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MagicGripper: A Mini-MagicTac Integrated
Gripper Enabling Multimodal Perception in
Contact-Rich Manipulation

Wen Fan™, Haoran Li*, Qingzheng Cong, and Dandan Zhang

Abstract—Contact-rich robotic manipulation in unstructured
environments demands reliable multimodal perception. Here, we
present MagicGripper, a multimodal robotic gripper built around
mini-MagicTac, a compact variant of the MagicTac sensor. Mini-
MagicTac embeds multi-layer grid structures in a 3D-printed
elastomer, enabling visual, proximity, and tactile sensing in a
gripper-compatible form factor. In this paper, we introduce the
design and multimodal perception capabilities of mini-MagicTac,
as well as two algorithmic frameworks for proximity and contact
detection. Experimental evaluations show that mini-MagicTac
achieves high spatial resolution, accurate contact localisation,
and robust force estimation under mechanical and manufac-
turing variations. Autonomous grasping trials further validate
MagicGripper’s reliable multimodal perception and adaptability
to complex manipulation scenarios. These results demonstrate
MagicGripper as a compact and versatile platform for embodied
intelligence in contact-rich environments.

Note to Practitioners—Robotic end-effectors often break down
when a task calls for both “eyes” and ‘“‘skin”: adding multiple
sensors usually makes the gripper bulky, fragile, and expensive to
build. MagicGripper shows one practical way around that trade-
off. Each finger is 3D-printed without casting or post-assembly
is required; inside the soft skin a multi-layer grid acts as sensing
feature, letting embedded camera read visual, proximity, and
tactile cues simultaneously.

Index Terms—Vision-based tactile sensor, multi-modality sens-
ing, robotic manipulation.

I. INTRODUCTION

OBOTIC manipulation in unstructured environments
demands advanced sensing to perceive and respond
to complex physical interactions between the robot and its
surroundings [1], [2]. Contact-rich tasks particularly rely on
multimodal feedback [3], [4], [5], combining visual, tactile,
force, and proximity cues. Integrating these modalities into
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Fig. 1. Overview of the MagicGripper system featuring multimodal sensing
via multi-layer grid structures. The integrated mini-MagicTac sensor provides
visual, proximity, and tactile feedback, validated through extensive experi-
ments in contact-aware manipulation.

robotic end-effectors is essential for achieving human-like dex-
terity and adaptive interaction [6], [7], [8]. Among them, vision
effectively captures object size, colour, shape, and texture [9],
but its reliability decreases upon contact due to occlusion and
lighting variation. In contrast, tactile sensing provides direct
physical feedback and remains robust under visually degraded
conditions. Tactile features can be categorised as static (e.g.,
texture, contact shape, indentation) and dynamic (e.g., force,
shear, torque), jointly offering grounded information cru-
cial for manipulation and exploration. Beyond vision and
touch, proximity sensing bridges the perception-action gap by
establishing a buffer zone for early surface detection and tra-
jectory adjustment, enhancing precision and safety during fine
manipulation. Hence, compact, compliant end-effectors capa-
ble of fusing these modalities are vital for robust contact-rich
manipulation.

Among existing tactile sensing technologies, vision-based
tactile sensors (VBTSs) have shown great promise for cap-
turing rich contact information through embedded visual
systems. However, current VBTS designs still face key trade-
offs upon multimodal sensing that limit their use in compact
end-effectors. Most VBTSs rely on specific optical encoding
schemes that either offer high-resolution imaging but less
dynamic force sensing, or vice versa. Moreover, modality
switching between visual, proximity, and tactile cues often
depends on additional hardware or complex calibration pro-
cedures, which increase system size and reduce robustness.
These challenges, coupled with multi-stage fabrication and
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limited structural flexibility, hinder seamless integration of
VBTSs into multimodal robotic grippers.

To address these challenges, we introduce MagicGripper
(Fig. 1), a compact, sensor-integrated gripper built on mini-
MagicTac, a miniaturised variant fabricated via multi-material
additive manufacturing [10]. It employs a multi-layer grid elas-
tomer architecture enabling simultaneous proximity, visual,
and tactile perception without extra hardware for modality
switching. The main contributions are as follows:

e Sensor Design: Development of mini-MagicTac, featur-
ing an embedded multi-layer grid that enhances static and
dynamic tactile sensing with design flexibility, manufac-
turing efficiency, and product consistency.

e Multimodal Integration: Realisation of unified visual,
proximity, and tactile sensing by exploiting the reflective
and refractive properties of grid cells, achieving multi-
modal perception within a single compact unit.

¢ Sensing Framework: Formulation of a perception frame-
work that decouples proximity and contact events via
channel entropy correlation and grid similarity metrics,
enabling smooth transitions across pre-contact, contact,
and post-contact phases.

Rather than proposing a single optimised design, Magic-
Gripper demonstrates how multimodal perception enhances
robotic interaction autonomy while offering a scalable path-
way toward sensor-rich manipulators capable of contact-aware
intelligence through flexible fabrication.

II. RELATED WORK
A. Sub-Modal Tactile Sensing in VBTSs

Sub-modal tactile sensing refers to a sensor’s capability
to capture distinct tactile components such as static texture
or dynamic force. In vision-based tactile sensors (VBTSs),
this capability depends on the sensing mechanism [11], which
determines how physical interactions are optically encoded
into images. A widely adopted approach is the intensity
mapping method (IMM) used in GelSight-type designs [12],
[13], [14], [15], where reflective surface coatings record
static features including fine geometry and local indentation.
In contrast, the marker displacement method (MDM) tracks
the motion of embedded markers to sense dynamic contact
information [16]. Most MDM-based VBTSs employ a single
marker layer, either embedded within the elastomer [17]
or patterned on its surface [18]. Multi-layer configurations
extend this principle: GelForce [19] uses dual marker layers to
estimate traction fields, while ChromaTouch [20], [21] applies
subtractive colour mixing for richer tactile cues. Hybrid
IMM-MDM designs [9], [22], [23], [24] enable simultaneous
perception of static and dynamic features but often inherit the
drawbacks of both methods. Reflective coatings are susceptible
to abrasion, and dense marker patterns obscure optical cues,
reducing spatial fidelity. UVtac [25] mitigates this trade-off
through controllable ultraviolet (UV) illumination switching.

B. Multi-Modality Sensing of VBTSs

Beyond improving sub-modal sensing, the modality fusion
method (MFM) [11] integrates complementary modalities such
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Fig. 2. Printed elastomer in mini-MagicTac with embedded multi-layer grid.
A: External skin and internal core structure. B: Samples for hardness test.

as vision, proximity, and thermal cues within a unified frame-
work to enhance perception. MDM-MFM systems tend to
utilize transparent elastomers to combine visual and tactile
sensing, like FingerVision [26], [27] and ViTacTip [28]. ViTac-
Tip further employs a generative adversarial network (GAN)
for data-level modality switching. SpecTac [29] incorporates
switchable UV markers and transparent layers to capture both
contact and spectral visual information. IMM-MFM systems
achieve modality switching via optical path control. STS [30]
and VisTac [31] employ internal lighting and mirror coatings
to alternate between visual and tactile modes, whereas TIRgel
[32] uses focus adjustment for mode transition. Beyond visual-
tactile fusion, SATac [33] integrates a thermoluminescent
layer for simultaneous tactile-thermal sensing, and M3Tac
[34] combines near- and mid-infrared imaging for multispec-
tral perception of texture, force, proximity, and temperature.
Recently, DIGIT360 [35] introduced an omnidirectional, high-
resolution fingertip capable of sensing normal and shear forces,
vibration, temperature, and chemical feedback. These existing
MFM-based systems demonstrate the potential of cross-modal
fusion to broaden the perception bandwidth. However, their
designs remain complex, bulky, and hardware-intensive, limit-
ing scalability and hindering seamless integration into robotic
grippers for contact-rich manipulation.

III. METHODOLOGY

This section outlines design of mini-MagicTac, the core
of MagicGripper. The underlying sensing mechanism is first
detailed, followed by its integration into MagicGripper.

A. Multi-Layer Grid Embedded in Mini-MagicTac

As described in [10], the multi-layer grid is fabricated
through PolyJet multi-material additive manufacturing. This
integrated process simultaneously prints internal structures
with different materials, eliminating post-print assembly and
overcoming the design and quality limitations of manual
fabrication. As shown in Fig. 2(A), the elastomer comprises
an embedded core and an external skin. Grid-cell dimensions,
typically 0.6-1 mm, can be adjusted to balance deformabil-
ity and printing precision. The grid skeleton, printed using
Agilus30 Clear for its rubber-like elasticity and durability,
is filled with support material SUP706 to enhance integrity
and reduce hardness. Both Agilus30 Clear (transparent) and
SUP706 (translucent) transmit light, forming the basis for
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Fig. 3. A: Observed grid distributions near stimuli showing sensitivity to
force magnitude (b-d), direction (e-f), and rotation (g-h). B: Lattice spring
model of the multi-layer grid in (a) stationary and (b) deformed states.

multimodal sensing. The co-printed external skin uniformly
encloses the structure. Material choice, Agilus30 Clear or
Agilus30 Black, determines optical behaviour: the transparent
variant maximises light transmission, whereas the opaque
variant blocks external illumination. Skin thickness, adjustable
from 0.3 mm, further tunes hardness through geometry. The
performance of this design is evaluated in Section I'V-A using
the test samples shown in Fig. 2(B).

B. Sensing Properties of the Multi-Layer Grid

1) Deformation Analysis: As shown in Fig. 3(A), the
spatial distribution of grid cells changes systematically with
stimulus magnitude and direction. Without contact, the grid
remains uniform (Fig. 3(A.a)); under light load, only the
surface layer deforms elastically along the applied force (Fig.
3(A.b)). As the load increases, (i) deformation magnitude
grows proportionally and (ii) the affected region expands out-
ward from the contact zone (Fig. 3(A.c-d)). These relationships
persist under changes in force direction and rotation (Fig.
3(A.e-h)), indicating isotropic response.

To interpret this behaviour, a lattice spring model (LSM)
is introduced (Fig. 3(B)). The representative structure consists
of a 2 x 2 x 2 array of flexible cells (Ax, Ay, Az) distributed
across three layers: upper (/+ 1), middle (/), and lower (/- 1).
These eight cells define the representative elementary volume
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Fig. 4. A: Optical responses of multi-layer grid under various case. B: Three
light propagation modes coupled within the grid and (b) optical model for
each cell describing light transport. C: Deformation concentrates light within
cells through internal reflection, increasing brightness in the camera image.

(REV) of the grid, centred at node P, ,; (purple). In the
stationary state (Fig. 3(B.a)), four structural nodes (green) and
eight diagonal nodes (white) are connected by linear springs.
When a contact force Fy is applied, connected nodes (P;, P))
experience displacements (u;, u;) (Fig. 3(B.b)), whose magni-
tude and orientation depend on F,;. Multiple REVs distributed
throughout the elastomer form a continuous mechanical field,
enabling fine-grained sub-modal tactile capture.

2) Optical Analysis: The deformed grid exhibits distinct
optical behaviour under varying contact conditions. As shown
in Fig. 4(A), faint contours of an object appear as it approaches
due to partial light scattering. Upon contact, cells in direct
contact brighten sharply; as indentation deepens, the grid con-
forms to surface curvature, expanding the illuminated region.
These stage-wise intensity changes are consistent across dif-
ferent objects and lighting conditions.

An optical model is formulated based on the REV in the
LSM (Fig. 4(B)). A light ray incident at a random angle may
undergo three propagation modes: (i) external reflection, (i)
internal reflection, and (iii) internal refraction.

e External and Internal Reflection: When the incident
angle € of incoming light I;_; is large at cell side-
walls (Py, Py, Ps, Pg), only part Iy enters the cell,
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Fig. 5. Multimodal sensing principle of the multi-layer grid. A: During object approach, the grid remains undeformed while proximity and visual cues are
transmitted through internal refraction. B: Under light contact, only the surface deforms locally, producing internal reflection that brightens contact regions
(static tactile features). C: With heavier contact, deformation propagates through multiple layers, capturing dynamic tactile features such as force and torque.
D: Grid-like VBTS fuses visual and tactile modalities, encompassing sub-modal information of proximity, visual detail, and static/dynamic contact cues.

while the remainder /] is reflected outward at angle €.
This becomes more pronounced under oblique illumina-
tion. Internal reflection allows light to propagate within
deformed cells, concentrating brightness (Fig. 4(C)).

e Internal Refraction: At smaller angles, I;_; passes
through the sidewall with refracted angle €', generat-
ing transmitted light I,’(. Near-normal incidence increases
transmission, enabling light to traverse neighbouring cells
and reach the camera, contributing to intensity.

Overall, the grid-stimulus interaction can be modelled as
soft-body deformation driven by contact forces. The LSM
serves as a discrete analogue of finite element analysis (FEM),
where grid-cell distribution represents the internal stress-strain
field of the elastomer. Although direct tracking of 3D grid-
node motion from 2D images remains challenging, the grid
acts as a transparent elastomer embedded with translucent
mesh segments. This structure permits partial light transmis-
sion and introduces discrete refraction and reflection within
deformed regions, encoding geometric and intensity variations
that underpin multimodal sensing in mini-MagicTac. The
further theoretical model of above process has been proposed
in Supplementary Section VII-A.

3) Multimodal Sensing Principle: Building on the defor-
mation and optical analyses, the multimodal sensing principle
of the multi-layer grid is summarised in Fig. 5. When illumi-
nated by side-mounted LEDs and viewed by a top-mounted
camera, an approaching object without contact (Fig. 5(A))
maintains a stable illumination pattern dominated by total
internal reflection (TIR). Simultaneously, proximity and visual
cues are captured through vertical internal refraction. At larger
distances, coarse proximity features such as contours and
approximate depth dominate; as the object nears, fine visual
details such as texture and colour distribution emerge, defining
the grid’s visual modality.

Under light contact (Fig. 5(B)), the outer skin compresses
locally, altering internal reflection and creating bright regions
corresponding to static tactile features such as texture and
indentation depth. With heavier force (Fig. 5(C)), deformation
penetrates deeper layers, translating force and torque into
internal stress and strain. These deformations appear as broad
optical variations encoding dynamic tactile features such as
force magnitude, direction, and motion.

A
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A0 S

DIGIT Base

Mini-MagicTac Gripper Base

Fig. 6. Hardware design of the mini-MagicTac and MagicGripper. A:
Exploded view of the mini-MagicTac assembly: (a) printed elastomer with
embedded multi-layer grid, (b) sensor lens, (c) sensor base, (d) LED strip, (e)
DIGIT upper base, (f) camera, and (g) DIGIT lower base. B: MagicGripper
adopts a two-finger, motor-driven design where each finger integrates a mini-
MagicTac module for multimodal perception.

The integrated framework (Fig. 5(D)) fuses visual and
tactile modalities. The visual modality dominates pre-contact
and near-contact phases, providing proximity and appearance
cues, whereas the tactile modality activates upon contact,
capturing static and dynamic interaction features. Grid density
determines tactile resolution: smaller cells enhance texture
sensitivity, while excessive layering reduces optical clarity.
Conversely, too few layers restrict deformation along the
Z-axis, improving visual sharpness but reducing force and
depth perception. Hence, grid thickness (the number of layers
for a given density) must be optimised to balance optical
transmission and elasticity, as discussed in [11].

C. Hardware Design of MagicGripper

To demonstrate the multimodal sensing capability in real-
world manipulation, we propose the hardware design of
MagicGripper, illustrated in Fig. 6. Leveraging the design flex-
ibility of integral printing [10], the multi-layer grid architecture
can be adapted to various VBTS configurations and robotic
systems. The mini-MagicTac, a compact finger-shaped sensing
module compatible with the DIGIT base unit,’ is shown in
Fig. 6(A). The module consists of a printed elastomer with an
embedded multi-layer grid, an optical lens, a camera, and side-
mounted LED illumination within DIGIT housing. Its small
form factor ensures compatibility with robotic end-effectors
while maintaining high-resolution sensing.

Uhttps://github.com/facebookresearch/digit-design
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Building on this design, the MagicGripper adopts a two-
finger architecture in which each motor-driven finger integrates
one mini-MagicTac module (Fig. 6(B)). A base-mounted
motor drives both fingers symmetrically to open and close,
maintaining parallel alignment of the sensing surfaces for sta-
ble, contact-rich grasps. During operation, each finger captures
multimodal sensory data, which are fused to achieve closed-
loop manipulation.

D. Proximity and Contact Detection Algorithm

Building on the multimodal sensing principle of the multi-
layer grid (Fig. 5), proximity and contact detection algorithms
were developed for MagicGripper. These algorithms enable
responsive, contact-aware manipulation by exploiting the
channel-wise optical characteristics of mini-MagicTac.

1) Channel Response Characterization: To analyse the
sensing behavior of the mini-MagicTac mounted on the
DIGIT base, the RGB channel responses were analysed under
heterochromatic illumination (Fig. 7), which reveal distinct
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Fig. 8. A/B: Temporal fusion (TF) enhances both background suppression and
global grid recognition. C: For reference generation, TF is applied channel-
wise to raw images using an N : M ratio, producing M background references
and one grid reference.

channel characteristics. The blue and red channels exhibit
uneven illumination, whereas the green channel provides uni-
form coverage across the field of view (Fig. 7(A)).

Channel response varies with contact state and external
lighting. Under strong ambient interference (Fig. 7(C)), differ-
ences between channels diminish, obscuring proximity cues
and reducing data reliability. In contrast, during contact (Fig.
7(B)), inter-channel contrast increases, highlighting deforma-
tion and grid illumination. Threshold-based analysis further
shows that the grid geometry appears most distinct in the
green channel, demonstrating high optical sensitivity. How-
ever, cross-channel variance and sensitivity to light noise
remain challenges for stable signal extraction.

2) Temporal Fusion Method for Data Processing: To
extract stable and informative features from each colour chan-
nel, a temporal fusion (TF) method is introduced. It averages
raw image data over a defined period to generate representative
reference frames, typically during the initialisation phase of
mini-MagicTac. As illustrated in Fig. 5(A), although illumi-
nation may vary due to internal reflection and refraction, the
geometry of the embedded grid remains static in the absence
of contact. This implies that image data contain consistent
patterns over time, especially in grid-associated regions.

Experimental results support this observation (Fig. 8(A,B)).
The visual outputs (TF-raw and TF-threshold) exhibit stable
global features and well-defined grid structures, confirming
the effectiveness of the temporal fusion strategy. The TF-raw
image, produced by averaging raw frames, preserves the over-
all illumination pattern while suppressing high-frequency noise
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Algorithm 1 Temporal Fusion for Data Processing

Input:

I ={I,..., Iy} : sequence of raw images

N = 30 : number of raw images

M = 3 : number of background reference masks
7p = 35 : binary threshold for grid reference mask
Output:

B,ef = {B1, ..., By}: background reference masks
G,y : grid reference mask

Step 1: Channel Decomposition
for I; € I do
| Split ; into channels ¢ € {r, g, b}: I/, If, I}

Step 2: Background Mask Construction
for j =11t M do

for channel c € {r, g, b} do

| B = mean({I§;_ ). v ppy410 - -

Bj = merge({B}, B, B})
Bref ={B1,..., Bj:M}
Step 3: Grid Mask Construction
for channel c € {r, g, b} do

fori =11t N do
L Apply Gaussian blur to If to filter noise

G{ = binary threshold(/{, 7p)
G =mean({G{, ..., G{_y})
G,y = merge({G”, G4, G})
return B,.; G

i v D

from ambient light fluctuations or minor vibrations. In con-
trast, TF-threshold applies binary thresholding before fusion,
enhancing high-contrast regions, sharpening grid edges, and
improving structural segmentation.

Based on these results, two reference masks are constructed
from the temporal sequence of mini-MagicTac images: a
background reference mask and a grid reference mask.
The background reference mask filters environmental noise,
whereas the grid reference mask provides a baseline for
detecting deformation during contact. As shown in Fig. 8(C)
and Algorithm 1, a set of N raw images is first split by RGB
channels. Each channel is processed with a temporal fusion
ratio of N : M to generate M background reference masks
(where M < N). The parameters N and M are user-defined
and can be tuned according to lighting variability, enhancing
robustness to temporal disturbances. The grid reference mask,
by contrast, is generated as a single fused image from the
entire N-frame sequence, ensuring maximal retention of the
static grid geometry and serving as a reliable reference for
downstream tasks such as contact detection.

3) Algorithm Framework Design: Algorithmic frameworks
for proximity and contact detection are developed to address
two key challenges: (1) distinguishing valid proximity cues
from mini-MagicTac’s raw data beside light noise, and (2)
extracting contact features without grid tracking.

a) Proximity detection: As shown in Fig. 9(A), the raw
image sequence first undergoes background denoising and

Algorithm 2 Proximity Detection Using Channel Entropy and
Inter-Channel Correlation

Input:

Feyr ¢ current image frame

g = 0.5 : channel entropy threshold

¢ = 0.2 : channel correlation threshold
Output:

Proximity state € {Normal, Approaching, Noise}

Step 1: Background Mask Generation

Same as Step 2 in Algorithm 1:

B,os = {B1, ..., Bu}: background reference masks
M = 3 : number of background reference masks

Step 2: Preprocess Current Frame
Split Fey into channels ¢ € {r, g, b}: F", F$, F?
for channel ¢ € {r, g, b} do
for j =11t M do
L AF§ = threshold(F* —
F ¢ F HENA AF]?

BS.,0)

¢ c
Fftltered F

Fl'ﬂferb‘(’CTiOVl = merge({F]r‘iltered’ F;iltered’ Fjlziltfred})
Step 3: Compute Entropy and Correlation
for channel {r, g, b} do

Cyg = correlation(F ;4> Ffmmd)

Crp= correlauon(Ffmered, Flete} od)

Cop = correlatlon(Fflltered, Ffl,,md)

Eora = entropy(gray(Flnrersectton))
Ciotal = mean(crg: Crp, Cgb)

Step 4: State Decision Logic

if E,,,u < Tt then
L return Normal

else if E,,;,; > tgandC,,, < tc then
| return Approaching

else if E,, > tgandC,,, > tc then
L return Noise

cumulative channel intersection (Fig. 9(A.a-b)). This identi-
fies consistent variations across channels over M iterations,
corresponding to the number of reference masks. The filtered
data (F", F¢, F") are then processed by two modules: entropy
computation and inter-channel correlation analysis. Channel
entropy E quantifies visual disorder as:

E=-Y"P(i)log, P(i) ()

where P(i) is the normalised histogram of pixel intensities.
Higher E values indicate increased image complexity, often
caused by the approach of an external object. Since entropy
is sensitive to illumination noise, it is complemented by
a correlation-based stability measure. Pearson’s correlation
coefficient between channels F* and F” is given by:
X y
Co = cov(F*, F?) @)
O pxO Fy

where cov(F~*, F?) is the covariance and o «, oy are standard
deviations. Iterating through all channel pairs yields a corre-
lation matrix describing inter-channel relations.
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Fig. 9. Proximity and contact detection frameworks. A: Proximity detection: (a) remove background using reference frames; (b) perform cumulative channel
intersection, followed by (c) entropy and (d) correlation computation to estimate proximity probability. B: Contact detection: (a) extract grid structure from
each channel; (b) apply grid references for intersection; (c) compute grid similarity for contact probability estimation.

An increase in entropy accompanied by a decrease in cor-
relation indicates an approaching object, as internal reflection
and refraction alter heterochromatic illumination differently
across channels. Conversely, high correlation during entropy
variation suggests global lighting noise. Stable low entropy
corresponds to a non-contact state (Fig. 9(A.e)). The complete
implementation is summarised in Algorithm 2.

b) Contact detection: The contact detection pipeline,
shown in Fig. 9(B), focuses on grid deformation analysis.
As observed in Fig. 5(B-C), heavier contact induces greater
deformation within the multi-layer elastomer. Each RGB chan-
nel of the mini-MagicTac output is thresholded to extract
the intrinsic grid geometry (Fig. 9(B.a)), which is compared
with the reference grid pattern generated through tempo-
ral fusion (Algorithm 1, Fig. 8). The ratio of overlapping
pixels between the current grid and reference defines the
grid similarity:

S = Ainlersect (3)

Areference

A higher S indicates minor deformation, whereas lower S
corresponds to stronger contact (Fig. 9(B.c-d)). The detection
logic is summarised in Algorithm 3.

IV. EXPERIMENTAL EVALUATION

This section presents the experimental evaluation of
both mini-MagicTac and MagicGripper. The former is
assessed in terms of design flexibility, sensing performance,
and robustness, while the latter is evaluated for contact-
phase detection, contact-feature perception, and interaction
autonomy.

A. Flexibility Evaluation of Multi-Layer Grid

To quantify the tunable mechanical properties of the multi-
layer grid, two experiments were conducted using the printed

Algorithm 3 Contact Detection Using Grid Similarity

Input:

Feur @ current image frame

G @ pre-computed grid reference mask

7 = 35 : binary threshold for grid reference mask
7¢ = 0.6 : grid similarity threshold

Output:

Contact state € {Touched, Untouched}

Step 1: Preprocess Current Frame
Split Fgy, into channels ¢ € {r, g, b}: F", F$, F?
for channel {r, g, b} do
Apply Gaussian blur to F¢ to filter noise
L G°¢ = binary threshold(F*, tp)

Step 2: Grid Mask Intersection
Split Gef into channels ¢ € {r, g, b}: G;ef, Gfef, Gfef
for channel c € {r, g, b} do

L G?ntersection = G;lef nGe

Step 3: Compute Grid Similarity
for channel {r, g, b} do

S" = Similarity(G?mersection’ G;ef)
Sg = Similarity(Glgntersection’ Gfef)

T . b b
Sb - ‘”mllarlty(Gintersection’ Gref)

Stotal = mean(S,, Sq, Sp)

Step 4: State Decision Logic
if Slotal <TG then
L return Touched

else if S,y > 75 then
L return Untouched

samples in Fig. 2(B). Hardness was measured with a Shore-A
durometer at five evenly distributed surface points.

In the first test, elastomer height was fixed at 10 mm
while the external skin thickness varied from 0.5 mm to 3
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Elastomer Hardness of Different Skin Layer Thickness
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Fig. 10. Hardness of multi-layer grid can be modified between 17A and 33A
when skin layer of elastomer samples varies from 0.5mm to 3mm thick.

TABLE I
PRINTED ELASTOMERS WITH ADJUSTABLE STRUCTURES & HARDNESS

Elastomer Height  Skin Thickness  Core Height  Test Hardness

10mm 3mm 4mm 33.25A
10mm 2mm 6mm 26.00A
10mm 1.5mm 7mm 22.25A
10mm Imm 8mm 20.25A
10mm 0.5mm 9mm 17.50A
2mm 0.5mm Imm 30.50A
Smm 0.5mm 4mm 18.20A
15mm 0.5mm 14mm 15.17A
20mm 0.5mm 19mm 14.20A

mm, reducing the grid-core height from 9 mm to 4 mm. In
the second, skin thickness remained 0.5 mm and total height
increased from 2 mm to 20 mm, yielding a proportional core
height from 1 mm to 19 mm.

From Fig. 10, hardness increased linearly from 17.5A
to 33.25A as skin thickness rose from 0.5 mm to 3 mm,
approaching the value of pure Agilus30 Clear (35A). Table I
indicates that, under fixed skin thickness, greater core height
produces softer samples. With a 0.5 mm skin, increasing the
core height from 1 mm to 19 mm reduced hardness from 30.5A
to 14.2A. For reference, typical VBTS elastomers measure
5A-20A [12]. By adjusting skin thickness and core height, the
grid achieves a broader range (15A-30A) than pure Agilus30,
offering greater design tunability for VBTS.

Design constraints remain: very thin skins, though softer,
are prone to abrasion under repeated contact, while thicker
skins improve durability but reduce grid-core height and
tactile sensitivity. Balancing compliance and robustness,
a skin thickness of 0.5-1 mm and a core height of
about 5 mm are recommended for the embedded grid in
mini-MagicTac.

B. Performance Evaluation of Mini-MagicTac

1) Spatial Resolution: Spatial resolution is a key indicator
of static tactile performance in VBTSs. As shown in Fig.

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 22, 2025

A Dot Sample for Spatial Resolution Test
1.0mm

0.3mm 1.2mm 1.7mm

B Line Sample for Spatial Resolution Test
0.3mm 1.0mm 1.5mm 1.7mm

Fig. 11. A/B: Dot and line samples used for spatial resolution testing of
GelSight (a) and mini-MagicTac (b), with various feature dimensions.

TABLE 11
SENSING ACCURACY (%) AT DIFFERENT SPATIAL RESOLUTION (mm)

Sensor 050 030 025 020 0.15 0.10 0.05
GelSight (dot) 100 100 100 100 100 100 99.03
GelSight (line) 100 100 100 100 100 100 99.72
MagicTac (dot) 100 100 100 100 100 99.67  98.33
MagicTac (line) 100 100 100 100 100 99.00  98.00

5(A,B), the multi-layer grid captures surface texture through
visual cues and internal reflection within its cells. To validate
this capability, a comparative study was conducted between
mini-MagicTac and the commercial GelSight sensor, a recog-
nised benchmark for high-resolution tactile imaging. Two
calibration samples, a dot array (convex) and a line grille
(concave), were fabricated, each containing 25 configurations
with feature sizes from 0.20 mm to 1.75 mm in 0.05 mm
increments (Fig. 11). These primitives represent common
texture geometries, allowing comprehensive evaluation.

Both sensors were mounted on a robotic arm performing
controlled indentations with randomised position (x,y), depth
(0.1-2 mm), and rotation angle (-90° to 90°). Each configu-
ration was repeated 100 times, producing 2500 samples per
sensor under identical conditions. Separate ResNet-18 models
were trained for each dataset using cross-entropy loss, with
RGB tactile images as input and the 25 texture sizes as
categorical outputs. Data were split into training, validation,
and test subsets (7:2:1), and training ran for 100 epochs with
early stopping and learning-rate decay.

Spatial resolution was defined as the minimum feature
spacing where two textures could be distinctly recognised.
Classification accuracy was evaluated within tolerance win-
dows of A mm (A = 0.05-0.50 mm). Predictions within
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Fig. 12. A: Experimental setup for contact localization and force regression, where six pose and force are recorded. B/C: Results of GelSight/mini-MagicTac.

tolerance were counted as correct, and confusion matrices were
generated to compute recognition accuracy.

Results in Table II show that both sensors achieved 100%
accuracy for separations above 0.15 mm. When feature spac-
ing fell below this value, mini-MagicTac accuracy declined,
while GelSight maintained stable recognition down to 0.10
mm before degrading. Hence, mini-MagicTac attains a spatial
resolution of approximately 0.15 mm, comparable to GelSight.

2) Contact Localization and Force Regression: Accurate
estimation of contact position and force is critical for dynamic
tactile sensing. As illustrated in Fig. 5(C), deformation of the
multi-layer grid allows mini-MagicTac to capture both spatial
and force-related cues. To evaluate its dynamic performance, a
comparative experiment was conducted using the setup in Fig.
12(A), where the sensor mounted on a robotic arm contacts an
indenter placed above a force sensor. The ground-truth force
was recorded by the force sensor, and contact position was
derived from the arm’s pose.

Each trial comprised a sequence of controlled indentations.
The sensor pressed from the initial contact to a random depth
between 0.1 mm and 2 mm, discretized into four levels.
At each depth, normal and shear data were acquired by
laterally translating the sensor up to 1 mm in the XY-plane
while maintaining contact. The process was repeated four
times, ensuring that identical spatial locations were revisited
under varying normal- or shear-dominant forces, enriching the
dataset. The training configuration followed that of the spatial
resolution task but reformulated as a regression problem using
mean absolute error (MAE) loss. RGB tactile images served
as input, and the network predicted both contact location
(Px» Py, P2) and force (fy, fy, fz), with results in Fig. 12(B,C).

For localisation, mini-MagicTac achieved sub-millimetre
accuracy in the XY-plane around 0.25mm, surpassing
GelSight’s 0.5mm. Along the Z-axis, its error was slightly
higher than GelSight’s, likely due to GelSight’s reflective
surface providing stronger depth contrast. For force estimation,
GelSight yielded smaller errors around 0.04N than mini-
MagicTac at 0.05N. Overall, mini-MagicTac demonstrates
competitive dynamic sensing, achieving sub-millimetre contact
localisation and sub-0.1 N force estimation within a compact
form factor.

A

(@

Fig. 13. A: (a) Twelves DIGITs and mini-MagicTacs prepared for manufactur-
ing error evaluation; (b) Significant variation observed in the manufacturing of
DIGITs; (c) Mini-MagicTac exhibits more consistent manufacturing quality.
B: (a) Multi-point random sampling conducted on each sensor’s surface to
obtain a point cloud; (b) Final reconstruction results of the sensor surface.
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Fig. 14.  A: Surface error distribution maps for DIGIT (top) and mini-
MagicTac (bottom), where “1r” indicates self-repeat tests. B: Manufacturing
error matrices of (a) DIGIT and (b) mini-MagicTac.

C. Robustness Evaluation of Mini-MagicTac

To demonstrate MagicGripper’s practicality, its embedded
mini-MagicTac was firstly assessed in manufacturing, mechan-
ical, performance, and interference robustness.
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Fig. 15.
puncture testing: (a) test setup and (b) sequence of indenter piercing the skin.
B: Force-depth curves showing the elastic-plastic transition and failure stages.

A: Mechanical robustness evaluation through destructive skin

1) Manufacturing Robustness: Using integral multi-
material printing [10], each mini-MagicTac is fabricated as
a single unit. To evaluate fabrication quality, a comparative
study was conducted with DIGIT [14], another widely
used VBTS with prevalence in tactile research, employing
conventional assembly but sharing the same mechanical base
as mini-MagicTac.

As shown in Fig. 13(A.a), six DIGIT units from three
production batches were examined to minimise batch bias, and
six mini-MagicTacs were printed using DIGIT’s CAD model
for direct comparison. DIGIT sensors presented two recurring
issues: (i) variation in elastomer surface slope (red line, Fig.
13(A.b)), causing inconsistent contact geometry, and (if) non-
uniform elastomer thickness (green box), leading to mismatch
between indentation depth and tactile signal. In contrast, mini-
MagicTac exhibited consistent surface profiles across units
(black curves, Fig. 13(A.c)). To quantify deviations, sensor
surfaces were reconstructed over a square region using the
same setup as the force regression test. Valid contact points
were detected via thresholding, with 400 samples collected per
unit (Fig. 13(B.a)) and reconstructed through noise filtering
and surface fitting (Fig. 13(B.b)).

Error maps in Fig. 14(A) reveal that DIGIT units 1/2
show minor deviations, 3/4 display skew in the upper-right
area, and 5/6 exhibit thicker surfaces. Conversely, all mini-
MagicTacs demonstrate uniform geometry. Global results (Fig.
14(B)) show similar self-repeat errors for both sensors (0.15-
0.23 mm), representing baseline reconstruction uncertainty.
However, DIGIT’s inter-unit deviation ranges above to 0.4
mm, while mini-MagicTac maintains less than 0.2 mm.

These results confirm that integral printing yields higher
structural consistency and geometric precision for mini-
MagicTac than conventional VBTS fabrication, improving
reproducibility and scalability.

2) Mechanical Robustness: The mechanical robustness of
mini-MagicTac determines the long-term stability of Magic-
Gripper during physical interaction. It depends mainly on two
parameters: (1) outer-skin thickness and (2) pressure sustained
by the internal support material within the multi-layer grid.

Structural robustness was evaluated via a puncture test
(Fig. 15(A.a)) using a domed cylindrical indenter under the
same setup as Fig. 12(A). During indentation, the indenter first
deforms the skin and underlying grid. At a critical depth, the
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Fig. 16. Skin puncture test results under varying skin thickness and indenter
diameters. The red cross marks the rupture point; ‘sXmm_iYmm’ denotes
skin thickness X mm and indenter diameter ¥ mm.

TABLE III

MECHANICAL ROBUSTNESS TEST OF MINI-MAGICTAC WITH DIFFERENT
SKIN THICKNESS AND INDENTOR SIZE

Sensor Critical Shear  Break Force  Break Depth
$0.3mm_i2mm -2.0N -2.25N -2.8mm
50.3mm_idmm -3.5N -4.5N -2.7mm
s0.6mm_i2mm -3.7N -6.25N -3.6mm
s0.6mm_i4dmm -7.0N -12.0N -3.8mm
$0.8mm_i2mm -3.7N -7.0N -3.9mm
$0.8mm_idmm -7.2N -15.5N -4.4mm

Note: ‘sXmm_iYmm’ refers to skin thickness (X) and indentor diameter (Y)

support material in the affected cells yields plastically, and
further pressing ruptures the skin (Fig. 15(A.b)), where the
white region marks support failure following piercing. In Fig.
15(B), when f, or f, reaches a shear threshold, a transition
can be found from an increasing to a plateau trend, leading
to shifts from elastic to plastic deformation. At this point,
f> indicates the maximum safe load before damage. Further
increasing f; causes irreversible fracture of support followed
by skin tearing, consistent with failure observation.

To assess robustness comprehensively, two indenters (diam-
eters 2 mm and 4 mm) and three skin thicknesses (0.3, 0.6,
0.8 mm) were tested, as summarised in Fig. 16. For a given
thickness, smaller indenters produced higher local stress and
were more prone to puncture, while thicker skins withstood
greater loads and indentation depths. However, internal dam-
age often occurred before visible tearing, consistent with the
critical transition in Fig. 15(B). As reported in Table III, f; at
the onset of shear was consistently lower than the final rupture
force. With increasing skin thickness, the ratio of f, (critical
shear) to breaking force decreased from about 80% (0.3 mm)
to 60% (0.6 mm) and 50% (0.8 mm), indicating stronger outer
layers while the internal support remained unchanged.

Based on these findings, the recommended operating limits
for mini-MagicTac are a maximum pressing force of 6 N and
indentation depth of 2.5 mm. For contact with sharp or rigid
objects, these should be conservatively limited to 3 N and 2
mm to ensure long-term mechanical reliability.

3) Performance Robustness: Unlike visual sensors, tactile
sensors undergo frequent contact, leading to gradual wear that
can degrade performance. Although mini-MagicTac’s integral
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Fig. 17. Two mini-MagicTac samples continuously collected data for 24 hours
to evaluate performance robustness. Four datasets (D1-D4) were obtained,
totalling 96,000 data for self-testing and cross-testing.
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Fig. 18. Self-test results using sample 1. Under standard contact (D1),
performance remains stable up to 32,000 data. A similar trend is observed
under heavy contact (D3), with degradation occurring beyond 80% cycles.

fabrication minimises unit deviation, the generalisation of its
tactile algorithms within MagicGripper requires validation. To
this end, a long-duration wear test was conducted using the
same setup as Fig. 12(A). A domed indenter identical to that
in the puncture test (Fig. 15(A)) repeatedly rubbed the sensor
surface under continuous contact. Based on Table III, a 6
mm indenter was selected for its larger area, reducing the
likelihood of premature rupture and enabling extended testing.

To evaluate worst-case degradation, two mini-MagicTacs
with the thinnest (0.3 mm) skin were tested. As shown in
Fig. 17, four datasets were collected: D1 and D3 from sample
1, D2 and D4 from sample 2. Each dataset captured normal
and shear interactions over 24 hours of continuous operation,
totalling 96,000 samples. For standard contact (D1, D2), press
depth and shear displacement were 1.2 mm and 1.0 mm; for
heavy contact (D3, D4), they increased to 1.6 mm and 1.5
mm, corresponding to force range (fs, fy, f;) of (2,2,2)N for
standard contact and (3, 3,4)N for heavy contact, respectively.
DI and D3 contained ~40,000 samples each, D2 and D4
~8,000.

a) Self-test: The first 10% of D1 and D3 was used to
pretrain the regression model (same configuration as Fig. 12);
the remaining 90% was divided into ten temporally ordered
test sets, with results shown in Fig. 18. Accuracy remained
stable for the first 80% (< 32,000 interactions) before a marked
decline. D3, collected after D1 under heavier contact, exhibited
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Fig. 19. Cross-test results using sample 2. Zero-shot transfer between mini-
MagicTacs initially shows an accuracy gap, but fine-tuning with 5% new data
improves generalisation under both (A) standard and (B) heavy contact.

roughly double the mean absolute error (MAE), particularly
in f;, due to cumulative wear and higher contact forces.

b) Cross-test: To assess cross-unit generalisation, models
pretrained on D1/D3 (sample 1) were evaluated on D2/D4
(sample 2). Half of each dataset was reserved for testing,
and the rest incrementally used for fine-tuning (5-100%), with
80/20 training-validation splits. As shown in Fig. 19, zero-shot
transfer initially produced noticeable errors, reflecting minor
inter-unit variation despite consistent fabrication. However,
fine-tuning with only 5% of new data (~160 samples) rapidly
restored performance, reducing MAE to ~0.1 for D2 and ~0.3
for D4, comparable to baseline results in Fig. 12.

Overall, mini-MagicTac maintained reliable sensing accu-
racy after extended wear and demonstrated efficient cross-unit
adaptation with minimal recalibration, confirming both hard-
ware and algorithmic robustness.

4) Light Interference Robustness: To rigorously evaluate
the effect of ambient illumination on mini-MagicTac, two
complementary experiments were conducted. First, coloured
light sources were used to test the robustness of the prox-
imity detection algorithm under variations in colour, intensity,
and position-critical since the algorithm relies on decoupled
RGB-channel responses. Second, white light sources with
different intensities and directions were applied to examine
their influence on force estimation, which depends mainly on
data-driven learning and is therefore less sensitive to colour
but more affected by illumination geometry.

a) Proximity light robustness: The setup (Fig. 20(A.a))
included a digital lux meter and a 16-colour LED strip, with
available colours listed in Table IV. Two illumination modes
were tested: (1) Single-LED mode, where one LED simulated
a point-source interference (Fig. 20(A.b)); and (2) Multi-LED
mode, where a coiled strip generated distributed lighting (Fig.
20(A.c)). Representative red (RO), green (GO), and blue (B0O)
examples are shown in Fig. 20(B). The measured illuminance
of all 16 LEDs (Fig. 20(C)) showed that single LEDs produced
weaker light than multi-LEDs, e.g., bright white (W) yielded
~1500 1x versus ~3000 1x. Red (RO-R4) ranged from 50-
1300 1x, green (G0-G4) from 1300-2200 1x, and blue (B0O-B4)
remained stable around 1500-1700 Ix, providing diverse colour
and intensity conditions.

As shown in Fig. 9(A), proximity detection relies on
channel entropy and inter-channel correlation to -classify
“no proximity,” “proximity,” and “light noise” states. Their
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Fig. 21. A: Channel entropy of mini-MagicTac across 16 colours and three
distances. B: Channel correlation across the same conditions.

behaviour under varying illumination was analysed (Fig. 21).
For channel entropy (Fig. 21(A)), multi-LED lighting consis-
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TABLE IV
AVAILABLE COLOURS FOR LIGHT ROBUSTNESS EXPERIMENTS

No. Colour Name Code  No. Colour Name Code
1 Bright Red RO 9 Aqua Cyan G3
2 Orange Red R1 10 Dark Cyan G4
3 Bright Orange R2 11 Bright Blue BO
4 Orange Yellow R3 12 Navy Blue B1
5 Bright Yellow R4 13 Violet Purple B2
6 Bright Green GO 14 Grape Purple B3
7 Teal Green Gl 15 Magenta Purple B4
8 Deep Teal G2 16 Bright White w

tently produced higher entropy than single LEDs, exceeding
the indoor baseline of 0.48 due to increased geometric com-
plexity and total intensity. The lowest entropy appeared at the
smallest spacing (1 mm), confirming spatial complexity as the
main driver. Among single LEDs, red light yielded slightly
lower entropy than green or blue, and entropy decreased
with source distance, indicating that intensity dominated
effects.

For channel correlation (Fig. 21(B)), both illumination
modes maintained values between 0.6-0.8, indicating general
insensitivity to geometry and intensity. However, colour had
a stronger influence: correlation decreased from red to green
to blue, with bright blue (BO) showing the largest drop.
Correlation also declined with increasing source distance,
particularly in the multi-LED setup, where at 30 mm spacing,
RO and BO correlations fell below the indoor baseline.

In summary, channel entropy is primarily governed by
illumination geometry and intensity, while colour and dis-
tance play secondary roles. Conversely, channel correlation
is more sensitive to colour and distance but largely invariant
to geometry. Accordingly, mini-MagicTac’s proximity robust-
ness can be enhanced through adaptive threshold: reducing
entropy threshold 7 under single-point lighting and lowering
correlation threshold 7¢ under multi-point or blue-dominant
illumination.

b) Tactile light robustness: To assess the effect of illu-
mination on force estimation, four white-light configurations
were tested (Fig. 22(A)): LM1, a diffuse ceiling light (80
Ix); LM2, a wide-angle mobile flashlight (700 1x); LM3, a
ring light below the sensor providing uniform circumferential
illumination (1500 1x); and LM4, a narrow-angle directional
source (1700 1x). Natural indoor light at 20 lx served as
baseline. For comparison, ViTacTip [28], another VBTS with
a transparent silicone skin, was evaluated in parallel.

Before regression, two metrics quantified lighting effects:(1)
the mean grayscale value, reflecting overall image bright-
ness, and(2) the structural similarity index (SSIM) [36],
measuring spatial consistency between normal and per-
turbed lighting.Under natural light, ViTacTip exhibited a low
grayscale mean of 11-13 (on [0,255]), while mini-MagicTac
remained higher (100-115) due to its embedded RGB lighting
and internal reflection.For each illumination mode, corre-
sponding image pairs were matched via Euclidean distance
in pose space (py, py, p;) to compute SSIM.
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Fig. 22. A: Four lighting configurations: LM1 (ceiling light), LM2 (wide-
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Fig. 23. A: Force regression performance of ViTacTip under different light
modes. B: Performance of mini-MagicTac under the same conditions.

Force regression was evaluated in terms of mean grayscale,
SSIM, and mean absolute error (MAE) for tangential (f,)
and normal (f;) forces (Fig. 23).For ViTacTip (Fig. 23(A)),
both grayscale and SSIM varied linearly with light intensity:
as brightness increased from LM1 to LM4, SSIM dropped
steadily while grayscale rose from 15 to 50, reflecting its high
transparency.Consequently, force accuracy declined markedly
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TABLE V
PERFORMANCE EVALUATION USING DIFFERENT MODELS

Test Error Px Py Pz Fx Fy Fz Rz
Pretrained Model .12 0.16 0.06 0.07 006 0.12 1.84
New (no finetune) 226 140 043 082 049 185 128

New (finetuned) 1.18 015 008 0.18 0.12 028 246

under strong illumination, especially along the Z-axis, where
MAE for f; reached 1 N under LM2 and up to 2 N under
LM4; fi, remained below 1 N for LM1-LM3.

In contrast, mini-MagicTac (Fig. 23(B)) showed minimal
sensitivity to light variation.Its grayscale increased modestly
from 100-110 (LM1-LM2) to 110-130 (LM4), without lin-
ear dependence.SSIM fluctuated between 0.4-0.9 with no
monotonic trend, indicating weak sensitivity to illumination
geometry.This stability arises from optical scattering and
refraction within the grid cells (Fig. 4) and RGB backlighting
from the DIGIT base (Fig. 7).Even at 1700 1x (LM4), force
estimation remained stable: MAE for f,, stayed below 0.75 N
and f; below 0.5 N for LM1-LM2, rising only to ~1.25 N at
LM4-about half that of ViTacTip.

These results reveal two key factors: First, the multi-layer
grid functions as an optical filter that attenuates external light
fluctuations, unless illuminance exceeds a threshold. Second,
isotropic reflection and refraction within the grid maintain
image quality under varying light directions. Together, these
properties enable mini-MagicTac to sustain stable in diverse
lighting conditions, outperforming designs whose elastomer
directly transmits environmental light.

D. Contact Alignment Task With MagicGripper

To validate the contact inference capability of mini-
MagicTac shown in Fig. 12, a contact alignment task was
conducted to assess MagicGripper’s responsiveness.

1) Experiment Design: Six cylindrical parts (10 cm length;
diameters 10, 15, and 20 mm, each in black and white)
were 3D-printed for testing. During operation, MagicGrip-
per sensed the rotational pose of the grasped cylinder
and adjusted the robot arm orientation to maintain vertical
alignment.

Three mini-MagicTacs were used: Sensorl and Sensor2
were embedded in the left and right gripper fingers, while
Sensor3 collected large-scale data for model pretraining.It
acquired 1,800 samples per object (10,600 total) labelled
with contact position (py, py, p;), rotation angle r, and forces
(fv» fy» fz)-Data were split 7/2/1 for training, validation, and
testing, following the same model as Fig. 12.

To examine model transferability, Sensors1/2 each collected
160 samples across three random objects. Half were used for
testing, and the rest split 8/2 for fine-tuning and validation.
As summarised in Table V, test loss decreased from 2.88 to
0.64 after fine-tuning, indicating that less than 5% new data
suffices for substantial error reduction.

2) Experiment Analysis: The setup is shown in Fig.
24(A).Each mini-MagicTac outputs its local contact orienta-
tion r,, but the two sensors are mounted oppositely, yielding
mirrored readings. Taking Sensorl as reference, Sensor2’s
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correlation and increased entropy due to changing visual cues (d-f).

output is inverted as —r;,, and the averaged contact orientation
is computed as 7,4y = |r;1 — 2|/2, while the robot’s compen-
satory rotation is set to ryghoy = —7,ave.It €nables MagicGripper
to maintain object alignment perpendicular.
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Fig. 26. A: External illumination uniformly affects all channels (c-d). B:
During light interference, inter-channel correlations increase while channel
entropies fluctuate upward due to illumination variation (c-d).

Three representative parts—a 10 mm white, 15 mm black,
and 20 mm white cylinder—were used for evaluation. The
fine-tuned model accurately predicted angular poses across
colours (Fig. 24(A.e-g)) and diameters (Fig. 24(A.h-1)). To
further assess generalisation, an untrained pen was tested
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(Fig. 24(A.j-k)), also yielding precise alignment. Temporal
results (Fig. 24(B)) show that when no contact occurred
(Fig. 24(A.a/l)), both predicted angles and forces remained
near zero, with minimal terminal noise (Fig. 24(B.a/l)). Upon
contact, the robot’s orientation (purple line) closely followed
the estimated object pose (Fig. 24(B.a-d)), maintaining stable
control across colour (Fig. 24(B.e-g)), size (Fig. 24(B.h-1)),
and object type (Fig. 24(B.j-k)).

These results confirm that MagicGripper, equipped with
fine-tuned mini-MagicTac sensors, can accurately perceive
and correct misalignment in real time. The framework
demonstrates high generalisation, robustness to object vari-
ation, and minimal adaptation data requirements, estab-
lishing a foundation for manipulation in unstructured
environments.

E. Autonomous Robotic Grasping Task With MagicGripper

To validate the proximity and contact detection algorithms
introduced in Fig. 9, an autonomous robotic grasping exper-
iment was conducted based on MagicGripper’s multimodal
sensing capabilities.

1) Experiment Preparation: All core sensing functions
were individually verified before real application:

e Proximity Detection:The proximity module must detect
approaching objects and differentiate valid proximity
cues from illumination noise.As shown in Fig. 25(A),
when a pen approached, RGB-channel distributions
diverged and overall intensity increased with reduced
distance.Correspondingly, channel entropy rose while cor-
relation decreased (Fig. 25(B)), indicating an “With
Proximity” state (Algorithm 2).Under flashlight interfer-
ence (Fig. 26(A)), all channels exhibited high similarity,
producing strong correlation coefficients despite entropy
fluctuation (Fig. 26(B)), classified as “Light Noise”.

e Contact Detection:Contact detection estimates touch
probability without explicitly tracking the grid pat-
tern.In Fig. 27(A), grid geometries vary between chan-
nels yet retain high similarity to the reference mask
when no contact occurs, consistent with temporal
fusion results (Algorithm 1).As MagicGripper closed
and the screwdriver touched the surface, grid similarity
decreased (Fig. 27(B)), indicating a “With Contact” state
(Algorithm 3).

o Combined Detection:From Fig. 28(A), mixed proximity-
contact tests were performed with six everyday objects: a
human finger (c), reflective metal spanner (d), red rubber
screwdriver (e), green transparent screwdriver (f), white
opaque pen (g), and yellow rubber scissors (h).Random
light interference was added at the start and end (b, 1).
In Fig. 28(B), channel entropy fluctuated during object
approach or light interference, with amplitude depending
on material properties. Diffusely reflective surfaces (e.g.,
the white pen or yellow scissors) produced stronger
entropy variations than specular or transparent ones (e.g.,
the metal spanner or clear screwdriver), as the latter
reflect or transmit light away from the camera. Correlation
coeflicients decreased steadily during approach but rose
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Fig. 27. A: The internal grid deforms only after physical contact occurs.
Channel geometries differ (a-c) yet follow a consistent deformation trend upon
contact (d-f). B: As MagicGripper touches the screwdriver, grid similarity
across channels drops markedly (d-f), indicating a contact state.

sharply to nearly 1.0 under illumination noise. Contact
results (Fig. 28(C)) show that all touch events reduced
grid similarity from 0.85 to below 0.8, confirming cor-
rect contact detection, while illumination noise caused
a sharper drop below 0.5.These findings highlight the
importance of combining proximity (Algorithm 2) and
contact (Algorithm 3) states to enhance robustness under
complex lighting.

2) Experiment Design: Using the validated algorithms,
an autonomous grasping task was conducted to demonstrate
MagicGripper’s fully self-contained multimodal perception.
The goal was to enable food-transport manipulation without
human supervision, which requires MagicGripper to: (1) detect
and localise approaching objects, (2) perform a stable grasp,
(3) monitor and respond to slippage, and (4) release the object
at a target position. From Fig. 29(A), three everyday food
items, an orange, a banana, and a packet of biscuits, were
selected to represent varied physical properties.

In details, proximity detection was first activated to identify
nearby targets.The proximity probability was computed from
differences between total entropy E;,, and correlation Ciyy
relative to thresholds 7z and 7¢ (Algorithm 2).Once an object
was consistently classified as “With Proximity”, MagicGripper
closed gradually by reducing the finger angle.Adaptive thresh-
olding rejected false triggers: a low 7¢ might misclassify valid
objects as noise, while an excessively high 7¢ could overlook
weak interference. Upon “With Contact”, detection was trig-
gered when grid similarity fell below threshold 7, confirming
a successful grasp and initiating transport. A sharp increase
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Fig. 28. A: Mixed noise, proximity, and contact tests for MagicGripper with six common objects. B: Distinct effects of light interference and object proximity
on channel entropy and correlation. C: Grid similarity changes during light contact and illumination noise.

in similarity during motion indicated slippage, prompting the
robot to stop and reset to its initial position.

3) Experiment Analysis: As shown in Fig. 29(B), both
proximity and contact detection generalised effectively to the
three test items.For the orange (b), banana (e), and biscuits
(1), E;p1ar increased to around 4 as objects approached, while
Cora decreased from 0.2 to nearly 0.Even under ambient light
interference (h), the features remained separable, confirming
algorithmic robustness.

Fig. 29(C) illustrates the correlation between proximity and
contact cues.The proximity probability (blue) rose in syn-
chrony with the decline in grid similarity (purple), indicating
strong coupling between visual and tactile modalities.With
a grid-similarity threshold of 0.7, proximity was typically
detected 10-15 frames earlier, providing sufficient lead time
for grasp initiation (Fig. 29(D.c/f/j)).

In the three grasp attempts, the first two trials deliberately
induced slippage (Fig. 29(A.d/g)), which was successfully
detected, causing MagicGripper to stop and return to standby
(Fig. 29(C.d/g)). Only the final trial, involving the biscuit
pack, completed a full transport and release (k). The oper-
ation remained unaffected by light interference (Fig. 29(A.h)),
where illumination noise was accurately identified and flagged
(yellow trace, Fig. 29(C.h)).

Overall, these results confirm that MagicGripper’s mul-
timodal sensing, integrating visual, proximity, and tactile
feedback, enables robust, adaptive, and autonomous manip-
ulation of diverse everyday objects. Except for extreme cases

such as mirror-like or transparent surfaces, the system achieved
reliable autonomy in contact-rich tasks.

V. DISCUSSIONS

Table VI summarises the main characteristics of the pro-
posed grid-like sensor in multimodal sensing, compared with
two representative VBTS types: marker displacement (MD)-
based sensors and GelSight-type sensors.

Benefiting from its uniformly distributed multi-layer grid,
the proposed sensor exhibits two key advantages. First, the
dense grid network extends tactile sensitivity across the
entire elastomer, eliminating local “dead zones.” Second, its
regularly arranged microcells achieve much higher spatial
density than sparse marker arrays, enhancing tactile reso-
lution while preserving optical transparency. For example,
ViTacTip employs ~2 mm marker spacing, which limits
its ability to capture fine contact geometry compared with
GelSight’s reflective surface. By contrast, the grid-like struc-
ture provides a substantially higher cell density, comparable
to GelSight-level resolution while maintaining transparency.
This performance is achieved without increasing marker
density, which in marker-based designs would otherwise
obstruct visual input. Furthermore, the multi-layer grid sup-
ports dynamic tactile responses without external force markers
or additional calibration layers required by GelSight-type sen-
sors. Integral 3D printing also improves structural consistency
and customisability, removing the manual alignment steps
typical of conventional fabrication.
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Fig. 29. A: Autonomous grasping experiment with MagicGripper. The system detects approaching objects while rejecting light noise, executes grasping, and
transports the object from point A to point B. Upon detecting slippage, the arm automatically returns to the starting position. B: Variations in channel entropy
and correlation coefficients distinguish between illumination noise and genuine proximity events. C: Grid similarity serves as a reliable indicator of slippage
during transport. D: After two induced slippage events and light disturbances, MagicGripper successfully completes the final grasp-and-transport cycle.

TABLE VI
COMPARISON OF THE PROPOSED GRID-LIKE SENSOR WITH REPRESENTATIVE VBTSS

Sensor Type Tactile Mechanism Resolution  Dynamic Response  Sensing Range  Design Flexibility = Fabrication Cost =~ Multimodal Capability

GelSight-type Coating Reflection High Marker-assisted Wide Low High Limited

Marker-based Marker Displacement Low Sensitive Narrow Low High Limited
Grid-like (Ours) Grid Deformation Moderate Sensitive Wide High Moderate Integrated

Beyond tactile performance, the grid architecture inher-
ently supports multimodal perception by exploiting internal
refraction and reflection within grid cells, thereby integrating
visual and tactile cues within a single structure. In contrast,
marker-based sensors rely on additional components, such as
transparent membranes or UV markers [28], [29], to achieve
comparable multimodality. These methods introduce trade-offs
between tactile resolution and optical clarity, and increase the
complexity of modality switching. For instance, enhancing
ViTacTip’s tactile resolution requires denser opaque markers
that block light transmission, while its visual-tactile switching
depends on GAN-based models trained on large datasets.

The grid design avoids such conflicts by decoupling optical
and tactile functions. Adjusting grid geometry to tune tactile
sensitivity has minimal influence on light transmission, ensur-
ing consistent visual feedback. In practice, the grid-like sensor
prioritises tactile perception, with vision providing short-range

assistance before contact. In MagicGripper, for example, the
visual channel activates only within 5 cm of an approach-
ing object, offering reliable pre-contact perception without
compromising tactile accuracy. Thus, the modest reduction
in transparency does not affect the sensor’s overall capability
for contact-rich manipulation. Such capability has been further
evaluated via a teleoperated assembly task with MagicGripper,
as introduced in Supplementary Section VII-B.

VI. CONCLUSION

This paper presented MagicGripper, a multimodal robotic
gripper integrating the mini-MagicTac. The proposed design
achieves high spatial resolution, sensitive contact detection,
and robust multimodal perception without modality interfer-
ence, while remaining customisable and low-cost through
multi-material 3D printing. An accompanying algorithmic
framework based on channel entropy and correlation enables
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reliable proximity and contact detection. Experimental results
show that MagicGripper attains a spatial resolution of 0.15
mm, sub-millimetre 3D localisation accuracy, millinewton-
level force estimation, and rapid model adaptation using only
5% of new data. Beyond these quantitative results, the core
contribution of MagicGripper lies in the seamless integration
of visual and tactile modalities within a compact structure,
advancing robotic interaction autonomy and offering a scal-
able, manufacturable pathway toward sensor-rich manipulators
capable of contact-aware intelligence.

VII. SUPPLEMENTARY

Theoretical Analysis According to the working principle of
the multi-layer grid, we developed a theoretical model for the
printed elastomer.

Deformation Analysis: As shown in Fig. 3(A), when the
printed elastomer interacts with an external object, the grid
cells nearest to the contact point become compressed. The grid
structure’s constraints and linkages cause a change in the cells’
distribution in the surrounding areas, creating a deformation
field. In this field, the cuboid-shaped grid cells undergo
rotation, translation, squeezing, or stretching, disrupting their
parallel alignment. This shift alters the refraction and reflection
patterns of incident light. The dimensions of this field are
correlated with contact information, such as the contact area,
depth, and shape. This correlation enables the mapping of
tactile features, including texture, normal and shear force.

Here, a 3D lattice spring model (LSM) has been introduced
to describe the deformation property of multi-layer grids
within printed elastomer. LSM consists of a particle-based
network linked by the spring connection between adjacent
nodes. Hooke’s and Newton’s laws have been widely used
to mimic the elastic properties of flexible materials, such as
2D or 3D material. As illustrated in Fig. 2(A), the embed-
ded grid forms a mesh made of Agilus30 and filled core
support. For the above structure, we define every eight neigh-
boring cells as a representative elementary volume (REV),
whose central point can be used for local elastic analysis,
like P, ,; shown in Fig. 3(B). In this way, a 3 x 3x3
particle-based network can be established, which includes
27 lattice nodes Py 1o n4p+y. Where a,B,y € {~1,0,1} and
a,B,y # (0,0,0). Each cell has the same size (Ax,Ay,Az).
Here, to simplify the model, the grid cell is set as a cube,
i.e. Ax=Ay=Az=h.

We represent an LSM in an m-dimensional space, where
each central node is surrounded by n adjacent nodes, denoted
as DmQn. Here, we assume that 1 central node has 14 nodes,
which form the D3Q14 framework. Among these nodes, the
6 nearest nodes are defined as structure nodes P ycrure, and
the other 8 third-nearest nodes are defined as diagonal nodes
Piagonal» distinguished in Fig. 3 (B) by green and white circles.
Each of them is connected to the central point P, ,; by
a virtual spring, which is painted purple. To define such a
spatial relationship between each node position, a shape matrix
Dp3g14 can be summarised as:

DD3Q14 = [Dstructurea Ddiugnal]3 x 14 (4)
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Dytructure and Dygiagonal can be expressed as follows, where
the jth column is the coordinates of the jth neighboring node
to the central node located at coordinate (0, 0, 0).

[ h—-h0 0 0 0

Dgructwre =1 0 0 h =R 0 0 (5)
| 0000 h-h],
[ h—h—h h =h h h —h

Dgiagonal = | h=h —h h h —h —h h (6)
| h=h h —h h =h h -h], .

As illustrated in Fig.3(B-b), consider an external force Fy
acting on the cube which has a shape matrix Dp3pis4, the
position of each node should be displaced, and the springs
between the nodes are also stretched due to the generated
deformation. Here we define the central point P, ,; with P;
and one of its neighboring nodes as P; (j € [1,N] whose
order follows Dp3gis, N = 14), and their corresponding
displacements after deformation are u; and u; respectively. In
this case, the elastic energy ¢¢ which is stored in the central
node P; should be expressed as:

1( & X
¢ =5y %“ ;gj[(”j —u) - &

N 2
+x,8i2jk:g_, |:00591_1k > } } (7

In which the first sum part comes from the elasticenergy
of all linear springs centered P; and the second term comes
from the total angular springs. V = h?, should be the
volume of each cell, @ and B are the constants of lin-
ear spring and angular spring, N = 14 following the
order of DD3Q14’ 8j = [gstructures gdiagonal] = [2,3/4] is the
weight coefficient to ensure local isotropy of the D3Q14,
Xij = xj/ |x,~j| is the normalized direction vector from
P; to P;, x = 2/3 is a constant introduced to keep the
isotropy of the coupled spring model, and 6;; should be
the angle between two adjacent linear springs, including
P,‘ to Pj and P,' to Pk.

With the displacement as u;, then the elasticity generated
spring force F{ on central node P; can be calculated by:

. _ 99

Fi B (9141'

1 al N
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J=1 |l

Then the combined force F; acting on the central node P;

can be expressed as:

Fi=F{+F{+F/ €))

In which F¢ is the above calculated spring force, Ff = m;g
where m; = p;V and p; = ¢(04g,05up) Which can be defined
by print material density of Agilus30 and support, F¢ is the
external force applied on.

After modeling in this way, the combined force F; applied to
P; is known. Through Newton’s second law, we can establish
the relationship between the P;’s acceleration a; and the
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combined force F;, and then update the P;’s new positional
location at the next moment ¢ + A(f) through discrete time
integration. The Verlet algorithm is used to calculate this
dynamic particle problem. Given a starting moment of ¢ and
an initial condition of the positions u;, the velocities v;, and
the accelerations a; of node P;, then we can calculate v; using
the equations below:

it + AP = ui(t) + vi()Ar + “iT(t)Azz (10)
Ar _ ) a)

Vi (t—|— 7) =v;i(t) + > At (11D

Cli(t+ Al) = M - QV,' (l + %) (12)

vi(t + At) = v; (t + %) + Mm (13)

The above conclusion can be easily extended to the whole
printed elastomer whose size is X X Y X Z, by letting the
dimension of the multi-layer grid be R rows, C columns, and L
layers where R,C,L = {|X/Ax] + 1,|Y/Ay] + 1,|Z/Az] + 1}
and R, C, L > 3. Then there are a total of (R—1)*(C—1)*(L—-1)
cells and they can be composed of R * C * L lattice nodes,
defined as P,,,; above, where m,n,l € {[0,R], [0, C], [0, L]}.
Their combined forces and mass can be summarised into
matrix format as Fgxcxr and Mgxcxp. Therefore, Equa-
tion 10-Equation 13 could be updated as:

Urxcxi(t + A1) = Urxexr(t) + Vexexr (DAL
AR><C><L(Z)

+ TAP (14)
At A )
VrxcxL (f + 7) = Verxexe(t) + %Af (15)
F t+ At At
Arxcxr(t + At) = Frxextlt+ A7) _ OVrxexr |t + =
MR><C><L 2
(16)
At A t+ At
Vexexi(t + At = Vexext (I + ?) + %At
17

Optical Analysis: As shown in Fig. 4(A), there are sev-
eral different light propagation modes, including external
reflection, internal reflection, and internal refraction, where
the last one is the focus of optical modeling. The tac-
tile sensing capability of the printed elastomer relies on
internal refraction between grid cells to capture deforma-
tion images. Additionally, this process is coupled with the
results from two other modes, which complicates opti-
cal analysis due to intricate grid architecture of printed
elastomer.

Thus, a separate grid cell is extracted for evaluation, the
smallest unit inside the REV defined in Fig. 3(B). Assum-
ing that the 8 vertices of this cube-shaped cell are P;
where i € [1,8], their corresponding spatial positions can
be determined by u; defined in the previous section. For
simplicity purposes, the cell surfaces are all considered to
be planar which group a convex surface set S, comprising
6 confined planes 51233’4, 55’6’7’3, S1’2y5)6, S3)4’7’3, S]’4’5yg and
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S123,67. In the following, the whole analysis process is divided
into two stages, namely (1) interface propagation and (2)
internal propagation.

Interface propagation: This stage occurs on the cell surface
and mainly explores how an incident ray I;_; from the previous
phase k—1 is transformed into reflection ray Ii and refraction
ray I at the current phase k. Now suppose that I;_; is directed
from the optical interface S45g into the interior of the cell
through the incident point P;. Given that both P, and Si453
are known, then the normal N, can be calculated with the
unit normal vector g(gy, gy,&:). Ir—1 can be defined by light
intensity I;—;, and light direction ZH. Reflection and refraction
occur when I,_; crosses the interface, which lead to the
reflection ray If( and the refraction ray I;:

Loy = Loy - i (18)
L=1-7 (19)
P=hg (20)

The light intensities of reflection ray /; and refraction ray I}
can be defined by p'I;—; and p”’I_;, where ¢ and p”” represent
reflected intensity factor and refracted intensity factor. 7;(_1,
zz and 7,’( are represented by the unit directional vectors of
the incident ray s(sy, sy, s;), unit directional vectors of the
reflection ray s’(s’, s;, s7) and unit directional vectors of the
refraction ray s"(s;’,s;',sg’). As shown in Fig. 4(A), &, &,
and &” are the angles of incidence, refraction, and reflection
respectively. Now define the critical angle at the interface as
&., only when the angle of incidence & is less than &, that
the refraction ray I} will be generated. Otherwise, the total
internal reflection (TIR) can lead to the only reflection ray L.
The following discussion focuses on the case where € < &..
According to Snell’s law in 3D space:

nsing = n'sing

n(sx g)=n(s xg)

2n
(22)

In Equation 21, n and n’are the refractive index of the optical
medium in front of and behind the interface. Considering
that the embedded grid consists of an Agilus30-made mesh
and inter-filled support material, thereby let n = nggy,s and
"' = Rgppors Where nggins and ng,ppo Tepresent the refractive
index of Agilus30 and support material separately. The vector
form of Equation 21 is summarised in Equation 22. Then the
light direction of both refraction s’ and reflection s/ can be
calculated below where (gs) works as the dot product and
results to g.Sy + gy8y + g5::

2
$=lstg \/1 - (2) [1-(esP1- —glgs)  (23)
n n n
" = 5 - 2g(gs) 24)

Therefore the reflection ray I} and the refraction ray I} can
be expressed as:

2
=l [nﬁs +3 \/ 1= () 1= (971 - §g<gs>}
)
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Lo=p"Iey - [s - 28(g9)]

Internal propagation: The second stage occurs mainly within
the grid cell and aims to explore how the current refraction
ray I transfer to the I;;; when contacting the next interface
at phase k+ 1. Suppose that after crossing the current interface
(e.g. S14538), I} is gradually relayed inside the grid in its
direction s’ until touching one of the other 5 surfaces (e.g.
Ss6.78) with the intersection point P4 . Based on Bouguer-
Beer-Lambert Law, as light travels through a medium, its
intensity decays as the light traveling through it increases,
which can be expressed as:

(26)

Ly =1 - e (27)

where o represents the Napierian absorption coefficient, and
d should be the distance that I} traveled through, denoted by
the Euclidean distance between Py and Py as |PkPk+1 ’ Pii
can be obtained by using the line s’ where s’ is located to find
the intersection with the predefined surface set S. Excluding
the special cases of parallel incidence and passing through
the vertices, there should be two intersections to find, one of
which is P — k and the other is Pj . Therefore, the final ray
I+ that arrives at the next interface can be described below,
where 7k+1 = ?k ="

Lot = It - i (28)

2
Loy = I e [ﬁ,wg \/ 1= (5) 1 (gs)ﬂ—ﬁg(gs)}
n n n

(29)

Through the above two stages of interface propagation and
internal propagation, the ejection ray I;y; can be calculated
by giving the incident ray I;_; and the spatial position of
the current cell’s angle points P;. Then the ejection ray Iy
will be regarded as the incident ray I;—; again for the next
cell until reaching the printed elastomer boundary sized of
(X,Y,Z). Based on the above process, iterative calculations
are performed for each incident beam to obtain the optical
imaging results of the whole printed elastomer.

Teleoperated Assembly Task With MagicGripper Experi-
ment Design: The teleoperated assembly task aims to assist
the user in inserting a plug into a small socket using
the MagicGripper. This task emulates real-world assembly
challenges, emphasizing the importance of tactile feed-
back in teleoperation. If the plug is misaligned, it collides
with the base, producing increased resistance that serves
as feedback for corrective action. Conversely, a successful
insertion is indicated by minimal resistance and smooth
insertion.

The experimental setup is shown in Fig. 30(A). The dark
socket baseplate introduces a visual challenge, as users cannot
easily confirm insertion under vision-only teleoperation. In
the robotic system, the MagicGripper was mounted as the
end-effector of a Kinova Gen3 arm. During operation, the
gripper’s sensor images were streamed to a display, providing
visual and tactile feedback to the user. A trial was consid-
ered successful when the plug was fully inserted into the
socket.

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 22, 2025

As illustrated in Fig. 5, MagicGripper’s multimodal sensing
supports this process. The visual modality aids grasp localiza-
tion and orientation, while proximity feedback helps correct
near-edge grasps or sliding. The tactile modality, derived from
deformation of the multi-layer grid, captures both static and
dynamic contact cues, including excessive shear caused by
misalignment.

To further reduce operator workload, a structural similar-
ity index (SSIM) was introduced to quantify the correlation
between successive MagicGripper images. SSIM evaluates
luminance, contrast, and structural consistency, computed
as
(zﬂxﬂy + Cl)(zo—xy + ()

2 +pi+C)(o+ 02+ Cr)

SSIM(x,y) = (30)

where x and y are the compared images; u,,p, are mean
intensities; 0'3.,0'5 their variances; o, the covariance; and
Cy,C, stabilizing constants. SSIM values range from -1
to 1, with higher values indicating greater similarity.Unlike
pixel-wise metrics such as MSE or MAE, SSIM captures
perceptually meaningful changes, making it well suited for
visual feedback during manipulation. In this study, SSIM
compared the current MagicGripper image with a reference
(non-contact) state, allowing users to judge insertion suc-
cess more intuitively, thus improving both efficiency and
accuracy.

Results Analysis: The teleoperation process is summarized
in Fig. 30(B), where the blue line denotes SSIM variation
between consecutive frames and the red line represents the
gripper’s Z-axis trajectory. The assembly procedure can be
divided into six stages:

o (a) Initial Positioning: The gripper is positioned diago-
nally above the baseplate. The initial, contact-free image
is used as the SSIM reference.

e (b) Approach and Alignment: The user guides the
gripper toward the plate while aligning with the socket.
The Z-axis decreases gradually. Despite visual occlusion,
the high SSIM value (~0.78) indicates no collision.

e (c) First Insertion Attempt: A misaligned attempt
causes the plug to strike the base, introducing shear
deformation in the grid and reducing SSIM to 0.75.

e (d) Second Insertion Attempt: After adjustment, another
failed insertion occurs with more severe contact, further
decreasing SSIM to 0.74.

e (e) Successful Assembly: The third attempt achieves
proper alignment, reflected by a recovered SSIM of 0.77.

e (f) End of Task: Upon successful insertion, the gripper
releases and retracts. As the object exits the sensing area,
SSIM rises to its peak (0.88).

Sixteen repeated trials were conducted to evaluate the
system’s ability to detect misalignment, with and without
MagicGripper feedback. Controlled angular and lateral off-
sets exceeding 3 mm were introduced to simulate realistic
assembly errors. As summarised in Table VII, MagicGripper
achieved a 100% success rate in detecting misalignments,
compared with only 25% without tactile feedback. These
results highlight the contribution of MagicGripper’s mul-
timodal sensing to teleoperation efficiency, allowing the
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Fig. 30. A: Experimental setup of the teleoperated assembly task, designed to assist the user in accurately inserting a plug into a small jack on the socket
baseplate. B: The teleoperated assembly sequence with MagicGripper’s multimodal sensing: (a) initial pose, (b) approaching baseplate, (c) first insertion
attempt (failed), (d) second attempt (failed), (e) third attempt (succeeded), and (f) end pose.

ACCURACY OF MISALIGNMENT IDENTIFICATION

TABLE VII

IN TELEOPERATED
ASSEMBLY TASKS

Misalignment Identification Accuracy

Without MagicGripper

100%
25%

With MagicGripper

operator to quickly identify and correct alignment errors,
effectively reducing the reliance on repetitive, vision-only trial-
and-error exploration.
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