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Abstract— Vision-based tactile sensors (VBTS) recover high-
resolution contact geometry but typically rely on opaque elas-
tomer layers that prevent visual transparency, while RGB-D
cameras provide global depth perception yet degrade signifi-
cantly at close range. To address this limitation, we present
TransTac, a transparent ultraviolet (UV)-encoded binocular
VBTS that integrates visual observation and marker-based
tactile reconstruction within a single compact device. The
system employs a transparent elastomer embedded with UV-
reflective markers and a prior-guided Delaunay stereo matching
algorithm for robust sparse triangulation.

To reliably detect densely distributed semitransparent mark-
ers, we develop a lightweight detector that enables stable lo-
calization under contact and deformation. The proposed prior-
guided Delaunay matching improves correspondence robust-
ness by approximately 21% compared with global assignment
baselines while maintaining high reconstruction accuracy. In
semantic evaluation, TransTac achieves up to 83.3% zero-
shot recognition accuracy on tactile images, exceeding opaque
tactile baselines by approximately 50 percentage points. Embed-
ding analysis further reveals substantially stronger cross-modal
alignment with natural images, with class-center similarity
increasing from around 0.2 to over 0.77. Controlled near-
distance experiments quantify the degradation of RGB-D depth
reliability and demonstrate extended geometric coverage en-
abled by visuo-tactile integration. Finally, a compact prototype
is implemented with an approximate hardware cost of $70.

Code and hardware design are publicly available at
https://github.com/87361/TransTac.

I. INTRODUCTION

Tactile sensing is essential for robotic manipulation, pro-
viding information about object shape [1], contact state [2],
and material properties [3], [4] that vision alone cannot reli-
ably capture. Vision-based perception often degrades under
occlusion [5] or challenging illumination, preventing reliable
estimation of contact geometry during manipulation. While
tactile feedback can compensate for such failures, most
existing robotic systems still lack compact and multimodal
tactile sensors capable of delivering both accurate contact
geometry and appearance-related cues at the interaction in-
terface. This limitation restricts robust grasping and adaptive
policy selection in unstructured environments.
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Fig. 1: Motivation of TransTac. RGB-D cameras provide
global depth but degrade at close range, while coated VBTS
reconstruct only contact deformation. TransTac integrates
binocular vision and UV-encoded transparent tactile sensing
within a unified hardware structure.

Existing vision-based tactile sensors (VBTS) are largely
geometry-oriented. Systems such as GelSight [6] and its
variants [7] reconstruct high-resolution contact deformation
using coated elastomers, enabling tasks such as slip detection
[8] and fine-grained shape reconstruction [9], [10]. How-
ever, the opaque reflective coating blocks visual observation
through the sensing surface, requiring separate vision sensors
for appearance and global geometry estimation.

The core challenge lies in maintaining reliable geometric
perception across the transition from pre-contact observation
to physical contact. RGB-D cameras provide global depth
estimation but experience reduced depth reliability at close
range, particularly near the minimum sensing distance [?]. In
contrast, coated VBTS capture local deformation only after
contact and cannot recover recessed or non-contact geometry.
This separation between far-field depth estimation and near-
field tactile reconstruction creates a geometric sensing gap.

As illustrated in Fig. 1, existing RGB-D perception and
VBTS designs each address only part of this range. Bridging
this gap requires a sensing configuration that preserves
visual transparency, enables robust marker-based geometric
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tracking, and supports metric depth recovery in near-contact
scenarios.

In this work, we present TransTac, a transparent
ultraviolet-encoded VBTS that integrates binocular RGB
observation and marker-based tactile reconstruction within a
compact stereo configuration. The transparent elastomer pre-
serves visual clarity, while embedded UV-reflective markers
enable robust geometric tracking under switchable illumina-
tion. We introduce a Delaunay-based stereo marker matching
algorithm to establish reliable correspondences under epipo-
lar constraints, enabling sparse metric triangulation of the
contact surface. By combining real-time marker displacement
tracking with stereo-based depth estimation and RGB-D
fusion, TransTac supports both dynamic tactile interaction
monitoring and near-contact geometric reconstruction.
Our contributions are summarized as follows:

• A transparent ultraviolet-encoded binocular VBTS
hardware design. We present a stereo vision-based tac-
tile sensor built upon a transparent elastomer embedded
with UV-reflective markers, enabling simultaneous vi-
sual observation and marker-based tactile reconstruction
within a single compact hardware structure.

• A lightweight detection model for dense semitrans-
parent markers. We develop a compact marker de-
tection network tailored for densely distributed semi-
transparent markers, achieving robust localization under
varying illumination and contact conditions.

• A prior-guided Delaunay stereo matching algorithm.
We introduce a Delaunay-based marker correspondence
method initialized by epipolar nearest-neighbor match-
ing, enabling reliable sparse triangulation and met-
ric contact-surface reconstruction under geometric con-
straints.

II. RELATED WORK

A. Vision-Based Tactile Sensing

VBTS recovers contact geometry by observing elastomer
deformation with cameras. Representative systems such as
GelSight [6] and the GelSlim series [2], [11] employ re-
flective coatings and photometric stereo to reconstruct high-
resolution surface geometry. Learning-based mappings have
further been introduced to infer contact shape from calibrated
visual signals, as demonstrated by DIGIT [7] and the DTact
family [12], [13]. While these designs achieve accurate local
deformation sensing, they typically rely on opaque reflective
layers and controlled illumination.

Transparent or vision-through tactile sensors have also
been explored. Yamaguchi and Atkeson [14] demonstrated a
transparent optical tactile skin capable of both deformation
sensing and external visual observation. However, maintain-
ing reliable geometric reconstruction while preserving visual
transparency remains challenging, especially in near-contact
scenarios where visual and tactile signals may interfere.

B. Marker-Based Tactile Reconstruction

Embedding markers within deformable membranes pro-
vides an alternative approach to tactile geometry estima-

tion. Systems such as FingerVision [15], TacTip [16], and
TAC2Pose [17] track marker displacement to infer con-
tact information, while transparent implementations such
as CompdVision [18] explore marker-based reconstruction
under optical constraints.

Reliable marker detection under deformation and illumi-
nation variation remains challenging. Dense marker patterns
may undergo geometric distortion during contact, affecting
localization accuracy. Prior work has explored robust de-
tection mechanisms [19] and illumination-based separation
strategies such as UV-reflective markers in SpecTac [20].
Nevertheless, consistent detection and correspondence of
dense semitransparent markers under switchable illumination
remain difficult.

C. Stereo Correspondence and Near-Contact Depth Sensing

Reliable stereo correspondence is essential for triangulat-
ing marker positions in vision-based tactile sensing systems.
Under rectified stereo geometry, correspondence search can
be restricted to one-dimensional scanlines along epipolar
lines. Classical approaches include global assignment meth-
ods such as Hungarian matching and support-point propaga-
tion strategies such as ELAS [21]. However, when applied
to marker-based tactile sensing, correspondence estimation
becomes more challenging due to repetitive marker appear-
ance, dense spatial distribution, and deformation-induced
geometric distortion.

In parallel, RGB-D sensing provides dense depth estima-
tion but suffers from fundamental limitations in near-contact
scenarios. Because of triangulation constraints and minimum
sensing distance, the reliability of depth measurements de-
grades rapidly as objects approach the camera [22]. As a
result, RGB-D sensors often fail to provide stable geometric
cues in the immediate pre-contact region.

These limitations motivate combining tactile triangulation
with visual depth estimation to achieve continuous geometric
perception from pre-contact observation to physical contact.

III. DESIGN AND FABRICATION

A. TransTac Design Principles

TransTac is designed to integrate visual observation and
tactile reconstruction within a compact, low-cost stereo con-
figuration. A transparent silicone membrane embedded with
UV-reflective markers preserves optical clarity while en-
abling marker-based deformation sensing. Time-multiplexed
illumination separates RGB imaging from UV marker obser-
vation without requiring additional optical components.

As illustrated in Fig. 2, binocular images are first rectified
and processed for marker localization and stereo correspon-
dence. Marker displacement provides local deformation cues,
while triangulated correspondences enable sparse metric
depth estimation. These components jointly support contact-
surface reconstruction within a unified sensing interface.

B. Sensor Hardware and Fabrication

The sensing unit comprises a stereo pair of USB camera
modules (HBVCAM-2436-R V11) with a horizontal field
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Fig. 2: Overview of the TransTac framework. Binocular RGB and UV images are rectified for marker detection and stereo
correspondence. Sparse triangulated depth is fused with RGB-D estimation for contact-surface reconstruction. Color-coded
modules indicate the final processing modules in each sensing stage.

of view of 100◦ and manual focus. Intrinsic and extrinsic
parameters are obtained through standard multi-view cali-
bration using a checkerboard of size GP052.

The tactile interface is fabricated from transparent silicone
elastomer (Solaris™, 1:1 ratio) cast into a 3D-printed mold
with a thickness of 5 mm. Fluorescent markers are manually
embedded at irregular spatial locations and encapsulated
within a thin silicone layer to reduce light attenuation.
Illumination is provided by a 365 nm ultraviolet strip and
a white LED strip.

The outer housing is 3D-printed in matte black material
to suppress internal reflections and boundary artifacts.

C. Marker Detection and Tracking

Accurate localization of densely distributed semitranspar-
ent markers is critical for reliable stereo correspondence
and deformation tracking. Compared with conventional blob-
based methods, the proposed setting presents additional chal-
lenges, including marker translucency, UV/RGB illumination
switching, and deformation-induced appearance variation.

a) Network architecture: As illustrated in Fig. 2, we
adopt a lightweight single-stage, anchor-free detector built
upon a compact convolutional backbone [23]. A correla-
tion modeling module is introduced to capture both local
and higher-order spatial relations among densely packed

small markers. The detection head follows a CenterNet-
style design [24], consisting of a Gaussian-encoded center
heatmap branch and a regression branch for bounding box
refinement. Skip connections are employed to preserve fine-
grained spatial details.

b) Training objective: The overall loss is defined as

L = wlocLloc + wregLreg + wcorrLcorr, (1)

where the localization term supervises Gaussian-encoded
center prediction, the regression term refines bounding box
geometry, and the correlation term enforces feature consis-
tency among markers within the same local cluster. This
formulation improves robustness under deformation and par-
tial occlusion without significantly increasing computational
cost.

c) Tracking: Detected markers are associated across
frames using ByteTrack [25] to maintain identity consistency
and to estimate displacement for tactile deformation analysis.

D. Prior-Guided Stereo Marker Matching

Given rectified stereo images IL and IR, let PL = {pL
i }

and PR = {pR
j } denote the detected marker centroids in

the left and right views. The objective is to establish reliable
stereo correspondences M = {(pL

i ,p
R
j )} under epipolar and

geometric constraints.
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a) Epipolar Prior Initialization: For each marker pL
i ,

candidate matches in the right image are first restricted by
the epipolar constraint

|yLi − yRj | ≤ τepi.

Among valid candidates, the nearest neighbor in disparity
space is selected to form an initial correspondence set M0.
These high-confidence matches provide statistical priors for
subsequent anchor discovery.

b) Delaunay Encoding and Anchor Discovery: De-
launay triangulation is applied to PL and PR, producing
triangle sets T L and T R. For a triangle tijk we define a
normalized edge-length descriptor

dijk =
[∥pi − pj∥, ∥pj − pk∥, ∥pk − pi∥]
∥[∥pi − pj∥, ∥pj − pk∥, ∥pk − pi∥]∥2

.

Triangle pairs satisfying descriptor similarity and epipolar
consistency are selected as anchor seeds A.

c) Triangle Propagation: Starting from anchor pairs,
correspondences are propagated to adjacent triangles while
enforcing geometric consistency. This local structural prop-
agation preserves neighborhood topology under moderate
deformation and avoids ambiguity in global assignment.

The resulting set M provides robust stereo correspon-
dences for subsequent sparse triangulation and dense depth
alignment.

E. RGB-D Fusion with Scale Optimization

The sparse triangulated marker points provide reliable
geometric depth near the contact region, while dense depth is
estimated from binocular RGB images using the pretrained
stereo model FoundationStereo [26]. However, the predicted
dense depth may suffer from scale bias. To combine the
advantages of both sources, we align the dense depth map
with geometrically reliable sparse triangulated depths.

a) Distance-Aware Sparse Anchors: The switching
threshold τ is defined as the calibrated distance between
the stereo cameras and the elastomer surface. For d > τ ,
visual stereo features provide sparse anchors, while for d < τ
triangulated markers with detectable displacement (tracked
by ByteTrack) are used instead.

b) Sparse Triangulation: Given matched marker pairs
(pLi , p

R
i ) and calibrated stereo projection matrices

PL = KL[I|0], PR = KR[R|t],

each correspondence is triangulated to obtain a sparse 3D
point

Xsparse
i = (Xi, Yi, Zi).

These triangulated points provide metrically reliable depth
observations near the contact region.

c) Dense Depth Alignment: Meanwhile the RGB-D
model predicts a dense depth map Dnet(u, v). Each pixel
is back-projected into a dense 3D point

Xdense(u, v) =

(
u− cx
fx

Z,
v − cy
fy

Z,Z

)
, Z = Dnet(u, v).

For each triangulated feature location (ui, vi) we ob-
tain the corresponding dense point Xdense

i , producing
sparse–dense correspondences (Xsparse

i , Xdense
i ).

After removing outliers using RANSAC, a similarity trans-
formation

T = (s,R, t)

is estimated via Umeyama alignment to minimize∑
i

∥Xsparse
i − (sRXdense

i + t)∥2.

The transformation is then applied to all dense points to
obtain a metrically consistent dense depth map.

IV. EXPERIMENTS AND RESULTS

We evaluate the proposed TransTac system across four key
capabilities: (i) semantic recognizability of tactile imagery,
(ii) recovery of near-contact geometry in regions where
RGB-D sensing fails, (iii) robustness of stereo marker cor-
respondence estimation, and (iv) stability of tactile marker
tracking during interaction.

Experiments are designed to analyze both perceptual and
geometric aspects of the proposed visuo–tactile sensing
framework. Semantic evaluation focuses on whether tactile
observations preserve high-level visual semantics that can
be interpreted by modern vision-language models. Geomet-
ric evaluation investigates the system’s ability to recover
accurate contact geometry in near-contact scenarios where
conventional RGB-D sensors exhibit depth degradation.

For experiments involving geometric reconstruction,
ground-truth geometry is obtained from STL models of 3D-
printed objects. This provides sub-millimeter reference ac-
curacy without relying on noisy active depth measurements.

For quantitative experiments, the sensor is rigidly mounted
on a three-axis gantry system that provides repeatable posi-
tioning with sub-millimeter precision along the Z-axis. This
setup enables controlled evaluation of depth estimation and
reconstruction stability at varying distances. For qualitative
experiments, the sensor is handheld to allow diverse contact
poses, sliding interactions, and realistic manipulation scenar-
ios.

A. Semantic Recognizability of Tactile Images

We first evaluate whether tactile images captured by
TransTac preserve sufficient visual semantics for object-level
recognition. Two vision-language models (Qwen-VLM and
ChatGPT-VLM) and two open-vocabulary detectors (YOLO-
World [27] and YOLO-E [28]) are used to assess semantic
interpretability across tactile modalities.
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TABLE I: Semantic preservability across tactile modalities.
All recognition models are evaluated using a weighted se-
mantic scoring scheme.

Model GelSight 9DTact TransTac

Recognition
Qwen-VLM 28.7 10.8 80.6
ChatGPT-VLM 30.2 12.5 83.3
YOLO-World 15.3 2.1 72.2
YOLO-E 16.9 3.6 75.0

Embedding
SigLIP2 (Zero-shot %) 27.8 27.8 83.3
DINOv2 (Center Similarity) 0.236 0.202 0.774
DINOv2 (NN Top-1 %) 27.8 55.6 100.0

Three sensing modalities are considered: GelSight Mini,
9DTact, and the proposed TransTac sensor. Six object cate-
gories (egg, coin, battery, Lego block, button, and glass bead)
are used, with two instances per category. Each object is
captured from three viewpoints, producing 36 tactile images
for each modality.

Since tactile images may contain partial object cues,
recognition performance is evaluated using a weighted se-
mantic scoring scheme. Predictions that partially match the
ground-truth category receive proportional credit, allowing
fair comparison across sensing modalities and models.

Table I summarizes both recognition results and
embedding-level alignment. Across all recognition models,
TransTac consistently achieves substantially higher semantic
scores than opaque tactile sensors. For example, ChatGPT-
VLM achieves 83.3% on TransTac images, compared with
30.2% for GelSight and 12.5% for 9DTact.

To further analyze representation-level consistency, we
compute embedding similarity using SigLIP2 [29] and DI-
NOv2 [30]. TransTac tactile images remain significantly
closer to natural image representations, with DINOv2 class-
center similarity increasing from approximately 0.20–0.24
for opaque tactile sensors to 0.774 for TransTac. Nearest-
neighbor alignment also reaches 100%, indicating strong
cross-modal consistency between tactile and visual represen-
tations.

B. Near-Contact Geometry Recovery

Most RGB-D sensors (e.g., Intel RealSense and Microsoft
Kinect [?], [31]) have minimum sensing distances that extend
beyond the near-contact region. Even sensors capable of
closer-range operation exhibit rapid degradation as objects
approach the camera, leaving a sensing gap immediately
before physical contact.

Coated vision-based tactile sensors (VBTS) suffer from
a different limitation. Because the sensing layer is opaque
and planar, they can only observe the contact interface and
cannot capture recessed surface geometry [9], [32].

To illustrate these limitations, we compare TransTac with
both RGB-D depth estimation methods and coated VBTS
sensors. Fig. 3(a) shows that recent depth estimation models
such as VGGT [33] and FoundationStereo [26] struggle in

(a) Scale ambiguity in learning-based methods.

(b) Limitations of coated VBTS in perceiving recessed geometry.

Fig. 3: Qualitative comparison of contact surface reconstruc-
tion.

this setting. VGGT fails to recover the correct metric scale,
interpreting perspective cues as planar projections, while
FoundationStereo preserves relative structure but exhibits
absolute scale errors due to the short stereo baseline and
distribution mismatch.

Fig. 3(b) compares our approach with coated VBTS sen-
sors. These sensors exhibit two typical artifacts: (i) recessed
geometries are missing because only protruding regions con-
tact the sensing surface, and (ii) elastic deformation smooths
sharp edges into slopes, producing false depths along object
boundaries.

To quantify the near-contact limitation of RGB-D sensing,
we measure the valid depth ratio of an Intel RealSense
D405 as the distance between the sensor and a planar object
decreases. The valid depth ratio is defined as the proportion
of pixels with non-zero depth values within the region of
interest.

Fig. 4(a) plots the valid depth ratio as a function of phys-
ical distance. Depth coverage remains relatively stable when
the object is farther than approximately 9 cm from the sensor.
As the object enters the near-contact region, however, the
proportion of valid depth pixels drops sharply and eventually
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Fig. 4: Near-contact depth sensing and alignment evaluation.
(a) Valid depth ratio of an Intel RealSense D405 versus
distance. (b) Sparse–dense alignment error across distances
after RANSAC filtering.

falls below 10%, revealing a near-contact sensing blind zone
where RGB-D sensing becomes unreliable.

Despite this degradation, sparse triangulated markers still
provide stable geometric constraints. Fig. 4(b) shows the
alignment error between triangulated marker depths and
dense depth predictions after scale alignment. Across all
evaluated distances, the mean geometric error remains ap-
proximately 2.44mm, indicating that reliable geometric cues
can still be obtained in the near-contact region.

Overall, TransTac combines RGB-D estimation with
marker-based triangulation to provide continuous geometric
observations from approach to physical contact.

C. Stereo Marker Matching Robustness

Reliable stereo marker correspondence is critical for accu-
rate triangulation of marker positions. However, dense semi-
transparent markers embedded in a deformable elastomer
introduce several challenges for correspondence estimation,
including repetitive appearance, dense spatial distribution,
and geometric distortion caused by elastomer deformation
during contact.

To evaluate the robustness of the proposed matching
strategy, we compare the prior-guided Delaunay matching
with several baseline approaches. The evaluated baselines
include epipolar nearest-neighbor matching and global as-
signment using the Hungarian algorithm. We also include
representative dense correspondence methods, including op-
tical flow (Farneback) and stereo block matching (SGBM),
for comparison.

The benchmark is constructed using stereo marker ob-
servations collected under diverse interaction conditions,
including varying contact pressures, sliding motions, and par-
tial occlusions. Ground-truth correspondences are manually
annotated for evaluation.

Since the stereo cameras observe the transparent elastomer
layer from slightly different viewpoints, a small portion of
markers near the image boundaries may appear in only one
view. In addition, the markers are randomly distributed across
the sensing surface, so the set of markers visible in the two
images is not perfectly identical. As a result, the number of
markers that can be matched between the stereo pair varies
slightly across frames.

TABLE II: Stereo marker correspondence comparison under
different matching strategies. Results report the average
number of correctly matched markers.

Method Avg. Correct Matches

Marker-Based Matching
Prior-Guided Delaunay (Ours) 90.8
Hungarian Assignment 74.9
Epipolar Nearest Neighbor 74.5

Dense Correspondence
Optical Flow (Farneback) 37.9
Stereo Matching (SGBM) 28.7

Table II reports the average number of correctly matched
markers. The proposed prior-guided Delaunay matching
achieves the best performance with 90.8 correct matches on
average, substantially improving over Hungarian assignment
with 74.9 matches and epipolar nearest neighbor with 74.5
matches.

Dense correspondence methods perform noticeably worse
in this scenario. Optical flow and stereo matching obtain
37.9 and 28.7 correct matches respectively. This behavior is
mainly caused by the near-contact imaging geometry, where
the left and right cameras observe different object surfaces.
Regions visible in one view may correspond to different
physical surfaces in the other view, reducing the number of
reliable dense correspondences.

D. Tactile Marker Tracking

To assess tactile sensing quality, we track markers em-
bedded beneath the transparent silicone layer of the sen-
sor under diverse interaction conditions including varying
contact pressure, tangential slip, rolling motion, and large
deformation. The proposed method is compared with a dense
optical flow baseline that has been widely used in prior work.
The proposed detection model operates at 20 FPS in real time
on a laptop GPU with NVIDIA RTX 4060 architecture.

We benchmark our marker detection capability against the
traditional approach of color space thresholding combined
with blob detection, which was employed in prior work uti-
lizing UV-activated markers [20]. This conventional method
exhibits several limitations, including frequent missed de-
tections under varying illumination conditions or partial
occlusion, as well as inconsistent marker identification and
localization across frames.

The optical flow baseline computes pixel displacements
between consecutive frames, making it susceptible to cumu-
lative drift and unable to reliably separate tactile-induced
motion from background visual changes. In contrast, our
method applies displacement estimation, isolating marker
movement associated with actual contact deformation. This
decoupling prevents false positives from background motion
or viewpoint changes. In non-contact cases, occasional spec-
ular highlights are filtered out, as they do not correspond to
physically adhered contact points.

Qualitative sequences in Fig. 5 illustrate the difference:
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Fig. 5: Qualitative comparison: Left) Marker detection: traditional methods (prone to missed/inconsistent detections) vs our
robust model. Right) Trajectory stability under slip/deformation: optical flow (drift/identity swaps) vs our stable tracking.

our system maintains stable marker identities and trajecto-
ries throughout challenging slip and deformation scenarios,
whereas the optical flow baseline exhibits rapid drift, identity
swaps, and intermittent loss of correspondences.

V. CONCLUSION

We presented TransTac, a transparent ultraviolet-encoded
binocular vision-based tactile sensor that integrates marker-
based tactile reconstruction and stereo observation within
a compact hardware structure. The system combines semi-
transparent marker detection, prior-guided Delaunay stereo
matching, and sparse triangulation with RGB-D fusion to
support contact-surface reconstruction and dynamic marker
tracking.

Extensive experiments validate the effectiveness of the
proposed system. In semantic evaluation, TransTac achieves
up to 83.3% zero-shot recognition accuracy on tactile im-
ages across the evaluated models. Embedding-level analysis
further confirms semantic preservation. The DINOv2 center
similarity increases from around 0.2 for opaque VBTS
to 0.774 with TransTac, indicating substantially improved
alignment with natural image representations.

In stereo matching benchmarks, the proposed prior-guided
Delaunay method improves correspondence robustness by
approximately 21% compared with global assignment base-
lines while maintaining high matching accuracy. Controlled
near-distance measurements quantify the degradation of
RGB-D depth validity at close range and further show
that the proposed visuo-tactile integration extends reliable
geometric sensing coverage in near-contact scenarios.

Rather than replacing conventional vision or tactile sys-
tems, TransTac provides a complementary sensing configura-
tion that preserves visual transparency while enabling metric

contact reconstruction and appearance consistency within a
unified device.

VI. LIMITATION AND FUTURE WORK

Although TransTac enables integrated visual observation
and tactile reconstruction, several limitations remain. First,
the current system focuses primarily on geometric sensing
and does not yet directly measure force or pressure distri-
butions. Extending the sensor to support force estimation
through elastomer deformation modeling or embedded sens-
ing elements is an important direction for future work.

Second, the detection and tracking of densely distributed
markers require annotated training data, and collecting la-
beled datasets for marker-based tactile sensing remains labor-
intensive. In addition, existing depth estimation models are
typically trained on datasets with limited extreme close-
range or manipulation scenarios, which may lead to scale
inaccuracies in near-contact depth recovery. Future work
will explore improved data collection strategies and domain
adaptation techniques for near-contact perception.

Third, the current prototype uses off-the-shelf stereo cam-
era modules and illumination components. Hardware opti-
mization, including smaller camera modules and integrated
fingertip-scale designs, could further improve compactness
and enable deployment on robotic grippers or dexterous
hands. In addition, switching between illumination modes
introduces minor latency due to camera exposure adaptation,
which could be reduced through tighter hardware–software
integration.

Finally, the fabrication process of ultraviolet fluorescent
markers currently relies on manual or semi-automatic pro-
cedures, and the durability of the fluorescent materials un-
der long-term use remains to be systematically evaluated.
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Future work will investigate automated marker deposition
techniques and more robust fluorescent materials to improve
manufacturability and long-term stability.
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