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Object Deformation Suppression for Grasping
Leveraging Optical Proximity Sensors
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Abstract— Grasping soft and individualized food and agri-
cultural products without causing damage is a significant
challenge in robotics. This task requires balancing two con-
flicting demands: applying sufficient force to lift the object and
avoiding excessive force that could cause damage. Conventional
approaches include learning-based manipulation and sequential
control based on slip detection. However, the former requires
prior training, while the latter takes time to adjust the grasping
force. Therefore, these methods are not suitable for environ-
ments where object properties change frequently or for high-
throughput operations. To address these issues, we propose a
parameter adaptation method for deformation suppression that
does not require learning and enables high-speed processing.
The proposed method reduces the grasping force according
to object deformation, which is detected by optical proximity
sensors. A key benefit of optical proximity sensors is high-
speed data acquisition, which enables real-time adjustment of
grasping force without stopping the motion, leading to faster
task completion. Furthermore, the deformation information
obtained from the proximity sensor is converted into a virtual
force, and the grasping force is adjusted based on the virtual
dynamics framework. This enables seamless integration with
pre-grasp control strategies that gently approach the object.

I. INTRODUCTION

Many grippers used in factory settings primarily target
known objects with pre-defined shapes and stiffness, achiev-
ing highly efficient grasping through repetitive motions. On
the other hand, many processes where automation has not
progressed involve objects whose geometric and mechan-
ical properties are not unique, making them challenging
for conventional robots that excel at repetitive tasks. For
instance, grasping soft objects with individual differences,
such as food products and agricultural produce, remains one
of the critical challenges in robotics [1][2]. These objects
vary in shape and stiffness from one individual to another
and are often fragile and easily damaged, making it difficult
to apply grasping strategies that assume known objects.
In general, grasping tasks require simultaneously satisfying
the following contradictory requirements, and this balance
becomes particularly critical when dealing with soft and
fragile objects:

« Exerting sufficient grasping force to achieve tasks such

as lifting the object.

o Avoiding excessive force that could damage the object.
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To address these conflicting demands, control utilizing
vision-based tactile sensors has proven effective. In recent
years, research has advanced using high-resolution and low-
cost sensors such as GelSight and DIGIT [3][4][5][6]. Ap-
proaches that leverage these sensors can be broadly catego-
rized into two types: learning-based methods [3][4] and non-
learning-based slip detection control [5]. While the former
can achieve a high grasping success rate for diverse object
types through learning, it incurs time and cost due to the
need for data collection and retraining whenever the object or
sensor changes [3][4]. The latter can function independently
of object properties through sequential adjustments, but faces
the challenge of longer processing times per item, making
it unsuitable for high-speed operations [5]. When there is a
large variation in the weight of the target objects, this issue
becomes particularly pronounced. This is because the control
is designed to exert only the minimum necessary force to
prevent the object from being dropped, rather than adjusting
the force in response to object deformation.

To address these challenges, we propose a parameter
adaptation method that does not require learning, enables
high-speed processing, and can handle objects with unknown
mechanical and geometric properties. The proposed method
is characterized by the following two key features:

« High-speed sensing of object deformation using optical
proximity sensors

o Adaptive adjustment of control parameters that govern
the grasping force

Particularly, this study focuses on one of the aforementioned
requirements: Avoiding excessive force that could damage
the object. Although optical proximity sensors have been
widely employed for pre-grasp sensing [7][8][9], their uti-
lization in the post-grasp phase has rarely been explored.
The method utilizes a hybrid proximity sensor combining
the reflectance light intensity type (O-RLI-type) and the
time-of-flight type (O-ToF-type) . The O-RLI-type acquires
proximity information based on the intensity of reflected light
from an object [10], and it exhibits a characteristic where the
output increases as the contact area between the fingertip
and the object expands. This means that the output increases
as the object deforms to “conform” to the finger, thereby
enabling the detection of object deformation. Such deforma-
tion is commonly observed in various agricultural products
and food, including strawberries, grapes, and walleye pollack
roe. However, the O-RLI-type output increases not only due
to deformation but also due to approach, necessitating a
distinction between increases caused by approach and those



Proximity Sensor w

(&2, 1)

Proximity Sensor

(1)

Grasped

Finger 2 Object

I

Finger 1

1

X2 Xm X1

Fig. 1. The control target in this study is a two-finger parallel gripper.
Optical proximity sensors (O-RLI-type and O-ToF-type) are attached to the
tips of each finger.

caused by deformation. To resolve this, by concurrently using
the O-ToF-type, which detects the distance to the object,
output increases due to approach are distinguished from those
due to deformation. Although vision-based tactile sensors
can also detect deformations that conform to the fingertip,
their response speed can be a limiting factor. In general,
vision-based tactile sensors have a sampling rate of around
10 to 90Hz [11][12][13], whereas O-RLI-type proximity
sensors can sample at approximately 1kHz. Therefore, in
situations where an object deforms rapidly, even if a control
algorithm similar to the method proposed later in this paper
is used with a tactile sensor, it may not be able to reduce
the grasping force in time. Thus, not only the concept of
control based on slip detection but also the characteristics of
the sensor itself can be unsuitable for high-speed processing.

In this study, we propose an adaptive adjustment strategy
for control parameters that govern the grasping force. The
parameter adjustment is based on the rate of change in
the output of the proximity sensor, as utilized in [7][14].
According to the model of the O-RLI-type sensor, this rate
of change reflects the deformation characteristics at the
contact interface. Furthermore, the deformation information
is converted into a virtual force, and a control framework
called MVDC (Multiple Virtual Dynamics-based Control)
[71[14] is employed. We introduce a novel idea of extending
MVDC not as a trajectory planner for robot coordinates, as in
[7](14], but as a planner for control parameters that govern
the grasping force. By implementing deformation suppres-
sion within the MVDC framework, it becomes possible to
integrate with pre-contact control (simultaneous contact and
impact reduction control) [7], thereby achieving consistent
and delicate grasping control across both pre-contact and
post-contact phases without switching control laws.

This work introduces a fast, learning-free control method
using optical proximity sensing to interact safely with fragile,
variable objects. Focusing on suppressing deformation during
contact, the method forms a basis for robust and adaptable
robotic grasping.

II. OVERVIEW OF THE CONTROL TARGET AND
PROXIMITY SENSORS

As the simplest example, a two-finger parallel gripper is
used as the control target in this study, as shown in Fig. 1. A
hybrid optical proximity sensor, equipped with both O-RLI-
type and O-ToF-type components, is attached to the fingertip
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of each finger. The information on the grasped object is
obtained from these sensors. Each finger of the gripper can be
treated as an independent 1-degree-of-freedom (DoF) system.
Considering that the = coordinate is attached to the gripper
wrist, the motion of each finger is modeled as follows:

(1)

where m; is the mass of the gripper finger, x; is the fingertip
position, u; is the control input, f; is the contact force acting
from the grasped object, and subscripts j = 1 and 2 indicate
the right and left fingers of the gripper, respectively.

miZ; = uj + fej,

III. METHOD

Fig. 2 shows the block diagram of the proposed controller,
in which parameter adaptation for deformation suppression is
newly added to the simultaneous contact, impact reduction,
and contact force control proposed in [7]. The parameter
adaptation for deformation suppression is incorporated into
the first layer, which plays the role of contact force con-
trol, and consists of Virtual force generator A and Virtual
dynamics A.

A. Simultaneous contact, impact reduction, and force control

Each finger of the gripper is controlled by MVDC, which
consists of three layers. The third layer plays the role of
simultaneous contact control. The virtual dynamics 2 is given
by

M, o(Zy2—%4)+Dy2(dvo—Ed) + Kao(zy2—z4) = fs, (2)

where M, i, D,, and K, j are the mass, viscosity coef-
ficient, and elastic coefficient of the virtual object k (k =
1,2), and xy 2, ¥y 2, and &, o are the position, velocity, and
acceleration of the virtual object 2 determined by virtual
dynamics 2. Here, the virtual object is a non-existent object
considered to reflect the effect of virtual force on motion of
control target. Additionally, x4, @4, and 24 are the target
trajectories, which are given by the trajectory planner as
follows: 21 + 2o

5 3)
The virtual force fg calculated by virtual force generator 2
is given by f, = K, tanh((&; — &)/(& + &)), where & is
the output of the O-RLI-type proximity sensor and Kj is the
gain.

The second layer plays the role of impact reduction. The
virtual dynamics 1 is given by

Tq = i’d:O, l‘d:()

)

M, (Zvj — Ev2) + Dai(Bvj,1 — &v,2)

+ Ka1(2vj1 — 2v,2) = fos, )

where xy; 1, @y;,1, and &y;1 are the position, velocity, and
acceleration of the virtual object 1 determined by virtual
dynamics 1. The virtual viscous force fp; calculated by
virtual force generator 1 is given by f; = Dpjéj /&;, where
D,; is the viscosity coefficient.

The first layer is an impedance control that plays the role
of contact force control. The first layer uses the position
Zyj,1 and velocity @y;1 of the virtual object 1 obtained in
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Fig. 2. Block diagram of the proposed controller using MVDC. A virtual dynamics is newly introduced to the control parameters of impedance control,
allowing the contact force control to attenuate the grasping force in accordance with object deformation.

the second layer as the desired state. Since no force sensor
is mounted on the fingers in this research, no inertia-related
control is performed, and m; is left as is. In this case, u; is
given as follows:

uj = —=Di(dj — dvj1) — Ki(w; — 2vj1),

&)

where D; and K; are the desired viscosity and elastic
coefficients in impedance control.

B. Parameter adaptation for deformation suppression

The parameter adaptation proposed in this study introduces
virtual dynamics into the impedance control parameters K;
and Dj in (5). The virtual force fyq calculated by virtual
force generator A is given by
0
_Dpd(?l
where Dpq is the gain, [; is the distance between the
proximity sensor and the object surface (output of O-ToF-
type), and € is a small number determined by the performance
of O-ToF-type. Since the O-ToF-type generally does not have
a detection distance of zero millimeters, € is determined
by the sum of the minimum detectable distances of the O-
ToF-type on each finger, and contact is assumed when this
threshold is reached. When contact is assumed, the virtual
force fpq is activated. Although fpq becomes a discontinuous
input at the moment of contact, it is used as an input to
the virtual dynamics described later, so the behavior of Kj
and D; remains continuous and does not lead to unstable
behavior.

Subsequently, by substituting the O-RLI-type sensor out-
put model into (6), it is shown that (6) depends on the
temporal change in a parameter related to the shape of

(l1 +1ly>€)

. , 6
"‘%) (li+12<¢) ©

foa = &
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the contact surface. The output of an O-RLI-type sensor is
modeled as follows [8]:

o
(lj + o)™

where G¢ is the coefficient for the transformation from the
amount of light received to a voltage determined by a sensing
element such as a phototransistor, ¢/ is the light energy
emitted from the LED, [ is the offset distance to prevent
direct contact between the sensor element and the object, «
is the reflectance of the object surface, and n is the diffusion
coefficient, which depends on the arrangement of LEDs and
phototransistors, and the shape of the detected surface. In
particular, focusing on the post-contact phase, [; = 0, and
under this condition, both sides of (7) are differentiated with
respect to time ¢. Considering that the only time-dependent
parameter is n, the following equation is obtained:

& = Ge (7

)

. a;Y dn; 1
L= G 1] — . 8
é-] £ l()n dt Og (l()) ( )
Therefore, fpq (11 + 2 < €) is expressed as follows:
1 dTLl dTLQ
= —Dyql — )=+ ==).
Tpo pd Og(lo> ( a ) ©)

In other words, the rate of change in the output of O-RLI-
type after contact represents the time derivative of n. The
parameter n depends on the shape of the contact surface,
and its value increases as the object conforms more closely
to the shape covering the sensor surface. That is, an increase
in n after contact indicates that the object is deforming to
better fit the fingertip sensor surface, and its time derivative
corresponds to the temporal change in the progression of
that deformation. Therefore, f,q represents a virtual force



obtained by converting the average rate of change in defor-
mation progression at each fingertip. Moreover, as indicated
by the absence of the reflectivity coefficient « in (9), the vir-
tual force defined in (6) is independent of surface reflectivity.
This confirms that the parameter adaptation for deformation
suppression can function robustly regardless of the object’s
optical properties.

In virtual dynamics A, f,q is used as an external force
on the virtual object A, and the dynamics is given by the
following equation of motion:

My aK; + DyaKi = foa, (10

where M, o and D, 5 are the mass and viscosity coefficient of
the virtual object A. Furthermore, Dj is calculated as follows:

Di :2Ci\/mjKi, (11)
where (; is the damping ratio.

According to (5), the grasping force at static equilibrium
is determined by the product of the object’s half-width and
K;. Therefore, the initial value of K; can be set based on
the object’s width and the desired grasping force at static
equilibrium. To estimate the object width W, the O-ToF-
type sensor is used prior to grasping, and W is calculated
as W = (z1 — x2) — (I1 + l2). Assuming that the desired
grasping force at static equilibrium is Fy, the initial value of
K, denoted as Kjjnit, is given by:
2Fy
W
When the object does not deform, K; remains constant at
K init, and Fy is applied. On the other hand, when the object

deforms, the grasping force decreases from Fjy according to
(10).

Kijnie = (12)

IV. EVALUATION BY SIMULATIONS

In this section, the proposed method is evaluated via
simulations. Simulink in MATLAB is used as the simulation
software.

A. Simulation Conditions

1) Modeling of the Grasped object: In this simulation,
the grasped object is modeled as a massless elastic body,
and various object stiffnesses are represented by varying the
spring constant. In this case, the contact force f;; exerted on
the fingertip by the object is given by the following equation:

fo = KAW = K{W — (21 —22)}, fe2 = —KAW, (13)

where AW 2 0 is the change in object width (Amount of
finger sinkage into the object), and K is the stiffness of the
object.

2) Modeling of the O-RLI-type Proximity Sensor Output:
In this simulation, the output of O-RLI-type proximity sensor
is modeled using the first-order exponential model [9] as
shown in the following equation:

& = aexp(clj), (14)

where ¢ > 0 and ¢ < 0 are approximate parameters.
However, in this simulation, it is necessary to treat the output
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Fig. 3. Relationship between the sensor—object distance and proximity
sensor (O-RLI-type) output when the contact surface is a white sponge. The
blue curve represents the experimental data, and the dashed curve represents
the fitted curve. [ < O represents the amount of sinkage into the object.

TABLE I
PHYSICAL QUANTITIES RELATED TO THE CONTROL TARGET AND THE
GRASPED OBJECT

W
0.06 m

Tm

0.03 m

Linit, 1
0.11 m

Linit,2
—0.11 m

mj
0.5 kg

change after contact, so the case where the finger sinks
against the object is treated as [; < 0, and its absolute
value represents the depth of the sinking. Fig.3 shows the
relationship between the output £ and [ for the optical
proximity sensor proposed in [15]. The contact surface used
in the experiment is a white sponge (Gekiochi-kun, Lec Inc.,
Tokyo, Japan). The approximate parameters are a = 1.4984
and ¢ —62.9326, respectively, and the coefficient of
determination is 0.9924. According to Fig.3, fitted curve
explains the experimental data well. Note that, if [; falls
outside the modeling range in the negative direction, (14)
is no longer considered valid, and £; is assumed to remain
at the maximum output defined within the modeling range
without further increase.

B. Validation Cases

In this simulation, the following cases are verified to
confirm the effectiveness of the proposed method.

Case I:

A comparison is conducted between the case using the
proposed method and the case in which the virtual force
is set to zero (i.e., Dpg = 0, meaning K; = Kjj,; and
D; = 2¢i\/m; Kini). The time series data of Kj, contact
force |f.;|, and fingertip position x; are compared. In this
evaluation, the object stiffness is set to K = 100 N/m.

Case2:

The behavior of the steady-state values of Kj, contact
force |fc;|, and depth of sinkage AW is evaluated under
varying object stiffness K. In this evaluation, the stiffness of
the object is varied from 50 N/m to 1000 N/m in increments
of 2 N/m.

All simulations above are conducted under the physical
and control parameters listed in TablesI and II.



TABLE I
CONTROL PARAMETERS

Simultaneous Contact Control

M, a,2 D a,2 K. a,2 K
1 kg 12 N-s/m 36 N/m 3N
Impact Reduction Control
My 1 D1 Ka 1 Dp1,2
1 kg 10 N:s/m 25 N/m  +£0.3 N-s
Parameter Adaptation for Deformation Suppression
Mia Dya Fa G €
1kg 10 N-s/m SN 1 0.005 m
150 + X
1
’g‘ 1
Z.100 + : ]
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Fig. 4. Time series data of the control parameter K; with different Dpq
values (0 to 900 N-s). Each line represents a different Dpq setting applied
during the grasping control.
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Fig. 5. Time series data of the contact force with different Dpq values (0
to 900 N-s). Each line represents a different D)4 setting applied during the
grasping control.
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Fig. 6. Time series data of the fingertip position with D,y = 0 and
900 N-s. The solid lines represent the coordinates of each finger, and the
black dashed lines represent the initial coordinates of the object surface.
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Fig. 7. Steady-state values of the control parameter K;j plotted against
object stiffness K. Multiple lines correspond to different Dq values from
0 to 900 N's.

=5
&
=z 4
03
[
-
=
B ——Dpa=0 ——Dyq =600
&1 —— Dpg = 100 —— Dyyq = 900 4
g Dypa = 300
(G ‘ s ‘ ‘
50 200 400 600 800 1000

Stiffness of object K [N/m)]

Fig. 8.  Steady-state values of the contact force plotted against object
stiffness K. Multiple lines correspond to different Dpq values from 0 to
900 N:s.

C. Simulation Results

1) Case 1: Time series data of K, the contact force, and
the fingertip position for varying Dpq in the range of 0 to
900N-s are shown in Fig. 4, Fig.5, and Fig. 6, respectively.
From Fig. 4 and Fig. 5, it can be observed that both K; and
the contact force decrease as Dpq increases. This indicates
that Dyq is a parameter that determines the degree to which
the grasping force is reduced in response to deformation;
larger values of Dpq result in lower grasping forces. In
particular, focusing on the case of Dyg = 900, K; decreases
from 166.7 N/m to 58.3 N/m, and the contact force decreases
from 2.73 N to 1.35 N. Furthermore, comparing the depth
of sinkage between the cases of Dpg = 0 and Dy = 900
based on Fig. 6, the value is reduced from 27.3 mm (45.5 %
against the initial width) to 13.5mm (22.6 % against the
initial width).

2) Case?2: The steady-state values of Kj, contact force,
and depth of sinkage when the object stiffness K is varied
in the range of 50 to 1000 N/m are shown in Fig.7, Fig. 8,
and Fig. 9, respectively. From Fig.7, it can be observed that
the reduction in K; becomes larger as the object stiffness
K decreases. Additionally, Fig.8 shows that the amount
of decrease in the contact force remains nearly constant
regardless of the stiffness of the object. However, it should
be noted that reducing the grasping force by 1N for an
object with ' = 50 and doing the same for an object with
K = 1000 have different effects in terms of reducing object
deformation. As shown in Fig. 9, the reduction in the depth
of sinkage becomes greater as K decreases. Specifically, for
Dyq = 900, the reduction in sinkage is 0.021 m for K = 50
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Fig. 9. Steady-state values of the fingertip sinkage into the object plotted
against object stiffness K. Multiple lines correspond to different D},q values
from 0 to 900 N-s.

and 0.0013m for K = 1000, indicating that the reduction
for K = 50 is approximately 16.2 times greater than that
for K = 1000. These results demonstrate that the softer the
object, the greater the effect of reducing deformation.

3) Summary and Interpretation of Results: In the pro-
posed method, the control parameters K; and D; are au-
tonomously adjusted based on object deformation. This ad-
justment begins when the virtual force fpq, triggered by the
output of the O-ToF-type sensor, becomes active. According
to Fig. 4, f,q becomes active 1.37 s after the start of grasping,
and from that point, K; is observed to decrease. Since the
virtual force fpq depends on the rate of change in the output
of the O-RLI-type sensor, it becomes zero when the reaction
force from the object and the exerted force from the fingertip
are balanced (i.e., when the finger stops moving), and its
influence disappears. At that point, the grasping force is
determined based on K; and D; according to (5). In this
way, because parameter adjustment is completed during the
impedance control-based grasping process, the time required
for the contact force to converge does not vary notably
depending on whether the adjustment is performed or not.
This can be confirmed from Fig. 5.

The extent of grasping force reduction is influenced by two
main factors. One is the virtual force gain D,q4. Increasing
this value results in a larger f,q, leading to a greater decrease
in K and thus stronger force attenuation. This allows the user
to manually adjust the degree of deformation suppression.
The other factor is the stiffness of the object. For softer
objects, the indentation velocity at contact tends to be
higher, which increases the rate of change in the O-RLI-
type sensor output. As a result, f,q becomes larger, further
decreasing K;j. As shown in Fig. 8 and Fig. 9, this enables the
proposed method to automatically adapt the grasping force
according to the stiffness of the object, achieving appropriate
deformation suppression without prior knowledge of object
properties.

V. CONCLUSIONS

In this study, we proposed a novel parameter adaptation
method based on object deformation that does not rely
on learning. It enables high-speed processing and can be
applied to objects with unknown mechanical and geometric
properties. By combining an O-RLI-type and an O-ToF-type
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into a hybrid proximity sensor, the system quickly detects
object deformation and appropriately reduces the grasping
force before excessive force is applied. A key contribution
of this work is the focus on the rate of change in the O-
RLI-type output after contact, coupled with the extension
of the MVDC (Multiple Virtual Dynamics-based Control)
framework to serve as a planner for control parameters.
This extension allows for smooth variation in the control
parameters during grasping and avoids oscillatory behav-
ior. Moreover, by integrating the approach with pre-grasp
control, the method achieves delicate and unified grasping
control across both the pre-contact and post-contact phases.

As future work, we will focus on adjusting the grasping
force to prevent the object from being dropped. Additionally,
we plan to cunduct experiments.
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