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Risk-Aware Human-In-The-Loop Multi-Robot Path Planning
for Lost Person Search and Rescue

Barnabas Gavin Cangan

(ABSTRACT)

We introduce a framework that would enable using autonomous aerial vehicles in search and

rescue scenarios associated with missing person incidents to assist human searchers. We for-

mulate a lost person behavior model and a human searcher model informed by data collected

from past search missions. These models are used to generate a probabilistic heatmap of

the lost person’s position and anticipated searcher trajectories. We use Gaussian processes

with a Gibbs’ kernel for data fusion to accurately model a limited field-of-view sensor. Our

algorithm thereby computes a set of trajectories for a team of aerial vehicles to autonomously

navigate, so as to assist and complement human searchers’ efforts.
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Risk-Aware Human-In-The-Loop Multi-Robot Path Planning
for Lost Person Search and Rescue

Barnabas Gavin Cangan

(GENERAL AUDIENCE ABSTRACT)

Our goal is to assist human searchers using autonomous aerial vehicles in search and rescue

scenarios associated with missing person incidents. We formulate a lost person behavior

model and a human searcher model informed by data collected from past search missions.

These models are used to generate a probabilistic heatmap of the lost person’s position and

anticipated searcher trajectories. We use Gaussian processes for data fusion with Gibbs’

kernel to accurately model a limited field-of-view sensor. Our algorithm thereby computes a

set of trajectories for a team of aerial vehicles to autonomously navigate, so as to assist and

complement human searchers’ efforts.
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Chapter 1

Introduction

To quote J. R. R. Tolkien, “Not all those who wander are lost”, and most people that do get

lost, certainly do not set out to be so. However, when navigating an unfamiliar environment,

a seemingly minor error in judgment made at a critical decision point, combined with a

tendency to be affected by environmental forces, reliance on inertial navigation (at which

we humans can be terrible), and in some cases a strong confirmation bias, could ultimately

result in a person getting lost.

National Crime Information Center’s records indicate that over 600,000 incidents of missing

persons were recorded in the United States alone in 2018 [6]. In the UK, MissingPeople.org.uk

reports that about 180,000 people are reported missing each year. For wilderness searches,

which is typically roughly one-sixth of all search missions conducted, statistical data from

the International Search and Rescue Incident Database (ISRID) reports a 9% mortality rate,

5% cases where the subject was never located, and a additional 24% cases where the subject

was found injured.

Most common reasons for missing adults are (i) diagnosed or undiagnosed mental health

issues (in about 8 out of 10 cases of missing adults) (ii) relationship breakdowns, and (iii) de-

mentia (around 1 out of 10 cases)[7]. With missing children, the reasons include (i) conflict,

abuse and neglect at home (ii) sexual exploitation (7 in 10 cases of children that have been

exploited have also been reported missing) (iii) mental health issues (1 in 10 cases of missing

children)[7].

1



2 Chapter 1. Introduction

Search operations may involve more than a 100 personnel from multiple search agencies

working together over a period lasting more than a few days. This demands cooperation on

a large-scale in a highly unstructured environment, with limited perception and data sharing

typically limited to what can be described verbally over a handheld wireless radio transceiver.

Our project seeks to assist with such tasks by deploying unmanned aerial vehicles (UAV) in

the field that can autonomously navigate the environment and gather data.

Planning for autonomous navigation is a hot-topic in robotics in the recent times, partially

due to rising market interest in the applications of self-driving cars and delivery vehicles.

Therefore, vast amounts of research has been done to further that front within academia and

industry alike. But research in robotic navigation also leads to applications in a variety of

other areas such as farming, disaster management, environmental monitoring [8], and as in

our case, search and rescue. Our contribution is a framework that allows us to apply such

state-of-the-art methods in robotics to facilitate collaboration between human searchers and

a team of UAVs and save precious time during search and rescue (SAR) missions.

Over the years, search teams all over the world have accumulated data collected during SAR

missions in a variety of scenarios. This data gives us an insight into behavioral patterns of

people that broadly coincide with characteristics such as age, gender, profession and so on.

They also allows us to model human behavior as a function of other environmental factors

such as terrain, weather, etc. We propose a solution that involves exploiting such data

aggregated from past SAR missions to formulate a stochastic motion model representing

lost person behavior. Our algorithm uses this model as prior knowledge of the lost person’s

whereabouts. It is then combined with other information such as our model of human

searcher behavior and measurements taken by human searchers as well as by UAVs, to plan

and then adapt paths for the team of UAVs.

To state our goal more formally, the goal is to plan a set of paths for a team of UAVs to
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gather information on the whereabouts of a lost person taking into account our prior beliefs

based on data from past search missions while complementing human searchers’ efforts and

thereby minimize the risk of not finding the lost person within a given time/resource budget.



Chapter 2

Review of Literature

2.1 Lost Person Modeling

Modeling lost person behavior involves utilizing historical data from past search events to

make predictions that would guide a current search. Each incident of a missing person is

rather unique in its characteristics and this makes it difficult to associate data from one

particular search to another that might even seem similar. However, a sufficiently large

dataset containing a detailed account of past searches has been proven to lead to some

useful statistics.

The International Search and Rescue Incident Database (ISRID) project was launched in

2002 to develop software to assist ground SAR planning and operations. This was inspired

by the Search and Rescue Optimal Planning System (SAROPS) used by the United States

Coast Guard (USCG). Some of the features included in this system were: being able to

generate a probability of area map and allocating available resources from the map. Results

derived from this database have been published in his book [2][1] by Robert J. Koester. The

book goes into details of different factors such as the ecoregion, environment, and subjects’

profile, that influence lost person behavior.

The term ecoregion refers to a classification system defined by the United States Forest

Service that broadly lists four domains: the polar domain at high latitudes characterized by

4



2.1. Lost Person Modeling 5

low temperatures and little rainfall; the temperate domain with a generally humid climate

and forests with four seasons; the tropical domain lacking a winter season; and dry domain

with no permanent streams and more loss of water by evaporation than is gained through

precipitation. The environment can also be divided based on the terrain into mountainous,

hilly, flat, and so on, or into wilderness, rural, suburban or urban based on the setting.

Cognitive
Autism, Dementia, Despondent, Intellectual disability

Locomotion
ATV, Motorcycle, Mountain bike, No vehicle

External Forces
Abduction, Aircraft, Entrapment, Disaster

Age (if child)
1-3, 4-6, 7-9, 10-12, 13-15

Activity
Angler, Hunter, Gatherer, Hiker, etc.

Figure 2.1: Hierarchy of Subject Categories [1]

The subject profile is based on a variety of factors such as external forces, means of locomotion

including access to vehicles (if any), cognitive profile, age (if the subject is a child), and the

type of activity the person was involved in prior to getting lost. The hierarchy of influence

of these factors is depicted in Figure 2.1

A search and rescue mission begins from an initial planning point (IPP), which serves as

a global reference point during the course of the mission. This typically coincides with the

last known point (LKP) of the subject based on some clue found during initial investigation,

or the point last seen (PLS). Formal SAR theory requires the search planners to determine

the probability of area (POA), that indicates the probability of the person being found at a
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given location.

25%

50%

75%

95%

IPP

Figure 2.2: Ring Model [2]

One of the methods currently employed by the SAR community is a Ring model (shown

in Figure 2.2) that relies simply on the euclidean distance of a given location from IPP to

associate with it a probability. The search area is divided into concentric circles with IPP

at the center. If it were the case that no other information was available initially that could

guide the search, these rings represent the quartiles of probability that the person is within

a certain radius from IPP, corresponding to 25%, 50%, 75% and 95%.

Another widely applied method is a Dispersion model (shown in Figure 2.3) that considers

the person’s angle of dispersion from his/her direction of travel. This assumes that the

person’s intended destination is known at the start. Dispersion is computed as deviation

from path to an intended destination, and a probability distribution is associated with a

range of dispersion angles between -180◦ and 180◦. Usually, in an ongoing search, intended

destination could be deduced during an initial investigation. Also taken into account are the
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IPP

25%

50%

75%

95%

Figure 2.3: Dispersion Model [2]

terrain and probabilities of the person going uphill or downhill depending on behavioral and

environmental factors.

Elevation model is a fairly straightforward model that accounts for behavior of people to up

or down a slope in the terrain. The data indicates that about 50% of the people go downhill,

20% stay at the same altitude, and the other 30% climb uphill for reasons such as better cell

phone reception or a view of the surrounding terrain.

Track offset model describes probability in terms of shortest perpendicular distance from

an intended trail or road to where the person was found. For example, a lost person with

dementia is typically not more than 15m away from a trail, whereas a biologist that got

lost during a research trip could be as far as 600m away from the nearest trail. In addition

to trails, tracks and roads, other linear features such as a drainage or a power line may be

considered as well.
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Figure 2.4: Track Offset Model [2]

Mobility model takes into account the amount of time a person with the given profile can

continue to be in motion, along with a cost-mobility map that describes how far one could

travel in a given time in that environment. This leads to a distance model that is limited

by actual mobility data. The data here is skewed downward since a search terminates as

soon as the person is found and therefore in some cases does not reflect the actual limits in

capabilities of the person.

Find-location model denotes the statistics of where persons with a profile similar to the

one given were found. It shows the probability of the person being found in proximity of

features in the environment such as fields, trails, roads, streams, drainages, and so on given

the person’s profile with features such as age, gender, activity prior to getting lost, etc.

The Grand Unified Theory of Search and Rescue (GUTS) as coined by Robert J Koester

combines these models implemented in software to arrive at a POA map. This then goes

through a Mattson consensus method among the human searchers involved to come up with



2.2. Sampling-based Planning Algorithms 9

a final POA which is then used to plan the mission.

2.2 Sampling-based Planning Algorithms

Sampling-based planning algorithms are based primarily on the idea of avoiding an explicit

construct of the entire configuration space, as opposed to uniformly-spaced deterministic grid

based algorithms such as Dijkstra’s algorithm or A*. This class of planning algorithms can

therefore overcome the limitations of deterministic algorithms with respect to the number

of dimensions in the configuration space.

2.2.1 Probabilistic Road Maps

Probabilistic Road Maps (PRM) [9] are the natural probabilistic alternative to traditional

deterministic graph-based planning algorithms such as Dijkstra’s algorithm or A*. The un-

derlying data structure still remains a graph where vertices are points in space and existence

of an edge between two vertices indicates that they are sufficiently close by in the configura-

tion space of the robot and that the space between them is free of obstacles, or in essence that

states corresponding to either of the vertices is reachable from the one corresponding to the

other. The minimum distance or the maximum number of neighbors threshold considered

as sufficiently close is a tunable parameter.

Here k is a tunable parameter that denotes that number of neighbors to consider and

Nsamples is the number of random configurations to sample. The getkNearbyV ertices and

collisionFree functions are defined based on the configuration space. Once the road map has

been constructed as described in Algorithm 1, planning can be done using any graph-based

planning algorithm such as A*. One major difference between deterministic algorithms and
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Algorithm 1 Probabilistic Road Maps (PRM) - Construction
1: Configuration space X ⊆ Rd

2: Obstacles Xobstacle ⊂ X
3: Free space Xfree = X \ Xobstacle

4: Vertices V ← ∅
5: Edges E ← ∅
6: for i = 1 to Nsamples do
7: Random Sample xrand ∈ X
8: if xrand ∈ Xfree then
9: V ← V ∪ xrand

10: for xnbor ∈ getkNearbyV ertices(xrand, k) do
11: if collisionFree(xrand, xnbor) then
12: E ← E ∪ {{xrand, xnbor}}
13: end if
14: end for
15: else
16: Discard xrand
17: end if
18: end for

and probabilistic algorithms is that the former are complete, in that if there is a route along

the graph from the start position to a given goal position, the deterministic algorithm will

find it in finite time, and if one does not exist, the algorithm will report this as well in

finite time. The latter are probabilistically complete. This means that if a path exists, the

probability of finding it approaches 1 as the number of samples approaches infinity.

2.2.2 Rapidly-exploring Random Trees

Rapidly-exploring Random Trees (RRT) are a class of path planning algorithms introduced

by LaValle et al. in 1998 [10]. Similar to PRMs above, they avoid an explicit construct of

the obstacle space by considering random samples in configuration space and not a uniform

grid. However, they simplify the approach further by avoid cycles in the resulting graph.

After sampling a random configuration that is free of obstacles, an edge is formed from the
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closest existing vertex on the graph to a new vertex that is created along the line between

the two configurations at a distance where the resulting edge is collision free and distance

between the two vertices is less than or equal to a predefined threshold maxDist.

Algorithm 2 Rapidly-exploring Random Trees (RRT)
1: Configuration space X ⊆ Rd

2: Obstacles Xobstacle ⊂ X
3: Free space Xfree = X \ Xobstacle

4: Start configuration xstart ∈ Xfree

5: Goal configuration xgoal ∈ Xfree

6: Vertices V ← xstart
7: Edges E ← ∅
8: for i = 1 to Nsamples do
9: Random Sample xrand ∈ X

10: xnearest ← getNearestV ertex(xrand)
11: xnew ← steer(xnearest, xrand, ∆dist, maxDist)
12: E ← E ∪ {(xnearest, xnew)}
13: end for

In Algorithm 2, the steer(xnearest, xrand, ∆dist, maxDist) function queries the collision check-

ing function with a sequence of points along the line between xnearest and xrand separated by

distance ∆dist up to a maximum distance of maxDist. It then returns the farthest collision-

free point in the sequence. The function getNearestV ertex(xrand) is a query to find an

existing vertex on the tree that is nearest to the randomly sampled configuration xrand.

Due to the simplified approach to graph construction, the resulting graph is in the form of

a tree with directed edges, with the start configuration xstart at its root. Now, since in a

tree each vertex has a single path from the root node, the cost of reaching any configuration

on the tree can be computed as the cumulative sum of the costs of traversing the set of

edges leading to said configuration from the start configuration. While constructing the

tree, probabilistically, a check can be included to verify whether the goal configuration is

reachable from any of the vertices on the tree.
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Due to the emergent exploratory nature of the resulting random tree, RRTs are quite efficient

and can scale reasonably well to problems in higher dimensions. A vast amount of research

has been done towards improving the time it takes for RRT to find a solution, known

as convergence time. Some of the well known techniques include (i) bi-directional RRT

which involves growing two trees, one from the start and one from the goal configuration

[11] (ii) using a forest containing multiple trees to improve the odds the reaching the goal

configuration faster [12] (iii) faster nearest-neighbor search algorithms [13][14] (iv) faster

collision-checking algorithms (v) biasing the configuration sampling towards a specific region

to enhance results for a given set of applications [15][16], an so on[17][18]. While such

improvements decrease running time, solve some edge cases, and so on, and therefore make

it possible to plan paths in near real-time, the paths thus produced by RRT planners do

not have any notion of optimality. In some cases, this lead to the paths being much longer

than a simple path produced by a deterministic algorithm that may have required a longer

running time.

Also, it is worth noting here that RRTs are geared more towards single-query planning

applications, while PRMs are better suited to multi-query problems, where the graph once

built can be reused quickly and therefore the cost of building the graph in such cases is

amortized over multiple queries with possibly different start and goal configurations.

2.2.3 RRT*

Karaman et al. proposed RRT* [19], which included a rewiring step within traditional RRT

so that if a newly added vertex could form a shorter route to one of its neighboring vertices

within a D-dimensional ball of radius r that is already a part of the tree, the neighboring

vertex could now be rewired to be a child of the new vertex.



2.2. Sampling-based Planning Algorithms 13

Algorithm 3 RRT*
1: Configuration space X ⊆ Rd

2: Obstacles Xobstacle ⊂ X
3: Free space Xfree = X \ Xobstacle

4: Start configuration xstart ∈ Xfree

5: Goal configuration xgoal ∈ Xfree

6: Vertices V ← xstart
7: Edges E ← ∅
8: for i = 1 to Nsamples do
9: Random Sample xrand ∈ X

10: xnearest ← getNearestV ertex(xrand)
11: xnew ← steer(xnearest, xrand, ∆dist, maxDist)
12: E ← E ∪ {(xnearest, xnew)}

13: r = min

(γ
ζ
· log(|V|)

|V|

) 1
D

, η


14: for xnbor ∈ getV erticesInBallOfRadius(xnew, r) \ xnearest do
15: if cost(xnbor) > cost(xnew) + distance(xnew, xnbor) then
16: E ← E \ (parentV ertexOf(xnearest), xnearest)
17: E ← E ∪ {(xnew, xnbor)}
18: end if
19: end for
20: end for
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In Algorithm 3, γ > 0, ζ > 0, and η > 0 are tunable parameters to adjust the radius of

the D-dimensional sphere, neighboring vertices within which are considered for the rewiring

step. and |V| denotes the cardinality of the set of vertices V . cost(xnew) function returns the

cumulative sum of lengths of edges from the start configuration to the given vertex xnew.

Although the stochasticity in the sampling procedure means that optimality cannot be guar-

anteed as in the case of deterministic algorithms, with the additional rewiring step, RRT* is

able to guarantee that a path from start to goal configuration, if found, will converge to the

optimal path asymptotically with more samples, i.e., as the number of samples approaches

infinity.

2.3 Bézier Curves

Bézier curves are a type of piecewise interpolation function used to draw smooth shapes

represented as parametric equations invented by Paul de Casteljau and later published by

Bézier et al. [20][21]. Each piecewise curve function part of a larger curve is represented

by a set of control points that parameterize the equations of the piecewise curve. They

can be used to represent any shape to an arbitrary precision by applying a recursive fitting

technique and are therefore widely used in computer graphics applications for smoothing as

well as sparse representation of a set of points constituting a curved shape[22].

The order of the polynomial is chosen based on the number of changes in direction each

curve is required to make. For example, a quadratic curve of order 2 can have a single turn,

while a curve based on a cubic polynomial can have two turns at the maximum. While

fitting a Bézier curve to a shape represented by a set of points, constraints are added to the

intermediate points between two piecewise curves such that the (q − 1)th derivative is con-

tinuous, where q is the order of the polynomial representing the curve, and the overall curve
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Figure 2.5: Bezier Curve - Quadratic Polynomial[3]
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Figure 2.6: Bezier Curve - Cubic Polynomial[3]
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is smooth[23][24]. Due to this interesting property, cubic Bézier curves have found applica-

tions in representing trajectories of physical objects, where having continuity in acceleration

is desirable in modeling the motion of real world objects with mass and inertia.

Each section of a cubic Bézier curve is specified by four points. The two end points specify

the start and end points of the curve and the two intermediate points specify the tangent

vectors at the corresponding endpoint. The curve, therefore, passes through the two end

points which as are referred to as knot points, and the nature of the two turns of the cubic

curve is based on the intermediate control points. Figures 2.5 and 2.6 show our attempts to

fit quadratic and cubic Béziers respectively to a set of points that together form the letters

V and T. It can be seen clearly from the figures that given the same number of input points,

a cubic Bézier results in a better fit to the shape compared to a quadratic. Higher order

polynomials can be used in some cases as instead of piecewise cubics, to represent smooth

complex shapes with very few knot points [25].

Since Bézier curves are formed by piecewise polynomial curves stitched together, the deriva-

tives at any point can be computed analytically as a function of the same set of parameters

used to computer the curve at that point. We will make use of this property in 3.6 to

computer the length of Bézier curves.

2.4 Gaussian Processes

Gaussian Processes (GP) are a generalization of multivariate Gaussian distributions to in-

finitely many variables. A multivariate Gaussian is specified by a mean vector and a covari-

ance function.

f = (f1, f2, . . . , fn) ∼ N
(
µ, Σ

)
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where f ∈ Rn×D, µ ∈ Rn×D, Σ ∈ Rn×n, and D is the number of dimensions.

Likewise, a GP is fully specified by a mean function m : Rn×D 7→ Rn and a covariance

function or a kernel function K : Rn×D ×Rn×D 7→ Rn×n that defines the covariance between

two input points x and x′.

F(x) = GP
(
m(x), K(x, x′)

)

In other words, a GP is an infinite collection of random variables, any finite number of which

have a Gaussian distribution. Figures 2.7 and 2.8 show examples of GPs used in curve-fitting

applications.

Figure 2.7: Gaussian Process 1-D Example (lengthscale = 0.5)

The mean function, which is one the two components that define the GP, can be an arbitrary

function to which that the output of the GP regresses back, in the absence of training data

on which it is conditioned, in the neighborhood.

Kernel function defines the covariance between two data points as a function of the distance

between the two in some space. An important criterion for a kernel function to be considered

valid is that the relationship between two data points is symmetric, and that the resulting



18 Chapter 2. Review of Literature

Figure 2.8: Gaussian Process 1-D Example (lengthscale = 1.0)

covariance matrix be positive semi-definite (PSD). A typical choice of a kernel for a GP is

the Radial Basis Function (RBF) kernel given by [26]

K
(
x, x′

)
= σ2

f exp

− (x− x′)2

2ℓ2
s



where ℓs and σ2
f are lengthscale and signal variance hyperparameters.

The RBF kernel is generally desirable because of its properties such as smoothness and being

infinitely differentiable throughout. One way to think about the lengthscale hyperparameter

ℓs associated with this kernel is that it control the wiggliness of the resulting function; that

a large lengthscale value forces the function to be less wiggly at the cost of accuracy in areas

close to some training data points, and a smaller lengthscale value forces the function to

more accurately track the values from training data and thereby become more wiggly. This

can clearly seen by contrasting the output functions in two cases where the only difference

is the lengthscale, as show in Figures 2.7 and 2.8

In our problem, as will discuss further in Section 3.3, we require a kernel where this length-

scale can vary as a function of the data points. We therefore apply the Gibbs’ kernel. Gibbs’
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kernel is given by [27][28]

K
(
x, x′

)
=

D∏
d=1

 2ℓd(x)ℓd(x′)
ℓd(x)2 + ℓd(x′)2

 1
2

· exp

− D∑
d=1

(xd − x′
d)2

ℓd(x)2 + ℓd(x′)2


where D denotes the number of dimensions and ℓd(x) is an arbitrary function of x [28][29]

such that ℓd(x) > 0 ∀ x ∈ X .

2.5 Occupancy Maps

Occupancy maps [30][31] are a representation of belief about an environment, and are used

widely by the robotics community because of the simplicity in implementation and their

adaptability to data from various types of sensors [32]. However, a major limitation as-

sociated with occupancy maps is the inherent assumption of complete independence be-

tween cells. This ignores the spatial correlation that exists between cells in the real world.

O’Callaghan et al. [33] presented the idea of using Gaussian processes to represent occu-

pancy maps due to the intrinsic spatial correlation in GP kernels. Since each instance of a

Gaussian process is Gaussian distributed, this model serves well, especially in cases like our

problem where our belief of the environment needs to be multi-modal.

2.6 Trajectory Optimization Algorithms

Trajectory optimization algorithms are an alternative to sampling-based techniques that

minimize an objective function while satisfying a set of constraints. They have been used

successfully in a various robotics applications to generate real-time trajectories for UAVs

[34][35] optimizing objective functionals that represent obstacle avoidance using a cost based
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on a signed distance field [36][37] (as shown in Figure 2.9), mutual information gain[38], and

so on. They generally involve a gradient-based iterative approach that improves the quality

of the trajectory as evaluated by the given cost function with each iteration, while satisfying

the constraints. Kalakrishnan et al. [39] apply a stochastic optimization approach that relies

on a randomized local exploration strategy to overcome local minima limitations typically

associated with gradient-based methods.

Figure 2.9: Objective Function - Signed Distance Field

2.7 Informative Path Planning

Informative Path Planning (IPP) refers to planning paths to maximize the amount of in-

formation gathered subject to budget constraints. Information in this context is generally

quantified in terms of decrease in information entropy.

Information entropy is given by

H(X) = −
n∑

i=1
P (xi) logb P (xi)
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where X is a discrete random variable with possible values x1, x2, . . . , xn

Decrease in entropy is termed as mutual information, which is given by,

I(X; Y ) = H(X)−H(X|Y )

where H(X) is the entropy associated with a random variable X, and H(X|Y) is the entropy

of X given information about another random variable Y.

Hollinger et al. [40][41] proposed Rapidly-exploring Information Gathering (RIG), an itera-

tive sampling based motion planning algorithm to gather information about an environment

modeled as a Gaussian process. Similar to RRT, RIG uses an expanding tree-like structure

to explore the space and build up a graph of possible paths. However, the cost associated

with a vertex includes an information-theoretic component that accounts for the mutual in-

formation gain from reaching that vertex from the root vertex. Also, the tree is periodically

pruned and only those vertices that satisfy a given budget constraint are retained thereby

limiting the search to vertices can be reached with the provided budget.

Yetkin et al. [42] introduced a decision-theoretic adaptive planning approach to search for

stationary objects in a sub-sea search by maximizing a decision-theoretic utility function.

They include a stochastic sensor model with measurement noise as a function on the nature

of environment in which the measurement is made.

Francis et al. [43] plan exploratory paths over continuous occupancy maps. Their approach

uses Hilbert Maps [44] to overcome the scalability issues associated with GPs. Their use a

functional gradient method to optimize a cost combining mutual information and safety that

they compute in closed form. Nevertheless, their application is limited to two-dimensional

planning since their model does not account for the influence of altitude on the quality of a

measurement.
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Hitz et al. [38] presented an adaptive continuous IPP algorithm for online monitoring of an

two-dimensional environmental process. They use continuous paths represented as spline-

segments and an information-theoretic objective function to iteratively plan a path to sample

information about toxic cyanobacteria blooms in lakes modeled as a time-varying scalar

field. They employ a Gaussian process to model the field of interest and apply a covariance

matrix adaptation for evolutionary strategy (CMA-ES) optimization [45]. However, their

application is limited to planning for a single robot and their algorithm is limited to two-

dimensional planning for the reasons we discuss in Section 3.3. Marchant et al. [46] apply a

similar method but represent paths as single spline segments, further restricting complexity

of the splines representing the paths.

Popović et al. [47][48] introduced an altitude-based measurement noise model to consider

the effect of decrease in resolution with altitude and use the model to similarly plan a

three-dimensional path for a single UAV to map a two-dimensional field. They use cubic

splines to represent paths and use adaptive plans and a fixed-horizon approach to generate

paths. However, as we will discuss in detail in Section 3.3, their model fails to capture the

characteristics of a realistic fixed view angle model by heavily weighting the merits of flying

at a lower altitude without considering the decrease in field-of-view.

2.8 Our Contribution

Our planning approach is perhaps closest to work by Popović et al. [47][48] in that we

apply gradient-based trajectory optimization on paths represented by cubic Bézier curves

to minimize an information-theoretic cost. However, our contribution includes a planning

framework that is able to integrate information from a lost person model and a human

searcher model both based on past search data, and also our data fusion approach to integrate
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data from all these sources employs a measurement model that captures realistically the

correlation between measurements made at different altitudes taking into account that the

sensor has a limited field-of-view. We also formulate an information-theoretic risk cost

that takes into account not only where a given measurement was made, but also what the

measured value is.



Chapter 3

Approach

Applying some of the techniques discussed in Section 2.1, the search team arrives at an

estimate of the area to be searched. This area is then divided up into disjoint segments

to assist the task allocation and planning processes. The boundaries of these segments are

broadly aligned with prominent natural or man-made features in the environment so as to

help search teams navigate using landmarks. The area contained in each segment is generally

based on the time it takes to navigate the region, and therefore depends on the nature of the

terrain. On average, however, each of these sections has an area of around 40 acres, which

is approximately equal to 160,000 m2.

In our work, we address the problem of planning robot trajectories within each of these

sections. We begin with the following assumptions:

• a subset of the team of searchers and robots has been tasked with conducting search

in one the sectors

• an upper limit has been set on total length of trajectories due to constraints in time

or energy consumption.

24
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3.1 Modeling Lost Person Behavior

According to [49], a person lost in the wilderness adopts one or more of the following behav-

iors, in an attempt to get back on track, out of panic, or in some cases to enable search teams

to find them: (i) random traveling (ii) route traveling (iii) direction traveling (iv) route

sampling (v) direction sampling (vi) view enhancing (vii) backtracking (viii) folk wisdom

(ix) staying put (x) doing nothing

For the sake of simplicity, we approximate a subset of the above behaviors using our model

of the lost person. Our motion model of a lost person is given by

mẍ + (a ∥ẋ∥ − b)ẋ = αF G(xi) + βF R

This second order differential equation is structured to model the motion of agents in an

unknown environment with limited perception, where disturbances and interactions are mod-

eled as environmental forces acting on the agents. Here x is the agent’s current position,

m represents inertia, a is a friction coefficient, b is the self-acceleration coefficient, F G
i (xi) is

an environmental force on the agent that is a function of the agent’s current position and

F R is a stochastic process. α and β are scaling constants. As we can see in Figure 3.2, in

contrast to the rough heuristics currently applied by the SAR community that we discussed

in Section 2.1, our approach yields much more localized belief of the lost person’s location

informed by statistics on lost person behavior.



3.1. Modeling Lost Person Behavior 27

200 150 100 50 0 50 100 150 200
X

200

150

100

50

0

50

100

150

200

Y

Figure 3.2: Heatmap generated using Monte Carlo simulation of lost person model
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3.2 Human Searcher Model

Human-searcher model will incorporate information from the task allocation step. Each of

the sectors has a team of searchers allocated to it. We assume that in each of these sectors

each searcher will have a entry point and an exit point based on the next sector they will be

covering. As described in Algorithm 4, the model has two modes of operation: a waypoint

pursuit mode, and a gradient-follower mode.

The waypoint pursuit mode will be based on the motion of self-propelled particles pursuing

a set of predetermined waypoints, covering ground in an approximate mowing-the-lawn kind

of sweep trajectory. This is achieved by having the searcher accelerate toward a target point.

Once the searcher is close enough to the target, the current target is replaced by the next

point in the sequence.

In addition to this target pursuit behavior, the searcher’s trajectory is also influenced by the

gradient of the terrain. For example, one can think of a scenario where a searcher might go

around a cliff when it is too steep to climb. This is a case where our searcher model switches

to the gradient following mode. This is included to imitate the behavior of a human searcher

on steep terrain. However, we observed that this lead to the searchers getting stuck in

particularly steep-walled canyons or trenches in some cases. We have therefore, included a

perseverance factor that gradually increases the searchers tenacity for steep climbs to assist

with escaping in such cases. Figure 3.4 shows an example of tracks (shown in gray) generated

by the model over a terrain as shown in Figure 3.3. The colored circles in 3.4 are the waypoint

targets set in the searcher model to create a sweep pattern.

Currently, GPS tracks of search teams which are being logged in a database as standard

practice in the SAR community. We are currently working with Virginia Department of

Emergency Management (VDEM) to obtain this data. Coupled with other cues collected
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Figure 3.3: Terrain used to generate searcher tracks and heatmap
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Figure 3.4: Anticipated searcher tracks generated by our model
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from SAR exercises, this data will help refine the model further with additional behaviors

such as interaction forces between searchers in a team and those between teams. The data

will also help us tune the parameters to better simulate searcher behavior in a real world

scenario.

3.3 Measurement Model

Our path planning algorithm takes into account a mixture of data points, those from a Monte

Carlo simulation run on the lost person model and anticipated trajectories generated from

the human searcher model. The algorithm combines these data points using a Gaussian

process model, which is then used to evaluate a given set of robot trajectories.

The Gaussian process model uses a Gibbs’ kernel [28][50][51], where lengthscale is a function

of the altitude coordinate. This enables us to model data collection at each 3-dimensional

point as a measurement by a camera or a similar sensor with a fixed viewing angle. The kernel

in a Gaussian process model is a function that maps some measure of distance between two

points x and x′ to covariance between the two points. The Radial Basis Function (RBF)

kernel, uses Euclidean distance, which is the L2 norm of the difference, and some other

kernels such as the periodic kernel use the L1 norm [26][52].

Since it is based on Euclidean distance, the RBF kernel is an excellent choice to model

spatial correlation between two quantities. If we consider the position of the robot x in 3-

dimensional space and another point in space x′, covariance between the two points decreases

as they move away from each other as one would expect.

However, our requirement is a measurement model to quantify the covariance between the

current position of the robot, at which a measurement is taken, and another point in space.
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Algorithm 4 Searcher Model - Algorithm
1: x← xentry; x′ ← 0; x′′ ← 0
2: mode← SWEEP
3: target← getNextTarget()
4: targetCount← 0
5: done← False
6: while done ̸= True do
7: if dist(x, target) < distThreshold then
8: if target == xexit then
9: done = True

10: else
11: target← getNextTarget()
12: resetGradientThresholds()
13: targetCount← 0
14: end if
15: else
16: targetCount← targetCount + 1
17: end if
18: if targetCount > countThreshold then
19: increaseGradientThresholds()
20: end if
21: if mode == SWEEP and gradient(x) >= gradientONThreshold then
22: mode = GRADIENT
23: x′ ← 0; x′′ ← 0
24: end if
25: if mode == GRADIENT and gradient(x) <= gradientOFFThreshold then
26: mode = SWEEP
27: x′ ← 0; x′′ ← 0
28: end if
29: x← x + x′ ∗∆t
30: x′ ← x′ + x′′ ∗∆t
31: if mode == SWEEP then
32: x′′ ← fwaypoint(x, target)
33: else if mode == GRADIENT then
34: x′′ ← fgradient(x, terrain)
35: end if
36: end while
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Figure 3.5: Intuition - RBF kernel (in 2D)
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Figure 3.6: RBF kernel (in 2D)
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Furthermore, we focus on a camera-like sensor with a limited field-of-view as shown in Figure

3.7. In this case, the RBF kernel does not capture the decrease in field of view with altitude.

Au contraire, since field-of-view is a function 3-dimensional Euclidean distance, the sensor

now covers a larger area on the ground.

A

D

H C FGBE

Figure 3.7: Intuition - Measurement model that uses the Gibbs’ kernel (in 2D)

Figure 3.5 shows how the covariance between a point on the ground and the robot’s position

changes with change in altitude of the robot. As the robot’s altitude decreases, distance

between the two points decreases, and covariance between the points increases. However,

with decrease in altitude, range of the sensor decreases, and our measurement gives us no

information about points farther away that we were able to observe at higher altitudes.

In the context of the two figures shown above, consider that point A is the current position

of the robot. Now, assume that we use an RBF kernel. Covariance between the current

position A and a point on the ground plane B is equal to the covariance between A and
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Figure 3.8: Measurement model that uses the Gibbs’ kernel (in 2D)

another point on ground plane C. Covariance between A and one of the two other points on

ground plane E or F is quite low since they are far away from A and decrease in covariance is

proportional to exponent of the increase in squared distance. Likewise, covariance between

A and G or H is high, since they are closer to A.

Suppose the robot moves to point D. Now, with the RBF kernel, covariance between D

and G is greater than that between A and G, and covariance between D and H is greater

than that between A and H. It is the same between AB and DB, AF and DF, AE and DE,

and AF and DF. However, this relationship between a measurement point and an inference

point does not fit our understanding of limited field of view sensors such as cameras. As a

solution, we propose to use lengthscale along the horizontal axes as a function of altitude;

that lengthscale along the X and Y axes decrease with decrease in altitude, thus modeling a

limited field-of-view as shown in Figure 3.7.

On the other hand, the modifying the RBF kernel as is, to include this feature, would produce

a kernel that cannot guarantee positive semi-definiteness (PSD) of the resulting covariance

matrix. This was verified by a rejection sampling technique where we randomly sampled
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a large number of points from a uniform distribution and computed the covariance matrix.

Since eigen values of this covariance matrix were negative, we concluded that the kernel is

not valid. Although, the rejection sampling approach could not have served as conclusive

proof that the the matrix was PSD if that were the case, here, it suffices to prove that is it

not PSD.

Gibbs et al. [27] solved this problem of adding varying lengthscales to the RBF function

by introducing a balancing factor (as shown in the equation below), thus allowing the use of

lengthscale as an arbitrary positive function of x. The Gibbs’ kernel is given by,

KGibbs

(
x, x′

)
=

D∏
d=1

 2ℓd(x)ℓd(x′)
ℓd(x)2 + ℓd(x′)2

 1
2

· exp

− D∑
d=1

(xd − x′
d)2

ℓd(x)2 + ℓd(x′)2


where D denotes the number of dimensions and ℓd(x) is an arbitrary function of x [28][29]

such that ℓd(x) > 0 ∀ x ∈ X .

In our measurement model,

ℓ1(x) = ℓ2(x) = f(x3), where x =
[

x1, x2, x3
]

and

ℓ3 = γ, γ > 0 is a tunable hyperparameter

Therefore,

KSAR

(
x, x′

)
= 2 · f(x′

3) f(x3)
f(x′

3)
2 + f(x3)2 · exp

(
− (x′

3 − x3)2

2 γ2 − (x′
1 − x1)2

f(x′
3)

2 + f(x3)2 −
(x′

2 − x2)2

f(x′
3)

2 + f(x3)2

)

where x =
[

x1, x2, x3
]
, x′ =

[
x′

1, x′
2, x′

3

]
and f(x3) is the lengthscale function.
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With an RBF kernel KRBF ,

ΣDG (RBF ) > ΣAG (RBF ) and ΣDH (RBF ) > ΣAH (RBF )

where ΣAG (RBF ) is the covariance between points A and G computed using the RBF kernel

as shown in Figure 3.5. Similarly,

ΣDB (RBF ) > ΣAB (RBF ) and ΣDC (RBF ) > ΣAC (RBF )

ΣDE (RBF ) > ΣAE (RBF ) and ΣDF (RBF ) > ΣAF (RBF )

With our measurement model using the Gibbs’ kernel KSAR,

ΣDG (SAR) > ΣAG (SAR) and ΣDH (SAR) > ΣAH (SAR)

However,

ΣDB (SAR) < ΣAB (SAR) and ΣDC (SAR) < ΣAC (SAR)

ΣDE (SAR) < ΣAE (SAR) and ΣDF (SAR) < ΣAF (SAR)

where ΣAG (SAR) is the covariance between points A and G computed using our measurement

model using the Gibbs’ kernel as shown in Figure 3.7.

This relationship between a measurement point and inference point as described by our

model is therefore more appropriate in the case of a limited-field-of-view sensor such as a

downward-facing camera fitted on an autonomous aerial vehicle.
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3.4 Sampling-based Planner

The initial set of trajectories for the gaussian process based trajectory optimization algo-

rithm comes from a sampling-based path planning algorithm. We use RRT as described in

Subsection 2.2.2 to plan paths individually for each of the robots. As we discussed in sub-

section 2.7, various methods have been proposed to use sampling based planning directly in

an informative path planning application [53][41][54]. These techniques involve augmenting

the cost function with a information-theoretic cost component to account for the reduction

in entropy associated with measurements made at a given location[40]. This strategy works

well in a single agent scenario. However, when scaling to multiple robots, the submodularity

of mutual information means that the costs of independently planned paths from two robots

cannot be combined by addition to get the total cost. For example, when planning is done

independently, suppose two robots in a team end up making measurements at a high un-

certainty location that lies close to either of the robots’ positions. While both plans would

report a large decrease in entropy due to this measurement, in reality the total decrease in

entropy would be much less than the sum of the values reported by the two robots. On

the other hand, fully-dependent planning using an augmented configuration vector would

exponentially increase the size of the configuration space.

In our approach, we ignore entropy cost in the sampling-based planning. We independently

plan a paths for the robots using the entry points and exit points of the human searchers

as start and goal configurations of the robots, and we instead quantify information gathered

from the paths of all robots combined using a Gaussian process framework. Although our

planning is at a high level and we ignore environmental obstacles such as trees, we do broadly

consider the change in elevation of the terrain. We also take into account there could be no-

fly zones in the environment. These are represented as infinite-height cylindrical obstacles.
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While planning, the length of the path is limited based on the provided threshold. Though we

focus primarily on UAVs, by using a general sampling-based planner like RRT, our approach

can handle even more complicated environments such as those that might encountered by

an Unmanned Ground Vehicle (UGV) with few changes.

3.5 Quantifying Risk

We formulate risk as a function of our uncertainty about the whereabouts of the lost per-

son given (i) the heatmap data from our Monte Carlo simulation of the lost person model

(ii) anticipated trajectories of human searchers generated using our model (iii) a given set of

paths for the robots

We therefore need a means to quantify our belief of the lost person’s whereabouts as well

as the uncertainty associated. Naturally, we use a Gaussian process model where we apply

the above known inputs to compute mean and covariance of a log-odds occupancy map

[55] representing the probability of the person being at a location in the environment. The

training data X and y, and test data X∗ are set up as shown below.

X =



XMC

XHS

XR


y =



yMC

ŷHS

ŷR


X∗ =



x1

x2

...

xn


where XMC is an mMC × 3 matrix of data points from the probabilistic heatmap from the

Monte Carlo sampling with probabilities above a tunable threshold τ , yMC is an mMC × 1

vector of the log-odds ratios associated with these points, XHS of size mHS × 3 contains
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the anticipated human searcher trajectories from our model, XR is an mR × 3 matrix of

points from the given set of robot paths, and ŷHS and ŷR are mHS × 1 and mR × 1 vectors

respectively, of our expected measurements at these points based on data from the Monte

Carlo sampling. X is thus an m× 3 matrix. X∗ is an n× 3 matrix containing x1, x2, . . . , xn

which are our inference points on the grid from further discretization of this current sector

in which we are planning paths. The anticipated paths and expected measurements can be

replaced by actual data once the human searchers and robots follow these paths and we start

receiving measurement data.

As stated in Section 3.3, we use the Gibbs’ kernel with our measurement model to compute

covariances.

KSAR

(
x, x′

)
= 2 · f(x′

3) f(x3)
f(x′

3)
2 + f(x3)2 · exp

(
− (x′

3 − x3)2

2 γ2 − (x′
1 − x1)2

f(x′
3)

2 + f(x3)2 −
(x′

2 − x2)2

f(x′
3)

2 + f(x3)2

)

where x =
[

x1, x2, x3
]
, x′ =

[
x′

1, x′
2, x′

3

]
and f(x3) is the lengthscale function.

Covariance of training data KX = KSAR(x, x) + σ2
nI is of the form

KX =



· · · KXMC · · · · · · KXMC|XHS · · · · · · KXMC|XR · · ·

· · · K⊺
XMC|XHS

· · · · · · KXHS · · · · · · KXHS|XR · · ·

· · · K⊺
XMC|XR

· · · · · · K⊺
XHS|XR

· · · · · · KXR · · ·


+ σ2

nI

Similarly, covariance of test data is given by KX∗ = KSAR(X∗, X∗)

and cross-covariance between training and test data KX|X∗ = KSAR(X, X∗) is of the form
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KX|X∗ =



· · · · · · KXMC|X∗ · · · · · ·

· · · · · · KXHS|X∗ · · · · · ·

· · · · · · KXR|X∗ · · · · · ·



Mean at inference points µX∗ = KX|X∗
⊺KX

−1y

Covariance between inference points ΣX∗ = KX∗ −KX|X∗
⊺KX

−1KX|X∗

Mean µX∗ is of the form µX∗ =
[

µX∗
1
, µX∗

2
, µX∗

3
, . . . , µX∗

n

]⊺
and covariance ΣX∗ is of the

form

ΣX∗ =



ΣX∗
1

ΣX∗
1 |X∗

2
· · · ΣX∗

1 |X∗
n

ΣX∗
2 |X∗

1
ΣX∗

2
· · · ΣX∗

2 |X∗
n

... ... . . . ...

ΣX∗
n|X∗

1
ΣX∗

N |X∗
2
· · · ΣX∗

n



where σ2
n is the variance of measurement noise associated with these measurements.

Taking inspiration from Popović et al. [47][48], we use the trace of the covariance matrix as

a measure of uncertainty. Our risk cost function is given by

R =
n∑

i=1

ΣX∗
i

1 + µX∗
i

2

Our risk metric therefore is a function of the mean and variance associated with inference



3.6. Objective Functional 41

points given the training data from the lost person model, the human searchers’ anticipated

trajectories and a given set of robot paths. Since mean here represents the log-odds ratio

of the occupancy at that point, the default initial value of zero represents a 0.5 probability

and corresponds to maximum uncertainty at that point. Measurements made around an

inference point will either increase or decrease the value from zero and therefore lower the

risk cost as shown in Figure. 3.9. The figure shows change in risk cost with mean and

covariance at inference points. Information cost defined in [47][48] is represented here by a

slice of this figure along the line corresponding to µX∗
i

= 0. The more certain a measurement

is, the farther away from 0 it is. Therefore, this risk cost function results in the robot paths

approach waypoints so as to minimize the risk of not finding the lost person.

Figure 3.9: Risk metric as a function of mean and diagonal elements of covariance

3.6 Objective Functional

As discussed in Section 3.4, we get an initial set of robot paths from the sampling-based

planning algorithm. These trajectories are the evaluated to compute the corresponding risk
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cost. The risk cost gives us a measure of the uncertainty in the lost person’s location given

the anticipated searchers’ trajectories and the given set of robot paths.

Our goal is to find a set of robot trajectories to complement the searchers’ efforts in search and

given our model of the lost person. We also require that the paths satisfy certain constraints

such as, start and end states, smoothness, and constraints on time/ energy expenditure

expressed in terms of path length.

Previously, we defined our risk metric as a function of mean and covariance at our inference

points on a grid that spans the sector. However, in our goal to optimize the robot trajectories,

our data points from the lost person model and searcher model stay fixed. We can therefore

express our risk metric as a function of a given set of robot trajectories.

Furthermore, as discussed in Section 2.3, we apply cubic Bézier based interpolation to param-

eterize paths[38] generated by the sampling-based planning algorithm. The robot trajectories

are therefore continuously differentiable piecewise functions given by θλ(t) : t → RD, where

D is the dimensionality of the state-space, which in our case is 3.

Therefore the risk function above can now be represented as a function of the sparse set of p

parameters λ ∈ Rp×D that define the trajectories given by θλ(t) [37]. Our goal to find robot

trajectories that minimize risk can therefore be expressed as finding a set of p parameters

that define the set of trajectories that minimize the risk metric.

λ∗ = arg min
λ∈Λ

R
(
θλ(t)

)

The corresponding set of robot paths that minimize risk metric would hence be represented

as θλ∗(t).

We specify the time/ energy expenditure constraint in terms of path length by computing
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the total length of cubic piecewise curves that form the paths. While length of a quadratic

curve can be computed analytically using L =
∫ t1

t0

√
1 + f ′(t)2dt, in the case of cubics, Abel-

Ruffini theorem [56][57] proves that the resulting integral cannot be solved in closed form.

We therefore compute an approximation of arc length using the second derivative [58][59].

For a cubic polynomial given by ξ(t) = at3 + bt2 + ct + d, we approximate its length in an

interval between t0 and t1 as

L =
∫ t1

t0
ξ′′2(t)dt, where ξ′′(t) = 6at + 2b

Smoothness is enforced by adding a smoothness cost which is computed by summing up

the square difference between derivatives of the two curves at the rendezvous points. For

example, consider a Bézier curve specified as follows:

Ξ =
[

ξ1, ξ2, ξ3, . . . , ξl

]

In this case smoothness cost would be computed as,

S = (ξ′
2 − ξ′

1)2 + (ξ′
3 − ξ′

2)2 + · · ·+ (ξ′
l − ξ′

l−1)2 =
l−1∑
i=1

(ξ′
i+1 − ξ′

i)2

Our goal, therefore, is to minimize risk while satisfying smoothness and path length con-

straints [60][37].
minimize R

[
θλ(t)

]
subject to L

[
θλ(t)

]
≤ Ctime

and S
[
θλ(t)

]
≤ Csmooth

where L
[
θλ(t)

]
is the total path-lengths cost and S

[
θλ(t)

]
is the total smoothness cost asso-
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ciated with a set of trajectories given by θλ(t).

We represent these in the form of an objective functional F given by

F
[
θλ(t)

]
= R

[
θλ(t)

]
+ αLL

[
θλ(t)

]
+ αSS

[
θλ(t)

]

and the goal is to minimize the objective functional [43].

3.7 Robot Trajectory Optimization

To minimize the above objective functional, we adopt a gradient-based iterative approach.

At each iteration, we compute gradient of the objective functional∇λF(θλ) about the current

set of robot trajectories θλ(t) with respect to the current set of parameters λ.

We update the parameters λ by following the direction of steepest descent as defined by the

negative of the gradient of the objective functional evaluated about the trajectories defined

by the current set of parameters

λi+1 = λi − η · ∇λF(θλ), i ≥ 0

η is a tunable learning rate parameter. Since the functional in this case is high- dimensional

and highly non-convex we apply an optimizer typically used in neural network based machine

learning applications, Adam, which features an adaptive learning rate adjustment based on

the first and second moments of the gradients [61].

The derivatives of all components of the objective functional can be computed analytically.

Derivatives of path length and smoothness cost are quite straightforward to compute, and

derivative of the GP inference can be computed as well as explained in [62]. However, in our
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*
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Figure 3.10: Gradient descent based Optimization[4]

approach, we use an automatic gradient computation library[63] that uses a computation

graph representing the forward operations to compute gradients by backpropagation.

3.8 Techniques to Speed-Up Computation

Since we follow a iterative approach to optimize paths, the amount of time taken to reach

a ”good” solution can be quite long. We therefore apply some standard tricks to save some

time in each iteration.

In our Gaussian process inference step, the test points from the grid are set up in a matrix

X∗. Here, instead of a row-by-row flattening approach, we sort them based on the Morton

Z-order space-filling curve [64] as shown in Figure 3.11. This ensures that points that lie

next to each other in the grid are not far from each other when arranged in the n× 3 matrix

format to form X∗.
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Figure 3.11: Morton Z-ordering curve for a 16x16 2-dimensional array [5]

As a result of this ordering, elements further away from the main diagonal in the covariance of

test data KX∗ matrix become increasingly small, since these values now represent covariance

between points much farther away compared to those elements closer to the main diagonal.

Therefore, we can approximate KX∗ by a sparse matrix where elements far away from the

main diagonal are set to zero. In our approach, we approximate KX∗ using a pentadiagonal

form in which we consider elements along the main diagonal, the two diagonals above it, and

the two diagonals below it. We apply the same approximation to training data covariance

KX. However, in this case, there is no need to re-order points since the training data comes

from human and robot trajectories, where adjacent points are already close to each other in

state space.
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Experimentation and Results

4.1 Implementation

The components of our solution pipeline such as (i) lost person model and the Monte Carlo

simulation (ii) human searcher model and search trajectory generation (iii) the sampling-

based planner (iv) 3-dimensional cubic Bézier curve fitting and interpolation (v) Gaussian

process inference, and (vi) Gradient-based optimization were implemented in Python v3.6.8.

We used NumPy for numerical computations in the models. After testing with various ex-

isting GP implementations such as GPyTorch [65], GPy [66], GPFlow [67], george [68] and

so on, we built our own GP package using PyTorch [69] due to most of these implementa-

tions not having support for a 3-dimensional Gibbs’ kernel and in some cases because the

implementation did not support automatic gradient computation [63].

Nearest neighbor querying for the sampling-based planner was implemented using an R-Tree

[70] spatial indexing data structure to speed up queries. This was implemented using the

Boost Geometry functions and integrated with Python using Cython [71][72]. Bézier curve

fitting algorithm [73] was based on [74].

47
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4.2 Experiment Setup

We simulated experiments on a randomly generated terrain of area approximately equal to 40

acres (400m× 400m). The lost person model was built with parameters set to the following

values: m = 70, a = 10−3, b = 10−5, α = −5, β = 0.3.The Monte Carlo simulation was run

for 25000 iterations and the data was accumulated on a grid overlaid on the terrain with a

10m× 10m resolution. Searcher model was constructed and trajectories were generated for

a team of 3 searchers using Algorithm 4 based on the generated terrain.

The sampling-based planner generated a set of initial paths for 3 robots with start and

goal positions at the entry and exit point of searcher in the given sector. Cubic Bézier

curve fitting was used to parameterize the paths with a total error margin of 15, and this

parametric representation was used in the trajectory optimization step. The information-

theoretic risk cost function as discussed in Section 3.5 was used to quantify the quality of a

given set of paths. This measure was use to optimize paths using steepest gradient descent

based optimization.

4.3 Qualitative Results

Figure 4.2 shows a top view of the paths generated by the algorithm and Figure 4.3 shows an

isometric projection of the generated paths. Human searchers’ paths are shown in gray while

robot paths are in red. The background is a heatmap of the probabilistic data accumulated

from the Monte Carlo simulation.

We ran our experiments with no-fly zones in the environment represented by infinitely tall

cylindrical obstacles. In these cases, we used a delayed collision checking approach, where

we check for collision thos set of paths that have a lower risk cost than the last known set
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of minimal risk paths. The results from this experiment are shown in Figures 4.4 and 4.5

X

200150100 50 0 50 100 150 200

Y

200
150
100

50
0
50
100
150
200

0

10

20

30

40

50

60

70

Figure 4.1: Experiment 1 - Terrain

As we can see from the above results the algorithm is able to incorporate information from

the lost person model simulation, anticipated human searchers’ paths and their anticipated

measurements to generate robot paths that complement the human searchers’ efforts. The

robots’ paths are clearly drawn towards those areas not sufficiently covered by the human

searchers and among those, especially towards high probability regions based on our simu-

lation data, thereby reducing the overall risk. Moreover, Figures 4.3 and 4.5 show that the

algorithm is able to plan in 3-dimensions using our altitude based field-of-view measurement

model, balancing between high altitude flight for a wider field-of-view and low-altitude flight

for better quality measurements over a narrow field-of-view.

Since the algorithm searches locally for more optimal paths, it is likely that in some cases,

it might get stuck in local minima, as in Figure 4.4, where the paths of robots 1 and 2 (from

the left), get stuck in a local minimum between two regions of high probability, which could
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Figure 4.2: Experiment 1 - Generated robot paths to complement anticipated searcher paths
(in 2D). Searcher paths are in gray and robot paths are in red
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Figure 4.3: Experiment 1 - Generated robot paths (in 3D)
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Figure 4.4: Experiment 2 - Generated robot paths to complement anticipated searcher paths
with obstacles in the environment (in 2D). Searcher paths are in gray and robot paths are
in red. The yellow circles represent no-fly zones
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Figure 4.5: Experiment 2 - Generated robot paths with obstacles in the environment (in 3D)
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Figure 4.6: Experiment 2 - Terrain

potentially help decrease risk cost by providing more certain measurements. Nevertheless,

moving the path towards either of the two would results in a decrease in information gathered

about the other. Increasing altitude could help collect measurement data from either of

them, however at a lower quality. All these factors, combined with a no-fly zone close to the

path that adds to the constraints imposed by the smoothness requirement, has lead to the

algorithm being stuck in a local minimum.

4.4 Quantitative Results

For a quantitative evaluation of our algorithm, we compare our algorithm against the fol-

lowing three cases that relate to how SAR operations currently function with or without

support from UAVs: (i) human searchers performing a search without UAVs. (ii) human

searchers with manual UAVs that follow the same path as the humans searchers at a fixed
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altitude of 15m over the terrain. (iii) human searchers with autonomous UAVs that follow

the shortest collision-free path (computed using RRT*)

Scenario Risk cost (×1018) % of max Planning time

Searchers’ without UAVs 4.846 100 N/A

With UAVs (shortest path - RRT*) 4.412 91.044 20.397 s

With UAVs (manual control) 4.122 85.056 N/A

With UAVs (minimum risk path) 3.389 69.937 1193.781 s

Table 4.1: Quantitative evaluation of our approach

It can be inferred from the results above that in the case of searchers with manually controlled

UAVs, the UAVs have advantage of high altitude coverage, which helps reduce risk compared

to the case where searchers have no UAV support. This even works better than the case

of UAVs flying the shortest path between entry and exit points planned using RRT*. This

is because the shortest path produced by RRT* is typically close to a straight line path in

the absence of obstacles and is closer to the ground compared to the former. However, our

approach, in which the UAVs plan trajectories to explicitly minimize risk performs better

than all the others by complementing searchers’ efforts as well as by controlling altitude

effectively, balancing between field-of-view and quality of measurement.

The scenarios we consider are reasonably consistent with how searches are currently per-

formed within the SAR community, and the results above clearly indicate the use of au-

tonomous UAVs that complement the human searchers’ efforts can greatly help improve the

success of the search mission.
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Conclusions

In this thesis, we introduce a risk-aware human-in-the-loop multi-robot path planning ap-

proach for lost person search-and-rescue applications. The proposed path planning approach

involves

– a lost person model driven by statistical data from SAR databases such as ISRID

– a human searcher model based on behavioral modeling of search teams and informed by

GPS data collected from past searches

– a measurement model that is able to quantify the quality of an observation made by

observers at varying altitudes based on a realistic fixed viewing angle model

– sampling-based planner to independently plan obstacle avoiding paths for a team of robots

– sparse parameterization of robot paths using cubic Bézier curves

– an information-theoretic risk cost to quantify the effect of measurements made

– gradient-based iterative update of parameters

Our simulations show that this approach produces robot paths that successfully complement

human searchers’ efforts and help reduce the risks associated with uncertainty. While our

current experiments were based on simpler models, the framework allows for much more

54
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complex models driven by by real world data to plugged in in their stead without requiring

major changes to the algorithm.

5.1 Future Work

Some of the next steps in our work would be

– integrating the planning pipeline with UAVs to perform field experiments

– improve running time by parallelizing parts of our implementation to advantage of the

massively parallel computation capabilities of Graphics Processing Units (GPU) in path

planning

– explore more options for models to represent the robot trajectories for optimization

Also, the current approach plans paths for robots while human agents’ paths are considered

immutable by the planner. While, this constitutes an incremental improvement over the

existing SAR paradigm, based on our recent discussions with SAR experts, we have come to

learn that human searchers often struggle to navigate in the field due to limited perception

of the surrounding terrain. Our algorithms on the other hand can quite accurately model

the terrain and have the advantage of a global view of the data. Therefore a promising new

direction for our work seems to be to explore path planning for human searchers considering

the difficulty of the terrain, observability of the ground at various regions by UAVs and other

such factors.
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