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Summary. This paper describes a novel framework for object picking and carrying
task by a mobile manipulator. Conventionally, researches on mobile manipulator
cope well with object manipulation task with utilizing predeﬁned knowledge or speciﬁc tools. So these researches have an essential problem that a new target object
cannot be added without relatively many preparation. On the other hand, in our
framework of a robot system, because the robot can create the 3D shape model of
the object and can plan a grasp pose for the object autonomously under the condition that only the position of the object is given to the robot. Experimental results
show the eﬀectiveness of our robot system to be implemented our proposed method.

1 Introduction
Issues on mobile manipulators are being actively studied. such robots can be
utilized in a large variety of tasks such as carrying objects from one place to
another. Conventionally, there are several researches to cope well with such
challenging tasks with utilizing predeﬁned object models [4] [5], ID tags [1]
or QR codes [3]. In these issues, how to give or what kind of information of
the object for grasp management is focused on. So these researches have an
essential problem that a new target object cannot be added without a heavy
help by manually or a special tools.
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We proposed approaches which diﬀers from conventional researches. In our
approach, there are two special policies for autonomous working. That is, an
image based modeling method for creating object dense model [7] was developed. Moreover, a planning method for detecting grasp pose by inputting the
model [8] was developed. Utilizing these functions related to object manipulation, it is expected that the robot will be capable of picking up and carrying
task to unknown objects with giving only a little information by manual.
The measure purpose of this paper is to propose a solution for the picking
up and carrying task based on automatic object modeling. We aim to develop
a framework of a robot system which can handle small objects which generally
exist in home or oﬃce environments with following conditions:
•
•

No additional information on the object and environment are needed.
No such information as the object shape or how to grasp it are needed.

•

3D grasping is performed through searching the best solution from many
other feasible solutions.
The object models and planning results can be easy reused if these have

•

already acquired at once.
That is, the robot can add its target objects without constraint of shapes or
types except one constraint that the object has some texture on its surface
for object modeling in our framework.

2 Assumed Task and Research Issues
2.1 Assumed Task
Object carrying task by a mobile manipulator is performed according to the
following procedure:
1. The object is put on a desk and the position of the object is given to the
robot manually.
2. The robot moves to the desk, and
3. picks up the object by the manipulator, and
4. conveys the object and hands it to a person.
The item 3. are a main topic in this paper.
In this task, we assume that there are no constraint on object shape and
no tags or marks on the object. In the meantime, we assume that relatively
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much natural texture can be found on the object surface, and the object has
equivalent size that human can grasp it by one hand.
Because Jaw Gripper hand which is a compact and light weight hand has
an advantage for a mobile manipulator, such hand is utilized for grasping the
object. We assume that the ﬁnger tips contact with the object with some area
and not with at a point.
2.2 Issues and Approach
There are two important challenges in our policy. The one is that the robot
creates an object model autonomously. Utilizing multi-viewpoint images which
are captured from a single camera mounted on a manipulator, the robot creates an object model as dense 3D points. The other is that the robot detects a
grasp pose autonomously. Utilizing the automatic created model, grasp poses
of the manipulator are planned automatically. That is, only the position information of the object is needed to the robot at manual instruction.
It is important that between modeling and grasp planning should be connected by a proper model representation. For achieving it, we apply a model
representation named ”oriented points”. The object model is represented as
3D dense points that each point has normal information against object surface. This representation has an advantage to autonomous modeling because
of its simple data structure. On the other hand, another advantage is found
in grasp planning because the normal information enables to plan grasp poses
eﬀectively. In the meantime, suﬃcient countermeasures are needed against
the shape error of the object model which is obtained from a series of images. As one of the countermeasure, the area contact in the grasp planning is
performed to cancel the diﬀerence of the model shape and real shape of the
object. The object modeling method is described in section 3, and the grasp
planning method is described in section 4.

3 Object Modeling
3.1 Approach to modeling
To acquire 3D model, SFM (structure from motion) method [7] is utilized.
The 3D model means a reconstructed object surface which is represented by
dense 3D points. Such model has simple data structure so that the model
can be acquired by camera or LRF sensor autonomously without complex
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Fig. 1. Surface model reconstruction

calculation or knowledge based data transform. Moreover, it can represent
the various shapes of the objects.
We take an approach to create the object model by utilizing image streams
which capture the object from multiple views. Because the object model created by our method can have both 3D shape information and photometric
information, it is expected that the model will be highly reusable for the
purpose of object recognition by the robot.
3.2 Modeling procedure
Figure 1 shows modeling outline. The model is acquired according to following
procedure: ﬁrst, feature points in images are extracted and tracked from a
small area which has strong intensity by using KLT-tracker [6]. From these
points, object sparse model and camera poses are acquired by means of SFM.
Next, the object dense shape is reconstructed from a close pair of images
(Figure 1, (1)). Image pixels in each triangle patches (Figure 1, (2)) whose
three vertices are adjoining and are common feature points in the pair of the
images. At the same time, normal information is added to each reconstructed
pixels (Figure 1, (3)) This process is applied to all the pairs of images and all
the results for 3D locations of the triangular patches are integrated to obtain
the 3D dense object model.
As a result, quite a number of points are reconstructed in online. Unfortunately, these are caused of consuming abundant memory because of the data
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redundancy. To solve the problem, we apply to translate the model to voxel
representation by means of a method described in section 5.

4 Grasp Planning
The purpose of grasp planning is to ﬁnd reasonable grasp pose with making
use of the reconstructed dense 3D model on the spot.
4.1 Approach to grasp planning
Grasp planning in this study has two major issues: (1) how to plan a grasp
pose eﬃciently from the 3D model, and (2) how to ﬁnd a stable grasp from
the 3D model, even though the 3D model has redundant data and errors in
shape. We propose grasp planning to answer the above two issues.
For detecting the best grasp pose to pick up the object, we take an approach to evaluate by utilizing two criteria. The one is that contact area
between the hand and the object model. The other is that a gravity balance
depending on grasp position on the object.
4.2 Planning method
In our planning, ”stable grasp” is evaluated by the lowest sum total of three
functions as follows [8] :
F = w1 F1 (P1 , xoh ) + w2 F2 (P1 , xoh ) + w3 F3 (P1 , xoh , xG , map)

(1)

where P1 is a center point of ﬁnger plane on the hand. xoh is a hand pose in
object coordinates, xG is the pose of a mobile platform in world coordinates,
and map is environmental map which is given in advance. wi is a weight.
F1 (·) represents the function of contact area between the hand and the
object. The evaluation value become smaller if the hand pose has more contact area. F2 (·) represents the function of a gravity balance of the object. The
evaluation value become small if a moment of the object is small. F3 (·) represents the function of the grasping pose. The evaluation value becomes small
if manipulability related to grasp by the mobile manipulator is large [9]. The
policy of grasp planning is to ﬁnd P1 , xoh and xG which minimize the function
of F .
Oriented points touched to P1 are selected in order, grasp poses are evaluated utilizing eq.(1). In this planning, it is important to reduce vain contact
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Fig. 2. Surface model reconstruction

between ﬁnger and the object model and to select oriented points which can
have good evaluation. The former can be achieved to restrict the direction of
the contact by utilizing normal information of each point because the normal
indicates the shape of object surface. The latter is described in next Section.

5 Model Representation for Eﬃcient Implementation
To improve the performance of our framework, we take an approach to translate an object model into voxelized representation. A voxel in this paper means
a small cubic bin, so an object model is represented by a group of voxels.
5.1 Voxel Representation
Oriented points described in section 3 has redundant data for grasp planning.
By transforming from these points to voxelized model, redundant data can be
reduced. Moreover, this process has eﬀects of reducing the shape error of the
object model. The size of voxel is set with 2mm or 5mm based on an allowable
shape error in the grasp planning.
A new voxelized model is acquired as ”thin” model according to the following procedure. At ﬁrst, 3D-space is squared up ﬁne cubic voxels (Figure 2,
(2)). Voxels are deleted except special voxels which include several oriented
points in it (Figure 2, (3)). Next, orientation component is averaged in each
voxel (Figure 2, (4)). Finally, oriented points are acquired as each position is
the center of each voxel and the orientation is an average value.
As it is necessary to yield the moment of inertia of the object for calculation
of F2 (·), the model must be volumetric. For this purpose, once a voxel space
including all the part of the model is deﬁned. Then, the voxels of outside of the
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Fig. 3. Hierarchy model representation

object are pruned away. The reminder of the voxels is the volumetric model
of the object. This process consumes few time. So this is one of the advantage
of voxelized model.
5.2 Hierarchical Data Representation
The method as mentioned in 5.1 can reduce the number of grasp pose searching. However, the searching has potential to be still capable of improving. We
notice that there are somewhat points which obviously need not to be checked
by eq.(1). From this reason, we propose hierarchical data representation which
can exclude points before judging the quality of grasp pose. Using the new
formed model, the searching can be performed at some parts of object model
where will have rich contact area with ﬁngers.
The hierarchical representation is similar to octree. Octree is often used
for judging collision in the ﬁeld of computer graphics. The transformation
procedure is as follows: at ﬁrst, initial voxels which construct original voxelized
model are set hierarchical A. Next, other voxel space which is constructed
w times larger voxels than hierarchical A is superimposed on the voxels of
hierarchical A. A new model is represented by the larger voxels which are set
hierarchical B. In this processing, only voxels of hierarchical B are adopted if
these voxels include over predeﬁned threshold about the number of voxels of
hierarchical A which have similar orientation. The same hierarchy construction
is performed from hierarchical B to hierarchical C, too. As a result, one voxel
of hierarchical C includes several voxels of hierarchical A as shown in Figure
3. Because these voxels of hierarchcal A exist in neighbor and has similar
orientation, the area can be expected that it supplies rich contact area with
ﬁnger.
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Fig. 4. Trials to several shapes of objects

In the grasp pose searching, voxels of hierarchical C are selected in order
and evaluate by eq.(1) about inner voxels which belong to hierarchical A. This
can achieve eﬃcient searching with selecting only voxels which are guaranteed
good evaluation result about contact area.

6 Experiments
6.1 Trials to Several Shapes of Objects
Object modeling and grasp planning are tried to several shapes and types of
objects. Figure 4 shows the results. There are ﬁve objects which have relatively
rich texture on its surface. The processing time of these object modeling took
about 100 sec through 134th images in oﬄine.
Notice that the planning results are not related to object shape. In these
results, dozens of grasp poses can be found from each created models about
1 second (Pentium M, 2.0 GHz) as shown in processing times (A). Processing
times (B) as shown in Figure 4 indicate the time of no utilizing hierarchy data
representation describe in section 5.1. The more performance of the planning
is achieved by utilizing our proposed method.
On the other hand, some problems are cleared up through this experiments. For instance, because an area where has no texture cannot reconstructed by our modeling method, grasp poses which touch to inner of the
cup are not selected in grasp planning.
6.2 Implementation to Assumed Task
Figure 5 shows a mobile manipulator system to be used and an experimental
environment. A small PET bottle is set on a desk as a target object. The goal
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Fig. 5. Settings

Fig. 6. Experimental result

of this experiment is to hand the object to a person who stands another place
from the object position.
Environment map which includes the position of the object was given in
advance. Moreover, the initial position of the robot and the position of the
person were given in advance, too. In this condition, the robot planned its
motion trajectory automatically by using artiﬁcial potential method [2].
Figure 6 shows experimental result. The robot (1)moved to the front of the
desk, (2) created object model over capturing images, (3) grasped the object
by applying the result of grasp planning, (4)moved to the front of a person, and
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handed it. All processing was performed by two laptop computers (Pentium
M, 2.0GHz, Celeron, 1.0GHz) on the robot. As a result, image capturing and
object modeling was needed about 360 sec and grasp planning was needed
0.65 sec in this experiment. In this experiment, ﬁnal grasp pose is detected
from only the sum of F1 (·) and F2 (·), and the inverse kinematics is calculated
instead of F3 (·).

7 Conclusion
In this paper, a mobile manipulator system which can pick up an object
in real environment autonomously was introduced. In this system, because
automatic object modeling and grasp planning are applied with having proper
data relation, object picking and carrying task can be achieved under the
condition that only the position of the object is given to the robot.
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