the slider and the unwanted vibration generated
at the slip phase is high. Therefore, the effect of the slip vibrations on the velocity control
performance is very limited. With the average velocity control, it is then possible to find a good
tradeoff between the stability and the response time. The gains of the controller can be increased
to decrease the closed loop response time while keeping a safe stability margin.

For the implementation of the controller, the selected gains are Kpa = 1 V s/µm, Kia =
0.8 V s/µm, Kpf = 1.2 V s/µm and Kif = 2.5 V s/µm.

The controller has been implemented in the controller board. Experimental results of the
displacement of the slider with the closed loop average velocity control and the instantaneous
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Figure 2.19: Experimental results of the displacement of the slider with the closed loop average
velocity control and instantaneous velocity control for a velocity reference of 1000 µm/s. (a)
Displacement in forward direction. (b) Displacement in backward direction. The PSS actuator
is operating in the vacuum environment.

velocity control for a velocity reference of 1000 µm/s are shown in Fig. 2.19. This result demon-
strates the ability to converge faster to a target position with a controlled average velocity. Thus,
the slider’s displacement curve is able to track and converge to the integral curve of the constant
velocity reference.

Closed loop position tracking of a triangle wave when using the average velocity control and
the instantaneous velocity control are shown in Fig. 2.20 (a) and Fig. 2.20 (b) respectively. The
input reference is a square velocity signal of 0.2 Hz with -500 µm/s and +500 µm/s minimum
and maximum values respectively. For tracking performance, the advantage of using the average
velocity feedback to control the velocity of PSS actuators is demonstrated. The results have been
compared with simulation data using the model presented in Section 2.2. For the simulation, the
controller gains have been selected equal to those used in the experiments. A good agreement is
observed between simulation and experimental data. This result shows also the potential of the
non linear model for velocity control and observation.

2.6 Summary

This chapter has dealt with fundamental issues of modeling and low level motion control of the
3-DOFs (X-Y-Z) ISIR-robotex nano-robotic system. A new nonlinear dynamic model has been
proposed for a class of nanorobotic systems using inertial piezoelectric actuators (PIAs). It de-
scribes the mathematical relation between the input voltage applied to a piezoelectric element
and the displacement of the associated slider. The model is based on a coupled piezo/friction
hysteresis model and an augmented multistate elasto-plastic friction model for which the break-
away displacement depends on the frequency and the amplitude of the input sawtooth voltage.
This dependency is highlighted experimentally and represents the main novelty in friction mod-
eling compared to the state of the art. This consideration has allowed a precise simulation of the
motion of each individual PIA in a very wide operating range, i.e from the millimeter down to
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Figure 2.20: Simulation and experimental tracking results with the closed loop average velocity
control (a) and instantaneous velocity control (b). The reference velocity is ±500 µm/s. The
PSS actuator is operating in the vacuum environment.

the nanometer; which is referred as a multi-scale displacement modeling. The maximum error
of the closed loop simulation data and experimental data is 9.05 %. The model has been vali-
dated for closed loop control design considering two elementary tasks inside the SEM, namely 3D
motion generation of the AFM probe and multi-scale AFM tip landing on sample surface. The
model has shown its efficiency for observer and control designs as well as simulation and code
generation for nano-robotics through a streamlined CAD/CAM engine programming. Finally,
velocity characterization and velocity control of PIAs has been studied. A detailed map of the
velocity versus the input amplitude and frequency voltage has been drawn based on experiments
in forward and backward motion directions. This map is of importance to define the reachable
velocities that can be set as input reference in closed loop velocity control. Velocity control
strategies have then studied based on an instantaneous velocity feedback and an average velocity
feedback. The low level controllers studied in this chapter will be used in the next chapters as
the basis to deal will multi-scale path following issues of AFM probes with SEM vision feedback.
The nonlinear model is the key for observer design.



Chapter 3

Atomic force microscope tip
localization and path following through

electron microscopy vision

The previous chapter has put the low level control foundations that will be used here. This
chapter addresses the issue of high level multi-scale path following control of an AFM cantilever
operating inside electron microscopes. The aim is to control the trajectory of the cantilever
driven by a PIA using both electron microscope images and velocity measurements from optical
encoders. The path following control is divided into two layers. The high level layer considers a
Frenet frame kinematic model to compute velocity references along two orthogonal axes. The low
level layer is based on an average closed loop velocity control of the nano-robotic system along
the two orthogonal axes. For AFM tracking using SEM vision, one has to consider specific issues
related to the compromise between the scan speed and the image quality of SEM. This restriction
seriously limits the performance of conventional vision tracking algorithms such that those based
on Template Matching when used with electron images. At high scan speed, the image quality is
very noisy making very difficult to differentiate the AFM tip from the background, hence limiting
the tracking capabilities. In this work, we explore for the first time the potential value of deep
learning in the context of nano-robotic vision tracking inside SEM. The aim is to localize in real
time the AFM cantilever from SEM images for any scan speed configuration and despite of low
images quality. For that purpose, a data set of AFM tip images is build up from SEM images for
the learning algorithm. Network performances are estimated under different SEM scan speeds.
Thanks to the learning algorithm, experimental results show robust AFM tip tracking capabilities
inside the SEM under various scan speed conditions. Experiments have been done considering
different path shapes and the mean tracking error has been found less than 2 µm in the worst
case.

43
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3.1 Multi-scale Path Following of the AFM tip inside the SEM

3.1.1 Path Following versus trajectory tracking

SEM
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Figure 3.1: Comparison between trajectory tracking controller and path following controller.
Trajectory controller may bypass and short-cut the reference curve by accelerations considering
of time schedule, leading to the loss of geometric precision. Path following controller, regardless
of time characters, is able to keep the desired tangential velocity and converge to the curve as
accurate as possible.

To control the robot motion over a pre-specified geometric curve in a Euclidean space, there are
usually two control methods: trajectory tracking and path following. The difference between the
two controllers lies on the dependency on time. The trajectory-tracking controller relies on the
time factor, where the reference path is defined with a time specification. On the other hand, the
path following controller is time-invariant, where the reference path is defined without temporal
constrains.

The temporal dependency of the path is therefore one of the main factors that differentiate the
performances of the two controllers. As shown in Fig. 3.1, in the presence of perturbations and/or
high curvatures along the reference path, the trajectory tracking controller will accelerate the
robot and short-cut the reference curve to respect the time constraints during the tracking. This
may lead to unexpected collisions between the robot and the obstacles close to the reference
path. While in the same situations, as the path following controller has no time restrictions,
only the geometric convergence of the actual robot path to the reference path is considered, thus
avoiding the previously mentioned issues. Hence, in the case of perturbations or lag conditions,
the path following controller achieves better performances than the trajectory-tracking controller
in terms of geometric precision and convergence to the reference path.

In this thesis, the AFM tip path following control is not implemented for scanning or topog-
raphy purposes but for manipulation of small scale objects inside the SEM. Therefore, no severe
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time constraints are needed. Bypass or short cut behaviors in the trajectory tracking will bring
the AFM tip close or in contact with obstacles, which is not desirable. What matters is that the
AFM cantilever follows the exact specified reference curve, avoiding obstacles. In addition, with
path following control, the longitudinal velocity may be modified according to the curve shape,
length and curvature and the limited acquisition speed of SEM vision will requires a limitation in
the AFM cantilever velocity within a feasible range. Finally, modifying the velocity profile will
improve the transference efficiency of the AFM cantilever between different Regions Of Interest
(ROI) for the vision tracking. Therefore, according to the above-mentioned reasons, the path
following is a better choice than the trajectory tracking in the case of our study.

3.1.2 State of the art

20 µm

Y

XZ

Desired path

Tracking region

PX

C

Figure 3.2: AFM cantilever observed with the SEM. The aim is to track the point P on the
cantilever so that it follows the path C.

The objective of path following is that a point P on the robot follows a given in plane curve
C without time constraints (Fig. 3.2). The distance between the point P and the closest point
M on the curve C is minimized, i.e. stabilized at zero, while the robot is moving with a velocity
v0 [19] [20]. Velocity control is therefore one of the pivotal issues here. Path following has been
deeply studied and applied in various fields of robotics. In recent published works, one can cite
applications in mobile vehicles [121] [42] [72], aerial vehicles [97], underwater vehicles [155]
[145] [103], surgical robotics [125] [31] and micro- robotics [99]. The studied systems can be
classified into holonomic [31] [158] and non-holonomic [121] [122].

Despite the widespread use of inertial actuated nano-robotic systems in laboratories [30] [3],
there is up to now no work in the literature nor demonstration of path following control for
robotic systems actuated by piezoelectric and inertial principles and more specifically by stick-
slip actuators. There is therefore no demonstration of multi-scale path following control for AFM
cantilevers with SEM vision.

The essence of path following is to control the robot velocities so that it converges into the
reference path. Specific driving methods of inertial actuators are needed to obtain a smooth
motion trajectory. This is of importance to reduce undesired vibrations caused by the stick and
slip transitions and the presliding dynamics [36]. Hunstig et al. [35] proposed some driving



46Chapitre 3. Atomic force microscope tip localization and path following through electron microscopy vision

methods considering three main criteria, namely the steady state velocity, the smoothness of
motion, and the start-up time. Liang et al. [73] have made a characterization of the velocity
with respect to the amplitude and the frequency of the input sawtooth volage to evaluate the
reachable velocities that can be used a an input reference in a closed loop control. Velocity control
based on an instantaneous velocity feedback and on an average velocity feedback have then been
studied. The latter one have shown better results in terms of motion vibration damping. The
average velocity control described in [73] will be used here as a part of the path following control.

3.1.3 General problem description

Ys

XsRs

dpf

p

pp

Y0

YYReference Path

mk-1
mk

mk+1 mk+2

X
Y

Z
AFM probe

Figure 3.3: Define projection distance dpf , by projecting end-effector P onto the reference curve
Γ, resulting projection point Pp.

The first step toward path following is to define the geometric reference curve. It can be
defined by a path planning algorithm using SEM vision. To be more user-friendly, the operator
can also draw the desired path curve through mouse click on the screen of the SEM. The second
step is to land the AFM probe on the starting point of the reference curve. Here the landing
procedure described in the previous chapter can be used. At each sampling time, the path
following algorithm minimizes the projection distance dpf and simultaneously maintains the
desired tangential velocity along the curve. The distance dpf is the projection distance between
the point P on the AFM probe and the point Pp on the reference path Γ (Fig. 3.3).

3.1.4 Kinematic Model

The path following control strategy is designed considering the specific case of the 2-DOF holo-
nomic inertial actuated nano-robotic system (i.e. X and Y axes of the Cartesian nano-robot of
[21]). Let us consider the local frame Rp, the Frenet frame Rs and the world frame R0 [94]
as in Fig. 3.4. The controller specifies the local velocities of the AFM tip vadv and vrec, with
respect to the Frenet frame Rs. These velocities are further projected onto X and Y axes as
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Figure 3.4: Frenet frame based kinematic model, calculating the tangential velocity vadv and
the normal velocity vret in the Frenet frame Rs and projected into vx and vy in the world
frame R0.

vx and vy in the world frame R0. With vx and vy as input, the closed loop velocity control
previosulsy designed in [73] is applied for each axis of the nano-robotic system driving the AFM
cantilever. The aim is that the AFM tip position converges to a defined curve Γ in world frame.

In this work, the AFM tip orientations in the frames Rp, Rs and R0, are assumed to be
fixe. The AFM tip position is characterized by a point p(x, y)T in world frame R0, which is
obtained from SEM images. The point pp is the perpendicular projection of p(x, y)T in the
reference curve Γ. The AFM tip translation velocity vt within the frame Rs, is divided onto the
tangential velocity vadv along the path, and the normal velocity vrec perpendicular with the
path. In Fig. 3.4, kp and kpf are tangential and normal unit vectors respectively of Γ at pp.
Moreover, kx and ky are the unit vectors of x and y axes in the frame R0 respectively. The path
following error is the distance ||dpf|| = pp − p. In equation (3.1), the AFM tip velocity vt is an
independent variable.

3.1.5 Path Following Control Strategy

The control process consists of a high level control and a low level control (Fig. 3.5). The high
level control computes and assigns the tangential velocity vadv and normal velocity vrec to steer
the AFM tip to converge to the path reference Γ. In the low level control, the projection of vadv
and vrec on X and Y axes as vx and vy are used as input references for the closed loop inertial
actuators velocity control.
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Figure 3.5: Two-layer path following control scheme on inertial nano-robotic system: the high
level control, considering the translation velocity vt, reference path and end-effector position,
computes the tangential velocity vadv and perpendicular velocity vret converging to reference
path; low level control decouples vadv and vret into vx and vy as input, apply velocity control
on inertial actuators by double-PI controllers; SEM tracks and feedback robot position across
imaging

3.1.5.1 Velocity assignment in Frenet Frame

The velocities vadv and vrec are calculated from the specified desired translation velocity vt of
the AFM tip in the world frame R0, where:


||vt|| = vconstant,

vt = αkp︸︷︷︸
vadv

+β||dpf||kpf︸ ︷︷ ︸
vrec

, (3.1)

α is the amplitude of the tangential velocity vadv and β||dpf|| is the amplitude of the normal
velocity vrec toward the path reference. The AFM tip velocity vt is specified as constant vconstant
to ensure a smooth and stable tracking. α and β are determined by the following rules:

if


||dpf|| < dd,

{
β = constant

α =
√
||vt||2 − ||vret||2

||dpf|| > dd,

{
β = constant

α = 0

(3.2)

where dd is a threshold distance between the AFM tip position and the path reference.

3.1.5.2 Velocity assignment in the world frame

The projected velocities vx and vy in the world frame are obtained from vadv and vrec as follows:

{
vx = vadv · kx + vrec · ky,

vy = vadv · ky + vrec · kx,
(3.3)
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kx and ky are the unit vectors of X and Y axes in R0. The velocities vx and vy will be used
as velocity control input references to achieve the final path following task.

3.1.6 Template Matching Real-Time Visual Tracking

Template Matching is a conventional technique to find areas inside an image that are similar to
a template (patch). When applied to a moving object in a sequence of images, it allows tracking
its motion. The algorithm input includes two primary components:

• Source image (I): the image inside which the template is searched.

• Template image (T): the patch image that will be compared with the source image.

Template image

Local source image
Source imageMatching location (x, y)

Figure 3.6: Template Matching illustration. Matching the template image within the source
image, generates more wrong leap localization estimation. Matching the template image within
the local source image, moving and updating with the ifentified coordinate, generates stable
localization estimation.

The goal is to find the most probable position of the template in the source image (Fig.
3.6). To this end, the template is placed at any possible position in the image and a similarity
measurement between the template and the source image is computed. More specifically, let us
consider T(x,y) the template and I(x,y) the source image. A score image R(x,y) is estimated as
follows:

R(x, y) =

∑
x′,y′(T (x′, y′) · I(x+ x′, y + y′))√∑

x′,y′ T (x′, y′)2 ·
∑

x′,y′ I(x+ x′, y + y′)2
(3.4)

The higher the score in R(x,y) is, the more likely the object is present at this position. Due
to noise in SEM images, some bad detections, far from the previous detection (time t-1) can be
found. To improve the robustness and accelerate the computation time, a local source image,
which is 20 pixels bigger than the template image and localized at the previous detection is
considered. This consideration significantly improves the stability of the tracking result with
template matching. Fig. 3.6 illustrates this process. The template is represented in red and is
searched in the local source image represented in green.
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3.1.7 Experimental Validation

The path following controller of Fig. 3.5 is implemented in real time on the nano-robotic system
holding the AFM cantilever. The template matching algorithm is used to track the position
of the AFM tip. All the experiments are done inside the SEM. Three main performances are
evaluated, namely the path following precision, repeatability and robustness w.r.t to the AFM
tracking velocity. Different types of reference paths are tested, i.e. line shape reference curve,
circle shape reference curve and sine shape reference curve. For a tracking velocity of 3 µm/s, in
the steady state, the mean of the error is no more than 2 pixels which corresponds to 2 µm for
the 3 reference paths (Fig. 3.7).
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Figure 3.7: Path following control deviation d at translate velocity of 3 µm/s, line curve control
deviation, circle curve control deviation, sine curve control deviation.

To analyze the repeatability of the path following, for each path reference curve, the AFM tip
path following is repeated 10 times with a longitudinal velocity of 3 µm/s as shown in Fig. 3.8.
The RMS error is found equal to 1.8420, 1.5316 and 1.3673 pixels for the line, the circle and the
sine reference paths respectively. These results demonstrate the high repeatability of the path
following control process.

In the third experiment, the effect of the tracking velocity on the path following performances
is evaluated. Taking into account the closed loop sampling frequency of the controller and the
vision tracking capability, the tracking reference velocities used for the robustness analysis of the
path following are 2 µm/s, 3 µm/s and 4 µm/s. Form the results of Fig. 3.9, it can be seen that
a path following under velocities of 2 µm/s and 3 µm/s is much smooth than with 4 µm/s. The
effects of these velocities on the performances of the controller are shown in in TABLE 3.1. A
path following control at 2 µm/s takes much more time to follow the given path. Control under
3 µm/s achieves the best performance with the smallest RMS errors and STD errors, compared
with the two other velocities.

In the forth experiment, the controller is applied when the path is drawn on the computer
screen by the user using a mouse click at 3 µm/s. The tracking result is shown in Fig. 3.10.
The AFM probe can follow a manually pre-defined path, which is of importance towards a
user-friendly use of dual AFM/ SEM.
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Line Circle Sine
Velocity RMS STD RMS STD RMS STD
2 µm/s 6.627 6.587 3.696 3.628 4.428 3.277
3 µm/s 5.068 4.995 1.647 1.647 1.000 0.985
4 µm/s 5.199 5.087 7.331 7.232 2.684 2.641

Table 3.1: Summary of path following performance comparison (in pixels) under 2 µm/s, 3 µm/s,
4 µm/s with given line, circle and sine reference curves.

200 µm

Predefined path
Experimental robot 
trajectory

Figure 3.10: Path following control of shape-adaptability test result at 3 µm/s, inside SEM.

3.2 Deep learning for AFM tracking and path following with
SEM vision

In Section 3.1, the conventional Template Matching algorithm has been used for visual tracking
based on SEM vision. Path following has been successfully implemented when the background of
the SEM images is not noisy and with no elements with complexe shapes. However, experiments
have shown that the tracking is lost when these conditions are not satisfied which greatly limits
the applicability of the path following in more usual situations of SEM uses.

3.2.1 SEM image processing

Several tracking algorithms are available using conventional image processing methods. Standard
algorithms are divided into 3 main steps. The first one is the preprocessing that decreases the
noise in images. It can be done using a Gaussian filtering, or a nonlinear anisotropic diffusion
approach [104]. Secondly, the image is binarized in order to localize a Region of interest (RoI).
More or less advanced methods can be used such as segment detection method (SDM) [133] or
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binary large object (BLOB)-detection [163]. Some morphological operations [120] are often used
to improve the detection. The third step is the RoI tracking that is often performed using simple
heuristics. The lack of robustness of the RoI detection step has led to another kind of methods
that skips this step. It is based on the previously used method based on template matching
where a template is searched in the image using the sum-of-squared-differences (SSDs) between
the image and the template or using a correlation. However, these algorithms are highly sensitive
to variations of the contrast, the brightness or the signal to noise ratio [133]. Experiments carried
out in the context of this thesis have shown that template matching performance decreases with
decreasing the signal to noise ratio. Therefore, a more powerful image processing method is
needed to track in a robust way an AFM cantilever inside a SEM.

3.2.2 Deep learning

Deep learning is a class of machine learning. It is increasingly applied in modern tricky com-
puter vision issues. This is thanks to its outstanding capability to distinguish and extract target
representations from massive and intricate data, showing significant superiority and potential to
enhance robotic performances on various aspects, such as speech recognition and visual servo-
ing. Deep convolutional neural networks (CNNs) are driving the advances in recognition for a
multitude of computer vision challenges, illustrating highly superiority on both holistic and local
feature extraction [81]. The application and combination of convolutional layers and pooling
layers are the key factors that boost the outperformance of CNNs. Convolutional layers, enable
the network to extract local features that are choosen and learned according to the application.

Deep Neural Networks (DNNs) have achieved remarkable success on both image classification
[64] and object localization. Modern approaches perform at the same time multiple objet
classifications and localizations. Among them, some methods [32] use an external RoI proposal
generator and apply a classification algorithm with a box regression to recognize the object and
refine its position. In R-CNN [32], each RoI is resized to a fixed size and pre-trained. CNN
network is employed to extract a feature vector of size 4096. Multiple SVM are learned on
these vectors to perform the multi-classes classification. Then, for each positive classification,
a linear regression is done to refine the position of the object. This method is time consuming
as the feature extraction, the classification and the regression and done for each RoI (2000 in
the original article). An improvement is done in Fast R-CNN [48] as the CNN is applied only
once on the whole image. The feature vectors are extracted after the CNN, at the localizations
of the RoI. Recent approaches such as Faster R-CNN [113], SDD [80] or YOLO [112] change
the two-step method and include the region proposal generator in the network in an end to end
way. They use a multi-part loss that combines a classification loss and a regression loss. A good
review of recent techniques can be found in [4]. In the previous approaches, the localization
is made using bounding box and are useful to coarsely localize the object in the image. Other
works consider the estimation of the pose of complex object. This problem has been widely
addressed for human pose estimation [138], [96]. Two main approaches can be distinguished:
those that predict heatmaps (map of presence probability) and those that directly predict the
position (x, y) of each joint. While the first methods [96] are based on hourglass or stacked
hourglass network, the second ones [138] use generic convolutional layers and regression. This
kind of approach, also used in [19] is well adapted to our problem as we can directly regress the
x and y positions of the AFM tip from SEM imaging, in a more precise way than using bounding
box.
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3.2.3 Motivation

The aim is to tackle the issue of tracking the position of the AFM tip inside the SEM in various
scan speeds of the electron microscope. Let us recall that the SEM used in this work is the ZEISS
EVO-LS 25. This microscope features 15 scan speed modes. The scan mode 1 is the fastest one
but it provides very noisy images that do not allow to distinguish precisely the AFM tip from
the background as shown in Fig. 3.11(a). The scan mode 15 is the slowest one, it requires much
more time to get an image and leads to the best quality of image among other scan speed modes.
It is possible for instance to see the image quality at scan speed mode 5 in Fig. 3.11(b). This
mode requires 15 s to get an image.

20 µm

AFM cantilever Background

Scan speed mode 1

(a)
20 µm

AFM cantilever Background

Scan speed mode 5

(b)

Figure 3.11: AFM tip observed with the SEM using a scan speed mode 1 (a) and 5 (b). The
scan speed 1 is the fastest one, it allows obtaining an image every 1.3 s but the image quality is
bad, it is hard to differentiate the AFM tip from the background. The scan speed mode 5 allows
obtaining a better image quality, but it requires 15 s to acquire an image.

To this end, a learning algorithm that allows extracting precisely the coordinate of the AFM
tip in various scan speeds and despite of the noisy images of the fast scan modes is studied. A
ConvNets based network is built to regress the AFM tip localization within SEM imaging, which
is further used as position feedback in path following control loop. This work shows the potential
of Deep Learning and enriches the feasible solutions to deal with the tricky SEM imaging issues.

3.2.4 Deep learning model for AFM tip coordinate regression in SEM imag-
ing

The aim is to develop an end-to-end, pixel-wise prediction of the AFM tip coordinates (x, y) from
the images acquired by the SEM. The studied images are very specific grayscale images, with
many geometric and repetitive patterns. It is difficult to take advantage of the large databases
in the literature such as imagenet, Microsoft coco dataset [76] or other applications like human
pose estimation [96]. Therefore, a specific model has been built to localize the AFM tip in
images captured by SEM.

3.2.4.1 Problem definition and model architecture

Among the deep learning methods, those based on a first detection of bounding boxes cannot
be used in our application, as the whole object is not fully visible with the magnification of the
SEM images. So, we propose to directly regress the extremity (x, y) of the tip using standard
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19×25×256

(x, y)

154×205×32154×205×1

2×1

77×102×64

38×51×128

9×12×256

convolution+ReLU

max pooling

fully connected

Figure 3.12: AFM tip localization with regression network. Classification layers as feature ex-
tractor first, followed with fully convolutional layers for fine-tuning and regresses numerical AFM
tip coordinate by fully connected layer.

CNN [138]. As preprocessing, data normalization is implemented by subtracting the mean and
dividing it by the standard deviation of the pixel values. The image is then passed through
several layers. All convolutional layers have a size of 3 x 3 pixels, a stride fixed to 1 pixel and
a padding to keep the original size of the image. The spatial max-pooling layers are done with
2 x 2 pixels window and a stride of 2. The last layers are fully connected layers with two units
that predict the x and y positions of the AFM tip. The Rectified Linear Unit (ReLU) activation
function is used for all the layers except the fully connected one that has a linear activation
function. Moreover, a Local Response Normalization (LRN) is done before the ReLU layers.

3.2.4.2 Loss function

The last fully connected layer gives the prediction of the numerical tip coordinates xp = (xp, yp)
T .

The loss is estimated as the Euclidean distance between the predicted coordinate xp = (xp, yp)
T

and the ground truth coordinates xg = (xg, yg)
T . This loss, named Mean Square Error (MSE),
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SEM magnification of 675 times
Tip position (200, 134)

SEM magnification of 340 times
Tip position (194, 70)

Tip position (523, 135)
SEM magnification of 340 times
Tip position (455, 151)

SEM magnification of 675 times

Figure 3.13: Examples of AFM tip images used for the learning process.

is defined by:

L =
1

N

N∑
i=1

||xp − xg||2 (3.5)

Where N is the number of images in the batch.

3.2.4.3 Construction of SEM imaging database

Some popular datasets of natural images, such as imagenet or Microsoft coco dataset [76]
exist in the literature. However, no training data are available for AFM cantilevers with SEM
images. Thus, a dedicated database is built for AFM tip localization. In order to consider
the images under conventional SEM standard uses, images are captured with a wide range of
SEM magnification, distributing at 340, 377, 423, 474, 526, 572, 622, 675 times. This leads to
images with an important variation in the size of the AFM tip. Moreover, the position of the
tip is changed during the acquisition to simulate all the possible configurations as illustrated on
Fig. 3.13. The final database contains 1476 images of size 612 × 460 collected through UDP
communication from SEM at scan speed mode 3.
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3.2.5 Tip localization using the learning network

3.2.5.1 Experimental setup

For each image of the database, the extremity tip positon is manually annotated and the x and y
coordinates that will be regressed are registered. Then, the whole database (1476 images) is split
in a training part (80%) and a testing part (20%). Considering the training efficiency and the
computation capability, the raw images are resized to 205 × 154 pixels. The network is trained
using Keras in Jupyter Notebook. For each mini batchsize of 64, Adam optimizer is chosen with
changing learning rate, initialized from 10−4, dropping 0.6, every 50 epochs (500 epochs in total).
The whole train takes 80 mins on a 4 GB NVIDIA Quadro K2200 and a single prediction takes
17 ms. Thus, 3.5 images per second can be processed.

(c) Prediction performance under scanning speed mode 3
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(b) Prediction performance under scanning speed mode 2
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(a) Prediction performance under scanning speed mode 1
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Figure 3.14: Proposed learning network prediction results of AFM tip coordinates, x and y re-
spectively (red marked) and corresponding deviation analysis (blue marked). AFM tip coordinate
(x, y) prediction under SEM scan speed mode 1 (a), 2 (b) and 3 (c).

3.2.5.2 Results

The Root Mean Square error on the 295 test images, which represents the mean Euclidian
distance between the prediction and the ground truth, is 3.83 pixels. Prediction and ground
truth of AFM tip coordinates x and y, are compared and analyzed as shown in Fig. 3.14(c).
Good results are obtained, except for the extreme localizations on both axes, as shown with the
deviation analysis (blue marked). This illustrates that the proposed learning network performs
better in the central image area compared with border, due to less quantity of boarder-tip-
distributed training samples. In order to test the generalization and the adaptability, SEM
images at scan speed mode 1 (268 images) and 2 (343 images) are presented as input to the
proposed learning network, without re-learning. These images have a low signal to noise ratio,
e.g. Fig. 3.11(a). Prediction results, shown in Fig. 3.15 and further separately presented on x
and y axes in Fig. 3.14, are still close to the real position. This enables the nano-robotic system
to manipulate under different real-time demanding situations. Specifically, under different SEM
scan speed modes, the prediction performances are analyzed and summarized in TABLE 3.2.
Prediction under SEM scan speed mode 3, performs the most precisely, with the Euclidian
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X error Y error Distance error
Scaning Mean RMS STD Mean RMS STD Mean RMS STD
Mode 1 17.86 23.14 14.73 17.84 21.13 11.34 27.97 31.33 14.15
Mode 2 9.10 11.20 6.54 13.70 16.10 8.47 17.50 19.61 8.86
Mode 3 0.93 2.30 2.10 1.02 2.40 2.17 1.53 3.32 2.95

Table 3.2: Learning network performance, prediction errors analysis (in pixels) of AFM tip
coordinate (x, y) and Euclidian distance (distance between predicted localization and ground
truth), under SEM scan speed mode 1, mode 2, mode 3.

distance error (distance between predicted AFM tip localization and ground truth) no more
than 4 pixels, and the standard deviation of this distance less than 3 pixels. When the scan
speed mode decreases, the errors increases.

(a)

(b)

(c)

Figure 3.15: AFM tip coordinate prediction results, by the proposed learning network from SEM
image. Coordinate predictions under SEM scan speed mode 1 (a), 2 (b) and 3 (c).

3.2.6 Path following with the learning network regression

Straight line shape and sine shape path references are used. The tracking process is implemented
under different SEM scan speeds, mode 1, mode 2 and mode 3, with increasing image quality,
but slowing down the feedback. The Template Matching tracking method is applied to make
comparison on track performances. As shown in Fig. 3.16, with the localisation prediction of the
network, the AFM tip is able to track the path references in real-time based on SEM vision under
different scan speeds. However, due to the image quality and the background around the AFM
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tip, Templated matching loses the track at the very beginning of the path following process. Fig.
3.17 illustrates the tracking errors.
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Figure 3.16: Path following control performances after LOWESS smoothing, at a translation
velocity of 3 µm/s with a line path reference (a) and a sine path references (b).
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Figure 3.17: Path following tracking errors dpf, at translate velocity of 3 µm/s with a line path
reference (a) and a sine path references (b).

3.3 Conclusion

This chapter has dealt with atomic force microscope tip localization and path following through
electron microscope vision. The two main issues have been related to the driving principle of
the AFM probe which is based on inertial piezoelectric actuators and the second one has been
related to the real time AFM tip localization using SEM images under various conditions, i.e.
scan speed and background complexity. For the first issue, the key has been to master the
velocity control of PIA actuators as it is the basis of the path following. The path following
control has been divided into two layers. The high level layer considers a Frenet frame kinematic
model to compute velocity references along two orthogonal axes. The low level layer is based
on an average closed loop velocity as described in chapter 2. The accuracy, the repeatability
and the robustness of the path following with respect to the path profile and the velocity have
been evaluated experimentally. The mean tracking error has been found less than 2 µm in the
worst case. For the second issue, it has been demonstrated that conventional visual tracking
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algorithm such as those based on template matching fails to track AFM-Probes from SEM vision
under scan speeds 1, 2 and 3 and in some specific background conditions. Hence, a learning
algorithm based on Neural Networks (ConvNet) has been built for accurate localization of AFM
tips inside SEM for various operating conditions in which template matching fails to detect the
tip. A database has been constructed from SEM images for the learning process. The efficiency
of the algorithm when used for path following control of the AFM probes inside the SEM has
been demonstrated experimentally. For the best knowledge of the authors, this work represents
the first demonstration of the potential of deep learning for AFM localization inside an electron
microscope.



Chapter 4

Model Predictive Control (MPC)-based
Path Following and Obstacle Avoidance

This chapter presents a model predictive control (MPC)-based path following and obstacle avoid-
ance at pre-defined velocity profile under the supervision of Scanning Electron Microscopy (SEM)
for the AFM based nano-robotic system. This is the first time that MPC is implemented in
micro/nano-robotic systems for autonomous control. The novelty of this work includes two as-
pects. First, a velocity-direction-amplitude-frequency map with input limitations is identified and
introduced as a part of the kinematic model for MPC. Secondly, the algorithm is designed so that
it allows controlling the AFM probe to follow a reference path with a specified longitudinal veloc-
ity and to avoid obstacles simultaneously, taking into account input safety constrains. As in the
previous chapter, the AFM probe is localized across the visual tracking from SEM. A multi-phase
optimization is formulated by Quadratic Programming to simultaneously optimize the sawtooth
control signal directions, amplitudes and frequencies on both X and Y axes. A Frenet frame-
based kinematic model combined with the identified PIA velocity map is designed and linearized.
A cost function is defined to navigate the AFM probe with a specified velocity. Simulations and
experiments are carried out and verify that, with the combination of Frenet kinematic model and
the identified velocity map, the proposed algorithm is able to tune the inputs with safe constrains
to drive the AFM probe across the reference path and to get around the obstacles simultaneously
under the given velocity reference.

4.1 State of the art

Obstacle avoidance is a pivotal issue for autonomous robotics such as ground vehicles (AGVs)
[77] [33], aerial vehicles [95] [151] and marine vehicles [144] [55]. According to literatures, there
are mainly four categories of obstacle avoidance algorithms [77]: graph search-based methods
[68], virtual potential and navigation function-based methods [87] [111], meta-heuristic-based
methods [58], and mathematical optimization-based methods [165] [106].

61
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Mathematical optimization-based methods are very popular in the field [77]. Model predic-
tive control (MPC) is one of the most applied mathematical optimization approache. It performs
an optimal computation online taking into account the robot states and the obstacle distribution
information updated by sensors. An optimal control problem (OCP) is solved repeatedly over a
receding finite horizon. Typically, optimal control problem (OCP) can be divided into nonlinear
programming (NLP) and linear-quadratic programming (QP) [54]. A model predictive control
requires an accurate kinematic or dynamic model of the system to predict its behavior in the
future states.

Model predictive control scheme can be divided into several layers. In [54], the authors point
out the concept of integrating collision avoidance functionality into the reference tracking, by
dividing collision-free trajectory generation task into a high-level layer and a low-level control
layer for stabilizing the vehicle, where MPC can be implemented for both layers, so as mentioned
in [115]. A path planning and tracking framework is demonstrated in [60]. Potential field is
constructed to generate a collision-free trajectory in high control layer. Path tracking control
then follows the planned trajectory with Multi-constrained Model Predictive Control (MMPC),
by regulating the steering angle to evade the dynamic obstacles. In [16], the authors propose a
trajectory tracking strategy for unmanned aerial vehicles (UAV), using linear model predictive
controller (MPC) in combination with non-linear state feedback. Instead of impractically apply-
ing direct control on UAV for evasive maneuvers, MPC works as part of trajectory tracker, only
generating reference for the underlying state feedback.

In this thesis, considering the special working principle of PIA actuator, the moving direction
of the end-effector is first determined in the high control layer. Afterwards, the sawtooth signal
amplitudes and frequencies are optimized referring to the pre-decided motion direction. Path
following and obstacle avoidance highly dependent on the velocity control of the PIA actuator.
Here we consider the low amplitude velocity map that has not been identified previously. There-
fore, a low velocity characterization model (velocity map) is identified. It is further linearized
and integrated into the model predictive control.

4.2 Velocity Characterization

Experiments in Chapter 2, Fig.2.13, have illustrated that the velocity of PIA actuator is depen-
dent on the direction, the amplitude and the frequency of the driving sawtooth input voltage.
Here, a velocity-direction-amplitude-frequency map of PIA actuator is characterized in a low
velocity range, i.e. < 20 µm/s.

The experiments are repeated for sawtooth voltages with the following frequencies: 1Hz,
3Hz, 5Hz, 7Hz, 9Hz, 11Hz, 13Hz, 15Hz, 17Hz, 19Hz, 20Hz. For each frequency, different
amplitudes have been are applied, namely 20V , 30V , 35V , 40V , 60V , 80V , 90V . For each
operating point, the velocity is calculated based on the average velocity. Correspondingly, the
low velocity map of X and Y axes are fitted by a polynomial interpolation. For instance, Fig. 4.1
shows the identified velocity-direction-amplitude-frequency map of Y axis. The max velocities
are 17.23µm/s and −22.96µm/s for forward and backward directions respectively.

In the sequel, the following notations will be used to define the velocities of X and Y axes:
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Figure 4.1: Identified velocity-direction-amplitude-frequency map of Y axis.



vx = fx(dirx, Ampx, F rex)⇒

 vx|forward = fx|for(Ampx, F rex),

vx|backward = fx|bac(Ampx, F rex)

vy = fy(diry, Ampy, F rey)⇒

 vy|forward = fy|for(Ampy, F rey),

vy|backward = fy|bac(Ampy, F rey)

(4.1)

where, dirx, Ampx, Frex, diry, Ampy and Frey represent the direction, amplitude and
frequency of X and Y axes. Associated with the input constrains, amplitude within 0-90V and
frequency within 1-20Hz, the velocity mapping is exploited for the future states estimation and
control optimization of MPC algorithm.

4.3 Kinematic model considering the velocity map

The ISIR-robotex platform is modeled as a holonomic system driven by PIA actuator, Fig. 4.2.
Here, the kinematic frames are the same as those described in Chapter 3. The kinematic model
of the ISIR-robotex platform is given by:

 Ṗx(t) = vx(t),

Ṗy(t) = vy(t),
(4.2)

where Px(t) and Py(t) stand for the AFM probe coordinates in the world frame, vx(t) and
vy(t) represent the AFM probe velocities along X and Y axes. The equation 4.2 can be written
in discrete format as follows:
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 Px|k+1 = Px|k + vx|kThorizon,

Py|k+1 = Py|k + vy|kThorizon,
(4.3)

where Thorizon is the MPC time interval,

Rs kp

kpf

dpf

X0

Y0

Z0
R0

Path reference

p(px, py)

pp

vrec

vadv

vt

vx

vy

xk

yk

θ

Trajectory

Rp

Figure 4.2: Kinemetic model with Frenet frame for path following

In order to use MPC for PIA actuators control, one can integrate the velocity map model of
equation 4.1, into the kinematic model:

 ˙Px|k = fx(dirx|k, Ampx|k, F rex|k),

˙Py|k = fy(diry|k, Ampy|k, F rey|k),
(4.4)

For simplification, only the amplitude and the frequency are considered. They can be rewritten
as ˙Ph|k = fh(Amph|k, F reh|k) (h = x or y).

This velocity relation is linearized in Taylor series and the future state of the velocity at k+ 1
can be iteratively determined as follows:

 vx|k+1 = vx|k + ∂fx
∂Ampx|k

∆Ampx|k + ∂fx
∂Frex|k

∆Frex|k,

vy|k+1 = vy|k +
∂fy

∂Ampy|k
∆Ampy|k +

∂fy
∂Frey|k

∆Frey|k,
(4.5)

Therefore, the amplitude increment ∆Amph|k and frequency increment ∆Freh|k of the saw-
tooth voltages are the control variables of the MPC algorithm.
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4.4 MPC algorithm

Typical MPC issue is presented in a linear format. After linearization, equation 4.3 and equation
4.5 can be rewritten as:

 Xk+1 = AXk +BkUk,

Yk = CXk,
(4.6)

where Xk and Xk+1 represent the system current state and the future state, Uk is the control
input, Yk is the system output. Xk, Yk and Uk are given as:


Xk = [Px|k, Py|k, vx|k, vy|k, Ampx|k, F rex|k, Ampy|k, F rey|k]

T

Yk = [Px|k, Py|k, vx|k, vy|k]
T ,

Uk = [∆Ampx|k, ∆Frex|k, ∆Ampy|k, ∆Frey|k]
T

(4.7)

where Px|k and Py|k are the coordinates of the point P in x and y axes respectively in the
world frame. vx|k and vy|k are the velocities of the point P in x and y directions respectively
in the world frame. Ampx|k and Frex|k are the amplitude and the frequency of the sawtooth
voltage applied to the PIA of the x axis at time k. Ampy|k and Frey|k are the amplitude and
the frequency of the sawtooth voltage applied to the PIA of the y axis at time k. ∆Ampx|k,
∆Frex|k, ∆Ampy|k, ∆Frey|k are increment values of the corresponding variables between times
k and k+1.

In equation 4.6:

A =


1 0 Thorizon 0 0 0 0 0

0 1 0 Thorizon 0 0 0 0

06×2 I6×6

, Bk =


02×4

∂fx
∂Ampx|k

∂fx
∂Frex|k

0 0

0 0
∂fy

∂Ampy|k

∂fy
∂Frey|k

I4×4

, and C =
[
I4×4 04×4

]
(4.8)

where, 0m×n and Im×n are m× n zero matrix and identity matrix.

At each sampling time k, the MPC takes into account the process model of equation 4.6 and a
sequence of optimized control inputs to predict the future behavior of the controlled system over
a prediction horizon N using equation equation 4.9. Only the first element of Uk is taken into
account. This process keeps repeating when the next sampling time arrives with the updated
states measurements.

−
Yk =

−
Ak

−
Xk +

−
Bk
−
Uk (4.9)
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with

−
Ak =


CA

CA2

...

CAN



−
Bk =


CBk 0 ... 0

CABk CBk+1 ... 0
...

...
. . .

...

CAN−1Bk CAN−2Bk+1 ... CBk+N−1



−
Yk =



Yk+1

Yk+2

...

Yk+N−1

Yk+N


,
−
Xk =



Xk

Xk+1

...

Xk+N−2

Xk+N−1


,
−
Uk =



Uk

Uk+1

...

Uk+N−2

Uk+N−1


(4.10)

where
−
Yk and

−
Xk are the predicted system outputs and states in N horizons. The desired

output state in N horizons is:

−
Y desire|k =



Ydesire|k+1

Ydesire|k+2

...

Ydesire|k+N−1

Ydesire|k+N


, Ydesire|k+i =


Ppx|k

Ppy|k

vdesire|k

 (4.11)

where i = (1...N). Ppx|k and Ppy|k are the coordinate of the projected point Pp at sampling
k as shown in Fig.4.2. vdesire|k is manually specified by the operator. This control process tunes
the AFM Probe to track its projection Pp on curve Γ, with a specified velocity vdesire|k.

The objective of MPC is to optimize
−
Uk to minimize a quadratic cost function of the form:

−
U∗k = arg min

−
Uk

N∑
i=1

1

2
‖Ydesire|k+i − Youtput|k+i‖2︸ ︷︷ ︸

Errori

(4.12)

where, Youtput|k+i = [Px|k+i, Py|k+i, vP |k+i]
T contains the system control states, including

the AFM Probe position (Px|k+i, Py|k+i) and its advancing velocity vP |k+i. Here, vP |k+i =

||(vx|k+i, vy|k+i)
T ||.
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Errori = [ω1(Ppx|k − Px|k+i)
2 + ω2(Ppy|k − Py|k+i)

2]︸ ︷︷ ︸
distace error between AFMProbe and its projectionPp

+ω3(vdesire|k − vP |k+i)
2︸ ︷︷ ︸

velocity error
(4.13)

where, ω1, ω2 and ω3 are the weights of of each error item. The performance preference,
e.g more accurate path following or more accurate velocity tracking, can be achieved by adding
weighting matrix in the cost function:

−
weightk =



weightk+1 0 0 0 ... ... 0 0

0 weightk+2 0 0 ... ... 0 0

... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ...

0 0 ... ... 0 0 weightk+N−1 0

0 0 ... ... 0 0 0 weightk+N


(4.14)

where

weightk+i =


ω1 0 0

0 ω2 0

0 0 ω2

 i = (1...N) (4.15)

Here, ω1 = ω2 = 0.5 and ω3 = 1.

Quadratic Programming (QP) is used to calculate the optimal
−
U∗k .

4.5 Quadratic Programming

Quadratic programming (QP) solves quadratic objective functions with linear constraints. Here
qpOASES is chosen as the QP solver. qpOASES is an open-source C++ implementation of the
recently proposed online active set strategy, which was inspired by important observations from
the field of parametric quadratic programming (QP). It has several theoretical features that
make it particularly suited for model predictive control (MPC) applications. Further numerical
modifications have made qpOASES a reliable QP solver, even when tackling semi-definite, ill-
posed or degenerated QP problems. Moreover, several interfaces to third-party software like
Matlab, Simulink or dSPACE are provided to make qpOASES easy-to-use.

qpOASES finds a minimum for a QP problem formulated in the following stard form:

min
1

2
x′Hx+ x′g (4.16)

such that
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{
lb 6 x 6 ub,

lbA 6 A · x 6 ubA,
(4.17)

where nV and nC take the number of variables and the number of constraints of the quadratic
program sequence to be solved, H ∈ RnV×nV denotes a (typically positive semi-definite) sym-
metric Hessian matrix and all other quantities match common notation, the gradient vector
g ∈ RnV , the constraint matrix A ∈ RnC×nV , the lower and upper bound vectors lb, ub ∈ RnV ,
and the lower and upper constraints’ bound vectors lbA, ubA ∈ RnC . Equality constraints are
imposed be setting the corresponding entries of lower and upper (constraints’) bounds vectors to
the same value. qpOASES also does a good job in detecting infeasible or unbounded QP problem
formulations.

4.6 Constrains

One distinguished advantage of model predictive control is the consideration of the plant model
restrictions and physical constrains between the plant and the environment. This enables MPC
to be adaptable and preferred to various practical applications.

4.6.1 Constrains for input

The control input
−
U∗k from model predictive controller represents the increments of amplitude

and frequency, which needs to be limited in order to achieve a smooth control on PIA actuator.

As a result, the lower and upper constrain vectors of
−
U∗k during model predictive control are

defined as:

lbk =



lbsk+1

lbsk+2

...

...

lbsk+N−1

lbsk+N


where, lbsk+i =


lb∆Ampx|k+i

lb∆Frex|k+i

lb∆Ampy |k+i

lb∆Frey |k+i

, i ∈ (1...N) (4.18)

Here, lb∆Ampx|k+i = −1V , lb∆Frex|k+i = −5Hz are the lower amplitude and frequency incre-
ment bounds on X axis, lb∆Ampy |k+i = −1V , lb∆Frey |k+i = −5Hz are the lower amplitude and
frequency increment bounds on Y axis.
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ubk =



ubsk+1

ubsk+2

...

...

ubsk+N−1

ubsk+N


where, ubsk+i =


ub∆Ampx|k+i

ub∆Frex|k+i

ub∆Ampy |k+i

ub∆Frey |k+i

, i ∈ (1...N) (4.19)

Here, ub∆Ampx|k+i = 1V , ub∆Frex|k+i = 5Hz are the upper amplitude and frequency incre-
ment bounds on X axis, ub∆Ampy |k+i = 1V , ub∆Frey |k+i = 5Hz are the upper amplitude and
frequency increment bounds on Y axis.

4.6.2 Constraints for state

The identified velocity-amplitude-frequency map of PIA actuator (Fig. 4.1) provides the infor-
mation of feasible control input range. In addition, obstacle avoidance requests that the distance
between the AFM probe and the obstacle is higher than a safe value rsafe, Fig. 4.3. As a result,
the lower and upper bound vectors of the states in N horizons are defined as:

−
lbAdk =



lbAdsk+1

lbAdsk+2

...

...

lbAdsk+N−1

lbAdsk+N


where, lbAdsk+i =



lbAdd|k+i

lbAdAmpx|k+i

lbAdFrex|k+i

lbAdAmpy |k+i

lbAdFrey |k+i


, i ∈ (1...N) (4.20)

Here, lbAdd|k+i = rsafe (Fig. 4.3) takes the minimum distance between the AFM probe
and the obstacle, e.g. the obstacle radius. lbAdAmpx|k+i = 34V and lbAdFrex|k+i = 5Hz are
the lower sawtooth signal amplitude and frequency bound on X axis, lbAdAmpy |k+i = 30V and
lbAdFrey |k+i = 5Hz are the lower sawtooth signal amplitude and frequency bound on Y axis.

−
ubAdk =



ubAdsk+1

ubAdsk+2

...

...

ubAdsk+N−1

ubAdsk+N


where, ubAdsk+i =



ubAdd|k+i

ubAdAmpx|k+i

ubAdFrex|k+i

ubAdAmpy |k+i

ubAdFrey |k+i


, i ∈ (1...N) (4.21)

ubAdd|k+i = 100 × dsafe means that there is no upper bound of distance between the AFM
probe and the obstacle. ubAdAmpx|k+i = 80V and ubAdFrex|k+i = 20Hz are the upper sawtooth
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signal amplitude and frequency bound on X axis, ubAdAmpy |k+i = 80V and ubAdFrey |k+i = 20Hz
are the upper sawtooth signal amplitude and frequency bound on Y axis.

Therefore, the above five states need to be obtained to satisfy the constrains of equation
4.20-4.21.

lbAdsk+i <



dk+i

Ampx|k+i

Frex|k+i

Ampy|k+i

Frey|k+i


< ubAdsk+i, i ∈ (1...N) (4.22)

Where, dk+i stands for the distance between the AFM probe and the obstacle. Ampx|k+i and
Frex|k+i represent the sawtooth signal amplitude and frequency applied on X axis. Ampy|k+i and
Frey|k+i represent the sawtooth signal amplitude and frequency applied on Y axis. Ampx|k+i,
Frex|k+i, Ampy|k+i and Frey|k+i are updated by iteration.



Ampx|k+i+1 = Ampx|k+i + Uk+i(1),

F rex|k+i+1 = Frex|k+i + Uk+i(2),

Ampy|k+i+1 = Ampy|k+i + Uk+i(3),

F rey|k+i+1 = Frey|k+i + Uk+i(4),

(4.23)

The obstacle avoidance behavior thanks to the constrain on the distance between the AFP tip
and the obstacle, dk+i, which keeps being larger than the safe distance rsafe. dk+i is calculated
as:

dk+i = ||
−−−−−−→
Pk+i ck+i|| = ak+i · (Pk+i − ck+i), i ∈ (1...N) (4.24)

where, Pk+i = (Px|k+i, Py|k+i) is the AFM probe coordinate, ck+i = (cx|k+i, cy|k+i) is the
obstacle coordinate, ak+i = (idx|k+i, idy|k+i) is the unit vector of

−−−−−−→
Pk+i ck+i, given as:

(idx|k+i, idy|k+i) =
1√

(Px|k+i − cx|k+i)2 + (Py|k+i − cy|k+i)2
(Px|k+i − cx|k+i, Py|k+i − cy|k+i)

(4.25)

Thus, in order to satisfy the distance and control variables constrains in equation 4.22, a new
set of state vector of the system need to be considered.
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−
Y sd|k =



Csd|kAk

Csd|kA
2
k

...

...

Csd|kA
N−1
k

Csd|kA
N
k


︸ ︷︷ ︸

−
Asd|k

−
Xk +



Csd|kBk 0 ... 0 0

Csd|kAkBk 0 ... 0 0

... ... ... ... ...

... ... ... ... ...

Csd|kA
N−2
k Bk Csd|kA

N−3
k Bk ... Csd|kBk 0

Csd|kA
N−1
k Bk Csd|kA

N−2
k Bk ... Csd|kAkBk Csd|kBk


︸ ︷︷ ︸

−
Bsd|k

−
Uk

(4.26)

where

−
Y sd|k =



Y sd|k+1

Y sd|k+2

...

...

Y sd|k+N−1

Y sd|k+N


and

−
Uk =



uk

uk+1

...

...

uk+N−2

uk+N−1


(4.27)

and



Px|k+i

Py|k+i

Ampx|k+i

Frex|k+i

Ampy|k+i

Frey|k+i


︸ ︷︷ ︸

Y sd|k+i

=



1 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 0 0 0 1 0 0 0

0 0 0 0 0 1 0 0

0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 1


︸ ︷︷ ︸

Csd|k+i



Px|k+i

Py|k+i

vx|k+i

vy|k+i

Ampx|k+i

Frex|k+i

Ampy|k+i

Frey|k+i


︸ ︷︷ ︸

Xk+i

, i ∈ (1...N) (4.28)

where
−

Y sd|k is the concerned states under constrains in N horizons. Convert Px|k+i, Py|k+i in
Y sd|k+i onto distance estimation dk+i by equation 4.24 and equation 4.25. Therefore,
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

Y cd|k+1

Y cd|k+2

...

...

Y cd|k+N−1

Y cd|k+N


︸ ︷︷ ︸

−
Y cd|k

=



Ccd|k+1 0 0 ... 0 0

0 Ccd|k+2 0 ... 0 0

... ... ... ... ... ...

... ... ... ... ... ...

0 0 ... ... Ccd|k+N−1 0

0 0 ... ... 0 Ccd|k+N


︸ ︷︷ ︸

−
Ccd|k

(



Y sd|k+1

Y sd|k+2

...

...

Y sd|k+N−1

Y sd|k+N


︸ ︷︷ ︸

−
Y sd|k

−



ck+1

ck+2

...

...

ck+N−1

ck+N


︸ ︷︷ ︸

−
ck

)

(4.29)

where



dk+i

Ampx|k+i

Frex|k+i

Ampy|k+i

Frey|k+i


︸ ︷︷ ︸

Y cd|k+i

=



idx|k+i idy|k+i 0 0 0 0

0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1


︸ ︷︷ ︸

Ccd|k+i

(



Px|k+i

Py|k+i

Ampx|k+i

Frex|k+i

Ampy|k+i

Frey|k+i


︸ ︷︷ ︸

Y sd|k+i

−



cx|k+i

cy|k+i

0

0

0

0


︸ ︷︷ ︸

ck+i

), i ∈ (1...N) (4.30)

Eventually,
−

Y cd|k should satisfy the constrain bounds of equation 4.20 and equation 4.21:


−

lbAdk 6
−

Y cd|k 6
−

ubAdk

−
Y cd|k =

−
Ccd|k · (

−
Asd|k ·

−
Xk +

−
Bsd|k ·

−
Uk −

−
ck)

(4.31)

which is further induced in the standard QP format as equation 4.17.


A =

−
Ccd|k ·

−
Bsd|k

lbA =
−

lbAdk +
−

Ccd|k ·
−
ck −

−
Asd|k ·

−
Xk

ubA =
−

ubAdk +
−

Ccd|k ·
−
ck −

−
Asd|k ·

−
Xk

(4.32)

With the constrains of equation 4.18, equation 4.19 and equation 4.32, the nano-robotic system
is able to drive the AFM probe with a smooth trajectory and simultaneously avoid unexpected
collisions with the obstacles.
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4.7 Obstacle avoidance control scheme
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Figure 4.3: Kinematic model for model predictive control obstacle avoidance

Fig. 4.3 illustrates the Kinematic model during obstacle avoidance. P (Px, Py) stands for the
AFM probe coordinates from SEM vision. Pp is the closest point, projected from AFM probe
P (Px, Py) onto the reference curve Γ. Rs is the Frenet frame at Pp, with kpf and kp are the
perpendicular and tangential unit vectors on curve Γ. c(cx, cy) is the obstacle coordinate. cp
is the closest point, by projecting c(cx, cy) onto Γ. Rc is the Frenet frame at cp, with kcf and
kc are the perpendicular and tangential unit vectors of the curve Γ. Line lborder is the tangent
to the obstacle parallel with kcf . It is treated as the terminating border of the obstacle, after
which the bypassing behavior is completed. The intersection between lborder and Γ is at bp, where
frame Rb locates, parallel with frame Rc. Here, a virtual obstacle is defined with a radius of
robstacle = 18 pixel and a safe zone radius of rsafe = 20 pixel.

The obstacle avoidance control procedure is divided into three steps:

(1) When the AFM probe is far from the obstacle, only path following by MPC is implemented.

(2) When the AFM probe moves closer and enters the ’dangerous zone’ around the obstacle,
path following and obstacle avoidance controls are both applied thanks to MPC. The robot
bypasses the obstacle and simultaneously keeps itself as close as possible to the specified path.

(3) After the AFM probe bypass the obstacle (passing by lborder), it will switch back to unique
path following by MPC again.
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4.7.1 Control scheme
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Figure 4.4: Model predictive control (MPC)-based obstacle avoidance scheme. High-level layer
determines the direction dependent velocity maps, according to AFM probe velocity projection
on X and Y axes. Low-level layer referring to the specified velocity maps, optimizes the control
input applying on the plant.

In this work, a model predictive control method is proposed considering the special direction
dependent characteristic of PIA actuator. The obstacle avoidance control scheme is divided into
two layers as shown in Fig. 4.4. The high-level layer projects the desired AFM probe velocity
onto X and Y axes velocities. The directions decide the corresponding velocities maps to be used
in equation 4.8. The low-level layer, according to the selected velocity maps, executes MPC to
optimize Ampx|k, Frex|k, Ampy|k and Frey|k.

Based on Fig. 4.3, the sawtooth signal directions definition in high-level layer, is summarized
as follows:



if ddirec · kb > 0,



if dk+i > rhorizon1,

 Direcx = sign(kpf · ix + kp · ix)

Direcy = sign(kpf · iy + kp · iy))

if rhorizon1 > dk+i,

 Direcx = sign(kcf · ix + kc · ix)

Direcy = sign(kcf · iy + kc · iy)

if ddirec · kb < 0,

 Direcx = sign(kpf · ix + kp · ix)

Direcy = sign(kpf · iy + kp · iy)

(4.33)

where, Direcx and Direcy are the sawtooth signal directions on X and Y axes. ddirec is the
vector from P (Px, Py) to lborder. Moreover, rhorizon1 is the ’dangerous zone’ radius, centered on
the obstacle c. The process is explained as:

(1) When the AFM probe is before bypassing the obstacle (ddirec · kb > 0), and out of the
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’dangerous zone’ (dk+i > rhorizon1, where rhorizon1 = 4 × robstacle), Direcx and Direcy depend
on the relative locations between the AFM probe position P (Px, Py) and the closest point Pp.

(2) When the AFM probe enters the ’dangerous zone’ (dk+i < rhorizon1) and before bypasses
the obstacle (ddirec · kb > 0), Direcx and Direcy are only defined by corresponding locations of
the obstacle location c(cx, cy) and the curve Γ.

(3) After the AFM probe bypasses the obstacle (ddirec · kb < 0), it converts back to path
following mode and Direcx and Direcy are determined the same as step (1).

4.7.2 Time horizon adaptation during obstacle avoidance

To achieve both path following and obstacle avoidance, a location-varying time horizon interval
is applied. This is because during obstacle avoidance, a longer time horizon interval is needed
to pre-view a further interaction between the AFM probe and the obstacle. The time horizon is
defined as:



if ddirec · kb > 0,


if dk+i > rhorizon1, Thorizon = Tminhorizon

if rhorizon1 > dk+i > rhorizon2, Thorizon =
(Tmax

horizon−T
min
horizon)

rhorizon1−rhorizon2
(d− rhorizon2)

if dk+i < rhorizon2, Thorizon = Tmaxhorizon

if ddirec · kb < 0, Thorizon = Tminhorizon

(4.34)

(1) When the AFM probe is before bypassing the obstacle (ddirec · kb > 0) and out of the
’dangerous zone’ (dk+i > rhorizon1, where rhorizon1 = 4×robstacle), a short Thorizon = Tminhorizon = 2s
is implemented. This is because a long Thorizon will generate an excessive far position prediction,
leading to no solution by qpOASES solver.

(2) When the AFM probe enters the ’dangerous zone’ (dk+i < rhorizon1) and before bypasses
the obstacle (ddirec · kb > 0), it continuously lengthens the horizon time, in order to ’see’ the
future collision possibility, and have enough response time to take an avoiding act in advance. The
horizon time, starts from Thorizon = Tminhorizon increases inverse-proportionally with the distance
between the AFM probe and the obstacle, dk+i, until a threshold value of Thorizon = Tmaxhorizon = 8s
after d < rhorizon2.

(3) After the AFM probe bypass the obstacle (ddirec ·kb < 0), it converts back to path following
mode and the short Thorizon = Tminhorizon is applied again to track the following path.

4.8 Experiment

The experimental setup is the same as the one used for path following. The experiments are
implemented focusing on two performances. The first part concerns the path following with the
specified longitudinal velocity. The second part tests the new control method’s capability for
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obstacle avoidance. During the experiments, the AFM probe position feedback is provided by
Template Matching from SEM vision. QPOASES is used as the quadratic programming solver
for the model predictive control optimization. It can be directly integrated in Simulink and
dSPACE for a real-time control. The control parameters are summarized in TABLE 4.1.

During the experiments, the velocity feedback ofX and Y axes are given as an average velocity
format:


vx|kTs =

Px|kTs−Px|(kTs−nTs)

∆t ,

vy|kTs =
Py|kTs−Py|(kTs−nTs)

∆t ,

(4.35)

where,

Px|kTs and Py|kTs are the coordinated of the AFM probe at time kTs.

∆t = nTs is the time duration of the average velocity calculation, which is assigned as 5 s.

Fs = 1/Ts = 50Hz is the sampling frequency of the system.
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Variable Value Refering
Fs (Sampling frequency) 50 Hz

vdesire 3µm/s equation 4.11

ω1 0.5 equation 4.15

ω2 0.5 equation 4.15

ω3 1 equation 4.15

Tminhorizon 2 s equation 4.34

Tmaxhorizon 8 s equation 4.34

obstacleradius 18 pixels Fig. 4.3

saferadius 20 pixels Fig. 4.3

rhorizon1 4× obstacleradius equation 4.33

rhorizon2 2× obstacleradius equation 4.33

lbAdd 20 pixel equation 4.20

ubAdAmpx 80 V equation 4.21

lbAdAmpx 34 V equation 4.20

ubAdFrex 20 Hz equation 4.21

lbAdFrex 5 Hz equation 4.20

ubAdAmpy 80 V equation 4.21

lbAdAmpy 30 V equation 4.20

ubAdFrey 20 Hz equation 4.21

lbAdFrey 5 Hz equation 4.20

ub∆Ampx 1 V equation 4.19

lb∆Ampx −1 V equation 4.18

ub∆Frex 5 Hz equation 4.19

lb∆Frex −5 Hz equation 4.18

ub∆Ampy 1 V equation 4.19

lb∆Ampy −1 V equation 4.18

ub∆Frey 5 Hz equation 4.19

lb∆Frey −5 Hz equation 4.18

Table 4.1: Parameter list of model predictive control for path following and obstacle avoidance
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4.8.1 Path following by model predictive control

Path reference
Tracking result

200 μm

Figure 4.5: Eight-shape reference path following with specified tangential velocity, through the
proposed model predictive control. The blue curve represents the reference path, and the red
curve is the tracking result.

An eight-shape curve is designated as the reference path, which is characterized with varying
curvatures and different motion directions in order to comprehensively and representatively test
the tracking performance of the proposed algorithm. The aim of this experiment is to control
the AFM probe to track the defined path with a specified tangential velocity.
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Figure 4.6: Tracking repeatability verification. From the same initial location, tune the AFM
probe to follow the eight-shape reference path with specified tangential velocity for 10 trials.

The tracking result under the proposed model predictive control is presented in Fig. 4.5. It
can be found that the proposed algorithm is able to tune the AFM probe to track the defined
reference path with various curvatures in various directions. Tracking repeatability is carried out
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and proved by applying path following control on the AFM probe from the same initial location
for 10 trials, as shown in Fig. 4.6. The AFM probe performs better when tracking the partial
path with less curvature, and shortcuts more when it meets sharp turns. In addition, it vibrates
more when moving on Y axis direction compared with X axis direction.
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Figure 4.7: MPC obstacle avoidance experiment result. (a) The position tracking error. (b) The
velocity tracking result. All the experiments are implemented for 10 trials.

Fig. 4.7 presents the position tracking error result (Fig. 4.7 (a)) and the velocity tracking
result (Fig. 4.7 (b)), respectively. The position tracking error curve of Fig. 4.7 (a) illustrates the
consistent convergences of the AFM probe to the eight-shape curve. There are fluctuations of
the position tracking error curve because of the vibrations during the motion on Y axis direction
and sharp turns. On the other hand, the velocity control result of Fig. 4.7 (b) shows that the
actual AFM probe velocity fluctuates around the desired velocity, i.e. 3 µm/s. It decreases at
the sharp turns.

Furthermore, based on the 10 trials data, the position tracking performance are evaluated
by the mean tracking error, the Root Mean Square Error (RMSE) and the Standard deviation
(STD).

The mean tracking error −x is calculated as:

−
x =

1

N

N∑
i=1

xi, i ∈ (1...N) (4.36)

where xi represents the tracking error sample, N is the number of error samples.

The Root-Mean-Square Error (RMSE) is calculated as:

RMSE =

√√√√ 1

N

N∑
i=1

xi
2, i ∈ (1...N) (4.37)

The Standard deviation (STD) is calculated as:

STD =

√√√√ 1

N

N∑
i=1

(xi −
−
x)2, i ∈ (1...N) (4.38)



80 Chapitre 4. Model Predictive Control (MPC)-based Path Following and Obstacle Avoidance

The analysis results are summarized in TABLE 4.2.

Mean RMSE STD
Value 2.5193 Pixel 3.2452 Pixel 2.0447 Pixel

Table 4.2: MPC eight-shape path following tracking performance

The mean tracking error is 2.5 pixels, within an image sized of 610 × 460 pixels, which is
considered acceptable. The RSME shows a slight bigger difference between the desired and the
actual tracking trajectory, with 3.2 pixels. The STD of 2.0 pixels demonstrates the achievement
of a stable tracking process.

These results illustrate that the proposed model predictive control is able to achieve an ac-
curate and stable path following of the AFM probe, with a specified velocity profile, under the
consideration of the special case of PIA actuator working principle.

4.8.2 Obstacle avoidance by model predictive control

(b)

Path reference
Tracking result
Obstacle

200 μm

(a)

Path reference
Tracking result
Obstacle

200 μm

Figure 4.8: Obstacle avoidance experiment results under the proposed model predictive control.
The obstacle is featured with a radius of 18 pixels and a safe radius of 20 pixels.(a) Tracking
result by given a straight line shape reference path. (b) Tracking result by given a sinusoidal
shape reference path.

Furthermore, experiments of obstacle avoidance are executed under the proposed model predic-
tive control method. A reference path is given, with a virtual obstacle obstructing the planned
path. The aim is to control the AFM probe to follow the reference path and to simultaneously
bypass the unexpected obstacle. The tracking result is shown in Fig. 4.8. A straight line shape
reference path and a sinusoidal shape reference path are shown in Fig. 4.8 (a) and Fig. 4.8 (b).
The results show that, with the proposed control algorithm, the AFM probe succeeds to first
converge and follow the pre-defined path and then bypass the obstacle at the same time.
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Figure 4.9: Obstacle avoidance repeatability experiment results. (a) 10 trails of obstacle avoid-
ance control given with line reference path. (b) 10 trails of obstacle avoidance control given with
sinusoidal reference path.

To prove the repeatability, 10 trails of both line shape and sinusoidal shape reference paths
following are maneuvered separately as shown in Fig. 4.9. The obstacle is featured with a
radius of 18 pixels and a circle with a radius of 20 pixels is regarded as safe area. Fig. 4.9
demonstrates that the obstacle avoidance behavior under the proposed model predictive control
is experimentally repeatable. The AFM probe follows the pre-defined path first, then bypass
the obstacle and keeps being as close as possible to the specified path, to achieve the shortest
trajectory.
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Figure 4.10: Distance distribution between the AFM probe and the obstacle, during the obsta-
cle avoidance process. (a) Distance evolvement given with line reference curve. (b) Distance
evolvement given with sinusoidal reference curve.

Fig. 4.10 shows the distance evolution between the AFM probe and the obstacle with re-
spect to the obstacle avoidance procedure under the constrains of the proposed model predictive
control. It forces the distance between the AFM probe and the obstacle to be bigger than the
safe radius of 20 pixels. The results present that, given with both line and sinusoidal reference
path, the proposed algorithm successfully controls the AFM probe to bypass the obstacle and
maintains the AFM probe outside a safe radius of 20 pixels, away from the obstacle.
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Figure 4.11: PIA actuator sawtooth signal inputs distribution during obstacle avoidance. (1)
Obstacle avoidance given with line reference, (a)-(d), are Ampx|k within 34V ∼ 80V , Frex|k
within 5Hz ∼ 20Hz, Ampy|k within 30V ∼ 80V and Frey|k within 5Hz ∼ 20Hz. (2) Obstacle
avoidance given with sinusoidal reference, (e)-(h) are Ampx|k within 34V ∼ 80V , Frex|k within
5Hz ∼ 20Hz, Ampy|k within 30V ∼ 80V and Frey|k within 5Hz ∼ 20Hz.

Fig. 4.11 presents the PIA actuator sawtooth signal inputs. The amplitudes and the frequen-
cies of X and Y axes (Ampx|k, Frex|k, Ampy|k and Frey|k in equation 4.7) are constrained by
the proposed model predictive control method, as summarized in TABLE 4.1. All the concerning
parameters are mainly within the constrain ranges, which guarantees the working range of the
velocity from characterization map of Section 4.2.

To sum up, the experimental results show that, under the proposed model predictive control,
which considers the working principle and velocity characterization of the PIA actuator, the
AFM probe succeeds to follow the reference path with a pre-defined velocity, and simultaneously
is capable of avoiding the obstacle obstructing the path.

4.9 Summary

This chapter for the first time achieves path following and obstacle avoidance simultaneously by
model predictive control on an AFM driven by Piezoelectric Stick-Slip inertial actuator (PIA
actuator). The work is implemented under the visual tracking from SEM. Low velocity perfor-
mance of PIA actuator is characterized by model identifications of velocity-direction-amplitude-
frequency map (velocity map) of PIA actuator. The velocity map combined with the AFM based
nano-robotic system kinematic model, is linearized to represent the plant. A model predictive
control process is built according to the linearized plant model to optimize control inputs during
obstacle avoidance. A two-layer obstacle avoidance control scheme is proposed considering the
direction dependent feature of PIA actuator. The high-level layer determines the motion direc-
tions of X and Y axes, which is used to select the corresponding velocity map for MPC control.
The low-level layer, in accordance with the selected velocity map and the nano-robotic kinemat-
ics, optimize the increment of the sawtooth input voltage amplitude and frequency to achieve
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the obstacle avoidance task. Experiments are performed for both path following and obstacle
avoidance control. The repeatability and the control effectiveness are verified experimentally
with the AFM based nano-robotic system.



Conclusion and perspectives
Nano-robotic combined with scanning electron microscopy has become an excellent tool to deal

with challenging and tricky micro/nano-technologies for both industry and academic research.
Its extensive applications in various domains, including material characterization, nano-assembly
and medical investigation, show the great commercial potentials, which requests to highly au-
tomated, standard and batching production capabilities. However, the start of the art shows
that nano-robotic systems are most of the time operated based on either tele-operation with
skilled-users or automated with task-oriented constraints. This greatly reduces the usability of
such a technology for people outside the robotics filed. On the other hand, the advanced motion
control and learning based techniques in macro scale robotics are still hard to directly apply in
the small scales because of the special working principle of nano-robots, the complex physics
and the limited sensing modules in the small world. As such, the objective of this thesis is the
development of a generic, intelligent and user friendly interface that can manage elementary
robotic tasks needed inside a SEM by simply defining graphical instructions on the SEM screen.
To deal with the very high magnification capability of SEM and to be able to reach any region
of interest on sample observed by a SEM, the robot end effectors must have the capability to
navigate with a displacement range to resolution ratio of several million times. As such, all the
motion control considered in this thesis must deal with multi-scale trajectories, i.e. trajectories
in the nano-meter range up to the milliliter range. In this case, the piezoelectric inertial actuator
(PIA) such as the Piezoelectric Stick Slip (PSS) actuator is the most promising type of actuator
for such robots.

The main experimental platform considered in this thesis is the ISIR-robotex nano-robotic
platform. The latter is mainly composed of a poly-articulated nano-robotic system actuated
by PSS actuators and holding a self sensing AFM probe as end effector. This robot operates
inside a SEM. The thesis tackles two control level issues. The high level control layer and
the low level control layer. The high level control layer is in charge of decision making, such
as motion planning, trajectory tracking and task distribution. It optimizes the decisions and
assigns reference commands to the low level control layer according to multi-channel sensing
fusion information. The low level control layer is focused on fundamental dynamics control such
as position control, velocity control and force control.

For the low level control, this thesis deals with position and velocity control of PSS actuators.
Even though there are a series of nano-robotic systems having been developed as commercial
products or prototypes in the labs, the integrated controllers greatly limits the potential of use of
such nano-robotic system. This is due to the lack of knowledge about the dynamics of the actu-
ator. Therefore, this thesis first establishes a comprehensive and systematic modeling of a class
of PSS actuator including the dynamic and the hysteresis modeling of the piezoelectric element
actuator and the modeling of the friction. A multi-states pattern is proposed and applied in the
dynamic modelings of the friction presliding phenomenon, resulting in a consistent simulations
with the corresponding experimental data, in both time and frequency domains. Furthermore,
the friction properties are identified and discovered to be dependent on the specific direction, am-
plitude and frequency of the sawtooth driving signal. Consequently, a fully-constructed modeling
of the piezoelectric stick-slip actuator is presented. This model illustrates high matching with the
experimental data for multi-scale displacement. This model can be used for observation purposes
and for a fast pre-development of control strategies, upstream of a real time implementation.

For the velocity control of PSS actuators, the velocity characterization is first identified, with
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respect to the amplitude and frequency of the sawtooth driving signal, in both the forward
and backward directions under air and vacuum environments. The achievable velocity ranges
of the PSS actuators have then been identified to be used as input references for the closed
loop control. A double-proportional-integral control structure is proposed, in order to tune the
amplitude and frequency of the sawtooth driving signal respectively. The instant and the average
velocity feedback structures are compared in the control loop. The average velocity feedback with
less pulse caused by the slip-phase achieves more stable performance. The success of velocity
control enables the ISIR-robotex platform to achieve a smooth and stable motion when trajectory
tracking is needed.

The well developed low level controls in this thesis settles the solid foundation to support the
high level control to take a further step towards new approaches for automated nano-robotics
based on inertial actuators inside electron microscopes.

For the high level control of the ISIR-robotex platform, path following control is first devel-
oped thanks to the accomplishment of velocity control. The inspiration comes from the path
following control strategy of holonomic robotics in macro scale. Under the geometric based
Frenet kinematic frame, an intuitive and effective path following algorithm is carried out to cal-
culate the longitudinal and the perpendicular velocities which drive the robot to move along and
converge to the reference path. These velocities are further projected onto X and Y axes and
are tracked by the low level velocity controllers. Template matching algorithm is applied for the
localization of the AFM probe and to provide the sensing feedback from the SEM image. The
developed path following technique enriches the motion capability of the inertial based nano-
robotic systems, that can be utilized for complicated trajectory tracking for manipulation and
assembly missions. Other than this, it is a generic control method and can be adapted in sundry
applications.

For AFM tracking using SEM vision, one has to consider specific issues related to the com-
promise between the scan speed and the image quality of SEM. This restriction seriously limits
the performance of conventional vision tracking algorithms such that those based on Template
Matching when used with electron images. At high scan speed, the image quality is very noisy
making very difficult to differentiate the AFM tip from the background, hence limiting the
tracking capabilities. In this thesis, we have explored for the first time the potential value of
deep learning in the context of nano-robotic vision tracking inside SEM. A deep learning based
Convolutional Neural Networks is proposed to provide a real-time AFM probe localization as
position feedback in the control loop. A databased of scanning electron microscopy imaging is
built, which consists of the marked coordinate of the AFM probe with different magnifications
and evenly distributed locations. Compared with traditional vision tracking methods, the pro-
posed learning network is able to extract the essential feature of the AFM probe and provide a
robust prediction agaist the imaging background complexity and noise caused by the increasing
SEM scanning speeds. The proposed learning network for the first time verify the possibility of
importing machine learning into nano-robotic domain.

After the achievement of path following, another high level control is developed, obstacle
avoidance. Model predictive control is implemented to drive the AFM probe to track the pre-
defined path and keep the minimum distance between the AFM probe and the obstacle. The
velocity-direction-amplitude-frequency map is identified, linearized and integrated as part of the
model predictive control structure. A piezoelectric stick-slip actuator customized model predic-
tive control algorithm is proposed for the path following control. A varying time horizon interval
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strategy is imposed to guarantee the best performances in tracking the path and bypassing the
obstacle. Constrains are added to drive the ISIR-robotex platform with safe input values. This
thesis is a pioneer in model predictive control on robots based on piezoelectric inertial driving
principle, which has not been reported in the literature. The proposed algorithm is able to fa-
cilitate the ISIR-robotex platform to track reference paths with position and velocity controls
simultaneously. The obstacle avoidance control increase the intelligence of the nano-robotic sys-
tem, which is more flexible and adaptable to deal with accidents during a manipulation task
and continue to accomplish the given task. This can be an interesting solution for collaborative
nano-manipulation issues.

In order to achieve these automation control process efficiently, an intuitive and user-friendly
interface between the operators and the ISIR-robotex platform is constructed. The reference
path is easily specified just by a simple mouse click on the screen. Sensors, controllers and
executors are linked by the built interface through real-time udp communication. This intuitive
interface enables the challenging nano-manipulation issue to become a child-play. With such a
simple operating rules, even people who have no pre-knowledge about nano-manipulation, is able
to give a reasonable command without any hesitation.

To summary, this thesis develops a task-generic, automated nano-manipulation system un-
der the vision feedback of scanning electron microscopy. The work involves a comprehensive
improvement on the modeling, sensing, control and intelligence of nano-robotic. Velocity con-
trol, path following control and obstacle avoidance control are for the first time achieved in
nano-robotic domain. Deep learning based Convolutional Neural Networks improves the visual
tracking performance from scanning electron microscopy imaging, which has not been reported
in the literature. The proposed algorithms and methods in this thesis are universal and can be
adapted in wide ranges of tasks. The developed techniques enrich the motion capability and
sensing methods of nano-robotic, accelerating the process towards a fully-automation for robotic
manipulation purposes at small scales.

For the future work, with the developed work in this thesis, there are three aspects which
can be investigated in the future. The first aspect is to develop a compact nano-manipulation
AFM probe with force feedback, such as a nano-griper. Efficient pick-and-place strategy should
be developed with the consideration of the adhesion force at the small scale. This will guaran-
tee the efficiency and the stability during handling tasks. The second perspective is to develop
multi-AFM probes cooperative manipulation for complicated tasks. Challenging algorithm of
motion planning is requested to dispatch collision-free trajectories for AFM probes. Multiple
AFM probes tracking is another tricky issue needed to be solved. Meanwhile, virtual reality
(VR) can be carried out for the robotic configuration simulation to guide the complex assembly
when measurements from external sensors are not accessible. Eventually, the overall enhance-
ment on sensing information fusion, pick-and-place and motion plan, will enormously boost the
commercialization process of micro/nano-robotic for industrial applications.
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Appendix A

Geometric Curve Characterization

The geometric curve can be defined in an explicit form, an implicit form or in a parametric
form [135]. In the explicit form, the output variable is completely defined by other independent
variables. For instance, in the equation y = mx + b, the output variable y is defined by the
independent variable x to describe a straight line in R2. In the implicit form, all the variables are
grouped on one side of the equation. For instance, the equation of a circle f(x, y) = x2 +y2 = r2
in R2, and the equation of a sphere f(x, y, z) = x2 + y2 + z2 = r2 in R3. A parameterized curve
is able to describe the geometry of a curve in a more general way. Each point coordinate of the
curve is defined as functions of one parameter. For instance, a 3D Cartesian parametrized curve
is defined as:

Sp(cp) =


Spx(cp)

Spy(cp)

Spz(cp)

 (A.1)

where Spx, Spy, Spz are the functions of the parameter cp.

Generally, a parameterized curve is defined as (Sp : Ip → Rn), which maps an interval Ip =

(a, b) to Rn space [34] [135]. As a result, a point whose differential Sp

cp
= Ŝp(cp) 6= 0 is called a

regular point. Point whose differential Ŝp(cp) = 0 for cp ∈ Ip is called a singular point. A smooth
regular parametrized curve should be differentiable and without singular points.

Arc length: the curve Sp(sp) is parameterized with respect to its arc length sp. The arc sp
is defined as the segment length between two curve points (cp1 and cp2) along the curve. If the
curve is differentiable, its arc length starts from the starting point is defined as:

sp(cp) =

∫ cpn

cp0

||Ŝp(cp)||dcp =

∫ cpn

cp0

√
Ŝpx(cp)

2
+ Ŝpy(cp)

2
+ Ŝpz(cp)

2
dcp (A.2)
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where ||Ŝp(cp)|| =
√
Ŝpx(cp)

2
+ Ŝpy(cp)

2
+ Ŝpz(cp)

2
is the Euclidean norm of the vector Ŝp(cp).

Tangent vector: as sp is the arc length, the derivative of sp is the tangent vector of the
curve at point cp. The unit vector is given as:

kp(sp) =
dSp(sp)

dsp
= S′p(sp) (A.3)

The derivative of Cp(sp) = ||k′p(sp)|| is the curve curvature. which is given as:

Cp(sp) =
√
S′′p (sp) · S′′p (sp) (A.4)

Normal vector: as kp(sp) is the unit vector, kp(sp) · kp(sp) = 1. The derivative of this
equation results in kp(sp) · k′p(sp) = 0. Here, k′p(sp) represents a vector perpendicular to kp(sp).
Assuming that k′p(sp), the curvature, is not zero, the unit vector of k′p(sp) is defined as the
principle normal vector np:

np(sp) =
k′p(sp)

||k′p(sp)||
=
k′p(sp)

Cp(sp)
(A.5)

Bi-normal vector: kp and np span the plane of curvature. Furthermore, in order to build a
Frenet frame, a bi-normal vector bp is defined as:

bp = kp × np (A.6)

As a result, the orthogonal base of a Frenet frame is formed by the parameters kp, np, bp.
There is a natural relationship between these vectors that is encoded by the curvature and the
torsion of the parametric curve. The curvature is measuring how much the curve is bending as
it is traced out, while the torsion is measuring the twisting of the curve. The origin point of the
frame is the projected point of the AFM probe tip onto the geometric curve Sp.

Curve torsion: the torsion τp measures the speed of rotation of the binormal vector at the
given point [107]. By computing the derivative of the Bi-normal vector bp, with respect to the
arc length sp, the following equation is obtained:

b′p = k′p︸︷︷︸
= Cpnp

×np

︸ ︷︷ ︸
= 0

+kp × n′p (A.7)

Here, b′p is perpendicular to kp. In addition, b′p is also perpendicular to bp due to ||bp|| = 1.
Thus, b′p is parallel to np, which as defined b′p = −τpnp. Thereby the curve torsion is:

τp = −np · b′p = n′p · bp (A.8)

n′p can be expressed as:
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n′p = −Cpkp + τpbp (A.9)

Frenet formula: it is described by:


k′p

n′p

b′p

 =


0 Cp 0

−Cp 0 τp

0 −τp 0



kp

np

bp

 (A.10)
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