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Look-to-Touch: A Vision-Enhanced Proximity
and Tactile Sensor for Distance and Geometry
Perception in Robotic Manipulation

Yueshi Dong, Jieji Ren
and Guoying Gu

Abstracti—Camera-based tactile sensors provide robots
with a high-performance tactile sensing approach for envi-
ronment perception and dexterous manipulation. However,
achieving comprehensive environmental perception still re-
quires cooperation with additional sensors, which makes
the system bulky and limits its adaptability to unstructured
environments. In this work, we present a vision-enhanced,
camera-based dual-modality sensor that integrates prox-
imity and tactile sensing, enabling accurate long-distance
proximity sensing while simultaneously maintaining ultra-
high-resolution texture sensing and reconstruction capa-
bilities. Unlike conventional designs with fixed opaque gel
layers, our sensor features a partially transparent sliding
window, enabling mechanical switching between tactile and
visual modes. For each sensing mode, a dynamic dis-
tance sensing model and a contact geometry reconstruc-
tion model are proposed. Through integration with soft
robotic fingers, we systematically evaluate the performance
of each mode, as well as in their synergistic operation.
Experimental results show robust distance tracking across
various speeds, nhanometer-scale roughness detection, and
submillimeter 3D texture reconstruction. The combination
of both modalities improves the robot’s efficiency in execut-
ing grasping tasks. Furthermore, the embedded mechani-
cal transmission in sensor allows for fine-grained intrahand
adjustments and precise manipulation, unlocking new ca-
pabilities for soft robotic hands.
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[. INTRODUCTION

MONG various exteroceptive modalities, tactile sensors
play a crucial role in enabling robots to perceive contact-
related information, such as pressure, surface texture, and object
geometry [1], [2], [3]. When embedded in robotic fingertips or
palms, these sensors allow robots to adapt to uncertainties in
object shape, surface friction, and contact force during manip-
ulation tasks [4]. Over the past decade, a wide variety of tactile
sensors have been developed based on diverse transduction
mechanisms, including capacitive [5], [6], piezoelectric [7], [8]
and fiber Bragg grating [9], etc. While offering high sensitivity
and resolution, their practical deployment is often hindered
by challenges, such as complex wiring, signal crosstalk, and
limited scalability, especially in soft or highly integrated robotic
systems [10], [11]. In response to these limitations, vision-based
tactile sensing (VBTS) has emerged as a promising alterna-
tive [12]. By embedding a camera within an enclosed space
and illumination of structured or directional lighting, VBTS
enables the extraction of high-fidelity tactile information on a
soft contact layer by interpreting visual changes in the contact
surface. This approach allows simultaneous acquisition of sur-
face geometry, contact force distribution, and fine textures [13],
[14], [15], [16], making VBTS one of the most widely adopted
tactile sensing methods in the field of dexterous manipulation.
While VBTS provides detailed contact information, a single
modality is often insufficient for achieving comprehensive en-
vironmental perception in robotic operations. To overcome this
limitation, robots integrate data from peripheral sensors—such
as proximity sensors and external cameras—to enhance spatial
awareness and task adaptability. Among them, capacitive [17],
[18] proximity sensors are widely used for short-range detection
and dynamic distance estimation. However, their sensing per-
formance is highly susceptible to environmental factors, such
as the refractive index and ambient light, often leading to com-
promised accuracy and stability. Cameras, on the other hand,
offer a more robust and versatile sensing modality—including
object color, contour, and depth—across a broader field of view.
Nevertheless, visual occlusion remains a critical challenge [17].
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TABLE |
COMPARISON OF REPRESENTATIVE PROXIMITY=TACTILE DUAL-MODALITY SENSORS

Related Works Mode Switching Proximity Method

Tactile Method Notes

Shimononura ef al. [22]  Passive Binocular cameras

Spectac [23] Passive MC

Finger-STS [24] Passive MC (VF) - Object detection
TIRgel [25] Passive MC (VF) - Object detection

This work Active (servo motor)  MC (VF) - (Segmentation + MDE)

Infrared TIR
UV fluorescent markers

At least three cameras
UV LED keeps ON/OFF
Optical flow (object + markers) — Task-specific training model
Visible-light TIR
RGB PS

LED-controlled brightness contrast
High-quality dual-modal sensing

Abbreviations: MC: Monocular cameras; VF: Variable focus; MDE: Monocular Depth Estimation; TIR: Total internal reflection; PS: Photometric stereo.

To mitigate this, researchers have proposed multicamera setups
with optimized placement strategies [19], [20], [21]. As a result,
such large-scale perception systems often struggle to adapt to
unstructured environments, limiting the practical deployment in
real-world robotic tasks. These challenges highlight the pressing
need for a compact, multimodal sensing framework.

Therefore, several recent studies have attempted to enhance
the perception capability of a single VBTS unit, as summarized
in Table I. These efforts aim to unify proximity and tactile
sensing within a single hardware platform to reduce system
complexity. For instance, Shimonomura et al. [22] incorpo-
rated an infrared total internal reflection (TIR) setup within a
transparent flexible contact layer, determining the sensing mode
based on the presence of infrared patterns in raw camera im-
ages, and enabled adaptive grasping with a 6-degree of freedom
(DOF) robotic arm. Wang et al. [23] introduced a design with
continuous UV lamp switching, identifying whether the sensor
was in contact with the target by comparing the movement of
marker points across each frame of the video stream. However,
both designs rely on passive mode switching triggered by con-
tact, limiting their ability to perform proactive perception in
complex environments. Hogan et al. [24] trained a network to
enable the measurement of “approaching distance” for a specific
target and effectively separated two modalities in continuous
image frames captured by the camera. While this design allows
simultaneous perception of external object depth and internal
contact force, it sacrifices detailed surface characterization due
to optical complexity. As another representative work, Zhang
et al. [25] proposed TIRgel, a vision-based tactile sensor that
leverages TIR within a transparent elastomer and achieves
modality switching via focus adjustment. However, it remains
limited by the lack of explicit distance estimation capability
and passive mode conversion based on optical parameters. The
design of the dual-mode sensor that integrates long-distance
proximity sensing and high-quality contact sensing has long
remained a persistent challenge.

In this article, we propose a vision-enhanced proximity—
tactile sensor that achieves active and unified dual-modality
perception through a mechanically driven rotatable belt mech-
anism (see Fig. 1). By incorporating a partially opaque sliding
window, it can actively extend or retract an elastic opaque layer
as needed. During tactile sensing mode, the elastic layer will
be screwed out to serve as the outermost contact interface. By
leveraging a photometric stereo (PS) algorithm [26], the detailed
contact surface geometry can be reconstructed. In the proximity
sensing mode, the exposed zoom camera captures visual data and
enables robust long-range target tracking through the

Fig. 1. Sensing modes and integrated application of the proposed sen-
sor. Left: sensor outputs and configurations under two sensing modes.
Right: integration with soft robotic fingers as a visual-tactile palm (V-T
PALM).

combination of monocular depth estimation [27] and segmen-
tation, while avoiding the need for multicamera calibration
and complex occlusion processing. By tightly integrating high-
fidelity tactile reconstruction and long-range proximity percep-
tion into a single compact module, our design offers a scalable,
efficient, and adaptable sensing solution for real-world robotic
grasping and interaction tasks.

The experimental results show an accurate distance mea-
surement across various targets under different speeds in real-
time conditions. Furthermore, it can achieve a nanometer-scale
roughness resolution and sub-millimeter texture reconstruction.
The combination of both modalities improves the efficiency of
robot in executing grasping tasks. Meanwhile, the transmission
mechanism endows the sensor with an additional DOF for in-
hand manipulation, which was experimentally validated through
a card-insertion task, demonstrating the feasibility of precise
adjustments within a soft gripper. The contributions of this work
are threefold as follows.

1) Modular Dual-Modality Sensor: A dual-modality sensing
prototype is introduced, seamlessly integrating proximity
and tactile sensing to support robotic operation scenarios.

2) High-Quality Sensing Ability: achieve long-distance
proximity perception while maintaining high-resolution
tactile texture reconstruction.

3) Fine-tuning Operation Capability: A sliding sensing win-
dow is coupled to the sensor, enabling real-time feedback
and in-grasp pose adjustment for the soft robotic hand.

[I. DESIGN AND FABRICATION

The overall design of the Visual-Tactile Palm (V-T PALM)
(see Fig. 2) can be broadly divided into two main components:
the modal switching module and the sensing module.
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Structural design of the V-T PALM sensor. (a) Assembly views in proximity and tactile modes, with annotated arrows indicating the internal

actuation sequence during bidirectional mode switching. (b) Detailed exploded view illustrating the component layout of the sensor.

A. Dual-Mode Switching Module

The rolling switching module is a key focus of this work.
Although several effective rolling plane design approaches have
been proposed [3], [28], [29], ensuring that the transmission belt
accommodates both opaque and fully transparent regions while
maintaining stable frictional transmission remains a significant
design challenge. The entire transmission mechanism consists
of two baffles, a driving roller, three passive rolling shafts, a con-
veyor belt measuring 180 x 55 mm, a 360° steering gear, and two
gears with a 1:1 transmission ratio. Most of these are fabricated
using 3-D printing (X1Carbon, Bambu Lab). The conveyor belt
is partially covered by an ink-membrane-coated elastomer layer,
which is adhered by silicone adhesive (Silpoxy, Ecoflex). The
driving shaft is coated with a 2-mm thick silicone layer (PDMS
0030) and driven by the steering gear. The adhesive friction and
intermolecular forces generated by the silicone ensure strong and
stable coupling with the belt, enabling consistent friction-based
transmission. The transition between the two modes follows a
symmetric rotational process, as shown in Fig. 2(a). Taking the
transition from the proximity mode to the tactile mode as an
example, when receiving a command: the internal servo motor
rotates clockwise (1), driving a 1:1 gear train (2-3), which in turn
rotates the driving shaft (4). The silicone coating on the driving
shaft ensures no-slip rotation of the outermost belt (5), thereby
driving the ink-membrane-covered elastomer layer into its new
position (6). The entire process takes an average of 0.78 s.

To identify the optimal transmission belt material, we con-
ducted a set of comparative experiments using polyethylene
terephthalate (PET) belts (0.1 mm, 0.2 mm, 0.3 mm) and ther-
moplastic polyurethane (TPU) belts (0.3 mm, 0.5 mm, 0.65mm).
All samples were mounted on the same sensor prototype to
20 full mode-switching cycles. Belt slippage was quantified
by measuring the cumulative deviation of a marked reference
point from its expected position. As shown in Fig. 4(a), the
0.1-mm PET belt showed the best performance with mini-
mal slippage under repeated switching cycles, and was thus
selected as the base material for the conveyor belt in this
design. In addition, a hook-and-loop fastener is installed at
the end of the strip, allowing for convenient retensioning of
the conveyor belt as needed. When the distance between the
target and the palm is detected as less than the threshold (e.g.,
10 cm), a command is executed to rotate the elastic contact
module above the camera, activating the tactile measurement
mode. Conversely, when the module is retracted, the high
transparency of the PET material ensures that the camera’s
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Fig. 3.  Measurement principle. Proximity mode captures external tar-
get images for distance sensing; tactile mode employs internal illumina-
tion to extract contact information.
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Fig. 4. Experimental validation of key design parameters for the sen-

sor system. (a) Displacement evaluation of PET and TPU belts under
repeated switching cycles. (b) Comparison of different illumination meth-
ods: the first two columns show the light intensity distribution of direct
and diffuse reflection schemes rendered in Blender; the third column
illustrates the actual illumination setup of the sensor.

ability to capture the external environment remains unaffected,
enabling the proximity measurement mode. The operating prin-
ciples of the two sensing modes are illustrated in Fig. 3. The
power supply control of the LED lamp and the steering gear’s
control signals are coordinated and transmitted by an Arduino
board (Arduino Mega 2560, Arduino SRL), following the output
commands from the algorithm running on the host computer.

B. Sensor Module

Both measurement modes share the same design foundation.
A monocular zoom camera (OV5640) with an effective viewing
angle of 120 degrees is installed inside the sensor, capturing
real-time RGB images at a resolution of 5 megapixels and a
frame rate of 30 frames per second (fps). The zoom lens features
both active and passive focusing capabilities, enabling clear
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imaging of target objects at varying distances from the camera.
On the top of the sensor is a transparent acrylic plate with a
thickness of 3 mm, which provides a reliable support strength
of 0-200 kPa for the flexible contact measurement layer of the
sensor in addition to providing a light refractive index close
to air and PET material, provides a reliable support strength
for the stable grasping task. The inner cavity of the sensor is
3-D printed by black Polylactic Acid material, which provides a
stable inner space for the optical coding of tactile information.
A strip structure embedded with RGB LED strip is designed
at the lower edge of the bottom near the three side walls so
that the plane normal vector of the lamp strip directly faces
the three sides. Referring to the principle of diffuse reflection,
we applied an even coating of white paint to the three walls.
This design enables the red, green, and blue LED point light
sources to transform into surface light sources through reflection,
thereby reducing the influence of concentrated beam refraction
between different light-transmitting materials and creating more
uniform lighting conditions for tactile imaging. Using Blender
simulations, we compared our method with the lighting effects
produced by direct point light source illumination, as shown
in Fig. 4(b). The results demonstrate that the light intensity
distribution across the lens is significantly more uniform under
the proposed illuminated solution, the effective sensing area is
also further expanded, which enhances the quality of raw sensing
image data.

[ll. METHOD

To achieve high-quality single object perception in both sens-
ing states, we proposed a distance measurement framework and a
contact texture reconstruction approach. Specifically, for prox-
imity sensing, a nonlinear mapping was established between
real-world and image-space coordinates, allowing the system to
estimate the object’s approaching distance. In tactile sensing, we
established a correlation between the geometric characteristics
of surface deformations and the internal light field distribution,
enabling high-resolution perception.

A. Nonlinear Dynamic Mapping Model of Proximity
Sensing

In the proximity sensing mode, we utilize a pretrained monoc-
ular depth estimation algorithm DepthAnythingV?2 [27] to con-
vert raw RGB images into dense, pixelwise depth maps. This
method employs a vision transformer backbone to extract a
diverse set of high-level semantic features from a single RGB
image—including texture sharpness, shading and lighting vari-
ations, and contextual semantics—rather than depending solely
on perspective scaling. Such rich representations are then de-
coded into per-pixel depth estimations by a multiscale regression
head, ensuring robust performance across objects of varying
sizes and shapes. As the model is trained without stereo or
LiDAR supervision, the predicted depth values are relative to the
camera coordinate system. Higher predicted values correspond
to regions that are closer to the camera. After target segmen-
tation, the depth value is estimated under image coordinate.
To map these estimates to real-world distances, a nonlinear
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Fig. 5. Experimental platform setup of proximity sensing. (a) Detailed
composition of the test platform. (b), (¢) Two kinds of disc steering
gear couplings with inner diameters of 5 and 35 mm, which realize the
movement of the target object at different speeds.

calibration is performed using ground-truth measurements, as
shown in Fig. 5. We let a calibration block move along the
central axis of the camera-captured area from far to near within
adistance of D € [0, 50] cm under randomly various velocities.
The setup of the platform will be detailed in Section IV. To
ensure the highest calibration accuracy, we trained a U-Net-
based mask segmentation network for the calibration blocks
to locate the target pixel regions. We constructed a synthetic
dataset consisting of red square blocks of varying sizes, posi-
tions, and brightness, overlaid on a background image captured
from the experimental platform. Each image was paired with
a binary mask, where the target region was labeled as 1 and
the background as 0, yielding 100 RGB image-mask pairs
for training. We adopted a standard U-Net with a symmetric
encoder—decoder structure. The encoder is composed of four
convolutional blocks followed by max-pooling layers to ex-
tract multiscale features. The decoder mirrors the encoder with
transposed convolutions and skip connections to progressively
recover spatial resolution and preserve fine details. The network
takes an RGB image as input and produces a single-channel
probability map representing pixelwise likelihoods of the target
region. A threshold of 0.5 is applied to convert the probability
map into a binary mask. The model was trained using binary
cross-entropy loss and the Adam optimizer with a learning rate of
1 x 1073, and converged within 10 epochs with a training loss of
0.0124.

For each group of distance measurement data, we ex-
tract video frames corresponding to the target world distance
of D = {3,5,10, 15,20, 25, 30, 35, 40, 45, 50 }cm, calculate the
predicted distance of the target with the U-NET segmenta-
tion network and the pretrained monocular depth estimation
algorithm. As shown in Fig. 6(a), the data exhibit a two-stage
distribution trend. Considering the practical application scenario
and the required imaging distance of the camera, the interval
D € [10,50] cm was used to construct the mapping model.
Within this interval, the predicted value exhibit a monotonic
increase as the target object approaches. Several inverse models
were evaluated, and the double exponential decay model was
ultimately selected as the best fit, achieving a coefficient of
determination of R> = 0.9697 and a mean squared error (MSE)
of 2.2462 [see Fig. 6(b)]. Its mathematical form is defined as

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on January 14,2026 at 05:51:42 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

DONG et al.: LOOK-TO-TOUCH: A VISION-ENHANCED PROXIMITY AND TACTILE SENSOR

—~
o
=

50 V=12em/s Groupl 501 e DataPoints
V=12cm/s Group2 == Logarithmic Fit
5 V=6cm/s Gi 1 Reciprocal Fit
E4O v:(,zm:(;zxzz =40( * Exponential Decay Fit
2 V=24cms Groupl S, " —— Double Exponential Decay Fit
§ 30 V=24cnv/s Group2 § 30
=20 =
= =
=)
2 220
10
. w0 o. 10 S
1 2 3 4 5 6 7 3.0 35 4.0 45 5.0 55 Logarithmic Reciprocal _Exponential Decay Double Exponential
Model Values Model Values Fitting Models
Fig. 6. Development of a nonlinear dynamic mapping model for proximity sensing modality. (a) Distribution of (Zing, Zworid) across different

experimental groups, all of which exhibit a similar distribution pattern. (b) Comparison of the fitting performance of different monotonic decreasing
models on the experimental data. Among them, the double exponential decay model exhibits the best fitting accuracy, with R> = 0.9697 and

RMSE = 2.2462.

follows:

Y= a.efbw +C'€7d'x

(D

where
1) y: represents the distance value Zyomq in the real-world
coordinate system;
2) x:represents the measured depth value Ziy, in the camera
coordinate system, which is equal to the mean value of
image target segmentation fiq

o Z(u,v)eﬂ D(u7 U)
jtl

M 2
where
1) Q= {(u,v) | M(u,v) # 0}: represents the coordinate
set of pixels in the nonzero region;
2) D(u,v): denotes the dense, pixelwise depth map pre-
dicted by the algorithm.

B. Geometry Reconstruction of Tactile Sensing

Under tactile mode, we define the surface height as a function
of pixel coordinates z = f(u,v). The surface normal can then
be expressed as follows:

of o
N(u,v) = ((91]:, a—;’j, —1> .

According to the principle of the PS algorithm [12], we add
the local pixels position of lighting into mapping consideration
to establish a local mapping relationship for each pixel by
constructing a neural network, correlating the intensity values
of the R, G, and B channels with the gradients along the X- and
Y-axes, as represented by the following equation:

3)

Ri(IRaIGajBauaU) = (Gu;Gv) “4)

where
1) R;: represents the local pixel’s mapping relationship be-
tween light intensity and geometry gradients;
2) (Ig, Ig, Ip): denotes the light intensity values of the red,
green, and blue channels, respectively;

3) (Gu,Gy) = (8L, 50).

To obtain the training dataset, we randomly pressed a standard
ball with a diameter 7 = 5 mm on the sensing surface, assuming
the radius of circular indentation pattern is 7. Based on the
geometric relationship, the distance h between the center of the
sphere and the plane can be determined as

h=+r?—r2, (5)

For the intersecting portion of the spherical surface, the equa-
tion of the sphere can be expressed as

z=h—\Vr?2—u?—2 6)

Take the partial derivatives of u and v, respectively, we can get
the geometric gradient expression of each point in the intersect-
ing spherical part, where (u, v) satisfies the constraint conditions
of intersecting circles

U v
Vz = <\/r2—u2—v27\/r2—u2—v2) (72)
(Gu,Gy) =Vz (7b)
u? 4 v < 2. )

A total of 30 images with a resolution of 1280 x 960 pixels
were collected. The circular indentation pattern was annotated
manually, generating binary masks with a value of 1 inside
the spherical region and O elsewhere. Only the pixels within
the masked region, along with their associated feature values
(u,v,Ir,I1c,I5,Gy,G,), were retained as valid training sam-
ples, yielding a total of 842 400 entries. Therefore, the gradient
map ¢ for each test image will be calculated, then the depth map
¢ of the contact surface can be reconstructed by solving a 2-D
Poisson equation

Vi=V-g ©)
where V?2¢ is the Laplacian of the depth map, and V - § repre-
sents the divergence of the gradient map.

Given the high computational speed requirements for image
reconstruction in the target application, the Fourier transform
method was selected to solve the Poisson equation. This method
is well suited for global solutions and demonstrates greater
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robustness when applied to data with conventional image char-
acteristics. The computational procedure is as follows.
First, perform fast Fourier transform operation on V - g,

F=F(V-g). (10)

Second, solve the Poisson equation based on frequency do-
main division
F(V-9)
f =

D

where k, and k, are frequency variables.
Finally, perform the inverse Fourier transform on the solution,
then the depth map ¢ can be reconstructed

¢ =F (F(¢)). (12)

C. Switching Mechanism Between Two Sensing Modes

Mode switching is achieved via friction between the silicone
film and the PET belt, ensuring stable film movement (see Sup-
plementary Video). A 360-degree continuous rotation servo mo-
tor is controlled by an Arduino-based system using pulsewidth
modulation (PWM). The motor operates at predefined speeds
and directions based on serial commands. The control algorithm
dynamically adjusts the pulse width of the control signal to
achieve the desired rotational direction and speed.

Through systematic experiments, we identified the pulse
width of 100 ps to initiate counterclockwise rotation, while
2500 ps to trigger clockwise motion, at which the transmis-
sion efficiency is maximized. When the target approaches the
predefined distance threshold D, = 10 cm, the mode-switching
mechanism is activated, triggering the rotation of the servo motor
and the illumination of the LED strip, thereby transitioning
to the tactile measurement mode. To ensure precise control,
the motor’s rotation duration is fine-tuned using timed delays,
allowing it to complete predefined movement before stopping.

IV. PERFORMANCE CHARACTERIZATION

A. Distance Measurement Accuracy of Proximity
Perception

Given the design of the proposed sensing system, a working
range of 10-30 cm was considered suitable for most approaching
scenarios. Accordingly, experiments were conducted to quanti-
tatively assess the reliability of the proposed algorithm. The
experimental setup is detailed in Fig. 5. We fabricated the test
block and slide rail by 3-D printing technology (X1Carbon,
Bambu Lab). To ensure controlled movement of the block in the
desired direction, we designed the connection between the block
and the slide rail as a mortise-and-tenon structure. The object
block itself was designed with a “concave shape” to appear as
a standard square from the perspective of the sensor. Inside the
cavity of the block, a circular ring with an inner diameter of 2 mm
and an outer diameter of 4 mm was incorporated. A transparent
fishing line with a diameter of 1 mm was fixed to this ring, with
its other end secured at the far end of the experimental platform.
A 360° servo motor was placed at the far end of the platform,
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with its rotation speed controlled via a PWM signal emitted by
an Arduino Mega 2560 board. To achieve the desired speed, we
designed disc-shaped servo motor couplings of different sizes.
In addition, a 2-mm-deep groove was created along the side of
the disc to collect the retracted fishing line.

The sensor recorded videos of a block approaching at multiple
speeds (V; € {2, 4, 10, 12.5, 17.5} cm/s), with a frame rate of
30 fps and a resolution of 1280 x 960 pixels. Five images were
extracted from each video, corresponding to real-world object
distances of approximately D; € {30, 25, 20, 15, 10} cm. As
illustrated in Fig. 7(a), each raw image is processed through the
DepthAnythingV2 model for depth estimation and the U-Net
algorithm for segmentation. The nonlinear calibration function
is then applied to the network outputs to obtain the predicted dis-
tances in world coordinates. As shown in Fig. 7(b), the predicted
results across different approaching speeds maintain a consistent
and reasonable alignment with the ground truth. Among them,
the model achieves the highest accuracy at V' = 12.5 cm/s, with
a coefficient of determination of R?> = 0.9551 and an MSE of
2.2470.

B. Fine Texture Capture and Morphological
Reconstruction

Two characterization experiments are conducted to evaluate
the sensor’s tactile sensing ability: one quantifying the surface
roughness detection threshold, and the other examining contact
geometry reconstruction accuracy. The experimental platform is
shown in Fig. 8. The tactile sensing unit of the sensor is mounted
on a 3-D-printed immovable supporter. Within the sensor, the
RGB LED strip is powered by a dc power supply (Maisheng,
China). A laptop is used to acquire high-resolution images from
the built-in OV5640 camera modules. A 3-D-printed planar
pressing plate is mounted on a three-axis ball screw displacement
platform, moving vertically along the screw slider. This design
ensures that the resultant normal force applied to all measured
objects remains consistent to the sensing plane, thereby min-
imizing measurement errors. All original data for the tactile
modality characterization experiment were acquired using the
experimental platform developed above.

1) Identification of Contact Surface Roughness: In this ex-
periment, sandpaper with varying roughness (grit sizes of 150,
280, and 500 mesh) was sequentially applied to the sensor. Its
ability to perceive fine textures was assessed by analyzing texture
features extracted from the acquired images.

In this process, two kinds of tactile data are collected sepa-
rately, one is a tactile image without any pressing trace, the other
is a tactile image obtained by pressing sandpaper with different
roughness on the measurement surface. The difference images
were obtained by subtracting the tactile images without contact
from those acquired under sandpaper compression with varying
roughness. A logarithmic scale was employed to improve the
visibility of the amplitude spectrum, followed by zero-frequency
shifting to the center of the spectrum. Fig. 9(a) presents the
grayscale representation of the original tactile image, while
Fig. 9(b) illustrates the processed results obtained using the
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image, depth map, and segmentation mask from top to bottom in temporal sequence. (b) Experimental results of the distance measurement tests
under various speeds with the nonlinear dynamic mapping model of proximity sensing.

Fig. 8.
overall layout of the tactile perception experimental platform; (b) ensures
the resultant normal force remains perpendicular to the sensing plane
to minimize measurement errors.

Experimental platform for tactile sensing. (a) illustrates the
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Fig. 9. Frequency domain analysis of tactile images. (a) Grayscale-

processed tactile data of sandpapers with different grit sizes, with the
real photo of the corresponding sandpaper shown in the upper right
corner. (b) Frequency amplitude spectrum visualized on a logarithmic
scale.

proposed method. The red region at the center corresponds
to the low-frequency components, which represent large-scale
texture features, whereas the blue regions at the image periphery

indicate fine texture details. As the grit size of the sandpa-
per increases, the low-frequency region shrinks significantly,
while the high-frequency region expands accordingly. These
results demonstrate the sensor’s ability to effectively distinguish
surface roughness, achieving a fine-texture sensing resolution
approximately 6 to 8 times higher than that of the human tactile
perception system.

2) Reconstruction of Contact Surface Geometry: In this sec-
tion, the geometry of the contact sensing surface is reconstructed
using the previously introduced PS method. As shown in Fig. 10,
we implement a fully connected (FC) neural network (FCNN)
in PyTorch for tactile gradient image computation. The network
consists of an input layer, four hidden layers, and an output
layer. The input layer receives 5-D feature vectors [as shown in
(4)], and each hidden layer comprises a FC layer followed by
an ReLU activation function. The numbers of neurons in each
hidden layer are 16, 64, 32, and 8, respectively. A dropout layer
with a probability of 0.3 is applied before the final output layer
(Gu, G,) to mitigate overfitting. After obtaining the gradient
map in (u,v) directions, the complete 3-D morphology of the
tactile measurement surface can be obtained through Poisson
reconstruction. The model is trained using the Adam optimizer
with a learning rate of 3 x 10~ to minimize the L1 loss function.
An early stop mechanism is implemented to terminate the train-
ing process when the loss does not decrease for ten consecutive
epochs. Furthermore, the training process is performed for 120
epochs, resulting in a regression model with a stable test MSE
of approximately 0.04.

To quantitatively evaluate the performance of the geometric
depth reconstruction method, a standard 8-mm-diameter cali-
bration sphere was randomly pressed onto the sensing surface.
By combining geometric information with image processing
technologies (detailed in Fig. S6), we calculated the depth error
between the reconstructed surface and the theoretical sphere
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(a) Reconstructed surface of the sensor under indentation by a standard
8 mm-diameter sphere. (b) Comparison between the extracted depth
profile along the sphere’s central column and the theoretical spherical
surface.
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Fig. 12. Reconstruction performance of geometric texture. (a) Raw
image data captured by the palm sensor. (b) Grayscale images of raw
data, illustrating geometric information before processing. (c) Normal
surface in w-axis calculated by the proposed FCNN algorithm, which
indicates the depth information and surface orientation. (d) Real objects.

surface. The column of reconstructed depth values aligned with
the centerline of the standard sphere was extracted and compared
with the theoretical height profile of a perfect spherical surface,
as shown in Fig. 11(b), the absolute mean error is approximately
0.0239 mm. Furthermore, several objects commonly operated by
robotic grippers were selected to evaluate the texture reconstruc-
tion performance of the V-T PALM, with the results presented
in Fig. 12.

V. APPLICATIONS
A. Preplan Grasping and Subtlety Identification

Grasping and object recognition are fundamental in indus-
trial robotics, while robust pregrasp planning and distinguish-
ing visually similar objects with various subtly textures re-
main challenging. Therefore, we integrated the sensor into
a gripper and evaluated the proposed system’s perceptual
advantages in approach-to-grasp scenarios, combining prox-
imity sensing, external vision, and tactile sensing. Specifi-
cally, our design enhanced grasping efficiency by enabling
autoswitch modalities and optimizing grasp execution timing,
while also allowing for precise differentiation of visually similar
objects.

1) Robust Distance Measurement Across Different Targets:
The soft gripper offers high dexterity and adaptability while
maintaining a simple structure and control scheme, making it
suitable for rapidly building a testing platform for grasping
objects with diverse shapes, textures, and hardness [11], [13],
[30]. As shown in Fig. 13(a), the V-T PALM was integrated
with four pneumatic soft fingers and was mounted on a 6-DOF
robotic arm (Jaka Zu7, JAKA). The target object was placed
stationary on a horizontal tabletop, with the measuring surface
of the palm oriented vertically. Under the proximity mode, the
palm was mechanically coupled with the end of the robotic
arm and approached the target at a constant speed of 80 mm/s.
For different target objects, the segmentation masks used in the
ranging algorithm were obtained via HSV color space threshold-
ing. When the measured distance reached 10 cm, the modality
switching procedure was triggered. Upon detecting definitive
contact, the grasping procedure was then initiated.

The input pressures of each soft actuator are regulated by an
electronic regulator (QB1XANEEN100P400KPG, Proportion-
Air), which is connected to a control module (MicroLabBox-
DS1202, dSPACE). The sensor transmits image data to the PC
via a serial port, while a control module (Arduino Mega 2560,
Arduino SRL) handles communication between the sensor and
the PC. The sensor’s image signals were continuously monitored
in real time to support logical decision-making. Upon initiation
of a grasp command, MATLAB generates and transmits control
signals at a frequency of s = 50 Hz [shown in Fig. 13(b)]. In
this experiment, the target object’s position and the robot arm’s
motion trajectory were fixed. We evaluated the success rate of
the bimodal hand in autonomously sensing modalities switching
and executing grasps for targets with different sizes, shapes and
colors, achieving a 100% grasping success rate with a 78.6%
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Reconstruction results and roughness analysis of the tactile palm.

ranging accuracy, as presented in the Supplementary Video and
Fig. 14(a).

2) Distinguishing Visually Similar Objects: In high-speed
sorting applications, distinguishing target objects with highly
similar visual characteristics (e.g., color and shape) poses a
significant challenge, particularly when relying solely on vision
sensors. To demonstrate the effectiveness of our approach, we
conducted controlled experiments with two test groups: 1) pink
yoga balls featuring different surface textures; and 2) oranges
at various stages of ripeness. As shown in Fig. 14(b)-(d),
for each obtained result, we applied the wavelet transform to
compute the energy of wavelet decomposition coefficients
across different scales. In addition, the gray-level co-occurrence
matrix was utilized to quantify grayscale contrast variations.
The experimental results demonstrate that our sensing system
can effectively differentiate target objects, even when their vi-
sual attributes are highly similar, highlighting its potential for
improving high-speed sorting performance.

B. Card Insertion Experiment

The conveyor-driven transmission mechanism naturally
endows the haptic palm with one degree of freedom in
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movement, enabling fine-tuning of the target’s orientation with-
out altering the finger grasping state. As shown in Fig. 15(a),
when the robotic arm’s end effector is aligned with the upper
edge of the “transfer gap,” simply releasing the hand grip to
perform a card throwing action does not guarantee that the suc-
cessfully pass through the narrow gap. By introducing an auto-
matic perception—action control loop based on tactile sensing for
grasp refinement, the card delivery performance is significantly
improved, as illustrated in Fig. 15(b). The host computer contin-
uously monitors the average indentation depth at the card—palm
contact region from the tactile image. After the gripper reaches
the target place above the box, a “down-and-up-and-finetune”
or “down-and-release” control logic will be cyclic triggered.
During the execution of “down” command, if the real-time
measured depth exceeds a predefined threshold (0.15 mm), the
system determines that the insertion is blocked, then initiates
the “down-and-up-and-finetune” loop. Otherwise, the gripper
releases the card to complete the throw. At the beginning of
the experiment, the card was manually handed to the gripper,
which naturally introduced a slight and random tilt to its initial
pose, ensuring the fairness of the controlled trials. The successful
execution of the throwing task offers a new possibility for soft
robotic hand dexterous manipulation.
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(c) Tactile signals captured during the successful trial in (b).

VI. CONCLUSION

In this article, we proposed a visual—tactile dual-mode sensor
with a sliding sensing window. By introducing a mechanical
transmission design, it can seamlessly switch between prox-
imity and tactile sensing modes, enabling accurate long-range
proximity perception while simultaneously maintaining ultra-
high-resolution texture sensing and reconstruction capabilities.
Experimental results demonstrate that the proposed proxim-
ity perception system accurately measures external distances
across various target velocities, achieving the highest accu-
racy at a speed of 12.5 cm/s, with a coefficient of determi-
nation of R? = 0.9551 and an MSE of 2.2470. The tactile
mode of the proposed sensor enables high-precision 3-D re-
construction and accurate distinction of surface roughness,
achieving a sensing resolution approximately 6-8 times higher
than that of the human fingertip. By integrating the dual-
mode palm sensor with soft robotic fingers, the system demon-
strates strong potential for adaptive grasping, object classifi-
cation, and in-hand manipulation. Experiments show a 100%
success rate in reliably grasping objects with various shapes,
as well as accurate classification of visually similar objects
through surface texture reconstruction. This enables the dif-
ferentiation of material properties, such as surface roughness
and compliance (e.g., identifying the ripeness of fruits). More-
over, the “card throwing” experiment validates the effectiveness
of the palm’s intrinsic DOF in supporting fine-tuned in-hand
adjustments.

The integration of both modalities improves the robot’s
efficiency in executing various operation tasks. Future work
will focus on enhancing the perception framework to sup-
port proximity sensing of transparent objects, increasing the
upper limit of tactile sensing resolution, and incorporat-
ing calibration data from objects of different shapes and
sizes into the training of the depth regression head, with
an aim to further improve ranging robustness and expand
the applicability of the proposed sensor in more challenging
scenarios.
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