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Abstract—This paper presents a review of two different ap-
proaches of Convolutional Neural Network (CNN) algorithm
for object manipulation. This paper presents the evaluation
results of Grasping Convolutional Neural Network (GG-CNN)
and Generative Residual Convolutional Neural Network (GR-
ConvNet) by literature and experiments review through sev-
eral scenarios, which can be measured by success_rate and
object_removed_rate. In literature review, we can pinpoint a
different network adaptation of five identical residual block
implemented in between convolutional block of GR-ConvNet,
enabling accurate grasping and reduce inaccuracies due to
vanishing gradient problem. By experiment, we achieve the
highest success_rate of 89.2% from isolated scenario in GGCNN
and object_removed_rate from packed scenario in GR-ConvNet
with a percentage of 98.0%.

Index Terms—CNN, GGCNN, GR-ConvNet

I. INTRODUCTION

Traditionally robotic manipulation has mostly considered
repetitive tasks performed in tightly controlled spaces. How-
ever, recently there has been a lot of interest for deploying
robots to domains that require more flexibility. Due to these
challenges, recent research in grasp synthesis has overwhelm-
ingly favored data-driven approaches to plan grasps directly
from sensor data, outperforming manually designed policies.
This limits the flexibility of the system, as in some cases it is
easier to approach different objects in the scene from different
directions.

Most recently, deep learning techniques have enabled some
of the biggest advancements in grasp synthesis for unknown
items. These approaches allow learning of features that cor-
respond to good quality grasps that exceed the capabilities of
humandesigned features by typically use adapted versions of
Convolutional Neural Network (CNN) architectures designed
for object recognition. From several publications, there are two
leading grasping approaches based on their CNN architectures
and their inputs, namely Grasping Convolutional Neural Net-
work (GG-CNN) which is proposed by [1] and Generative
Residual Convolutional Neural Network (GR-ConvNet) by [2].
GGCNN predicts the quality and pose of grasps at every pixel
from a depth image as the input to overcomes limitations
of common deep-learning grasping techniques by avoiding
discrete sampling of grasp candidates then resulting shorter
computation times. On the other hand, GR-ConvNet that gen-
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erates antipodal grasps for every pixel in the input image not
by calculating the best grasp probability by order, but directly
inferring multiple grasp rectangles even for multiple objects
from the output of GR-ConvNet at once based on inference
module, thereby decreasing the overall computational time.

The main aim of this review is to present an experimental
approach of evaluating latest approaches of object grasping to
make a good reference for researchers and students to have a
clear image of both methods. Our contributions are outlined
as follows:

o This review helps researchers and students to have a good
understanding about GGCNN and GR-ConvNet papers
by checking the provided code and explaining how these
systems work.

e We evaluate and analyze their performance in
isolated, packed, and pile scenarios by measuring
success_rate(T).

F#success ful_grasps
success_rate = (D)
#attempts

II. RELATED WORK

Object grasping requires the understanding of which parts
of an object would lead to successful grasping and how the
robot needs to move to perform this action. This comes
with several complex sub-tasks, with object detection being
an important one. However, it is difficult for computational
models to generalize what is learned during the training to
unseen objects, making it harder to create robust and fast
object grasping systems. In order to improve performance in
this area, it is important to optimize the variety of input we
actually need. Some features to consider could be color, shape,
texture, depth, and others. As such, there are several models
approaching this problem differently.

Analytical approaches make use of mathematical modeling
and geometry, and use physics to estimate grasping methods
[3] [4]. However, they run into the issue of generalization
as these are hard to transfer to real-world environments [3|]
in terms of physical and mathematical modeling. Empirical
methods, in a traditional sense, exploit experiences to train
the model to detect good grasping points, based on shapes [5],
object classes [[6] or object parts [7]]. Despite improvements,



these models run into generalization issues as well, as they
cannot perform well on unseen objects.

To tackle this issue, engineers have turned to deep learning
methods [8]] [9]], often CNNs. This results in an issue with
speed as the computing time for grasping action can be long
due to the large amount of parameters [[10] in deep learning
models. A way of handling this is to avoid trying to account
for all possible grasping instances, and instead preprocessing
or pruning some alternatives [[8] or running prediction tasks on
sets of alternatives at once [[10]. Other CNN-based approaches
to grasping have been adopted, including increasing data size
[10], shape completion via 3D CNN [11], adding tactile
features [12], grasp prediction [13[], and use of semantic object
parts [14]. Some recent work has experimented with closed-
loop approaches as opposed to open-loop grasping [15].

We investigate two models, GR-ConvNet [2]] and GGCNN
[1]], with a main difference of input types. While both models
take depth input, GR-ConvNet additionally accepts RGB input.
We then contrast the performance of these models on three
different object scene scenarios.

III. METHODOLOGY

For the following experiments, we utilize the PyBullet as
the simulation environment. We also use Ubuntu 18.04 for our
operating system. Having all these requirement fulfilled, we
can finally setup our virtual machine (VM) on the computer.

A. Installation and Setup

All required steps have been explained systematically on
the provided classroom Githutﬂ There are several parts for
this step including:

¢ Clone and Compile ROS packages
o Add the folder as workspace

o Set up all dependency of packages
o Compile all packages

B. GR-ConvNet Simulation

The first simulation is to run perform a simulation with
GR-ConvNet as the network by running the stmulation.py
script. The simulation has some setup parameters we need to
set including:

scenario : isolated / packed / pile
network : GR_ConvNet
runs : 10

save — network — output : True

By the end of the simulation, we will obtain summary of
10 results for each grasping scenario in GR-ConvNet. For
a represenation of the scenarios, please see Fig [I] as taken
from the assignment sheet.

Uhttps://github.com/SeyedHamidreza/cognitive_robotics_manipulation

Fig. 1: Example visuals of isolated, packed, and pile scenes
(left to right).

C. GGCNN Simulation

In order to implement GGCNN network in the
simulation.py, two files must be modified to enable
GGCNN as the option. In grasp_generator.py, we add
more option for the network in predict function, while in
stmulation.py, we add pretrained model path for GGCNN
network available on Githutﬂ We need to set parameter
scenario to GGCNN and run the experiment as much as the
previous simulation. In the end of this experiment, we will
also obtain summary of 10 results for each grasping scenario
in GGCNN.

IV. RESULTS AND DISCUSSION

After obtaining the results from both experiments, we
conduct analysis into the two separate sections to compare
both approaches: (1) Literature Review and (2) Experiments
Review.

A. Literature Review

Grasp Representation: both of the approaches have similar
representation used to define the problem of robotic grasping
as predicting grasps for unknown objects from an image of
the scene and executing it on a robot known as a pose.

From reference [2], the grasp pose in robot frame can be
denoted as

G, = (P7 O, W, Q) (2

where P = (z, y, 2) is gripper’s center position, ©, is tools
rotation around the z-axis, W, is the required width for the
tool in the range of [0, Wi,a.], and @ is the grasp quality
score. W4, 1is the maximum width of the antipodal gripper.

Network Architecture: GGCNN takes an inpainted depth
image as the input with depth. Then, the data is fed into
3 convolutional layers with the size of 9x9, 5x5, and 3x3
respectively based on the model shown in this codeE] from
line 5, 16-18. As described in [1]], the network then produces
three different outputs representing the unit vector components
of @, © and W in a form of 300x300 pixel image. The final
model of GG-CNN contains 62,420 parameters in total.

On the other hand, GR-ConvNet takes a 224 x 224 n-
channel input image with RGB and depth information is fed
into 3 convolutional layers with the size of 9x9, 4x4, and
4x4 respectively plus additional 5 identical 3x3 residual block

Zhttps://github.com/dougsm/ggcnn
3https://github.com/dougsm/ggenn/blob/master/models/ggenn. py
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modules between the last convolutional layer and its transpose
layer based on its network model shown in this codeE] from line
11, 14, 17, 20-24. This network also produces three different
outputs and has a total of 1,900,900 parameters.

Training Dataset: To train GGCNN network, the Cornell
Grasping Dataset is adopted to the learning setup. The Cornell
Grasping Dataset itself contains 885 RGB-D images of real
objects, with 5,110 human-labelled positive, 2,909 negative
grasps, and 1,710 augmented images.

For GR-ConvNet, the network is trained by Cornell Grasp-
ing Dataset, with additional 51,000 grasp examples from aug-
mentation. This network also use Jacquard Grasping Dataset
as training dataset, consists of 54,000 RGB-D images and
annotations of successful grasping positions based on grasp
attempts performed in a simulated environment. In total, it
has 1.1 millions grasp examples with no augmentation on this
dataset.

Overall Review: In theory, despite their kernel sizes,
implementing residual block on a network will have some
advantages while working on a large number of convolutional
layers. A CNN with large number of layers can somehow loose
their training ability due to vanishing gradient problem, which
is caused by involving gradient based learning so the network
actually stops learning when the gradient is too small. Not
only residual block can tackle this problem, but also will not
increase the error percentage due to its identity mapping.

Another point is the number of input data. We know
that GGCNN utilizes only depth image data to produce the
prediction output, while GR-ConvNet also includes depth and
RGB data of the image in the form of tensors to its network.
Intuitively, by feeding more data to the network to learn, we
can expect a higher accuracy of its prediction output which
makes GR-ConvNet theoretically outperforms GGCNN.

B. Experiments Review

We implemented the GGCNN and GR-ConvNet models to
compare their results in term of Success Rate and Object
Removed Rate. The summary of the results can be seen in
Tabldl] For a visual representation of what the model sees
during grasping, refer to Fig [2|

We found that the models showed different performance
rates in packed and isolated scenarios. While GR-ConvNet
was a better fit for the packed scenario with a 65.8% Grasping
Success Rate (46.5% for GGCNN), GGCNN outperformed
GR-ConvNet in grasping isolated objects with a success rate
of 89.2%, compared to GR-ConvNet’s 85.9%.

As discussed, the main difference between the presented
models is GR-ConvNet’s inclusion of RGB data. We think
that reducing information for grasping helps in isolated in-
stances as there is only one object, resulting in better model
performance. In the case of multiple objects, this reduction
becomes a hinderance for GGCNN as there are many ob-
jects, and color potentially becomes important information

4https://github.com/skumra/robotic- grasping/blob/master/inference/models/
grconvnet4d.py
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Fig. 2: Examples of what the model sees during grasping for
scenarios isolated, pile, packed top to bottom, and GGCNN
and GR-ConvNet, on the left and right respectively.

to differentiate between objects and their grasping points for
successful manipulation. We can further see that GGCNN has
a noticeably increased difference in grasping attempts in the
packed scenario (109 attempts compared to GR-ConvNet’s 76
attempts). For isolated instances, it performs better, possibly
because the additional color information serves as some noise
for this task.

On the other hand, we come across interesting results
when the robot is presented with a pile of objects. While
the GGCNN has a higher success rate (60.3% as opposed
to the 46.9% for GR-ConvNet), the rate of removed objects
is lower in contrast (2 items less). It seems that GGCNN
requires less attempts to successfully grasp an object, but is
perhaps slower than GR-ConvNet, or grasps less objects at a
time. On the other hand, GR-ConvNet attempts grasping more
but succeeds in removing more objects at the same time. In
this case, the color information and the open-loop approach
seems to increase model speed, although the gap between the
Objects Removed Rate is not as large as the Grasping Success
Rate between these two models. As a result, we conclude that
GGCNN might still be a better fit for this task. Furthermore,
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Method
GGCNN

Scenario  Manipulation Success Rate

0.413 (45/109)

Grasping Success Rate

0.468 (51/109)

Object Removed Rate
0.9 (45/50)

packed

GR-ConvNet  packed 0.645 (49/76) 0.658 (50/76) 0.98 (49/50)
GGCNN pile 0.575 (42/73) 0.603 (44/73) 0.84 (42/50)
GR-ConvNet  pile 0.449 (44/98) 0.469 (46/98) 0.88 (44/50)
GGCNN isolated 0.862 (144/167) 0.892 (149/167)
GR-ConvNet  isolated 0.825 (146/177) 0.859 (152/177)

TABLE I: Summary of results for GGCNN and GR-ConvNet
on 10 runs of 3 scenarios: packed, pile, isolated.

in object piles, depth could be serving as a more important
feature as opposed to packed scenarios.

V. CONCLUSION

We present our literature and experiment review of two
notable approaches of object manipulation based on CNN
(GGCNN and GR-ConvNet) on several scenarios of ran-
dom object in PyBullet, and reported the important por-
tion of our findings. We show through grasping exper-
iments that GR-ConvNet performs better in packed sce-
nario with higher success_rate of manipulation and also
object_removed_rate compared to GGCNN. However, on
the other hand, we also find that GGCNN outperforms GR-
ConvNet in pile and isolated scenario. In general, the highest
success_rate comes from isolated scenario in GGCNN with a
percentage of 89.2% and object_removed_rate comes from
packed scenario in GR-ConvNet with a percentage of 98.0%.
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