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Abstract— In this paper we propose a communication-aware
motion planning framework to ensure robust cooperative
operation of a mobile network in realistic communication
environments. We use a probabilistic multi-scale model for
channel characterization. We then utilize our previously po-
posed model-based channel prediction framework in order to
devise communication-aware motion-planning approaches\e
first propose a motion generation strategy that optimally pans
the trajectory of the robot in order to improve its channel
learning in an environment. We then propose a communication
aware navigation approach in which link quality predictions are
combined with sensing goals in order to ensure cooperativend
networked task accomplishment. Our simulation results sho
the superior performance of our proposed communication-
aware motion planning framework.

I. INTRODUCTION

in which each robot can predict the channel quality based
on a small number of measurements, by using probabilistic
models [4] to represent the channel. In this paper, we show
how our channel prediction framework can be used for
building communication-aware motion planning strategies
In particular, we consider two cases. In the first case, we
show how the nodes can optimize their trajectory in order to
improve their channel prediction quality. In the secondecas
we show how predictions of the link quality can be combined
with other high-level sensing and navigation goals (such as
target tracking, obstacle avoidance, etc) in order to ensur
robust cooperative operation.

The rest of the paper is organized as follows. In Section
II, we describe our system model and briefly summarize
the probabilistic multi-scale modeling of a channel. We

Over the past few years, considerable progress has befﬁPthermore show how it can be used for predicting the
made in the area of networked robotic and control systemg

The visi ¢ i t roboti work tivel patial variations of a wireless link. In section Ill, we pose
€ vision of :a multi-agent robolic NEWork cooperatively. , 1, njcation-aware motion-planning strategies for both
learning and adapting in harsh unknown environments

. : annel learning improvement and cooperative task accom-
achieve a common goal is closer than ever. Most of th i

) . 8 shment. We conclude in Section IV.
current research in the robotics and control community,

however, assume ideal or over-simplified communication ||, WIRELESSCHANNEL PREDICTION WITH A SMALL
links. For instance, it is common to assume links that are NUMBER OF MEASUREMENTS
perfect within a certain radius of a node. Such simplified Le

) : ; t R? denot k , Which i ibl
models do not suffice for ensuring robust group operan?E W C enote a workspace, which 1S possibly

unctured by several obstacles. L& c R? denote the
nion of the obstacle regions. The free configuration space
S then given by the seétVy = W — O. Consider a mobile
node that is operating in this workspace. We assume a point

of a mobile network. Communication plays a key role i
the overall performance of robotic networks as the nod
rely on receiving information from others in order to aclgev
their task. This ne.cessita_tes considering realistic Ii_ruidms. rqbot with the following dynamicsj(t+1) = ¥ (q(t), u(t)),
Furthermore, an mtegratlve_ approach tq co.mmqnlcannl far\]/awere q(t) € Wy is the position of the robot at time,
control issues is needed, i.e. communication link qualitie

hould be taken int twh i lanni u(t) € U is the control input at timg and ¥(.,.) is a
should'be taken into account wneén motion pianning. smooth function. The node needs to maintain its connegtivit
The term communication-aware motion planning was

. ) ; to a fixed b tati hil lishing its task. In thi
coined by Y. Mostofi (see [1], [2] for instance) to refer 0 & Tixed base stafion whiie accomplishing s task. in this

0 traiect i hes that tak ) t_section, we show how the node can predict its link quality to
0 trajectory generation approaches that take commuartally, . y4qe station. More specifically, we provide an overview o
link qualities into account. In order to achieve this, eaabat

._our proposed framework for channel learning and prediction
. i, o : : 'Based on a very small number of measurements [3], [4]. In
on its link qualities when planning .'tS trajectory. Th's_ "the next section, we then propose a communication-aware
quires each robot to assess the quality of the communicatign .. - planning framework that optimizes the trajectory of

links in the locations that it has not yet visited. As a resultthe robot for robust cooperative task accomplishment.
proper prediction of the communication signal strength in

a given area, based on only a few measurements, becomesProbabilistic Modeling of a Wreless Channel

considerably important. In [3], we proposed a framework A fundamental parameter that characterizes the perfor-
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be modeled as a multi-scale dynamical system with threandom variable representing the shadowing effect in dB,

major dynamicsiultipath facing (or small-sale facing). _ 10 E{ log,q (Tmp(a)) } is the average of the multipath
adowing and Path loss. Fig. 1 shows the received signal ¢ . ; _ _
power across a route in the basement of the ECE buiIdirT%‘)OIIng component in (_jB and(q) = 101og (Tmp(_q)) _
at UNM. The three main dynamics of the received signal ]E{ logyo (Tmp(q»} is a zero-mean random variable, in-
power are marked on the figure. Path loss is the slowedgpendent fron§(g), which denotes the impact of multipath
dynamic which is associated with the signal attenuatioffding in dB (after removing its average). Characterizimg t
due to the distance-dependent power fall-off. Depending dipatial correlations of(¢) andw(q) is also considerably im-
the environment, blocking objects might result in a fasteportant for our model-based channel prediction framework.
variation of the received SNR, referred to as shadowind\s for the spatial correlation of multipath fading, there is
Finally, multiple replicas of the transmitted signal cariver N0 single model that can be a good match for different
at the receiver due to the reflection from the surroundingnvironments. If the distance between the spatial samples

objects, resulting in even a faster variation in the reativeare large enough, the multipath fading component can be
SNR called multipath fading. considered uncorrelated. This is the assumption we make

throughout our derivations in this paper, due to the lack of
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a better general model. The spatial correlation of shadpwin
is typically modeled with an exponential function [7]:

]E{f((h)g((h)} = P(HQ1—Q2H) = we

_ llaa—azll

, 91,92 € va

2
where « is the variance of¢(q). § is the decorrelation
distance as it controls how correlated the channel is spatially.
In the wireless communication literature, the valuegofs
reported between 10 m and 50 m for outdoor environments

60 Meas“’gd RerC"-‘iVEd [5]. A typical range fora, on the other hand, is between 4
65 e dB and 13 dB [5].
s 0.9 Ioglio(d) @) 11 12 13 B. Model-Based Prediction of the Spatial Variations of a

Wireless Channel

Fig. 1. Underlying dynamics of the received signal power across a
route in the basement of the ECE building [d]is the distance to
the transmitter.

Consider a case where one or a number of mobile agents
want to predict the spatial variations of a wireless chafinel
reception from a fixed station), by using only a small number

The probabilistic channel modeling framework characteR’ meéasurements. Next, we briefly summarize our proposed
izes the distribution of a sample of the channel as wefroPabilistic model-based channel prediction framewaik [
as its spatial correlation. Here, we briefly summarize thi! this approach, we only use models for shadowing and
approach [3], [4]. LetY(q) denote the received SNR in path loss terms, due to the_ lack of a good gen.eral model for
the transmission from a fixed base stationgate W; to characterizing the correlation of multipath fading. As tsuc
a mobile node ay; € W;. We can characteriz@f(qj by Wwe takew(q) to be a zero-mean spatially uncorrelated noise.
a 2D non-stationary random field with the following form The uncorrelate_d assumption is valid if the spatial samples
[5]: T(a) = Ymp(a) Vsn(a) Ypi(a), WhereTump(q) and Ts(q) T far enough in the space.
are random variables representing the multipath fading and Consider the case where channel measurements are taken

shadowing coefficients respectively aff(¢) = ——2 at positionsgy, - - - , g These measurements could be gath-

is the distance-dependent path loss. In this mo | el, frl{eipmul?red by a robot along its trajectory or Tcooperkatlvely by a
path fading coefficient)X'mp(g), has a unit average. In the NUmber of robots. Let), = [y1,---,y]" € R* be the
communication literature, the distributions &fy(q) and vector of all the available channel measurements in dB. We
Tsn(g) are established based on empirical data. For instanfave

Nakagami distribution has been shown to be a good match 1 —10logo(llgr — asl)

for the distribution ofYmp(¢) [5]. As for the shadowing Y, = |: : 0+ +Q, (3)
variable, Tsp(q) is typically modeled by a log-normally 1 101 '

distributed random variable. L& qs(q) = 10log;, (Y (q)) —10logyo(flax — )

represent the received SNR in dB. We have Hy,

T
T —101o K.) +10E{ 10 T where § = [Kgs np)” is the vector of the path
as() 1o (K { 810 ( mp(q))} (1) loss parametersZ = [{(q), - ()] and Q=

Kds
—10an 10g10 (Hq - QbH) + E(q) + w(q) 1if the environment is rich in scatterers, for instance, tharfer transform
. . of the auto-correlation function of multipath fading wilave a form that is

where £(g) = 10logyo (Ysn(g)) is a zero-mean Gaussian referred to as Jakes spectrum [6].



[w(q1),- -+ ,w(qx)]’. Based on the lognormal model for explained previously. Alternatively, the position of thase
shadowing,=; is a zero-mean Gaussian random vectostation can also be added to the unknown parameters and
with the covariance matrib®;, € R*** where [Rk]i.j = jointly estimated.

p(llai — gjl) for 1 < i,j < k. The termQy denotes the  Once the underlying parameters are estimated, we can
impact of multipath fading. In this paper, we neglgef estimate the channel, based on the available measurements
when predicting the channel but will consider its effect orand at any arbitrary positionp € W; as follows:

the prediction quality. In the following, we first considéet A TN AT N A1 A

estimation of parameters, 3 and6, based on the available Yagr(0) = 1" (00 + Ok (R (Vi = Hibi), (7)
measurements. We then proceed by predicting the channel _ T - _
using the estimated values of path loss and shadowir‘w’@qere o) = |1 - 1010g(||q B qu)} and éx(q) =

A . 1T
parameters. ap e lla=all/Br ... Gy e~la—axll/Br|  This linear esti-

Let &g, Bk and §;, denote the estimated values of B mator minimizes the MSE of the estimation error (assuming
andf based ori: available measurements. L&}, denote the correct parameters) and is a conditional average of the field
corresponding estimation @fx, wherea andg are replaced
by &; and 3, respectively. Also defin®; asR; = Ry /éag.  C. Sensitivity of Channel Prediction to Parameter Estimation
We have the following Maximum Likelihood estimation of Errors

parameters ando [3]: The quality of our channel prediction framework depends

é]'glL - (H,CTR;’lHk)le,CTRﬁjlYk, on how well we estimat(_a the u_nderlying parameters of the
L AT 1 L mult|-scal_e model. In this _sect_lon, we explore the impact
ap - = E(Yk—Hkok ) RN (Y — HiB)™).  (4)  of error in parameter estimation on the overall channel
estimation performance. We can easily derive the following
Sxpression for channel prediction error covariance attjoosi

q € Wy, given the current estimate of the parameters:

More simplified but less optimum estimators can also b
derived for6# and «. For instance, ifd — 0, the samples
become uncorrelated, which results in

~ 7 2 ~ A N
lim 6 = (H Hy) ' H] 'Y, Gag i (a) 2 E{(Tds(q) — Yapk(q)) ’ ar Br, Hk} =
T —————— o+ 02 + O ()R Vbl Gu(a) — 204(a)] +
k . T A
éir% de _ %(Yk _ Hkézncor)T(Yk _ Hkézncor) ] (5) [h(Q) - HgRgl¢k(Q)} 00 59% [h(Q) - Hng 1@6(‘])} )

(8)
wheredd,, = 6 — ék, o2 = E{wQ(q)}, U, = R + UE)II@,

w

I}, is the k dimensional identity matrix andy(q) is the
exact version of¢y(q) (see Eq. 7), defined ag(q) =

Auncor
A

Therefore, the estimate @f and « will not depend on the
estimate of3, as expected. Estimation @f, on the other
hand, is typically more challenging due to matrix inveittii
issues [3]. A robust practical but suboptimum strategy ca{FY e lamall/f .o e_llq_q’“/ﬂ . Let the Average Nor-
be devised as follows [3]. LeR, represent the estimate of Malized Mean Square Error (ANMSE) of channel prediction
Ry through numerical averaging. Then, we can find the pe defined as follows: ANMSE= Le Z®k (04 Fig. 2

that results in the best exponential fit f), (measured by h the | t of ¢ ftV.Vf TE.B(“)”IA ' aint
the Frobenius norm of the difference in dB) as follows: shows the impact of parameter estimation uncertainty on
the overall channel prediction quality where the NMSE of

B = 1 Z d (6) the channel prediction is averaged ovei @0 m by 10.0
| Dy log () — log (pr(d))”’ m rectangle workspace with the origin at the center of the
] space. The base station is located outside the workspace at
whereD;, = {d | p(d) < 61}, |Dx| denotes the size of set ;1900 20.0]” in this case. The channel is simulated
Dy and pi(d) is the numerical estimate of the correlation,sing our probabilistic channel simulator with the follogi
function at distance, based on the available measurement%arametersa =4.0, =10 m andf = [—12.89 3.0]T. In

This can also be extended to a Weil gted approach @$s case, no multipath fading is simulated. The number of

follows: 3, = m >_deD,, m’ where  avajlable channel measurements is taken td) & of the

the weight7(d) is chosen based on our assessment of thetal samples (grid size) with the measurements randomly
accuracy of the estimation @f,(d). For instance, if we have distributed over the workspace. The figure shows the impact
very few measurements at a specific distance between twb error in parameter estimation on the overall channel

points, then the weight should be smaller. If the location gbrediction performance. For each curve, only one parameter
the transmitting node (fixed station) is not known, the patks perturbed while the rest are assumed perfect. It can e see
loss parameters can be estimated by finding the best litleat the curves attain their minima when there is no paramete

fit to the log of the received measurements (as can be seestimation error, as expected. We can furthermore observe
from Fig. 1). Similarly,a can be estimated by calculatingthat uncertainty in the estimation of different parameters

the deviation from this average artican be estimated as impacts the performance differently. As can be seen, the

d€eDy,



covariance is simplified to

23 ‘ ‘ ‘ ‘ ‘ O Sensitivity w.rt. o . .
L . 2 . _
o4 x Sensitivity wrt. B lim 6,—6 9dB k(Q) =a-— ¢, (Q)Rk Ok (Q)
==Sensitivity w.r.t. n | v 5
susSensitivity w.r.t. K B Br—p
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I1l. COMMUNICATION-AWARE MOTION PLANNING

The main purpose of communication-aware motion plan-
ning is to utilize the acquired knowledge on the link quality
in order to optimally plan the motion, in the presence of
communication constraints. There are different ways that o
channel prediction framework can be utilized to improve
networked performance. In this section, we mainly discuss
two possibilities. In the first case, a mobile node wants to
learn the spatial variations of the channel (as discussed in
Fig. 2. Average Normalized Mean Square Error (ANMSE), spatiallithe previous section). Since the node samples the channel
averaged over the workspace, as a function of the % of estimat zjong its trajectory, its motion directly impacts its chahn
error in é, B ando. learning quality. Then, we want to answer the following

guestion “what is the optimum trajectory that provides the
best channel prediction quality?”. In the second case, the
node wants to accomplish a given task, such as target
prediction is more sensitive to the path loss parametepe{es tracking, while maintaining and optimizing its connedivi
cially the exponenty). In other words, the effect of an error We next consider these two cases.
in the estimation of the shadowing parameters is negligible
when compared to that of the path loss parameters. Neft, Adaptive Communication-Aware Motion Planning for
we derive an expression for the prediction error covariandghannel Learning
at positiong € Wy, given only the current estimate of the Consider the case where > 0 channel measurements
shadowing parameters. In this case, path loss parameters are available to the mobile node at time instanthen, the
derived by using the estimated shadowing parameters andde wants to plan its trajectory such that the next chan-

ANMSE (dB)

0 0 0 0
% of deviation from the exact value

Eq. 4. We have, nel measurement it gathers, minimizes its overall channel
9 N . 2| . A prediction error covariance of the next step. Note that we
odsk(9) = E{(TdB(Q) — Yas1(q)) O"“ﬁ’“} = consider a discrete-time motion dynamics in this paper, as
E{ ( — [h(q) - HkTR;l(ﬁk(q)}TMk (Zk + Q)+ discussed earlier. Letds , , ; 4 denote the spatial average
. . 2 . of the channel prediction error covariance when one more
—oL ()R, (B + ) +E(q) + w(Q)) ‘ dk,ﬁk} = measurement is gathered, i.e. total‘of- 1 measurements

g 2
o+ 02 + O (o) Ry [URRy ' dnla) — 260 (0) | + are availabletds , o, = 22t
{h(q) _ HgRglék(q)} Py {h(q) _ Hgéglék(q)}L optimum position is the one tha{t,_ when added to the cur-
o T o rent available measurements, minimizgg ;. . ; 4. In real-
2[h(q) — HER,f(bk(q)} M;, {UkR,f(bk(q) — (bk(q)], time applications, however, evaluating the predictioroerr
(9) covariance over the whole space at every time step, in order
. A R to form this objective, could be computationally prohiti
where M, = (H,{R,;lHk)_lH,”{R,;l and P! = MU, M  Therefore, here we discuss a sub-optimum alternative with
is the estimation error of the path loss parameters whenclose enough performance. Consider the case where the
the erroneous shadowing parameters are used. Note thahixt position is chosen wheegg , (¢) is maximum. In other
the absence of shadowing parameter estimation error andrds, the next position is the one where we have the highest

. Then the next

multipath, we have prediction error covariance (entropy) based on our current
. - measurements. Then, we introduce the following objective
limg, —a 035.4(0) = @ — 6] () Ry, ' dn () + noton e et wing ORI
Br—0B
o,—0
0~ R o) e [~ HE o] o (0) (W00
(10) and the following adaptive motion-planning optimization
. problem:
where P! = (HI'R;'H,) s the error covariance of “(t) = 7 ()
path loss estimation in case the shadowing parameters are Y — ATgmAax Jehnlk,t\U (13)
St W(q(t),u) e Wy, uel

known. Finally, in the perfect case where both path loss
and shadowing parameters are estimated with no error amthere w(¢) is the control input at timef, U/ is the set
there is no multipath fading, the channel prediction erroof admissible control inputs antlV; is the obstacle-free



navigation area. As fobgg . (¢), either Eq. 10 or 11 can
be used.

As an example, consider the workspace of Fig. 3, where
a fixed station is located af, = [30.0 30.0]7. A
mobile node needs to operate in this environment, while
maintaining its connectivity to this station. As such, isfir
wants to optimally plan its motion in order to collect a
few channel measurements for channel prediction in the
whole workspace. Fig. 3 shows the zero-one spatial map
of the received SNR from the fixed base station, where
the black areas are the regions where the nodes will lose
their connectivity to the base station. The packet dropping

threshold is set tdf'qg 7 = —55.00 dB in this case, i.e.
any received packet with SNR below this level is dropped.
Note that we showed the zero-one map of the channel in 490 20 0 20 40

Fig. 3 only for the sake of better visualization i.e. the goal

here is to predict the exact map of the received SNR (n@tg. 3. The zero-one map of the received SNR in the reception from
the zero-one version). Our channel is a simulated chanri6f base station.

with & = [-12.89 3.0/, a = 4.0 and 8 = 10.0 m.
As for multipath fading,Ym, is simulated using a Rician-
fading distribution [5], which results in the following pdf
Pra(T) = (14 Ky)e Ko K0T By (2T I (K, + 1)),
where By(.) is the modified zeroth-order Bessel function
and K, is the Rician K-factor. Note thak’, = 0 results
in an exponential distribution, which has a considerabl
amount of channel variations, whil&;, = oo results in no
fading, i.e. we will have a channel with only path-loss anc
shadowing. For the example of Fig. B, = 5 is chosen.
The figure shows the sharp variations of the SNR, whic
makes maintaining connectivity challenging if traditibna
communication-unaware approaches are used. Fig. 4 sha
the trajectory of a mobile agent where the proposed adapti
communication-aware motion planning method of Eq. 13 i ‘
used. For the sake of simplicity, we assume a holonom x ()
agent with the following dynamicsi(t + 1) = q(t) + u(t),
whereu(t) € U = {u | |u]| < umax}. The empty circle
and the filled one denote the initial and final positions o
the node respectively. In this example, the channel is known
apriori (at timet = 0) at only 1.0 % of the workspace.
Then at every time step, one more channel measuremer*

y (m)

Fig. 4. Adaptive communication-aware motion planning for channel
%earning and prediction.

becomes available. Fig. 5 shows the Average Normalizec -39
Mean Square Error (ANMSE) of channel prediction (in dB) g5l
as a function of time, where the averaging is done over the

whole workspace. Finally, Fig. 6 shows snapshots of the 4o
prediction error covariance as a function of position fausrfo @405
different time instants. It can be seen that channel priedict u
improves considerably with time, as the node intelligently % -
optimizes its motion accordingly. -41.5¢
B. Communication-Aware Motion Planning for Robust Task 42
Accomplishment _a2dl

In this part, we propose a communication-aware motion 0 2 40 o 5% ster 08 120 140 160 180

planning framework that is aimed at task accomplishment,

while maintaining connectivity. Without loss of genemglit rig, 5. Spatial Average (over the whole workspace) of the Nor-
we discuss the framework in the context of a cooperativ@alized Mean Square Error (ANMSE) of channel prediction as a
target tracking problem. Consider a target-tracking sdena function of time.

where a mobile node measures the position of a moving
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Fig. 6. Snapshots of the prediction error covarianoée,(k(q)) in the workspace (top left for = 0, top right for¢ = 80, bottom left for
t = 120 and bottom right fort = 200).

target and sends its measurements to a fixed base statisna zero-mean Gaussian noise wttit) = E{¢(t)¢7 (¢)}

The overall goal is for the station to constantly have the besepresenting its covariance matrix. Left) € R? represent
assessment of the target position. The communication litke measurement of the mobile node woft). We have
between the robot and the base station is a realistic comft) = x(t)+v(t), wherev(t) € R? is a zero-mean Gaussian
munication channel with path loss, shadowing and multipatbbservation noise with (t) = E{v(t)v” (t)} representing its
fading. In most robotics and navigation literature, onkgtt  covariance. The remote base station estimates the position
tracking objectives are considered when motion plannirgy. Aof the target, based on the received observations, by using
such, the robot can lose its connection to the base statiarKalman filter. Letz(¢1]t2) represent the estimate of¢;)
several times, resulting in a poor cooperative performancesing all the received observations up to and including time
In this section, we propose a communication-aware motian. We assume that the uplink channel (channel from mobile
planning framework that navigates the robot to positionsode to the base station) and the downlink one (channel
that give the best estimate of target position while tryindrom the base station to the mobile node) have the same
to maintain the connectivity to the base station. We assunggiality. This assumption could be valid for a good number
a packet dropping receiver [8], [9] at the base stationthe. of scenarios but not for all cases. For instance, in our
receiver drops all the erroneous packets. In order to do sexample Time Division Duplexing (TDD) can be used as
the receiver compares the received SNR with a pre-calallatthe communication is from the base station to the mobile
threshold necessary for an error-free reception. Any packeode in the channel learning phase and vice versa in the task
with the received SNR below this level will be dropped. Letaccomplishment phase, resulting in a symmetric uplink and
Tgsr be the error-free SNR threshold. Then the receivedownlink. Thus, in order to indicate the link quality frometh
packet is dropped at time if YTgs(q(t)) < YTgsr and is mobile node to the base station in this part, we use the same
kept otherwise. notations that indicated the link quality from the baseistat

Let z() € W denote the position of a moving target atl© the mobile node in the previous section. LE(t|t2)
time t. We consider the following dynamical model for thedenote the corresponding estimation error covarianceeat th

moving target:(t + 1) = Ax(t) + C(t), where((t) € R? ~ Pase station attimé, givenTag(q(0)), -+, Yas(q(t2)) for



to < t;. Note that Kalman filtering in the presence of packetprediction. The approximation sign is used since we derived
dropping links is different from its traditional form since this expression by neglecting the impact of multipath
P.(t1|t2) is a stochastic matrix due to its dependency offeding. Let Z.(t + 1|t) denote the predicted information
Tas(q(0)),- -, Yas(q(t2)). Define innovation at time + 1, based on the observations up to and
including timet. We have the following objective function

>
Mt) = { (1) TdB(q(thE Yos,r (14) for communication-aware motion planning:
Then Kalman filtering over a packet dropping link can be  Jigtk,i(u) = tr(E{Iw(er 1|’5)}) ‘q(tJrl)«f\Il(q(t),u)
expressed as follows [10]: w(t+1)—2(t+1]t)
_ Ydp, 7 —Vap,k (q(t+1)) 1
B+t +1) = AZ(tt) + A+ DKt +1) (15) Q< a8, (a(t+1)) >tr(A (t+1) ’gf(t;ll))jg((gg;g))’
x (z(t+ 1) — Az(t]t)) (19)
Pu(t +1[t) = AP, (t[t) A" + O(1) where t(.) denotes the trace, and the following optimization
-1 .
Kp(t+1) = Py(t+ 1|t)( o (t+ 1[t) + A(t + 1)) problem:
B u*(t) = argmax Jygg k¢ (u)
Po(t + 1]t + 1) = Py (t + 1]t) { st U(q(t),u) € Wy, uell (20)
— At +1)Kf(t+1)Py(t + 1]t).
Fig. 7 shows the trajectory of a mobile agent in a target
By defining the Fisher information matrix a%.(f1/2) =  tracking scenario, when the proposed algorithm is used. The
( w(t1|752)) , we have, empty circles/boxes and the filled ones denote the initial

17 -1 and final positions respectively. The dynamical model of
Tu(t+1t) = (A(jm(ﬂt)) A +®(t)) (16) the mobile agent is the same as in the previous example.

Tot+1)t+1) = To(t+ 1) + ANt + DAt + 1) The parameters of the simulated channel are as follows:
0 = [-12.89 3.0]7, a = 2.0 and 8 = 10.0m, with the
Lo (t41) packet-dropping threshold set t655.0 dB. Moreover, we

We refer to Z,(t + 1) as the information innovation at added a Rician fading witt, = 5 to simulate the effect of
time t + 1, as it shows the amount of new informationmultipath. As for the sensing model, we assume the distance-
that is received at the base station at time- 1. Note dependent modelintroduced in [11] for the observationeois
that Z,(t + 1) depends on both the sensing quality of theovariance:A(t) = T7 (o(t)) L(t)T (¢(t)), where L(t) =
mobile node as well as its communication quality to the[ (Il @) () is the angle
base station. As can be seen, the information innovation ter 0 09 (lla(t) — z(t)|])
is stochastic due to its dependency on the link quality. Weetween the vectoy(t) — x(t) and x-axis in a global frame,
then propose a communication-aware navigation strategy thy(.) is a real positive analytic function representing the range
aims to maximize the average Fisher information innovatioRoise varianceg > 0 is a scaling constant arifl is the 2D
of the next step, using the channel prediction framework dptation matrix. We choose the following quadratic form for
the previous section. We have g: g(r) = n(r—rs)?+e, wheren ande are positive constants
andr, is the sweet spot radius (sensing quality is the best
E{Z:(t + 1]t +1)|Yas(q(0)), -~ , Yas(a(t) } = (17) at this radius). In the example of Fig. 7, we uge= 0.05,
Tt +11t) +]E{I Hl)} £=0.01, o=5andr, =5 m.

and
E{Z,(t +1)} = Prob{ Tas(a(t + 1)) > Tagr pA™ (¢ + 1), .

(18) 301 Y
where the averaging is done over Ilink quality. 20 E[‘i"

Proby Yas(q(t + 1)) > Yasr ¢ is the probability that the
received packet is kept at the base station at timd. The

10r

mobile node can assess this probability by using the chanr o
learning framework of the previous section (note that w _10l
assumed the same uplink and downlink). At every time ste|

the mobile node predicts the channel (over its workspace -20r

based on the available channel measurements. It can tt I
HH - . . —Traj. of the mobile agent
assess the probability of having a connection as follow: ---Traj. of the target

v —4 n .
PfOb{TdB((J(t +1)) = Tas, T} ~ Q<Td8’§d8 Z(d;’éfl(;;rl))) Ho 20 x (m) # °

1 —72/2
whereQ(r) = NoT e */2dr is the Q-function and: is Fig. 7. Communication-aware target tracking based on maximizing

the number of channel measurements available for channieé average received information innovation.
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Fig. 8 shows t(E{Pz(t|t)}), the trace of the average improvement without task achievement (Section IlI-A), or

estimation error covariance after Kalman filtering at thg@ure communication-aware task achievement (Section)lll-B

base station. For comparison, the figure also shows tlee a mixture of the two. The optimal(¢) is then the solution

performance for the communication-unaware case (whidio the following optimization problem:

;:r:)n5|ders 0r_1|y _the sensing quality). It can pe seen that { w*(t) = argmax Jioups(u)

e communication-aware case performs considerablyrbette
, S.t.W(g(t),u) € Wy, ueld

than the unaware one. For instance, the unaware approach

positions the node at the sweet spot radius, which minimizes IV. CONCLUSIONS

only the sensing error covariance. On the other hand, thein this paper we proposed a communication-aware motion

communication-aware approach finds the motion trajectoyeneration framework to ensure robust cooperative opera-

that results in the best tradeoff between sensing and cofien in realistic communication environments. We used a

munication qualities. Finally, Fig. 9 shows the trace of thgrobabilistic multi-scale model for channel characteita

instantaneous information innovation at the base statioas well as our previously proposed model-based channel

Z,(t), for one run. It can be seen that the communicatiorprediction framework, in order to devise communication-

unaware approach loses its connectivity. aware motion-planning strategies. We considered two cases
motion-planning for channel learning and motion planning
for task accomplishment. For the first case, we proposed a
motion generation strategy that optimally plans the trajec
tory of the robot in order to improve its channel learning
in an environment. For the second case, we proposed a
communication-aware navigation approach in which link
quality predictions are combined with sensing goals in orde
to ensure cooperative task accomplishment. Our simula-
tions results compared the performance with communication
unaware approaches and showed the superior performance of

our proposed framework in realistic communication enwiron

ments.
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