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Abstract.
Robots are excellent candidates for the dull, dirty, and dangerous jobs we do not want

humans to perform. Today, these include inspection of large areas or structures, post-
disaster assessment, and surveillance. Assessing the aftermath of the recent Fern Hollow
bridge collapse in Pittsburgh is one such example. Many such real-world inspection or
surveillance tasks can be cast as robot coverage problems. Coverage path planning (CPP)
is the problem of determining a collision-free path for a robot that observes all reachable
points of interest in an environment. A variant of this problem is persistent coverage,
wherein coverage levels decay over time and the robot must ensure to persistently observe
all points of interest over time. Further, systems performing such tasks can be extended to
have actively controllable sensors or multiple robots. This thesis proposes novel motion
planning methods for robots performing such tasks. Planning via graph search on state
lattices has the advantages of resolution completeness and bounded suboptimality, and
this is the overarching approach to motion planning we use in this thesis.

We first look at a system of multiple unmanned aerial vehicles (UAVs) with fixed,
downward-facing cameras persistently covering a large environment. This requires stitch-
ing together solutions to subproblems such as goal assignment, multi-agent planning, and
handling kinematic and dynamic constraints of the robots. We demonstrate the effective-
ness of our method on real-world field tests. Next, we look at the case of having an actively
controllable onboard sensor and zoom into the problem of a single UAV actively sensing its
environment while navigating towards a goal. We develop two novel search-based plan-
ners for simultaneous robot and sensor trajectory generation. The first decouples robot
and sensor planning to compute solutions quickly, and the second (optionally) iteratively
refines this solution in the joint robot and sensor search space.

We then look at the standard CPP problem, where most popular approaches are de-
composition based and require extensive pre-processing of the environment. These meth-
ods come with strong properties of completeness and optimality with respect to the corre-
sponding objective. Decomposition-free methods are few, simpler, but heuristic or random
and offer weak performance guarantees. We bridge this methodological gap with a novel,
online, decomposition-free coverage path planner that provides completeness guarantees
with minimal environment processing. Our planner leverages precomputed coverage be-
haviors and automatically determines where to execute them online. And finally, we tackle
an important limitation of this plannerthat it exhaustively evaluates all coverage behaviors
online, which is prohibitively expensive with large numbers of behaviors or higher-fidelity
sensor models such as ray casting. We propose a method that uses supervised learning to
predict how useful a behavior will be in a given local environment, and use this to reduce
the online computational burden on the planner.
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Ch. 1 – Introduction and Background

1.1 Robots for Sensing

Robots are excellent candidates to perform the dull, dirty, and dangerous tasks that we
do not want humans to perform. Today, these include tasks such as cave exploration [90],
inspection of complex structures [27], and scientific data sample collection in extreme en-
vironments1. Much of this involves a robot navigating while avoiding collisions, but this
navigation is also deliberative—the robot must plan its actions in order to actively sense
its environment. This concept has been studied in various flavors, and is perhaps most
well-known in the robotics and computer vision communities through Bajcsy’s pioneering
work on active perception [10]. In this thesis, we look at three forms of robotic sensing:

1. Coverage path planning with fixed sensors: Coverage path planning is the problem
of determining a collision free path for a robot, that observes within some sensor
footprint all reachable points of interest in an environment.

2. Persistent coverage with fixed sensors: Persistent coverage is a variant of standard
coverage where the robot must continuously maintain a desired visitation frequency
over points of interest in an environment.

3. Planning for active sensing with an actuated sensor: Sensor planning involves con-
trolling the degrees of freedom of a sensor system to achieve a certain operational
objective. In this thesis, we look at this within the context of a robot with an actively
controllable onboard sensor.

1.2 Scope and contributions

This thesis focuses on the process of planning feasible paths for single or multiple
robots over short time horizons (e.g. seconds with a focus on sensing tasks arising from
sensor-based standard and persistent coverage path planning. We focus on planning meth-
ods, namely yielding kinematically and dynamically feasible paths for robots in a hierar-
chical navigation system, assuming these paths are fed to a lowel level controller for execu-
tion. While a subset of the approaches in this thesis are demonstrated on unmanned aerial
vehicles (UAVs), they are general and can be applied to any robotic navigation problem
given the kinematic and dynamic constraints of the robot. Coverage is generally defined
as computing paths to observe all points of interest in a known environment [37]. In all the
works in this thesis, we assume that we are given a binary occupancy grid representation

1https://www.nasa.gov/press-release/nasa-s-perseverance-rover-collects-first-mars-rock-sample
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Ch. 1 – Introduction and Background

of the environment. The research challenges arise from the computational complexity of
computing search-based plans for high-dimensional robotic systems.

The contributions of this thesis are as follows:

1. Planning for Persistent, Multi-UAV Coverage: Chapter 2 proposes a planning
framework that enables multiple kinodynamically constrained UAVs with fixed,
downward-facing sensors (cameras) to persistently cover a large environment. We
solve the goal assignment problem, i.e., computing goal locations for each UAV, the
multi-agent planning problem gien these goal locations, and a kinodynamic path
planning problem per UAV. Most importantly, we detail how to stitch together these
solutions in a systematic manner that maintains global deconfliction between UAVs.
This system provides a foundation for the subsequent contributions in this thesis.

2. Planning for Active Sensing in Goal-Directed Coverage Tasks: In Chapter 3, we
look at the single-agent planning problem wherein the UAVs from the previous work
are modified to have a forward-facing camera with a single controllable degree of
freedom (the camera’s yaw angle). The addition of this degree of freedom along
with constraints on the angular speed of the camera lead to the problem of comput-
ing simultaneous robot and sensor trajectories for efficient coverage. We propose two
search-based approaches to compute such trajectories. The first one decouples solv-
ing for the robot and sensor trajectories, giving us fast but suboptimal solutions. The
second method iteratively refines the solution obtained from the first by searching
for better solutions in the joint search space of robot and sensor trajectories.

3. Complete, Decomposition-Free Coverage Path Planning: In Chapter 4, we look at
the standard coverage path planning problem (again with a fixed, downward-facing
sensor) and propose a new coverage path planner that balances complexity of the
solution and the strength of properties it yields, filling an important gap in coverage
path planning literature. The approach presented can be related to the work in Chap-
ter 3 by thinking of it as a way to combine the goal assignment and path planning
steps for a single robot into one search routine. The search has access to precomputed
space-filling coverage behaviors that we know from experience to be effective, and
automatically determines where to apply them online. By repeatedly invoking this
search routine and executing plans, we can guarantee complete coverage without re-
quiring any geometric environmental decomposition like several popoular coverage
path planners do.

4. Speeding Up Decomposition-Free Coverage by Learning Behavior Footprints: In
Chapter 5, we address a significant limitation of the approach proposed in Chapter
4: it requires exhaustive searches that forward-simulate the aformentioned space-
filling coverage behaviors. The more realistic the sensor model we use for the robot

4



Ch. 1 – Introduction and Background

gets, the more expensive it is to forward-simulate such behaviors online, making the
search prohibitively slow. We look at how we can adapt this approach when we
use a ray-casting sensor model in particular. We propose learning to predict behav-
ior footprints that these coverage behaviors will produce, so that foward-simulating
them online is a fast call to a neural network model. We present preliminary results,
limitations, and ideas for future work on this approach.

1.3 Background: Search-based Planning

At a fundamental level, all our approaches are extensions of running A* search [42] on
a graph. Let a graph G = (V, E), a start node sstart, and a goal node sgoal together represent
a motion planning problem. The vertices or nodes V represent robot configurations, and
edges E represent actions the robot can take to transition from the configurations connected
by the edge. Briefly, A* search begins with sstart and selects the next best state, sbest, using
the known cost from sstart to sbest, plus an estimated cost from sbest to sgoal known as the
heuristic estimate of the “cost to go”. Dijkstra’s search [25] can be thought of as A* search
with a zero heuristic. We present pseudocode for A* search in Alg. 1.

Algorithm 1 A* search
Input: sstart, sgoal
Output: π

1: procedure A*
2: g(sstart)← 0
3: OPEN← OPEN ∪ {sstart, g(sstart)}
4: while OPEN not empty do
5: x ← OPEN.MIN()
6: SUCCS← ∅ // List of successor nodes
7: COSTS← ∅ // List of corresponding edge costs
8: if x == sgoal then
9: π ← Backtrack from Gimaginary to sstart

10: return π // Path found
11: else
12: EXPAND (x, SUCCS, COSTS) // Expands x and populates SUCCS, COSTS

13: for successor s′ ∈ SUCCS and cost c ∈ COSTS do
14: if g(s′) > g(s) + c then
15: g(s′)← g(s) + c
16: bp(s′)← s
17: OPEN← OPEN ∪ {s′, g(s)}
18: return π

5
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Ch. 2 – Persistent, Multi-UAV Coverage

2.1 Introduction

Traditional robot-coverage is the problem of determining a collision-free path for a
robot that covers all points of interest in an environment [37]. Persistent coverage seeks
to continuously maintain a desired coverage-level over an environment [31, 62, 85]. In our
case, coverage-levels degrade over time, thereby increasing the urgency with which points
must be revisited. For example, consider a floor-cleaning robot—once a part of the floor
is cleaned, more dust will eventually collect over it and thereby decrease its coverage-
level. There has been a rise in the use of robots to perform tasks cast as persistent-coverage
problems, such as environmental monitoring, exploration, inspection, post-disaster assess-
ment, monitoring traffic congestion over a city, etc. [65, 85, 87, 91].

In general, coverage path-planning is closely related to the intractable covering-salesman
problem, where an agent must visit neighborhoods of multiple cities while minimizing
travel-distance [5]. Extending this to multiple robots requires collision avoidance (with
both static and dynamic obstacles), which becomes computationally expensive as the num-
ber of robots increase. For persistent coverage, additional algorithmic challenges emerge
since robots need to continuously revisit parts of the environment to maintain coverage-
levels. For a single robot tasked with persistent coverage, there are broadly two decisions
to be made:

Q1 Where should the robot go next?
Q2 How should it get there?

We refer to Q1 and Q2 as goal assignment and goal planning respectively. Additional ques-
tions arise when dealing with multiple robots:

Q3 How do we plan for multiple robots?
Q4 How do we avoid inter-robot collisions?

Assuming a centralized planner, we address Q3 by sequential, decoupled planning in-
stead of planning in the joint state-space of all robots for tractability. Specifically, we use
prioritized planning [28].

We use the notion of committed plans to tie our answers to these questions together.
These are defined as parts of plans that robots commit to execute, in contrast to the rest
of their plans which may be modified after reassessing the environment. We maintain
the invariant of global deconfliction—no new committed plan intersects any other existing
committed plan in space or time, thereby answering Q4.

8
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Figure 2.1: (a) The System Manager (SM) communicates with all UAVs; it sends up-to-date copies
of committed plans to corresponding UAVs and updates them using information received from the
Prioritized Planner (PP) (b) Prioritized planning framework: For each UAV, the Goal Assigner (GA)
selects the next goal using the up-to-date map from the PP and the Goal Planner (GP) then plans a
feasible path to this goal, which is appended to its committed plan

In this chapter, we present a planning framework to address all the above questions.
A block diagram of the complete framework is presented in Fig. 2.1. To the best of our
knowledge, this work is the first to answer all of these questions in unison for real-world,
persistent coverage with multiple robots. For our application, these robots are Unmanned
Aerial Vehicles (UAVs). The System Manager (SM, Sec. 2.4.1) is our communication interface
between the centralized planner and individual UAVs. It is responsible for back-and-forth
communication of up-to-date information between the two. The Prioritized Planner (PP,
Sec. 2.4.2) is responsible for answering Q3. Thereafter, the Goal Assigner (GA, Sec. 2.4.3)
answers Q1 and specifies the location the next UAV should fly to. This is fed to the Goal
Planner (GP, Sec. 2.4.4), which plans a kinodynamically feasible path for the UAV to the
goal, answering Q2. Part of this plan is appended to the existing committed plan of the
UAV. The PP, which operates continuously in a loop, then begins the next planning cycle,
answering Q3 again.

We only append a part of computed plans to committed plans of UAVs (further de-
tailed in Sec. 2.4). This is done so that we maintain committed plans of a pre-specified
maximum duration (denoted by tmax)1. There is a trade-off involved in making tmax too
short or too long. Sec. 2.4 provides more insight into how and why this arises. We rely
on globally deconflicting paths for UAVs since other, more local collision-checking mech-
anisms have a higher risk of causing deadlocks2. Some other approaches utilise conflict

1This duration depends on the type and capability of the robots, the number of robots, and the coverage
map.

2Two or more robots are in a deadlock if they are not in collision, but executing any valid action for any one

9



Ch. 2 – Persistent, Multi-UAV Coverage

detection and resolution systems to repair conflicting paths [12]. Our approach solves for
deconflicting paths by construction and maintains the invariant of global deconfliction.

In Sec. 2.2, we contextualize our work among the Orienteering Problem (OP) [98] and
the Vehicle Routing Problem (VRP) [94], coverage path-planning [37], and frontier-based
exploration [101]. Sec. 2.3 formalizes the persistent-coverage problem we aim to solve and
introduces the notion of priorities over coverage zones. Sec. 2.4 provides details about
our planning framework and each of its constituent parts. In Sec. 2.5, we present results
of the performance of our framework in both simulated and real-world environments.
Finally, Sec. 2.6 discusses the consequences of some design-related decisions and proposed
extensions.

2.2 Related Work

A majority of existing literature casts the persistent coverage problem as an instanti-
ation of the OP or the VRP. An OP seeks to determine a path for an agent limited by a
time- or distance-budget that visits a subset of all surveillance sites in an environment and
maximizes the sum of associated scores collected. An extension of this to multiple agents
is known as the Team Orienteering Problem (TOP) [98]. There are a number of works
that apply solutions of the OP to surveillance with aerial vehicles over a small number
of surveillance sites [50]. The formulation by Leahy et al. comes closest to our work be-
cause of its capability of assigning time windows to each coverage-zone as temporal logic
constraints [56].

Given a number of agents at a depot and distances among all surveillance sites and the
depot, the VRP seeks to find a minimum-distance tour for each agent such that it visits
each site at least once. Michael et al. address persistent surveillance with aerial vehicles as
a VRP with modifications to model continuous site visits [40, 88].

The OP and VRP are both variants of the Traveling Salesman Problem (TSP) and thus
NP-hard. Moreover, in our case, formulating the problem as a TOP or VRP is not enough
since our problem also has an element of 2D coverage. One could consider every discrete
part of the environment as a surveillance site in a TOP or VRP to enable 2D coverage,
but this is impractical due to increasing computational complexity with the number of
surveillance sites.

Smith et al. tackle a very similar problem by assuming pre-planned paths, decoupling
path-planning and speed-control for deconfliction [86]. Planning paths for 2D coverage
has been extensively studied in robotics [37]. Typical solutions to static coverage involve
environmental partitioning via Voroni tessellations and feedback control laws with local

of the robots would cause them to collide with another. Hence, they remain stationary.
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collision-avoidance schemes [82]. Environmental partitioning is also a recurring strategy
for dynamic and persistent coverage [49]. However, such partitioning restricts individual
robots to specific parts of the environment.

For real-world settings, robot path-planners must adhere to kinodynamic motion-
constraints. Thakur et al. solve the TOP and path-planning simultaneously to gener-
ate 3D (x, y, θ) space-parametrized trajectories, but without temporal deconfliction [92].
Many also formulate planning for persistent surveillance as a mixed-integer linear pro-
gram (MILP) [13]. However, such MILP formulations introduce limitations that are typi-
cally managed by planning for constant-speed paths [2].

A vital part of our framework is to ensure UAVs fly to appropriate goals, so that they
simultaneously cover different parts of the environment. We adapt frontier-based explo-
ration to assign such goals to UAVs. Yamauchi et al. first proposed this for single and mul-
tiple robots based on an occupancy-grid representation of the environment [101]. Many ex-
tensions have been proposed since then, which combine the information gain or expected
benefit of the goal and the distance to it, also called next-best-view approaches [3]. Zhu
et al. also apply this to exploration and coverage with micro aerial vehicles (MAVs) [103].
We use frontier-based exploration to trade off between cell-proximity and cell-criticality
(defined formally in Sec. 2.3). To be able to do this online, we use a search-based approach
similar to Butzke et al. [20].

2.3 Problem Formulation

Our problem definition is characterized by a mission-map M, and a set of N UAVs
{U1, . . . , UN}, tasked with covering the area represented by M. Each UAV Uk is a kino-
dynamically constrained system, with an associated coverage- or sensor-radius rk. Let the
cell at row i and column j ofM be ci,j. A UAV Uk is at cell ci,j if the projection of its refer-
ence point onto the x, y plane (denoted by Uloc

k ) lies in cell ci,j. A cell is said to be covered
by a UAV flying over it if any point on the cell is at at most an rk distance from Uloc

k . This
effectively assumes a circular sensor-footprint of radius rk centered around Uloc

k . Each cell
ci,j is associated with two temporal properties—its lifetime `(ci,j) and its age a(ci,j). The age
of a cell is the time passed since the cell was last covered by a UAV, while its lifetime is a
desired bound on its age (as shown in Fig. 2.2).

There are two types of cells in our problem specification: (i) standard cells (that UAVs
need to cover), and (ii) obstacle cells (that UAVs cannot fly over). Based on this, we define
the following maps:

1. Priority Map,MP =
{

ci,j : ci,j is a standard cell∧ `(ci,j) < ∞
}

. In other words,MP

is the set of all standard cells that a UAV will need to cover in finite time since the
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High Priority

Medium Priority

Low Priority

No Coverage Zone

No Fly Zone

5 5 5 5
5 5 5 5
5 5 5 5
5 5 5 5

10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10
10 10 1010 10

5
5
5
5

5 5 5 5 5
15 15 15 15 15
15 15 15 15 15
15 15 15 15 15
15 15 15 15 15
15 15 15 15 15

(values in minutes)

Figure 2.2: An example of a mission-mapM, where each cell is colored according to its lifetime.
For example, a green cell with a lifetime of 15 minutes implies that no more than 15 minutes should
pass between two consecutive times a UAV covers it.

start of the mission.
2. No-coverage Map, MNC =

{
ci,j : ci,j is a standard cell∧ `(ci,j) = ∞

}
. In other

words, MNC is the set of all standard cells in the mission-map that a UAV can fly
over, but does not need to cover.

3. Obstacle Map,MO =
{

ci,j : ci,j is an obstacle cell
}

.

The mission-map can then be defined asM =MP ∪MNC ∪MO. Fig. 2.2 contains an
example of a mission-map with three different priority-levels. Given a mission-map and
a set of UAVs, our problem is to compute UAV-plans such that the following properties
hold:

P1 Feasibility—the motion of each UAV adheres to its kinodynamic constraints.
P2 Deconfliction—no two UAVs collide. In our specific setting, all UAVs are constrained

to fly at the same altitude, so we say that two UAVs Up and Uq collide if they come
within some predefined distance dmin of each other.

P3 Persistence—the age of each cell is smaller or equal to its lifetime.
P4 Flexibility—UAVs can be dynamically added or removed to the system.

P1 and P2 are hard constraints that must always be satisfied. P3 depends on the mission
specification—the number of UAVs deployed, their capabilities (speed, sensor radii etc.)
and the mission-map (size and lifetime of each cell). Our framework supports P4 without
affecting P1 and P2, however it will affect (help or hinder) our ability to satisfy P3.

2.4 Approach

Our approach, depicted in Fig. 2.1, consists of a System Manager (SM) which serves as an
interface between the centralized planning framework and individual UAVs. It maintains
the priority map MP by updating locations of individual UAVs3. Every planning cycle,

3Our framework also allows for static obstacles and no-coverage zones to change during a mission, but this
is beyond the scope of this thesis.
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the SM passes the three maps to the Prioritized Planner (PP). The PP then iterates over all
the UAVs in a round-robin fashion. For each UAV Uk, it generates a local copy of MP

k

that accounts for the committed plans of the other UAVs. This priority mapMP
k is used

by the Goal Assigner (GA) to assign a goal (in terms of x, y location) for the UAV Uk. A
kinodynamically feasible path to reach this goal is then computed for Uk using the Goal
Planner (GP).

A key notion used within our framework is that of committed plans, which are collision-
free plans each UAV is committed to execute. While the GP might compute plans of long
durations (if the goal is far away or plan execution requires long, feasible maneuvers), only
a portion of this plan will be added to the committed plan, such that it is at most tmax long
in time. The value of tmax must be decided based on the mission since the following effects
introduce a trade-off:

1. Effects of a high value for tmax:

• The longer the committed plans are, the less reactive UAVs are to any map updates
including updates by an operator.
• The path computed by the GP might take Uk through areas coinciding with parts

of the committed plans of Uj 6=k before Uj 6=k covers them. This results in redundant
coverage. The chances of this happening increase as tmax increases.

2. Effects of a low value for tmax:

• The shorter the committed plan, the lesser the chance of deviating from it during ex-
ecution due to imperfect controllers. However, this increases the chances of UAV Uk

executing the committed plan before the next planning cycle ends, leaving the UAV’s
controller with no plan to execute. We handle this by ensuring that the UAV can
execute a stopping-maneuver in this situation, but repeated execution of stopping-
maneuvers is undesirable.
• Having short committed plans increases the frequency of goal assignment for a UAV.

This causes two adverse effects: (i) A UAV may be assigned a new goal that is differ-
ent from its previous one, which would cause it to abandon trying to reach the pre-
vious goal. (ii) Even if the same goal is assigned, it might lead to “plan thrashing”.
A UAV’s complex dynamics may restrict short plans from letting it make significant
progress towards a goal if complicated maneuvers are required.

2.4.1 System Manager

The System Manager (SM) is the communication interface between the centralized
planner and the individual UAVs, shown in Fig. 2.1 (left): The SM sends the mission-map
M to the PP, and it receives the updated committed plans from the PP and sends them out
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(a) (b) (c) (d) (e)

Figure 2.3: Two successive executions of the GA-GP loop (the mapM is colored with 50% opacity).
(a) The solid yellow and blue lines show committed plans for both UAVs. (b) A new goal is assigned
to the yellow UAV. (c) A path planned is for the yellow UAV (the old committed plan is a dotted
line, the new committed plan is a solid line, and the discarded part of the new plan is a dashed
line). (d) The same as (b) but for the blue UAV. (e) The same as (b) but for the blue UAV.

to the respective UAVs. It maintains the priority mapMP by: (i) resetting the age of any
standard cells that have been covered since the last update to zero, and (ii) incrementing
the age of all other standard cells.

2.4.2 Prioritized Planner

The Prioritized Planner (PP) is a state-machine that controls our centralized planning
framework by continuously executing RUNPLANNER from Alg. 2. During each execution
of RUNPLANNER, which we call a planning cycle, the PP is responsible for the following
tasks:

T1 Update its local copy of the committed plans andMP to reflect the most recent in-
formation received from the SM.

T2 Determine which UAV will be planned for during this cycle.
T3 Perform a new goal assginment for the UAV and plan a path to it4.
T4 Communicate the result of T3 throughout the framework.

T1 is performed in Lines 4–6 in Alg. 2. The PP clips the part of its local copy of committed
plans that have been executed by the UAVs since the last planning cycle, and accounts for
the part yet to be executed by resetting the age of all the cells inMP that will be covered
by the committed plans to zero.

We do not prioritize any one UAV over the others, which corresponds to the PP se-
lecting UAVs in a round-robin fashion, thus achieving T2. While the PP supports a pri-
oritization over UAVs, in our experience, assigning equal priorities in this way showed
satisfactory performance.

4Task T3 is only done if the selected UAV’s committed plan is shorter than tmax.

14



Ch. 2 – Persistent, Multi-UAV Coverage

Figure 2.4: Multi-goal Dijkstra search for goal assignment finds the least-cost path to a pseudo-
goal connected to all potential goal locations for a robot. It considers the cost of reaching a potential
goal from the robot’s location, and the priority of a goal location reflected in the cost of the edge
connecting it to the pseudogoal. In the example above, goal G2 is assigned to the robot.

T3 is achieved through one iteration of the GA-GP loop shown in Fig. 2.1b. For ease
of understanding, we show two successive executions of this loop in Fig. 2.3. Fig. 2.3b
and 2.3c correspond to Lines 9 and 10 for the yellow UAV. Fig. 2.3d and 2.3e correspond to
the same lines for the blue UAV.

T4 is performed by Lines 11–13. First, we append to a UAV’s committed plan to bring it
up to tmax in length. Second,MP is updated to account for this new plan (same as in Line 6)
by resetting the age of all the cells that will be covered. Finally, the newly committed plan
is communicated to the UAV via the SM.

Algorithm 2 Prioritized Planner Loop
1: procedure RUNPLANNER
2: N ← number of UAVs
3: while true do
4: Get latestM =

{
MP,MNC,MO} and Uloc

1:N from SM
5: Update committed plans (local copies) by using Uloc

1:N . Clip
6: UpdateMP with committed plans
7: for k← 1 : N do
8: if committed plan for Uk is short then
9: Gk ← GETGOAL

(
MP) . Goal assignment (GA)

10: πk ← GETPLAN (M, Gk) . Goal planning (GP)
11: Update committed plan for Uk with πk . Append a portion of πk
12: UpdateMP with committed plan for Uk
13: Send committed plan for Uk to SM

2.4.3 Goal Assigner

Recall that the Goal Assigner (GA) selects a goal for each UAV to fly to. The gridMP
k

is the local copy of the Priority Map (MP) that belongs to UAV Uk. Each of the cells in
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the eight-connected grid that representsMP
k is a potential goal for Uk. The GA computes

a goal-location Gk for each UAV, accounting for how urgent every cell in MP
k is and the

location of the UAV Uk. To simultaneously reason about the urgency of the goal and its
distance from Uk, we build a graph by connecting a pseudo-goal to every cell of the gridMP

k .
The pseudo-goal is an “imaginary” state connected by “imaginary” pseudo-edges to all cells
in the grid as shown in Fig. 2.4. The cost of these pseudo-edges is proportional to (`(i, j)−
a(i, j))5. The costs of the rest of the edges between adjacent cells in the grid are equal to
the Euclidean distance between them.

To find an optimal goal Gk, we first find an optimal path from Uloc
k to the pseudo-goal

on this graph using Dijkstra’s search [25]. The optimal path minimizes the sum of the costs
of the real-edges (which reflects the cost to reach the goal) and the cost of the pseudo-edge
(which reflects the priority of the cell that the pseudo-edge connects). The final goal Gk for
UAV Uk is the parent of the pseudo-goal on this optimal path.

2.4.4 Goal Planner

Once a goal is assigned to Uk, the GP computes a kinodynamically feasible path to it via
search-based planning on a state-lattice [57, 75]. The state-space for each UAV includes its
two-dimensional pose (x, y, θ), linear velocity v, and time t. Assuming double-integrator
dynamics for each UAV, we generate an action-space consisting of feasible motion primi-
tives. These primitives use cells of size 1m× 1m. This discretization is independent of the
mission-map discretization. We implicitly construct a graph using the action space dur-
ing a weighted-A* search to the goal [42, 77]. The search prunes away all transitions that
correspond to trajectories that either intersect no-fly zones or collide with the committed
plans of other vehicles in space or time. We terminate the search as soon as a state is ex-
panded whose incoming edge (from the predecessor on the found path) covers the goal
cell (specifically, the trajectory corresponding to this edge contains a point whose distance
to the goal cell is less than rk). We assign the time taken to execute an action as its edge-cost
in the graph. While our aim is to plan for minimum-time paths, it is also desirable for the
UAVs to fly at high speeds whenever possible and avoid stopping. For this reason, we
incentivize actions with increasing velocities, penalize actions with decreasing velocities,
and heavily penalize hovering.

5We lower-limit these costs by a constant to ensure they are strictly positive. Moreover, since the UAVs’
sensors cover multiple cells, the cost of an edge between cell ci,j and the pseudo-goal is the average of `(u, v)−
a(u, v) for all cells cu,v covered when Uloc

k = ci,j.
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2.5 Experimental Setup and Results

We evaluate our framework in both simulation, where we assume perfect state esti-
mation and control, and on real UAVs, which can deviate from their planned paths. The
UAVs can withstand winds of speeds up to 30 m/s. Thus, the effect of wind is negligible
under normal conditions. Accounting for large deviations from planned paths requires
replanning and is part of future work. Our framework uses an identical set of parame-
ters in both cases. We generate motion primitives with a maximum speed of 6 m/s and a
maximum turning rate of 6 ◦/s. We avoid adding angular velocity to the state-space by en-
suring that these primitives start and end at zero angular velocity. Two UAVs are deemed
to have collided if at any point in time the distance between these 2D locations is less than
dmin = 10 m. The parameter rk = 15 m defines the circular area directly underneath a UAV
that is deemed covered for any 2D location of the UAV. We impose a planning timeout of 4 s
on the Goal Planner, which is how long it is given to compute a plan. We use an Euclidean-
distance heuristic in the Weighted-A* search [77] with an inflation of 5. Fig. 2.7d and 2.7e
shows the two coverage-maps used for the experiments presented in this chapter.

2.5.1 Evaluation Metrics

We look at timing statistics for Goal Assignment (tGA) and Goal Planning (tGP), number
of state expansions, and number of expansions per second6. Since we desire continued
movement from each UAV, we also look at the amount of time a UAV is stationary on
average across the simulation run (tstopped). Additionally, we evaluate our framework’s
performance with respect to the criticality of a cell, defined for any cell (i, j) at timestamp
t as Ct(i, j) = at(i,j)

`(i,j) , where Ct : E(2) → R is a time-varying measure of criticality. Ct(i, j)
starts with a value of zero and as the cell ages over time, Ct(i, j) starts to increase. Once
the age of a cell reaches its lifetime—namely, Ct(i, j) equals one—we say that the cell has
expired. If we average this value across all cells in the map to be covered, we obtain an
estimate idea of how well a team of UAVs is covering the areas they have been assigned:

C̄t =
1
|MP| ∑

(i,j)∈MP

Ct(i, j) (2.1)

Given this measure of criticality, ideal behavior would be to keep the value of C̄t constant
over the course of a mission, a lower value being better.

6These expansions refer to graph-node expansions in the Weighted-A* search.
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Map Number
of

UAVs

Timing (ms) Path Planning

tGA tGP tTotal Number of
Expansions

Expansions
per second

tstopped
(%)

Fig. 2.7d 1 90 223 323 413 215 0
2 90 796 898 187 226 2
3 91 1326 1430 286 209 2

Fig. 2.7e 1 92 172 275 28 204 0
2 91 1163 1265 200 188 < 1
3 91 1433 1536 248 185 3

Table 2.1: Results of simulation experiments (values rounded down to the closest integer) and
tstopped expressed as a percentage of total mission time.

2.5.2 Simulation Experiments

Hardware Platform Simulation experiments were performed on a desktop computer
running Ubuntu 16.04 and equipped with an Intel Core i7-4790K processor and 20 GB of
RAM.
Planner Evaluation We present simulation results on both maps from Fig. 2.7 for 10 min-
utes in Table 2.1. We observe that by increasing the number of UAVs, Goal Assignment
times are not affected, whereas Goal Planning times increase significantly since GP must
now compute deconflicting plans for a larger number of UAVs. Despite this, the total
amount of stationary time spent by a UAV was at most 19.90 s in a 10-minute period.
Fig. 2.5 shows a plot of C̄t (Eq. (2.5.1)) over time during a 30-minute mission. In all exper-
iments, our framework is able to keep C̄t below a value of one except where the number
of UAVs was too small given the size of the map (experiment with one UAV and map
from Fig. 2.7). This, along with the fact that all plots plateau over time, implies that cell-
expiration is regulated on average.
Global Deconfliction Satisfactory global deconfliction relies on each UAV always having
access to committed plans that are long enough. As discussed in Sec. 2.4, size of committed
plans can significantly affect performance. We empirically evaluate the need and effect
of global deconfliction by varying the lengths of committed plans for different collision-
checking schemes. These schemes are:

1. Proposed Framework: Our approach with global deconfliction.

2. No Collision Checking: The GP performs no collision-checking between UAVs.

3. Current Position (static): The GP considers the other UAVs’ current positions as static
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Figure 2.5: Left: Average criticality of cells inMP during simulated experiments. Right: Spikes
occur at 5, 10, 15 minutes since these are the three different cell lifetimes in the initialMP. Colors
are consistent across the two plots.
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Figure 2.6: Effect of changing the committed plan length for different collision checking mecha-
nisms. Since each curve represents a single mission execution, we do not show confidence intervals.
The lines for Full Plan (static) and Our Framework coincide in (a).

obstacles.

4. Quarter, Half and Full Plan (static): The GP assumes the first quarter, half and whole
of the committed plans of other UAVs to be static obstacles respectively.

We plot the number of collisions between UAVs in Fig. 2.6a, the average time a UAV is sta-
tionary in Fig. 2.6b, and the time taken by the Goal Planner in Fig. 2.6c, all against varying
lengths of committed plans. Fig. 2.6 shows that our deconfliction scheme results in com-
petitive planning times and also guarantees collision-free UAV movement with negligible
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(a) (b)

(c) (d) (e)

Figure 2.7: (a) UAV used in the experiments. (b) The two UAVs (circled in red) executing a mission.
(c) GUI showing a satellite image of the mission site along with UAV data overlay. (d) Map used
for experiments (big; coverage zone roughly 400m× 400m). (e) Map used for experiments (small;
coverage zone roughly 200m× 100m)

Map Number
of

UAVs

Timing (ms) Path Planning

tGA tGP ttotal Number of
Expansions

Expansions
per second

tstopped
(%)

Fig. 2.7e 1 105 240 363 37 186 0.00
2 117 1181 1325 162 152 7.12

Table 2.2: Results of real-world experiments averaged over 8 runs (rounded down to the nearest
integer) and tstopped expressed as a percentage of total mission time (maximum over all runs).

stoppage. Other collision-checking schemes are either overly conservative and compute
convoluted, long-winding paths, or simply fail to avoid collisions.

2.5.3 Real-World Experiments

Hardware Setup For the real-world experiments, our planning framework was run on
a Lenovo T470s laptop running Ubuntu 16.04 and equipped with an Intel Core i7-7600U
processor and 20 GB of RAM.

Planner Evaluation We present results from real-world experiments in Table 2.2.
Fig. 2.8a plots C̄t for eight real-world runs. Additionally, dynamic removal of UAVs from
the mission was tested in five of these runs, and the remaining UAVs were left undisturbed.
Beyond this point, we are only covering the area with one UAV. Hence, it is expected to see
criticality increase. By iteratively planning and executing computed paths, we isolate our
planner from the stochasticity of controller-based execution in the real world. Our planner
quantitatively performs just as well in the real-world as it does in simulation in spite of
this stochasticity. This is because our framework seeks latest information about UAV and
map statuses from the real world and constantly uses it to repeatedly solve our myopic
version of the full problem (as explained in Sec. 2.4).
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Figure 2.8: (a) Coverage criticality over time in the real-world: unless explicitly pointed to by
arrows, the curves represent an experiment with two UAVs run on the smaller map. A cross (×) on
a curve indicates the point in time when one of the two UAVs was removed from the mission. (b)
Comparison of all simulation and real-world missions executed in the small map from Fig. 2.7e by
two UAVs. The black curve with confidence intervals corresponds to the simulated experiments.

2.6 Conclusion and Future Work

We present and evaluate a planning framework for real-world, persistent coverage
with multiple UAVs. Our framework continuously decides where UAVs should fly and
computes kinodynamically feasible, globally deconflicting plans. We evaluate our frame-
work in both simulated and real-world settings. We also motivate and compare global
deconfliction with weaker, more local collision-avoidance schemes.

In many practical settings like ours, state spaces are high-dimensional and time for
deliberation is limited. Planning times can be a bottleneck in these cases and cause delays.
While our stopping maneuvers handle such situations, a natural extension is to incorporate
anytime planning [89].

In the current framework, the goal assignment is based on priorities and is decoupled
from goal planning. This is greedy and not optimal. Better strategies to repeatedly cover
previously observed coverage-zones can be learned from data and added as macro-actions
in the planner.
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3.1 Introduction

Path planning for traditional robotic coverage is the task of determining a collision-free
robot trajectory that observes all points of interest in a given environment [37]. Numer-
ous real-world tasks including environmental exploration, traffic monitoring, and post-
disaster assessment can be cast as robotic coverage problems [65, 85, 87, 91]. Robots em-
ployed for such coverage tasks are often equipped with limited-range sensors to observe
the environment and can exercise active control over them. An important problem is to
plan robot and sensor trajectories that maximize coverage or information gain in these
tasks, while also respecting kinodynamic constraints and arriving at a goal location. This
is akin to an informative path planning problem. Real-time kinodynamic planning is a com-
putationally expensive problem in itself due to the many degrees of freedom in a kino-
dynamic robot state. Additionally planning trajectories for sensors onboard these robots
further increases the computational complexity of this task.

In this chapter, we consider the specific problem of planning trajectories for an
unmanned aerial vehicle (UAV) and its onboard sensor covering cells of a discrete
map—representing a known, deterministic environment—to achieve efficient 2D area cov-
erage while navigating to an assigned goal. We assume that the UAV flies at a fixed alti-
tude, and that the yaw angle of a pan-only camera onboard the UAV can be controlled,
thereby controlling the camera’s projected footprint on the ground. In turn, we include
the robot’s x and y coordinates, heading θ, velocity v, timestamp t, and sensor angle ψ in
our state space—making it at least a 6-degree-of-freedom (6-DoF) planning problem (we
describe in Sec. 3.3 how this can amount to planning in more than 6 DoFs). We tackle this
problem using a search-based approach, which comes with the advantage of guarantees
on solution quality up to the discretization of the graph representing the problem.

However, naı̈vely applying search-based approaches to such a problem results in high
computational cost. A key challenge in planning non-myopic sensor trajectories that max-
imize coverage is that in general, for a given robot trajectory, the optimal sensor config-
uration at a given point in the trajectory depends on all previous sensor measurements
(the full sensor history). One can appreciate this in 2D environments by thinking of sen-
sor footprint overlaps: to compute an optimal sensor configuration at a given location, a
planner must take into account all overlaps with previously planned sensor footprints in
the plan being considered. However, including the full sensor history in a state makes
the search computationally intractable. Our first approach, Sensor Planning with Sensor
History (SPLASH), first computes a robot trajectory. It then searches for sensor plans for
this fixed robot trajectory while maintaining a partial sensor history during the search—this
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Figure 3.1: We present two algorithms for search-based planning for active sensing. (A)
SPLASH tries to minimize sensor footprint overlaps along the robot trajectory. For the
last state in the figure, it would prefer the solid blue sensor footprint over the dashed
blue so as to avoid the overlap denoted by the red area. (B) SPLIT iteratively refines an
initial trajectory πi to maximize the area covered by the sensor to come up with the final
trajectory π f .

prevents covering areas already sensed before in the trajectory, up to the maintained sensor
history horizon. Even for a fixed robot trajectory, the space of sensor trajectories exponen-
tially increases in dimensionality as we account for longer sensor histories (this might not
be trivial to see, and so we detail how this occurs in Sec. 3.4). Our results show that in
most planning problems considering 2D sensor footprint overlaps, only a partial history
of sensor footprints actually affect computing the next optimal sensor configuration.

The basis of our second approach is the empirical observation that approximate search
algorithms like Weighted A* (WA*) overlook better solutions that are actually “close” to
the computed solution in the space of solution paths [32, 77]. In our second approach,
Sensor Planning with Local Iterative Tunneling (SPLIT), we split the process into two
steps: (1) We first quickly compute suboptimal robot and sensor trajectories in decoupled
robot and sensor state spaces using SPLASH (initialization). (2) We then use this solution
as initialization to a local-search routine that iteratively improves this solution in the joint
robot and sensor state space until time runs out (refinement). We adapt Iterative Tunneling
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Search with A* (ITSA*) [32] to our problem for this refinement step. This is detailed in
Sec. 3.5.

The illustation in Fig. 3.1 depicts both of our approaches on a toy example. Our ap-
proaches can be contextualized within several related works on sensor management and
informative path planning, as we do in Sec. 3.2. In Sec. 3.3, we describe our problem and
notation in detail. In sections 3.4 and 3.5, we describe and provide pseudocode for both
of our approaches. In Sec. 3.6, we evaluate our approaches and show their benefits in
the context of a previously established planning framework for persistent coverage with
multiple UAVs [52], where individual UAVs are tasked with generating collision-free tra-
jectories that maximize coverage while navigating to continuously assigned goals. Note
that our contribution lies in planning robot and sensor trajectories for a single UAV nav-
igating to a goal (we do not attempt to solve the problem of coordinating UAV plans for
coverage). To the best of our knowledge, no previous work applies search-based planning
to this problem.

3.2 Related Work

Hero and Cochran present an extensive survey on sensor management [43]. Gutpta et
al. state general challenges and computational complexity of optimal sensor selection in
detail in [41]—this is on similar lines as the computational challenge of maintaining a sen-
sor history (see Fig 3.4, explained later). In general, optimal coverage has been addressed
in various settings including mobile sensors and autonomous robots. Robotic sensing
systems have used with both fixed sensors [33, 45] as well as sensors that execute pre-
computed patterns [80]. The problem of optimal mobile sensor location with unbounded
ranges has been tackled as Voronoi space partitioning in [26]. Many approaches have
also been targeted to specific applications, such as active perception work [24, 63]. The
measurement control problem, also essentially a sensor scheduling problem, was shown
to be solved by tree-search in general [61]. To deal with computational intractability, sev-
eral greedy solutions have been proposed [23, 41, 47, 64, 67]. Further, Finite-horizon model
predictive control provide improvement over myopic techniques but suffer from high run-
times in large state spaces and provide no performance guarantees beyond the horizon
depth [16, 79]. Arora et al. propose a data-driven approaches to sensor trajectory genera-
tion that map calculated features to sensory actions [6].

Several recent works that fall under informative path planning are closely related to our
work. Perhaps the most closely related is a recent line of work on active information acqui-
sition, although with fixed sensors onboard robots: Atanasov et al. propose a non-greedy,
value-iteration based offline solution with applications to gas distribution mapping and
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target localization [7]. Schlotfeldt et al. then reformulate the problem as a deterministic
planning problem and apply A* search with the first consistent heuristic for information
acquisition, with applications to active mapping [81]. Kantaros et al. then propose a prob-
abilistically complete and asymptotically optimal sampling-based approach to this prob-
lem, along with strategies to bias exploration toward informative regions [48]. Lu et al.
propose a potential-function based method for integrated planning and control of robotic
sensors deployed to classify multiple targets in an obstacle-populated environment [58].

There are also lines of work that formulate information gathering as an Orienteering
Problem. Of particular interest are [30, 72, 73, 97] because of a similarity in their approaches
with our initialize-and-refine approach in SPLIT (detailed further in Sec. 3.5). However
these approaches focus on computing informative tours—unlike our goal-directed setting,
and perform local refinement over heading angles constrained by Dubin’s-car dynam-
ics—unlike our approach that refines sensor angles that observe the environment.

3.3 Problem Formulation and Notation

3.3.1 Persistent coverage framework

We contextualize and evaluate our approaches within the persistent-coverage frame-
work established in previous work [52]. This is a centralized framework that continuously
computes goal locations to which UAVs should fly and kinodynamically feasible, glob-
ally deconflicting plans for them to do so, in a prioritized planning setting [28]. While it
is a multi-UAV system, we plan for UAVs independently—plans between UAVs are not
explictly coordinated in [52] and is out of the scope of this chapter. Our specific contribu-
tion lies in planning robot and sensor trajectories for a single UAV navigating to a goal.
The framework in [52] assumes a circular sensor footprint directly underneath the UAV.
In this chapter, we extend the system to incorporate a rectangular footprint offset from the
UAV—consequently, different sensor headings correspond to the UAV observing different
areas of the environment around it.
Map. The environment map M consists of a priority map MP and a no-coverage map
MNC. The UAV must attempt to cover each cell ci,j at row i and column j ofMP. Such a
cell is associated with two values: its lifetime l(i, j) and age a(i, j)—the age of a cell is the
time passed since the cell was last covered by a UAV, and its lifetime is a desired bound
on its age. At any point of time t,MP holds the quantity p(i, j) = l(i, j)− a(i, j) for each
cell ci,j.MP decays with time, meaning p(i, j) for each cell ci,j reduces by one every second,
thus making ci,j more urgent. Cells part ofMNC do not need to be covered.
Sensor. In our setting, the sensor is a pan-only camera with one controllable DoF (yaw),
which controls a downward-looking rectangular footprint of fixed and limited field-of-
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Figure 3.2: An example of the successor-generation functions for the three search spaces
described in Sec. 3.3.

view. The area of the footprint is discretized into cells on the map according to an under-
lying resolution. We assume no noise in the footprint observed by the sensor.
Robot. The UAV is a kinodynamically constrained system, accounting for the robot’s x
and y coordinates, heading angle θ, velocity v, and timestamp t. The UAV is said to be at a
cell ci,j if the projection of its reference point onto the xy-plane lies in cell ci,j. A cell is said
to be covered by the UAV if any point on the cell is contained in the rectangular projection
of the sensor footprint on the xy-plane.

3.3.2 Problem formulation and definitions

We represent this planning problem as a search over a finite, discrete search space.
Here, we define the configuration spaces of the robot (UAV) and sensor, and three state
spaces that are relevant to our approaches. Each state space is associated with a set of
transitions, and they together define three separate search spaces.

Robot state space

A feasible robot configuration is represented by cR = (x, y, θ, v, t) where x and y are
the robot’s 2D coordinates, θ is the UAV’s heading, and t is the global timestamp at which
this configuration is achieved (the timestamp t is part of cR as we plan spatiotemporally
collision-free trajectories for multiple robots in this framework). These five degrees of
freedom together define the 5D robot state space ER. A set of kinodynamically feasible
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motion primitives computed offline define a state lattice [75] via a set of transitions

TR = {(cR
i , cR

j ) | cR
i , cR

j ∈ ER}

This defines a search space represented by a graph GR with nodes ER and edges TR. A
robot trajectory πR is a sequence of feasible robot configurations.

Sensor state space

A sensor configuration is defined with respect to a corresponding robot configuration
cR as a tuple cS = (t, ψ, Hψ), where t is the timestamp in cR, ψ is the sensor’s heading
angle in the global frame, and Hψ is a list denoting the history of sensor angles assigned
at all timestamps earlier than t. These state variables collectively define the sensor state
space ES, with dimensionality (1 + |Hψ|)3. The set of feasible sensor motions define a set
of transitions

TS = {(cS
i , cS

j ) | cS
i , cS

j ∈ ES}

This defines a search space represented by a graph GS with nodes ES and edges TS. A
sensor trajectory πS is a sequence of sensor configurations.

Joint state space

A feasible joint-state configuration cJ is a concatenation of a feasible robot configuration
and sensor configuration 〈cR, cS〉. These state variables collectively define the joint state
space EJ of dimensionality (6+ |Hψ|). The set of feasible transitions in EJ is a combination
of feasible transitions in ER and ES

TJ = {(cJ
i , cJ

j ) | cJ
i , cJ

j ∈ EJ}

This defines a search space represented by a graph GJ with nodes EJ and edges TJ. Note
that since the state-lattice discretization in ER can be different from that in ES, the transi-
tion set TJ consists of actions that change robot and sensor states at their respective state
discretizations.

Given these search spaces, we define the routine SUCCESSORS(s, TR) to be the
successor-generation routine for a state s that returns successor states in ER. Similarly,
we have the routines SUCCESSORS(s, TS) and SUCCESSORS(s, TJ). Fig. 3.2 illustrates these
three types of successors, although with much smaller branching factors for TR and TJ.
Specifically, in TJ for example, we generate 3 sensor-space successors for points at every

3Note that t is a known variable and no search is performed over it, and thus it does not contribute to the
dimensionality of cS.
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1s of a 4-second long motion primitive. We have 12 motion primitives per robot state on
average, making the branching factor in the joint space 12× 4× 3 = 144 on average. We
also denote running algorithm X searching for a path from sstart to sgoal in search space G

by X(sstart, sgoal | G). For example, A*(sstart, sgoal | GJ) denotes running A* search in the
search space determined by GJ (meaning state transitions are determined by TJ).

3.3.3 Cost Function

We now define the cost function associated with a transition from state s to s′. We use
two costs—one associated with sensor coverage at s′ where s′ ∈ ES or EJ, and the other
associated with the UAV’s motion primitive from s to s′ where s, s′ ∈ ER or EJ.

Motion primitive cost. Each motion primitive is a sequence of states forward-
simulated from the corresponding robot state at s, srobot = (x, y, θ, v, t), following double-
integrator dynamics. The cost of the primitive is equal to the time taken for the UAV to
execute it. More details about the motion primitives can be found in [52].

Sensor coverage cost. For the corresponding sensor state at s′, s′sensor = (t, ψ, Hψ), the
variables x, y, θ, ψ together define a 2D specific footprint of cells F . Let a given footprint
F cover |F | discrete cells in the mapM. Let the number of these cells lying in a coverage
zone be given by NC and those lying in a no-coverage zone be NNC :

NC = ∑
i∈F

1
[
i ∈ MP

]
and NNC = ∑

i∈F
1
[
i ∈ MNC

]

No sensor history

If we ignore the sensor history, the cost of a footprint is given by the sum of priorities
of all coverage cells in F , and an additive penalty λ scaled by the fraction of no-coverage
cells in F :

cost0(F ) =

criticality measure︷ ︸︸ ︷
∑

i∈F∧C
pi +

penalize
no-coverage cells︷ ︸︸ ︷

˘× NNC
|F | (3.1)

With sensor history

We define the following sensor coverage cost for this footprint F (where ‘1’ represents
the indicator function):

costH(F ) =

criticality measure︷ ︸︸ ︷
∑

i∈F∧C
1[i /∈ Hψ]× pi︸ ︷︷ ︸

not in history

+1[i ∈ Hψ]× li︸ ︷︷ ︸
in history

+

penalize
no-coverage cells︷ ︸︸ ︷

˘× NNC
|F | (3.2)
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Figure 3.3: Pictorial explanation of our cost function costH(F ) from Eq. 3.2. We consider
history size, H = 2 in this example. For the last UAV state on the green trajectory πR,
the sensor footprint is shaded in three colours. The blue area is the overlap with previous
footprints in πR, while the red and dark green areas do not overlap. For Eq. 3.2, the blue
area is in history, the red area is not in history, and the dark green area is penalize no-coverage
cells. Note that for footprints too far in the past, even if there was an overlap, it has no
effect.

This cost function is illustrated in Fig. 3.3. Note that Eq. 3.2 reduces to Eq. 3.1 when no
history is considered.

3.4 Sensor Planning with Sensor History (SPLASH)

In this section, we describe out first approach, SPLASH. SPLASH first quickly com-
putes a suboptimal robot trajectory using Multi-Heuristic A* (MHA*) search in GR. This
search is performed with the motion primitive cost function (Sec. 3.3.3). Then, it computes
a sensor trajectory using (uninformed-)A* search in GS for a given history H. This search
is performed with the sensor coverage cost function costH(F ) (Sec. 3.3.3). Using A* here
guarantees that the sensor trajectory will be optimal for the computed robot trajectory up
to the discretization and history used.

MHA* is a variant of A* that can use multiple arbitrarily inadmissible heuristics. We
omit details for brevity and refer the reader to the paper for details [4]. We use (1) a Eu-
clidean distance heuristic, (2) a Dubin’s path length heuristic, and (3) a Dijkstra’s shortest
path length heuristic.

Note that here and henceforth in this chapter, when we mention A*, we are talking
about uninformed A* (without a heuristic). We set aside formulating with a consistent
heuristic for sensor coverage in our setting for future work. However, both SPLASH
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Figure 3.4: Graph representation for sensor planning for history size H = 0 (above) and
H = 1 (below). Each level l in the graph corresponds to a state in the UAV trajectory πR.
The search space size increases with increasing history sizes. Thus, duplicates (highlighted
by coloured arrows and nodes) appear less frequently with increasing history sizes making
the search for an optimal πS more expensive.

and SPLIT both work unchanged with the addition of a heuristic. The pseudocode for
SPLASH can be found in Alg. 3.

Algorithm 3 Sensor Planning with Sensor History (SPLASH)
Input: sstart, sgoal, H
Output: π f (final trajectory in joint space)

1: procedure MAIN()
2: πrobot ← MHA*(sstart , sgoal | GR)

. using motion primitive cost as in Sec. 3.3.3
3: πsensor ← A*(sstart, sgoal | GS) with H states in sensor history

. using sensor coverage cost, costH(F ) as in Sec. 3.3.3
4: πjoint ← concatenate πrobot and πsensor

. creates a joint-space plan as in Sec. 3.3.2
5: return πjoint

The most important aspect of SPLASH is accounting for sensor history in Line 3.
Fig. 3.4 illustrates the effect of history values H = 0 and H = 1 on the search graph
GS for a given initial sensor heading ψ0. Each level in Fig. 3.4 corresponds to a waypoint
along the robot trajectory πR. The figure denotes state cS = (t, ψ, Hψ) as a tuple where Hψ

is the last H elements in the tuple. For any state cS, the sensor angle can either be changed
by one step (increment or decrement), or it may remain the same.

The effect of H values is illustrated by the colored arrows and vertices in the
graph—two arrows of the same color end up at a unique state in the graph. The key
idea is as follows: For H = 0, ending up at ψ0 on level 2 is considered the same state,
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whether you come from ψ0 or ψ−1 or ψ1—we only care about the current sensor angle. But
for H = 1, ending up at ψ0 on level 2 is considered a different state in all these three cases
because we maintain 1 historical sensor angle. This can be incorporated by defining the
state as cS = (t, ψ, Hψ) where |Hψ| = 1. Observe that states are replicated in this way a lot
more frequently for H = 0 than for H = 1, meaning the graph for H = 0 has much (in fact,
exponentially) lesser states than that for H = 1.

3.5 Sensor Planning with Local Iterative Tunneling (SPLIT)

SPLASH takes into account sensor history and incentivizes the search to compute plans
where overlaps are minimized. However, it operates with a fixed, suboptimal robot trajec-
tory that optimizes only motion primitive cost. Recall that it is empirically observed that
approximate search algorithms tend to overlook better solutions that are actually “close” to
the computed solution in the space of solution paths [32]. The final solution that SPLASH
gives us—say π—is most likely suboptimal with respect to the coverage cost in the space of
joint-space solutions. Sensor Planning with Local Iterative Tunneling (SPLIT) locally re-
fines π by performing searches in small search spaces around π in the joint space using the
sensor coverage cost function costH(F ) (Sec. 3.3.3), increasing in size with each iteration.
We call these search spaces tunnels, and this is an application of the ITSA* algorithm [32].

We provide pseudocode for SPLIT in Alg. 4. Lines in blue indicate the differences from
standard A* search. Line 2 obtains the initial solution from SPLASH. Then, LOCALIT-
ERATIVETUNNELING refines this solution locally by performing A* searches in iterative
tunnels. The “level” of a state s corresponds to the distance from the initial path πi to s
computed as the smallest number of edges on a path from any state on πi to s [32]. In the
beginning, every state on the initial plan πi is stored in memory with level 0.

The refinement process is essentially A* being performed repeatedly, with the addition
of lines 25–27. The level of any newly generated state is set to one more than the level of
its parent. Only a state whose level is lesser than the current iteration number is inserted
into the OPEN list. This is what creates tunnels increasing in size per iteration. LOCALIT-
ERATIVETUNNELING—and consequently, SPLIT—terminates when the time available for
local refinement runs out.

3.6 Experimental Results

We evaluate our approaches by running them over 10 randomly generated start-goal
pairs per map for 20 maps. We pick maps as seen in the persistent coverage framework
described in [52] (Sec. 3.3). The maps are generated by letting the map in the framework
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Algorithm 4 Sensor Planning with Local Iterative Tunneling (SPLIT)
Input: sstart, sgoal, Toverall (time limit)
Output: π f (final trajectory in joint space)

1: procedure MAIN()
2: πi ← SPLASH(sstart, sgoal, H = 0) . Initialization step
3: tSPLASH ← time taken for SPLASH to terminate
4: π f ← LOCALITERATIVETUNNELING(π, Toverall − tSPLASH)

. Refinement step
5: return π f

6: procedure LOCALITERATIVETUNNELING(πi , t)
7: iteration← 1
8: Create and store all states si ∈ πi in memory with level(si) = 0
9: while time t remains do . Iterative Tunneling loop

10: sstart ← first state in π
11: sgoal ← last state in π
12: g(sgoal) = ∞; g(sstart) = 0
13: bp(sstart) = bp(sgoal) = NULL
14: Insert sstart into OPEN with KEY(sstart)
15: while OPEN not empty do . Modified A* loop
16: s← OPEN.MIN() . where OPEN is a min-heap
17: if s is goal then
18: Backtrack from s to obtain solution π f
19: break
20: for successor s′ in SUCCESSORS(s, TJ) do

. successors are computed via transitions in EJ
21: if s′ not closed then
22: if g(s′) > g(s) + c(s, s′) then
23: g(s′) = g(s) + c(s, s′)

. where c(s, s′) is the sensor coverage cost
24: bp(s′) = s
25: level(s′) = level(s) + 1
26: if level(s′) ≤ iteration then
27: Insert s′ into OPEN with KEY(s′)
28: iteration← iteration + 1
29: t← t− time elapsed in current iteration
30: return π f

31: procedure KEY(s)
32: return g(s) + h(s) . where h(.) is a consistent heuristic

decay for several minutes while one UAV with a fixed sensor covers it persistently and pick
snapshots of the map at different points in time, giving us maps with complex coverage
zones.

Evaluation. Let a given trajectory in the joint space cover N cells that lie in coverage
zones. Let the quantity ∑i pi denote the sum of priorities of all such cells. We value two
things: covering a large number of cells, and covering important cells (those with a low
priority value). Thus, a large value of N and low values of ∑i pi are desirable for a given
plan. The quantity P̄ = ∑i pi

N denotes the average of the priority values of all such cells.
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Figure 3.5: Results of running SPLASH for sensor histories of size 0, 3, 5.

A low value of P̄ is not necessarily an indicator of a desirable plan due to various cell
priorities encountered in a complex map. For any two plans having the same value of
P̄, it depends on whether the user prefers covering more cells or important cells. As an
illustration, consider plan A that covers only one cell with priority {10}, and plan B that
covers 6 cells with priorities {5, 5, 5, 5, 20, 20}. The average priority of cells in both plans is
the same (= 10), and it is up to the user to decide which plan is considered “better”.

Since SPLASH penalizes footprint overlaps, we see an increase in the number of cells
covered as a larger sensor history is maintained (see Fig. 3.5). We also see that maintaining
a sensor history of size 5 gives us no more value than size 3 in practical settings. Also
notice that P̄ stays fairly unchanged over several trajectories. This can be attributed to
sufficiently complex maps have many different priority values for cells and no single, con-
tiguous coverage zone—maintaining sensor history would indeed lead to covering more
cells, but the average priority over these cells would be approximately the same.

Since SPLIT refines the trajectory locally to optimize coverage cost, we see an increase
in information gain, or a decrease in ∑i pi, with each iteration (see Fig. 3.6). We also see
decreasing path costs (g-value of the goal) with each iteration. Note that its performance
largely depends on the immediate area around the initial plan which will be explored in
the iterative tunnels. If this immediate area has only a few more important cells to cover,
the refined plan will largely stay the same.

A natural baseline is to search directly in the joint space of robot and sensor variables.
This requires a cost function that is a linear combination of the motion primitive and sensor
coverage cost. Running MHA* on these start-goal pairs with such a cost function yielded
an average planning time of 8.44 ± 6.40s—significantly larger than running SPLASH with
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Figure 3.6: Results of running SPLIT timed out at 30s.

a sensor history of size 3 or SPLIT for 2 or 3 iterations. (We set a timeout of 20s while
obtaining this value, so this is a conservative estimate and true value is in fact larger.)

Note that iteration 4 onward, SPLIT takes a long time to terminate. This is useful for
real-world planning problems only if the planner is given sufficient time. For example,
in the framework that we have built upon [52], it is possible to tune the duration of a
committed UAV trajectory. For a longer duration, we have more time available to plan to
the next goal assigned to the UAV. Moreover, these results show that the solution can still
improve after the third iteration and that a local minimum is not encountered by then.

3.7 Conclusion and Future Work

We present two search-based approaches for generating robot and sensor trajectories in
goal-directed 2D coverage tasks, namely Sensor Planning with Sensor History (SPLASH)
and Sensor Planning with Local Iterative Tunneling (SPLIT). SPLASH solves for robot
and sensor trajectories independently in state spaces while maintaining a history of sensor
headings. SPLIT is a two-step approach that refines this solution by searching its local
neighborhood in the joint space for a better solution. We show that SPLASH is a practical
alternative to to running standard search-based planning in the full joint space of robot and
sensor state variables, and that SPLIT can be used to further refine the solution computed
by SPLASH given enough time.

A limitation of ITSA*, and consequently of SPLIT, is that the A* searches do not reuse
any search efforts between subsequent iterations, and so each iteration takes longer than
the last. Reusing search efforts between iterations will lead to considerable speed-ups,
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leading to faster refinement of the trajectory. Further, we do not look into maintaining
sensor histories within SPLIT. It can be useful to adaptively increase the size of the sensor
history maintained with increasing iterations in SPLIT. We set aside these two limitations
as opportunities for future work.
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4.1 Introduction

Coverage Path Planning (CPP) is the problem of computing a feasible, collision-free
path for a robot that passes within some sensor footprint of all reachable points of interest
in an environment [21, 37]. Several real-world tasks can be cast as 2D coverage problems,
including aerial surveys [52, 83], post-disaster assessment [65], and agricultural opera-
tions [59, 66]. The CPP problem is computationally expensive—it is related to the covering
salesman problem, where an agent must visit a neighborhood of each city [5], which is
in turn related to the NP-Complete Traveling Salesman Problem (TSP) [71]. Further, real
robots like unmanned aerial vehicles (UAVs) often have various constraints on movement,
such as limits on turning radius, translational and rotational speed, and sensor footprint
field-of-view [6, 53].

Figure 4.1: A figure illustrating three out of several possible paths our planner might
choose in a toy environment, reasoning over combinations of frontier-seeking motions and
space-filling patterns. Full paths include both the motion primitive segment and the cov-
erage pattern segment if present.

Prior work (Sec. 4.2) shows that most popular CPP solutions are hierarchical, and typ-
ically involve three steps: (1) Decomposition: This divides the environment into mutu-
ally exclusive and exhaustive sub-regions, wherein it is simple to generate space-filling or
sweeping coverage paths. These paths do not necessarily account for obstacles and are
composed of simple motions—such as straight lines or circles—to provide simplicity in
control. (2) Sub-region traversal: This involves determining a visitation order over these
sub-regions, typically via a TSP solver. (3) Generation of space-filling paths: This involves
generating sweeping coverage patterns in each sub-region, such as back and forth Bous-

40



Ch. 4 – Complete, Decomposition-Free Coverage

trophedon1 motions, spiral patterns, and others.
Decomposition strategies are often tailored to specific objectives and come with guar-

antees of satisfying them, but at the cost of significant effort spent in processing the
environment. However due to the geometric nature of decomposition strategies, they
can fail in among certain types of environment geometries. They can also lead to over-
decomposition in non-convex environments [19, 21, 39], amended by post-processing step
to merge adjacent sub-regions. Furthermore, decomposition almost always follows solv-
ing a TSP or similar [8, 19, 60, 78].

Few approaches require no environment decomposition (or even representation) which
Choset categorized as “heuristic and randomized approaches” [21]. These arguably re-
quire the least development effort, but can be inefficient—they do not search for paths
but randomly select local behaviors or templates, relying on probabilistic complete-
ness [44, 69]. However they do not suggest methods to combine these templates to achieve
full coverage of a target region [21].

Our key insight is that we can fold the decomposition and subregion-traversal steps
into a single search routine that can be called repeatedly till coverage is complete (Sec. 4.3).
To that end, our contribution is an online, decomposition-free, resolution-complete cov-
erage path planner. Our planner uses a grid-based representation of the environment and
provides continuous coverage paths. We fill a gap in previous work on CPP by providing
completeness guarantees with little environment processing effort (see Fig. 4.2) and appli-
cability to a variety of environments. There is of course no free lunch—to achieve this, our
planner leverages a precomputed set of space-filling patterns. The planner reasons over
these patterns and determines suitable parts of the environment where they can be applied.
We draw inspiration from node selection strategies in frontier-based exploration [100] to
enable this behavior.

In Sec. 4.4, we demonstrate our method on a variety of environments and compare
quantitatively with a simpler and complete decomposition-free baseline that employs
frontier-based exploration. We also qualitatively compare against [19] to show that our
approach yields similar, intuitive paths without the decomposition and sub-region traver-
sal steps. However our method does not similarly guarantee optimality with respect to
coverage objectives such as turn- or distance-minimization. We summarize our work and
discuss future research problems in Sec. 4.5.

1Boustrophedon means back-and-forth, like the motion of an ox ploughing a field.
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4.2 Related Work

We categorize prior work into decomposition-based and decomposition-free methods
and briefly touch upon frontier-based exploration planning. We point the reader to [21, 37]
for extensive surveys on coverage path planning.

Figure 4.2: Our approach contextualized within representative prior work roughly clus-
tered by amount of explicit environmental processing effort involved and strength of prop-
erties provided.

Decomposition-based approaches. These can be categorized into exact (continuous)
and inexact (grid-based) cellular decomposition (CD). Exact CD involves partitioning the
free space of the environment into simple, non-overlapping regions called cells. Early ex-
act CD approaches include Trapezoidal, Boustropheon, and Morse-based decomposition.
More recent approaches exist that optimize for specific objectives. These include mini-
mizing turns in coverage paths [14], minimizing coverage path length [60], and creating
intuitive, human-like sub-regions [19]. While typically separate from CPP literature, there
also exist closely related “room segmentation” strategies that operate specifically on in-
door floor plans, of which Bormann et al. provide a thorough survey [15]. Among exact
decomposition strategies, the simple trapezoidal decomposition can fail in non-polygonal
environments [22, 54], and the more general Morse-based decomposition fails in rectilinear
environments [1].

Inexact or grid-based approaches discretize the environment into uniform grid cells,
typically as large as the robot’s coverage footprint, and employ various space-filling meth-
ods with backtracking strategies such as spanning trees and spiral patterns [34, 35]. How-
ever these approaches do not take advantage of smooth sweeping motions such as the
Boustrophedon pattern, except for a recent paper utilizes it with turn-minimizing cellular
decomposition [78].
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Decomposition-free approaches. Early approaches like these are heuristic algorithms
where the robot is equipped with a set of behaviors such as wall-following, obstacle-
avoidance, etc. [18, 36, 38, 44]. There are also commercial floor-cleaning robots based on
this approach (the RC3000 by Karcher, Trilobite by Electrolux, and early versions of the
Roomba by iRobot) [37, 70]. These approaches do not guarantee completeness but have
advantages from a cost/benefit standpoint—they are easy to implement and do not re-
quire costly localization sensors [11]. Our work can be thought of as a method to stitch
together such local behaviors to enable complete coverage.

Frontier-based exploration planning In frontier-based exploration, a robot repeatedly
moves toward the closest point on the frontier—which is the set of cells at the border
between explored and unexplored parts of the environment (covered and uncovered in
our case) [20, 29, 52, 95, 99, 100, 102]. We employ a frontier-based search to determine
where space-filling coverage patterns should be applied (details in Sec. 4.3).

4.3 Method

We assume we are given an occupancy grid map of an uncovered 2D environment, the
start configuration of the robot, and parameters relating to constraints on the robot’s mo-
tion and sensor footprint. We also assume access to a library of precomputed space-filling
coverage patterns. We require the robot to observe all reachable points of interest in the
environment. Typical desirable properties of coverage paths include simple motions and
minimal overlaps and number of turns. The precomputed coverage patterns can individ-
ually be optimal with respect to such objectives, but our approach does not provide any
guarantees on optimality of the overall path.

4.3.1 Framework

Control flow. Our framework relies on repeated queries to a search-based planner
which returns a feasible, collision-free coverage path for the robot. In Alg. 5, we present
pseudocode for our overall framework We begin coverage by calling PATHPLANNER(sstart,
M) to obtain and execute a path π and then repeatedly do this until the planner does not
return a path (Lines 2–8) At this point (line 4), coverage is complete because the planner is
guaranteed to return a path as long as reachable uncovered cells exist in the environment.

Search-based planning on lattice graphs. As is common in search-based planners
operating over grids, we discretize the environment into grid cells with a uniform res-
olution. The planner is resolution-complete with respect to this underlying grid. Each
cell in the grid falls into one of three categories: free & uncovered, free & covered, and
blocked. The planner searches for a path over a finite, discrete lattice graph G = (V , E)
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Algorithm 5 Framework overview—MAIN procedure
Inputs: sstart (robot start configuration),M (grid map)
1: procedure MAIN(sstart ,M)
2: repeat
3: π ← PATHPLANNER(sstart ,M) . See Alg. 6.
4: if π is NULL then
5: done . Coverage complete; terminate
6: Execute π and updateM
7: sstart ← last state in π . Assuming perfect execution
8: until done

where vertices/nodes V represent robot configurations connected by edges E representing
continuous motions feasible by the robot [57, 76]. These paths are always start and end on
a lattice state, and can either be motion primitives or space-filling coverage paths (details
follow).

We require a set of motion primitives A, which are simply short, continuous, feasible
motions, that connect pairs of lattice states. This is standard practice [57, 76] and allows our
approach to operate on a variety of robots given their kinematic and dynamic constraints.

We also require access to a set of precomputed space-filling coverage patterns P which
completely cover areas of various simple shapes, each of which is a continuous path cen-
tered at the origin. In this chapter, we run experiments only using Boustrophedon patterns
that cover rectangular areas of various sizes, but any set of patterns that are feasible for the
robot can be used in our framework.

4.3.2 Details—Procedure PATHPLANNER

A frontier cell f ∈ F is an uncovered cell in M that has at least one neighboring
cell that is covered. Standard frontier-based exploration [100] is an iterative approach,
where in each iteration the robot moves to the closest frontier cell, covers it, and repeats
this until coverage is complete. Our approach is similar, except that in each iteration,
the planner reasons about all combinations of frontier-seeking motions and the several
coverage patterns available to it at each frontier cell.

Multi-Goal search. At any arbitrary point in time during coverage, let sstart be the node
corresponding to the robot’s current location. We also define a frontier node as a node that
corresponds to a robot configuration whose position (xR, yR) is a frontier cell inM. The
graph representing the environment contains a set of frontier nodes fi ∈ F , i = 1, . . . , |F |2.
To make progress in coverage, the robot must visit (explore) a frontier node and possibly
execute a coverage pattern. Since there are multiple frontier nodes, this can be viewed as
a multi-goal motion planning problem where each frontier node is a potential goal.

2For brevity, we represent the sets of both frontier cells and frontier nodes as F .
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Algorithm 6 Method details—Multi-goal Dijkstra’s search
1: procedure PATHPLANNER(sstart ,M)
2: g(sstart)← 0
3: OPEN← OPEN ∪ {sstart, g(sstart)}
4: while OPEN not empty do
5: x ← OPEN.MIN()
6: SUCCS← ∅ // List of successor nodes
7: COSTS← ∅ // List of corresponding edge costs
8: if x == Gimaginary then
9: π ← Backtrack from Gimaginary to sstart

10: return π // Path found
11: else
12: EXPAND (x,M, SUCCS, COSTS)
13: for successor s′ ∈ SUCCS and cost c ∈ COSTS do
14: if g(s′) > g(s) + c then
15: g(s′)← g(s) + c
16: bp(s′)← s
17: OPEN← OPEN ∪ {s′, g(s)}
18: return NULL // No path found

19: procedure EXPAND(x,M, SUCCS, COSTS)
20: if x is a frontier node then
21: // Apply coverage patterns at frontier cell
22: for collision-free pattern p in P do
23: APPLYPATTERN (x, p,M, SUCCS, COSTS)
24: // Only cover frontier cell (no pattern applied)
25: SUCCS← SUCCS ∪ Gimaginary
26: COSTS← COSTS ∪ K− λ · 1
27: else
28: // Apply motion primitives at standard cell
29: for collision-free motion primitive a in A do
30: APPLYMPRIM (x, a,M, SUCCS, COSTS)

31: procedure APPLYPATTERN(x, p,M, SUCCS, COSTS)
32: SUCCS← SUCCS ∪ Gimaginary
33: COSTS← COSTS ∪ {`p − λ ∗ np

c + K}

34: procedure APPLYMPRIM(x, a,M, SUCCS, COSTS)
35: SUCCS← SUCCS ∪ {node representing state after a applied at x}
36: COSTS← COSTS ∪ {a.`}

We introduce an imaginary goal node Gimaginary ∈ V in G—this node does not correspond
to any real location, but is only present to better formulate our search. Multi-goal Dijkstra’s
search is equivalent to standard Dijkstra’s search [25] from sstart to Gimaginary. As in standard
graph search terminology [77], (1) the g-value of a node is its cost-to-come from node sstart,
and (2) OPEN is a priority queue of nodes (in our case, implemented as a min-heap), where
priorities associated with each node are their g-values in the case of Dijkstra’s search.

In Alg. 6, we initialize the search by inserting sstart into OPEN with a g-value of 0 (Lines
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Figure 4.3: Multi-goal Dijkstra search tree. For illustration, we show only a single coverage
pattern at each frontier node, but there are often multiple in reality.

2–3). We then proceed as in standard Dijkstra’s search, expanding nodes from OPEN in
a best-first fashion. The steps involved in expanding a node are key to our approach.
Suppose at a point during the search, node x is obtained (popped) from OPEN. We perform
one of the following three steps:
• If x is not a frontier node, we apply motion primitives A applicable at x to generate

successors SUCCS and costs COSTS (Lines 17–20).
• If x is a frontier node, we apply coverage patterns P (Lines 10–13). The successor at the

end of each applied pattern is Gimaginary and the costs incorporate distance traversed by
the pattern as well as the number of cells covered. (We elaborate on this below.) We also
add a successor corresponding to not executing any pattern at the frontier node (Lines
14–16). This provides the option of simply executing a frontier-seeking motion.
• The third and last option for x is that it is node Gimaginary, in which case we terminate the

search, backtrack from Gimaginary to sstart, and return the resulting path (Lines 7–9).
Edges outgoing from a frontier node incorporate the cost of the robot traveling and cover-
ing cells using a particular pattern applied at that frontier node in their each of its successor
nodes. Edges incoming to a frontier node incorporate the cost of the robot traveling to that
frontier node. In this way, for the given set of patterns and motion primitives, the search
computes a coverage path for the robot to execute in a query. A visual of this is presented
in Fig. 4.3 for clearer understanding. The rest of the algorithm (Lines 21–25) is identical
to Dijkstra’s search, where g-values of successor nodes are updated or inserted into OPEN

whenever better paths to them are found.

4.3.3 Details—Procedure APPLYPATTERN

We now detail the cost function used when applying a coverage pattern. Say executing
a pattern p results in traveling a distance `p and covering np

c number of cells in M that
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were uncovered before executing the pattern. The cost function we use for executing this
pattern is:

cost(x, p,M) = `p − λ · np
c + K (4.1)

Here, λ > 1 is a user-defined parameter that controls how much to weigh covering np
c cells

at the expense of traveling a distance `p. The larger λ is, the more likely the planner is to
apply coverage patterns, but this might increase non-working distance as it might result in
traveling more often over cells that are already covered. The constant K ensures that this
cost is always non-negative. Note that this does not distort the solution by incentivizing
shorter paths, as this constant is not added to every edge in the graph. As mentioned
before, the successor node of applying a pattern is always Gimaginary (Line 37).

4.3.4 Details—Procedure APPLYMPRIM

Finally, in APPLYMPRIM we use the length of the primitive as the cost, to be consistent
with `p above. For UAV-like robots, motion primitives practical for planning are simple,
short motions starting and ending at lattice states. From a coverage perspective, frontier-
seeking motions will contain such short primitives to approach a frontier cell, but with
sweep-coverage patterns we can more easily have long, smooth paths.

4.4 Evaluation

4.4.1 Experiment details

Sweep-coverage patterns. We precompute and store boustrophedon coverage patterns
that each cover a rectangular area of some width and height. Each pattern consists of long,
straight-line segments and circular arc segments connecting them. We discretize our map
into cells of dimension D and we choose D = 2R where R is the radius of turns in the
boustrophedon patterns we use in experiments. This is done so that each pattern exhaus-
tively covers said rectangular areas without any overlapping paths. Different coverage
patterns for different settings of R, D can be precomputed and just as easily be used in our
approach, provided we have access to `p and np

c (Sec. 4.3.3).
Environments. We evaluate our approach in simulation across multiple environments,

namely, rooms and walls with random gaps (E1), corridors and rooms (E2), and city-like
maps from the MovingAI benchmark3 (E3). Several prior works focus on indoor scenarios
due to heavy presence of non-convex and cluttered shapes and use special methods to
decompose these environments [15, 19, 20, 78]. While we show the completeness of our
decomposition-free approach on such environments, our approach is applicable to any

3https://movingai.com/benchmarks/grids.html
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environment that can be represented as a uniformly discretized grid map. Dimensions
of the environments we consider are 100 times the sensor footprint diameter D (small),
and 250 times D (large). From previous work on aerial coverage [52], we know that a
typical sensor footprint diameter for a helicopter-like UAV is ∼ 30m. Thus our largest
environments may represent areas up to ∼ 7500m × 7500m. Fig. 4.4 shows representative
examples from these environment categories.

For experiments on environments of 100D× 100D units, we use use coverage patterns
covering rectangles of sizes up to 30D × 30D units in increments of D units—a dense set
of space-filling patterns. We include separate patterns beginning execution at each of the
four corners of the corresponding rectangular area, which makes over 3000 patterns. For
environments of 250D× 250D units, we uniformly sample up to 25 patterns of sizes up to
160D× 160D units to save on computational effort.

Finally, as seen in Fig. 4.6, we also use two handcrafted environments to compare with
decomposition-based baselines4.

Robot. While our approach is general and works with any type of robot, for exper-
iments we model a planar UAV with a fixed, circular sensor footprint, the configuration
of which consists of its position and yaw: (x, y, γ) ∈ SE(2) [52]. We use simple unicycle
dynamics [55] to generate motion primitives: ẋ = v cos θ, ẏ = v sin θ, θ̇ = ω. Further, we
have upper bounds on the robot’s translational speed v ≤ vmax := 8m/s and rotational
speed ω ≤ ωmax := 0.14/s (these values are borrowed from previous work [52]). Lastly,
the robot’s sensor has a circular footprint on the ground of radius D

2 centered at the robot’s
position, meaning the robot’s footprint covers one cell at a time. We measure performance
in terms of the distance traveled while covering the environment, total planning times,
and total path execution times.

4.4.2 Decomposition-free comparison.

Few, early decomposition-free approaches exist, which are are heuristic or random.
Running random coverage planning as in [69] is highly inefficient in the environments we
consider, and so we do not include it in our experiments. For example, for rooms in E1
with very narrow gaps, the robot takes a very long time to move to another room when
using random actions. We implement a simple, complete decomposition-free baseline: a
frontier-based approach (akin to vanilla frontier-based exploration), which we denote this
by “frontier-based coverage” (FBC). This is equivalent to our approach without any pre-
ocmputed space-filling patterns (i.e., Alg. 6 without lines 21–23). In this approach, the
robot repeatedly covers the frontier cell closest to it until coverage is complete.

4The maps and open-source code for these baselines were not available at the time of working on the paper
corresponding to this chapter. So we manually replicated two environments for a qualitative comparison.
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We present results for two measures of efficiency: (1) The amount of coverage ver-
sus distance traveled by the robot, and (2) total planning times and execution times. Ex-
periments were run on an Intel Core i7-6700 CPU @ 3.40GHz 8 and approaches imple-
mented in C++ and compiled using g++ 9.4 with the -O3 optimization flag. For maps of
size 100D × 100D, for both environment types E1 and E2, and we run both our frame-
work and the baseline until complete coverage is achieved for 20 trials. For maps of size
250D× 250D of environment types E1 and E2 and that of size 256D× 256D of environment
type E3, we terminate our framework when 90% coverage is achieved by it. At this point
of time, FBC has covered a significantly smaller area of the environment, and we terminate
it in the interest saving computational effort. We would require FBC to run to completion
to compute total planning and execution times, and so we do not include them for this set
of environments. We run 5 trials for maps of size 250D × 250D of environment types E1
and E2. Note that we use axis-aligned boustrophedon (back-and-forth) patterns as sweep
coverage patterns available to the planner. These patterns are highly suitable for environ-
ment types E1 and E2, but not particularly for E3, as the obstacles are less structured. We
run experiments on maps of type E3 (4 trials) to illustrate that even if coverage patterns are
not specifically tailored to the environment, our framework still shows significant benefits
over FBC.

Our framework (plots in red) significantly outperforms FBC (plots in blue) in all cases
with respect to the distance traveled to complete coverage, as seen in subfigures A, B, and C
in Fig. 4.5. We also demonstrate much smaller planning and execution times as the planner
is queried significantly fewer times in our approach (Tables I and II). We post-process plans
to compute total execution times assuming constant velocities for the motion primitives
and coverage patterns ranging between 2m/s and 8m/s (same across both approaches).

In maps of size 250D× 250D for environment types E1 and E2 we see steep increases
in coverage (vertical red increases in the plots) whenever a coverage pattern is executed.
The more gentle increases in coverage either correspond to coverage patterns overlapping
with previous paths or several consecutive frontier-seeking motions. This occurs because,
as mentioned earlier, we uniformly sample coverage patterns to keep planning times rea-
sonable, and as a result, there does not exist a coverage pattern that exhaustively covers
every possible rectangular area the planner might encounter.

4.4.3 Decomposition-based comparison.

In Fig. 4.6 we present a qualitative comparison of coverage paths computed by our ap-
proach with representative examples from Brown and Waslander’s Constriction Decom-
position method [19] and the linear-programming based turn-minimizing approach by
Ramesh et al. [78]. Similar to us, Brown and Waslander do not claim any overall optimal-
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Figure 4.4: Representative examples of environments used in experiments. Starting from
top-left moving clockwise: E1: walls + gaps, E2: corridors + rooms, and E3: city maps
(Boston 1 256 map shown here) from the MovingAI benchmark.

Figure 4.5: All results including plots of coverage versus distance traveled for all en-
vironments (A, B, C) and total planning and execution times for environments of size
100D× 100D (Tables I and II), as well as plots for larger environments of size 250D× 250D.

ity guarantees. Their approach is based on geometrically computing “constriction points”
in the environment, which correspond to areas like openings near doors or corridors in
indoor scenarios. We observe that in our approach as well, constriction points naturally
emerge as frontier nodes near such areas. Unlike the approach by Ramesh et al., we do
not claim any overall optimality guarantees, which is where the environment partitioning
effort of that baseline pays off. However our approach is complete without needing any
environment partitioning/decomposition and yields intuitive coverage paths.

4.5 Conclusions

We present a decomposition-free approach to complete coverage path planning. The
search reasons over paths consisting of motion primitives and precomputed space-filling
coverage patterns and automatically determines where in the environment a space-filling
pattern should be applied. We evaluate our approach in a variety of environments and
compare it qualitatively and quantatively with appropriate baselines. In large environ-
ments, we sample patterns to prevent slow performance and show that it is still effective
and does not require decomposition. For the future, in order to improve scalability, we
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Figure 4.6: Comparison with Brown and Waslander’s Constriction Decomposition
method [19] on and the turn-minimizing approach by Ramesh et al. [78] on representative
environments. Subfigures 1–6 show our method on an indoor lab environment and subfig-
ure (7) shows Brown and Waslander’s result on a similar environment. Subfigure 9 shows
our method on another indoor environment and subfigure (8) shows the turn-minimal so-
lution by Ramesh at al. on a similar environment. (We handcrafted these environments in
an occupancy grid format and so they are not fully identical to those used in the baselines.)

wish to look into dynamically generating these space-filling patterns online by geometric
or data-driven controllers.
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5.1 Introduction and Related Work

We continue to look at Coverage Path Planning (CPP), which, as a reminder, is the
problem of computing a feasible, collision-free path for a robot that passes within some
sensor footprint of all reachable points of interest in an environment [21, 37]. Existing CPP
solutions can be broadly categorized into decomposition-based and decomposition-free
methods [37]. Decomposition-based methods are by far the most popular and typically
involve three steps: (1) decomposing the environment into sub-regions (2) determining a
visitation order over these sub-regions via graph search or a Traveling Salesman Problem
(TSP) solver, and (3) generation of space-filling paths in each sub-region. This requires
significant pre-processing of the environment and the availability of suitable TSP solvers
[8, 19, 60, 78]. Furthermore, step (1) can sometimes fail in non-convex environments or
lead to “over-decomposition” in cluttered environments [19, 21, 39]. In this chapter, we
extend the complete, decomposition-free coverage path planner, hereafter called CDF [51]
described in the previous chapter. CDF effectively folds steps (1) and (2) above into a
single online search routine. CDF is resolution-complete, requires no pre-processing of
the environment except discretizing it into a uniform grid, and is easier to integrate into
existing robot navigation architectures.

However CDF suffers from a significant limitation, which is what we address here.
Many real-world planning problems involve expensive-to-evaluate actions. In coverage,
this can occur when determining the utility of a behavior with a sensor model such as
ray casting to forward-simulate its effects on the environment. CDF’s search routine is
exhaustive, and as it stands, requires evaluating all coverage behaviors that it can access at
multiple points in the search—this can get prohibitively expensive.

Our key idea is to reduce the computational burden on the search by predicting the
utility of coverage behaviors online. Through a simple modification, we present our ex-
tension CDF++, that utilizes these predictions in the search. To that end, our approach
has two phases: The first is a learning phase wherein we train a convolutional autoen-
coder model to predict the footprint of a behavior given a behavior map and a local oc-
cupancy grid. Next, we present CDF++ wherein we augment CDF’s search routine this
learnt model to replace online behavior evaluation. We demonstrate in our experiments
how CDF++ yields comparable coverage performance to CDF and simpler extensions of
CDF with much faster planning times.

There have been several methods that learn map predictions in autonomous explo-
ration in partially known or unknown envirionments. Our work differs from existing
mainly because (1) we learn coverage map predictions that depend on a specific cover-
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age behavior, as opposed to predicting obstacle maps beyond exploration frontiers in un-
known environments, and (2) we feed our learnt model to a search-based planner more
sophisticated than vanilla frontier-based exploration. Shrestha et al. learn occupancy grid
map predictions for frontier-based exploration in unknown environments. They train a
variational autoencoder to predict unknown regions of the environment with the aim of
identifying navigation goals to maximize map coverage [84]. Oswald et al. speed up
frontier-based exploration by exploiting background information in environments where
a rough structure, such as a user-defined topological map, is known beforehand [68]. They
employ a global TSP solver over this structure, in combination with local frontier-based
exploration. Our method is related but separate, in that CDF or CDF++ can be used on
top of this method: given access to precomputed converage behaviors, CDF or CDF++ can
be adapted to replace their local frontier-based exploration planner, while simultaneously
taking advantge of their global TSP solver that exploits background information.

While these works are closely related to ours, there are also other methods to estimate
information gain, which is the ultimate aim of these map prediction approaches. Pimen-
tal et al. estimate expected information gain by assuming that wall segments at frontiers
extend into unknown space [74]. Cost-utility exploration methods count unknown cells
within a local region around frontier cells to estimate information gain [17, 96]. Finally, a
set of methods employed in exploration that are separate from frontier-based exploration
methods in literature include information-theoretic methods. These methods predict in-
formation gain using on Bayesian inference with Gaussian processes or Gaussian Mixture
Models in the context of one-stop lookahead measurements [9, 46, 93].

5.2 Method

obstacle map

behavior map

Convolutional
Autoencoder

Encoder Decoder
BCE Loss

Predicted 
coverage footprint

Ground truth 
coverage footprint

Figure 5.1: Method used for learning coverage behavior footprints in the learning phase.
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5.2.1 Learning phase

Our goal in the learning phase is to learn a behavior footprint for each behavior given
the behavior itself and a local occupancy grid map or obstacle map. We then give the
planner access to this footprint model in order to reduce the computational burden of
evaluating expensive behaviors online.

Consider a distribution of environments E (for example, indoor floor plans). We first
generate training examples of coverage behaviors executed at random locations in maps
drawn from E. We maintain windows of the obstacle map around these random locations
of fixed dimensions H ×W. We assume that behaviors are executed at the center of this
window. Further, we represent each behavior by a binary map of the same dimensions
where the set of discrete cells it traverses are marked with 1, and the rest 0. Fig. 5.1 shows
these two maps on the left. These are then fed as a two channels of an image into a convo-
lutional autoencoder, which predicts a single-channel binary coverage map where cells ex-
pected to be covered are marked with 1s. We train this model using a Binary Cross-Entropy
loss with respect to the ground truth coverage map that we have from the generated data.
The ground truth is obtained during data generation by fully forward-simulating the be-
havior. In this way, we learn a model to predict online a set of 2D locations in the map
that we expect to be covered given a behavior, a 2D location, and an H×W window of the
obstacle map centered at this location.

5.2.2 Planning phase

CDF is a complete, decomposition-free coverage planner. It leverages precomputed
space-filling coverage behaviors, such as long straight-line motions or back-and-forth
lawnmower behaviors, and automatically determines where to execute them online. It
achieves this formulating the problem as a multi-goal Dijkstra’s search which is invoked
repeatedly until coverage is complete. We now briefly describe CDF’s search routine and
detail how we modify it. The search is essentially a Dijkstra’s search extended to multiple
goals, where each goal is a frontier cell in the map. Alg. 7 depicts the search routine, which
is repeatedly called until no frontier cells remain in the environment (meaning coverage is
complete). Line 11 in blue indicates the modified step.

The g-value of a node is its cost-to-come from node sstart, which represents the starting
location of the robot. OPEN is a priority queue of nodes, where priorities associated with
each node are their g-values in the case of Dijkstra’s search. The search is initialized in lines
2–3. Then nodes are expanded according to their priority values (we detail the expansion
step next). After the successor nodes and their corresponding edge costs are generated,
the nodes’ g-values and back-pointers are updated (lines 13–15). Finally successor nodes
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are inserted into OPEN (line 16), continuing the search.
CDF++::EXPAND. When a node is popped from OPEN (line 5), CDF expands it (Alg. 8)

by either (1) applying motion primitives if it is not a frontier cell (lines 10–11), or (2) ap-
plying coverage behaviors at a frontier cell. It is in this latter step that we introduce the
learnt coverage prediction model for each behavior that is applied at node x that is being
expanded.

We provide the model with a local obstacle map, Mlocal, which is a window of Mo

around the cell represented by node x. We also provide the model with the discrete be-
havior map of the behavior in question,Mb. The model predicts a footprint of cells Fpred

that the behavior will cover (line 4). This means that the search does not need to evaluate
the full behavior online. Next, in line 5, we compute the cells in Fpred that are currently
uncovered to yield the number of newly covered cells, C. This is linearly combined with
the length of the behavior, `, in line 6 (exactly as in CDF), to give us the final edge cost of
the behavior. The constant K is added to ensure that edge costs are always non-negative.

Algorithm 7 Multi-goal Dijkstra’s Search
1: procedure CDF::PATHPLANNER(sstart ,M)
2: g(sstart)← 0
3: OPEN← {sstart, g(sstart)}
4: while OPEN not empty do
5: x ← OPEN.MIN()
6: SUCCS← ∅, COSTS← ∅
7: if x == Gimaginary then
8: π ← Backtrack from Gimaginary to sstart
9: return π // Path found

10: else
11: CDF++::EXPAND (x,M, SUCCS, COSTS)
12: for successor s′ ∈ SUCCS and cost c ∈ COSTS do
13: if g(s′) > g(s) + c then
14: g(s′)← g(s) + c
15: bp(s′)← s
16: OPEN← OPEN ∪ {s′, g(s)}
17: return NULL // No path found

5.3 Preliminary Results

We run experiments on the first distribution of environments shown in Fig. 4.4, “walls +
gaps (E1)”, with 32 precomputed coverage behaviors. These behaviors span long, straight-
line behaviors traversing up to 80 units, and back-and-forth lawnmower-style behaviors
covering an areas up to 80 × 80 units. The sensor model used by these behaviors is a
ray-casting model covering an angular range of [−pi

4 , π
4 ] with respect to the heading of the

robot, and a distance of up to 12 units. We synthesize 12 environments, and train our
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Algorithm 8 Augmenting CDF with learnt behavior footprints
1: procedure CDF++::EXPAND (x,M, SUCCS, COSTS)
2: if x is a frontier node then
3: for collision-free behavior b in B do
4: Fpred ← model(Mlocal,Mb)
5: C ← covered(Mlocal,Fpred)
6: COSTS← COSTS ∪ {`− λ ∗ C + K}
7: SUCCS← SUCCS ∪ {Gimaginary}
8: else
9: for collision-free motion primitive a in A do

10: COSTS← COSTS ∪ {length of a}
11: SUCCS← SUCCS ∪ {node after a applied at x}

model on 7 of them. In each of these 7 environments, we randomly select 50 locations
and execute all behaviors to generate a total of 11, 200 datapoints with a local 200× 200
window of the obstacle map, a behavior, and a ground truth output coverage map. We test
on the remaining environments and randomize the start location of the robot 3 times for
each environment. This gives us 15 trials of performing coverage on entire maps.

We present preliminary results in Table 5.1 consisting the total planning time summed
across all calls to the planner, and total time spent in forward-simulating behaviors during
planning, averaged across all trials. For CDF, forward-simulating the behaviors amounts
to performing ray-casting at each waypoint along the behavior. For CDF++, this amounts
to preparing inputs to the autoencoder, one forward pass through the model to obtain
a predicted coverage map, and counting how many new cells will be covered given the
current status of coverage in the environment.

Method Planning time Behavior evaluation time
CDF++ 122± 82 26± 18

CDF 176± 118 154± 112

Table 5.1: Planning times in seconds: average planning time and average time spend in
evaluating coverage behaviors across complete coverage in the indoor maps environment
distribution.

5.4 Limitations and Future Work

We observe that while the above results show promise, they currently rely on the base-
line (CDF) forward-simulating each behavior by performing ray-casting at each waypoint
in the behavior. However we observe that if CDF forward-simulates each behavior by
performing ray-casting at every Kth waypoint in the behavior, CDF yields faster planning
times compared to CDF++ while still computing the same coverage path for values of
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K ≥ 10. In other words, using a slightly lower-fidelity ray-casting model in CDF is suffi-
cient to defeat the purpose of learning behavior footprints in CDF++ for this set of behav-
iors and environments on which we performed perliminary experiments.

In the future, we plan to:
1. Run more extensive experiments to identify the set of experiment settings where

CDF++ does not outperform CDF
2. Do away with learning coverage footprints for each behavior and instead learn to

identify the most promising m behaviors online, for small values of m. This will
further increase the speed-up that CDF++ provides over CDF.
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In this thesis, we presented search-based algorithms to realize various forms of sensor-
based robotic coverage. In Chapter 2, we looked at a system of multiple unmanned aerial
vehicles (UAVs) with fixed, downward-facing cameras performing persistent coverage
over a large environment. We presented a framework to combine solutions to the sub-
problems of goal assignment for each UAV, multi-agent planning, and maintaining the
invariant of spatiotemporal deconfliction for every committed plan (i.e., plans that UAVs
are committed to execute). We showed the benefits of our planning framework in simu-
lation and in the real world in maintaining persistent coverage with sufficient resources,
and exhibiting graceful degradation in persistent coverage when resources fall short (for
example, when there are too few UAVs for an environment of a given size).

We then zoomed into the single-UAV planning problem in Chapter 3 and modified the
problem to incorporate an actively controllable camera that looks forward. This added to
the computational complexity of the problem via an additional degree of freedom (the pan
angle of the camera). Moreover, the computing optimal solution through a search in this
case also requires maintaining the sensor state history in the planning state, making this
even more computationally expensive. We presented two search-based methods to simul-
taneously compute these robot and sensor trajectories. The first method, Sensor Planning
with Sensor History (SPLASH), decoupled the robot and sensor planning problems, mak-
ing it feasible to maintain a partial sensor state history during sensor planning. The second
method, Sensor Planning with Local Iterative Tunneling (SPLIT), iteratively refined the
solution computed by SPLASH by computing better solutions in the joint robot and sen-
sor state space (but without maintaining a sensor state history). We showed the benefits of
both these methods in simulation.

Next, we switched gears from persistent coverage to the problem of standard cover-
age path planning in Chapter 4. The literature in coverage path planning is largely split
between (1) methods with strong properties that require extensive pre-processing and de-
composition of the environment, and (2) random or heuristic strategies that are much more
simple but provide weak properties. We bridge this gap with a complete, decomposition-
free coverage path planner, CDF, that does not require any geometric decomposition of
the environment as in existing decomposition-based approaches, and also is also prov-
ably resolution-complete. CDF leverages a library of precomputed coverage behaviors
known through experience to be effective in certain local environments, and determines
where to apply them online. We show quantitative and qualitative benefits of CDF over
decomposition-based and decomposition-free methods.

Finally, in Chapter 5, we took a step towards addressing a major limitation of
CDF—that it performs an exhaustive searches that involve forward-simulation of cover-
age behaviors at frontier cells. This becomes prohibitively slow with more complex sensor

62



Ch. 6 – Conclusions

models such as ray casting. We propose an extension, CDF++, that uses learnt coverage
footprints for behaviors, doing away with the need to forward simulate entire behaviors
during the search. We show the benefits of CDF++ over CDF in a certain set of problems,
and mention further improvements and analysis in progress.
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