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A block diagram of a PID controller in a

feedback loop. r(t) is the desired process

variable (PV) or setpoint (SP), and y(t) is
the measured PV.

OVERVIEW

Robotic gripping operates under uncertainty because object
stiffness, deformation behavior, and failure thresholds are
unknown at the moment of contact. Conventional
controllers, such as fixed-force and PID, assume a
predictable material response, which can lead to slip or
excessive force when conditions vary. This project
introduces a clutch-inspired adaptive control framework
that adjusts grip force in response to measured interaction
forces. A physics-based simulation integrating force-
dependent bond dynamics, stochastic state transitions, and
spring-based interaction modeling was used to evaluate
controller performance across diverse object conditions.

BACKGROUND

In biological systems, cells regulate traction forces through
molecular clutch mechanisms, where adhesion bonds
stochastically bind and unbind in response to applied force.
This process governs how force is transmitted between the
cell and its environment, enabling stable interaction under
changing mechanical conditions. This principle motivates
an alternative control strategy in robotics, where force
regulation is driven by interaction dynamics rather than
predefined assumptions. The adaptive framework
developed in this study translates this behavior into a
computational control model.
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MAIN METHODS AND PROCEDURES

YCB Benchmark Dataset

Python Implementation

K-Means Clustering of Mechanical Interaction Features
I II . I ® Soft Objects
" I I o’ N Medium Objects
[ | @ Rigid Objects
Uit — 3/1',',1 Sl s (S, ) N u m P $8 Cluster Centroids
pandas g’ j

)

N
%
o

Shape items: back row: mini soccer ball, softball

P ® © baseball, tennis ball, racquetball, golf ball; front
matp = t ' ] " ° plastic chain, washers (seven sizes), foam bricl
o= o‘ dice marbles rope stacking blocks (set of 10
dice, marbles, rope, stacking blocks (set ¢ ))
““ﬁ‘ @ : - /
1 9

ximum Supported Force (a.

° credit card blank

2 40 60
Estimated Stiffness (a.u.)

For reproducibility purposes, the YCB
Dataset was utilized throughout the
project, paired with Python.

Core Python libraries used for simulation,
numerical computation, statistical analysis,
and visualization in the adaptive gripping
framework.

K-means clustering of mechanical
interaction features showing three
distinct object groups used for
adaptive grip classification.

Bell Model for Force- Monte-Carlo Process

Dependent Bond Dynamics » Each clutch element is a two-state system: bound or unbound.
This type of randomness can be modeled mathematically using

a Poisson process, which describes the probability of events
occurring in each time interval.

* To simulate the clutch-like behavior, each
element was modeled as either bound
(attached) or unbound (not attached).

The transition probabilities follow the definition that a rate
multiplied by a small-time interval gives the probability of an
event occurring during that time interval. (Figure 3)

» Two equations can be derived from the Bell
Model for force-dependent bond dynamics

This can be simulated to determine whether a clutch breaks or
binds. A Monte Carlo step is used, where a uniform random
number r € [0, 1] is generated. If a clutch is bound and r <
Pynpind » it unbinds; if it is unbound and r < Py;;,4, it binds.
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Multi-camera imaging setup used to
capture object geometry and visual
data for the Yale-CMU-Berkeley
(YCB) Object Dataset used in robotic
manipulation research

Objects and Physical Properties
from the Yale-CMU-Berkeley

(YCB) Object Set Used for
Grasping Evaluation

Time to Slip ¢,

« Time to slip is defined as the earliest moment at
which the force profile shows an unexpected,
sudden drop, indicating that the object has begun
to lose grip.

This is implemented by scanning for the first index
when the force decreases:

taip = min{t; | F(t;41) < F(t;)}

This feature identifies how long the system can
sustain load before slipping occurs, which is
important for separating stable and unstable grip
conditions.

SIMULATION RESULTS
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Figure 1: Distribution of forces applied by the adaptive Figure 3: Time-dependent force profiles for YCB objects

controller across YCB objects
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Figure 2: Binding fraction evolution over time under fixed-
force control

Figure 4: Feature space clustering revealing three
mechanically distinct object categories

Estimation Plot: Time to Slip (adaptive vs fixed)
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Figure 5: Estimation plot of time-to-slip for the adaptive controller compared with
fixed-force control. The adaptive controller increases mean time-to-slip (, 95%
bootstrap CI [0.0483, 0.0992] and the difference is unlikely under the
permutation null

Adaptive Grip Force Response Across Object Stiffness
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Figure 6: Adaptive grip force increased across soft, medium,
and rigid object clusters, showing cluster-specific force
regulation by the clutch-inspired controller.

A BIO-INSPIRED FRAMEWORK FOR ADAPTIVE ROBOTIC GRIPPING
Bio-inspired Robotics: Adaptive Object Handling Through Cellular

STATISTICAL ANALYSIS

Controller performance was evaluated across 20,000 Monte Carlo
trials using nonparametric statistical methods. Time-to-slip was used
as the primary stability metric due to its ability to capture continuous
grip behavior. Two-sided permutation testing was used to evaluate
whether observed differences between controllers could arise under
the null hypothesis, while bootstrap resampling was applied to
compute 95% confidence intervals for performance differences.
These approaches allow for robust inference without relying on
distributional assumptions. Convergence analysis was additionally
performed to verify that the estimated effect size stabilized as the
number of trials increased, supporting the reliability of the
simulation-based results.

Monte Carlo Convergence of Effect Size Estimate Adaptive and PID Performance Across Object Categories

-8 Adaptive
0.80 A PID

o

-

o
!

o
=
'S

Cumulative Mean A Time-to-Slip
o o
¢ o o ¢
o N
Mean Time-to-Slip (normalized)

o
o

o

[=]

[=}]
1

Adaptive vs PID: p = 0.08
(no significant difference)

o

o

=
L

2500 5000 7500 10000 12500 15000 17500 20000
Number of Monte Carlo Trials

Medium Stiff
Object Stiffness Category

CONCLUSION

The results demonstrate that clutch-inspired adaptive control
improves grip stability by increasing time-to-slip and reducing
excessive force application under uncertain conditions. Compared
to fixed-force control, the adaptive strategy shows statistically
significant improvement, while also providing more controlled
force regulation relative to PID-based approaches. These findings
support the use of interaction-driven control strategies for robotic
manipulation in environments where object properties are
unknown or variable.

Comparison Mean A Time-to-Slip 95% CI

Adaptive vs Fixed +0.073 [0.048, 0.099]

Adaptive vs PID +0.021 [-0.003, 0.046]

FUTURE

This framework provides a foundation for
translating clutch-inspired adaptive control into
physical robotic systems. Future work will focus on
implementing the controller on robotic grippers
equipped with force and tactile sensing to evaluate
performance under real-world conditions such as
sensor noise, actuator delay, and friction variability.
As illustrated in the images, the approach could
enable adaptive object manipulatior} ir} applica.tio.ns it ot
such as automated warehouse picking, assistive Y & gripper for future
robotics, and prosthetic gripping devices. The a 4 physical
prototype gripper shown represents a potential
hardware platform for integrating the controller and s 21 clutch-based adaptive
experimentally evaluating how grip forces adapt to N A controller.
objects with varying stiffness and geometry. | >

o Adaptive gripping for
/" object manipulation
in uncertain
environments, such
as warehouse
automation.

implementation of the
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