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Abstract—Mobile crowd sensing (MCS) is a promising paradigm which leverages sensor-embedded mobile devices to collect and
share data. The key challenging issues in designing an MCS system include selecting appropriate users to participate in a specific
sensing task and designing efficient data sensing and transmission policies for data aggregation. In mobile edge networks, the
limitation on network resources including bandwidth and energy affects the design of MCS significantly. Specifically, the limited
resources affect whether and how to select users for a sensing task, and the bandwidth allocated to a user affects its data sensing and
transmission policies. Since user selection, bandwidth allocation, data sensing and transmission are closely coupled issues in MCS,
we focus on designing a unified framework for joint sensing and communication in this paper, by jointly optimizing the aforementioned
four policies under resource constraints. Simulation results show that the proposed unified framework significantly outperforms several
baseline solutions without considering wireless link vulnerability and/or resource limitations.

Index Terms—Mobile crowd sensing, user selection, bandwidth allocation, joint sensing and communication.

✦

1 INTRODUCTION

MOBILE crowd sensing (MCS) is an emerging sensing
paradigm where human-carried devices (e.g., smart-

phones and smartwatches) are exploited for sensing and
collecting various environmental information [1], [2]. Com-
pared to traditional sensing infrastructure relying on static
sensors, MCS provides lower deployment cost, broader cov-
erage and higher scalability/flexibility [3]. A wide range of
MCS-based applications, such as environment monitoring
[4], traffic planning [5], smart transportation [6], commer-
cial recommendations and information sharing [7], can be
facilitated to improve the quality of our daily life.

An MCS system consists of multiple mobile users acting
as sensing service providers and an agent platform for
sensing task allocation and sensed data aggregation [1],
[8]. A typical MCS system is shown in Fig. 1, where an
edge server (acting as the agent) is co-located with the base
station (BS) [9], [10]. In MCS, A sensing task is accomplished
in three phases. Phase 1 is user selection (or task allocation),
i.e., the agent assigns the sensing task to an appropriate set
of mobile users based on users’ states and task requirement.
The selected mobile users then sense the environment, col-
lect the data and transmit the sensed data to the agent in
phases 2 and 3 respectively.

Due to the limited wireless bandwidth and energy re-
sources in mobile edge networks, sensing user selection,
bandwidth allocation, data sensing and transmission are
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Fig. 1. Illustration of an MCS system.

closely coupled issues in MCS. On one hand, the limited
wireless bandwidth affects how many users can be selected
for a sensing task, and the bandwidth allocated to a selected
user affects its specific design of data sensing and trans-
mission policies. On the other hand, the available energy at
the device affects whether to participate in the sensing task
and how to design its specific data sensing and transmission
policies. To maximize the MCS system performance under
resource constrained networks, jointly designing the user
selection, bandwidth allocation, data sensing and transmis-
sion policies is thus intuitively advantageous and preferred.

Unfortunately, thus far very little research attention has
been paid to the co-design of the aforementioned four poli-
cies in MCS. Especially, resource limitation is not considered
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in most of related investigations. Many researchers devote
to solving the user motivation problem (i.e., motivate mobile
users to participate into crowdsensing) [11–15], and user
selection (or task allocation) problem [16–26] in MCS. In
their work, the process of data sensing and transmission
is either ignored/simplified by assuming that the required
data can always be successfully sensed and transmitted by
each participant, or separately designed without consider-
ing wireless network resource constraints and/or user se-
lection process. Although some works such as [10], [20], [26]
have taken energy limitation into consideration, the wireless
bandwidth limitation and allocation are not considered.

In this paper, we focus on developing a unified frame-
work for joint sensing and communication in a resource
constrained MCS, by jointly designing the aforementioned
four policies under resource limitations. Each mobile user
is considered to periodically report its parameters includ-
ing the channel gain and available energy to the agent
[10], [27], such that the agent can jointly determine the
aforementioned four policies based on the users’ states and
available network resources, with the aim of maximizing the
reward of the agent. We consider both static and dynamic
bandwidth allocation scenarios in wireless networks. Our
key contributions are summarized as follows.

• We design a unified framework for implementing
crowd sensing over resource-constrained wireless net-
works, where the process of user selection, bandwidth
allocation, data sensing and transmission is jointly de-
signed for optimizing MCS performance.

• In the developed framework, a joint optimization prob-
lem is formulated to simultaneously find the optimal
set of participants for each sensing task, the bandwidth
allocated to each participant, the data sensing and
transmission policies at each participant (determined
by the sensing data size and transmit power), subject to
task requirement and resource constraints.

• As it is difficult to directly solve the joint optimiza-
tion problem by using conventional techniques, we
develop an effective approach by carefully examining
the characteristics of the problem without compromise
on its optimality. Specifically, we first derive the optimal
sensing data size and transmit power under a given
user selection and bandwidth allocation scheme. The
original optimization problem is then transformed to a
bipartite matching problem under the static bandwidth
allocation scenario, and a Hungarian algorithm is thus
used to find the optimal user selection and bandwidth
allocation strategy. The proposed solution is further
extended to dynamic bandwidth allocation scenario,
where dynamic programming is adopted to optimize
the user selection and bandwidth allocation.

Simulation results demonstrate that the proposed frame-
work can achieve up to 7%, 14%, 47%, 88%, 110% and 801%
improvement in MCS performance as compared with six
baseline policies, namely greedy-based user selection and
bandwidth allocation (modified from [18], [19]), random
transmit power, fixed sensing duration, random user selec-
tion, random bandwidth allocation and maximized sensing
duration (modified from [10]) policies.

The rest of the paper is organized as follows. The related

work is reviewed in Section 2, and the system model is
presented in Section 3. In Section 4, the solution to the joint
optimization problem under static bandwidth allocation
scenario is presented. In Section 5, the proposed solution
is extended to the case of dynamic bandwidth allocation.
Simulation results as well as discussions are presented in
Section 6, followed by the conclusions in Section 7.

2 RELATED WORK

Due to the low deployment cost, broad coverage and high
flexibility brought by MCS, intensive research attentions
have been attracted to the study of MCS [9–26] recently. In
this section, we present an review of related work on user
motivation, user selection, data sensing and transmission in
MCS.

In MCS, an obvious design issue is user motivation, or
how to motivate mobile users to participate in collaborative
sensing. In recent years, a larger number of incentive mech-
anisms have been proposed [11–15]. Specifically, inspired
by the location-based games, entertainment-based incentive
mechanisms are studied in [11], [13] to enrich the partic-
ipant’s experience during the process of data sensing and
collecting. Service-based incentive mechanisms are investi-
gated in [12], [14] where the mobile users who contribute
sensed data can receive the needed services. Finally, money-
based incentive mechanisms are designed in [11], [12], [15]
to sell the sensed data for gaining profits.

As the performance of sensing task depends on whether
the agent assigns the task to appropriate mobile users, par-
ticipant selection (or task allocation) is also widely studied.
In [16], [17], the user selection strategy is designed based
on task requirement such as temporal and spacial coverage.
The authors of [18], [19] focus on multi-task allocation
schemes where the overall performance of multiple sensing
tasks as well as the sensing quality of individual task are
both investigated. In [20], the participant is selected with
respect to the distance between the candidate and sensing
task location as well as the remaining battery of the mobile
device. In [21], the selection of participant is determined
based on user’s quality of information (or the quality of
sensed data). The work in [22] focuses on cost-fair task
allocation scheme such that the sensing costs undertaken
by the users are balanced, while [23] leverages the social
networking information in user recruitment to improve
sensing performance. A duration-sensitive task allocation
model is designed in [24], and a task allocation scheme is
proposed in [25] to minimize the incentive payments under
certain task requirement.

When the set of participants is determined, the authors
of [18], [19] simplify the process of data sensing and trans-
mission by assuming that the required data can always be
successfully sensed and transmitted by each participant.
In [28], the data sensing process is designed based on the
movement trajectory of mobile users. In [26], a data sensing
policy is designed based on the incentive payments obtained
as well as the energy of the device, while the sensing
data size is used in [10] to control the sensing process.
In [9], an efficient and secure data transmission policy is
proposed to protect the privacy of sensed data, while the
parameter of transmit power is used in [10] to control the
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TABLE 1
Notation Definition

Symbol Description
N Number of mobile users in the network
i User index
T Sensing task time requirement
B Available bandwidth in the network
R Number of sub-channels

Bmin Minimum bandwidth unit
tsi , t

t
i Sensing / transmission time at user i

Es
i , E

t
i Energy consumption for sensing / transmission

Ei, Bi, Pi Energy / bandwidth / transmit power of user i
zi, oi Sensing data size / rate of user i
ei Sensing energy consumption per bit at user i
gi The channel gain between user i and BS

li
A binary variable denoting whether user i

is selected for the sensing task

bni
A binary variable denoting whether sub-channel

n is allocated to user i (n = 1, 2, · · · , R)

bi
Bandwidth allocation vector in static bandwidth

allocation scenario, where bi = [b1i , · · · , bRi ]

ki
Number of bandwidth units allocated to user i

in dynamic bandwidth allocation scenario

ci,mi
Reward / payment coefficient with respect to

the data contributed by user i .

N0 Noise power density

transmission process in MCS. In [29], an edge computing-
based photo crowdsourcing framework is designed for 3D
model reconstruction, where a set of photos is first selected
based on the target coverage requirement, and a bandwidth
allocation scheme is designed to minimize the maximum
uploading delay of the selected photos. To reduce the net-
work congestion caused by sensed data aggregation, user
clustering based transmission policies [30] can be used.

However, in existing related work on MCS, most au-
thors have not considered resource constraints in wireless
networks and design user selection, data sensing and trans-
mission policies separately. Although some researchers have
considered the impact of energy limitation in the design of
MCS [20], [26], they have not taken into account bandwidth
limitation. Although the authors of [10] have proposed a
wireless powered crowd sensing framework to jointly con-
trol the data sensing, compression and transmission in MCS,
the joint design of user selection and bandwidth allocation
has not been addressed.

3 SYSTEM MODEL

We consider an MCS system consisting of a cellular BS, an
edge server and N mobile users, where an MCS agent is
deployed at the server, as shown in Fig. 1. The system model
is detailed below, and the notations used in our system
model are summarized in Table 1.

3.1 MCS Operation

In underlying model, each mobile user periodically reports
its parameters including channel gain and available energy
to the agent [10], [27], such that the agent can periodically
update the states of its associated users. For each arriving
sensing task, the agent then determines the specific user
selection, bandwidth allocation, data sensing and transmis-
sion policies based on the sensing task requirement and

time

Participant 1 frame

Participant 2 frame

...

MCS operation

Data transmission 

Task 

allocation 
Data sensing 

User operation

Sensing Transmission
Bandwidth Bi

ti
s
, Ei

s
ti

t
, Ei

t

T, EiTransmit power Pi 
Sensing data size zi

Fig. 2. MCS operation process.

users’ current states. In MCS, the sensing task can be a
real-time traffic monitoring related task where the sensed
data may include the speed of vehicles and pictures of
the target road, or a environment monitoring related task
where the sensed data is usually numeric values (e.g., air
quality, temperature values). As shown in Fig. 2, the process
of crowd sensing consists of three phases, namely task
allocation, data sensing and data transmission.

In the task allocation phase, the agent selects a set of users
for performing each sensing task, allocates certain amount
of wireless bandwidth (for data transmission) to the set of
selected users, and informs each selected user its sensing
data size and transmit power for this task. The selection
of users is based on the available network resources (in
terms of bandwidth and battery of the device), and the
bandwidth is allocated based on the user’s channel quality,
the available energy as well as sensing task requirement. The
objective is to maximize the net data utility after deducting
the payments to the users.

In the data sensing phase, the selected users collect the
data via their sensor-deployed devices in parallel according
to the policy determined by the agent in the task allocation
phase. The energy consumed at a user for data sensing is
proportional to the size of data collected by the user [31].
That is why the agent optimizes the sensing data size based
on devices’ energy budget in the task allocation phase.

Finally, in the data transmission phase, each selected user
transmits its sensed data to the agent based on the allocated
wireless bandwidth and transmit power determined by the
agent in the first phase. Sensed data transmission can be
enabled via some channel partitioning scheme, such as
orthogonal frequency division multiple access (OFDMA)
technique. In OFDMA, we consider two bandwidth allo-
cation scenarios in this paper. The first one is static band-
width allocation [27], where the total available bandwidth
is partitioned into a fixed number of sub-channels, with
fixed bandwidth in each sub-channel, and each user can be
allocated at most one sub-channel. The other one is dynamic
bandwidth allocation [32], where the bandwidth allocated
to a user can be any value subject to the total available
bandwidth constraint.

We consider three constraints during the task allocation
phase, namely time, energy and bandwidth constraints. We
consider time sensitive sensing tasks [10], [16], [17] where
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data sensing and transmission must be completed within a
given threshold T . The value of T is closely related to the
sensing context. For example, the task duration T of real-
time traffic monitoring task is usually at the level of few
seconds, while the task duration of environment monitoring
task is usually at the level of few hours [24]. Let the time
used for data sensing and transmission at user i be tsi and
tti, respectively. Then the time constraint is expressed as tsi +
tti ≤ T , where the time required for the agent to inform
the selected users their sensing and transmission parameters
can be ignored since the size of these control messages is
small.

The second constraint is the energy limitation at the
device, i.e., Es

i + Et
i ≤ Ei, where Ei, Es

i and Et
i denote the

available energy, the energy consumed for data sensing and
transmission at user i, respectively. Finally, the bandwidth
constraint is that the total bandwidth allocated to the users
cannot exceed the total available bandwidth in the wireless
network, or

∑
i Bi ≤ B, where B is the total available band-

width in the network and Bi is the bandwidth allocated to
user i.

3.2 Bandwidth Allocation Model

Let binary variable li denote whether or not user i is selected
for the sensing task. When user i is selected, or li = 1,
certain amount of wireless bandwidth must be allocated to it
for data transmission, where OFDMA technique is adopted
in our model. Specifically, two bandwidth allocation scenar-
ios are considered, as shown below.

Static bandwidth allocation: The available bandwidth B is
partitioned into R non-overlapping sub-channels in static
bandwidth allocation scenario [27]. We use vector bi =
[b1i , · · · , bRi ] to denote the sub-channel allocated to user i,
where bni ∈ {0, 1}, n = 1, 2, · · · , R, and bni = 1 indicates
that sub-channel n is allocated to user i. When user i is
selected for performing the sensing task, or li = 1, one sub-
channel must be allocated to it, or

∑R
n=1 b

n
i = 1; otherwise,

we must have
∑R

n=1 b
n
i = 0. In other words, the relationship

between channel allocation vector bi and user selection
parameter li is:

R∑
n=1

bni = li, (1)

As a specific sub-channel cannot be allocated to more than
one user, we have that

N∑
i=1

bni ≤ 1. (2)

Dynamic bandwidth allocation: In theory, dynamic band-
width allocation can allocate arbitrary bandwidth to a se-
lected user as long as the allocated bandwidth is no larger
than the total available bandwidth B in the network [32].
But in practise, the number of bits used to indicate the
bandwidth allocation result is always limited [33]. It is
thus difficult to allocate arbitrary bandwidth in practise.
To address this issue, we define a minimum bandwidth
unit Bmin in dynamic bandwidth allocation and require
the bandwidth allocated to a selected user i (i.e., Bi) is
an integer multiple of Bmin, or Bmin divides Bi. In other

words, Bi = ki · Bmin is guaranteed in our model, where
ki = 0, 1, 2, · · · , ⌊B/Bmin⌋.

The value of ki determines how many bandwidth units
allocated to user i. When user i is not selected for the
sensing task, or li = 0, we must have ki = 0; otherwise
0 < ki ≤ ⌊B/Bmin⌋. The relationship between ki and li is
then expressed as li = ⌈ki/B⌉.

To guarantee the total bandwidth allocated to the users
do not exceed the total available bandwidth B, we have that

N∑
i=1

ki ·Bmin ≤ B, (3)

and
0 ≤ ki ≤ ⌊B/Bmin⌋, ki ∈ Z+

0 . (4)

3.3 Data Sensing Model
When the agent selects a user, e.g., user i, for a sensing
task, it will inform user i its specific sensing data size zi for
this task, and the relationship between zi and user selection
parameter li is zi · (1 − li) = 0, which indicates that zi = 0
if li = 0 and zi ≥ 0 if li = 1.

Let oi denote the output data rate of user i, which is
determined by the type of sensed data. For example, for
numeric value based sensed data (e.g., GPS records), oi is at
the level of few bits per second [34], while for picture based
sensed data, oi is at the level of millions bits per second [35].
Given the sensing data size zi, the sensing time duration tsi
at user i is then expressed as

tsi = zi/oi. (5)

And the energy consumed at user i for data sensing, or Es
i ,

is given as
Es

i = ei · zi, (6)

where ei is the sensing energy consumption per bit [31].

3.4 Data Transmission Model
In MCS, each selected user needs to transmit its sensed data
to the agent. Let the allocated transmit power of user i be
Pi (in W), which determines the transmission policy of the
user. With the allocated bandwidth and optimized transmit
power, the achievable transmission rate (in bits/s) in static
bandwidth allocation scenario is given by

ri =
R∑

n=1

bni B
nlog2(1 +

Pigi
N0Bn

), (7)

where Bn is the bandwidth of sub-channel n, gi is the
channel gain between user i and the BS.

While in dynamic bandwidth allocation scenario, the
uplink rate of user i for transmitting the sensed data to the
agent is given by

ri = ki ·Bmin · log2(1 +
Pigi

N0 · ki ·Bmin
). (8)

Given the sensing data size zi, the transmission time at
user i is

tti = zi/ri, (9)

and the transmission energy consumption Et
i is thus given

by
Et

i = Pi · tti. (10)
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3.5 MCS Performance Metric
Similar to the work in [10], [17], [36], we use the reward of
the agent as our performance metric, which refers to the net
utility of sensed data after deducting the payments to the
users for their individual contribution to the sensing task,
as shown in (11),

R(zi) =
N∑
i=1

U(zi)−
N∑
i=1

M(zi), (11)

where U(zi) is the utility of zi-bit sensed data contributed
by user i, and M(zi) is the payment to user i based on the
zi-bit sensed data.

We adopt a commonly-used logarithmic function ci ·
log(1 + zi) [10], [36] to represent the utility of zi-bit sensed
data delivered by user i, i.e., U(zi) = ci ·log(1+zi), where ci
is a weighting factor depending on the type of data. Due to
the fact that more information-bearing data can contribute
higher data utility, the utility function is monotonically
increasing. Since a diminishing return is observed as the
increase of data size (because of the repeated and redundant
data), the utility function is modeled based on logarithmic
function.

In our model, each selected user is paid based on
the contribution made [11], or based on the utility of its
sensed data. As a result, we model the payment function as
M(zi) = mi · log(1 + zi), where mi is a unit payment with
respect to the unit data utility. Based on above discussions,
the agent’s reward is then modeled as

R(zi) =
N∑
i=1

αi · log(1 + zi), (12)

where αi > 0 and αi = ci −mi.

4 JOINT USER SELECTION, STATIC BANDWIDTH
ALLOCATION, SENSING AND TRANSMISSION

In this section, static bandwidth allocation scenario is con-
sidered, and the joint optimization problem of user selec-
tion, bandwidth allocation, data sensing and transmission
is formulated and solved. The solution is extended to the
case of dynamic bandwidth allocation scenario in the next
section.

4.1 Problem Formulation
The optimization problem is to jointly optimize the user
selection variable li, bandwidth allocation vector bi, the
sensing data size zi and transmit power Pi, with the aim
of maximizing the agent’s reward in (12), under the time,
energy and bandwidth constraints. The problem is thus
formulated as

max
li,bi,zi,Pi

N∑
i=1

αi · log(1 + zi), (13)

s.t.
zi
oi

+
zi∑R

n=1 b
n
i B

nlog2(1 +
Pigi
N0Bn )

≤ T, ∀i,

(13a)

ei · zi +
Pi · zi∑R

n=1 b
n
i B

nlog2(1 +
Pigi
N0Bn )

≤ Ei, ∀i,

(13b)

N∑
i=1

bni ≤ 1, ∀n, (13c)

R∑
n=1

bni = li, ∀i, (13d)

zi · (1− li) = 0, zi ≥ 0, ∀i, (13e)
0 ≤ Pi ≤ Pmax, ∀i, (13f)
li, b

n
i ∈ {0, 1}, ∀i, n. (13g)

where (13a) and (13b) denote the time and energy con-
straints defined in Section 3.1. (13c) and (13d) are the band-
width constraints in static bandwidth allocation scenario.
(13e) indicates that the sensed data is valid only when the
user is selected for the sensing task, and (13f) is the transmit
power constraint.

To solve the problem in (13), we first simplify it by
removing the user selection variable li. Since a user is
selected for the sensing task if and only if one sub-channel
is allocated to it for data transmission (see (13d)), variable
li can then be removed from the problem formulation. The
problem in (13) can then be simplified without compromise
on optimality as below.

max
bi,zi,Pi

N∑
i=1

αi · log(1 + zi), (14)

s.t. (13a)− (13c), (13f)
R∑

n=1

bni ≤ 1, ∀i, (14a)

zi · (1−
R∑

n=1

bni ) = 0, zi ≥ 0, ∀i, (14b)

bni ∈ {0, 1}, ∀i, n. (14c)

4.2 Optimal Transmit Power and Sensing Data Size

When a user is selected for the sensing task and allocated
a certain amount of bandwidth for transmitting the sensed
data, the optimal transmit power and sensing data size can
be determined by the following proposition.

Proposition 1: Given the uplink bandwidth allocation
vector bi of a selected user i, where

∑R
n=1 b

n
i = 1 (or li =1),

the optimal transmit power of user i is given by

P ∗
i (bi) =


Pi,min, if

Ei

Ai(bi,Pi,min)
≤ T

Bi(bi,Pi,min)

Pmax, if Ei

Ai(bi,Pmax)
≥ T

Bi(bi,Pmax)

Pi,opt, otherwise

(15)

and the optimal sensing data size of user i is given by

z∗i (bi) =


Ei

Ai(bi,Pi,min)
, if Ei

Ai(bi,Pi,min)
≤ T

Bi(bi,Pi,min)
T

Bi(bi,Pmax)
, if Ei

Ai(bi,Pmax)
≥ T

Bi(bi,Pmax)
Ei

Ai(bi,Pi,opt)
, otherwise

(16)

where Ai(bi, Pi) = ei + Pi∑R
n=1 bni B

nlog2(1+
Pigi

N0Bn )
,

Bi(bi, Pi) = 1
oi

+ 1∑R
n=1 bni B

nlog2(1+
Pigi

N0Bn )
, Pi,min =

10
SNRmin

10 ·
∑R

n=1 bni N0B
n

gi
(SNRmin is the minimum acceptable
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received signal-to-noise ratio for decoding the received
signal.), and Pi,opt satisfies Ei

Ai(bi,Pi,opt)
= T

Bi(bi,Pi,opt)
.

Proof: Based on constraints (13a) and (13b), we get that

zi(ei +
Pi∑R

n=1 b
n
i B

nlog2(1 +
Pigi
N0Bn )

) ≤ Ei, (17)

zi(
1

oi
+

1∑R
n=1 b

n
i B

nlog2(1 +
Pigi
N0Bn )

) ≤ T. (18)

Let Ai(bi, Pi) = ei + Pi∑R
n=1 bni B

nlog2(1+
Pigi

N0Bn )
and

Bi(bi, Pi) =
1
oi

+ 1∑R
n=1 bni B

nlog2(1+
Pigi

N0Bn )
, we then get

zi ≤ Ei/Ai(bi, Pi), (19)

and
zi ≤ T/Bi(bi, Pi). (20)

Since our objective is to maximize
∑N

i=1 αi · log(1 + zi),
which is equivalent to maximizing the sensing data size zi
of each selected user i, the optimal sensing data size is thus
given by (21), and the optimal transmit power is the one
that maximizes the function in (21).

z∗i (bi) = max
Pi

(min{Ei/Ai(bi, Pi), T/Bi(bi, Pi)}). (21)

We first consider the first derivative of Ai(bi, Pi) with
respect to Pi, which is given by

∂Ai(bi, Pi)

∂Pi

=
ln 2

∑R
n=1

bni B
n

1+xn
i Pi

((1 + xn
i Pi) ln(1 + xn

i Pi)− xn
i Pi)

(
∑R

n=1 b
n
i B

n ln(1 + xn
i Pi))2

.

(22)

where xn
i = gi/(N0B

n). Note that when a user is se-
lected for crowd sensing, Pi > 0 must be guaranteed. As
(1+xn

i Pi) ln(1+xn
i Pi)−xn

i Pi) is always positive when Pi >

0, we then get ∂Ai(bi,Pi)
∂Pi

> 0. In other words, Ai(bi, Pi)

is monotonically increasing with Pi. Since Bi(bi, Pi) is
monotonically decreasing with Pi, Ei/Ai(bi, Pi) is then a
monotonically decreasing function of Pi, and T/Bi(bi, Pi)
is a monotonically increasing function of Pi.

To find the optimal transmit power that maximizes func-
tion min{Ei/Ai(bi, Pi), T/Bi(bi, Pi)}, we then need to find
the feasible set of Pi. When user i is selected for a sensing
task, 0 < Pi ≤ Pmax must be guaranteed. In practice, in
order to successfully decode the received signal, the re-
ceived signal-to-noise ratio SNR = 10 · log10(Pigi/(N0B

n))
(in dB) needs to be no smaller than a minimum value
SNRmin. (Usually, SNRmin = 0 dB, but with some modu-
lation method, SNRmin can also be smaller than 0 dB [37].)
Based on SNRmin, the minimum acceptable value of Pi is

then obtained, or Pi,min =
10

SNRmin
10 ·

∑R
n=1 bni N0B

n

gi
.

Since Pi ∈ [Pi,min, Pmax], we then get the maxi-
mum and minimum value of Ei/Ai(bi, Pi) with respect
to Pi, i.e., max

Pi

(Ei/Ai(bi, Pi)) = Ei/Ai(bi, Pi,min) and

min
Pi

(Ei/Ai(bi, Pi)) = Ei/Ai(bi, Pmax). Similarly, the maxi-

mum and minimum value of T/Bi(bi, Pi) with respect to Pi

Algorithm 1 Optimal Transmit Power and Sensing Data Size

Input: Bandwidth allocation vector bi (where
∑R

n=1 b
n
i = 1)

1: f1(Pi) =
Ei

Ai(bi,Pi)
, f2(Pi) =

T
Bi(bi,Pi)

, f(Pi) = f1(Pi)− f2(Pi)

2: if f1(Pi,min) ≤ f2(Pi,min)

3: P ∗
i (bi) = Pi,min, z∗i (bi) = f1(Pi,min)

4: else if f1(Pmax) ≥ f2(Pmax)

5: P ∗
i (bi) = Pmax, z∗i (bi) = f2(Pmax)

6: else
7: Fh = f(Pi,min), Fl = f(Pmax), Ph = Pmax, Pl = Pi,min

8: while Fh ̸= 0 and Fl ̸= 0 do
9: P = (Ph + Pl)/2, F = f(P )

10: if F < 0

11: Fl = F , Ph = P

12: else
13: Fh = F , Pl = P

14: if Ph − Pl ≤ ε

15: break
16: P ∗

i (bi) = Pl, z∗i (bi) = f1(Pl)

17: return P ∗
i (bi), z

∗
i (bi)

are obtained, where max
Pi

(T/Bi(bi, Pi)) = T/Bi(bi, Pmax)

and min
Pi

(T/Bi(bi, Pi)) = T/Bi(bi, Pi,min) .

Case 1: max
Pi

(Ei/Ai(bi, Pi)) ≤ min
Pi

(T/Bi(bi, Pi)) .

In this case, Ei/Ai(bi, Pi) ≤ T/Bi(bi, Pi) is al-
ways guaranteed for Pi ∈ [Pi,min, Pmax]. As a result,
min{Ei/Ai(bi, Pi), T/Bi(bi, Pi)} = Ei/Ai(bi, Pi). We then
get z∗i (bi) = max

Pi

(Ei/Ai(bi, Pi)) = Ei/Ai(bi, Pi,min), and

P ∗
i (bi) = Pi,min .

Case 2: min
Pi

(Ei/Ai(bi, Pi)) ≥ max
Pi

(T/Bi(bi, Pi)) .

In this case, Ei/Ai(bi, Pi) ≥ T/Bi(bi, Pi) is al-
ways guaranteed for Pi ∈ [Pi,min, Pmax]. Therefore,
min{Ei/Ai(bi, Pi), T/Bi(bi, Pi)} = T/Bi(bi, Pi), z∗i (bi) =
max
Pi

(T/Bi(bi, Pi)) = T/Bi(bi, Pmax), and P ∗
i (bi) = Pmax.

Case 3: max
Pi

(Ei/Ai(bi, Pi)) > min
Pi

(T/Bi(bi, Pi)) and

min
Pi

(Ei/Ai(bi, Pi)) < max
Pi

(T/Bi(bi, Pi)) .

Since Ei/Ai(bi, Pi) monotonically decreases with
Pi, and T/Bi(bi, Pi) monotonically increases with Pi,
then it is possible that Ei/Ai(bi, Pi) = T/Bi(bi, Pi)
when Pi increases from Pi,min to Pmax in this
case. Therefore, z∗i (bi) = Ei/Ai(bi, Pi,opt(bi)) =
T/Bi(bi, Pi,opt(bi)), where Pi,opt(bi) satisfies the equality
Ei/Ai(bi, Pi,opt(bi)) = T/Bi(bi, Pi,opt(bi)). ■ .

Note that Proposition 1 only considers
∑R

n=1 b
n
i = 1,

i.e., user i is selected for the sensing task. For the case
that user i is not selected, or

∑R
n=1 b

n
i = 0, the optimal

transmit power and sensing data size are both 0. Algorithm
1 summarizes the process to calculate the optimal transmit
power and sensing data size for each selected user based on
Proposition 1. In particular, since Pi,opt has no closed form
in Proposition 1, we adopt a bisection-search procedure (i.e.,
lines 7-16) in Algorithm 1 to get the value of Pi,opt. With
Proposition 1 and Algorithm 1, the optimal user selection
and static bandwidth allocation results are obtained in the
following subsection.
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Algorithm 2 Optimal Static Bandwidth Allocation

Input: [sub-channel1, · · · , sub-channelR]

1: U = [0 for i = 1 : N ]
2: if each sub-channel has the same bandwidth
3: if R ≥ N

4: U = [sub-channeli for i = 1 : N ]
5: else
6: for i = 1 : N do
7: bi = [bi,i = 1, bi,m|m ̸=i = 0]; P [i], Z[i] = Algorithm 1(bi)
8: for i = 1 : R do
9: zmax, index = max(Z), U [index] = sub-channeli
10: Z[index] = 0

11: else
12: G = bigraph.generate(N,R) /*generate bi-graph*/
13: for i = 1 : N do
14: for j = 1 : R do
15: bi = [bi,j = 1, bi,m|m ̸=j = 0]; P , z = Algorithm 1(bi)
16: G.add edge(i, j, αi · log(1 + z)) /*add weighted link (i, j)*/
17: matching = G.max weight matching()
18: U = transfer(matching) /*transfer matching result to obtain
the user’s allocated sub-channel*/
19: return U /*return the allocated result of each user*/

4.3 Optimal User Selection and Static Bandwidth Allo-
cation
Based on Proposition 1, the optimization problem in (14) can
be transformed as

max
bi

N∑
i=1

αi · log(1 + z∗i (bi)), (23)

s.t.
N∑
i=1

bni ≤ 1, ∀n, (23a)

R∑
n=1

bni ≤ 1, ∀i, (23b)

bni ∈ {0, 1}, ∀i, n. (23c)

where z∗i (bi) is obtained based on Algorithm 1 if
∑R

n=1 b
n
i =

1; otherwise, z∗i (bi) = 0.
The optimization problem in (23) is to decide the sub-

channel allocation vector bi. To solve it, we first consider
a simple case that the bandwidth of each sub-channel is
equal. In this case, we only need to decide whether to select
the user. If the number of sub-channels is greater than the
number of users, i.e., R ≥ N , all candidate users in the
network should be selected and allocated one sub-channel
to maximize the agent’s reward. If R < N , we then need to
select R users to maximize the agent’s reward. Specifically,
we tentatively allocate the bandwidth (of a sub-channel) to
each user and calculate each user’s optimal sensing data
size based on Algorithm 1. The top R users with respect to
their optimal sensing data size are then selected. Algorithm
2 summarizes the process of finding the optimal bandwidth
allocation result under the case of identical sub-channels
(lines 2-10), with time complexity of O(N ·R).

When the bandwidth of each sub-channel is different,
we then need to match each sub-channel to a specific user
such that the agent’s reward is maximized, which is indeed
a bipartite matching problem. We construct a bipartite graph
G = (U×R, E), as shown in Fig. 3, where each vertex in U is

User Sub-channels

u1

u2

ui

uN

...
...

1

...
...

w1,1

w2,2

wi,n

2

n

R

Fig. 3. Bipartite graph.

a candidate user in the network, each vertex in R represents
a sub-channel, and E is the set of edges connecting the
vertex in U to the node in R. An edge (i, j) ∈ E indicates
that sub-channel j is allocated to user i. The weight of edge
(i, j) is then given by

wi,j = αi · log(1 + z∗i (bi)|bi=[bi,j=1,bi,m|m̸=j=0]), (24)

where z∗i (bi) is obtained based on Algorithm 1.
Let matching E be a subset of edges in E, in which no

two edges share a common vertex in U or R, such that
each sub-channel can only be allocated to at most one user
and each user can only occupy at most one sub-channel
(i.e., constraints (23a) and (23b)). The bipartite matching
problem is to find an optimal matching E∗ that maximizes
the weights of edges in E∗, where Hungarian algorithm
[38] can be used to find the optimal set E∗. Algorithm 2
summarizes the process of finding the optimal bandwidth
allocation result under the case of different sub-channels
(lines 11-18), where the max weight matching algorithm in
line 17 is the Hungarian algorithm in [38].

4.4 Implementation and Complexity

We then present the implementation details based on a
typical 5G mobile communication network and analyze the
computational complexity of our joint sensing and commu-
nication design. In our model, the agent must maintain the
states of its associated users, e.g., the channel gain and avail-
able energy of each user. This can be achieved by requiring
the mobile users to periodically report its current states to
the BS (or agent) based on the UCI information carried in
5G PUCCH channel. For each arriving sensing task, the
agent then jointly determines the optimal user selection,
bandwidth allocation, data sensing and transmission poli-
cies, based on the sensing task time requirement and current
states of users. Specifically, the agent first determines the
bandwidth allocation variable b∗i (i = 1, · · · , N ) based on
Algorithm 2. With b∗i , the agent determines the user selec-
tion variable l∗i based on l∗i =

∑R
n=1(b

n
i )

∗. For each selected
user, i.e., l∗i = 1, the agent then determines its optimal
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transmit power P ∗
i and sensing data size z∗i based on Algo-

rithm 1. After that, the agent (or BS) broadcasts the optimal
solution of {b∗i , l∗i , P ∗

i z∗i } to the selected users, which can
be implemented based on the DCI information carried in
5G PDCCH channel. Thus far, the joint sensing and com-
munication framework under static bandwidth allocation
scenario is obtained. The signalling overhead imposed in
the system includes the periodic information reports from
the N mobile users to the agent and the optimal solution
broadcast from the agent to the selected users.

The computational complexity of Algorithm 1 lies at
the complexity of bisection method for obtaining Pi,opt in
Proposition 1, which is given by O(log2((Pmax−Pi,min)/ε))
with ε being the tolerance error for the bisection method.
The computational complexity of Algorithm 2 comes from
two parts. The first part lies at calculating the weight of
each edge in the bipartite graph (lines 12-15), which is
given by O(NR · O(Algorithm1)) with O(Algorithm1)
being the complexity of Algorithm 1. The second part lies
at the complexity of Hungarian algorithm, which is given
by O(N2 · R). As a result, the computational complexity of
Algorithm 2 (as well as our joint sensing and communica-
tion design) is O(NR · log2((Pmax − Pi,min)/ε) +N2 ·R).

5 EXTENSION TO DYNAMIC BANDWIDTH ALLOCA-
TION

In this section, we extend the solution in Section 4 to the
case of dynamic bandwidth allocation. The optimization
problem in (14) is then reformulated as

max
ki,zi,Pi

N∑
i=1

αi · log(1 + zi), (25)

s.t.
zi
oi

+
zi

kiBminlog2(1 +
Pigi

N0kiBmin
)
≤ T, ∀i,

(25a)

ei · zi +
Pi · zi

kiBminlog2(1 +
Pigi

N0kiBmin
)
≤ Ei, ∀i,

(25b)
N∑
i=1

kiBmin ≤ B, (25c)

0 ≤ zi ≤ λki, ∀i, (25d)
0 ≤ Pi ≤ Pmax, ∀i, (25e)

0 ≤ ki ≤ ⌊B/Bmin⌋, ki ∈ Z+
0 , ∀i. (25f)

where (25a) and (25b) represent the time and energy con-
straints defined in Section 3.1. (25c) and (25f) represent
the bandwidth constraints in dynamic bandwidth allocation
scenario. (25d) indicates that the sensed data is valid only
when the user is selected for the sensing task, and (25e) is
the transmit power constraint.

Following a similar approach as that for solving the op-
timization problem in (14), the optimal transmit power and
sensing data size are derived first, as shown in Proposition
2.

Algorithm 3 Optimal Dynamic Bandwidth Allocation

Input: B,Bmin

1: M = ⌊B/Bmin⌋ /*the total number of bandwidth units*/
2: f, p, c = [[0 for i = 0 : M ] for j = 0 : N ]
3: U = [0 for i = 1 : N ]

4: for i = 1 : N do
5: for j = 1 : M do
6: P, z = Algorithm 1’(j)
7: c[i][j] = di · log(1 + z) /*the reward obtained when allocating
j bandwidth units to user i*/
8: for i = 1 : N do
9: for j = 1 : M do
10: num = 0

11: for k = 0 : j do
12: if f [i][j] < f [i− 1][j − k] + c[i][k]

13: f [i][j] = f [i− 1][j − k] + c[i][k]; num = k

14: p[i][j] = num

15: s = p[N ][M ] /*bandwidth units allocated to the last user*/
16: r = M − s /*remaining bandwidth units*/
17: for i = N : −1 : 1 do
18: U [i] = s; s = p[i− 1][r]; r− = s

18: return U /*return the allocated result of each user*/

Proposition 2: Given the uplink bandwidth kiBmin allo-
cated to user i, where ki > 0 (or li =1), the optimal transmit
power of user i is given by

P ∗
i (ki) =


Pi,min, if

Ei

Ai(ki,Pi,min)
≤ T

Bi(ki,Pi,min)

Pmax, if Ei

Ai(ki,Pmax)
≥ T

Bi(ki,Pmax)

Pi,opt, otherwise

(26)

and the optimal sensing data size of user i is given by

z∗i (ki) =


Ei

Ai(ki,Pi,min)
, if Ei

Ai(ki,Pi,min)
≤ T

Bi(ki,Pi,min)
T

Bi(ki,Pmax)
, if Ei

Ai(ki,Pmax)
≥ T

Bi(ki,Pmax)
Ei

Ai(kibi,Pi,opt)
, otherwise

(27)

where Ai(ki, Pi) = ei+
Pi

kiBminlog2(1+
Pigi

N0kiBmin
)
, Bi(ki, Pi) =

1
oi

+ 1

kiBminlog2(1+
Pigi

N0kiBmin
)
, Pi,min = 10

SNRmin
10 ·kiBminN0

gi
,

and Pi,opt satisfies Ei

Ai(ki,Pi,opt)
= T

Bi(ki,Pi,opt)
.

Proposition 2 can be proved by a similar approach as
that for proving Proposition 1. Similar to Algorithm 1, the
optimal transmit power and sensing data size can then be
calculated based on Proposition 2 for a given value of ki
(ki > 0), and the optimal transmit power and sensing data
size are both 0 if ki = 0.

With Proposition 2, the optimization problem of (25) is
then transformed as follows:

max
ki

N∑
i=1

αi · log(1 + z∗i (ki)), (28)

s.t.
N∑
i=1

kiBmin ≤ B, (28a)

0 ≤ ki ≤ ⌊B/Bmin⌋, ki ∈ Z+
0 , ∀i. (28b)
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The optimization problem in (28) is to decide the num-
ber of bandwidth units (i.e., ki) allocated to individual
users such that the agent’s reward is maximized, where
the total number of bandwidth units in the network is
M = ⌊B/Bmin⌋. To solve the problem, dynamic program-
ming [39] can be adopted. Specifically, we number the set
of candidate users in the network as user 1, 2, · · · , N . Let
si denote the number of bandwidth units allocated to the
first i users in the network (1 ≤ i ≤ N ), and ki be the
number of bandwidth units allocated to user i. We then
have si−1 = si − ki. Let fi(si) denote the maximum agent’s
reward obtained when we allocate si bandwidth units to
the first i users. We then have the following state transition
equation:

fi(si) = max
0≤ki≤si

(fi(si), fi−1(si − ki)+

αi · log(1 + z∗i (ki)))

fi(0) = 0

(29)

Based on (29), the maximum agent’s reward (or
fN (⌊B/Bmin⌋)) as well as the optimal bandwidth units
allocated to each user can then be calculated, as summarized
in Algorithm 3, where f [i][j] and p[i][j] are used to respec-
tively represent the agent’s maximum reward obtained as
well as the specific bandwidth units allocated to user i,
when we allocate j bandwidth units to the first i users.

In dynamic bandwidth allocation scenario, the agent
first determines the bandwidth allocation variable k∗i (i =
1, · · · , N ) based on Algorithm 3. The user selection variable
is then determined based on l∗i = ⌈k∗i /B⌉, and the opti-
mal transmit power P ∗

i and sensing data size z∗i of each
selected user are determined based on Algorithm 1. After
that, the optimal solution of {k∗i , l∗i , P ∗

i z∗i } is broadcast
to the selected users. In this scenario, the computational
complexity of our joint sensing and communication design
is dominated by Algorithm 3, or O(NM · log2((Pmax −
Pi,min)/ε) + N · M2), where M = ⌊B/Bmin⌋ is the total
number of bandwidth units in the network.

6 SIMULATION RESULTS

In this section, the performance of our proposed framework
is evaluated through experimental simulations. The simula-
tion parameters are set as follows unless otherwise specified.
We consider an MCS system consisting of a cellular BS, an
edge server and N mobile users, where N ranges from 20
to 200. The distance between the BS and mobile users is
uniformly distributed in the range [10, 200] meters, where
the path loss model L(d) = 34 + 40log(d) is applied. The
maximum transmit power of users is set to 23 dBm (or 0.2
W) [33], and the energy of user i, i.e, Ei, ranges from 0.01
J to 0.1 J. For easy reference, all the parameters used in the
MCS system are summarized in Table 2.

The sub-channel parameters in static bandwidth allo-
cation scenario are set as follows. There are two cases in
static bandwidth allocation, i.e., the bandwidth of each sub-
channel is equal or different. When there are 20 sub-channels
(i.e., R = 20) with total bandwidth B= 20 MHZ, we set the
bandwidth of each sub-channel to 1 MHz in the first case.
While in the other case, we consider the following settings:
2 sub-channels with bandwidth 200 KHz, 2 sub-channels

TABLE 2
MCS system parameters

Notation Description Value
N # of mobile users 20-200

Pmax Maximum transmit power 0.2 W [33]
Ei Energy of user ui 0.01-0.1 J [10]
T Sensing task requirement 1-10 s [10]
B Total wireless bandwidth 20 MHz [27]
R The number of sub-channels 20 [27]

Bmin Minimum bandwidth unit 200 KHz
di Distance between user and BS 10-200 m
oi Sensing data rate of user i 105 − 106 bits/s [10]

ei
Sensing energy

consumption per bit
10−12−

10−11 J/bit [40]
ci Reward coefficient 1-2
mi Payment coefficient 0.1-1
N0 Noise power density -174 dBm/Hz
ε The tolerance error 10−6

TABLE 3
Comparison of Average Running Time (sec)

Algorithms
N

40 80 120 160 200

Algorithm 1 3.0*10−5

Algorithm 2 0.06 0.14 0.21 0.28 0.35
Algorithm 3 0.06 0.13 0.19 0.25 0.31

with bandwidth 300 KHz, 4 sub-channels with bandwidth
500 KHz, 6 sub-channels with bandwidth 1 MHz, 2 sub-
channels with bandwidth 1.5 MHz, and 4 sub-channels with
2 MHz.

6.1 Running Time of proposed algorithms
We first evaluate the average running time (over 20 in-
stances) of our proposed algorithms using Python on a
typical office computer with 2.9 GHz Inter CPU i7-10700
and 16 GB RAM. Table 3 presents the running time of
Algorithms 1-3 versus the total number of users in the
network (i.e., N ). As the complexity of Algorithm 1 is
O(log2((Pmax − Pi,min)/ε)) (where Pmax = 0.2 W and
ε = 10−6 are set in our simulations), the average running
time of Algorithm 1 is approximate to 3.0*10−5 seconds
under different values of N . While the running time of
Algorithms 2 and 3 both increases with N , which verifies
our complexity analyses presented in Sections 4.4 and 5.
We also find that the average running time of Algorithms
2 and 3 is close in our simulations, which indicates that
the flexibility in dynamic bandwidth allocation does not
introduce additional computational complexity. This can
also be verified by the complexity analyses in Sections 4.4
and 5.

6.2 Optimal User Selection and Bandwidth Allocation
We next examine the impact of energy on user selection
and bandwidth allocation in Fig. 4, where the total number
of users N is set to 80, and the energy of user 1 varies,
while those of users 2, · · · , N are fixed. Two cases are
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Fig. 4. Impact of energy on bandwidth allocation
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Fig. 5. Bandwidth allocation under different number of users in the
network

considered in static bandwidth allocation scenario, where
the bandwidth of each sub-channel is identical and different
respectively. We can see that when the energy is deficient
(or 0), no bandwidth is allocated to user 1, or user 1 is
not selected for the sensing task. When user 1 is selected,
the allocated bandwidth is the same in case 1 of static
bandwidth allocation. While in case 2 of static bandwidth
allocation or dynamic bandwidth allocation scenario, the
allocated bandwidth first increases and then decreases with
the available amount of energy. This observation indicates
that when the energy is insufficient, more bandwidth needs
to be allocated to the user for increasing the user’s data
utility. However, when the energy is sufficient, the user
can provide large data utility even with smaller allocated
bandwidth, which can save more bandwidth for other users
in order to increase the sum data utility.

Next, the impact of total number of users N on user
selection and bandwidth allocation is examined in Fig. 5,
with y-axis indicating the bandwidth allocated to a specific
user, or user 1. We can see that when the number of users
in the network increases, the allocated bandwidth to user
1 is always decreased. This is because more mobile users
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Fig. 6. Optimal transmit power vs. energy of the user

in the network implies higher chance to obtain higher data
utility contributed by new users, resulting in a decreased
bandwidth allocated to a specific user for saving more
bandwidth to forthcoming users. Besides, we find that when
the number of users exceeds a threshold (140 in the simula-
tion scenario), the bandwidth allocated to user 1 becomes
0 (i.e., user 1 is no longer selected for the sensing task)
in static bandwidth allocation scenario, while the allocated
bandwidth keeps at a minimum value (i.e., Bmin) in dy-
namic bandwidth allocation, which verifies the flexibility of
dynamic bandwidth allocation.

6.3 Optimal Transmit Power and Sensing Duration

We then investigate the trend of transmit power and sensing
duration. Fig. 6 shows how the optimal transmit power
of a specific user (i.e., user 1) changes as the energy of
this user varies, while the energy of other users is fixed.
We can see that as the energy of the user increases, the
optimal transmit power of the user always increases until
the maximum transmit power (i.e., 0.2 W) is reached. This
is because when the energy increases, the user can always
select a larger transmit power for transmitting more sensed
data. We also find that the optimal transmit power in
dynamic bandwidth allocation scenario is the smallest. This
is because the bandwidth allocated to the user in dynamic
bandwidth allocation scenario is always the smallest, as can
be seen from Fig. 4, and smaller bandwidth can result in a
smaller transmit power (i.e., a smaller Pi,opt), which is in
accordance with Proposition 1.

Fig. 7 shows how the optimal sensing duration of a
specific user (i.e., user 1) changes with its available energy.
In Fig. 7, we set the sensing task time requirement T to 10
seconds, vary the energy of user 1, and fix the parameters
of other users. We can see that the optimal sensing duration
increases with the energy of the user. This is because larger
energy usually leads to a larger transmit power (see Fig. 6),
in turn resulting in a smaller transmission time and a larger
sensing duration. We also find that the increment of sensing
duration is small because the bandwidth allocated to the
user can be decreased as the energy of the user increases
(see Fig. 4).
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Fig. 7. Optimal sensing duration vs. energy of the user
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6.4 MCS Performance on Simulated Dataset

In this subsection, we study the performance trend of the ob-
jective value (or the agent’s reward) under varying system
parameters generated according to Table 2. As the perfor-
mance trend under static or dynamic bandwidth allocation
scenario is similar, we only show the results of dynamic
bandwidth allocation below for saving page space.

Since there is only little existing work on joint sensing
and communication design in MCS, we extend the key idea
of work [10], [18], [19] to design two reference policies for
performance comparison. The first one is named as greedy-
based user selection and bandwidth allocation (GUSBA)
policy, which is modified from those greedy based task al-
location algorithms in [18], [19]. Specifically, GUSBA policy
incrementally determines the user selection and bandwidth
allocation based on users’ sensing data rates, while opti-
mizing the sensing data size and transmit power according
to our Proposition 1. The second one is maximized sensing
duration (MSD) policy, which is modified from the work in
[10]. In [10], the authors maximized (in Lemma 2) the data
sensing duration without considering the wireless band-
width and energy limitations. MSD policy is thus proposed
with such data sensing settings, while optimizing the user
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Fig. 9. Agent’s reward vs. sensing task’s time requirement
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selection and bandwidth allocation according to our Algo-
rithm 2 or 3.

In addition to GUSBA and MSD policies, we also employ
other four baseline policies, named as random user selection
(RUS), random bandwidth allocation (RBA), fixed sensing
duration (FSD) and random transmit power (RTP) policies,
to examine the performance improvements of our jointly
optimized user selection, bandwidth allocation, transmit
power and sensing duration parameters. Specifically, these
four policies are to fix or randomly determine one parameter
while optimizing the other three parameters, i.e., RUS, RBA
and RTP policies are to randomly determine the set of
selected users, the bandwidth and transmit power of the
selected users respectively, while FSD policy is to allocate
fixed sensing time duration (e.g., half of T ) to selected users.

Fig. 8 illustrates the agent’s reward versus the number of
users N with sensing task requirement T = 10 sec. It can be
observed that the agent’s reward always increases with N
expect RBA policy (as RBA policy determines bandwidth
allocation randomly). This is because more mobile users
in the network indicates that more users can be selected
for the sensing task if the wireless bandwidth is adequate,
and more mobile users also increases the chance of having
higher data utility contributed by new users, resulting in an
increased agent’s reward. We also find the performance gap
between our proposed policy and GUSBA policy increases
with N . This is because GUSBA policy incrementally selects
the set of users without considering the channel states and
available energy of other users. As a result, the performance
gap becomes large when the wireless bandwidth becomes
insufficient (or N becomes large). Finally, we observe that
our proposed policy provides the best performance, fol-
lowed by GUSBA, RTP, FSD, RUS, RBA and MSD policies.
MSD policy provides the worst performance as it maximizes
the sensing duration without considering the energy limita-
tion, resulting in a poor performance when the available
energy of users is insufficient.

In Fig. 9, the agent’s reward is illustrated versus the
sensing task requirement T with N = 120. We can see
that the agent’s reward always increases with T expect FSD
and MSD policies. This is because FSD and MSD policies
determine the data sensing duration based on sensing task
requirement T without considering the energy limitation.
As a result, the performance of FSD and MSD policies starts
to deteriorate when the available energy of the user becomes
a major limitation (or T becomes large). We further find the
performance gap between our proposed policy and RTP pol-
icy increases with T . This is because RTP policy determines
the transmit power of each user randomly, resulting in a
non-optimal energy allocation result. And the performance
degradation caused by this non-optimal energy allocation
becomes non-negligible when the available energy of the
user becomes a major limitation (or T is large).

In Fig. 10, the agent’s reward is shown versus the max-
imum energy of users (denoted as Emax) with T = 10 sec
and N = 120. Emax varies from 0.01 J to 0.1 J, and the
energy of each user (i.e., Ei, i = 1, · · · , N ) is uniformly
distributed in the range [Emax/10, Emax]. Again, we can
see that the proposed policy provides the best performance.
Specifically, our proposed policy provides performance gain
of about 7%, 14%, 47%, 88%, 110% and 801% as compared
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Fig. 12. Agent’s reward vs. the available wireless bandwidth

with GUSBA, RTP, FSD, RUS, RBA and MSD policies, re-
spectively. We also find that the agent’s reward increases
with the maximum energy of users, especially for RTP,
FSD and MSD policies. This is because these three policies
allocates non-optimal energy for data sensing and trans-
mission, and the performance degradation caused by this
non-optimal energy allocation will reduce with the available
energy of the user.

Fig. 11 shows how the agent’s reward changes with
the available wireless bandwidth B. We set T = 10 sec,
N = 120 and Emax = 0.1 J in Fig. 11. We can observe that
the agent’s reward increases with B. This is because more
available bandwidth in the network can always lead to more
users being selected for the sensing task and/or an increased
amount of bandwidth allocated to the selected users. The
improvement of RUS policy is relatively small because the
set of (randomly) selected users under RUS policy is fixed
in Fig. 11. As a result, although larger B can lead to larger
amount of bandwidth allocated to the selected users, the
improvement on agent’s reward is limited when the selected
users are fixed.

6.5 MCS Performance on Real-World Dataset

In this subsection, we examine the performance of our pro-
posed framework on a real-world dataset of GPS trajectory,
which was collected in (Microsoft Research Asia) Geolife
project by 182 users in a period of over three years [34]. We
consider user mobility or user activity monitoring related
sensing tasks, which require users to collect and transmit
their GPS records to the agent. The real-world dataset is
thus leveraged to model the sensing data rates (oi) of the
N = 182 users. Specifically, we take the sensing data rates of
the 182 users at a certain time snapshot and set the sensing
task time requirement T to 1 hour.

In Fig. 12, the agent’s reward is illustrated versus the
available wireless bandwidth B with the maximum energy
of users Emax = 0.01 J. Similar to the results on the simu-
lated dataset (see Fig. 11), we find that the agent’s reward
increases with B, and our proposed policy provides the best
performance. On average, the increments of our proposed
policy to RTP, FSD, GUSBA, RUS, MSD and RBA policies
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Fig. 13. Agent’s reward vs. the maximum energy of users

are 6%, 8%, 13%, 20%, 35% and 82%, respectively. We further
find the performance gap between our proposed policy and
MSD policy is smaller than that in Fig. 11. This is because the
sensing data rate is much smaller than the transmission rate
in this case, or the optimal sensing duration will be much
larger than the transmission duration. The performance
degradation caused by maximizing the sensing duration
without considering energy limitation (i.e., FDS policy) is
thus smaller than that in Fig. 11.

Fig. 13 shows the agent’s reward versus the maximum
energy of users Emax under different policies (RBA policy
is included due to its poor performance). We find that the
performance trends in Fig. 13 are similar to the results
on the simulated dataset (see Fig. 10). Especially, when
Emax increases, an obvious performance improvement is
observed for both RTP and MSD policies. This is because
the performance degradation caused by the non-optimal
energy allocation in RTP and MSD policies reduces with the
available energy of the user. In contrast, the performance
improvement under another four polices is relatively small.
This is because although the increase of energy can lead
to an increased amount of sensed data at the user, the
improvement on agent’s reward (or data utility) can be
small due to the repeated and redundant data sensed.

From the discussions above, we conclude that our pro-
posed policy provides the best performance on both simu-
lated and real-world datasets under varying system param-
eters. Although there exist differences in specific objective
values, the overall performance trends of all policies on the
simulated and real-world datasets are similar.

7 CONCLUSION

In this paper, we have designed a unified framework for
joint sensing and communication over resource constrained
MCS systems. An optimization problem is formulated and
solved to jointly perform the user selection, bandwidth
allocation, data sensing and transmission involved in the
system, with the aim of maximizing the performance of
sensing task. Simulation results show that the transmit
power, sensing duration, bandwidth allocation and user
selection jointly determine the system performance, and our

proposed policy provides significant performance improve-
ments as compared to several baseline solutions. Simulation
results also indicate that selecting more users for a sensing
task is more important than increasing the amount of data
sensed by a specific user, which is particularly essential for
managing multiple sensing tasks. This work can be further
extended to other related scenarios, such as cooperation
among multiple agents and integrated sensing, computation
and communication at network edge.
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