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methods are generally designed by the designer manually for
specific problems and therefore the extracted features have
weak robustness and are difficult to adapt to other objects that
have same category with the target object.
In recent years, deep learning made great breakthrough in the
field of object detection. Meanwhile, deep learning has been
applied in the manipulator grasping task [6]. Varley et al. [7]
presented a deep learning architecture for detecting the palm
and fingertip positions of stable grasps directly from partial
object views. Wong et al. [8] proposed a solution that integrates
object recognition and pose estimation, namely SegICP, which
trains a SegNet [9] to pixel-wise segmentation and uses a multihypothesis point cloud registration to obtain 6-DOF pose for
objects.
Another key issue in the grasping task is how to
autonomously plan an obstacle-free path to grasp target object.
This problem is also called the robot path planning. Current
mainstream path planning methods include artificial potential
field methods [10], grid-based methods [11], and random
sampling-based methods [12].
At present, a common procedure of existing work is that the
target object is visually detected, and then the robotic arm plans
a trajectory for grasping. However, in real environments, there
possibly exist some obstacles that are close to the target object
and higher than the target object. In this case, we cannot directly
grasp the target object, and the first step is to remove the
obstacle and place it in a safe area. Stilman et al. adopted a
sampling-based method to select the placement positions of
obstacles [13], which is verified by simulations and has a
certain degree of randomness.
In this paper, we present a vision-based robotic grasping
approach with complex obstacles environments. The method
uses a deep learning network to detect object in the image. The
3D point clouds corresponding to the obstacles are extracted
and clustered. According to the acquired information of the
object and the obstacles, the grasping is conducted with the
consideration of interference obstacles.
The rest of the paper is organized as follows. Section II
introduces our object detection method and obstacle extraction
method. The proposed planning under the disturbance of
obstacles is described in Section III in detail. In Section IV,
experimental results are given. Finally, Section V concludes the
paper.

Abstract - This paper presents a vision-based robotic grasping
approach with complex obstacles environments. A deep learningbased object detection algorithm is used to detect object in the
image and obtain the object’s category and position. Then the
Euclidean cluster extraction algorithm is adopted to segment
scenes composed of 3D point clouds to obtain the positions and size
of obstacles. According to the acquired information of the object
and obstacles, one can judge whether the object can be directly
grasped. If there is no direct solution, the obstacles that interfere
with the grasping shall be firstly moved to other positions, then the
object is grasped. These new positions of interference obstacles are
selected based on artificial potential field. The experimental
results on the Kinova MICO2 arm demonstrate that the approach
can effectively achieve the grasping of target object even with
severe interference from obstacles.
Index Terms - Robotic grasping, object detection, artificial
potential field, interference obstacles.

I. INTRODUCTION
With the development of science and technology, the
application fields of robots are expanding. Robots are required
to be faced unstructured work environments and complex task
requirements [1]. For example, ASIMO humanoid robot
produced by Japan’s Honda Company, has been able to
complete tasks such as breakfast preparation [2]. The core
technologies of intelligent service robots include object
grasping, positioning, navigation, human-computer interaction,
and environment awareness. Among them, autonomous
grasping is essential and significant for services of intelligent
robots including delivering items, cleaning the desktop, and so
on. This requires the robot can complete the localization and
recognition of objects in the environment quickly and
accurately, as well as the precise grasping of target objects.
In the robot grasping task, traditional manual teaching
methods are usually used. Since the grasping pose depends on
the memory and the robotic arm has no perceptive ability, it is
easily affected by many uncertainties in external environments.
For example, when the position of the object changes, the
robotic arm cannot grasp the object. Environmental perception
technology can solve this problem. Through image processing,
the position of the target object is obtained, which paves the
foundation of the grasping. Ref. [3-5] introduced the visionbased robotic arm grasping task, where the traditional feature
extraction methods are used for object detection. These
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Fig. 1 Single detection model structure of SSD [14].

In this paper, we obtain the position and size of obstacles by
processing point cloud. First, the point cloud is filtered by a
straight-pass filter. Next, we use the RANSAC algorithm to
extract the desktop plane and remove it [17]. Combining the
information of target object, we perform the Euclidean cluster
algorithm on the remaining points to extract obstacles on the
desktop. Finally, the position and size of obstacles are obtained.

II. OBJECT DETECTION AND OBSTACLE EXTRACTION
A. Object Detection [14]
We use SSD [14] for object detection. The SSD is mainly
used in real-time object detection, which is faster and more
accurate than the approach of extra region proposal. Compared
with other single-stage methods, such as Faster R-CNN [15],
SSD has better accuracy even if the input image size is smaller.
The SSD method is based on a feed-forward convolutional
network that produces a fixed-size collection of bounding boxes
and scores for the presence of object class instances in those
boxes, followed by a non-maximum suppression step to
produce the final detections. SSD method has the following
features:
Multiscale feature map for detection: SSD adds the
convolutional feature layer to the end of the VGG-16 network
[16]. The size of these layers decreases gradually and the
prediction values of multiple scales are obtained. Single
detection model structure of SSD is shown in Fig.1.
Convolution predictor for detection: It is shown in Fig. 1 that
each additional feature layer, or the existing feature layer of the
basic network can generate a fixed set of projections using a set
of convolution filters. A convolution operation of the 3×3×p
convolution kernel is used to produce a class score or the offset
relative to the default box coordinates.
Default box and aspect ratio: In SSD, a set of default
bounding boxes is associated with each feature cell of the top
network. For each box in the K box at the given position, we
calculate the t class scores and the 4 offsets relative to the
original default box. This allows (t+4)K filters to be generated
for each position in the feature map, producing (t+4)Kmn
outputs for the mn feature map.

III. PLANNING UNDER THE DISTURBANCE OF OBSTACLES
After obtaining the scene information, the robotic arm can
execute the grasping of the target. Considering the
environmental complexity around the target, in some cases,
some obstacles are very close to the target object, which will
affect the direct grasping. In this case, the robotic arm cannot
directly grasp the target. The first step is to move these
interference obstacles away.
The artificial potential field (APF) [18] is a virtual force
method, commonly used in robot path planning. There is an
attraction force Fat between the target and robot, and its value
decreases with the shortened distance between them. There is
also a repulsion force Fre between an obstacle and the robot, and
its value will increase when the distance between them becomes
short. The resultant force F of attraction and repulsion forces is
used to guide the robot.
Inspired by the idea of the artificial potential field method,
we provide a solution to determine the new positions of
interference obstacles. In this paper, we define an attraction
force Fat based on the interference obstacle, and its value
increases with the increasing distance to this obstacle. Any
other object except this obstacle including the target object shall
lead to a repulsion force Fre, and its value will increase when
the distance to the object becomes shortening.
The value of attraction force Fat is expressed as follows:
(1)
Fat  kat d

B. Obstacle Extraction
With the development of three-dimensional scanning
technology, real-time point cloud acquisition devices such as
Kinect and other three-dimensional sensors have gained
popularity, and object localization based on point cloud has also
been extensively studied. The point cloud is an image
containing the three-dimensional information of the object. The
value of each pixel in the image is the (x, y, z) coordinate of the
scene corresponding point in the camera coordinate system.

where 𝑘𝑎𝑡 is a gain for attraction, d is the distance to the
interference obstacle. Fig. 2 shows the attraction map for an
interference obstacle in a square of 100cm100cm with
kat=0.18.
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No matter the operation to the interference obstacle or the
grasping of the target object, we need to calculate the Eye-toHand calibration matrix. First we calculate the coordinates
(𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐 ) of the target pixel coordinates (𝑢, 𝑣) in the depth
camera coordinate system. The coordinate transformation is as
follows:
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where 𝑀𝑖𝑛 is the depth camera's internal parameters, 𝑧𝑐 is the
depth value corresponding to the point (u, v). Then, we calculate
the coordinates of the object in the robot coordinate system. The
coordinate transformation is as follows:
 x
 xc 
 xc 
 y


 
    R T   yc   T  yc 
(5)
m


 z   0 1   zc 
 zc 
 
 
 
1 
1
1
where 𝑇𝑚 is the Eye-to-Hand calibration matrix. (x, y, z) is the
position of the object in the robot’s base coordinate system. On
this basis, we use MoveIt toolkit to achieve the grasping
operation.

Fig. 2 Attraction map.

The value of repulsion force Fre from an object is expressed
as follows:
 1  d  u 2 
Fre  Oh  kre  exp   
(2)
 2    


where kre is a gain, d is the distance to this object, and Oh is its
height. Fig. 3 shows the repulsion map of an object in a square
of 100cm100cm with kre=1, 𝑢=0, 𝜎=10.
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IV. EXPERIMENTS

0

Our experiments are carried out on a 6-DOF Kinova arm,
which is a lightweight humanoid arm, easy to control and
integrate with other devices. We use robot operating system
(ROS) as our development system. A Kinect V2 is used to
capture scene information, which is fixed at the top of the table,
providing960540 resolution RGB image and 512424
resolution depth image of the workspace. The depth
information is normalized to descend between 0 and 255.
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Fig. 3 Repulsion map.
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A. Object Detection
Dataset: We collected numerous images of everyday life
objects (cup, bottle, apple, and banana) by Kinect V2 in
different background, illumination, distance from the camera,
and shooting angle. We apply LabelImg [19] to label the
bounding-box. In addition, we download a set of images and
the corresponding bounding-box label of the same category
objects from ImageNet database [20], which can increase the
scale of our dataset to avoid overfitting. There are all together
2600 images in our dataset and we take advantage of data
argumentation strategy to generate more training images.
Training: We use a dropout ratio of 0.5 to avoid overfitting,
a learning rate of 0.001, the weight decay is of value 0.0005 and
a momentum of 0.9. The SSD network is implemented by virtue
of Caffe [21] with a GTX1080 GPU. Back-propagation and
stochastic gradient descent (SGD) is used to train the network
end-to-end.
Result: Fig. 5 shows the detection results for several objects
in different positions. Table I shows the results of the SSD on
our dataset.
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Fig. 4 The final potential field diagram.

The resultant force F is described as follows:
(3)
F   Fre  Fat
Fig. 4 demonstrates the final potential field diagram. The
blue object is the target object, and the red object is the
interference obstacle.
Finally, within the operation space of the robotic arm, the
position corresponding to the minimized F is selected as the
place the interference obstacle to be moved. If there are multiple
minimum points, we choose the closest point to this obstacle as
the optimal position.
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C. Realistic Robotic Experiment
The grasping experiment is conducted, and the results are
shown in Fig. 7, where the apple is the target object, and white
cup and pink cup are obstacles. According to the Euclidean
distances between the target object and obstacles, these two
cups are both interference obstacles. After the robot first moves
these two cups away in sequence, it grasps the apple and the
task is smoothly fulfilled.

Fig. 5 The examples of SSD in experimental scenario. Both the object
category and its rectangular bounding-box are labelled.
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TABLE I
OBJECT DETECTION RESULTS
Mean Average
Precision
(mAP)

Average Precision for each category (%)
Apple

Banana

Cup

Bottle

83.21

78.23

82.02

79.91

80.84

Fig. 7 Snapshots of the grasping experiment, where the apple is the target
object while white cup and pink cup are interference obstacles.

B. Obstacle Extraction
In this paper, the 3D vision sensor Kinect is used to acquire
point cloud images. Each point cloud image contains 518,400
sampling points. After filtering, the obstacles are extracted,
which is shown in Fig. 6(b).

(a)

V. CONCLUSION
In this paper, we present a vision-based robotic grasping
approach under the disturbance of obstacles. This method can
be divided into three parts: object detection, obstacle extraction,
and planning under the disturbance of obstacles. A deep
convolutional neural network is applied to object detection. The
Euclidean cluster extraction algorithm is adopted for obstacle
extraction. On this basis, the interference obstacles are moved
to their new positions based on artificial potential field. The
experimental results demonstrate that the grasping of target
object can be completed effectively. In the future, we will focus
the experiments with more complex obstacles environments as
well as the research on manipulation planning.

(b)

Fig. 6 The results of obstacle extraction. (a) the original point cloud; (b) the
processing result.
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