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Swarms can be used for targeted drug delivery and vascular

mapping
We want to use magnetic swarms instead of contrast agents
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Methodology

We modeled the Brownian motion of a particle suspended in fluid and
generated a probability map of its future locations

rpotion model \INithoutl contrclnl . ‘ 10 & 1q4 n"lotion ll'nodel \yith colntrol ur:n and t? the Iefl
Cell index represents where the
particle was observed in a 3x3
grid

=}
motion model with control to the left “E’ 6
: : . ‘ ‘ . : S

22222222

100 thousand recorded
positions of a particle ‘ ‘ positions of a particle
unc_lergo.lng Brownian 100 thousand recorded with external force up

motion with no external and to the left

1 million recorded

positions of a particle with

for
orce external force to the left
43 11 43 If no external force ;(1)3 10100 0 If the applied 530 0 1[]:):2 ?opﬂ)(leatlo
1O . 10 N pr_esent, (he 1 3 force is to the 9 9 left, the articlpe
= particle has a 5 |75 O | 'eft the particle =5l5081 O | witl P
101 10 | 10 h|gher tendency to 2 100 will never move 500|500 will almost neve
3 1 3 move Straight than 117 1 right move anyWhere
40 | 10 | 40 | giagonally 500009 O | "9 O0]0] 0| ese
Observation 1 Observation 2 Observation 3 Observation 4

* By observing the particle’s motion, we can update the
surrounding cells’ probabilities and shade them accordingly.

« Darker cells are more likely to be obstacles. Any cell that the
particle is observed in is treated as free and colored white (P = 0)

* As the swarm is steered, particles
discover unexplored cells known
as frontiers.

« All frontiers remain red until their
probability passes a minimum
uncertainty threshold, at which
point they become boundaries and  Teugh sontinued observation,
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The area is randomly filled As the particles move, cells Until the swarm has no more
with particles, which are then are classified as free or frontiers to explore
surrounded by frontiers occupied
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Results and Explanation of Elect_Particle and Closest_Frontier Algorithms

The Closest_Frontier and Elect_Particle both Elect_Particle finds the Slec_Paricle closestFronter
use breadth-first search (BFS) algorithm to find shortest path from a LY "l = b =
the shortest distance to a frontier. chosen particle to a n w .
frontier. 51
Breadth first search finds the quickest Closest Frontier finds

path between two nodes. For our
purposes, the robots and the frontier cells
represent the start and end nodes

the shortest path from all
particles to a frontier 4 moves required 2 moves required
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B Frontier The circled particle has become “trapped

B Unknown and has nowhere to explore. At this point,
B Particle the elected particle is randomly selected
from the remaining particles

The ElectParticle algorithm had a high tendency to fail at low
uncertainty thresholds, so the elected particle was switched when there
were no frontiers near the current elected particle

Elect_Particle

Elect Particle results — 500 trials
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