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To Go or Not to Go: On Energy-aware and Communication-aware Robotic Operation
Yuan Yan and Yasamin Mostofi

Abstract—We consider the scenario where a mobile robot
needs to visit a number of Points of Interest (POIs) in a
workspace, gather their generated bits of information, and
successfully transmit them to a remote station, while operating
in a realistic communication environment, minimizing its total
energy consumption (including both motion and communication
costs), and under time and reception quality constraints. We
are interested in the co-optimization of the communication and
motion strategies of the robot such that it finds the optimal
trajectory (the order in which it visits all the POIs) and optimally
co-plans its communication and motion strategies, including
motion speed, stop times, communication transmission rate and
power. By co-optimizing the usage of both communication and
motion energy costs and using realistic probabilistic link metrics
that go beyond the commonly-used disk models, we show how the
overall problem can be posed as a Mixed Integer Linear Program
(MILP) and characterize several properties of the co-optimized
solution. For instance, we derive conditions under which the
optimal trajectory becomes the minimum-length trajectory as
well as conditions under which the trajectory deviates from the
minimum-length one to visit areas with very high connectivity. We
further characterize if/when it is beneficial for the robot to incur
motion energy to find a better spot for communication. Moreover,
we derive conditions that relate the co-optimized communication
and motion strategies and clearly show the interplay between the
two. Finally, our simulation results with real channel and motion
parameters confirm the analysis and show considerable energy
saving.

I. I NTRODUCTION
In recent years, considerable progress has been made in the
area of networked robotic systems. In order to truly realize
the full potential of these systems, a proper co-optimization of
both communication and navigation issues is needed. Furthermore, energy resource of a mobile robot can also be limited.
Thus, the robot needs to efficiently co-plan the usage of its
limited communication and motion energy resources. While
motion is a major consumer of the energy, communication can
also become costly, depending on the wireless channel quality,
the total number of information bits that needs to be sent, and
the required reception quality. Finally, the operation has to
be communication-aware, i.e. realistic communication models
that go beyond the over-simplified but commonly-used disk
models should be considered for the purpose of path planning.
In this paper, we consider the problem where a mobile
robot needs to visit a number of Points of Interest (POIs) in
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As compared to the conference versions of this work ( [1], [2]), we consider
both the problem of visiting the sites and co-planning the communication
and motion strategies in this paper, while allowing transmission all along the
trajectory. This paper further provides a considerably more comprehensive
framework and mathematical characterization of the considered problem.

a workspace, gather their generated bits of information (timeinvariant quantities), and transmit the collected bits to a remote
station. The robot has to operate in a realistic communication environment that experiences path loss, shadowing and
multipath fading (see Fig. 1 for a sample of a real channel
measurement). The robot further has to minimize its total energy consumption, including both motion and communication
energy costs, and finish the gathering/transmission task successfully, in a given limited time, and under a reception quality
constraint. We are then interested in the co-optimization of
the communication and motion strategies of the robot such
that it finds the optimal trajectory and optimally plans its
communication and motion strategies, which include motion
speed, stop times, communication transmission rate and power.
In this paper, finding the trajectory means finding the order in
which the robot visits all the POIs and the final communication
route (introduced in Section II).
Individual optimization of communication and motion energy consumption has been heavily but separately explored in
the communications/networking, robotics and sensor networks
literature [3]–[6]. Considering connectivity issues in robotic
networks has also started to receive attention [7]–[15]. In most
related work, however, simplified path loss or disk models
are utilized to model the communication channels. In [14],
[15], we have proposed a communication-aware framework
that allows the robots to use realistic link metrics. However,
site visiting and path planning are not considered.
Our considered scenario is also related to data muling
and vehicle routing literature [16]–[19]. In such problems, a
number of robots are utilized to visit a number of POIs and
collect their information. The main problem is then how to
plan the paths of the robots or coordinate their sensing. Proper
connectivity maintenance based on realistic link metrics as
well as co-optimization of energy resources, however, have not
been considered in this context. In [20], we have developed
a communication-aware dynamic coverage framework that
deploys a group of mobile agents to periodically cover a
number of time-varying POIs. However, the emphasis was
on persistent information collection, as opposed to deviating
from the main trajectory for better connectivity. Furthermore,
no theories were developed for the case where there could
be transmissions along the whole trajectory. Another class
of related problems is utilizing a mobile sink to prolong
the lifetime of a sensor network [21]. In such problems,
the main focus is on designing new algorithms to jointly
optimize the mobility of the sink and the routing protocols
of the networks. However, simplified path-loss-only models
are considered for communication, and the mobility design of
the sink is typically approximated by finding the time duration
on a set of predefined discrete points in the workspace.
Statement of Contributions: This paper is different from the
existing work in the literature in the sense that it is on the co-

optimization of the communication and motion strategies in
a realistic communication environment and under resource
constraints. The co-optimization is considerably important as
the motion and communication decisions affect each other. For
instance, the choice of the trajectory affects the connectivity
and therefore the transmission of the gathered bits. Such
a co-planning requires a prediction of the link quality at
unvisited locations. Disk models have traditionally been used
for this purpose in the path planning literature. In realistic
communication environments, however, disk models do not
suffice to predict the link quality (see [15] for an example of
the case where using such a model can cause instability in
control over a wireless link). Instead, we utilize our recent
work on probabilistic realistic prediction of wireless channels
in this paper (Section II-A) [22], [23].
It is a common assumption that motion costs more than
communication and therefore it is always better to increase
the transmit power of a robot instead of moving to a spot that
is better for communication. By co-optimizing the usage of
both communication and motion energy costs, we first develop
a framework that mathematically characterizes if and under
what condition (as a function of communication and motion
parameters) this assumption is correct. We refer to this as the
”To Go or Not To Go” problem and characterize key properties
of it as part of our whole setup (Section III).
Based on these findings, we then solve the overall problem
of finding the optimal trajectory that covers all the POIs
and adapting the corresponding optimal communication and
motion strategies (transmission rate/power, motion speed and
stop times) along the whole trajectory for successful task
accomplishment under resource constraints (Section IV). Since
the overall problem becomes considerably challenging, we
assume that the route between each two POIs is predefined.
Then, we show how this problem can be posed as a Mixed
Integer Linear Program (MILP) and characterize several key
properties of the co-optimized communication and motion
solution. For instance, among other properties, we derive
conditions under which the optimal trajectory (i.e. the optimal
order to visit all the POIs) becomes the minimum-length one
as well as conditions under which the trajectory can deviate
considerably from the minimum-length one to end at the
location with the highest channel quality in the workspace.
We also show that, between each two POIs, the robot should
send faster at the regions where the predicted channel quality
is higher. Moreover, should the robot stop, it should only stop
at the points where the predicted channel quality is better
than the remaining part of the optimal trajectory. Overall,
our derived mathematical conditions are functions of both
the motion and communication parameters, including motion
power cost, predicted channel quality, the number of bits that
needs to be sent and the given time budget, and clearly show
the interplay between communication and motion.
While the paper focuses on the initial planning of the robot,
the same framework can be applied for online adaptation as the
robot better learns its environment during the operation. More
specifically, the robot can resolve our proposed optimization
framework, with updated model parameters, after visiting each
POI. The computational complexity of a continuous optimal

online adaptation, however, could be considerable. Thus, we
also propose a simpler sub-optimal online strategy to adapt to
the initial uncertainty of channel learning (Appendix).
Finally, our simulation results (Section V) confirm our
findings with real motion parameters (for Pioneer robots)
and communication measurements (from downtown San Francisco). They in particular confirm that there are cases that
a robot needs to incur motion cost and deviate from the
minimum-length trajectory for better connectivity.
II. P ROBLEM S ETUP
Consider the scenario where a mobile robot is tasked with
visiting a set of POIs P = {p2 , · · · , pm } in a workspace
W ⊂ R2 , collecting their corresponding information bits,
and transmitting them to a remote station under resource constraints. We assume that each POI pi has Vi > 0 information
bits that need to be gathered, where i ∈ {2, · · · , m}. In
addition, the robot may initially have some information bits
V1 in its memory as well. The robot then needs to start from
its initial position p1 , visit all the POIs, gather the information
bits, and successfully transmit them to a remote station. The
robot has limited time and energy budgets for its operation.
Furthermore, it experiences realistic communication channels
with path loss, shadowing and multipath fading, when transmitting to the remote station. Our goal is then to successfully
plan the trajectory of the robot and the transmission of the
gathered bits while minimizing the total energy consumption,
which includes both communication and motion energy costs,
and under other resource constraints.
Fig. 1 shows an example of our considered scenario. As
can be seen, the robot starts from its initial position, plans its
trajectory to visit all the POIs in the workspace, and transmits
the gathered bits to the remote station.

CNR (dB)

multipath fading
shadowing
path loss

Remote
staon

Inial
posion p₁

distance (dB)

POI p₂

Wireless channel
Robot
Final comm. point

POI p₄

POI p₅
Final comm. route

POI p₃

Fig. 1. A robot starts from its initial position, designs its trajectory to visit four
POIs, and finds a final communication point that has a high channel quality.
Throughout this operation, it plans its communication and motion strategies
to send the collected data to the remote station. The shaded box is the “To
Go or Not to Go” problem which is characterized in Section III.

To optimally solve this problem, the robot needs to address
the following challenges: 1) find the optimal trajectory that
covers all the POIs, and 2) find the corresponding optimal
communication and motion strategies along this trajectory to
send all the information bits, while satisfying its time and
communication reception quality constraints and minimizing
its total energy cost. By optimal communication and motion
strategies, we refer to the optimal transmit power/rate, motion
speed and stop times throughout the paper. An important
question at the core of this problem is then as follows:
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at unvisited locations in the workspace W, based on a small
number of a priori or online channel measurements. We then
introduce the motion and communication cost models that are
used in the paper.

when/how should a robot incur motion energy, deviate
from a trajectory that would have been optimal by only
considering sensing and motion objectives, and move to
locations better for communication? Bringing a theoretical
understanding to this question in a general setting when the
robot can deviate from its trajectory any time is considerably
challenging. As mentioned previously, we thus assume that
there is a predefined route between any two POIs that the
robot can choose to traverse.1 Without loss of generality, we
assume that the predefined route between any two POIs is a
straight line. Note that this setting still allows us to address the
aforementioned question for the following reason. The robot
has to decide on the order in which it visits the POIs, which
allows it to incur motion energy and choose a longer trajectory
for better connectivity, as needed, if that is the optimal thing
to do.
Furthermore, once the robot visits the last POI, we allow
it to move along a new route, if needed, to find a location
better for communication (in case it saves the overall energy
consumption). We refer to this final route and location as
“final communication route” and “final communication point”
respectively, as shown in Fig. 1. Note that once the robot
reaches the last POI, it needs to decide on if it is better for it to
move to find a final communication point or to stay at the last
POI and possibly increase its transmission power. Moreover,
in this paper we bring a theoretical understanding to how to
choose the final communication point. We refer to this problem
as the “To Go or Not to Go” problem, which is not only
an important stand alone problem, but also addresses the last
piece of our considered scenario. Once we solve this problem,
we utilize the gathered insights to solve the overall problem of
planning the site visits, finding the final communication point,
and designing the communication transmission rate, motion
speed and stop times along the whole trajectory. Note that the
robot transmits the collected bits to the remote station all over
the trajectory and not just at the final communication point.
Intuitively, without considering the communication cost, the
optimal order to visit all the POIs should be the one that
results in the minimum length trajectory in order to minimize
the motion energy consumption, as we shall see in Section
II-B. However, the minimum-length trajectory may not be
suitable for communication since the channel quality along this
trajectory may be very low. Similarly, if the channel quality
at the last POI is very high, it may be optimal for the robot
to transmit all the bits at the last POI without moving. On
the other hand, if the channel quality at the last POI is very
low, the robot may want to incur some motion energy to
move to a place that is better for communication. Hence, the
optimal planning strategy requires a co-optimization of the
communication and motion objectives. In order to do so, the
robot needs to assess the channel quality at unvisited locations
in the environment in order to anticipate its communication
energy consumption for planning. In this section, we first
summarize our probabilistic channel assessment framework
[22], [23] that enables the robot to assess the channel quality

A. A Summary of the Probabilistic Prediction of a Wireless
Channel to Go Beyond the Commonly-Used Disk Models [22],
[23]
Let γ(q) denote the received Channel to Noise Ratio (CNR)
in the transmission from the robot at position q ∈ W to the
remote station. By using a 2D non-stationary random field
model, we have the following characterization
for γ(q) (in dB):
(
)
γdB (q) = αPL,dB − 10 nPL log
∥q
−
q
∥
+
γ
b
SH (q) + γMP (q),
( 10 )
where γdB (q) = 10 log10 γ(q) , qb is the position of the
remote station, αPL,dB and nPL are path loss parameters,
and γSH (q) and γMP (q) are independent random variables
representing the effects of shadowing and multipath fading
in dB respectively [3].
{
}
Let Q = q1 , · · · , qnQ ⊂ W denote the set of nQ
positions corresponding to the small number of a priori CNR
measurements available to the robot. The stacked vector of
the CNR measurements (in dB) can then be expressed by
Y = HQ θ + ωSH + ωMP [3], where HQ = [1nQ −
DQ ], 1nQ denotes the nQ -dimensional vector of all ones,
[
]T
DQ = 10 log10 (∥q1 − qb ∥) · · · 10 log10 (∥qnQ − qb ∥) ,
[
]
T
θ = [αPL,dB nPL ]T , ωSH = γSH (q1 ) · · · γSH (qnQ )
and
[
]T
ωMP = γMP (q1 ) · · · γMP (qnQ ) . Based on the commonlyused lognormal distribution for shadowing and its reported
exponential spatial correlation [3], ωSH is a zero-mean Gaussian random
with the covariance matrix Ω ∈ RnQ ×nQ ,
[ ] vector
2
where Ω i,j = ξdB exp(−∥qi −qj ∥/β) for i, j ∈ {1, · · · , nQ },
2
with ξdB
and β denoting the variance of the shadowing
component in dB and its decorrelation distance respectively.
Let ρ2dB represent the power of the multipath fading component
(in dB). See [23] for finding the underlying channel parameters
based on Least Square estimation.
Then, based on the channel measurements available to
the robot and conditioned on the channel parameters, the
assessment of the received CNR in the transmission from an
unvisited position q is given by the following lemma:
Lemma 1 ( [22], [23]): A Gaussian
random variable,
{
}
ΥdB (q), with mean ΥdB (q)
=
E
Υ
(q)
Y,
θ, β, ξdB , ρdB =
dB
(
)
Hq θ + {ΨT (q)Φ−1 Y − Hq θ
and
variance
}
)2
(
2
Y, θ, β, ξdB , ρdB
=
σdB
(q) = E ΥdB (q) − ΥdB (q)
2
2
T
−1
ξdB + ρdB − Ψ (q)Φ Ψ(q) can
[ best predict the CNR
]
from q ∈ W \ Q, where Hq =[ 1 − 10 log10 (∥q − qb ∥) ,
2
Φ = Ω + ρ2dB InQ , Ψ(q) = ξdB
exp(−∥q − q1 ∥/β) · · ·
]
T
2
ξdB exp(−∥q − qnQ ∥/β) , and InQ denotes the nQ dimensional identity matrix.
During the operation, the robot substitutes the estimated
parameters of the channel (acquired from Section II of [23])
2
(q) of Lemma 1 to assess the variations of
in ΥdB (q) and σdB
the CNR in the workspace. The readers are referred to [22],
[23] for more details on the performance of this framework
with real data and in different environments.

1 The predefined route, for instance, could be the only possible route due
to environmental constraints.
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B. Motion Energy Model

communication cost:
{
}
nr
nr
∑
∑
2Rℓ − 1
1
EC (q) =
PC,ℓ (q)ttr,ℓ =
ttr,ℓ E
, (1)
K
Υ(q)
ℓ=1
ℓ=1
( R
where) Υ(q) = 10ΥdB (q)/10 and PC,ℓ (q) =
(2 ℓ −
1)/K E{1/Υ(q)}.
Remark 1: In this paper, we say that position q has a
better predicted channel quality if E {1/Υ(q)} is smaller.
As mentioned above, Υ(q) is a lognormal random variable
(since ΥdB (q) is a Gaussian random variable). Then, it is
straightforward to show that
)
( 2
{
}
(q)
exp ϖσdB
1
E
=
,
(2)
Υ(q)
Υ(q)

Experimental studies suggest that the motion power cost of
a mobile robot can be approximated by a polynomial function
of its velocity [4]. In this paper, we use the following linear
model to characterize
the motion power cost of the robot
{
κ1 v + κ2 if 0 < v ≤ vmax ,
[4]: PM =
where PM is the
0
if v = 0,
motion power, v denotes the velocity of the robot, κ1 and
κ2 are positive constants, and vmax is the maximum velocity
of the robot. This model is a very good fit to the Pioneer
3DX robot, when the velocity is smaller than 0.9 m/s [4].
Then, the motion energy cost for traveling along a trajectory
with length d can be found as follows: EM = κ1 d + κ2 tmo ,
where EM is the motion energy cost and tmo ≥ d/vmax is the
total motion time spent along this trajectory. Note that EM is
minimized when tmo = d/vmax , i.e. when the robot travels
with its maximum speed. In this case, the motion energy cost
becomes κM d, where κM = κ1 + κ2 /vmax .

2

where Υ(q) = 10ΥdB (q)/10 and ϖ = (ln 10/10) /2. Hence,
the average communication energy cost decreases as the
predicted mean value of the channel (Υ(q)) increases and/or
the prediction error variance decreases. E {1/Υ(q)} is an
important metric as it allows us to not only consider the impact
of the predicted mean but to take the prediction error variance
2
into account (through σdB
(q)) when optimizing the operation
in the subsequent sections.

C. Spectral Efficiency and Communication Energy Model
In the communication literature, Bit Error Rate (BER) is the
metric that is used to characterize the communication reception
quality. BER characterizes how many bits are flipped (received
in error) and is a function of CNR, transmission rate and
transmit power. More specifically, the channel quality in the
transmission from the robot to the remote station is acceptable
if the BER at the remote station is below a given threshold. Assume that the commonly-used MQAM modulation is used for
communication [3]. We then have the(following approximated
)
expression for BER [3]: pb ≈ 0.2 exp −1.5PeC γ(q)/(2R −1) ,
where pb is the BER, PeC denotes the communication transmit
power, R represents the spectral efficiency (transmission rate
divided by the given bandwidth), and γ(q) = 10γdB (q)/10 is
the received CNR in the transmission from position q to the
remote station. In practice, R is subject to an integer constraint.
Hence, in this paper, we assume that the robot can only choose
R from a finite set of integers R = {R0 , R1 , · · · , Rnr }, where
0 = R0 < R1 < · · · < Rnr . Note that if R = R0 = 0,
the robot does not send any bits. Then, given a target BER
of pb,th , the minimum required communication power for
transmission from position q with a spectral efficiency Rℓ ∈ R
can be characterized as PeC,ℓ (q) = (2Rℓ − 1)/(Kγ(q)), where
K = −1.5/ ln(5pb,th ). In order for the robot to achieve a wider
range of rates, we allow the robot to spend different times
sending at different achievable spectral efficiencies, when at
a given position. Then, the total communication
energy cost
eC (q) = ∑nr PeC,ℓ (q)ttr,ℓ =
can
be
found
as
follows:
E
ℓ=1
∑nr Rℓ
− 1)/(Kγ(q)) ttr,ℓ , where ttr,ℓ denotes the transℓ=1 (2
mission time of using the spectral efficiency Rℓ .
As mentioned previously, the measurement of the received
CNR may not be available at all q ∈ W. Then, the robot
can use the aforementioned probabilistic channel assessment
framework of Section II-A to estimate the CNR from an
unvisited location q. Since we are assessing the channel quality
probabilistically, the anticipated communication energy cost
eC (q) becomes a random variable as well. We then take
E
eC (q) (over the predicted channel) as our
the average of E

III. T O G O OR N OT TO G O ?
In this section, we first consider a special case where P = ∅
and the total number of bits that needs to be sent is Vtot =
V1 . In other words, the mobile robot does not need to visit
any POI in the workspace and already has all the bits that
need to be sent. Then, it has to decide if it should move to
find a final communication point, and if so, decide on the
corresponding optimal motion and communication strategies.
This is an important simplified scenario to analyze for the
following two reasons. First, this in itself is an important stand
alone problem addressing when it is beneficial for a robot to
incur motion energy to save the communication energy and the
resulting overall energy. Second, it addresses the last piece
of the considered problem of this paper (see shaded box of
Fig. 1), where the robot has visited all the POIs and needs
to decide if/how it should travel from the last POI to find a
good communication point. The theories we derive for this
part will then be extended to address the overall problem that
also involves visiting sites, as we shall see in Section IV.
Thus, in this section we address what we refer to as the “To
Go or Not to Go” problem, i.e. should the robot incur motion
energy to move to a better spot for communication or should it
stay at its current position and increase its transmission power?
If it should move, what is the optimal final communication
route? Given the optimal final communication route, where is
the optimal final communication point (the point where the
robot should move to if it decides to move) and what are the
corresponding optimal communication and motion strategies
along the route? In this section, we start by assuming that
the final communication route is given beforehand. We then
characterize key properties of the optimal final communication
point where the robot should stop and the corresponding
optimal communication and motion strategies along the way.
We further show under what conditions the robot should move
4

(

)
(2Rℓ − 1)/K E{1/ΥTi } with ΥTi = 10ΥdB,Ti /10 . Finally,
binary variable yi is 1 if the robot reaches Ti (either moves
through or stops at Ti ), and is 0 otherwise. Note that if yi = 0,
for ∀ i ∈ {2, · · · , nT }, then the robot does not move. We use
superscript ⋆ to denote the optimal solution in the rest of the
paper. Furthermore, in this section we use E{1/Υi } instead
of E{1/ΥTi } since there is only one route.
Our optimization framework of (3) finds the optimal final
communication point along the predefined route, and adapts
the motion speed, stop time and transmission rate of the robot
along each sub-route, while minimizing the total energy cost
and satisfying the total time budget and target BER. Note that,
as mentioned in Section II-B, the motion energy is minimized
when tmo,i = di /vmax . Thus, we have introduced the stop time
variables tst,i s in (3) in order to allow the robot to stop during
the operation if needed.
⋆
Lemma 2 ( [1]): Let JnComm
(V, T ) be the optimal value of
the following optimization problem:

from/stay at its current position. In Section III-C, we then relax
the assumption of the predefine route and characterize the
optimal final communication route under certain conditions.
A. Properties of the Optimal Final Communication Point
and the Corresponding Optimal Communication and Motion
Strategies
Let T denote the predefined final communication route that
is given beforehand. For the purpose of adapting the communication and motion strategies, we discretize T into nT subroutes Ti s, for i ∈ {1, · · · , nT }, each with length di . Initially,
the robot is located at the beginning of T1 , and can move to
any Ti for any i ∈ {1, · · · , nT } (moving through T1 , T2 , · · · ,
Ti−1 ) if needed. Each di should be chosen small enough, such
that the channel along Ti can be considered stationary (see
[23] for how to choose the length in practice). To consider
the most general case, we further allow di s to be different in
size in order to account for the cases where the route spans
over a large area with changing environmental features (such
as from indoor to outdoor), resulting in different stationary
lengths in different parts of the route. Then, a Gaussian random
2
variable, ΥdB,Ti , with the mean ΥdB,Ti and variance σdB,T
i
can best characterize the distribution of CNR (in dB) at Ti
(see Section II-A). Furthermore, we assume that the robot has
reached sub-route Ti as long as it arrives at the first point
in Ti .2 Then, finding the optimal final communication point
becomes determining the optimal final sub-route that the robot
should move to. Based on the communication and motion
energy models that are discussed previously, we can then
formulate the following optimization problem to minimize the
total energy cost:
min.

Jfin =

nT
nr
∑
∑

|

{z

}

∑
i=1

yi+1 κ1 di + κ2 tmo,i
|
{z
}

nT −1

1)

∑
i=1

3)
4)

nr
∑
ℓ=1
nr
∑

s.t.

tmo,i +

nT
∑

tst,i ≤ Ttot ,

2)

nT nr
∑
∑

Rℓ ttr,i,ℓ ≥

i=1 ℓ=1

i=1

8) y1 ≥ y2 ≥ · · · ≥ ynT ,

nr
∑

Rℓ ttr,ℓ =

Rℓ+1

(3)

Vtot
,
B

5) yi Ttot ≥ tst,i ≥ 0, ∀ i,

7) yi+1 Ttot ≥ tmo,i ≥ yi+1

(4)

V
,
B

2)

nr
∑

ttr,ℓ = T,

3) ttr,ℓ ≥ 0, ∀ ℓ,

ℓ=0

−1)−Rℓ+1 (2 −1)
, ℓ⋆ = ⌊V /(BT )⌋R and ⌊·⌋R
bℓ = Rℓ (2
Rℓ+1 −Rℓ
denotes the largest integer in R that is smaller than or equal to
the argument, i.e. ⌊V /(BT )⌋R = ℓ if Rℓ ≤ V /(BT ) < Rℓ+1 ;
⋆
2) JnComm
(V, T ) is monotonically increasing with respect
to V and is non-increasing with respect to T . In particular,
it is monotonically decreasing with respect to T for T ≤
⋆
V /(BR1 ). Moreover, JnComm
(V, T ) → 0 as V → 0.
⋆
Note that JnComm (V, T ) can be considered as the optimal
normalized communication cost to send V bits in time T (see
(1)). Next, we prove the key properties of the optimal solution
of (3) for the case that the robot has to move.
Theorem 1: Let i⋆ denote the index of the optimal final subroute that the robot should move to. Then the optimal solution
of (3) satisfies the following properties:
1) E{1/Υi⋆ } < E{1/Υi }, for ∀ i ∈ {1, · · · , i⋆ − 1}
2) t⋆mo,i = di /vmax , for ∀ i ∈ {1, · · · , i⋆ − 1};
3) t⋆ = 0, for ∀ i ∈ {1, · · · , i⋆ − 1}, and t⋆st,i⋆ = Ttot −
∑i⋆ −1st,i
i=1 di /vmax ;
⋆
4)
i } < E{1/Υj },∑for i, j ∈ {1, · · · , i }, then
∑nr If E{1/Υ
nr
⋆
⋆
⋆
⋆
⋆
⋆
ℓ=1 Rℓ ttr,i,ℓ /(tmo,i + tst,i ) ≥
ℓ=1 Rℓ ttr,j,ℓ /(tmo,j + tst,j ).
Proof: We prove Theorem 1 by contradiction.
1) Suppose that Ti⋆ is the optimal final sub-route that
the robot should move to, and E{1/Υi⋆ } ≥ E{1/Υi }, for
some i ∈ {1, · · · , i⋆ − 1}. Then, there exists a j < i⋆
such that E{1/Υj } = mini∈{1,··· ,i⋆ } E{1/Υi }. Let t⋆mo,i ,
t⋆st,i and t⋆tr,i,ℓ denote the optimal solution given the optimal
final sub-route Ti⋆ . We can always choose another feasible
solution as follows. Choose Tj as the final sub-route, tmo,i =
t⋆mo,i , tst,i = t⋆st,i , ttr,i,ℓ = t⋆tr,i,ℓ , for i ∈ {1, · · · , j − 1},
∑i⋆ −1 ⋆
∑i⋆ ⋆
∑i⋆ ⋆
tst,j =
i=j tmo,i +
i=j tst,i and ttr,j,ℓ =
i=j ttr,i,ℓ .

ℓ=1

6) ttr,i,ℓ ≥ 0, ∀ i, ℓ,

nr
∑
(2Rℓ − 1)ttr,ℓ

where T is the given total transmission time, V is the total
number of given bits that needs to be sent, and the rest of the
parameters are as defined before. Then, we have the following:
2Rℓ+1 −2Rℓ
⋆
1) JnComm
(V, T ) = aℓ⋆ V − bℓ⋆ T , where aℓ = B(R
,
ℓ+1 −Rℓ )

ttr,i,ℓ ≤ tmo,i + tst,i , ∀ i ∈ {1, · · · , nT − 1},
ttr,nT ,ℓ ≤ tst,nT ,

1)

ℓ=1

EM,i : motion cost
along Ti

EC,i : communication
cost along Ti

JnComm (V, T ) =

ℓ=1

nT −1

PC,i,ℓ ttr,i,ℓ +

i=1 ℓ=1

s.t.

min.

di
, ∀ i,
vmax

9) yi ∈ {0, 1}, ∀ i,

where the unknown variables to solve for are ttr,i,ℓ s, tmo,i s,
tst,i s and yi s. More specifically, ttr,i,ℓ denotes the transmission
time while using the spectral efficiency Rℓ along Ti , tmo,i
and tst,i represent the motion and stop times that the robot
spends along Ti respectively, Ttot > 0 is the given operation
time budget, Vtot > 0 is the total number of bits that needs
to be sent, and B is the given fixed bandwidth. Moreover,
EC,i and EM,i are the anticipated total communication and
motion energy costs along Ti respectively, and PC,i,ℓ =
2 Note that there is no need to move farther since the channel quality is
predicted the same over each sub-route.

5

Rℓ

Clearly, by using this feasible solution we have the following:
⋆
⋆
EC,i = EC,i
, EM,i = EM,i
, for i ∈ {1, · · · , j − 1}, and
∑ i⋆
⋆
⋆
EC,j ≤ i=j EC,i , resulting in Jfin < Jfin
. This means that
we can always find a feasible solution that performs better
than the optimal solution, which contradicts the optimality of
the final sub-route Ti⋆ . Hence, E{1/Υi⋆ } < E{1/Υi }, for
∀ i ∈ {1, · · · , i⋆ − 1}.
2) Let t⋆mo,i > di /vmax , for some i ∈ {1, · · · , i⋆ −1}, be the
optimal motion time along Ti . Then, by choosing the following
feasible solution: tmo,i = di /vmax , tst,i = t⋆st,i +t⋆mo,i −di /vmax
⋆
and ttr,i,ℓ = t⋆tr,i,ℓ , we can show that EC,i = EC,i
and EM,i <
⋆
EM,i . This means that the optimal solution incurs more energy
which is contradicting. Hence, t⋆mo,i = di /vmax , for ∀ i ∈
{1, · · · , i⋆ − 1}.
3) Let t⋆st,i > 0, for some i ∈ {1, · · · , i⋆ −1}, be the optimal
stop time along Ti . We can always choose the following
feasible solution: tst,i = 0, tst,i⋆ = t⋆st,i⋆ + t⋆st,i , ttr,i,ℓ =
t⋆tr,i,ℓ t⋆mo,i /(t⋆st,i + t⋆mo,i ) and ttr,i⋆ ,ℓ = t⋆tr,i⋆ ,ℓ + t⋆tr,i,ℓ t⋆st,i /(t⋆st,i +
t⋆mo,i ). In this feasible solution, the robot sends less information
bits along Ti and more information bits along Ti⋆ . Based on
the first part of the theorem, it can be seen that this feasible
solution consumes less energy, since the predicted channel
quality is better along Ti⋆ . This contradicts the assumption that
t⋆st,i > 0 is the optimal stop time. Hence, we have t⋆st,i = 0,
∑i⋆ −1
di /vmax .
for ∀ i ∈ {1, · · · , i⋆∑
− 1}, and t⋆st,i⋆ = Ttot − i=1 ∑
nr
nr
⋆
⋆
⋆
R
t
/(t
+
t
)
<
4) Suppose that
ℓ
mo,i
st,i
tr,i,ℓ
ℓ=1 Rℓ
ℓ=1
⋆
⋆
⋆
×ttr,j,ℓ /(tmo,j + tst,j ) and E{1/Υi } < E{1/Υj } for some
i, j ∈ {1, · · · , i⋆ }. Let 0 < tc ≤ min{t⋆mo,i + t⋆st,i , t⋆mo,j +
t⋆tr,j,ℓ =
t⋆tr,i,ℓ = t⋆tr,i,ℓ tc /(t⋆mo,i + t⋆st,i ) and e
t⋆st,j }, and define e
∑nr
⋆
⋆
⋆
Rℓ e
t⋆tr,i,ℓ <
ttr,j,ℓ tc /(tmo,j + tst,j ). Clearly, we have
ℓ=1
∑nr
∑
∑
n
n
r e⋆
r e⋆
e⋆ . Moreover, since ℓ=0
ttr,i,ℓ = ℓ=0
ttr,j,ℓ =
ℓ=1 Rℓ ttr,j,ℓ∑
∑nr Rℓ
nr
Rℓ
⋆
e
tc , we have
(2
−
1)
t
<
(2
−
1)e
t⋆tr,j,ℓ
tr,i,ℓ
ℓ=1
ℓ=1
based on Lemma 2. We can then choose a feasible solution
as follows: ttr,i,ℓ = t⋆tr,i,ℓ − e
t⋆tr,i,ℓ + e
t⋆tr,j,ℓ and ttr,j,ℓ = t⋆tr,j,ℓ −
⋆
⋆
e
ttr,j,ℓ + e
ttr,i,ℓ for all ℓ. It is straightforward to see that using this
feasible solution consumes less energy since EC,i + EC,j <
⋆
⋆
E
+ EC,j
, resulting in a contradiction.
Hence, we must have
∑nr
∑C,i
nr
⋆
⋆
⋆
⋆
⋆
⋆
R
t
R
t
/(t
+
t
)
≥
mo,i
st,i
ℓ=1 ℓ tr,j,ℓ /(tmo,j + tst,j ) if
ℓ=1 ℓ tr,i,ℓ
E{1/Υi } < E{1/Υj }.
Part 1 of Theorem 1 says that if the robot chooses to move,
then the optimal final sub-route should have the property that
its predicted channel quality is better than that of all the subroutes before it. This is intuitive since it is not optimal for the
robot to spend more motion energy to go to a location that
has a worse predicted channel quality. Part 2 of Theorem 1
shows that the robot should always travel with its maximum
speed to save motion energy. If it needs to spend more time
at some positions where the predicted channel quality is high,
it chooses to stop rather than reducing its speed. Part 3 of
Theorem 1 says that the robot only stops once and at the
optimal final sub-route, where∑the predicted channel quality is
nr
the best. Moreover, note that ℓ=1
Rℓ t⋆tr,i,ℓ /(t⋆mo,i +t⋆st,i ) is the
optimal average spectral efficiency along Ti . Then, part 4 of
Theorem 1 says that the robot should increase its transmission
rate (send with a higher average spectral efficiency) at the
regions where the predicted channel quality is higher to save
the communication energy.

Remark 2: Parts 3 and 4 of Theorem 1 imply that the robot
sends most of its information bits at the optimal final sub-route
if Ttot is large.
Based on Theorem 1, the optimization problem of (3) can be
greatly simplified. Let Nacpt (T ) = {N1 , · · · , N|Nacpt (T )| } be a
set of acceptable sub-route indices for stopping, where N1 =
1, Nj denotes the j th index such that E{1/ΥNj } < E{1/Υi },
for ∀ i ∈ {1, · · · , Nj − 1}, and |Nacpt (T )| is the total number
of sub-routes in T that satisfy this condition. In other words,
Nacpt (T ) contains index 1 (the current position) and all the
indices of the sub-routes where the predicted channel quality is
better than that of all the sub-routes before them. By using the
properties of Theorem 1, it is easy to verify that the number
of variables in (3) can be reduced from (3 + nr )nT − 1 to
nr N|Nacpt (T )| + 2|Nacpt (T )|. We skip presenting the details of
the simplified optimization problem for brevity.
B. Should the Robot Move or Should the Robot Stay?
So far, we have characterized some properties of the optimal
solution if it is the best that the robot moves. In this part
we focus on one of the fundamental questions raised at the
beginning of this section: Under what conditions should the
robot spend its energy on motion to move to a better spot for
communication and under what conditions should it stay at its
initial position and increase its transmission power? Theorem
2 provides two sufficient conditions along this line. Before
presenting the theorem, we first introduce the fixed averagerate strategy, which will be utilized in the subsequent proofs.
Lemma 3 (fixed average-rate strategy): Suppose that the
final sub-route is TNj , for some j ∈ {1, · · · , |Nacpt (T )|}.
Then, the following (sub-optimal) transmission strategy
has a fixed average
rate along all ) the sub-routes:
(
ttr,i,ℓ⋆ = (di /vmax ) Rℓ⋆ +1 (− Vtot /(Ttot B) /(Rℓ)⋆ +1 − Rℓ⋆ )
and ttr,i,ℓ⋆ +1 = (di /vmax ) Vtot /(Ttot B) − Rℓ⋆ /(Rℓ⋆ +1 −
Rℓ⋆ ), for i ∈ {1, · · · , Nj − 1}, ttr,Nj ,ℓ⋆ = (Ttot −
(
)
∑Nj −1
⋆
− Rℓ⋆ ),
i=1 di /vmax ) Rℓ⋆ +1 −∑Vtot /(Ttot B) /(R
( ℓ +1
Nj −1
ttr,N)j ,ℓ⋆ +1 = (Ttot −
i=1 di /vmax ) Vtot /(Ttot B) −
Rℓ⋆ /(Rℓ⋆ +1 −Rℓ⋆ ), and ttr,i,ℓ = 0, for all i and ℓ ̸= ℓ⋆ , ℓ⋆ +1,
where ℓ⋆ is the largest integer in R that is smaller than or
equal to Vtot /(BTtot ). Moreover,
the )normalized communi(
⋆
cation cost along Ti is di /(vmax Ttot ) JnComm
(V , T ), for
(
)
∑Nj −1 tot tot
i ∈ {1, · · · , Nj − 1}, and is 1 − i=1 di /(vmax Ttot )
⋆
×JnComm
(Vtot , Ttot ), for i = Nj .
Proof: The lemma
can be easily confirmed
by calculating
∑ℓ⋆ +1
∑ℓ⋆ +1
the average rate ( ℓ=ℓ⋆ Rℓ ttr,i,ℓ / ℓ=ℓ⋆ ttr,i,ℓ ) and the normalized communication cost.
Theorem 2: 1) The robot should ∑
stay at its initial position
N2 −1
⋆
if E {1/Υ1 } JnComm
(Vtot , Ttot )/K ≤ i=1
κM di .
2) The robot should at least move to sub-route TNj , for
j ∈ {2, · · · , |Nacpt (T )|}, if
Nj −1

∑

κM di ≤

i=Nk

|

{z

}

1
⋆
Meq,ch (TNj , TNk )JnComm
(Vtot , Ttot ),
K
|
{z
}

(5)

equivalent communication cost

equivalent
motion cost

for ∀ k ∈ {1, · · · , j − 1}, where Meq,ch (TNj , TNk ) =
∑Nj −1
DQ(TNk , TNj ) +
and
i=1 DQ(TNj , Ti )di /(Ttot vmax )
6

DQ(Ti , Tj ) = E {1/Υi } − E {1/Υj } denotes the difference
in the metric that characterizes the channel prediction quality
at Ti and Tj .
Proof: The total energy cost of sending all the bits
⋆
at the initial position is E {1/Υ1 } JnComm
(Vtot , Ttot )/K while
the
motion
energy
cost
of
moving
to
sub-route TN2 is
∑N2 −1
κ
d
.
The
first
part
of
the
theorem
then easily
M
i
i=1
follows. To prove the second part of the theorem, consider the sub-optimal fixed average-rate strategy of Lemma
3. After some derivations, we can prove that this strategy results in the following upper bound on the total
energy
cost when choosing TNj as
(
) ⋆the final sub-route:
(Vtot , Ttot )/K +
− Meq,ch (TNj , TNk ) + E {1/ΥNk } JnComm
∑Nj −1
κ
d
.
It
is
also
straightforward
to
see
that choosing
M i
i=1
any other sub-route TNk , for k ∈ {1, · · · , j − 1}, as the final
sub-route at least consumes the following
∑Nk −1amount of energy:
⋆
E {1/ΥNk } JnComm
(Vtot , Ttot )/K + i=1
κM di . Hence, the
robot should move at least to TNj if (5) holds for all k.
Note that Meq,ch (TNj , TNk ) can be thought of as an equivalent measure of channel prediction quality. Hence, the right
hand side of (5) can be interpreted as an equivalent communication energy cost, given Vtot and Ttot .
⋆
From Lemma 2, we know that JnComm
(Vtot , Ttot ) is monotonically increasing with respect to Vtot . It can be seen from
part 1 of Theorem 2 that if the motion cost is high (i.e.
κM is large), the communication demand is low (i.e. Vtot is
small), K is large (i.e. required reception quality is low),
and/or the predicted channel quality at the initial position is
high enough, it is better for the robot to simply stay at its
initial position to send the bits. Similarly, part 2 of Theorem
2 says that if the communication demand is high (i.e. Vtot is
large) and Meq,ch (TNj , TNk ) is positive (this is always true
given a sufficiently large Ttot or vmax ),3 it is more efficient to
spend energy on motion to move to the regions where the
predicted channel quality is high. Then, whether the robot
should move to TNj or stop at TNk can be determined by
comparing the equivalent motion and communication costs,
as shown in (5). Theorem 2 then mathematically characterizes
the corresponding sufficient conditions to decide on when to
move or stay.
Remark 3: In general, there is no monotonic relation between the motion decision of the robot in terms of how far it
should travel, and the total time budget Ttot .

Let the predefined route T be the line segment between the
initial position of the robot and the remote station. Clearly,
in this case we have Nacpt (T ) = {1, · · · , nT }. The following
lemma characterizes if the robot should move farther or not,
when it uses the fixed average-rate transmission strategy of
Lemma 3.
Lemma 4: Consider the case where the robot uses the fixed
average-rate transmission strategy of Lemma 3. Let Tj denote
the current position of the robot. Then, the robot should move
closer to the remote station, i.e. move to Tj+1 instead of
stopping at Tj , if and only if
( ∑nT
)
∑nT
( i=j di )nPL − ( i=j+1
di )nPL
κM <
αPL exp (−ϖχ2dB ) dj
(
)
j
∑
di
1
⋆
1−
JnComm
(Vtot , Ttot ) . (6)
×
K
T
v
tot
max
i=1
|
{z
}
η1

Moreover, if dj is sufficiently small as compared to the
remaining
distance between the robot and the remote station
∑nT
( i=j+1
di ), equation (6) can be further simplified as follows:
∑nT
nPL ( i=j+1
di )nPL −1
κM <
η1 .
(7)
αPL exp (−ϖχ2dB )
|
{z
}
η2

Proof: The robot should move to Tj+1 instead of stopping
at Tj , if and only if the following equation is satisfied:
∑j+1 ∑ℓ⋆ +1
i=j
ℓ=ℓ⋆ PC,i,ℓ ttr,i,ℓ (Tj+1 ) − PC,j,ℓ ttr,j,ℓ (Tj ) + dj < 0,
where ttr,i,ℓ (Tj ) denotes the transmission time using the fixed
average-rate strategy of Lemma 3 for the case of stopping at
Tj . The lemma can then be confirmed after some straightforward calculations.
We can interpret (7) as follows. Consider κM as the derivative of the motion energy cost κM di with respect to di , and −η2
as the derivative of the predicted channel quality (E{1/Υi })
with respect to di . Then, the robot has an incentive to move
towards the remote station if and only if the rate of decrease
of the average communication energy cost is larger than the
rate of increase of the motion energy cost.
It can be seen that η2 is monotonically increasing with
respect to the remaining
∑nT distance between the robot and
the remote station ( i=j+1
di ), the variance of the channel
2
prediction error (χdB ), and the path loss exponent (nPL ).4
Therefore, the robot should move closer to the remote station
if the path loss exponent, the remaining distance between the
robot and the remote station, and/or the channel prediction
error variance are larger, in order to save the overall energy
cost. Moreover, η1 is monotonically increasing with respect
to Vtot and vmax . Hence, the robot should move closer to the
remote station if the communication demand is higher (it has
more bits to send) and/or if it can move faster. Finally, the
robot should move closer to the remote station if the motion
cost is lower, i.e. κM is smaller.

C. Impact of Underlying Channel Parameters
We next consider a special case where the shadowing
component of the channel is uncorrelated, i.e. β = 0, to
see how the underlying channel parameters impact the motion
decision of the robot. We then have Υ(q) = αPL /∥q − qb ∥nPL
2
2
and σdB
(q) = ξdB
+ ρ2dB = χ2dB , where αPL = 10αPL,dB /10 and
2
σdB (q) is a constant for all q. It is straightforward to show that
for an uncorrelated channel, the optimal final communication
point lies on the line segment between the initial position of the
robot and the remote station. Hence, the final communication
route can be optimally determined in this case.
that DQ(TNj , Ti )
Meq,ch (TNj , TNk ).
3 Note

<

0 and DQ(TNk , TNj )

>

4 Note that the monotonic behavior with respect to n
PL holds if and only
∑nT
if ( i=j+1
di )nPL > e−1 , which should be satisfied in most practical
applications.

0 in
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we have the set of possible final communication routes Si as
discussed in Section III-D. Let Li,j denote the route from POI
pi to si,j . Similarly, we discretize Li,j into nLi,j sub-routes,
Li,j,k s, for k ∈ {1, · · · , nLi,j }, each with length of di,j,k . The
predicted channel quality along Li,j,k is then characterized
by E{1/ΥLi,j,k }. Similar to Section III-A, let Nacpt (Li,j ) =
{Ni,j,1 , · · · , Ni,j,|Nacpt (Li,j )| } be a set of acceptable sub-route
indices for stopping, where Ni,j,1 = 1, Ni,j,k denotes the
k th index such that E{1/ΥLi,j,Ni,j,k } < E{1/ΥLi,j,ℓ }, for
∀ ℓ ∈ {1, · · · , Ni,j,k −1}, and |Nacpt (Li,j )| is the total number
of sub-routes in Li,j that satisfy this condition.
To formulate the MILP, we introduce the following binary
variables: xi,j for i, j ∈ {1, · · · , m} and i ̸= j, yi,j,k for
i ∈ {1, · · · , m}, j ∈ {1, · · · , ns } and k ∈ Nacpt (Li,j ), and zi
for i ∈ {1, · · · , m}. Let xi,j = 1 if the trajectory of the robot
contains the route from pi to pj , and xi,j = 0 otherwise. Also,
let yi,j,k = 1 if the robot moves through or stops at Li,j,k ,
given the last POI is pi , and yi,j,k = 0 otherwise. Finally, let
zi = 1 if the last visited POI is pi , and zi = 0 otherwise.
Then, we can formulate the MILP on top of the next page.
As can be seen, the first and second terms in the objective
function of (8) denote the total motion cost to visit all the POIs
and the motion cost to move from the last POI to the final
sub-route respectively, where τmo,i,j,k is the motion time that
the robot spends along sub-route Ei,j,k . The third and fourth
terms represent the total communication cost to send all the
bits along the entire trajectory, where τtr,i,j,k,ℓ and ttr,i,j,k,ℓ
denote the transmission times with the spectral efficiency Rℓ
along the sub-routes Ei,j,k and Li,j,k respectively. Moreover,
constraint 1 ensures that the robot accomplishes the task in
the given time budget Ttot , where τst,i,j,k and tst,i,j,k are the
stop times assigned to Ei,j,k and Li,j,k respectively. Constraint
2 guarantees that the robot does not send more than the
available bits in its memory, where Qi (a variable to solve
for) denotes the number of the bits on board of the robot
when it leaves the ith POI. Constraints 3 and 4 force the robot
to send all the collected bits to the remote station, where Vi
is the number
∑mof generated/collected information bits at pi
and Vtot =
i=1 Vi . Constraint 5 is the maximum velocity
constraint of the robot. Constraints 6, 8, 9 and 10 force the
total transmission time along each sub-route to be smaller than
or equal to the total time that is spent along the corresponding
sub-route. Constraints 7 and 12 guarantee that the stop time
is zero if the corresponding sub-route is not part of the whole
trajectory. Constraint 14 forces each POI to exactly have one
degree in. Constraints 15 and 16 force the initial position and
each POI, except for the last one, to exactly have one degree
out. If a certain POI is the last POI that the robot visits (i.e.
zi = 1), then it should have zero degree out to other POIs.
Constraint 17 guarantees that the robot only chooses one POI
to visit at last. Constraint 18 ensures that the robot chooses
to move along Li,j for some j only if the last visited POI
is pi . Finally, constraints 19 and 20 are sub-tour elimination
constraints, where ui s are auxiliary integer variables. Here,
we use Miller-Tucker-Zemlin (MTZ) formulation [24], which
is a classic approach in Traveling Salesman Problem (TSP).
Note that although we aim to find a trajectory rather than
a tour, MTZ formulation can still be used to eliminate sub-

Remark 4: Note that the analysis in this section also holds
for the case where the channel is fully correlated, i.e. β → ∞.
D. Choosing the Set of Final Communication Routes
In general, finding the optimal final communication route is
considerably challenging. However, the following observations
allow us to come up with a strategy that can be near-optimal
for several cases, yet simple enough for implementation. First,
from the third and fourth parts of Theorem 1, we know that the
robot spends most of its time budget and sends most of the bits
at the final communication point, given that the time budget
is large enough. This means that the total communication cost
is mostly dominated by the communication cost along the
optimal final sub-route. Second, the motion cost of the robot is
proportional to the distance that the robot travels, as shown in
Section II-B. These two imply that a line route that ends at a
location with high communication quality can be near-optimal
for several cases. In particular, if the channel is uncorrelated
or fully correlated, the line segment between pi and the remote
station becomes the optimal final communication route, as we
have shown in III-C. Then, we consider the following strategy
in the next section where we solve the overall problem of
visiting the sites and communicating the information under
resource constraints. Given the last POI pi , choose a set of
ns points in the workspace, Si = {si,1 , · · · , si,ns }, such that
the predicted channel quality at si,j s is high. For instance, Si
can include the position of the remote station, or a point that
is close to pi with a high predicted channel quality. Then, the
final communication route can be chosen from the set of line
segments that traverse from pi to the points in the set Si , in
case pi becomes the last POI. Note that we allow different sets
for different pi s in order to keep it more general. Furthermore,
in case the robot decides it has to move, it not only has to
choose which of its possible final routes to take but also needs
to find the optimal final communication point across that route
(i.e. it may not be optimal to go to the end point of a final
route).
IV. C OMMUNICATION - AWARE S ITE V ISITING AND
I NFORMATION G ATHERING
In this section, we build on the results of the previous
section to solve our original problem of visiting the POIs,
deciding on the final communication point, and designing
the communication and motion strategies along the whole
trajectory. We show how this problem can be formulated as
an MILP. We then characterize some properties of the optimal
solution. It should be noted that these three components
(planning the site visits, deciding on the final communication
point and designing the communication and motion strategies)
are coupled and should be concurrently optimized.
Let Ei,j denote the predefined route from pi to pj . Similar
to the previous section, we discretize Ei,j into nEi,j subroutes, Ei,j,k s, for k ∈ {1, · · · , nEi,j }, each with length li,j,k ,
∑nEi,j
where
k=1 li,j,k = li,j , with li,j denoting the distance
between pi and pj . Variables li,j,k s are chosen such that the
channel along each sub-route can be considered stationary. The
predicted channel quality along Ei,j,k is then characterized by
E{1/ΥEi,j,k }. Moreover, for each POI pi , for i ∈ {1, · · · , m},
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min.

Joverall =

m
m ∑
∑





nEi,j

xi,j κ1 li,j + κ2

i=1 j=1
j̸=i

∑

τmo,i,j,k  +

(Li,j )|
ns |Nacpt
m ∑
∑
∑
i=1 j=1

k=1

Ei,j n
{
}
ns
m ∑
m ∑
m ∑
r
∑
∑
∑
2Rℓ − 1
1
E
τtr,i,j,k,ℓ +
K
ΥEi,j,k
i=1 j=1
i=1 j=1

n

+

Ni,j,k −1

∑

yi,j,k

k=2
Ni,j,|Nacpt (L

∑

k=1 ℓ=1

κM di,j,ℓ

ℓ=Ni,j,k−1
i,j )|

k=1

{
}
nr
∑
2Rℓ − 1
1
E
ttr,i,j,k,ℓ
K
ΥLi,j,k

(8)

ℓ=1

j̸=i
n

s.t.

1)

Ei,j
m ∑
m ∑
∑

(τmo,i,j,k + τst,i,j,k ) +

i=1 j=1 k=1
j̸=i
nEi,j n
r
∑ ∑

2)

(Li,j )|
ns |Nacpt
m ∑
∑
∑
i=1 j=1

Rℓ τtr,i,j,k,ℓ ≤ Qi , ∀ i, j,

k=2

3) Qj ≥ Qi −

4)

i=1 j=1

6)
8)

nr
∑
ℓ=1
nr
∑

nEi,j n
r
∑ ∑

9)

Ni,j,|Nacpt (L

∑

i,j )|

k=1

ttr,i,j,h,ℓ ≤ yi,j,k

nr
∑

10)

m

∑

ns

tst,i,j,k ≤ Ttot ,

k∈Nacpt (Li,j )

Rℓ τtr,i,j,k,ℓ + Vj + Vtot (xi,j − 1), ∀ i, j,

Rℓ ttr,i,j,k,ℓ ≥ Qi + Vtot (yi,j,1 − 1), ∀ i, j,

5) τmo,i,j,k ≥ xi,j

ℓ=1

li,j,k
, ∀ i, j, k,
vmax

7) 0 ≤ τst,i,j,k ≤ xi,j Ttot , ∀ i, j, k,

di,j,h
, ∀ i, j, and k ∈ {2, · · · , |Nacpt (Li,j )|}, h ∈ {Ni,j,k−1 + 1, · · · , Ni,j,k − 1},
vmax

ttr,i,j,Ni,j,k ,ℓ ≤ yi,j,k+1

ℓ=1
nr
∑

di,j,ℓ ∑ ∑
+
vmax
i=1 j=1

k=1 ℓ=1

τtr,i,j,k,ℓ ≤ τmo,i,j,k + τst,i,j,k , ∀ i, j, k,

ℓ=1
nr
∑

∑

ℓ=Ni,j,k−1

k=1 ℓ=1
ns
m ∑
∑

Ni,j,k −1

yi,j,k

di,j,Ni,j,k
+ tst,i,j,Ni,j,k , ∀ i, j, and k ∈ {1, · · · , |Nacpt (Li,j )| − 1},
vmax

ttr,i,j,Ni,j,|Nacpt (Li,j )| ,ℓ ≤ tst,i,j,Ni,j,|Nacpt (Li,j )| , ∀ i, j,

11) yi,j,1 ≥ yi,j,2 ≥ · · · ≥ yi,j,|Nacpt (Li,j )| , ∀ i, j,

ℓ=1

12) 0 ≤ tst,i,j,Ni,j,k ≤ yi,j,k Ttot , ∀ i, j, and k ∈ {1, · · · , |Nacpt (Li,j )|}, 13) ttr,i,j,k,ℓ , τtr,i,j,k,ℓ ≥ 0, ∀ i, j, k, ℓ,
ns
m
m
m
m
∑
∑
∑
∑
∑
yi,j,1 = zi , ∀ i,
14)
xi,j = 1, ∀ j ̸= 1, 15)
x1,j = 1, 16) zi +
xi,j = 1, ∀ i ̸= 1, 17)
zi = 1, 18)
i=1
i̸=j

j=2

19) ui − uj + (m − 1)xi,j ≤ m − 2, ∀ i, j ̸= 1, i ̸= j,

j=1
j̸=i

20) 2 ≤ ui ≤ m, ∀ i ̸= 1,

∑nr

21) xi,j , yi,j,k , zi ∈ {0, 1},

⋆
⋆
ℓ=1 Rℓ ttr,i,j,k,ℓ /(τmo,i,j,k
⋆
⋆
⋆
ℓ=1 Rℓ ttr,i,j,h,ℓ /(τmo,i,j,h + τst,i,j,h ).

tours. Furthermore, note that we have applied the properties
of Theorem 1 in (8) to simplify the formulation. The MILP of
(8) can be solved using existing efficient solvers such as IBM
ILOG CPLEX [25].

j=1

i=1

then
∑nr

+

ui ∈ Z.

⋆
τst,i,j,k
)

≥

Proof: Theorem 1 can be easily extended to prove Theorem 3. We omit the details for brevity.
As expected, the robot should travel with its maximum
velocity to save motion energy. Moreover, if needed, it should
only stop at the places that have better predicted channel
quality than that of the remaining part of the optimal trajectory.
Between each two POIs, it should send faster at the places
that have better predicted channel quality. Note that Theorem
1 further characterizes the properties of the optimal strategy
after the last POI is visited.
The following theorem characterizes the corresponding
properties of the optimal trajectory of (8) when the communication demand is significantly low or high.
Theorem 4: 1) Let STmin denote the set of all the minimumlength trajectories that cover all the POIs and Lmin represent
the corresponding minimum length. Moreover, let L be the
minimum length of all the other possible trajectories, i.e.
L = minT ∈S
/ Tmin |T |. Then, the optimal trajectory is in the
set STmin if there exists a T ∈ STmin such that
{
}
)
(
1
1
Lmin
⋆
E
≤ κM (L − Lmin ),
JnComm
Vtot , Ttot −
K
ΥT n T
vmax
(9)

A. Properties of the Optimal Solution
In this part, we extend the results in Section III-A and
characterize some properties of the optimal solution of (8).
Theorem 3: Let T ⋆ be the optimal trajectory which contains the routes between the POIs as well as the route between
the last visited POI and the optimal final communication point.
Let Th⋆ be the hth stationary sub-trajectory of T ⋆ , where
h ∈ {1, · · · , nT ⋆ } and nT ⋆ is the total number of stationary
sub-trajectories of T ⋆ . Consider the case where sub-route
Ei,j,k is part of T ⋆ , i.e. Ei,j,k = Th⋆ for some h. We then
have the following properties for the optimal communication
and motion strategies:
⋆
= li,j,k /vmax , for ∀ i, j, k;
1) τmo,i,j,k
⋆
2) If τst,i,j,k
> 0, then the predicted channel quality
along Ei,j,k must be better than
{ that of }the remaining
{
}part
⋆
of{the optimal
trajectory,
i.e.
E
1/Υ
=
E
1/Υ
E
T
i,j,k
}
{ h <
}
E 1/ΥTℓ⋆ , for ∀ ℓ ∈ {h + 1, · · · , nT ⋆ }, where E 1/ΥTℓ⋆
is the predicted channel quality along sub-trajectory Tℓ⋆ ;
3) If sub-routes Ei,j,k
and Ei,j,h are part
of
T ⋆,
and
E{1/ΥEi,j,k }
<
E{1/ΥEi,j,h },
9

where nT is the total number of sub-trajectories of T .
2) Let STcomm denote the set that contains all the trajectories
that end at the sub-trajectory with the best predicted channel
quality, and S Tcomm be the complement of STcomm , i.e. it contains
all the other trajectories that do not end at the sub-trajectory
with the best predicted channel quality. Then, if there exists a
T ∈ STcomm such that

equivalent motion cost

V. S IMULATION R ESULTS
Consider the case where the workspace is a 50 m × 50 m
square region with the coordinates shown in Fig. 2. The remote
station is located at the origin and there are 7 POIs in the
workspace. The channel in the workspace is generated using
our probabilistic channel simulator (which probabilistically
generates path loss, shadowing and multipath fading components of the channel) [26], with the following real channel
parameters that are extracted from real channel measurements
in downtown San Francisco (data courtesy of W. M. Smith)
[27]: nPL = 4.4, ξdB = 2.6 and β = 22.6 m. Furthermore,
the multipath fading is taken to be uncorrelated Rician fading
with parameter Kric = 3.9. We assume that the robot has 5%
a priori channel samples gathered in the same environment.
Then, it uses the probabilistic channel assessment framework
of Section II-A to predict the channel quality at unvisited
locations in the workspace. We choose R = {0, 2, 4, 6, 8}
bits/Hz/s and B = 10 MHz, and the receiver noise power is
chosen to be the realistic value of −104 dBmW [28]. We also
use the real motion parameters of the Pioneer 3DX robot as
follows: κ1 = 7.4, κ2 = 0.29 and vmax = 1 m/s [4]. Moreover,
Si is chosen as a set that only contains the position that has
the best predicted channel quality in the workspace, for ∀ i.
The MILP of (8) is solved using IBM ILOG CPLEX Studio
in MATLAB [25].

(10)

equivalent communication cost

550

550

540

540

530

530

Y (m)

(
(
)
feq,ch = ∑nT −1 ψ − E {1/ΥT } di /(Ttot vmax ) +
where M
i
i=1
)
ϕ − ψ , ψ
=
minT ∈STcomm E{1/ΥTnT }, ϕ
=
minT ∈S T ,i∈{1,··· ,nT } E{1/ΥTi }
>
ψ
and
comm
e = min
L
T ∈S Tcomm |T |, the optimal trajectory must be in
the set STcomm . This means that the robot finally moves to the
sub-trajectory that has the best predicted channel quality after
it has covered all the POIs. Moreover, the robot only stops at
the last sub-trajectory.
Proof: The proof of Theorem 2 can be extended straightforwardly to this case. The details are omitted for brevity.
Theorem 4 shows two special cases of the optimal trajectory.
It can be seen that the left and right hand sides of (9)
are the upper bound on the communication cost along the
minimum-length trajectory and the minimum extra motion cost
to deviate from it respectively. Then, the first part of Theorem
4 says that, if (9) holds, the minimum-length trajectory is
feq,ch
optimal. Similar to the second part of Theorem 2, M
and the right hand side of (10) can also be interpreted as
an equivalent measure of channel prediction quality and an
equivalent communication energy cost given Vtot and Ttot
respectively. Moreover, the equivalent motion energy cost on
the left hand side of (10) is the extra motion cost to choose a
trajectory in STcomm . Then, whether the robot should move to
the sub-trajectory that has the best predicted channel quality
can be determined by comparing the equivalent motion and
communication costs of (10). Note that if the communication
feq,ch is positive (this always
demand is sufficiently high and M
holds given a sufficiently large Ttot or vmax ), equation (10)
can be satisfied and the robot will finally move to the subtrajectory that has the best predicted channel quality.

Y (m)

⋆
feq,ch JnComm
e ≤ 1M
κM (|T | − L)
(Vtot , Ttot ),
|
{z
}
K
|
{z
}

assumed a constant channel along each sub-trajectory since
multipath fading is unpredictable. In order to reduce the energy
cost more, we show in the appendix how the robot can further
adjust its transmit power/rate and stop times online based on
the online observations of the real channel values in each subtrajectory.
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500
(0, 0)

B. Online Adaptation
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Point with the best
pred. ch. quality
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Fig. 2. Comparison of the optimal trajectories of (8) when the communication
demands are low (left figure) and high (right figure) respectively. The position
of the remote station is marked in both figures. The backgrounds show
the predicted channel quality (the predicted channel quality is lower if the
background color is darker).

Our framework can also be generalized to the case where
the initial knowledge of the environment is uncertain, for
instance due to channel prediction uncertainty. In this case,
the robot can adjust its strategy online once it has learned
the environment better by resolving (8) after visiting each
POI. This, however, could be computationally expensive. One
possible sub-optimal strategy is to only adapt the transmission
power/rate and stop times of the robot without changing the
order in which it will visit the POIs. This adaptation strategy
can be posed as a linear program by simplifying (8), which
can be solved more efficiently. We omit the details for brevity.
Another source of uncertainty is multipath fading. More
specifically, the real channel value along each stationary subtrajectory is still space-varying due to multipath fading, as
mentioned in Section II-A. However, the robot has so far

Fig. 2 compares the optimal trajectories of (8) with different
(yet realistic) communication demands. In Fig. 2 (left), we
have Vi /B = 20 bits/Hz for ∀ i and T = 300 s, resulting in
a low communication demand. As can be seen, the optimal
trajectory is therefore the minimum-length trajectory that
covers all the POIs, which has the total length of 80.1 m.
Also, the robot does not move beyond the last POI after it
has covered all the POIs. In Fig. 2 (right), on the other hand,
we have Vi /B = 100 bits/Hz and T = 300 s, resulting in a
high communication demand. It can be seen that the optimal
trajectory is longer (94.9 m), as compared to the previous
case, and deviates from the minimum-length one in order to
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sets of real motion parameters [4]. Fig. 4 (left) shows the
performance of our strategy (optimal value of (3)) as a function
of Vtot /B, and for Ttot = 100 s. Clearly, the total energy
costs of all cases increase as Vtot /B increases. It can be seen
that when Vtot /B is small, i.e. the communication demand is
low, the robot does not benefit from the motion and sending
the data at the initial point can become optimal. However,
when Vtot /B is large, i.e. the communication demand is high,
incurring motion cost for better connectivity can save the total
energy considerably. Fig. 4 (right) shows the performance of
our strategy as a function of Ttot , for Vtot /B = 300 bits/Hz.
Similarly, the figure confirms that incurring motion cost for
better connectivity can be considerably beneficial depending
on the scenario.

Energy cost (J)

0
−5

Pred. ch. quality
(E{1/ϒ}) in dB

Pred. ch. quality
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pass through areas with high connectivity. Moreover, the robot
moves way beyond the last POI and towards the remote station
where the predicted channel quality is high, after visiting the
last POI. We have also applied our online adaptation strategy in
the appendix to the high communication demand case, which
can further save 13.3% total energy cost in this example. It
should be noted that Fig. 2 shows two extreme cases. There
are several cases where the robot chooses to travel on a final
communication route but the final communication point is not
necessarily at the end point.

Energy cost of using our proposed
strategy (κ1 = 7.4, κ2 = 0.29)
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10
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Sub−trajectory along the planned optimal trajectory

Energy cost of using our proposed
strategy (κ1 = 13.1, κ2 = 0.19)

Fig. 3. Comparison of the optimal communication and motion strategies of
Fig. 2 when the communication demands are low (left figure) and high (right
figure) respectively. The vertical dashed lines represent the locations of the
POIs. The observed behavior is as predicted by Theorems 1 and 3.
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Fig. 4. Performance of our strategy as compared with the case where the robot
sends all its data at its initial position. The saving is considerable.

Fig. 3 shows the optimal communication and motion strategies along the optimal trajectories of Fig. 2. As shown in Theorem 3, between each two POIs, the robot sends faster (higher
average spectral efficiency) at the sub-trajectories that have a
better predicted channel quality. Also, the robot only stops
at the sub-trajectories where the predicted channel quality is
better than that of the remaining part of the trajectory. For the
case of high communication demand, the robot only stops at
the last sub-trajectory where the predicted channel quality is
the best, as shown in the second part of Theorem 4.
Remark 5 (on computational complexity): It takes 34.7 s
and 2396.0 s to solve (8) when the communication demands
are low and high respectively on a 3.4 GHz CPU.
So far, the simulation results confirmed that there are
cases where the robot has to incur motion energy for better
connectivity. Next, we show a simulation result that explicitly
focuses on the “To Go or Not to Go” problem, by considering
P = ∅. The goal is to explicitly show that incurring motion
energy for better connectivity can save the overall energy in
several realistic cases, which may be against the common
belief in the current literature that communication is always
much cheaper than motion. Fig. 4 shows the total energy
saving of utilizing motion to find a final communication point
for the case where P = ∅. In this simulation, the remote station
is located at the origin. The initial position of the robot is
chosen at (400 m, 0 m). Moreover, the final communication
route is predefined as the line segment from the initial position
of the robot to the remote station. The underlying channel
parameters are taken the same as Fig. 2. Since the planning
strategy and the performance depend on each realization of
the channel, we average the performance over 100 runs of
independent channel samples (but with the same underlying
parameters). We compare our strategy with the case where the
robot sends all the data at its initial position, for two different

VI. C ONCLUSIONS
We considered the scenario where a mobile robot needs
to visit a number of POIs, gather their generated bits of
information, and transmit them to a remote station in a
realistic communication environment, while minimizing its
total motion and communication energy consumption, and
under time and BER constraints. We proposed an energyaware and communication-aware co-optimization paradigm
and characterized several key properties of the co-optimized
motion and communication solution. As part of our overall
problem, we also brought an understanding to the “To Go
or Not To Go” problem, which indicates when to incur
motion energy for better connectivity. Finally, our simulation
results with real channel and motion parameters confirmed that
considerable performance improvement can be achieved.
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A PPENDIX
Th⋆

Let
denote the h stationary sub-trajectory of T ⋆ that
is found by solving (8). We divide Th⋆ into nMP,h equal-length
⋆
chunks, Th,i
, for i ∈ {1, · · · , nMP,h }. The robot now adapts
to the channel changes from one chunk to another. We use
∆lTh⋆ to represent the length of each chunk, over which the
channel is considered constant. Moreover, we discretize the
distribution of the channel along Th⋆ such that we use nch,h
constants, γTh⋆ ,j , for j ∈ {1, · · · , nch,h }, to approximate all
the possible CNR values. Then, pTh⋆ ,j , for j ∈ {1, · · · , nch,h },
are the probabilities that the real channel value along each
chunk is approximated by γTh⋆ ,j , for j ∈ {1, · · · , nch,h },
th
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