
Multi-Robot Path Planning for
Persistent Monitoring in Stochastic and

Adversarial Environments

by

Ahmad Bilal Asghar

A thesis
presented to the University of Waterloo

in fulfillment of the
thesis requirement for the degree of

Doctor of Philosophy
in

Electrical and Computer Engineering

Waterloo, Ontario, Canada, 2020

c© Ahmad Bilal Asghar 2020



Examining Committee Membership

The following served on the Examining Committee for this thesis. The decision of the
Examining Committee is by majority vote.

External Examiner: Dylan A. Shell
Associate Professor, Dept. of Computer Science and Engineering,
Texas A&M University

Supervisor: Stephen L. Smith
Associate Professor, Dept. of Electrical and Computer Engineering,
University of Waterloo

Internal Member: Daniel Miller
Professor, Dept. of Electrical and Computer Engineering,
University of Waterloo

Internal Member: John W. Simpson-Porco
Assistant Professor, Dept. of Electrical and Computer Engineering,
University of Waterloo

Internal-External Member: Jun Liu
Associate Professor, Dept. of Applied Mathematics,
University of Waterloo

ii



I hereby declare that I am the sole author of this thesis. This is a true copy of the thesis,
including any required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

iii



Abstract

In this thesis, we study multi-robot path planning problems for persistent monitoring
tasks. The goal of such persistent monitoring tasks is to deploy a team of cooperating
mobile robots in an environment to continually observe locations of interest in the envi-
ronment. Robots patrol the environment in order to detect events arriving at the locations
of the environment. The events stay at those locations for a certain amount of time before
leaving and can only be detected if one of the robots visits the location of an event while
the event is there.

In order to detect all possible events arriving at a vertex, the maximum time spent by
the robots between visits to that vertex should be less than the duration of the events ar-
riving at that vertex. We consider the problem of finding the minimum number of robots to
satisfy these revisit time constraints, also called latency constraints. The decision version
of this problem is PSPACE-complete. We provide an O(log �) approximation algorithm for
this problem where � is the ratio of the maximum and minimum latency constraints. We
also present heuristic algorithms to solve the problem and show through simulations that
a proposed orienteering-based heuristic algorithm gives better solutions than the approx-
imation algorithm. We additionally provide an algorithm for the problem of minimizing
the maximum weighted latency given a fixed number of robots.

In case the event stay durations are not fixed but are drawn from a known distribution,
we consider the problem of maximizing the expected number of detected events. We
motivate randomized patrolling paths for such scenarios and use Markov chains to represent
those random patrolling paths. We characterize the expected number of detected events as
a function of the Markov chains used for patrolling and show that the objective function
is submodular for randomly arriving events. We propose an approximation algorithm for
the case where the event durations for all the vertices is a constant. We also propose a
centralized and an online distributed algorithm to find the random patrolling policies for
the robots. We also consider the case where the events are adversarial and can choose
where and when to appear in order to maximize their chances of remaining undetected.

The last problem we study in this thesis considers events triggered by a learning adver-
sary. The adversary has a limited time to observe the patrolling policy before it decides
when and where events should appear. We study the single robot version of this problem
and model this problem as a multi-stage two player game. The adversary observes the
patroller’s actions for a finite amount of time to learn the patroller’s strategy and then
either chooses a location for the event to appear or reneges based on its confidence in the
learned strategy. We characterize the expected payoffs for the players and propose a search
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algorithm to find a patrolling policy in such scenarios. We illustrate the trade off between
hard to learn and hard to attack strategies through simulations.
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Chapter 1

Introduction

Due to the rapid development in the �eld of mobile robotics, teams of robots can now
perform long term monitoring tasks. Examples of such tasks include infrastructure inspec-
tion [20] to detect presence of anomalies or failures; patrolling for surveillance [12, 10] to
detect threats in the environment; 3D reconstruction of scenes [84, 13] in changing en-
vironments; informative path planning [21] for observing dynamic properties of an area;
and forest �re monitoring [66]. The goal of the monitoring tasks is to deploy a team of
cooperating mobile agents or robots in the dynamically changing environment to contin-
ually observe locations of interest in the environment. With limited amount of resources,
stationary agents cannot persistently monitor all the regions of interest in a large environ-
ment, and therefore a team of mobile robots must patrol the environment to gather the
information. As the environment keeps evolving in persistent monitoring scenarios, the
locations in the environment need to be visited repeatedly by the team of robots. The
planning problem is to �nd actions for the team of robots such that the information gained
from the environment is maximized, or the staleness of the information is minimized. In
this thesis, we focus on �nding patrolling paths for a team of robots in order to solve
persistent monitoring problems. Since we consider high-level path planning problems, we
do not discuss the dynamics and controls of the robots, and assume that the controllers for
actions such as collision avoidance are implemented on the robots, so that they can follow
a path or strategy returned by the algorithms presented in this work.

We represent the environment to be monitored as a graph where the vertices of the
graph represent the locations of importance in the environment and the edge weights give
the travel times between the vertices. The robots travel along these edges to monitor the
environment and to gather information from the locations of the environment. Di�erent
monitoring scenarios and applications result in di�erent variations of the persistent moni-
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Figure 1.1: Example of persistently monitoring an urban environment. The �gure on left
shows an example of a UAV visiting locations to monitor regions in an urban environment.
The �gure on right shows the simulated patrolling paths for multiple aerial robots visiting
areas in the environment to maximize the information gathered. The size of a vertex
represents the value of information at that vertex.

toring problem. The scenarios and applications that result in the variations studied in this
thesis are discussed below.

If the purpose is to minimize the maximum staleness of information, then the problem is
to �nd patrolling paths for the robots to minimize the maximum time spent away from any
location. A simple single robot instance of this problem is where all the vertices are equally
important. The optimal strategy for this case is for the robot to follow the solution of the
Travelling Salesman Problem (TSP) [56] on the given graph as shown in [24]. The single
robot problem becomes more challenging when the importance of information gathered
from di�erent vertices varies [6]. The multi-robot problem to minimize the maximum
staleness of information is one of the problems studied in this thesis.

In security and surveillance oriented scenarios [2, 4, 80, 57], one of the requirements
can be that the team of robots should not stay away from any of the locations more than
a speci�ed amount of time. We refer to this time constraint as latency constraint for
a location. Such latency constraints can also be used in environmental monitoring and
sampling scenarios [79, 33, 83], where the frequency of sampling or the rate of change of
the properties of environment can dictate the latency constraints. The problem of �nding a
set of paths for a team of robots that can continually visit the locations of the environment
while satisfying the latency constraints is also considered in this thesis.

The problem of �nding paths to satisfy latency constraints can also be used in applica-
tions where events arrive at locations of the environment and need to be detected within a
speci�ed time after their arrival. Such applications may include forest �re monitoring [18]
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