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can be determined as a function of the pursuer and evader speeds, as
stated in the following Lemma.

Lemma III.3: In order for DSS to satisfy the requirements of
eventual pursuit control stated in Theorem II.1, the duration of
each transmission slot �� must be smaller than ������������ �
��� � � ������.

As evader speed decreases, we note that the requirement on the net-
work service is relaxed and the allowable slot width increases which
consequently reduces the cost of communication. Thus we are able to
select network parameters that minimally satisfy the conditions for suc-
cessful pursuit control, enabling us to optimize overall system perfor-
mance. A similar analysis can be performed with respect to adjusting
the communication cost based on allowable rates and error, which for
reasons of space have not been presented here.

IV. CONCLUSION

In this technical note, we adopted a co-design approach to operate a
distributed control application on top of a wireless sensor network by
exploiting distance sensitivity as a locality concept. The snapshot ser-
vice designed in this technical note can be additionally optimized for
efficiency in the following ways: 1) First compression in the temporal
domain can be achieved by transmitting only the state of nodes that
have changed from the previous round. 2) Secondly, with knowledge
of future pursuer locations, the algorithm can be tuned at run-time to
supply only aggregated information in specific directions and thereby
realize savings in communication cost. In this technical note, we have
ignored errors in the underlying object detection service with respect
to object localization, track association, false alarms and missed detec-
tions. Consideration of these errors for reliable pursuit control is fea-
sible and is an interesting avenue for further research.
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Communication-Aware Motion Planning
in Mobile Networks

Alireza Ghaffarkhah and Yasamin Mostofi

Abstract—In this technical note, we propose a communication-aware mo-
tion planning framework to increase the probability that a robot maintains
its connectivity to a fixed station, while accomplishing a sensing task, in
realistic communication environments. We use a probabilistic multi-scale
model for channel characterization. Using this model, we propose a proba-
bilistic framework for assessing the spatial variations of a wireless channel,
based on a small number of measurements. We then show how our channel
learning framework can be utilized for devising communication-aware mo-
tion planning strategies. We first present communication-aware objective
functions that can plan the trajectory of the robot in order to improve its
online channel assessment in an environment. We then propose a communi-
cation-aware target tracking approach for the case where a fixed station uti-
lizes a robot (or a number of them) to keep track of the position of a moving
target. In this approach, probabilistic channel assessment metrics are com-
bined with sensing goals, when controlling the motion, in order to increase
the amount of information that the fixed station receives about the target.
Finally, we show the performance of our framework, using both real and
simulated channel measurements. Overall, our results indicate that net-
worked robotic operations can benefit considerably from our probabilistic
channel assessment and its integration with sensing/motion planning.

Index Terms—Communication-aware target tracking, mobile sensor net-
works, probabilistic channel learning.

I. INTRODUCTION

Over the past few years, considerable progress has been made in the
area of networked robotic and control systems. Several different aspects
of such systems have been studied, such as multi-agent coordination
and connectivity maintenance [3], [4].

Communication plays a key role in the overall performance of
robotic networks as the nodes exchange information with their team-
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mates and/or supervising units. Most current work on networked
robotic systems, however, assume ideal or over-simplified communi-
cation link models since ensuring the robust and coordinated operation
of a number of robots is already considerably challenging.

More recently, a number of papers have started to highlight the
importance of considering realistic communication links in coopera-
tive control scenarios [1], [2], [5]–[7]. For instance, Mostofi shows
how to integrate path loss communication models with the motion
planner of the robots, for a cooperative robotic operation [6]. Lindhe
and Johansson consider a single robot, with a predefined trajectory,
and propose a stop-and-go policy to increase the amount of received
information at a remote base station, based on the online measure-
ments of the received SNR [5]. In [6], Mostofi also shows the impact
of both highly correlated and uncorrelated fading channels on a co-
operative target tracking operation, when the motion planner uses
ideal path loss models to characterize the links. The results indicate
that simplified link models may not suffice for ensuring robust net-
worked operation. This necessitates considering realistic link models
and properly integrating them in the motion planning objective func-
tions, which is the main motivation for the work presented in this
technical note.

In this technical note, we are interested in networked target tracking
in realistic communication environments that experience fading. More
specifically, a fixed station utilizes a robot (or a number of them) for
keeping track of the position of a moving target. The communication
between the robot and the station, however, experiences distance-de-
pendent path loss and fading. Thus, in order for the robot to devise com-
munication-aware motion planning objective functions, proper mod-
eling and assessment of link qualities is required. The main contribu-
tion of this technical note is then as follows. We first present a frame-
work for the probabilistic assessment of wireless channels, based on
a small number of measurements. In this framework, we 1) model
the channel with its three main underlying dynamics, i.e., path loss,
shadow fading and multipath fading, 2) show how to learn the un-
derlying model parameters online and 3) show how to probabilisti-
cally assess the channel at unvisited positions, based on this model.
Then, we show how to build communication-aware motion planning
objective functions, using the channel assessment framework. In par-
ticular, we consider two cases. First, we show how a node can devise
its motion planner in order to better assess the channel quality. Second,
we show how online channel assessments can be properly combined
with sensing and exploration goals, to design communication-aware
motion planning objective functions. We emphasize that we are not
suggesting that a wireless channel is fully predictable, as it is not.
Thus, instead of trying to capture and learn all the underlying dynamics
of the channel, our proposed framework is aimed at probabilistically
assessing the channel. As a result, our assessment of channel spatial
variations is not going to be perfect, unless several measurements are
gathered, but will be informative for the communication-aware con-
trol of motion. Furthermore, while our framework can be extended to
the case where a number of robots coordinate their explorations, in
this technical note we do not consider coordination among the robots,
in order to focus on devising communication-aware motion objective
functions that can address connectivity issues to the fixed station in re-
alistic fading environments.

The rest of the technical note is organized as follows. In Sec-
tion II, we describe our system model and briefly summarize the
probabilistic multi-scale modeling of a wireless channel. We then use
this model and present a probabilistic channel assessment framework.
In Section III, we use our channel assessment framework and pro-
pose communication-aware motion-planning objective functions for
both channel learning and cooperative target tracking. We conclude
in Section IV.

II. PROBABILISTIC ASSESSMENT OF THE SPATIAL

VARIATIONS OF A WIRELESS CHANNEL

Consider a robotic operation, in a workspace � � �, in which
a node (or a number of them) needs to maintain its connectivity to a
fixed station while accomplishing a sensing task. We refer to the fixed
station as a base station in this technical note. A fundamental param-
eter that characterizes the performance of the communication channel
from a node to the base station is the instantaneous channel power.
In this section, we introduce a framework to probabilistically assess
the channel power, at unvisited locations, based on a small number of
channel power measurements. For more details on this framework and
the impact of different environments on its performance, see [2] and [8].

In the wireless communication literature [9], it is well established
that the channel power (or equivalently the received signal power) can
be modeled as a multi-scale system with three major dynamics: path
loss, shadow fading (or shadowing) and multipath fading (or small-
scale fading). Let ���� denote the channel power in the transmission
from a node at position � � � to the base station. By using a 2-D
non-stationary random field model, we have the following character-
ization for ���� ��� ��� � ������ 	 ��� � 
���� ���� �� �

��� ���	��� � �
����, where ������ 	 
� ��
��

���� , �� is

the position of the base station and ��	��� and �
���� are indepen-
dent random variables, representing the effects of shadow fading and
multipath fading in dB, respectively [9]. The multipath fading term, in
this paper, denotes the impact of multipath fading after normalization
in the linear domain and subtraction of its average in the dB domain [8].
The distance-dependent path loss has a linear decay in the dB domain.
Then, ��� and�
����� represent its offset and slope, respectively.
Next, we show how each mobile node can probabilistically assess the
spatial variations of the channel power at unvisited locations, using a
small number of channel measurements.1 These measurements can be
gathered by the node along its trajectory during the operation, gath-
ered and communicated to it by other nodes (with similar receivers)
operating in the same environment, or collected a priori. Note that pre-
dicting multipath fading, based on sparse spatially-distributed samples,
is not feasible, due to its rapid variations. Thus, our channel prediction
framework is based on assessing the path loss and shadowing compo-
nents. For increasing robustness to multipath fading (and other mod-
eling errors), see our proposed strategies in [10].

A. Probabilistic Channel Assessment Based on a Small Number of
Channel Measurements

Let ���� 	 ������ � � � � �
�
� �� , for ���� 	 ������, denote the set

of the positions corresponding to the small number of channel power
measurements available to node � at time instant �. Assume that the re-
ceiver can estimate and remove the receiver thermal noise power from
each reception, or that the receiver thermal noise power is negligible,
as compared to the received signal power, such that a node can measure
the received channel power with good accuracy. The stacked vector
of the received channel power measurements (in dB), available to the
�th node, can then be expressed by ���� 	 ����	 � ���� � ����, where
���� 	 � 
� �
��� �, 
� denotes the ����-dimensional vector of

all ones,
��� 	 
� ��
��
������������ 	 	 	 
� �������

�
� �������

�

,

1In what follows, we assume symmetric uplink and downlink channels, i.e.,
the channel from a node to the base station is taken identical to the one from the
base station to the node. 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 node, using a feed-
back channel, as is common in the communication literature [8]. These uplink
measurements then form the basis of uplink channel assessment.
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� � ���� ��� �
�, ���� � �����

�
���� � � ������

�
� ���

�

and ���� � �����
�
���� � � ������

�
� ���

�

. Based on the com-
monly-used lognormal distribution for shadow fading and its reported
exponential spatial correlation [9], ���� is a zero-mean Gaussian
random vector with the covariance matrix ���� �

� �� , where

����
� ��

� �� 	
� � ���� �� � ��� ����� for � � 	�, 	� � 
���,

with �� and � 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 log-
normal are shown to match its probability density function (pdf) (in
non-dB domain), depending on the environment [9], [11]. In this sec-
tion, we assume lognormal multipath fading and a resulting Gaussian
distribution for ����. Note that Rayleigh, Rician and Nakagami pro-
vide a better fit than lognormal in general. However, mathematical
derivations of online channel assessment are easier with a lognormal
distribution. This over-simplification is only for our modeling and
assessment purposes. When we present our results in the subsequent
sections, the multipath component of our simulated channels has
a Nakagami distribution. We also take the elements of ���� to be
uncorrelated due to the following reasons. First, there is no one good
model that characterizes the correlation of multipath fading in all the
environments since its correlation depends on the angle of arrival
as well as receiver antenna pattern. Second, multipath component
typically decorrelates very fast, making adaptation to its changes
unfeasible. As a result, we take ���� to be a zero-mean Gaussian
random vector with the covariance ���� , where �� is the power of
multipath fading component (in dB) and �� is the 
���-dimensional
identity matrix. The first step in our probabilistic channel assessment
is to estimate the parameters of the underlying model (�, �, � and �),
based on the available measurements. We have the following lemma:

Lemma 1: Define  ��  ��. Then, the Least Square
(LS) estimation of the channel parameters, at the �th node and
at time �, are given as follows: ����� � �����������

�����������,
���� � ���
�����

�
�����������, �������� ������ � ������� ��

	�� � ��� ��������	
��� �������������
�

and ������ � ����� ������,

where ������ � �� � ������
�
��������

������� ���� rep-
resents the centered version of the measurement vector,
�������� � ������������� 	� �� 
�� 		
 ������

�
������

�
is the

numerical estimate of the spatial correlation at distance �, with
������� � �	�� 	����

�
� ��� �

�
� �� � ����� ��

�
� �� � ��� ��� � � .

Furthermore, � ��� is an associated weight that can be chosen based
on the assessment of the accuracy of the estimation of �������� (for
instance, based on the number of available samples at distance �) and
	��� � � � � �������� � ���� .

Proof: It is straightforward to confirm that ����� mini-
mizes ����� � ������

�. The estimate of  is then given as

���
���� ���� � ����
�����

�

���� � ����
����� . The estimation of

� and � is based on minimizing the square error between the log of
the estimated spatial correlation and its exact value. Finally, given ����

and ������, we have ������ � ���� � ������.2

Once the underlying channel parameters are estimated, the �th node
can probabilistically assess the channel power, at an unvisited location,
as given by the following lemma:

2If the location of the fixed station is not known, path loss parameters can be
estimated by finding the best line fit to the log of the received measurements.
Then, � can be estimated by calculating the deviation from the estimated path
loss curve, followed by estimating �, � and � as described in Lemma 1. Al-
ternatively, the location of the fixed station can also be added to the unknown
parameters and jointly estimated.

Lemma 2: Based on the measurements available to the �th node
at time � and conditioned on the channel parameters, a Gaussian
distribution with mean ����������� � ������ ����� �� �� �� � and

variance �������� � ������� �����������
�

����� �� �� �� � can

best characterize the channel at an unvisited position � � 
 � ����.

We then have ����������� � ������  ���������
��
��� ���� � �����

and �������� � ��  �� � ���������
��
��� �������, where ���� �

� � �� ���� �� � ���
�

, ���� � ����  ���� and

������� � �������� �
� � � � ���
����� �
�

�

.

Proof: Consider variables �� � 	 and �� � 	 that
are jointly Gaussian, with mean vectors � and � , covari-
ance matrices � and � , and cross covariance matrix � � .
Then the conditional distribution of ��, given ��, is Gaussian with
mean vector �  � � ��� ��� � � � and covariance matrix
� � � � ��� ��

 � [12]. Setting �� � ����, for � � 
 � ����,
and �� � ���� completes the proof. Note that ����������� represents
the MMSE estimate of ������.

Algorithm 1 summarizes the steps involved in our channel as-
sessment framework. For a more comprehensive analysis of model
learning and probabilistic channel assessment, as well as its perfor-
mance using real channel measurements, readers are referred to [8].
Note that Lemma 2 assumes perfect parameter estimation. The �th
node then substitutes its estimated channel parameters of Lemma 1 to
calculate ����������� and ��������. In what follows, �����������, ��������,
��������������� and ������������ indicate the �th node’s assessment of
�������, ����, ����������� and ��������, respectively, when the exact
channel parameters are replaced by their estimated values. We next
consider the impact of parameter estimation error on the performance
of channel assessment.

Algorithm 1 Online Channel Assessment at the �th Node

1: Initialize ��� using the available offline channel samples (if there
is any);

2: for all � � � do

3: Update ���� using the measurements gathered by the �th node (and
any measurements received from others in the case of cooperative
channel assessment);

4: Calculate the estimates �����, �����, ����� and �����, using Lemma 1;

5: Calculate the MMSE estimate ��������������� and its corresponding
variance ������������ for � � 
 � ����, using Lemma 2 and the
estimated channel parameters of the previous step;

6: end for

B. Sensitivity of Channel Assessment to Modeling Parameter
Estimation Errors

In this section, we explore the impact of modeling param-
eter errors on the overall channel assessment performance. As-
sume that estimated parameters are used for the MMSE esti-
mation of the channel in Lemma 2. For any � � 
 � ����,
we have ������ � ��������������� � ����������  ������ 

��������
�
�����������

��
������������������

�
�����������

��
������� �������� ,

where ����� � � � �����. Let us define ��
������ ������ �
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Fig. 1. Spatial average of � ���, as a function of the % of estimation error
in �� , �� , �� and �� .

���������������
�

����� �� �� �� �� ������ ������ ������ ����� . By condi-

tioning on both the estimated and real parameters and using the

fact that ������ � �	
��� ���� � ���� � �������,

���� � ���� ���� � ����

�

� 	��� and ������ �

�	
���
�

� �� � ��, we obtain: 	�
������ � �� � �� �

������������	
��
������� 
��������	���	

��
������������������ � 
��� �

�����	
��
������������������

�

�������
�
��� 
��� � �����	

��
������������������ .

Then, we have the following important question: which parameters
have the most impact on channel assessment? While we leave the
proof of this to our future work, we observed, from several channel
assessments, that the channel assessment framework is most sensitive
to the error in path loss estimation (mainly the slope error), which
is also intuitive. Fig. 1 shows the impact of parameter estimation
uncertainty on the overall channel assessment quality, where the
spatial average of 	�

������, i.e.,
�
	�

��������� � ��, is plotted for
an indoor channel with the following parameters: � � ��� 
� ��,
� � 
� ��, � � �� � and � � 
�� �� (corresponding to a
Nakagami distribution with parameter � � �
� [9]). The number
of available channel measurements is 0.1% of the total samples
(102 measurements for a 320� 320 grid), with the measurements
randomly distributed over the workspace. For each curve, only one
parameter is perturbed while the rest are assumed perfect. It can be
seen that channel assessment is considerably more sensitive to path
loss parameters (especially the path loss exponent �
). As such, it
becomes important to estimate the path loss parameters as accurately
as possible. In Section III, we show how to do so by designing a proper
motion planning objective function that is aimed at improving the
estimation of path loss parameters.

III. COMMUNICATION-AWARE MOTION PLANNING

The main purpose of communication-aware motion planning is to
utilize the acquired knowledge on the link quality in order to properly
plan the motion, in the presence of communication constraints. In this
section, we propose communication-aware motion planning strategies
for 1) better channel assessment and 2) task accomplishment of net-
worked target tracking.

A. Communication-Aware Motion Planning for Improving Wireless
Channel Assessment

Consider the case that a node is assessing the spatial variations of the
channel to a fixed station, as discussed in the previous section. Since
the node samples the channel along its trajectory, its motion directly
impacts its channel assessment quality. Then, we want to answer the
following question: How should a node plan its trajectory in order to
improve its channel assessment quality? We first show how a node can
plan its trajectory in order to improve its assessment of the underlying
model parameters. This is then followed by planning the motion in
order to decrease the channel estimation error variance. Note that in
case a number of nodes are cooperating to better assess the channel,
the framework here should be extended to include coordination among
the nodes so that they avoid visiting the same area.

1) Motion Planning for Better Learning of the Underlying Model
Parameters: Our model for the spatial variations of the channel
depends on the parameters �, �, � and �. While the trajectory of
a robot can be optimized to improve the estimation quality of all
these parameters, we saw in Section II-B that channel estimation is
considerably more sensitive to the accuracy of the estimation of �,
as compared to the rest of the parameters. Therefore, in this part we
devise a motion planning strategy that aims at improving the quality
of the estimation of �, assuming that the estimation error of the rest
of the parameters is negligible. Consider the case where ���� � �

channel measurements are available to the �th node at time instant
�. Then, the node needs to plan its trajectory such that the next
channel measurement it gathers, optimally improves its estimation
of �, as is characterized by the next lemma. We consider the more
challenging case of Maximum Likelihood (ML) estimation of path
loss parameters in the next lemma. A simpler result can be derived
for the case of LS estimation.

Lemma 3: Assume negligible error in the estimation of �, � and
�. Let �	���� denote the error covariance of the ML estimation of
the path loss parameters at the �th node and at time �, conditioned on
shadowing and multipath parameters. Assume that the �th node gathers
one more channel power measurement along its trajectory at time ���.
Then we have the following recursion for �	����:

�
��

	������ ��
��

	���� �
�������������

�
�����������

�������������
(1)

where ������� 
���� �����	
��
��� ������� and ������ is the position of

the �th node at time � � �.
Proof: Based on the probabilistic modeling of the previous

section, the ML estimation of � and its corresponding estima-
tion error covariance, using the channel power measurements
up to time � � � and conditioned on �, � and �, are given

by ��	������ � �������	
��
�����������

��

�������	
��
�����������

and �	������ � �������	
��
�����������

��

, where 	����� �

�� � �� �������������

������������ 	���

, ������ � 
�������� �����
�

and

������ �� ����. By using matrix inversion lemma for 	������� and after
some straightforward derivations, (1) is obtained.

Then, in order to minimize the estimation error covariance of �

in the next step, the �th node needs to maximize the second term on
the right hand side of (1). Consider the following discrete dynamical
model for the �th node: ������ � �������� �����, where ���� � �� is the
control input at time �, �� is the set of admissible control inputs and
���	� 	� is a known function. We then have the following next-step
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Fig. 2. (a) Trajectory of a mobile node in communication-aware motion plan-
ning for improving path loss parameter estimation in an indoor environment and
(b) the corresponding normalized estimation error variance. The empty circle
and the filled one in (a) denote the initial and final positions of the node.

motion optimization problem, considering the trace of the right hand
side of (1):

����� � ������
�

���������������
����������������

�

�����������������

	�
� �� ������ � �� ����� ���� �

� ���� � ���

�� ������ � � ����� (2)

where ����������� � ���� � �	���	
��
�������
���������� and 
����������,

	������� and ������������ are the estimates of 
������, 	��� and ��������,
with the shadowing and multipath parameters replaced by their esti-
mated values. Also, ���� denotes the set of forbidden areas (estimated
by the �th node at time �) for obstacle/collision avoidance.

Fig. 2 shows the performance of the motion planner of (2) in an in-
door environment that has obstacles (denoted by gray areas). The node
starts with no a priori channel measurement in this environment. It
then solves for its next position by locally optimizing (2) in a small
area around its current position. In this example, the dynamical model
of the node is given by ���� � �� � �, where ��� � ���� (1.75
is the radius of the local search area in this case). The left and right
figures show the trajectory of the node and its normalized path loss es-
timation error variance, respectively. The indoor channel is simulated
with the same parameters of Fig. 1. The right figure also compares the
performance with the case where the robot has a random trajectory (the
random case is averaged over 50 runs). It can be seen that we gain con-
siderably (around 10 dB) by using the optimization framework of (2).

2) Motion Planning for Reducing the Uncertainty of Channel As-
sessment: Once the parameters of the underlying model are estimated,
the robot can plan its trajectory in order to reduce its channel assess-
ment uncertainty. As characterized in Lemma 2, the estimation error
variance of the channel assessment is as follows: �������� � �� ����


	������	
��
��� 
������, for any � � � � 	��� and assuming negligible

error in the underlying parameters. Consider the case where a number
of channel measurements are available to the �th node at time instant
�. Then, the node can plan its motion to go towards the location with
the highest channel assessment uncertainty, i.e., the largest ��������,
based on the available measurements.3 Define the following objective
function: �
�������� ��� �� ������������ � ��	� � �� � ����� ,

3Alternatively, the node can plan its motion in order to minimize the spatial
average of channel assessment uncertainty over the workspace of interest [1].
We skip the details of this approach due to space limitations.

Fig. 3. (a) Trajectory of a mobile node in communication-aware motion plan-
ning for reducing channel assessment uncertainty in an outdoor environment
and (b) the corresponding ANMSE. The empty circle and the filled one in (a)
denote the initial and final positions of the node.

where ������������ is the estimate of ��������, with the exact parameters
replaced by the estimated ones, ��	� is a fixed threshold and ��
� is a
non-increasing function of its argument. By thresholding ������������,
we remove the positions with negligible channel assessment uncer-
tainty. Then, � �� � ����� weighs the remaining space based on
closeness to the current position, favoring less movement. Let ����� �

����������� �� �
�������� denote the maximizing argument of
�
�������� over the workspace. ����� is an obstacle/collision free posi-
tion with high channel assessment uncertainty, that is also close to the
current position. If motion cost is not an issue, � can be chosen one.
In our results, we take ���� � ����, for � � �. The motion of the �th
node at time � (the corresponding control input) is then the solution of
the following optimization problem:

����� � ������
�

������ � ����� � ����� � ������
����� ��

�
��������

	�
� �� ������ � �� ����� ���� �

� ���� � ���

�� ������ � � ����� (3)

where the rest of the parameters are the same as in (2).
Fig. 3 shows the performance of this motion planning approach

for a single node in an outdoor environment with obstacles (denoted
by gray areas), assuming negligible error in the estimation of the
modeling parameters. The dynamical model of the node is given
by ���� � �� � �, where ��� � ���. The outdoor channel is
simulated with the following parameters: � � ����  �, � � � ��,
� � ���� �, � � ���� �� (for a Nakagami distribution with
� � ����). Furthermore, ��	� � � and � � ���. The node starts
with 0.016% a priori channel measurements, randomly chosen in
the space (0.016% of the total number of workspace samples, i.e.,
16 measurements for a 320� 320 grid). Fig. 3(a) and (b) show
the trajectory of the node and the time evolution of ANMSE, i.e.,
�
���

������� ���������������
����

�������� ���
��, re-

spectively. For the sake of comparison, the right figure also compares
the performance with the case where the robot has a random trajectory
(the random case is averaged over 50 runs). It can be seen that channel
assessment uncertainty reduces considerably as the node intelligently
plans its motion (for instance, at � � ���, the ANMSE is ��� ��,
corresponding to the RMS error of 2.49).

B. Communication-Aware Target Tracking

Consider the case where a fixed base station utilizes � robots for
keeping track of a position of a moving target. The overall goal is for
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the station to constantly have a good assessment of the target posi-
tion. In this section, we show how each node can utilize the proba-
bilistic channel assessment framework of the previous section to de-
vise a communication-aware motion planning objective function that
increases the probability of its connectivity to the base station while
accomplishing its target tracking task.4

The communication links between the robots and the base station
experience path loss, shadow fading and multipath fading. We assume
a packet-dropping receiver [1], [7] at the base station, i.e., the base sta-
tion drops all the packets with the received channel power below a pre-
defined threshold.5 Let ������ denote the equivalent channel power
threshold. Then the received packet from the �th node is dropped, at
time �, if ��������� � ������ and is kept otherwise. Let �� � �

and ��� � � denote the position and velocity of the target, respec-
tively, at time �, with �� � ���� ���� �

�. We consider the following dy-
namical model for the moving target [14]: ���� � ��� � �	�, where

� �

� �
�
	 
�

,� �
�
�����
�
�
�

, � is the discretization time step,

	� � � is a zero-mean Gaussian noise with � � 	�	
�
� repre-

senting its covariance matrix and 
� is the 2� 2 identity matrix. Let
��� � � represent the measurement of the �th mobile node of ��. We
have ��� � ��� � ����, where � � � 
� 	 � and ���� � � is a

zero-mean Gaussian observation noise with ��� � �����
�
��� rep-

resenting its covariance.��� depends on the positions of both the robot
and the target [1], [14]: ��� � � ����� �� , where ���� �� is assumed
known.

The remote base station constantly estimates the position of
the target, based on the received observations and by using a
Kalman filter. Let ��� �� represent the estimate of �� at the base
station, using all the received observations up to and including
time ��. Let �� �� denote the corresponding estimation error co-
variance, at the base station, given ���������� � � � ��������� � for

�� � �� and � � 
� � � � � � . Also define �� �� �� ��
��

(Fisher information matrix), �� �� �� �� ��� �� (information

vector) and ����

 ��������� � ������

	 else
. Then, assuming

i.i.d. observation noises, the recursion for ���� and ���� is given
as follows: �������� � ������ � �

�	� �������
�������������

and �������� � ������ � �
�	� �������

��������� , where

������ � �������� ��
��� ���� and ������ � �� ��

��� �
������

��

.

Let us define ������ �������
��������� . As can be seen, ������

depends on both the sensing quality of the �th node as well as its
communication quality to the base station. Since our assessment of
the link qualities is probabilistic, ������ becomes stochastic due to its
dependency on the link qualities. By averaging over channel distri-
butions, we have �������� � ������� � �

�	� ������ ,

with ������ � ���� ��� ������ � ������ ���������� ,

where ���� ��� ������ � ������ is the probability that

the received packet from the �th node is kept at the base station at
time � � 
. Then, the next step average Fisher information at the
base station is maximized if node � maximizes its assessment of
������ . The �th mobile node can estimate ���� ��� ������ �

4In this part, our focus is on the cooperation between each node and the base
station and we are not concerned with decision coordination or communication
interference among the nodes.

5In practice, the receiver drops the packets based on the quality of decoding.
In [13], it was shown that this is equivalent to having a received channel power
threshold.

Fig. 4. Performance of the proposed communication-aware target tracking
framework in an outdoor environment— (a) The left figure shows the tra-
jectories of the nodes and the target. The solid magenta and dashed red
lines correspond to the trajectory of the nodes in communication-aware and
communication-unaware cases, respectively, while the yellow dash-dot line
represents the trajectory of the target. The empty circles/box and the filled ones
show the initial and final positions of the robots/target, respectively. (b) The
right figure compares the performance of four approaches, with different levels
of communication-awareness, in terms estimation error covariance at the fixed
station.

������ , by using the channel assessment framework of the

previous section, as follows: ����	����������� � ���� ���
� � ������� 
��������
�����������������
���������� , where

���� � �
�
�
���

�

�
��� ���� and ��������
����� and �����
�����

are the estimates of ���������� and �������, respectively (see Lemma
2), with the exact parameters replaced by the estimated ones. Define
the following motion objective function for the �th node, by consid-
ering the trace of the information matrix: ���������������� �

������� 
��������
�����������������
���������� �� �����������

���������� . The time-varying ��������� denotes the prediction of the �th
node of the target position at time ��
, which it can assess by using a
local Kalman filter. The control input of the �th node at time �, is then
given by the following optimization problem:

����� � ������
�

����������������

���� 
� ������ � �� ����� ���� �

�� ���� � ���
�� ������ �  ������ (4)

Note that by using the trace of Fisher information, the overall next
step information maximization at the base station decouples into max-
imizing � localized objective functions at individual nodes. In case
other metrics are used (e.g., ������ or � � �), the objective function may
not be decentralizable, requiring coordination among the nodes. The
objective function of (4) shows how channel learning is integrated with
sensing objectives in order to ensure communication-aware operation.
A node can start with a priori channel measurements in the environ-
ment, for channel assessment, or it can jointly assess the channel and
track the target. The more channel measurements it gathers during the
operation, the better it can evaluate the objective function of (4).

Fig. 4 shows a target tracking scenario in an outdoor environment that
contains obstacles (gray areas), using three mobile nodes. We use mobile
agents with the following dynamics: ������ � ���� � ���� for ������ �
��	. We furthermore assume the position-dependent model of [1] for the
observation noise covariance: �� ��������� ��� � 
�������� 
 ����,
where ���� �  �� 
 ���� � ! ,  " 	 and ! " 	 are scaling
constants and �� is the sweet spot radius, where the sensing quality is
the best. For this example we use  � 	�		�, ! � 	�	� and �� �
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��� �. The outdoor channel is simulated using the following parame-
ters: � � ���� ��� ��, � � ��� 	
, � � �� � and � � ���� 	

(corresponding to a Nakagami distribution with parameter� � ����).
Furthermore, � � ��� �, � � ������� and ������ � ��� 	
. In
order to compare the performance of our communication-aware frame-
work with more traditional approaches, the figure shows four different
cases: 1) comm-aware, 2) comm-aware (PL-only), 3) informed disk
model and 4) comm-unaware. Comm-aware case is the full commu-
nication-aware framework of (4). On the other hand, comm-aware (PL-
only) is a simplified yet probabilistic version of our framework where
the correlation of the shadowing part is not utilized. In this case, the av-
erage of the channel is estimated by considering only the path loss pa-
rameters in (4) (���������	� � 
��	�� in Lemma 2) and the variance is
calculated accordingly. As we shall see from our results, this approach
is more suitable for the cases where the environment is multipath domi-
nant (experiencing a small ratio of the correlated channel component to
the uncorrelated part). Informed disk model is the case where each node
models the link with a disk model (which is common in the robotics lit-
erature). However, it is a more informed approach, in which our channel
assessment framework is utilized to assess the path loss decay rate. Then
a disk is specified based on������. Finally, the comm-unaware case is
the case where each node only considers its sensing objectives. Fig. 4(a)
shows the trajectoriesof thenodes forcomm-aware (solidmagenta lines)
and comm-unaware (dashed red lines) cases, superimposed on the con-
nectivity map of the received channel power to the base station, with the
white (black) regions denoting the connected (disconnected) areas. For
better visualization, we did not include the trajectories of the other two
cases.Theperformanceofall the fourcases is thencompared inFig.4(b),
where the trace of the average normalized error covariance of target po-
sition estimation at the base station (averaged over 30 runs) is plotted as
a function of time. It can be seen that the communication-aware case per-
forms considerably better than the other approaches as it maintains the
connectivity of the nodes to the base station with high probability. This is
then followed by the performance of the PL-only case, the informed disk
model case and the unaware case, as expected. It can also be observed
that the corresponding Kalman filter of the unaware case becomes un-
stable since the robot loses its connectivity after some steps. Note that
in all the cases, each node solves for its corresponding next-step motion
optimization problem locally, in a small area around it. Furthermore, in
all the cases, the nodes start with 0.1% a priori randomly-positioned
channel measurements in the environment (102 measurements for a
320� 320 grid).

Fig. 5 compares the performance of the aforementioned four ap-
proaches in an indoor environment. In this case, the performance is
simulated in a real environment in our building, in terms of channel
measurements. The figure shows the blueprint of the basement of the
Electrical and Computer Engineering building at the University of New
Mexico, with the true connectivity map to the fixed station superim-
posed on it. Aside from the underlying channel, all the other param-
eters are the same as for Fig. 4, except that we only have one node
with ������ � ��� and ������ � ��� 	
. As can be seen, the afore-
mentioned four approaches (averaged over 30 runs) compare similar
to Fig. 4. In this case, however, the performance of comm-aware (PL
only) case is very close to that of the comm-aware case since the ratio
of the power of the correlated channel component to that of the uncorre-
lated part is lower (����� � ���� as compared to ����� � ����� for
Fig. 4) and the decorrelation distance is also smaller (� � ���� � as
compared to � � �� � for Fig. 4), as expected. Furthermore, the error
of both comm-unaware and informed disk model cases increases since
they cannot maintain proper connectivity. Overall, our results indicate
that networked robotic operations can benefit considerably from our
probabilistic channel assessment and its integration with sensing/mo-
tion planning.

Fig. 5. Performance of the proposed communication-aware target tracking
framework in an indoor environment (basement of the Electrical and Computer
Engineering building at the University of New Mexico)— (a) The left figure
shows the trajectories of the node and the target (see the explanation of
Fig. 4). (b) The right figure compares the performance of four approaches,
with different levels of communication-awareness, in terms estimation error
covariance at the fixed station.

IV. CONCLUSION

In this technical note, we proposed a communication-aware mo-
tion planning framework to increase the probability that a robot main-
tains its connectivity to a fixed station, while tracking a target in real-
istic communication environments. We used a probabilistic multi-scale
model for channel characterization and presented a probabilistic frame-
work for assessing the spatial variations of a wireless channel, based
on a small number of measurements. We then showed how this channel
learning framework can be utilized for devising communication-aware
motion-planning strategies for 1) improving channel modeling and as-
sessment and 2) communication-aware target tracking. For the latter,
we showed how probabilistic channel assessment metrics can be com-
bined with sensing goals, when controlling the motion, in order to in-
crease the amount of information that the fixed station receives about
the target. Finally, we showed the performance of our framework, using
both real and simulated channel measurements.
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Distributed Task Assignment in Mobile Sensor Networks

Carlos H. Caicedo-Núñez and Miloš Žefran

Abstract—We study the task allocation problem: how a set of mobile
agents can best monitor a convex region and at the same time localize events
such as biochemical threats that appear in the region. As the agents move
towards an event to localize it, the coverage of the region deteriorates; on
the other hand, if an agent does not help in localizing an event, it will take
longer for other agents to localize it. The decision on how an agent should
trade off localization and coverage depends on a particular network de-
ployment. We show how different deployments can be parametrized and
propose a distributed algorithm to solve the task allocation problem. The
algorithm is shown to be stable and scalable, and is shown to converge to
an optimal equilibrium position. The proposed parametrization of the task
allocation problem depends on the number of agents in the network; we
thus present a fast and robust algorithm based on consensus protocols for
estimating this number.

Index Terms—Distributed control, distributed counting, robotic net-
works, task assignment.

I. INTRODUCTION

Several authors have studied the problem of how agents in a mobile
sensor network can be perform a given task. In [1], [2], the authors
study how sensors can be moved to optimize the coverage of a convex
region. Estimation of the location of a biochemical source with a sensor
network is studied in [3], [4]. The consensus problem for sensor net-
works was studied in [5]–[9], among others.

However, there are few formal results for the case when the network
needs to perform more than one task. Solutions that have been pro-
posed are mainly empirical, rely on centralized algorithms, or focus
on the case when several instances of a single task need to be per-
formed. Distributed task assignment problem has been studied in [10];
for an extension to a probabilistic setting see [11] and the references
therein. Similarly, [12] studies the multi-foraging task. In these works
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the focus is either on how to choose an agent to perform a task (re-
spond to an event) using centralized algorithms, or on how to choose
an instance of the same task based on local information. In [13], a
time-varying density function is used to achieve simultaneous coverage
and tracking. Market-based approaches to task allocation have been
studied in [14]–[18]. However, a disadvantage of these techniques com-
pared to fully distributed approaches is that when “fully distributed ap-
proaches exist, market approaches can be unnecessarily complex in de-
sign and have greater communication and computation requirements”
[17]. On the other hand, compared to our approach, market-based ap-
proaches are more general and can deal with a variety of constraints.

We focus on the problem of how agents in a mobile network can
respond to stationary events while maintaining sufficient coverage of
the region. We present a fully distributed algorithm that addresses tasks
which differ from each other and may require more than one agent to
complete. A framework is proposed for formally specifying how dif-
ferent tasks should be handled by the network. Since this specification
depends on the number of agents in the network, we also present a dis-
tributed algorithm that estimates this number.

II. MODEL

Let � � � be a bounded convex set. Consider � robotic agents,
where �� � � is the position of agent �with respect to a universal frame
(for instance, determined via GPS). Let � be an event located in � � �.
Each agent possesses a sensor that at a distance � from the event returns
the measurement �� � ��� � , where � � is a decreasing
function of � and is the measurement noise. Our algorithm works for
sensor models for which there exists a consistent estimator for �. For
instance, a model inspired by chemical diffusion sources [3] is �� �
����� � �� � , where � is a constant that we assume to be known
(it is easy to extend the approach to also estimate�) and is Gaussian
measurement noise with zero mean and variance 	�.

Let �
� be the euclidean norm of vector 
, and �� � �
be the Voronoi region [19] generated by the agent �, �� �
�� � � � �� 	 ��� 
 �� 	 ��� � �  � 
 � 
 ��. Agents � and �
are said to be Voronoi neighbors if �� � �� � �. In particular, an
agent � is a neighbor of itself. We assume that � can determine the set
of its Voronoi neighbors and that the agent � can communicate with
every Voronoi neighbor � (implying that the communication graph is
always connected). See [20] for details on distributed computation of
Voronoi diagrams and [21] for generalizations to agents with limited
sensing range.

There is no intrinsic way of determining relative importance of dif-
ferent tasks in a network, the assignment depends on a particular de-
ployment of the network. In order to formally describe different sce-
narios we thus assume that the number of agents that need to be as-
signed to a particular event � is given by a function �� � � that
determines the number of agents that should be assigned to � given the
number of deployed agents �. This function is typically determined
when the network is deployed to tune it to a particular usage scenario
and will be assumed to be known to the agents.

For each agent one of two possible states is defined: every agent
� is either performing an event-response task (state 1) or performing
coverage (state 2). We refer to the former agents as the sensing agents,
while the latter agents are referred to as the coverage agents. Assume
the sensor location evolves according to the first order dynamics in
continuous time, ��� � �� where �� is the motion control input for
state �. This paper studies the case when the sensor motion is governed
by the following control laws �� � 	����� 	 ��� �� � � in state 1,
and �� � 	�����	��� �� � � in state 2, where �� is the estimate of
the event location � generated through a consistent estimator by agent �
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