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Abstract— Category-level 6D pose and size estimation is to
estimate the rotation, translation and size of the observed
instance objects from an arbitrary angle in a cluttered scene.
Compared with instance-level 6D pose estimation, there are
two main challenges for category-level 6D pose estimation. One
is that the algorithm needs to estimate the 6D pose and size
of unseen objects, and no 3D models are available. Another
is that different instance objects of the same class of objects
differ greatly in shape. This paper propose a novel method to
estimate the 6D pose and size of unseen objects from an RGB-
D image. To handle intra-class shape variation, we propose an
autoencoder-decoder that is trained on a set of object models
to learn structural feature-invariant and shape-variant features
of intra-class objects, and constructs a category-level priori
model containing the structure feature and shape feature. To
solve the problem of 3D model, this paper proposes a model
reconstruction network including 3D graph convolution and
spherical convolution (GSNet), which can reconstruct the 3D
model of the observed instance object from the input RGB-D
image and the priori model, and establish a dense correspon-
dence between the 3D model and the observed instance object.
Finally, random sample consensus (RANSAC) algorithm and
Umeyama algorithm are used to estimate the 6D pose and size of
the object. Extensive experiments on benchmark datasets show
that the proposed method achieves state-of-the-art performance
in category-level 6D object pose estimation. In order to prove
that our method can be applied to the grasping and operation
tasks of robots in industry and life, we deploy our method to
a physical UR5 robot to perform grasping tasks on unseen but
category known instances, and the results validate the efficacy
of our proposed method.

I. INTRODUCTION

Accurate 6D object pose estimation plays an important
role in robotic grasping tasks [1, 2, 3, 4, 5, 6, 7, 8, 10,
28, 29, 30, 31]. In recent years, instance-level 6D object
pose estimation has developed rapidly and achieved good
performance. Unfortunately, these methods [9, 11, 12, 23]
cannot be used without 3D models and cannot be directly
generalized to unseen instance objects, which greatly limits
their usefulness in practical applications. Consequently, the
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category, 6D pose and size of the objects have to be concur-
rently estimated, and this task is also called category-level
6D pose and size estimation [13, 14, 32] . At present, the
key challenges of category-level 6D object pose and size
estimation task mainly include two aspects. One is that there
are no corresponding 3D models to use when estimating the
6D pose and size of unseen objects. Another is that there are
huge color and shape differences between different objects
of the same category.

To solve the above two problems, some recent popular ap-
proaches [13, 14] map different objects in the same category
into a uniform model to solve this problem. For example,
Wang et al. [13] proposed a data-driven solution for the
category-level 6D pose estimation problem, they introduced a
normalized object coordinate space (NOCS) to represent dif-
ferent object instances within a category in a unified manner.
They train a deep neural network to infer correspondences
from the object pixel to the point in the NOCS, and at the
same time obtain the class label and instance mask of each
object, and then use these predictions together with the depth
map to estimate the 6D pose and size of the object through
point matching. However, the lack of explicit representation
of shape and structural changes limits their performance.
Some other methods [15] [16] solve the above two problems
by reconstructing the complete 3D model or reconstructing
part of the 3D model. For example, Tian et al. [15] first
proposed a method for 3D model reconstruction to address
the problem of instance objects without 3D models, and
trained a deformable domain network to fine-tune model
reconstruction for different instances in the class. However,
this method only considers the uniform shape when learning
the shape, and does not consider the structural information
of the objects in the category, so there are still limitations in
3D model reconstruction.

In this work, our research idea is to learn the structural
features and shape features of objects within the class, and
then reconstruct the complete 3D model of the object in
NOCS space to solve the problem that unseen object with-
out model, and finally establish the dense correspondence
between the observed object and the reconstructed 3D model
to estimate the 6D pose and size of the object. Existing
research shows that 3D graph convolutional networks (GCN)
[19] can effectively extract the key structure information
of objects in the image, which is helpful to extract the
feature invariant structure from category-level objects with
similar structure but changed shape. At the same time, point
cloud networks are also widely used in geometric feature
extraction of objects. Therefore, in order to address the
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shape and structure variation of objects within category-
level, we design a novel autoencoder-decoder based on 3D
graph convolutional network and point cloud network (PCN).
The autoencoder is trained on a collection of objects models
from various categories to learn the structural and geometric
features of different category-level objects. These features
are then fed to the autodecoder to generate category-level
shape and structure priors.

In order to solve the problem that there is no 3D model
available for the instance object in 6D pose estimation
task, we propose a model reconstruction network including
3D graph convolutional network and spherical convolutional
network (SCN) [20] to reconstruct 3D models of observed
instance objects, which is called GSNet for short. GSNet
considers the shape, structure, and rotation changes of the
object when reconstructing the 3D model of the object, so
that the reconstructed model contains the shape, structure
and rotation invariant features of the object. At the same
time, GSNet also estimates the correspondence between the
observed objects and the reconstructed 3D model, and then
converts the corresponding points on the 3D model to points
in NOCS space. Finally, the Umeyama algorithm [21] and
the RANSAC algorithm [22] are used to recover the 6D pose
and size of objects from the point cloud in NOCS and the
point cloud of observed objects.

Extensive experiments conducted on the category-level
dataset [13] demonstrate that our approach outperforms the
state-of-the-art (SOTA) methods. In order to verify the effect
of our method in the real robot scene, the proposed method
is deployed on a real robotics platform for evaluation. The
experimental results show that our method can effectively
assist the robot to grasp and operate unseen objects. Our
technical contributions are summarized as follows:

• We propose a novel depth network for category-level
6D object pose and size estimation. The network com-
bines the 3D graph convolutional network and spherical
convolutional network (GSNet), which can reconstruct
the 3D model of the object and solve the problem that
there is no 3D model available for unseen objects.

• We propose a novel autoencoder-decoder based on 3D
graph convolution network, which is used to learn the
shape and structural features of Intra-class objects and
generate a priori of category-level 3D model containing
these features.

• Our approach outperforms state-of-the-art methods on
category-level benchmark datasets. At the same time,
we deploy and verify the proposed algorithm on a real
robot platform.

II. RELATED WORK

A. Instance-level 6D Object Pose Estimation
Existing 6D pose estimation methods for instance-level

objects are mainly divided into the following categories. The
first category of methods is template matching, which esti-
mates the pose of an object by matching image features [7].
While these methods perform well at inferring textured ob-
jects, they perform poorly when inferring weakly textured or

untextured objects. The second category of methods is based
on deep networks, estimate the 6D pose of objects directly
from RGB images [4,9] or RGB-D images [5,6,10,11,12].
However, 3D models of objects are required for both network
training and inference stages. The third category of method
is to perform 6D pose estimation recovery by establishing
2D-3D correspondence between 2D images and 3D models,
or 3D-3D correspondences between point clouds and 3D
models. However, 3D models of objects are also required
in the network training and inference stages. A common
problem in instance-level 6D pose estimation is that an
accurate 3D object model of the object is required both in the
training process and in the reasoning process. Our method
can infer the 6D pose and size of unseen objects without 3D
models.

B. Category-level 6D Object Pose and Size Estimation

Recent work on category-level 6D pose estimation tasks
[13,14,15,16] has greatly alleviated the limitations of pre-
vious instance-level 6D pose estimation tasks. Wang et al.
[13] proposed a NOCS representation to represent objects
of the same category with the same 3D model. The method
first predicts the NOCS image of the object, and then aligns
it with the observed depth of the object to estimate the
6D pose and size of the object. In order to deal with the
shape changes within the class, Tian et al. [15] improved
the prediction of the standard object model by deforming the
classification shape a prior. Chen et al. [16] extracts shape
based features from the point cloud of the target object for
pose and size recovery. Tian et al. [15] did not consider the
structural features of category-level objects when processing
the intra-class features of objects, while Chen et al. [16]
did not reconstruct the complete 3D model in the process
of model reconstruction. Our method considers both shape
and structural changes when processing category-level object
features, and reconstructs a complete 3D model of the object.

III. APPROACH

A. Overview

As shown in Fig. 1, our method consists of three parts. In
the first part, a Mask R-CNN [24] is used to perform instance
segmentation on color images. Next, we convert the mask
depth map into a point cloud with the intrinsic parameters
of each instance of the camera, and crop the image patch
according to the boundary box of the mask. In the second
part, the GSNet is used to perform 3D model reconstruction
on point clouds, image patches and corresponding structure
priors (Section III.B). At the same time, the GSNet outputs
a set of correspondences that associate each point in the
point cloud of the instance object with the point of the
reconstructed model, and the reconstructed model can be
masked to NOCS coordinates by this set of correspondences
(Section III.C). In the third part, the 6D pose and size of the
object can be estimated by registering the NOCS coordinates
and the point cloud obtained from the observed depth map
(Section III.D).
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Fig. 1. The network architecture consists of three parts, instance segmentation, GSNet and pose estimation. In order to effectively extract the rotational
and structural information of objects, we apply spherical convolution and 3D graph convolution to our network. At the same time, in order to fuse the
features of the 3D prior model with the features of the observed instance objects, we share the global features. GSNet performs full 3D model reconstruction
of observed instance objects and outputs a set of correspondences A, which are used to map the 3D models to NOCS space.

Fig. 2. Autoencoder-decoder architecture. The autoencoder extracts
structural and shape features from the input point cloud model, and then
we visualize the extracted structural and geometric features in a low-
dimensional space. Finally, the decoder is used to reconstruct the prior 3D
model containing category-level structural and shape features.

B. Autoencoder-decoder for Category-level Shape and
Structure Priors

In this section, we introduce autoencoder-decoder, which
is used to extract and generate shape and structure priors
for category-level objects. Although there are differences in
color, texture and shape among different objects of the same
category, objects of the same category have similar structural
information. For example, mugs usually consists of a con-
tainer with a cylindrical structure and a handle with a ring
structure; cameras usually consists of a body with a cuboid
structure and a lens with a cylindrical structure. These cate-

gorical features provide important prior knowledge for model
reconstruction of new instance objects. Existing research
shows that 3D graph convolutional networks (3DGCN) can
effectively extract key structural information of objects in
the image, which is helpful to extract feature invariant
structure from category-level objects with similar structures
but different shapes. Therefore, we design an autoencoder-
decoder based on 3DGCN and PCN to extract shape features
and structural features of category-level objects, providing
prior 3D model knowledge for unseen objects of the same
category.

The autoencoder-decoder is trained with all available ob-
ject models, then the autoencoder extracts the shape features
and structural features of each object category, and finally
these features are fed into the autodecoder to generate a
priori 3D model of the structure and shape of each category.
Specifically, given a set of 3D point cloud models aligned in
NOCS space M =

{
M i

c |1, 2, 3 · · · , N ; c = 1, 2, 3 · · · , C
}

,
where M i

c is from 3D point cloud model for instance i
of category c. The autoencoder Φ takes the point cloud
and outputs a set of vectors containing shape and structural
features, i.e. zic, and the decoder Ψ takes this set of feature
vectors and outputs a reconstructed 3D model M̂ i

c containing
category-level shape and structural features:

M̂ i
c = Ψ

(
Φ(M i

c)
)

= Ψ(zic). (1)

Due to the inter-class differences between different cate-
gory of objects, during the training process of the autoen-
coder, the structural features of the objects will form clusters
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in a low-dimensional space. As shown in Fig. 2, objects
of different categories form different clusters. Then these
features are fed into the autodecoder, and prior 3D models
containing category-level shape and structure features are
output.

C. GSNet for 3D Model Reconstruction

After obtaining the segmented object and the prior 3D
model, we denote the segmented object instance as (V, I),
where V ∈ RNv×3 represents the objects’s point clouds
and I ∈ RH×W×3 represents the object’s image patchs.
Nv represents the number of point clouds. The 3D prior
model containing shape and structural features is denoted
by Mc ∈ RNc×3, where Nc is the number of points in
Mc. We input V, I and Mc into the GSNet, and output
the 3D reconstruction model M of the instance object and
the corresponding matrix A ∈ RNv×Nc . Through the corre-
spondence matrix A, we can establish the correspondence
between the point cloud of the observed instance object
and the corresponding point in the 3D model, and convert
the corresponding point in the 3D model to the point in
the NOCS space. As shown in Fig. 1, GSNet consists of
four parts: (1) feature extraction from object instances; (2)
feature extraction from prior 3D models; (3) regression the
correspondence matrix A; (4) 3D model reconstruction of
the observed object.

In the process of model reconstruction, CNN and SCN
are used to extract appearance color features and rotation-
invariant features from input RGB images, respectively. At
the same time, SCN and GCN are used to extract spatial
rotation-invariant and structural features from input point
cloud and prior model, respectively. The extraction of RGB
image features and the extraction of point cloud features are
separated, and then the extracted features are input to the
multi-layer perceptron (MLP). Considering that point cloud
and color are two different modalities, we follow the feature
fusion scheme proposed by [25] to fuse RGB features and
point cloud features. In the 3D model reconstruction task,
we believe that although the observed instance object (V, I)
is partial, it provides the specific structure and shape details
of the instance object. At the same time, the prior 3D model
Mc provides a priori knowledge of the shape and structure
of this category. In order to reconstruct the 3D model of
the observed object more accurately, we share and integrate
the global features of the observed object and the global
features of the prior model Mc, which can ensure that the
reconstructed 3D model can not only contain the specific
shape and structure information of the observed object, but
also contain the structural prior information of this category.
Finally, our GSNet network outputs the corresponding matrix
A and the reconstructed 3D model M . The coordinate P
corresponding to NOCS is:

P = A×M ∈ RNv×3. (2)

D. Category-level 6D Pose and Size Estimation

The task of this paper is to estimate the 6D pose and
size of unseen objects. After obtaining the point cloud
coordinates V of the instance object and its corresponding
NOCS coordinates P , the Umeyama algorithm [21] is used
to estimate the 6D pose and size of the instance object, and
the RANSAC algorithm [22] is used for robust estimation.

E. Loss Functions

In this section, we define the loss functions used to train
our network.

Reconstruction Loss. Assume that ground-truth model
Mgt is available. In the process of training the Autoencoder-
decoder and GSNet, the reconstruction error of the 3D model
is measured by Chamfer distance:

Lcd(M
i
c ,Mgt) =

∑
x∈Mi

c

min
y∈Mgt

‖x− y‖22 +
∑

y∈Mgt

min
x∈Mi

c

‖x− y‖22 .

(3)

Correspondence Loss. A is supervised indirectly through
the NOCS coordinate P (which is a result of applying
the correspondence matrix A on the reconstructed model
M ) since the ground-truth NOCS coordinates Pgt can be
obtained easily from the object model and its 6D pose
through image rendering. The smooth L1 loss function is
used:

Lcorr(P, Pgt) =
1

Nv

∑
i=1,2,···n

{
5(xi − yi)

2, if |xi − yi| 6 0.1

|xi − yi| − 0.05, otherwise

(4)
where x = (x1, x2, · · · , xn) ∈ P , and y =

(y1, y2, · · · , yn) ∈ Pgt.
As for the problem of symmetric objects, we follow the

loss function proposed in [15] to supervise and train the
network.

In summary, the overall goal is the weighted sum of all
losses:

L = λ1Lcd + λ2Lcorr, (5)

and for the hyperparameters of the total loss, we set λ1 = 5.0
and λ2 = 1.0.

TABLE I
RECONSTRUCTION TYPE COMPARISON, AND THE COMPARISON IS ON

THE NOCS-REAL DATASET WITH THE CHAMFER DISTANCE METRIC

(×10−3)).

Method SPD[15] CASS[14] FSNet[16] Ours
Bottle 3.44 0.75 1.2 0.77
Bowl 1.21 0.38 0.39 0.41

Camera 8.99 0.77 0.44 0.45
Can 1.56 0.42 0.62 0.46

Laptop 2.91 3.73 2.23 1.94
Mug 1.02 0.32 0.29 0.31

Average 3.17 1.06 0.86 0.72
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TABLE II
QUANTITATIVE COMPARISONS OF DIFFERENT METHODS ON CAMERA25 AND REAL275. EVALUATIONS ARE BASED ON BOTH THE METRICS

PROPOSED IN [13] (LEFT) AND THE METRICS (RIGHT) PROPOSED IN [17].

Dataset Method mAP
IoU50 IoU75 5°,2cm 5°,5cm 10°,2cm 10°,5cm IoU75,5°,5% IoU75 ,10°,5% IoU75 ,5°,10%

CAMERA25

NOCS[13] 83.9 69.5 32.2 40.9 48.2 64.6 22.6 29.5 31.5
SPD[15] 93.2 83.1 54.3 59.0 73.3 81.5 47.5 61.5 52.2

DualPose[17] 92.4 86.4 64.7 70.7 77.2 84.7 56.2 65.1 65.1
SARNet[18] 86.8 79.0 66.7 70.9 75.3 80.3 - - -

Ours 93.5 87.6 69.1 73.7 79.8 83.5 60.4 71.2 71.9

REAL275

NOCS[13] 78.0 30.1 7.2 10.0 13.8 25.2 2.4 3.5 7.1
CASS[14] 77.7 - - 23.5 - 58.0 - - -
SPD[15] 77.3 53.2 19.3 21.4 43.2 54.1 8.6 17.2 15.0

FSNet[16] 92.2 63.5 - 28.2 - 60.8 - - -
DualPose[17] 79.8 62.2 29.3 35.9 50.0 66.8 11.2 17.2 24.8
SARNet[18] 79.3 62,4 31,6 42,3 50.3 68.3 - - -

Ours 85.2 63.3 34.7 45.1 52.2 67.5 15.6 22.3 28.7

IV. EXPERIMENTS

Our method is compared with the state-of-the-art (SOTA)
methods on two challenging category-level 6D object pose
estimation datasets. At the same time, in order to evaluate
the robustness and effectiveness of our method in robotic
grasping tasks, we deploy our method on a real robotic
platform for grasping tasks.

A. Datasets
Category-level Dateset. NOCS dataset [13] contains two

parts, the synthetic dataset CAMERA25 and the real dataset
REAL275. For CAMERA25, which is a synthetic dataset
generated by context-aware mixed reality methods for 6
object categories, there are a total of 300K synthetic images,
where 25K are set aside for evaluation. REAL275 is a more
challenging real-world dataset with clutter, occlusion, and
various lighting conditions, with a total of 7.05K real images,
where 2.75K are set aside for evaluation.

B. Evaluation Metrics
The evaluation is divided into two parts: 3D object de-

tection and 6D pose estimation. To evaluate 3D detection
and object dimension estimation, we compute the average
precision of 3D intersection over union (IoU) with thresholds
of 50% and 75% for 3D object detection. For 6D pose
estimation, we compute the average precision of object
instances for which the error is less than m cm for translation
and n° for rotation. Here we choose threshold values of 5°,
10°, 2cm and 5cm ,respectively. Finally, to evaluate pose and
size simultaneously, we follow the method of [17] to evaluate
the proposed method.

C. Evaluation of Reconstruction
3D point cloud model reconstruction has a close rela-

tionship with 6D pose and size estimation performance. We
compute the Chamfer Distance of the reconstructed 3D point
cloud model with the ground truth 3D point cloud model and
compared it with other reconstruction types used by other
methods. It can be seen from Table I that the average error
of 3D model reconstruction using our method is 0.72, which
is 72.3%, 32.1% and 16.3% lower than SPD [15], CASS
[14] and FSNet [16], respectively. It shows that 3D models
of objects can be more accurately reconstructed using our
method.

TABLE III
ABLATION STUDIES ON NOCS-REAL DATASET. WE USE TWO

DIFFERENT METRICS TO MEASURE PERFORMANCE. 3DGCN MEANS THE

3D GRAPH CONVOLUTION, SPH MEANS SPHERICAL CONVOLUTION AND

3DP MEANS 3D PRIOR MODEL.

Method GCN SCN 3DP 5°,5cm IoU75,5°,10%
Scheme 1 × × × 30.2 17.5
Scheme 2 × X × 33.6 18.8
Scheme 3 X × × 34.5 20.2
Scheme 4 × × X 38.9 22.8
Scheme 5 × X X 42.7 25.3
Scheme 6 X × X 43.3 26.5

Ours X X X 45.1 28.7

D. Comparison with the SOTA methods

Compare our proposed method with existing SOTA meth-
ods on the CAMERA25 and REAL275 [13] datasets. The
quantitative results in Table II show the superiority of
our proposed method on both datasets, especially for high
accuracy metrics. Specifically, in terms of 6D pose mea-
sures metrics 5° 2cm, 5° 5cm and 10° 2cm, our method
outperforms SOTA methods on the dataset CAMERA25
and the dataset REAL275. In addition, we evaluate our
algorithm with the evaluation scheme proposed by DualPose
[17]. In terms of 6D pose measures metrics IoU75 5°5%,
IoU75 10°5% and IoU75 5°10%, our method outperforms
SOTA methods on the dataset CAMERA25 and the dataset
REAL125. Experiments show that our method can effectively
estimate the pose and size of category-level objects.

E. Ablation Study

In this section, in order to verify the impact of 3D
priori model, 3D graph convolution network (GCN) and
spherical convolution network (SCN) on the performance
of our method. We conduct ablation experiments with or
without 3D prior model, GCN and SCN. The ablation
experiments are performed on the NOCS-REAL275 dataset
and the results are shown in Table III. By comparing
Scheme 1 and Scheme 4, we find that using 3D prior mod-
els can effectively improve the performance of 6D pose
estimation. Comparing Scheme 1 and Scheme 2, Scheme 1
and Scheme 3 respectively, it can be found that GCN and
SCN can improve the performance of the network. The
best performance is achieved when using 3D priors, GCN
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Fig. 3. Visualization results of our method on CAMERA25[13] and REAL275[13] datasets.

Fig. 4. The real experimental platform; (a) the UR5 robot platform; (b)
the estimated results given by our algorithm in the real environment; (c) the
UR5 robot grasps the object by the algorithm; (d) the UR5 robot lifts the
object.

and SCN simultaneously. Overall, the proposed method can
significantly improve the performance of the network.

F. Robotic Grasping Experiment

In order to verify the effectiveness of our proposed
method, we build a robotic platform. As shown in Fig. 4(a),
the robotic platform consists of a Universal Robot 5 (UR5)
robotic arm, a RealSense 415 camera, a Robotiq 85 gripper,
and a computer configured with an Intel i5 3.7 GHz CPU
and a GTX 1080 Ti GPU.

It is well known that robotic grasping is a systematic
task, so there are many factors affecting robot grasping,
such as suitable motion planning, robot control, and 6D
pose estimation algorithms. We use Moveit in the robotic
operating system (ROS) to control the motion of the UR5
robotic arm. Based on inverse kinematics, the robotic arm
can grasp and manipulate objects according to the 6D pose
predicted by the algorithm. Regarding the path planning
of grasping, after obtaining the 6D pose of the object, the
robotic arm first reaches 0.15 meters above the object, and
then approaches the object until it reaches the final grasping
pose, grasping and lifting the object. Fig. 4 (b) shows the
6D pose and size estimation results of our algorithm. Three
key processes are involved in grasping an object: estimating
the 6D pose and size of the object, then grasping or holding

TABLE IV
THE GRASPING SUCCESS RATE (%) OF THE UR5 IN THE REAL

ENVIRONMENT.

Method NOCS[13] SPD[15] DualPose[17] Ours
Bottle 60.2 69.4 83.4 88.6
Bowl 53.6 63.2 77.6 84.6
Mug 58.2 66.8 79.4 85.8

Average 57.3 66.5 80.1 86.3
Variance 7.6 6.5 5.9 2.8

Standard Deviation 2.8 2.5 2.4 1.7

the object, and finally lifting the object. Seven objects are
selected as the grasp targets, including 2 cups, 3 bottles and
2 bowls. Since our proposed 6D pose estimation algorithm is
used to assist the robotic arm in grasping objects, we evaluate
the algorithm by considering the success rate of the robotic
arm in grasping objects. We deployed different methods
on the robotic arm platform for grasping experiments, and
each group of experiments performed 500 grasping tasks.The
experimental results are shown in Table IV. Our method
has an average success rate of 86.3% in grasping different
objects with a variance of 2.8 and a standard deviation of 1.7.
Compared with other STOA methods, such as NOCS [13],
SPD[15] and DualPose [17], our method has higher average
precision, smaller variance and standard deviation, and more
stable performance.

V. CONCLUSION

In this paper, we propose a approach for category-level 6D
pose estimation. First, we designed an autoencoder-decode to
learn and extract the structural features and shape features
of category-level objects, and then generated a 3D model
containing structural priors, which solved the problem of
shape and structure differences between different classes of
objects. Then, we propose the GSNet, which can perform 3D
model reconstruction of instance objects, so that it can solve
the problem that no 3D models are available for category-
level objects. Finally, 6D pose estimation and size estimation
are performed by Umeyama and RANSAC algorithm. We
evaluate the proposed method on benchmark datasets, and
experimental results show that our method achieves STOA
performance in category-level pose estimation. Furthermore,
we deploy the proposed method on the UR5 robot platform
for grasping experiments, which verify the practicability of
our method in practical robotic applications.
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