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Abstract
Fast manipulation of unknown objects is a basic ability on the way to the robotic co-worker, because it is mostly imprac-
tical to have a model of each object in the environment. This paper addresses the problem of grasping and delivering
unknown objects by an industrial robot from a table using one single camera image. The delivery planning for each object
is done with respect to the packing problem, with the additional constraint that the objects must be regraspable after their
delivery. The aim is to build up a system, which has for example the ability to tidy up a table. For this aim, we present
two planning algorithms, one for the grasp planning and one of the delivery planning. The performance and robustness of
the system is validated by test runs with several objects.

1 Introduction

For human beings it is easy to grasp unknown objects. For
a robot, this task is one of the most challenging problems.
But it is one important step to reach the goal of a robot as
a helper or co-worker. Nobody can imagine the objects a
robot has to deal with, if its task is to tidy up an apartment
or an assembly shop. In such situations, a robot must have
the ability to grasp unknown objects and to deliver this ob-
ject into a storage device.
The aim of this work is to grasp and deliver unknown ob-
ject with a small industrial robot. The challenge is to do it
fast, i.e., that a human does not recognize planning times
during the execution. Here we will concentrate on grasp
and delivery planning. We are using a lightweight indus-
trial robot, a parallel jaw gripper and a standard webcam
attached to the robot (Figure 1). All planning steps use
only one image of the scene. The task for the object place-
ment is, that the objects are placed in a bounded, rectangu-
lar and flat delivery area, like a tray or an ark, so that they
can be regrasped and unpacked again. The challenge is to
place as many objects as possible in this area.
The outline of this paper is as follows. In Section 2 the
related work is discussed. Our two planning algorithms
are presented in Section 3. In the experiments section, the
solution is tested, whether it satisfies the demands on the
planning time, execution velocity and robustness. In Sec-
tion 5 the work is discussed and finally summarized in Sec-
tion 6.

2 State of the Art

Grasp planning can be divided into two kinds of grasps,
form closure ones [7] and force closure grasps. We will
concentrate on force closure grasps. Additionally the re-
lated work is grouped based on the two questions: What is
the execution time of the planner?
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Abbildung 1: Die verfügbare Hardware: Roboter KUKA Leichtbauroboter 4, Ba-
ckengreifer PG 70 von Schunk und Logitech Webcam Pro 9000.

Gegeben für die Planungsphasen ist ein Kamerabild, die aktuellen Kamera-
parameter für die kalibrierte Kamera und die Sensorwerte des Roboters und
Greifers. Des Weiteren ist die Ebene bekannt, auf der die Objekte liegen und
die genauen Abmessungen der Ablagefläche.

Gesucht sind die Greifkonfiguration und die Ablagekonfiguration, die beide
aus der Position und Orientierung des Greifers bestehen, wenn das Objekt
gegriffen oder abgelegt werden soll. Aus diesen Konfigurationen müssen die
Bewegungen des Roboters berechnet werden, um diese einzunehmen. Nach-
dem der Griff erfolgt ist, soll evaluiert werden, ob dieser erfolgreich war.

Die Greifplanung soll einen kraftschlüssigen Griff planen, der fehlertolerant
gegenüber sensorischer Ungenauigkeiten ist. Für alle Komponenten gilt, dass
sie im zweidimensionalen Raum planen und die Bewegungen im dreidimen-
sionalen Raum ausgeführt werden.

Die Frage
”
Was ist schnell?“ lässt sich auf den ersten Blick nicht so leicht be-

antworten. Für Roboterbewegungen ist in der Norm ISO-10218 [ISO-10218 06]
definiert, welche Geschwindigkeiten unter welchen Bedingungen erlaubt sind.
Wenn der Mensch mit dem Roboter interagieren soll, ist eine maximale
Geschwindigkeit von 0,25 m/s erlaubt. Diese Geschwindigkeit ist eine sehr
konservative Grenze. In den Arbeiten von Haddadin et al. [Haddadin 07,
Haddadin 08, Haddadin 11] sind umfangreiche Analysen gemacht worden,
die sich mit der Geschwindigkeit von Roboterbewegungen und den resultie-

Figure 1: The used hardware, consisting of a 7-DoF robot,
a parallel jaw gripper, and a colour camera

Takes the planner positioning errors and sensor uncertain-
ties into account during the planning?
If the grasp planning is performed for known objects, there
are many solutions including quality metrics; the paper
[22] offers a good survey. These metrics cannot be ap-
plied to our planner, as they need proper information about
the object’s shape and other detailed information like the
surface texture or the material of the object.
In [6, 20] uncertainties, based on the positioning of the
grippers fingers, are taken into account. They define in-
dependent grasp regions on polygonal objects. To apply a
force closure grasp it is sufficient to place one finger some-
where each region. They do not handle the problem that a
finger is not only a point, but also a rigid body, like a par-
allel jaw gripper.
To handle novel objects there are many solutions, which
try to learn how to grasp a class of objects, for example
[4, 11, 21]. Jiang et al. [18] introduce a grasping system
that plans on a single coloured depth image for a paral-
lel jaw gripper. They use a two-step learning algorithm to
compute the grasp configuration. The computation time of
those algorithms is to long for our constraints.
Another possibility to deal with unknown objects is to ap-
proximate them by primitives like boxes or cylinders [14].



The real object is not taken into account in the grasp plan-
ning, so it is hard to guarantee a force closure and accurate
grasp, as needed by the delivery planning.
Both [5] and [25] introduce a approach to grasp unknown
objects based on visual information. The planning and
modelling time takes more than a second. This does not
meet our time constraints. However [5] uses the size of the
surface patches to rate the best grasp. This minimizes the
external torque.
Jain and Kemp [17] regard pick and place tasks from flat
surfaces and they model the object as a point cloud. They
use the footprint of the cloud to compute the maximum
variance and try to grasp perpendicular and near the cen-
troid. If that strategy fails, they search for the object’s
highest point and within its neighbourhood all points are
selected witch have an nearly equal height. With these sub-
set of points the grasp planning is repeated. The delivery
task focuses on finding a good place in the neighbourhood
where a human points to. Therefore it is evaluated if the
object will be placed so far apart as the object can not fall
off the table. The delivery task is different from that one
we focus at, since we like to pack objects as close as pos-
sible to a given area.
Whelan and Batchelor [24] divide the domain of deliv-
ery planning into automated assembly, storage and trans-
portation, material cutting and packing applications. We
will concentrate on the packing of unknown objects into
one single bounded area. There are solutions which han-
dle non-rectangular objects like furniture, for example [8]
and [23]. The runtime of these planners are too long for
our needs. From now on we will concentrate on boxlike
shaped objects.
Bischoff and Ratcliff [3] prove that the packing problem
is NP-hard. Therefore heuristics and meta-heuristics are
used to find a good solution. Hyde [15] introduces dif-
ferent meta-heuristics and offers a brief review of those
methods. Unfortunately this methods are not suitable for
unknown objects, because all objects must be present and
their shape must be known before the planning and selec-
tion of the heuristic takes place.
There are many more solutions for the original container
loading problem, for example [2, 9, 19]. All of them have
to know the objects in general before planning.
We offer a solution to solve the two-dimensional packing
problem for previously unknown objects, with respect to
the constraint, that placed objects can be regrasped and un-
packed out of the delivering area.

3 Planning Algorithms
In this section our grasp and delivery planner are intro-
duced. The procedure of the planner is as follows: First,
the object model is computed using a single camera image.
The model of a object consists of its contour pixels (Figure
2a) and its minimum bounding box (Figure 2b). Second,
the delivery planning is executed. Third, the grasp for the

object is computed. The grasp planner is only launched, if
the delivery planner could be executed successfully. Every
time these steps are executed a new camera image is used.
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(a) Konturbild nach der aktiven Schwell-
wertfilterung und der Anwendung des

”
CLOSE“-Filters.

(b) Orginalbild mit den hellblau einge-
zeichneten minimalen Boundingboxen für
alle Objekte.

Abbildung 4: Zwischenschritt und Ergebnis der bildbasierten Objektmodellie-
rung

sind Greifregionen definiert und wie werden sie gruppiert? Mit welcher Qua-
litätsmetrik wird die beste Gruppe ausgewählt und wie berechnet man die
Greifkonfiguration?

Finden und Gruppieren von Greifregionen

Für diesen Greifplaner wird eine Greifregion als gerade Kante definiert, die
als Tupel (θ, pStart, pEnde) repräsentiert wird. Dabei sind pStart und pEnde Start-
und Endpunkt einer Strecke auf einer Geraden und θ der Winkel zwischen
der Normalen von dieser Geraden und der x-Achse (Abbildung 5).

Im folgenden wird erklärt, wie die drei Komponenten θ, pStart und pEnde mit
Hilfe der Hough-Transformation berechnet werden.

Die Hough-Transformation ist 1962 von Paul V. C. Hough [Hough 62] entwi-
ckelt worden, um in einem Gradienten- bzw. Binärbild Geraden oder Kreise
zu finden. In unserem Fall sollen Geraden im Bild identifiziert werden. Dazu
wird das vorliegende Bild in einen Dualraum, den so genannten Hough-Raum,
transformiert. Ein Punkt in diesem Dualraum entspricht einer Geraden im
Orginalbild.

Im konkreten Fall besteht das zu transformierende Bild nur aus der Menge
OP der Konturpixel des Objektmodells. Die Aufgabe ist diese Menge in den
Hough-Raum zu transformieren. In einem weiteren Schritt werden die Pixel,
die auf einer Geraden liegen zu Strecken zusammengefasst.

(a) Contour pixel of the objects
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(b) Bounding boxes (light blue)
around every object

Figure 2: Image based object model

Grasp Planning The grasp planner incorporates the ob-
ject model and the assumption that the objects are located
on a flat surface. The first step is to identify suitable grasp
regions on the objects surface. The regions must be suit-
able to place a grippers jaw. Instead of using a single point
to represent each region as in [21], we use straight lines, to
take the physical size of the gripper into account. These re-
gions are grouped into pairs, so that a grasp configuration
can be computed. These pairs of grasp regions constitute
the candidate set. Out of this set the best pair is chosen by
some quality metrics and the gripper and robot configura-
tion is computed to establish the real grasp.
The main component of the algorithm is a Hough trans-
formation [12]. This transformation extracts edges on the
objects, later used as grasp regions. These edges are au-
tomatically grouped by the Hough transformation in sets
containing only parallel edges. Each pair of parallel edges
is rated by quality metrics. One checks, if the two edges
are long enough for the gripper jaws. The longer these
edges are, the better is the rating for this pair. Another one
checks, if the object fits in between the jaws of the gripper.
This metric reduces the impact of the positioning inaccu-
racy of the robot and gripper. And the planner very robust
against sensor noise.
Using the best rated pair, the configuration of the gripper
and the robot is computed. With the Hough transforma-
tion, the orientation of the gripper is given. The position of
the gripper and its opening diameter of the jaws are com-
puted using the projection of the best candidate pair to the
flat surface, where the object is located. The approach of
the robot towards the object is force controlled to handle
further uncertainties like the height of the objects.
The result is, that we are able to compute the full robot and
gripper configuration from one image. The presented plan-
ning algorithm can easily be extended for n-finger grippers



or even hands by adapting the underlying function of the
Hough transformation.

Delivery Planning The focus of delivery planning is on
finding a solution for the two-dimensional online packing
problem, so that the unknown objects can be regrasped
later on. Since the objects are unknown, there is no pos-
sibility to perform an offline planning step as known from
the classical container loading problem.
The locations where objects can be delivered are repre-
sented by free regions, selected by different criteria. Our
solution approximates the grasped objects by their mini-
mum volume bounding boxes. For regrasping the object
by a standard gripper, we enlarge these boxes so that there
is enough space between the already placed objects. The
object is rotated, so that the bounding box is aligned with
the boundary of the delivery area.
Before the first object is placed, the delivery area is repre-
sented by a free region covering the whole area. After the
placement, the first free region is divided into three areas.
The first is the bounding box of the object and the other
two areas are the new free regions, with the property, that
each region covers the maximum rectangular area inside
the original free region. An object is heuristically placed
at that corner of a free region, which is the closest to a cor-
ner of the delivery area. The free regions are stored in a
list, sorted by the minimum distance between a free region
corner and a corner of the delivery area. This order ensures
that in doubt the free region is chosen, whose distance to a
corner of the delivery area is minimal. For all further ob-
jects, one of the free regions in the list is selected, proceed-
ing further on. In Figure 3 the state of the planner is shown
after two objects (black boxes) were placed in the delivery
area. The three free regions are represented as coloured
boxes and their order in the mentioned list is shown on the
right.

Figure 3: Left: State of the delivery area after placing
two objects (black). Right: the order of the free-space list
from left to right. The colours of the free-spaces vary, to
to distinguish them. Their numbers show the order of their
formation.

A free region is selected by the means of an objective func-
tion. We implemented three types: The first one (firstfit)
takes the first free region the object’s bounding box fits
into. The second one (bestfitVol) computes the difference
between the volume of the free region and the volume of

the objects bounding box. The free region with the mini-
mum difference is chosen. If there are more than one area
with the same objective value the first one is chosen. The
third objective function (bestfitDist) computes the distance
between a free region and the objects bounding box for
each axis. These two values are sorted lexicographically.
And the free region with minimal objective value is cho-
sen.

4 Experiments

In this section we evaluate the success of reaching our ob-
jectives. We investigate the performance of the planner
by grasping and delivering several objects with our hard-
ware setup. And we measure the runtime of each compo-
nent, both planning and execution by the robot to evalu-
ate whether we meet our most important objective being
fast. We executed our planning algorithms with the 7 DoF
KUKA LWR IV, a Schunk parallel jaw gripper and a stan-
dard webcam, mounted at the robot’s wrist. Figure 4 shows
the successes rates of the grasp planner and object mod-
eller for a selection of our test objects. Both components
were executed ten times on each object, always with a new
camera image. A failure was counted when the real grip or
the planning was not successful, caused by an inaccurate
object model or selecting an unsuitable grasp region.
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Figure 4: The graph shows the success of a grasp for sev-
eral objects. For every object the text was executed ten
times.

Robotic Experiments Figure 5a-c shows three of the
test objects during the grasp execution and the correspond-
ing camera image. These images show the grasp regions ,
the supporting line , which is used to rate the pair of grasp
regions and the minimum bounding box.
The baby’s rattle (Figure 5a) could be grasped successfully
despite the fact that there is no strait line on the surface but
rather a curved surface.
Even when the objects are located on top of each other
(Figure 5c), the grasp planner is able to plan a proper grasp
configuration and the robot executes the grasp successfully.



(a) Grasp of a baby’s rattle (b) Grasp of a salt and pepper
shaker
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bleibende Fernbedienung wird dann wie erwartet eine erfolgreiche Greifpla-
nung (Abbildung 38(a)) durchgeführt, wobei auch hier ein kleiner Fehler im
Objektmodell auftritt. Die Boundingbox ist etwas zu klein. Dadurch können
wiederum Kollisionen beim Ablegen entstehen.

(a) Kamerabild mit der zu großen Boun-
dingbox (hellblau) der Sprühflasche aber
korrekter Greifplanung.

(b) Kamerabild mit dem korrekten Ob-
jektmodell der Fernbedienung, wobei die
Boundingbox (hellblau) etwas zu klein ist,
und korrekter Greifplanung.

(c) Initiale Objektanord-
nung auf der Aufgreiffläche.

(d) Erfolgreicher Griff der
Sprühflasche.

(e) Schräge Ablage der
Sprühflasche da die Boun-
dingbox falsch modelliert
ist.

Abbildung 38: Greif- und Ablagevorgang von zwei Objekten die auf der Auf-
greiffläche übereinander liegen.

Wie schon angedeutet liegt die Hauptproblematik, warum die Ablage und
dadurch auch das Wiederaufgreifen fehlgeschlagen ist, an fehlerhaften Ob-
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(c) Grasp of overlapping objects
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(a) Das erste Objekt wird gegriffen (b) Ablage des zweiten Objekts direkt ne-
ben das erste

(c) Die Ablagefläche ist komplett gefüllt (d) Das erste Objekt wird wieder aufge-
griffen

Abbildung 36: Kronologischer Ablauf der Ablegens und Wiederaufgreifens an-
hand einiger ausgewähleter Bilder.

Wie schon aus Kapitel 3 ist das Ablegen und Aufgreifen von der Ablagefläche
hier gleichbedeutend mit dem einpacken und auspacken aus einem zweidimen-
sionalen Container. Ausschlaggebend für den fehlerfreien Ablauf ist, dass die
Boundingbox des Objekts (immer blau dargestellt auf den Kamerabildern)
korrekt bestimmt wurde. Wenn diese zu klein ist, können Kollisionen beim

(d) Delivery of the remote control

Figure 5: Sub-figures a-c show examples of the grasp planner and executer. The left image shows the camera image with
the grasp regions (red), the supporting line (green) and the bounding box (light blue). Sub-figure d shows the delivery
area while placing the remote control.

The object must be grasped exactly in the planned con-
figuration, for the accuracy of the delivery. Each inaccu-
racy limits the delivery planner. In this case the bounding
box around the object is not minimal, so the space-saving
packing becomes worse. But this is a minor problem be-
cause crashing into another object or the environment is
still avoided.
The result of tests is that the bestfitDist objective function
has the best packing density up to 90% of the available
space. The tests are based on the benchmarks from Bishoff
and Ratcliff [3].
Figure 5d shows the delivering area filled up with several
already placed objects. Currently the robot packs the re-
mote control next to a black music-player. Note that the
space between the gripper-jaws and the black music player
is minimal.

Computation Time For the runtime measurements, we
used a standard personal computer with a 2.66 GHz quad
core CPU and 4 GB RAM. We measured the computation
time of the grasp and delivery planner. Both planners in-
cluding the computation of the object model were executed
6000 times. The average computation time of the grasp
planner is 26.51 ms and the maximum was 34.45 ms. The
maximum computation time of the delivery planner was
1.3 ms. This is together approximately the frame rate of
the used camera.

5 Discussion

Since there is no general purpose robot for pick and place
tasks in an unknown environment, like [17], we think that a
bunch of behaviours for a wide set of situations needs to be
developed. Combining these behaviours should give us a
solution for such a robot. There are already some address-
ing the delivery of an object towards a person [17], over-
handing an object to a persons hand [10, 13] and opening a
door [16]. We offer a possibility to pack unknown objects
to a given area, like a tray, as a part of the mentioned bunch
of behaviours. These behaviour can be sued for butler-task

or during the tidying up, while placing all objects together
to get some free space.
All of these robots first need to grasp the unknown object.
As shown in Section 2 there are many solutions. We fo-
cus on a fast solution with a minimum of sensor input, to
reduce the costs and the complexity of the robot. Our ap-
proach is not limited to convex objects. Since we search for
two parallel line segments with respect to a small curvature
or noise, it does not matter whether the object is convex or
has non-convex parts. The rattle in Figure 5a has convex
parts and there is no truly even line on its surface bound-
ary, anyhow the grasp planning is successful and the robots
grip, too. Regarding the size of the gripper jaws minimizes
the effects of external torque to the grip, like [5].
Our focus on minimizing the computation time of the plan-
ners is motivated out of the fact, that, during interaction
with a human, the robot should act as expected, meaning
pauses for planning during the movement or special move-
ments for the object modelling should be non-existent. Our
approach does not need or perform such movements.

6 Conclusion
We have succeeded in grasping and delivering unknown
objects located on a table [1] using only one image is used.
The grasp planner uses the Hough transformation to extract
the grasp regions and to group them into pairs. Further on,
the robot and gripper configuration is computed directly
on the results of the Hough transformation. The planner is
robust against noisy sensor data, takes the real size of the
gripper jaws into account to reduce the effect of external
torque and the tolerance with respect to the positioning of
the robot is ensured. The delivery planning of the unknown
objects packs the objects with maximum density in a given
rectangular area, allowing the robot to regrasp them. The
experimental results show that the two planners have the
capabilities to handle various objects even if they have no
perfect planar surface. The overall computation time for
the object modelling, grasp and delivery planning is less
than 36 ms, which is approximately the frame rate of the
used camera. The system is able to tidy up a table, to pack



these objects into given rectangular delivery area, for ex-
ample a tray, and to regrasp every stored object. Hence we
have introduced another behaviour on the way to a general
purpose robots for pick and place tasks.
Our next steps are to include depth image information to
both planners and to remove the constraint, that the objects
need to be located on a table in a known environment.
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