2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

TactileAR: Active Tactile Pattern Reconstruction

Bing Wu and Qian Liu*

Abstract— High-resolution (HR) contact surface information
is essential for robotic grasping and precise manipulation tasks.
However, it remains a challenge for current taxel-based sensors
to obtain HR tactile information. In this paper, we focus on
utilizing low-resolution (LR) tactile sensors to reconstruct the
localized, dense, and HR representation of contact surfaces.
In particular, we build a Gaussian triaxial tactile sensor
degradation model and propose a tactile pattern reconstruction
framework based on the Kalman filter. This framework enables
the reconstruction of 2-D HR contact surface shapes using
collected LR tactile sequences. In addition, we present an active
exploration strategy to enhance the reconstruction efficiency.
We evaluate the proposed method in real-world scenarios with
comparison to existing prior-information-based approaches.
Experimental results confirm the efficiency of the proposed ap-
proach and demonstrate satisfactory reconstructions of complex
contact surface shapes.

I. INTRODUCTION

Humans are naturally endowed with tactile hyperacuity
[1]. For example, human touch can discriminate at a spatial
resolution of ~0.3 mm in braille reading, which is finer than
the receptive field of individual touch receptors (~2 mm) in
fingertips [2]. However, for the tactile sensing in robotics, it
is still a challenging task for low-resolution (LR) taxel-based
tactile sensors to meet the demand of high-resolution (HR)
tactile data.

In this context, several approaches have been developed
to obtain HR and high-quality tactile data. One common
method is to enhance the physical spatial resolution of tactile
sensors. For example, vision-based sensors [3]-[5] employ
cameras to capture the deformation of sensor surface, which
can detect the tactile information at the fingerprint level and
provide HR tactile data [3], [4]. However, this type of sensors
tend to be bulky due to the space required by the deployment
of imaging equipment. As a result, research topics related to
the miniaturization [6], [7] and flexibility [8] of vision-based
sensors attract increasingly more attentions nowadays.

Another type of tactile sensors, known as taxel-based
sensors, consists of an array of small sensing elements
called taxels. Each taxel can measure one- or three-axis
deformation information within a specific contact area. These
sensors are available in various sizes and easier to integrate
with existing robotic systems. However, the resolution of
taxel-based sensors is generally much lower than that of
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Fig. 1: An illustration of proposed active tactile pattern reconstruction
process. The tactile sensor taps the contact surface vertically downward and
reaches a given height to collect a LR tactile pattern I{“R. The collected LR
data is used to update the St , which is defined as the 2D shape of contact
surface. In the first several taps, the sensor tends to prioritize unexplored
areas (e.g. t = 1, 2). As the number of taps ¢ increases, the sensor gradually
focuses on the contour information of the reconstructed surface (e.g. ¢t = 5).
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vision-based counterparts. Efforts [9], [10] have been made
to increase the taxel density. Nonetheless, various issues
emerge with the increase of the taxel density such as more
wire connections, lower response frequencies, and amplified
cross-talk between taxels [11], [12].

An alternative solution is to improve the resolution of
taxel-based sensors with fine designed algorithms. For ex-
ample, [2], [12]-[14] were able to enhance the localization
accuracy of the contact point when single or multiple stimuli
were applied. Given the similarities between image and
tactile data, [15], [16] proposed the tactile pattern super
resolution (SR), which leveraged the prior information and
LR tactile sequence to predict the HR tactile data. However,
this method heavily relied on high-quality training datasets
and unfortunately cannot achieve satisfactory performance
when contact surfaces were complex or had a considerable
difference from these in the training dataset.

In this paper, we propose an active tactile pattern recon-
struction framework, named TactileAR, which mimics the
human ability to predict the shape of an unknown object
through continuous touch. The TactileAR collects LR tactile
data by continuously tapping the contact surface, then recon-
structs the HR shape of the contact surface without using any
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prior information of the shape. This way, there is no need for
the TactileAR to train a neural network model in advance,
which also avoids the generalization problem of learning-
based SR models [15], [16]. In particular, the proposed tactile
pattern reconstruction framework is based on the Kalman
filter. We first introduce an explicit Gaussian tactile sensor
degradation model, which depicts the degradation of HR
tactile data into LR X-, Y-, and Z-axis observation data which
can be collected by the raw tactile sensor, then reconstructs
the 2D HR shape by using LR tactile sequences and the
position information with the Kalman filter.

Furthermore, we propose an active tapping strategy in-
spired by the human tactile exploration process to improve
the reconstruction efficiency. We discover that when facing
an unfamiliar 2-D shape, humans tend to initially determine
the position of the shape, then use their fingers for contour
tracing with detailed and continuous touch. This process
promotes the decrease of uncertainty and also presents the
importance of the contour information. Therefore, we de-
velop a task-driven active tactile exploration policy, which
a heuristic strategy considering both the contour and the
uncertainty of contact surfaces. From Fig. 1, we can observe
that the sensor tends to explore unvisited areas in the first
few taps, and gradually focuses on the contour information
of the reconstructed surface as the number of taps increases.

II. RELATE WORK

Using a limited and sparse tactile sequence to obtain
spatial features of a contact object is an important task
in robot manipulation. These spatial features are useful in
object recognition, pose estimation and dexterity manipu-
lation [17], [18]. In this context, two key components are
involved, including the effective data acquisition policy, i.e.
the tactile exploration, and how to reconstruct the object’s
spatial information from acquired tactile data, i.e. the tactile
reconstruction.

The tactile exploration generally represents the data ac-
quisition policy of tactile sensors, consisting of passive and
active exploration policies [19]. Passive exploration policies
generally generate sampling trajectories by either fixed or
randomized methods. For example, a fixed trajectory is used
in [15], [20] to explore the contact surface, which is time-
consuming and inefficient. Conventional active exploration
algorithms focus on reducing the uncertainty [21], [22] and
generally collect information about areas that have not been
explored yet, which is revealed by heuristic exploration
approaches [23] with potential efficiency improvements in
tactile exploration. [23]-[25] developed task-oriented heuris-
tic algorithms with higher efficiency compared with the con-
ventional approach. Reinforcement learning methods, em-
ploying a trained agent to generate the exploration policy,
have received increasingly high attentions [26], [27], but
unfortunately also face sim2real challenges [28].

The tactile reconstruction indicates the process of using
sensor-collected tactile data to predict or reconstruct the
shape of contact surfaces. As for vision-based tactile sensor,
[29], [30] reconstructs the dense depth information of the
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Fig. 2: An example of 3-axis LR tactile signals collected by the Xela
tactile sensor. The sensor has 4 x 4 taxels with ~20x20 mm? sensing
area (adapted from [15]).

contact surface from a single HR RGB image with image
processing techniques. [31] proposed a deep learning model
to reconstruct the full 3D shape of object via the visual
information, the tactile information and learned shape priors.
Different from HR vision-based sensors, the LR nature of
taxel-based sensors makes it necessary to execute multiple
times or fuse information from other modality (e.g., visuals)
to reconstruct the object’s spatial information. For example,
[32], [33] use visual observations to obtain a coarse 3D shape
of the object based on some assumptions, then use tactile
sensors to refine the 3D shape. [34] utilizes the Kalman filter
to build a probabilistic model of the contact point cloud, and
reconstructs a sparse 3D point cloud of the object. [35], [36]
use the Gaussian process implicit surface model to represent
the shape of object and update the model by sliding over the
surface with touch probes.

In summary, most of existing work reconstructs the global
3D spatial information of the contact object, or directly infers
the tactile properties of the object (e.g., object categories, and
texture types) from the raw data. In this paper, we focus on
the local spatial information of the contact object, and only
use the LR tactile data to reconstruct the HR (dense) shape
information of the corresponding region. We believe that this
research can be considered as a valuable reference to the field
of robot grasping and manipulation.

III. TACTILE PATTERN RECONSTRUCTION

In this section, we present the proposed reconstruction
framework which is able to obtain the HR shape of the
contact surface using LR tactile sequences. First, we establish
the tactile sensor observation formula, which is a Gaussian
degradation model. Then, based on the Kalman filter and
the observation formula, we derive the update formula for
the state (i.e., the 2D shape of the contact surface).

A. Problem Statement

The tactile sensor needs to sample the contact surface
continuously, with the number of tappings denoted as t,
resulting in a set of observed sequences [I®, I¥R ... TER]
and position information [mg, my, - -+ , m,|, as illustrated in
Fig. 1. Our objective is to reconstruct HR shape for the
sampled region with these information.

The shape of tactile sensor that we use in this paper is
square as shown in Fig.2 , but the proposed approach is
applicable to planar sensors of general shapes. Suppose the
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Fig. 3: Problem description. Suppose the LR tactile sensor has N x N
taxels with [SeMSOT x [SeMSOT genging area. Assume that a HR sensor has the
same size as the LR sensor, but with M x M taxels. The data collect by
the LR sensor can be considered as the degradation of the HR sensor. The
reconstructed area is o times larger than the sensor’s sensing area, but has
the same resolution as the HR sensor. The sensor center of the first tapping
is taken as the origin of the reconstruction system.

sensor data I%R is composed of N x N elements, with the
sensor size of [5°"S°T x [3°"5°" Consequently, the resolution
is d"® = ZL-. We postulate an HR ideal sensor data
IER, with the same size as the actual sensor, consisting
of M x M(M > N) elements, then the resolution is
dHR = lsejﬁm . We define the shape of the reconstruction area
as the system state S;, with the size [5%3%¢ = q[5°"5°T and the
resolution identical to the HR ideal sensor data, comprising
aM x aM elements. For descriptive purposes, we flatten
S; € RleM)*x1 [HR ¢ gM*x1 LR ¢ RN*x1 jnio 1D
representations.

B. Tactile Sensor Degradation Model

Assuming the contact surface is fixed and not deformable
throughout the tapping process. The state S;, i.e. the shape
of the contact surface, does not change with the sensor
movement. Therefore, the state equation of the system is

Sip1=1-S, (1)

where I is the identity matrix. Eq.]1 means that we can
seamlessly utilize the posterior of state at ¢-th as the prior
of state at ¢t + 1-th tapping.
Clip Matrix: The Z-axis HR data IEI} of the tactile sensor
can be regarded as obtained from the state S; by translation,
rotation and clipping, as illustrated in Fig.3. We define this
process as
I?,? = }-(Sn mt) )
=C,-S;
where m; is the motion parameter at the ¢-th tapping.lt
describes the position of the sensor relative to the initial pose.
In this paper, we consider the 2-D motion of the sensor, i.e.
m; = (z¢,ys,0;), where x4, y; and 6, denote the translational
offsets along the X-axis, Y-axis, and rotational offset around
the Z-axis, respectively. The clip matrix, denote as C; ,
elucidates how the state S; are transformed to the HR tactile
data TR, uniquely determined by the motion parameter m;.
Expanding Eq.2, we get

LR LR
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Fig. 4: An illustration of the degradation process from the HR tactile data
I?R to LR data I%R. The HR sensor model is an idealized representation
with smaller taxel size and smaller distances between adjacent taxels than
the actual LR sensor (adapted from [16]).
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where C}”7 is an indicator function. Cy;”’ = 1 indicates that
Si; , the j-element in Sy, is in the same location as IHF,,

the i-element in I'f, otherwise, CH = 0. We define three
symbols to represent location information v;, vi,ul € R2
Specifically, v, and v} describe the location of state S; ; and
HR I ft% in their respective coordinate system respectively,
while uf represents the location of the HR data I/ in the
state coordinate system. We need to transform the location

of HR data into the state coordinate system for comparison.

uf =R'-vi+ m : 3)
t
where R! is the rotation matrix
¢ |cosf —sinb;
R = [sin 0, cosb, ] ' @)

Eq.3 transforms the HR data I’ into the same coordinate
system as S;, enabling the comparison of location between
these two parameters. For the clipping operation, we assign
the tactile data of S; to ItHR of the same location. This way,
we have

o —ul)? 1
Ch = exp {— [Iv; — } .5
t Bc 25_0;1(\]/1)20;,]

Eq.5 can approximate the indicator function when B¢ is
small enough. In this paper, we assume Soc = le — 3.
Degradation Matrix: The LR data I"® collected by the
sensor can be perceived as HR data IM® derived through
a degradation process with Gaussian noise.

L% =D, y) + &, (6)
where €, ~ N(0,Q;), and Q; is a diagonal matrix that
describes the sensor noise. D represents the degradation
process, which describes how HR tactile data is transformed
into LR data, and also serves as the measurement model of
the sensor. In this paper, we assume that the raw X-, Y-
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and Z-axis LR tactile data are derived from the Gaussian
degradation of the corresponding HR data. The Gaussian
degradation is an explicit linear degradation description,
extensively employed in the computer vision research area
[37], where the values of the LR taxel are obtained from the
HR taxel by Gaussian weighting. Therefore, we rewrite Eq.6
with the Gaussian degradation matrix as

L =H() I+ eoy

IR _H(y,) 1% 4 e, ™

II;}} = H(’Vz) : IE? + €t
where H() is the degradation matrix, which is established
once the sensor is determined. According to Eq.7, H(y) €
RN*XM? where H®I(v) signifies the effect of the j-th
element in II'® to the i-th element in IFR.

H" () =eXp{—|V3HR_ViLRH2} ®)

gt max H®%I(y)’
where < is the degradation parameter, WhiCJh represents each
taxel’s perceptual region during the degradation process. In
this paper, we assume that each axis possesses a single
parameter describing the degradation process, denoted as
Yz»Vy» V2. For more elaborate degradation processes, indi-
vidual degradation parameter for each taxel is also feasible.
We have observed that the reconstruction performance of
the TactileAR is not highly sensitive to the degradation
parameters. Through practical experimentation, v, = 7, =
1.0,v, = 2.0 are adopted in this paper.

For the tactile pattern, the X-, Y- and Z-axis tactile data
exhibit a distinct physical relationship. When the tactile
sensor is in vertical contact with the contact surface, i.e.,
no additional tangential force is applied. The X- and Y-axis
data can be regarded as the derivative of the Z-axis data in
the X and Y direction, respectively. Hence, we have

HR _ HR _ HR
Ia:,t - VZE Izgt - Gl‘ Iz,t
HR HR HR’
Iy,t = vy Iz,t - Gy Iz,t
where V,, V, indicate the gradient operators. Since Igl}
is reshaped from a 2-D image to a 1-D vector in this
process, we express the Sobel operator in the matrix form as

G., G, € RM M o compute the gradients.

(€))

C. State Updates

We calculate the posterior probability of the state S; based
on the state equation (Eq.1), observation equations (Eq.2, 7,
9), and the prior probability. Assuming the initial state, S,
conforms to the Gaussian distribution, we have

So ~ N (ro, Xo). (10
Initializing the state probability distribution with the Gaus-
sian prior, we have

L v, —v;||?
po =0, Xo(i,j) = A eXP{—HTQJH}. (11)

Given all the observations I}E, the clip matrix Cy.; and
the degradation H(~), we can obtain based on the Bayesian

LE I3 o
Me— _axi M|t axi Ho,y|t _axi Hyyzit = Ke
t-1 [ X-axis Xt | Y-axis xylt | Z-axis xY.2| N
i, filter o filter oyt filter eyt = Bt
St-1 ~ N(Me-1,Z¢-1) St~ N(pe, Zp)

Fig. 5: An illustration of the Sequential filtering process of the Kalman
filter. The triaxial data gathered by the sensor can be considered as three
independent observations. The posterior of the previous tapping and the
X-axis LR data are used to update the posterior of the X-axis. Then, this
posterior serves as the prior for the Y-axis, resulting in a sequential state
update.

formula that

P(Stll%}?v Ci, H(V)) = nP(I%R‘Stv 1%571, Ci, H(’V))
P(St|IIf:Ft{—1v Cl:tv H(f)/))
(12)
The degradation matrix H(v) represents the intrinsic
property of the sensor, independent of state and observation
variables. Moreover, I%R 1 IIf:It{_l, I%R 1L Cqipoq, Sy AL
C;. In addition, the posterior probability of S;_; can directly
serve as the prior probability of S; as indicated in Eq.1. Thus,
Eq.12 can be simplified as

P(Si|11, Cie) = nP(L;7[Se, Co) P(Se-1 /1751, Cre-1),

13)
where P(S;_1|Ii} |, Cy.4_1) is the posterior probability of
the (t — 1)-th tapping, encompassing all information prior to
the ¢-th tapping. Its probability distribution is

P(S;1| R 1, Crym1) m N(pe—1,Ze—1). (14)

The P(IFR[S;, C;) in Eq. 13 is the likelihood probability,
which is determined by the degradation process (sensor
model) as described in Eq. (2, 7, 9). In this paper,the sensor
collects 3-axis LR tactile data at each instance as I'R =
(L5, T%, IL). We assume that the collected 3-axis data are
mutually independent, and can be regarded as the sampling
results obtained by three independent sensors simultaneously
sampling the contact surface. For this type of synchronously
collected data in a multi-sensor Kalman filter, [38] provides
a systematic description. We employ a sequential filter to
the update state, which means that the observation data will
be processed sequentially, as shown in Fig.5. Here, we only
demonstrate the update formulas for the X-axis, and those
of Y- and Z-axis can be obtained similarly.

Em\t = [(HwGth)TQ;}HxGth + E;—ll}_l

Kz\t = Em\f(HxGm)TQ;tlt ;

M|t = Pt—1 + Kwu(I,I;}} -H,G,Cypy—1)
where K, is the Kalman gain of X-axis data. This way, we

can reconstruct the tactile pattern iteratively with the above
developed Kalman filter.

5)

IV. ACTIVE TACTILE EXPLORATION POLICY

In this section, we present a heuristic active tactile ex-
ploration strategy to improve the efficiency of the proposed
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reconstruction approach. The developed strategy is motivated
by the human tactile exploration process as mentioned in
Section I, where both the contour information and the
uncertainty of the currently reconstructed contact surface are
considered for effective tactile exploration. In this research,
the state Sy, describes the shape of the contact surface, which
can be divided into four categories. (A) is probably not
a contour; (B) is probably a contour; (C) may not be a
contour; (D) may be a contour. In the next action my,,
we should focus on primarily on region of type (D), as
the information in this region will directly determine the
quality of the reconstruction. Naturally, we should reduce
the ineffective sampling in the region of type (A). This way,
we can develop a tactile exploration algorithm to effectively
enhance the reconstruction quality.

We calculate the gradient of the current state, V u,, which
reflects the contour information. The larger the gradient, the
more prominent the contour information. Consequently, we
define a gradient map G, € R(@M)*x1

Gi=(1—-e M)V +e M, (16)
where A\ is a hyper—parameger. Additionally, we define a
uncertain map U, € R(@M)"*1 to describe the uncertainty
of the state, where

1
U, = > log(27 diag(X;)) + = (17)
The variance of each variable in the covariance matrix X5;
is chosen to describe the uncertainty. Subsequently, we define
the decision map for decision-making.

D; =G0 Uy, (18)
where © denotes the corresponding elemental product. The
proposed heuristic exploration strategy is an explore-then-
exploit strategy. At ¢ = 0, the sensor conducts its initial
tapping, with D; = U,, marking as the explore phase. As ¢
increases, D, — Vu;U,. During decision-making, we take
both the current contour information and uncertainty rate into
account, denoted as the exploit phase. The hyper-parameter
A in Eq.16 can be considered as the transition rate from the
explore phase to the exploit phase, which is set to 0.7 in this
paper. The selection of A is task related, and can be obtained
generally through experiments. The next action m;; should
satisfy
(19)

max
m¢y1 €M

z c,
which indicates that the next movement should be the region
with the largest sum value enclosing D;. As a result, we
can manage an effective tactile exploration along with the

reconstruction process, as shown in Fig.1.

M = arg

V. EXPERIMENTAL RESULTS
A. System Setups

In this paper, we employ the Xela tactile sensor [39], a
commercial 3-axis Hall tactile sensor as shown in Fig.2. The
sensor has 4 x 4 elements (taxel) with ~20 x 20 mm? sensing

20 mm

||

Tactile- Ground
SRGAN MTSR-7  TactileAR-z TactileAR-xyz Truth

b‘l R O] O >

0.8926 0.8457 0.8955

P PR ER EI P

0. 6673 0. 8308 0.8235

0.5910 0.8101 0.9318 0. 9328
A N FE R S
MRk a e a ey

0.4652 0.6591 0.7719 0.8283

Fig. 6: Experimental results of predicted HR data. The 8 contact surfaces
in the bottom row are not included in the training dataset of the tactile SR
model (TactileSSRGAN [15], MTSR-7 [16]), while the 8 above are included,
but their poses are not encompassed in the training dataset. TactileAR-z
and TactileAR-zyz denote the results after tapping the surface for 20 times
using LR data in the Z-axis and XYZ-axis, respectively, with the active
exploration strategy (A = 0.7). Below the pictures are the corresponding
SSIM results.

areas and is mounted on the end effector of an Aubo-i5
robot arm from AUBO robotics. Each taxel can collect 3D
deformation information of a specific region decoupled into
X-, Y- and Z-axis. We utilize the raw sensor output data
and scale the value to [0, 1] without further calibration. The
sensor data and the applied force correspond to each other
and more precise mapping is delineated in Figs. 7-8 in [39].

During the ¢-th tapping procedure, the sensor taps the con-
tact surface vertically downward and reaches a given height
to collect a LR tactile pattern I*®and corresponding position
m,. Then the sensor returns to the initial position, waiting for
the next tapping. In the experiment, we discrete the motion of
the sensor, with the center of the sensor consistently moving
within the reconstructed region. m; € M = X' x) x O where
ny{ lsac lsac+d:r ’lstate}@i{ia’iiJr
do,---, %} The translatlon step size is dz = 0.5mm and
the rotational step size is df = 5°, which are much larger
than the motion accuracy (40.03mm) of the robot arm.
Therefore, we ignore the effect of motion errors of the robot
arm.

B. HR Tactile Data Prediction

The TactileAR is employed to predict HR data of contact
surfaces. Based on Eq.2, we can estimate the corresponding
HR data II'™® of the sensor based on the current estimated
state S; and position m;. We compare the performance of
TactileAR, which only relies on the observation data, with
existing methods relying on the prior information [15], [16]
e.g. learning-based algorithms which highly rely on pre-
design datasets. In order to present a fair comparison, we
adopt 16 contact surfaces, of which 8 contact surfaces are
included in the dataset, but their poses are not encompassed,
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Fig. 7: Reconstruction performance of the TactileAR. (a) and (b) illustrate the comparison results when contact surfaces are included or excluded in the SR
model training set, respectively. (c) indicates the performance of TactileAR with different tapping policies and input data. MTSR-x denotes collecting LR
data along a fixed trajectory for x ( <7) times, then predicts the HR data for the last tapping. Z-A = 0.7 indicates that TactileAR uses Z-axis observations

and the proposed active tapping policy with A = 0.7.
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Fig. 8: Experimental results for complex contact surface. ‘random‘ and
‘active‘ denote the sampling policy. (a), (b) and (c) represent the recon-
struction results of triaxial data for 1, 10 and 30 tappings to the contact
surface, respectively. The corresponding SSIM results are displayed below
the figures.

while 8 are excluded from the dataset, as depicted in Fig.6.
The HR data predicted by [15], [16] contains force and shape
information, and we scale the data to [0, 1] so that it can be
compared with the proposed algorithm.

The MTSR-z is proposed in [16] which is a SOTA tactile
SR model for predicting HR data of contact surfaces based
on prior knowledge. The MTSR-z collects LR data of contact
surface along a fixed trajectory for x times and then predicts
the HR data for the last tapping. It is trained using a tactile
SR dataset. The black curves in Fig. 7(a,b) show the per-
formance of the SR model for contact surfaces included and
excluded in the training dataset, respectively. We can observe
that the SR models which require the prior information only
need a small amount of observations to recover high-quality
shapes. However, their performance is limited by the dataset
used for model training, which decreases for the contact
surfaces not in the dataset.

The TactileAR only uses the observation data to recon-
struct the HR data of the contact surface, which implies that
the TactileAR does not rely on the prior information. Hence,
the TactileAR will not suffer from the generalization problem
shown in learning-based methods. We employ the proposed
exploration policy to tapping the contact surface for 20 times

and predict the corresponding HR data after each tapping.
The blue and red curves in Fig.7(a, b) show the performance.
We also evaluate the impact of using Z-axis versus XYZ-axis
observation data. With the increasing number of tappings, the
reconstruction performance of using three-axis data becomes
slightly superior to that of the single-axis case.

C. Active Reconstruction Performance

We also evaluate the performance of the TacatileAR in
the reconstruction of complex contact surface shapes. We set
a = 2,N =4, M = 40. This indicates that the TactileAR
reconstructs the shape of contact surface with 4-times bigger
than the sensor (i.e. 40 x 40 mm?), with a resolution of
80 x 80. Experimental results are illustrated in Fig.8. Here,
three exploration policies are evaluated. ‘random’ means
the sensor randomly choose a tapping position from motion
space M. ‘A = 0’ indicates that the sensor only considers
the uncertainty of the system during sampling process, which
can be considered as the pure active exploration policy,
its sampling trajectory is fixed in this paper, and does not
depend on the shape of the contact surface. In contrast, the
proposed active exploration policy combines the contour with
the uncertainty, and therefore improves the reconstruction
efficiency, as shown in Fig.7(c) and Fig.8.

VI. CONCLUSION

In this paper, we focus on reconstructing HR contact
surface shapes using LR tactile sensor through a framework
combing the Gaussian degradation model and the Kalman
filter, alongside a heuristic active exploration strategy that
considers contour and surface uncertainty. Our algorithm,
evaluated against prior-information-based methods in real-
world cases, demonstrates superior ability to reconstruct
high-quality contact surfaces from minimal LR observation
data. Furthermore, it exhibits exceptional performance in
recovering complex contact surfaces compared with the
prior-information-based algorithms.

The limitation of our method is its reliance on the premise
that objects do not deform or move during tapping, which
narrows its field of application. In the future, we plan to
refine our algorithm to lessen dependence on this assumption
and improve reconstruction efficiency by substituting tapping
with sliding.
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