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Abstract. Robotic grasping has been a prevailing problem ever since
humans began creating robots to execute human-like tasks. The problems
are usually due to the involvement of moving parts and sensors. Inaccuracy in sensor data usually leads to unexpected results. Researchers have
used a variety of sensors for improving manipulation tasks in robots.
We focus specifically on grasping unknown objects using mobile service
robots. An approach using convolutional neural networks to generate
grasp points in a scene using RGBD sensor data is proposed. Two convolutional neural networks that perform grasp detection in a top down
scenario are evaluated, enhanced and compared in a more general scenario. Experiments are performed in a simulated environment as well as
the real world. The results are used to understand how the difference in
sensor data can affect grasping and enhancements are made to overcome
these effects and to optimize the solution.
Keywords: Convolutional neural networks, mobile service robots, grasping unknown objects
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1.1

Introduction
Background

Grasping objects is an important part of most tasks performed by service robots
and it is still considered an unsolved problem in generic situations. Grasping is
usually a problem because of moving components and errors in sensor data, in
this case, the RGBD sensor. RGBD sensors are a specific type of depth sensing
devices that work in association with a RGB camera, that are able to augment
the conventional image with depth information (related with the distance to the
sensor) in a per-pixel basis. When it comes to RGBD sensors there are various
environmental factors such as lighting and object transparency that affect the
data. This is an important problem because, most algorithms involving RGBD
sensors, perform feature extraction and other similar kinds of data processing
methods. Therefore, predictions can vary significantly. Using convolutional neural networks can improve the accuracy in prediction significantly since deep
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learning techniques can identify patterns in data where classical algorithms fail.
Previous works based on this topic are mentioned below. There exist many approaches toward grasping unknown objects. The old approach is the classical
approach where the manipulator is pre-programmed with the object position
and trajectory to reach the object. Machine learning techniques have been tried
on robot manipulation tasks from as far back as the 1990s. But recent developments in machine learning algorithms have improved the results of applying
the same on robotic manipulation tasks. Jeannette Bohg and Danica Kragic
in 2010 have used a vision based grasp predictor using supervised learning [4].
They have used several image examples as a training set to achieve this. In 2014,
Pavol Bezak, Pavol Bozek and Yuri Nikitin trained a deep learning network that
develops a hand-object contact model to achieve successful grasping [5]. In 2015,
Ian Lenz, et al., created a deep learning neural network for vision based robotic
grasp detection [6] . In 2017, Sergey Levine et al., used a deep learning technique
trained with extensive data collection to learn hand-eye coordination [7] . There
are many researchers using similar vision based learning for grasping objects.
In 2018, Konstantinos Bousmalis et al., used simulation based training using a
dataset of over 25,000 trials to achieve successful grasping [8] . Also Gary M.
Bone et al., used a wrist mounted camera to capture images of target object
from different angles to get a 3D vision based model to predict successful grasps
[9]. Igor Chernov used machine learning to fit cuboids into objects to calculate
3D grasps [10].
Also, there is the problem of stability and trajectory planning when it comes
to manipulation. When the same goal for grasping is carried out twice, there
is always a chance that the inverse kinematic solver could calculate a different
trajectory and this could lead to failure. Therefore, it is always better to predict
multiple grasps for every object. In this case, even if the same grasp fails, a
different grasp might succeed thus increasing the chances of success.

1.2

Purpose

The motivation of this work is to evaluate the grasping capabilities of a service
robot using unknown objects. Therefore, we compare and enhance the performance of two existing neural networks, trained to generate grasps on a top view
of an unknown scene, on a mobile service robot which has an angular view of a
scene. The networks are implemented in two different approaches and the performance is compared in both cases. Also, the two approaches provide information
on how grasping in 3D space can be optimized. Learning from this information
would provide clarity and ideas on how to further improve and optimize robot
grasping in 3D space. There is also a focus on bench-marking and using standard
experiments to evaluate and compare grasping neural networks. Further information on the performance and conclusions are detailed in the Method section.
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Method

The initial stage of the work is to implement the Generative Grasping CNN
[1] and the RCNN Multi Grasp [2] on a mobile service robot, namely a Tiago
platform by PAL Robotics. We have developed a ROS wrapper for each of the
networks that will be available on our github 1 group. Both neural networks
used in this work are trained on the Cornell Grasping Dataset [3]. The experiments were conducted using a set of objects required in the robotcup@home
GermanOpen 2019 tournament 2 that do not overlap with the training dataset.
In our implementation of both neural networks, the grasp predictions outside
the object’s bounding box where filtered out using the YOLO object detection
[11] framework as a region of interest discriminator. The RoboCup objects in
the simulated environment are shown categorically in Figure 1.

Fig. 1. Simulated RoboCup objects listed categorically.

2.1

Grasping Neural Networks

In this section we will highlight the details of the two neural networks used in
this work. Details will include the differences, functionalities and implementation
of the networks.
Generative Grasping CNN
The network used in [1] is a simple six-layered neural network that uses a 300 x
300 pixel depth image as the input layer. It performs a pixel-wise grasp detection
on a given depth image. The output consists of a grasp point, grasp quality,
1
2

https://github.com/iki-wgt
https://github.com/RoboCupAtHome/GermanOpen2019/tree/master/objects
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grasp angle and gripper width for every pixel. This output is called a GraspMap (Figure 2). A simple mathematical representation of the neural network is
shown in Equation 1.
Mθ (I) = (Qθ , Φθ , Wθ )

(1)

With M being the Neural Network, θ the Weights, Qθ the Grasp Quality, Φθ
the Grasp Angle and Wθ the Gripper width. As this approach is derived from
a top down scenario the grasp angle only contains information about the roll
axis of the gripper. The grasp quality parameter is assigned a value between
0 and 1. From the output every pixel with grasp quality larger than a desired
threshold are considered. Once the pixels are selected a 3D grasping pose has
to be computed using the Point Cloud. In our baseline attempt this was done
by simply mapping the 2D pixel to it’s nearest neighbor in the 3D point cloud.
Every pixel in the grasp map contains the following parameters present in the
grasp representation (Equation 2).
The network uses a feed-forward and back propagation method during training. The weights are optimized using the gradient descent method during back
propagation. The meta-parameters of the neural networks are present in the
configuration files that are present with the code.
g = (s, φ, w, q)

(2)

s - Grasp Pose, φ - Grasp Angle, w - Gripper Width and q - Grasp Quality

Fig. 2. Grasp map of a scene generated by the Generative Grasping CNN

RCNN Multi-Grasp
The network from [2] was originally developed as an object detection network
that was trained on the Cornell grasping dataset [3] to produce grasp rectangles
instead of bounding boxes (Figure 3). This network has multiple feature extraction layers, object classification layers and loss function layers that work together
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to generate grasp rectangles. This network performs a discreet sampling of grasp
candidates as opposed to the pixel-wise grasp detection used in the Generative
Grasping CNN. A mathematical grasp representation is shown in equation 3.
g = x, y, θ, w, h

(3)

With g being the Grasp, (x, y) the 2D Grasp Pose on the image plane, θ the
Grasp Angle and w the Gripper width. The input layer uses only 2D RGB data
and the grasp detection is done without any depth or 3D information. Once
grasp rectangles are generated the implementation orients the gripper in line
with the rectangle. The received 2D grasp pose, is converted into 3D using the
same method as above.

Fig. 3. Grasp predictions by the RCNN Multi Grasp

2.2

Implementation

This section covers the enhanced implementation approaches used in this thesis.
Enhancements are necessary because the two neural networks used in this thesis
are originally created for only top-down scenario. The enhancements enable the
implementation on a mobile service robot to perform grasping tasks in the 3D
world.

Approach 1 - Object-based grasp decisions
In the first approach for implementation, a simple object-based decision is made.
In terms of service robots, there are two types of grasps, namely Front/Side
grasps and Top-Down grasps. In this approach, the type of grasp is distinguished
using thresholds based on object dimensions. Once the grasp type is identified,
end effector orientations are calculated based on grasp type and grasp angle.

6

Pranav Krishna Prasad, Benjamin Staehle, Igor Chernov, Wolfgang Ertel

Approach 2 - Surface Normal Approach
The second approach is a more generic and object independent approach. In this
approach, the surface normal of every detected grasp point is extracted and the
end effector orientation is calculated generically in the direction of the surface
normal. This way the implementation becomes object independent.
Let (xn , yn , zn ) be the extracted surface normal vector. A 4D matrix M (refer
4) using the surface normal and two vectors orthogonal to the surface normal
is created. This matrix basically represents a co-ordinate system and the three
orthogonal vectors are the axes.
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Next the matrix is multiplied by a rotation matrix R (refer 5), which represents rotation about the surface normal for an angle α. α being the grasp
angle provided by the neural network corresponding to the grasp point. Then
the rotated matrix MR (refer 6) is converted into a quaternion QM (refer 7).
Let t = 1 - cos α,

t ∗ xn ∗ yn − zn ∗ sin α t ∗ xn ∗ zn + yn ∗ sin α 0
t ∗ x2n + cos α
t ∗ xn ∗ yn + zn ∗ sin α
t ∗ yn2 + cos α
t ∗ yn ∗ zn − xn ∗ sin α 0

R=
t ∗ xn ∗ zn − yn ∗ sin α t ∗ yn ∗ zn + xn ∗ sin α
t ∗ zn2 + cos α
0
0
0
0
1
(5)


MR = R ∗ M

QM

(6)

p


(MR [2, 1] − MR [1, 2])/2 ∗ p(1 + MR [0, 0] + MR [1, 1] + MR [2, 2])
(MR [0, 2] − MR [2, 0])/2 ∗ (1 + MR [0, 0] + MR [1, 1] + MR [2, 2])

p
=
(MR [2, 1] − MR [1, 2])/2 ∗ (1 + MR [0, 0] + MR [1, 1] + MR [2, 2]) (7)
p
(1 + MR [0, 0] + MR [1, 1] + MR [2, 2])/2

Next a quaternion QAA is calculated using only the surface normal and angle
α (refer 8). The two calculated quaternions are multiplied to get the final gripper
orientation Qg (refer 9).


xn
 yn 

QAA = normalize 
(8)
 zn 
cos 2α
Qg = QM ∗ QAA

(9)
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Experiments and Analysis

The Experiments are performed on the robot simulation using both neural networks each implemented using both approaches and the relevant results are
recorded. All experiments were performed in a tabletop scene with the robot
placed in front of the table. Experiments were performed on 21 different objects
with various shapes and sizes. The evaluation metric used here is Force Closure,
meaning if an object restricts the gripper from completely closing, then the grasp
is considered successful. The experiments include 5 trials per object, per network
and per approach (total 420 trials). A total of 420 trials are performed using different objects, neural networks and approaches. Although the object positions
were chosen at random, they are consistent for all objects. The recorded results
are analyzed and conclusions are drawn. Finally, both the neural networks are
implemented on the real robot using the better performing approach. Real robot
experiments are performed on 14 different objects with 7 trials per object (total
196 trials) and the relevant results are recorded.
Further the objects are grouped into different categories according to their
shape and appearance to make performance comparisons for particular cases.
The real world objects used in the experiments are categorically shown in Figure
4.

Fig. 4. Real World objects listed categorically

3

Results

This section consists of results based on object groups and comparison of both
the neural networks in the two different approaches. Further the two approaches
are also compared with each other and conclusions are drawn based on these
comparisons. The objects used in the simulated and real world experiments
are classified into groups in order to make comparisons and conclusions. The
simulated objects are divided into 4 groups: Cylindrical objects, Cuboid objects,
Irregular objects and Spherical objects. The real world objects are divided into
5 groups: Cylindrical objects, Cuboid objects, Irregular objects, Transparent
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objects and Difficult objects. The group difficult objects contains objects that
are small and typically challenging to grasp. The conclusion also contains a
proposal on how to further improve the results.
Figures 5, 6 and 7 represent the comparative results based on grouped objects
for all the six experimental cases.

Fig. 5. Success rates based on grouped objects for Approach 1

Approach 1 vs Approach 2 In the first approach, the decision of grasp type
is made based on object dimensions. Although this approach is not generic, this
approach is a good solution to grasp small and irregular objects because it is
easier to grasp small objects in a straight top-down manner since other orientations could be singular or could lead to collision. Moreover, since Approach 2
uses surface normals, irregular objects can have bad surface normals that could
lead to bad gripper orientations. The results based on grouped objects in Figures 5 and 6 show clearly that both neural networks perform better for irregular
objects in approach 1 than in approach 2.
The major problem with approach 1 occurs when detecting grasps for large
objects. Since approach 1 only uses standard front grasp and top-down grasp
orientations, when grasps are detected with an offset from the center of large
objects, grasping fails. This problem is resolved in the second approach by using surface normals to create orientations that make the gripper align with the
surface normal. The surface normal approach only solves this problem for cylindrical and spherical objects not for cuboid objects. It can be seen from the results
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Fig. 6. Success rates based on grouped objects for Approach 2

based on grouped objects in Figures 5 and 6 that the performance on cylindrical
and spherical objects is better in approach 2 than approach 1.
Generative Grasping CNN vs RCNN Multi Grasp The major difference
between the Generative Grasping CNN and the RCNN Multi Grasp is that the
former predicts grasps from depth images and the later uses RGB images. This
section will cover how the inputs of the neural networks affect the grasping
performance in specific cases.
The Generative Grasping CNN is incapable of predicting grasps for transparent objects while the RCNN Multi Grasp is. This is because transparent objects
do not reflect enough light from the active depth camera and is hence not clearly
visible in the depth image and point cloud produced by the RGB-D sensor but
transparent objects are clearly visible in RGB images.
Predicting grasps for small objects also poses a similar problem since small
objects are represented by insufficient number of pixels on the depth image and
this also greatly depend on lighting conditions. But when it comes to RGB images, small objects are clear and predictions mostly are independent of lighting.
As a result the RCNN Multi Grasp performs better on small objects than the
Generative Grasping CNN.
It is clear from the comparative results that the RCNN Multi Grasp network
performs better, in terms of grasp detection, than the Generative Grasping CNN
in most cases. The only major advantage of using depth image is that the grasp
poses are predicted in 3D.
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Fig. 7. Success rates based on grouped objects for Real Robot Experiments

4

Conclusions and Future Work

The conclusion of this thesis is drawn from the experimental results and comparisons as explained in the results section. The initial conclusion is that the
RCNN Multi Grasp which uses RGB images to predict grasps outperforms the
Generative Grasping CNN in most cases. This is specifically noticeable in the
cases of transparent, small and irregular objects.
The results based on grouped objects show categorically the specific cases
in which the two approaches thrive. Both the approaches have positives and
negatives. Based on this it would be possible to improve the results further
by combining the two approaches. In this new approach, the algorithm would
initially distinguish the grasp type based on the object dimensions, then if the
grasp type is front/side grasp the surface normal approach will be used and for
small objects that need top-down grasps the first approach is used. Implementing
this new approach would solve most of the problems that exist while individually
implementing the two approaches.
Further the neural networks were trained on the Cornell Grasping Dataset
which is a comparatively small dataset. Using larger datasets, that consist of
more objects and more instances per object like the Jacquard Dataset, to train
the neural networks could also improve the results further.

Grasping Unknown Objects Using Convolutional Neural Networks

11

References
1. Douglas Morrison, Peter Corke and Jurgen Leitner, Closing the Loop for Robotic
Grasping: A Real-time, Generative Grasp Synthesis Approach, Robotics: Science
and Systems - RSS, 2018
2. Fu-Jen Chu, Ruinian Xu and Patricio A. Vela: Real-world Multi-object, Multigrasp Detection. IEEE Robotics and Automation Letters (2018)
3. Cornell University, Robot Learning Laboratory, Cornell Grasping Dataset (2009),
http://pr.cs.cornell.edu/grasping/rect data/data.php
4. Jeannette Bohg, Danica Kragic: Learning grasping points with shape context,
Robotics and Autonomous Systems, Volume 58, Issue 4, 30 April 2010, Pages
362- 377.
5. Pavol Bezak, Pavol Bozek, Yuri Nikitin: Advanced Robotic Grasping Systems using Deep Learning, Modelling of Mechanical and Mechatronic Systems MMaMS
(2014).
6. Ian Lenz, Ashutosh Saxena, Honglak Lee: Deep learning for detecting robotic
grasps, The International Journal of Robotics Research, (2015).
7. Sergey Levine, Peter Pastor, Alex Krizhevsky: Learning hand-eye coordination for
robotic grasping with deep learning and large-scale data collection,The International Journal of Robotics Research, (2017).
8. Konstantinos Bousmalis, Alex Irpan, Paul Wohlhart: Using Simulation and Domain Adaptation to Improve Efficiency of Deep Robotic Grasping, IEEE International Conference, (2017).
9. Gary M. Bone, Andrew Lambert, Mark Edwards: Automated modeling and robotic
grasping of unknown three-dimensional objects, IEEE International Conference,
(2018).
10. Igor Chernov, Wolfgang Ertel: Generating Optimal Gripper Orientation for
Robotic Grasping of UnknownObjects using Neural Network, Federated AI for
Robotics Workshop (FAIR), IJCAI-ECAI-18, Stockholm, (2018).
11. Marko, Bjelonic:YOLO ROS: Real-Time Object Detection for ROS.https://github.
com/leggedrobotics/darknet ros, 2018

