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Abstract— Manipulation tasks often require a high degree of
dexterity, typically necessitating grippers with multiple degrees
of freedom (DoF). While a robotic hand equipped with multiple
fingers can execute precise and intricate manipulation tasks,
the inherent redundancy stemming from its extensive DoF
often adds unnecessary complexity. In this paper, we introduce
the design of a tactile sensor-equipped gripper with two
fingers and five DoF. We present a novel design integrating
a GelSight tactile sensor, enhancing sensing capabilities and
enabling finer control during specific manipulation tasks. To
evaluate the gripper’s performance, we conduct experiments
involving two challenging tasks: 1) retrieving, singularizing,
and classification of various objects embedded in granular
media, and 2) executing scooping manipulations of credit cards
in confined environments to achieve precise insertion. Our
results demonstrate the efficiency of the proposed approach,
with a high success rate for singulation and classification tasks,
particularly for spherical objects at high as 94.3%, and a 100%
success rate for scooping and inserting credit cards.

I. INTRODUCTION

Dexterous in-hand manipulation stands as a crucial ca-
pability for robots tasked with executing precise actions
within confined workspaces. Recent advancements in re-
search have showcased the capabilities of robotic hands to
emulate precise human-like motions [1]–[3], by leveraging
recent strides in visual-tactile sensors, such as GelSight [4],
robots are empowered to perceive object shapes and contact
forces during grasping, thereby facilitating autonomous and
secure object manipulation. Despite the versatility exhibited
by robotic hands with high degrees of freedom, several
challenges remain unsolved in the field.

First, methods employing complex finger movements in
high DoF often rely on intricate control strategies. Classic
model-based approaches necessitate meticulous model and
controller designs, often lacking generalization capabilities.
Conversely, recent learning-based methods encounter diffi-
culties due to the high dimensionality of dexterous robotic
hands, leading to inefficient exploration and the need to
tackle the sim-to-real problem. In structured environments
where object shapes remain unchanged, a gripper with a
simple DoF may suffice to accomplish certain tasks.

Secondly, grappling with small-sized objects in a cluttered
environment presents challenges, as multiple fingers may
frequently collide with each other, hindering the robot’s
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Fig. 1. In-hand singulation manipulation using the proposed 5 DoF tactile
gripper: rubbing off the residual adhesions from the granular media between
the finger and the grasped artificial strawberry

ability to maintain a balanced grasp on the object. This
complexity is further amplified when tasks involve separating
objects from cluttered environments, as planning and control
issues may arise with the use of multi-finger grippers [5].

Between the common one DoF parallel gripper, which
can only accomplish simple grasping tasks, and the multi-
finger robotic hands like the 16-DoF Allegro hand, the
potential of in-hand manipulation using a fewer DoF gripper
remains less explored. In this study, we introduce a novel
gripper design based on visual-tactile sensors (Fig. 1), which
enables scooping, in-hand manipulation, precise insertion,
and classification tasks using only five degrees of freedom.

The contributions of this study are summarized as follows:
• We introduce a novel two-finger vision-based tactile

gripper with five degrees of freedom. This innovative
design facilitates both rolling and linear manipulation,
thereby enabling in-hand manipulation tasks.

• We present a model-based approach that utilizes tactile
information to accomplish grasping and singulation of
various objects with different properties buried beneath
granular media solely through touch sensing.

• We devise a scooping manipulation maneuver for our
gripper capable of handling thin objects, and extending
its capabilities to perform precise insertion tasks.

II. RELATED WORKS

A. Singulation with Granular Media

The process of selecting a single object from multiple
items within a cluttered environment is commonly referred to
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as the singulation problem. Previous studies have proposed
numerous solutions primarily through vision-based methods
[6]–[8]; however, these approaches cannot be applied to
handling small objects buried within granular media. In terms
of object identification within granular media, some studies
have focused on designing novel tactile sensors. For instance,
Patel et al. utilized mechanical vibration to fluidize granular
media, allowing for deeper penetration to identify different
objects buried, using a GelSight sensor [9]. Syrymova et
al. proposed a vibration-based tactile sensor for detecting
foreign objects [10]. Addressing tactile exploration within
granular materials, certain studies have utilized multi-modal
sensory data, such as using BioTac to estimate contact states
between robotic fingertips and objects within granular media
[11], [12]. More recently, researchers have proposed tac-
tile exploration policies aimed at localizing, retrieving, and
grasping buried objects using an end-to-end approach with a
one DoF parallel gripper [13]. However, existing methods
and gripper designs lack the capability to simultaneously
grasp objects and complete singulation in a generalized
manner. Specifically, none of the previous studies addressed
the challenge of grasping objects while removing granular
media impurities adhered to their surfaces.

B. Scooping Manipulation

The grasping or picking of thin objects is a another
active research area in robotic manipulation. Particularly
challenging is the task of using a two-finger gripper, akin
to human capabilities, to pick up plastic cards positioned on
a flat supporting surface within constrained environments.
Some gripper designs and strategies have been proposed to
tackle this problem. For instance, He et al. introduced a two-
DoF parallel gripper with a variable-length finger, achieving
successful grasping through the finger’s extending/retracting
motion [14]. Other studies have adopted similar gripper
designs featuring sharp finger tips, demonstrating the effec-
tiveness of a scooping grasping approach [15]. Additionally,
some two-DoF gripper designs incorporate underactuated
and compliant mechanism [16], [17]. However, due to finger
geometry and contact constraints, many previous methods
necessitate the motion of the robot arm to assist in the grasp-
ing maneuver. In environments where robot joints must be
confined within a limited workspace, in-hand manipulation
becomes crucial while the robot’s end-effector remains fixed.
Moreover, integrating a tactile sensor to perform dexterous
tasks presents another challenge, particularly regarding the
rounded and flat sensor surface lacking a sharp edge for
scooping manipulation [18].

III. METHOD

A. Gripper Design

Prior studies have shown the efficacy of length-
adjustable/asymmetric fingers, in tasks such as bin picking
[14], [19], achieved through hand twisting motions to adjust
their posture [20]. In contrast to other two-finger multi-DoF
grippers equipped with vision-based or optical tactile sensors

Fig. 2. The proposed tactile gripper with five degrees of freedom,
composing of a linear actuator and a rotation servo on each finger. One
GelSight Mini tactile sensor is mounted one the left fingertip.

like [5], [21], [22], we aim to achieve greater dexterity in in-
hand manipulation by utilizing linear degrees of freedom.

The proposed gripper comprises two fingers, each con-
sists of an Actunonix L12-R linear actuator and a Wishiot
RDS3235 rotation servo, as depicted in Fig. 2. The linear
actuator offers a travel range of 30 mm, while the working
range of each rotation motor during finger contact is ± 45°.
These fingers are affixed to the parallel Weiss WSG 32
gripper, thereby providing a total of five degrees of freedom.
The gripper’s arms are fabricated using PLA material via
3D printing, ensuring lightweight construction and reducing
the overall load. Our preliminary research on robotic cable
manipulation [21] and cloth manipulation [23] shows that
one tactile sensor on the gripper is capable of performing
complex manipulation tasks. Therefore, only one GelSight
Mini tactile sensor is mounted at the fingertip of the left
finger. Additionally, a replaceable flat soft dummy pad is
utilized on the other finger to offer compliance, enabling
adaptability in handling small objects with soft fingertips.

B. Singulation: Stripping Object from Granular Media

When humans pick up small shells from the beach, the act
of grasping is often followed by a series of delicate in-hand
manipulations, involving the fingertips rubbing to remove
sand particles that were initially adhered between the object’s
surface and the fingers. In this section, we outline the ap-
proach to address the challenging task of singulation, which
involves stripping objects from granular media, mimicking
human-like manipulation using the proposed gripper.

Stable grasping using tactile sensor: the first objec-
tive of our gripper is to be able to grasp objects within
granular material, perform singulation, and subsequently
conduct classification to identify the class of the objects. In a
tactile-only system, identifying the object becomes extremely
challenging if residual granular media remains between the
sensor pad surface and the object. During the dynamic
rubbing motion of the fingertips, it is essential to ensure
adaptability and robustness in grasping. Being too loose may
result in dropping the object, while being too tight may
lead to singulation failure. To overcome this challenge, we
employ the tactile-reactive Model Predictive Control (MPC)
controller described in our previous work [24].
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TABLE I
PARAMETERS FOR TACTILE-MPC CONTROLLER USING GELSIGHT MINI.

cdesired Qa Qc Qv P N Kc ∆t freq.
5500 1 1 2 10 30 50000 1/60 60 Hz

Drawing upon the kinematic model and gel properties
for a two-finger gripper with one degree of freedom in
linear motion, the MPC model based on tactile feedback for
grasping, can be formulated as: cn+1

pn+1

vn+1

 =

 1 0 −Kc∆t
0 1 ∆t
0 0 1

 cn
pn
vn

+
 0

1
2∆t2

∆t

 an

(1)
where scalars c, p, v, a refer to the contact area of grasped
object, the position, velocity, and the acceleration of the
gripper motion. Kc is a scalar factor in the linear assumption
of the in the correlation between the contact area size c and
the gripping position p.

For the cost function, we refined the original method [24]
in our task to define the feedback vector exclusively based
on the contact area from the tactile sensor. This simplifies the
problem, considering that the linear and rotational motion of
the gripper is confined within a 2D plane and constrained by
the gripper’s design degrees of freedom settings.

Denote the prediction length as N , the cost function can
be formulated as follows:

J (yn,an) = PeTn+NQen+N +

n+N−1∑
k=n

eTkQek+Qaa
2
k (2)

where
Q =

[
Qc 0
0 Qv

]
, (3)

en = yn − [cdesired, 0]
T
,

an = [an, an+1, . . . , an+N−1]
T ∈ RN .

(4)

In Equation 2, P is a scalar used to amplify the terminal
cost, thereby accelerating convergence to move the gripper
until it reaches the desired state, where the cn converges to a
desired value cdesired and vn converges to zero. The control
error, as defined in Equation 4, incorporates weight coef-
ficients Qc, Qv , and Qa. Finally, an optimization problem
can be formulated to compute the control inputs for the WSG
gripper, enabling stable grasping during dynamic motions:

a∗n = argmin J (yn,an) , (5)

subject to Equation 1 and the upper and the lower limits of
pn, vn, and an. The parameters for tactile-MPC on GelSight
Mini are shown in Table I.

Rubbing using linear actuators: another challenge is
enhancing the adaptability of the rubbing motion for objects
of different dimensions, requiring varying motion ranges of
linear actuators. We propose a linear state feedback controller
to regulate this range. After stabilizing the WSG gripper
position pstable post-grasping, the linear actuator’s movement
range L is linearly correlated with the gripping width: L =

CoM

Contact Point
(Left)

FL

Contact Point (Right)

θ

PLA Fingernail

lX

Y
FR,y

FR,x

mg

h
FB,x

FB,y

θ

d

Fingertip
GelSight mini sensor

Credit card

Fig. 3. Model for the designed scooping motion for the proposed gripper
using a 3D printed fingernail

kp·pstable+b, where kp and b are tuned parameters. For objects
smaller than 15 mm, the rotation servo retracts inward by a
fixed angle to prevent them from falling.

C. Scooping Manipulation and Precise Insertion

This section presents the methodologies employed to en-
able the proposed gripper to grasp flat objects and complete
precise insertion, exemplified by a credit card.

Scooping manipulation: given the necessity of a sharp
fingertip for grasping flat objects, we have adapted the design
concept in [18] by employing a replaceable fingernail made
of PLA. Leveraging the five degrees of freedom, we devised
a simplified and adaptable maneuver suitable for objects
of varying thicknesses. Fig. 3 depicts the schematic of the
grasping maneuver. From the free-body diagram when the
card has been lifted with only three contact points with the
ground the two fingers, the equivalent moment of external
forces at the center of mass, Mall, can be expressed as:

Mall =
1

2
[−(h− 2d)FR,x + lFR,y]

+
1

2
[hFB,x − lFB,y] +

1

2
[(l tan θ − h)FL cos θ]

(6)
where FR,x and FR,y denote the pressure force by the
fingernail and the friction force by the ground. And FB,x

and FB,y represent the friction force and the support force
from the table. At the contact point of the left finger, the card
experiences the positive force FL. Additionally, µ1 and µ2

are the coefficients of friction for the two contacting surfaces
and the object is subject to its gravitational force mg.

For the force analysis, we select a cross-section and make
the following assumptions to simplify the model: within this
cross-section, the contact between the finger nail and the
finger is approximated as a point contact. Furthermore, we
assume that the contact point on the object receives normal
pressure from the vertical edges of the object and static
frictional force along the direction of the object’s surface.

FR,y = µ1 · FR,x,

FB,x = µ2 · FB,y,

FB,x = FR,x − FL · cos θ,
FB,y = FL · sin θ − FR,y +mg.

(7)

FR,x(1 + µ1µ2) = FL(µ2 sin θ + cos θ) + µ2mg (8)
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Mall =
1

2
FR,x [(2d− h+ lµ1)] +

1

2
FB,y [hµ2 − l]

+
1

2
FL [(l tan θ − h) cos θ]

=
1

2
FR,x [2d− h+ 2lµ1 − µ1µ2h]

+
1

2

[
1

µ2 sin θ + cos θ
(FR,x(1 + µ1µ2)− µ2mg)

]
· [sin θ(hµ2 − l) + cos θ(l tan θ − h)]

= K1FR,x +K2.
(9)

By considering the relationship between static friction and
normal pressure, along with the force balance of the object,
we derive Equation 7, establishing the relationship between
FR,x and FL as in Equation 8. Solving these equations
yields Equation 9, where the friction coefficient, contact
point height, length, thickness, and angle between FL and
the ground are constant. To simplify, we introduce positive
coefficients K1 and K2. Based on the direction of force
FR,x, the equivalent torque acts in the counterclockwise
direction. According to our assumption, the direction of the
equivalent torque remains constant throughout this process.
Consequently, the object undergoes a counterclockwise flip-
ping motion until the flipping action is complete.

Precise grasping using tactile sensor: after successfully
grasping the card and securing it between the two fingers, we
further exploit the advantages of tactile sensors to showcase
the versatility of our gripper through an insertion task. This
task involves two objectives: 1) using in-hand manipulation
to adjust the orientation of the credit card to ensure that
the chip is facing downward, and 2) achieving a precise
grasping position (xd, yd). We formulate this problem as a
model-based task, leveraging tactile information to estimate
the geometric properties of the card.

Our action primitives consist of a linear pushing action
by the manipulator and the grasping motion by the parallel
DoF. The tactile-based exploration begins once the sensor
establishes stable contact. Initially, with the long edge of
the credit card in contact with the tabletop, our strategy for
card manipulation involves sequentially moving the gripper
in a 2D plane based on the numbers printed on the card
from previous steps, and then release and adjusting the
gripper’s next grasp to align with the edge of the credit
card corresponding to the digits. We set the exploration step
along the long and short edge (or pushing action change) to
be sx, sy ∈ {−2 mm,−4 mm,−8 mm}, depending on the
current edge of the number on the card, as illustrated in Fig.
6. During the motion, the gripper is always perpendicular
to the table. When the tactile image indicates that the last
digit has reached a threshold position on the long edge of
the credit card xd, the robot arm ceases to push forward.
To determine yd on the short edge, we first employ in-hand
manipulation to rotate the card by adjusting the width of the
parallel DoF. Given that the card is grasped at the far right
end of the long edge, rotating around this point ensures that
the card flips by the gravity, allowing the short edge of the
credit card is in full contact with the tabletop. Subsequently,

by iteratively performing the tactile exploration action, the
gripper can eventually reach the desired gripping pose.

IV. EXPERIMENT

A. Singulation and Classification

We employed a UR5e robot equipped with the proposed 5
DoF gripper. For this task, we assume that the initial position
of all objects beneath the granular media remains constant,
allowing the robot gripper to consistently grasp the object
successfully. In the experimental setup, we selected rice as
the granular media and placed it inside a plastic container
measuring 135 × 112 × 55 mm. The depth of rice filled in
the container is approximately 30 mm, as shown in Fig. 4
(a). We selected a total of 10 objects with varying sizes,
surface textures, geometric shapes, and physical properties,
shown in Fig. 5. These objects include small items (with
diameters around 10 mm), two elliptical nuts, a deformable
soft foam sphere, three 3D-printed rigid balls with PLA
material featuring different surface textures, and two large
objects, one golf ball with a diameter of 41 mm and an
artificial strawberry with an irregular geometric shape.

Fig. 4(b) and (c) depict sequential images and correspond-
ing tactile images, including raw images and binary contact
area images generated by thresholding the depth image for
high precision. After the gripper is inserted into the rice, the
tactile-MPC controller is engaged, enabling stable grasping
by dynamically adjusting the grip width.Subsequently, in-
hand manipulation is performed according to the proposed
method to remove the rice trapped. As depicted in Fig.
4(c) corresponding to state 2, due to residual material, the
tactile image only shows the shape of rice grains, making
classification processing difficult solely relying on tactile
feedback. However, once the singulation manipulation is
completed, state 6 clearly depicts the features of the grasped
peanut.

The results of the singulation experiment (15 trials each)
are presented in Table II. The success rate is defined as
the object remaining stable during the singulation process.
For all objects combined, the overall success rate was 114
out of 150 attempts (76%). Specifically, for different sphere-
like objects, including balls and seeds, the success rate was
notably high at 99 out of 105 attempts (94.3%).

Despite most granular media being removed during the
rubbing motion, minor residual may still remain. To further
evaluate singulation performance, we conducted a classifi-
cation of successful attempts in the first step using [25],
with results displayed in the confusion matrix in Fig. 5.
The left image annotates each object’s respective labels. The
results indicate high classification accuracy for most objects,
suggesting successful removal of attached granular media
and confirming the efficacy of our method.

B. Credit Card Insertion

We make the following assumptions to simplify the prob-
lem: 1) the pose of the card reader is predetermined, and 2)
the initial position of the credit card is within a specified
range beneath the gripper, ensuring that the gripper can
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① ② ③

④ ⑤ ⑥
(b) In-Hand singulation manipulation to remove the rice(a) Task setting

① ② ③

④ ⑤ ⑥
(c) Tactile images corresponding to each frame

Object buried 
within rice 

Fig. 4. Sequential images of in-hand grasping and singulation manipulation of a peanut buried in rice. The green arrow in (b) indicates the motion of the
gripper, while the yellow arrow represents the motion of the robot arm. The same arrow notation is used in Figure 6(b).

TABLE II
SINGULATION EXPERIMENT RESULTS ON 10 SELECTED OBJECTS

Objects
Small Nuts Soft Rigid Large

Tree
Seed 1

Tree
Seed 2 Almond Peanut Soft

Ball
PLA

Ball 1
PLA

Ball 2
PLA

Ball 3
Artificial

Strawberry
Golf
Ball

success 13/15 13/15 10/15 11/15 15/15 15/15 14/15 15/15 9/15 14/15

① ② ③ ④

⑤

⑥⑦

⑧

⑨

⑩

10 mm
1 2 3 4 5 6 7 8 9 10

Predicted label

1

2

3

4

5

6

7

8

9

10

Ac
tu

al
 la

be
l

10 0 0 0 0 1 0 0 2 0

0 9 1 0 0 1 0 0 2 0

0 0 7 1 0 0 0 1 1 0

0 0 2 9 0 0 0 0 0 0

0 0 0 0 15 0 0 0 0 0

0 0 0 0 0 15 0 0 0 0

0 0 0 0 0 0 14 0 0 0

0 0 0 1 0 0 0 14 0 0

0 0 1 2 0 0 2 0 4 0

0 0 1 1 0 0 0 0 0 12

Fig. 5. Selected objects for singulation task and the classification result.

always descend to grasp it. Fig. 6(a) shows the task setting.
A 3D-printed credit card, measuring 85.5 × 54 × 0.8 mm
(or 1.2 mm thick if considering raised numbers), was uti-
lized. Additionally, a card reader for insertion was printed,
featuring a hole with dimensions of 56× 1.5 mm.

Fig. 6(b) and (c) depict the critical states and tactile
feedback during the experiment. We directly employ the raw
difference image and apply Canny detection followed by a
series of morphological operations to extract the contact edge
based on the numerical information for faster processing.
In the initial scooping stage, the fingers’ edges are parallel,
leaving ample space between them to accommodate different
card postures. This initial grasping step constrains the card’s
position, ensuring its stability relative to the fingers before
each scooping action begins. During the scooping process,
the GelSight fingers remain stationary, preventing the card
from sliding and causing task failure, thus avoiding the com-

plicated process of determining the appropriate angle. Upon
completion of the flip, the tactile information of the card is
transmitted to the GelSight. This denotes the credit card’s
orientation based on its numbers, distinguishing between
its front and back sides. In the absence of tactile sensor
feedback, the gripper executes an in-hand reorientation to
flip the card, ensuring that the side with the numbers contacts
the sensor. During exploration along the x-direction of the
card, the robot arm continues to grasp and release until the
upper contact edge (denoted by the green line) reaches xd,
as indicated in Fig. 6(c) from state 3 to state 4. Similarly,
following the in-hand reorientation that adjusts the card to
a vertical position, the robot arm proceeds with exploration
along the y-direction until the desired pose yd is achieved.
Finally, the gripper is lifted to complete the insertion. Our
method achieved a 100% success rate for the complete task
including scooping and insertion, in 10 consecutive trials
with the credit card placed in random initial pose.

V. DISCUSSION AND CONCLUSION

Several issues observed in the experimental results merit
discussion. In the singulation task, the success rate for non-
spherical objects was notably lower. This disparity can be
attributed to the variability in width during rotation, which
is less stable compared to spherical objects. Sudden changes
in width may lead to objects being dropped or squeezed
out, and the use of a flat sensor pad exacerbates this effect.
Developing a policy using a learning-based approach may
offer a potential solution for improving performance in
handling these objects, a direction we defer to future work.

In this paper, we introduce a five degrees of freedom tactile
gripper capable of performing dexterous in-hand manipu-
lation tasks. We evaluated the performance of our gripper
and control methods through two dexterous tasks: singulation
manipulation of 10 various objects, and scooping and preci-
sion insertion of a credit card. The results underscored the
efficacy of the gripper design and control strategies proposed.
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① ② ③

④ ⑤ ⑥

(b) In-Hand manipulation to complete the credit card insertion(a) Task setting

until reach xd until reach yd

gripping

tactile-based

scooping clamping

& exploration
inserting

exploration
in-hand reorientation

(c) Tactile images corresponding to each frame

① ② ③

④ ⑤ ⑥

explore

explore
(xd, yd)

54 × 85.5 × 0.8 mm

56 × 1.5 mm
left view

Fig. 6. Sequential images depicting in-hand scooping manipulation and precise insertion of a 3D printed credit card

Overall, we achieved a 76% success rate for the rubbing
motion, with a success rate exceeding 94% for sphere-shaped
objects. Furthermore, the scooping manipulation exhibited a
100% success rate. In future endeavors, we aim to expand
our approach to tackle more intricate manipulation tasks.
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