
Grasping with a mobile manipulator
using 3D vision

Software Implementation of a Grasp planner for a
mobile manipulator using data from RGB-D camera

Master’s thesis in Electrical Engineering

CHATELIN TRISTAN

DEPARTMENT OF ELECTRICAL ENGINEERING

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2022
www.chalmers.se

www.chalmers.se




Master’s thesis 2022

Grasping with a mobile manipulator using 3D
vision

Software Implementation of a Grasp planner for a mobile
manipulator using data from RGB-D camera

TRISTAN CHATELIN

Department of Electrical Engineering
Division of Systems and Control

Chalmers University of Technology
Gothenburg, Sweden 2022



Grasping with a mobile manipulator using 3D vision
Software Implementation of a Grasp planner for a mobile manipulator using data
from RGB-D camera
TRISTAN CHATELIN

© TRISTAN CHATELIN, 2022.

Supervisor and Examiner: Yasemin Bekiroglu, Department of Electrical Engineer-
ing,
Co-supervisor: Hadi Hajieghrary, Department of Electrical Engineering

Master’s Thesis 2022
Department of Electrical Engineering
Division of Systems and Control
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: The mobile manipulator known as DORA on which the experiments were
conducted.

Typeset in LATEX, template by Kyriaki Antoniadou-Plytaria
Printed by Chalmers Reproservice
Gothenburg, Sweden 2022

iv



Abstract
Robotic grasping and manipulation is a well-studied topic, but often it’s imple-
mented using stationary robotic arms. Using a mobile manipulator for grasping and
manipulation enables significant increase in the capabilities of a robot. This thesis
tackles the challenging task of grasping a given object with a mobile manipulator.
Our approach maintains a good trade-off between the arm motion and the base
motion. This work is done using the data from a stereo camera which oversees the
scene.
Firstly, an instance segmentation algorithm is used to recognise the objects which
are available in the scene. Next, one object among the batch of detected objects is
selected. Then, the mask of the selected object is used to generate a point cloud
which only contains the points which belong to the object. This point cloud is then
used as input for a pose estimation algorithm to find the 6D pose of the object.
Then, a set of grasp poses is generated based on the detected object pose.
The most appropriate grasp pose is chosen from the set of grasp poses, knowing the
actual pose of the gripper based on a defined selection criteria. The motion of all
the joints of the robot is computed to follow an end-effector trajectory which is a
straight line between the initial pose of the gripper and the selected pose. Our real
robot experiments lead to successful grasp execution results with high grasp quality.

Keywords: mobile manipulator, ROS, robotic grasping, depth camera.
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1
Introduction

The aim of the master thesis is to enable a mobile manipulator (�gure 1.1) to grasp
an object on a cluttered table. The task of grasping an object is studied by many
researchers with encouraging results. But the grasping is mostly carried out by
�xed robots, which have two main limitations: First, the workspace of the robot is
limited and therefore a lot of tasks such as grasping an object on a big table can be
challenging due to reachability issues which can be addressed if the manipulator is
mobile. The second limitation of using a �xed robot is that the number of possible
tasks done by a �xed robot is more limited than with a mobile robot.

Adding a mobile base to robotic manipulator increases the degree of freedom which
have the drawback of making the computation of the trajectory harder. Indeed, for
the same motion of the hand, there are a lot of di�erent ways to move the di�erent
parts of the robot. But this drawback is also an advantage in the sense that it
enables to choose between di�erent strategies to move the hand to the goal position.

Before the motion of the robot is computed, the goal position of the hand needs
to be known. To do it, a depth camera, which is the ZED2 camera from Stereolabs
is overseeing the table. This camera produces a depth image of the environment.
Then, the pipeline presented in this report process the depth image and returns a
set of grasp poses for the object that is needed to be grasped.

Once the set of grasp poses is determined, a grasp pose to be executed needs to
be chosen from the set of grasp poses. Then, the motion of the robot towards the
grasp pose is computed. But, the position of the robot needs to be known. In order
to calculate the pose of the robot, we rely on markers placed on the robot. The
data from the ceiling camera is used to compute the position of the robot from the
detected pose of the AprilTag. The process for grasping and manipulating
a set of objects is: 1. The Fixed 3D camera looks at the table and the
objects on it, detects and segments the objects. 2. A planning algorithm
plans the sequence of picking-moving-placing of the objects on the table,
i.e., bases on some optimization cost the robot decides which object it
should pick and move. 3. A plan should be drawn to move the robot
to the target. The plan includes the motion of the base and the arm.
This has to be also considered in item 2, when the plan is drawn. 4. The
robot should be able to guide itself (the hand) toward the grasp pose.
One way to make this possible is to use the Camera on the wrist. 5.
While the robot and its arm is moving toward the object to be grasped

1



1. Introduction

it can complete the partial point cloud of the object to be grasped. The
grasp poses might be re�ned if needed using the completed point cloud
in order to have a more successful grasp pose.

Figure 1.1: The robot used in this work: DORA

The pipeline is split into two parts. The �rst part generates a complete point cloud
and a set of grasps for each object. This part is run only one time for each object.
The second part of the pipeline computes the pose of the object in the scene and
computes a set of grasp poses in the camera frame.

The following �owchart shows the general architecture of the pipeline:

2



1. Introduction

ZED2 Camera

depth map matrix RGB image

image segmentation

objects masks objects class

point cloud segmentation

point cloud of object to grasp

outlier points removal

�ltered point cloud of object to grasp exact point cloud of object

grasp pose generationpose estimation

pose of the object set of grasp poses for the object

grasp poses retrieval

set of grasp pose in camera coordinate

point cloud generator

Figure 1.2: General architecture of the pipeline

This gives the general idea of how the pipeline works. The following parts of this
report will give more information about each part of the pipeline.
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2
Literature review

In this section, we present a brief overview of the previous work on the areas of
robot perception, motion planning and control.

2.1 Perception and grasp planning

There are two types of grasp planners. The �rst type is used for known objects.
This type of planner uses the geometry of the objects to generate a set of viable
poses. A well-used grasp planner for known objects is Grasp Pose Detector (GPD)
[1].
The second type of grasp planner generates grasp poses for unknown objects using a
partial point cloud of the objects. A well-used grasp generator for unknown objects
is 6-DOF GraspNet [2]. This generator is based on three networks. The �rst one
generates a large set of antipodal poses. A second network assesses the grasps and
removes the worst grasps. Then a third network re�nes the grasps.
Another approach for unknown objects is to �nd geometric similarities between an
object and a set of known objects [3]. Then, the set of grasps generated for the
object is based on the grasps for the known objects.
This article is a review about robotic grasping using the data from an RGB-D camera
[4]. This review was helpful to determine the overall architecture of the pipeline. It
also helped to �nd the open-source algorithms to perform each stage of the pipeline.

2.2 Path planning

The path planning for the mobile base can be generated using a rapidly random tree
algorithm (RRT). This algorithm generates a set of possible trajectories between two
points and then choose the trajectory which is the shortest. The paper [5] improves
the RRT algorithm by adding the task of grasping an object on a table which is
between the initial pose of the robot and the goal position.
This review presents the di�erent algorithms known for path planning. The pre-
sented algorithms are compared each other in term of computation time [6]. There
are some algorithms which enable to avoid static or moving objects.
This paper tackles the problem of grasping a moving object [7]. The method com-
putes a trajectory of the arm until the object and moves the arm to the object.
Then, the pose of the hand is adjusted to the new pose of the object. This paper
introduces the idea of heuristic function. The purpose of a heuristic function is to
improve the e�ciency of the search by guiding it in promising directions. A typical

5



2. Literature review

method for formulating a heuristic is to use the results from a simpli�ed problem,
such as from a lower-dimensional version of a similar search problem which enables
to give a direction to the algorithm which enables to improve the e�ciency of the
search algorithm by guiding it in promising directions.

2.3 Whole-body control

The main control objective for a mobile manipulator is to follow the desired motion
of the hand. The motion of the mobile base and the joints is then computed to
satisfy the target position of the hand. For it, two main methods are used.
The �rst type is based on reinforcement learning [8]. This method computes the
motion of the robot to follow a given hand trajectory. The idea of this method is
as follows. Firstly, a set of random motion of both the joints of the arm and the
mobile base is generated. Then, the motions which are the closest to the desired
hand motion are randomly mutated. This creates a new set of motion which is also
mutated, and so on. This algorithm is run until the result is satisfactory. This
method enables to don't have to compute analytically the motion of each joint but
it requires a high computation time and it needs to run the learning process for each
new motion of the hand.
The second method uses control strategy based on the model of the robot. A
promising approach is to use a global control strategy to compute the whole-body
motion. Then, a local control strategy make sure that each part of the robot follows
the desired motion. The global control can be done using model predictive control
and the local control can be done using proportional integral derivative control [9,
10]. This method enables to have good follow-up results.
The paper [11] uses a quadratic program based inverse kinematics (IK) controller to
generate the global motion of the robot. But it doesn't use a local control for each
part. This approach enables to make a trade-o� between the trajectory error and
the intensity of the command. This work also enables to avoid the obstacles in the
path of the robot.

2.4 Task and motion planning

Task and Motion Planning (TAMP) is an interesting �eld of research. It focuses
on planning operations for a robot in environments containing a large number of
objects. The operations are discrete events like moving the robot from one position
to another or to change the state of the objects. The state of an object is its pose
and the fact that it's hold on not by the robot. TAMP is based on discrete events
and focuses on how to reduce the execution time or energy consumption to carry
out a set of tasks. The review [3] gives a way to formalize the actions and introduce
some algorithms about how to address the TAMP problems.

6



3
Hardware

In this chapter will be introduced the di�erent depth camera technologies, the ad-
vantages and disadvantages of each technology. Based on the advantages and disad-
vantages of each technology, the choice of the depth camera used in this work will
be explained.
After, the di�erent parts of the mobile manipulator and their characteristics will be
presented.

3.1 Depth Camera

3.1.1 Depth Sensing overview

2D cameras return a planar image of the environment, it's composed of a set of pix-
els. Each pixel contains a tuple value which is (red, green, blue). A depth camera
returns the same amount of pixels, but each pixel contains the tuple (red, green,
blue, depth). Where the depth value is the distance between the camera and the
pixel in the environment.
Recently, depth measurement has gained importance in many applications, like au-
tomation, robotics and autonomous vehicles. There are di�erent technologies to
generate depth images. Here will be shown an overview of the most important
methods.

3.1.1.1 Stereo Vision

Stereo vision mimics human vision. This technology uses two cameras with a �xed
distance between them (baseline in the following scheme). It uses triangulation to
know the distance between the camera and the pixel. To do it, the software of the
camera looks for the corresponding features in the two images to identify the same
pixels in both sides. Each camera capture the scene with a slightly di�erent angle.
The farther an object, the most its feature pixels are shifted to the left on the left
image. This shift is called disparity and is shown in the following scheme. Then, the
depth is computed for every pixel using disparity and the depth map is generated.
There are two types of stereo vision system. The �rst one is passive which only
uses the ambient light to illuminate the objects. The �aw of passive stereo cameras
is that it doesn't provides accurate depth map for poor-featured environment like
white walls. The active systems project infra-red on a semi-random patterns to the
environment. The dots are then used as a feature to �nd the corresponding pixels.

7



3. Hardware

The added features are recognised by the camera and then enable to improve the
quality of the depth. The �aw of active stereo vision is that it's not possible to use
multiple cameras since they will infer each other.
The advantage of using a stereo camera is its robustness over changing light condi-
tions. It's also possible to use multi-camera setup (only for passive stereo camera).
Two drawbacks of a stereo camera is that the point cloud is noisy and that it don't
returns a good depth value for transparent objects. The range of the camera and
the accuracy rely on the model of the camera.

Figure 3.1: Stereo camera conceptual scheme

In this work, a passive stereo camera is used because in the future, two cameras will
be used, one on the ceiling and one on the wrist of the robot.

3.1.1.2 Structured light

Structured light is based on a known light pattern which is projected to the environ-
ment by a projector. One or more cameras record the environment. The pose of the
camera in regard to the projector is known. The di�erence between the projected
pattern and the distorted pattern seen by the camera is used to compute the depth
of the environment. This method doesn't give good results for transparent objects,
highly re�ective surfaces or long range. It cannot work with multiple cameras or
when external light sources emit in the same wavelength. This method has the ad-
vantages of having a high accuracy within short range and to be low cost in regard
to other technologies.

8



3. Hardware

Figure 3.2: Structured light conceptual scheme

3.1.1.3 Time of �ight

The time of �ight is based on the measurement of the time taken by a light wave to
travel from an emitter to an object, to re�ect on it and to come back to a receiver.
Since the speed of light is known, the distance between the camera and the object is
known. Usually, the light is emitted by a LED or a laser in the infrared spectrum.
Similarly to structured light, cameras using time of �ight can infer each other, so it's
not possible to use several time of �ight cameras at the same time. The advantage
of this technology is the high accuracy of the point cloud.

3.1.2 ZED2 Camera from Stereolabs

For this project, the used cameras is the ZED2 Camera [12] from Stereolabs. This
camera is a passive stereo camera. It uses Neural Depth Sensing to improve the
accuracy of the point cloud. The camera also embeds some sensors, which are
a gyroscope, an accelerometer, a magnetometer, a barometer and a thermometer.
The output resolution of the camera can be chosen between (672 x 376), (1280 x
720), (1920 x 1080) and (2208 x 1242). The depth range of the camera is from 0.3
m to 20 m. The �eld of view is 120° in the horizontal axis. The depth accuracy is
less than 1 % up to 3m and less than 5 % up to 15m. The following picture shows
the ZED2 camera.

9



3. Hardware

Figure 3.3: ZED2 Camera from Stereolabs

The camera returns three matrices which are a RGB image, a depth map and a
RGB-D image. On the following picture, the upper left picture shows the RGB
image, the bottom left �gure shows the depth map and the right image shows the
coloured point cloud retrieved with the camera.

Figure 3.4: RGB image, depth map and coloured point cloud retrieved with the
ZED2 camera

The point cloud from the camera is noisy. But this noise can be reduced by using an
algorithm implemented by Stereolabs. This algorithm uses a neural network. This
algorithm requires much more computation time to retrieve the point cloud, but
improves greatly its accuracy.

3.1.3 Pose of the camera

Since the camera has a high accuracy in the �eld of view of 3 m, I decided to put it
near of the table to be close to the objects whose point cloud needs to be accurate.
But the camera should be far enough of the table so that the mobile manipulator
can be between the �xture of the camera and the table. The camera should also
see the top of the robot to see the AprilTag and then �nd its pose. The following
picture shows an appropriate pose of the camera.

10
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