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Abstract—Grasping of unknown objects (neither appearance
data nor object models are given in advance) is very important
for robots that work in an unfamiliar environment. In this
paper, in order to make grasping of unknown objects more
reliable and faster, we propose a novel grasping algorithm
which does not require to build a 3D model of the object. For
most objects, one point cloud is enough. For other objects, at
most two point clouds are enough to synthesize reliable grasp.
Taking grasping range and width of robot hand into
consideration, the most suitable grasping region can be
calculated on the contour of the point cloud of unknown object
by maximizing the coefficient of force balance. Further analysis
of the point cloud in the best grasping region can obtain the
grasping position and orientation of robot hand. The point cloud
information is processed on line, the grasping algorithm can
quickly get the grasping position and orientation and then drive
robot to the grasping point to execute grasping action.
Simulations and experiments on an Universal arm UR5 and an
underactuated Lacquey Fetch gripper are used to examine the
performance of the algorithm, and successful results are
obtained.
I. INTRODUCTION
Contrary to an industrial environment, many unstructured
environments such as homes and offices contain a vast variety
of previously unknown objects. For future service robots
currently in development, the first step of manipulating these
unknown objects is to grasp them. This is a challenging task
that has not been solved in a general manner yet.
There are mainly three methods to solve the grasping
problem of unknown objects. The first method is constructing
a full 3D model. In [1], many images of the target object are
acquired through a camera. Then a 3D solid model is worked
out from these images and a flat, parallel surface is searched to
realize the grasping task with a gripper. In [2], a point cloud is
obtained and a fit-and-split algorithm is used to approximate
this point cloud with many minimum volume bounding boxes.
Those bounding boxes can gives useful information to decide
where and how to grasp the target object. In [3], a camera and
range scanner are used to get the top surface of the target
objects and calculate the center of mass from the surface of
every object to search for the grasping points. In [4], the
center of mass and axes of inertia of the target object is
calculated from 3D model and then grasping points are
generated such that the gripper covers the object around the
center of mass. In [5], a genetic algorithm is used to search for
grasping points on 3D model of the target object . [6] use a
cost function to analyze the 3D model to obtain grasping
points. In [7] and [8], 3D model is simplified into some shape
primitives (boxes, cones cylinders etc.). Then, grasping points
which are assigned offline to these shape primitives are
selected for the corresponding shape.
The second method is to use a 2D model to grasp the target
object. In [9], pressure snakes are used to model the contours
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of the object. Curvature information obtained from this model
is used to generate grasping points. In [10], a shape context
approach is used to extract 2D model of object. Grasping
points are then identified by comparing the histogram data to
the training data that is obtained offline. [11] uses feature
approach to obtain grasping points. A supervised learning
algorithm is applied to synthetic data to identify image
features which correspond to object segments that are suitable
for grasping. In [12], elliptic Fourier descriptors is used to
build the 2D grasping model. Maximum curvature can be
worked out on the elliptic Fourier descriptors model. And
visual servoing is then used to drive robot to go to grasp the
target object. However this algorithm may get stuck at a local
maxima.
Partial information of an object was used to realize the
grasping of unknown objects in many papers. [13] proposes a
data-driven grasp planner that requires partial sensor data.
Matching and alignment methods were used for grasping after
obtaining the Columbia Grasp Database. [14] and [15] used
local descriptors from several images to construct the 3D
model of an object. Object registration was conducted by
using a set of training images. However, learning was
necessary before the partial information of an object could be
used in these studies. [16] use partial object geometry to
achieve a semantic grasp. However this algorithm need
predefined example grasp and this algorithm cannot deal with
the grasping task of symmetric objects since multiple views of
a symmetric object could have the same depth images.
Building 3D model usually is time consuming and many
robotic application require real time grasping. And in some
cases, it is impossible to get all the information to build the
whole 3D model, for example, if there is a box on the floor,
then the robot cannot get the geometry information of the side
contacting with the floor. Meanwhile, many grasping
algorithm requires accurate 3D model, it means grasping
algorithms may fail when the 3D model has some errors or
noise. In order to make the grasp stable, center of mass is
usually chosen as grasping point, but for many objects, robot
cannot grasp the center of the object, for instance, table tennis
bracket. 2D model omit much useful information comparing
with 3D model. Using partial information of object to grasp
object is usually faster than 3D model and 2D model. But it
usually requires learning or using other database.
In this paper, we propose a novel grasping algorithm that is
fast, robust and does not necessitate any offline training data
or 3D model of the object. In most cases, one point cloud is
enough to find the grasping area with right orientation of robot
hand. In some other cases, it may need the second point cloud.
Therefore, at most, two point clouds are enough to synthesize
a reliable grasp which can greatly cut the time to find a
suitable grasp. The algorithm is designed for eye in hand
systems and uses the point cloud acquired from the 3D sensor
installed on the end-effector. The whole algorithm can be
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visualized as Fig. 1. Section II contains a detailed explanation
of the algorithm, Sections III shows the simulation results and
Section IV shows the experiment results. Section V is the
comparison with three highly cited algorithms and section VI
is the conclusion of this paper.

(1). Oc, Ps, Pp respectively represent the point of the target
object center, the point of the 3D sensor, and a random point
(different from the point of the object center) on the principal
axis. The point cloud of the object in the object frame is shown
as Fig. 2(d).
→
→
 →
= OcPs× OcPp
OcX
 →
→
→

= OcY × OcX
OcZ

(1)

D. Obtain the contour of the point cloud
After the point cloud in the object frame is obtained in step
C , it is projected to the XOY (XobjOYobj) plane in the object
frame to get the projected point cloud as shown in Fig. 2(e).
The commonly used two methods to abstract contour of the
projected point cloud are the convex hull contour and the
concave hull contour. Concave hull contour is better to
represent the real geometry shape of the target object.
Therefore concave hull contour is adopted to extract the
contour of target object as shown in Fig. 2(f).
Fig .1. Overview of the grasping algorithm.

II. DETAILED ALGORITHM
A. Acquire the point cloud of the target object
The raw point cloud from the 3D sensor also contains the
environment (for example the table plane). In order to quickly
isolate the point cloud of the target object, down sampling and
distance filtering are firstly applied on the raw point cloud
from the 3D sensor to reduce the computation time and
remove the points which are far away from the 3D sensor (Fig.
2(b)). Then RANSAC (Random Sample Consensus) method
is used to remove the table plane, resulting in the isolated point
cloud of the target object.
B. Transform the point cloud to the world frame
The point cloud of the target object acquired from step A is
in the 3D sensor frame. Further analysis requires coordinate
transformation from the 3D sensor frame to the world frame.
Joint position information from the encoders of the robot
joints can be used to work out the real time coordinate
transformation from the base link of the robot to the
end-effector link of the robot. The point cloud in the 3D sensor
frame is transformed into the world frame(Fig. 2(c)).
C. Establish the object frame
Fig. 3(a) demonstrates the coordinate system of the robot,
the 3D sensor and the target object, that is the world frame
(XworldYworldZworld), the 3D sensor frame (X3DsenorY3Dsenor
Z3Dsenor) and the target object frame (XobjYobj Zobj). After the
raw point cloud is transformed into the world frame, the
principal axis can be calculated on the point cloud of the
object. And the position of the 3D sensor can be obtained
through the feedback information from encoders in the robot
joints. As shown in the Fig. 3(b), the purple line stands for the
principal axis of the target object calculated from the point
cloud in the world frame. The orange point, the black point
and the red point respectively represent the point of the 3D
sensor, the point of the center of the target object and the far
point on the principal axis. The direction of the Y axis of the
object frame is along the principal axis, Computation of the
direction of X and Z axis of the object frame is as equation

Fig .2. Point cloud process procedure: (a) environment setup. (b) Point cloud
down sampled and distance filtered. (c) Point cloud in the world frame. (d)
Point cloud in the object frame. (e) Point cloud projected to the XOY plane of
the object frame. (f) Concave hull contour. (g) Computation of crossing points
(h) Graspable zone. (i) Force balance calculation on the XOY plane and the
XOZ plane of the object frame. (j) Grasping action of the robot.

(a)

(b)
Fig. 3. Demonstration of the world frame, the 3D sensor frame and the object
frame.
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E. calculate the graspable zone
After the concave hull is extracted, the grasping range of
the robot hand is now taken into consideration to calculate the
graspable zone on the whole concave hull. Before computing
the graspable zone, the farthest points along the Y axis are
extracted out which can be used to calculate the force balance
on the XOY plane in the following step. An interval of y is
used to calculate the width of contour and then the width is
checked to see if it is smaller than the grasping range.
Specifically, the ymin (minimum value of y of all the points on
the concave hull contour) is firstly calculated and is used as the
start point of searching. Then  y is added into ymin
sequentially as demonstrated in equation (2). Every y means a
straight line parallel to the X axis. The left most and right most
cross points between the straight line and the concave hull
contour will be reserved. For example, there are four cross
points in Fig. 4. The left most and the right most points are
reserved, the result is shown as Fig. 2(g). If the distance
between the two crossing points is smaller than grasping
range, the two crossing points are added into the point cloud of
graspable zone as shown in Fig. 2(h).

=
y ymin + n y

grasped lines gets its minimum value (0.162547) when
searching number comes to 33. Every rectangular in Fig. 6 (a)
means a force balance calculation. Fig. 6(b) shows the
corresponding point cloud (blue points) with best force
balance. Red lines in Fig. 6(c) means fitting lines, and δ is
the angle between the two fitting lines.
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Fig. 5. The result of force balance computation on XOY plane.

Fig. 4. Computation of graspable zone.

F. compute force balance on XOY plane
On the foundation of step E, Here, the width of robot hand
is taken into account. Robot hand here can be simplified as a
rectangular. Move the rectangular along Y axis from the ymin
(minimum value of y of all the points on the graspable zone)
till ymax − whand ( ymax is maximum value of y of all the points
on the graspable zone and whand is the width of hand). For
every rectangular, robot can grasp the target object because all
the points are within grasping range. However, which
graspable area is most suitable for robot among these many
options. Here, a force balance optimization method is
proposed to evaluate every graspable area. Specifically, a best
line fitting method is used to compute force balance ability for
every possible grasp. To start with, the line fitting method is
used to fit a straight line for the points on two grasped sides.
After that, the angle between the two straight line is computed.
The bigger the angle is, the worse the grasp is . the best grasp
should be on two parallel straight line, in other worlds, the
smallest angle between two grasp lines means the best and
reliable grasp. The straight line is represented as =
y kx + b ,
Coefficient of k and b can be calculated according to
equation (3). Fig. 5 shows the result of force balance
computation when the robot hand searches along Y axis on the
graspable zone. As can be seen that the angle between two

(a)
(b)
(c)
Fig. 6. The best grasp area on contour within grasping range.

G. evaluation of force balance on XOZ (XobjOZobj) plane
In step E, the best grasp is worked out, but the force
balance on XOZ plane is not sure. For example, as seen in Fig.
7(a) shows the initial configuration of the robot and target
object, Fig. 7(b) is the grasping configuration calculated by
above steps from step A to step E, Fig. 7(c) demonstrates the
force analysis of grasping. F1 and F2 are the contact force the
gripper imposes to the target object. If the robot grasps the
target object in this grasping configuration, the object will
rotate around the Y axis which may lead to grasp failure.
Therefore, it is necessary to evaluate the force balance on
XOZ plane. Here, a method is come up with, that is to use the
average z coordinate value of points on the grasping edge to
evaluate the grasp computed by step E. Specifically, the point
cloud of best grasp in the object frame is extracted firstly(the
green part in Fig. 8 (a)). After that boundary points on the
grasping line are extracted from the abstracted point cloud
obtained in Fig. 8(a). Fig. 8(b) and Fig. 8(c) are the same point
cloud from different view point. As can be seen from Fig. 8
(c), Z coordinate values of the red points have a great
difference which will lead to rotation of the object when robot
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try to grasp the target object. In order to evaluate the effect of
the difference of the Z coordinate values, the average Z
coordinate value of points is calculated and the average Z are
defined as Z1 and Z2 respectively. A threshold is given Z dif max ,
if Z1 − Z 2 < Z dif max , then it means the rotation of the object is
small and the grasp is reliable, if not, then the grasp calculated
in step E is not reliable and the robot need to find another
grasp area.

target object is placed with an angle with the X axis of the
world frame, 10o and 25o respectively (shown as (a) and
(d)). Green point cloud in (b) and (e) are the corresponding
grasp calculated in step E. if this grasps are taken to grasp the
target object, then the final grasp configuration is as shown in
(a) and (d). According to step F, this grasp configuration is not
very good, because it will lead to rotation of the object. Using
the green point cloud, the main plane is computed as the blue
point clouds shown in (c) and (f). If the width of the main
plane is within the grasping range, then the robot will move to
the perpendicular direction of the main plane, otherwise, the
robot will move to the tangent direction of the main plane.

Fig. 7. Unstable grasping with one point cloud.

Fig. 10. Method to deal with the case which does satisfy the evaluation in
step F.

Fig. 8. Evaluation of the grasp of the box computed by step E.

Fig. 9 shows the evaluation of the grasp of a spray bottle
computed by step E, the difference between Z1 and Z2 is not
very big. When robot grasps the spray bottle, the small
rotation resulted from the difference between Z1 and Z2 will
not lead to failure of the grasp action. Therefore the robot can
execute grasp action at once.

Fig. 9. Evaluation of the grasp of the spray bottle obtained in step E.

H. method to deal with exception on step D and step E
In step D, there may be no graspable zone, which means
the whole contour is out of grasping range. In step E, the width
of graspable zone may be shorter than the width of the gripper
which means the gripper will encounter collision with the
object when the robot tries to grasp the object. In step F,
evaluation of the best grasp calculated in step E may not
satisfy the stability requirement which means the absolute
difference of average z on the two grasped sides is bigger than
the threshold given by the grasping system. If those above
cases happen, the robot need to move to another viewpoint to
find a suitable grasp. However, where should the robot move
to? Here, the main plane of the point cloud is used to guide the
robot. As can be seen from Fig. 10, the initial position of the

As shown in Fig. 11, the main planes in Fig. 10 (c) and (f)
are projected into XOZ plane to obtained the projected purple
lines. The distance of the projected lines are calculated as d .
In Fig.11 (a), d is bigger than the grasping range, then the
robot will move to tangent direction of the main plane from the
initial projected point of the 3D sensor to the target point of the
3D sensor. In order to make sure the 3D sensor can get valid
data, the distance from the 3D sensor to the target object
should take into consideration, for example, the valid measure
distance of Microsoft Kinect is bigger than 0.5m which means
the robot cannot find the object when the distance is smaller
than 0.5m. Here, R is introduced to represent the distance from
3D sensor to target object. The movement of the robot is
actually a rotation around Y axis from the initial point to the
target point with an angle of β . α is the angle between the
projected plane (the purple straight line) and the Z axis, it is
obvious that β = α . In Fig.11 (b), d is smaller than grasping
range, then the robot will move to the perpendicular direction
of the main plane from the initial projected point of the 3D
sensor to the target point of the 3D sensor. In this situation,
=
β π / 2 −α .
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Fig. 11. Movement of the 3D sensor.

Pi is employed to represent the initial projected point of
the 3D sensor and Pt is used to stand for the target point of
the 3D sensor. The rotation calculation is executed according
to equation (4), x, y and z are the vector of the rotate axis, c
means cos β , s means sin β . Fig.11 (c) and (d) respectively
show the configuration state of the robot and the target object
after the robot finished the rotation movement. After the robot
arrives at the target point, above steps from A to G execute to
find a suitable grasp.
 Pt .x 
 P . y=

 t 
 Pt .z 

 x 2 (1 − c) + c

 yx(1 − c) + zs

 xz (1 − c) − ys

xy (1 − c) − zs
y 2 (1 − c) + c
yz (1 − c) + xs

xz (1 − c) + ys   Pi .x 

yz (1 − c) − xs   Pi . y 
2

z (1 − c) + c   Pi .z 

Fig. 12. ROS simulation structure.

(4)

III. SIMULATION
In order to test the algorithm, various objects are chosen to
conduct simulation to determine the grasping performance.
The simulation system consists of Robot Operating
System(ROS), Gazebo (an Standalone Open Dynamics
Engine based simulator) and MoveIt! (an state of art software
for mobile manipulation, incorporating the latest advances in
motion planning, manipulation, 3D perception, kinematics,
control and navigation). ROS simulation structure can be seen
as Fig. 12.

A three finger gripper and an Asus Xtion PRO Live sensor
are installed in the end effector of the Universal arm UR5 in
Gazebo. Five ROS nodes are created for the grasping
simulation, that is Gazebo simulator, Point cloud acquisition,
Point cloud processing, MoveIt! Robot control and gripper
control. The Gazebo simulator node provides the simulation
environment, in which the Point cloud can be obtained
through the virtual Asus Xtion PRO Live sensor in the end
effector of the robot in the simulation environment and
movement of the robot can also be visualized. Point cloud
acquisition node is used to acquire point cloud from visual
Asus Xtion PRO Live sensor. The point cloud processing node
takes point cloud as input and processes it with grasping
algorithm. This node outputs grasping position and orientation

Fig. 13. Simulation results.
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Table I. Simulation results of force balance calculation
Spray bottle

Ikea cup

Water bottle Oatmeal crisp box

XOY (radian)

0.108467

0.797198

0.0446418

0.000365332

XOZ (mm)

2.185

0.4709

0.01

1.56499

of the end effector of the robot or the next position and
orientation that the robot needs to move to. MoveIt! Robot
control node will work out a trajectory for the robot from the
initial point to the target point. And then the trajectory is sent
into Gazebo simulator to execute to drive the robot to the
target position. Finally, the gripper control node drive the
gripper to close to grasp the object.
Spray bottle, Ikea cup, water bottle and oatmeal crisp box
are used to test the algorithm. Snapshots of these four objects
are given for different phases of the algorithm in Fig 13. In
order to verify the validation of this algorithm, the test objects
(spray bottle and sport water bottle) are at random poses. For
the first three objects, robot can grasp them by using one point
cloud. The first column shows the initial poses of these
objects and the robot. The second column demonstrates the
concave hull silhouette obtained from the point cloud of the
target object. In the third column, the whole point cloud (blue
part and red part) means computation contour which is work
out through the crossing points between the straight line
vertical to Y axis and the concave hull silhouette presented in
the second column. The blue part means those points within
grasping range. Force balance search calculation is executed
on the points within grasping range and the results of force
balance search calculation is shown as the third column. The
fourth column shows the corresponding point cloud with the
best force balance in XOY plane. The detailed force balance
calculation result can be visualized in Table I. It is obvious to
find that force balance is pretty good for spray bottle and sport
water bottle. For the Ikea cup, force balance on XOY plane is
not very good, which is determined by shape of the cup. But
on XOZ, the force balance is super good. The final column
shows the robot has arrived at the grasping position with right
orientation. The grasping performance is pretty good. The last
row demonstrates the case that need two point clouds to find a
suitable grasp. The first picture shows the initial pose of the
robot and the object. After execute grasping algorithm, all
contour is out of grasping range which mean there is no grasp
at this view point. Then robot calculate a main plane to guide
robot next view point shown as the third picture. After robot
arrives at the next view point, a point cloud is obtained for
force balance computation and results is shown as the fourth
image. The force balance computation result is very good for
grasping. The fifth picture demonstrates the corresponding
point cloud (the green part) can be grasped. And the last
picture show the robot reach the grasping position with right
orientation.
IV. EXPERIEMENT
The experiments are conducted using a six degrees of
freedom Universal arm UR5 and an underactuated Lacquey
Fetch gripper. An Xtion pro live sensor is installed on the tool
tip of the robot. The whole experiment setup can be seen in
Fig. 14.

Fig. 14. Experiment setup.

Four household objects are used for experiment. These
objects are a spray bottle, a cup, a beer bottle and mayonnaise
bottle. Grasping points of All these objects are worked out
with one point cloud. Fig. 15 gives some snapshots of the
grasping process of every object. Table II shows the result of
force balance calculation. Every object has a very good force
balance performance when the robot grasp them.

Fig. 15. Snapshots from the experiments: Fist column is the initial state of the
robot and the target object. Second column is the results of grasping
calculation. Third column shows the gripper reach the grasping point. Fourth
column shows the object grasped by the gripper.
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Table II. Experiment results of force balance calculation
Spray bottle
cup
bottle
mayonnaise
XOY(radian) 0.117421
0.218525 0.0176721
0.326855
XOZ(mm)
2.63541
0.50485
0.36314
0.00208144

V. COMPARISON
In order to prove the validity of our grasping algorithm,
three highly cited grasping algorithms are choose to compare
with our algorithm. The first algorithm is box based algorithm.
That algorithm decompose object into many boxes (Fig.16
(a)). This method requires first to get the whole point cloud of
objects, it is time consuming. But it can grasp complex
objects. For our algorithm, we use one point cloud or two
point clouds, we can also decompose point cloud according to
distance and normal vector of points in the cloud. And use our
algorithm on every part of point cloud. The second one is EFD
algorithm, this algorithm apply EFD model on the contour of
objects to find grasping points(Fig.16(b)). It is obvious that the
spray bottle will rotate when the robot grasp the spray bottle
on the two grasping point(blue points in the picture). And this
algorithm needs the robot continuously move to search a
suitable grasp which is time consuming, and may get stuck at a
local maximum. For our algorithm, we use principal axis and
main plane to guide robot. This problem will not exists in our
algorithm. And our algorithm is much faster than EFD
method. The result of our algorithm shown as Fig. 16(c). The
third algorithm uses parallel surfaces or parallel lines to grasp.
But actually for many object, there is no parallel surfaces or
parallel lines(for example Fig.16(d)), and robot need to move
to find the parallel surface. Our algorithm using fitting line to
calculate force balance, so it means if there are not parallel
lines, our algorithm can also using it to grasp object.

The work leading to these results has received funding
from the European Community’s Seventh Framework
Programme (FP7/2007-2013) under grant agreement n°
609206.
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