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Abstract— Vision-based tactile sensors (VBTS) face an in-
herent trade-off in tactile skin design. Opaque ink markers
enable accurate force and tangential displacement estimation
but occlude geometric features essential for object and texture
classification. Conversely, markerless skins preserve surface
details yet provide limited capability for tangential motion
estimation. Existing approaches, including UV illumination
and learning-based virtual marker transfer, increase hardware
complexity or computational cost. We present a novel tactile
skin with translucent, tinted markers balancing the modes
of marker and markerless for VBTS. This design enables
concurrent tangential displacement tracking, force estimation,
and preservation of surface geometry. It integrates directly with
the GelSight sensor family, requiring no additional hardware
and minimal software modification. Experimental evaluation
demonstrates that translucent skin improves overall sensing
performance relative to both opaque-marker and markerless
configurations. It achieves 99.17% accuracy in object classifi-
cation, 93.51% in texture classification, 97% point retention
in tangential displacement tracking, and a 66% reduction in
total force error. These results indicate that translucent skin
substantially mitigate the traditional trade-off between marker-
based and markerless tactile sensing, thereby expanding the
applicability of multi-modal VBTS in tactile robotics.

I. INTRODUCTION

Tactile sensing is vital in robotic manipulation tasks such
as force-aware grasping, slip detection and compensation [1].
Conventional force sensors offer limited spatial resolution
and are prone to electromagnetic interference, restricting
their wide use. Vision-Based Tactile Sensors (VBTS), such
as GelSight [2], overcome above limitations by optically
capturing soft elastomer deformation, allowing simultaneous
measurement of forces, surface geometry, and material prop-
erties with high resolution and scalable fabrication.

The traditional clear elastomer lacks features for tangential
displacement tracking, which limits shear force measure-
ment. Attempts to address this include the use of opaque
ink markers [3], micro-textures [4], [5], and UV-sensitive
markers [6]. However, each introduces trade-offs: opaque
markers obscure geometry and degrade texture classification
[7], [8]; UV systems require added hardware; multi-camera
designs [9]–[11] increase complexity; and digital transfer
[12] increases computational burdens. It is still challenging
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Fig. 1. Current practices use dense ink design and clear skin for
marker and markerless modes in VBTS respectively. Our translucent design
enables simultaneous tangential tracking and geometry preservation without
hardware switching.

to balance the marker and markerless modes in VBTS to
achieve accurate classification, measurement of tangential
displacement, and force with high performance while avoid-
ing complexity.

This work introduces a novel tactile skin that integrates
translucent, tinted markers into the elastomer surface to ad-
dress the limitations of existing marker-based and markerless
VBTS designs. As shown in Fig. 1, this approach provides
visible marker squares for tangential displacement and force
estimation while preserving fine-grained surface details for
classification. The key contributions are as follows:

1) We introduce a translucent marker architecture that
eliminates the marker/markerless trade-off in VBTS
without extra hardware or software, enabling simul-
taneous recovery of fine object geometry and robust
displacement features.

2) On object and texture classification, our design
achieves 99.2% and 93.5% accuracy, respectively, out-
performing dense-ink markers (98.3% / 63.9%) and
markerless sensors (98.4% / 85.0%).

3) For tangential tracking, the proposed skin delivers a
54% increase in retention and a 0.014 px forward–
backward error compared with dense ink markers.

4) For 3-axis force prediction, it reduces mean absolute
error by over 66% relative to dense ink markers with
sequential images, enabling accurate estimation of both
normal and shear forces.
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The rest of the paper is structured as follows: Section II
provides an overview of related works; Section III details
the design and fabrication of translucent skin ; Section IV
introduce tactile image processing; Section V details our data
collection process for three downstream tasks; Section VI
analyses the experimental results. Finally, Section VII sum-
marises this work.

II. RELATED WORK
A. Vision-Based Tactile Sensors

Vision-based tactile sensors (VBTS) integrate a de-
formable skin, an embedded camera, and a controlled illu-
mination system to convert physical contact into rich visual
signals [2]. When the elastomer is indented by an external
object, its surface deforms and interacts with the lighting to
produce variations in shading, texture, and reflection. These
optical cues are recorded by the internal camera and subse-
quently processed for perception tasks. For instance, GelFlex
employs such a configuration to achieve object classification
when mounted on a robotic finger [13]. The GelSight family
of sensors has demonstrated applications ranging from tex-
ture recognition with ink-marked membranes [14] to high-
fidelity three-dimensional surface reconstruction [15].

B. Marker-Based Force Estimation
Force estimation in vision-based tactile sensors (VBTS)

commonly relies on engineered visual features embedded
within the sensing layer [16]. Conventional ink markers
[3], [17], [18], patterned beneath the elastomer surface,
enable tangential displacement tracking but occlude the
contact interface, limiting surface geometry capture and
degrading texture and material recognition [19]. Shadow-
based approaches [4] encode deformation via micrometer-
scale dimples that generate displacement-dependent shad-
ows, but these cues deteriorate under high compression,
restricting dynamic range. CrystalTac [20] employs injected
photopolymer droplets, yet refractive index mismatch with
the surrounding elastomer introduces optical distortion and
compromises contact geometry reconstruction.

C. Strategies to Combine Marker and Markerless Modes
To address the occlusion of surface detail by markers,

several strategies have been proposed:
UV-Reactive Markers. Fluorescent patterns revealed under
UV illumination [6], [21] enable toggling between geometry
and tracking. However, it requires additional hardware and
prevents the simultaneous capture of both modalities.
Multiple Elastomer Layers. ChromaTouch [22] uses
stacked coloured elastomers, where the hue encodes the
vertical distance and the centroid shifts encode the shear
displacement. While effective, the scheme conflicts with
multi-colour illumination used in photometric stereo.
Digital Transfer. Learning-based dual-modality transfer
method [12] can translate the tactile skin across marker or
markerless modes. However, this approach is highly data-
driven and increases computational burdens. The marker-to-
markerless mode discards fine deformation details beneath
the markers after inpainting.

D. Current Limitations and Research Gap

Despite diverse innovations, existing approaches still im-
pose compromises between robust tangential tracking, force
prediction and faithful recovery of surface geometry. Opaque
markers maximize trackability but occlude deformation de-
tail; shadow- and light-based features suffer under compres-
sion or generalization shifts; and hybrid solutions often re-
quire complex hardware or lose information. As summarized
in Table I, current designs do not simultaneously preserve
surface detail and enable reliable tangential tracking. This
motivates the development of new elastomer–marker design
that sustain, geometric fidelity, robust marker displacement
track, and high-accuracy force prediction.

III. DESIGN AND FABRICATION

A. Design Rationale

The tactile skin design prioritizes optical clarity, marker
visibility, and displacement tracking accuracy, addressing the
challenge of achieving sufficient contrast while preserving
transparency and mechanical compliance. Two configurations
as shown in Fig. 2B were fabricated on a 20.0 mm×24.5
mm elastomer to study marker-markerless trade-offs: grey
squares with clear lines and clear squares with grey borders,
both implemented as 9×12 grids of 1.0 mm squares with
1.0 mm spacing. The grey-square design leaves most of the
surface clear, while the grey-line design tints most of the
surface, creating a controlled variation in tinted coverage
that supports direct testing of potential trade-offs between
surface detail preservation and lateral displacement tracking.
Positioning markers directly beneath the pigment layer on
a single 2.0 mm backing (rather than between dual 1.0
mm backings) reduced light scattering and enhanced RGB
contrast for improved tracking accuracy.

B. Fabrication of Elastomer

Elastomers were fabricated using a staged casting process
to produce the two grid configurations shown in Fig. 2. All
variants employed XP-565 silicone mixed at a ratio of 1 g
Part A to 12 g Part B. The acrylic mould assembly comprised
a 1.0 mm grid guide, a 3.0 mm thickness former, and a
smooth base plate to ensure uniform surfaces.

1) Base Silicone Preparation: Step 1: The mould was
prepared with the grid guide, thickness former, and base
plate, establishing the framework for subsequent casting.

2) Clear Squares with Grey Lines: Step 2: Clear silicone
was poured into the grid cutouts, filled to the mould edge,
and degassed to release trapped air, with additional mixture
replenishing the volume lost during bubble escape. The
mould was then cured at 70◦C for 30 minutes inside a
UV-shielded enclosure. Step 3: After curing, the grid guide
was removed and the gaps between the clear squares were
filled with tinted silicone, prepared by lightly doping the
base mixture with Silc Pig black ink. Degassing and curing
at 70◦C for 30 minutes were repeated to complete the
design. Step 4: This step is not required for the clear-square
configuration, as the tinted regions are already formed by
backfilling the gaps left after Step 3.
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TABLE I
COMPARISON OF REPRESENTATIVE VISION-BASED TACTILE SENSORS WITH MARKER-BASED DESIGNS.

Design Classification Tangential Tracking Force Est. Cost Complexity Mode Switching

Ink Markers [17] Limiteda Robust Good (Shear) Low Low Single N/A
3D Markers [23] Mediumb High Compute Good (0–2N) Medium High Single N/A
Shadows [4] Medium Limited Range Good (0–2N) Medium Medium Single N/A
UV Markers [6], [21], [24] High High Compute High Compute High High Dual UV HW
Virtual Transfer [12] High Unstable Unknown Medium Medium Dual Model-based

This Work High (99.2%) Robust (97% ret.) Good (0–6N) Low Low Dual Intrinsicc

aOccluded detail, bPartial occlusion, cNo extra hardware or software required.

Fig. 2. (a) Fabrication process of the translucent elastomer. (b) Final grid
designs: grey lines and grey squares (9 × 12 array, 1 mm features).

3) Grey Squares with Clear Lines: Step 2: Pigmented sili-
cone was poured into the square cutouts, degassed, and cured
at 70◦C for 30 minutes. Step 3: Clear silicone was added
to fill the remaining mould space, followed by degassing
and a second curing cycle at 70◦C for 30 minutes. Step 4:
The elastomer was inverted so that the tinted squares faced
upward, and a final clear layer was applied and smoothed
flush between the squares. Degassing and curing at 70◦C for
30 minutes were repeated to achieve a uniform surface.

4) Opaque Backing Layer: Step 5: To enhance optical
contrast and suppress background light, an opaque backing
was applied to all elastomer variants. The mixture was
prepared from XP-565 silicone (1 g Part A : 12 g Part B)
combined with 4.0 g aluminium powder (1 µm particle size)
and 4.0 g Silver Cast Magic pigment for reflectivity control.
To adjust viscosity, 20.0 g of Novocs solvent was added in
two 10 g increments during mixing. A thin uniform layer
of this compound was poured over the cured elastomer and
subjected to degassing followed by curing at 70◦C for 30
minutes. The resulting layer provided optical opacity while
maintaining mechanical sensitivity to fine deformations.

5) Final Assembly: The completed elastomer exhibits 3.0
mm total thickness comprising an opaque pigment layer for

light reflection, a marker layer with the specific grid pattern,
and clear backing layers. This configuration positions mark-
ers immediately adjacent to the contact layer, maximizing
deformation sensitivity while protecting the grid from direct
wear through repeated contact cycles.

silicon 
elastomer

housing case

back panel

camera

white
LED

Fig. 3. Sensor assembly showing elastomer, housing, RGB camera (24
mm standoff), and white LED illumination.

C. Sensor Assembly

As shown in Fig. 3, the sensor assembly integrates the
elastomer with a protective housing to ensure stable illu-
mination and consistent optical performance. The elastomer
is mounted on a 3.0 mm clear acrylic plate and recessed
2.0 mm into a white PLA casing (Bambu Lab P1S), which
provides structural stability, uniform stress distribution, and
reproducible contact conditions. An RGB camera is po-
sitioned 24.0 mm from the contact surface to maximize
coverage within the depth of field, while six white LEDs are
arranged in pairs on three sides of the housing to deliver
uniform illumination. Videos were recorded at 640×480
resolution, supporting real-time processing and enabling sub-
pixel marker tracking.

IV. TACTILE IMAGE PROCESSING

The image processing for tangential displacement track-
ing involves preprocessing each frame capturing the elas-
tomer’s surface with the markers visible before measuring
any displacement that may have occurred from the initial
frame. This Lucas-Kanade optical flow tracking experiment
is designed to robustly track key-points on an elastomer
design in real-time camera footage using a preprocessing
pipeline that includes 5% border cropping, gray-world white
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balance correction, per-channel Retinex normalization, and
enhancement techniques like Contrast Limited Adaptive His-
togram Equalization (CLAHE) [25] and unsharp masking.
The system employs a two-stage masking strategy with a
primary geometry-aware mask optimized for square patterns,
validated through health checks for mask quality. Feature
tracking is performed using GFTT key-point detection (up
to 1000 points) [26] combined with pyramidal Lucas-Kanade
optical flow (155×155 window size, 3 pyramid levels) and
forward-backward error estimation to assess tracking quality,
while continuously monitoring performance metrics includ-
ing retention rate (percentage of successfully tracked key-
points) and forward-backward error (average pixel displace-
ment when tracking backwards).

Fig. 4. Representative tactile images for (a) object and (b) texture
classification across different elastomer designs.

V. DATA COLLECTION

A. Classification Task

Images were acquired at 640×480 resolution under stan-
dardized white LED illumination with the camera positioned
24.0 mm from the contact surface. Captured images that
include significant motion blur are excluded.

1) Object Classification: Object classification employed
ten diverse objects (box, funnel, bolt, strawberry, screw head,
corner hole plate, monument tools) representing varied geo-
metric complexity and surface properties as shown in Fig. 4a.
Each object was systematically contacted at nine locations
distributed across a 3×3 grid partitioning of the elastomer
surface. Images were captured at 0.1-second intervals from
maximum applied force until contact cessation, generating
2,000 images per object per sensor configuration (80,000
total images across four elastomers). Examples of tactile
images contacting with a strawberry are shown in Fig. 5a.

2) Texture Classification: Texture classification employed
six categories (foam, knit polo, microfibre cloth, running
shirt, scrubber, wash towel) selected to represent diverse
tactile discrimination challenges as shown in Fig. 4b. Data
collection followed a two-phase protocol: Phase I captured

ground-truth texture responses through controlled flat-sheet
contact where a flat acrylic slate was placed on top of texture
materials and force was applied until the texture pattern was
most visible, then gradually reduced until contact cessation.
Contact was applied across a 3×3 grid positioning system.
Phase II employed texture samples wrapped around cylin-
drical (25 mm diameter) and spherical (30 mm diameter)
forms to simulate realistic three-dimensional manipulation
scenarios. The dataset comprises 18,000 images with 3,000
images per texture category distributed equally across four
sensor configurations. Consistent environmental conditions
were maintained throughout data acquisition, and quality
control procedures eliminated images with insufficient con-
tact pressure. Examples of tactile images contacting with
Knit polo are shown in Fig. 5b.

Fig. 5. Comparison of tactile image for object classification (a) and texture
recognition (b) using different tactile skin design.

B. Optical Flow Tracking

Data were collected using a 3×3 grid positioning sys-
tem across the elastomer surface, with five motion pat-
terns executed at each grid cell: horizontal, vertical, and
diagonal displacements with alternating directions, normal
loading at the centre, and circular motion originating from
the centre. Videos were recorded with an RGB camera
24.0 mm from the contact surface at 640×480 resolution
under white LED illumination. Contact scenarios included
varying force levels (light, moderate, heavy), single versus
multiple contact points, and systematic deformation patterns
to evaluate tracking robustness.

C. Force Prediction

1) Setup: The data collection setup consists of four main
components: a robot arm, an ATI Nano17 force/torque sen-
sor, 3D-printed indenters and tactile sensors. The indenters
comprise 6 indenters in the seen group and 3 in the unseen
group, as shown in Fig. 6. Each indenter was mounted onto
the robot arm with a fixed initial position and orientation.

2) Trajectory: We uniformly selected five contact loca-
tions in the middle and edges to provide comprehensive
coverage of the soft elastomer surface. At each location,
the indenter executed a four-phase motion toward nearby
targets in the normal and shear directions as shown in
Fig. 6: (i) moving downward, (ii) moving tangentially, (iii)
tangential return, and (iv) moving upward. This captures both
increasing and decreasing force trajectories (F+

N , F+
S ) and
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Fig. 6. Force data collection setup with UR5e, ATI Nano17 F/T sensor,
and four-phase normal–shear motion trajectory and varying contact forces.

(F−
N , F−

S ), where N and S denote normal force and shear
force components, respectively. The motion speed was set
to 20% in the UR5e panel. The images and forces were
synchronized and acquired at 40Hz in real time across all
trials.

3) Parameters & Data Amount: For each contact location,
the indenters applied steps of 0.3 mm to a maximum depth
of 1.2 mm. In each step, the moving angle is 30◦ to repeat 12
times in different directions with a shear distance of 1.0 mm.
This configuration yielded 240 target points that span diverse
directions and locations. In total, 60,000 tactile images were
collected for four skins, respectively.

VI. EXPERIMENTAL RESULTS

A. Evaluation Metrics

The evaluation framework employed three groups of met-
rics that were aligned with the core tasks of this study. (1)
Object and Texture Classification: performance was quan-
tified by classification accuracy using an EfficientNet-B2
backbone across ten objects (80,000 images) and six textures
(18,000 images). (2) Tangential Displacement Tracking:
precision was assessed using the forward–backward (FB)
optical flow error in pixels and the percentage of point
retention across sequences. (3) Force Prediction: normal and
shear force estimations were evaluated against ground-truth
measurements from an ATI Nano17 F/T sensor, using mean
absolute error (MAE) and coefficient of determination (R2).

All experiments were conducted under standardized con-
ditions with uniform white LED illumination, fixed cam-
era placement at 24.0 mm, and a white PLA housing for
light diffusion. Four sensor configurations were systemati-
cally compared: clear silicone (markerless, theoretical upper
bound), dense black ink markers (baseline), and two variants
of translucent markers (grey squares and grey lines, both
implemented as 9×12 grids).

B. Object Classification Performance

For each object–sensor pair, 1,200 images were collected
and split into 70% training, 30% validation, and an indepen-
dent test set of 800 images. The models were trained with
EfficientNet-B2 over 50 epochs with early stopping (patience
= 5), batch size 64, and repeated five times for statistical
reliability.

Table II summarizes the results. The grey squares design
achieved the best performance, with 99.17% mean accuracy
(±0.13%) and worst-case accuracy above 99.0%, surpassing
both the markerless (98.39%) and dense ink (98.28%) base-
lines. Structured translucent markers enhanced rather than
degraded classification, with both line- and square-based de-
signs outperforming the clear elastomer. Dense ink markers
delivered the weakest and most variable results, while grey
squares provided the most consistent accuracy across runs,
confirming that structured markers improve discriminative
feature learning and robustness.

TABLE II
OBJECT CLASSIFICATION PERFORMANCE USING EFFICIENTNET-B2

(FIVE RUNS; ACCURACY AND MACRO-F1) (ACCC , F1D )

Sensor Design Best Avg. Std. Worst Avg.
Acc. Acc. Dev. Acc. F1

Clear (markerless) 98.6% 98.4% ±0.18% 98.2% 98.4%
Dense Ink Markers 98.9% 98.3% ±0.53% 97.8% 98.3%
G-Linesa 99.2% 98.9% ±0.36% 98.5% 98.9%
G-Squaresb 99.3% 99.2% ±0.13% 99.0% 99.2%

aGrey lines (translucent), bGrey squares (translucent).
cAcc: Classification Accuracy, dF1: Macro-F1 score.
Note: Results reported across all experimental runs.

C. Texture Classification Performance
Each texture dataset was split into 70% training, 30%

validation, and an independent test set of 250 images per
class. Models were trained with EfficientNet-B2 for 50
epochs using early stopping (patience = 3) and batch size
128, with five independent runs per elastomer design for
robustness.

Table III shows that the grey lines design achieved the
highest performance, with 93.51% average accuracy and
93.65% Macro-F1. This represents an +8.5 percentage point
gain over the clear elastomer, +5.1 points over grey squares,
and nearly +30 points over dense ink, which performed worst
(63.87% accuracy, 58.84% F1). These findings indicate that
sparse translucent markers preserve fine surface detail while
providing reference features, enabling balanced and reliable
classification across diverse textures.

TABLE III
TEXTURE CLASSIFICATION PERFORMANCE ACROSS ELASTOMER

DESIGNS (ACCURACY AND MACRO-F1) (ACCC , F1D )

Metric G-Linesa G-Squaresb Clear Dense Ink

Acc F1 Acc F1 Acc F1 Acc F1

Best 0.952 0.953 0.900 0.890 0.902 0.899 0.681 0.633
Avg 0.935 0.937 0.884 0.878 0.850 0.842 0.639 0.588

aGrey lines (translucent), bGrey squares (translucent).
cAcc: Classification Accuracy, dF1: Macro-F1 score.

D. Tangential Displacement Tracking Performance
Table IV reports tangential displacement tracking across

four marker-based sensor designs, evaluated using for-
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ward–backward (FB) error and point retention under varied
contact directions, forces, and speeds.

TABLE IV
OPTICAL FLOW TRACKING PERFORMANCE USING

FORWARD–BACKWARD (FBC ) ERROR AND KEYPOINT RETENTION.

Design Mean Std Min Max Retention

Dense Ink 0.017 0.033 0.000 0.258 62.9%
G-Linesa 0.020 0.026 0.001 0.170 76.4%
G-Lines (Worn)a 0.038 0.052 0.002 0.442 86.3%
G-Squaresb 0.014 0.020 0.002 0.118 97.0%

aGrey lines (translucent), bGrey squares (translucent).
cFB error: Forward–backward optical flow error measurement.
Retention: Percentage of successfully tracked feature points.

Fig. 7. Optical flow during tangential motion for (a) dense ink, (b) grey
lines, and (c) grey squares.

The grey squares configuration delivered the most reliable
performance, with the lowest mean FB error (0.014 PX),
lowest variance (0.020 PX), and highest retention (97.0%),
confirming both accuracy and robustness (Fig. 7). Dense
ink achieved low error in zero-contact conditions (0.000 PX
minimum) but deteriorated under deformation, with mean
error rising to 0.017 PX and retention dropping to 62.9%.
Grey lines offered moderate results (0.020 PX mean error,
76.4% retention), though wear substantially degraded preci-
sion (0.038 PX mean error, 0.052 PX variance) despite a
nominal rise in retention.

Grey squares with translucent markers proved most practi-
cal and robust for displacement tracking. Dense ink markers
were less reliable under deformation while line markers
degraded significantly with wear.

E. Force Prediction Performance

To evaluate the force prediction performance by using both
a single image and sequential images, we use ResNet and
ResNet+ConvGRU [1]. Both models are trained with seen
indenters for 20 epochs with a learning rate of 0.1 and for
another 20 epochs of a learning rate 0.001.

Table. V and Table. VI illustrates the force prediction
performance for four skins test in seen indenters and
unseen indenters, respectively. It is impressively to find
that translucent design with Grey squares demonstrates the
best performances in total force compared with traditional
markerless design with clear skin and marker design with
dense ink design. The enhanced force prediction performance
is verified in both single image prediction (ResNet) and
sequential image prediction (ResNet+ConvGRU). Specifi-
cally, force prediction errors are improved 66% using grey
squares compared to dense ink design in unseen objects with
sequential images and 36% compared with clear image. In
the seen groups, the improvement is also around 56% using
a grey square with sequential imaged compared to traditional
design. In addition, we also show force prediction results for
500 images with our two translucent design in Fig. 8, both
demonstrating small force errors in three axes. The above
results validate the superiority of our design in the prediction
of 3-axis forces.

TABLE V
FORCE PREDICTION PERFORMANCE ON SEEN INDENTERS (MAE IN N

AND R²) USING RESNET AND RESNET + CONVGRU.

Method Elastomer Fx (N) Fy (N) Fz (N) Total

Type Err↓ R2 ↑ Err↓ R2 ↑ Err↓ R2 ↑ Err↓

ResNet

Clear 0.242 0.360 0.251 0.480 0.582 0.840 0.556
Dense Ink 0.120 0.890 0.149 0.880 0.636 0.860 0.588
G-Linesa 0.213 0.660 0.153 0.840 1.170 0.730 1.060
G-Squaresb 0.153 0.660 0.248 -0.220 0.589 0.730 0.513

ResNet +
C-GRUc

Clear 0.280 0.050 0.316 0.010 0.622 0.810 0.548
Dense Ink 0.106 0.930 0.112 0.940 0.629 0.900 0.569
G-Linesa 0.090 0.930 0.113 0.900 0.405 0.910 0.360
G-Squaresb 0.090 0.890 0.088 0.920 0.271 0.930 0.248

aGrey lines (translucent), bGrey squares (translucent), cConvolutional GRU.

TABLE VI
FORCE PREDICTION PERFORMANCE ON UNSEEN INDENTERS (MAE IN N

AND R²) USING RESNET AND RESNET + CONVGRU.

Method Elastomer Fx (N) Fy (N) Fz (N) Total

Type Err↓ R2 ↑ Err↓ R2 ↑ Err↓ R2 ↑ Err↓

ResNet

Clear 0.261 0.180 0.358 -0.340 0.746 0.690 0.732
Dense Ink 0.473 -0.540 0.349 0.390 1.150 0.520 1.110
G-Linesa 0.374 -0.110 0.381 -1.200 1.090 0.410 1.000
G-Squaresb 0.243 0.230 0.308 0.010 0.800 0.710 0.730

ResNet +
C-GRUc

Clear 0.259 0.050 0.292 0.000 0.841 0.710 0.793
Dense Ink 0.198 0.760 0.143 0.890 1.630 0.400 1.570
G-Linesa 0.211 0.380 0.141 0.770 0.675 0.710 0.658
G-Squaresb 0.137 0.740 0.142 0.830 0.542 0.870 0.501

aGrey lines (translucent), bGrey squares (translucent), cConvolutional GRU.

VII. DISCUSSION AND CONCLUSION

A. Discussion
The experiments provide strong evidence that tinted,

translucent markers address the long-standing trade-off be-
tween tangential displacement tracking and preservation of
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Fig. 8. Example 3-axis force prediction (500 frames) for (a) grey lines and (b) grey squares compared to ground truth. Ground truth is from ATI nano
17 F/T sensor.

surface detail in vision-based tactile sensing. Conventional
dense ink markers, although simple to fabricate, obscure fine
geometric features of the contact surface and consequently
degrade downstream performance. This drawback is reflected
in both reduced texture classification accuracy and unsta-
ble optical flow retention. Grey line patterns, designed to
improve retention by providing high-contrast edges, offered
initial advantages but deteriorated under repeated use and
high strain, highlighting susceptibility to wear. In contrast,
the grey square design consistently maintained retention
above 90% at strains exceeding 15% while preserving a low
forward-backward (FB) error, indicating robustness to both
deformation and prolonged operation.

A closer analysis of optical flow behaviour clarifies the
source of this improvement. Translucent markers embed-
ded within the elastomer exhibit lower contrast with the
background than dense ink patterns, producing masks that
are less sharply defined. Although this might appear dis-
advantageous, the reduced contrast allows the detection of
a larger number of distinct, trackable features within the
same region. These features are reliably tracked across
frames, yielding both higher point counts and improved
retention. Dense ink, in contrast, yields crisp, high-contrast
boundaries that can locally minimise FB error, but provide
few unique features for long-term tracking, limiting stability.
As a result, translucent markers achieve a more favourable
balance: substantially higher retention than dense ink while
maintaining comparable FB error, providing a more reliable
basis for lateral displacement estimation. This behaviour is
exemplified in Fig. 9, where optical flow remains stable under
large strains even when markers within the contact region
become visually indistinct; the figure also illustrates the
processing pipeline, including the extracted mask, keypoint
selection within each mask, and the contrast-enhanced frame
used for Lucas-Kanade tracking. Further gains are feasible
by introducing simple gating to reject keypoints with FB
error above a fixed threshold; because the translucent design
yields a larger pool of candidate features, such gating would

not materially reduce measurement accuracy.
The advantages of translucent markers extend beyond op-

tical flow tracking to classification and force estimation. Ob-
ject recognition accuracy improved from 98.3% with dense
ink to 99. 2% with grey squares, while texture classification
increased from 63.9% to 93.5%. The multi-axis force predic-
tion error was reduced by more than 66% with consistently
high coefficients of determination (R2), underscoring the
value of preserving surface deformation signals along with
robust tracking. Collectively, these results demonstrate that
translucent marker designs enhance robustness, support more
discriminative feature learning, and improve force estimation
accuracy, establishing a practical and scalable approach for
vision-based tactile sensing.

Fig. 9. Tangential displacement tracking using the translucent grey square
design during high-deformation contact with a strawberry. Stable optical
flow features are maintained even when markers within the contact area
become visually indistinct.

In summary, the findings validate the central hypothesis
of this study: tinted, translucent markers eliminate the inher-
ent trade-off between shear-force tracking and deformation
visibility in VBTS. By enabling stable lateral displacement
tracking without sacrificing surface detail, the proposed
design overcomes the limitations of prior marker-based and
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markerless approaches, establishing a practical and general-
izable path forward for next-generation tactile sensors.

Fig. 10. Translucent skin integrated into a GelSight-mini.

B. Future Work

Future work will evaluate the sensor on non-rigid objects
and deformable contacts to assess performance across diverse
geometries. We will develop image processing pipelines for
tinted translucent elastomers under multicolour illumination
(Fig. 10), enabling reliable marker segmentation for photo-
metric stereo geometry-force reconstruction and integration
with NormalFlow for 6DoF pose tracking [27]. Marker
designs will be refined to reduce transparency artefacts under
high strain for greater robustness, while fabrication methods
will be extended to produce smaller, denser, or randomised
marker patterns that increase spatial resolution while pre-
serving surface texture detail. Finally, the sensor will be
embedded within closed-loop controllers and multi-fingered
robotic grippers to enable dexterous in-hand manipulation in
unstructured environments.

C. Conclusion

This work demonstrates that tinted translucent markers
resolve the VBTS trade-off between tangential displacement
tracking and surface geometry preservation. Grey squares
achieved superior performance across all metrics: >90%
point retention under high strain, sub-millimetre accuracy,
99+% object classification accuracy, 93.5% texture recogni-
tion, and >66% lower force prediction error versus dense ink
while maintaining high R2. These results validate a single-
skin solution requiring no additional hardware or software,
paving the way for of multi-modal tactile sensing.
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