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Abstract

Gathering information from the physical world is critical for applications such as
scientific research, environmental monitoring, search and rescue, defense, and disaster
response. Autonomous robots provide significant advantages for information gathering,
particularly in situations where human access is constrained, hazardous, or impractical.
By leveraging intelligent algorithms, these robots can efficiently collect data, enhancing
decision-making and accelerating insights. Informative Path Planning (IPP) plays a key
role in maximizing the effectiveness of robotic information gathering by generating
paths that optimize data collection while respecting operational constraints.

This thesis advances autonomous information gathering by addressing three key
challenges: (1) solving IPP problems in high-dimensional spaces with complex sen-
sor constraints, (2) incorporating real-world disturbances and risk into the planning
framework, and (3) improving and leveraging world belief models. First, we in-
troduce IA-TIGRIS, an adaptive, incremental sampling-based planner that efficiently
computes long-horizon information-gathering paths while respecting vehicle motion
constraints and non-trivial sensor footprints. We validate the planner through ex-
tensive simulations and real-world field tests on multiple unmanned aerial vehicle
(UAV) platforms. Second, we develop a real-time wind field estimation method using
onboard UAV measurements, a time-optimal path planner for UAVs in wind, and a
deep learning-based energy risk assessment framework to quantify flight risk under
uncertain environmental conditions. Third, we propose a new belief representation for
search and tracking, along with planning approaches that incorporate human-inspired
heuristics and predictive belief models.

The proposed methods are validated through a combination of simulation studies
and extensive field deployments, contributing to the development of robust, real-
world-ready autonomous systems. We demonstrate their effectiveness across diverse
planning scenarios and on multiple UAV platforms, including both fixed-wing and
multirotor systems. While the primary focus is on robotic information gathering, the
underlying algorithms generalize to broader applications such as robotic exploration,
active perception, target tracking, and multi-agent coordination.
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Chapter 1

Introduction

Our world is driven by data—it is how we nd answers to questions, answer
scienti ¢ hypotheses, make policy decisions, create models, and predict future events.
The importance of data has become more salient in the public's mind as increasingly
impressive learning models are continually being deployed in ways that are more
public and leveraged by the everyday person. While we may see the effects of the
data, we don't think as often about how the data is collected.

Not all data can be gathered with equal amounts of effort. Digital data can be
easily scraped and accumulated through simple computer scripts, but gathering data in
the physical world requires signi cantly more time, resources, and risk. Some examples
of data gathering in physical spaces include forestry management, agriculture moni-
toring, biological sciences, surveying, mapping, bridge inspection, wildlife monitoring,
exploration, natural disaster response, national defense, reconnaissance, and wild re
tracking. In all of these examples, it is clear to see how having good data is key to
understanding the problem and making informed decisions.

Having a human gather this data is often dangerous, slow, error prone, and tedious.
Using robots in data gathering is a clear answer to many of these problems. Robots
distance the human data gatherers away from the sources of danger, such as re,
radiation, precarious heights, animals, and chemicals. Robots can travel to areas a
human cannot easily travel to, such as a faraway moons or the bottoms of ocean
trenches. Robots can also be much more cost effective to gather with than humans,
many times this is due to the fact that minimizing risk for humans is very costly.

The bene ts of using robots in data gathering is greatly enhanced when robots
can be autonomous rather than human teleoperated. Autonomous robots can free the
operators to focus on other tasks, such as high level decision making, that require
human involvement. This also gets rid of the bottleneck of having at least one operator



per robot, so the number of deployed robots can increase and lead to multi-robot
coordination or even swarm strategies. Additionally, the robots can now venture into

areas where there is limited or no communication to the ground station. The autonomy
can also produce better actions or paths than a human could by leveraging algorithms
and prior data.

Ef ciently and optimally gathering data in the physical world with autonomous
robots necessitates having path planning algorithms that take into account the amount
and quality of data gathered over a given path. A way of formulating this problem
is as an Informative Path Planning (IPP) problem which is to nd the information
maximizing path that does not violate a budget constraint. This work aims to reduce
the amount of approximations and simpli cations traditionally used when formulating
the IPP problem in order to create paths that gather more information.

1.1 Thesis Statement

For the purpose of this thesis:

» Information gainis considered within the context of informative path planning,
where the objective is to maximize the information gathered while respecting
budget constraints. The speci c information objective depends on the problem
formulation.

» Long-horizon reasoningefers to planning approaches that extend beyond immediate
or myopic decision-making, considering future states and the accumulation of
information over an extended trajectory.

* Environmentincludes the world belief model and disturbances encountered in
eld deployment.



 World belief modeis the information the robot has about the world around it,
whether past, present, or predicted. This model may come from prior data
and integrate information from the perception pipeline. It provides data for the
planner to make informed decisions.

1.2 Challenges

We break down the challenges into three areas that this thesis aims to address.

Challenge 1: Solving IPP problems in high-dimensional spaces with non-trivial sensor
constraints

Many approaches for IPP problems simplify nding a global solution by discretizing
the con guration space and reducing the number of states to be as small as possible.
To further simplify the problem, they typically also approximate the sensor model to
be a circle of a xed radius around the robot state. However, these simpli cations
can create a rather large performance gap when translating the planned path into the
real world. The motion constraints of some robots can make it challenging to follow
a 2D path on a grid. Additionally, many sensors of interest to data gather, such as
electro-optical or infrared cameras do not gather information in a circle underneath the
drone. Most lenses do not produce a circular sensor footprint, and cameras can be
mounted or pointed in many con gurations other than downward-facing. But adding
this complexity also increased the complexity of the planning algorithm, and many
methods can no longer be directly used.

Challenge 2: Incorporating real-world disturbances and risk into the path-planning framework

Real-world disturbances are often abstracted away when path planning for robots.
However, fully ignoring the impact of disturbances can lead to infeasible, suboptimal,
and risky paths. In this work, We speci cally focus on the effect of wind elds on
UAVs which are often just treated as a disturbance to be handled by the controller. We
seek to answer (1) how can we estimate a wind eld using in-situ measurements from
a drone, speci cally in complex urban environments, (2) how can we plan time-optimal
paths in a wind eld rather than wasting battery power ghting the wind with the
controller or creating infeasible trajectories and (3) how can we estimate the risk of a
given path in a wind eld?

Challenge 3: Improve and leverage world belief models

The objective function in IPP is tightly coupled to the chosen way to model the world
belief and how it is modi ed with each observation. An example of a method used by
many is using a Gaussian process model for the world and incorporating measurements
using a Gaussian process regression. But this, along with other methods, has its pros

3



and cons and sometimes does not lend itself well to an objective function that matches
well with the intended behavior of the path planner. There are clear opportunities
to create world models that clearly map to objective functions that create intended
behavior. Additionally, there are opportunities to leverage prior information maps to
predict maps for better exploration in the information map.

1.3 Thesis Outline

This dissertation develops approaches to autonomous robotic data gathering that
address the previously explained challenges in Section 1.2. Chapter 2 presents a
background of the IPP problem formulation as well as the typical simpli cations and
approximations. The core components of this thesis are divided into three parts:

1. Part I: This thesis begins in Chapter 3 with our core informative path planning
algorithm and a deeper introduction to informative path planning. We then
present our planner, IA-TIGRIS, in Chapter 4 which takes the work in Chapter 3
and adapts it to be an informed sampling-based IPP planner that is both adaptive
and iterative. These chapters work to address Challenge 1 as well as includes
further modi cations we have made to extend this work to target tracking and
allowing for multiple sensor models. We demonstrate our approach on two
different UAV platforms, with over 24 hours of deployment and 100 ights.

2. Part Il: One of the takeaways from our work in Part | is the impact of real-world
disturbances when deploying these systems in the real world. This part examines
Challenge 2, focused on incorporating wind- elds into the path planning for a
drone.

In Chapter 5, we present our work on estimating urban wind elds using the
in-situ measurements onboard the drone. Using an estimated wind eld, in
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Chapter 6 we then examine how we can plan time-optimal paths within the wind
eld that reduce energy usage and ensure feasible trajectories. However, wind
intrudes a high amount of uncertainty in regard to path deviations and total
energy usage for path execution. In Chapter 7 we show how we can predict the
energy usage and risk of a UAV ight in a wind eld, leveraging our own drone
energy usage dataset and Monte Carlo simulations.

. Part 1ll: Finally, we delve into Challenge 3 with two main questions: 1) how
can we leverage prior information to improve data gathering, and 2) how to we
reconcile two types of belief maps that have conditional relationships?

In Chapter 8, we look at the rst question and see how we can use a global map
predictor to expedite indoor map exploration. With our planner called PIPE, we
show the importance of having a good approximation of information gain along
the entire trajectory and how straight-forward approaches can sometimes lead to
worse results than simple heuristics. We train and test our method on an indoor
map dataset and show our method has state-of-the-art results.

From the previous work, it raises the question of how well the robot explores
compared to human and what context does a human user to improve exploration.
In Chapter 9, we show our insights from conducting a human user study where
we present them with the same situation as presented in the previous chapter.
Guided by insights from our user study, we introduce MapEXxRL, which improves
robot exploration ef ciency in structured indoor environments by enabling longer-
horizon planning through reinforcement learning (RL) and global map predictions.

We then examine the second question in Chapter 10 and introduce UniSaT (Uni ed
Search and Track), a novel uni ed-objective formulation for the search and track
problem based on Random Finite Sets (RFS). Our approach models unknown
and known objects using a combined generalized labeled multi-Bernoulli (GLMB)
Iter. The planner maximizes the mutual information of this uni ed belief model,
creating balanced search and tracking behaviors.

At the conclusion, Chapter 11 provides a summary of this work and its contributions,

as well as outlining potential future directions and nishing with concluding remarks.

1.4 Summary of Contributions

This thesis contributes to the eld of autonomous information gathering by ad-

dressing key challenges in informative path planning (IPP), real-world disturbance
adaptation, and world belief modeling. The primary contributions are as follows:
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1. Adaptive, Incremental, Online IPP PlanneiDevelopment of TIGRIS , an informed
sampling-based planner, and IA-TIGRIS , an adaptive and incremental planner
that enables online replanning in dynamic environments. These planners ef ciently
handle high-dimensional spaces with motion constraints and non-uniform prior
information distributions through informed sampling and incorporating ef cient
path-integrated reward estimation.

2. Wind-Field Estimation, Trajectory Planning, and Risk Evaluatio@reating effective
methods for estimating urban wind elds using only UAV in-situ measurements,
computing time-optimal UAV trajectories in wind, and producing coherent risk
metrics for trajectories using our novel deep learning-based energy model.

3. Information Gain Estimation Development of approaches for estimating information
gain, including by leveraging map prediction. UniSaT enables search-and-track
problems to be formulated with a single objective function, avoiding the need
for user-tuned parameters and naturally balances exploration and exploitation.
TIGRIS and PIPE introduce trajectory-aware information estimation methods,
improving the performance of the informative path planners by more accurately
estimating the effect of an chosen trajectory.

4. Insights into Human Indoor Exploration A human user study that benchmarks
existing robotic exploration methods. Leveraging the user-study ndings, we
develop MapEXxRL, a learning-based approach that integrates human-inspired
exploration strategies to improve robot performance in structured environment
for SOTA results.

We extensively validated the proposed methods in simulation and real-world
experiments, with hardware demonstrations on multiple UAV platforms, including
both multirotor and xed-wing aircraft.



Chapter 2

Background

2.1 What is path planning?

Path planning or motion planning is usually de ned as nding a set of states that
leads a robot from a start state to a nal state while minimizing a cost function, such
as travel time. There are many types of path planners, each having a different cost
function or objective.

For example, Fig. 2.1 shows a simple example of an aerial robot trying to get from
Xs to X¢. This type of goal-oriented path planning, meaning the robot is trying to get
to a goal state, still has various objective functions that could be chosen that could
lead to vastly different paths. In this example, we have shown some hypothetical
trajectories for the shortest path (purple) that travels very closely to the obstacles,
fastest path (orange) which chooses a smooth path, safest path (red) which stays far
away from the obstacles but has a non-smooth path, and the energy-ef cient path
(green) which may take advantage of a wind eld to glide to the nal state in much
longer path.

Each of these hypothetical paths are optimal given their objective function, even
if one of them by themselves may look unintuitive as an outside observer without
knowing the underlying objective function.

Another class of objective functions for path planning could be grouped as non-
goal-oriented objective functions. This means that the main objective is not to get to an
end state, but rather to minimize or maximize a separate objective. Three hypothetical
examples are shown in Fig. 2.2. The rst is a coverage path (green) which seeks
to have the UAV travel to all areas of the map at a speci ed coverage resolution.
However, this path may be too long for the UAV to be able to execute within on
ight, having a limited range due to a max battery capacity. This introduces a budget
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Figure 2.1: Comparison how different goal-oriented path planning objectives could lead to very
different paths for a UAV to traverse to a goal position. The start state is marked with xs and nal
state asxs .

constraint on the coverage path (orange). Looking at where the orange path covers,
this may not fully achieve the intended result of the user. There may be areas of the
space that are more important to cover than others, where each observation is not
treated equally.

One way to adjust coverage would be to spend time in areas proportionally to
their importance or expected total information gain, called ergodic coverage. This
creates plans that try to both explore and exploit the information map. However,
this approach does not directly maximize information gain or leverage the knowledge
about the sensor con guration and sensor model. The strong assumptions about the
information gain function, such as assuming information is gained at the same position
of the robot, that time spent in a space is proportional to the information gain and
that information gain is a linear function rather than having diminishing returns, can
lead to undesired results.

This leads to informative path planning, where the objective is to directly maximize
an objective such as information gain, subject to a budget constraint (e.g., time, distance,
or energy). In the previous example, an informative path (blue) might be one that
strategically explores the regions surrounding obstacles to gather the most valuable
data. This formulation enables the planner to leverage prior knowledge about the
environment, sensor con guration and model, and the robot's motion model to make
ef cient decisions about where to go next.



Figure 2.2: Comparison how different non-goal-oriented path planning objectives could lead to very
different paths for a UAV to traverse to a goal position. The start state is marked with xs and nal
state asXs .

These several example objective functions illustrate how small changes in the objec-
tives and constraints of the path planning problem can lead to signi cant differences
in the resulting paths, and consequently, in the execution outcomes. In some cases, the
same path planning algorithm can be applied across different objective and constraint
formulations. However, when the problem shifts from a goal-oriented path planning
task to one that seeks to maximize an objective without a prede ned endpoint, the
complexity increases substantially. In the case of informative path planning, such
problems are NP-Hard, requiring careful consideration of the methodologies used to
solve them.

2.2 Problem De nition

The goal of IPP is to maximize information gain given a budget constraint. We
dene it as
T =argmax I4(T;b) st.C(T) B
T2T
where T is the optimal trajectory, T is the set of feasible and collision-free trajectories,
| is the information function, h is the sensor model, b is the world belief state, C() is
the cost function, and B is the budget.



2.3 Approximations & Simpli cations

Because IPP is a challenging NP-Hard optimization problem, it necessitates ap-
proximations, heuristics, and simpli cation in order to solve it in a timely manner.
However, these modi ed problem de nitions "tend to be limited to speci c platforms
or application domains." (Popovic et al. [2020]). Additionally, many approximations
lead to solutions that can perform arbitrarily poorly (Krause and Guestrin [2011], Singh
et al. [2009]). The following are some of these simpli cations and approximations:

» Continuous vs. discrete search effort: the IPP problem is much simpler when
the "search effort" is modeled as a discrete action rather than a continuous sample
Stone [1975]. An example of a true discrete search effort would be digging
samples of soil. However, most sensor types are able to take unlimited samples
and at a rather high rate. These would be sensors that measure temperature,
humidity, wind, or take photos or video. Many methods model the problem
where these sensor modalities only take samples at discrete states even though
the traversal to the state would gather magnitudes more data than the one sample
at the nal state. An in between of discrete and continuous would be taking a
subset of the actual high-rate samples during the traversal.

» Simplied Sensor Model:  this includes both how the world belief model is
updated as well as the dynamics, constraints, and reach of the sensor. A common
simpli cation is modeling the sensor as a radius around the robot state and the
world belief is updated within that radius. The only real sensor | can think of
that would match this would be a sh eye camera pointing downward. The
radius is sometimes an abstraction of lower level data gathering task that has
been merged into one state.

» Simpli ed Motion Model: this includes both the dynamics and the state space of
the robot. Many IPP methods plan in a two dimensional planar world. This can
work ne either if the scale is large enough or the robot is agile or holonomic.
But in some cases this simpli cation would make it hard to translate the plans
into a traversable path in the real world.

* One-step or Receding Horizon Planning: planning over the entire budget can
sometimes be too challenging and a simpler approach is just reasoning over the
next action or over a reduced horizon. This can yield provably optimal local
paths, but does not give global guarantees.

» Planning Once: if the objective of the planner is the model a static environment,
many methods will choose to plan only once which justi es allowing for much
longer planning times, as the planning would happen before deployment. Many
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environments however aren't static and the single static plan wouldn't be able to
take into account disturbances or new observations.

» Reformulating as Coverage Planning: in some cases where the budget allows full
coverage of the space and all spaces give the same information gain, the solution
is a coverage path. However, there are many cases where these conditions aren't
met but a coverage path planner is still used. A variant of this is modeling the
information gain at each step as proportional to the amount of time spent in
the space. The coverage is then proportionally allocated based on the starting
information gain and doesn't take into account the actual observation model.

» Information Gain Simpli cations: calculating the information gain for a path
is challenging because it is a prediction of the result for a given future robot
action. We therefore often try to calculate and maximize the expectation of the
information gain. But this is computation infeasible in many cases. This is when
many use heuristic, approximations, or stand in metrics that act as surrogates to
hopefully lead to the same effect as if using the actual information gain. Or a
simpler world model is chosen that allows for calculating model uncertainty and
then minimizing the uncertainty is the objective.

Each of the simpli cations and approximations should be chosen carefully and
fully justi ed, as they can limit the impact and scope of proposed works. The aim of
this thesis is interrogate, prod, and explore these simpli cations to nd which should
and can be relaxed to create IPP methodologies that can be applied in real-world
applications.

2.4 Informative Path Planning Approaches

Robotic data gathering in physical spaces has been approached using various
methodologies. The Informative Path Planning (IPP) problem can be formulated in
multiple ways, including adaptive sampling and orienteering, each with its own unique
problem constraints and variations.

2.4.1 Discrete Approaches to IPP

One common formulation of the IPP problem involves discretizing the continuous
space into a xed set of states, which allows the problem to be framed as an orienteering
problem. Given a weighted undirected graph, orienteering entails determining a
Hamiltonian path over a subset of nodes that maximizes total information gain while
remaining within a budget constraint. This problem can be decomposed into two
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main components: selecting a subset of nodes based on an optimization objective and
solving a Traveling Salesman Problem (TSP) to nd the shortest path among them. The
speci ¢ optimization objective can be tailored to different tasks, such as environmental
monitoring [Bottarelli et al., 2019] or general Constraint Satisfaction Problems (CSP)
[Arora and Scherer, 2017].

However, orienteering-based IPP formulations face signi cant computational chal-
lenges. The problem is NP-hard [Singh et al., 2009], and nding near-optimal solu-
tions ef ciently requires approximation techniques. Many studies leverage mutual
information-based heuristics to ensure submodularity in the information-gain function
[Meliou et al., 2007]. This property enables diminishing returns: new observations
provide more information when fewer observations have been made, allowing greedy al-
gorithms [Chekuri and Pal, 2005] to approximate solutions with theoretical performance
guarantees.

Despite these advances, discrete formulations struggle in large-scale and high-
dimensional applications and can become intractable as the size of the search space
increases [Binney et al., 2013]. Most existing implementations have been limited to
relatively small search spaces, such as aquatic monitoring [Bottarelli et al., 2019], water
quality assessment [Cheng et al., 2003], and chemical plume detection [Pang and Farrell,
2006]. In contrast, real-world applications such as search-and-rescue missions and
large-scale dynamic target tracking demand algorithms that can scale effectively. While
heuristics [Bottarelli et al., 2019], greedy methods [Chekuri and Pal, 2005, Singh et al.,
2014], and Mixed Integer Programming (MIP) approaches [Vansteenwegen et al., 2011]
have been explored, these methods often fail to capture complex interdependencies in
information gain among sensing locations, limiting their applicability.

2.4.2 Receding Horizon Methods

An alternative approach to solving the IPP problem involves receding horizon-
based methods. These strategies optimize an information-gain objective over a short
lookahead window and rely on iterative replanning to approximate a globally optimal
solution. Examples include temporal logic-based planning for safety-critical applications
[Jones et al., 2013], Gaussian Process (GP)-based informative planning in uncertain
environments [Sun et al.,, 2017], and adaptive lookahead methods that dynamically
adjust the planning horizon to mitigate local optima [Yoo et al., 2016].

However, receding horizon planners are inherently myopic. Since they prioritize
immediate information gain without fully leveraging prior environmental knowledge,
they often struggle to nd globally optimal solutions. Studies have shown that these
planners can become trapped in locally optimal solutions unless the planning horizon
is carefully tuned [Kailas, 2023].
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2.4.3 Global Path Planning Approaches

To address these limitations, many approaches focus on computing globally optimal
paths by discretizing the environment into a graph representation and solving a graph
search problem [Binney et al., 2010, Singh et al., 2009, Zhu et al., 2021]. However,
these approaches face computational bottlenecks. Frolov et al. [2014] found that many
graph-based approaches perform only marginally better than simple lawnmower search
patterns due to their inability to revisit areas effectively. Allowing for revisits is crucial
for maximizing information gain when the reward function is submodular or when
tasks require repeated measurements.

An alternative is to formulate IPP as a branch-and-bound problem, where suboptimal
paths are pruned early to reduce computational overhead [Best and Fitch, 2016,
Binney and Sukhatme, 2012]. While these techniques improve ef ciency, computing
tight bounds for pruning remains challenging, particularly in high-dimensional state
spaces with uncertain environments. Gaussian Process (GP)-based methods have
been proposed to estimate information gain ef ciently, but they introduce additional
computational constraints since inference in GPs scales cubically with the number
of observations [Rasmussen and Williams, 2006]. Even with sparse approximations,
long-horizon planning remains computationally intensive unless strong assumptions
about stationarity are imposed on the covariance function.

2.4.4 Continuous Space Approaches

Rather than discretizing the environment, another class of IPP solutions operates in
continuous space. Sampling-based methods [Hollinger, 2015, Hollinger and Sukhatme,
2014, schmid et al., 2020] incrementally construct a tree by sampling points in the
continuous domain. An anytime best path is selected based on the estimated infor-
mation gain, subject to a budget constraint. This approach mitigates the scalability
issues associated with graph-based methods while providing exibility in large state
spaces. However, naive implementations can still suffer from the curse of dimensional-
ity. As the problem dimensionality grows, the volume of the search space expands
exponentially, making exhaustive exploration impractical.

2.4.5 Toward Scalable and Ef cient IPP

Given these limitations, an important question arises: how can we perform anytime
informative path planning in large, high-dimensional spaces ef ciently? Addressing this
challenge requires balancing computational ef ciency with the need for long-horizon
planning.
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In the following chapters, we explore these challenges in depth and present
a solutions that builds on sampling-based planning while incorporating informed
search strategies and adaptive re nement techniques to maximize ef ciency in high-
dimensional environments.

14



Part |

Informative Path Planning

15






Chapter 3

Informed, Sampling-based Algorithm
for Informative Path Planning

Figure 3.1: Example informative path planning scenario of searching over a mountainous terrain
using a camera. Photo links to the overview video for this chapter.

In this chapter we delve deeper into the informative path planning problem and
outline our rst approach through the use of a sampling-based algorithm *. We present
our simulation results for single, global plans without online adaptation. This sets
up the core foundation for the later work in Chapter 4, where we will extend this
base algorithm to create a robust planner that is adaptive, incremental, and has been
deployed and tested extensively on hardware systems.

3.1 Introduction

Real-world data gathering is an important problem being solved through au-
tonomous robotic platforms. Some examples include spatiotemporal monitoring [Binney

1This work was published in Moon et al. [2022].
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Figure 3.2: An example scenario for an informative path planning problem of searching for a missing
hiker. The UAV plans a path of maximum information gain over a prior belief distribution of the
hiker's location.

et al., 2013], aerial surveillance [Cabreira et al., 2019, Moon and Peterson, 2018, Nguyen,
2015], estimating urban wind elds [Patrikar et al., 2020], and wild re monitoring
[Towhidul Islam and Hu, 2021]. The traditional methods when using humans to
accomplish these tasks may be inef cient, infeasible, tedious, or too risky to carry out.
Using autonomous robots to accomplish these tasks allows for a more ef cient and
safe alternative, as well as opening doors to new applications that were not formerly
possible.

Each data gathering problem can present unique challenges depending on the type
of data, method of collection, and sampling environment the robot must traverse, but
the overall framework for solving the problem can be formulated in a unifying way. A
typical way to formulate a data gathering problem is as an informative path planning
(IPP) problem which involves nding paths that maximize information gathered while
respecting budget constraints. These problems can be challenging to solve as they have
been shown to be NP-hard [Singh et al., 2009] and even PSPACE-hard [Reif, 1979].

Many approaches [Alamdari et al., 2014, Arora and Scherer, 2017, Yu et al., 2014]
attempt to nd a global solution by discretizing the space and reducing the number
of states to be as small as possible, such as planning on a grid or nodes on a graph.
These solutions can be resolution complete, optimal for the given problem conditioning,
but are challenging to apply to real-world scenarios and often give solutions that are
clearly suboptimal for the situation. This can be due to having to reduce the size of
the search space in order to get a solution quickly enough or the oversimpli cation of
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the space which results in having to ignore important factors such as data gathered
between the nodes on the graph.

The work by Hollinger and Sukhatme [2014] adapted common sampling-based
motion planning algorithms to IPP with motion constraints and asymptotic optimality
analysis. Their work quickly explores the space of possible paths to nd a feasible and
optimal solution and was shown to nd optimal solutions faster than existing solvers.
In the work in this chapter, we build upon their approach to create a sampling-based
information gathering algorithm for IPP and present TIGRIS (Tree-based Information
Gathering using Informed Sampling) which introduces two key improvements:

1. Perform informed sampling within a subset of the con guration space that
in uences the estimated information gain, allowing for planning in larger and
higher dimensional search spaces by prioritizing the exploration of paths with
high reward.

2. Include edge rewards using a novel edge cost formulation and demonstrate its
advantage in spite of the extra computation.

We demonstrate that our algorithm works well at rapidly planning high information
gain paths in high-dimensional and large spaces while being constrained to a relatively
small budget relative to the size of the space. An example use-case of this algorithm
is shown in Fig. 3.2 where a xed-wing UAV with a forward-facing image sensor is
searching a region for a missing hiker. In such a situation, it is necessary for a path
planner to be able to plan paths through areas of high potential reward in order to
maximize the likelihood of collecting the most amount of relevant information while
subject to a relatively small budget.

Additionally, in this chapter we also detail how we implement TIGRIS for our
speci c use case—searching for objects of interest using a xed-wing UAV in an
environment that is much larger than the available budget. We step through all
the considerations that had to be made to successfully implement TIGRIS for this
challenging problem including how to estimate edge rewards and the potential gain in
information of a candidate path in the tree. We further detail our environment setup,
belief representation, and how we implement our approach in a practical and feasible
way and also release TIGRIS as an open source package.

The chapter is organized as follows: Section 3.2 reviews the related works in this
eld and the contributions of the work in this chapter. Section 3.3 lays out the problem
de nition. Section 3.4 explains our proposed algorithm. Section 3.5 details our approach
to implementing TIGRIS for our particular use case and all the considerations that
were made in our planning environment. Section 3.6 lays out our testing framework
and results compared to the baseline method.
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3.2 Background

With the foundational background covered in Section 2.4, this chapter focuses
on TIGRIS, our sampling-based approach for performing informative path planning
in large, high-dimensional spaces. While prior approaches have explored receding
horizon control, graph-based search, and sampling-based methods, these techniques
face limitations in scalability or long-horizon reasoning.

A key challenge is balancing exploration and exploitation in high-dimensional
environments while maintaining computational ef ciency. Existing methods often
struggle with computational tractability when applied to large-scale problems. Our
approach builds upon sampling-based methods by incorporating informed sampling
and edge-based reward estimation, allowing us to prioritize high-reward regions
dynamically.

In this chapter, we present TIGRIS, detailing how it overcomes the limitations of
prior work and enables ef cient, scalable information gathering in complex environ-
ments. We analyze its performance in various scenarios and demonstrate its advantages
over existing methods.

3.3 Problem De nition

As de ned in Section 2.2, let T represent a sensor trajectory in T and C(T) be the
cost function for a given trajectory. Let |(T) be the expected reward or information
gain from a trajectory and B be the budget constraint.

We de ne the informative path planning problem as maximizing information gain
subject to a budget constraint as in the following:

T =argmax I(T) st. C(T) B (3.2)
T2T

where an optimal trajectory T is found that does not exceed the budget B.

In this formulation, the information reward function | () is not constrained to being
modular and could also be time-varying modular or even submodular [Krause and
Guestrin, 2011].
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A|gOI’Ithm 1 TIGRIS(Xstar[ 2 Xfree, B, T, y X)
1ls I (Xstart ); C 0;

2 Nstart T Xstart 315 CQ;

3V Nstart ; E 5 5 Velosed 3 3 G (V;E);

4 while computation time <T do

5 | Xsample InformedSample (X);

6 Nnearest Nearest(Xsample; V N Veiosed);

7 | Xfeasible Steer(Xsample; Nnearests  ; Xtree );
8 if Xfeasible & Nnearest then

9 N near Near (Xfeasivle ; V N Velosed);

10 for Nnear 2 Npear do

11 Xnew; €new  St€er(Xfeasible ; Nnear; ; Xfree );
12 if Xnew 6 Nnear then

13 I new I (Xnew; €new: Nnear);

14 Chew  Chpen t CoOst(€new);

15 Nnew f Xnew; Inew; Cnew0;

16 if not Prune(nnhew) then

17 Ef (Nnear ; Nnew)d;

18 v f Nnewd;

19 G (V;BE);

20 if Chew = B then

21 chlosed f Nnewd;

22 return T BestPath(G)

3.4 Methodology

On a high level, TIGRIS is similar to other sampling-based planners in that points
are sampled within the search space and used to build out a tree. For the case of
IPP, each node in the tree contains the state, path cost, and path information gain. At
the end of the planning time, the node with the highest value of path information is
returned. When searching over a large space while subject to a limited budget, our
planner seeks to build high reward paths quickly through prioritizing the sampling of
regions with high reward. This allows us to generate plans that outperform random

sampling approaches throughout the planning time. The code for TIGRIS is described
in Algorithm 1.

Let X represent the state space andxgg; being the starting con guration within
Xfree . T represents the time allowed for planning and is the extend distance when

building the tree. For brevity, we will use the notation X f xgand X f xgto
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represent the operations X X [f xgand X X nfxg respectively.

The algorithm starts by calculating the information reward for the starting con g-
uration Xggrt 2 X with 1 () and sets the cost to zero (Algorithm 1 Line 1). It then
initializes the starting node nggrt , adds it to the vertices set V, and initializes the edges
set E and graph G (Algorithm 1 Line 2-3).

While the computation time has not exceeded the allowed planning time T, the
tree will continue to be expanded. This begins with a new con guration  Xsample being
sampled using InformedSample () (Algorithm 1 Line 5), which in our case we use
weighted sampling where the probability is directly proportional to the information
reward. Details on how we implemented this sampling ef ciently is found in Section
3.5.3.

The nearest node Npearest 2 V N Veiosed 10 Xsample iS found using the function
Nearest() (Algorithm 1 Line 6). Efcient nearest neighbors search could be imple-
mented using structures such as a k-d tree or R-tree.

A feasible point X:easivle iS found by extending from the nearest node by a maximum
cost using the function Steer() (Algorithm 1 Line 7). This feasible point may have
an edge cost less than because the Steer( ) function will extend until a collision or
the budget is reached. This is a subtle difference from [86] in that ours will not allow
points to extend beyond the budget but will rather reduce the extended distance to
create a path that uses the entire budget.

If the feasible point is not the same as the sample point, then near points Npear 2
V N Vgeseg Within a radius from Xieasiple are found using Near() and set as Npear
(Algorithm 1 Line 8-9). This radius could be prede ned or set using a function like in
Karaman and Frazzoli [2010] which de nes a closed hypersphere of radius r, where n
is the number of nodes.

For each node nNpear in the set Npear, and new state Xnew and edge enew is extended
from nNpear 10 Xfeasible USING the Steer() function of cost (Algorithm 1 Line 11).
If the new state Xpew IS NOt the same as Xfeasiple (Meaning it is not trapped or in
the closed set), then a new node nnew Will be created. The information reward for
the node is estimated using | () which calculates the reward for the trajectory up to
the new state Xnew, including the new edge enew and entire trajectory of edges and
states preceding it. Depending on the modularity and temporal dependence of your
information function, calculating the reward for a new node might be as simple as
appending the additional information gain from the new state and edge or, alternatively,
the entire trajectory up to that point may need to be calculated.

After calculating the estimated information reward, the cost of the new edge is
found with Cost() and appended to the cost of the near node C,,,, . With the new
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Figure 3.3: Visualization of how the informed sample state is created from a Bayesian grid belief
space.

state, information, and cost, a new node is now created (Algorithm 1 Line 13-15).
However, before adding this new node to the tree, it is rst checked for if it should
rather be pruned. The Prune() function examines nearby nodes to see if it is worth
adding the new node. This could be a simple heuristic of seeing if a nearby node has
a lower cost and higher reward, but this heuristic can have implications on nding the
optimal solution. A variety of other heuristics can be used to reduce computational
complexity, but, to ensure optimality, the upper bound on reward for the nodes would
need to be used within the Prune() function.

If the node isn't pruned, the edge is added to the set E, the node is added to the
set V, and the graph is updated (Algorithm 1 Line 17-19). If the cost of the new node
is equal to the budget, then the node is also add to the closed set Voseq. Lastly, once
the while loop is terminated when the max planning time is exceeded, the path with
the highest information reward is returned.

3.5 Implementation

We implemented TIGRIS with the objective of reducing entropy with a bias toward
increasing belief probabilities. Our data gathering is performed using a xed wing
UAV and a static forward facing camera. We discretize our space into grid cells with
index i, and let X; be the event that an object of interest lies within the cell at index i.
Therefore P(X;) is the probability of the event, such as a lost hiker being in the cell.
In the formulation of entropy reduction, the value within a cell could easily be any
other metric that we want to reduce uncertainty for such as a model for radioactive
strength in a space or a temperature eld. We assume a prior belief over the map that
we then leverage to plan a path that reduces the overall entropy.

Let x 2 R® SO(2) represent the state of a xed wing UAV in inertial space.
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