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ABSTRACT

Many problems in robotics reduce to pursuit and evasion. In this paper we model and compare
common pursuit strategies in a bounded arena with static obstacles. Using ROS2 and Gazebo, we
build a custom differential-drive robot and pit two pursuit controllers against an artificial potential
field (APF) evader. The first is a pure pursuit controller, and the second is a cooperative pursuit
algorithm that partitions the arena into Voronoi cells and falls back on pure pursuit. We vary the
number of pursuers from two to four and run ten trials at each count. We find that pursuer count
dominates the outcome. Two pursuers never caught the evader within the fifty-second cutoff, so
the evader won every trial, while three and four pursuers won almost every trial at a near-identical
average capture time of about fifteen seconds. Cooperative Voronoi pursuit therefore outperforms
its pure pursuit fallback only once there are enough pursuers to keep the arena partitioned.

I. INTRODUCTION

Pursuit and evasion as an open problem is well estab-
lished in traditional mathematical literature [1], however
it is becoming increasingly practical. As robots become
more and more useful and capable, modelling robotic
pursuit and evasion is an active field of research that
is ongoing. Pursuit algorithms are used to solve prob-
lems in the real world that involve efficiently intercepting
“evaders” such as autonomous search and rescue, missile
defense, obstacle avoidance in self-driving cars, as well
as many others. In this paper, we seek to answer the
question of what the most efficient method for pursuit of
an evader is. In order to simplify this question and fo-
cus on the underlying pursuit algorithms, we make some
critical assumptions in our work. The first of these is
that obstacles in the environment are static. In a real
pursuit scenario, obstacles such as people or vehicles are
constantly in motion, however we simplify this in order
to make the task of algorithm analysis easier. Addition-
ally, using our /manager topic, we publish ground-truth
poses of all robots for both pursuers and evaders to see.
Rather than relying upon simulated odometry or LiDAR
scans, our use of ground-truth pose takes out the un-
certainty that exists in many physical pursuit scenarios,
again allowing for easier comparison of algorithms.

The remainder of this paper consists of a short survey
of existing literature, and an overview of our simulation
environment and methods. We then move on to discuss
our results, before wrapping up with a conclusion.

II. BACKGROUND

ROS, specifically version 2, is the industry standard
software that serves as the basis for robots throughout
industry and research [2]. At its heart, ROS is a network
communication protocol, with different nodes communi-
cating over the network through messages called topics.
These topics allow the transmission of different kinds

of specialized data, including sensor readings as well as
motor control messages. Due to the prevalence of ROS
throughout robotics, as well as the fact that we learned
about this software in class, we used ROS as the basis for
our project. Additionally, ROS has a vast ecosystem of
open source plugins that can be used along with it. We
used Ignition Gazebo, one of these plugins, to simulate
the robotic pursuit and evasion outlined in this paper.
Gazebo is a 3D physics engine and robotic environment
that is capable of simulating realistic sensor data, such as
input from LiDAR [3]. This is crucial for our project, as
using real hardware for a multi-agent pursuit and evasion
simulation is not feasible currently given our constraints.

Pure pursuit is one of the most well-established al-
gorithms for modeling pursuit. It is a geometry-based
algorithm in which the pursuer constantly calculates a
look-ahead distance in order to predict where the target
point to head towards should be. This in turn allows the
pursuer to predict the location of the evader. The geo-
metric derivation and parameter tuning is outlined in [4].

To coordinate multiple pursuers, we layered a Voronoi-
based strategy on top of this, following [5]. At each
timestep we partition the arena into Voronoi cells, where
every cell holds the points closest to a given robot. Each
pursuer whose cell is adjacent to the evader’s cell then
drives toward the midpoint of the edge its cell shares with
the evader’s cell. Pursuers whose cells are not adjacent to
the evader utilize pure pursuit to attempt to get closer to
the evader. Because each pursuer owns a different shared
edge, they spread out and approach from different angles
on their own, with no communication between them. We
added a ring of mirror points just outside the circular
arena so that every cell stays bounded. At a high level,
the goal of this algorithm is to minimize the safe area of
the evader, that is to push inward the boundaries of the
evader’s Voronoi cell. The time derivative of the area of
this cell can be modeled with the equation
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where x. represents the position of the evader, A rep-
resents the area of a specific robot’s Voronoi cell, and

:c;) represents the position of pursuer i. The algorithm’s

job then becomes to minimize gﬁ i, for each pursuer

i, as outlined above. Intelrestlngly7 the authors of [5]
prove that in an enclosed environment, pursuers utiliz-
ing this Voronoi-based pursuit algorithm are mathemati-
cally guaranteed to eventually catch the evader. Together
these two pieces made up our pursuit controller.

Finally, the evader uses the Artificial Potential Field
(APF) algorithm, which treats path planning as a physics
problem with attractive and repulsive vector fields that,
when summed together, decide in which direction the
evader should move. Primarily, the evader experiences a
repulsive force away from the pursuers. This algorithm
is outlined in detail in [6].

III. METHODS & IMPLEMENTATION

First, we had to define a custom (and very simple)
differential-drive robot for the Gazebo environment to
use. We did this by writing a custom URDF file outlin-
ing the robot, which described all the important parts of
the robot, including the two free-moving wheels on either
side, the two caster wheels to keep the robot pitch stable,
as well as the simple LiDAR sensor mounted to the top of
the base frame (Fig. 1). To evaluate the performance of
pure pursuit as well as cooperative pursuit with Voronoi
partitions, we had to design a ROS2 package that would
allow us to successfully run the algorithms. The general
setup of the ROS2 environment is as follows. The most
important piece of the simulation is the Manager node,
which subscribes to each of the /robot/pose topics to
gather ground truth pose information for use by our eva-
sion and pursuit algorithms, and stores it in a data struc-
ture. This node then publishes this information to the
/sim_state topic, providing ground truth pose informa-
tion of all active robots for any node that subscribes to
this topic. Each robot that is spawned in has its own con-
troller node, which subscribes to the data published from
/sim_state. Using these ground truth position values,
each controller calculates a linear and angular velocity
according to either the pure pursuit or Voronoi partition-
ing algorithms, which it then uses to create and publish a
Twist message to the respective /robot/cmd_vel topic.
Each robot that is spawned in using the launch file gets
its own namespace, which is crucial for separating the
robot-specific topics. Additionally, we integrated a sim-
ple obstacle avoidance algorithm into both the pursuer
and evader robots. Each robot controller additionally
reads from the /robot/scan topic, and reads through
this distance data to locate nearby obstacles. In addition
to summing repulsive and attractive vectors from other
robots, both pursuers and evaders additionally sum a re-
pulsive vector away from any obstacle that the LiDAR
picks up, allowing the robots to successfully navigate ob-
stacles.

Each controller reduces to picking a target point and
steering toward it. The APF evader at position x. sums
a repulsive contribution from every pursuer p; and every
detected obstacle o;,

F. = Zk”H +Z

and drives along F¢, so the push from each source falls off
with the square of its distance. A pursuer running pure
pursuit aims at a lookahead point set a fixed distance Lg
ahead of the evader along its heading iL,
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g =Ty + Lg iL, (2)

and turns toward g with curvature

2y
= 792 Ww=KUv, (3)
Ly
where gy, is the lateral offset of g in the pursuer’s own
frame and v is its fixed forward speed. A pursuer running
the cooperative strategy instead steers toward the mid-
point of the Voronoi edge its cell shares with the evader’s
cell,

g=73(e1+e2), (4)

where e; and e, are the endpoints of that shared edge,
reverting to the pure pursuit target in Eq. (2) when no
cell borders the evader’s.

Our experiment sought to answer two questions, the
first of which concerned adversarial performance of var-
ious pursuit and evasion algorithms. We planned to im-
plement around 3 algorithms for each party, conduct
trials for each pair, and interpret both the best over-
all performances and the strongest winning and los-
ing matchups. However, for reasons that will be ad-
dressed in our challenges section, we were not able to
run the amount of tests necessary to have meaningful re-
sults. As such, we shifted our focus to our second, more
tightly scoped research question. Given an algorithm for
each robot, we wanted to analyze the effect of different
amounts of pursuers. To do this, we conducted numerous
trials for different configurations of pursuers. We simu-
lated trials for the two most efficient algorithms, Voronoi
pursuit and APF evasion, under various different pur-
suer amounts. We collected 10 trials for each number,
measuring the time for each and creating a comparison
of time to agent count. While this may originally have
been a secondary dimension to our primary research de-
signed to showcase the differing coordination efficiency
of various pursuit algorithms, we came across interesting
results regardless.

To conduct these trials, we needed a way to manage
the entire state of the world. On top of publishing state,
the Manager node also runs the logic that ends a trial and
automates our data collection. At every update it reads
the ground-truth poses off /sim_state and computes the



FIG. 1.
project.

The custom differential-drive robot used for this

distance between the evader and each pursuer, declaring
a pursuer win the moment any of those distances drops
below our capture radius of 0.9 meters. If no pursuer
catches the evader within 50 seconds, the trial is scored
as an evader win instead. Because the Manager already
owns every pose, it can detect a capture and log how
long it took before resetting all of the robots to a new
randomized starting configuration for the next run, with
no manual intervention between trials. This is what let us
batch many trials back to back for a given pursuer count,
and it is how we gathered the 10 trials each for the 2, 3,
and 4 pursuer cases reported in our results. Holding the
update loop at a fixed rate also kept every controller’s
pursuit and evasion calculations in sync, so the initial
placement of the robots was effectively the only variable
that changed from one trial to the next.

IV. RESULTS

We ran ten trials per pursuer count with the Voronoi
strategy, scoring a pursuer win only when a pursuer
reached the evader within the 50 second cutoff and
an evader win otherwise (Fig. 3). Pursuer count was
the dominant factor, and the result changed abruptly
between two and three pursuers rather than changing
smoothly with the count. With two pursuers the pur-
suers never closed within the cutoff in any of the ten tri-
als, so the evader won every time; even when the two pur-
suers did eventually corner the evader it took far longer
than the limit, averaging about 188 seconds. With three
pursuers the outcome reversed, with the pursuers win-
ning nine of ten trials and losing only the single run that
dragged past the cutoff. With four pursuers the pursuers
won all ten.

What stands out is that adding a fourth pursuer barely
changed how fast a successful capture happened. Among
captures inside the 50 second window, three pursuers av-
eraged 16.0 seconds and four pursuers averaged 15.1 sec-

FIG. 2. The Gazebo simulation environment used for all tri-
als. The arena has rounded walls and a small number of
static obstacles that both pursuers and evaders must navi-
gate around.

onds, essentially identical, with both well under the cut-
off. The decisive change was moving from two pursuers to
three, which flipped the result from a guaranteed evader
win to a near-guaranteed pursuer win. We attribute the
two pursuer failure to the Voronoi cooperation collapsing
into its pure pursuit fallback, since with only two cells the
pursuers projected the same lookahead point along the
evader’s heading, bunched up, and chased from a single
direction, which let the evader keep peeling away and
stretch the chase past the cutoff.

V. CHALLENGES

The hardest challenge we encountered was designing
a competent evader. We used a rather naive artificial
potential field, where the evader just moves opposite the
summed repulsion from the pursuers. This resulted in
the evader oscillating in place when the forces roughly
cancelled each other out.

It also took us a long time to get the Voronoi pursuit to
work. It was quite difficult to implement the algorithm
despite its seemingly simple nature as described by the
paper. At first glance, computing each agent’s cell and
finding its shared edge with the evader’s cell in real time,
then steering toward that edge’s midpoint seemed easy,
but it proved to be considerably more involved as we
moved toward implementation. We encountered a variety
of bugs that caused the pursuers to act strangely and
unexpectedly, freezing into place or locking onto wrong
target points at times for reasons that initially seemed
unclear.
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FIG. 3. Visualized capture times with 2, 3, and 4 pursuers using Voronoi cooperative pursuit.

We also struggled with designing an appropriate
Gazebo environment for the robots. Initially, we had a
rectangular environment with sharp corners, which ended
up allowing the pursuer to corner the evader almost in-
stantaneously every single trial no matter the setup of
the initial variables. As a result, we redesigned the arena
with rounded corners and more open space (Fig. 2), so
the evader could not get pinned against a hard angle and
always had somewhere to keep moving. This made the
outcome depend on the pursuers’ strategy and number
rather than the shape of the walls, which is what finally
let the differences between pure pursuit and Voronoi pur-

suit actually show up in our results.

VI. CONCLUSION

We built a hide-and-seek simulation in Gazebo where
2 to 4 differential drive pursuers try to capture a sin-
gle evader inside a bounded, circular area.
pared two pursuer strategies, pure pursuit and cooper-
ative Voronoi partition pursuit against an artificial po-
tential field evader, and measured time to capture across
We found that both cooperation and
numbers heavily influence the outcomes. Voronoi pursuit

pursuer counts.

We com-

counter-strategy when encircled.

Given more time, we believe future work could in-
corporate a smarter, less reactive evader since most of
the pursuer wins came from the evader drifting into a
corner rather than the pursuers truly outplaying them.
On the pursuer side we would add explicit coordination,
such as assigning a flanker or blocker role.
also make the Voronoi pursuit obstacle-aware so pursuers
route around walls instead of driving into them. Lastly,
having the pursuers localize the evaders through LiDAR
data rather than refer to ground-truth poses would make
the problem much harder and much more realistic, akin
to a real pursuit setting.
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