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Abstract: An ideal robot grasp is firm enough to securely handle an object, yet gen-

tle enough to avoid damaging it. Achieving this balance requires knowledge of the

object’s material properties, such as its density, elasticity, and surface friction. These

properties, however, are seldom precisely known a priori. In this work, we propose a

visuotactile approach to estimating material properties in real time, during the process

of grasping. Our method uses these estimated properties to determine the minimum

grasp force required to handle the object. We contribute a new dataset of real-world

objects (fruits and vegetables) with measured physical properties (shape, mass, elas-

ticity, and friction), which we use to construct our force estimation model via simu-

lations. We experimentally validate our approach to grasp force control using a robot

with a parallel-jaw gripper. We demonstrate our system’s ability to gently grasp a

wide variety of objects, in each case adapting to their unique physical properties.

Keywords: Material Recognition, Deformable Object Grasping, Tactile Sensing, Force Control

1 Gentle Grasping Requires Material Perception

Given an object and a desired interaction with it, the ideal grasp should exert no more force on

the object than necessary to complete the task. While the notion of damage is often considered in

catastrophic terms (e.g., a glass shattering), it can also be more subtle. For example, with excessive

force, a fruit may bruise, a cardboard box might dent, or a plastic toy could crack or get scratched. In

addition, there is a temporal element to damage – repeated interactions without care for an object’s

fragility can cause cumulative wear over time. In this work, we are interested in the gentle grasping

of objects, where the goal is to minimize the potential for damage during a grasp.

Since the material properties of an object are seldom precisely known a priori, how do we, humans,

determine how firm its grasp should be? Dynamic grasp adaptation is intuitive to us [1, 2] – we use

our vision to obtain priors on the object’s material composition [3–5], and rely on tactile feedback to

refine these priors while grasping it [6, 7]. Since some of the material cues we need to understand an

object’s physics cannot be known from vision alone, we estimate them via touch during the nascent

stage of a grasp. We use these estimates to continuously adjust the forces we apply to the object and

are thus able to gracefully handle it without conscious effort.

For a robot to gently grasp an object, it must either know the object’s properties beforehand or be

able to infer them during the grasp. Unless the object is precisely engineered or measured in detail,

the best the robot has to work with is a rough approximation of its properties. One method to refine

this approximation is for the robot to interact with the object before attempting a grasp. That is,

the robot “probes” the object with a sequence of exploratory actions to estimate, for instance, its

hardness [8, 9]. Such an approach is time-consuming and hence not suitable for applications where

speed is critical. Instead, we propose to leverage the dynamic, ephemeral tactile signals that are

sensed during a grasp to estimate the object’s properties in real time. The robot is therefore able to

adjust the force it applies to the object on-the-fly, in situ.

In a typical robotic task, there are four initial phases, as illustrated in Fig. 1. The first is observe,

where, from a distance, the robot can visually identify the class of the object, its shape, and its loca-

tion. During the approach phase, the robot positions itself at a suitable grasp location, determined

from the object’s geometry and pose. Next, we have grip, where the gripper squeezes the object

with a specified force to take hold of it. Finally, the robot lifts the object and executes a goal task,

such as moving it to a new location or mating it with another object. In our work, we focus on the

observe, grip, and lift phases and assume that for approach a reasonable grasp pose is provided by

an existing planner [10, 11]. The observe phase reveals the class of the object (“pepper” in Fig. 1),
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Figure 1. Phases of a Grasp. We consider a grasp to comprise four stages: observe, approach, grip, and lift.
Our work exploits the short-lived (fraction of a second) haptic signals during the grip and lift phases to refine
class-level material properties (from observation) to obtain instance-level estimates. During this refinement, we
continuously adjust the applied force to ensure it is just above the minimum force needed to handle the object.

giving us a prior on its properties (mass, elasticity, friction, etc.). During the grip and lift phases, we

use haptic feedback to continuously refine these priors and control the force applied to the object.

While haptic signals encode an object’s material properties, different combinations of material pa-

rameters could lead to the same haptic signals. Therefore, material estimation can be viewed as a

challenging inverse problem. To develop our solution to this inverse problem, we have chosen the

domain of fruits and vegetables. This is an interesting domain as two samples, even when of the

same class, can be expected to differ in their properties (e.g., a raw and a ripe avocado). We first

collected a dataset, called Squash, that includes material measurements and 3D scans of 270 samples

across 52 different classes of fruits and vegetables. 1 Using Squash, we derived class-level property

distributions, which reduce the search space for instance-level properties.

Using Squash, we simulated numerous object grasps, with augmentations of material properties to

span real-world variability. We trained a sequence model on the evolution of the simulated haptic

data (i.e., tactile images and load cell measurements) to distill instance-level material properties

from class distributions. We have integrated our visuotactile model for force control into a robot’s

operating system, where it runs at 250 Hz. We used a 6 DoF arm and a parallel-jaw gripper with

GelSight tactile sensors to validate our approach. Our system achieved more than a 2x reduction in

excess applied force for a successful grasp compared to non-adaptive baselines.

2 Related Work

Class-Level Material Recognition from a Distance. For grasping, it is beneficial to recognize an

object’s material class (e.g., peach) passively during the observation stage. However, precise class-

level visual recognition (i.e., peaches vs. nectarines) requires elaborate optical measurements, such

as the reflectance distribution function (BRDF) [12–14], which is hard in dynamic, cluttered robotics

settings. Hence, class recognition is most often done from appearance alone [15–19], using filter

banks, statistical analysis, and deep learning. These approaches do not directly relate appearance

to material properties, which has been the goal of more recent work [20–22]. In our work, we rely

on appearance to identify class-level material properties during observation, while recognizing that

additional sensing modalities are needed to resolve instance-level variation within a class.

Instance-Level Material Recognition through Excitation. During the grip and lift stages, haptic

feedback provides material-related signals for the specific object of interest (e.g., this peach has this

hardness). In the general context of measuring physical properties, exciting objects with ultrasound

and physical impact have been shown to reveal useful material cues [23–25]. In the realm of robotics,

vision-based tactile sensors have been used to provide detailed insights related to contact mechan-

ics. For example, GelSight [26–28] and DIGIT [29] have been used for hardness estimation [30]

and shear/slip detection [31]. Beyond optical sensors, piezoresistive [32, 33] and magnetic tactile

skins [34], which measure pressure distributions, have been integrated into grippers for fine-grained

visuotactile manipulation [35, 36]. Cross-modal methods have also been developed to relate visual

appearance to tactile properties [21, 37–40]. In our work, we use GelSight sensors to image contact

geometry, shear, and slip during a grasp. Our framework for material-aware grasping, however, is

applicable across a variety of tactile sensing modalities.

1The dataset is available on the Squash webpage.
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Approaches to Gentle Grasping. A classical approach to avoiding object damage is to regulate

contact force via impedance control [41], or to adjust grasp force reactively using tactile feed-

back [42–44], e.g., upon detecting incipient slip [45, 46]. For this purpose, tactile sensors have also

been integrated into soft robotic hands due to their passive compliance [47, 48]. Purely vision-based

methods [49–55] have also demonstrated successful deformation-aware grasping, but are shown to

be more effective when fused with tactile sensing [56, 57]. More recently, human and robot demon-

strations have enabled end-to-end gentle grasping of objects [8, 9, 36, 58, 59], and diffusion-based

policies conditioned on tactile signals have been used for force-aware manipulation of fragile ob-

jects [60]. Nevertheless, these methods are not real-time, do not expose inferences about the object’s

material, and only yield predictions of an “acceptable” grasp force based on heuristics.

3D Object Datasets. Several large-scale 3D object datasets have been developed for robotic ma-

nipulation [61–65] and broader 3D vision tasks [66–68]. These datasets provide geometry and

appearance but do not include measured material properties. The recent work by Cao and Kaloger-

akis [69] uses annotated simulated objects with material parameters, where the parameter values

are assigned using material-category labels rather than measurements made on individual instances.

For deformable objects, smaller datasets exist that include detailed annotations of the deformation

process through finite element analysis [49, 70]. One of our contributions is Squash, a large dataset

that pairs 3D scans of fruits and vegetables with per-instance measurements of material properties

(elasticity, mass, and surface friction). It is the first 3D object dataset specifically designed for

deformable object simulation with measured properties. Beyond its utility in robotics, we expect

Squash to be a valuable resource for simulation and rendering in computer graphics and animation.

3 The Physics of Grasping a Material
Mass to Friction Ratio
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Figure 2. Soft Objects Require Less Grasp
Force. For a soft object, the contact area A
grows more rapidly with applied force F than
it does for a hard object. As A grows, an ad-
ditional load, τA, where τ is the object’s mate-
rial shear strength, supplements F to resist the
effect of gravity (Eq. (1)). The theoretical re-
duction in minimum-required grasp force due to
this additional load is shown here as a function
of the elastic modulus. The object and its shear
strength τ are kept constant in the plot, but the
ratio of mass m to friction µ is varied. The great-
est benefit (i.e., the possible reduction in grasp
force) is for light, pliable objects.

If we know the material properties of an object, then

what minimal grasp force should we use to lift it?

Naı̈vely, the force F required to suspend a rigid body

of mass m at equilibrium is F = mg, i.e., Newton’s

second law. If we assume that the force due to fric-

tion is independent of the mass and the contact area,

we would get the familiar modification: µF = mg,

where µ is the coefficient of friction. Coulomb ob-

served that the effect of friction is primarily due to the

interlocking of surface asperities, which he assumed

to be infinitesimally small. This, however, is an ap-

proximation. Bowden and Tabor [71] noted that fric-

tion capacity can vary under pressure, thereby acting

as an additional load, especially when the interacting

bodies are soft. The effect of this additional load is

visualized in Fig. 2, where we see that soft objects

require a lower grasp force than rigid ones, since they

deform and create a larger contact area under the same

load. Formally, this yields a new equilibrium:

µF + τAreal = mg, (1)

where τ is the interfacial shear strength, and Areal is the contact area over which surface asperities

interact. For rigid bodies, Areal is considerably smaller than the apparent contact region Aapp (on the

macroscale), as only the peaks of the asperities interlock [72].

If the object or the gripper is soft, we can say Areal ≈ Aapp, since the elastic deformation fills the

cavities between the summits of surface asperities. In our context, Aapp can be directly observed

through tactile sensing. Even so, F and Aapp are directly coupled, and without a mapping between

them, we must search for the force that results in the equilibrium given by Eq. (1). To predict this

force of equilibrium, we must also predict how the apparent contact area will change with respect

to the load force. Finite element analysis (FEA) can accurately estimate this contact area, assuming
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(b) Example 3D Scans
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(c) Mechanical Property Distributions

Figure 3. The Squash Dataset. A dataset of real-world 3D object meshes and material property measurements.
(a) Squash is composed of 270 instances across 52 classes of produce (fruits and vegetables). (b) We scanned
each object using structured light to measure its geometry and texture at high resolution. (c) We additionally
measured the material properties of each object (elastic modulus, mass, volume, and surface friction), where
each ellipsoid represents the distribution of the properties within a class. Squash is a first-of-its-kind dataset
that captures the natural variability of object properties, which can be used for physically-accurate simulation.

the material properties of the object and gripper are known, a priori. In our case, property estimates

change during the course of a grasp, necessitating an expensive FEA reevaluation on each update,

which would limit the rate at which we can adapt grasp force.

Instead, by using a Hertzian contact approximation [73, 74], Aapp can be modeled using a closed-

form expression. If we approximate the fingertips of a robotic gripper as near-planar, and an object

as locally spherical, then applying a normal force F yields:

Aapp(F) = π

(

3FR∗

4E∗

)2/3

, given
1

E∗
=

1 − ν2
obj

Eobj

+
1 − ν2

grip

Egrip

and R∗ =
Robj Rgrip

Robj + Rgrip

, (2)

where E∗ is the effective elastic modulus between the object and the gripper, R∗ is the effective

radius of curvature between the object and the gripper at the contact interface, and ν is the Poisson

ratio. Given the mass m, elasticity E, surface friction µ, and interfacial shear strength τ of an object,

we can find Aapp using Eq. (2) and substitute in Eq. (1) to estimate the minimum force needed to lift

the object. But, for an arbitrary object, we at best know a range of plausible values for (E,m, µ, τ)
based on its class. Our goal, therefore, is to develop a learning-based approach to refine (E,m, µ, τ)
through temporal changes in haptic feedback, which we then use to servo-control the applied force.

4 Squash: A Dataset of 3D Object Assets and their Physical Properties

To learn our visuotactile model for gentle grasping, we require a dataset of deformable objects with

known physical properties. Deformable objects are interesting in two respects. First, they are more

prone to damage due to a grasp that is too firm (e.g., a peach will bruise). Second, as outlined in

Sec. 3, the contact area between the gripper and the object changes as they both deform, thereby

requiring continuous control of the minimum grasp force. We have developed Squash (Fig. 3),

a comprehensive dataset of 3D scans and physical property measurements of various fruits and

vegetables. Squash contains 270 instances of produce spread across 52 classes (capturing intraclass

variability). All 52 classes are shown in Fig. 3a, and a few examples of the 3D scans are shown in

Fig. 3b. Using the methods described below, we measured the elastic modulus, mass, volume, and

surface friction of each instance. A visualization of the measured properties is shown in Fig. 3c,

where each ellipsoid represents the distribution of the properties within a class.

Characterizing the Properties of an Object. For each object, we first measured its mass and Shore

hardness using a durometer [75, 76]. From its 3D scan, we then computed its volume. Next, using

a robot arm and a parallel-jaw gripper affixed with load cells and tactile fingertips (detailed in the
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Updated Force F
(t)
min

Instance Force Fmin,iInitial Grasp Force Fmin,c
∆F(t) ∆F(t)

Model ψ Model ψ

Grip

AreaIndentation

Tactile Images I(t)

“Banana”

Indicate Ei

Shear Slip

Tactile Images I(t)Lift

Indicate (mi, µi, τi)

L(t) A(t) V(t) U(t)

F
(t)
load

F
(t)
load

Figure 4. Framework for Gentle Grasping. From observation, we identify the object’s class to get a class-
conditioned material prior and an initial minimum-required grasp force estimate. Upon first contact, our visuo-
tactile likelihood model ψ (detailed in Fig. 5) begins to refine these priors into instance-level posteriors from
temporal tactile feedback. The minimum-required grasp force is continuously reestimated in the process, and
applied in real time. The result is a gentle grasp that adapts to the object instance, in situ.

supplemental material), we measured the object’s elasticity and friction capacity by performing a

compression test and a tribological test, respectively. In the compression test, with the object at rest,

we recorded the applied force Fload, contact area A, and indentation into the object L, while closing

the gripper jaws on the object. We modeled the local surface of the object as quasi-spherical and

the gripper jaws as parallel plates. Then, for any deformation of the object, the effective modulus

E∗ follows from Eq. (2): E∗ = 3F
4L

√

π
A

, since from Hertzian mechanics, the effective curvature of

the contact interface is R∗ = A
πL

. We have many estimates of effective modulus E∗ (during closure),

and we average them for our final estimate of E∗. We then recover the object’s elastic modulus E

from E∗ by separately measuring the elastic modulus of the tactile sensor. We report E as a function

of the Poisson ratio ν, since we cannot directly observe the equatorial deformation of the object.

For the tribological test, we begin with the object lifted, then increase the gripper opening until slip

is detected by the tactile sensor. Each trial yields one (Fslip,Aslip) pair, where Fslip is the applied

force just before slip, and Aslip is the contact area at that onset. These measurements are related

through Eq. (1): µFslip + τAslip = mg. We collected several trials per object, each at a different

location on its surface, and solved the over-determined linear system in (µ, τ) by least squares. By

sampling distinct locations on the object, we capture local deviations in surface curvature. This

gives us different couplings between Fslip and Aslip, enabling the decoupling of µ and τ during

estimation. Since Squash includes a large sampling of shapes, masses, elasticity parameters, and

friction coefficients, we can use it to generate diverse grasp simulations for model training.

5 Material-Aware Robotic Grasping

Fig. 4 illustrates our closed-loop grasping framework for estimating material properties θ =
(E,m, µ, τ) to determine the minimum necessary grasp force Fmin for an object. The material prior

distribution pc(θ) ≡ p(θ | c) for the object class c, identified during observation, yields an initial

estimate of the minimum grasp force Fmin,c via Eq. (1). The visuotactile likelihood model ψ then re-

fines this class prior during contact with the object, yielding an online posterior belief over material

properties at each time t, denoted as θ(t). As the robot begins to grip the object, tactile images I(t) are

used to update the elasticity estimate E(t) from temporal changes in indentation L(t) and contact area

A(t) relative to the applied load F
(t)
load.2 As the robot begins to lift the object, shear V(t) and slip U(t)

in the tactile images are used to update the estimated mass m(t) and friction parameters µ(t) and τ (t).

The model ψ therefore continuously refines the material estimate θ(t) = (E(t),m(t), µ(t), τ (t)), and

the controller accordingly adjusts the applied grasp force F
(t)
load to achieve the current minimum-force

estimate F
(t)
min. As additional tactile observations arrive, the posterior approaches the instance-level

material properties θi, yielding the desired object-specific force estimate Fmin,i for gentle grasping.

Learning Material from Simulated Grasps. To develop our visuotactile likelihood model ψ, we

first designed a simulator to generate high-fidelity tactile data for training. We built upon IPC [77–

2While our implementation uses GelSight tactile images, the modelψ can utilize other tactile sensor outputs,
e.g., binary contact maps and pressure maps. For our purposes, we refer to all these outputs as tactile images.
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79] for collision physics, which has been shown to accurately model real-world grasps of de-

formable objects [80, 81]. We synthesized 200k training grasp sequences using a parallel-jaw

I(t)

CfC

Enc

F
(t)
load

Particle

Filter

Point Estimate

Servo

Gripper ∆F(t)

pc(θ)

(θ(t), F
(t)
min

)

h(t)
{

θ
(t)
j
, α

(t)
j

}N

j=1

Figure 5. Visuotactile Modelψ (shaded green)
for Material Estimation and Force Control.
We start with the class prior pc(θ) for an object’s
material θ. Tactile images I(t) and the applied
load F

(t)
load are then encoded by the continuous-

time sequence model (CfC) into the hidden
state h(t). The particle filter uses this repre-
sentation to update the weighted material belief
{θ

(t)
j , α

(t)
j }N

j=1. The resulting point estimate θ(t)

determines the current estimate of minimum-
required grasp force F

(t)
min, which is used as the

target force by the gripper servo-controller. The
entire control loop (including ψ) runs at 250 Hz.

gripper and the object meshes in Squash. Object

properties were sampled from the distributions in

Squash and supplemented by Latin Hypercube sam-

pling. Each sequence contains temporal measure-

ments of each jaw’s tactile image I(t) and applied

normal load F
(t)
load. We then train ψ, shaded green

in Fig. 5, to encode these temporal haptic observa-

tions. At each timestep t, the tactile image I(t) is em-

bedded by an image encoder, paired with F
(t)
load, and

passed to a closed-form continuous-time neural net-

work (CfC) [82] to produce a hidden state h(t). A

CfC is chosen for its ability to model complex dynam-

ics using ordinary differential equations, its ability to

handle non-uniformly sampled robot data, and its in-

ference speed. We trainedψ with a hybrid contrastive-

regression loss over the simulated grasps. At infer-

ence, h(t) parameterizes the likelihood used to score

candidate particles θ
(t)
j in a particle filter, producing

an online posterior belief over material properties. Further details are in the supplemental material.

Gentle Grasping from Temporal Observations. Using ψ and sequential observations

(I(0:t),F
(0:t)
load ), we update the posterior belief over material properties θ as:

p(θ | I(0:t),F
(0:t)
load ) ∝ pψ(I

(t),F
(t)
load | θ) p(θ | I(0:t−1),F

(0:t−1)
load ), (3)

where pψ(· | θ) is the learned likelihood induced by ψ. We represent this belief with particles,

p(θ | I(0:t),F
(0:t)
load ) ≈

∑

j
α
(t)
j δ(θ − θ

(t)
j ), α

(t)
j ∝ α

(t−1)
j pψ(I

(t),F
(t)
load | θ

(t)
j ), (4)

where α
(t)
j is the weight of particle θ

(t)
j . Since particles are resampled during filtering, both particle

locations and weights are indexed by time. Each particle represents a candidate contact model

and grasp feasibility condition [83, 84]. While lifting the object, feasibility reduces to whether the

frictional support exceeds the object’s weight. The minimum required grasp force is therefore:

f (θ) = minF≥0 {F : µF + τA(F;E) ≥ mg} , (5)

following from Eq. (1), where A(F;E) is given by Eq. (2). We compute a force hypothesis F
(t)
min,j =

f (θ
(t)
j ) for each particle, and the weighted set {F

(t)
min,j, α

(t)
j } represents the current uncertainty in the

required grasp force. As additional haptic observations arrive, posterior uncertainty over θ contracts,

producing a tighter estimate of the minimum force needed to lift the object. Thus, ψ refines class-

level material priors into instance-level estimates, enabling gentle, material-aware grasping, in situ.

6 Experiments

Evaluation via Simulations. We simulated 5K objects using the simulator described in Sec. 5 and

the meshes in Squash. We procedurally deformed the meshes to create realistic deformations, and

sampled material properties from the distributions in Squash. We then compared our approach to two

baseline grasp force policies: (1) Naı̈ve, where the commanded grasp force is always 3 N (sufficient

to lift the largest object in Squash) regardless of the object’s class, and (2) Class Prior, where grasp

force is determined using Eq. (1) from the class’s average material properties in Squash. The results

are summarized in Tab. 1, where we report the performance of force control and material property

estimation. Our material-adaptive approach significantly outperforms both baselines in terms of

grasp force accuracy through visuotactile estimation of the object’s material properties. Notably, the

Naı̈ve approach results in a large excess force for many objects, while the Class Prior approach can

lead to both over- and under-exertion due to the variability of material properties within a class. In

contrast, our method achieves a much lower excess force on average, demonstrating its ability to

adapt to the specific material properties of each object and maintain a high success rate.
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Table 1. Efficacy of Material-Aware Robot Grasping. We compare our material-aware approach for gripper
force control with two standard approaches using 5k simulated produce items with high variability. “Naı̈ve”
uses a force of 3 N in each gripper jaw, which just exceeds the threshold to successfully lift the largest object in
Squash. “Class Prior” uses the class’s average material properties to determine the grasp force using Eq. (1). In
contrast, our approach refines instance-level mechanical properties to yield improved fine-grained force control.
The best results are in bold, and second best are underlined. Ablations are reported in the supplemental material.

Mean Absolute Percentage Error (MAPE) [%] ↓ Excess Force ↓ Success ↑

Approach F E m (µ, τ) Overload [N] Work [mJ] Impulse [N s] Rate [%]

Naı̈ve (3 N) 249.5±128.7 — — — 2.01±0.41 3.32±2.04 2.15±1.28 99.6±6.5

Class Prior 207.0±221.6 107.4±25.4 150.3±213.2 98.7±23.2 1.63±1.42 3.63±5.76 1.95±2.58 89.0±31.3

Ours 38.8±37.2 56.3±22.6 49.3±24.1 49.8±21.5 0.39±0.26 2.25±5.37 0.66±0.90 99.1±9.2

Grasping Real Fruits and Vegetables. We next assembled a test set of 29 real fruits and vegetables.

Their material properties were measured (using the methods in Sec. 4) as a ground truth reference

and used to determine a theoretically optimal minimum grasp force. We then performed grasping

trials with our material-aware approach using the robot hardware shown in Fig. 6a, and compared

the applied grasp force to the theoretical minimum. In Figs. 6b and 6c, we show the evolution of the

applied grasp force and estimated material properties over the duration of grasping a nectarine. As

the robot progresses through the grip phase, the estimate of elasticity is refined. During the lift phase,

mass and friction parameters are updated. The force and material estimates converged to stable

values quickly over the course of the grasp, enabling the robot to apply a force that never significantly

exceeds the theoretically optimal force for the nectarine. Fig. 6d compares the grasp forces of our

method with those of the Naı̈ve and Class Prior baselines, for a wide variety of fruits and vegetables.

As seen in Fig. 6e, the distribution of excess forces for our approach is more tightly concentrated

around zero, compared to the baselines. Finally, in Figs. 6f and 6g, we show an application of our

approach to a real-world problem – sorting fruits based on their level of ripeness. As ripeness is

correlated with elasticity in climacteric fruits, by estimating the elasticity of each fruit during its

grasp, the robot can sort them based on their ripeness in real time.

7 Limitations and Directions for Future Work

We have taken a first step towards robot grasping that minimizes the force used to grasp an object.

In our work, we focused on the task of controlling force given a suitable grasp pose for a parallel-

jaw gripper. To minimize the potential for damage, we would also need to address the problem of

choosing grasp poses that do not require large forces (e.g., a banana picked up by one end). While

we have used a parallel-jaw gripper, further analysis of the physics of grasping would be needed

to extend our work to more complex end-effectors, such as dextrous hands that can cradle objects.

Additionally, the performance of our method is tied to that of the tactile sensor we use. Current

sensors trade off spatial and temporal resolution. While we addressed this problem in our work by

using interpolation, to improve performance we will need sensors with both high update rate and

spatial resolution. Furthermore, we have focused on the domain of fruits and vegetables, for which

we could measure class priors. For objects without class priors, our method may still be effective,

but this would need to be validated via extensive experiments. Finally, we have assumed that the

object’s material properties are more or less constant over its surface. We plan to extend our work

to the harder problem of grasping objects with spatially varying properties (e.g., a stuffed animal).

8 Summary

We have introduced material-aware robotic grasping: a visuotactile approach that estimates instance-

level material properties, online, during contact with an object. This allows us to drive closed-

loop force control towards the theoretical minimum grasp force. We created Squash, a diverse

dataset of 3D object models with measured material properties. Our visuotactile model, trained using

Squash, recovers elasticity, mass, and friction parameters from tactile feedback. In simulation and

on real hardware, our method consistently achieved gentle, non-damaging grasps. In addition, the

in situ material estimation of our method opens avenues for object sorting, grasp-pose optimization,

dexterous manipulation, or any task where knowing how an object deforms is of value.
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Figure 6. Experimental Results. (a) Robot hardware setup for real-world grasping experiments. Our approach
is powered by GelSight Mini tactile sensors paired with bending beam load cells, but is not limited to this
configuration. (b-c) Evolution of the applied grasp force and estimated material properties during a trial. The
values converge quickly, and, as a result, we gently grasp the object in real time with a force close to the optimal
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