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A Model-based Visual Contact Localization and Force Sensing
System for Compliant Robotic Grippers

Kaiwen Zuo1, Shuyuan Yang1 and Zonghe Chua1

Abstract—Grasp force estimation can help prevent robots from
damaging delicate objects during manipulation and improve
learning-based robotic control. Integrating force sensing into
deformable grippers requires negotiating trade-offs in cost,
complexity, mechanical robustness, and performance. With the
growing integration of RGB-D wrist cameras into robotic systems
for control purposes, camera-based techniques are a promising
solution for indirect visual force estimation. Current approaches
mostly utilize end-to-end deep learning, which can be brittle
when generalizing to new scenarios, while existing model-based
approaches are unsuited to grasping and modern grasper geome-
tries. To address these challenges, we developed a model-based
visual force sensing approach integrating an iterative contact
localization with generalization to unseen objects. The system
extracts structural key points from wrist camera RGB-D images
of deforming fin-ray-shaped soft grippers, and uses these key
points to define parameters of an inverse finite element analysis
simulation in Simulation Open Framework Architecture. The
iterative contact localization sub-system utilizes a deep learning-
based online 3D reconstruction and pose estimation pipeline to
dynamically update contact location, and is robust to visual occlu-
sion and unseen objects. Our system demonstrated an average
root mean square error of 0.23 N and normalized root mean
square deviation of 2.11% during the load phase, and 0.48 N
and 4.34% over the entire grasping process when interacting
with different objects under various conditions, showcasing its
potential for real-time model-based indirect force sensing of soft
grippers.

I. INTRODUCTION

Soft grippers are widely used in robotic manipulation due
to their inherent safety and adaptability. These properties,
together with their high mechanical robustness, make them
widely used in learning-based dexterous manipulation. In this
application, providing training demonstrators and the control
policy access to grasp force information has been shown
to enhance autonomous manipulation performance, enabling
precise and reliable interactions with target objects [1], [2].
Integrating force sensing into compliant grippers requires
negotiating trade-offs in cost, sensor size, sensing range, accu-
racy, reliability, and integration complexity. Metal strain-gauge
sensors are susceptible to damage when exposed to impacts.
Integrating a force sensor into a soft gripper without disrupting
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its natural deformation behavior during grasping [3] is also
challenging. Novel force sensors, such as distributed soft tac-
tile sensors [4], [5] and discrete bend sensors [6], preserve the
gripper’s natural deformation. However, the distributed tactile
sensors often suffer from the difficulty of decoupling external
contact forces from the gripper’s intrinsic deformation, while
discrete sensors typically have constrained sensing regions due
to the physical limitation of their mechatronic design.

To address this challenge, indirect sensing approaches, such
as camera-based force sensing, have been developed [7]–[12].
These approaches use RGB-D images to observe gripper defor-
mation arising from external interaction, and are advantageous
because of their relatively low cost, easy accessibility, and
unobtrusiveness. Such an approach is further suited for modern
learning-based dexterous manipulation, as most setups already
require wrist cameras [13].

Data-driven approaches have been widely adopted for in-
direct visual force estimation because of their ability to learn
complex representational mappings. These have typically used
a neural network to observe the gripper deformation [7], [8],
with some using finite-element simulation to create synthetic
training data [9]. These studies reveal a shortcoming of data-
driven methods, which is their dependency on the quality
and diversity of training data, which can significantly limit
their generalizability. Moreover, the performance of such ap-
proaches relies on the quality of the visual features observed
from the deforming gripper. To ensure accuracy, past works
have positioned the camera directly parallel to the gripper’s
main deformation plane, which can significantly limit the
robot’s workspace in real-world applications [8]–[10]. Alterna-
tively, mounting the camera on the robot’s wrist increases the
feasible workspace but typically results in reduced estimation
accuracy [7].

Model-based approaches, such as inverse finite element
analysis (iFEA), can provide more robust out-of-distribution
performance. Reddy et al. [11] estimated both the actuation
and the grasp force on miniature compliant grippers by solving
Cauchy’s problem in elasticity. However, their method cannot
be implemented in real time due to its stated computational
inefficiency. Zhang et al. [14] addressed this limitation by
using reduced-order approximations and a Quadratic Pro-
gramming (QP)-based solver in Simulation Open Framework
Architecture (SOFA) [15]. Their approach focused on esti-
mating external forces acting on a soft robot with visible
environmental contact locations. However, when grasps are
viewed from an angled wrist camera, contact locations are
often occluded.

In this letter, we present an approach to address the limita-
tions of existing camera-based methods, including their high
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Fig. 1. Flow chart for the contact localization and force sensing system pipeline with the corresponding frame rates for the key components.

sensitivity to extracted features and the requirement for visibil-
ity of contact locations. We apply real-time iFEA simulations
using SOFA to the problem of grasp force acquisition for fin-
ray-shaped soft grippers, specifically dealing with non-visible
contact interactions. Our approach introduces the following
contributions:

1) A novel image-based mesh reconstruction approach to
resolve the scale mismatch between the physical object
and a learning-based model-generated mesh.

2) A novel model-based iterative contact localization al-
gorithm capable of handling occluded contact locations
and pre-estimating the contact location.

3) Experimentally validated accuracy through both static
and on-robot experiments, supported by further demon-
strations of the usefulness and effectiveness of the con-
tact estimator.

II. MATERIALS AND METHOD

A. System Overview

Two fin-ray-shaped soft gripper jaws were mounted to
an electromechanical base and observed by a wrist-mounted
RGB-D camera. The structural key points of the grippers are
segmented from the RGB-D image stream using Deeplab-
cut (DLC) [16], a deep neural-network-based skeletal pose
estimation framework that leverages transfer learning. Their
3D positions are input to iFEA simulations developed using
SOFA. The image stream is also used in conjunction with
a reconstructed mesh of the grasped object to localize its
pose relative to the gripper jaws via FoundationPose [17].
Using the object and gripper mesh intersection, a model-based
iterative contact localization algorithm computes the contact
position between the grasped object and the gripper. This
contact estimate is provided to the simulation, and the grasp
force is then computed based on the acquired constraints. The
flow chart of the system pipeline and the corresponding frame
rate of the key components are shown in Fig. 1.

B. Gripper Geometry and Fabrication

Two fin-ray-shaped grippers were 3D-printed using thermo-
plastic polyurethane (TPU) 95A. TPU 95A was used because
it is commercially available, and has a relatively large linear

region in its stress-strain curve [18]. The latter property made
it compatible with the QP Inverse Solver from the SofaRobots
Inverse plugin [15], which was developed under the assump-
tion of linear elasticity. The geometry and size of our gripper
are similar to those of the Festo adaptive gripper (DHAS-
GF-80-U-BU), but with thinner bands and ribs to achieve
greater compliance. The effective compliance was evaluated
by displacing a 20mm-diameter cylinder 10 mm at the gripper
midpoint, and showed our gripper achieving two times greater
compliance than the Festo gripper. We installed the grippers
on an SSG-48 adaptive electric gripper base (Source Robotics,
Zagreb, Croatia) as shown in Fig. 2A.

C. SOFA Simulation Setup

Left gripper (GL) refers to the gripper jaw located on the
left side of the camera view, and right gripper (GR) refers to
the one on the right, as shown in Fig. 2B. Both grippers use
a mesh with 522 vertices to balance simulation accuracy and
computational cost. The simulations for each gripper run in
parallel, enabling a simulation frame rate up to 40 Hz. The
simulation takes key point positions and contact location as
inputs and outputs the estimated grasp force (Fig. 1).

To build the simulation in SOFA, we define two constraints:
position effector constraints and an actuator constraint. In each
iteration of the simulation, the QP Inverse Solver will compute
the force applied to the gripper at the actuator position that
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minimizes the distance between the position effectors and their
corresponding targets. As shown in Fig. 2B, we chose the
nodes that correspond to structural key points on the physical
gripper to be the position effectors, and they are categorized as
outer or inner effectors based on their positions with respect to
the inner contact surface. These key points are thus the targets
of their respective position effectors and are captured by our
key point acquisition pipeline as described in Sec. II-D.

For the actuator constraint, we chose to use the force
point actuator rather than the force surface actuator because it
provided more stable solutions during preliminary tests. The
position of the force point actuator is crucial to the simulation,
as an incorrect contact condition can lead to inaccurate force
estimation. SOFA allows us to initialize the actuator constraint
with a set of contact candidates. The actuator constraint can be
dynamically changed by mounting the actuator on a different
contact candidate during simulation. Here, we selected 14
linearly arranged points along the central axis of the inner
contact surface as contact candidates whose positions in the
undeformed state are denoted as {ai}, and the actuator is
initialized on the middle candidate.

Another key factor in the simulation is ε , which represents
the weight of the deformation energy term in the QP inverse
solver objective function [15], given as

J = 1
2 λ
⊤
a
(
W⊤eaWea + εWaa

)
λa +λ

⊤
a Wea δ

free
e . (1)

The solver accounts for more internal strain and less shape
transformation with higher ε . According to the datasheet of
the Festo gripper, the effective stiffness of the fin-ray-shaped
gripper varies at different contact positions, indicating that the
ratio of internal strain and shape transformation is dependent
on where contact occurs. Therefore, ε was empirically tuned
for each contact candidate. At each iteration, the actuator
is initialized on the estimated contact candidate, and the
corresponding ε value is updated.

D. Key Points Acquisition and Calibration

3D positions of structural key points were identified using
DLC [16] from RGB-D data captured via an Intel RealSense
D405 at 30 Hz. DLC requires only minimal labeled data (∼50-
200 frames) to adapt to a specific skeletal pose estimation task.
We collected and annotated 300 frames of the gripper grasping
the cylinder and the cube used in our on-robot evaluation.
We labeled 15 structural key points and one reference point
per gripper in each frame. When the key point is occluded,
the corresponding label remains unannotated. Reference points
as defined in Fig. 2A were used to localize the gripper jaw
during the grasping process. These data were used to fine-tune
a pretrained DLC model using the official API, which allows
adjusting the output dimensionality without directly modifying
the network architecture.

In each frame of the camera stream, DLC predicts the
pixel indices of the key points and reference points in RGB
images with their corresponding likelihood. Then, we obtain
the position data of the key points {cqkp,i} and reference
point cqrp in the camera frame for each gripper by relating
the pixel indices to the point cloud data. The key points are

mapped from the camera to the gripper jaw frame using the
transformation matrix gTc, which is computed by chaining the
camera-to-gripper-base transformation rTc, and the gripper-
base-to-jaw transformation gTr. The gripper base frame shares
the orientational alignment as the jaw frame, but its origin
tracks the reference point, which translates as the gripper jaws
open and close. gTr and rRc, the rotational component of rTc,
are specified from CAD models.

Capturing all the key points allows for more constraints to
be specified in the simulation, which can improve the accuracy
of the system. However, in most grasping scenarios, some key
points are occluded or may have incorrect position estimates
due to misidentification in DLC or noisy point cloud recon-
struction. These can lead to infeasible position effector target
specifications that can contribute to inaccurate and unstable
solutions. To prevent this, we applied key point detection con-
fidence thresholding followed by spatial bounding box filtering
for all key points. The threshold confidence is determined
empirically based on the model output to coarsely retain most
visible key points while filtering out all the occluded ones.
We set the spatial bounding box to contain the workspace for
key points to filter out the incorrectly inferred ones in the
background.

When initializing the position effector targets at each sim-
ulation iteration, the simulation controller receives an indexed
list of incorrect key points and deactivates their corresponding
position effector. We use a binary switch instead of continuous
smoothing, since occluded key points can drift unpredictably
onto the object surface or into the background, which makes
the continuous smoothing unreliable.

E. Contact Estimator

The contact position serves as an essential constraint in the
simulation. Unlike in existing approaches [14], our perspective
camera view obscures the contact position in the point cloud
data. Additionally, the simulated gripper deformation and
force depend on accurate contact localization, which in turn
depends on the gripper deformation. This phenomenon will
be more pronounced with larger deformation and will reduce
the performance of naive closest point approaches [14]. To
address these, we developed a novel model-based iterative
contact localization algorithm. Since pose estimation is not the
primary contribution of this work, we use FoundationPose [17]
to estimate the object pose, by providing it with a reconstructed
mesh of the grasped object. This object mesh is also used as
a digital twin, whose pose is described in the frame of the
deformed gripper jaw.

1) Mesh Reconstruction: The object mesh is initially gen-
erated using the SAM-3D Objects model [19]. Given an RGB
image and the object mask, the model reconstructs the object
mesh in a canonical space and jointly estimates the object
scale and pose. Because the model does not take the camera
intrinsics as input, there is a severe scale mismatch between
the mesh and the physical object, leading to inaccurate pose
estimation and contact localization. To address these, we
developed a novel scale calibration workflow.

Using the RGB-D camera, we segment the object point
cloud from the point cloud data with the object mask. The
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Algorithm 1 Iterative Contact Localization Algorithm
1: Input: undeformed vertex matrix V, object mesh Mo, candidate

set {ai}, offset l0, contact status flag S = False
2: for each iFEA simulation iteration do
3: Compute (gRo,

gto)← (gTc,
cTo)

4: Get V and reconstruct Mg← V
5: M̂o←Mo, and apply rotation gRo to M̂o
6: if S is True then
7: Apply translation gto to M̂o
8: else
9: Update gto and apply to M̂o

10: end if
11: Compute intersection Min←Mg∩M̂o
12: if Min ̸= /0 then
13: Find ac and mount to the cth candidate
14: S ← True
15: else
16: S ← False
17: end if
18: The QP Solver computes the simulated force.
19: end for

reconstructed mesh is first scaled and transformed into the
camera frame based on the model’s output. The mesh is then
coarsely scaled using the x-axis bounding box of the acquired
point cloud. However, relying solely on coarse calibration
lacks robustness, as it depends on accurate pose estimation.

Since the mesh represents the complete object geometry,
whereas the acquired point cloud only contains partial ob-
servations, directly applying the iterative closest point(ICP)
algorithm yields poor alignment. To obtain the partial view
of the mesh, we project it onto a pixel grid defined on the
XY plane of the camera frame, with the origin aligned to the
camera frame origin, and the grid resolution determined by the
camera intrinsics. We obtain a partial mesh by preserving the
points closest to the origin for each pixel. Then we perform
ICP twice between the partial mesh and the acquired point
cloud using Open3D, enabling scale adjustment on the second
ICP. We apply the resulting scale factor to the complete
reconstructed mesh and generate a watertight triangular mesh
via Poisson surface reconstruction.

2) Iterative contact localization algorithm: The deformed
mesh of the gripper is reconstructed using the real-time
vertex matrix V ∈Rnv×3 from the simulation. FoundationPose
predicts the transformation matrix from the object frame to the
camera frame, denoted as cTo. As the transformation matrix
from the camera frame to the gripper jaw frame, gTc, is
known, the complete transformation from the object frame
to the gripper jaw frame, gTo, can be obtained by chaining
gTc and cTo. This enables the transformation of a copy of the
localized object mesh Mo, denoted as M̂o, into the gripper jaw
frame and consequent Boolean intersection computation with
respect to the deformed gripper mesh Mg.

When the result of the Boolean intersection, denoted as
Min, is empty, it indicates that there is no contact between
the gripper and the object. Otherwise, we identify the vertex
vj ∈ V that is closest to the center of Min. Then, the position
of the jth vertex in the undeformed state, vj, can be retrieved
through the undeformed vertex matrix of the gripper jaw, V.
Typically, vj lies inside the gripper, but contact can only occur
on the inner contact surface. Thus, vj is projected onto the

inner contact surface to obtain a point qp. This point is used
to find the closest contact candidate in the set of candidates
{ai}, denoted as ac. The force point actuator is then mounted
onto the identified cth contact candidate.

Since Foundation pose has a limited frame rate, which
significantly affects the system’s performance. To address this
issue, we pre-estimate the contact position based on the rela-
tive pose between the gripper and the object. In cases where
the gripper and the object are not yet in contact, their digital
twins are brought into slight contact by adjusting gto, the x-
axis translation of gTo, thereby enabling early estimation of the
contact position. Since the solver computes the simulated force
by minimizing the distance between the position effectors and
their targets, the pre-estimation process does not influence
the simulation results when no physical contact occurs. gto
is updated accordingly as

gto,x = l0 +0.5lbd, (2)

where gto,x represents the translation along the x-axis. The
term l0 denotes the x-distance from the inner contact surface
to the origin of the gripper jaw frame in the undeformed state,
offset by 1 mm into the surface, and lbd denotes the width of
the object model along the x-axis after applying the predicted
rotation, gRo. The pseudocode of the proposed iterative contact
localization algorithm is provided in Algorithm 1. Thus, while
FoundationPose limits the system to 10 Hz prior to contact,
once contact is established and stable, the system runs at 30
Hz, i.e., the frame rate of the RGB-D camera. Overall, the
limited frame rate of the contact estimator only constrains the
gripper’s approach speed prior to grasp. The frame rate of the
iFEA simulation remains sufficient for force control during
dynamic grasping of soft objects.

F. Baseline Model Training

We trained a neural network as a comparative baseline
following Zhu et al. [10]. This involved using a ResNet-
50 backbone as an image encoder, and feeding a sequence
of 10 images into a transformer to predict the grasp force.
The dataset consists of grasps of the cylinder and cube used
in on-robot evaluation, with three force levels, five motion
speeds, and 14 distinct contact locations. The training dataset
contained approximately 3.44 hours of video recorded at 30
Hz, which is comparable to that used by Zhu et al. [10].

III. EXPERIMENTAL EVALUATIONS, RESULTS, AND
DISCUSSION

A. Static Force Evaluation

To evaluate the accuracy of the proposed force estimation
system, we constructed a benchtop setup and conducted a
static evaluation on a single gripper jaw, as shown in Fig. 3A.
In this setup, the jaw is mounted on two 3-axis linear stages.
The RGB-D camera is mounted at the same initial relative
position and viewing angle with respect to the gripper as in
the dual-jaw setup shown in Fig. 2A. By preserving the spatial
relationship between the camera and the gripper, this benchtop
configuration enables us to evaluate the system’s on-robot
performance under controlled conditions. As shown in Fig. 3A,
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an ATI Nano17 F/T sensor (ATI Industrial Automation, Apex,
NC, USA) is placed beneath the grasped object to obtain
the ground-truth grasp force (Fgt). The grasped objects were
connected to the force sensor via an adapter. The adapter
was equipped with a roller bearing that allowed the object
to translate along the contact surface. This reduced surface-
parallel forces arising from sliding friction during gripper
deformations.

The static evaluation was conducted by applying five dif-
ferent load levels to the gripper while interacting with three
cylinders of varying diameters: 15, 25, and 35 mm. Each
cylinder was tested at three distinct contact positions: upper,
middle, and lower (Fig. 3B-D). The load levels were achieved
by displacing the gripper base by 2, 4, 6, 8, and 10 mm,
with 0 mm representing the initial state in which the gripper
is positioned but not yet in contact with the object. Because
the effective stiffness of the gripper varies across different
contact positions, we chose to control the displacement of the
linear platform rather than the force applied to the gripper. For
each displacement measurement, the gripper is translated to its
target displacement. The system is then allowed to settle for
10 seconds to reduce any transient impact and viscous effects.
Then the ground-truth and simulated grasp forces (Fsim) are
recorded over a subsequent 10 seconds. One cycle is defined
as loading the gripper base from its initial position to each
displacement level, up to 10 mm, and then unloading to each
displacement level, until reaching the initial configuration. For
each contact condition, five cycles were conducted to ensure
the repeatability of the results.

The accuracy of the system was evaluated by computing the
root mean square error (RMSE) and normalized root mean
square deviation (NRMSD) between the ground-truth and
simulated forces. The NRMSD is calculated by normalizing
the RMSE by the observed force range across all loading
cycles. The normalizing force range was 11.04 N in both static
force and on-robot evaluation. To quantify the system’s error
in the worst case, the maximum error of the simulated results
during the evaluation was calculated.

The mean RMSE and NRMSD, along with their standard

TABLE I
SIMULATED GRASP FORCE ACCURACY UNDER DIFFERENT CONTACT

POSITIONS AND CYLINDER DIAMETERS.

Contact
Position Ø(mm) RMSE(N) NRMSD(%) Max Error(N)

Upper
15 0.22 ± 0.03 1.97 ± 0.30 0.54

25 0.52 ± 0.09 4.67 ± 0.79 1.02

35 0.57 ± 0.05 5.20 ± 0.50 1.52

Middle
15 0.24 ± 0.02 2.16 ± 0.21 0.62

25 0.28 ± 0.07 2.54 ± 0.59 0.98

35 0.24 ± 0.07 2.18 ± 0.60 0.60

Lower
15 0.69 ± 0.05 6.26 ± 0.48 1.55

25 0.62 ± 0.11 5.62 ± 0.98 1.47

35 1.21 ± 0.15 10.93 ± 1.37 3.33

deviations across five test cycles (Table I). The corresponding
maximum errors are also reported. We compared errors for
both the load and unload phases under different contact and
displacement conditions (Fig. 4A–C). It can be observed that
when contact occurs at the upper or lower positions, the
estimated grasp force becomes less accurate as the cylinder
diameter increases, evidenced by the data points deviating fur-
ther from the gray dashed unity line. In contrast, the estimation
accuracy remains consistent as the cylinder diameter changes
at the middle contact position, with a mean RMSE ranging
from 0.24 to 0.28 N and a mean NRMSD ranging from 2.16
to 2.54 %, as shown in Table I. Our results reveal two factors
that affect accuracy: (1) the amount of internal strain, and (2)
the occlusion of key points.

1) Effect of Internal Strain: Given its linear elasticity
assumption, our system performance depends on the degree of
nonlinear material behavior. This is primarily induced by the
increased gripper internal strain. During the deformation, the
gripper experienced different ratios of internal strain and shape
transformation due to variations in effective stiffness across
contact positions. At the lower contact position (Fig. 4A),
where the gripper exhibited higher effective stiffness compared
to the other two positions, our system tended to underestimate
the grasp force as the object size increased under large dis-
placements. This is because in the regions with higher effective
stiffness, the gripper has less observable shape transformation
but more unobservable internal strain.

2) Effect of Key Point Occlusion: The accuracy of our
system also depends on the visibility of the key points. This
is primarily affected by the size of the object being grasped,
as larger objects tend to occlude more key points near the
contact region. This effect was amplified at the upper contact
position. At this position, our system tended to overestimate
the grasp force as the cylinder diameter increased (Fig. 4C).
This is because the outer position effectors were occluded,
thus reducing the contribution of the upper-region constraints
in the simulation. Therefore, the solver accounts for more
of the lower-region constraints, where the gripper exhibits
a higher effective stiffness, leading to an overestimation of
the grasp force. The results at the middle contact position,
where only inner effectors tended to be occluded as object
diameter increased, suggest that the influence of inner effector
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occlusions is relatively limited, as the estimation accuracy
remains consistent with increasing cylinder size. The effect
of occlusions is less pronounced at the lower contact position,
where the effect of internal strain becomes dominant.

Due to the position-dependent coupling between the effects
of internal strain and key point occlusion that affect accuracy,
we note that defining a quantitative metric relating accuracy
purely to visibility or object geometry is difficult. We further
analyzed the error distribution in different load phases, as
shown in Fig. 4D–F. The results indicate that the estimation
error was generally lower in the load phase than in the
unload phase. This observed hysteresis suggests an unmodeled
viscous effect. When contact occurred at the upper or lower
positions, the error distribution exhibited a bimodal pattern.
The diminished accuracy at these two contact positions both
occur under high deformation, but are attributable to two
distinct factors, which are the occlusion of outer key points
in the upper contact scenario, and more unobservable internal
strain in the lower contact scenario.

B. Contact Estimator Evaluation

In the static force evaluation, the contact position in the
simulation was predefined, whereas in real-world applications,
it is typically unknown. Using our iterative contact localization
algorithm, the system can adapt to different objects and remain
effective even when the contact position shifts during grasping.
In this experiment, we aimed to evaluate the necessity of the
contact estimator for the overall system performance. Due
to the difficulty in directly quantifying the accuracy of the
estimated occluded contact position, we assess its accuracy
indirectly by analyzing the improvement in grasp force esti-
mation performance. To control for the error in mesh quality
and object pose estimation attributable to FoundationPose, we
used a CAD model as the digital twin of the cylinder and
hard-coded the its pose by initializing the digital twin to the
known pre-contact state. The translation along the x-axis was

TABLE II
GRASP FORCE ESTIMATION ACCURACY (RMSE (N) ± STD) UNDER
DIFFERENT ACTUATOR POSITIONS AND THE CONTACT ESTIMATOR.

Real
Sim Contact Estimator Upper Middle Lower

Upper 0.20 ± 0.04 0.22 ± 0.03 1.21 ± 0.10 5.91 ± 0.13

Middle 0.26 ± 0.02 0.93 ± 0.14 0.24 ± 0.02 4.93 ± 0.17

Lower 0.61 ± 0.12 4.40 ± 0.52 3.61 ± 0.53 0.69 ± 0.05
* Blue cells indicate cases where the preset contact position matched the
actual contact position, while green cells indicate cases where the system was
implemented with the contact estimator.

then acquired by computing the displacement of the reference
point from its initial position.

We repeated the same experimental procedure described
in the static evaluation, with the gripper interacting with a
15 mm cylinder at three distinct contact positions. For each
contact position, the simulation actuator was configured in
four different ways: (1) fixed on the upper position, (2)
fixed on the middle position, (3) fixed on the lower position,
and (4) initialized at the middle position with the contact
estimator activated, i.e., our method. The mean RMSE and
its standard deviation are reported in Table II. The results
indicate that the contact estimator is essential to the system.
Incorrect fixed actuator configurations significantly degraded
estimation accuracy, whereas the contact estimator achieved
similar accuracy to fixed configurations where the actuator
position is correctly predefined.

C. On-robot Grasp Force Evaluation

To evaluate the system’s performance in an on-robot sce-
nario, we conducted grasping tests on three commonly encoun-
tered object shapes. The dual-jaw gripper was mounted on a
Kinova Gen3 7-DoF robotic arm (Kinova, Quebec, Canada).
The test objects, a cylinder, a cube, and an asymmetric object,
were 3D-printed as two halves, so that they could contain
an embedded F/T sensor for Fgt measurement as shown in
Fig. 5A. Using our mesh reconstruction approach, the recon-
structed meshes achieve L2 Chamfer distances of 2.36, 3.53,
and 3.35 mm with respect to their corresponding CAD models
for the tested objects. In comparison, the raw meshes exhibit
substantially larger Chamfer distances of 13.39, 14.69, and
15.69 mm, while the coarsely calibrated meshes yield distances
of 2.80, 6.69, and 3.26 mm. The large distance observed for
the coarsely calibrated cube mesh highlights the necessity of
our method.

The robot was controlled to grasp each object at the upper,
middle, and lower contact positions with a grasping speed
of 1 mm/s. To further investigate the system’s performance
under varying force levels (low, medium, and high), the gripper
was actuated with incremental control currents of 300 mA,
500 mA, and 800 mA. To equilibrate the transient effects,
the gripper stayed fully grasped for six seconds in each
grasping process. Each force level was repeated five times. We
recorded the videos of each grasping process and benchmarked
our system by running the baseline model offline. We also
evaluated the system’s performance in scenarios where the
contact position shifts during the grasping process by grasping
the asymmetric object.
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Fig. 5. Objects with built-in load cells and experimental results of the on-robot evaluation. (A) Cylinder, cube, asymmetric object with built-in load cells
and CAD design under perspective view. (B) Estimation results when grasping the asymmetric object at lower position under low force level. Images of the
physical grippers and their digital twins at four stages of the grasping process are shown. (C) Representative grasp force estimation results across different
grasping conditions. Asym∗ indicates that the asymmetric object is unseen for both our system and baseline model. (D) Mean RMSEs along with STDs of
the entire grasping process and the load phase for both our system and baseline model. L, M, and H represent low, medium, and high force level.

Embedding the F/T sensor within the object allowed us
to measure the ground-truth force without interfering with
the natural grasping process. To ensure reliable ground-truth
measurements while minimizing the impact on our system
bandwidth, we used a marker-based optical tracker, Micron
Tracker 4 (Claronav, Toronto, Canada), to establish the kine-
matic chain from the sensor frame to the gripper jaw frame,
enabling the transformation of the sensor-measured force
for validation purposes. Two optical tracking markers were
attached to both the top surface of the object and the RGB-D
camera mount. The estimated grasp and manipulation force,
Fg

sim and Fm
sim, were calculated using the method described by

Yoshikawa and Nagai [20],[
Fg

sim
Fm

sim

]
=

[
min(|Fgl|, |Fgr|)

Fgl−Fgr

]
(3)

where Fgl and Fgr denote the estimated force on GL and GR,
respectively and the postive direction of Fm

sim aligns with that
of Fgl. Due to the difficulty of obtaining reliable measurements
of the ground-truth manipulation force, we only evaluated the
grasp force in this experiment.

We categorized the grasping process into four stages
(Fig. 5B). At Stage 1, the grippers begin grasping the object.
At Stage 2, the full commanded grasp is achieved. At Stage
3, the gripper begins to release the object. At Stage 4, the
object is fully released. The load phase is defined as the
period between Stage 1 and 2. The mean RMSEs and standard
deviations for the entire grasping process and the load phase
were calculated separately for both the baseline model and our
system (Fig. 5D). Except for the worst-case scenario, where the
gripper was commanded to grasp the object with a high force
level at the lower contact position, the overall RMSE of our
system ranged from 0.19 to 0.78 N, and the load phase RMSE

ranged from 0.08 to 0.56 N with high repeatability. The
corresponding NRMSD ranges from 1.75 to 7.04 % over the
entire grasp process and from 0.71 to 5.08 % during the load
phase. Due to the 30 Hz effective frame rate limitation, there
was a 0.25 s delay before the onset of force. The results reveal
a clear pattern, in which the RMSE increased with higher
force levels due to the combined effects of observing fewer
outer key points, and the increasing internal strain. In addition,
the results demonstrate the robustness of the proposed contact
localization algorithm when using a reconstructed mesh.

Both the baseline model and our system achieved high
accuracy when grasping the cylinder and cube, which are
included in their training datasets (this corresponds to the
DLC dataset for our system). However, when grasping the
asymmetric object, the baseline model exhibits a substantial
drop in accuracy, while our system maintains high perfor-
mance (Fig. 5B-D). This result demonstrates the generalization
capability of the data-driven method and the robustness of our
key point acquisition pipeline. It also indicates that our system
can accurately estimate the grasp force even when the contact
positions shift during the grasping process. Our system’s errors
primarily occurred between Stages 2 and 4 of the grasping
process and were likely due to the nonlinear behavior and
viscosity of the soft material.

D. On-robot Manipulation Force Evaluation

To evaluate manipulation force estimation accuracy, the
gripper was commanded to stably grasp a 100 g calibration
weight (0.98 N). It then rotated counter-clockwise 360◦, and
then reversed back to its initial pose. Due to gravity, the
manipulation force will vary with the gripper’s rotational
angle. As illumination also changes during rotation, we con-
ducted comparative experiments with an external light source
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Fig. 6. Manipulation force evaluation and potato chip grasping results. (A)
Force trajectory in polar coordinates, where the angle represents the gripper
rotation. The shaded region indicates the standard deviation. (B) System
performance with force control during potato chip grasping and lifting.

affixed to the manipulator to analyze the effect of lighting
conditions on system accuracy. Both conditions were repeated
five times to ensure repeatability. The RMSE is 0.12 ± 0.00 N
with an external light source, compared to 0.28 ± 0.02 N
without one. The close tracking of the polar manipulation force
(Fig. 6A) demonstrates the system’s accuracy in estimating
the manipulation force under stable lighting conditions. The
results also indicate that our system maintained accurate
force estimation except under severe low-light conditions
(90◦–270◦), where the flipped gripper occluded environmental
light. The increased error is mainly attributed to the degraded
point cloud quality, with reduced inference confidence of DLC
also contributing secondarily.

E. Grasping a Potato Chip

To demonstrate the capability of our system for force
control during delicate grasping, we commanded the gripper
to repeatedly grasp and lift a potato chip at a closing speed of
4 mm/s while incrementally increasing the force threshold in
steps of 1 N until fracture occurred. The gripper successfully
grasped and lifted the potato chip at a force level of 5 N,
whereas the chip fractured at 5.43 N (Fig. 6B), demonstrating
the system’s capability to perform delicate grasping.

IV. CONCLUSION AND FUTURE WORK

In this letter, we presented the design and evaluation of
a model-based visual grasp force sensing approach for de-
formable fin-ray-shaped grippers. This approach comprised
real-time iFEA simulations and a learning-based key point
acquisition pipeline using a RGB-D camera. A novel mesh
reconstruction pipeline and model-based iterative contact lo-
calization algorithm were developed, enabling reliable contact
estimation when grasping unseen objects of varying shapes
under occlusion. In these tests, our approach outperformed
an end-to-end deep learning baseline model and maintained
performance under moderately bright lighting conditions. We
further demonstrated our system’s dynamic performance by
using force control to grasp a potato chip.

Our approach is likely compatible with other passive com-
pliant grippers that exhibit distinct shape transformations un-
der external contact forces. In the future, we plan to investigate
gripper-specific adjustments to the acquisition pipeline and
the iFEA simulation parameters to validate such compatibility.
Currently, the simulation models materials as linearly elastic,
which limits the gripper material to those with adequately lin-
ear stress–strain responses over the target sensing range. This

facilitates observability of internal strain, which is crucial for
maintaining high accuracy. Moreover, material aging effects
are not considered in our framework. We will address these
in the future by investigating alternative time-aware modeling
approaches.
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