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ABSTRACT

A sensor network is a network of small devices equipped witkrsing, communica-
tion and computation capabilities. As sensors are becomirnigexpensive, deploying
many sensors in a workspace becomes feasible. On the othendhaadvancements
in wireless communication technologies help mobile robos®lve important prob-
lems involving collaboration of multiple robots. Multiple robots can communicate
with each other with wireless communication to collectivglachieve a common task.
These advancements in sensor networks and multi-robot sgsts lead to a hybrid
system of sensor networks and multi-robot systems: robotgensor networks. In
this thesis, we consider two algorithmic challenges faced bobotic sensor network
systems.

Robots operating in a workspace can localize themselves hyegying nodes of
a sensor-network deployed in the same workspace. The rstpaf this thesis ad-
dresses the problem of computing the minimum number and plament of sensors so
that the localization uncertainty at every point in the workspace is less than a given
threshold. We focus on triangulation based state estimatiowhere measurements
from two sensors must be combined for an estimate. We presemt integer linear
programming framework for the general placement problem dran approximation
algorithm for a geometric uncertainty measure.

Mobile robots equipped with wireless networking capabii#gs can act as robotic
routers and provide network connectivity to mobile users. &botic routers provide
cost e cient solutions for deployment of a wireless networkn a large environment
with a limited number of users. In the second part of the thesj we present motion
planning algorithms for robotic routers to maintain the comectivity of a single user
to a base station. We consider two motion models for the usem the rst model,
the user's motion is known in advance. In the second model,gluser moves in an
adversarial fashion and tries to break the connectivity. Wgresent optimal motion

planning strategies for both models.



CHAPTER 1
Introduction

Mobile robotics has been the focus of signi cant robotics search in the past 30
years. Before then stationary robots (e.g. robot arms and lbot grippers) which

were used mostly in industrial manufacturing, were at the cger of robotics research.
Hence, early research mostly focused on the key problemsafot arms and grippers
such as forward/inverse kinematics, manipulation, graspg, optimal control theory,

etc.

Mobile robots have the advantage of mobility while robot armms and grippers
are bolted from their bases to xed positions. Mobile robotsare used in tasks
where the human presence is not possible or unsafe. For exdenpecently NASA
sent a robot named \Phoenix" for an important mission in Mars Phoenix takes
samples from the solil to investigate the existence of life iWars which would be
an impossible and fatal mission for astronauts. On the otheside, the company
\iRobot" produces robots which are used for disposing bomband, exploring and
securing areas which are either inaccessible or too dangerdor soldiers. While
mobile robots are saving lives in critical missions, they att to become a part
of our daily lives as well. Millions of people are using \iRott Roomba" vacuum
cleaner robot which is considered for many people as the rsbmmercially successful
domestic robot. On top of vacuum cleaner robots; carpet wash lawn mowing, pool
cleaning and gutter cleaning robots are becoming more commeveryday.

Although mobility introduces a great advantage, it also intoduces some im-
portant problems to be solved for a robotic systems. An asded set of problems
in this eld can be summarized undermotion planning which is a study of nding
trajectories for robots to ful ll a given task. On the other hand, due to the lack of
accuracy of robots' moving hardwarelocalization can be counted as one of the most
fundamental problems for a robust robotic system. In this tbsis, we address two
problems under these two important elds of study.

First, we consider a localization technique where robots dalize themselves



by using the measurements from external sensors which arepltged in the same
workspace as the robots. We address the problem of computitige minimum num-
ber and placement of sensors so that wherever a robot is in terkspace, the
localization uncertainty of the robot is less than a given treshold. We present a
solution framework for the general problem and an approxintian algorithm for a
special case of the problem.

Second, we consider a scenario where mobile robots equippéth wireless
networking capabilities act as robotic routers and provideetwork connectivity to
mobile users. We present motion planning algorithms for ras to maintain the

connectivity of a single user to a base station.

1.1 Motivation and Contributions

A sensor network is a network of small, cheap devices equipp&ith sensing,
communication and computation capabilities. With concurent advances in robotics,
embedded sensing, computation and communication techngles, sensor networks
are becoming increasingly popular in automation applicatns such as surveillance,
inventory control and tra ¢ management.

The presence of a sensor-network in a robot's workspace cawoyide robust,
scalable solutions to a number of fundamental robotics prédms. For example,
robots can localize themselves by querying the nodes of awetk. In addition to
localization, sensors can assist in other robot tasks such mavigation and search.

On the other hand, the advancements in wireless networkingdd signi cant
changes in networking and mobile device technology. As a tta name for a popular
wireless technology, Wi-Fi, became a standard for all lapps. Wi-Fi eliminates the
cabling and wiring of devices and provides an easy accessrieinet. Moreover, Wi-
Fi also allows connectivity in ad-hoc mode which provides diees to communicate
directly with each other. Since, the wireless communicatiois limited with the
range of wireless signals, the communication range is extiexl by overlapping signal
sources.

In addition to the signi cant impact in mobile device techndogy, the advance-

ments in wireless communication technology in uence cortpgential advancements



in mobile robotics. With the wireless communication capabiies, a group of mo-
bile robots can communicate with each other to collectivelful Il a common task.
This may help in solving some problems which may be infeasbbr impractical to
solve with a single robot, e.g. vacuum cleaning of a large wspace can be done by
multiple robots in a fraction of time required by a single robt.

The advancements in sensor networks and wireless technaésgled the way
to hybrid sensor-robot systems. These systems combine thdvantages of mo-
bility of multi-robot systems with the advantages of less eergy consumption and
highly-developed communication capabilities of sensorm@rks. The design of such
systems introduces some interesting algorithmic and thestical challenges. In this
thesis, the two algorithmic challenges of robotic sensor merks is addressed.

The rst part of this thesis addresses the problem of placingensors so that
when a robot queries sensors to estimate its own position,ehuncertainty in the
position estimation is less than a given threshold. This pldem is NP-hard in
its most general form. For the general version, we present algtion framework
based on integer linear programming and demonstrate its algation in a re-tower
placement task. Next, we study the special case of bearinghp localization and
present an approximation algorithm with a constant factor grformance guarantee.
This work appeared in [21].

When the communication range of wireless signal sources isich smaller
than the environment, it may become infeasible to give commication service to a
mobile device with a full coverage of the entire environmeniOn the other hand, a
small number of robots which are used as mobile routers, cantanomously deploy
and recon gure themselves to maintain the connectivity of darget mobile device
to a base station. The second part of the thesis (appeared iB3]) addresses the
motion planning algorithms of a connectivity constrained malti-robot system where
we provide connectivity service for a mobile device.

We consider two motion models of the target. In the rst modelwe presume
that we know the trajectory of the target. This assumption isvalid for the entities
which are under our control. For example, a target mobile ralt whose trajectory

is predetermined by us can be considered as a known trajegtanodel. However, it



is not always feasible to presume that the target's trajecty is known beforehand.
Hence, in the second model, we consider a worst case scenaf@re the target
moves in an adversarial fashion and break the connectivitysasoon as possible. We
present optimal motion planning algorithms for two motion nodels of the user and

we demonstrate the practical feasibility of our solutions ith simulations.

1.2 Outline

This thesis is divided into four chapters where the rst chater is dedicated
to introduction, motivation and contributions and the last chapter is devoted to
conclusion. The rest of the thesis is organized as follows:

Chapter 2 studies the sensor placement problem of triangtien based local-
ization. We rst formalize the problem and show the hardnes®f the problem in
Section 2.1. Afterwards, in Section 2.2, we present a genkesslution framework
based on Integer Linear Programming. Since, the general ptem is NP-hard, in
Section 2.3, we present an approximation algorithm for beiag only localization.

Chapter 3 is dedicated to the robotic routers problem. The mblem formal-
ization is given in Section 3.2. In Section 3.3 and Sectiond3.we study the robotic
routers problem for two di erent user mobility models. We slw the practical fea-
sibility of robotic routers by simulations in Section 3.5, hen we show the results of

a running robotic router system in Section 3.6.



CHAPTER 2
Sensor Placement for Triangulation Based Localization

The process of determining the location of an object from tweensor measurements
is commonly referred to as triangulation. For example, a fest re is localized by
triangulating bearing measurements from two re-towers wbse relative locations
are known. Similarly, images taken from two calibrated camas can be used to
localize an object.

As sensors are becoming inexpensive, deploying many sessora workspace
to provide localization services is becoming feasible (seq. [17, 14]). We believe
that this technology provides a valuable alternative to orboard localization for mo-
bile robots for the following reasons. First, on-board lodiaation requires a sensor
and a processor on each robot. In scenarios where many inenxgiee, specialized
robots (e.g. Roomba) operate in the same workspace, it may lcheaper to in-
stall a small number of cameras in the environment and use tmeto localize all
of the robots. Second, localization with external sensorgamr be more robust than
on-board localization especially when there are not many dinct features in the
environment. Finally, localization with external sensoranay be the only alterna-
tive in scenarios such as localizing adversarial entitiegVe note that the additional
burden of calibrating external sensors can be relieved bying fully automated
techniques [15, 16, 4].

The target-sensor geometry plays a signi cant role in the atracy of an es-
timation obtained via triangulation. As an example, considr triangulation with
bearing measurements. If the target and the two sensors arellmear, the sensors
can not localize the target. In general, the uncertainty in baring-only triangulation
is proportional to the product of target-sensor distancesral inversely proportional
to the sine of the angle between the target and the sensors J[1Bigure 2.1). The
environment also plays a role in localization with triangudtion. For example, oc-
clusions caused by the environment may prevent a sensor frgrarticipating in the

triangulation process.
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S1 = (X1; Y1)

2 = (X2, ¥2)
Figure 2.1: The uncertainty in estimating the position of th e target
at w using bearing measurements 1 and , is given by:
U(Sl, 32, W) - d(Sl,W)d(Sz,W)

jsin j

In the present work, motivated by these factors, we study théllowing prob-
lem: given an environment model, an estimation model and amaertainty thresh-
old, what is the minimum number and placement of sensors to grantee that the
uncertainty in estimating the location of a target in the wokspace is not greater
than the given threshold regardless of the target's locatin®

Contributions:  After formalizing the sensor placement problem in Section2.1,
we present a general solution framework based on integerdar programming (Sec-
tion 2.2). Since the general problem is NP-hard, we also facon a common special
case, bearing-only localization, and present an approxiti@n algorithm that de-
viates from the optimal solution only by a constant factor bth in the number of
cameras used and the uncertainty in localization (Section3®.

In the next section, we start with the problem formulation.

2.1 The Sensor Placement Problem
2.1.1 Problem formulation

In this section, we formulate the Sensor Placement Problerorf Triangulation
Based Localization (SPP). In SPP, we are given a workspa®é which consists of
all possible locations of the target. Lets be ak-tuple representing related sensor

parameters which can include, for example, location and entation of a sensor. The



second input to SSP i€, the domain ofs. In other words, Q is the set of all possible
placements of a single sensor. Finally, we are given a furmetiU : Q Q W ! R,
where U(s;; sj; w) returns the uncertainty in localizing a target located atw using
two sensors with parameterss; and s;. In general the functionU is specic to
particular environment and sensing models. For examplél(s;; sj; w) can be in nite
if the environment causes an occlusion betweem and either s; or s;. Similarly, if
the sensors have range or eld-of-view constraints, the fation U can be de ned
to incorporate them. To simplify the notation, we left the dgendency ofU on
environment and sensing models implicit throughout the tex

parameterss;. The quality of a placement in a workspace is determined aslifaws:

U(S;W) = rw% sir;g,-'gs U(si;si;w)

In other words, to establish the quality of a placement in a wlispace, we take
the largest uncertainty value over the entire workspace. Toompute the uncertainty
value for a speci c location in the workspace, we nd the bespair of sensors for
that location.

We can now de ne the sensor placement problem: Given a worlegeW, can-
didate sensor locationgQ, an uncertainty function U and an uncertainty threshold
U, nd a placement S with minimum cardinality such that U(S;W) U .

It is easy to see that SPP is a hard problem by establishing itglation to the
well-known k-center problem, which is NP-Complete. In thek-center problem, we
are given a set of locations for centers and a set of targetomad) with a distance
function d(i; j ) between the centers and the targets. The objective is to mimize the
maximum distance between any target and the center closest it [8]. The converse
problem, where the maximum distance from each vertex to itseater is given and
the number of centers is to be minimized, is also NP-Complefg]. The converse
problem can be easily seen to be a special case of the SPP wiltlkeesuncertainty
function is chosen adJ(s;; s;; w) = min fd(s;; w); d(s;; w)g. Hence, SPP is at least

as hard as the convers&-center problem.



2.1.2 Related work

Coverage and placement problems received a lot of attentioacently. How-
ever, most of the existing work focuses on sensors that argoable of estimating the
state of the target independently. In this section, we revig work on the placement
of sensors which jointly estimate the states of targets.

In [18], the problem of controlling the con guration of a sesor team which
employs triangulation for estimation is studied. The authos present a numerical,
particle- Iter based framework. In their approach, the optmal move at each time
step is estimated by computing am dimensional gradient numerically where is the
size of the joint con guration space of the team. In [1], the blem of relocating a
sensor team whose members are restricted to lie on a circlelamarged with jointly
estimating the location of the targets was studied. In [6],he authors study the
problem of placing cameras in a polygonal workspace in suchnay that for each
point of interest, there are two cameras which can view the pd at a \good" angle.
The authors present a log-approximation for this problem. fie work in [9] studies
the problem of assigning disjoint pairs of sensors to target The authors introduce
the notion of Universal Placementwhere \good" assignments exist regardless of the
targets' locations.

2.2 A General Solution

In this section, we present a general solution, based on iger linear pro-
gramming, to SPP. The formulation requires discretizing th workspaceN and the
domain of sensor parameter®.

The Integer Linear Program (ILP) uses the following varial#s. For each pos-
sible sensor parametey 2 Q, we de ne a binary variabley;. If y; =1 after solving
the ILP, a sensor with parameterg will be placed. Other binary variables arez
and xj'. The index u varies over all possible target locations iV, whereasi and j
vary over Q. In the solution, variablesz' become 1 when the sensor with parameters
I is assigned to target locatioru. Variablesx; are set to 1 if the target locationu
is monitored by sensors with parametersand j .

The complete ILP is given by:



minimize
X
y (2.1)
j
subject to
y, X 8i:j;u (2.2)
x¢ =0 8i:j;u with U(i;j;u)>U (2.3)
X
2' =2 8u (2.4)
>(i
Xy = 7" 8i: u (2.5)
X

Equation 2.1 is the objective function, i.e. the total numbeof placed sensors.
The constraints on the placement are imposed by Equations22{ 2:6. The rst
constraint (Equation 2.2) enforces that if a sensor with pametersj will be assigned
to a target u, then such a sensor must be placed in the solution. Equation32
enforces sensing and quality constraints: it prevents semgairs which do not satisfy
the constraints from being assigned to a target location. Emtion 2.4 guarantees
that two sensors are placed to monitor the targeti. Equations 2.5 and 2.6 maintain
consistency between variablegj and z'. The variable xj’ can be 1 if and only if
i and j are the parameters of the two sensors which are assigned tonor the
target at u. All the other xj/ variables with sameu but di erent i andj parameters
will be 0 (due to Equation 2.4). Therefore, ifi° and j© are the parameters of the
sensors to be assigned to the target at’ the sum ofx}‘o?'s over allj's (xh-‘oo's over
all i's) will be equal to z%' (z\%).

In the next section, we present an example where the ILP forration is used

to solve a practical re-tower placement problem.
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The placement for forest fire example (32 towers)

>

Figure 2.2: A terrain model of a forest, and a placement of 32 re-towers
achieving small localization uncertainty.

2.2.1 An example

In this section, we demonstrate the utility of the ILP framevwork with an
example. Imagine the task of placing re-towers in a forest ch are used for
localizing events such as forest res. Alternatively, onean imagine the task of
deploying beacons which are used by re ghting robots for lcalization.

When the terrain is non-planar, such as the one shown in Figair2.2, visual
occlusions must be addressed. For this purpose, we use thkofeing uncertainty
model: Lets; and s, be two (candidate) re-tower locations andw be a target

location. If both s; and s, can seew, we compute the uncertainty using the for-

d(s1;w)d(sz;w)

mula U(sy; Sp;w) = TSy Swesl

on the plane de ned bys;;s, and w. Otherwise,
U(sy; sp;w) is innite. Note that it is possible to introduce a more sophisticated
uncertainty measure for a particular sensor.

Suppose we are given the environment model shown in Figure 2the error
model mentioned above and an error threshold of® To setup the ILP, we rst
compute two sets of candidate sensor and target locations. eplace a uniform
grid on the x-y plane with resolution and project the grid points onto the forest
surface to obtain candidate sensor locations. These sensmrations correspond to
the vertices of the triangles of the surface triangulationTo obtain candidate target
locations, we shift the original grid by =2 in both x andy directions. The projection

of this new grid onto the forest surface gives us candidatergget locations. In terms
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of running time, the bottleneck is the number of; variables. Therefore, we focus
on them. In this example, there are 357 candidate sensor Iticas and 320 target
locations which resulted in 40783 680xj/ variables. Two simple optimizations are
to disregard values withxj’ = 0 and to use only one of the duplicate pairsx; and
Xji - This reduces the number okj variables to 113136.

The resulting ILP was solved withCP LEX 9:1:0 solver on a PC equipped with
a 2 GB RAM and 320 GHz CPU. Solvers like CPLEX, use branch-and-bound tech-
nique to solve ILPs. Since the number of variables is very lg&, the possible number
of branch-and-bound operations can be too large. Hence, hat than waiting until
the optimal solution is reached, we found the best solutiorfter 10; 000 branch-and-
bound operations which took 3%4 CPU hours. The resulting placement has 32
re-towers and is shown in Figure 2.2.

When the number of variables are too large, the running timefahe ILP solver
becomes prohibitively large. For example, we tried to nd tle optimal solution for
the above problem. After 22 days, the optimal solution was #itnot found. While
waiting for the optimum solution, we are tracking the progrss of the best solution
found so far. After 3Q 981 branch-and-bound operations, the best integer solutio
so far is: 29. In the next section, we present an e cient algithm with a provable

performance guarantee for the special case of bearing-oldgalization.

2.3 Placement for Bearing-only Triangulation

In this section, we address the problem of placing bearingly sensors on the
open plane to monitor the workspace given by an arbitrary set of the plane. A

common uncertainty function associated with this model is

— d(sg; w)d(sz; w)

jsin\ s;wsyj (2.7)

U(S1;S2; W)

whered(x;y) denotes the Euclidean distance betweenandy and =\ s;ws;
is the angle between the sensors and the target (Figure 2.1The details of this

derivation can be found in [10]. In general, Equation 2.7 sggsts that better mea-
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surements are obtained when the sensors are closer to thegetrand the angle is as
close to 90 degrees as possible.

Even though we ignore occlusions caused by the environmetitis version of
the problem has applications in the placement of re towersa monitor a ( at) forest
and placement of omnidirectional cameras in convex envirorents.

Let U be a desired uncertainty threshold andP T be an optimal placement
which uses the minimum number of sensors such that(OPT;W) U . We will
present an algorithm to compute a placemer® with jSj  3JOPTj and U(S; W)
6U wherejSj and jJOP Tj be the cardinalities of the corresponding placements. Our
algorithm works for any workspaceVV©  R?. We assume that sensors can be placed
anywhere in the plane. As we will see shortly, the optimal pt&ament can not a ord
to place cameras too far from the workspace.

Let R = P U . The proposed placement algorithm consists of two phases |
the rst phase, we choose a set of centelS which will be used to determine the
location of the cameras. In the second phase, we place camnseoa circles whose
centers coincide with the chosen centers and whose radii aemost 2R. We will
show that this placement achieves bounded deviation from ¢hoptimal one in terms
of both the number of sensors and the performance guarantee.

The centers are chosen by the following algorithm:

Algorithm 1 : Algorithm selectCenters

Data : workspace:W
Result : set of centers:C

1 begin

2 W W

3 C

4 while W 6 ; do
5 c an arbitrary point in W

6 C Clfa

7 W  Wnfw:d(c;w) < 2R;w 2 Wg

g8 end

The following lemma shows that the number of centers is smallith respect
to JOPT].
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Lemma 2.3.1 Let C be the set of centers chosen IsglectCentersand OPT be an
optimal placement.jOPTj | Cj.

Proof For each centerc 2 C, let us de ne D(c; R) to be a disk centered atc with
radius R. Since the distance between the centers is at leadR 2the disks D(c; R)
are pairwise disjoint. We claim that each diskD (c; R) contains at least one camera
in OPT, which proves the lemma.

Suppose the claim is not true and let be a center such that OPT has no
cameras inD (c; R). But then, for any s;;s; 2 OP T, the uncertainty in observingc
will be:

d(si; 0)d(s;; ©)

. . 2 _
isin\ s,cs ] d(si;0)d(sj;0) >R U

U(si;sj;c) =

However, this means that OPT exceeds the uncertainty thresid on c. A contra-

diction!

In the second phase, we use the set of centers to determine fhacement of

cameras.

Algorithm 2 : Algorithm placeSensors
Data : set of centers:C
Result : placement: S

1 begin
2 S

3 for c2 C do
4 W, f w:d(c;w) < 2R;w2 Wg

5 Let T be ané( equilateral triangle whose circumcircle iB (c;2R9

whereR%= * IR

6 Place three sensors;;s;,; S3 on the vertices ofT (See Figure 2.4)
7 S S[f si;s2is30
s end

In Figure 2.3 we illustrate the two phases of the algorithm. & only show the

rst two selected disk centers and the placement of sensonrsside their disks.
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Figure 2.3: This gure shows the two phases of the placement a Igorithm.
In the rst phase, we choose disk centers (for clarity we show
only the rst two selected centers which are represented wit h
red circles). In the second phase, we place three sensors (bl  ue
circles) for each center as described in algorithm placeSensors

Clearly, algorithm placeSensorplaces at most POP Tj cameras (Lemma 2.3.1).
All we need to show is that for any pointw in the workspace, we can nd two sensors
si ands; such thatU(s;;s;;w) 6U . The next lemma shows the existence of such

camera pairs.

Lemma 2.3.2 LetS = fs;;s,; S3g be the set of three cameras placed by placeSensors
inside D (c;2R). For any point w 2 W, there exists an assignment of two cameras
si ands;, such thatU(s;;s;;w) 6U wherel i) 3.

Proof We divide the set of points insideD(c;2R) into three partitions: P! =
4 55,83, P2=D(c;2RYnPtand P32 = D(c;2R) nD(c;2RY (See Figure 2.4).

Let w be any point inside D (c;2R). Throughout the proof, we use various
geometric properties for the three casesv 2 P, w2 P2 andw 2 P3. For eachP¥,
we present a proof for a subregioﬁ’i}‘ such that U(s;;sj;w)  6U is satis ed for
all w 2 Pf. The proof generalizes to alP} (hence toP¥) by symmetry.

Case (w2 P1):

We divide P? into three regions using the bisectors of the triangl& and label
them as shown in Figure 2.4. Letv be a point insidePJ;. It can be easily veri ed
that the following three inequalities hold, s\ s,wsg %, d(sp; w) 2IO 3R¢
d(s3; w) 2p 3R% Hence,U(sy;ssw) 2R 6U (See Figure 2.5).

sin =3
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Figure 2.4: This gure shows the partitioning of D(c;2R) into three par-
titions P!, P2 and P3. Three sensors (si;sy;ss) are placed on
the equilateral triangle's vertices Whicfgq is determined by its
circumcircle D(c;2R9) where R®= * IR. Each partition P*

divided into subregions Pi}‘ where s; and s; are the sensors
assigned for points inside Pijk

Figure 2.5: We divide P! = 4 s;s,s; into three regions using the bisectors
of the triangle T. The shaded area shows the possible set of
locations for w such that the assignment of s, and s; satis es
U(sz;s3;w)  6U .
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Figure 2.6: We cut P2 = D(c;2R9Y nP! into 6 regions by bisectors of tri-
angle T. In this gure we consider the area PZ shown in
Figure 2.4. For any w 2 PZ, the assignment of s, and s3
satises U(s,;s3;w) 6U .

Case (w2 P?):

We partition P? into 6 equal parts using the bisectors of triangl@ (See Fig-
ure 2.4). Supposew lies in region: P%. Let m;3 be the middle point of f; s3],
and w® and m?; be the intersection points of the boundary oD (c;2R9 with S, W

and s, my3, respectively. For clarity, we use the same notation as in §iire 2.6, i.e.

=\ swsz, =\ s;wh;, =\wszwland =\ s;53w% For any w 2 P2, follow-
ing inequalities hold: {) = 3, (i) 0 , (i) 5 5 (iv) =+
Finally, using (i){(iv), we can bound = \s;wsz: 3z \ S;Ws3 2_. The dis-

3
tances d(s,; w) and d(ss;w) are upper bounded by: d(s;;w)  d(sz; m$,) = 4RC,

d(sz;w)  d(ss; mds) = 2R Hence,U(sy; s3; W) % 6U .

Case (w2 P3):

Again, we partition P2 into 6 equal regions using bisectors of triangl€ (See
Figure 2.4). For any pointw inside P2, we assign cameras; and s;. Let us say
that wPis the intersection point of the boundary ofD (c;2R9 with cw. Similarly,
suppose thatw®and s{°are intersection points of the boundary oD (c;2R) with
¢ wand ¢ S3, respectively. To obtain a bound on the uncertainty, we rstestablish
a lower bound on sin( s;wsz) = sin (Angle(r; )), followed by an upper bound on
the product d(s;; w)d(sz; w) = Mult (r; ). Finally, we show that both bounds are
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reached at the same pointw = s3°
For the remaining part of the proof, we will use polar coordiates as shown
in Figure 2.7. We de ne uncertainty function Uncert(r; ) in polar coordinates as

follows:
Uncert(r; ) = ol
q
Mult(r; ) = (r2 4rROsin +4R®)(r2 4rROcos( + 4)+4R%)
) 0 N
Angle(r; ) = S-+arctan ZR?CJSS'” +arctan W
where for allw 2 P2, =6 =6 and R°<r 2R.

First, we show that for anyw 2 P2, Mult(r; ) Mult(2R; =6), then we
show sin @Angle(r; )) sin (Angle(2R; =6)) where (R; =6) corresponds to
s9?

By Euclid's exterior angle theorem (in any triangle the ang opposite the
greater side is greater), we have(s;; w)  d(s;;w% andd(ss;w)  d(ss; w%. There-
fore, Mult (r; ) Mult (2R; ). By the extreme value theorem:Mult (2R; = 6)
Mult (2R; ) Mult(2R; =6). Hence, foranyw 2 P2, Mult(r; ) Mult (2R; =6)
holds.

The angle\ s;ws; is always between s;w%; and \ s;w%%; where\ s;w%; =
2 =3. Therefore,sin(\ s;ws;3) is lower bounded by min(sin{ s;w°%;); sin(2 = 3)),
i.e. sin(Angle(r; )) min(sin (Angle(2R; )) ;sin(2=3)). The function Angle(2R; )
has its local minima and maxima at = =6 and = =6, respectively and
it is increasing in its domain. This can be shown by investigag the domain
and roots of the rst derivative of Angle(2R; ). Therefore, sin Angle(r; ))
min min sin Angle(2R; ) ;sin Angle(2R; %) ;sin(%) =sin Angle(2R; ) .

Finally, U(S2;53: W) gniangopr—g;  6U -

In conclusion, placeSensors guarantees an uncertainty for all cases thahist
greater than &J , i.e. U(W;S) 6U .

In Figure 2.8, we present numerical results for the optimalgstitioning of the

disk and the corresponding uncertainty values (for the plament given by place-
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Figure 2.7: In this gure, we represent w in polar coordinates (r; ). For
all w2 P2 (See Figure 2.4), sin(\ s;wsg)  sin(\ s;59%;) and
d(si; W)d(ss; W) d(s1; s3%9d(ss; 3% Hence, U(sy;ss;w)  6U .

Assignment of points to sensor pairs Uncertainty function
3

o

uncertainty values
o

23)

0

@2 xvalues , 1

y values

Figure 2.8: Left gure shows the optimum assignment in circle(c;r) and
right gure shows the uncertainty in circle(c;r).

Sensorg. The maximum uncertainty matches the bound obtained in Lemma 2.3.2.
However, the optimal assignment scheme is slightly di erérthan the one used in
the proof (cf. Figure 2.4).

Is it possible to obtain a better uncertainty guarantee? In gneral, let us de-
ne an (; )-approximation algorithm for sensor placement be an algithm which
places at most times the number of cameras used in an optimal placement and
guarantees a deviation of factor in uncertainty. From the results presented above,
we have (63) approximation algorithm. Clearly, there is a trade-o bdween and

. Using algorithm placeSensorss a subroutine, we can obtain a class of approxi-
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mation algorithms by covering each disk of radiusR (used byplaceSensorswith k
disks of smaller radius. This guarantees a smaller deviatidrom U . The problem
now becomes a disk-covering problem: Given a disk of radiuR,2nd the smallest
radius r(k) < 1 required fork equal disks to completely cover the original disk.
Clearly, this would guarantee a reduction of (k)? in the performance guarantee of
placeSensorsat the expense of increasing the number of cameras by a facko The

interested reader can nd di erent values ofr (k) in [24].

2.4 Conclusion

In the presented work, we introduced a novel sensor placem@noblem where
pairs of sensors are used to obtain estimates about a targeldcation. We presented
a general solution based on integer linear programming and approximation algo-
rithm for the special case of bearing-only localization inhie absence of obstacles. We
are currently working on extending the approximation guaratees to more complex

environments. Preliminary results can be found in [22].



CHAPTER 3
Robotic Routers

Suppose a user, working in a large farm or a warehouse, needstiouous network
connectivity, perhaps for inventory tracking or surveillmce. The user can be a
human carrying a mobile device or an autonomous robot. One ach to provide
network connectivity to such a user is to deploy static wirelss routers and provide
connectivity over the entire environment. Even though thisolution is viable in some
cases, in general maintaining the network (e.g. deploymenteplacing batteries)
may be costly and inconvenient. Further, since at any givenhe the set of nodes
needed to provide connectivity forms only a small subset oflanodes deployed
in the environment, this solution may be too costly in large mvironments. We
believe that robotic routers can provide a better solutiondr this application: a
small number of robots can autonomously deploy and recon gel themselves to
maintain the connectivity of the user. Maintenance operatins such as recharging
can be performed in an autonomous fashion.

We have run into a similar problem in our laboratory which is dcated at
the end of a long, rectangular building (See Figure 3.1). Th€omputer Science
Department owns only a small portion of this oor and our wirdess network covers
only the part of the oor owned by the department. Therefore,when one of our
robots navigates in the halls and needs wireless connectiarsing other robots to
maintain connectivity becomes an appealing solution.

In order to demonstrate the potential utility of introducing mobility, consider
the two examples shown in Figure 3.2. In both examples, cieslsquare and diamond
shapes indicate the base station, user and robotic routeespectively. Suppose the
connectivity model is visibility based (i.e. two nodes areannected if they see each
other). In the left gure, roughly jVj=3 stationary routers are needed wherg/j is
the number of vertices of the environment. However, a singtebotic router, which
is as fast as the target, su ces for maintaining the target'sconnectivity. Therefore,

in this environment, introducing mobility is bene cial. However, in the right gure,

20
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Figure 3.1: The map and connectivity of the oor where experi ments
take place. Left: The blue circle (in the middle of the bot-
tom corridor) is the stationary blue robot. Fading red circl es

show the signal strength as the red robot moves to the upper
corridor (actual measurements). When the red robot reaches

the position shown on the map, the signal strength becomes
zero. Right: By moving a third robot (black circle) to the
position shown on the map, we can reestablish the commu-
nication. The colors indicate the signal strength from blac k
to red and black to blue nodes.

the path of the user is much shorter than the corresponding pa of the robotic
router. Hence, unless the routers are extremely fast, the mier of robotic routers
can be as high as the number of static routers.

In this paper, we study the problem of designing motion stragies for a net-
work of robotic routers in order to maintain the connectiviy of a single user to a
base station. We focus on two user mobility models: In the tsmodel, the user's
motion is known in advance. In the second model, the user mavn an adversarial
fashion and tries to break the connectivity. We present madin planning strategies
for both models. The algorithms are optimal in terms of the dwation of the user's
connectivity. However, their running times are exponentian the number of robots
making them practical for systems with only a small number ofobots.

The paper is organized as follows. After an overview of retd work, we
formalize theRobotic Routers Problenin Section 3.2. In Sections 3.3 and Section 3.4,
we study the robotic routers problem for two di erent user maility models. In
Section 3.5 we show the practical feasibility of the algohims with simulations.

In Section 3.6, we present the results of running the motionlanning algo-
rithms on a robotic system which is implemented by our colleme: Wei Yang.
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Interested readers can nd detailed information about the y&stem implementation
in his thesis [25].

3.1 Related work

The problem of maintaining connectivity of a team of robots as been studied
for various tasks including rendezvous [7], formation corl [12] and ocking [26]. In
these problems, all network entries whose connectivity ng®to be maintained can
be controlled. The di erence between these problems and th@oblem addressed
in the present work is that, here we are maintaining the conrévity of a target
moving independently from the network.

In this regard, Robotic Routers problem is related to the prolem of main-
taining the visibility of a single moving target. For this problem, dynamic pro-
gramming [11], sampling-based [13], and game-theoretid Erategies have been
presented. These problems focus on maintaining the visibjl of the target until it
disappears for the rst time from the eld of view of a single pbbot. In the problems
we address, the connectivity model can be more general thaisibility and there are

additional constraints such as connectivity to the base stan. Further, we address

[ Mobile Base
i |
B User ’ Router Station

Figure 3.2: In both gures, we assume a visibility based conn ectivity
model: two nodes can communicate if they can see each other.
Left: We need one static router per triangular room for sta-
tionary case. However, a single robotic router which is as fa st
as the user can maintain the target's connectivity by follow -
ing a line. Right: As the user visits the spike-shaped rooms,
a very fast router can maintain connectivity. However, if
the router is not fast enough, the number of necessary mo-
bile routers can be as many as the number of routers in the
stationary case.
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the issue of controlling multiple robots.

The problem of maintaining the connectivity of independentusers have re-
ceived signi cant recent attention. In [19], the authors popose two metrics for
characterizing communication and present a framework wihicchooses the best lo-
cal decision to maintain the connectivity of an independeht moving target. The
main di erence between this work and the work presented in B paper is that here,
we are able to provide global guarantees in terms of the durah of the connectiv-
ity. Recent related work also includes [5], where the authsrstudied the problem of
forming a chain of robotic relays and presented an algorithto control robots along

the chain to improve the signal-to-noise ratio.

3.2 Problem formulation

In this section, we rst present the terminology and notation used throughout

this chapter, and formalize the robotic router problem.

3.2.1 De nitions

A robotic router is a robot which has wireless communication capability. Ratbic
routers are subject to communication and motion constraistsuch as limited com-
munication range and a bounded maximum speed. THmse stationis a static node
to which the user (or target) wishes to establish connection. All entities move inside
a sharedworkspacewhich we represent as a set of points. The single user, base
station and a number of robotic routers establish a mobile adoc network which
we call mobile router network

In addition to these entities, we use two concepts frequemtl connectivity and
motion model In the mobile router network, two nodes areonnectedif they satisfy
the given connectivity requirements which may depend on thposition of nodes,
communication range of nodes or possible occlusions. Tasger is connectedf it
is directly connected to the base station or it is connectechtough point-to-point
links in the mobile router network. The motion modelof the user is discussed in
Section 3.2.3.
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3.2.2 Notation and Assumptions

In the present work, we represent workspac®/ as a set ofn points. This
set contains all possible locations of relevant entities.é. the user, the base station
and the robotic routers). We represent the time domain in unitime steps. All
motion models discussed in this paper are represented in théscretized domain
as atrajectory. Let T be the end time of user motion. The user's trajectory is a
sequencal of length T whereu(t) is the position of the user at time ste. Similarly,
ri(t) is the position ofi™ robotic router at time step t. Since the base station does
not move, it's trajectory is a constant, b.

A con guration q = (;:::;qn) is a vector of locations of robotic routers in
the mobile router network. As we discretize the time domairthe speed of the user
and robotic routers are expressed as step sizes i.e. the amste that a node can
move in one time step. In this model, we de ne the neighbor pats that i robotic
router can move from the pointg asN,(q) (The subscript r stands for \robot.").
To simplify the notation, we assume that all robotic routershave the same speed.
One can remove this assumption by de ning di erent neighbdrood functions for
each robotic router. For the user, we use the neighborhoodnittion N,. Similarly,
Nc(q) is a set of neighbor con gurations that can be reached froroon guration q
in one time step. A trajectoryr; is avalid trajectory if 8t; ri(t +1) 2 N,(ri(t)).

In the present work, we do not make any strong assumptions alitothe con-
nectivity model. We assume that a generic connectivity modles given before-
hand. In other words, we are given a matriXA such that A(i;j ) is 1 if the mobile
router network nodes located ati and j can communicate directly and O other-
wise. Here, to simplify the notation, we assume that the comation range of all
nodes are identical for a particular location. The user loted on q, is connectedby
robots in con guration q= (q;:::; ¢y) if one of the following holds: {) A(q,;;b) =1
(i) 9g s.t A(qu;g) =1 and g is connected tob through point-to-point link(s) of
type (i) or (ii). Let q(t) be the con guration of mobile router network at time step

t. The user iscontinuously connectedf it is connectedin q(t) forall1 t T.
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3.2.3 Motion model

In most applications, the workspace, location of the baseagton, wireless range
and speed properties of robotic routers do not change. Hentee trajectory of the
user becomes the most important variable in determining radtic router strategies.
In this work, we consider two motion models. In the rst modelwe assume that we
know the trajectory of the user in advance. This assumptiorsireasonable for some
applications, e.g. in our experiments we control the (userpbots which may have
xed trajectories. In general, a user may be willing to decl& its trajectory when
requesting the connectivity service.

However, in some cases it is not feasible to know the user &ajory in advance.
In such cases, we may consider the worst case trajectory wherser tries to discon-
nect as quickly as possible. This case analysis can give usuargntee on whether
we can connect the user for any possible trajectory or not. Waodel this scenario
as apursuer-evader gamevhere the user tries to break the connection from the
mobile router network as quickly as possible. At the same tie) the robotic routers
try to extend the connection time for as long as possible, degably in nitely. We
call this user motion strategy asadversarial user trajectoryand the shortest such

trajectory as the shortest escape trajectory

3.2.4 Formulation of the robotic routers problem

In this section, we formalize the robotic routers problem fawo motion models:
known user trajectory and adversarial user trajectory.

Known user trajectory: Let W be the workspace A be the connectivity
model, b be the position of the base stationm be the number of robotic routers
and u be the trajectory of the user. For each robot;, nd a valid robotic router
trajectory such that the user is connected to the base station for the miaxum
possible amount of time.

Adversarial user trajectory: Let W be the workspaceA be the connec-
tivity model, b be the position of the base stationm be the number of robotic
routers, q, be the initial location of the user andqg be the initial con guration of
mobile router network. Find out whether there exists a userseape trajectory for
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pursuer-evader gamavhere the evader wins by breaking connectivity. If it exists
nd the shortest escape trajectory. Compute valid robotic router trajectories that
maintain the user's connectivity for as long as possible.

In both problems we assume that the number of robotic routers is given.
However, it is easy to obtain the minimum number of routers ired for contin-
uous connectivity simply by performing a binary search om until the continuous
connectivity is satis ed.

3.3 Known user trajectory

In this section, we presentKnownUserTrajectory algorithm for the robotic
routers problem when user trajectory is known a priori. Thedution uses dynamic
programming to obtain robotic routers' trajectories. We bild a table C where the
entry C(q;t) stores the maximum connection time of the user until time with
routers ending in nal con guration q = (¢4;:::;0n). Using C(q;t) we nd robot
trajectories which maximize the connection time of the useM/e compute the entry
C(q;1) recursively as follows:

8

2 max C(®t 1)+1 if u(t)is connected byq
C(q, t) — q%2N¢(q)

Z max C(¢t 1) otherwise

a2 Nc(a) 8
< 1 if u(1) is connected byqg

C(g;1) =
0 otherwise

The value: rgg:lXC(q; T) is the maximum connection time for the given user tra-
jectory u. KnownUserTrajectory algorithm can be easily modi ed to return the cor-
responding robotic router trajectories q; ry; :::; r, by backtracking. If n;gGC(q; T) =
T, we can nd robotic router trajectories which continuouslyconnect the user. Oth-
erwise, we nd robotic router trajectories which maximize he connection time of
the user.

The correctness and optimality ofKnownUserTrajectory algorithm can be

proven directly by induction ont. The running time of the algorithm is determined
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by the computation time of C(q;t). There areTn™ entries. For each entry, comput-

ing the maximum value takesO(n™) time. Hence, the running time isO(T n?M).

3.4 Adversarial user trajectory

In this section, we presenfAdversarialUserTrajectory algorithm for the robotic
routers problem for the case where the user moves in such a vilagt tries to break

the connection as quickly as possible. The algorithm is adlfovs:

Algorithm 3 : Algorithm AdversarialUserTrajectory
Data : workspace:W, connectivity model: A, base station location:b,
number of robotic routers: m, user trajectory: u
Result : trajectory lookup table: E[q,; q]

1 begin
2 | 8a.8q E[aq,;q 1
3 80,89
4 if q, is not connected inq then
5 | | Ela:d 1
6 | for k=2 ton™! do
7 80,8¢
H H 0. —
8 : qurntr(lqu) qog?\l%é) Eldid)=k 1 then
9 | Ela;d Kk
10 end

First, we create a table of dimensiorm + 1 and sizen™*!. In the rst step
(line 2), we initialize all the entries to in nity. At the end of the algorithm, the entry
E[q.; q gives the length of the shortest escape trajectory startinfrom user location
g, and robotic routers' initial con guration g. We will show that if an entry E[q,; q]
remains at in nity at the end of the algorithm, then there exists no escape trajectory.
In lines 3-5, we seE[q,;q 1 if q, is not connected in the initial con guration q.
After the initialization steps, we repeat the procedure beteen lines 7-9 fon™*! 1
times. In this procedure, we apply the min-max relation (lie 8) to the entire table.
In each iteration k, we setE[q,; g] only if the shortest escape trajectory length i&.

With an additional step, we can nd if there exists an initial robotic router

con guration g corresponding to the initial user locationg, which satis es the con-
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nectivity. If 9q; E[q,;q = 1 , then we can initialize our robotic routers to con g-
uration g to keep the connectivity. Moreover, if8q,99; E[q,;q] = 1 , we can say
that m robotic routers are su cient to maintain the connectivity i ndependent from
the initial location and the trajectory of the user.

The running time of the algorithm is O(n3™*Y): there aren™*! entries and
for each iteration we scan the entire table which take®(n™*!) time. We iterate
this procedure forn™*! times which sums up to the claimed running time. In

Theorem 3.4.1 we show the correctness and optimality of thégarithm.

Theorem 3.4.1 Suppose there exists a shortest escape trajectory such tiwdotic
routers are initially in con guration g and user is at locationq,. Let e(q,; q) be the

length of this trajectory.

1. E[q,;q = k if and only if the length of the shortest escape trajectos(q,; Q)
is k.

2. E[q,;qlis 1 if and only if there exist a robotic router trajectory which atis es

continuous connectivity for any possible user trajectory.

Proof Proof of (1): We show thatE[q,;q = k, e(q,;0) = k by induction on k.

Basis:E[q;q =1, e(q;0 =1 holds due to the initialization step between
lines 3-5. If the escape trajectory is of length 1, this meankat the user is discon-
nected in the initial con guration and we setE[q,;q 1. Similarly, if E[q,;q] is
set to one in the initialization step, there exists a trivialescape trajectory of length
1.

Inductive step: let us assume thaBk; E[q,;q] = k, e(q,;q) = k holds. We
show that E[q,;q = k+1, e(q;q) = k+1. We prove this statement by showing
that both directions of the conditional statement hold.

First we prove: E[q,;q1 = k+1 ) €(q,;q) = k+1. For contradiction, suppose
that E[q,;q = k+ 1 but eq,;0) 6 k+ 1. Due to the inductive step we have:
e(q;q k+1 (Condition 1). This is because, due to the inductive hypdiesis,
e(q,; q) <k +1 would imply E[q,; q] <k +1, which is a contradiction. WhenE[q,; q]
is set tok + 1, due to the min-max relation, following holds: 9¢¢ 2 Ny(q,); 9q° 2
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Nc(g) such that E[0; ] = k and 8¢°°2 N(g), E[¢;®} k. From the inductive
hypothesis and the inequality: 8¢°°2 N¢(q), E[c;o"}  k, we have8q™°2 N(g),
e(; ") k. This gives use(q,; @) k+ 1 (Condition 2). This is because the user
can choose to go taf and follow an escape trajectory of lengtlk afterwards. From
conditions (1) and (2), we haveg(q,; q) = k + 1 which contradicts with the original
claim. Thus, E[q,;q = k+1) e(q;q) = k+1 holds (Condition 3).

Next, we prove:e(q,;q) = k+1) E[q,;q = k+1. Again, for contradiction,
let us assume thate(q,;q) = k+1 but E[q,;q 6 k+ 1. From the inductive
hypothesis,E[q,;q k + 1 holds (Condition 4). Let be an escape trajectory of
length e(qy; q) = k + 1 with initial positions of the players given by q, and g. Let
® 2 Ny(q,) be the user location in the second step of. Since, the escape trajectory
length is exactly k + 1, 802 Nc(0); &’ k. Because, otherwise robotic
router network can increase the connection time by going t where e(cC; o) > k.
Moreover, 9¢° 2 Nc(q), such that e(c®; o) is exactly k (otherwise by goingq, user
achieves an escape trajectory of length less th& 1 which is a contradiction). By
the induction hypothesis: 8¢°°2 N.(q), E[®;°  k, thus applying the min-max
relation yields E[q,;q] k + 1 (Condition 5). From conditions (4) and (5), we
have E[q,;q] = k+ 1. This is a contradiction with the original claim. Therefore
e(q;q =k+1) E[q;q = k+1holds (Condition 6).

From conditions (5) and (6), the inductive step is proven. Fially, we showed:
8k E[qu;dl = k, ea,;0) = k.

Proof of (2):

The proof of the second statement is straightforwardE [q,; q] is either marked
ask n™? or 1 and the user either has a shortest escape trajectory of lehgt
e(q;q n™*1 orit can not avoid the connection from the robotic router trgectory.
Since the number of iterations in the algorithm can not exceen™*!, the claim above
holds forE[q,; g]. Let us assume that there exists an escape trajectory and iength
is: e(qy;g) > n™1. Since the number of permutations of tuples: ¢;; q) is n™*1,
we can nd a cycle in the sequence of tuples. However, then wanc nd a shorter

escape trajectory by avoiding the cycle which is a contradion.
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Figure 3.3: The minimum number of static routers to satisfy t he connec-
tivity and coverage constraints is 4. The optimum deploy-
ment and its network topology is shown.

3.5 Simulations

We demonstrate a practical application of mobile router netorks with simu-
lations where the environment is our oor. We discretize thdnallways into discrete
locations almost uniformly (some degeneracy exists nearetltorners of halls). We
construct the connectivity table according to the followiry rule: if the distance be-
tween two locations is less than a xed distance, and they are on the same hallway,
then these two locations are connected. If two locations am®t in the same hallway,
their connectivity is based on the Manhattan distance betwen them?®. To obtain
the connectivity threshold, we subtract a xed penalty from on the path between
the two locations. In the following simulations, the robott routers are twice as fast
as the user. The base station is located at the bottom of the ddle vertical hallway.

In order to obtain a baseline, we computed (by enumeration)he minimum
number of static routers to cover the environment. It turns at that at least 4 static
routers, as shown in Figure 3.3, are necessary to satisfy emge and connectivity
constraints.

In the following simulations, we start with a network of a siigle robotic router.
For a given (known) user trajectory, we compute the correspding robot trajectory
which keeps the user connected during its trajectory. Nextye nd an escape tra-
jectory in which a single robotic router is not su cient to maintain the connectivity.
Finally, we show that two robotic routers are su cient to keep the user connected
whatever initial location or trajectory he chooses. We shoWwow two robotic routers
keep the user connected even if the user tries to break the ceation. Videos of all

1The connectivity model is inspired by the observation shownin Figure 3.1 and is further
discussed in Section 3.6.
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Figure 3.4: The known user trajectory and corresponding com puted
robot trajectory are shown in top two gures. The remaining
gures show snapshots of the user's connectivity graph (bas e
station - circle with magenta color, robotic router - diamon d

with red color and user - square with green color). The third
gure shows the initial con guration of nodes where the user
is connected to the base station through the robotic router.
The fourth gure shows the con guration at the time step
when the user is directly connected to the base station. The
fth gure shows the con guration when the direct link be-
tween the user and base station is broken and connectivity
is supplied through the robotic router. The last gure shows
the nal con guration of nodes.

simulations are available online [20].

Figure 3.4 shows the result of our rst simulation. The top tvo gures show
the (known) user trajectory and the corresponding robot trgectory computed by
our algorithm. We identify the locations of nodes at the crital time steps with time
labels. Following gures show snapshots of the connectiyitgraph of active nodes
at these critical time steps. By connectivity graph of actie nodes, we indicate the
connectivity links (edges) between base station and the usand the active nodes
(vertices) in this connection path.

Figure 3.5 shows our second simulation. In this simulatiomther than the

last turn, the user follows the same trajectory as the previs simulation (see left
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gure). Until this last turn, the robotic router also follow s the same trajectory as
the previous simulation. However, in the last step, the rold@ router can not keep
the user connected. The right gure shows the snapshot at théisconnected state.
We nd the minimum number of required robotic routers for allpossible user
trajectories by trying AdversarialUserT rajectory algorithm with increasing num-
ber of robotic routers until there exist corresponding rokiec router trajectories for
all possible initial locations and trajectories of the userfFor our oor, we found that

2 robotic routers are su cient to provide a continuous connetion.
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Figure 3.5: Left gure shows an escape trajectory for the use r. Until the
last turn, the user and the robotic router follow the same tra -
jectory as in Figure 3.4. The right gure shows the snapshot
from the last step where the user is disconnected.

In the last simulation, relying on the su ciency of two robotic routers, we
solve the known trajectory algorithm with two robotic routers for a path which is
not feasible for single robotic router network. The top thre gures in Figure 3.6
show the user trajectory and corresponding robotic routerréjectories. The user
starts from the top left corner of workspace and completes gae by crossing from
the middle vertical hall and coming back to the top of the veiital hall. Subsequent

gures show connectivity graph of the nodes as snapshots atteal time steps.

3.6 Experiments

To fully test the algorithm presented in Sections 3.3 and 3,£&xperiments were
ran in the real world using the robotic router system which ismplemented by Wei
Yang [25]. Both the known and unknown user trajectory caseserne tested to see
whether the actual implementation would be able to performawell as the simulated
robots.
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Figure 3.6: Top three gures show the user trajectory and cor responding
robot trajectories. Subsequent gures are snapshots from t he
solution of the algorithm including the connectivity graph of

active nodes (base station - circle with magenta color, two
robotic routers - diamond with red and cyan color, and user
- square with green color). The rst gure on the third row

shows the initial con gurations of all nodes where the user i

connected to the base station through the red robotic router
The second gure on the third row shows the con guration
at the time step when the user becomes directly connected
to the base station. The rst gure on the fourth row shows
the con guration when the user is connected to base station

through three links. The second gure on this
the con guration when the three-link connection

row shows
reduced to

a two-link connection. The rst gure on the last row shows
the time step when the user is directly connected to the base
station. The last gure shows the nal positions of the nodes

at the last time step.
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3.6.1 Known User Trajectory

In this section, we present an experiment in which the robatirouter system
maintains the connectivity of the user (a robot), whose tragctory is predetermined,
to the base station.

In the experiment, there is a single user robot, two mobile wmers and a base
station (Figure 3.7). The user starts o at location 1 with the mobile routers at
locations 40 and 69, and the base station at location 49, asegsen Figure 3.7. The
triangles represent the actual location of the robots, witta blue circle at the center.
The circles are their target locations that the motion planing algorithm produces
at each step. The square represents the base station. Inliathe user is connected
to the base station through the mobile router which is at the nadle hallway. In all
experiments, the dark lines highlight the connectivity grah.

Figure 3.7: An overhead view of the environment for the real w orld im-
plementation experiments with the initial starting positi ons
of all of the nodes. The triangles represent the actual lo-
cation of the robots, with a blue circle at the center. The
circles are their target locations that the motion planning al-
gorithm produces at each step. The square represents the
base station.

The overall experiment proceeded for 15 minutes which cosm@onds to 10 steps
in which the user (solid red triangle) moved down the left havay and than head
right from the bottom hallway. The mobile router at the right of bottom hallway
stayed at the same location during the experiment. This is lsause, the user is
never close enough to utilize its services. However, the ethmobile router moved
up to the top of middle hallway and moved left to maintain the onnectivity of the
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user (second image in Figure 3.8). Several steps of the expmmnt can also be seen
in Figure 3.9 and Figure 3.10.

Although the experiment was relatively short, it was enougho demonstrate
that the overall robotic system can implement the formulatbn of robotic router
problem. We used the same connectivity model as we discussadSection 3.5
and this experiment also showed that the connectivity modahat we introduced
is matched with reality. Moreover, this experiment was abléo demonstrate that
the implemented robotic routers system can successfully plement the known user
trajectory motion planning algorithm from Section 3.3. Thevideo of this experiment

is available online [20];

3.6.2 Adversarial User Trajectory

In the adversarial user trajectory experiment, the same emenment and ex-
periment setup were used as in the known user trajectory exjreent. However, the
user is ahuman holding a laptopinstead of another mobile router. This new user
was allowed to move at the same velocity as the robots but itsdjectory was not
known ahead of time to the base station or the mobile routerd’he only requirement
for our design is that the user sends his initial location tohte base when he requests
a network connection. The user then moves by entering comnamlocally, such as
\r'" to signal a desire to move right and similarly for the othe three directions. The
robotic system must then retrieve the user's desired movemtebefore calculating the
next location of the mobile routers. For each next locationfahe user, we consider
the user as an adversarial user and choose the motion strategfor robots which
maximize the connection time. This ensures a guaranteed p@mance for a user
whose trajectory is unknown.

In the experiment, the user rst started o at location 16 (in the top hallway)
with the mobile routers and base station all at location 49 (Fgure 3.12 and the
rst image of Figure 3.11 ). From here, the user proceeded toawe right to the
right corner of upper hallway. Initially, the mobile routers did not move because
the user was still in range of the base station. However, ontiee user moved to

the limits of its communication range, the rst mobile route started to move up



Figure 3.8: This gure shows various stages of the known user trajectory
experiment being conducted using the real world robotic sys
tem implementation. The dark lines show the connectivity
paths between the nodes. Initially, the user is connected
through a mobile router but the path changes as the user
moves closer to the base station.

36



37

Figure 3.9: Known user trajectory experiment-1. Left top g ure shows
the implementation graphical user interface (GUI). The GUI
shows the initial con guration of the robotic router system
Right top gure shows the Mac base station. Bottom left
gure shows the mobile router in the middle vertical hallway
Bottom right gure shows the user which is a robot that
controlled remotely by the base station.

to relay messages as seen in Figure 3.13 and second image g@rei 3.11. As
the user continued to move right, the rst mobile router alsocontinued to move
up, using itself to maintain the user to base connection. Oercthis mobile router
reached top of middle hallway, it stopped moving because theser was now visible
and connection range was extended. The connection was mainied from mobile
routers current position until the user reached to the rightend of upper hallway.
When user was at the end of hallway mobile router moved one pteght to maintain
the connectivity (the last image of Figure 3.11). During thé experiment, we acquired
perfect connection between the user and base station, anceuslid not lose any sent
data packets.

From this second experiment, the system clearly demonsted the ability to

react dynamically to an unknown user trajectory. Since, wealnot know the tra-
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Figure 3.10: Known user trajectory experiment-2: This gur e shows the
time when the connection path of the user is changed as it
moves down the middle of the left hallway. The top row
shows the con guration of mobile router network on the
GUI while the bottom row shows the corresponding user
location at that time step. The left column shows the nal
time step when user is connected to base station through
the mobile router. The right column shows the time step
right after the direct connection of user to base station is
satis ed.

jectory of the user, we react to the user as it is an adversariaser. The trajectories
of robots was dynamically calculated using the table extréed by AdversarialUser-
Trajectory algorithm. Our implementation chose the robotic router stategies which
maximizes the connection time of the user according to thiable. Hence, the robotic
system successfully maintained the connectivity of the uséy moving the mobile

routers to their optimal locations.

3.7 Conclusion

In the presented work, we addressed the problem of planninget motion of

a network of robotic routers. We studied two di erent user maels. In the rst
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Figure 3.11: This gure shows various stages of the adversar ial user tra-
jectory experiment being conducted using the real world
robotic system implementation. The dark lines show the
connectivity paths between the nodes. The rst gure shows
the initial con guration of the mobile router network. The
second screen shows a mobile router moving up to maintain
connectivity as the user moves to the right. After reaching
the top, the mobile router remains stationary until the user
reaches the end of the hallway. When this occurs, the router
starts to move right in an attempt to maintain connectivity
between the user and base station.
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Figure 3.12: Unknown user trajectory experiment-1: This g ure shows
the initial locations of the mobile router network. In this
experiment, the mobile router network keeps the connec-
tivity of an adversarial user (laptop) who requests wireles S
connectivity and sends acknowledgment of its move in each
time step. The top left gure shows the GUI, the top right
gure shows the message sent from user, the bottom left
gure shows the robots and base station, and the bottom
right gure shows the user.

model, the user's trajectory is known whereas in the secondoatel the user moves
in an adversarial fashion. Even though the algorithms comp& optimal solutions,
their running times are exponential in the number of robotsn the network. On the
theoretical front, we are working on improving the running ime of the algorithms.

We are also working on extending our results to the multi-usecase.
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Figure 3.13: Unknown user trajectory experiment-2: This g ure shows
the second step of the user. The user continues his move-
ment in the right direction (the input \r" shown in top right
gure). To keep him connected, the mobile router moves
one step forward.



CHAPTER 4
Conclusion

This thesis studied two problems related to robotic sensoretworks (RSN). In Chap-
ter 2, we addressed the sensor placement problem where rabtiangulate the mea-
surements taken from two nodes of the sensor network whichdeployed in the same
workspace as the robots. We presented an integer linear pragnming framework for
the general problem. Since the general problem is NP-hardewstudied the special
case of bearing-only localization and presented a constapproximation algorithm.
The motion planning problem of a group of robotic routers whee aim is to maintain
the connectivity of a single user to a base station, is addisd in Chapter 3. In this
chapter, we presented optimal solutions for two motion modke of the user. In the
rst model, the user's trajectory is known in advance whilen the second model, the
user moves in an adversarial fashion.

Sensor networks and multi-robot systems have been the focof signi cant
research in the the last couple decades. On the other handntdaning the advan-
tages of sensor networks and multi-robot systems introdute relatively new eld,
focusing on RSNs, which became popular in the last couple yea RSN technol-
ogy provides appealing solutions for problems which mightebinfeasible for one or
the other of the two combined systems. Consequently, this weeld leads to new
algorithmic and theoretical problems as well as the new sysh design challenges.
Moreover, more research is constantly being carried out txgand the applications
of RSNs. With the advancements in RSN, in the near future, it mght be feasible

for scientists to solve some problems which are impracticat infeasible before.
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