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*Correspondence: Point cloud completion is a crucial task in the field of 3D imaging and is becoming
ginw@njupt.edu.cn a current research hotspot. However, traditional point cloud completion methods

T Institute of Quantum often fail to accurately restore the local details of objects due to the lack of detailed
Information and Technology, descriptions of the missing parts. This paper proposes a performance enhancement
§§3J+2igg‘ggzgcoa;zz?5 scheme for point cloud completion using tactile information. By employing a U-Net-
NanJing 210003, China based tactile feature extraction and fusion module, we enhance point cloud comple-

tion through the integration of tactile information. We validated our proposed network
on the 3DVT dataset, and the experimental results demonstrate that our method
effectively improves the performance of point cloud completion. Additionally, we
conducted simulation experiments to mimic real-world scenarios where a robotic arm
contacts objects, obtaining tactile point clouds using a mounted tactile simulator.
These tactile point clouds were then used in related point cloud completion experi-
ments, and the results were evaluated. The experimental results indicate that our
proposed method significantly enhances the performance of point cloud completion
and improves the local detail of the completed point clouds.
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1 Introduction

In order for robots to effectively interact with objects in their environment, it is essen-
tial that they possess an understanding of 3D space. Vision and touch are two impor-
tant ways for robots to perceive their surroundings. Due to the widespread availability
of low-cost lidar, depth cameras and single-photon 3D imaging, the use of 3D data in
robotics is becoming increasingly common. Our team has previously proposed a novel
multi-stage synergistic recovery network to reconstruct an accurate depth map in the
field of single-photon 3D imaging [1]. However, in a cluttered environment, due to the
inevitable occlusion between various objects, it is difficult to obtain the complete 3D
data of objects in the scene. This can make it challenging to infer intermediate processes
in downstream tasks such as robot grasping and path planning. On this issue, previous
researchers have proposed to use RGB image or RGB-D image to reconstruct the shape
of objects in 3D scenes [2, 3]. However, with the widespread use of cheap lidar and the

progress of 3D point cloud algorithms, it is a better idea to use existing machine learning
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algorithms to complete the incomplete point cloud obtained from a single view or in
the case of occlusion. Because image loses a lot of 3D information [4], and the semantic
attributes of image are usually implicit and entangled with each other, it is more difficult
to reconstruct 3D shape with detailed semantic structures represented than reconstruct-
ing objects directly from 3D point clouds.

Thanks to the establishment of large-scale point cloud data sets, the point cloud
completion methods based on deep learning have attracted more and more research-
ers’ interest [5—10]. Machine learning-based methods often lose part of the input shape
structure because they need to down-sample and encode the original point cloud. There-
fore, they will use some methods to make up for the loss of details. For example, FBNet
[11] uses a feedback-based point cloud completion network to reuse output information
through feedback connections to enhance their own feature learning. SoftPool++ [12]
proposes a novel convolution operator, which is used to learn the point cloud embed-
ding in the encoder extracts permutation-invariant features from the point cloud via a
soft-pooling of feature activations, and make it able to preserve fine-grained geometric
details. PoinTr [13] is based on the set-to-set Transformer, and builds a local attention
module in Transformer, which captures the geometric relationship in the point cloud
by using the kNN model. But due to the compression in the encoder, a typical limita-
tion of this type of architecture is that they tend to lose parts of the input shape struc-
ture. SnowflakeNet [14] stacks multiple Snowflake Point Deconvolution (SPD) modules
to generate complete shapes, allowing missing point clouds to grow in 3D space like
snowflakes. SeedFormer [15] introduces a new shape representation based on Snowflak-
eNet, called Patch Seeds, which captures the overall structure from partial inputs and
preserves local region information. Although the above machine learning-based point
cloud completion methods introduce many methods focusing on the local shape of the
point cloud, these methods still do not well capture the geometric details and structures
of local regions due to the lack of accurate local shape constraints. Here,we propose to
utilize the structural information contained in the haptic point cloud to compensate
the incomplete point cloud, and show its advantages. For example, in automated man-
ufacturing and assembly processes, robots need to accurately perceive and handle the
shapes and features of workpieces. By using tactile sensing to gather information about
the surfaces of objects and combining it with incomplete point cloud data, more precise
reconstruction of workpieces and assembly planning can be achieved, thereby improv-
ing production efficiency and product quality.

In recent years, the vision-based tactile sensor has been a hot research topic [16-19].
In the 3D shape reconstruction of the occluded objects, tactile sensor can be used to
obtain the tactile information of the occluded part and make up the disadvantages of
vision [20]. Because the vision-based tactile sensor can efficiently obtain tactile images,
most of the existing studies on 3D reconstruction based on tactile information primar-
ily rely on tactile images. Wang et al. [21] used a neural network with the ability to learn
shape priors to first predict the 3D shape of an object from a single-view color image and
then refine the shape with tactile perception. Smith et al. [20] used the GCN network
to learn visual information from an RGB picture and project it onto the visual chart.
At the same time, the tactile chart was predicted from the tactile information, and the
iterative deformation of the chart was performed to obtain the global prediction. But all
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of them acquire local information based on tactile images. Though 2D images contain
implicit 3D information, it is much more difficult to gain the shape of 3D objects than
point clouds, which inherently contain 3D spatial structure information.

This paper proposes a scheme for assisting point cloud completion using tactile point
clouds. By simulating the interaction between a robotic arm and objects, tactile informa-
tion is acquired through the DIGIT [22] sensor on the robotic arm, generating tactile
point clouds. Then, using the U-Net-based tactile feature extraction and fusion scheme
to perform the point cloud completion task by inputting both the tactile point clouds
and the incomplete point clouds. Compared to 2D tactile images, tactile point clouds
contain precise local geometric information about the object, addressing the limita-
tions of conventional machine learning networks in capturing local details. This allows
the network to better understand the scene comprehensively, enhancing the model’s
performance and generalization ability in point cloud completion tasks, and effectively
improving the local details of the completed point clouds.

2 Approach

In this section, we introduce how to generate tactile point cloud and utilize the tactile
point cloud to enhance the performance of point cloud completion.The overall frame-
work is depicted in Fig. 1.

2.1 Tactile point cloud generation

In the simulation environment, we use a robotic arm with motorized grippers and each
gripper has a DIGIT simulator for acquiring tactile images, as shown in Fig. 2. We sim-
ulate the process of obtaining the local shape information of objects. The local shape
information comes from the depth information of the contact surface provided by the
DIGIT sensor, which can impose strict constraints on the shape of the object and can
help improve the visual prediction of the 3D shape.

During the simulation of touch, we put the target object at a fixed position in front of
the robot arm, and the gripper was initially above the object. Then, we move the robot
arm and control the closing of the jaws to contact the surface of the object until the
DIGIT sensor generates touch image and depth image, as shown in Fig. 2. Then, we stop
moving the robotic arm and record the depth information H, the position coordinate
information x of the tactile sensor in space and rotation vector r.
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Fig. 1 Overall framework. The robot touches the object to acquire tactile information and generate tactile
point clouds. These tactile point clouds are then fed into a network for tactile feature extraction. The
extracted features are fused with incomplete point cloud features to enhance the point cloud completion
process using tactile information
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Fig. 2 a Object grasping; b Touch images of the tactile sensor; ¢ Depth images

To generate the tactile point cloud, we initially establish a planar point cloud P; at
the origin of the robot’s coordinate system and overlay the depth information obtained
from the sensors onto this planar point cloud. Through this process, we can get a pre-
liminary tactile point cloud P.. Then we convert the obtained unit rotation vector r into
an orthogonal rotation matrix R; and get the final tactile point cloud P; by rotating and
translating the point cloud P

Pt = Rt * Pc +x,
P, =P +H, (1)
Ry = cosOI + (1 — cosO)rrT + sinor®,

where [ is the identity matrix, r is the unit rotation vector, 6 is the modulus length of the
rotation vector, and 2 is the vector to the antisymmetric matrix operator, x is the tactile
position.

2.2 Alignment of point cloud positions

We need to align the object coordinate system, including the robot coordinate system,
and the world coordinate system to ensure that the object point cloud and the tactile
point cloud are in the same coordinate system. We assume that the world coordinate
system and robot coordinate system overlap, so we only need to align the object coordi-
nate system and robot coordinate system. We can select the three points w;, w, and w3 in
the robot coordinate system and record the positions z1, z2, and z3 of them in the object
coordinate system, and then obtain the rotation matrix R, and translation vector T, by
solving the linear equations:

Xy =R, x X; + T,

X, = [z1,22, 23], (2)
XW = [W17 WZ! W3]’
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In order to simplify the calculation process, we assume that the rotation matrix between
the object and robot coordinate system is an identity matrix and we only need the trans-
lation vector between the two coordinate systems. Placing the object at a fixed position
wo = (0.5,0,0)7 in the x-axis direction of the robot coordinate system. For a point p; on
the object coordinate system, it easily corresponds to p; in the robot coordinates system.

We just need to add a translation to it:
pj =pi +wo. (3)

We can obtain the final tactile point cloud corresponding to the actual object by the con-

version of the coordinate system, as shown in Fig. 3.

2.3 Visual and tactile feature extraction with integration and fusion
To better utilize the visual and tactile point clouds for the point cloud completion task,
we have designed a feature extraction module based on U-Net [23] and DGCNN [24],
as shown in Fig. 4. Tactile point clouds and incomplete point clouds undergo different
feature extraction processes. Inspired by the application of U-net in the fields of point
clouds and images, we employ cross layer connections to retain tactile information at
different scales, utilizing this approach for initial feature extraction. Specifically, the fea-
ture extraction of touch points is down-sampled two times by the Max-Pooling layer and
up-sampled two times by the deconvolution, and the skip connection is used at the same
stage, which ensures that the final recovered feature map incorporates more low-level
features and also enables the fusion of features of different scales point cloud features.
For incomplete point clouds, we use DGCNN network. DGCNN maintains the local
geometry by building a local neighbor map, and then refines these local point cloud fea-
tures by using EdgeConv, a process that enhances the representation of local and global
features. Through the superposition of multiple EdgeConv, DGCNN gradually expands
its receptive field, enabling it to capture complex point cloud structure and seman-
tic information more comprehensively. Many approaches exploiting vision and touch
for 3D tasks, especially in 3D reconstruction, tend to independently process visual and
tactile information. Different from previous works that generate preliminary results of
the final target and gradually refine them using tactile feedback, we prefer generating

Alignment ‘ Q
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Depth Information
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Tactile Point Cloud

Plane Point Cloud
Fig. 3 The diagram for the tactile point cloud generation from the depth information and the plan point
cloud after aligned in position
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Fig. 4 U-Net and DGCNN feature extraction with integration and fusion

fused features to integrate both tactile and visual information. This approach enables
us to comprehensively learn both the local and global features of tactile information,
allowing touch information not only to enhance the upsampling at the touch site, but
also to extrapolate its local neighborhood. Therefore, we connect the tactile point cloud
features F; € N x Cy, extracted through unet network with the incomplete point cloud
features F, € N x C, extracted through DGCNN network to obtain fusion features of
N x (C+ C).

In addition, we use multi-layer perceptron to encode the position of the tactile point
cloud and the incomplete point cloud, and then concatenate to obtain final position
encoding information of N x (C; 4+ C). By using fusion features of N x (C; + C) and
position encoding information N x (C; + C), the model allow for a more complete
understanding of point cloud data.

3 Results

In this section, we describe experiments that incorporate tactile point clouds during the
point cloud completion process. We validated the effectiveness of the proposed U-Net-
based tactile feature extraction and fusion scheme on the 3DVT (3D Visual and Touch)
dataset and provided visual results of our method. Additionally, we simulated a robotic
arm touching objects in a simulated environment to obtain tactile point clouds. Based
on the acquired tactile point clouds, we conducted experiments and provided corre-
sponding visual results. The complex models used in the simulated experiments were all
selected from the ShapeNet [25] dataset.

The 3DVT dataset differs from commonly used point cloud datasets in current point
cloud completion research, such as KITTI [26], ShapeNet, and PCN [27], as these data-
sets do not include tactile point clouds and therefore do not meet the requirements of
this study. Smith [20] provided a comprehensive dataset that includes complete point
clouds of object surfaces and multiple sets of tactile images and tactile point clouds
based on the DIGIT tactile sensor. Building on this, we constructed a new dataset,
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3DVT, to train the U-Net-based tactile feature extraction and fusion network proposed
in this paper.

The 3DVT dataset contains a total of 12,732 objects. For each object in the dataset,
there is a ground-truth point cloud with 8,192 points and 5 to 8 tactile point clouds from
different touch positions. We split the 3DVT dataset into training and testing sets in
a 4:1 ratio. Our proposed method was implemented in PyTorch and trained using the
AdamW optimizer with an initial learning rate of 0.0005 and a weight decay of 0.0005.
The training was conducted on an NVIDIA 3090 GPU.

3.1 Evaluation metric

According to some existing literature, we adopt the average chamfer distance as the eval-
uation criterion for the goodness of 3D point cloud reconstruction. Given the recon-
structed point set P and the ground-truth point set G, the chamfer distance can be
calculated as follows [27-30]:

1 1

d =—§ i - —§ ' —pl|.

0= b gélgllp gI|+|G| r;lelgllg ol (4)
pEP g€eG

L2 chamfer distance uses L2-norm to calculate the distance between two points.

3.2 Results on 3DVT

In our experiments, we conducted tests at three different scales: easy, medium, and dif-
ficult. Easy refers to an incomplete point cloud with a 25% missing ratio, medium refers
to a 50% missing ratio, and difficult refers to a 75% missing ratio.

Table 1 shows the results of PoinTr not use tactile point cloud, directly concatenat-
ing the tactile point cloud with the incomplete point cloud, and using the U-Net-based
tactile point cloud information extraction scheme. From the results in Table 1, it can be
seen that directly concatenating the tactile point cloud with the incomplete point cloud
and then feeding it into the network improves the performance compared to not using
the tactile point cloud. However, the improvement is minimal. The U-Net-based tactile
information extraction and fusion scheme significantly outperforms the direct concat-
enation of the tactile point cloud, achieving the best results when 25%, 50%, and 75% of
the point cloud is missing.

Specifically, the completion results of the experiments are shown in Fig. 5. Fig. 5a is
the real point cloud, Fig. 5b is the incomplete point cloud combined with the tactile
point cloud, Fig. 5c is the completion result of the incomplete point cloud without the
tactile point cloud. Fig. 5d shows the completion results using the U-Net-based tactile

Table 1 Experimental results on the 3DVT dataset

CD-s CD-m CD-h
PoinTr [13] 0.825 1.258 2537
Directly concatenate the tactile point cloud 0.818 1.234 2446
The U-Net-based tactile information fusion and noise scheme 0.789 1.118 2.041
The U-Net-based tactile information fusion scheme 0.742 1.072 2.014

CD-s, CD-m, and CD-h are used to represent the chamfer distance results for easy, medium, and difficult conditions. The
evaluation metric is L2 chamfer distance (x1000) (the lower the better (bold))
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(a) (b) (©) (d)
Fig. 5 Experimental results on the 3DVT dataset. a real point cloud; b incomplete point cloud with

tactile point cloud; ¢ completion results without using tactile information; d completion results using the
U-Net-based tactile information fusion scheme

Table 2 Comparison between adding a tactile point cloud and non-tactile

Touch times Sphere Wine bottle Cube Bucket
0 1.8560 3.8789 0.5328 6.1621
1 1.1009 3.8155 0.5252 5.8977

The evaluation metric is L2 chamfer distance (x1000) (the lower the better (bold))

information fusion scheme. Compared to Fig. 5¢, the U-Net-based tactile information
extraction and fusion scheme successfully learns local detail information and restores
the structure. The originally scattered local edge point cloud is reduced, the point
cloud clusters together more closely, and the edges resemble the real point cloud more
accurately.

3.3 Adding one tactile point cloud

To verify the effect of adding tactile point clouds on the point cloud completion task, we
selected various types of objects from the ShapeNet dataset. We used simulated tactile
sensors to obtain simulated tactile information in a simulated environment and gener-
ated tactile point clouds. We cropped the real point clouds of the objects into incomplete
point clouds, then sent both the incomplete point clouds and the tactile point clouds
into our network for point cloud completion. We compared the completion results
before and after adding the tactile point clouds. The specific results are shown in Table 2,
and the visualization results are shown in Fig. 6. As indicated in Table 2, adding tactile
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Fig. 6 Comparison between adding a tactile point cloud and non-tactile. a Ground Truth; b Incomplete
point cloud; ¢ Completion results corresponding to (b); d Incomplete point cloud with a tactile point cloud; e
Completion results corresponding to (d)

information improves the reconstruction results of the objects. For complex objects,
such as buckets and wine bottles, adding tactile information is especially necessary
because their shape details were not well reconstructed before adding the tactile point
clouds. With tactile assistance, the completion results better match the actual shapes.
Additionally, this also indirectly validates the accuracy of the simulated tactile point
clouds. However, for some simple objects with very regular and symmetrical geometries
(e.g., spheres, cubes), we can achieve very good completion results even without adding
tactile point clouds, so the improvement brought by adding tactile information is not
significant. Overall, considering that most practical applications involve reconstruct-
ing complex objects, adding tactile point clouds can effectively enhance the completion

results in most scenarios.

3.4 Adding multiple touch

We selected various objects and added 1, 2, and 3 tactile point clouds to the incomplete
point cloud, respectively. In Table 3, we discuss the impact of different numbers of tac-
tile points on the completion results. It can be seen that as the number of tactile points
increases, the reconstruction quality of most objects improves. In Fig. 7, we show the
reconstruction results for wine bottles, guitars, and chairs. Without adding tactile infor-
mation, the completed point clouds of these three models can depict the general shape
but lack some details. For example, the wine bottle is missing details at the top, the chair
is missing an armrest on the left side, and the point cloud on the right side of the gui-
tar is somewhat scattered. When tactile point clouds are added to the wine bottle, the
details at the top are better restored, and the originally scattered point clouds become
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Table 3 Comparison of the effects by adding different times of tactile point clouds on the complete

results

Category 0 1 2 3

Chair 34734 3.1455 26243 2.1366
Basket 2.7925 2.7378 2.4971 2.6884

Sphere 1.8560 1.1009 1.0739 1.0053
Wine bottle 3.8789 3.8155 38123 3.7968
Table lamp 8.1745 7.6285 7.5562 7.1588
Cube 0.5328 0.5252 0.5572 0.5452

Faucet 4.6039 4.1691 4.0752 3.9238
Bucket 6.1621 5.8977 5.7506 5.8957

Guitar 1.1697 1.1482 1.1020 0.9575

The evaluation metric is L2 chamfer distance (x 1000) (the lower the better (bold))
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Fig. 7 Comparison of the effect by adding different numbers of touch point clouds on completion. a Ground
Truth; b Incomplete point cloud; ¢ Completion results corresponding to (d); d Incomplete point cloud with
three tactile point clouds; e The completion result of an incomplete point cloud with a tactile point cloud; f
The completion result of an incomplete point cloud with two tactile point clouds; g The completion result of
an incomplete point cloud with three tactile point clouds

more concentrated as the number of tactile point clouds increases. After adding tactile
point clouds to the armrest of the chair, the details of the armrest are better restored,
and as more tactile point clouds are added, the edges also become clearer. For the gui-
tar, the shape at the bottom significantly improves after adding tactile point clouds, with
fewer scattered points at the edges, resulting in a clearer outline. In summary, as the
number of tactile point clouds increases, the recovered local details more closely match
the actual appearance. Additionally, when the original local point cloud is sparse and
scattered, adding tactile point clouds can make the local point cloud denser and more

convergent.

4 Conclusion

This study introduces a method to enhance point cloud completion with auxiliary tactile
data. Local point clouds of objects are generated using digital tactile sensors in a simu-
lated setting, followed by alignment with incomplete point clouds through calibration
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between robotic and world coordinate systems. A feature extraction and fusion approach
based on DGCNN and U-Net is then executed for point cloud completion, integrating
both tactile and incomplete point clouds. To assess noise impact, a controlled amount of
noise was added to the sensors. Subsequent experiments confirmed the method efficacy
in improving completion quality, with potential applications in 3D imaging. In addition,
we should declare that in this manuscript we have utilized simulation data for training
and test. However, touching an object may cause some differences to simulation in prac-
tical applications. Therefore, in our future research work, we will take it into account and
incorporate more realistic verification with our work.

Abbreviations

kNN k-Nearest neighbor

SPD  Snowflake point deconvolution
fps Farthest point sampling
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