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Abstract—To overcome the limitations of traditional mono-
lithic robots, roboticists have proposed modular robots, swarm
robots, and soft robots that can adapt to their environment and
be robust to single points of failure. However, due to their many
degrees of freedom, they are complex and pose operational
challenges. We introduce a novel particle robot comprising
vibrating units encased by a rigid chain-link boundary that
can act like a soft robot. Each unit, or particle, moves by
adjusting the spin direction and frequency of an internal off-
axis spinning mass. The particles are simple and incapable of
directed locomotion, but once combined in a particle robot,
they produce deterministic motion from stochastic particle
interactions. This study delves into the vibrating particle
mechanism, revealing how collective movement emerges from
simple, individual actions. Experimental analyses across various
configurations highlight how particle quantity influences move-
ment and direction. Notably, the robot’s ability to traverse tight
spaces and flow around obstacles underscores its adaptability,
achieved through rigid components mimicking soft-robotics
principles. Our findings illuminate the potential of harnessing
stochastic interactions for deterministic outcomes, advancing
the field towards more adaptable and resilient robotic systems.

I. INTRODUCTION

To date, most robots are rigid machines that execute
deterministic motion to perform repetitive tasks. However,
modern applications of robotics can no longer be solely
addressed by fixed-structured mechanisms [1]. As robots are
deployed to navigate unfamiliar and unpredictable terrain,
manipulate arbitrary shapes, and safely interact with humans,
traditional robots give way to alternative approaches in
design, fabrication, and control [2], [3]. These approaches
include soft robots, swarm robots, modular robots, and robots
based on statistical mechanics.

Soft robots, for example, incorporate materials of variable
stiffness and compliance into actuators and mechanisms,
often mimicking biological forms [4]. It is a growing field
of research, given that soft-bodied robots tend to be impact
tolerant and easily deformable when interacting with other
objects [5], [6]. Yet soft robots face unique challenges; due to
the many degrees of freedom inherent to compliant materials,
modeling and control can prove difficult [7]. Further, soft
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Fig. 1. Vibrating particle robot. (a) A diagram showing how deterministic
motion emerges from stochastic particle interactions when an energy gradi-
ent is established by high-frequency and low-frequency vibrating particles.
(b) A robot comprising 8 particles passing between two round obstacles.
Half of the particles in this experiment vibrated at the maximum frequency,
6 Hz, and the other half didn’t vibrate. The dotted purple line shows
the vibrating particle robot’s motion path, while the gray arrows show its
heading vector, defined by the centroids of the high- and low-frequency
particles.

materials may be prone to failure due to fatigue and overload
or when damaged by sharp objects, which can, in turn, affect
their reliability during operation [8].

Other bio-inspired fields include swarm and modular
robots. In both cases, multiple, usually simple robots jointly
perform higher-level tasks that individual units couldn’t
execute, but, unlike modular robots, swarm robots need to
operate in a decentralized fashion [9], [10]. Some modular
robots have the capacity to act in a swarm-like manner, but
their focus is on combining to form larger mechanisms that
can vary their topology and morphology [11], [12]. These
robots are able to adapt based on the environment and ob-
jective and avoid single points of failure. The challenges with
those systems lie in the complexity of the individual robot
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function, sensor integration, communication, and collective
control.

Alternatively, robots based on statistical mechanics rely
on the frequent, uncoordinated interactions between many
smaller machines to produce deterministic behavior. Savoi,
et al. presented a stochastic robot in which Smarticle robots
collectively achieve higher-order functions when enclosed in
a rigid ring, creating a Supersmarticle [13]. Their robots,
comprising many two-motor flapping mechanisms, exploited
statistical mechanics to achieve coordinated motion.

We first introduced the particle robotics paradigm in
Li, et al, in which simple one-degree-of-freedom units,
or particles, demonstrated complex behaviors when loosely
coupled [14]. The particles were only capable of expanding
and contracting radially. This motion was phase-modulated
in response to an external signal; there was no organized
coordination. Yet by allowing the particles to couple with
magnets along the outer edge passively, we could exploit
statistical mechanics phenomena and achieve directed mo-
tion, compliance, and robustness to failure.

We present a novel particle robot comprising vibrating
particles constrained within a flexible boundary or membrane
(see Fig. 1). The membrane coupling the particles is made
from rigid chain links. Similar to the volumetrically oscillat-
ing particles, the vibrating particles are incapable of directed
locomotion on their own. They can only vary their frequency
and direction of vibration. The individual particle frequency
can be set so that frequency differences between particles
within the same robot produce an energy gradient across
the robot. This can be done with respect to the individual
particle’s global position regardless of its relative position.
We define this gradient with a heading vector pointing
from the center of mass of the high-frequency/high-energy
particles to the center of mass of the low-frequency/low-
energy particles as depicted by the gray arrows in Fig. 1b.
The vibrating particle robot functions similarly to a nonequi-
librium statistical mechanics process, in which the frequency
imbalance across the enclosed system drives motion from
the high-energy particles toward the low-energy particles.
The aggregate robot can achieve deterministic locomotion
through stochastic interactions between the particles.

The vibrating particle robot mimics soft-robot behavior
despite being made entirely of rigid components. Similarly
to swarm and modular robots, it achieves redundancy by
comprising many identical components. Each particle is so
simple that it is no longer considered a robot and has the
potential to be operated without centralized coordination.
Compared to modular or swarm robots, particle robots’
complexity of design and operation is significantly reduced.

Here, we share our study of the vibrating particle robot.
First, we show the particle design used for this study. Then,
we introduce our experiment environment and methods.
Next, we present our findings on how the robot’s behavior
changes with respect to the number of particles comprising
the robot and how the vibrating particle robot behaves as a
soft robot in multiple experiments. Finally, we discuss our
findings and share our future outlook.
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II. MATERIALS

In this section, we describe our particle robot design. This
includes our discussion of hardware choices, communication,
and operation. Further, we share the details of our experiment
setup and video processing methods.

(@)

light sensor

Status LED

Fig. 2. Vibrating particle. (a) Closeup image of a single vibrating particle.
The internal components and additional weights are arranged around the
axis of rotation to form an asymmetric rotor, whose off-axis center of mass
induces rotational vibration when actuated. (b) Two-dimensional schematic
illustrating the physical effect of the off-axis mass created by the asymmetric
rotor. (c) A plastic chain is used as the flexible membrane that encompasses
the particles.

A. Vibrating Particle Robot Design

The individual vibrating particle is cylindrical, standing at
68 mm tall with a 60 mm diameter and a total weight of 263
g. Each particle contains an N20 6 Volt 300 rpm microgear
DC motor powered by two 420 mAh lithium-ion polymer
battery cells in series. We use a custom circuit board to
connect a Particle Photon microcontroller, voltage regulator,
status LED, motor driver, and light sensor (see. Fig.2a) along
with the motor and batteries.

Particles achieve rotational vibration by spinning an inter-
nal off-axis mass, as depicted in the simplified diagram in
Fig. 2b. We strategically arranged the electronic components,
batteries, and 14 g stick-on weights around the axis of
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rotation to form an asymmetrically weighted rotor. The motor
drives the rotor concentric to the outer shell via a hex-
coupler.

Each particle is Wi-Fi activated and can respond to com-
mands received through a cloud API. The particles’ speed
and direction of rotation can be set via API commands.
We used a Python script to execute the necessary API
calls for our experiments. This paper aims to demonstrate
motion from stochastic particle interactions; thus, we limited
ourselves to open-loop experiments.

Multiple vibrating particles must be placed inside an
appropriately sized flexible boundary or membrane to form
a vibrating particle robot. Our experiments used a 1/4-inch
pitch plastic chain as our membrane (see Fig. 2c). It is
worth noting that any lightweight and low-friction membrane
of appropriate size would work if it is not elastic or adds
significant damping. For example, our early tests successfully
used a paper loop as a membrane. The boundary length was
determined empirically, constraining the particles so they
collide frequently while still allowing for the robot to deform
in response to the environment.

B. Experiment Environment

The vibrating particles require a low-friction surface and
are sensitive to slopes. We used a 1/2-inch thick 825 mm
by 825 mm tempered glass plate as our experiment surface.
The glass plate was leveled using a 3-point leveling system
to avoid skewed results, and experiments were conducted in
all directions to verify the setup.

The obstacles used in the round obstacle experiment
shown in Fig. 1, and the rail obstacles shown in Fig. 5
were firmly mounted on the glass experiment surface using
double-sided tape. The round obstacles in the experiment are
12 cm and 20 cm in diameter, and the rails are both 48 cm
long, 25 mm by 25 mm cross-section aluminum extrusions.
The obstacles were designed to make contact with the outside
of the particle robot membrane, and not with the particles
inside it.

To ensure accurate measurement of the experiment data,
we placed an AprilTag in each corner of the experiment
surface as a scale reference [15]. When processing our
experiment data, we corrected the perspective of each video
frame so it squarely aligns with the experiment surface
and then tracked each particle’s position individually using
OpenCV'’s implementation of LukeZi€ et. al.’s Discriminative
Correlation Filter Tracker with Channel and Spatial Reliabil-
ity [16]. All results were computed based on the extracted
position information of each particle from our experiment
videos.

IIT. RESULTS

This section presents our findings from characterizing the
individual particles and assessing the performance of the
vibrating particle robot. First, we characterize the vibration
range of individual particles and highlight their limitations.
Second, in section III-B, we present the effect of varying the
number of particles comprising the robot on the resulting
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motion. Last, we assess the soft robotic behavior of the
vibrating particle robot while squeezing through a narrow
passage and moving around two circular obstacles.

A. Single Vibrating Particle Dynamics

Particle vibration is achieved by spinning an off-axis mass
i.e., the asymmetric rotor, within the particle body to produce
rotational vibration. The rotor must spin at a sufficiently high
frequency for the particle body to overcome friction and start
to move. If we simplify this dynamic behavior into a two-
dimensional model, we can consider the force produced by
the rotor as a centripetal force and assume the opposing force
to be frictional. Initially, this opposing force is the static
friction between the particle body and the surface. Therefore,
particle vibration only begins once the rotation frequency of
the rotor, w, satisfies (1), where m; and m, correspond to
the mass of the particle body (excluding the rotor) and the
rotor mass respectively, r represents the distance between the
rotor center of mass and the particle center, p is the static
friction coefficient and g is the gravitational constant.

W2 > s (my +m0) g
mer

(D

On the glass experiment surface, particles overcame static
friction and began to vibrate at approximately 3.5 Hz or
a pulse-width modulation (PWM) motor command of +50.
One Hertz corresponds to a rotation speed of one rotation per
second. Once static friction is overcome, particle vibration
can be observed.

To characterize the relationship between the motor com-
mand and single particle vibration frequency, we performed
a PWM sweep on 15 different particles in both directions.
For each particle, the PWM signal was set to 250, 200,
150, and 100 for 4 seconds each, then zero for 4 seconds
before repeating the process in the opposite direction with
inputs -250 to -100. The experiment was recorded using a
120 fps camera. We processed the video and tracked the
particle position in each frame. We excluded each speed
segment’s first and last second to avoid capturing data from
the acceleration and deceleration periods.

TABLE I
PARTICLE MOTION IN RESPONSE TO MOTOR INPUT

PWM Frequency (Hz) Amplitude (mm)
mag CCW cw CCW [6)i4
100 5.09+£0.12 | 5.11 £0.12 62.5+9.1 58.1 £ 8.6
150 5.63+£0.14 | 5.61+£0.10 63.9+6.0 62.8 7.9
200 5.88+0.13 | 5.88+0.12 67.0+ 3.6 65.7 £ 6.4
250 6.02+£0.15 | 6.00£0.17 | 64.3£11.9 | 64.9+6.2

Table I presents the motion of the particles for PWM
inputs 100, 150, 200, and 250 in both directions. The table
shows the observed frequencies and amplitude with their
corresponding standard deviation. When the motor input is
reduced, the particle frequency reliably decreases. There is
no statistically significant difference in the frequency and
amplitude of the particles when rotating clockwise (CW) or
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Fig. 3. Boxplot of vibration frequency given different PWM motor inputs

using fully charged batteries.

counterclockwise (CCW); thus, we can trust that there is no
directional bias in the design. Fig. 3 visualizes the nonlinear
relationship between the PWM input and the rotational
frequency.

In contrast, the vibration amplitude of the particle remains
relatively stable and independent of the motor input. The
vibration amplitude is a consequence of the rotor imbalance
and overall weight distribution, not a function of the vibration
frequency. The single-particle data shows a large variance
in the vibration amplitude. We attribute this variance to
the stochastic behavior of the particle primarily to drift, a
common observation during the single-particle experiments.

Particle drift may be due to variable friction caused by
slight imperfections on the base of the particle body and/or
the experiment surface, creating temporary forces that affect
the particle position. Additionally, the moment in the third
dimension might be a contributing factor due to the robot’s
non-planar center of mass. These effects become negligible
once the particles are part of a particle robot due to the much
greater effect of the frequent collisions on position.

Another potential source of variance in particle behavior
may be changes in the motor’s operating voltage. The par-
ticle’s batteries directly power the motor driver; therefore,
as the battery voltage drops, so does the motor speed. To
minimize this effect, the batteries were regularly replaced
and charged.

B. Locomotion of the Vibrating Particle Robot at Scale

The robot’s motion relies on the stochastic collisions be-
tween the particles, the boundary, and the environment. Vari-
ous configurations were tested and empirically considered to
achieve locomotion with the fabricated particles. We tested
high- and low-frequency combinations using 6 particles, with
frequencies similar to those studied in III-A (specifically with
motor PWM inputs of 0, 96, 128, 192, and 255, in both
directions). We observed that when low-energy particles were
vibrating, the particles would intermix, and the frequency
imbalance would not be maintained, resulting in random,
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undirected motion. Furthermore, when the high-frequency
particles vibrated at approximately 5.5 Hz or less, the robots
didn’t experience any meaningful motion. Therefore, we
chose to study the particle robot with high-energy particles
set to the maximum frequency of approximately 6 Hz and
the low-energy particles set to 0 Hz, maximizing the energy
gradient across the robot.

Within this framework, we explored the robot’s scalability
and stability by varying its particle count. We tested robots
with 4, 8, and 12 particles, vibrating the high-energy particles
at the maximum frequency of around 6 Hz. We selected
these robot sizes in order to maintain equal numbers of CW
and CCW particles. An imbalance, particularly with a small
number of particles, visibly biased the direction of motion
and caused the robot to move in a curved path rather than a
straight line due to the unbalanced torque. Fig. 4a displays
the tracked trajectories of 4-, 8-, and 12-particle robots side-
by-side over a 90-second period.

The experiments were conducted by setting the particle
frequencies to high or low such that the heading vector mag-
nitude was maximized and pointed in the desired direction
of motion. The high- and low-energy particles are not mixed
at the start. We varied the starting points and movement
directions to offset surface bias. We ran the experiments
until the robot reached the environment boundary, resulting
in experiment durations of around two to five minutes.

We considered the robot’s motion along its heading vector.
The particles’ stochastic behavior masks any directed robot
motion in the data over short intervals. Therefore, we ana-
lyzed the robot’s motion over 15-second segments sampled
every 5 seconds.

Fig. 4b and c are compiled from 50 15-second segments
for each configuration. The boxplot in Fig. 4b shows the
projected speed of the particle robots along the initial heading
vector for each time segment. The speed decreases with
the increasing number of particles, as does the variance. In
Fig. 4c we analyze the stability of directed motion of the
particle robot. The polar histograms plot the angular change
between the initial and final heading vector for each 15-
second segment.

We used a circular statistics approach to test whether the
direction of motion is deterministic and non-random. We
performed V tests with a zero mean alternate hypothesis
[17] where the zero mean signifies that the average motion
is along the initial heading vector. The tests returned a
consistent p-value of 0 for each configuration. While the
directionality is statistically significant in all three cases, the
circular histograms (Fig. 4c) show the directional variation
of particle robots decreases with an increasing number of
particles. Combined with the results of Fig. 4b, this shows
a clear trade-off: increasing the number of particles reduces
the locomotion speed but increases the directional stability
of motion.

C. Soft Robotic Behavior

To test our hypothesis that vibrating particle robots can
act as soft robots made from rigid parts, we designed two
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obstacle experiments that require the vibrating particle robot
to deform. First, we tested if the robot could squeeze through
a narrow passage. We designed an obstacle with a gradually
narrowing passage that required the robot to reshape to
overcome it. In addition, we included video footage of
the robot squeezing through a gap in a wall-like obstacle.
Second, we created an environment with two round obstacles
the robot would need to navigate to reach the other side. This
experiment demonstrates how the robot can deform around
obstacles—similar to a gelatinous blob.

1) Squeezing through narrow passage: We created a
narrow passage using two aluminum rails. We then placed
a vibrating particle robot comprising 8 particles (3 vibrating
clockwise, 3 vibrating counterclockwise, and 2 static ones)
facing the obstacle and turned it on. The vibrating particles
were spinning at 6 Hz, and the experiment was run open
loop. The narrowing requires the originally 24.5 cm wide
particle robot to squeeze through a gap that’s 16 cm wide—
35% smaller.

We found that the particle robot could deform sufficiently
to squeeze through the narrow passage and move past the
rails. The experiment is shown in Fig. 5. Notably, the robot

automatically assumes its wider original form as soon as it
clears the passage (compare frames t=85 s and t=122 s in
Fig. 5). This demonstrates that the vibrating particle robot
can act as a soft robot-reshaping itself in response to its
environment.

The vibrating particle robot doesn’t require a gradual
narrowing to deform. In our video, we included an addi-
tional narrow gap experiment that shows the robot squeezing
through a gap in a straight wall obstacle. The was conducted
using four high-energy particles (two CW, two CCW) and
four low-energy particles.

2) Adaptive motion around obstacles: We placed two
round obstacles on the experimental surface: one 12cm and
the other 20cm in diameter. The obstacles were placed such
that the vibrating particle robot would need to deform itself
to move through the passage between the two obstacles to
get to the other side. The experiment used an 8-particle robot
comprising 4 high-energy and 4 low-energy particles.

Fig. 1b depicts the robot’s path around these obstacles,
with gray arrows marking its heading vector and a purple line
tracing its center of mass history. The supplementary video
details two trials of this experiment. The first, corresponding
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Fig. 4. Vibrating particle robots at different scales (a) From left to right, the visualized trajectory of a 4, 8, and 12 particle robot after 90 seconds. The
particles glowing red vibrate at 6.0 Hz CW/CCW, while the particles in blue are not vibrating. (b) box and whisker plot of the projected speed along the
heading vector over 15-second segments versus the number of particles in the vibrating particle robot. (c) From left to right, the polar histogram of the
heading angle of 4, 8, and 12 vibrating particle robots over 15-second segments. The bin size is pi/18 radians, and the count scale (as indicated by the
radius) changes in each case to better visualize the trajectory distribution. The 12-particle robot typically deviated by +pi/18 radians from its trajectory,

while the 4- and 8- particle robots’ directionality was more varied.
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Fig. 5. Video frame sequence showing a vibrating particle robot made up of eight particles deform itself and squeeze through a narrow passage. The
status LED is blue when the particle is not vibrating, red when vibrating at 6.0 Hz CCW, and green when vibrating at 6.0 Hz CW. The frames shown
were selected to demonstrate the trajectory and deformation history of the robot and do not follow an even temporal spacing.

to Fig. 1b, features the robot pausing at 60-second intervals to  robot could be perceived as a rough mechanical approxima-
allow the operator to adjust vibration parameters and thereby  tion of a multinucleated giant cell: the flexible membrane
adjust the heading of the particle robot. This step proved mimicking the cell membrane and the particles acting as
unnecessary and was not implemented in the following cell nuclei[18], [19]. By implementing particle-to-particle
experiments since the particle robot moved through the gap communications and environmental sensors, the robot has
without additional intervention. The second showcases the 8-  the potential to be responsive and adaptive to its environ-
particle robot smoothly circumventing the round obstacles, ment, mimicking complex biological systems. The vibrating
squeezing itself through the gap without pausing. This shows particle robot provides a strong platform to study distributed
the vibrating particle robot’s adaptability to flow like a  and decentralized controls.

gelatinous blob, guided by the interaction with the obstacles. Finally, we believe designing, simulating, and studying
It demonstrates one way in which the system passively vibrating particle robots in three dimensions is the next big
responds to its environment. challenge in particle robotics. This will likely require new

forms of coupling between particles and multiple vibrating
robot cells, mimicking cell wall adhesion. We envision a
This work demonstrates the vibrating particle phenomena:  fyture where resilient and soft robots can be created at scale

the ability to combine stochastically vibrating, rigid com- by combining particle robotics research with micro-electrical
ponents to form a soft-bodied robot capable of complex  mechanical systems manufacturing advances.

behaviors. We detailed the particle design, analyzed its
performance, and provided an understanding of the design ACKNOWLEDGMENT
considerations. The particle robot size study demonstrated
the ability to scale the robot and produce more reliable
motion at the cost of speed. Lastly, we demonstrated the
particle robot’s compliant behavior and deformation while
moving between obstacles in the environment. REFERENCES
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