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Path Planning for Networked Robotic Surveillance
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Abstract—In this paper, we consider a robotic surveillance
problem where a fixed remote station deploys a team of mobile
robots to spatially explore a given workspace, detect an unknown
number of static targets, and inform the remote station of their
findings. We are interested in designing trajectories (local motion
decisions) for the robots that minimize the probability of target
detection error at the remote station, while satisfying the require-
ments on the connectivity of the robots to the remote station.
We show how such a design is possible by co-optimization of
sensing (information gathering) and communication (information
exchange) when motion planning. We start by considering the case
where the robots need to constantly update the remote station on
the locations of the targets as they learn about the environment.
For this case, we propose a communication-constrained motion
planning approach for the robots. We next consider the case where
the remote station only needs to be informed of the locations of
the targets at the end of a given operation time. By building
on our communication-constrained results, we propose a hybrid
motion planning approach for this case. We consider realistic
communication channels that experience path loss, shadowing and
multipath fading in the paper. Then, our proposed communica-
tion-aware motion planning approaches evaluate the probability
of connectivity at unvisited locations and integrate it with the
sensing objectives of the robots. We mathematically characterize
the asymptotic behavior of our motion planning approaches and
discuss the underlying tradeoffs. We finally devise strategies to
increase their robustness to multipath fading and other channel
estimation uncertainties.

Index Terms—Communication-aware motion planning, mobile
sensor networks, networked robotic surveillance.

I. INTRODUCTION

VER the past few years, considerable progress has been

made in the area of robotic/mobile sensor networks. Dif-
ferent aspects of robotic networks have been addressed in recent
years, such as control and planning of the motion [1]-[8], coop-
erative data fusion and signal processing [9]-[13], and power
management [14]-[16].

In this paper, we consider a networked robotic surveillance
operation where a number of mobile robots are deployed to
survey an environment, for the possible presence of an unknown
number of static (stationary) targets, and inform a remote sta-
tion of their findings. We discretize the environment into sev-
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Fig. 1. A schematic of the robotic surveillance operation considered in this
paper.

eral nonoverlapping cells. The cells are assumed small enough,
such that there exists at most one target in each cell. The robots
detect the targets along their trajectories, using their collected
sensory data. Each robot is equipped with an omni-directional
sensor with a limited sensing range. The sensing quality within
the sensing range also degrades as the distance to the sensor in-
creases. To inform the remote station, the robots send fixed-size
binary vectors, referred to as target maps, to the remote station.
In a target map, a one (zero), at any element, indicates that the
robot has detected a target (or not) in the corresponding cell
of the discretized version of the environment. Additionally, the
communication links between the robots and the remote station
are realistic narrowband communication channels that experi-
ence path loss, shadowing and multipath fading. The remote
station then fuses the target maps received from the robots, by
running its target detection algorithm, and builds a more reli-
able map of targets over the entire environment. Fig. 1 shows
a schematic of the robotic surveillance operation considered in
this paper.

In this paper we start with analyzing the impact of the trajec-
tories of the robots and the resulting sensing and communica-
tion qualities on the probability of target detection error at the
remote station. We then proceed with solving the main problem
considered in this paper, which is stated as follows:

Problem Statement. How can each robot plan its trajectory
such that it explores the environment and gathers as much infor-
mation as possible regarding target locations, while maintaining
the required connectivity to the remote station?

Following the terminology of [17], [18], we refer to such
a motion design as communication-aware motion planning in
this paper. This is a challenging task that requires 1) evaluating
the probability of connectivity to the remote station at unvis-
ited locations and 2) co-optimization of sensing (information
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gathering) and communication (information exchange) through
proper trajectory design. In this paper, we develop the mathe-
matical framework of communication-aware motion planning
for networked robotic surveillance. To the best of our knowl-
edge, this is the first time that such a framework is designed for
robotic surveillance in realistic fading environments. Next, we
discuss the related work and explain the main contributions of
this paper in more details.

A. Related Work

There has recently been considerable interest in networked
robotic surveillance, exploration, coverage, field estimation
and environmental monitoring. In this part, we provide a brief
summary of the state of the art in this area, as related to this
paper.

In [2], the authors consider a surveillance scenario, using
a team of unmanned aerial vehicles (UAVs) and unmanned
ground vehicles (UGVs), for detecting and localizing an un-
known number of features within a given search area. They
then design an information-theoretic framework for coordi-
nation of the UAVs and UGVs, which maximizes the mutual
information gain for target localization. However, only sensing
objectives are considered for coordination. In the robotic
exploration/coverage context, two related works are [3] and
[4], where the authors propose gradient-based controllers to
navigate the robots along trajectories that provide the best
sensing coverage performance [3] or guarantee exploration
of the entire environment asymptotically [4]. Spatial field
estimation is also studied in several works, such as [5], [6]. In
[5], a distributed kriged Kalman filter is used to estimate the
spatio-temporal variations of a field. The author then proposes
a gradient-based motion controller to find the maxima of the
field. A similar field estimation approach, based on kriging,
is also considered in [6], where the authors solve a dynamic
program to find the optimal trajectories. In the environmental
monitoring context, the authors in [7] address the problem
of adaptive exploration for an autonomous ocean monitoring
system. Feedback control laws are then derived to coordinate
the robots along the trajectories that optimize a predefined
exploration performance metric. Designing speed controllers
for the persistent monitoring and surveillance of a time-varying
environment is also studied in [8].

In the current literature on robotic surveillance and explo-
ration, the authors effectively consider the sensing objectives,
i.e., goals that are aimed at maximizing the exploration and
coverage performance of the robots when planning the motion.
However, proper communication objectives, i.e., goals that are
aimed at maximizing the probability of connectivity to the re-
mote station, are not taken into account [2]—[8]. Most of the cur-
rent research on the motion planning of robotic networks typi-
cally assumes unrealistic communication links. For instance, it
is common to assume either perfect links [2] or links that are
perfect within a certain radius of a robot [19], [20], a significant
oversimplification of communication channels (see Fig. 2 for
a real wireless channel). Recently, a number of papers started
to highlight the importance of considering realistic communi-
cation links when planning the motion, in scenarios different
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Fig. 2. Underlying dynamics of the received signal power in dB (the summa-
tion of the TX and channel powers in dB) across a route in the ECE building of
the University of New Mexico. d shows the distance to the remote station.

from the one considered in this paper. For instance, in our pre-
vious work in [17], [18], [21], we considered remote tracking
of a moving target by communicating over realistic communi-
cation links. Another example is the work of [22], where the
authors co-design the communication and motion policies such
as transmissions rate, motion speed, and stop times, in order to
maximize the amount of information a robots sends to a remote
station as it travels along a predefined trajectory and under en-
ergy and time constraints. In this paper, we propose a commu-
nication-aware motion planning framework for robotic surveil-
lance. Our framework enables robust networked operation in
realistic communication settings. We next summarize the main
contributions of the paper.

B. Statement of Contribution

The main contributions of this paper are summarized as

follows:

* The first key contribution of this paper is introducing a
communication-aware motion planning framework for
robotic surveillance. The proposed framework consists
of two decentralized switching approaches to satisfy the
requirements on the connectivity of the robots to the
remote station. Our communication-constrained approach
plans the motion of each robot such that it explores the
workspace while maximizing its probability of connec-
tivity to the remote station during the entire operation.
This approach is appropriate for the case where the re-
mote station needs to be constantly informed of the most
updated map of the targets, which puts a constraint on the
motion of the robots to constantly maintain their connec-
tivity. Constant connectivity, however, is not required if
the mission is such that the remote station only needs to
be informed of the map of the targets at the end of a given
operation time. In this case, the robots can explore the
environment with less connectivity constraints, provided
that they get connected to and inform the remote station
at the end of the given operation time. Our Aybrid motion
planning approach is then appropriate for this case. This
approach builds on our communication-constrained one
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and allows the robots to explore the area more extensively
than the communication-constrained approach, while
maximizing their probability of connectivity at the end of
the operation. Both approaches make use of a probabilistic
channel assessment framework to predict the path loss
and shadowing components of the channel at unvisited
locations, based on a small number of channel samples
that are collected online or a priori [17], [23], [24]. A
considerable part of this paper is then dedicated to de-
signing these two switching approaches, mathematically
characterizing their asymptotic behaviors, and discussing
their underlying tradeoffs.

* Another important contribution of this paper is proposing
strategies to increase the robustness of the proposed
communication-constrained and hybrid approaches to
multipath fading. Such strategies are specially desired
since multipath fading cannot be predicted efficiently
using our channel assessment framework and, therefore,
is a source of uncertainty.!

It should be noted that in this paper, we are not concerned
with the interference among the robots. We assume that the
number of robots is small enough, with respect to the available
resources, such that each mobile robot can have a pre-assigned
slot for communication to the remote station. Furthermore, we
do not consider coordination among the robots, when motion
planning. Instead, each robot optimizes its motion locally, to
maintain proper connectivity to the remote station, while ex-
ploring the area efficiently. Similarly, we are not concerned with
obstacle avoidance. However, our framework can be extended
to include obstacle avoidance, as we have considered such cases
in our previous work [17], [26].

The rest of the paper is organized as follows. In Section II,
we describe our sensing and communication models and briefly
summarize the probabilistic multi-scale modeling of a channel.
In Section III, we mathematically characterize target detection
quality of both mobile robots and the remote station. This forms
the base of our analysis for Section IV, where we introduce
our communication-constrained and hybrid motion planning
approaches. The performance of these approaches is analyzed
mathematically in Section V. We present our simulation results
in Section VI, followed by conclusions in Section VII.

II. SYSTEM MODEL

Consider a closed and convex workspace YW C RZ, which
contains an unknown number of fixed targets that need to be
detected. Let {W;}!" | denote a partition (or tessellation) of W
into m nonoverlapping subsets, such that [ J.-, W; = W and
WinW; = @ fori # j. We refer to each W; as a cell in
this paper. We assume small enough cells such that there exists
at most one target in each cell. Furthermore, we assume that
the events, corresponding to the presence of a target in different
cells, are independent.

The remote station deploys 7 robots to detect the targets in
W. Each robot 7, for j = 1,---,n, uses a local detection al-

IMultipath fading typically gets uncorrelated over small distances [25]. Thus,
it cannot be predicted at unvisited locations based on a few spatial samples of
the channel.
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gorithm to fuse its gathered sensory data at any time &£ and up-
date its binary target map. The target map of the jth robot at
time k refers to a binary vector z; x = [T1j kT ik, in
which w; ;5 = 1 (or @; ;% = 0) indicates that the jth robot
has detected a target (or not) in the ¢th cell, based on its obser-
vations up to time k. The robots then send their most updated
maps to the remote station, over realistic wireless communica-
tion links, that experience path loss, shadowing and multipath
fading [25]. The remote station fuses the most updated target
maps received from the robots and builds its more reliable target
map Tk = [T144 - Tmp k] . The goal is for the remote sta-
tion to obtain an accurate assessment of all the cells that contain
the targets, using the information received from the robots as
they move along their trajectories.?

The trajectories of the robots affect both their sensing/explo-
ration and communication link qualities, impacting the overall
performance at the remote station. While some motion trajecto-
ries could result in the best sensing quality, they may not satisfy
the constraints on connectivity of the robots to the remote sta-
tion. Similarly, the trajectories that solely optimize connectivity
may result in poor sensing/exploration quality and a resulting
high probability of target detection error. Thus, the desired tra-
jectories are the ones that combine sensing and communication
objectives to satisfy the constraints on connectivity of the robots
to the remote station, while improving the sensing quality of the
robots, as we mathematically characterize in this paper. Based
on the requirement on the connectivity of the robots to the re-
mote station, we propose two switching motion planning ap-
proaches, called communication-constrained and hybrid, to im-
prove the performance of the remote station, in the presence of
realistic fading channels. These two approaches are explained
in details in Section IV.

A. Sensing and Dynamical Models of the Robots

Assuming small enough cells, each cell ¢ can be effectively
represented by a single position ¢; € W;. We assume omni-di-
rectional onboard sensors such that a target in the «th cell can
be sensed by the jth robot if ||£; x — || < dsen,;, Where &; «
denotes the position of the jth robot at time & and dgc, ; is
its sensing radius. The time-varying set S, = {1 < i <
m| € — @]l < dsen,;}, referred to as the footprint of the
Jth robot, then contains the indices of all the cells that are in the
sensing range of the jth robot at time &.

Let hypothesis H; (Hg) refer to the case that there exists
a target (there is no target) in a cell. Also, let y; ;, represent
the observation of the jth robot of the 7th cell at time %, when
¢ € S; 1. Under hypotheses H; and Hj, the distribution of
Yi.j.k 18 given by two probability density functions p(y; , x| H1)
and p(yi jx|Ho), respectively. Note that p(y; ;,|H1) and
p(yi ji|Ho) are time-varying functions that depend on the
positions of the jth robot and the ¢th cell. A well-known
example is the Gaussian observation model: y; ;. = vk
under Hy, and y; j» = 1 + v; ;% under H;, where v; ;1 € R

2Note that in case the distribution of the targets is known to be very sparse,
instead of sending its whole target map, each robot can only send the difference
between its current map and the one that was last received by the remote station.
The proposed framework of this paper can be used in this case too, with minor
modifications.
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is a zero-mean white Gaussian noise representing the effect
of sensing error.3 The variance of v; ;4 is then given by
0w = Yl — aill), where W;(.) is a nondecreasing
function of its argument [3], [4].4

As for the dynamics of the robots, we consider holonomic
robots [27] with the following first order dynamics:5 &; 41 =
&; k+u; i, where u; 1, is the motion control input of the jth robot
at time k. We assume ||t x|| < @ max, Where 4, max denotes
the maximum step size of the jth robot. We furthermore assume
that the robots are small enough, compared to the dimension of
the workspace, such that each robot can be considered a point
in W.

B. The Communication Model and Probabilistic
Characterization of Wireless Links

Each robot 7 updates the remote station on its current target
map, at a number of points along its trajectory. In case of real-
istic communication settings, the remote station receives a cor-
rupted version of the transmitted target map. Let SNR; . de-
note the instantaneous received signal-to-noise ratio (SNR) in
the transmission from the 7th robot to the remote station at time
k. Wehave SNR; . = %, where Prx ; r represents the
transmission (TX) power of the jth robot at time k, G, > 0 is
the channel power in the transmission from the jth robot to the
remote station at time k, I3 is the channel bandwidth and % is
the power spectral density (PSD) of the receiver thermal noise
[25]. In this paper, we consider a packet-dropping receiver at
the remote station, where a received packet from the jth robot is
keptif SNR,; x > SNRy, for a fixed threshold SNR 1, and is
dropped otherwise. Then, at any time %, we refer to the jth robot
as connected (disconnected) if SNR,; , > SNRyn (SNR; <
SNRTn). Note that in practice, the receiver drops the packets
based on the quality of decoding. However, the experimental
results of [28] suggest that this is equivalent to having a re-
ceived SNR threshold (for the case that additive receiver noise
is considered), which is the model we use in this paper. To facil-
itate the mathematical derivations, we furthermore assume that
SNR.q is large-enough such that the packets that are kept at
the remote station can be assumed to be error-free.

Assumption 1: The packet-dropping threshold SNRry is
large enough, or equivalently the performance of the decoding
algorithm at the remote station is good enough, such that the
packets that are kept at the remote station can be considered
error-free.

As shown in the communication literature [25], G; i can be
probabilistically modeled as a multiscale nonstationary random
process, with three major dynamics: path loss, shadowing
(shadow fading) and multipath fading. Let G(q) denote the
channel power in the transmission from a robot at position
g € W to the remote station, such that G, = G(&r).
We then have the following characterization for G(q) (in

3Note that under H,, instead of 1 the observation of the robot can be any
non-zero real value.

4Our proposed framework is general in terms of the sensing model and does
not presume the validity of the Gaussian model. This model is, however, used
extensively in our simulation results.

5By a holonomic robot, we refer to a robot whose degrees of freedom are all
controllable, i.e., it can be controlled to move in any direction by changing its
control input [27].
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dB), using a 2D nonstationary random field model that
characterizes all the three dynamics of the channel [25]:
Gan(q) = Kap — 10npLlogo(d(q)) + Gsu(q) + Gup(a),
where G4p(q) = 10log,o(G(q)), d(q) is the Euclidean dis-
tance from ¢ € W to the remote station, K4g and npy, are
path loss parameters and Gsu(¢) and Gup(g) are independent
random variables, representing the effects of shadowing and
multipath fading in dB, respectively. In this model, K4 is a
constant that depends on the antenna characteristics and npy, is
the path loss exponent [25]. The multipath fading term, in this
paper, denotes the impact of multipath fading after normaliza-
tion in the linear domain and subtraction of its average in the
dB domain. The distributions of Gsu{¢) and Gup(g), as well
as their spatial correlations, are typically given by empirical
channel models. For instance, a Gaussian distribution, with
an exponential correlation, is a good fit for the distribution of
Gsu(g) in dB domain. Nakagami, Rician, Rayleigh and log-
normal distributions are also proven to match the distribution
of Gup(g) in the linear domain. For more details on wireless
channel modeling, see [17] and [23]-[25].6 A real wireless
channel, measured across a sample route in our basement, is
also shown in Fig. 2, where the three dynamics of the channel
are marked.

III. MULTIROBOT SURVEILLANCE IN THE PRESENCE OF
FADING CHANNELS

In order to find the optimum communication-aware motion
decisions and characterize the underlying sensing and commu-
nication tradeoffs, we need to first derive expressions for the
detection performance of a robot and the remote station, at any
time instant, as a function of channel and sensing qualities. In
this section, we design target detection algorithms, for both the
robots and the remote station, and analyze their performance.
In Section III-A, a sequential detection algorithm is proposed
for the mobile robots. A target detection algorithm for the re-
mote station is then introduced in Section III-B, where the exact
probability of error at the remote station, as well as its Chernoff
bound, are characterized.

A. Optimal Sequential Detection at the Robots

Let 0 < m; 0 < 1 denote the prior probability that a target
exists in the ith cell, in the absence of any observation. Also, let

Tiik 2 {1 £ ¢ < k|i € S;¢} be the set of all the time instants,
up to and including time %, when the ith cell has been observed
by the jth robot. The jth robot uses a maximum a posteriori
(MAP) test to decide whether there exists a target in the «th cell,
based on its set of observations V; ; 2 {yi .6/t € Z; j 1 }. We
have ik = 1, ifp(Hl‘yZ‘_’j’k) > [J(H()|yi_’j,k), and Lijk = 0,
otherwise, where p(H1|Y; ;1) and p(Hg|Y;: ;1) are the a pos-
teriori probabilities of having a target or not in the sth cell [29].
In the Bayesian paradigm, p(H1|Y; k) 2WVsj Hu)p(Hh )

) (Vi %)
and p(Ho|Yijx) = ]%HJOK(HO), where p(H1) = w0

and p(Hp) = 1 — ;9. Assuming i.i.d. observations, we can
see that the MAP test is equivalent to the following likeli-
hood ratio test (LRT) [29]: TI,eq, ., Lije k=l 1w

%, j,k=0

Ti0

6We will discuss our assumed distributions for these variables in Section
IV-A.
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where L; ;o = % is the likelihood ratio using
- i g,

observation ¥; ; ¢. This LRT can also be implemented in a se-
quential fashion as follows: L; ; x = L L

— Tigk—1Lli 5k
Tijk = 7 o e ]m denotes the updated posterior

of the yth robot regardlng the presence of a target in the ith
cell, using its observations up to time instant £ > 1. Note that
wesetm; ;o = o forl < j < n. Also,incasei & S;y,
we set L; ;. = 1, which results in 7; ; » = m; jx—1. Finally,
if the «th cell has not been observed by the jth robot for all
the time instants £ < k, i.e., Z; j ;. = 0, the decision regarding
the presence of a target is made solely based on the value of
the initial prior, i.e., z; ;% = 1 if 7,90 > 0.5 and 25 ;1 = 0
otherwise. More details on sequential likelihood ratio testing
can be found in [29].

The performance of the local detectors of the robots is char-
acterized by their detection, false-alarm and the corresponding
error probabilities at each time instant. Let 7; j &, i j,%, and
~i.;.k denote the detection, false-alarm and error probabilities
of the jth robot, for detection of a target in the #th cell at time
k. We have 7, ;1. = Prob{ Hzer Lije > 177”'0 |H1}
pigr = Prob{Tler,  Lige > e 2| Ho} and'y”k -
701 — mije) + (1 — 7rt .0)Hi j k- These probabilities can be
characterized using the sensing model of the robot. Note that
since p(yi jx|H1) and p(y; jx|Ho) depend on the position of
the jth robot at time %, the probabilities 7; ; x, i j.x, and as
a direct result v, ; », will be functions of the whole trajectory
of the jth robot from the beginning up to time k. To show
this, consider the Gaussian observation model of Section II-A,
when 7; o = 0.5 (no initial prior on the positions of the tar-
gets). It is easy to confirm that in this case v; jr = pijrx =

U= miga =Q (3 Seez,,, ¥, (e — aill) ), where Q(.)
is the Q-function (the tail probability of the Gaussian distribu-
tion) [1], [29]. This example shows how the target detection
performance of each robot can be a function of its entire tra-
jectory. Finally, for the special case of Z; ; , = ), we have

Yijk = min{m; 9,1 — m; o}, as expected.

_ where
=0 w5 k_1

B. Optimal Detection at the Remote Station

Define the binary variable A;; as follows: 2

1, SNRj}k > SNRtg
{0, otherwise

instant that the jth robot was connected to the remote station,
up to time & > 1: k5 2 max{{0} U {1 < £ < k|X;, =1}}.
Note that since £ > 1, we define x;, = 0 to indicate
the case where the jth robot has not been yet connected
to the remote station up to time £ > 1, ie, Aj;, = 0 for
£ = 1,---,k. At any time instant, the remote station fuses
the last received decisions of all the robots (if available),
regarding the presence of a target in a cell. Let us define
Tk 2 1 €35 < n|qi € Uil Sje.kjn > 1} as the
set of the robots that have been connected to the remote
station at least once up to time £ > 1 and visited the ith
cell at least once before their last connection to the remote
station. Assuming independent received observations from
the robots, we then have the following LRT at the remote

)\j,k

. Also, let x; 1 denote the last time
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. . s ﬂ'?i,b,k:l 1771'7‘70 7
station:? H_lejq g Zay 1 =0 mg where  L; j

denotes the LR corresponding to the last received obser—
vation from the jth robot and can be easily shown to be:

Mi, gt . —
~ —adom Ti g0 = 1

_ g,
Lije = 1 n,,f ,
G Ti g0 =

the packets that are kept at the remote station are error-free.
Note that in case .7; j, = , we set ngj,;,k, LLT]v,ﬁj‘k = 1. Then
ZTipp = Lifmo > 0.5 and z; 4 1, = O otherwise.

Detection, false-alarm and error probabilities at the remote
station, as functions of target detection performance of the
robots and their channel to the remote station, are also impor-
tant to characterize. Let 1; 41 = Prob{ ng Tin Lijwnin >

L M\HI} pipg = Prob{ Tl e, Lign,, > 22| Ho}
and Yiok = Mol — Mipk) + (1 — Ti0)pi bk denote the
detection, false-alarm and error probabilities at the remote
station. Next we show how to characterize these quantities.

1) Mathematical Characterization of the Performance at the
Remote Station: Let us define B; ;, 2 {b=[h "'bn]T‘bJ‘ €
{0,1},b; = 0 Vj € J; &}, with the size of | B; 1| = 2!7:|, This
set contains all the possible binary decisions of the robots of the
ith cell, up to the last time they were connected to the remote
station (if j & 7, then the jth robot will not participate in
the decision making process at the remote station regarding the
i1th cell). By calculating the probability of occurrence of each
member of B; , under the both hypotheses Hy and Hq, and

, using the assumption that

1—m;
considering the cases where [[,c ;. , Li i > ;00, we
have

b, 1—b;
Mibk = E H "li,"jﬁ,k (1 - ”h‘,j,m_,_})

beB; . |JE€ETs

b 1-b;
(nidﬁ,/,k ) ’ (1 — Wik ) ’
. i gmj x 1- i gomj
1 - 71'1‘:0
- ?
5.0

) 1—b;

b.
Hi bk = Z H M‘L',Jj,nj,,c( T Higg
beBix |JE€ETi
b , 1-b,
% Y H (ni,j,l{jyk ) ) (1 - ’]1‘,.’]‘,;"‘7_,‘1]‘; ) I
j€g,, NHidwi L= pijm;
_ 7"L,0> )
3,0
1. a>0
where T(a) = < 0.5, a =0, is the Heaviside step func-
0, a<0

tion. The detection error probability, ;s %, is then calcu-
lated as vip = mio(1 — nipx) + (1 — mi0)pip.e. Also,
similar to optimal detection at the robots, if J;r = 0,
we have ;5% = min{mo,1 — m}. Note that for
the special case where m;0 = 0.5 (no initial prior) and

TWe implicitly assume that the remote station is aware of the sensing model

and current positions of the robots and can calculate their corresponding detec-
tion and false-alarm probabilities.
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Wi, = 1 = Mijr, .S the detection error probability takes

a more simplified form. By setting 1 — 7; ;.. ,
d 1-m0

Ti,0

= Hijrsr
= 1 in (1), we conclude that p; 1 = 1 — 1 sk

1—b; by ] T

an

1,9,05 6 0,65k

and, therefore, v; 4.1 = ZbeBz,k [Hjem,k n

(H (”)'i,j.ﬁ,]vk >2b./“1 B 1)

€Tk Higows g,
the performance at the remote station are useful for analysis.
However, their computational complexity may deem these in-
feasible for real-time motion planning applications. Therefore,
we next characterize the Chernoff bound [29] on the probability
of error at the remote station, which can be calculated more
efficiently and is more suitable for motion planning scenarios
of Section I'V. We will then devise motion planning approaches
that are based on minimizing this upper bound in the rest of the
paper.

2) Chernoff Bound on the Probability of Error at the Remote
Station: With the assumption of independent received observa-
tions from the robots, the probability of detection error at the
remote station is upper bounded by its Chernoff bound, as ex-
plained in details in [29]: v; 3.1 < ¥i,4, Where

. The derived expressions for

inf (1~ Tio) * H E {E:J’w k

)

Tibk = Bl A
JET: 1
o ; 1—s
= Inf #f,(1—m
0<s<1 ol i0)
X s 1—s + (1 m. . )S
Migss e Migors a Mhijoses
J€Ti k
1-s
s (1= i, o) } . @)

Finding the optimum s in (2) is not easy in general. However,
for the special case of m; 0 = 0.5 and 4 j s, , =1 — Mijin, s>
the optimum exponent is s = 0.5, as proved by the following
lemma:®

Lemma 1: Assume 7; > 0.5 for yj € J, where
J C{L,---.n}. Then, argmino<s<1 [[;c 7[n; (1 - ni) T+
)" (1 = ;)] = 0.5.
Proof: Define f(s) 2 Yies log[n‘;‘-(l—m)l*'ﬁ+77]1-—5(1—
]. Then, the optimum s is the one that minimizes f(s) for
(0,1). After some straightforward calculations, We have

d ' 2571 -1
AC A > log(ar)) (%—14_1) 3)

. (8]
jedJ

8

7;)
s €

J

where «; 2 12}3 . It can be seen that L f(s) = 0 for s = 0.5,
Lf(s)<0for0<s<05and Lf(s)>0for05<s <1,
which completes the proof. [ |

Using Lemma 1, the Chernoff bound, for the case of m; o =
0.5 (no initial prior) and fi; j k., 1 — Mg,y 1S given

by Yib.k = 0.5 HjEJl,k [2\/n‘i7j7'€j.lc (1 — 77.['73‘7&7.',9)]. Finally, in

8This is the case for several realistic sensing models, such as the Gaussian
observation model introduced in Section II-A.

9In case s = 0.5 is used, the Chernoff bound is called the Bhattacharyya
bound [29].
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case Jip = {), the Chernoff bound on the probability of error
will be ¥; 5. = Oingl 7rf,0(1 — 7r,-,,0)1”9 = min{m; 9,1 — 7o},
which is the same as what we found previously for the proba-
bility of error in this case.

IV. MOTION PLANNING AND ROBUSTNESS STRATEGIES FOR
MINIMIZING THE DETECTION ERROR PROBABILITY AT THE
REMOTE STATION

Based on the explanations of the previous section, a commu-
nication-aware surveillance problem in a robotic network can
be stated as follows: Given a limited operation time, T°, lim-
ited average transmission powers for the robots, Pay ;, for j =

1,---,n, and their dynamical models, find the positions of the
robots, £, », as well as their instantaneous TX powers, Prx ; 1,
for j = 1,---,n, over the entire time interval & = 1,---, T,

such that one of the following holds:

@) 25:1 S E{vipx} is minimized, while maximizing
the probability of connectivity of all the robots during the
entire operation, i.e., E{\; }, for j = 1,---,n and over
the entire time interval k = 1,---,T.

@) >, E{vipr} is minimized, while maximizing the
probability of connectivity of the robots at the end of the
operation, i.e., E{\; 1}, forj =1,---,n.

As explained before, problem (i) is applicable to the case
where the remote station requires a constant update on the target
positions. Then, the robots are required to maximize their proba-
bility of connectivity to the remote station during the entire op-
eration and improve their exploration performance within this
connectivity constraint. In problem (ii), on the other hand, max-
imizing the probability of connectivity during the entire oper-
ation is not a goal and the probability of error at the end of
the operation is the only performance measure. In this case,
the robots can freely explore the environment, provided that
their probability of connectivity, at the end of the operation, is
maximized.

Solving problems (i) and (ii) is considerably challenging,
without any approximation. Furthermore, the distribution of
the estimated channel at unvisited locations, which is used to
calculate E{~; s x}, is time-varying. This makes solving the
problem even more challenging. Therefore, more efficient but
sub-optimal approaches are desired.

In this section, we propose a communication-aware motion
planning framework for sub-optimally solving problems (i) and
(11).10 The proposed framework consists of two switching ap-
proaches: communication-constrained approach for problem (i)
and hybrid approach for problem (ii). This framework can ac-
count for the time-varying distribution of channel variations,
using a probabilistic assessment of wireless channels. We also
introduce robustness strategies, such as TX power adaptation,

100ur proposed approaches are sub-optimal for two reasons. First, instead of
directly minimizing the probability of detection error, we minimize its Chernoff
bound. Second, we devise greedy motion strategies that minimize the detection
error probability of the next step, as opposed to planning the whole trajectory.
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motion jittering and robustness margins, to increase the robust-
ness of the proposed framework to multipath fading and channel
assessment errors.!!

Next, we start by briefly summarizing our previously pro-
posed channel assessment framework [17], [23], [24]. We then
use this framework and devise our communication-constrained
and hybrid motion planning approaches.

A. Probabilistic Assessment of the Spatial Variations of a
Wireless Channel

The probabilistic channel assessment framework of [17],
[23], [24] allows each robot to probabilistically assess the
channel at unvisited locations, based on a small number of
channel measurements in the same environment. It also pro-
vides a mathematical characterization of the channel assess-
ment uncertainty at each robot (how much each robot can trust
its channel assessment). Note that the multipath fading com-
ponent of the channel is a source of uncertainty in this frame-
work, as it is generally unpredictable, based on sparse spatial
samples of the channel. As such, in Section IV-D, we propose
strategies to increase the robustness to multipath fading and
improve the overall performance at the remote station. Fig. 3
summarizes our proposed strategy for dealing with realistic
communication channels, which consists of 1) probabilistic
assessment of the shadowing and path loss components and
2) strategies to increase robustness to multipath fading and
other modeling errors. We will discuss the robustness strate-
gies in Section IV-D. _

Let Qjx = {a{ . an,, ot for Njw = [Q;pl, de-
note the (time-varying) set of the positions corresponding
to the small number of channel power measurements avail-
able to the jth robot at time instant k. These measure-
ments could be gathered by the jth robot along its trajec-
tory, could be available through an offline survey of the
channel, or could be a combination of the two.!2 The stacked
vector of the received channel power measurements (in
dB), available to the jth robot, can then be expressed by
Yf-,k = ]._‘j’kﬂ + Ej,k« + ijk, where I‘j’k = [1Nj,k — D]"k},

ly;, denotes the N;j-dimensional vector of all ones,

. . T
D = [10 logy (d((l‘{,k)) - 10logq (d(qlJ\Jkk))} s

d(QZ.k)? for £ = 1,---,N,, is the Euclidean distance from

g, , to the remote station, # = [Kgp npr]’ is the vector of
, . T

path loss parameters, Z; , = [GSH(q{k) GSH(Q?\J,k)}

. . T
and ;; = [G_\,{P((_]ik) Gl\/IP(qA{\f'j’k,k)] . Based on the

Note that in this paper, we are not concerned with energy conservation.
Instead, our goal is to schedule a given limited average TX power for commu-
nication. In case energy conservation is a goal, the current framework can be
extended to consider both communication and motion powers and optimize the
trajectories to minimize the total energy consumption.

12We assume symmetric uplink and downlink channels, i.e., the channel from
a robot to the remote station is taken identical to the one from the remote sta-
tion to the robot. This is the case, for instance, if both transmissions occur in the
same frequency band and are separated using Time Division Duplexing (TDD).
If uplink and downlink use different frequency bands, then we assume that a
few uplink channel measurements are sent back to the robot, using a feedback
channel, as is common in the communication literature [25]. These uplink mea-
surements then form the basis of uplink channel assessment.
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Fig. 3. Illustration of the proposed probabilistic channel assessment framework
and robustness techniques.

commonly used lognormal distribution for shadow fading
and its reported exponential spatial correlation [17], [23],
[24], we take Z;; to be a zero-mean Gaussian random
vector with the covariance matrix R, € RYi+XNik where
[Ryal,, o, = 0% exp (-W for1< £y, 0y < N, 1,
with 92, and 3 denoting the variance of the shadow fading
component in dB and its decorrelation distance, respectively.
As for multipath fading, distributions such as Rayleigh, Rician,
Nakagami, and lognormal are shown to match its probability
density function (pdf) (in non-dB domain), depending on the
environment [17], [23], [24]. In this section, we assume log-
normal multipath fading and a resulting Gaussian distribution
for £2; . We also take the elements of €2; 1 to be uncorrelated.
As a result, we take (2; 1 to be a zero-mean Gaussian random
vector with the covariance w2INj7 .» Where w? is the power of
multipath fading component (in dB) and Iy, is the IV; x-di-
mensional identity matrix. Note that our channel assessment
framework does not attempt to predict the multipath fading
component and only estimates its variance. Thus, multipath
fading is a source of uncertainty for channel assessment. For
a detailed discussion on validation of this model using real
channel measurement, the readers are referred to [25], [30].

As we proved in [17], [23], [24], based on the measurements
available to the jth robot at time %&£ and conditioned on the
channel parameters, the assessment of the channel at an unvis-
ited position ¢ € W\ Q; 5 is given by a Gaussian distribution
with mean Gy 1(g) = E{Gar(¢)|Y)x. 0. 53,9,w} and vari-
ance 6‘72»,k(q)A = E{(Gan(q)— Gan_j £(0))*|Yj k. 0, 3,9, w}. We
then have Gap ;i (7) = b ()0 + ¢1 (DU, (Yik — Tjx0)
and 67,(q) = 9% + w? — 97 (U, ¢ir(q), where
ha) = [I = 10logyo(d(Q)]", Usn = Rjw + w’ly,,

|| . T
| o IEEH ||
||q 1k | Njkok

9 e g e

and ¢;(q) =

Note that to calculate Gap j(g) and 532-7,6((1), the jth robot
also needs to estimate the underlying channel parameters. We,
however, skip the details of the estimation of the underlying
parameters and refer the readers to our previous work in
[17], [23], [24], where we explain the estimation of the
underlying channel parameters and analyze the performance
of our channel assessment framework using real and simulated
channel measurements.
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B. Communication-Constrained Motion Planning

Consider planning the motion of the robots in order to
constantly update the remote station on the positions of the
targets, while improving the exploration performance of each
individual robot. Assume 7;p = 0.5, for1 < ¢ < m, and
Nijhe = 1 — pijr, forl <2 < mandl < 7 < n. By
using the optimal s = 0.5, we get the following for the log
of Chernoff bound of (2) at time k& + 1: log(¥iprt+1) =
10g(().5) + Zjejz‘77;+1 log(2\/nih’/}ﬁj,k+1 (1 - niyj:”j,kJrl))‘
Let KL(7) denote the Kullback-Leibler (KL) distance
[29] between two discrete distributions Bern(0.5) and
Bern(n), where Bern(n) represents the Bernoulli dis-
tribution with the success probability of 7. We have
KL(n) = —log(24/n(1 —7)). Using the definition of
KL(n) and Aj;j, we have log(¥;px+1) = log(0.5) —
271Nt KL k1) +(1 = Ak 1)KL j e, )], Where
we set 1 7., , = 0.5 for r;, = 0 (the case where the jth
robot has not yet been connected to the remote station up to
time & > 1). The average of log(%; 4 x+1), conditioned on the
channel values up to time £, is then given by the following:

E {log(%ip.k41)[ A} = log(0.5) = > [KL (n;jr,., )
i=1

FE{N b1} (KL(mijei1) — KL (Mg, )] @)

where A, = [A11 -+ Ajk -+ Aux]'. Using the probabilistic
channel assessment framework of the previous section, the jth
robot can assess the probability of being connected to the remote
station at time k& 4 1 as follows:

, G enl — Gapoin(Ein
[E{A]gkﬂ}:cg( THvdngi(gjkilj,)J,k(5J,k+1)) (5)

where Gr1ap,jk+1 denotes the (possibly time-varying)
channel power threshold of the jth robot at time £ + 1 (in
dB), which depends on the TX power adaptation strategy
that we will introduce in Section IV-D-1. We then propose
the following (decentralized) motion planning optimization
framework for the jth robot at time %, based on minimizing its
contribution to the average detection error probability of the
next time step at the remote station:

> KL(ijas1) — Cik

u?y = argmaxE{A; ky1}
Uk N——e—— i1

Comm. obj.

Sensing obj.
.. 1) § a1 = &k T Uik 2) §ika1 € Vi,

Q)

where C; x 2 > KL(#; j.,, ) is a constant (is not a func-
tion of §; x+1) and V; 2 {0 e Wlllg—=&irll £ ujmaxs
Prob{Gas(¢) > GrudBjk+1} > Aconn}, for a positive
threshold A ,,y,. Note that larger Ay, will result in a more
conservative (in terms of connectivity maintenance) but less
sensing-effective strategy. In other words, by increasing Acony,
the set V; ;, will become smaller. Since the motion planner in
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(6) is forced to choose the next optimal position in V; g, the
motion of the robots will be limited to a smaller area, which
degrades the exploration performance. However, larger Aqqnp
results in more robustness to multipath fading due to forcing
the robots to move in the areas with better estimated channel
quality. Also, note that the sensing part of (6) is always nonneg-
ative as KL(#; 5 141) = KL(ni 5., , ), forevery 1 < i < .

Equation (6) is a key equation that shows: 1) the separation of
communication and sensing objectives for the purpose of nav-
igation; 2) that solely from a sensing perspective, each robot
should minimize its surveillance uncertainty at the next step by
maximizing its KL distance to Bern(0.5); 3) that solely from
a communication perspective, each robot should maximize the
probability of being connected to the remote station at the next
step; and 4) that the optimal trajectory is the one that provides
the right balance between these objectives. In other words, the
optimal communication-constrained navigation strategy is the
one that minimizes the sensing uncertainty while maximizing the
probability of being connected to the remote station at the next
step, based on what the robot can assess about the connected
regions.

One drawback of the localized motion planning strategy of
(6) is its feasibility issues. Based on the available knowledge on
channel link qualities, there may be situations where V; ;. = )
(for example the case where the robot starts in a disconnected
area far from the remote station). In such cases, the jth robot
can get stuck in a region with a poor link quality. Furthermore,
even if the problem does not become infeasible, if Area(V; 1) is
too small, the proposed approach will be less robust to channel
assessment errors. In order to avoid such undesired conditions,
next we propose a switching strategy to navigate each robot
to unvisited locations with good link qualities, in case the link
quality is poor in the local region around the current position of
the robot.

1) A Switching Strategy for Avoiding Undesired Local Ex-
trema: Letidx(q), for ¢ € W, denote the index of the cell that
contains ¢, i.e., the unique ¢ such that ¢ € W,;. Also, let us define
Eik 2 {q € W|PT0b{GdB(lI) > GrHAB jk+1) >Aconn}
and F; x 2 {0 € Whidx(q).jk < Dsens}, Where Acony is as
defined before and Ageps is another positive threshold. The set
&; « denotes the set of points in the workspace where the prob-
ability of connectivity to the remote station, based on the cur-
rent assessment of the channel at the jth robot, is larger than
Aconn. The set F, ;; also contains the unexplored (or poorly
explored) points, where the probability of detection at the jth
robot is less than Ag.,;. The idea behind the switching ap-
proach is to add another mode of operation, referred to as the
sensing-aware connection seeking mode, to navigate the jth
robot to the closest point in £; ,, N F; 1, whenever Area(V; ) <
Econn, fOr @ small positive £¢ony, - In other words, it navigates the
7th robot towards the closest unexplored (or poorly explored)
region, where the probability of connection (using the current
assessment of the channel at the robot) is good enough. Then,
as soon as we have Area(V; 1) > €conn, We switch back to the
motion planning strategy of (6), which we refer to as commu-
nication-aware exploration mode. The control input of the jth
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Fig. 4. Tllustration of the proposed communication-constrained (left) and hy-
brid (right) motion planning approaches.

robot in the sensing-aware connection seeking mode can then
be found as follows:

u;‘k = arg maX’ Ejktl — q:“mm’j’kH
Uk

s.t. 1) Q:omm,j.k = arg min ”q - €Jk|| (7)

qE£j7kﬂ.Fj7k

2) §ar1 = Sk + Uik, 3) 1wkl < ) max

Using the control strategy of (7), whenever Area(V, ;) <
€conn, the jth robot is navigated directly towards g7, ; x>
which is the closest point of £; ; N F; ; to the current position
of the robot. Fig. 4 (left) summarizes the proposed switching
strategy, which prevents the robot from getting stuck in unde-
sired local extrema. Furthermore, it increases the robustness
to channel assessment errors (mainly caused by multipath),
by introducing extra design parameters such as A.on,. In
Section IV-D, we discuss more strategies for improving the
performance and increasing the robustness of the switching
approach.

C. Hybrid Motion Planning

The Q-function in the communication part of the objective
function in (6) enforces the jth robot to move to the positions
with a higher chance of experiencing a better channel quality. As
the quality of channel learning gets better, 6, x (&, r+1) becomes
smaller. In the limit of perfect channel learning, the Q-function
acts as a hard limiter, enforcing the robot to only explore the
connected regions. This property of the communication-con-
strained approach can be considerably useful for the applica-
tions that require constant communication of the most updated
binary maps to the remote station. However, for a limited oper-
ation time 7" and a time-invariant field, the robots may only be
concerned with the probability of detection error of the remote
station at the end of operation. In this part, we are interested
in such missions. Minimizing the probability of detection error
of the remote station at the end of operation time will result
in a different motion planning approach, with a different bal-
ance between exploration and communication, which we refer
to as Aybrid motion planning. The idea behind the hybrid mo-
tion planning approach is to have each robot explore the envi-
ronment extensively and communicate its binary target map at
the end of the mission (note that the remote station only uses the
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last communication of each robot). This proposed approach has
four modes of operation:

* Mode 1 (sensing-aware exploration mode): In this mode,
each robot optimizes its motion only based on its sensing
and exploration objectives, without taking communication
constraints into account. The purpose of this mode is to
explore the environment as much as possible, in the given
operation time. Each robot j, therefore, chooses its next
motion decision such that its local detection probability,
7i,5.k+1, 1S maximized. The controller input of the jth
robot is then calculated using the following optimization
problem:

m
U} g = arg max > Wikt

Uj b =1 (8)
st 1) & pr1 =& + ik, 2) [Jugnll < Ujmax
3) &kt €W

where the jth robot assesses its detection probability based
on its sensing model. In this mode, communication ob-
jectives are not considered in local motion planning. Al-
though, it is possible that the robot transmits its current
target map if it randomly moves to a connected spot. This
can increase the robustness, in case the operation was ter-
minated abruptly and earlier than planned. However, from
energy consumption perspective, it may be better if the
robot does not communicate in this stage and leaves all
its power for optimizing the connectivity at the end of
operation.

* Mode 2 (local extrema avoidance mode): Using the local-
ized exploration strategy of (8), each robot explores the en-
vironment as much as possible. However, there might exist
undesirable situations where it gets stuck in an already ex-
plored area, while there are still unvisited areas that can be
explored in the given operation time. Similar to the com-
munication-constrained case, to avoid such undesirable sit-
uations, we add a mode to navigate a robot to poorly ex-
plored locations, whenever the estimated improvement of
its sensing quality is small. Using the definition of F; j
in Section IV-B-1, the robot switches to the local extrema
avoidance mode, to move towards the closest point in 7 1,

A maxg, . 1e€0; i, k+1 N5,k |

|
whenever v, = 1;1 :
g Midk

Esens, for a small positive ggens and O, 2 {q € W| llg —
Ll £ uj,max}. In other words, we navigate the robot to-
wards the closest poorly explored point in the workspace
to improve its sensing performance. We then switch back
to the sensing-aware exploration mode as soon as we have
Yik 2 Esens. The control input of the jth robot, in this
mode, is also found by following the same approach of the
sensing-aware connection seeking mode of the previous
case:

* — B . — a*
uj,k = arg II](],X‘ g]-""H- qsens,j,k”

Uk

8.4 1) @ons s x = argmin [|g — & xll, 9)
qEF; k

2) &1 = &k + ujks 3) gkl < ujmax-
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* Mode 3 (connection seeking mode): Once the environment
is explored extensively and the limited operation time is
approaching, each robot needs to move to positions with
high chance of connectivity, where it can send its most up-
dated target map to the remote station. Based on its most
recent predicted channel, each robot has an estimate of
how many steps it takes for it to move to a connected po-
sition. Based on this knowledge and by considering the
remaining number of operation steps, each robot can de-
cide when to switch from the sensing-aware exploration
mode or the local extrema avoidance mode to the con-
nection seeking mode. Consider the set £, = {g €
W|Prob{Gas(q) > GTH.dB,jk+1} >Aconn}, defined in
Section IV-B-1. The closest point in &; j, is then found as
follows: ¢l.ci ;r = argmingee  [lg — &xll. Using the
first-order holonomic dynamics of the robots, the minimum

number of steps required to get to g2, ; ., at time k, is

G = LHS‘TI—”}"LH + 1. The 7th robot switches to the
’ b, max

connection seeking mode at time & if 1) it is not connected
to the remote station at time k and 2) (;, > T — k — M,
where M is a positive and small offset, which is added into
the operation as a robustness margin. Once a decision to
switch to the connection seeking mode is made, the con-
trol input of each robot is found as follows:

“Tk = arg max’ $ikr1 — q:eek,;j,kH

sk

St 1) et i = arg min g — &kl
’ q€EE

2) &1 = &k + vk, 3) |lujell < v max-

(10)

Similar to the communication-constrained approach, as we
increase Agqny in &5 g, the motion planner becomes more
robust to the variations of multipath fading and other as-
sessment uncertainties, by acting more conservatively.

* Mode 4 (communication-aware exploration mode): Once
a robot moves to a region where Area(V; i) > €conn,
it utilizes the proposed communication-aware exploration
mode of Section IV-B-1, to maintain its connectivity to the
remote station till the end of operation. In this mode, the
robot still senses the connected area, as described in the
previous section. However, its main goal is connectivity
maintenance. Note that in case the jth robot is still dis-
connected after switching to this mode (possibly due to
its poor assessment of the channel in the presence of large
multipath fading), it can take advantage of a jittery move-
ment around its current location, to increase its chance of
connectivity. In the next section, we explain such strate-
gies to further increase the robustness of both communica-
tion-constrained and hybrid approaches.

Fig. 4 (right) demonstrates an overview of the hybrid approach
where transition between the modes is illustrated.

D. Further Robustness to Multipath Fading and Other
Channel Assessment/Modeling Errors

In Section IV-A, we explained how our probabilistic channel
assessment framework can be used by each robot to 1) learn
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the shadowing and path loss components and 2) characterize
the channel assessment uncertainty. This enabled our switching
motion control approaches in Sections IV-B and -C. As ex-
plained in Fig. 3, to increase the robustness of our approaches
to unpredictable multipath fading and other channel assess-
ment/modeling errors, efficient strategies are required. In
Sections IV-B and IV-C, we already showed how to increase
the robustness, using a number of design parameters, such
as Aconn. This approach is referred to as robustness margins
in Fig. 3. In this section, we introduce two more robustness
strategies: adaptive TX power and packet-dropping threshold
and jittering. These strategies can be combined with our com-
munication-constrained or hybrid motion planners to further
improve the performance.

1) Adaptive Transmit Power and Packet-Dropping Threshold
for Increasing the Robustness to Multipath Fading: The
threshold Gt 4B j k+1 in the formulation of E{A; x41} in (5),
as well as in the definitions of V; 3 and &, , depends on the
TX power adaptation strategy of the jth robot. Consider the
case where the jth robot is given the total average TX power of
Payv ;. It can use the fixed TX power of Prx j i = Pav_; during
its operation, independent of the channel quality. In this case,
we have GTH,dB,j,k+1 = 1010g10 (%) + AGTH,st
where AGtu,gp > 0 is added to increase the robustness to
multipath fading. The idea is that by increasing the packet-drop-
ping threshold, the robot is then forced to operate in regions
with higher channel power, resulting in more robustness to
multipath fading.

Alternatively, each robot can adapt its TX power to channel
quality. Power adaptation strategies have been heavily explored
in the communication literature [ 14]-[16]. In this paper, the goal
of TX power adaptation is to increase the robustness of the pro-
posed motion planning algorithm by saving power at positions
with high channel qualities, with the goal of satisfying the con-
nectivity requirements at positions with low channel qualities.
Similar to [16], we consider the following simple TX power
adaptation strategy for each robot:

Prx ik
)0 min(Pav ik, PTX jmax) < %
- { —SN&TE‘;?)N“, otherwise
(11)

where Prx jmax 1S the maximum TX power of the
jth robot and Pav ;i is the average of the remaining

power budget of the jth robot at time instant #&:
k1
Pav ik 7= (T Pav ¢=1 Prx,je). The

channel power threshold will then be: GrHgBjkt1 =
10logq, (min(Pilj?ﬁ}%Z?j,nmx)) +AGTH,qp. Note that in this
paper, we are not concerned with minimizing the total energy
consumption. In other words, our goal is to schedule a limited
average TX power for communication. However, the current
framework can be extended to consider both communication
and motion powers and optimize the trajectories of the robots
such that the total energy consumption is minimized, while
the given networked task is accomplished. It is also worth
mentioning that, in the hybrid approach, the robots may decide




3570

not to send anything, while operating in modes 1 and 2, to
save power for the end of the operation when they need to
be connected. This strategy is particularly useful for long
operations with limited power budgets. However, if power is
not a constraint, the robots can always send their most updated
target maps to the remote station if they move to a connected
spot by chance. This can further increase the robustness, in
case the operation terminates abruptly and earlier than planned.
2) Jittery Movements for Increasing the Probability of Con-
nectivity in the Presence of Large Multipath Fading: Consider
the communication-constrained approach. This strategy guides
each robot to an area that has a high probability of connectivity.
However, a specific position may or may not have the connec-
tivity requirement, as our channel learning framework cannot
predict the fine variations of multipath fading and is also prone
to errors. Since the robot is guided to an area that has a high
probability of connectivity (high average channel power dic-
tated by the lognormal shadowing and path loss components),
then small jittering can help the robot find a better location
in terms of connectivity. In case a jittery movement is added,
after the proposed communication-constrained or hybrid motion
planner is executed at each step, the robot picks Nji, random
points in a small circular region around its current location. Note
that NVj;, is a design parameter that depends of the type of robot
and the ease of navigation. It then moves to each point one by
one, measures the channel there, and then simply chooses the
point with the best channel quality for sending. The radius of
the circular region for jittering is chosen small enough such that
the path loss and shadowing parts of channel remain stationary
in the region, based on the assessment of the channel available
to each robot. Note that in case the adaptive TX power strategy
of (11) is used, if none of the ;i points satisfy the connec-
tivity requirement, then nothing will be sent at these points.

V. PERFORMANCE ANALYSIS OF THE PROPOSED MOTION
PLANNING STRATEGIES

With some assumptions, it is possible to analyze the final per-
formance of the proposed communication-constrained and hy-
brid approaches. The following theorems summarize our key
results.

Theorem 1: Assume that: 1) the robots use the fixed TX
power strategy of Prx jx = Pav j, forj =1,---,n;2) based
on the assessment of the channel at all the robots, W\URZ | U?_;
E; 1 # U (refer to Section IV-B for the definition of &; ); and
3) the sensing radius of each robot and the size of each cell are
small, compared to the size of the workspace, such that some of
the cells in W\ U2, UT_, &; ;. cannot be sensed by any robot j,
while it moves inside U2 ; £; 1. Then, the average of the proba-
bility of error at the remote station (averaged over the space and
the distribution of the channel, conditioned on the channel mea-
surements) is lower bounded by a positive value at any time,
i.e., there exists © > 0 such that = 37" E{v; s} > O, for
all k > 1.

Proof: For every k > 1, we have - Y Eviekt >
% T E(visT} >lmy o, + L E{vip 1}, where
the expected values are calculated over the distribu-
tion of the channel, conditioned on the channel mea-
surements. Assuming 7,0 = 0.5, for 1 < 7 < m,
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and 7,56 = 1 — pigk, for 1 < 7 < mand 1 <

Sies [ a1 -
1—b;,,b5 n 1—1ti 5,00 2b;—1
./Mi,j,oo}r szl (ﬁ) — 1), where

i 5,00 2 limg o0 f44,4,x,  and B is the set of all the binary vec-
tors of size n. Note that ju; ; . = 0.5 incaselimy_, kj7 = 0.
Consider the communication-constrained approach, where
Prx jx = Pavjand W\ UL, UT_, €4 # (. If the sensing
radius of each robot and the size of each cell are small, we can
find some cell 7 inside W\URZ,UT_; €; 5. # (and some p, > 0,
such that p; ;. > pi, V4. This cell 4 can be any cell inside
WAURZ U €, Wthh is not visited by any robot during the
entire operation or is sensed for a finite number of steps before
each robot reaches &;;, for 7 = 1,---,n. This implies that
there exist a positive lower bound on limg_, o ,17 271:1 Yi b, T
and, by averaging over the conditional channel distribution,
on limr_, o % > E{vipr}. In other words, there exists
© > 0 such that lim7_, %2111 E{vis.r} > ©. The
same result can be obtained for the more general case where
w0 # 0.5, forsome 1 < 4 < m,or ik # 1 — ik, for
some 1 < ¢ <yandl < j < n,using (1). This completes the
proof. [ |

Theorem 2: Assume that: 1) the channel is assessed per-
fectly; 2) the robots are connected to the remote station at the
beginning of the operation; 3) the sensing radius of each robot
and the size of each cell are small, compared to the size of the
workspace, such that the maximum area of the cells covered
by a robot j, while moving in &;;, is approximately equal
to the area of &;j (refer to Section IV-B for the definition
of &), for j = 1,---,n; 4) the robots use the same fixed
TX power strategy of Prx jx = Pav,forj = 1,---,n;
5) mio = 0.5, fort = 1,---,m; and 6) the workspace
is a circular region with the remote station located at the
center of the circle. Then, in the communication-constrained
approach, a lower bound for limyp oo = 37 E{vis 7},
averaged over every possible channel, is approximately
given by 0.5 [Q(a,) — exp (w) Q (M)} , where

Jj < n, we obtain limy_.oc vip, 7

/l'i,j,oo)

_ Kap—10npy log, o (Rw)—Gap, T _ _10npL _
= 4 » P = Flog(10)° Gap,TH =
10 logq, (%) and Ryy is the radius of the workspace.

Proof: In case the robots start connected and the channel is
assessed perfectly, each robot 7 only explores &; 3, in the com-
munication-constrained approach. If the size of the cells and the
sensing radii of the robots are small, we approximately have
limy oo 2577 vipr > Area 0; Vrr\;"ofls\ﬁ 155 Iy case of
perfect channel assessment, the area of W \ URZ, UT_; &4
is equal to the area of disconnected region. Therefore, by aver-
aging over the channel distribution, we get

m

hm — Z E{vip1}

().5
> e / Prob{Gap(q) < Grn.as}dg
w Jw
= Lz /RW rQ (KdB — 10npy, logo(r) — GTH,dB) dr
I, 9

0
=0.5 |:Q((L) — exp (2 —l—f(zp) ] (2+a[))} ,
P P
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__ _10npr, _ BNgSNRTH _
forp = 5 Tog (107> Gra.as = 10log ( P ) and a =

Kyp—10npr, log) (Rw)—Gru s

Theorem 3:7}Assume that the channel is assessed perfectly,
mio =05,forl <ié<wm,andw; ;. =1— p jr,forl <¢<
m and 1 < j < n. In the hybrid approach, if we select Agops =
1—0sens (see Section IV-B for the definition of the Ag.p¢), for an
arbitrary small positive d5.,5, then we have the following for the
asymptotic average probability of detection error at the remote
station: limy o = 37 E{vi 4,1} < bsons, when averaging
is done over every possible channel.

Proof: Assume that the robots start with the sensing-aware
exploration mode in the hybrid approach. Consider the jth
robot, for 1 < 5 < n. For this robot, the exploration continues
(the spatial average of its detection error probability decreases)
until ¥ 5 < €ens (see Section IV-C for the definition of the
variables). In this case, we have either F; ,, = {}, which means
that p; ;1 < Bsens, for 1 < ¢ < m, or F;; # 0. For the
latter, the proposed local extrema avoidance mode of the hybrid
approach navigates the robot to a point in F; . Then, two
different cases may happen. If a situation where %; 1 > Escns
does not happen, while in the local extrema avoidance mode,
the robot will remain in this mode and visit every point in
Fj . until F; ;. = 0. On the other hand, if the robot switches
back to the sensing-aware exploration mode at some point, the
exploration continues similar to the previous case, which also
proves that F;; = { after some steps. Therefore, we have
ti ik < Bsens, for 1 < ¢ < and k greater than a positive
constant. Then, assuming that the channel is assessed perfectly,
we have p; ;oo < bsens (see the proof of Theorem 1 for the def-
inition of p4; ;.0 ), for 1 < ¢ <mand 1 < y < n. This implies
that limy o0 Vip, 1 < Osens, for 1 < ¢ < m. By averaging over
the channel distribution, we have limg_,oo E{vi 1.7} < sons,
for 1 < ¢ < i, which completes the proof. |

VI. SIMULATION RESULTS

In this section, we evaluate the performance of the proposed
communication-aware surveillance framework using both sim-
ulated and real channel measurements. Our results highlight
the underlying tradeoffs in the design space as summarized in
Fig. 10. For instance, they show that while the hybrid approach
outperforms the communication-constrained one in terms of the
final probability of networked detection error, the latter has a
higher probability of constant connectivity and is therefore more
robust to the abrupt termination of the operation. Also, we fur-
ther compare these two approaches with communication-un-
aware strategies (strategies that consider only sensing objec-
tives for planning the motion of the robots) and show the ef-
fectiveness of the proposed framework in realistic fading envi-
ronments.

Consider a surveillance scenario where three robots are
tasked to explore a given environment for the possible pres-
ence of targets. We use the Gaussian observation model of
Section II-A, where the following form is chosen for the obser-
od> + v d < dyen

- oo otherwise’
for positive constants p > 0 and ~ > 0 and a limited sensing

vation error variance [3], [4]: ¥, (d) =
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Y (m)
Y (m)

jittery move/ment at the
end of each step

20

0
X (m)

Fig. 5. Trajectories of three robots for communication-constrained (left) and
hybrid (right) cases, with fixed TX powers. The dashed red, solid magenta and
dot-dashed green lines correspond to the trajectories of the robot #1, robot #2,
and robot #3, respectively. The empty boxes and the filled ones denote the initial
and final positions, respectively. The location of the remote station is denoted
on the top left corner of the figures. See the pdf file for more visual clarity.

radius dgy., for each robot. The communication channel be-
tween the robots and the remote station is simulated using
our probabilistic channel simulator, which can simulate path
loss, shadow fading, and multipath fading, with realistic spatial
correlations. A detailed description of this channel simulator
can be found in [30] and [31].

First we compare the trajectories of communication-con-
strained and hybrid planning approaches, for a fixed TX power
case, where the following parameters are used: % max = 3.0 m
forj = 1,2,3, 0 = 002, v = 004, deey = 3.0 m,
KdB =-10 ('1B, npr = 25, ¥ =2 dB, /8 =4 m, w = 2 dB,
BIVO = —8) ('1B, PAV,j = =20 dB, for J = 1, 2, 3,
PTX,j,max = —10 dB, for ] = 1, 2, 3, and SNRTH =23 dB,
with a Rician multipath fading. Note that Rician multipath
fading was simulated to make the simulation more realistic.
Furthermore, we use the following design parameters when
implementing our communication-aware and hybrid mo-
tion planners: Aopn = 0.8, Agens = 0.65, econn = 0.25,
€sens = 0.002, AGTp g = 0 and M = 5 (see Section IV-B
and IV-C for the definition of these parameters). For the pur-
pose of channel learning, the robots use 0.01% of the total
channel samples (64 samples in a 800 x 800 grid), which are
assumed to be randomly collected during an initial learning
phase. Then, they collect more samples as they move along
their trajectories. The collected samples are used to estimate the
underlying channel parameters and assess the spatial variations
of the channel at unvisited areas. Fig. 5 shows the trajectories
of the robots for one simulated channel in both cases. The
black regions in Fig. 5 represent the areas where the robots are
not connected to the remote station (received SNR is below
the acceptable threshold), given Prx jx = FPav ;. It can be
seen that by using the communication-constrained approach,
the robots converge to the regions where they are connected to
the remote station (if they are not connected at the beginning)
and stay connected afterwards. In other words, this approach
forces the robots to mostly explore the regions with better link
qualities, so that they can constantly update the remote station
and minimize its detection error probability, as we explained
in Section IV-B. The hybrid navigation strategy, on the other
hand, allows the robots to explore the environment more freely.
It, however, enables the robots to be connected to the remote
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Fig. 6. Impact of the adaptive TX power on connectivity regions. Time-varying connectivity regions (white areas) in communication-constrained (top row) and
hybrid (bottom row) cases are shown for one of the robots of Fig. 5, at time steps &k = 15,k = 25,k = 35, and & = 45 (from left to right). The communication
channel is taken to be the same as the one used in Fig. 5. Empty boxes and filled ones denote the initial and final positions, respectively.

station at the end of operation. Also, as can be seen from the
figure, some regions may be revisited by the robots several
times along their trajectories. Note that in both cases, the robots
take advantage of a jittery movement, in areas of radius 0.3 m
around their current locations and by testing Nj;;s = 45 points
at each step. In this specific example, jittery movement in the
communication-constrained case results in 10%, 15%, and 17%
increase in the percentage of time that robot #1, robot #2, and
robot #3 are connected along their trajectories, respectively.
Similarly, in the hybrid approach, by using the jittery movement
we have 24%, 20%, and 41% increase in the percentage of time
that robot #1, robot #2, and robot #3 are connected along their
trajectories, respectively.

Next, consider the case where the adaptive TX power strategy
of (11) is used for both communication-constrained and hy-
brid approaches.!3 Then, the connectivity regions will become
time-varying and different for different robots (since their TX
powers are different). One would expect that the white regions
(connectivity regions), corresponding to the jth robot, expand
as its instantaneous average TX power, Pav ; ., increases. Fig. 6
shows the evolution of the connectivity regions for both strate-
gies, for one of the robots of Fig. 5, when the TX power adap-
tation technique of (11) is used. The communication channel is
taken to be the same as the one used in Fig. 5. In such an adap-
tive strategy, the connectivity region of the robot expands with
time with high probability, as can be seen from the figure, for
two reasons. First, in case of poor channel quality at time &, the
robot does not send anything, which results in an increase in
Pav ; r+1 and an expansion in its next step connectivity region.
Second, in case the robot decides to send its updated target map

13As explained before, we can also use the adaptive TX power strategy of (11)
for the hybrid case too. Multiple transmissions in the hybrid case (as opposed
to a single transmission at the end of the operation) will increase the robustness
to any possible abrupt termination of the task.

to the remote station using (11), it uses the minimum required
power for connectivity, given by %, based on its mea-
sured channel power at time %. Note that we did not simulate
any jittery movement in this case.

In order to further compare the communication-constrained
and hybrid approaches, Fig. 7 (left) shows the average of
the final detection error probability at the remote station, i.e.,
% > E{vi1}, as a function of the given operation time T,
for the three robots and the same system parameters of Fig. 5.14
The averaging is done over the space and 20 different channels.
In Fig. 7 (left), for every T, the whole trajectory of the robot is
generated for 20 different channels and the resulting average at
the end of the operation are then plotted. In order to simplify the
scenario, TX power is not adaptive in this case and the robots,
in both communication-constrained and hybrid approaches,
use the constant TX power of Pay ; = —20 dB at each step.
They, however, make use of a jittery movement, at the end of
each step, to increase their chance of connectivity to the remote
station. It can be seen that the hybrid approach outperforms
the communication-constrained one, in terms of the average
of the final detection error probability at the remote station, as
expected. The figure also shows that as 7' — oo, the average
probability of error goes to zero in the hybrid case, while it
reaches an error floor in the communication-constrained case.
However, the communication-constrained approach provides
smaller average detection error probability at the remote station,
in case the operation terminates earlier than the planned time
T. To see this, Fig. 7 (right) shows the average of the detection
error probability at the remote station, i.e., % S Evipkts
as a function of time step k, averaged over space and 20
different channels. We used 7' = 50 as the operation time in

14The spatial average or spatial integration of the quantity under control is a
common choice for the performance measure in robotic surveillance and explo-
ration literature [4].
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Fig. 8. Communication and sensing tradeoffs in a robotic surveillance scenario. The figure shows final average probability of detection error at the remote station,
averaged over the space and channel distribution, as a function of SNR'}.yy, for two cases of T' = 10 (left) and T' = 50 (right).

this case. As can be seen, if the operation ends while the hybrid
approach is still in the exploration mode, it results in a worse
performance, as it is designed to optimize the operation given
a certain time.

Fig. 8 compares the performance of three approaches, with
different levels of awareness, in terms of communication and
sensing, for the same system parameters of Fig. 5. The results
are averaged over 20 different channels. Similar to Fig. 7, TX
power is not adaptive. Also, no jittery movement is simulated in
this case, to show the underlying tradeoffs more clearly. For the
sake of comparison, the results for a sensing-constrained case
are also shown. A sensing-constrained case only optimizes the
exploration objective and communicates with the remote sta-
tion anytime its trajectory takes it to the connected regions,
as was described in modes 1 and 2 of the hybrid case. Thus,
it is unaware of communication objectives. The figure shows
the average of the final detection error probability at the re-
mote station, as a function of SNRty, for two cases of T =
10 (left) and T = 50 (right). Interesting tradeoffs can be ob-
served. Consider the left figure, where 1" is small. In this case,
as SNRry increases, the chance of connectivity becomes small
over the whole space. As such, the performance of the sensing-
constrained approach degrades considerably, for large SNRty,
since it does not include communication objectives in its motion
optimization. It can be see that the communication-constrained
and hybrid cases perform almost the same and better than the

sensing-constrained approach. Also, in this case, the average
of the detection error probability in the communication-con-
strained and hybrid approaches are large (compared to detection
error probability of hybrid approach in the right figure). This is
because the operation time is limited and the requirement on
link qualities is high. The right figure, on the other hand, shows
the performance for the case of 7 = 50. In this case, since the
given operation time is longer than the left figure, the trajec-
tory of the sensing-constrained approach crosses through more
connected regions by luck, which improves its performance.
For the communication-constrained case, the performance de-
grades as SNRTy increases since its exploration is limited to
connected regions, which are shrinking as SNRry increases.
The hybrid approach, however, results in the best performance
in both cases, providing the best tradeoff between sensing and
communication, as expected.

In order to show the performance of our framework with
real channel measurements, Fig. 9 shows a surveillance sce-
nario, using one robot and by considering the real channel
measurements gathered in the basement of our building. The
channel measurements are collected through a survey of the
channel, using the onboard IEEE 802.11g WLAN card of a
Pioneer 3-AT robot and for a remote station (an IEEE 802.11g
wireless router) located in one of the rooms in the basement.
This channel samples are then used to simulate the surveillance
scenario. During the surveillance operation, the channel is
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Fig. 9. Performance of the proposed communication-aware surveillance framework using real channel measurements in an indoor environment (basement of the
Electrical and Computer Engineering building at the University of New Mexico). From left to right, the first and second figures show the trajectory of the robot
in the communication-constrained and hybrid approaches, respectively, where the true connectivity map to the remote station is superimposed on the blueprint of
the basement. The third figure compares the resulting average of the detection error probability at the remote station, as a function of time step k. The robot in the
hybrid approach travels to the end of the hallway and then comes back towards the connected region. See the pdf file for more visual clarity.

assessed based on 0.1% a priori channel samples (47 samples),
as well as the samples the robot collects along its trajectory. The
TX power is kept fixed and a received SNR threshold of 35 dB
is chosen for packet dropping. The robot also takes advantage
of a jittery movement, in areas of radius 0.15 m around its
current location and by testing Nj;¢ = 20 points at each step.
The sensing model is the same as the one used for the previous

simulations, except that we use dy,, = 1.0 m in this case.
The Pioneer robot is modeled by the holonomic dynamical
model of this paper, with u; ..« = 1.5. A simple obstacle

avoidance strategy, similar to the one proposed in [17], is also
used. From left to right, the first and second figures show the
trajectory of the robot in the communication-constrained and
hybrid approaches, respectively, where the true connectivity
map to the remote station is superimposed on the blueprint
of the basement. The third figure also compares the resulting
average of the detection error probability at the remote station,
as a function of time step k.

It can be seen that although multipath fading power is large,
the robot maintains its connectivity along its entire trajectory
in the communication-constrained approach, as expected. More
precisely, in this example it maintains its connectivity at 97.3%
of the entire operation time. The hybrid approach, however,
achieves a smaller average probability of detection error at the
end of operation, compared to the communication-constrained
approach. It also ensures that the robot is connected by the end
of the operation.

Finally, Fig. 10 summarizes the results and observations of
this paper, in terms of the level of communication and sensing
awareness of a motion planning strategy and its impact on the
overall performance. The sensing-constrained approach in Fig.
10 is explained previously in Fig. 8. This approach generally
results in a poor performance, unless the operation time is very
large (which is not typically the case).

VII. CONCLUSION

In this paper, we considered the scenario where a team of mo-
bile robots are deployed by a remote station to explore a given
environment, detect an unknown number of static targets and in-
form the remote station of their findings. We studied the problem
of designing the trajectories of the robots to minimize the prob-

pure sensing
(no comm.)
Sensing-
constrained
(random comm.)

the remote station

Communication-|
constrained
Hybrid

__ increasing sensing awareness
<

final ave. prob. of det. error at

increasing comm. awareness

Fig. 10. Comparison of different motion planning approaches, based on the
level of communication and sensing awareness and its impact on the overall
performance.

ability of target detection error at the remote station, while sat-
isfying the requirements on the connectivity of the robots to the
remote station. We showed how to design such trajectories by
co-optimization of sensing (information gathering) and commu-
nication (information exchange). Based on the requirement on
the connectivity of the robots to the remote station, we consid-
ered two cases. First, we considered the case where the robots
need to constantly update the remote station on the locations of
the targets. For this case, we proposed our communication-con-
strained motion planning approach which enables the robots to
explore the workspace while maximizing their probability of
connectivity to the remote station during the entire operation.
We proved that the overall motion optimization objective func-
tion, in this case, is a multiplication of a sensing function that
maximizes the Kullback-Leibler (KL) divergence between the
maximum uncertainty state and the current one, by a communi-
cation function, that maximizes the probability of connectivity
to the remote station.

Second, we considered the case where the remote station only
needs to be informed of the locations of the targets at the end of a
given operation time. By building on our communication-con-
strained results, we proposed our /ybrid motion planning ap-
proach for this case. This approach plans the motion of the
robots such that they explore the workspace with less connec-
tivity constraint on their motion, as compared to the commu-
nication-constrained approach, while maximizing their proba-
bility of connectivity at the end of the operation. We mathemat-
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ically characterized the asymptotic behavior of our proposed ap-
proaches under certain conditions. We showed that, in terms of
the final detection error probability at the remote station, the hy-
brid approach outperforms the communication-constrained one,
while the latter provides better constant connectivity and, there-
fore, is more robust to the abrupt termination of the operation.
We finally proposed strategies to further increase the robustness
of both approaches to multipath fading.
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