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Abstract: One of the key challenges of microsystem- and nanotechnologies is the automation of robot-based nanoma-
nipulation. However, there is limited sensor feedback due to lack of appropriate sensors. Sensor feedback is required for
repeatable actuator movements from macro- down to the nanoscale. This complicates the design of reliable automation
processes. In this paper, the development of an automated robot-based toolbox for cell injection and handling is pre-
sented. This toolbox includes several sensor methods, bridging several orders of magnitude as feedback for automation.
A non-linear support vector machine (SVM) is applied for classification of the viability of cells as feedback for quality
control. A visual servoing algorithm for position tracking of the injection needle as well as an injection force sensor have
been developed. First automation results and the control system are explained.
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1 INTRODUCTION

Over the last decade, there has been an increasing interest
on the automation of manipulation, handling, and assem-
bly tasks on the micro- and nanoscale [1]. A key constraint
of automated nanohandling is the very limited sensor feed-
back due to the required resolutions and the small type of
construction of nanorobots. Therefore, existing techniques
need to be scaled down if feasible or new sensor methods
need to be developed.
In the project “Hybrid ultra precision manufacturing pro-
cess based on positional- and self-assembly for complex
micro-products” – HYDROMEL [2], the goal is to de-
velop tomorrow’s high-precision flexible and cost-effective
manufacturing process for complex microproducts. This
goal should be achieved by combining self-assembly [3]
and nanorobotic techniques [4]. This paper will focus
on the sensor and control concept of a flexible high-
throughput cell injection system demonstration, which is
part of HYDROMEL.
The automated injection of Xenopus Laevis oocytes
(African clawed frog) has been chosen as application for
the developed algorithms and sensors. The injection pro-
cess, though actually happening on the microscale, shows
all characteristics of a similar handling process on the
nanoscale. The components – except the force sensor –
which are needed for nanohandling will differ just in de-
tails.
In order to enable a successful injection process, differ-
ent components are needed. The first step is the sorting
of the oocyte cells according to their suitability for injec-
tion. Defective cells should not be injected but rejected by
the system and disposed. For this purpose, a cell classifi-
cation algorithm has been developed (section 2). After this
prescreening, the cells have to be injected. A needle tip
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tracking algorithm is used to obtain feedback about the tip
position, and visual servoing is therefore executed to po-
sition the needle relative to the cell (section 3). When the
needle is ready to inject, force feedback delivers informa-
tion about the contact forces between cell and needle tip, by
which the injection process can be monitored and validated
(section 4). Finally, a control system architecture integrat-
ing the different sensor feedback methods of the previous
sections is presented in section 5.

2 CELL CLASSIFICATION

Automatic microinjection of biological cells is considered
to be a key technology in biotechnological research. Espe-
cially in drug development, the Xenopus Laevis is a very
popular model organism because of its rapid growth. Also
oocytes and embryos are comparably robust to manipula-
tions. For automated microinjection of Xenopus Laevis
oocytes, the quality of the raw cells must be controlled to
assure reproducible results. Usually, the oocytes are sepa-
rated manually from the frog so defects such as incomplete
separation, external damage or oocyte death may occur.
The characterization of biological cells from a streaming
cell suspension is referred to as flow cytometry [5]. Tra-
ditionally, laser scatter is used to derive several parame-
ters from thousands of cells per minute. This technique is
used for cells of up to a few hundred microns in diameter
whereas the oocytes considered here are around 1 mm, de-
pending on maturation state. An approach more promising
is image cytometry [6]. In image cytometry cell properties
are measured from microscopic images. This procedure ex-
hibits many details of individual cells but comes with the
drawback of limited throughput.
An experimental setup has been built for automatic oocyte
classification based on image cytometry. The cells travel
along a microfluidic channel passing the field of view
(FOV) of a programmable camera module (Videology
21K15X) which provides a video stream to the computer



Figure 1: Image scene of a viable Xenopus Laevis oocyte
in motion with marked region of interest (ROI).

vision application. This setup allows for classification of
oocytes in real-time. If an object is detected, the computer
vision application indicates the classification result to the
process controller which will remove the object if neces-
sary. A typical image scene containing a viable oocyte can
be seen in figure 1.

2.1 Segmentation
For obtaining relevant features from a cell image, objects
have to be separated from the image background. This pro-
cedure is called image segmentation. If constant illumina-
tion is ensured during the experiments a raw segmented im-
age may be received by calculating the absolute difference
of the actual image and an initially captured background
image. The Canny Edge Detector [7] applied to the differ-
ence image helps to find the outer and inner contours of the
cell. Finally, binary dilation applied to the edge image fol-
lowed by region filling yields a segmentation mask. This
binary mask indicates oocyte and background regions of
the original image.

2.2 Feature Retrieval
Four damaged and dead oocytes can be seen in figure 2.
Once an object enters the FOV three features are computed
that serve as input to the classifier.

1. Object size obtained by the number of object pixels

2. Object roundness R as described in [8]:

R =
4π · Area

Perimeter2 (1)

3. Average textural contrast as described in [9]

The size feature ensures that cell debris that might result
from cell damage cannot be classified as viable cell. De-
fects in object roundness R are a sign of cell surface burst.
A neighborhood of 5 pixels has been chosen for the aver-
age textural contrast feature. Higher values correspond to a
high level of cell pigmentation which is an indicator for cell
death. All features are normalized before classification.

2.3 Classification and Results
A non-linear SVM approach has been chosen for classifica-
tion using SVMlight software [10]. The training procedure

includes 212 representative samples and identifies 37 sup-
port vectors si with associated Lagrange multipliers αi and
hyperplane threshold b. The radial basis function (RBF)
kernel is used as non-linear feature mapping:

K (xi,xj) = e−||xi−xj||2 (2)

Leave-one-out cross validation indicates an error of 0.0189.
The classification is performed online according to the rule:

f (x) =
Ns∑
i=1

αiyiK (si,x) + b (3)

Figure 2: Four examples of damaged and dead oocytes.

3 VISUAL SERVOING

One task in the HYDROMEL project is to automatically
inject substances into oocyte cells. For this, an injection
setup is being developed to achieve high throughput of cells
in combination with high injection success rate and preci-
sion.

Figure 3: Example for injection needle used in setup.

In order to control the injection process for the Xeno-
pus Laevis oocytes, the injection needle position has to be
tracked. The method used for this purpose is based on tem-
plate matching. With the position data of the tracking al-
gorithm, the needle can be moved to the cell of interest by
visual servoing. Using visual tracking for this purpose en-
ables the injection station to flexibly adjust to different cell
positions and setup changes.



The template matching approach uses normalized cross
correlation to locate a known object in a scene. A template
image T containing the object of interest is cross correlated
with the camera input image I:

C(xp, yp) =
xt∑

x=0

yt∑
y=0

I(xp + x, yp + y) · T (x, y) (4)

The position of the maximum in this cross correlation ma-
trix is the position of the object in the image:

C(xobject, yobject) = max(C) (5)

To further refine the object’s position in the image, the
correlation matrix is constrained with a suitable threshold
function:

T (v) =
{
v − t if v >= t
0 else. (6)

Cthresh(x, y) = T (C(x, y)) (7)

and subsequently a weighted centroid is calculated of the
area surrounding the object’s position:

xcog =
∑
x · C(x, y)∑
C(x, y)

(8)

ycog =
∑
y · C(x, y)∑
C(x, y)

(9)

By using this approach, the position of the needle tip can
be determined to fractions of a pixel.

Figure 4: Injection needle tracked using template match-
ing.

Problems may occur if the needle tip is leaving the fo-
cal plane of the camera. Small displacements already lead
to increasing defocusing. To a certain point, the template
matching approach is robust against defocusing, but the ro-
bustness is limited by the appearance of the object. Due
to the small dimensions of the tip in the image, a certain
amount of defocusing may lead to the tip appearing shorter
than it is. This will alter the tracked tip position.
This approach is not restricted to light microscope im-
ages. Another possible application of it is the tracking of

nanometer-sized objects (figure 5) in the scanning electron
microscope (SEM). The specific imaging constraint of the
SEM is the poor signal to noise ratio when using fast scan-
ning speeds. The template matching approach is robust
against this increased level of noise, so it can be used in
a nanohandling setup with SEM as visual sensor. Defocus-
ing issues on the other hand are not evident to the same
extent.

Figure 5: Nanowire tracked using template matching.

The implementation of the template matching algorithm is
efficient enough to process camera images in real-time for
common image sizes and frame rates, due to the restriction
of the algorithm to a search area around the last determined
position of the object.
Tests have shown that the tracking algorithm is working
stable and fast for this setup and for manipulation setups in
the nanometer scale. Further miniaturization of the setup
will be possible using this approach.

4 FORCE SENSORS

Forces play a major role in ones everyday life and espe-
cially regarding actions on the micro- to nano-scale. In the
special case of handling living cells, it is important to limit
the forces acting on the cells by the tools. Cell handling
tools are for example grippers [11], patch-clamp pipettes,
and injection pipettes.
Regarding a tele-operation or even an automation of the
injection process, the injection force is an indispensable
factor. At the moment, in nearly all laboratories, the in-
jection is still done by hand. The operator relies on his or
her skills and experience and the number of successful in-
jected cells is rather low [12]. The bottle-neck is the force
measurement. Forces can be measured by optical means
but this requires additional computing resources and rely
on deformable objects [13][14]. Here, a mechanical force
sensor would be beneficial as with an appropriate method
the sensor uses fewer resources and makes a direct contact
instead of optical methods.
We are developing such a sensor intended e.g. to measure
the injection forces during the injection of the above men-
tioned Xenopus Laevis oocytes.
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Figure 6: Typical force-distance curve for an injection of a
cell in general (compare [15],[16]).

A typical force-distance curve of a cell injection (figure 6),
starts with no or just a low force as there is no contact with
any cell, but with the medium in which the oocytes live.
When the pipette is touching a cell, the force is rising until
the cell membrane is penetrated. With the penetration, the
forces on the pipette drop down to another minimum. The
force differences during the individual injection states are
significant and a proper force sensor will be able to resolve
them properly for an automation system.
For different cell types, one can find different values of
forces in literature. For example, penetration forces of
mouse embryos and mouse oocytes are about 13 µN and
7.5 µN [17], respectively, or Drosphelia embryos are about
50 µN [18], or zebrafish embryos are about several hun-
dreds of micronewtons [16] (ca. 700 µN , [14]). However,
from these values, we estimate the force range for the injec-
tion of the bigger Xenopus oocytes from several hundreds
of micronewtons up to not more than five millinewtons.
As there is no way to measure forces directly, a structure to
transform the force has to be used. Our approach is to use a
cantilever structure which transforms the acting force into
stress and strain, similar to those in [19]. The strain can be
detected with strain gages. A possible structure can be seen
in figure 7. The concentration of stress can be plainly seen
in the model.
As for strain gages, the strain is mandatory an approxima-
tion is done. Cutting the sensor clear, we get a typical can-
tilever beam and can derive the strain ε from the known
beam bending equation:

ε =
6 · l

E · w · h2
· F (10)

with the acting force F , the active length l of the can-
tilever (analogous to optics: projected length), Young’s
Modulus E, width w, and height h of the beam. Assum-
ing 1 mN as acting force and the transducer disc made
from steel with E = 200 kN/mm2 and dimensions of
h = 0.2 mm and w = 0.3 mm and the active length of
one clear-cut beam l = 3.6 mm we determine the strain to
ε = 4.5 µm/m. The maximum allowable strain is given

Figure 7: CAD-model of the sensor design. A preliminary
simulation with an acting force of 1mN was done showing
stress in the range from zero (blue) to 1.2 N/mm2 (red,
color online).

with 3000 µm/m for the intended strain gages KSN-2-
120-E5-16 (from KYOWA, Japan).
On the sensor, we can implement two full Wheatstone
bridges - one on every beam. As the strain on both ends
of the beam is equal we can approximate the resulting volt-
age of a whole Wheatstone bridge for the calculated strain.
Using the known equation:

Ubridge = Usupply · k · ε (11)

with the supply and bridge voltages Usupply = 2.5 V and
Ubridge, respectively, the strain gage specific gage factor
k = −110, and the above calculated strain ε, the result of
this equation is Ubridge = −1.24 mV .
For the following signal processing, the signals need to be
amplified. The equal change in both signals gives the elon-
gation of the sensor. Differences are a hint on side effects
and non-axial forces.
Obviously, this setup will make it possible to detect injec-
tion forces as small as 1 mN . The resulting strain is far
from the strain gages limit. Even with an assumed preload-
ing of 3g (by the pipette and holding parts) the strain rises
just up to approximately 137µm/m. A mechanical setup
to hold the sensor and connect pipette and tubing is also
under construction. For sensor testing a patch-clamp sys-
tem is available to hold the cell. In the later project setup
the cells are immobilized in a vacuum-based device.
The automation of an injection-system or -robot depends
not just on the positioning system but also on the force
sensor. Therefore, more efforts have to be spent design-
ing an appropriate sensor. The signal from the force sen-
sor will enable researchers to do the injection teleoperated
with force feedback [15] or enable micro- or nanorobots to
do the injection automatically. This will boost the positive
injection results and the overall throughput of the injection
system.



5 CONTROL ARCHITECTURE AND AU-
TOMATION

5.1 Control Architecture
The methods and algorithms presented for force measure-
ment, pattern recognition and visual servoing provide a
sensor toolbox for a reliable cell injection automation pro-
cess. These techniques need to be integrated into a com-
mon software architecture. The distributed control archi-
tecture for automated nanohandling (DCAAN) [20] has
been chosen for this task. It is a flexible Common Object
Request Broker Architecture (CORBA) based control sys-
tem, which is capable of integrating sensor and low-level
control programs into one common framework. As first
step towards integration all components of the toolbox have
been included into the network structure (see Figure 8).

SensorServer

HiLeC
Vision

ForceReader

CAM 1

CAM n

force sensor

injection robot

IR-LoLeC

Figure 8: The control architecture includes force and visual
sensors. The different servers (rectangles) are connected
via CORBA (red arrows).

Vision processes all camera input. Tracking and classifica-
tion algorithms (see sections 2 and 3) are applied in Vision
and their result is sent to SensorServer. Sensor programs
such as Vision send the current sensor data to SensorServer.
The SensorServer program acts as a data hub. It distributes
the sensor data to all servers that require this input (e.g.
low-level controllers). The force sensor readings are pro-
cessed by the ForceReader server and the injection robot is
controlled by the low-level controller IR-LoLeC. The high-
level controller (HiLeC) is responsible for the execution of
automation sequences as well as for user input handling.

5.2 Script Language for Automation Sequences
The automation of nanohandling tasks has very high de-
mands on the automation language. Automation scripts
combine process primitives (e.g. movement commands) of
sensor programs and LoLeCs. Every DCAAN component
specifies its own process primitives as a list of commands,
parameters and return types. Hence, new commands pro-
vided by servers can be integrated quite easily into automa-
tion scripts. The commands have the structure:

<comp>.<prim>(<param>*<res>*),

where comp is the server component (e.g. vision), prim is
the name of the process primitive with a set of paramters
(param) and a set of result values (res). Examples for pro-
cess primitives are MoveClosedLoop, ActivateCamera and
GetForceReading. The automation sequences themselves
are written in the scripting language Python, which makes

HiLeC automation problems independent. Parallel control
cycles are modeled as python threads. For new hardware
setups, only the automation sequences need to be adapted
to the new server dependent command sets. Error handling
can be performed on user level.

5.3 Injection control
The cell classification and the cell injection need to run in
parallel to ensure the high throughput constraints. There-
fore, the injection process is automated using three control
cycles (see Figure 9). One control cycle (dashed arrows on
the left hand side) is for the force controlled injection pro-
cess. The ForceReader evaluates the current sensor signal
and sends the resulting value to the SensorServer program.
The movement velocity of the injection robot is adapted by
IR-LoLeC dependent on the current force measurement.

SensorServer

IR-LoLeC

ForceReader Vision

HiLeC

CAMforce sensor

injection robot

Figure 9: Control cycles of the automated cell injection
system.

The second control cycle (dotted arrows on the right hand
side) controls the position of the injection needle. The cam-
era images are processed by Vision and sent to the Sen-
sorServer. This position data is read by the IR-LoLeC to
calculate the error vector with respect to the current posi-
tion and the goal position. Low-level actuation signals are
generated according to this error vector. The last control
cycle uses the same path as the second cycle. It is used for
the cell classification algorithm. Dependent on the clas-
sification decision, the defect cells just pass the injection
station without injection.
The automation sequences in HiLeC build a meta control
cycle. Movement commands are sent to IR-LoLeC depen-
dent on the position reading, the viability feedback of the
cell and the current force measurement are used as control
feedback. The sequence distinguishes four different states.
If there is no cell in the field of view the needle is moved
into a predefined save position. The same happens if there
is a defect cell. The second and the third states depend on
the force reading and the distance between needle and the
viable cell. If there is no force reading, the needle is moved
using the second control cycle. The force reading is used
for velocity control (first control cycle) as soon as a con-
tact between needle and cell membrane is detected by the
force sensor. At the time the membrane is penetrated, the
force value decreases rapidly. In the last state, the needle



is moved to the final injection position utilizing the radius
information of the cell and the current positions.

6 CONCLUSION

In this paper, several key components for an automated
robot-based cell injection system have been presented.
They are crucial for the high throughput required for a fu-
ture manufacturing system with low error rates. The sepa-
rate components are suitable for integration into the overall
setup.
An SVM-based algorithm to evaluate the viability of cells
for quality control has been introduced. The required con-
trol feedback for an automated injection process has been
proposed. This feedback consists of a template-based vi-
sual servoing method for position tracking and a force sen-
sor to monitor the forces during the injection process. The
algorithms have been applied to Xenopus Laevis oocytes
cells. The applicability of these components and algo-
rithms has been illustrated and the possible use of some of
these for the automation of handling processes on an even
smaller scale has been discussed.
More experiments with different cell types need to be per-
formed to ensure generalization ability of the quality con-
trol algorithm and the force-sensor. The next steps are the
integration of these components into an appropriate micro
fluidic setup and the evaluation of the overall performance.
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