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Abstract

Robotic solutions for quick disaster response are essential to ensure mini-
mal loss of life, especially when the search area is too dangerous or too
vast for human rescuers. We model this problem as an asynchronous
multi-agent active-search task where each robot aims to efficiently seek an
unknown number of sparsely located targets in an unknown environment.
This formulation addresses the requirement that search missions should
focus on quick recovery of targets rather than full coverage of the search
region. Previous approaches fail to accurately model sensing uncertainty,
account for occlusions due to foliage or terrain when estimating the next
optimal action, meet the requirement for heterogeneous search teams or
robustness to hardware and communication failures. We present the Gen-
eralized Uncertainty-aware Thompson Sampling (GUTS) algorithm, which
addresses these issues and is suitable for deployment on heterogeneous
multi-robot systems for active search in large unstructured environments.

Some search problems have an additional dimension to seek targets while
attempting to conceal the search agents’ location from the targets. This
is applicable to reconnaissance missions wherein the safety of the search
agents can be compromised. Prior work usually focuses on adversarial
search settings where the evaders (targets) are actively trying to evade the
pursuers (search agents), however, most approaches assume unrealistic
parameters such as complete knowledge, infinite travel speed, unlimited
compute, and/or perfect observation models. We model the problem as a
multi-objective optimisation over the potential information gain of taking
an action and the risk of information leakage to an unknown number of
targets with unknown locations. We present the Stealthy Topography-
Aware Reconnaissance (STAR) algorithm, a multi-objective parallelized
Thompson sampling-based algorithm that relies on a strong topographical
prior to reason over changing visibility risk over the course of the search.

In both sub-problems defined above, we show through simulation experi-
ments that GUTS and STAR consistently outperform existing methods
in their respective problems. We conduct field tests using our multi-robot
system in an unstructured environment with a search area of varying scale
(0.075 km2 - 2.6 km2). Our system demonstrates robustness to various
failure modes, achieving full recovery of targets (where feasible) in every
field test.
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Chapter 1

Introduction

1.1 Search for Disaster Response

The frequency of disaster events is rapidly increasing, world over, due to climate

change [20, 69]. Usually, disaster response operations such as search and rescue (SAR)

are a human endeavour however several factors can impede effective search by human

teams. The search region could be too vast to mobilise enough human resources

to effectively search as is the case during wildfires, floods, landslides, or avalanches

(See Fig. 1.1 top). The search region could also pose a safety risk for searchers as

in the case of nuclear containment or earthquakes (See Fig. 1.1 bottom-left). Over

the years, the deployment of robots for disaster response has become more common

[6, 15, 47, 48, 49] however teleoperation of robots is the most common use. While this

reduces risk to the human search teams, it does not scale as coordination between

agents and communication of information gleaned over the course of the search is

rate limited by the human operators [25] (See Fig. 1.1 bottom-right). Emergency

operations are also time-critical, hence multi-robot teams with high search efficiency

are crucial. This motivates the requirement for decentralized multi-robot systems

capable of efficient active search in large unstructured terrestrial environments.

Active search is the problem of making efficient sequential data-collection decisions

to identify sparsely located targets, while adapting to new sensing information [21, 22].

The basic framework for active search consists of maintaining a posterior probability

distribution over locations of targets and optimizing for information-seeking actions.

1



1. Introduction

Figure 1.1: Top-left: Wildfire in a massive forested region (Image Source: NASA). Top-
right: Massive flood scenario in Pakistan (Image Source: Fida Hussain/AFP). Bottom-left:
Fukushima nuclear reactor meltdown (Image source: Telangana Today). Bottom-right:
Representative picture of an intractable number of tele-operated drones in the air that
human operators would not be able to effectively coordinate (Image Source: Andy Dean).

These actions must balance surveying unseen areas (exploration) and confirming

suspected targets (exploitation) [80, 81, 85].

Even though this basic framework is straightforward, several additional challenges

need to be addressed for deploying these algorithms on a multi-robot system in

realistic search and rescue scenarios. Targets may be occluded to overhead or lateral

views (See Fig. 1.2); hence, a combination of ground and aerial search vehicles is

essential to canvass such a search region thoroughly. However, this requires the search

algorithm to reason through occlusions, viewshed constraints, as well as each robot’s

sensing model and navigational constraints to plan their search actions. Similarly,

though multi-robot teams can theoretically partition the search region for efficient

exploration [62], generating such a partitioning is challenging in a decentralized system

2
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1. Introduction

Figure 1.2: Testing area for our search system in Pittsburgh, PA.

as robots may fall in and out of communication or may get disabled over the course

of the search. Though we would like the robots to share as much sensing information

as possible for effective coordination, we cannot rely on persistent communication.

Therefore, we require our system to be asynchronous and be able to make intelligent

decisions with partial information. Finally, the number of targets in the search

region is usually unknown, and sensing actions are noisy [32, 43, 53]. Previous search

methods make strong simplifying assumptions [19, 60] and don’t deal with these

challenges fully, making it intractable to deploy them in realistic search settings. We

propose a novel search algorithm, Generalized Uncertainty-aware Thompson Sampling

(GUTS) that follows the parallelized Thompson Sampling framework [21, 22, 35].

GUTS has an improved reward function that prioritizes the rate of recovery of

targets, realistically models sensing noise in UAVs and UGVs, and is computationally

optimized it to run in large environments on real hardware. GUTS is applicable to

any unstructured search region, without assumptions on the number of targets, and

is robust to communication and hardware failures.

We demonstrate our search system consisting of UGVs and UAVs on field tests in

a large unstructured natural environment in Pittsburgh, PA, shown in Fig. 1.3 and on

3



1. Introduction

Figure 1.3: Test-field in Pittsburgh, PA. (a) shows the traversal costmap and the search
polygon (purple is high cost and black is low cost), and (b) shows an overhead image with
the most common target locations and launching areas of the robots. The area inside the
polygon is roughly 75,000 sq meters.

simulated tests. Our results show the robustness of our system, along with superior

search performance compared to existing approaches. To the best of our knowledge,

this is the first heterogeneous multi-robot system for asynchronous multi-agent active

4



1. Introduction

Figure 1.4: Left: Military vehicles with military personnel whose safety is at risk during
reconnaissance missions (Image Source: Reuters). Right: Desert mountainous landscape,
the topography can inform search and evasion strategies (Image Source: Ed Ledford).

search built at this scale that is robust to communication and robot failures and

operates without any human direction or manual subdivision of the search region.

1.2 Search for Reconnaissance

In reconnaissance missions, a team of agents search for an unknown number of hostile

targets in a given region. In contrast with search for disaster response, the targets in

reconnaissance are adversarial in nature: they do not wish to be found and search

agents attempt to conceal their own locations from the targets. As pictured in

Fig. 1.4-right we consider landscapes with an undulating terrain devoid of foliage.

Similar to disaster response solutions, as it stands today, reconnaissance missions

are a largely human endeavour, time-critical, pose great risk for the human search

agents, and teleoperation of robots is not a scalable solution.

In prior work, the problem of adversarial search is often referred to as the

pursuer-evader problem [1, 50]. Several approaches seek to maximise the worst-

case performance of the pursuer and imbibe the evader with extraordinary abilities

like complete knowledge, infinite travel speed, and infinite compute. However, these

solutions are often prohibitively expensive to compute [23] on real hardware or too

conservative to be applicable in real-world settings even when using more realistic

constraints like limited visibility for the pursuer and evader [31].

Target tracking [83, 84] and target detection [11] are distinct problem formulations

5
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1. Introduction

in the adversarial setting where, in the former case, the targets move in an adversarial

or non-adversarial way and the team’s role is to maintain a strong belief over the

location of the target over time, whereas in the latter case, the team’s role is to identify

its location with high certainty as quickly as possible. In the general case, the former

problem is NP-complete [9], however for the resource-constrained single-pursuer case

an optimal solution exists taking into account visibility risk [61]. We model the

problem as the latter case, with multiple pursuers and immobile evaders that may be

placed on the map adversarially. Our metrics are the rate of recovery of the sparsely

located targets and the stealth penalty incurred by the team of search agents over

the course of the search.

The core idea of our approach is simple, during reconnaissance missions a strong

prior on the number of targets or their locations is usually not available, however,

satellite imagery and by extension topographical information of the search region

may be available. Refer to Fig. 1.5 for an example average visibility of a terrain

similar to that pictured in Fig. 1.4, if the agent were to search for sparsely located

targets in the map, the intuition is that it would be beneficial to search in better

hiding places as the adversarial targets don’t want to be found. Additionally, the

topography also informs the path planning as taking routes with lower visibility risk

should be preferred.

Topography-aware path planning with adversarial targets is well-studied in the

context of military operations [46, 67, 68] and in the context of stealth-based video

games [2, 30]. However, these approaches focus on path planning but not on a

competing search objective, i.e. they assume that the adversary locations are known

or are unknown but don’t need to be located, they simply need to be avoided en

route to the goal location if encountered.

We present the Stealthy Topography-Aware Reconnaissance (STAR) algorithm,

a multi-objective optimisation algorithm that follows the parallelized Thompson

Sampling framework [21, 22, 34] which has been shown to be near optimal for

adaptive goal-oriented tasks [35] such as in the multi-agent asynchronous active

search problem we have here. We combine the information-seeking reward-based

policy from GUTS with a topography-aware stealth penalty that informs search

and path planning using the OMPL planner [66]. We show through our simulation

experiments that the STAR algorithm outperforms GUTS, an information-greedy
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1. Introduction

region sensing policy [44], a myopic coverage-based policy, and a random policy on

the recovery rate of targets as well as on the stealth metric we define. Finally, we

verify that the STAR algorithm runs on upto four ground-based search agents in

a search region that is 2.5km2 in size, though the field tests were conducted at a

restricted site and we do not present the results here.

Figure 1.5: Top-down view of an example terrain showing average visibility as a colour
gradient from deep blue to bright yellow. As we can see the peaks of the mountains are
visible from anywhere in the map and are bright yellow while the valleys between closely
spaced mountains are less visible and hence deep blue. The grid size here is 60m× 60m.
This region’s dimensions are 2305.5m × 1837.5m representing a total area of 4.236km2.
That’s nearly 750 American Football fields. As is evident there are plenty of locations that
the targets can be hidden and simultaneously plenty of opportunity for the search agent(s)
to search while remaining concealed.

7



1. Introduction

1.3 Research Contributions

• We propose the Generalised Uncertainty-aware Thompson Sampling (GUTS)

algorithm, that uses an improved reward design, more accurately models sensing

noise, and is computationally optimized over prior parallelized TS methods

[21, 22] and optimised for quick recovery during search and rescue missions.

• We experimentally show superior search success rate and search efficiency of

GUTS compared to existing search methods, namely NATS [21] and coverage-

based search, in field and simulated experiments.

• We propose the Stealthy Topography Aware Reconnaissance (STAR) algorithm,

a multi-objective search algorithm that combines with reward function of GUTS

with a stealth objective that uses topographical information to encourage

concealment of the search agent as well as search in locations with greater

likelihood of recovery.

• We show good search performance of the STAR algorithm, locating all targets

within the time budget while performing better than GUTS and other baseline

methods on both the stealth metric and rate of recovery of targets in simulation.

We validate the STAR algorithm on real robots.

• We present a working system of heterogeneous robots that is capable of asyn-

chronous multi-agent active search in large unstructured natural environments

without a central planner. We design our multi-agent search algorithm to be

robust to loss of robots mid-search, noisy observations and communication

breakdown without any human intervention.

1.4 Thesis Outline

In Sec. 2 we cover key concepts that constitute background knowledge in this thesis

and will underpin the rest of the work. In Sec. 3 we describe an overview of the

physical test systems employed in this work. In Sec. 4 we describe the prior work in

the area of multi-agent active search and present the GUTS algorithm that tackles

the shortcomings of prior approaches. We show superior results in simulation and

in field experiments. In Sec. 5, we define the problem of stealthy multi-agent active

8
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search before we go on present the STAR algorithm that shows promising results by

outperforming existing methods on a realistic formulation of the problem that is not

tackled in literature.

9
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Chapter 2

Background

2.1 Active Search

Active search refers to the problem of finding a target by making a sequence of queries,

each of which reveals some information about the target’s location. Active search

problems can be formulated in a variety of ways, depending on the specific context

and the constraints on the searcher’s actions. For example, in a multi-armed bandit

problem, the searcher is trying to locate a target that is hidden in one of a number of

‘arms,’ each of which has a different probability of yielding a reward. The searcher

must balance the trade-off between exploration (trying out different arms to gather

more information) and exploitation (choosing the arm that has the highest expected

reward based on the information gathered so far).

In the multi-agent search context, active search is the problem of making efficient

sequential data-collection decisions to identify sparsely located targets, while adapting

to new sensing information [21, 22]. The basic framework for active search consists

of maintaining a posterior probability distribution over locations of targets and

optimizing for information-seeking actions. These actions must balance surveying

unseen areas (exploration) and confirming suspected targets (exploitation) [80, 81, 85].

Information gain is commonly used as a metric to inform search actions. Informa-

tion gain refers to the amount of additional information that is obtained by making a

particular query. It can be measured using Shannon’s entropy [63], which is a measure

of the uncertainty or randomness in a system. The entropy of the target’s location is
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high initially, and it decreases as the search agent receives more information through

the queries. The information gain of a particular query is the difference in the entropy

of the target’s location before and after the query is made. Information gain can be

formalised as follows:

IG = H(ppursuert )−H(ppursuert+1 )

where, ppursuert is the belief (probability mass function) over the location of the single

evader at timestep t with respect the the single pursuer. H(ppursuert ) is the Shannon

entropy of this probability mass function at timestep t. Hence the information gain

measures the reduction in entropy (and therefore the increase in certainty) in the

belief of the location of the evader with respect to the pursuer between timesteps.

The assumption is that the pursuer makes a query at every timestep causing its belief

ppursuer to change.

In adversarial active search, the search agent has a competing objective to limit

Information Leakage to the targets being searched for. Information leakage refers

to the amount of information that is revealed about the search agent’s location to

the adversarial targets. Information leakage can occur when the search agent makes

queries to locate the targets.

Information leakage can be formalised as follows:

IL = H(pevadert )−H(pevadert+1 )

where, pevadert is the belief (probability mass function) over the location of the single

pursuer at timestep t with respect the the single evader. H(pevadert ) is the Shannon

entropy of this probability mass function at timestep t. Hence the information leakage

measures the reduction in entropy (and therefore the increase in certainty) in the

belief of the location of the pursuer with respect to the evader between timesteps.

The assumption is that the pursuer makes a query at every timestep causing it to leak

some information about its own location to the evader and hence the belief pevader

changes.

Then in our formulation of a single pursuer and evader the optimal policy would

be the result of:

12
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πpursuer
∗ = argmaxπpursuerE

[ γ controls the horizon︷ ︸︸ ︷∑
t

γt
(
H(ppursuert )−H(ppursuert+1 )

)
; πpursuer

]

s.t. H(πpursuer) = E

[∑
t

γt
(
H(pevadert )−H(pevadert+1 )

)
; πpursuer, πevader = f(πpursuer)

]
< H̄

where, πpursuer
∗ is the optimal policy of the pursuer that maximises the expected

information gain over the entire episode with γ controlling the extent of the receding

horizon. The second equation is a constraint to limit the information leakage to the

evader below some threshold H̄ over the entire episode. πevader is the policy of the

evader which is a function of the pursuer policy πpursuer, this makes sense in our case

as the evader is immobile and it can only make an observation of the pursuer given

the action of the pursuer, for example if the pursuer chooses to come close enough to

it that the evader can detect it.

2.2 Thompson Sampling

The emphasis on mentioning that there is only a single evader and single pursuer

in the above formulation is that, usually, Bayesian search or information greedy

approaches to active search are inapplicable to multi-agent search situations without

a central planner [32, 43, 53]. In order to overcome this limitation of needing a central

planner for multiple agents we explore Thompson Sampling.

Thompson Sampling (also known as Myopic Posterior Sampling) is an online

Bayesian learning algorithm that is used to make decisions in a sequential manner.

Thompson Sampling provides a framework to solve problems which involve balanc-

ing the trade-off between exploration (trying out different options to gather more

information) and exploitation (choosing the option that has the highest expected

reward based on the information gathered so far) [57]. In Thompson Sampling, the

decision-maker maintains a probability distribution (called the posterior distribution)

over the expected rewards of each option at each step. At each step, the decision-

maker samples a reward from the posterior distribution for each option and selects

13
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(a) Suppose we want to determine the maximum
of some unknown function (dotted line). We
only have access to a black box that when
queried with an input x returns an observa-
tion y.

(b) Our prior over the function is extremely
uncertain (coloured lines).

(c) As we get more data ({x, y} pairs) we refine
our posterior belief (coloured lines) and bring
it closer to reality.

(d) Thompson Sampling provides us with a sam-
pling paradigm that is near optimal: we start
by taking a sample from the posterior (green
line) and assume that is the true function.

(e) We find the maximum of our Thompson Sam-
ple (green line) at xt and query the black
box at that value.

(f) The red cross marks the observation yt re-
turned by the black box when queried with
xt.

Figure 2.1: Illustrative example of Thompson Sampling in 1D. In this example we attempt
to find the maximum of an unknown function, in the process we refine our estimate of the
actual underlying function. Steps (d), (e) and (f) are repeated and over time the we expect
to converge to the optimal decision-making strategy [35]. Diagram credit: Kirthevasan
Kandasamy
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the option with the highest sampled reward. This process is repeated at each step

until the problem is solved. Fig. 2.1 illustrates the working of Thomspon Sampling

for a 1-D continuous example.

Thompson Sampling has several attractive properties, including convergence to the

optimal decision-making strategy [35] as the number of steps increases and robustness

to misspecification of the prior distribution [34]. It has been applied to a wide range

of problems, including online advertising, clinical trials, and recommendation systems.

Thompson Sampling is an excellent candidate for an asynchronous multi-agent

online algorithm without a central planner. By using a posterior sample in its reward

function, it allows a calculated randomness in the reward that enables multiple agents

to independently solve for different values that all contribute to the overall goal of

locating targets even if all agents have the exact same information but are not able

to centrally plan.

2.3 Sparse Bayesian Learning

Thompson Sampling allows us to scale to multiple agents without a central planner

whilst being robust to communication loss or robots becoming disabled mid-run,

however, when the number of targets is unknown, there is no closed form of equations

that can describe the optimal policy in terms of the information gain and information

leakage as both quantities need to be integrated over a meta-belief over how many

targets are actually out there.

Before we examine the solution to having an unknown number of targets, let us

consider that we had k targets, the approach here would be to have k distributions

over the space for each of the targets and then information gain and information

leakage could be summed for each agents over all targets when doing the Thompson

Sampling step.

We follow [21] and utilize Sparse Bayesian Learning as explained in Tipping [71] to

deal with an uncertain k. The idea of Sparse Bayesian Learning is simple, instead of k

being known apriori it is learned through observations. We assume a separate gaussian

distribution for each location in the discretised space. Each of these distributions has

a zero-mean prior while the variance is sampled from an inverse-gamma distribution

(See Fig. 2.2). As is evident from the figure, the inverse-gamma distribution will
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Figure 2.2: Representative plot of inverse-gamma distributions with various parameters

encourage only a few variances values to be significantly greater than zero while

most will be close to zero. The parameters of the inverse-gamma distribution will be

learned through incoming observations and hence this encodes some flexibility in the

number of targets being modelled k.

Now we have all the building blocks in place that we may construct a robust

multi-agent active search system [21] capable of searching for an unknown number of

sparsely located targets [51, 71] without strong communication/coordination guarantees

[34] whose search performance is expected to be near optimal [35].
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Chapter 3

System Description

This section describes our multi-robot system on which we evaluate our search

algorithm. For the UGV, we use the RecBot, a John Deere E-Gator utility vehicle

that has been retro-fitted with a drive-by-wire autonomy kit (Fig. 3.1). For the UAV,

we use the Lil Hexy 1 air-frame paired with a PixHawk flight controller 2 as our base

platform (Fig. 3.1). We added a custom camera payload and additional onboard

compute in the form of the Nvidia Jetson AGX Xavier to this platform.

We summarize the components of our autonomy stack necessary to understand

the work in this dissertation below.

3.1 Camera FOV

As depicted in Fig. 3.2 the sensor pod on the UGV has a 37° vertical and 192°
horizontal FOV. The sensor module consists of five RGB cameras, each of 12 MP, to

allow for accurate target detection up to several hundred meters away. A sensor pod

with one RGB camera of 5 MP resolution is mounted on the UAV pointed downward

with a 5° angle with the vertical, tilted in the direction of the travel of the UAV. The

19°× 16° FOV on this camera would, for instance, cover an area of 27.8m× 22.5m

from a flight height of 80m.

1https://vscl.tamu.edu/vehicles/little-hexy/
2https://pixhawk.org/

17



3. System Description

(a) (b)

Figure 3.1: Left: RecBot UGV. Right: Lil Hexy UAV.

3.2 Object Detector

For the UGV, we use a customized version of the widely used YOLOv3 neural network

architecture [54] to support fast inference on the Nvidia RTX 6000 GPU given very

high-resolution input images. For the UAV detector, the computing power is limited;

so we use a less computationally intensive model [36] and run it on the Nvidia Jetson

AGX Xavier.

3.3 Object Tracking

The perception module uses a Kalman filter [33] to track possible targets. We describe

our sensing model in detail in section 4.2 and 5.3. For example, the estimated target

locations detected by the ground-vehicles have more uncertainty along the range to

the object compared to the bearing direction. This is represented by the covariance

associated with a track returned by the Kalman filter. Moreover, this uncertainty

increases with object distance from the observer.
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3. System Description

Figure 3.2: Top-down view of UGV camera field-of-view. Span is 192° horizontally and 37°
vertically.

3.4 Traversal Costmap for UGV

We represent the environment using a global and local costmap. The global costmap

is initialized from prior information based on overhead imagery. The local costmap is

generated from sensor data as the robot traverses the environment. These costmaps

are used extensively by the low-level planner, Search Based Planning Library (SBPL)3

or Open Motion Planning Library (OMPL) [66], to chart safe paths to waypoints

provided by the planning module being presented in this paper.

3.5 Targets

The targets are people (mannequins), a John Deere E-Gator, or a pickup truck.

Fig. 3.4 shows example frames from the UGV and UAV camera systems with successful

detections.

3https://github.com/sbpl/sbpl
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3. System Description

Figure 3.3: UAV camera field-of-view. Span is 19° × 16°. At a flight height of 80m, this
leads to approximately 27.8m× 22.5m rectangle of visibility on the ground.

20



3. System Description

(a) Pickup Truck (b) Pickup Truck

(c) E-Gator (d) E-Gator

(e) Person (f) Person

Figure 3.4: Object detector: qualitative results. We show images and target detections for
the UGV (left) and the UAV (right)
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Chapter 4

GUTS: Generalized

Uncertainty-Aware Thompson

Sampling

In this section, we will formalise the decentralised multi-agent active search problem

and present the GUTS algorithm.

4.1 Related Work

Previous works on multi-robot search systems work in more specialized settings

(e.g., homogeneous teams, single agent search) and make strong assumptions (perfect

communication, homoscedastic noise model). For instance, Coverage-based search

methods [13, 42, 58, 59] exhaustively navigate the search space. They assume that

the search area is mapped and do not adapt to new information online. A similar

criticism exists for frontier based methods like [52].

Bayesian active-search methods [32, 43, 53] can accurately model observation

uncertainty when searching for sparse signals with a single agent. However, the

deterministic nature of their search policies makes extending these methods to the

multi-agent setting difficult without centralization. Recent work has modelled the

active-search problem as a POMDP and trained search policies in simulation using

reinforcement learning [29, 64, 80, 81, 85]. It is usually difficult to deploy these
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methods on robotic systems because of their high sample complexity and unrealistic

simulations.

Ghassemi et al. [19] employ an information-theoretic approach to asynchronous

multi-agent active search, but work with a homogenous swarm assuming perfect com-

munication and a homoscedastic noise model. Salman et al. [60] generate trajectories

such that the time spent in an area corresponds to the likelihood of the presence of

targets. However, their method does not incorporate new observations and relies on

perfect communication and a strong unified prior on locations of targets. Ayvali et.

al. [4] tries to improve upon the previous approach without relying on a prior but is

confined to a single agent case.

Dec-MCTS [8] is a multi-agent active-perception algorithm that has shown promis-

ing simulated results. Dec-MCTS is a decentralized version of MCTS where all robots

optimize their trajectories asynchronously but achieve coordination by sharing their

partial search trees and do not model uncertainties in realistic perception pipelines.

Noise-Aware Thompson Sampling (NATS) [21] is an asynchronous multi-agent

active-search algorithm that can deal with heteroscedastic noise models and has shown

promising simulated results. NATS uses myopic posterior sampling to ensure that

the agents take diverse sensing actions without centralization. Thompson Sampling

[70] is an online optimization method that balances exploration and exploitation by

maximizing the expected reward assuming that a sample from the posterior is the

true state of the world [57]. This stochastic nature is the key attribute that makes

it an excellent candidate for an asynchronous multi-agent setting with unreliable

communication as it promotes some diversity in action selection.

4.2 Problem Formulation

We model the search region as a grid with a cell size of 30m x 30m. We have access

to the costmap for ground robot traversability. Fig 1.3 shows an overhead view and

the costmap for the field testing site in Pittsburgh, PA. This costmap was generated

from a drone flyover several months before field testing. Some parts of the map have

changed since then, but our on-robot sensing and mapping system can recognize

changes like blocked paths. Due to the ubiquity of satellite imagery, it is reasonable

to assume such approximate map information of the search region to be available.
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As is evident from Fig. 1.3, several areas cannot be accessed or viewed by ground

vehicles. In addition, large portions of the map are covered with dense foliage, which

may obscure any targets hidden under it from the view of the air vehicles. This

necessitates heterogenous coordination to explore the search region completely.

We model the active search problem as follows:

• We give the same search region to all robots. (see the red polygon in Fig. 1.3

for an example).

• The targets are sparsely placed and static. They need to be located as fast as

possible with high certainty.

• Each robot must plan its next data collection action on-board, i.e., no central

planner exists.

• The robots may communicate their locations and observations with each other;

however, the algorithm should function anywhere in the spectrum of total

absence of communication to perfect communication.

We note that the objective is not to cover the entire search space. Rather it is

specifically to locate all targets as fast as possible.

More formally, we represent the locations of targets in our 2D grid representation

using a sparse matrix B ∈ RM1×M2 . Let β ∈ RM be the flattened version of matrix

B, where M = M1M2. This vector is sparsely populated, with 1 at locations corre-

sponding to targets and 0 elsewhere. We model the uncertainty in our observations

by

yt = clip(Xtβ ± nt, 0, 1) with nt ∼ N+(0,Σt) (4.1)

where Xt ∈ RQ×M describes the sensing matrix such that each row in Xt is

a one-hot vector indicating one of the grid cells in view of the robot at timestep

t, and Q is the total number of grid cells the robot can view. yt ∈ RQ×1 is the

resultant observation including the additive depth-aware noise vector nt ∈ RQ×1.

This depth-aware noise encodes the intuition that observation uncertainty increases

with distance to the robots, and we model it by having the diagonal elements of the

noise covariance matrix Σt monotonically increase with the distance of the observed

cell from the robot. The noise is sampled from a positive half-Gaussian distribution

N+(0,Σt) and is added for cells without targets and subtracted for cells with targets.

The observation yt is clipped to be within 0 and 1.
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Algorithm 1 GUTS Algorithm

Assume: Sensing model (4.1), sparse signal β, J agents
Set: Dj

0 ← ∅ ∀j ∈ {1, ..., J}, γm = 1 ∀m ∈ {1, ...,M}
for t = 1, ...., T do
Wait for an agent to finish; for the free agent j:
Sample β̃ ∼ p(β|Dj

t ,Γ) = N (µ,V) from (4.2)
Xt = argmaxX̃R(β̃,D

j
t , X̃) from (4.5)

Observe yt given action Xt

Update Dj
t+1 = Dj

t ∪ (Xt,yt)
Share (Xt,yt) Estimate Γ = diag([γ1, ..., γM ]) using (4.3)

end for

Let Dj
t be the set of observations available to robot j at timestep t. Dj

t comprises

of (Xt,yt) pairs collected by robot j as well as those communicated to robot j by

other robots. Let the total number of sensing actions by all agents be T . Our

main objective is to sequentially optimize the next sensing action Xt+1 based on Dj
t

at each timestep t to recover the sparse signal β with as few measurements T as

possible. Each robot optimizes this objective based on its own partial dataset Dj
t in

a decentralized manner.

4.3 Algorithm

This section presents the GUTS algorithm. The framework for decision-making

follows [21]. Each robot j asynchronously estimates the posterior distribution over

target locations based on its partial dataset Dj
t . During the action selection stage,

each robot generates a sample from this posterior and optimizes a reward function

for this sampled set of target locations. Sec. 4.3.1 and Sec. 5.4.2 describe both these

steps for the Noise-Aware Thompson Sampling (NATS) algorithm presented in [21].

We utilize the posterior computation step in Sec. 4.3.1 for GUTS . In Sec. 4.3.3

and onward, we describe the new reward function to improve search performance,

the depth-aware noise models for our UGVs and UAVs, and speed-up techniques to

optimise the code to run on large environments.
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4.3.1 Calculating Posterior

Each robot assumes a zero-mean gaussian prior per entry of the vector β s.t. p0(βm) =

N (0, γm). The variances Γ = diag([γ1...γM ]) are hidden variables which are estimated

using data. We follow [71, 78] and use a conjugate inverse gamma prior on γm to

enforce sparsity s.t. p(γm) = IG(am, bm) = bamm
Γ(am)

γ
(−am−1)
m e−(bm/γm) ∀ m ∈ {1...M}.

We estimate the posterior distribution on β given data Dj
t for robot j using EM.

We can write analytic expressions for the E-step (estimating p(β|Dj
t ,Γ) =

N(µ,V)) and M-step (computing maxΓ p(D
j
t |β,Γ)) respectively:

V = (Γ−1 +XTΣX)−1;µ = V XTΣy (4.2)

γm = ([V]mm + [µ]2m + 2bm)/(1 + 2am) (4.3)

where X and y are created by vertically stacking all measurements (Xt,yt) in Dj
t , and

Σ is a diagonal matrix composed of their corresponding depth-aware noise variances.

Each robot estimates N(β|Dj
t) = N(µ,V) on-board using it’s partial dataset Dj

t .

We drop the index j from equations (4.2) and (4.3) for clarity. We set the values

of am = 0.1 and bm = 1 as these were found to be effective in [21]. Finally, agent j

samples from the posterior β̃ ∼ p(β|Dj
t).

4.3.2 Choosing Next Sensing Action

Each robot chooses the next sensing action Xt+1 by assuming that the sampled

set of target locations β̃ is correct. Specifically, let β̂(Dj
t ∪ (Xt+1,yt+1)) be our

expected estimate of the parameter β using all available measurements Dj
t and the

next candidate measurement (Xt+1,yt+1). Then the reward function to evaluate each

possible sensing action is defined as:

R(β̃,Dj
t ,Xt+1) = −Ey|Xt+1,β̃

[||β̃ − β̂(Dj
t ∪ (Xt+1,yt+1))||22] (4.4)

The reward function is stochastic due to the sampling of β̃ and this ensures that

the search actions selected by the robots are diverse.
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4.3.3 GUTS Reward function

During action-selection, each robot optimizes a sensing location by maximizing the

reward function in equation (4.4). We observed that this reward function leads to

poor search performance at the start of the run. At the start of episode, the posterior

belief over target locations is very uncertain and all possible next waypoints have

almost-zero probability of finding a target. Hence, this reward function leads to

excessively explorative behavior.

We modify the reward function to

R(β̃,Dj
t ,Xt) = −||β̃ − β̂(Dj

t ∪ (Xt,yt))||22 − λ× I(β̃, β̂) (4.5)

Where λ(= 0.01) is a hyperparameter that reduces the reward for a search location

if the estimated β̂ does not have high likelihood entries in common with the belief of

the ground truth at the current step β̃. This change improves the discriminatory power

of the reward and encourages exploitative actions early in a search run. Formally, let

k̂ and k̃ be the number of non-zero entries in β̂ and β̃, then the indicator function

I(.) is defined as:

I(β̃, β̂) =

0, if any matches between top k̂
2
entries in β̂ and top k̃

2
entries in β̃

1, otherwise

Our experiments show that this modified reward function achieves better search

efficiency.

4.3.4 UAV Sensing Action Model

In the general case, Fig. 4.1 shows an exaggerated example of increasing FOV and

corresponding increase in depth-aware noise with increasing flight height of the UAV.

For the experiments in this work, the flight height of each UAV is fixed between

70m− 90m, and have an approximate FOV of 30m× 30m on the ground below it.

Additionally, we consider flight paths that are straight lines and hence we include

cells that will be flown over en-route to the final waypoint in the reward computation.

Note that NATS [21] does not consider information gain en-route to the waypoint
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when planning, it only accounts for the reward at the final waypoint. We correct this

modelling error in estimating β̂(Dj
t ∪ (Xt+1,yt+1)) by integrating over observations

on the path to sensing action Xt.

(a) (b) (c)

Figure 4.1: Exaggerated example of UAV sensing action model with different flight heights
for the same flight path. The light blue triangle is the UAV, the blue cross is the goal
location and the blue line connecting the two is the projected flight path. The shaded
region is the expected sensing action given the flight path and flight height. The lighter the
shade, the higher is the noise value associated with the observation in that cell. From (left)
to (right) we see increasing field-of-view and increasing depth-aware noise.

4.3.5 UGV Sensing Action model

We use a set of high-resolution cameras with total FOV 192° for the ground vehicles.

This allows the perception system to pick up detections several hundred metres out.

In the general case we would model the FOV as shown in Fig. 4.2, however this

approach was prone to error without dynamic updation of the extent of the FOV

subject to occulsions. Therefore, we model the FOV of the UGV as a 30m× 60m

space directly in front of it. In the GUTS grid representation, this would be the

two cells along the bearing of the UGV. We approximate the FOV conservatively.

Overestimating the FOV would be disastrous since GUTS would then erroneously

assume some parts of search region have been searched and never find targets in that

region. Note that the perception module still reports positive detections even beyond

the modelled FOV, hence there is no loss of information.
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Figure 4.2: A simple illustration of the maximum extent of the robot viewable region given
its coordinates and and direction of facing. The robots cannot see beyond the limits of the
map or through obstructions as shown by the viewable region of the blue robot. Since this
viewshed does not take into account occulsions, we employ a conservative FOV for UGVs
as described in Sec. 4.3.5.

We do not consider possible targets en route to a candidate sensing action Xt for

computing the reward function for UGVs because computing and integrating over

trajectories for each possible sensing action Xt is expensive. Each robot still logs and

shares observations along the way to a waypoint even though they weren’t explicitly

accounted for. The problem of integrating trajectory-level information gain for UGVs

will be tackled in future work.

4.3.6 Modified Depth-Aware Noise Modelling

We describe our heteroscedastic noise-model for target observations in this section.

NATS [21] models this noise using a diagonal covariance matrix where the diagonal

elements are proportional to the distance between the observed grid cell and the

robot. Intuitively, this represents our confidence in existence of a detected target at

the grid cell in consideration. However, this is not a quantity that is actually available

for learning-based perception systems.
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(a) (b) (c)

Figure 4.3: Representative example of modified depth-aware noise modelling using location
uncertainty associated with target tracks over time. The blue triangle is the agent, the green
circle is the target and the light-green shaded elliptical region is the location uncertainty
of the target as calculated by the agent. From (left) to (right) we see decreasing location
uncertainty of the target from the agent’s perspective with reducing distance between the
agent and the target.

We combine the detection confidence of our object detector with the location

uncertainty obtained through Kalman filter to estimate this confidence. A represen-

tative example of this is depicted in Fig. 4.3. We employ the following heuristic to

approximate the existence uncertainty for positive observations:

σ2 = min

(
0.5,

Vol. of target loc uncertainty ellipsoid (m3)

target detection confidence× 1000

)
This formula is based on the intuition that the location uncertainty obtained by

the Kalman filter implicitly encodes existence uncertainty as well. We found that

this heuristic worked well in our experiments. We re-use the original depth-aware

noise-model used in [21] for negative observations.

4.3.7 Accelerating GUTS

We describe a simple example to make the scale of the speedup clear. For an area of

0.7 sq.km, the original NATS implementation [21] took over 60 minutes to compute

the first waypoint. After the following three changes, we cut the waypoint selection

time to under two minutes:
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Table 4.1: Field Testing Results: We report the search parameters (team size, total search
area, total targets, algorithm used) with evaluation metrics (runtime, targets found, and
search efficiency T/C) for each run. We observe that GUTS outperforms the coverage-
based planner in terms of search efficiency (T/C). We also note runs with communication
breakdown (CB), hardware failures (HF), and issues with detectors (ND = noisy detector).

Run Team Size (J) Search Area (m2) Runtime (s) Targets found (C) Total targets (M) T T/C Algorithm Notes

1 1 UAV ∼ 75, 000 1600 4 7 27 6.75 Coverage -
2 1 UAV ∼ 75, 000 1500 5 8 28 5.6 Coverage -
3 1 UAV ∼ 75, 000 1000 2 8 8 4 5% GUTS -
4 1 UAV ∼ 75, 000 1600 4 8 16 4 5% GUTS -
5 1 UAV ∼ 75, 000 500 3 4 5 1.67 GUTS -
6 2 UGVs ∼ 75, 000 1000 (avg) 3 3 3 1 GUTS ND
7 2 UGVs ∼ 75, 000 600 (avg) 6 6 6 1 GUTS CB, ND
8 2 UGVs 1 UAV ∼ 75, 000 1200 (avg) 6 6 13 2.167 GUTS CB, HF, ND

• GUTS needs to compute V in (4.2) repeatedly for candidate sensing action

Xt+1. The matrix inversion step is expensive. We leverage the diagonal nature

of (Γ−1 + XTΣX)−1 to speed up inversion by simply inverting the diagonal

elements.

• Additionally, the XTΣX term in (4.2) can be calculated additively as follows:[
X1

X2

]T [
Σ1 0

0 Σ2

][
X1

X2

]
= XT

1Σ1X1 +XT
2Σ2X2

This leverages the independence of sensing noise in different grid cells and

results in significant-speedup later in the run when X is high-dimensional.

• For µ in eqn. 4.2, we exploit the sparse nature of the sensing matrix X to speed

up computation [76]

Compute is extremely limited on the UAVs. For the drones we had an additional

sampling parameter that subsampled the possible sensing actions the drone could

take to dial in the planning time as needed. Typically we tested within the 1% to

10% subsampling range.

4.4 Experiments and Results

Our experiments aim to demonstrate the improved search efficiency of our proposed

algorithm GUTS compared to existing search methods: NATS and coverage-based
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(a)

(b) (c)

Figure 4.4: Comparison of Search Efficiency. (a) We visualize the search efficiency for
each run in Table I. We plot the recall versus the number of sensing actions taken per
robot. This graph shows that GUTS outperforms the coverage baseline on our system.
We also observe that subsampling the total set of waypoints achieves a good balance of
computational efficiency and performance, and slighly outperforms the coverage baselines
on UAVs. (b and c) We compare the recall rate of different search algorithms vs runtime
in a single-robot and multi-robot simulation. We again observe that GUTS outperforms
NATS and coverage-based search.

search. We run a computationally optimised (similar to Sec. 4.3.7) version of NATS

for our experiments since the original implementation [21] is too slow for the scale of
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our experiments. The coverage-based baseline myopically chooses the next waypoint

in an unvisited part of the search region. We evaluate these methods on a realistic

multi-robot Gazebo [40] simulation. Our simulation uses a pre-mapped costmap of

our field test site and accurately simulates the robots’ sensing, trajectory planning,

and traversal.

We also seek to validate that GUTS can run in real-time on a heterogenous

multi-robot team and can function robustly in the face of communication breakdown,

hardware failures, and noisy detections. We conduct field tests with a combination of

ground and aerial vehicles in a natural unstructured environment with a search area

of ∼ 75, 000m2.

4.4.1 Testing Setup

Each search run is initialized by specifying the search region for each robot (see

Fig. 1.3b). Fig 1.3 also shows the launch locations for the UGVs and UAVs, along

with the most common target locations. We start evaluating each robot’s search

performance once it enters the search polygon.

4.4.2 Evaluation Metric

Our primary evaluation metric is the search success rate, which is defined as the

fraction of runs in which the search method locates all targets within the prescribed

time budget.

For our simulated experiments, we measure search efficiency by plotting recall

versus runtime for each algorithm. For our field tests, we compute the number

of sensing actions per target found. We prefer to isolate each search algorithm’s

performance from physical factors such as terrain conditions in field tests and measure

the recall in terms of the number of decisions rather than the total time taken. That

said, we also report wall clock time for each run, and our total search time per run is

always under 30 mins.
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4.4.3 Simulated Results

We compare the search efficiency of GUTS with NATS and coverage-based search

in Fig. (4.4). We plot results for a single UGV (center plot) and two UGVs (right

plot) with 5 targets and a 1000 seconds (≈ 17mins) runtime budget averaged across

20 runs and 10 runs, respectively.

We can see that GUTS clearly outperforms our baselines: NATS and coverage-

based search, and is the only search algorithm to consistently recover all the targets

within our time budget. GUTS has a success rate of 80% in the multi-robot set-

ting, compared to 40% and 30% success rate for NATS and coverage-based search

respectively. GUTS can outperform NATS due to the modification in the reward

function described in 4.3.3. Coverage-based search performs poorly because it seeks

to navigate the search region exhaustively rather than optimizing its sensing actions

for target identification.

GUTS uses a reward function that prioritises rate of recovery of targets, real-

istically models sensing noise, and is computationally optimized to be run on large

environments. We show that GUTS outperforms other state-of-the-art parallelized

Thompson sampling-based approaches and coverage-based search to more quickly and

consistently recover all objects on our simulated experiments.

4.4.4 Field-Testing Results

We report detailed run parameters and evaluation metrics for our field tests in Table

4.1. We report results for 6 runs of GUTS and 2 runs of our coverage-based baseline.

We plot the number of sensing actions required per agent (T/J) against the recall

for each run in Fig 4.4 (left). We observe that the GUTS algorithm shows markedly

more efficient search behaviour compared to our coverage based baseline.

We also observe that 5% GUTS, which is run on a 5% random subsample of

all possible sensing actions, slightly outperforms random coverage as well. We note

the runs where we observed communication breakdown or hardware failure show

no degradation in performance. The search team sometimes fails to recover all the

targets in runs with only UAVs, because some targets are only recoverable from

the ground-vehicles. This demonstrates the need to use both UAVs and UGVs to

thoroughly canvass the search region.
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GUTS handles realistic constraints on robot traversal in heterogeneous teams, is

robust to robot hardware and communication failures, and has been experimentally

validated in field tests in a large unstructured environment.

36



Chapter 5

STAR: Stealthy Topography-Aware

Reconnaissance

Thus far, the approach to multi-agent active search has been to maximise the rate

of recovery while being robust to various failures. In this section, we will consider

the case that the search agents must minimise exposure to the targets, thus turning

our problem into an adversarial multi-agent active search problem. Our motivation

is reconnaissance missions, where the safety of the search agents is at stake and the

search region is massive (see Fig. 1.4).

5.1 Related Work

This problem can be broadly classified as adversarial search, however the parameters

of the problem can vary significantly. There is a class of work devoted to pursuer-

evader scenarios where the primary objective of the search agent(s) is to trap or

track the evader with theoretical guarantees for a worst-case evader [27, 28, 37, 39].

However, these often have unrealistic assumptions like complete knowledge or infinite

traversal speed of the evader, while this makes sense in a theoretical setting it does

not consider the inverse adversarial problem of minimizing information leakage to the

adversary (as it already has complete knowledge). Some approaches attempt to use

approximate algorithms and relax the requirement for guarantees [45], however none

of these approaches can be extended to have an unknown number of evaders.
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A natural approach to multiplayer minimax games would be game theory [7, 82],

however game-theoretic approaches in dynamic non-cooperative settings require a

strong prior on the number of players in order to identify the optimal action. Therefore,

in cases when the number of evaders is unknown, game theoretic approaches will

yield suboptimal results.

Probabilistic search methods seek to improve expected or average case performance.

Bayesian search provides an effective way to model the probabilistic world, inculcate

prior information and adapt to information over the course of the search [3, 10].

However, these approaches often rely on perfect observation models (no noise, no false

positives) and their examination of optimal behaviour is usually confined to single

pursuer or single evader cases [38, 79]. Interestingly, in these highly specified cases

using Bayesian search, myopic policies have been shown to be optimal and applicable

to cases with noisy observations [41]. In a similar vein, prior work has attempted to

model the world using Partially Observable Markov Decision Processes (POMDPs)

[56] in an effort to identify optimal policies, however beyond one pursuer, the optimal

solution becomes intractable. An excellent survey on adversarial search by Chung et.

al. [14] covers an overview of the field and open research questions.

Decentralised adversarial multi-agent active search that is robust to communication

failure is an actively researched field. Given the success of the POMDP formulation

mentioned earlier in the single-agent case, researchers have attempted to apply

reinforcement learning to the problem [5, 11]; however, these approaches are extremely

sample inefficient and prone to overfit to the environment they are trained on. In our

formulation with known topography, it is not clear if these RL methods can generalize

to different topographies.

Topography-aware path planning with adversarial targets is well-studied in the

context of military operations [46, 67, 68] and in the context of stealth-based video

games [2, 30]. However, these approaches focus on path planning but not on a

competing search objective, i.e. they assume that the adversary locations are known

or are unknown but don’t need to be located, they simply need to be avoided en

route to the goal location if encountered.

As opposed to multi-agent search, multi-agent adversarial search has fewer im-

plementations on real-hardware [18, 72, 74, 75], though there are approaches that

attempt to validate their results in simulation [12, 26, 79]. Our approach is primarily
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validated in a realistic simulation of a field testing site similar in scale and terrain to

our actual field testing site. Additionally, our algorithm is efficient enough to run

onboard full-size search vehicles and we have performed reconnaissance missions on

very large scale search regions. However, we do not share statistics from our real

robot experiments as the field testing site is restricted.

5.2 Topographical Visibility Prior

Figure 5.1: Height map of an example search region. The brighter the region, the greater
the elevation. This is also known as a Depth Elevation Map (DEM).

Consider the case of a reconnaissance mission in a large unstructured environment

such as pictured in Fig. 1.5. We assume that the topography of the region is known.

One important aspect of the stealthy reconnaissance problem is 3D spatial reasoning
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given the topographical prior of the region, that is, given a location and direction of

facing in the map, what would be visible to the agent and conversely if an target was

present at this coordinate, what could it potentially see.

Given the topographical prior, we leverage this information to inform our search

agents’ behaviour. We represent this prior as a digital elevation map (DEM) for a

more efficient representation over voxels, given that our use case is in wide open space

and our reasoning space is 2D. The DEM of our search region is shown in Fig. 5.1. Ray

casting [55] is a common algorithm used to reason about free space in a 3D occupancy

grid, however, it is usually an expensive algorithm with varying computation time

depending on the actual topography. When doing this in a topographical setting,

as opposed to general 3D space, this problem is called viewshed determination in

Geographic Information Systems (GIS). Several approaches are optimised to use

DEMs to represent 3D space [16, 17, 24, 73]. However, these approaches use sightlines

to reason about 3D space similar to ray casting and hence have varying computation

time.

In this work we follow [77] and use a reference plane-based approach for viewshed

computation, which computes the viewable region from any point in the map in

constant time. We assume that the strong topographical prior remains unchanged

over the course of the run; however, our physical systems are capable of dynamically

updating the topography using point clouds generated by stereo cameras. Hence,

having a constant time algorithm for viewshed computation allows for efficient onboard

updating if there are differences between the topographical prior and the dynamic

observations made by the robot on the ground.

We cover the utilisation of the topography in viewshed computation further in

Sec. 5.4.3 and a representative example can be seen in Fig. 5.4.

5.3 Problem Formulation

We model the search region as a grid with a cell size of 60m x 60m. We have access

to the costmap for ground robot traversability. Fig 5.6 shows an overhead view and

its costmap for an example testing site. During our field tests on real hardware, this

costmap was generated using a LiDAR scan several months prior. Some parts of the

map may have changed since then, but our on-robot sensing and mapping system
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Figure 5.2: Costmap of search region. The grid size here is 60m× 60m. The area inside the
red polygon is 2.48km2. Magenta indicates occupied space where the robot cannot traverse.
Black to blue to red indicate increasing topography-aware visibility risk. As intuitively
expected, there is greater cover and hence less risk in the vicinity of the mountains. For
this particular image we assume that the targets can only be present inside the polygon
and hence the visibility risk is lower outside it.

can recognize changes like blocked paths. Due to the ubiquity of satellite imagery, it

is reasonable to assume such approximate map information of the search region to be

available.

There are several non-traversable areas that cannot be accessed by ground vehicles.

These are indicated in magenta. While increasing visibility risk is indicated with the

colours black, blue and red.

We model the stealthy active search problem as follows:

• We give the same search region to all robots. (see the red polygon in Fig. 5.6

for an example).

• The targets are sparsely placed and static. They need to be located as fast as

possible with high certainty.

• The robots must minimise their exposure to the targets which are considered
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hostile.

• Each robot must plan its next data collection action on-board, i.e., no central

planner exists.

• The robots may communicate their locations and observations with each other;

however, the algorithm’s performance should improve with increasing number

of search agents anywhere in the spectrum of total absence of communication

to perfect communication.

Formally, we represent the locations of targets in our 2D grid representation using

a sparse matrix B ∈ RM1×M2 . Let β ∈ RM be the flattened version of matrix B, where

M = M1M2. This vector is sparsely populated, with 1 at locations corresponding to

targets and 0 elsewhere. We model the uncertainty in our observations by

yj
t = clip(Xj

tβ ± bj
t , 0, 1) (5.1)

where, Xj
t ∈ RQ×M describes the sensing matrix such that each row in Xj

t is a one-hot

vector indicating one of the grid cells in view of the robot j at timestep t, and Q is the

total number of grid cells the robot can view. yj
t ∈ RQ×1 is the resultant observation

including the additive topography-aware noise vector bj
t ∈ RQ×1. Going forward, we

assume that these quantities are defined on a per-robot basis and drop the superscript

j for ease of notation. The topography-aware noise bt has two components; firstly,

it encodes the intuition that observation uncertainty increases with distance to the

robots; secondly, it encodes the intuition that observation uncertainty increases with

occlusions in the line of sight from the robot. We model it as follows:

bt = nt/vt (5.2)

here, / denotes element wise division, nt ∼ N+(0,Σt) with diagonal elements of

the noise covariance matrix Σt monotonically increasing with the distance of the

observed cell from the robot. vt ∈ RQ×1 where each entry represents the square of

the fractional visibility (accounting for occlusions) of each of the Q cells visible in

Xt. The noise is sampled from a positive half-Gaussian distribution N+(0,Σt) and is

added for cells without targets and subtracted for cells with targets. The observation

yt is clipped to be within 0 and 1. Similarly, we have an observation model for the
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targets albeit with some relaxations, namely, only accounting for occlusions but no

depth-aware noise.

Let the robot trajectory for robot j until timestep t be denoted Lj
t ∈ RM such

that each entry m is the integer count of the number of times robot j has visited that

cell in the whole space M . We define a penalty function P(Lj
t), which penalizes the

robot for showing itself to any of the targets.

P(Lj
t) =

Q′∑
q

∑
k

XkL
j
t (5.3)

Similar to above, Xk ∈ RQ′×M is the sensing matrix for the kth target, note that it is

not dependent on the timestep t as targets are static. The second summation is to

reduce the value to a single real number.

Let Dj
t be the set of observations available to robot j at timestep t. Dj

t comprises

of (Xt,yt) pairs collected by robot j as well as those communicated to robot j by

other robots. Let the total number of sensing actions by all agents be T . Our main

objective is to sequentially optimize the next sensing action Xt+1 based on Dj
t at each

timestep t to recover the sparse signal β with as few measurements T as possible

while minimizing the stealth penalty
∑

j P(L
j
t). Each robot optimizes this objective

based on its own partial dataset Dj
t in a decentralized manner.

5.4 Algorithm

This section presents the STAR algorithm. Each robot j asynchronously estimates the

posterior distribution over target locations based on its partial dataset Dj
t . During

the action selection stage, each robot generates a sample from this posterior and

simultaneously optimizes a reward function and a stealth penalty for this sampled

set of target locations. The reward function represents potential information gain for

the sensing action in consideration, while the stealth penalty represents the potential

information leakage based on the partial dataset Dj
t available. The algorithm has

been summarized in Alg. 2

The reward computation and posterior sampling mirrors the GUTS algorithm

presented in Sec. 4.3.1 and Sec. 4.3.3. In Sec. 4.3.3 and onward, we describe the new
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Algorithm 2 STAR Algorithm

Assume: Sensing model (5.1), sparse signal β, J agents
Set: Dj

0 ← ∅ , L
j
0 ← {xj, yj} ∀ j ∈ {1, ..., J}, γm = 1 ∀m ∈ {1, ...,M}

for t = 1, ...., T do
Wait for an agent to finish; for the free agent j:
Sample β̃ ∼ p(β|Dj

t ,Γ) = N (µ,V) from (5.4)

Xt, lt = argmaxX̃,̃l

(
R(β̃,Dj

t , X̃)− γP (̃l)
)
from (5.6) and (5.7)

Observe yt given action Xt

Update Dj
t+1 = Dj

t ∪ (Xt,yt) (robot observations)

Update Lj
t+1 = Lj

t ∪ (lt) (robot path)
Share (Xt,yt) Estimate Γ = diag([γ1, ..., γM ]) using (5.5)

end for

reward function to improve search performance, the depth-aware noise models for

our UGVs and UAVs, and speed-up techniques to optimise the code to run on large

environments.

5.4.1 Calculating Posterior

Each robot assumes a zero-mean gaussian prior per entry of the vector ‘β s.t. p0(βm) =

N (0, γm). The variances Γ = diag([γ1...γM ]) are hidden variables which are estimated

using data. We follow [71], [78] and use a conjugate inverse gamma prior on γm to

enforce sparsity s.t. p(γm) = IG(am, bm) = bamm
Γ(am)

γ
(−am−1)
m e−(bm/γm) ∀ m ∈ {1...M}.

We estimate the posterior distribution on β given data Dj
t for robot j using EM.

We can write analytic expressions for the E-step (estimating

β̂ = p(β|Dj
t ,Γ) = N(µ,V)) and M-step (computing maxΓ p(D

j
t |β,Γ)) respectively:

V = (Γ−1 +XTΣX)−1;µ = VXTΣy (5.4)

γm = ([V]mm + [µ]2m + 2bm)/(1 + 2am) (5.5)

where X and y are created by vertically stacking all measurements (Xt,yt) in Dj
t , and

Σ is a diagonal matrix composed of their corresponding depth-aware noise variances.

Each robot estimates p(β|Dj
t) = N(µ,V) on-board using it’s partial dataset Dj

t .

We drop the index j from equations (4.2) and (4.3) for clarity. We set the values
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of am = 0.1 and bm = 1 as these were found to be effective in [21]. Finally, agent j

samples from the posterior β̃ ∼ p(β|Dj
t).

5.4.2 Choosing Next Sensing Action

Each robot chooses the next sensing action Xt+1 by assuming that the sampled set

of target locations β̃ is correct. Specifically, let β̂(Dj
t ∪ (Xt,yt)) be our expected

estimate of the parameter β using all available measurements Dj
t and the next

candidate measurement (Xt+1,yt+1). Then, as presented in Sec. 4.3.3 the GUTS

reward function to evaluate each possible sensing action is defined as:

R(β̃,Dj
t ,Xt) = −||β̃ − β̂(Dj

t ∪ (Xt,yt))||22 − λ× I(β̃, β̂) (5.6)

Where λ(= 0.01) is a hyperparameter that reduces the reward for a search location

if the estimated β̂ does not have high likelihood entries in common with the belief

of the ground truth at the current step β̃. Let k̂ and k̃ be the number of non-zero

entries in β̂ and β̃, then the indicator function I(.) is defined as:

I(β̃, β̂) =

0, if any matches between top k̂
2
entries in β̂ and top k̃

2
entries in β̃

1, otherwise

The reward function is stochastic due to the sampling of β̃ and this ensures that

the search actions selected by the robots are diverse.

This reward function needs to be balanced against the stealthy penalty term that

was defined in Eqn. 5.3 except that instead of the robot trajectory till timestep t

we calculate the penalty for the next possible goal location of the robot j which

we denote as ljt . ljt ∈ RM is a one hot vector indicating the location of the robot

corresponding to the potential measurement Xj
t in the reward defined in Eqn. 5.6.

This penalty function can be mathematically represented as follows:

P(ljt) =
Q′∑
q

∑
k

Xkl
j
t (5.7)

The overall optimisation objective can then be thought of as two competing
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Figure 5.3: A simple illustration of the maximum extent of the robot viewable region given
its coordinates and and direction of facing. The black cells represent obstructed cells. The
robots cannot see beyond the limits of the map or through obstructions as shown by the
viewable region of the blue robot.

objectives as follows:

Xt, lt = argmax
X̃,̃l

(
R(β∗,Dj

t , X̃)− γP (̃l)
)

from (5.6) and (5.7) (5.8)

where, γ is a hyperparameter controls the tradeoff between goal selection to satisfy

the stealth penalty and the GUTS reward term. We found that the best value for γ

is 1 combined with normalising both the reward and stealthy penalty terms between

0 and 1.

5.4.3 UGV Sensing Action model

We use a set of high-resolution cameras with total FOV 193° for the ground vehicles.

This allows the perception system to pick up detections several hundred metres out.

The primary difference with Sec. 4.3.5 is that the sensing action model is sensitive to

the topography. It’s full extent is upto 210m− 300m in front of the robot as shown

in Fig. 5.3 subject to occlusions.
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(a) (b)

(c) (d)

Figure 5.4: Representative examples of extent of field-of-view of ground based agents. (Left)
Following [77] we generate the viewshed of the agent in all directions if it were located at
the red dot. White indicates visible to the agent and black indicates invisible. (Right) We
impose viewing limits (200m− 300m), discretise the viewshed to the 60m× 60m cell size
grid and superimpose this viewshed on the topographical map. Note that the when the
agent is located between the two mountains its viewshed is constricted, whereas out in the
open it can see till the modelled limits.

In the grid representation, this would be a trapezium of fifteen cells along the

bearing of the UGV. We approximate the FOV conservatively as we have found the

perception module to be less reliable in the periphery of the 193° FOV. Note that the

perception module still reports positive detections even beyond the modelled FOV
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when testing on real hardware, hence there is no loss of information.

Fig. 5.4 shows a representative example of the viewshed computed at two locations

in the the ficitious map shown earlier in Fig. 1.5 assuming a 360° FOV. As we can see,

based on sightlines the area of the map that is visible is much greater than the 300m

limit we mentioned earlier, however, in practical scenarios beyond a certain distance

even if the terrain is visible, it is not possible to make accurate detections of targets

as they are just a few pixels in the image. The real-world interpretation of this is

that the depth-aware noise gets so high beyond a certain point that it overshadows

the true signal which is the presence/absence of the targets.

We do not consider possible targets en route to a candidate sensing action Xt for

computing the reward function for UGVs because computing and integrating over

trajectories for each possible sensing action Xt is expensive. Each robot still logs and

shares observations along the way to a waypoint even though they weren’t explicitly

accounted for. We can intuitively posit that the expected information gain as a result

of executing a sensing action will be greater than or equal to what is calculated with

the sensing model described above. Hence the expected reward and stealth penalty is

at least that which is computed in Eqn. 5.8.

5.4.4 Target Sensing Action Model

Fig. 5.5 shows a representative example of the viewshed of the targets. They are not

subject to depth aware noise but they are subject to topographical constraints, i.e.,

they cannot see through occlusions. Since we don’t have information on the direction

of facing of the targets, we model the FOV such that targets see in all directions

subject to the topography. the 210m− 300m viewing limit but without depth aware

noise.

5.4.5 Visibility Risk Aware Path Planning

A natural question at this point, is that our viewing models imply that detecting a

target is accompanied by the target detecting the search agent, if this is the case, then

how can stealth be achieved? The value in our approach is that identifying a target

and being identified once does not mean the mission is over, there are more possible

targets to be located and known targets should be avoided for the remainder of the
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Figure 5.5: A simple illustration of the maximum extent of the target’s viewable region
given its coordinates. We assume we don’t know it’s direction of facing and hence it has a
360° field-of-view. The black cells represent obstructed cells. The targets cannot see beyond
the limits of the map or through obstructions as shown by the viewable region of the blue
robot.

search. Hence we expect to minimize the stealth penalty over the course of the run

but don’t expect it to be zero. As an aside, were we to employ asymmetric viewing

models such that viewing targets without being viewed was possible, we might aim

to have zero risk policies but we outline this for future work. In order for the search

agents to respect the visibility risk map, an example of which can be seen in Fig. 5.6,

we use the OMPL planner [66] which is an off-the-shelf path planning library available

in ROS [65] which can plan paths within time constraints and subject to state costs,

which in our case is the visibility risk map, and a traversability map, which is an

occupancy map of obstacles.

5.5 Experiments and Results

Our experiments aim to demonstrate the improved search efficiency of our proposed

algorithm STAR compared to existing search methods: GUTS, RSI, coverage-based

search and random search. The GUTS algorithm is as described in Sec. 4.3 except that

the sensing model used follows that described in Sec. 5.4.3, i.e., it is topography-aware
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Figure 5.6: Costmap of search region. The grid size here is 60m× 60m. The area inside the
red polygon is 2.48km2. Magenta indicates occupied space where the robot cannot traverse.
Black to blue to red indicate increasing topography-aware visibility risk. The green cross is
the goal location provided to the OMPL [66] path planner and the green path is the path
computed to the goal location while minimizing the visibility risk.

GUTS. Region Sensing Index (RSI) [44] is an active search algorithm that locates

sparse targets while taking into account realistic sensing constraints based on greedy

maximisation of information gain. The coverage-based baseline myopically chooses

the next waypoint in an unvisited part of the search region while the random search

policy randomly selects a cell to visit. We evaluate these methods on a realistic

multi-robot Gazebo [40] simulation. Our simulation uses a pre-mapped costmap of

our field test site and accurately simulates the robots’ sensing, trajectory planning,

and traversal.

We also seek to validate that STAR can run in real-time on a multi-robot team.

We conduct field tests in a natural unstructured environment with a search area of

∼ 4km2. This was a restricted site and thus we do not present those results here.
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5.5.1 Testing Setup

Each search run is initialized by specifying the search region for each robot (see

Fig. 5.6). We evaluate the various search algorithms under two target sampling

paradigms: uniform and adversarial. In uniform sampling the targets are placed

uniformly at random in the search region. In adversarial sampling the targets are

placed stealthily, i.e., they are placed in locations with a lower average visibility

within the search region. We control for the locations of the targets using these two

paradigms. There are always 5 targets in the simulated experiments.

5.5.2 Evaluation Metrics

Our primary evaluation metric is the recovery rate, which is defined as the fraction of

targets the search method has located against the number of search decisions made

within the time budget. Our secondary metric is the stealth penalty incurred by the

team of search agents.

For our simulated experiments, we measure search efficiency by plotting recall

versus number of decision steps per agent for each algorithm. We prefer to isolate

each search algorithm’s performance from physical factors such as terrain conditions

in our tests and measure the recall in terms of the number of decisions rather than

the total time taken. Our total search time per run is always under 1 hr 15 mins.

As a reminder, the search region is massive (∼ 2.5km2) and the vehicle speeds are

restricted to 5 m/s.

Similarly, we measure the stealth performance by plotting the stealth penalty

incurred against the number of decision steps per agent for each algorithm.

5.5.3 Simulated Results

We compare the search efficiency of STAR, with GUTS, RSI, random search and

coverage-based search in Fig. 5.7 for adversarially placed targets and Fig. 5.8 for

uniformly placed targets. In both figures, we plot results for a single UGV (upper

plots) and two UGVs (lower plots) with five targets and a 1 hr 15 min runtime budget

averaged across 10-12 runs.

We can see that STAR outperforms our baselines: GUTS, RSI, coverage-based
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search and random search on the recovery rate (left column) metric as well as in terms

of the stealth penalty (right column) regardless if the targets are placed adversarially

or uniformly at random.

What is most interesting is that despite optimising to reduce the stealth penalty,

STAR still outperforms the other algorithms on recovery rate. This indicates that the

stealth penalty term which encodes topography-awareness improves search quality by

encouraging the agents to stay in and hence look in more well-hidden locations. We

also note that RSI, which is an information-greedy approach, fails to show improved

performance in the multi-agent setting, whereas, even the random policy outperforms

it in the multi-agent setting due to the diversity in actions.

STAR uses a multi-objective reward function that not only prioritises rate of recov-

ery of targets but also limits exposure to potential targets. STAR is optimized to run on

large environments, realistically models sensing noise, and uses topographical informa-

tion to inform search and path planning. We show that STAR outperforms GUTS, the

previous best algorithm in terms of search efficiency, and RSI, an information-greedy

approach designed to handle noisy observations and sparsely located targets.

5.5.4 Field-Testing Results

We tested STAR at a restricted field testing site and thus do not present those results

here. We can report that the algorithm worked well in that setting, just as the

simulation results have demonstrated.
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(a) Single Robot Search Performance (b) Single Robot Stealth Performance

(c) Multi-Robot Search Performance (d) Multi-Robot Stealth Performance

Figure 5.7: Comparison of Search Efficiency and Stealth Performance When Targets Are
Placed Adversarially. (a) and (c): These graphs show that STAR outperforms GUTS,
RSI, coverage-based search and random search on the primary metric of recovery (recall)
rate. It also shows that increasing the number of search agents improves search efficiency.
(b) and (d): We observe that STAR outperforms GUTS, RSI, coverage-based search and
random search on the secondary metric of stealth penalty. The end of the line indicates the
end of the runtime budget and hence the stealth penalty at the end of each curve is the
final stealth penalty for that run. We note that while STAR starts off similar to the other
approaches (as the agent must show itself to an target in order to detect it), it proceeds
cautiously later in the run in order to achieve a better score. RSI is able to have a lower
stealth penalty than STAR in the single-robot case as it fails to locate the targets in most
runs.
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(a) Single Robot Search Performance (b) Single Robot Stealth Performance

(c) Multi-Robot Search Performance (d) Multi-Robot Stealth Performance

Figure 5.8: Comparison of Search Efficiency and Stealth Performance When Targets Are
Placed Uniformly at Random. (a) and (c): These graphs show that STAR outperforms
GUTS, RSI, coverage-based search and random search on the primary metric of recovery
(recall) rate. Notably, we show that STAR’s good performance in Fig. 5.7 was not due to
how the targets were placed, rather STAR encourages searching in well-hidden locations in
an effort to remain concealed and even when targets are placed uniformly at random it gives
it an edge as invariably some targets will end up in well concealed locations. (b) and (d):
We again observe that STAR outperforms GUTS, RSI, coverage-based search and random
search on the secondary metric of stealth penalty. The end of the line indicates the end
of the runtime budget and hence the stealth penalty at the end of each curve is the final
stealth penalty for that run. We note that while STAR starts off similar to the other
approaches (as the agent must show itself to an target in order to detect it), it proceeds
cautiously later in the run in order to achieve a better score.

54



Chapter 6

Conclusion

Whether for disaster response or for reconnaissance, search missions pose several

challenges: time-criticality, unreliable communication, noisy observations, occlusions,

terrain constraints, uncertainty over the number of targets, possibility of hardware

failures and limited on-board compute.

We presented two novel algorithms, Generalized Uncertainty-aware Thompson

Sampling (GUTS) and Stealthy Topography-Aware Reconnaissance (STAR), for

efficient multi-agent active search and validated them in simulation and on real

hardware.

GUTS uses a reward function that prioritises rate of recovery of targets, realis-

tically models sensing noise, and is computationally optimized to be run on large

environments. We show that GUTS outperforms other state-of-the-art parallelized

Thompson sampling-based approaches and coverage-based search to more quickly

and consistently recover all objects on our simulated experiments.

STAR utilizes a strong topographical prior to inform search and path planning in

order to locate hostile targets in a time-efficient manner while minimizing exposure

to the targets. STAR outperforms GUTS, RSI, coverage-based search and random

search on rate of recovery of targets while having minimal exposure to the threats.

Both algorithms handle realistic constraints on robot traversal in heterogeneous

teams, are robust to robot hardware and communication failures, and have been

experimentally validated in field tests in a large unstructured environment and in

simulations that accurately model our field testing sites.
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6. Conclusion

While the results of both algorithms are promising and experimentally validated,

the question of theoretical bounds on performance remains open and shall be tackled

in future work. Additionally, while the parallelized Thompson sampling framework

tends to converge to the optimal policy in the long run, the stealth penalty used

in STAR does not have any optimality guarantees. STAR outperforming GUTS is

a positive empirical result but further analysis is needed to assess STAR from an

optimality perspective.

The results shown in this dissertation demonstrate that fully autonomous robots

can effectively search in complicated natural terrains in a time efficient manner with

limited on-board compute. We believe the algorithms presented in the paper pave

the way for more ubiquitous application of autonomous robotics in multi-agent search

for disaster response and reconnaissance and will save human effort and human lives

with greater adoption.
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Joscha Reimer, Joseph Harrington, Juan Luis Cano Rodŕıguez, Juan Nunez-
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Matthias Kümmerer, Maximilian Bolingbroke, Michael Tartre, Mikhail Pak,
Nathaniel J. Smith, Nikolai Nowaczyk, Nikolay Shebanov, Oleksandr Pavlyk,
Per A. Brodtkorb, Perry Lee, Robert T. McGibbon, Roman Feldbauer, Sam

63



Bibliography

Lewis, Sam Tygier, Scott Sievert, Sebastiano Vigna, Stefan Peterson, Surhud
More, Tadeusz Pudlik, Takuya Oshima, Thomas J. Pingel, Thomas P. Robitaille,
Thomas Spura, Thouis R. Jones, Tim Cera, Tim Leslie, Tiziano Zito, Tom
Krauss, Utkarsh Upadhyay, Yaroslav O. Halchenko, Yoshiki Vázquez-Baeza,
and SciPy 1.0 Contributors. Scipy 1.0: fundamental algorithms for scientific
computing in python. Nature Methods, 17(3):261–272, Mar 2020. ISSN 1548-7105.
doi: 10.1038/s41592-019-0686-2. 4.3.7

[77] Jianjun Wang, Gary Robinson, and Kevin White. Generating viewsheds without
using sightlines. 66, 01 2000. (document), 5.2, 5.4

[78] D.P. Wipf and B.D. Rao. Sparse bayesian learning for basis selection. IEEE
Transactions on Signal Processing, 52(8):2153–2164, 2004. doi: 10.1109/TSP.
2004.831016. 4.3.1, 5.4.1

[79] El-Mane Wong, F. Bourgault, and T. Furukawa. Multi-vehicle bayesian search for
multiple lost targets. In Proceedings of the 2005 IEEE International Conference
on Robotics and Automation, pages 3169–3174, 2005. doi: 10.1109/ROBOT.2005.
1570598. 5.1

[80] Nuo Xu. Active object searching on mobile robot using reinforcement learning.
In 2021 2nd International Conference on Computing and Data Science (CDS),
pages 296–300. IEEE, 2021. 1.1, 2.1, 4.1

[81] Xin Ye, Zhe Lin, Haoxiang Li, Shibin Zheng, and Yezhou Yang. Active object
perceiver: Recognition-guided policy learning for object searching on mobile
robots. In 2018 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS), pages 6857–6863. IEEE, 2018. 1.1, 2.1, 4.1

[82] Zhongshun Zhang and Pratap Tokekar. Tree search techniques for adversarial
target tracking with distance-dependent measurement noise. IEEE Trans. Control
Syst. Technol., 30(2):712–727, 2022. 5.1

[83] Lifeng Zhou and Vijay Kumar. Robust multi-robot active target tracking against
sensing and communication attacks. In 2022 American Control Conference
(ACC), pages 4443–4450, 2022. doi: 10.23919/ACC53348.2022.9867575. 1.2

[84] Lifeng Zhou, Vasileios Tzoumas, George J. Pappas, and Pratap Tokekar. Resilient
active target tracking with multiple robots. IEEE Robotics and Automation
Letters, 4(1):129–136, 2019. 1.2

[85] Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J Lim, Abhinav Gupta, Li Fei-
Fei, and Ali Farhadi. Target-driven visual navigation in indoor scenes using deep
reinforcement learning. In 2017 IEEE International Conference on Robotics and
Automation (ICRA), pages 3357–3364. IEEE, 2017. 1.1, 2.1, 4.1

64


	1 Introduction
	1.1 Search for Disaster Response
	1.2 Search for Reconnaissance
	1.3 Research Contributions
	1.4 Thesis Outline

	2 Background
	2.1 Active Search
	2.2 Thompson Sampling
	2.3 Sparse Bayesian Learning

	3 System Description
	3.1 Camera FOV
	3.2 Object Detector
	3.3 Object Tracking
	3.4 Traversal Costmap for UGV
	3.5 Targets

	4 GUTS: Generalized Uncertainty-Aware Thompson Sampling
	4.1 Related Work
	4.2 Problem Formulation
	4.3 Algorithm
	4.3.1 Calculating Posterior
	4.3.2 Choosing Next Sensing Action
	4.3.3 GUTS Reward function
	4.3.4 UAV Sensing Action Model
	4.3.5 UGV Sensing Action model
	4.3.6 Modified Depth-Aware Noise Modelling
	4.3.7 Accelerating GUTS

	4.4 Experiments and Results
	4.4.1 Testing Setup
	4.4.2 Evaluation Metric
	4.4.3 Simulated Results
	4.4.4 Field-Testing Results


	5 STAR: Stealthy Topography-Aware Reconnaissance
	5.1 Related Work
	5.2 Topographical Visibility Prior
	5.3 Problem Formulation
	5.4 Algorithm
	5.4.1 Calculating Posterior
	5.4.2 Choosing Next Sensing Action
	5.4.3 UGV Sensing Action model
	5.4.4 Target Sensing Action Model
	5.4.5 Visibility Risk Aware Path Planning

	5.5 Experiments and Results
	5.5.1 Testing Setup
	5.5.2 Evaluation Metrics
	5.5.3 Simulated Results
	5.5.4 Field-Testing Results


	6 Conclusion
	Bibliography

