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Results
The thermal behaviour of the actuator surface
was investigated experimentally, whereby the
surface temperature was increased from 23 °C
to 85 °C in 1 °C increments. The bending was
recorded (see Fig. 2 Meas. heating/cooling).
The maximum temperature of 85 °C was se-
lected because it corresponds to the maximum
bending of 20° after the permissible excitation
time. The hysteresis behaviour of Nitinol can be
simplified through the use of sigmoid functions. If
the parameters of the function are based on the
data sheet of the SMA multi-wire actuator, the
observed behaviour, and a review of the relevant
literature [1], [6], the experimental results are not
described well (see Fig. 2 Calc. heating/cooling).
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Fig. 2: Hysteresis of SMA actuator surface
temperature with sigmoidal modeling

The study by Kciuk et al. provides a descrip-
tion of the SMA hysteresis behaviour, which of-
fers a reference point for further analysis. The
adapted formula for calculating the bending an-
gle αbending as a function of the surface temper-
ature (T ) is presented below [6]:

αbending(T ) =
αmax

((1 + exp(−β · (T − T0)))n
(1)

In accordance with the results of the measure-
ment, the least squares method, as outlined by
Kciuk et al., is applied to ascertain the parame-
ters αmax (max. bending angle), β (max. slope
of the hysteresis curve), T0 (the mean of the start
and end surface temperatures of a phase transi-
tion) and n (exponent for curve asymmetry, lim-
ited to 10 to prevent overfitting). The start and
end points were given more weight to ensure
consistency during cooling and heating. The re-
sults are shown in Tab. 1.

Tab. 1: Optimised parameters

Parameter Heating Cooling
αmax 19.9° 26.1°
β 0.17 1/°C 0.05 1/°C
T0 28.87 °C 16.46 °C
n 10 10

The overall RMSE is 0.5° (see Fig. 1 Opt.
heating/cooling).

Discusion
The position of a multi-wire SMA actuator can
be determined by measuring the surface tem-
perature using an infrared sensor and creating
a model with an average deviation of 0.5°. A sig-
moid function can be employed for the purpose
of providing a simplified mathematical descrip-
tion of the angle change. The parameterisation
of this function can not be based on standard-
ised or manufacturer-provided data, as the mea-
sured surface temperature differs from the wire
temperature. Apart from a shift in the tempera-
ture, the heating curve exhibits a similar shape
(see Fig. 2 Opt./Calc. heating). The discrepan-
cies observed in the cooling curve at tempera-
tures exceeding 55 °C can be attributed to the
non-linear hysteresis exhibited by the material
and the spring-like behaviour of the steel plate.
The parameters in Tab. 1 apply from 23 °C to
85 °C. It is necessary to recalculate the param-
eters for each distinct configuration of the SMA
actuator.

Conclusion
The study demonstrates that the actuation angle
of a multi-wire SMA actuator can be determined
by a sigmoid function based on the surface tem-
perature. This finding provides a basis for the
position control of SMA-based robot grippers.
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Abstract: Bin-picking systems face challenges in fully emptying containers due to collision risks in real-world
scenarios. In this contribution, we present a grasp planning approach that combines 2D and 3D sensor data to
ensure collision-free handling. The method is successfully tested on objects with eccentric centers of mass and is
implemented directly on the robot’s control unit, eliminating the need for separate computing hardware.
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Introduction
Robotic bin-picking tasks are essential in indus-
tries such as manufacturing, warehousing, and
logistics. Effective grasp planning remains chal-
lenging due to real-world complexities like ec-
centric centers of mass, the lack of collision
checks with the bin, and the handling of tightly
packed bins [1]. Existing methods often rely on
point clouds, which are time-consuming to com-
pute and fail to incorporate 2D information of the
objects.

Related Works
Buchholz et al. [2] apply depth images and paral-
lel projections of the gripper to evaluate various
grasps from a given pose and defined degrees
of freedom. Shi and Koonjul focus on automating
the generation of grasps to reduce setup times in
bin-picking systems [3]. Spenrath and Pott em-
ploy a heuristic tree search for grasp planning,
leveraging a neural network-based approach that
reduces computational time by 45 % [4]. Another
approach involves the constrained placement of
unknown objects, but faces problems with low
accuracy and the lack of consideration for the
center of mass [5].

Developed Method
The proposed grasp planning system combines
2D and 3D sensor data to localize objects within
a bin. While 3D data is crucial for accurately
determining object position and orientation, 2D
data enhances object detection in tightly packed
bins. Placement requirements of the objects can
be met, as the surface texture provides feedback
on the center of mass and object features that
are not detected in the point cloud. Specially de-
signed grippers reduce collision probability, but
do not eliminate the need for grasp planning.
Fig. 1 shows the bin-picking robot along with the
coordinate systems involved.

Fig. 1: Robot bin-picking with the required coordinate
systems for the proposed grasp planning.
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The method incorporates coordinate systems
for the robot base, wrist center, sensor and ob-
ject. This grasp planning approach relies on the
position of the wrist center in base frame coordi-
nates brwb (see Eq. 1).

brwb = brob + boT orwo (1)

The sensor, in combination with image pro-
cessing, determines the position of the object
in the sensor’s coordinate system. With a valid
hand-eye calibration, the object’s position is then
transformed to the robot base frame brob.
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A three-dimensional space within the bin,
where brwb is allowed during grasping, is defined
by P as specified in eq. (2). In this context, all
coordinates (x, y, z) refer to the base frame.

P =

{
(x, y, z) ∈ R3

∣∣∣∣∣
xmin ≤ x ≤ xmax,
ymin ≤ y ≤ ymax,
zmin ≤ z ≤ zmax

}
(2)

The system is designed to be implemented on
a robot controller with simple commands, without
the need for additional computing power.

Experiments
We conducted experiments to test the grasp
planning system, utilizing a Yaskawa GP50 robot
equipped with a vacuum gripper (see Fig. 2). For
object detection, a Roboception rcvisard 160 m-
6 stereo sensor generates a 3D point cloud that
includes 2D textures of the objects. The tests
involved objects, which are characterized by ec-
centric centers of mass. For each object, multi-
ple grasp options were defined, from which the
system selected and executed a collision-free
grasp with the developed method.

Fig. 2: Experimental setup of the robot performing a
grasp in a bin with multiple objects with uneven
center-of-mass

Results and Discussion
The experiments demonstrated that the pro-
posed method successfully identifies collision-
free grasps. The integration of 2D sensor data
enhanced object detection in tightly packed bins,
improving system reliability. The approach en-
abled the handling of objects with uneven cen-
ters of mass and features that 3D data alone
cannot capture. Identifying the center of mass
is critical for vacuum grippers, while small object
features are essential for proper positioning, par-
ticularly when specific orientations are required.

The current system does not account for poten-
tial collisions with other objects in the bin or along
the robot’s path to the object.

Conclusion and Outlook
The developed grasp planning system combines
multimodal sensor data to increase object de-
tection. By implementing coordinate transforma-
tions and predefined grasp points, the system
calculates collision free grasping points. By con-
sidering the 2D textures of the objects, informa-
tion about their center of mass can be inferred.
The system operates efficiently without the need
for additional computing hardware, reducing both
complexity and cost.

Future work could focus on evaluating the
robot’s full path to the grasping point and in-
corporating self-learning capabilities for model-
independent tasks. Key improvements could
include integrating parameters such as weight,
center of mass, and surface conditions to further
enhance grasp reliability.

Tools
This paper benefited from OpenAI’s ChatGPT,
which was applied to improve grammar and sen-
tence clarity.
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