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a b s t r a c t

Tactile sensing enables high-precision 3D shape perception when vision is limited. However, tactile-
based shape reconstruction remains a challenging problem. In this paper, a novel visuotactile sensor,
GelStereo Palm 2.0, is proposed to better capture 3D contact geometry. Leveraging the dense tactile
point cloud captured by GelStereo Palm 2.0, an active shape reconstruction pipeline is presented
to achieve accurate and efficient 3D shape reconstruction on irregular surfaces. GelStereo Palm 2.0
achieves a spatial resolution of 1.5 mm and a reconstruction accuracy of 0.3 mm. The accuracy of the
proposed active shape reconstruction pipeline reaches 2.3 mm within 18 explorations. The proposed
method has potential applications in the shape reconstruction of transparent or underwater objects.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The 3D shape of objects provides rich information for robots to
ecognize and manipulate their surroundings [1]. Vision is often
sed to sense global 3D shapes [2]. However, it is prone to failing
n some cases, such as bad illumination, reflection, and occlusion.
actile sensing can alleviate these problems greatly and provide
ore accurate 3D shape information [3]. Compared to vision, the
ense of touch is local. A robot has to touch multiple locations
f an object to estimate its overall shape. Some early studies
se dense sampling methods to recover object shape, which are
ostly and inefficient [4,5]. To improve the utilization of tactile
nformation, researchers use Gaussian processes (GPs) to regress
bject shape with less tactile observations [6,7]. However, the
xploration positions are randomly chosen, which may lead to
nefficient sampling. To realize faster and more accurate 3D shape
econstruction, researchers extract surface uncertainty from GPs
o generate exploration strategies [8,9].

Tactile sensors have made rapid progress in the last decade.
arly tactile sensing arrays have low spatial resolution, which are
ifficult to measure local contact details [10]. Recently, visuo-
actile sensors have gained popularity due to their high spatial
esolution [11]. The GelSight sensor is able to reconstruct detailed
D contact geometry [12]. Currently methods for tactile-based
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3D shape reconstruction mainly utilize tactile arrays and planar
GelSight sensors to collect contact points, which have significant
limitations. In [8,9], the tactile finger only provide one tactile
point each exploration. Although Wang et al. [13] and Suresh
et al. [14] use GelSight to obtain dense tactile point clouds, the flat
contact surface of GelSight makes it difficult to perceive surfaces
with large curvatures.

Recently, GelStereo Palm sensor is designed to have a curved
contact surface [15]. Compared to the flat sensors, the curved
GelStereo Palm perceives contact patches in a wider range of
orientations, which is critical for robots to sense the details of
surfaces. Furthermore, the binocular stereo vision system used
in GelStereo Palm allows for a simpler and more stable sensor
structure than GelSight-type sensors, as well as the ability to
reconstruct more accurate 3D tactile point clouds. Since the pre-
vious sensor structures in [15,16] have small contact depth, in
this paper, GelStereo Palm 2.0 is introduced, which has a larger
contact depth. Meanwhile, a refractive calibration method and
a contact saliency detection algorithm are proposed to achieve
high-precision 3D tactile sensing. Furthermore, an active shape
exploration pipeline based on the dense tactile point cloud is
presented to realize efficient 3D shape reconstruction on com-
plicated surfaces. Fig. 1 illustrates the active exploration process
on a fox mask using GelStereo Palm 2.0. The main contributions
are:

• A new version of the GelStereo Palm with a larger deforma-
tion range is proposed.

• A refractive calibration method and a contact saliency detec-

ion algorithm are presented to realize robust tactile sensing.
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Fig. 1. GelStereo Palm 2.0 is mounted as an end-effector of an UR3 robot arm
to sense a fox mask on a tabletop. Each contact provides a high-precision local
3D tactile point cloud. The mask surface is reconstructed incrementally.

Fig. 2. Schematic diagram of GelStereo Palm 2.0 sensor.

• An active shape exploration pipeline using GelStereo Palm
2.0 is proposed to achieve efficient 3D shape reconstruction.

2. Related work

2.1. Visuotactile sensors

The visuotactile sensor has gained much attention in recent
ears [11]. In general, visuotactile sensors use cameras to capture
he physical deformation of an elastomer. As one of the most rep-
esentative visuotactile sensors, GelSight first exploits the photo-
etric stereo to reconstruct detailed 3D contact geometry [12].
owever, GelSight depends on intricately designed illumination
nd imaging systems. The color distribution is influenced by the
hape of contact surface. They must design a specific illumination
tructure for sensors with different shapes. Subsequently, more
lanar visuotactile sensors have been developed [16–19]. Among
hem, the GelStereo [16] leverages binocular stereo vision system
o reconstruct 3D tactile point clouds. The system is independent
f the complex light source and the shape of the contact surface,
hich enables a simpler and more stable sensor structure. More
ecently, curved visuotactile sensors have gained popularity [15,
2

Fig. 3. Exploded diagram of the GelStereo Palm 2.0 sensor. (a) Binocular camera.
(b) Frame. (c) LEDs. (d) LED frame. (e) Support plate. (f) Support ring. (g) Gel
layer. (h) Markers. (i) Coating layer.

20–23]. However, the 3D reconstruction of contact geometry is
difficult and inaccurate. Some approaches, such as DenseTact [22],
exploit complicate data-driven methods to construct the mapping
from color to 3D shape over a curved contact surface, which
requires large dataset and high computation cost. Moreover, the
generalization of the neural networks also needs to be verified.
On the contrary, the GelStereo-type sensors rely on the simple
binocular stereo vision principle to compute the 3D tactile point
cloud analytically, which realizes fast and accurate 3D tactile
point cloud reconstruction without any dataset. Since the previ-
ous GelStereo-type structures in [15,16] have small contact depth,
in this paper, GelStereo Palm 2.0 is designed to have a larger
deformation range for more complex surfaces. Meanwhile, the
tactile sensing algorithms are updated to realize the automatic
collection of tactile data.

2.2. Tactile-based active shape reconstruction

Some early approaches use traditional tactile arrays to re-
construct the objects in a grid-searching way [4,5]. However,
the collection of tactile data is expensive. The Gaussian pro-
cesses [24] are applied to reconstruct object shape with less
tactile observations [6,7]. Yi et al. [8] creatively propose an active
shape exploration framework based on GPs. Later, Jamali et al. [9]
update the active touch strategy. However, the reconstruction
accuracy and speed are limited by the sparse tactile arrays. Re-
cently, taking advantage of GelSight, Wang et al. [13] propose a
neural network-based paradigm to perceive accurate 3D object
shape. Nevertheless, the tactile information is only a supplement
to vision. Later, Suresh et al. [14] present an incremental 3D shape
reconstruction framework with GelSight and a depth camera.
However, the exploration is passive. This paper proposes an active
shape exploration pipeline based on dense tactile point cloud,
achieving more accurate and efficient shape reconstruction on
complex surfaces.

3. GelStereo palm 2.0

3.1. Design and fabrication

As illustrated in Figs. 2 and 3, GelStereo Palm 2.0 consists of
three basic modules. A prototype of GelStereo Palm 2.0 is shown
in Fig. 5(a). The main differences between the two versions of
sensors are as follows:

• The design of the gel layer: For the previous version [15],
the thickness of the hemispherical shell-shaped gel layer is 5.5
mm, which limits the contact depth to about 3 mm. To allow the
sensor to better fit the shape of complex surfaces, the gel layer of
GelStereo Palm 2.0 is designed to be a solid silicone hemisphere

with a diameter of 65 mm, which makes the maximum contact
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Fig. 4. A comparison of the two versions of the gel layer when a finger is pressed
vertically from the top of the gel layer. The red circles show the details of the
sensor surfaces. (a) For the previous version, the gel layer changes slightly. (b)
For GelStereo Palm 2.0, there is a larger deformation to better fit the shape of
the finger.

Fig. 5. A prototype of GelStereo Palm 2.0 and the tactile information. (a) A
prototype of GelStereo Palm 2.0. (b) Tactile images of two views. (c) The
reconstructed 3D tactile point cloud.

depth up to about 10 mm. A comparison of the two versions of
the gel layer is shown in Fig. 4.

• The fabrication of markers: The markers of the previous
ersion are painted manually on the pits of the gel layer, which
s time-consuming and introduces errors to the 3D geometry
ensing. To address the problem, the markers of GelStereo Palm
.0 are transferred to the gel layer using silicone molds, which
uarantees a smooth contact surface. A comparison of sensor sur-
aces is shown in Fig. 4. The minimum distance between markers
s about 1.5 mm.

.2. Tactile sensing

.2.1. 3D tactile point cloud reconstruction
The 3D tactile point cloud reconstruction is a process that

aps the 2D positions of markers in Fig. 5(b) to the 3D point
loud in Fig. 5(c). Based on the principles of binocular stereo
ision, a Refractive Stereo Ray Tracing (RSRT) model is proposed
n [15] to realize accurate 3D tactile point cloud reconstruction
n the multi-media scenario. Specifically, the RSRT analyzes the
ropagation of rays in the binocular stereo vision system through
ifferent media. As Fig. 6(a) shows, the rays reflected from point
trace through three media (silicone, acrylic, and air) and finally
nter the left and right cameras. Given the pixel coordinates of a
arker in the left and right images, the RSRT model calculates the

ntersection of the two ray trajectories as P using the binocular
amera parameters, the refractive indices φr , and the structural
arameters of the sensor φs. The binocular camera parameters

can be obtained by Zhang’s calibration method [25]. In [15], φr
nd φs are determined based on practical measurements. How-
ver, the parameters are susceptible to environmental changes.
n this paper, we adopt the calibration method in [26] to address
he problem. The calibration of φr and φs can be considered an
ptimization problem with F as the objective function:

φr , φs = argminF (P) (1)

φr ,φs

3

Fig. 6. Schematic diagram of the RSRT model for GelStereo Palm 2.0 and
calibration process. (a) The RSRT model for GelStereo Palm 2.0. (b) Images
taken by pressing the checkerboard against the gel layer surface and the corner
detection results.

During calibration, images are taken using a checkerboard
pressed against the transparent gel layer, and the corners are
detected, as Fig. 6(b) shows. The Euclidean distance and the per-
pendicularity between corners are used to construct F . According
o the derivation of F , the specific parameters to be calibrated in
r and φs are shown in Fig. 6(a). {S} and {CL} indicate the sensor
rame and left camera frame, respectively. dxy is the distance
etween the left camera optical center and the XOY-plane of {S}.
zx, zy,

√
1 − z2x − z2y ) is the normal vector of the flat refracting

surface. µ0, µ1 and µ2 are the refractive indices of air, acrylic
nd silicone, respectively. The mean Euclidean distance error of
he markers after calibration is 0.256 mm.

.2.2. Contact saliency detection
To extract contact points from all tactile points, we first deter-

ine whether the sensor is in stable contact with the object. The
nitial position of the 3D tactile point cloud T0 ∈ RN×3 is recorded
when there is no contact. The 3D displacement of the point cloud
is computed by

Di =FL2 (T0, Ti) , i = 1, 2, 3, . . . (2)

where Di ∈ RN×3 is the 3D displacement matrix at time i. Ti ∈

RN×3 is the 3D point cloud position at time i. FL2(·) denotes the
Euclidean distance function. N is the number of points in the
tactile point cloud.

If the maximum value of Di is larger than a threshold l, a
contact event is considered to have occurred. A contact event
counter ni is calculated by

ni =

{
ni−1 + 1, if di > l and i > 0
0, if di ≤ l or i = 0 (3)

di = max (Di)

A stable contact is detected when ni is larger than a threshold
s. In practice, l and s are set to 2 mm and 10, respectively, which
are determined experimentally.

After a stable contact has occurred, an adaptive threshold-
based method is used to extract salient point cloud P ∈ RM×3:

P ⇐ T[j], if D[j] > α × d, j = 0, 1, 2, . . . ,N (4)
d = max (D)

where T[j] is the jth tactile point in the point cloud T. ⇐ denotes
putting T[j] into the salient point cloud P space. D[j] is the
displacement of the jth tactile point. N and M are the number
of points in the raw point cloud and the salient point cloud,
respectively. α is a ratio to adjust the threshold adaptively, which
is set to 0.2 practically.

The salient point cloud detection results on different objects
are illustrated in Fig. 7, which accurately reflects the object con-
tact shape.
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Fig. 7. Contact saliency detection results. (a)–(f) are detection results for different 3D-printed objects. (g)–(j) are detection results for fingers and everyday objects.
p

P

Fig. 8. Flow chart of the proposed active shape reconstruction pipeline based
on the dense tactile point cloud of GelStereo Palm 2.0.

Fig. 9. Two point clouds with overlapping areas. The green and blue points
elong to two sampled point clouds, respectively. The red points represent the
verlapping tactile points.

. Active shape reconstruction

.1. Problem formulation

To realize efficient shape reconstruction with dense tactile
oint clouds, three questions should be considered:

(1) How to extract valid information from dense point clouds?
(2) How to best represent object shapes using a finite number

of observations?
(3) How to determine the optimal exploration location?

Considering the above questions, we define active shape re-
onstruction as a regression problem by combining the data
haracteristics of the GelStereo Palm 2.0. An active shape recon-
truction pipeline is proposed in Fig. 8, which consists of three
ey modules:
4

• Point Cloud Processing: Each contact provides a high-
recision tactile point cloud in the base frame {B}:

= {pi}ni=1 , pi = (xi, yi, zi) (5)

where n is the number of points in the point cloud.
Since the point clouds are collected sequentially, the point

clouds taken in the later steps may have overlapping regions
with the existing point clouds, as Fig. 9 shows. To extract valid
information from the dense point clouds, we de-duplicate the
point clouds collected at each step.

• Shape Reconstruction: We consider the surface of an object
is represented by an explicit model:

z = f (x) = f (x, y) (6)

where (x, y, z) ∈ R3 are the Cartesian coordinates in {B}.
Gaussian processes (GPs) are a powerful supervised learning

method [24] and we adopt them to regress the explicit surface. In
Gaussian processes regression, f (x) is considered as a stochastic
process obeying a GP, which is specified by a mean function f̄ (x)
and a variance function v(x).

• Sampling Strategy Generation: The GP provides informa-
tion about the uncertainty of the regressed surface. Positions with
high uncertainty lack tactile information, which can be seen as
important areas to explore. Position with the highest uncertainty
is utilized to generate a sampling position xnext = (xnext , ynext ) for
the next step.

4.2. Point cloud de-duplication

We determine the overlapping points between point clouds
based on the distance between the tactile points. Points with
a minimum spacing less than a threshold are considered to be
overlapping points. Suppose sequentially collected point clouds
are represented by D = {Pi}

m
i=1. For each point in a new collected

point cloud Pm+1 = {pi}ni=1, the distance to its nearest point in D
can be calculated, which is given by {di}ni=1. To remove the over-
lapping tactile points, the new collected point cloud is updated
by:

Pm+1 ⇐ pi, if di > dmean (7)
i = 1, 2, . . . , n
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here ⇐ denotes putting pi into the new collected point cloud
m+1 space. The mean distance between points dmean can be cal-
ulated according to the hardware design of markers. In practice,
mean is set to 1.8 mm.

.3. Gaussian processes for active shape reconstruction

The observed point cloud dataset D = {P} consists of tactile
oints {pi}ni=1 , pi = (xi, yi, zi) = (xi, zi). Based on the observed
ata, the mean function f̄ (x) and variance function v (x) can be
erived as:

¯ (x) = kT
x

(
K + σ 2I

)−1z (8)

v (x) = k(x, x) − kT
x

(
K + σ 2I

)−1kx (9)

where k : R2
× R2

→ R is the kernel function. kx ∈ Rn is a
vector with ith entry k(x, xi). K ∈ Rn×n is a matrix with i, j-th
entry k(xi, xj). z = {zi}ni=1 ∈ Rn is a vector of observation outputs.
σ is the standard deviation of the additive Gaussian observation
noise.

The active exploration strategy is based on the method pro-
posed in [8]. The next exploration position depends on v (x),
which can represent the uncertainty of the estimated surface.
The location with the largest variance can be used as a good
exploration candidate for the next step:

xnext = argmax
x

v (x) (10)

5. Experiments: Design and setup

5.1. Experimental platform

As Fig. 1 shows, the robot and object are fixed on a horizontal
table. The GelStereo Palm 2.0 is mounted as an end-effector of
the robot arm. Two irregular objects are designed for the shape
exploration, which are wave surface and fox mask, respectively,
as Fig. 10(a) shows. The surfaces of both objects have sharp and
flat, convex and concave parts, which helps us to qualitatively
observe the reconstruction on the whole and detailed parts.

5.2. Data collection

To collect the tactile point clouds, we first define a workspace,
which covers the upper surface of an object. The workspace is
then divided into uniform grids, and the next sampling position
is selected from the grids. The grid that is nearest to the candidate
obtained from Eq. (10) is chosen as the sampling position. As
Fig. 10(b) shows, the divisions of the sampling grids for the wave
surface and the fox mask are 24 × 6 and 14 × 14, respectively.
For the test samples, the workspaces are divided into 200 × 200
to generate the estimated surface. At initialization, 4 sampling
positions are randomly generated, and the maximum number of
subsequent explorations is set to 30. Each method is repeated 5
times to obtain the average results.

During sampling, the GelStereo Palm 2.0 moves along z-axis
continuously from a safe height. When the sensor detects a stable
contact, the robot stops moving. Then the sensor is pressed down
1.5 mm to sense the local shape, and the contact tactile point
cloud is recorded. Finally, the sensor returns to the safe height
and moves along x-axis and y-axis to the next sampling position.
5

5.3. Comparison methods

We first compare our method with the existing method [8].
Moreover, ablation studies are designed to observe the impact
of each key module in the active shape reconstruction pipeline.
Finally, the effects of different densities of tactile data are com-
pared.

(1) Baseline method:
• SP: Only a single tactile point (SP) is added to each
exploration [8].
• Ours: Our method applies dense point clouds to active
shape reconstruction.

(2) Ablation studies:
• w/o PCP: The point cloud processing (PCP) module is
removed from the pipeline, which means the raw point
clouds without de-duplication are added directly to the
training dataset.
• w/o SSG: The sampling strategy generation (SSG) mod-
ule is removed from the pipeline, which means the next
sample position is randomly chosen in the workspace.

(3) Sparse tactile data:
• LSR: The raw point cloud from GelStereo Palm 2.0 is
downsampled to simulate low spatial resolution (LSR) tac-
tile data. The downsampled ratio is set to 1/4.

5.4. Evaluation method

• Chamfer distance (CD): The single directional chamfer dis-
tance [27] is used to evaluate the error between the estimated
point cloud Ses and the ground truth Sgt :

dCD
(
Ses, Sgt

)
=

1
NSes

∑
p∈Ses

min
q∈Sgt

∥p − q∥2 (11)

here the NSes is the number of points in Ses. p and q are the
oordinates of points. Sgt is sampled from the 3D model.

• Number of points: Since the higher the number of tactile
oints in the training dataset, the higher the computational cost
f Gaussian process regression. This metric reflects the computa-
ional efficiency of the methods.

.5. Implementation details

All the codes are implemented in Python 3.8 and run on a
ommon PC (Intel Core i7-11700K CPU @ 3.6 GHz, 16 cores,
nd GPU NVIDIA GeForce RTX 3060 12G). The tactile sensing
lgorithm of GelStereo Palm 2.0, the processing of point clouds,
nd the control of the UR3 robot rely on OpenCV 4.3, Open3D
.16.0, and ROS2 development packages. The calculation of GPs
epends on GPyTorch. The parameters in GPs are decided by
odel selection [24].

. Experiments: Results

.1. Qualitative visualization

We qualitatively demonstrate the shape reconstruction results
fter 20 explorations. Fig. 10(c) shows results using the dense
actile point cloud, which closely resembles the object model,
specially for the detailed texture. Fig. 10(f) illustrates the results
f the estimated surface superimposed with the object model.
here is a good reconstruction of the protruding nasal tip of the
ox mask, but the reconstruction of the tiny waves on the right
ide of the wave surface still needs to be improved, probably
ecause the Gaussian Process tends to generate smooth surfaces
nd it is difficult to recover sharp details.
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p

Fig. 10. Shape reconstruction results after 20 explorations using tactile data with different spatial resolutions. The first and second rows are about the wave surface
nd the fox mask, respectively. (a) The 3D-printed objects and sizes. (b) The sampling grids. (c) Shape reconstruction results using the dense tactile point clouds
rom GelStereo Palm 2.0. (d) Shape reconstruction results using the low spatial resolution tactile point clouds. (e) Shape reconstruction results using the single tactile
oints. (f) Results of overlaying the estimated surface reconstructed by our method with the object model.
Fig. 11. The Chamfer distance and the number of points under different numbers of explorations. The first and second rows are the results of wave surface and fox
mask, respectively. (a) Chamfer distance of SP and our method under different numbers of explorations. (b) Chamfer distance of each method in ablation studies under
different numbers of explorations. (c) Number of tactile points in the training dataset for each method in ablation studies under different numbers of explorations.
(d) Chamfer distance of LSR and our method under different numbers of explorations.
Fig. 10(d) shows results using the low spatial resolution tactile
data, which achieves an approximate reconstruction of the shape,
but is less accurate in recovering the detailed tiny wave and nasal
tip. Fig. 10(e) shows results using the single tactile point. The
overall shape is difficult to recover within 20 explorations. In
conclusion, the higher the spatial resolution of the tactile data,
the better the shape reconstruction under the same times of
explorations.

6.2. Quantitative analysis

Quantitative experimental results of each method are sum-
marized in Table 1. The curves in Fig. 11(a) compare the CD of
SP and our method. Our method achieves faster speed, whose
convergence steps are 16 on the wave surface and 18 on fox
mask. The SP takes more than 30 steps to converge. Our method
achieves higher final mean accuracy, which are 2.8 mm on wave
surface and 2.3 mm on fox mask, while the final mean accuracy of
SP is 4.2 mm and 6.1 mm. Since the tactile information obtained
from a single point is much less than that of a dense tactile point
6

cloud, SP is far worse than our method in terms of speed and
accuracy.

The curves in Fig. 11(b) compare the CD of methods in ablation
studies. The curves of our method and w/o PCP almost overlap.
The final mean accuracy of the two methods are 2.7–2.8 mm
on the wave surface and 2.3 mm on the fox mask, indicating
that removing the overlapping part of the point cloud has little
effects on reconstruction accuracy. However, the curve for w/o
SSG is almost consistently higher than the other two curves.
The final mean accuracy of w/o SSG are about 5.3 mm on the
wave surface and 2.7 mm on the fox mask, suggesting that the
random exploration is worse than active exploration in terms of
accuracy. Moreover, their convergence steps are similar, which
indicates that the PCP and SSG module have little effects on speed.
Fig. 11(c) compare the number of tactile points in the training
dataset for w/o PCP and our method. The curve of w/o PCP is
consistently higher than that of our method. The final mean num-
ber of points of w/o PCP is about 400–500 more than that of our
method, indicating that the method without removing the over-
lapping part of the point cloud is less computationally efficient.
To sum up, the SSG module improves reconstruction accuracy
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able 1
uantitative experimental results of each method.
Object Method Final mean accuracya Convergence stepsb Final mean point number

Wave surface Baseline method SP 4.294 30+ –
Ablation studies w/o PCP 2.734 17 2165.0

w/o SSG 5.268 17 –
Sparse tactile data LSR 2.583 22 –
Ours 2.781 16 1664.6

Fox mask Baseline method SP 6.042 30+ –
Ablation studies w/o PCP 2.299 18 2036.4

w/o SSG 2.678 20 –
Sparse tactile data LSR 2.282 27 –
Ours 2.325 18 1632.2

a Refers to the mean Chamfer distances after 30 explorations.
b Indicates the number of steps where the fluctuation range is less than 5% of the final mean accuracy.
and speed, and the PCP module mainly improves computational
efficiency.

Fig. 11(d) compares the CD of LSR and our method. Our
method is faster than LSR, but LSR achieves higher accuracy,
which is 2.6 mm on the wave surface and 2.3 mm on the fox
mask. However, the difference of accuracy between our method
and LSR is less than 0.2 mm. In conclusion, the improvement of
the spatial resolution of tactile data contributes to the reconstruc-
tion speed.

7. Conclusions

In this paper, we propose the GelStereo Palm 2.0 sensor and its
contact saliency detection algorithm. Moreover, an active shape
exploration pipeline is presented. Experiments are performed to
verify the accuracy and robustness of the GelStereo Palm 2.0
and the active shape exploration pipeline. The reconstruction
accuracy reaches 2.3 mm within 18 explorations on the fox mask
and 2.7 mm within 16 explorations on the wave surface, which is
much better than the baseline method. The calculation efficiency
are improved by reducing the number of points in the training
set by about 400 than the traditional method.

The main limitation of the proposed active shape reconstruc-
tion pipeline is that the reconstruction accuracy of the detailed
texture part of the object is not high enough due to the lim-
ited fitting ability of GP. Moreover, there is still much room for
improvement in exploration efficiency. In the future, we plan
to exploit deep learning-based 3D reconstruction methods to
improve the reconstruction accuracy. Furthermore, features such
as edges and local surface curvature can be extracted from the
dense point cloud of GelStereo Palm 2.0, which helps design more
efficient exploration strategy.
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