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Abstract—Adapting to various terrains and improving
locomotion performance have always been challenging for
legged robots. Inspired by the animal somatosensory sys-
tem in walking and balancing, the robot can benefit from
the foot sensors as well when interacting with the terrain
and gain better performance. In this article, we propose a
visuo-tactile foot sensor with embedded markers, named
TacTID, for legged robot terrain identification. By introducing
elastic embedded markers on an elastic hemispherical shell,
TacTID could detect 3-D pressure distribution directly, based
on which the terrain coefficient of sliding friction (COSF)
and terrain effective stiffness can be estimated precisely. The
results of the COSF prediction experiment demonstrate that
TacTID exhibits an average error of 0.036, which is notably
lower than that of TacTip. For the effective stiffness estimation experiment, TacTID is tested on ten silicone cubes with
different Young’s moduli, and the absolute average estimation error is less than 0.1 MPa. Besides, a quadruped robot is
equipped with TacTID for real-time terrain identification, and the possibility to estimate COSF and the terrain effective
stiffness in various terrains is demonstrated. This research highlights the potential of TacTID for robotic applications
requiring precise contact force and terrain identification in real-time.
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I. INTRODUCTION

LEGGED robots have attracted increasing interest in recent
years due to their ability to traverse rough terrain and

perform various tasks such as search and rescue, exploration,
and military operations [1], [2]. Some terrain information, such
as friction, stiffness, slope, and irregular obstacle, affect the
legged robot’s mobility performance. However, the traditional
vision-based terrain identifications rely heavily on the light
condition and are limited in the field of view [3], which
hardly captures accurate terrain information, especially under
scenarios with unstructured terrains. Consequently, in practice,
a good terrain sensing and adaptation system is desired for
legged robots.

To enhance their adaptability to unstructured terrain, it is
crucial for legged robots to improve their perception of
ground information. This enhancement facilitates their ability
to navigate and operate effectively in diverse and unpredictable
environments. Some previous works improved the tactile sen-
sor’s ability to detect changes in the terrain properties by
equipping legged robots with foot tactile sensors [4], [5], [6].
Optical sensors are commonly used in high-precision and high-
resolution sensing scenarios due to their high sensitivity and
low cost [7], [8]. However, the resolution of most sensors in
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these previous works still cannot provide sufficient information
for sensing complex terrains [9], [10], [11], [12].

Thanks to the powerful computer vision algorithms, the
visuo-tactile sensors have emerged as effective tactile sensing
solutions of high resolution and accuracy [13], [14], [15].
A visuo-tactile sensor called TacTip [16], [17] owns impressive
capabilities in detecting contact pressure and approximating
3-D geometry of a touched surface by analyzing the deforma-
tion of markers inside the sensor. Cramphorn et al. [18] first
used the Voronoi diagram tessellation algorithm to infer the
normal and tangential pressure directly with TacTip, but the
algorithm complexity is O(nlogn) with optimization [19] and
not time-efficient. To explore the importance of tactile sensing
on robot stabilizing on different terrains, Zhang et al. [20]
proposed a foot visuo-tactile sensing system that augments
a tailored single-legged robot. They used an optical flow
algorithm and convolutional neural networks to detect marker
displacements and use real-time feedback control to achieve
stabilization. Stone et al. [21] equipped a quadruped robot
with a single TacFoot sensor, and the sensor enabled the
robot to walk along a narrow beam by detecting the beam’s
edges. However, a notable limitation of the aforementioned
these two works is their suboptimal real-time performance.
Zhang et al. [20] showed that the angular velocity of the
single-legged robot is less than 1◦/s. Similarly, with the single
TacFoot sensing system [21], the quadruped movement speed
was less than 0.03 m/s, with only one quadruped foot replaced
with a TacFoot sensor.

Since the friction and effective stiffness are significant
terrain properties affecting the legged robot’s mobility per-
formance and sensing these properties in real-time is still
a challenge, this article proposes a visuo-tactile foot sensor
named TacTID, designed to aid legged robots in real-time
terrain identification by estimating the coefficient of slid-
ing friction (COSF) and effective stiffness of the terrain
(Fig. 1). With TacTID sensing the 3-D pressure distribution,
COSF of the terrain can be predicted by estimating the
linear boundary of the friction cone [22], and the terrain
effective stiffness can also be determined by predicting the
contact area radius according to the Hertzian contact the-
ory [23]. Effective stiffness directly reflects the relationship
between deformation and load when two deformable bod-
ies are in contact [24], which is crucial information in the
control of robots with soft structures [25]. The experiments
conducted on a Unitree Go1 demonstrate that TacTID can
accurately learn COSF and effective stiffness information
across various surfaces, indicating the potential of vision-based
tactile sensors in enhancing the locomotion of legged
robots.

The main contributions of this work are trifold.
1) A high-performance tactile sensor called TacTID with

elastic embedded markers is designed, fabricated, and
evaluated, which can estimate the 3-D pressure distribu-
tion directly.

2) We propose terrain identification methods estimating the
COSF and effective stiffness of the terrain in real-time,
based on the data of TacTID.

3) By equipping the quadruped robot with four TacTIDs,
we demonstrate real-time terrain identification across

Fig. 1. Schematic illustration of TacTID mounted on quadruped’s feet.
(a) Unitree Go1 equipped with four TacTIDs. (b) Outside view of TacTID.
(c) Inside view of the TacTID. (d) Schematic of the TacTID contacting
with surfaces owing different effective stiffness. (e) Schematic of the
TacTID contacting with surfaces owing different COSF.

different locomotion modes, including walking and trot-
ting.

II. SYSTEM DESIGN

The proposed TacTID sensor is custom-built to replace the
foot of Unitree Go1, with details introduced as follows.

A. Tactile Sensor
1) Sensor Design: The TacTID features an elastic hemi-

spherical shell with an inner surface radius of 17.5 mm and
an outer surface radius of 22.5 mm. Different from the design
of TacTip [26], the proposed TacTID uses an elastic embedded
marker array to replace the pin array [Fig. 2(a)], which has a
greater area change ratio than the pins of TacTip and achieves
higher normal pressure sensitivity. Here, each marker has a
shape of hemispheric with a radius of 1 mm and the center
is located on the inner surface of the shell. When the outer
surface is pressed, the elastic embedded markers deform with
the whole shell. Because the area and position in the image
of each marker change during the deformation, displacements
along the z-axis can be determined by computing the area
change ratio of each marker. Meanwhile, displacements along
the x- and y-axes can be determined by tracking the centers
of markers. The inside camera is OV5693 with a size of 10 ×

10 mm, an unadjustable 1.78-mm focal length, a field of view
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Fig. 2. (a) Inside view and cross section view of the TacTID marker array. (b) Whole silicone curing process and assembling process of TacTID.
(c) Geometric model used in simulation. (d) Deformation results in simulation of both TacTID and TacTip. (e) Observed area change in all the
markers in the simulation of both TacTID and TacTip.

of 120◦, a maximum frame rate of 60 Hz, and a resolution of
640 × 480. The light board and camera are pasted on the lower
face of the adapter. The light board has dimensions of 34 ×

22 mm with a square hole of 10 × 10 mm. It has three evenly
distributed white light-emitting diodes (LEDs) that uniformly
illuminate the white markers in TacTID.

2) Sensor Fabrication: Fig. 2(b) depicts the whole fabrica-
tion process of TacTID, which features a dual-stage casting
process. In the first stage, the mixture of the silicone and
the black pigment is poured into Mold1 and then covered
by Mold2 to cast the elastic hemispherical shell. After curing
the shell, there is a pit array evenly distributed on the inner
surface of the shell. In the following stage, silicone with white
pigment is filled into the pit array and cured to form the elastic
embedded marker array, which can deform along with the
elastic hemispherical shell. The elastic hemispherical shell is
designed to mate an adapter for reliable and firm installation,
and the adapter is fabricated via polylactic acid 3-D printing,
which is used to install the sensor to the experimental platform
conveniently, and also provides mounting points for the camera
and LED light board.

3) Finite Element Simulation: The area change responses
of the markers in both TacTID and TacTip are simulated in
COMSOL to validate the design advancements. In the simula-
tion, the TacTID model has elastic embedded markers with a
Young’s modulus of 0.621 MPa, while the TacTip model has
cylindrical pin markers and has the same hemispherical shell
as TacTID. TacTID shares identical simulation parameters
with TacTip. Both the simulations use a Young’s modulus
of 8.175 MPa, a Poisson’s ratio of 0.49, and a density of
1.5 kg/m3. As shown in Fig. 2(c), the fixed constraint region
is defined as the contact location between the sensor and the
adaptor. The boundary load region is set to be a circular
area of approximately 1 cm2 on the outer surface of the
elastic hemispherical shell of TacTID or TacTip. Normal forces
ranging from 0 to 80 N are applied to an area of edge load
area on the outer surface of both the sensors, and the total
area of all the markers is observed. The simulation results,
as illustrated in Fig. 2(d) and (e), reveal that the markers on
TacTID expand significantly more than those on TacTip, thus
demonstrating that TacTID is more sensitive to normal force
compared with the traditional TacTip. When subjected to the

same load, both the inner surfaces of TacTID and TacTip
undergo tensile expansion. However, the tensile strain on the
pin markers at the top of TacTip is smaller than that at the
bottom, due to its higher Young’s modulus and smaller surface
area expansion.

B. Feature Extraction
When TacTID experiences contact from an external force,

the markers on the sensor’s surface shift and expand due to
the deformation of the elastic hemispherical shell. The main
goal of feature extraction is to detect and track these mark-
ers, calculating their displacement along the x- and y-axes
and the area change ratio. Before detecting and identifying
the markers, the image undergoes typical preprocessing with
OpenCV, including image filtering, morphological processing,
and contour detection. To track each marker contour, the
contours in an image frame are assigned indexes as the
identification, and the identification in the first frame is used as
the reference. The contours in subsequent frames are matched
to those of the reference frame using the Euclidean distance
and the Hungarian algorithm [27]. With n representing the
number of the markers, the area change ratio of the i th frame
on the j th contour area ηi = [ηi,1, ηi,2, . . . , ηi,n] is defined by

ηi, j =
ai, j − a1, j

a1, j
, 1 ≤ j ≤ n (1)

where ai, j is the j th contour area in the i th frame, and
the first frame is chosen as the reference. Similarly, the
displacements along the x- and y-axes, which are represented
as ui = [ui,1, ui,2, . . . , ui,n] and vi = [vi,1, vi,2, . . . , vi,n], are
computed. In Fig. 3(a), ui , vi , and the resultant displacement
of each marker are indicated by green, blue, and red arrows,
respectively, while ηi is visualized as the brightness of each
contour. For a denser area change ratio and displacement field,
the linear interpolation is used on ηi , ui , and vi separately
within a regular grid of size 100 × 100, and the result of
interpolated ηi is shown in Fig. 3(b). It can be seen from
Fig. 3(c) and (d) that when TacTID deforms due to a contact
force, the visualized 3-D deformation can be constructed with
the interpolated results.

To validate the effectiveness of TacTID’s feature extraction,
we measure the processing time required for this step and
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Fig. 3. Visualized feature extraction results on TacTID. (a) Displacement
and area change ratio are shown. (b) Denser area change ratio after
linear interpolation. (c) TacTID is deformed by a contact force. (d) Three-
dimensional reconstruction based on the interpolated results.

TABLE I
TIME CONSUMPTION COMPARISON

compare it to the existing methods. As shown in Table I,
our feature extraction method, which incorporates embedded
markers, exhibits the shortest processing time. Specifically, the
OF-based approach [20] uses optical flow for tracking x and
y displacements, while the Voronoi-based method [18] uses
the computation of the Voronoi diagram to ascertain normal
pressure.

C. Characterization
As shown in Fig. 4(a), a probe is connected to a three-axis

force/torque sensor (M3733C Sunrise Instruments) to monitor
the contact force, and the probe is mounted on a robot arm
with a positioning error of less than 0.1 mm. During each
characterization experiment, the robot arm carries the probe
toward the set position on TacTID at a constant speed of
10 mm/s until the contact force feedback from the force sensor
reaches the predetermined value. Once the force sensor detects
that the target force has been achieved, the robot arm stops.
Then the probe remains in place for 5 s before the robot arm
returns to its original position. The whole process is repeated
ten times for each position and force, ensuring a robust and
reliable characterization.

The normal force characterization experiment involves
selecting ten different pressing positions, ranging from 0 to
9 mm with a step of 1 mm. The Unitree Go1 in Fig. 1(a)
equipped with TacTID, an Intel NUC, and a lithium battery
has a total weight of 12.23 kg. Considering that at least two
feet are in contact with the terrain during both walking and
trotting gaits, the load on a single TacTID remains within 60 N.

Accounting for additional impact during foot–terrain contact,
the contact pressure applied on TacTID during the quadruped’s
walking falls within the range of 0–80 N. The pressing
characterization experiment is conducted using a pressure
range of 0–80 N. A similar process is conducted during
tangential force characterization, and the contact positions
also range from 1 to 9 mm, and the force range is 0–80 N.
In Fig. 4(b), the characterization results with contact force
increasing from 25 to 75 N and the distance from the center
increasing from 0 to 6 mm are illustrated. It can be seen that
the area change ratio slightly decreases as the contact position
varies at the same pressure level, while the rate increases as
the pressing force increases at the same position. Based on
the characterization results, three mappings from TacTID raw
data to mechanics quantities are established using three simple
fully connected neural networks [28], HN , HT , and Hp

FN ,i = HN (ηi ) (2)
FT,i = HT (ui , vi ) (3)

pi = Hp(ηi ) (4)

where FN ,i and FT,i are the normal and tangential forces,
respectively, and pi is the normal pressure distribution along
the z-axis.

The same characterization experiment is conducted on the
TacTip, the marker of which is a cylindrical protrusion with
a diameter and height of 1 mm. In Fig. 4(b), the area change
ratio of TacTID is about twice that of TacTip under the same
condition, indicating that TacTID is more sensitive to the
normal force. The results of the characterization experiment
on tangential force show similar sensitivities on TacTID and
TacTip [Fig. 4(c)].

III. TERRAIN IDENTIFICATION METHODS

After the characterization of normal and tangential forces,
the TacTID is then used for terrain identification. In this part,
the COSF and effective stiffness of the contact terrain are
estimated based on the extracted features.

A. Friction Coefficient Estimation Method
One difficulty is the variation in the normal force between

the foot and the terrain, which results in a varying tangen-
tial force that cannot be directly used to calculate COSF.
In addition, the necessity to differentiate between slipping
and sticking contact makes COSF estimating for quadruped
robots more challenging. Here, a statistical fitting method
based on the friction cone theory [22] is adopted to estimate
the COSF from real-time data. The normal and tangential force
output by TacTID in each frame of the image is regarded
as a sample point. By fitting the linear boundaries of sample
points output by multiple frames of images, the fit boundary
slope is considered as the COSF. By denoting a sample as
si = [FT,i , FN ,i ], the estimation process begins by collecting
a set of m samples {s1, s2, . . . , sm} from m image frames,
and all the samples are considered to locate in a friction cone
area, while the samples of sliding friction are on the friction
boundary. Because the ratio, FT,i/FN ,i , of sliding friction is
lower than that of sticking friction, samples with m′ lowest
FT,i/FN ,i are selected to eliminate the noise introduced by
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Fig. 4. (a) Characterization experiment setup. (b) Marker area change ratio of the sensors with different contact forces and contact locations.
(c) Average displacement in pixels of the sensors with different contact forces and contact locations. (d) Schematic representation of elastic
hemisphere and elastic terrain.

Fig. 5. (a) COSF estimation experimental setup. (b) Friction cone boundaries’ fitting result of both TacTID and TacTip on M6. (c) Comparison of
the COSF estimation between TacTID and TacTip.

sticking friction. The hyperparameter m′ is set empirically
as m′

= m/3. The random sample consensus (RANSAC)
method [29] is applied to further remove the effect of the
sticking friction. Subsequently, the COSF is estimated using
the least-squares method by fitting the samples located on the
friction cone boundary.

B. Effective Stiffness Estimation Method
The study of the interactions between an elastic spheri-

cal shell and an object remains incomplete [30]. Numerous
researchers have explored the elastic contact of various bodies
with a spherical object [31], [32], [33]. We characterize the
interaction between TacTID and the terrain mathematically
using the Hertzian contact theory [23], [32]. This theory
is well-established and provides a solution for scenarios in
which an elastic spherical body contacts with an elastic plane,
as illustrated in Fig. 4(d). Within the context of Hertzian
contact, the theoretical normal pressure distribution can be
computed by [33]

p̃i (x, y) = p0

(
1 −

x2
+ y2

r2
i

) 1
2

. (5)

Here, p0 corresponds to the maximum contact pressure result-
ing from the applied normal force FN ,i , and ri represents
the contact area radius in the i th image frame, which are
indicated in Fig. 4(d). Besides, x and y represent the position
with respect to the center of TacTID in the image. We also
introduce the theoretical normalized normal pressure distri-
bution as p̂i (x, y) = p̃i (x, y)/p0. To estimate the terrain
effective stiffness via the data of TacTID, FN ,i and ri should

be determined beforehand. Here, FN ,i is computed according
to (2). Based on the dense pressure distributed pi in (4), the
contact area radius ri can be estimated by optimizing the error
of estimated normal pressure distribution

ri = arg min
ri

∥∥pi − p̂i
∥∥

2 (6)

which is a convex optimization problem. Furthermore, the
relationship between normal force FN ,i and the radius of the
contact area ri can be modeled by [32]

Ei =
3RFN ,i

4r3
i

(7)

where Ei is the effective Young’s modulus of the whole system
composed of TacTID and terrain, which is related to Young’s
modulus and Poisson’s ratio of both TacTID and the terrain.
Considering that the outer radius of TacTID, R is known and
constant, the relationship is determined solely by Ei . The
effective stiffness of a material is related to its resistance
to deformation or indentation. Hence, according to (7), the
estimated effective Young’s modulus in the i th frame can be
calculated, which is a measure of the terrain effective stiffness.

IV. EXPERIMENTS

The friction coefficient estimation experiment evaluates
the performance of TacTID in estimating COSF using the
proposed COSF estimation method. The effective stiffness
estimation experiment assesses TacTID’s performance in esti-
mating terrain effective stiffness using the proposed effective
stiffness estimation method. In addition, four TacTIDs are
deployed on a quadruped robot to demonstrate the real-time
performance in estimating terrain COSF and effective stiffness.
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Fig. 6. (a) Effective stiffness estimation experimental setup. (b) Estimated contact area and theoretical normal pressure distribution. (c) Effective
Young’s modulus estimation results of TacTID and corresponding errors.

A. Friction Coefficient Estimation
The experiment aims to verify TacTID’s ability to perceive

COSF and evaluate the accuracy in sensing different surfaces
with varying COSFs. In this experiment, nine materials were
used, these were ice surface, wet acrylic, carpet, polyvinyl
chloride, wood, paper, aluminum-plastic, acrylic, and nylon,
which are denoted using M1, M2,. . . , M9, respectively. Real-
time normal and tangential forces are collected using the
three-axis force/torque sensor to calculate the ground truth of
COSFs. As shown in Fig. 5(a), the aforementioned materials
are mounted tightly on an optical platform to reduce the effect
of the relative slide between the platform and the material.
A three-axis force/torque sensor is mounted at the end of the
robot arm to assist in setting the contact force of the arm, and
TacTID is connected to the three-axis force/torque sensor.

In each trial, the robot arm drives TacTID to press the
target material along the vertical direction at the starting
position. After the pressure reaches the target value, the
normal displacement stops, and the arm moves horizontally
with an acceleration of 10 mm/s2 and a maximum speed
of 20 mm/s. The total sliding distance is 270 mm. Before
the robot arm reaches the endpoint, it decelerates at an
acceleration of −10 mm/s2 and precisely stops at the set
endpoint. During the experiment, TacTID outputs real-time
normal and tangential forces. The TacTID samples collected
on M4 of static and sliding friction differentiated by the
RANSAC method are shown in Fig. 5(b). The sliding friction
samples are fit with the least-squares method to obtain the
fitting line slope whose absolute value is regarded as COSF,
while the same experimental steps are also carried out with the
TacTip.

Figs. 2(e) and 4(b) illustrate that TacTip has lower sensi-
tivity and stability compared with TacTID in sensing normal
force, which results in significant errors when TacTip is used
for COSF estimation. As shown in Fig. 5(b), considering that
both the gray and pink points have the same number of
samples, the gray points are more widely distributed at the
boundary, forming an unclear friction cone boundary, making
the boundary fitting results unreliable. In contrast, the pink
points are more concentrated, creating a clearer friction cone
boundary, which enhances TacTID’s performance in COSF
estimation. Fig. 5(c) shows the COSF estimation results for
TacTID and TacTip during frictional movement on the surfaces
of nine materials. The maximum error for TacTID is 0.092,
significantly smaller than TacTip’s maximum absolute error of
0.39. In addition, across these nine materials, TacTID’s mean

absolute error is 0.036, substantially lower than TacTip’s mean
absolute error of 0.194.

B. Effective Stiffness Estimation
To evaluate the effective stiffness estimation performance,

TacTID is mounted on a vertical push–pull force gauge that
carries TacTID to move vertically under closed-loop control to
press ten silicone cubes of different effective Young’s moduli
[Fig. 5(a)]. For convenience, these ten silicone cubes are noted
as S1, S2,. . . , S10.1

Throughout the experiment, the force gauge vertically pro-
pels TacTID to apply force feedback to the silicone cube from
the starting point at a velocity of 10 mm/s. Once the pressure
reaches the targeted values (20, 30, 40, 50, 60, 70, and 80 N),
the force gauge stops and maintains a static position for 10 s,
after which it returns to the initial position. Each silicone cube
undergoes ten repetitions of identical presses. Fig. 6(b) depicts
the interpolated pressure distribution of TacTID upon com-
pressing silicone cubes S1, S4, S7, and S10 under a contact
force of 30 N. The cyan area is the estimated contact area
using (6) and the estimated contact area radii are indicated,
while the optimized deformation distribution is shown under
the interpolated result correspondingly. The results indicate
that as the effective Young’s modulus increases, the pressure
distribution becomes increasingly concentrated and the radius
of the contact area decreases. For silicone cubes with lower
effective stiffness levels, the deformation distribution remains
relatively uniform. According to (6), the contact area radius for
each cube is determined by minimizing the estimation error of
the pressure distribution using the gradient descent algorithm.
Subsequently, knowing the optimized contact area radius, the
effective Young’s modulus of the corresponding silicone cube
is calculated based on (7). As shown in Fig. 6(c), TacTID’s
predictions of the effective Young’s modulus exhibit significant
errors in the S8–S10 range. This occurs because when TacTID
contacts harder objects, the contact force distribution becomes
more concentrated, resulting in a smaller contact area predicted
by the Hertzian theory and hence a smaller predicted contact
area radius by (6), leading to higher relative errors for higher
stiffness. In addition, TacTID also shows significant errors on
S1 with relatively lower stiffness. The contact area predicted
by the Hertzian theory exceeds the range of markers when
TacTID is contacted with objects of lower stiffness, and

1The corresponding effective Young’s moduli are 0.621, 0.779, 1.391,
1.787, 2.135, 2.772, 3.322, 4.322, 5.067, and 5.379 MPa, respectively.
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Fig. 7. Quadruped robot equipped with four TacTIDs. (a) Experimental setup and the workflow of the terrain identification on the quadruped robot
with four TacTIDs. (b) Real-time COSF prediction results on three different terrains. (c) Real-time effective stiffness estimation results on three
different terrains.

significant errors in the predicted contact area radius can occur.
Overall, TacTID maintains a high stability with an average
absolute error of 0.093.

C. Real-Time Quadruped Robot Implementation
To implement real-time terrain analysis on a quadruped,

four TacTIDs are equipped to the feet of a Unitree Go1 robot
and connected to an onboard Intel NUC (i7-1165G7 2.8-GHz
CPU). As depicted in Fig. 7(a), the TacTIDs and NUC are
powered by an onboard battery. This study aims to predict the
COSF and effective stiffness of different terrains in real-time
using the data captured from the TacTIDs. The raw output data
from each TacTID are captured and processed in a separate
thread to compute the normal force FN ,i , tangential force FT,i ,
and the pressure distribution pi of each foot. With the aid of
embedded markers and efficient feature extraction algorithms,
each thread runs at a speed of 30 Hz. Thread 5 is used to
collect the extracted features from all TacTIDs and calculate
the terrain COSF and effective stiffness. During real-time
COSF prediction, the friction is treated as the absolute value
of the tangential force.

In the experimental results shown in Fig. 7(b), the terrains
contacted by the four TacTIDs are considered the same, and all
the samples are visualized together. Given that a larger portion
of the data corresponds to scenarios with static friction forces
rather than the sensor sliding on the robot arm, we decrease the
value of m′ to improve the fitting performance of the friction
cone boundary. The final result of the COSF prediction is
computed upon the sample set from all TacTIDs. Meanwhile,
the quadruped robot is controlled, walking and trotting on three
different terrains denoted as Terrains A, B, and C with COSF
of 0.52, 0.98, and 1.30, respectively. Every time when there
are new samples incoming, the predicted COSF is computed
in real-time. Fig. 7(b) shows the prediction results of the
three terrains. The average COSF prediction error of the three
terrains is 0.06, and the lowest error is around 0.03 among
these three terrains. A larger estimation error is observed in
COSF estimation for rougher terrain, primarily due to the
limited availability of data points around the friction cone. This
limitation reduces the effectiveness of the estimation process.

For the effective stiffness prediction process, when the
quadruped robot walks and trots on a terrain, Thread 5 acquires
real-time pressure distribution and normal force, as depicted
in Fig. 7(a). Data originating from a foot that is either

suspended or inadequately in contact with the terrain are
deemed unreliable, necessitating the exclusion of such data
at the commencement of each analysis. Given that the normal
force tends toward 0 during suspension or insufficient contact,
data where the normal force falls below a predefined threshold
are disregarded. After the elimination of invalid data from
multiple threads, the effective Young’s modulus corresponding
to each thread is computed individually. The effective stiffness
is computed as the maximum of the effective Young’s moduli
of all valid data to avoid interference from dangling feet.
In Fig. 7(c), a selected interval of the real-time predicted
effective Young’s modulus is visualized and compared with
the ground truth. When the quadruped robot walks and trots
on three different terrains denoted as Terrains D, E, and F with
the effective Young’s modulus of 0.6, 2.3, and 5.0 MPa, the
average errors on the three terrains are less than 0.15 MPa.
The prediction performs better in the walking state than the
trotting state, which indicates the TacTID has higher accuracy
with a lower velocity. The sharp transition of each real-time
prediction typically occurs during the beginnings of the contact
and detachment between the quadruped robot feet and the
terrain. In this period, the contact between the feet and the
terrain is unstable, resulting in larger prediction errors.

V. CONCLUSION

In this article, TacTID, a tactile sensor designed for
high-resolution 3-D pressure distribution sensing on contact
surfaces, is introduced. The elastic embedded marker array,
with its significant area change, allows for direct inference
of normal pressure. Experiments and simulations have shown
that TacTID has higher normal pressure sensitivity compared
with the conventional tactile sensor, TacTip. A standardized
manufacturing process for TacTID has been proposed, ensur-
ing its high repeatability. In addition, methods for terrain
COSF estimation and effective stiffness prediction have been
developed. The 3-D pressure distribution is used to accurately
determine COSF in real-time through friction cone boundary
fitting, while the effective stiffness estimation method uses the
Hertzian theory to model the contact and fit the pressure distri-
bution, estimating the contact effective Young’s modulus with
high accuracy. TacTID’s potential applications for quadruped
robots in terrain identification are also demonstrated. By equip-
ping four TacTIDs on the feet of a quadruped robot, the friction
and effective stiffness of different terrains can be predicted in
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real-time. TacTID’s sensing capabilities are primarily enabled
by the elastic hemispherical shell and the embedded markers
on its inner surface. By redesigning the adapter and adjusting
the thickness of the elastic hemispherical shell, TacTID can
be equipped and used on other legged robots. Given TacTID’s
high repeatability, it will also be deployed on other legged
robots to demonstrate its compatibility and explore its potential
on various legged robots, such as humanoid robots. In the
future, the estimated COSF and stiffness information will be
used to optimize the control policy of legged robots for more
stable mobility on complex terrains. Overall, TacTID offers
a promising solution for real-time tactile sensing and has
potential applications in various fields, such as robotic sensing
and human–machine interaction.
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