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Fig. 1: The proposed architecture for the visual and tactile
input for deformable surface reconstruction.

I. INTRODUCTION

Object grasping has once again become a central topic
as increasingly affordable humanoid robots are emerging in
both research and industrial settings. Beside the tactile sensors
available in robotic arms, the visual data feed is used as well,
motivating visual-tactile fusion for 3D surface estimation [7].

The combination of visual and tactile data as a multimodal
input has already been introduced in several studies, such
as [10], [14], [15]. Pioneering work on complementary visual-
tactile input appear in [14] with a vision based global context
and a touch based local structure proposal. A simulation-only
based variant for visual and tactile data is proposed in [4] for
rigid objects. A recent overview of the visual and tactile mixed
data modalities is presented in [16].

In this paper we reconstruct 3D deformable surfaces of
an object during the grasping by fusing the geometric prior
information obtained from the visual data and the 3D shape
information from the tactile sensing as this is shown in Fig. 1.
The geometric prior is obtained from the depth camera using
sampling consensus for predefined object classes such as
cylindrical or spherical object of interest such as bottle or ball
in a table-top setup. Real-robot experiments were conducted
using the Inspire robotic hand, while simulated experiments
were performed in IsaacSim using the same depth camera
model and robot arm configuration. The work most closely
related to ours is [14], which we extend by adding geometric
primitive estimation at the visual sensing stage.
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II. PROPOSED APPROACH

We propose a geometric prior based deformable object
grasping using a humanoid arm both in simulation and real
experiments. Our main goal is to estimate the degree of
deformation using a geometric prior from camera data fused
with the grasping information from the 6 DoF hand inverse
kinematics (IK) and touch sensors as suggested in Figure 1.

A. Deformation and Contact Modelling in Simulation

For contact-aware deformable object manipulation, Isaac-
Sim includes a physics-based Contact Sensor built on the
PhysX Contact Report API [1], [5]. In our setup, to keep
reliable tactile-like feedback we use a rigid cylinder and sphere
with compliant contacts defined in the physics material. This
choice aligns with prior IsaacSim tactile module [3], [6] that
models soft interaction while keeping bodies rigid similar to
TacSL which uses penalty-based soft-contact constraints to
allow controlled interpenetration [7]. The manipulated objects
in our case are a rigid cylinder and sphere with compliant-
contact material parameters, which emulates deformable in-
teraction. In our implementation, we introduce compliance by
setting non-zero compliant-contact stiffness and damping in
the object’s material [2].

B. Anthropomorphic hand experimental setup

The real robot experiments used a 6-DoF anthropomorphic
Inspire robot Hand, equipped with embedded tactile sensors
across all five fingers and the palm. The hand is controlled
via ROS2 through a Modbus TCP interface and provides both
motor-current-based force feedback and high-resolution tactile
pressure readings from distributed sensor arrays. The tactile
data was reprojected in 3D using the forward kinematic (FK)
of the hand, thus obtaining a point cloud which has 5 fields
per point: position (x, y, z), RGB color, and 12-bit intensity
data as this is visible in Figure 2.

We collected a multi-modal grasping dataset comprising
more than 6,000 synchronized samples, containing camera
RGB images, tactile heat-maps, 3D tactile point clouds with
intensity, hand actuator states, and joint angles. The dataset is
classified into deformable objects and non-deformable objects
based on object compliance. Figure 3 shows sample data,
presenting visual and tactile modalities during grasping.



M
et

ho
d Cylinders Sphere

250ml 330ml slim 330ml 500ml 500ml bot. 1L bot. 1.5L bot. Overall Tennis White Orange Overall
GT (mm) 24.0 29.0 33.0 33.0 32.5 39.5 46.0 - 32.0 38.5 29.4 -

Po
in

tN
et Rigid MAE 0.6 2.2 0.2 0.1 1.1 0.6 0.6 0.7 1.0 5.9 - 3.6

Rigid Std 1.1 2.3 0.2 0.2 1.2 0.9 0.3 - 1.3 1.7 - -
Deform MAE 6.5 5.1 3.8 6.6 3.3 7.7 11.4 6.6 2.4 - 3.4 3.1
Deform Std 5.1 2.0 2.5 3.6 3.7 3.0 2.6 - 3.1 - 2.7 -

SA
C Rigid MAE 5.3 3.2 2.9 6.8 4.9 4.6 10.7 5.4 - - - -

Rigid Std 6.8 3.9 4.2 5.6 5.1 3.8 3.6 - - - - -
Deform MAE 3.7 8.0 6.5 7.4 4.3 13.4 14.0 8.1 - - - -
Deform Std 4.6 1.3 4.7 4.4 4.1 4.9 2.8 - - - - -

TABLE I: Rigid objects achieve sub-mm accuracy (0.7mm MAE), deformable objects show higher error (6.6mm MAE).

(a) (b) (c) (d)

Fig. 2: 3D tactile point cloud visualization. (a) deformable
bottle, (b) rigid bottle, (c) deformable ball, (d) rigid ball.

C. Learning from pointcloud data
We use PointNet++ [12] for hierarchical feature extraction

from tactile point clouds. Unlike the original PointNet [11],
which uses global pooling, it captures local geometric struc-
tures through set abstraction layers. Our regression approach
is inspired by [9], which applies PointNet to 3D hand pose
estimation. We employ data augmentation including z-axis
rotation and ±10% scaling to improve generalization.

D. VGG19 for visual radii estimation
We evaluated a radius estimation pipeline for a 6-DOF hand

in simulation. Fig. 5a shows a comparison between the VGG19
model [13] and the corresponding ground-truth values, with
all values normalized to the range 0–1. The input consists
of RGB-touch image data and associated values. The results
indicate that the model effectively captures the underlying pat-
terns in the data and produces accurate predictions, achieving a
MAE of 0.6 for all cylinder types, and 0.04 for the tennis ball
evaluation from the sphere category. We have also explored
how transfer learning [8] techniques can be usedby training
the VGG19 model on the left hand and then adapting it for
the right hand and validating on it.

E. Deformable/non-deformable grasping sampling
Deformation detection uses proprioceptive and tactile feed-

back, encoding joint angles and contact forces into 2D images
via cylindrical projection. A comparison between evaluated
models and data configurations is summarized in Table I, while
the distribution of the estimated radii is shown in Figure 4.

PointNet achieving sub-millimeter accuracy (MAE =
0.7mm) on rigid cylinders, with errors below 0.2mm on stan-
dard cans. For spheres, the cylinder-trained model generalizes

Fig. 3: RGB views with tactile heatmaps for cylinder (left)
and sphere (right) grasping. Top: deformable, bottom: rigid.

Fig. 4: Radius estimators comparison by object class.
Cylinders of 24mm, 29mm and 32.5mm radius

(a) VGG radii estimate from
RGB touch data

(b) RGB-D scene parsing (yellow
cylinder, magenta hand)

Fig. 5: (a)VGG prediction on touch and (b)3D scene parsing

well to rigid balls and deformable ones. SAC yields higher er-
rors but requires no learning. VGG on simulated data achieves
the lowest error (0.6mm cylinder, 0.04mm sphere), with real-
world transfer showing 0.02mm on cylinders. Performance
degrades on deformable objects due to compression during
grasping. These results confirm the model learns surface
curvature to radius mapping.
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