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Abstract

The act of grasping is a fundamental mode of interaction when manipulating
objects, in both physical and virtual environments. Robotic grasping has been
studied for more than three decades, leading to the development of sophisticated
frameworks. In contrast, achieving believable grasping in virtual reality (VR)
requires a complex interplay of graphics, physics, and perception, where realistic
haptic feedback and high-quality rendering are crucial for user immersion. This
paper reviews grasping techniques in both robotics and VR, analysing VR grasp-
ing from visual and haptic perspectives and identifying its current challenges.
We then compare robotic and VR grasping, showing how the relatively mature
evaluation metrics of robotics can inspire potential directions for improving VR
grasping and support the development of solutions that are more stable, natural,
and efficient. Beyond surveying existing methods, this paper provides an outlook
on upcoming challenges and opportunities in grasping research across robotics
and VR. We set out both a high-level vision towards natural, and reliable grasp-
ing in real and virtual domains and priorities, including benchmark creation,
robust evaluation metrics, and improvements in haptic fidelity and latency.

Keywords: Virtual Reality (VR), Robotics, Grasping, Haptic, Human-computer
interaction (HCI), Interaction techniques.

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



1 Introduction

Fig. 1: Realistic interaction with virtual objects within an immersed environment is
crucial for many applications, such as industrial and medical training, entertainment
and virtual social interaction [1].

Understanding human hand movements is crucial for robotics, virtual simulation,
teleoperated manipulation and rehabilitation [2]. When a human interacts with an
object, grasping is a fundamental and intuitive action in many circumstances. This
natural capability allows the hand to grasp a wide variety of objects with different
shapes, weights, and frictional properties.

Grasping is furthermore a fundamental operation in robotics [3]. Robotic grasping
has found widespread applications in various domains, including assembly line process-
ing, machinery manufacturing, and agriculture [4]. In robotic grasping, factors such as
the shape, state, and material of the object being grasped, as well as the external envi-
ronment, must be considered to improve work efficiency [5, 6]. Over several decades
of development, robotic grasping methods have matured, in addition to traditional
robotic grasping methods, recent advances have introduced data-driven approaches.
These methods can now effectively accomplish a wide range of grasping tasks.

An ideal grasping action must take into account the geometry and dynamic char-
acteristics of the object. These considerations, which are essential in both physical and
robotic grasping, are equally relevant in virtual environments [7]. In recent decades,
with the advancement in Virtual Reality (VR) devices and Human-Computer Inter-
action (HCI) studies, the need for simulation of human behaviour with realistic
interaction has become vital for many applications (see Fig. 1), such as industrial train-
ing, medical and surgical simulation, and rehabilitation [1, 8, 9]. High-fidelity graphics
in such virtual environments have been used to provide users with a relatively immer-
sive virtual experience [10]. Obtaining a fully immersive experience requires realistic
interaction with objects within the environment, where also contact forces and weight
of the objects should be felt during the interaction [11]. Haptic devices for either fin-
gertips or the whole hand enable users to feel and manipulate the 3D objects and
explore the virtual environment through kinesthetic and cutaneous perception [12].

Haptic techniques have evolved considerably, with glove-based interfaces [13]
and controller-based systems [8, 14] becoming the dominant solutions. These device
enhance the haptic capabilities of virtual hand interactions, and when combined with
Head-Mounted Displays (HMD), allow users to grasp virtual objects more naturally.
However, the human hand possesses more than 20 Degrees of Freedom (DoFs), far
exceeding the capabilities of current haptic devices. In addition, to achieve clear object
recognition, virtual grasping often requires multiple contact points, which introduces
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complex modelling and considerable computational overhead, particularly in non-
penetration grasping scenarios, where the virtual fingers are constrained to remain
on the object surface without interpenetrating it [15]. Therefore, further technical
solutions are needed to ensure stable and controllable grasping in virtual reality.

Moreover, grasping techniques in VR differ broadly in complexity according to the
virtual object’s properties, such as mass, size, and materials. The object’s stiffness also
plays a significant role in the complexity of simulating the interaction with the object
[16]. Most existing techniques focus on reducing the complexity of the grasping targets
by simulating rigid bodies or objects with relatively simple and similar properties [17].
However, unlike rigid bodies, deformable bodies havehighly dynamic force attributes
when the fingertips make contact with them (see Fig. 2). Therefore, achieving stable
and realistic grasping simulations of deformable bodies with high-quality visuals and
haptic feedback in virtual reality remains a challenging problem.

Fig. 2: Virtual hand grasping objects with different stiffness properties: (a) Grasping
a deformable body, where penetration often occurs, while the object lacks stability
[18]. (b) Grasping a rigid body, which remains stable during grasping [19].

In this paper, we review existing methods in both robotic and virtual grasping,
with the aim of identifying key design principles. We introduce well-established robotic
grasping techniques as a comparison framework for VR grasping methods. By con-
solidating knowledge from both robotics and VR, we propose a set of requirements
for improving VR grasp quality and outline potential directions for future research.
Section 2 describes the review methodology and literature selection process used to
identify and analyse the relevant studies.

2 Methodology

This study adopts a structured literature review approach to analyse existing grasping
techniques in robotics and virtual reality (see Fig. 3). The review follows principles
similar to PRISMA-style selection to ensure a transparent and reproducible study
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identification process [20]. The objective of the review is to identify key developments
in robotic grasping methods and to examine how these techniques relate to or inform
grasping interaction within virtual reality environments.

Fig. 3: PRISMA-guided for the selection process. Records were identified from pri-
mary databases (ACM, IEEE, ScienceDirect) and secondary sources (Google Scholar,
Springer, Semantic Scholar). After merging and removing duplicates (n=321), papers
were screened by titles and abstracts (n=214) and grouped into Robotics (n=79),
Related Fields (n=63), and Virtual Reality (n=72). Following full-text review and
snowballing (n=16), a total of 174 studies were included in the final analysis.

Relevant publications were identified through searches in major academic
databases including IEEE Xplore, ACM Digital Library, and ScienceDirect,
which provide extensive coverage of research in robotics, computer graphics, and
human–computer interaction. Google Scholar and Semantic Scholar were addition-
ally used as complementary search tools to broaden the search coverage. The search
strategy combined keywords related to grasping, robotics, and virtual interaction
techniques to ensure broad coverage of both domains.

After retrieving candidate papers, titles and abstracts were screened to deter-
mine relevance. Studies were included if they presented methods, algorithms, models,
or frameworks related to robotic grasping, virtual grasping, or hand–object interac-
tion techniques. The selected literature was subsequently analysed and organised into
conceptual categories reflecting the major methodological directions identified in the
field. As reflected in this review, robotic grasping techniques are primarily classified
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into analytic-based, geometric-based, and data-driven approaches, while virtual real-
ity grasping research is discussed in terms of challenges, including visual modelling,
visual artefacts, etc., and grasping methods are classified similarly to robotic classifi-
cation: physics-based methods, animation-based methods, and data-driven methods.
This categorisation provides a structured basis for comparing developments in robotics
with emerging approaches to realistic grasping in virtual environments, as discussed
throughout the remainder of this paper.

3 Robotic Grasping Overview

In many practical applications, robotic grasping is an action requiring precision, aimed
at accomplishing specific tasks while requiring a high degree of adaptability to object
shapes and stability in the grasping process [21, 22]. The aims of different robotics
studies vary, leading to various categories of robotic grasping techniques. In this review,
we divide robotic grasping methods into three classifications: analytic methods, geo-
metric methods and data-driven methods. Under this classification, grasping can be
formulated as a problem of identifying optimal contact points and hand configura-
tions, based on the object’s and hand’s geometric and kinematic information, subject
to force closure and equilibrium criteria, as well as reachability constraints [23] (see
Fig. 4). In this section, we offer a concise overview of these methods, which serves as
a comparison for the following chapter on VR grasping.

Fig. 4: Pipeline illustrating the robotic grasping formulation. The inputs consist of the
object model and the hand (gripper) model. The contact model defines the interaction
between the fingers and the object, while constraints specify the necessary conditions
to guarantee grasp feasibility. Grasp quality metrics are applied to evaluate stability
and robustness, ultimately leading to an optimal grasp.
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3.1 Analytic-Based Grasping

Analytic methods are applicable to situations in which the information of the target
shape has been defined, with constraints to find the suitable grasping pose [21]. In
the determination process of the grasping movement, analytic methods need to be
considered with the kinematics modelling (e.g., the joint configuration of the hand and
the geometric relation of fingers to the object surface), dynamics modelling (e.g., the
distribution of contact forces, torques). Specifically speaking, based on the positions
of the hand and object, the grasping system identifies candidate contact points on
the object model and synthesises the grasping configuration. This synthesis is further
constrained by criteria such as closure properties and stability measures [24]. Under
these criteria, stability depends on conditions defined by the number and distribution
of contact points, the friction cones associated with these contacts, and the balance of
forces and torques acting on the object. If these conditions satisfy the requirements for
closure properties, the object can remain stable under grasping even in the presence
of disturbances. Conversely, if these requirements are not met, the grasp will not be
secure.

3.1.1 Contact Model

In analytic-based methods, it is essential to understand the contact models that
describe the interaction between fingers and objects. Basically, different models lead
to different implications for grasp stability and the conditions required for achieving
force closure [25]. We focus on a widely adopted classification into two categories:
Frictionless Point Contact (FPC) and Point Contact with Friction (PCWF).

FPC assumes that no friction is present at the interface between the fingertip
and the object. Under this condition, the contact can only transmit a force along the
surface normal, without any tangential component. The associated wrench (i.e., the
generalised force consisting of a force vector and a torque vector) can be expressed as

Fci =



0

0

1

0

0

0


fci, fci ≥ 0 (1)

where Fci represents the unit force in the normal direction, and fci is the contact
force. In this case, the force can only be compressive.

Generally, the FPC model is rarely considered in practice. Instead, the PCWF
model is commonly applied when friction exists between the finger and objects. In
this case, the contact point can exert forces within a cone of directions around the
surface normal, which is referred to as the friction cone. This cone is derived from the
Coulomb friction model [25].
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Fci =


1 0 0
0 1 0
0 0 1
0 0 0
0 0 0
0 0 0

 fci, fci ∈ FCci, (2)

where

fci =

f1f2
f3

 ∈ R3

denotes the contact force vector at contact ci. FCci ∈ R3 is the corresponding gen-
eralised wrench (force and torque) on the object. The 6×3 contact mapping matrix
expands the contact force into the wrench space, specifically, the upper three rows rep-
resent the force components, while the lower three rows means the torque contribution
of the contact point is neglected in this simplified formulation.

In practical frictional contacts, the torque contribution needs to be considered. In
this case, the generalised contact wrench at contact ci is

Fci =

[
I3

[rci]×

]
fci,

where I3 is the 3 × 3 identity matrix mapping the contact force to the translational
component, and rci ∈ R3 is the position vector of the contact point relative to the
object’s centre of mass. If the contact point is not located at the centre of mass, then
rci ̸= 0, with [rci]× is the skew-symmetric matrix of rci.

The admissible set of contact forces is given by the Coulomb friction cone:

FCci =

{
f ∈ R3 :

√
f2
1 + f2

2 ≤ µf3, f3 ≥ 0

}
, (3)

where µ is the coefficient of friction at the contact. Here, f3 denotes the normal
force, with the condition f3 ≥ 0 enforcing that the contact can only sustain compres-
sion. The tangential force magnitude

√
f2
1 + f2

2 cannot exceed the maximum static
friction limit µf3.

Compared with the FPC model, the PCWF model can resist external disturbances
in multiple directions, thereby enhancing grasp stability.

3.1.2 Closure Properties

Closure is an important property of a grasp [26]. The grasp closure property can be
divided into form closure and force closure. The earliest formal definition was given
by Antonio et al. (1995) [27]. Subsequently, Elon et al. (1996) introduced the precise
notions of both form closure and force closure [28].

Form closure is recognised as the ability to completely immobilise an object using
only geometry, without relying on friction. We define a grasp with N contact points as
(uN , qN ), where uN = (u1, . . . , uN ) denotes the set of contact normal directions, and
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qN = (q1, . . . , qN ) denotes the corresponding set of contact positions on the object.
For each contact i, let ϕi(ui, qi) denote the gap function, which measures the signed
distance between the object surface and the contact along direction ui. The vector
ϕ = (ϕ1, . . . , ϕN ) then stacks the gap functions for all contacts. A grasp (uN , qN )
achieves form closure if and only if the following implication holds:

ϕ(uN + δu, qN ) ≥ 0 ⇒ δu = 0, (4)

meaning that the only feasible infinitesimal displacement δu consistent with all contact
constraints is the trivial one.

Specifically, the gap function ϕi(u, q) describes the state of contact between the
object and the hand:

ϕi = 0 (contact)

ϕi > 0 (separation)

ϕi < 0 (penetration)

The interpretation is that the object cannot undergo any infinitesimal motion without
causing at least one gap function to be violated (e.g., resulting in penetration), meaning
that it is completely constrained by the geometric arrangement of the contacts [29].

On the other hand, force closure means that a grasp can resist any arbitrary
external wrench applied to the object, provided that friction is available at the contact
points [30]. Unlike form closure, which immobilises the object purely through the
geometric arrangement of the contacts, force closure exploits friction cones at the
contact points. This makes force closure a weaker requirement in terms of geometry,
but stronger in terms of grasping capability: it guarantees stability against all possible
external disturbances. For instance, a 3D object with six DoFs usually requires at
least seven contact points to achieve form closure [31]. Under the assumption of hard
finger closure, only three non-collinear contact points are sufficient to achieve force
closure [29]. According to Bicchi et al. (2000), the stability refers to the ability of the
grasp to maintain equilibrium under perturbations, which is affected not only by the
locations of the contacts and their normals, but also by the local geometry and the
distribution of contact forces [26].

Thus, a grasp is said to have force closure if and only if the following condition is
satisfied: {

Gλ = −g
λ ∈ F ∀g ∈ Rnv , (5)

where nv is the dimension of the generalised wrench space (e.g., nv = 6 for a
rigid body in 3D). G ∈ Rnv×m is the grasp matrix mapping the contact force vector
λ to the object’s generalized wrench (force and torque), where m is the number of
contact points multiplied by the number of basis vectors used to approximate each
friction cone. Considering computational tractability, the nonlinear friction cone is
often approximated by a polyhedral linearised cone spanned by a finite set of basis
vectors {dj}. In the linearised formulation, λ ∈ Rm denotes the vector of non-negative
weighting coefficients associated with the basis vectors. g ∈ Rnv denotes an arbitrary
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external generalised wrench applied to the object. In other words, force closure implies
that for any arbitrary external generalised wrench g, there exists a feasible contact
force distribution λ within the friction cone constraints such that the grasp matrix
satisfies Gλ = −g.
F is the composite friction cone defined as

F = F1 × F2 × · · · × Fnc = {λ ∈ Rm | λi ∈ Fi, i = 1, . . . , nc}. (6)

where nc is the number of contact points, and each Fi denotes the friction cone
associated with contact i.

It is worth mentioning that force closure only ensures that any external wrench
can be resisted in a static sense, it does not guarantee dynamic stability of the grasp,
meaning that a grasp satisfying force closure may still fail to remain stable under
dynamic conditions such as impacts or sliding [30].

3.1.3 Grasp Quality Metrics

Grasp quality metrics are used to evaluate the performance of a grasp, once the grasp
satisfies the conditions of form closure or force closure. These metrics allow a further
assessment and can be used to optimise the grasp’s stability [32]. We introduce the
Grasp Wrench Space (GWS) as a fundamental framework that characterises grasping
capabilities, and present the ϵ-metric as a widely used quality measure derived from it.

The GWS is defined as the convex hull of all possible wrenches that could be applied
through the contact points {pi}Ni=1 of grasp gi [33]. It represents the range of external
forces and torques that the grasp can resist. The minimum distance between the origin
and the boundary of the GWS, called the Largest Minimum Resisted Wrench (LRW),
also referred to as the ϵ-metric, represents the minimum external wrench that could
destabilise the object.

ϵ = min
w∈∂ GWS

∥w∥ (7)

The ϵ-metric measures the minimum external wrench that a grasp can resist in its
most vulnerable direction. A larger ϵ value indicates a more stable grasp.

3.2 Geometric-based Grasping

Analytic methods are strictly based on force definitions, while geometric methods
rely on geometric heuristics to efficiently generate candidate grasps. Among them,
caging-based techniques represent a classical geometric approach that has been widely
employed to address the problem of grasping arbitrary objects. Unlike analytic
methods, caging does not depend on force modelling but on geometric constraints [34].

Caging refers to positioning the grippers so as to restrict the object within a
region from which it cannot escape, thereby defining a feasible grasping space through
geometric constraints. Wan et al. (2012) present a caging-based technique in which
robotic fingers progressively shrink around an object until immobilisation is achieved
[35]. Kim et al. (2019) formulate the required geometric caging conditions using a 2D
planar abstraction of the object and hand configuration, enabling tractable mathemat-
ical analysis and algorithmic implementation [36]. Su et al. (2017) investigate caging
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grasping of 3D objects and propose the concept of a form-closure grasping cage. They
construct a matrix representation using an attractive function in the configuration
space to detect cage boundaries and analyse the transition from caging to form closure
[34] (see Fig. 5).

Fig. 5: After determining an initial caging configuration, the gripper subsequently
executes a form-closure grasp, successfully securing the target object [34].

However, the gripper cage essentially provides a coarse configuration, which is
not suitable for precise grasping tasks. In practice, heuristic search is often used in
conjunction with geometric candidate generation, including caging-based approaches:
starting from initial contacts generated by geometric heuristics and terminating once
a force-closure grasp is identified [24]. Heuristic search has also been used to find
optimal grasps, for example, by exploring combinations of candidate contact points
when objects are modelled as a set of vertices [37].

3.3 Data-driven Grasping

Data-driven methods eliminate the need for explicit analytic modelling of objects.
Instead, they rely on training with large-scale datasets. Compared to analytic meth-
ods, data-driven approaches can avoid complex computations [23]. In general, optimal
grasping requires accurate perception and detailed analysis of geometric informa-
tion. However, when facing unknown grasping targets, traditional analytic approaches
often struggle [38]. With the development of machine learning and deep learning,
prior knowledge extracted from data enables robotic grasping to move beyond a
strict reliance on object models. We broadly categorise data-driven methods into two
classes based on their learning mechanisms, which will be introduced in the following
subsections.

3.3.1 Feature-based Methods

Feature-based methods aim to learn the association between object characteristics and
grasp configurations, in order to select a set of grasp candidates for the task object
[24]. This approach can generalise to previously unseen objects.

Saxena et al. (2008) presented an algorithm that identifies characteristic points
in each image to obtain a 3D grasping location; however, it does not perform well
on elongated objects [39]. Lenz et al. (2015) employed a sparse autoencoder (SAE)
to automatically learn features from data, construct a two-stage cascaded detection
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system, and propose group regularisation to encourage each hidden unit to focus on
a subset of input modalities, thereby avoiding the learning of spurious cross-modal
correlations [40]. Redmon et al. (2015) directly feed RGB-D images into an AlexNet-
based network, where convolutional layers automatically extract image features, and
fully connected layers then output the grasp rectangle coordinates in a single forward
pass, eliminating the need for sliding window scanning [41]. Mousavian et al. (2019)
propose 6-DOF GraspNet, which employs a VAE to learn the conditional distribution
of grasp poses given the object point cloud, generating a diverse set of grasp candi-
dates; the sampled grasps are further optimised through a grasp evaluator network and
gradient-based iterative refinement. This method significantly outperforms the base-
line method [42]. Yang et al. (2025) proposed an attribute-based grasping framework
that integrates visual and textual command inputs into a gated-attention encoder,
decoding pixel-wise grasp affordances in an end-to-end architecture [43].

These feature-based methods do not rely on precise object models, support cross-
category and cross-task generalisation, and reduce the need for manual teaching.
Nevertheless, they rely heavily on visual and semantic features while largely ignoring
physical constraints, which may lead to grasp failures when perception errors occur.
They are also highly sensitive to the scale and quality of the training data, as the
model tends to overfit without sufficient pretraining data and noisy reconstructions or
biased web images can significantly degrade performance.

3.3.2 Demonstration-based Methods

Another category is demonstration-based methods, which transfers grasping knowl-
edge from humans to robots. Operators provide demonstrations through devices such
as data gloves or cameras, recording data including joint angles, hand configura-
tions, and wrench information. The robot then learns grasping strategies from these
demonstrations, enabling it to perform grasps in new scenarios [24].

Wang et al. (2024) present a representative Learning from Demonstration
approach, in which human-demonstrated contact regions and approach directions are
incorporated as priors into an ISF-based optimisation pipeline, offering a practical
engineering implementation [44]. Ye et al. (2022) proposed the Continuous Grasp-
ing Function (CGF), an implicit function that takes continuous time, a latent code,
and object point cloud features as inputs to predict robot joint positions at arbi-
trary timesteps, thereby generating smooth and continuous grasping trajectories. The
method is built upon a Conditional Variational Autoencoder framework and trained on
large-scale 3D human demonstration data, achieving significant improvements in both
trajectory smoothness and real-robot deployment success rate [45]. Both addressing
few-shot robotic grasping, DemoGrasp [46] employs explicit geometric based approach
to resolve grasping in parallel gripper scenarios, while AdaDexGrasp [47] targets the
more demanding setting of dexterous manipulation. By combining trajectory-guided
reinforcement learning with curriculum learning, AdaDexGrasp efficiently acquires
grasping skills from a single human demonstration per skill, and further leverages a
vision-language model to adaptively select the appropriate grasping strategy based on
user instructions.
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Demonstration-based methods directly benefit robots by inheriting human dexter-
ity and task knowledge. However, their main limitation lies in the difficulty of mapping
human hand configurations to robotic hands with different degrees of freedom and
mechanical constraints, which introduces additional complexity in real applications.

Kinematic mismatch arises primarily from discrepancies in the structure of the
finger base joints and the location of the thumb [48]. Such a mismatch makes direct
replication of human hand motion on a robot hand infeasible, necessitating retarget-
ing, during which additional constraints further complicate the problem: joint limits
restrict the reachable configuration space, meaning that some demonstrated gestures
are infeasible even after optimisation [49]. In addition, collision and self-collision
constraints require retargeted motions to avoid penetration, altering the approach
direction and contact sequence, which can lead to contact timing differences [50],
contact point offsets, and changes in contact normals [51]. Even when geometric align-
ment is achieved, contact feasibility must be ensured: the selected contacts should
admit physically realisable forces and torques to provide stable grasps and successful
downstream manipulation [49].

Principle-driven retargeting seeks to reduce mapping-induced deviations by encod-
ing task-relevant geometric priors while avoiding expensive online optimisation. Yin
et al. (2025) propose a formulation that learns a mapping from human fingertip key-
points to robot joint targets, guided by five geometric criteria: (I) Motion preservation:
The retargeted fingertips preserve local motion directions, so small human fingertip
displacements induce robot fingertip motions in consistent directions; (II) C-space
coverage: The retargeted fingertip trajectories are encouraged to span the robot’s
reachable fingertip space, promoting an approximately surjective mapping from human
to robot workspace; (III) High flatness: The mapping is regularized to have low cur-
vature / low gain variation, yielding more uniform sensitivity across the workspace;
(IV) Pinch correspondence: Pinch gestures are mapped to robot fingertip proximity
to preserve pinch semantics crucial for grasping; and (V) Collision-free: Self-collisions
are penalized to encourage physically feasible postures during teleoperation [52]. The
design is well-suited for high-rate teleoperation and scalable data collection, but it
does not explicitly reason about grasping force feasibility or physically realisable con-
tact wrenches, so downstream stability may still benefit from contact-aware refinement
when physically realisable wrench generation is critical.

In practice, the retargeting deviations manifest primarily as point offsets, normal
misalignment, and altered contact sequences, which degrade grasp stability by reduc-
ing force-closure margins and increasing frictional requirements, often resulting in slip,
push-away, or missed closure. Specifically, contact point offsets change the effective
lever arms and required frictional support. Under the same normal squeezing force,
the tangential demand can more easily exceed the friction limit, leading to slippage
[53]. Normal misalignment alters the direction of the applied contact forces. Instead of
producing stabilising opposition, the grasp may generate unintended pushing motions
[54]. Finally, contact-sequence deviations can perturb the object early in the interac-
tion, so that subsequent finger closure cannot recover the intended geometry, often
resulting in failed grasp closure [55].
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Therefore, while [52]’s principle-driven retargeting improves kinematic consis-
tency and controllability at high rates, mapping errors can still be amplified during
physical interaction through contact point offsets, normal misalignment, and contact-
sequence deviations. To keep such error propagation within acceptable bounds,
practical downstream, contact-aware refinement is often required. Liu et al. (2022)
propose a differentiable and efficient surrogate grasp-quality metric, which refor-
mulates force-closure conditions into a continuous, soft-constrained objective via a
contact-normal–based residual. This enables direct synthesis of diverse grasps within
a gradient-guided sampling/optimisation framework. The approach generalises to dif-
ferent hand and gripper morphologies as long as the hand’s forward kinematics and
geometry are differentiable [56]. Garcia et al. (2009) note that, for tasks involving
contact with the environment, it is common to adopt task-space hybrid control and
impedance control. In particular, along the direction perpendicular to the contact sur-
face, the interaction force can be regulated via an impedance relationship, allowing
the end-effector trajectory to adapt locally so as to suppress excessive contact-force
peaks and improve contact stability [57]. Zhao et al. (2025) proposed a slip-detection
model aimed at generalising across five-finger dexterous hands, diverse grasp types,
and objects with varying materials and shapes, while remaining fast and robust enough
for stable real-time deployment [58].

3.4 Damage-Aware Grasping

As the existing techniques can achieve grasping in a stable way in many circumstances,
the complexity of grasping increases as additional constraints come into play. Some
specific grasping tasks focus on highly deformable and even fragile bodies, which must
be taken into account in addition to the stability of object-hand interaction. Most
flexible deformable objects, basically, will go through three kinds of states: elastic
deformation, plastic deformation, and compressive failure [59]. In such cases, it is often
important to avoid damage to the grasping targets. Yu et al. (2023) propose a method
that jointly predicts the deformation properties and grasp pose of the objects, with
the aim of enabling safe grasping and avoiding damage to deformable items [60]. Their
method controls the deformation change in the range below the elastic limit, in order
to avoid plastic deformation or damage of the grasping targets, such as an orange or
a paper cup. Zaidi et al. (2017) introduce a non-linear model, which is able to handle
the interaction between the deformable bodies and robotic hands [61]. Xu et al. (2020)
also try to solve the problem of damage and liquid spillage in the process of grasping
hollow objects, like plastic bottles and paper cups [62]. However, these methods are
only applicable to some specific objects, and they do not have much versatility. For
some special fragile objects, like tofu, grasping strategies could be more challenging.
there is still no perfect way to solve this problem, One solution is to use fluid fingertips
[63, 64]. Another solution is to use micro-patterned pads, an interesting method which
is motivated by the microstructure of the footpalm of some organisms in nature, like
geckos. Nguyen et al. (2020) refers to the foot palm of the tree frog to design the
cushion of the gripper [65], which simplifies the complex deformation analysis of fragile
deformable objects during the grasping.
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Fig. 6: Overview of the standard VR grasping setup. The user achieves realistic
grasping through the integration of photorealistic visual feedback and high-fidelity
haptic feedback [66–68].

4 VR Grasping Techniques

Realistic grasping is inherently governed by the laws of physics [69]. As a result, human
hands are capable of easily grasping objects with different shapes, masses, spatial
positions, and friction properties, often without requiring too much effort [70]. In
contrast, when grasping is considered in virtual environments, this changes drastically.
According to Dalia et al. (2021), users tend to rely predominantly on power grasps
when interacting with virtual objects, mainly due to the lack of physical constraints,
whereas in the real-world, grasping relies more heavily on precise movements [71].

When realistically simulating grasping in VR, the virtual environment cannot con-
strain human hand motion according to the laws of physics, as in the real environment
[69], which may lead to visually implausible results. To address these issues, significant
progress has been made in recent decades in terms of visual feedback, enabling the
rendering of photorealistic objects [66]. Meanwhile, various technological devices have
been introduced to enhance haptic feedback and improve the plausibility of interac-
tions, such as haptic gloves [67], handheld controllers [68], and hand exoskeletons [72].
As illustrated in Fig. 6, VR grasping requires the combined contribution of both visual
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and haptic modalities. Nevertheless, a thorough understanding of grasping mecha-
nisms is particularly important for safety-critical applications, including teleoperation
[73] and surgical operations [74]. In this section, we review virtual grasping techniques
with a focus on their key challenges and methodological approaches.

4.1 Challenge

Despite substantial progress in visual feedback and haptic feedback, several challenges
remain in grasping simulation, particularly in the reproduction of precise grasping
behaviours and the handling of deformable bodies [17]. For large deformable bodies
and heterogeneous deformation bodies–defined here as objects with spatially varying
material properties such as stiffness or density–grasping becomes increasingly complex
[75]. In some approaches, deformable objects are simplified and approximated as rigid
bodies [76], although such approximations remain limited in their ability to capture
realistic interactions. Consequently, much of the existing literature has focused on rigid
bodies, since they exhibit relatively simple physical properties [77]. Furthermore, with
the continuous improvement of virtual environments, VR applications place growing
demands on the ability to grasp arbitrary targets. This underscores the significance of
clearly defining the challenges of grasping simulation and developing effective solutions
to address them.

4.1.1 High-Fidelity Modeling

High-fidelity hand modeling is a crucial input for virtual grasping, and the virtual hand
should reproduce, as closely as possible, the degrees of freedom and dexterity of the
human hand [78]. The whole hand has 27 DoFs, and each finger except the thumb has
three bones: the distal, middle, and proximal phalanges. Also, these fingers have three
joints, which are the MCP (metacarpophalangeal), PIP (proximal interphalangeal),
and DIP (distal interphalangeal) joints [79, 80] (see Fig. 7). Such properties induce a
large configuration space for the hand, requiring virtual grasping algorithms to handle
various groups of DoFs. According to Mulatto et al. (2013), the human skill of manip-
ulating objects depends on the thumb’s kinematics and on its capability of opposing
the other fingers [81]. The thumb has 5 DoFs, which allows humans to perform com-
plex spatial movements [82]. Physiologically, tendon and ligament constraints prevent
finger joints from moving completely independently [83]. Hence, additional constraints
are necessary to reproduce natural hand poses. Altogether, real-time rendering of
high-fidelity virtual hands does incurs substantial computational costs.
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Fig. 7: The structure of the human hand skeleton. Each finger except the thumb has
three phalanges and joints [79].

To address these issues, Kuch et al. (1995) presented a universal hand model in
which the surfaces of the palm and fingers are represented using cubic B-splines,
thereby reducing the number of control points and improving rendering efficiency
[84]. Burton et al. (2011) introduce a kinematic model of the human hand, focusing
on the precise mapping of thumb movements [79]. Oprea et al. (2019) introduced a
visually realistic grasping system that allows users to interact with or manipulate
non-predefined objects based on collision detection [76]. Unfortunately, this method
suffers from penetration issues, which reduce the quality of the interaction. Although
relatively realistic models of human hands have been developed [78, 85], reproducing
surface stress remains difficult due to the limitations of current connection models
between the hand and objects. Modelling a precise and stable contact mechanism is
still a challenging task [17].

Notably, most researchers rely on virtual rigid fingers to simulate hand–object
interactions. According to Verschoor et al. (2018), adopting soft finger models can
provide more realistic feedback (see Fig. 8). However, high-resolution soft finger models
are limited by the trade-off between computational cost and physical realism. Other
approaches approximate deformable skin by modelling a soft pad attached to a rigid
skeleton [86–88]. Jacobs et al. (2011) proposed a novel soft body model based on Lattice
Shape Matching (LSM) [86]. While this approach increases the robustness of object
manipulations, the soft pad may collapse in some cases. Moreover, compliance between
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the bones and the tracker, as well as inter-penetration artefacts, remain important
factors to consider. These challenges suggest that existing soft finger modelling remains
incompletely resolved, particularly with respect to numerical stability, contact fidelity,
and real-time performance. It worth mentioning that the robotics literature on soft-
finger contact provides a more physically grounded and calibratable contact semantics:
reliable contact is not merely the absence of penetration, but the ability to stably
realize a contact wrench space at the fingertip. A soft fingertip forms a finite contact
patch, which enables not only a tangential friction force ft but also a frictional moment
about the contact normal, denoted τn (torsional friction moment) [89]. Ciocarlie et al.
(2007) model the coupled feasibility of tangential force and torsional moment using a
friction ellipsoid,

f2
t +

τ2n
e2n
≤ (µP )2, (8)

where µ is the friction coefficient and P is the normal load (larger P increases the
available friction budget µP ). The parameter

en =
max(τn)

max(ft)
(9)

acts as a torsional-capacity scale, Using the Winkler foundation model, the maximum
torsional friction moment about the contact normal satisfies

τmax
n

P
=

8

15
µ
√
ab, (10)

and therefore

τmax
n =

8

15
µP
√
ab, (11)

where a and b are the semi-axes of the elliptical contact patch, µ is the friction coef-
ficient, and P is the normal load. Since the maximum tangential friction force is
fmax
t = µP , the torsional-capacity scale (eccentricity parameter) is

en =
τmax
n

fmax
t

=
8
15µP

√
ab

µP
=

8

15

√
ab, (12)

i.e., en ∝
√
ab, scaling with the effective radius of the contact patch. Hence, en is

closely tied to the effective size of the contact patch. This formulation makes explicit
that, for a given P , ft and τn draw from the same friction budget: allocating more
capacity to resist tangential slip leaves less margin to resist torsional slip, and vice
versa. Consequently, by explicitly targeting (i) contact patch geometry (e.g., a, b or√
ab, which determines en), (ii) the tangential friction threshold (µP ), and (iii) the

torsional friction threshold τmax
n ≈ enµP , we can turn soft-finger realism into cali-

bratable objectives that provide a principled basis for fingertip calibration in terms of
contact patch size, shear resistance, and torsional resistance.
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Fig. 8: Soft hand simulations while interacting with virtual objects within virtual
reality. The proposed method does not support self-collisions of the hand nor support
contact between deformable objects [7].

4.1.2 Visual Artefacts and Hand-Object Overlapping

Current VR techniques do not allow the virtual environment to constrain real hand
motion as in the physical world. This often leads to unrealistic grasping behaviours
and visually distracting artefacts [69], such as penetration between the virtual hand
models and objects (see Fig. 9). These artefacts degrade the quality of visual feedback
and diminish the immersive experience. Moreover, hand-object overlapping is a persis-
tent problem in computer animation. It occurs not only in 3D object grasping but also
in 2D interactions [90]. when the grasping targets have complex geometric features,
such as vases, stuffed toys, or handicrafts, penetration is likely to occur [91, 92], since
bounding boxes or spheres are often used as coarse approximations of such objects.
In some applications, discrete collision detection is employed, which tests for intersec-
tions only at fixed time intervals and can therefore miss collisions occurring between
frames, resulting in visual artefacts such as hand-object interpenetration. This phe-
nomenon is known as tunneling [93]. Despite our desire to adopt low-cost solutions
to prevent penetration, in dexterous manipulation tasks such cost-driven approxima-
tions in collision and contact handling often exacerbate other equally critical failure
modes. These include contact jitter—high-frequency frame-to-frame oscillations of the
contact point [94], or missed time-of-impact (TOI) events, where collisions occurring
between discrete time steps go undetected [95], and erroneous stick–slip mode switch-
ing, which introduces spurious stickiness and abrupt force/velocity transitions that
undermine stable, controlled manipulation [96].

Pelletier et al. (2025) cast triangle–SDF collision detection as an explicit search
for the earliest time-of-impact (TOI) over a continuous time interval [93]. Their pro-
cedure jointly minimises the signed distance over the continuous time variable and
the barycentric coordinates of the triangle, locating the earliest contact across the full
time interval. In practice, robustness remains coupled to the quality of the SDF as
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well as numerical precision and the available iteration budget, which can reintroduce
conservative steps or residual failure cases in cost-constrained settings.

In contrast, constraint-based contact handling treats collision and contact directly
as feasibility constraints. For example, Müller et al. (2007) describe a projection-
based strategy that resolves penetrations by projecting points back onto the feasible
set, enforcing non-interpenetration at the position level and bypassing TOI detec-
tion entirely [97]. A different line of work accelerates collision queries by organising
geometry into hierarchical bounding structures: Klosowski et al. (1998) propose bound-
ing volume hierarchies of k-DOPs that prune non-overlapping subtree pairs early in
traversal, reserving exact primitive-level intersection tests for the leaves [98]. The per-
formance gain is achieved through hierarchical culling, though the tightness of the
bounding volumes and the granularity of the hierarchy still govern sensitivity to thin
structures and near-contact configurations.

More recent robust formulations integrate contact into the global time-stepping
solve. Li et al. (2020) propose Incremental Potential Contact (IPC), which combines
unsigned distance with a smooth log-barrier and enforces intersection-free iterates
by bounding each Newton step via CCD-based line search. IPC further stabilises
frictional behaviour by smoothing static friction and using a lagged dissipative poten-
tial, mitigating spurious stick–slip mode switching while maintaining non-penetration
throughout the optimisation [99].

Collision detection and contact handling are not only responsible for prevent-
ing interpenetration or generating reaction forces; more importantly, they delineate
the feasible interaction set induced by object geometry, kinematic reachability, and
frictional constraints. By bounding which contact modes are physically admissible
at each state, this structured characterisation provides the discrete scaffolding on
which planners and controllers can organise and reason over long-horizon contact
sequences. For instance, in the task-driven hybrid model reduction framework of Jin
et al. (2024), contact feasibility is encoded implicitly through the complementarity
constraints of a linear complementarity system (LCS), where the active or inactive
inequalities partition the state-input space into distinct hybrid modes. Rather than
reasoning over all combinatorially many modes, the framework identifies a small set of
task-relevant modes through on-policy learning, and a trust-region LCS-MPC replans
in receding-horizon fashion to stably realise contact transitions. Structurally, this
explicitly elevates contact mode selection and contact evolution to first-class decision
variables in both the model representation and the controller [100].

This reliance on contact variables as decision inputs implies that the quality of the
underlying contact detection directly conditions the integrity of both the learned model
and the MPC rollout, as misclassified contact events corrupt the training data from
which task-relevant modes are identified and perturb the complementarity constraints
during online replanning.

From this planning-variable viewpoint, low-cost collision and contact approxima-
tions carry consequences that extend well beyond minor geometric artefacts such as
small interpenetrations. Rather, such approximations can significantly degrade the
quality of contact variables, undermining the assumptions on which the decision-
making stack depends. Specifically, contact jitter corresponds to high-frequency noise
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or discontinuities in estimated contact points and normals, making the contact state
difficult to track consistently over time. Missed time-of-impact (TOI) events per-
turb hybrid event timing and lead to phase errors in contact transitions. Erroneous
stick–slip switching is effectively a misclassification of a discrete contact-mode vari-
able, which propagates downstream and degrades long-horizon reasoning over contact
sequences. Since these local errors compound and propagate across contact transi-
tions, they can systematically undermine geometry-aware long-horizon manipulation
methods that depend on stable contact sequences.

Fig. 9: Illustration of unrealistic interpenetration that may occur during the interac-
tion between the virtual hand and the object [92].

4.1.3 Device Limitations

In virtual environments, visual and haptic feedback are critical factors influencing
grasping performance. Modern head-mounted displays (HMDs) can already provide
photo-realistic rendering of visual scenes, distinguishing them from early VR systems
[101]. Such high-fidelity visual scenes can assist users in reproducing realistic grasping
actions [102]. However, the development of haptic devices continues to encounter sub-
stantial limitations. Haptic devices are essential for simulating grasping interactions
and have been widely investigated to enhance user immersion [103]. Through haptic
interaction, users are able to perceive force, material properties, and object shape dur-
ing virtual manipulation, which in turn provides essential cues for realistic grasping
[104]

Early systems, such as the force-feedback arm exoskeleton introduced by Frisoli
et al (2005), achieved a high control update rate of 2 kHz but was limited by a
low number of DoFs, constraining realistic operation [105]. Standard VR controllers
typically provide only vibrotactile cues triggered by collisions or discrete events, which
lack the ability to convey continuous and directional force information [106, 107].
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Haptic glove technologies have demonstrated the ability to render force feedback with
higher accuracy. For example, the HaptX Glove G1 uses a steady flow of compressed
air to provide resistive force feedback, delivering high-resolution, high-displacement
tactile sensation [108]. While this allows for enhanced feedback, the weight of the device
makes it challenging for users to wear for extended periods. In contrast, grounded
devices like Phantom Premium and Touch X are able to transfer realistic elastic forces,
as well as simulate the textures of object surfaces [106]. Nevertheless, they are limited
to a single input modality, which only supports touching or poking behaviour.

While visual rendering in VR has reached photo-realistic quality, haptic devices
are still hindered by difficulties in reproducing fine tactile cues, high development
and maintenance costs, and poor portability or wearability. Addressing these issues
to develop lightweight and stable haptic solutions with high-fidelity force feedback
remains central to enabling realistic grasping in VR.

4.1.4 Incomplete Theoretical Framework

A complete theoretical system for assessing the quality VR grasping has not yet
been established. In particular, there is currently no universally accepted metric [109].
Grasping performance in VR is often evaluated qualitatively, for instance through
user studies and questionnaires, which makes it difficult to assess grasping quality
in a consistent and quantitative manner. In contrast, in robotic grasping, Ferrari et
al. (1992) introduced grasp quality metrics based on GWS, which have since been
widely adopted and extended to provide guarantees of grasp stability under external
disturbances [33]. Furthermore, in robotic assembly research, the National Institute
of Standards and Technology (NIST) has presented a set of performance metrics and
benchmarking tools that contribute to the technical specification of robotic systems
[110]. The NIST benchmarks can also be applied to the manipulation and grasp-
ing of deformable bodies in assembly tasks. However, to the best of our knowledge,
although simulation-based benchmark such as DaXBench [111] exist for evaluating vir-
tual grasping of deformable objects, no benchmark comparable to those for industrial
assembly has yet been established to systematically define performance metrics and
evaluation procedures for VR grasping. Hence, the evaluation framework for virtual
grasping still requires significant improvement.

4.2 Grasping Methods

With increasing user demands, symbolic substitution–where grasping is represented by
simplified attach/detach events rather than realistic physical interaction [112]–can no
longer be regarded as a sufficient means of grasping. To achieve grasping with stable
and realistic interaction, a variety of methods have been proposed. This subsection
outlines the main approaches to virtual grasping in detail.

4.2.1 Physics-Based Methods

In most VR grasping applications, form closure is sufficient to visually and geomet-
rically constrain objects, as it provides the appearance of a stable grasp without the
computational cost of simulating detailed contact forces. However, for applications
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requiring physically accurate interaction and haptic realism — such as surgical train-
ing or robotic teleoperation — force closure becomes essential, since the stability of the
grasp depends not only on geometry but also on the distribution of contact forces and
friction. Such methods rely on physical input devices to achieve grasping behaviours,
which are constrained by the laws of physics and thus referred to as physics-based
methods [113–115]. Specifically, given a hand model, the VR system couples the
tracked hand motion to a physics engine that enforces dynamics, non-penetration
constraints, and friction. Stable grasps naturally emerge when the simulated contact
forces and torques drive the hand–object system to static equilibrium, rather than
from precomputed pose generation [116].

In physics-based methods, force is the most significant physical constraint. Simu-
lating haptic feedback while grasping a 3D virtual object requires three-dimensional
forces and torques, with sufficient magnitude to reproduce the contact forces involved
in dexterous manipulation, thereby enabling the perception of power grasps of virtual
objects [117]. To capture subtle variations in contact between fingers and objects, both
high force resolution and rapid dynamic response are essential. In tasks demanding
accurate force feedback, such as rotating a virtual tumour in a surgical simulation,
the error in force rendering should remain below the human discrimination threshold
[118]. Under such conditions, users can infer tumour stiffness through the interaction
of resistance forces and movement [119].

Ideally, the force rendering error e should remain below the human force discrimi-
nation threshold Fthreshold, i.e.,

e < Fthreshold. (13)

In practice, sampling and zero-order hold (ZOH), computation/communication delay,
and limited actuator DoF introduce distortions that prevent perfect transparency
[120–122].

Therefore, we formulate a perceptual requirement that the force-rendering error
remains below the human discrimination threshold (JND):

etotal < JND. (14)

The JND is the minimum change in stimulus required for reliable perception. This
measure corresponds to the maximum level of augmentation that an individual can
experience without becoming aware that augmentation has occurred [123]. Prior stud-
ies suggest that JND depends on multiple factors, including force direction, increment
versus decrement, interaction context, and hand velocity [124, 125].

We thus represent the scenario-specific JND as

JND = f(F0, v, d, σ, ℓ, k) , (15)

where F0 is the reference force, v is hand velocity, d is force direction, σ ∈ {+1,−1}
indicates increment/decrement, ℓ is contact location, and k indexes the subject. For a
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given task, we define the worst-case (most sensitive) threshold as

JND∗ = min
F0∈Ftask, v∈Vtask
d∈Dtask, σ, ℓ, k

f(F0, v, d, σ, ℓ, k) . (16)

The design requirement etotal < JND∗ then provides a conservative, task-specific
bound that is guaranteed to hold across all operating conditions within the task.

Let Fsim(t) denote the task-relevant scalar contact force produced by the simu-
lator. The haptic device cannot reproduce the full simulated wrench [126]; instead
it generates a finite-dimensional actuator stimulus vector u(t) ∈ Rna (e.g., vibration
amplitude/force level per actuator), which is transformed into an equivalent rendered
force through a calibration map:

Frend(t) = c⊤u(t), (17)

where c ∈ Rna is identified from device calibration (linearised around the operating
range).

It is worth noting that human perception further filters the rendered force:

Fperc(s) = Hhuman(s) c
⊤uact(s), (18)

where the human perception filter is modelled as a first-order low-pass system:

Hhuman(s) =
1

1 + s/ωh
. (19)

Because the actuator space is limited, we introduce a mapping function that
converts the simulated force to a desired actuator stimulus:

u(t) = g(Fsim(t)) . (20)

The mismatch between the simulator force and rendered force defines the mapping
error:

emap(t) = |Frend(t)− Fsim(t)| . (21)

This term captures information loss due to finite actuator DoF and any approximation
within g(·).

The desired stimulus u(t) is delivered through a sampled-data haptic pipeline.
Let Ts be the sampling period and T the one-way communication latency. We model
sampling and ZOH by:

Hzoh(s) =
1− e−sTs

sTs
, (22)

and communication delay by:

Hcomm(s) = e−sT . (23)
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We separate transmission effects (sampling/ZOH, delay, and command quantisation)
from the device/closed-loop dynamics:

u1(s) = Q(Htf(s)u(s)) , uact(s) = Hdyn(s)u1(s), (24)

where
Htf(s) = Hzoh(s)Hcomm(s), (25)

Q(·) denotes command quantisation (e.g., a uniform quantiser with step size ∆u), and
Hdyn(s) denotes the closed-loop device dynamics (actuators + embedded controller),
which is a stable causal transfer matrix. Hdyn(s) is identified from the closed-loop
input–output response u1 → uact. The key point is that Htf captures sampled-
data and delay, while Hdyn captures the device bandwidth and closed-loop tracking
limitations.

Using the intermediate signal u1, we define two additional error components in the
equivalent-force domain:

etf(t) =
∣∣c⊤u1(t)− c⊤u(t)

∣∣ = ∣∣c⊤(u1(t)− u(t))
∣∣ , (26)

edyn(t) =
∣∣c⊤uact(t)− c⊤u1(t)

∣∣ = ∣∣c⊤(uact(t)− u1(t))
∣∣ . (27)

We define the total perceived error as the difference between the perceived force
and the ideal perceived force:

etotal(t) = |Fperc(t)− Fideal(t)| , Fideal(s) = Hhuman(s)Fsim(s). (28)

Noting that

c⊤uact − Fsim = (Frend − Fsim) + c⊤(u1 − u) + c⊤(uact − u1), (29)

and applying the triangle inequality to etotal(t) = |Hhuman ∗ (c⊤uact − Fsim)| yields:

etotal(t) ≤ |Hhuman∗(Frend − Fsim)|︸ ︷︷ ︸
≜ ẽmap(t)

+
∣∣Hhuman∗

(
c⊤u1 − c⊤u

)∣∣︸ ︷︷ ︸
≜ ẽtf (t)

+
∣∣Hhuman∗

(
c⊤uact − c⊤u1

)∣∣︸ ︷︷ ︸
≜ ẽdyn(t)

.

(30)
Taking the supremum over t on both sides of Eq. (30) and applying Young’s

convolution inequality with ∥Hhuman∥L1 = 1, we obtain

sup
t

etotal(t) ≤ sup
t

emap(t) + sup
t

etf(t) + sup
t

edyn(t). (31)

Therefore, we suggest a conservative design requirement for accurate haptic feedback
is

sup
t

etotal(t) < JND∗ ⇐ sup
t

(
emap(t) + etf(t) + edyn(t)

)
< JND∗. (32)
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where supt denotes the supremum of the error over the time interval of interest.
To make Eq. (32) actionable, we allocate an error budget

sup
t

emap(t) < α JND∗, sup
t

etf(t) < β JND∗, sup
t

edyn(t) < γ JND∗, (33)

with α+ β + γ ≤ 1.
In force simulation, most researchers incorporate friction [103], with gravity also

being considered, though typically to a lesser extent. Reproducing gravity is vital for
enhancing the haptic experience, since perceiving the weight of virtual objects sig-
nificantly enriches immersion. Conventional haptic devices, however, cannot directly
reproduce gravitational forces; instead, users are typically informed of successful grasp-
ing through vibration or simple force cues [127]. One possible approach for simulating
gravitational effects is to dynamically vary the device mass, for example by circulating
liquid to emulate different weight levels [128].

By modulating the device’s effective mass, they induced a perceived change in
weight for the user. Their subjective evidence assessing perceived realism, comfort, and
preference—suggested that this approach can support the simulation of gravity-related
sensations.

Nevertheless, such techniques require bulky hardware and incur high costs. Skin-
stretch feedback has been explored as a lightweight alternative for representing texture,
friction, slip, and tangential forces. By deforming the fingertip skin, skin-stretch
devices can effectively simulate tangential components, including gravitational cues.
Based on this principle, Choi et al. (2017) designed a wearable haptic device capable
of simulating gravity to enhance grasping sensations. The device employs voice-coil
actuators driven with an asymmetric waveform, producing a cycle-wise asymmetric
displacement/acceleration profile. This temporal asymmetry generates a directionally
biased cutaneous cue (shear/skin-stretch) on the fingertip. Defining Fz as the gravita-
tional (downward) component of the virtual contact force, the system maps Fz to the
waveform amplitude. The system elicits an illusion of weight and gravity direction,
rather than applying a sustained physical downward force [129]. Task-level validity
was demonstrated through a VR weight-sorting task, in which users successfully rank-
ordered virtual objects of different masses. However, qualitative feedback indicated
that weight discrimination remained difficult in practice, with users reporting that
vibration amplitude was more salient than perceived weight.

Additionally, fingertip placement and grip force can substantially modulate the
perceived asymmetric skin-stretch cue, and it is difficult to keep these factors consis-
tent across users or even across trials for the same user. In addition, inter-individual
differences further affect perceptual gain [129]. Therefore, we recommend adopting
the general psychophysical procedure of [130] to estimate each participant’s JND.
Specifically, a two-alternative forced-choice (2AFC) task with an adaptive staircase
can be used, and the JND computed as the mean stimulus amplitude at the final N
reversal points once a predefined total number of reversals is reached. The cue can
then be discretised into a small set of amplitude levels separated by m × JND. This
participant-specific quantisation preserves level-to-level discriminability in the pres-
ence of trial-to-trial variations in fingertip placement and grip force that effectively
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rescale cue transmission gain. Since effective cue transmission gain varies across grasp
configurations due to differences in contact area and skin compliance, a grasp-specific
correction factor should also be derived from a brief pilot calibration session.

Physics-based approaches can be extended to model the interaction between elastic
surfaces and virtual fingertips (see Fig. 10). Luo et al. (2007) applied Bernoulli-Euler
bending beam theory to simulate elastic shape deformation [131]. This non-linear
model is capable of handling compliant motions with friction and complex varia-
tions in contact areas, but it remains limited to contiguous areas. To overcome this
limitation, Tong et al. (2008) introduced a non-linear contact force model combined
with a beam-skeleton representation for global shape deformation, allowing the mod-
elling of multi-contact regions between the virtual hand and deformable objects [18].
Nevertheless, these physics-based approaches are strongly reliant on the precision of
the devices and typically entail high computational requirements. In 2007, position-
based approaches have been proposed. In contrast to the explicit force constraints
described above, implicit methods can significantly reduce computational overhead.
Position-Based Dynamics (PBD) [97] improves simulation stability through direct
positional constraint enforcement, allowing large time steps and avoiding force inte-
gration. Macklin et al. [132] introduced XPBD, a compliant constraint formulation
that enhances stability while enabling physically plausible deformation under inter-
active workloads. GPU-accelerated implementations [133] have further extended the
scalability of position-based methods, and their integration into game engines such as
Unity3D has been demonstrated [134].

In a real-world system, selecting among the four solver families requires considering
four update loops: rendering, tracking, physics, and haptics.

The rendering loop is typically maintained above 60 FPS to ensure basic visual
smoothness. The tracking loop rate is determined by the tracking hardware. For hap-
tics, since human perception is highly sensitive to delay and discretisation, the control
loop is commonly designed to run at around 1 kHz [135].

Regarding the physics loop, different solvers impose different trade-offs:
(1) Explicit force-based [136] integration produces physically interpretable forces,

but in the presence of high stiffness or hard contact, it often requires small time steps
to remain stable, increasing the total computational cost.

(2) Implicit force-based [136, 137] integration can use larger time steps with
improved stability, but each step is more expensive because it typically requires solving
linear and/or nonlinear systems.

(3) Constraint-based methods [138] can directly yield contact impulses/forces and
can run at high rates in practice; however, their stability and performance depend on
regularisation and iterative solver settings.

(4) PBD/XPBD [97, 132] methods are designed to remain stable under relatively
large time steps and are computationally efficient for real-time applications. Equivalent
constraint forces can be estimated from Lagrange multipliers or position corrections,
but their physical fidelity depends on model assumptions and calibration.

Table 2 compares four solver classes in terms of their effects on soft contact,
frictional slip, and penetration control.
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Fig. 10: Illustrates contact force and deformation modelling for haptic simulation of
grasping a deformable object with a realistic virtual human hand [18], which runs at
an interactive rate and needs efficient methods to be able to run in real-time.

Recent designs have shifted attention toward synchronising the virtual and tracked
hands and developing haptic devices to optimise the user experience, since earlier
devices often failed to ensure proper coordination, leading to visual disharmony [139].
To address this, Delrieu et al. (2020) proposed an enhanced approach that couples a
virtual kinematic hand with the visual hand tracking system, thereby enabling preci-
sion grasping, particularly for small objects [17]. More recently, Zhang et al. (2025)
improved embodiment by enforcing a 1:1 alignment between the hand, body, and
physical environment across users in location-based VR, which significantly enhances
immersion and social presence [140].

Beyond tracking, hardware-based haptic feedback has been widely recognised as a
promising strategy to optimise user experience [13]. For example, Jain et al. (2016)
developed a VR system capable of rendering fluid-related cues such as buoyancy,
drag, and temperature changes [141]. Similarly, Liu et al. (2019) employed vibration
motors to deliver finger-specific tactile sensations, while Choi et al. (2016) introduced
a wearable brake-based device that provides binary force feedback [142]. Although
these devices successfully deliver stable haptic cues, they inevitably suffer from limi-
tations—including restricted fidelity, high cost, and limited portability—that continue
to hinder their widespread adoption.

4.2.2 Animation-based Methods

In VR grasping, animation-based methods are widely employed. The main categories
of such approaches are summarised in 3. Example-based animation can produce com-
pelling visual results during interaction, thereby significantly improving the quality of
the experience. However, such approaches are limited to objects with predefined ani-
mations [143]. This means that prior knowledge about the grasped objects is required.
Nasim et al. (2016) introduced a method for handling complex tasks, by rigidly bind-
ing the object to the hand and avoiding jitter or instability during manipulation. In
this approach, the virtual hand is deactivated once it collides with the object, a con-
cept similar to “freezing” [144]. Similarly, a strategy involves snapping virtual objects
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directly to the virtual hand. By predefining grasp anchor points on objects, the sys-
tem attaches the object to the virtual hand upon grasp detection, without requiring
complex collision handling or shape fitting. While this can achieve relatively stable
grasping, the resulting interactions tend to be unnatural, limiting dexterous operations
and reducing user experience [76].

Most of the aforementioned methods are primarily suited to rigid bodies. For
objects undergoing large deformations, however, efficient strategies are still lacking,
since reproducing physically plausible and visually convincing deformations in real
time remains highly challenging. Some relatively mature deformation techniques have
been proposed in the field of computer animation, which may serve as potential guid-
ance for future research on grasping deformable objects. One representative approach
is deformation transfer, which employs mesh sequences to represent 3D models. Typ-
ically, deformation gradients over triangle meshes are used to transfer deformation
information from a source model to a target model [145–147], making this method
suitable for complex shapes such as toys and handicrafts. Another widely adopted tech-
nique is cage-based deformation. For instance, Chen et al. (2010) proposed a method
requiring manual cage construction for each target object [146]. To reduce this bur-
den, Le et al. (2017) presented an optimised approach for automatic cage generation
[148], while Sacht et al. (2015) introduced a nested cage-based method with hierarchi-
cal levels, making it particularly effective for complex geometry and topology [149].
Cage-based approaches have been demonstrated to optimise natural interactions in
VR, and for deformable bodies, they offer a structured way to represent deformations.

Although deformation transfer and cage-based deformation are well established in
computer animation and modelling, their application to VR grasping remains largely
unexplored. Nevertheless, these methods could potentially inspire future approaches
for representing complex deformations of grasped objects at lower computational cost
compared to physics-based methods.

4.2.3 Data-Driven Methods

Physics-based simulations can preserve plausibility by simulating interaction forces.
However, the main challenge lies in designing effective controllers that can both
replicate natural human-like motions and maintain stable physical interactions [143].

Early approaches also relied on rule-based methods, where grasping rules were
pre-defined for basic geometric primitives and extended to other shapes. Although
such methods can be easily applied to large collections of objects, they often lack
generalisation to complex geometries and tend to produce unnatural hand poses.

To overcome the limitations of rule-based methods, researchers have shifted toward
data-driven approaches, with a representative strategy being the construction of grasp
databases. The most direct way to construct such a database was to collect demonstra-
tions from human volunteers, typically recorded using digital gloves or optical motion
capture systems to capture finger joint angles, contact points, and hand configurations
with precision. For example, Liu et al. (2024) introduce a reconfigurable data glove
that can automatically record finger joint angles and contact points in both physi-
cal and virtual environments, providing data that can subsequently be used to drive
grasp synthesis and analysis [150]. Subsequently, various techniques were explored to
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generalise downstream grasp synthesis. Li et al. (2005) introduce a shape-matching
algorithm that adapts hand configurations to novel objects by identifying collections
of features based on similar relative placements and surface normals [151, 152] (see
Fig. 11). Tian et al. (2019) propose a real-time virtual grasping algorithm that lever-
ages machine learning and optimisation techniques to compute a learned grasp space.
This grasp space is precomputed using support vector machines and represents a set
of stable grasp configurations, which can be used at runtime to generate plausible
grasping motions [19]. More recently, Zhang et al. (2024) propose a diffusion-based
framework for whole-body grasping sequence generation, trained on the GRAB [153]
and ARCTIC datasets [154], which is capable of synthesising natural, stable, and
non-penetrating bimanual grasping motions [155]. The aforementioned representative
approaches are summarised in Table 4.

Fig. 11: Shows grasping of a complex virtual object, where the virtual hand matches
the object geometry based on pre-defined poses [151].

Data-driven approaches for virtual grasping have so far received relatively lim-
ited attention in the scientific literature. While such methods can generate visually
natural grasping motions, their construction often incurs higher costs compared to
physics-based or purely animation-based techniques. Consequently, current industrial
applications still predominantly rely on physics- and animation-driven methods [116].
Nevertheless, data-driven approaches demonstrate strong potential and are likely
to become increasingly competitive as more efficient data acquisition and learning
techniques are developed.

4.2.4 Collision Detection

Regardless of the method employed, collision detection is indispensable in virtual
grasping. Collision detection is the essential step toward achieving realistic grasping,
referring to the determination of intersections between two or more spatial targets.
From a visual perspective, once a collision between the virtual hand and object is
detected, a grasping event is triggered [69]. From a haptic perspective, collision detec-
tion streams real-time data such as position, orientation, and joint angles to the haptic
rendering module, which utilises them to generate appropriate grasping events and

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



T
a
b
le

4
:
R
ep
re
se
n
ta
ti
ve

D
ow

n
st
re
a
m

G
ra
sp

S
y
n
th
es
is

T
ec
h
n
iq
u
es

A
p
p
r
o
a
c
h

R
e
p
r
e
se

n
ta

ti
v
e
S
tu

d
ie
s

A
d
v
a
n
ta

g
e
s

L
im

it
a
ti
o
n
s

S
h
a
p
e
m
a
tc
h
in
g

L
i
et

a
l.
(2
0
0
5
,
2
0
0
7
)

T
a
rg
et
s

g
ra
sp

p
o
se

sy
n
th

es
is
;

a
d
a
p
ts

le
a
rn

ed
g
ra
sp

s
to

p
re
v
i-

o
u
sl
y
u
n
se
en

o
b
je
ct
s

M
a
y
fa
il
o
n
co

m
p
le
x
g
eo

m
et
ri
es

L
ea

rn
in
g
-b
a
se
d

g
ra
sp

sp
a
ce

T
ia
n
et

a
l.
(2
0
1
9
)

O
ri
en

te
d

to
w
a
rd

g
ra
sp

p
la
n
n
in
g

w
it
h

th
e

o
b
je
ct
iv
e

o
f

id
en

ti
-

fy
in
g

o
p
ti
m
a
l

g
ra
sp

co
n
fi
g
u
ra
-

ti
o
n
s;

a
ch

ie
v
es

re
a
l-
ti
m
e

p
er
fo
r-

m
a
n
ce

w
h
il
e
p
ro
d
u
ci
n
g
p
h
y
si
ca

ll
y

p
la
u
si
b
le

g
ra
sp

s

L
im

it
ed

to
tr
a
in
ed

co
n
fi
g
u
ra
ti
o
n
s

D
iff
u
si
o
n
-b
a
se
d
sy
n
th

es
is

Z
h
a
n
g
et

a
l.
(2
0
2
4
)

E
x
te
n
d
s

d
iff
u
si
o
n
-b
a
se
d

g
en

-
er
a
ti
o
n

to
w
h
o
le
-b
o
d
y

g
ra
sp

se
q
u
en

ce
s,

sy
n
th

es
is
in
g

st
a
b
le
,

n
a
tu

ra
l,

a
n
d

n
o
n
-p
en

et
ra
ti
n
g

m
o
ti
o
n
s

R
eq

u
ir
es

la
rg
e-
sc
a
le

tr
a
in
in
g

d
a
ta
se
ts

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



feedback. This process enables users to perceive forces, material properties, and shapes
during virtual object manipulation [156]. Generally, the collision detection algorithm
can be described as a two-stage process: (1) Broad phase: rapidly identifying poten-
tially colliding object pairs using simplified representations (e.g., bounding boxes,
bounding spheres, or spatial partitioning). (2) Narrow phase: performing precise inter-
section tests between the actual geometric primitives (e.g., meshes) of the candidate
pairs. Once a collision is detected, the algorithm computes the contact information,
including the intersection point, normal vector, and penetration depth, which are
subsequently used to trigger grasping or physical simulation [157].

Specifically, the procedure that describes how collision detection is responded to,
in the context of grasping, can be formalised as presented in Algorithm 1.

Algorithm 1 Collision Detection Response Algorithm

Inputs: Virtual hand model Hi with colliders, VR objects Oi with velocities vi

Initialize: Collision set K ← ∅
while simulation running do
for each object Oi in scene do
for virtual hand model Hi do
if collision detected(H,Oi) then

Compute contact point c, normal n, time-of-impact t and penetration
depth pd
K ← K ∪ {(c, n, pd, t)}

end if
end for

end for
Output K {used to trigger grasp events, haptic cues, or physics responses}

end while

Although many existing game engines provide built-in collision detection algo-
rithms, the complexity of virtual grasping scenarios demands more stable and efficient
solutions tailored to VR (see Fig. 12).

Wang et al. (2023) proposed an improved collision detection approach based on
mesh simplification and particle swarm optimisation, which reduces the search space
and improves efficiency [158]. Macklin et al. (2014) introduced a particle-based method
that handles both contacts and collisions in a unified framework [159]. In contrast, Höll
et al. (2018) applied a simple ray-based technique derived from the classical Coulomb
contact model, although it was limited to unconstrained hand–object interactions
[116].

Although detecting rigid-body contacts is well-established, interactions with
deformable objects are more complex due to continuous changes in geometry dur-
ing manipulation [134]. Zou et al. (2016) proposed replacing the traditional virtual
plane with volumetric data as the basis for collision detection, recording the initial
collision point and tracking proxy point displacement in real time to calculate soft tis-
sue deformation and force feedback, thereby avoiding the erroneous feedback output
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that occurs when surgical instruments penetrate soft tissue in conventional methods
[160]. Fazioli et al. (2016) proposed to mitigate the object penetration issue inher-
ent in the default soft-rigid collision detection of Bullet Physics by integrating a ray
casting-based hybrid collision detection algorithm into the engine, extending it from
rectangular rigid bodies to arbitrary convex geometries. In addition, a Hunt-Crossley
nonlinear viscoelastic model was adopted to compute the haptic force feedback [161].

Fig. 12: Shows grasping of handheld objects using geometric colliders, which employs
GPU PhysX to detect collisions [162].

5 Discussion

The purpose of virtual grasping is to simulate real-world interactions and provide users
with a realistic virtual experience, which also includes scenarios that do not exist in
physical reality, or are difficult to realise in daily life. In virtual reality, visual feedback
is primarily used to ensure stable grasping. Even haptic feedback is often designed to
enhance the plausibility of interactions within visual scenes, as no lightweight device is
yet capable of reproducing the full richness of human haptic sensations [163]. Impor-
tantly, techniques from computer vision (CV), particularly tracking, are indispensable
to virtual grasping, providing the essential link that aligns real-world hand motions
with their virtual representations. Tracking refers to the continuous estimation of the
position and orientation of an object [164], and recent years have witnessed signifi-
cant breakthroughs in hand tracking and hybrid tracking [165–167]. However, due to
the high number of degrees of freedom of the human hand and frequent occlusions,
robust hand tracking remains challenging [168]. Beyond this, in terms of deployment,
cloud-based tracking enhances multi-device coordination and supports the efficient
processing of complex models [169]; in terms of tracking targets, the introduction
of eye tracking technology further expands the interactive possibilities of VR [170].
Specifically, gaze-based methods can effectively reduce the user’s operational effort in
virtual grasping by eliminating the need for conventional scaling techniques, which are
often associated with hand fatigue and unnatural control [171].
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Although both robotic grasping and VR grasping aim to enable dexterous object
manipulation, they differ fundamentally in their interaction medium and sens-
ing–actuation loop. Compared to mechanical grippers, which physically interact with
real objects and directly transmit reaction forces through rigid or compliant mecha-
nisms [172], the haptic device relies on collision detection in a virtual environment,
coupled with force, vibrotactile, or thermal actuators to approximate the grasping
sensation [173]. Such devices involve a trade-off, with some designs offering high force
fidelity and bandwidth, while others prioritise immersion and spatial freedom [174].

Further, mechanical grippers measure and regulate contact force in real time via
embedded sensors, achieving stable force control even under dynamic loading [26]. In
contrast, the fidelity of VR grasping interactions depends heavily on tracking precision
and modelling fidelity to produce plausible visual results. Meanwhile, for haptics,
the physics engine is required to compute computation of contact forces and render
them through the haptic device’s actuators, which have a limited dynamic range. This
inevitably introduces reduced peak force capability and a mismatch between visual
deformation and tactile sensation [175].

In addition, no efficient and robust strategy for VR grasping has been established,
and all existing approaches whether physics-based, animation-driven, or data-driven
suffer from inherent limitations. Moreover, from the perspective of grasping outcomes,
we suggest that VR grasping should adopt evaluation criteria analogous to those used
in robotic grasping, namely:

1. is the grasp stable?
2. is the grasp plausible?
3. can the grasp be completed efficiently?

As summarised in Table 5, these criteria are particularly important in haptic-
enabled teleoperation and domain-specific training scenarios such as surgical simula-
tion, where stability, plausibility, and efficiency determine task success.

6 Conclusion

In this paper, we reviewed existing grasping techniques in both robotics and VR.
Through comparison, we suggest that VR grasping should draw on relatively mature
practices from robotics. In particular, VR grasping also requires a mathematical
framework–similar to the GWS used in robotics–that abstracts grasping behaviour
into contact points and force/torque representations, thereby enabling precise evalua-
tion of grasp stability. Furthermore, findings from contact modelling in robotics, such
as contact patch geometry and torsional friction, can provide a theoretical foundation
for soft hand simulation in VR, enabling more realistic grasping interactions. While
VR grasping has so far emphasised immersion, with simple symbolic grasping often
sufficient for most users, the introduction of rigorous evaluation metrics can enhance
physical plausibility and help avoid unrealistic aspects, which is especially important
in domains such as medical training and engineering simulation, where accurate phys-
ical behaviour is critical. Current studies rely largely on users’ subjective impressions,
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including aspects such as realism and immersion. A promising future direction is to
develop a hybrid evaluation framework that combines widely accepted mathematical
evaluation metrics with qualitative measures. Importantly, such a framework should
evolve beyond rigid-body assumptions and be extended to deformable bodies: this
remains one of the main challenges to address for researchers, since local deformation,
energy and material properties need to be taken into account, especially as the dis-
tribution of contact points is dynamic. In addition, for certain application domains,
such as gaming, even fluid-like objects may need to be considered.

Currently, the VR grasping in virtual environments continues to face fundamental
challenges in both visuals and haptics. Immersive grasping requires haptic devices with
high tracking accuracy, low latency and lightweight design, avoiding penetration grasp-
ing simulation. The future of VR grasping should not be limited to visual outcomes
but instead focus on unifying visual and haptic rendering into a coherent multi-sensory
framework, while ensuring scalability as environments and interaction tasks become
increasingly complex. Consequently, addressing these challenges will demand cross-
disciplinary advances across materials science, robotics, kinematics, computer vision,
and the biology of human behaviour.
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