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Wireless communication networks have evolved over time
to highly complex and large-scale systems and are often
operated by various decentralized network entities. Along
with this evolution, traditional centralized control techniques
with pure engineering concerns no longer apply due to the
lack of economic design to reconcile the conflict of interest or
even competition among selfish network entities. Economic
incentive is also needed when emerging communication
architectures require cooperation among various network
entities to share limited resources (e.g., spectrum and energy)
or expensive infrastructure (e.g., cellular-WiFi networks).

This special issue aims to bring together state-of-the-
art research contributions on the application of economic
and game-theoretic models and principles to address chal-
lenges in the deployment and optimization of communica-
tion networks and services. Potential topics of this special
issue include 5G communication systems, green communi-
cations, dynamic spectrum access, cooperative communica-
tions, cellular-WiFi networks, mobile social networks, mobile
crowdsourcing, mobile cloud computing systems, mobile
video caching and distribution, wireless virtualization, and
game theory in communications, networking, and services.
We received a total of 22 submissions, and after two rounds
of rigorous review, 9 papers were accepted.

In the first paper “Fairness-Aware and Energy Efficiency
Resource Allocation in Multiuser OFDM Relaying System,”
G. Liang et al. propose a fairness-aware resource alloca-
tion scheme for an energy-efficient communication in a
cooperative orthogonal frequency divisionmultiple (OFDM)
network based on jointly optimizing the subcarrier pairing,
channel-user assignment, and power allocation. In contrast

to the traditional relay-based OFDMnetworks, in the second
phase, the source is allowed to retransmit the same signal
in the first phase, further improving the system capacity
performance.

In the paper “Minimizing the Average Waiting Time of
Unequal-Size Data Items in a Mobile Computing Environ-
ment,” J.-Y. Wang studies how to minimize the waiting time
formobile computing customers, given the limited resources,
and proposes near-optimal solutions to ensure service quality
and computation speed.

In the paper “Coordinated Precoding for D2D Com-
munications Underlay Uplink MIMO Cellular Networks,”
B. Fang et al. study the coordinated precoding problem
for device-to-device (D2D) communications underlaying
multiple-input multiple-output (MIMO) cellular networks.
The system model considered here consists of multiple D2D
user pairs attempting to share the uplink radio resources of
a cellular network. Authors first formulate the coordinated
precoding problem for the D2D user pairs as a sum-rate
maximization (SRM) problem, which is nonconvex in gen-
eral, and then reformulate it as a difference convex- (DC-)
type programming problem, which can be iteratively solved
by employing the famous successive convex approximation
(SCA) method. By introducing a price based interference
management mechanism, authors further reformulate the
coordinated precoding problem as a Stackelberg game.Then,
a distributed precoding algorithm is developed based on the
concept of Stackelberg equilibrium (SE).

In the paper “Optimal Network QoS over the Internet
of Vehicles for E-Health Applications,” D. Lin et al. looked
at the wireless technology problem to support ubiquitous
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healthcare applications due to electromagnetic interference
(caused by RF transmission) to medical sensors. It models
and optimizes the QoS within the whole Internet of vehicles
for E-health by allocating transmit power for each user.

In the paper “LPPS: A Distributed Cache Pushing Based
K-Anonymity Location Privacy Preserving Scheme,” M.
Chen et al. looked at location-based services’ privacy con-
cern and proposed location privacy preserving scheme that
achieves 𝑘-anonymity guarantee.

In the paper “Sleep Control Game for Wireless Sensor
Networks,” S. H. Lee et al. aim to help each wireless sensor
node to control its sleep mode and reduce energy consump-
tion without sacrificing the message latency. Game theory is
applied to optimally tell how each node schedules sleep and
remove unnecessary wake-up in the equilibrium.

In the paper “Resource Allocation in a Generalized
Framework for Virtualized Heterogeneous Wireless Net-
work,” B. Fan et al. propose a generic framework for
virtualizing heterogeneous wireless network with different
radio access technologies (RATs). The authors introduce a
novel virtual medium access control (VMAC) concept to
converge different RAT protocols and perform inter-RAT
resource allocation. To suit the proposed framework, they
further propose a virtualization based resource allocation
scheme and formulate the problem as a mixed combinatorial
optimization, which jointly considers network access and
rate allocation. First, to solve the network access problem,
authors develop an adaptability ratio to model the fact
that different RATs possess different adaptability to different
services and adopt a Grey Relational Analysis (GRA)method
to calculate the adaptability ratio. Second, authors model
a Nash bargaining game where services are game players
bargaining for RAT resources and derive the closed-form
Nash bargaining solution (NBS).

In the paper “Cross-Layer Cooperative Power Control in
Heterogeneous Multihop Networks,” F. Tian et al. investigate
how to perform optimal cooperative power control for the
coexistence of heterogeneous multihop networks. Then, they
first formulate a multiobjective optimization problem for the
total power consumption of the two heterogeneous multihop
networks with discretized power level and then reformulate
the nonlinear constraint (relationship between power and
capacity) into the linear one by piecewise linearization proce-
dure and offer an in-depth study of cooperative power control
in terms of its optimal power: theminimumpower consump-
tion with discretized power level for both heterogeneous
multihop networks. Through a novel approach based on
adaptive weighted sum method, they further transform the
multiobjective optimization problem into a single-objective
optimization problem and find the set of Pareto-optimal
points iteratively.

In the paper “Novel Handover Optimization with a
Coordinated Contiguous Carrier Aggregation Deployment
Scenario in LTE-Advanced Systems,” I. Shayea et al. deploy
Coordinated Contiguous-CADS (CC-CADS) and a Novel
Handover Parameters Optimization algorithm that is based
on the Weight Performance Function (NHPO-WPF) for
LTE-Advanced systems to enhance system performance in
terms of throughput, coverage area, and connection stability

and to reduce management complexity. The CC-CADS uses
two contiguous Component Carriers (CCs) that have two
different beamdirections, and theNHPO-WPF automatically
adjusts the HCPs based on theWeight Performance Function
(WPF), which is evaluated as a function of the Signal-to-
Interference Noise Ratio (SINR), cell load, and UE’s velocity.
Simulation results show that the CC-CADS and the NHPO-
WPF algorithm provide significant enhancements in system
performance over that of conventional CADSs and HPO
algorithms from the literature, respectively. The integration
of both solutions achieves even better performance than
scenarios inwhich each solution is considered independently.
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The carrier aggregation (CA) technique and Handover Parameters Optimization (HPO) function have been introduced in LTE-
Advanced systems to enhance system performance in terms of throughput, coverage area, and connection stability and to reduce
management complexity. Although LTE-Advanced has benefited from the CA technique, the low spectral efficiency and high ping-
pong effect with high outage probabilities in conventional Carrier AggregationDeployment Scenarios (CADSs) have becomemajor
challenges for cell edge User Equipment (UE). Also, the existing HPO algorithms are not optimal for selecting the appropriate
handover control parameters (HCPs). This paper proposes two solutions by deploying a Coordinated Contiguous-CADS (CC-
CADS) and a Novel Handover Parameters Optimization algorithm that is based on the Weight Performance Function (NHPO-
WPF). The CC-CADS uses two contiguous component carriers (CCs) that have two different beam directions. The NHPO-WPF
automatically adjusts the HCPs based on the Weight Performance Function (WPF), which is evaluated as a function of the Signal-
to-Interference Noise Ratio (SINR), cell load, and UE’s velocity. Simulation results show that the CC-CADS and the NHPO-WPF
algorithm provide significant enhancements in system performance over that of conventional CADSs and HPO algorithms from
the literature, respectively.The integration of both solutions achieves even better performance than scenarios in which each solution
is considered independently.

1. Introduction

Several techniques and automatic functions have been pro-
posed and developed to enhance system performance and
reduce management complexity of Long Term Evolution
Advanced (LTE-Advanced) systems, Releases (Rel.) 10 to 13.
Carrier aggregation is a technique that was proposed to
enhance system throughput and provide a wider coverage
area [1–4], while the Self-Optimization (SO) is one of the Self-
Organization Network (SON) features that were introduced
in LTE [5] and LTE-Advanced [6–11] systems. The main aim

of Self-Optimization is to automate the management process
by dynamically adapting system parameters to improve
system quality. It alsomanages the network complexity that is
a result of the significant increases in the size and complexity
of modern mobile cellular systems.

Five CADSs have been introduced with the advent of
CA technique [1–4] in LTE-Advanced systems by the Third
Generation Partnership Project (3GPP). These CADSs have
been introduced to support UE’s mobility and enhance sys-
tem performance through the UE mobility in the cells. Each
CADS provides a different coverage area, which depends
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on the operating frequency and the beam directions of the
configured CCs. Therefore, each CADS provides different
system performance results for mobile UEs. Thus, if a CA
technique is considered, one of these scenarios should be
carefully selected via a mobility study. Because CADS-4 and
CADS-5 represent repeated scenarios of CADS-1 and CADS-
3, this paper will focus on only the first three CADSs. In
CADS-1, both CCs provide the same coverage, which is
supporting the UE’s mobility, but overlaying the CCs leads
to insufficient coverage at the boundaries of both cells. In
CADS-2, only CC1 provides sufficient coverage, whereas CC2
provides a smaller coverage and is overlaid onCC1.Therefore,
the coverage at the cell boundaries of CC1 will be insufficient.
In CADS-3, only CC1 provides sufficient coverage, which
leads to insufficient coverage at the cell boundaries of each
CC even if CC2 is directed at the cell boundary of CC1.
Although several CADSs have been introduced in LTE-
Advanced systems [1–4], issues related to low throughput and
high outage probability have yet to be solved. These issues
may due to insufficient coverage provided by the serving
Evolved Node B (eNB).Thus, a new CA deployment scenario
is needed to provide sufficient and equal coverage for the
served eNB.

In the field of SONs, theHPO is an important SO function
that was introduced in LTE systems from Rel. 9 to Rel.
13 [6–11] to dynamically adapt HCPs to handle handover
problems. Handover is required to support UE mobility in
the coverage area and is performed by switching the radio
connection links of the UE from the serving cells to the
target cells. Thus, suboptimal settings of HCPs may lead
to large numbers of unnecessary handovers, such as high
handover ping-pong probability (HPPP), high Handover
Failure Probability (HFP), andhighRadio Link Failure (RLF).
These lead to wasted network resources. Therefore, the main
objective of introducing HPO function is to reduce the
number of HPPP, HFP, and RLF events that may result
from the suboptimal tuning of HCPs. In addition, HPO
function attempts to decrease the wasteful usage of system
resources due to needless optimization for HCPs. Although
the road map of the conventional HPO was introduced and
developed to reduce handover problems, it is not the optimal
algorithm for optimizing HCPs. Therefore, several handover
algorithms have been developed to optimize HCPs [12–14].
The Weighted Performance based on Handover Parameter
Optimization (WPHPO) algorithm adaptively tunes HCPs
based on the averageHandover Performance Indicator (HPI),
which is evaluated as a function of the HFP, HPPP, and
Drop Call Probability (DCP) [12, 13]. The Fuzzy Logic
Controller (FLC) was proposed to adaptively modify the
handover margin (HOM) level while setting the Time-To-
Trigger (TTT) to a fixed value [14]. The FLC adjusts the
HOM level based on two control input parameters, which are
known as DCP and Handover Ratio (HOR). Although the
conventional HPO,WPHPO, and FLC algorithms contribute
to enhancing the handover performance for UEs, nonro-
bust and nonoptimal algorithms for selecting appropriate
HCPs over CC-CADS exist. Consequently, an optimal HPO
algorithm is needed for the CA technique in LTE-Advanced
systems.

This paper proposes two enhancement solutions by
deploying appropriate CC-CADS and NHPO-WPF algo-
rithm. The CC-CADS uses two CCs that operate on two
contiguous frequency bands, with one transmitting antenna
of each CC.The beam of CC1 is directed at the cell boundary
of CC2 and the beam of CC2 is directed at the cell boundary
of CC1. The NHPO-WPF algorithm estimates the suitable
HCP values based on a WPF, which estimates the optimiza-
tion level based on three bounded functions. These three
functions are evaluated as a function of (i) the SINR, (ii)
the cell load, and (iii) the UE’s velocity. The NHPO-WPF
algorithm can adaptively adjust the HCPs values for each UE
independently based on these three parameters. Therefore,
suitable HCPs values will be selected, which leads to taking
an intact handover decision to the suitable target eNB at the
fit time, which in turn leads to decreased HPPP, HFP, and
RLF. Thus, the CC-CADS and NHPO-WPF algorithm will
contribute to effectively supporting seamless connectivity
between the UE and the serving network.

The remainder of this paper is organized as follows.
Section 2 describes the background and related work, and
Section 3 presents the proposed solutions. The system model
is described in Section 4, the evaluation of the handover
performance is presented in Section 5, and the results are
discussed in Section 6. Section 7 concludes the paper.

2. Background and Related Work

2.1. Standard Carrier AggregationDeployment Scenarios. Fig-
ure 1 shows the first three CADSs (i.e., CADS-1, CADS-2,
and CADS-3), which were introduced in [1–4]. In CADS-1,
the operating frequencies for CC1 and CC2 are assumed to
lie in a contiguous band, while the beams of both CCs are
assumed to be directed in the same direction. Therefore, the
coverage of CC1 andCC2 overlap and are colocated, as shown
in Figure 1(a), and provide nearly the same coverage area.
In CADS-2, the frequencies of CC1 and CC2 are assumed
to operate on different bands; CC1 is assumed to operate in
the lower frequency band, and CC2 is assumed to operate
in the higher frequency band. In addition, the beams of
both CCs are assumed to be directed in the same direction.
Therefore, the coverage of the CC1 and CC2 cells is overlaid
and colocated, as shown in Figure 1(b), but CC1 has a larger
coverage area than CC2 due to the smaller path loss that
results from CC1. Therefore, only CC1 provides sufficient
coverage, andCC2 is used to extend the bandwidth to provide
higher throughput to the UEs. In CADS-3, CC1 and CC2
are assumed to operate on noncontiguous bands; CC1 is
assumed to operate on the lower frequency band, and CC2 is
assumed to operate in the higher frequency band.The beams
of the CCs are assumed to be directed in different directions.
Therefore, the coverage areas of CC1 and CC2 are colocated
as shown in Figure 1(c), but CC1 has a larger coverage area
than CC2 due to the smaller path loss that results from CC1.

In the first CADS, both CCs can provide sufficient
coverage but are overlaid. Therefore, the coverage provided
by both CCs is focused in one direction and is insufficient
everywhere around the serving cell, especially at the cell
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Figure 1: Three different CADSs that have been standardized by the 3GPP [1–4].

boundaries of the CCs. In CADS-2, only CC1 can provide
sufficient coverage, whereas CC2 provides a smaller coverage
and is overlaid on CC1. The coverage is insufficient at the
cell boundaries of CC1. In CADS-3, only CC1 can provide
sufficient coverage; CC2 provides insufficient coverage due
to the large path loss produced by CC2. Therefore, the
coverage provided by both CCs will be insufficient at the cell
boundaries of eachCC.These threeCAdeployment scenarios
cannot provide sufficient coverage everywhere around the
serving eNB. A new CA deployment scenario is thus needed
to provide sufficient and equal coverage around the serving
eNB.

2.2. Handover Parameter Optimization Studies. The road
map of HPO function (conventional HPO algorithm) was
introduced by the 3GPP as a fundamental feature to deploy
LTE-Advanced systems [5–11, 16]. HPO aims to adap-
tively adjust the HCPs values to maintain system quality
and perform automatic optimization for HCPs with mini-
mal human intervention. In particular, the HPO function
attempts to detect and perform corrections of (i) RLF due
to mobility and (ii) the ping-pong effect. The conventional

HPO algorithm adaptively adjusts the HCPs when RLF or
ping-pong is detected as a result of (i) an early handover,
(ii) a late handover, (iii) a handover to the wrong cell,
or (iv) inefficient use of system resources caused by an
unnecessary handover. These outcomes occur as a result of
suboptimal HCP settings. Thus, if RLF or HPPP is detected
as a result of suboptimal HCPs settings, the HPO algorithm
can adjust the HCPs values for the corresponding cell to
solve the handover problem. Although the conventional
HPO was developed to reduce handover problems, it is
not the optimal algorithm for optimizing HCPs. Therefore,
several handover parameter optimization studies have been
conducted to address the drawbacks of the conventional
HPO algorithm in LTE systems, and several solutions have
been proposed to handle handover problems that are caused
by a suboptimal optimization (see [12–14] and references
therein). These solutions will be highlighted and investigated
in this paper to compare their performance with that of the
proposed algorithm. The conventional HPO algorithm will
also be considered to show the superiority of the proposed
algorithm.

WPHPO was proposed to adaptively tune HCPs for
cells based on the average HPI [12, 13]. HPI is evaluated
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Figure 2: Coordinated Contiguous-Carrier Aggregation Deployment Scenario.

as a function of HFP, HPPP, and DCP. However, WPHPO
attempts to find the suitable HOM level and TTT interval for
each cell. When the HPI at time 𝜏 + 𝜌 becomes greater than
the HPI at time 𝜏, the system performance is degraded, while
if the HPI at time 𝜏 + 𝜌 becomes smaller than HPI at time
𝜏, it indicates that the cell performance is good. Therefore, if
the differences between HPI(𝜏) and HPI(𝜏+𝜌) become equal
to or greater than a specific level, the WPHPO performs a
one-step optimization. Otherwise, theWPHPOwill continue
using the older handover parameter values.

FLC was proposed to adaptively modify the HOM level,
while the TTT interval is assumed to be fixed at 100ms
[14]. However, the FLC adjusts the HOM level based on two
control input parameters, which are known as Call Drop Rate
(CDR) and HOR. Based on these two input parameters, the
FLC automatically performs the optimization to select the
suitable HOM level. The HOM level is selected for each cell
based on the CDR and HOR levels in the corresponding cell.
FLC adjusts the HOM in every Transmission Time Interval
(TTI), and the selectedHOM level is restricted between 0 and
12 dB.

These HPO algorithms were aimed at providing efficient
optimization for HCPs, but no optimal solution exists. All
the highlighted HPO algorithms perform optimization for
all UEs in the cell simultaneously. This leads to an increased
probability of unnecessary handovers by adjusting the HCP
values for UEs who do not need their HCPs to be optimized.
In addition, some of these algorithms, such as FLC, adjust
only the HOM level, while the TTT is set to a fixed value.
Thismalfunction reduces themain purpose of theHPO func-
tion. Consequently, nonrobust and nonoptimal algorithms
for selecting appropriate HCPs over CC-CADS have been
developed. Moreover, handover parameter optimization with
the existing CA technique is one of themost significant issues
that should be investigated and validated in current research
on LTE-Advanced systems. Developing the HPO algorithm

that was used in Rel. 8, 9, and 10 was necessary for Rel. 11.
Therefore, a new solution to overcome the shortcomings of
the conventional and the existing HPO algorithm from the
literature is needed.

3. Proposed Solutions

In this paper, novel CC-CADS and NHPO-WPF algorithm
are proposed to enhance the system performance with the
existing CA technique in the LTE-Advanced system. These
two solutions are briefly described in the following two
subsections.

3.1. Coordinated Contiguous-Carrier Aggregation Deployment
Scenario (CC-CADS). In this paper, a new carrier aggre-
gation deployment scenario is proposed and introduced as
Coordinated Contiguous-Carrier Aggregation Deployment
Scenario (CC-CADS). This proposed deployment scenario,
CC-CADS, considers twoCCs to be configured in the system.
Both CCs are assumed to be colocated and operated on two
frequencies in a contiguous band. Meanwhile, the beam of
each configured CC is proposed to be pointed in a different
direction; the beam of CC1 is directed to the sector center,
and the beam of CC2 is directed toward the cell boundary
of CC1 as shown in Figure 2. In addition, more details about
CC-CADS as compared to the existing CADS are illustrated
in Table 1.Therefore, the CC-CADSwill combine the features
of CADS-1 and CADS-3 as long as the CC1 and CC2 are in
a contiguous band and their beams are directed in different
directions. Thus, the proposed CC-CADS is expected to
offer sufficient coverage than the previous CADS deployment
discussed earlier in Section 2. Meanwhile, it is expected that
both CCs can be aggregated at the same eNB. Because CC1
andCC2operate in a contiguous band, the coverage areas that
are supported by the two CCs will be sufficient and nearly
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Table 1: Summary of the proposed CC-CADS and the previous CADS from the literature [1–4].

CADS-1 CADS-2 CADS-3 Proposed CC-CADS
Band type Contiguous Non-Contiguous Non-Contiguous Contiguous
Frequency of CC1 2GHz 2GHz 2GHz 2GHz
Frequency of CC2 2.0203GHz 3.5GHz 3.5GHz 2.0203GHz
Spacing frequency 300 kHz 300 kHz 300 kHz 300 kHz

Beam orientation Both CCs have the
same direction

Both CCs have the
same direction

Each CC has different
direction

Each CC has different
direction

Coverage areas Identical Overlaid and
co-located Co-located Co-located

Initial PCC CC1 CC1 CC1 CC1
Initial SCC CC2 CC2 CC2 CC2

Weight  
function

Estimate weight  
of each bounded 

function

AWEF

Average 
HOM

Estimated 
HOM 
output

Estimated 
TTT output

Monitor 

level

Perform TTT 
selection 

through the HOM
estimation based on 
SINR levels

The proposed weight performance 
function 

WPF

Weight  
function

Weight  
function

f(L)
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control
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Figure 3: The proposed NHPO-WPF algorithm for estimating HCPs values.

the same. Additionally, the path loss differences between
these two CCs are insignificant compared to the path loss
differences between CC1 and CC2 that result from CADS-
3. Therefore, CC-CADS is expected to provide sufficient
coverage over both CCs and will support better mobility
everywhere around the serving eNB,which leads to enhanced
spectral efficiency and a reduced outage probability for the
UE.

3.2. Proposed Optimal Handover Parameter Optimization
Algorithm. In this paper, a NHPO-WPF algorithm is pro-
posed to automatically estimate the appropriate HCPs values,
as described in Figure 3. This algorithm performs opti-
mization based on a new proposed Weight Performance

Function (WPF) (𝑓WPF(𝛾, 𝐿, V)). TheWPF is evaluated based
on three bounded functions 𝑓(𝛾), 𝑓(𝐿), and 𝑓(V), which are
evaluated as functions of UE’s SINR(𝛾), traffic load (𝐿), and
UE’s velocity (V). The weight of each bounded function is
taken into account to estimate accurate HCPs values. Thus,
the NHPO-WPF algorithm will estimate the suitable HCPs
values, such as the HOM level and TTT interval for each UE
independently. The proposed WPF is formulated as follows:

𝑓WPF (𝛾, 𝐿, V) = 𝜔sinr ⋅ 𝑓 (𝛾) + 𝜔𝐿 ⋅ 𝑓 (𝐿) + 𝜔V ⋅ 𝑓 (V) , (1)

where 𝜔sinr, 𝜔𝐿, and 𝜔V represent the weights of 𝑓(𝛾), 𝑓(𝐿),
and 𝑓(V), respectively.
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The weight of each bounded function (𝜔sinr, 𝜔𝐿, and 𝜔V)
is automatically determined by an automatic proposedweight
estimator function (AWF), which is formulated as

𝜔𝑥 =
1 − 𝑓 (𝑥)

∑
𝐹
𝑖=1 (1 − 𝑓 (𝑥𝑖))

, (2)

where 𝜔𝑥 represents the weight of function 𝑓(𝑥), which can
be 𝑓(𝛾), 𝑓(𝐿), or 𝑓(V), 𝐹 denotes the optimizing parameters
factor, which represents the total number of parameters that
are considered for optimizing HCPs (this is set to 3 because
only three factors are considered (𝛾, 𝐿, and V)), and 𝑓(𝑥𝑖) is
a function of 𝑥𝑖, whereas 𝑥1, 𝑥2, and 𝑥3 denote 𝛾, 𝐿, and V,
respectively.

𝑓(𝛾) is a function of the SINR, which is expressed by

𝑓 (𝛾) =
𝛾𝑇 − 𝛾𝑆

𝛾max
, (3)

where 𝛾𝑆 and 𝛾𝑇 represent the SINRs over the serving PCC
and the selected target CCs, respectively, and 𝛾max is the
maximum expected SINR level measured at the UE, which
is assumed to be 30 dB.

𝑓(𝐿) is a function of the traffic loads, which is expressed
by

𝑓 (𝐿) =
𝐿𝑇 − 𝐿𝑆

𝐿max
, (4)

where 𝐿𝑇 and 𝐿𝑆 represent the occupant target and serving
traffic loads, respectively, and 𝐿max represents the maximum
load capacity of the system.

𝑓(V) is a bounded function that is evaluated as a function
of the UE’s speed V. It is expressed by

𝑓 (V) = 2 ⋅ log2 (1 +
V

Vmax
) − 1, (5)

where V represents the UE’s velocity and Vmax represents
the maximum expected velocity of the UE. It is assumed
roughly to be 140 km for theoretical investigation. In the
actual system, it can also be assumed based on the actual
environment (i.e., urban, suburban area).

The estimated value of𝑓WPF(𝛾, 𝐿, V) is used to estimate the
HOM level and to select the suitable TTT interval for each
UE independently as illustrated in Figure 3. The HOM level
is estimated bymultiplying𝑓WPF(𝛾, 𝐿, V) by the averageHOM
level (𝑀Avg), and the result is combined with𝑀Avg, which is
evaluated by

𝑀Avg =
(𝑀max −𝑀min)

2
, (6)

where 𝑀max and 𝑀min denote the maximum and minimum
handover margin, which are set to 10 dB and 0 dB, respec-
tively.

Similar to the HOM, TTT intervals are estimated dynam-
ically through the computed 𝑓WPF values. This dynamic
update of the TTT intervals provides a more accurate deter-
mination of the TTT as compared to the TTT steps defined

in the 3GPP standard. The update in TTT is denoted as Δ𝑇,
which is estimated by the following model:

Δ𝑇 =

{{{{

{{{{

{

𝑍1 if 𝑇min < 𝑇 < 𝑇max

𝑍2 if 𝑇 = 𝑇min

𝑍3 if 𝑇 = 𝑇max,

(7)

where 𝑍1, 𝑍2, and 𝑍3 are represented by (8), (9), and (10),
respectively:

𝑍1 =
{

{

{

𝑇 − 𝜌 if 𝑓WPF ≤ 𝑓WPF + Q

𝑇 + 𝜌 if 𝑓WPF ≥ 𝑓WPF + Q,
(8)

𝑍2 =
{

{

{

𝑇 if 𝑓WPF ≤ 𝑓WPF + Q

𝑇 + 𝜌 if 𝑓WPF ≥ 𝑓WPF + Q,
(9)

𝑍3 =
{

{

{

𝑇 − 𝜌 if 𝑓WPF ≤ 𝑓WPF + Q

𝑇 if 𝑓WPF ≥ 𝑓WPF + Q,
(10)

where 𝜌 and Q represent the optimization interval and step
level, respectively.

The constants, 𝜌 andQ, are meant to adjust the resolution
in which the TTT intervals are updated. If these constants are
selected to be small, higher resolution of TTT is achieved.
However, too high TTT resolution may impose high com-
putational complexity and delays to the system. Thus, for
simplicity, the values of 𝜌 and Q are selected to be 0.04 s and
0.1, respectively, throughout all the simulations. Furthermore,
it can be noticed that when the update value is saturated at
𝑇max or 𝑇min, then no further update is considered. 𝑇max or
𝑇min is determined from the 3GPP recommendations as 0.0 s
and 5.12 s, respectively.

The initial values of HOM and TTT for all the imple-
mented HPO algorithms are assumed to be 2 dB and 100
milliseconds, respectively.

Formore simplicity, the proposedNHPO-WPF algorithm
is simplified and summarized in Table 2. Meanwhile, it is
compared with some of the most related algorithms selected
from the literature. In this comparison, the significant factors
that are used to optimize handover control parameters are
presented. These factors can be briefly defined as follows.

Optimization Factors. Optimization factors are the influence
elements in the algorithm that are used to optimize handover
control parameters.

Optimized HCPs. They are the handover control parameters
that are considered to be optimized (estimated) automatically
based on certain condition.

Initial HCPs Values. They are the initial handover control
parameters values that are introduced at the initial setup of
the system.
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Table 2: Comparison the proposed NHPO-WPF algorithm with the most HPO related algorithms.

Algorithm name
(Authers)

HOP-Dis
(Zhu and Kwak [15])

WPHPO
(Bălan et al. [12, 13])

HPO-FLC
(Munoz et al. [14])

Proposed Algorithm
NHPO-WPF

Optimization
methodology

Automatic adjustment
based on distance

Automatic adjustment
based on HPI

Automatic adjustment
based on FLC

Dynamic adjustment based
onWPF

Optimization factors Distance
(i) HFP
(ii) HPPP
(iii) DCP

(i) CDR
(ii) HOR

(i) SINR
(ii) UE’s speed
(iii) Cell load

Optimized HCPs HOM (i) HOM
(ii) TTT

(i) Only HOM
(ii) TTT is set to a fixed

value

(i) HOM
(ii) TTT

Initial HCPs values HOM = 2 dB
TTT = 100ms

HOM = 8 dB
TTT = 160ms

HOM = 8 dB
TTT = 100ms

HOM = 2 dB
TTT = 100ms

Optimization level Based on distance HOM = 0.5 dB
TTT = based on 3GPP steps HOM = 1 dB (i) HOM = 2 dB

(ii) TTT not fixed
Optimization update
time — 𝜌 = 180 s 𝜌 = 0.1 s 𝜌 = 0.05 s

Optimization update
process Performed for all eNBs Performed for all eNBs Performed for all eNBs Performed for each UE

individually

Optimization Level. It is the increment or decrement level in
the handover control parameters.

Optimization Update Time. It is the duration that is separated
between two optimization processes.

Optimization Update Process. It is the level of optimization
over the system; for example, the optimization is performed
for one UE, sector, eNB, or overall the system.

4. Simulation Model

4.1. System Layout Model. The LTE-Advanced system can be
modeled as shown in Figure 4 and is built based on 3GPP
specifications that were introduced in [16, 17]. The network
consists of 61 macrohexagonal cell layout models, which are
built with an intersite distance of 500m for each cell. Every
hexagonal cell contains one eNB at its center, and each cell
consists of three sectors with two aggregated CCs in each
sector. Therefore, the network contains 61 cells, which are
equivalent to 183 sectors. The transmission powers from the
eNBs in the CCs are assumed to be the same. However, the
six eNBs that are located in the first tier are considered to
be the stations that cause interference to the UE during the
simulation time at any position 𝑥. The movement of all the
UEs is considered to occur only in the first 37 hexagonal
cells.Thus, when the UEmoves from the serving to the target
eNBs, it should be surrounded by six eNBs. These six eNBs
are considered to be the stations that cause the interference
for the UE.

The Frequency Reuse Factor (FRF) is assumed to be one,
200 UEs are generated randomly in the serving cell, and the
UEs in the target eNBs are generated and removed randomly.
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Figure 4: LTE-Advanced systemmodelwith 61 hexagonal cells, each
of which consists of three sectors.

The random generation and removal of UEs in the target
eNBs are intended to mimic the random generation of traffic
in the simulation. The UEs are generated at random uniform
positions in the cells, and each UE moves randomly at a
fixed speed throughout the simulation, which contains ten
differentmobile speeds.The speeds range from typical vehicle
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Beam angle = 30∘

Beam angle = 90∘

(b) CC-CADS and CADS-3

Figure 5: Beam directions of CC1 and CC2 based on different CADSs.

speeds in urban areas (40 km/hour) to a high train speed sce-
nario (140 km/hour). The Adaptive Modulation and Coding
(AMC) scheme is considered based on the sets of modulation
schemes (MS) and Coding Rate (CR) that were introduced
in [18–20]. In addition, to achieve accuracy in the high
performance evaluation, detailed models for the handover
procedure for LTE, the RLF detection, the reestablishment
procedure, and the Non-Access Stratum (NAS) recovery
procedure are considered in the simulation. The essential
parameters that are used in the simulation are listed in
Table 3. These parameters are taken based on LTE-Advanced
system profile that was defined by 3GPP specifications
[16–22].

4.2. Configuration of Carrier Aggregation Deployment Sce-
narios. Three CA deployment scenarios are considered and
compared with CC-CADS. In CADS-1, the operating fre-
quencies for CC1 and CC2 are assumed to be 2GHz and
2.023GHz, respectively, and the beams of both CCs are
directed in the same directions as shown in Figure 5(a).
In CADS-2, the operating frequencies for CC1 and CC2
are assumed to be 2GHz and 3.5 GHz, respectively, and
the beams of both CCs are directed in the same directions
Figure 5(a). In CADS-3, the operating frequencies for CC1
and CC2 are assumed to be 2GHz and 3.5GHz, respectively,
and the beam of each CC is directed toward the cell boundary
of the other CC. In CC-CADS, the proposed operating
frequencies for CC1 and CC2 are assumed to be 2GHz and
2.023GHz, respectively, and the beam of each CC is directed
toward the cell boundary of the other CC. All the operating
frequencies are assumed based on the agreed band scenarios
for the Rel. 12 timeframe [17]. However, both CCs in CC-
CADS are expected to provide sufficient coverage, and both
CCs can support mobility.

In CADS-3 and CC-CADS, the beam of each CC is
directed in a different direction, and each carrier is pointed
toward a different flat side of the hexagonal cell for all three-
sector sites as shown in Figure 5(b). Thus, the main beam

Table 3: Simulation parameters [16–22].

Parameter Assumption

Cellular layout
Hexagonal grid, 61 hexagonal
cells, 3 sectors per cell, 2 CCs

per sector
Minimum distance between UE
and eNB ≥35 meters

Total eNB TX power 46 dBm per CC
Shadowing standard deviation 8 dB
White noise power density (𝑁𝑡) −174 dBm/Hz
eNBs noise figure 5 dB
Thermal noise power 𝑁𝑃 = 𝑁𝑡+10 log (BW×10

6
) dB

UE noise figure 9 dB

Operation carrier bandwidth 20MHz for each, carrier PCC
and SCC

Total system bandwidth 40MHz (2CCs × 20MHz)
Number of PRBs/CCs 100 PRB/CC
Number subcarriers/RBs 12 subcarriers per RB
Number of OFDM symbols per
subframe 7

Subcarrier spacing 15 kHz
Resource block bandwidth 180 kHz
𝑄 rxlevmin −101.5 dB
Measurement interval 50ms for PCC and SCC
Time-to-Trigger (TTT) range 0 to 5120ms
HO margin Selected adaptively [dB]
Each𝑋2-interface delay 10ms
Each eNB process delay 10ms
T310 10 s
𝑇critical 2 seconds

of CC2 is directed in a different direction than the main
beam of CC1, and the beam of CC2 is directed toward the
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(1) If Target RSRP > Serving RSRP + HOM then
(2) If Trigger timer ≥ TTT then
(3) Handover Decission ← True
(4) else
(5) Handover Decission ← false
(6) Run Trigger Timer
(7) end
(8) else
(9) Handover Decission ← false
(10) Reset Trigger Timer
(11) end
HOM: Handover Margin Value.

Algorithm 1: Handover decision algorithm.

cell boundary of CC1. Therefore, the beams of CC1 in sectors
1, 2, and 3 are aimed at beam angles of 30∘, 150∘, and 270∘,
respectively, and the beams of CC2 in sectors 1, 2, and 3 are
aimed at beam angles of 90∘, 210∘, and 330∘, respectively, as
illustrated in Figure 5(b).

4.3. Simulation Scenario. In this paper, the RSRP is measured
periodically during every measurement interval to evaluate
the triggering Measurement Reports (MR) as performed in
the real UE. The measurement is performed periodically for
the PCCs and SCCs simultaneously from all neighboring
eNBs based on the RSRP level. The best CC from each sector
is then selected and ordered in a list based on the RSRP level.
The cell that provides the best RSRP is always selected as the
target cell candidate. After the target cell has been reported,
the serving eNB will make a handover decision based on
the best target cell. The serving eNB makes the handover
decision based on the qualities of the serving RSRPs over the
PCC and the quality of the selected target RSRPs. When the
target RSRP is greater than the serving RSRP by the handover
margin level during the TTT period, the serving eNB makes
a handover decision and sends the handover request message
to the target eNB.The handover decision can be expressed by
Algorithm 1.

If the handover decision is true, the serving eNB prepares
to perform the handover by sending a handover request
message to the target eNB, and theUEwill enter the handover
procedure to establish a connection with the target eNB. The
handover procedure is performed based on the handover
procedure of the LTE-Advanced system as described in [16].
Once the target eNB receives the handover request message,
it will start an admission control. If the admission control
decision is true, the target eNB will send a handover request
acknowledge to the serving eNB, which in turn will begin the
downlink (DL) allocation. Once the UE receives the RRC-
Connection-Reconfiguration message with the necessary
parameters, it will begin to execute the handover to the target
eNB.

ThedownlinkRSRP is evaluated andupdated periodically
(whether the handover request has been sent or not) to detect
the radio link connection’s status. If a RLF is detected, the

reestablishment request is sent to the target eNB to perform
the Radio Resource Control (RRC) reestablishment proce-
dure; the timer T310 (the maximum time allowed to recover
a connection through the RRC reestablishment procedure)
will be started, and cell reselection will be performed. Next,
the UE attempts to find a suitable cell that can provide
an RSRP greater than the minimum required receive level
(Q rxlevmin) in the cell. Once the UE finds a suitable cell,
it will select that cell as the target cell; if the UE finds
multiple suitable cells, the UE will select the best cell as the
target cell. Once the target cell has been selected, the UE
sends a reestablishment request message to the cell, and the
RCC reestablishment procedure is performed. However, if
the UE fails to find a suitable cell within the T310 period,
the reestablishment procedure will fail, and the UE proceeds
to the NAS recovery procedure. If the RRC reestablishment
attempt fails, the UE will attempt to perform the NAS
recovery procedure to recover the connection. The UE will
continue with the attempt to find a suitable cell after the
timer T310 has expired; once it finds a suitable cell, it will
perform the NAS recovery procedure on it. If the NAS
recovery procedure fails, the UE will restart the search for
a suitable cell. Once the UE finds a suitable cell, it will
attempt to perform aNAS recovery procedure on the selected
eNB again. The process of searching and performing the
NAS recovery procedure will continue until the UE finds a
suitable cell and successfully recovers the connection using
the NAS recovery procedure. These recovery procedures are
considered in the simulation to enhance the model and
accurately evaluate the performance of the handover with the
CA technique as performed in the real network. Moreover,
all the failure events are counted together with the U-plane
interruption time caused by these events.

4.4. Handover Scenarios. The introduction of the CA tech-
nique in mobile cellular systems creates an additional han-
dover scenario, which leads to an increased handover rate. In
LTE systems (Rel. 8 and 9), handover occurs between eNBs
in different cells or between different sectors of the same
cell. However, with the advent of the CA technique in LTE-
Advanced systems, additional handovers occur between com-
ponent carriers in the same sector, such as from F1 to F2 or
from F2 to F1. Five handover scenarios can occur in an LTE-
Advanced system based on CA technique: (i) interfrequency
intrasector and intra-eNBhandover, (ii) intrafrequency inter-
sector and intra-eNB handover, (iii) interfrequency intersec-
tor and intra-eNB handover, (iv) intrafrequency inter-eNB
handover, and (v) interfrequency inter-eNB handover [23].
All these handover scenarios are considered in this paper.

Intrafrequency means that the target and the serving car-
rier frequencies are the same, whereas interfrequency means
that the target and serving carrier frequencies are different.
Intrasector means that the target and serving sectors are
the same and intersector means that the target and serving
sectors are different. Intra-eNB means that the target and
serving eNBs are the same, and inter-eNB means that the
target and serving eNBs are different. All these handover
scenarios are illustrated in Figure 6.
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Figure 6: Frequency handover scenarios.
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5. Evaluation of Handover Performance

5.1. Downlink SINR Evaluation. This paper applies a macro-
cell propagation model that considers the path loss, shadow-
ing, and Rayleigh fast fading effects. The propagation model
can be formulated as [17]:

PL = 58.8 + 37.6 log10 (𝑑) + 21 log10 (𝑓𝑐) + 𝜓dB + 𝜗dB, (11)

where 𝑑 represents the distance between the UE and the eNB
in kilometers, 𝑓𝑐 is the operating carrier frequency in MHz,
𝜓dB is a log-normal shadowing in dB, and 𝜗dB represents the
Rayleigh fast fading effect in dB.

The transmitted signals in the DL transmission in an
LTE-Advanced network based on the CA technique and an
Orthogonal Frequency-Division Multiple Access (OFDMA)
scheme are considered, where every eNB can serve each UE
by 𝑁

UE
sc subcarriers over 𝑁

UE
CC CCs assigned to each UE.

This scenario means that each UE has the ability to receive
data from multiple subcarriers (𝑁UE

sc ) over several CCs. The
definition of the Physical Resource Block (PRB), which was
introduced in [18–20], is considered in this paper. However,
if the total number of subcarriers in a single CC is represented
by𝑁CC

sc , the total transmission power 𝑃TX of the eNB on each
CC is distributed equally over all the subcarriers. Thus, the
total transmission power of each subcarrier is expressed by
[24]

𝑃TX(𝑚,𝑘) =
𝑃TX
𝑁CC

sc
. (12)

The transmitted power, 𝑃TX(𝑚,𝑘) , over any subcarrier from
any eNB in an LTE-Advanced system is assumed to be the
same over any CC. Therefore, the useful received signal
power 𝑃RX(𝑚,𝑘) at UE on subcarrier k over CC𝑚 in the DL
transmission can be expressed by

𝑃RX(𝑚,𝑘) = 𝑃TX(𝑚,𝑘) + 𝐺TX𝑚 + 𝐺RX − PL𝑚 (dB) , (13)

where𝑃TX(𝑚,𝑘) represents the transmitted signal power on sub-
carrier 𝑘 over CC𝑚 in dBm, 𝐺TX𝑚 represents the transmitter
antenna gain over CC𝑚 in dB, 𝐺RX represents the receiver
antenna gain in dB, and PL𝑚 represents the path loss between
UE and eNB over CC𝑚 in dB.

Only the interference signals received by the UE from the
six neighboring eNBs located in the first tier that surrounds
the served eNB are considered. The interference signals that
are received from the eNBs located in the second tier will be
neglected due to the weakness of these interference signals
compared with those from the eNBs in the first tier.Thus, the
interference signals received by the UE on subcarrier 𝑘 over
CC𝑚 from𝐻 neighboring eNBs located in the first tier of the
served eNB are expressed as

𝐼𝑚,𝑘 =

𝐻

∑

ℎ=1

𝑃int(𝑘,𝑚 ℎ) , (14)

where 𝑃int(𝑘,𝑚 ℎ) represents the interference received signal
power by the UE on subcarrier 𝑘 over CC𝑚 from the
neighboring eNB ℎ.

Consequently, the SINR at the UE on subcarrier 𝑘 over
CC𝑚 is expressed by

SINR𝑚,𝑘 =
𝑃RX(𝑚,𝑘)

∑
𝐻
ℎ=1 𝑃int(𝑘,𝑚 ℎ) + 𝑃no𝑚,𝑘

, (15)

where 𝑃no𝑚,𝑘 represents the noise power for the UE on
subcarrier 𝑘 over CC𝑚.

5.2. UE Bit Rate. Based on the 3GPP specifications intro-
duced in [18, 25, 26], one radio frame consists of ten
subframes (i.e., one radio frame = 10ms), each subframe
consists of two time slots, one time slot consists of 0.5ms
(i.e., 1 subframe = 1ms), and one time slot consists of 7
modulation symbols if a normal Cyclic Prefix (CP) length
is used, in which the number of OFDMA symbols in each
slot depends on the CP length and the configured subcarrier
spacing. Each modulation symbol consists of 2, 4, or 6 bits if
QPSK, 16-QAM, or 64-QAM is used as modulation scheme,
respectively.

As explained in detail in [18, 26], the transmitted signal
in each time slot is configured by one or several resource
grids (RG), eachRG consists of several PRBs (𝑁DL

RB ), each PRB
consists of𝑁RB

sc subcarriers, and each subcarrier is configured
by 𝑁

DL
symb OFDMA symbols. The quantity of DL PRBs 𝑁DL

RB
depends on the entireDL transmission bandwidth configured
in the cell. Thus, a PRB consists of 𝑁DL

symb × 𝑁
RB
sc resource

elements that correspond to one slot in the time domain and
180 kHz in the frequency domain. Each modulation symbol
carries 𝑚symb

bit bits, which depend on the modulation scheme
that is selected. Consequently, the total number of bits in one
time slot that consists of 𝑁sc

symb modulation symbols can be
expressed by

𝐵
sc
bit = 𝑁

sc
symb𝑚

symb
bit . (16)

Each PRB consists of 𝑁RB
sc subcarriers. Therefore, the total

number of bits in one PRB (𝐵
RB
bit ) can be given by

𝐵
RB
bit = 𝑁

RB
sc 𝑁

sc
symb𝑚

symb
bit . (17)

However, each PRB contains 𝑁
RB
RS resource elements that

are configured as reference symbols, which correspond to
𝑁

RB
RS OFDM symbols in the time domain [26]. These, 𝑁RB

RS ,
reference symbols allow the UE to estimate the channel
condition. Therefore, the number of useful bits in one PRB
can be given by

𝐵
RB
bit = 𝑁

RB
sc (𝑁

sc
symb − 𝑁

RB
RS )𝑚

symb
bit . (18)

The total number of PRBs that can be assigned to each active
UE (𝑁

UE
RB ) depends on the number of active UEs in the cell

and the total available system bandwidth. The numbers of
PRBs that can be assigned to eachUE (𝑁UE

RB ) can be expressed
by

𝑁
UE
RB =

𝑁
Total DL
RB
𝑁

sys
UEs

, (19)
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where 𝑁Total DL
RB represents the total number of available DL

PRBs over the entire system bandwidth and𝑁
sys
UEs represents

the total number of active UEs in the system. Consequently,
the total number of useful bits that can be transmitted to each
UE 𝐵

UE
bit can be expressed by

𝐵
UE
bit = 𝑁

UE
RB𝑁

RB
sc 𝑁

sc
symb𝑚

symb
bit . (20)

The transmitted bits from the served eNB to the end UE
include the code rate bits; therefore, the effect of the code
rate, 𝐸, is considered in the evaluation.The total received UE
throughput that can be correctly received from multiple CCs
over the entire system bandwidth can be formulated by

𝑅
UE
bit =

𝑁
UE
RB𝑁

RB
sc (Nsc

symb − 𝑁
RB
RS )𝑚

symb
bit

𝑇𝑗

𝐸, (21)

where 𝑇𝑗 is the time over which the data bits are received for
UE𝑗.

5.3. Downlink Spectral Efficiency. The spectral efficiency can
be represented mathematically by aggregating the total UE’s
throughput that is correctly received by the UE at a specific
time and dividing by the total UE channel bandwidth.
Therefore, the normalized spectral efficiency 𝜂𝑗 for UE𝑗 can
be expressed by [25]

𝜂𝑗 =
𝑅
UE
bit

𝑇𝑗𝜔
UE
BW

(bits/sec/Hz) , (22)

where 𝑅UE
bit denotes the number of correctly received bits for

UE𝑗 in a system and 𝜔
UE
BW represents the UE’s channel band-

width, which can be calculated by multiplying the number of
PRBs assigned to UE𝑗, 𝑁

UE
RB , by the PRB’s bandwidth (𝐵RB)

and can be expressed by

𝜔
UE
BW = 𝑁

UE
RB𝐵RB. (23)

Consequently, from (21) and (22), the UE’s spectral efficiency
based on a single component carrier can be expressed by

𝜂𝑗 =
𝑁

UE
RB𝑁

RB
sc (𝑁

sc
symb − 𝑁

RB
RS )𝑚

symb
bit

𝑇𝑗𝜔
UE
BW

𝐸 (bps/Hz) . (24)

Because this study considers the CA technique based on 𝑈

component carries, the total UE’s spectral efficiency can be
formulated based on (21) as

𝜂𝑗 =

𝑈

∑

𝑚=1

𝑁
UE
RB (CC𝑚)𝑁

RB
sc (𝑁

sc
symb − 𝑁

RB
RS )𝑚

symb
bit

𝑇𝑗𝜔
UE
BW

𝐸 (bps/Hz) . (25)

5.4. Cell Edge UE’s Spectral Efficiency. The cell edge spectral
efficiency is an important measurement performance metric
that is used to evaluate the throughput at the cell boundary
in UE mobility studies of cellular communication systems.
Because the proposed CA deployment scenario and CADS-
3 are scenarios that can contribute to enhancing the cell

edge throughput, the cell edge UE’s spectral efficiency will be
evaluated to identify the enhancements that can be achieved
in each scenario. The cell edge throughput will be evaluated
to assess the enhancement that can be achieved at the
cell boundary using the proposed CC-CADS compared to
standard CADSs.The cell edge UE’s spectral efficiency can be
defined as the 5th percentile of the Cumulative Distribution
Function (CDF) of the normalized UE’s spectral efficiency
[23], which is defined as the average UE throughput over
an appointed period divided by the channel bandwidth as
measured in bit/s/Hz. Therefore, the cell edge UE’s spectral
efficiency is a measure of the perceived “quality of service”
for the 5% of UEs with the lowest UE throughput.

5.5. Handover Probability. The handover probability (HOP)
is the likelihood of switching the radio link connection for
the served UE from the source to the target cells during
active mode operation [27]. In other words, HOP is the
probability of handing over the served UE from the serving
to the target cells once the serving signal quality is becoming
worse than the target signal strength by a HOM level. HOP
is a significant performance indicator that is used to measure
system performance and can be represented by

𝑃HO = 𝑃𝑟 [𝛽𝑇 − 𝛽𝑆 ≥ 𝑀] , (26)

where 𝛽𝑇 and 𝛽𝑆 represent the signal levels of the target and
serving cells, respectively, and 𝑀 represents the HOM level.
The handover probability can be translated into the average
number of handovers per call over all the served UEs to
increase the performance evaluation accuracy. The average
handover probability rate is calculated in every simulation
cycle over all the served UEs in the system.Thus, the average
number of handovers per UE (𝑃HO) can be expressed by

𝑃HO =

∑
𝑁

sys
UEs
𝑗=1 𝑃HO (𝑗)

𝑁
sys
UEs

, (27)

where 𝑁sys
UEs represents the total number of served UEs over

the system and 𝑃HO(𝑗) represents the handover probability
for UE𝑗.

5.6. Handover Ping-Pong Probability. HPPP is an important
metric in studies of handover; it is used to measure the num-
ber of unnecessary handovers that are performed between
two adjacent cells [27].The handover will encounter the ping-
pong effect if UE-i leaves the serving eNB-A to the target
eNB-B and is then handed back to the serving eNB-A in a
period less than the critical interval𝑇critical (the time required
to measure the unnecessary handover between adjacent cells;
it is assumed to be 2 seconds). When the handover takes
place, the HPPP can be measured based on the following
probability:

𝑃HPPP = 𝑃 [𝑇Interval ≤ 𝑇critical] , (28)

where 𝑇Interval represents the time interval between the UE
leaving the serving eNB-A and being returned to the same
eNB-A. Thus, 𝑇Interval can be expressed by

𝑇Interval = 𝑇Leave − 𝑇handed back, (29)
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where 𝑇Leave represents the time the UE leaves the serving
eNB-A and 𝑇handed back represents the time the UE is handed
back to the serving eNB-A. If the UE is handed back
to the old serving eNB (eNB-A) and 𝑇Interval is less than
𝑇critical (𝑇Interval < 𝑇critical), the handover is recorded as a
ping-pong handover. The number of ping-pong handovers
is recorded for each UE, and the average HPPP over all
the served UEs is recorded in every simulation cycle 𝑡 to
increase the accuracy of the performance evaluation. The
average HPPP (𝐴HPPP) per UE during simulation cycle 𝑡 can
be represented by

𝐴HPPP =
𝑁

sys
HPP

𝑁
sys
RHP

, (30)

where 𝑁sys
HPP represents the total number of handover ping-

pongs over all the system and 𝑁
sys
RHP is the total number of

requested handovers, which is given by

𝑁
sys
RHP = 𝑁

sys
SHP + 𝑁

sys
FHP, (31)

where 𝑁sys
SHP and 𝑁

sys
No-HPP are the numbers of successful and

failed handovers.The number of successful handovers (𝑁sys
SHP)

includes the ping-pong (𝑁sys
HPP) andnon-ping-pong (𝑁

sys
No-HPP)

handover numbers and is given by

𝑁
sys
SHP = 𝑁

sys
HPP + 𝑁

sys
No-HPP. (32)

5.7. Handover Failure Ratio. Handover failure normally
occurs after the handover request has been sent to the target
eNB [25]. Two cases can cause a handover failure: (i) lack of
target resource availability and (ii) loss of coverage. In the
former case, the handover failure occurs after the handover
request is sent to the target eNB and the handover procedure
is initiated but insufficient resources are available for the
target eNB to complete the handover procedure. In the latter
case, the handover failure occurs if the UE moves out of the
coverage of the target eNB before the handover procedure
is finalized. The total handover failure ratio (𝑁Totl

FHP) can be
expressed as

𝑁
Totl
FHP =

𝑁
sys
FHP

𝑁
sys
FHP + 𝑁

sys
SHP

. (33)

5.8. Outage Probability. The outage probability (𝑃out) of the
cell can be defined as the percentage of area within the cell
that does not meet its minimum power requirement 𝑃min,
which can be defined as the probability that the instanta-
neously received SINR(𝛾) falls below a given threshold level,
where the threshold level 𝛾Thr represents the minimum SINR
level below which the performance becomes unacceptable.
The outage probability for cellular mobile communication
systems is represented mathematically as the probability
that the instantaneously received SINR(𝛾) falls below the
threshold level 𝛾Thr [28, 29] and is normally represented as

𝑃out = 𝑃 [𝛾 < 𝛾Thr] = 1 − 𝑃 [𝛾 > 𝛾Thr] . (34)

In this simulation, the outage probability is recorded when
the serving SINR of UE𝑗 during simulation cycle 𝑡 falls below
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Figure 7: Average UE’s spectral efficiencies with different CADSs.

a given threshold level, and the average outage probability for
all UEs is evaluated during every simulation cycle to increase
the accuracy of the results. From (34), the average outage
probability can be simplified as

𝑃out =
∑
𝑁
𝑗=1 1 − 𝑃 [𝛾𝑗 > 𝛾Thr]

𝑁
sys
UEs

. (35)

6. Results and Discussions

In this section, the performance results of both proposed
solutions will be presented and discussed. First, the achiev-
able system performance results of CC-CADS will be pre-
sented and compared with those of three different CADSs.
Then, the system performance results from the NHPO-
WPF algorithm based on CC-CADS will be presented and
compared with the conventional HPO, WPHPO, and FLC
algorithms.

6.1. Carrier Aggregation Deployment Scenario with Sufficient
Coverage. This subsection presents the system performance
results of CC-CADS and compares them with the results of
three standard CADSs: CADS-1, CADS-2, and CADS-3. All
the results presented in this subsection were simulated based
on a conventional HPO algorithm with ten different mobile
speeds.The results are presented in terms of the UE’s spectral
efficiency, the cell edgeUE’s spectral efficiency, and the outage
probability. The main goal of CC-CADS is to enhance the
spectral efficiency and reduce the outage probability.

Figures 7 and 8 show the average UE’s spectral effi-
ciencies and the average cell edge UE’s spectral efficiencies,
respectively. These results represent the average values over
all UEs and all mobile speeds for four different CADSs.
The results show that the CADS-1 and CADS-2 scenarios
give the same spectral efficiency. These identical results are
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Figure 8: Average cell edge UE’s spectral efficiency versus SINR for
different CADSs.

due to the overlapping coverage that are provided by both
scenarios, CADS-1 and CADS-2. The results in these two
figures also illustrate that the third deployment scenario,
CADS-3, provides better spectral efficiency than that are
provided by CADS-1 and CADS-2. This enhancement is due
to the different beams orientation of the aggregated CCs.
Despite the fact that CADS-3 provides better enhancement,
the path loss differences between the aggregated CCs are
high, which leads to degrading the UE spectral efficiency.
Thus, CC-CADS is proposed to further enhance UE spectral
efficiency as well as the UE’s outage probability. The results
in Figures 7 and 8 show that the CC-CADS clearly provides
a significant enhancement of the UE’s spectral efficiency
compared with CADS-1, CADS-2, and CADS-3 everywhere
in the cell. The average UE’s spectral efficiency achieved
by CC-CADS is approximately 35%, 35%, and 10% better
than those achieved by CADS-1, CADS-2, and CADS-3,
respectively, and the average cell edge UE’s spectral efficiency
achieved by CC-CADS is approximately 36%, 36%, and 10%
better than those achieved by CADS-1, CADS-2, and CADS-
3, respectively. Thus, CC-CADS achieves better average UE’s
spectral efficiency than those achieved by CADS-1, CADS-2,
and CADS-3 everywhere in the cell.

Figure 9 shows the average outage probabilities versus the
different mobile speeds for four different CADSs. The results
show that the outage probabilities that have resulted from
the CADS-1 and CADS-2 are almost the same. The reason
for that is similar to the reason that was illustrated in the
previous paragraph. In additional to that, the UE’s outage
probability is mainly depending on the SINR performance
over the PCC only. Since the aggregated CCs in CADS-1 are
operating on a contiguous band and their beam orientations
are the same, the SINR performances over all the aggregated
CCs are mostly the same. Thus, the CC1 may be always
configured as PCC. According to CADS-2, the aggregated
CCs are operating on the noncontiguous band and their beam
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Figure 9: Outage probabilities with different CA deployment
scenarios.

orientations are the same. Thus, the SINR performance over
CC1 will be better than the SINR performance over CC2.
Therefore, CC1 will be configured as PCC. Since the UE’s
outage probability always depends on the SINR performance
over the PCC, thus, the resulted UE’s outage probabilities
from CADS-1 and CADS-2 will be almost the same. On the
other hand, the UE’s outage probability that resulted from
CADS-3 is less than that resulted from CADS-1 and CADS-
2. This may due to the different beam orientations for the
aggregated CCs, which leads to enhancing the SINR at the
CCs cell edge, in which it leads to enhancing the SINR
over the PCC that is always being configured as the best
CC providing highest SINR level. As a result of that, the
UE’s outage probability is enhanced. However, this provided
enhancement by CADS-3 is not totally eliminating the UE’s
outage probability. Thus, CC-CADS is also proposed to
further reduce UE’s outage probability as much as possible
as also presented in Figure 9. The results show that CC-
CADS provides a notable reduction in the outage probability
compared to CADS-1, CADS-2, and CADS-3 in the different
mobile speeds. The average outage probabilities achieved by
CC-CADS over all the mobile speeds are 49.6%, 50%, and
30.6% less than those of CADS-1, CADS-2, and CADS-3,
respectively.

These enhancements in spectral efficiency and reductions
in outage probability were achieved by the CC-CADS due to
twomain factors.Thefirst factor is the beamdirection ofCC2,
which is oriented toward the cell boundary of CC1.Therefore,
the main beam direction of each CC was oriented toward the
cell boundary of another CC, which increased the beam gains
at the cell boundaries, thus providing the strongest serving
RSRP level and in turn enhancing the UE’s spectral efficiency
everywhere around the serving eNB. Providing the strongest
serving RSRP increased the serving SINR, which in turn
led to reduced outage probabilities everywhere around the
serving eNB.
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The second contributing factor is the operating frequen-
cies for CC1 and CC2, which are assumed to operate in a
contiguous band. The coverage areas provided by these two
CCs are almost the same but have different beam directions.
Thus, the path loss differences between these two CCs cannot
be compared with those based on CADS-2 or CADS-3; the
path loss that results from CC2 based on CADS-3 will be
higher than that from CC2 based on CC-CADS. CC-CADS
provides a sufficient coverage area that is better than those
provided by CADS-1, CADS-2, and CADS-3 everywhere
around the serving eNB, which leads to enhanced serving
RSRP everywhere around the serving eNB.The enhancement
of the serving RSRP led to an increase in the serving SINR to
the UE, which in turn increased the UE’s spectral efficiency
and reduced the UE’s outage probability.Thus, the CC-CADS
provides better UE’s spectral efficiency enhancement and
outage probability reduction everywhere around the serving
eNB than CADS-1, CADS-2, and CADS-3, as illustrated in
Figures 7, 8, and 9, respectively.

6.2. Optimal Handover Parameter Optimization. In this sub-
section, the proposed NHPO-WPF, conventional HPO, FLC,
andWPHPO algorithms are analyzed to investigate and vali-
date their performance in the CA technique and to highlight
the enhancements that are achieved by the proposed NHPO-
WPF algorithm as compared to the other algorithms. Firstly,
an example of how the NHPO-WPF algorithm adapts the
HCPs depending on the SINR, system load, and user speed
is given. Then, the simulation results of these four HPO
algorithms are presented and discussed based on CC-CADS.
The results show the impact of different mobile speeds on the
handover performance of proposed algorithm and the other
three HPO algorithms. Because the proposed NHPO-WPF
algorithm is intended to enhance handover performance, the
simulation results are presented and discussed in terms of
the average HOP, HPPP, and HFP. The average values are
calculated over all active UEs and then over all the simulation
time.

The handover control parameters estimated by the pro-
posed NHPO-WPF algorithm during the simulation time are
shown in Figure 10 based on the UE speeds of 120 km/hour
only. The HOM and TTT are initialized at 2 dB and 100
milliseconds, respectively. The aim of this simulation is to
highlight the comparative HOM and TTT values produced
by the proposed algorithm at different UE speeds in contrast
to the conventional and some of the literature algorithms.The
HOM and TTT are computed as averages over all the UEs
in this simulation. The results are presented for three-second
time interval. It is clear that the conventional HPO algorithm
shows decay in the HOM and the TTT at all UE speeds.
This can be explained by noticing that HPO algorithms aim
to reduce the RLF in the network; hence it tends to reduce
the HCPs. On the other hand, the FLC algorithm provided
higher HOM values as compared to the conventional HPO.
However, the TTT profile produced by the FLC algorithm
is in close matching to the conventional HPO. Similar to
the conventional HPO algorithm, the UE speed influence on
the HCPs values estimated by FLC algorithm is very minor.
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Figure 10: Average HCPs values versus time with UE speed of
120 km/hour.

The WPHPO algorithm estimates the HCPs parameters in
the smaller range as compared to both HOP and FLC. This
small estimation range may cause insufficient estimation
of the HCPs values, particularly at high UE speeds. More
importantly, the effect of UE speed on the performance of the
WPHPO is also very minor.

As the proposedNHPO-WPF algorithmconsiders theUE
performance metric as parameters to estimate the HCPs, it
provided wider HCPs estimation range. This would provide
appropriate HOM and TTT levels estimation at different UE
speeds. This appropriate estimation may improve handover
performance in general. Moreover, the effect of UE speeds
influenced the estimation range of the proposed algorithm.
This can be deduced by the comparison in Figure 10. This
influence of the UE speeds is due to the consideration
of UE speeds as estimation parameter in the NHPO-WPF
algorithm.

Figure 11 shows the average handover probability versus
mobile speed for the NHPO-WPF, conventional HPO, FLC,
andWPHPO algorithms.The results show that the proposed
NHPO-WPF algorithm provides a significant reduction of
the average handover probability compared to the conven-
tional HPO, FLC, and WPHPO algorithms for all the mobile
speeds. The average HOPs that are achieved by the NHPO-
WPF algorithm are approximately 95, 98, and 90% lower
than those with the conventional HPO, FLC, and WPHPO
algorithms, respectively. Because a high HOP leads to high
HPPP and HFP, the reduction of HOP will lead to significant
reductions in the HPPP and HFP, which will be discussed
below.

Figures 12 and 13 show the average HPPPs for the NHPO-
WPF, conventional HPO, FLC, and WPHPO algorithms
based on the different mobile speeds. HPPP may occur when
a nonoptimal HPO algorithm is used to optimize the HCPs,
which leads to estimating suboptimal HCPs values, in turn
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Figure 11: Average handover probability versus mobile speed with
different handover parameter optimization algorithms.
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Figure 12: Handover ping-pong probability with different mobile
speeds based on different HPO algorithms.

leading to an increase in the number of unnecessary han-
dovers (HPPP effect), especially in highmobility speeds.This
high HPPP effect increases the waste of network resources.
The results shown in Figure 12 represent the average HPPP
per UE based on the various mobile speeds (medium and
high speeds), while the results shown in Figure 13 show
the average HPPP over the entire simulation time for each
mobile speed scenario independently. The results show that
the proposed NHPO-WPF algorithm provides a lower HPPP
than the conventional HPO, FLC, and WPHPO algorithms
for all the considered mobile speeds scenarios; it achieves
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speeds versus time, based on the HPO algorithms.
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Figure 14: Average handover failure probabilities for different
mobile speeds based on different mobility handover optimization
algorithms.

average reductions of approximately 99.4, 99.8, and 98.6%
compared to the conventional HPO, FLC, and WPHPO
algorithms, respectively.

Figure 14 shows the average HFPs from the NHPO-WPF,
conventional HPO, FLC, and WPHPO algorithms for the
different mobile speeds. The average HFPs were calculated
over all the UEs in the system and over all simulation times
for each mobile speed scenario independently. The results
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show that the proposed NHPO-WPF algorithm achieves a
considerable reduction of HFP compared to the conventional
HPO, FLC, and WPHPO algorithms. The average HFPs
achieved by NHPO-WPF are approximately 96, 98, and
92% less than those with the conventional HPO, FLC, and
WPHPO algorithms, respectively. An interesting observation
is that the results show greater reductions than the reductions
of the handover and handover ping-pong probabilities; this is
due to the consideration of traffic loads in the optimization
process, which leads to estimates of suitable HCPs. This
indicates that the resource availability of the target cell is
taken into account during the optimization process, which
in turn leads to making an accurate handover decision and
performing a successful handover as long as the resources
are available in the target cell. It will also prevent the serving
eNB from making a true handover decision if the target
cell does not have sufficient resources; this leads to more
successful handovers and decreases the handover failure
probability.

The results illustrate that the proposed NHPO-WPF
algorithmprovides better performance than the conventional
HPO, FLC, and WPHPO algorithms. It achieves average
reductions of all the handover performance metrics (HOP,
HPPP, and HFP) of approximately 96.8, 98.8, and 93.5%
compared to the conventional HPO, FLC, and WPHPO
algorithms, respectively. These reductions are mostly due to
the effect of the UE’s SINR level, velocity, and TL during
the estimation of the HCPs; considering these parameters
contributed to estimating the appropriate HOM and TTT
values, which led tomaking correct handover decisions.Thus,
the proposedNHPO-WPF algorithmbased on theCC-CADS
scenario achieves significant reductions in HOP, HPPP, and
HFP compared to the conventional HPO, FLC, andWPHPO
algorithms.

7. Concluding Remarks

In this paper, two proposed solutions, known as the CC-
CADS and the NHPO-WPF algorithm, were introduced and
validated. Both solutions enhanced the system performance
when they were applied to CA technique in the LTE-
Advanced environment. The simulation results showed that
CC-CADS provided wider coverage and achieved significant
enhancements compared to the standard CADSs, especially
at the cell edge. CC-CADS achieved average UE’s spectral
efficiency improvements of 35%, 35%, and 10% over those
of CADS-1, CADS-3, and CADS-3, respectively, and reduced
outage probabilities by approximately 49.6%, 50%, and 30.6%
compared to CADS-1, CADS-3, and CADS-3, respectively.
The proposed NHPO-WPF algorithm provided significant
enhancements compared to the conventional HPO algorithm
and other algorithms from the literature. The NHPO-WPF
algorithm provided average reductions in HOP, HPPP, and
HFP of approximately 96.8%, 98.8%, and 93.5% compared
to the conventional HPO, FLC, and WPHPO algorithms,
respectively. Thus, the two proposed solutions provided
better performance than the other considered scenarios and
algorithms.
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𝐵RB: PRB’s bandwidth
𝐵
RB
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𝐵
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bit: Total number of bits over each subcarrier

𝐵
UE
bit : Total number of useful bits transmitted to

UE
𝐺TX𝑚 : Transmitter antenna gain over CC𝑚 [dB]
𝐺RX: Receiver antenna gain [dB]
𝐼𝑚,𝑘: Total interferences received signals power

on subcarrier 𝑘 over CC𝑚 from all neigh-
boring eNBs

𝐿𝑆: The occupant serving traffic load
𝐿𝑇: The occupant target traffic load
𝐿max: Maximum load capacity of the system
𝑀Avg: Average handover margin level
𝑀max: Maximum handover margin
𝑀min: Minimum handover margin
𝑁

UE
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𝑁
Totl
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sys
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𝑁

sys
SHP: Total number of successful handovers

𝑁
sys
UEs: Total number of active UEs in the system

𝑁
CC
sc : Total number of subcarriers per CC

𝑁
RB
sc : Total number of DL subcarriers over one

PRB
𝑁

UE
sc : Total number of subcarriers paired to one

UE
𝑁

DL
symb: Total number of DL symbols over one

resource grid
𝑁

sc
symb: Total number of modulation symbols over

one subcarrier
𝑃RX(𝑚,𝑘) : UE’s received signal power on subcarrier 𝑘

over CC𝑚 [dBm]
𝑃TX(𝑚,𝑘) : Transmitted signal power on subcarrier 𝑘

over CC𝑚 [dBm]
𝑃int(𝑘,𝑚 ℎ) : Interference received signal power by the

UE on subcarrier 𝑘 over CC𝑚 from the
neighboring eNB ℎ

𝑃HO: Handover probability
𝑃HO(𝑗): Handover probability for UE𝑗
𝑃HPPP: Handover ping-pong probability
PL𝑚: Path loss over CC𝑚 [dB]
𝑃no𝑚,𝑘 : The noise power for the UE on subcarrier 𝑘

over CC𝑚
𝑃TX: Total transmission power from the eNB

over each CC
𝑅
UE
bit : Total number of bits received at UE within

a period of 𝑇

SINR𝑚,𝑘: SINR at the UE on subcarrier 𝑘 over CC𝑚
𝑇Handed back: Time taken for the UE to be handed back

to the serving eNB
𝑇Interval: The time interval between the UE leaving

the serving eNB and being returned to the
same eNB

𝑇Leave: Time taken for the UE to leave the serving
eNB-A

𝑇critical: Critical interval
𝑇𝑗: The data bits received time for the UE𝑗
𝑇max: Maximum TTT interval
𝑇min: Minimum TTT interval
𝑓WPF(𝛾, 𝐿, V): Weight Performance Function
𝑓𝑐: Carrier frequency
𝑚

symb
bit : Total number of bits over one modulation

symbol
𝑃TX(𝑚,𝑘) : Total transmission power over each subcar-

rier in watt
Vmax: Maximum expected UE’s velocity
𝑥1: 𝛾

𝑥2: 𝐿

𝑥3: V
𝛽𝑆: Serving signal level
𝛽𝑇: Target signal level
𝛾𝑆: SINR over the serving PCC
𝛾𝑇: Target SINR
𝛾Thr: SINR threshold level
𝛾max: Maximum SINR
𝜂𝑗: Spectral efficiency 𝜂𝑗 for UE𝑗
𝜓dB: Log-normal shadowing in dB
𝜔
UE
BW: Allocated bandwidth to one UE

𝜔𝐿: Weights of traffic load bounded function
𝑓(𝐿)

𝜔sinr: Weights of SINR bounded function 𝑓(𝛾)
𝜔V: Weights of velocity bounded function 𝑓(V)
𝜔𝑥: Weight of function 𝑓(𝑥)
𝜗dB: Rayleigh fast fading effect in dB
Δ𝑇: The update interval in TTT
ℎ: Neighboring eNB’s number
j: UE’s number
m: CC’s number
𝑃out: Outage probability
T310: Maximum interval to perform connection

reestablishment procedure
𝐸: Code rate
𝐹: Optimizing parameters factor
𝐻: Total number of neighboring eNBs located

in the first tier around the served eNB
𝐿: Traffic load
𝑀: Handover margin level
PL: Path loss
𝑈: Total system component carries
𝑑: Distance
𝑓(𝑥𝑖): Bounded function, where 𝑥𝑖 can be 𝛾, 𝐿, or

V
𝑓(𝐿): Traffic load bounded function
𝑓(V): Velocity bounded function
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𝑓(𝑥): Bounded function, which can be 𝑓(𝛾),
𝑓(𝐿), or 𝑓(V)

𝑓(𝛾): SINR bounded function
𝑘: Subcarrier’s number
V: UE’s velocity
Q: Optimization step level
𝑍1: The update interval of TTT toward the

maximum and minimum TTT interval
𝑍2: The update interval of TTT toward the

maximum TTT interval only
𝑍3: The update interval of TTT toward the

minimum TTT interval only
𝛾: SINR
𝜌: Optimization interval
𝜏: Time.
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Recent years have witnessed the rapid growth of location-based services (LBSs) for mobile social network applications. To enable
location-based services, mobile users are required to report their location information to the LBS servers and receive answers of
location-based queries. Location privacy leak happens when such servers are compromised, which has been a primary concern for
information security. To address this issue, we propose the Location Privacy Preservation Scheme (LPPS) based on distributed cache
pushing. Unlike existing solutions, LPPS deploys distributed cache proxies to cover users mostly visited locations and proactively
push cache content to mobile users, which can reduce the risk of leaking users’ location information. The proposed LPPS includes
three major process. First, we propose an algorithm to find the optimal deployment of proxies to cover popular locations. Second,
we present cache strategies for location-based queries based on the Markov chain model and propose update and replacement
strategies for cache content maintenance.Third, we introduce a privacy protection scheme which is proved to achieve 𝑘-anonymity
guarantee for location-based services. Extensive experiments illustrate that the proposed LPPS achieves decent service coverage
ratio and cache hit ratio with lower communication overhead compared to existing solutions.

1. Introduction

Mobile social network applications are booming in recent
years. With the rapid development of localization technolo-
gies (such as GPS) and Mobile Internet, mobile social net-
work applications with location-based service (LBS) embed-
ded are very popular such as Foursquare and Twitter. As a
result, people use LBS more and more often. With the help
of LBS, these mobile social network applications help users
to connect to each other better. Typical applications include
discovering popular restaurants in local area [1], traffic
navigation [2], recommendation of friends nearby, and adver-
tisement based on locations (such as “Promoted Tweets” [3]).
According to the recent report, LBS is envisioned to become
an over 10-billion-per-year business by the year 2016 [4].

As each coin has two sides, the LBS for mobile social
applications may leak the users’ location trajectory and so on,
with a rising concern in location-based service about privacy

protection. In order to obtain LBS, a user needs to submit
his query and location to the server and fetches the desired
answer. The leak of user location information will increase
the risk of adversary tracking the daily life of the user or will
receive customized ADs which is unwilling or even revealing
his private activities such as visiting a bank or going to a
hospital [5]. It is important to protect user’s location privacy
for LBS.

Many efforts have been made to protect user’s location
privacy. The 𝑘-anonymity model was proposed in [6], which
declaimed thatwhen 𝑘-anonymitywas satisfied, each individ-
ual should be indistinguishable from 𝑘 − 1 other individuals.
A user can achieve 𝑘-anonymity by sending out 𝑘 queries
with different locations to the server and choosing the desired
answer from the responses. However, such method wastes
network bandwidth and causes extra overhead in both client
and server sides. A few works introduced trust-worthy mid-
dleware or cache proxies by using random noise to conceal
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Figure 1: An example of location privacy preservation.

user’s real ID and locations [7–13]. However, once the mid-
dleware or the proxies are compromised, the location privacy
is not guaranteed. In a word, most existing works adopt the
pull-based strategywhere the user submits the location-based
query to the LBS server or the third-party server. The disad-
vantage of such pull-based strategy is the difficulty of avoiding
the compromise of LBS servers or proxies in different levels.

To deal with this problem, we propose location privacy
preservation by using cache pushing. The basic idea is
applying distributed cache proxies to store the most popular
location-related data and pushing the data to the users
proactively. If the desired data is available from the cache, the
user does not need to send out the location-based query; thus
his privacy is preserved.

We use Figure 1 to illustrate the motivation of our work.
Assume a user is working on a road and he wants to request
the information regarding location𝐴 (𝐴 could be a bank or a
hospital, which is the sensitive information to be preserved).
In the traditional pull-based strategy, the user will send the
query to the LBS server. Once the LBS server receives the
query, it knows that the user is heading for 𝐴. In our push-
based strategy, the nearby popular location-related data about
locations 𝐴, 𝐵, and 𝐶 could have been stored in the cache
proxy beforehand (e.g., such locations have been requested
by other users previously and have been stored in the cache
proxy), and they will be pushed to the user when he passes
by the wireless access point. As a result, the user obtains the
desire data without contacting the LBS server or reporting his
location to the proxy. Since the LBS server is not aware of the
query and the proxy only knows the user may go to 𝐴, 𝐵, or
𝐶, both of them cannot decide the user’s real destination.

We propose the Location Privacy Preservation Scheme
(LPPS) to achieve location anonymity. The LPPS need to
answer three key questions: where to deploy cache proxies,
how to organize and maintain cache content in proxies, and
how to achieve 𝑘-anonymity assurance. We address these
issues; we first introduce a greedy deployment algorithm to
calculate the most frequently visit locations of mobile users
(known as stay points) and deploys proxies to cover such
regions as possible. Then we introduce a cache pushing
strategy using group index to record the popular cache items
and pushing the requested content to the users in batch.
Cache replacement and updating strategies are proposed to

mine real popular places of interest from a lot of fake
feedbacks when cache miss occurred. Thereafter, we propose
a location privacy protection scheme to achieve 𝑘-anonymity
assurance. To the best of our knowledge, this is the first
work to apply push-based distributed caching architecture for
privacy protection in location-based services.

Compared to the pull-based strategy, our push-based
strategy has several advantages. First, it is easy to implement
and resilient to the compromise of servers. Second, both the
LBS server and proxies have only partial information of the
mobile users (a user contacts the LBS server only when the
requesting data is not found in the proxy), which avoids
the continuous location tracking. Third, the deployment
of distributed cache proxies will facilitate data queries and
reduce the workload and network traffic to the LBS server.

Our main contributions are summarized as follows:

(i) A Location Privacy Preservation Scheme (LPPS). The
proposed scheme introduces a distributed cache layer
to store the most popular location-related data and
push the data to mobile users, which reduces the
communication overhead to the servers and enhances
the location privacy of the users.

(ii) A Strategy for Cache Proxy Deployment. We present
a strategy to reveal the users’ frequently visited loca-
tions anddeploy cacheproxies in suchareas to improve
the utility of caching data.

(iii) A Strategy for Organizing Cache Contents Based on
Markov Chain Model. We present a strategy to find
the most popular location-related contents based on
MarkovChainmodel constructing fromhistory statis-
tics and propose strategies to deploy popular cache
contents on the proxies.

(iv) Distributed Cache Maintenance Strategies. The pro-
posed cache pushing strategy divides cache content
into group and broadcast the cache items in batch.
To maintain the cache contents, a cache updating
strategy is applied by using the theorem of ball-to-
bins to identify real popular location-related data.

(v) 𝐾-Anonymity Location Privacy Preservation. We
proved that the proposed privacy preservation scheme
based on cache pushing can achieve 𝑘-anonymity
assurance, which is resilient to the compromise of
LBS server or proxies.

(vi) Trace Driven Simulations. We evaluate the system
performance using the real mobile trace collected in
Beijing and cab trace collected in San Francisco,
which shows the efficiency of LPPS.

The rest of the paper is organized as follows. Section 2
reviews the related work on system architecture and models
for privacy preservation in LBS. Section 3 presents details of
Location Privacy Preservation Scheme (LPPS) that provides
𝑘-anonymity location privacy. Section 4 conducts experi-
ments to evaluate the efficiency of the proposed LPPS strategy
by both real and synthetic datasets. Section 5 concludes this
paper.
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2. Related Work

In this section, we review the related work on system
architecture and models for privacy preservation in LBS and
distributed architectures and pull-push algorithms used in
other domains.

2.1. Privacy Preservation Architectures. There are three kinds
of most used architectures of privacy preservation for LBS,
that is, noncooperative architecture [14], centralized archi-
tecture [11, 13, 15], and peer-to-peer architecture [16, 17].
In the first one, users only use their own knowledge to
protect their location privacy. In the second one, a trusted
third-party component is added to provide location privacy
protection for users. In the third one, users preserve their
privacy cooperatively.

In the noncooperative architecture, mobile clients are
assumed to have powerful computation capability and can
complete the privacy preservation of their own requirements
by generating fake locations or psedousernames indepen-
dently [14]. The advantage of this structure is the simpleness
and easiness to deploy. However, due to the lack of global
information, the ability of privacy preservation is weak.

In the centralized architecture, a third-party component
is responsible for location anonymization incorporating with
the user and LBS server [11, 13, 15]. This trusted middleware
improves the capacity of the privacy protection. But the
disadvantage is that it may become the bottleneck of the
whole system and easy to be attacked.

The peer-to-peer architecture [16, 17] assumes users are
cooperative and they trust each other. Each mobile user
has enough capacity for computing and storage. However, it
cannot avoid attacks from malicious users.

2.2. Privacy Preservation Models. The most commonly used
model to evaluate privacy protection level is 𝑘-anonymity,
introduced by Sweeney in [6]. In this model, attackers cannot
distinguish one user from a 𝑘 user group. Privacy preserva-
tion models can be categorized into three kinds as follows.

2.2.1. Submission of Fake Position [8, 18]. Users send fake
positions to the server. The fake positions have to be around
the real ones in order to get the information or service needed
for users. The distance between them is related to the degree
of privacy protection and quality of service. It is found that
the larger distance yields the higher protection degree and the
poor service quality. Li et al. [18] introduce a model in which
users send several fake positions to the server and request
points of interest surround these fake positions and to conceal
the real point of interest the user wants.

2.2.2. Pseudonym [9, 10, 19]. Hiding the identities of users
through pseudonyms were presented in [19], where privacy
protection degree depends on the strength of the relationship
between users’ identities and particular locations. To achieve
better anonymous, users need to update their pseudonyms
frequently [9]. Beresford and Stajano [10] introduced a
model based on dynamic pseudonyms, in which spaces are

separated into “Mix Zones” and “Application Zones.” Every
time users move into “Mix Zones,” the pseudonyms are
changed. Reference [20] proposes an incentive mechanisms
to encourage users to cooperatewith each other in this kind of
“Mix Zones.” Liu et al. investigated the optimal multiple Mix
Zones placement problem for location privacy protection
[21]. Gong et al. [22] take social ties into consideration and
motivate users to participate in socially-aware pseudonym
change game. However, attackers may find the patterns
for the changes of pseudonyms. For this issue, a method
involving path confusionwas developed in [23]. However, the
service delay may be large in this method. Taking prediction
into consideration, CacheCloak [7], which is also a kind of
path confusion, uses predictions to protect the privacy and
decreases the delay of service. However, it needs a third-
party server and it takes a lot of resources for calculating and
storage space. Zhu and Cao proposed APPLAUS in which
colocated Bluetooth enabled mobile devices to mutually
generate location proof, and update to a location proof
server [24]. Periodically changed pseudonyms are used by the
mobile devices to protect source location privacy from each
other and from the untrusted location proof server. However,
it needs a third trusted party Certification Authority server
and takes a lot of resources for calculating.

2.2.3. Spatiotemporal Cloaking [11–13]. Users usually send a
region instead of their accurate position to enhance the risk of
location privacy. Such service usually needs to be delayed for
a period of time for collecting more than one user’s requests
in the same region to send them to the LBSs at once. Attacker
can only know that the users are in a particular region in
a particular period of time and thus cannot track a user
continuously. The server has to retrieve query results in the
user’s cloaking region that protect the privacy of users. How-
ever the server workload dramatically increases, as well as
the amount of downloading traffic. Further, not only may
the service be delayed, but also the performance of LBS
may not be good because of inaccurate location information.
Galdames and Cai proposed processing queries as a batch
instead of one by one independently to reduce the workload
of servers [25].Wang et al. proposed L2P2 to find the smallest
cloaking area for each location request so that diverse privacy
requirements over spatial and/or temporal dimensions are
satisfied for each user [26]. Vu et al. proposed a mechanism
based on locality-sensitive hashing (LSH) to partition user
locations into groups each containing at least 𝐾 users (called
spatial cloaks) [27].Themechanism is shown to preserve both
locality and𝐾-anonymity.

2.2.4. Encryption [28, 29]. The server encrypts the users’
location and query separately and stores them on different
database; it could prevent users from information leak. Xue
et al. designed a novel index structure to provide fast search
for users when they check in at the same venue frequently
and outsources the heavy cryptographic computations to
the server to reduce the computational overhead for mobile
clients [28]. Li and Jung designed a Location Query Protocol
(PLQP), which allows different levels of location query on
encrypted location information for different users, and it is
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efficient enough to be applied in mobile platforms. How-
ever, these kinds of encryption take a lot of resources for
calculating, communication, and storage space [29]. Wei et
al. separate user identities and anonymized location updates
onto two entities. Users’ location privacy is protected if either
entity is compromised by the adversary [30]. However, if both
entities are compromised, it could not prevent users from
information leak.

2.3. Distributed Architectures and Pull-Push Algorithms. Dis-
tributed architectures and pull-push algorithms have been
used for many general applications such as social networks,
p2p networks, and location-based advertising. Doer et al.
analyzed why rumors spread fast in social networks; one
of the reasons is that nodes of small degree use push-pull
models to build a shortcut between those having large degree
(hubs): node of a small degree quickly pulls the rumor
from node with large degree and again quickly pushes it to
another node with large degree [31]. Zhang et al. presented
an unstructured peer-to-peer network called GridMedia for
live media streaming employing a push-pull approach which
greatly reduces the latency and inherits most good features
(such as simplicity and robustness) from the pull method
[32].Unni andHarmonpresented effectiveness of push versus
pull mobile location-based advertising; the results indicate
that privacy concerns are high, and perceived benefits and
value of LBA are low [33].

In summary, most existing architectures and models for
privacy preservation in LBS are pull-based, which are hard
to prevent the compromise of servers. Different from their
works, we propose a push-based strategy to reduce the risk
of server compromise while preserving 𝑘-anonymity location
privacy. To the best of our knowledge, this is the first work on
proactive push-based privacy protection scheme for location-
based services.

3. LPPS: A Location Privacy
Preservation Scheme Based on
Distributed Cache Pushing

In this section, we present a Location Privacy Preservation
Scheme (LPPS) that provides 𝑘-anonymity location privacy
by using distributed cache pushing.

The basic idea of LPPS is deploying a distributed cache
layer to store the most popular location-related data and
pushing the data to mobile users in range. By listening to the
broadcast from the cache layer, the mobile users are able to
obtain the desired data without querying the LBS server,
which will eliminate the chance of leaking their location
information.

The system architecture is illustrated in Figure 2. There
are three major components in the system: LBS server, dis-
tributed cache layer, and mobile users. The distributed cache
layer could be physically deployed on wireless access points
or could be a set of proxy servers connecting to the Internet.
Throughout this paper, we refer to the entities in the cache
layer as cache proxies. Cache proxies are distributed and
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Figure 2: System architecture of LPPS.

deployed in different regions and they can work indepen-
dently without knowing the existence of each other. Each
cache proxy only stores the location-related data. When a
mobile user is within the communication range, the cache
proxy pushes the caching data to the user. If the user’s desired
data is found in the cache, we call it cache hit; otherwise
we call it cache miss. When cache miss occurs, the user will
send 𝑘 − 1 random queries with the real one to the LBS
server.When the LBS server sends back the response, the user
generates a feedback index containing the same 𝑘 − 1 random
location/keywords with the real one to the cache proxy to
inform the proxy to update cache. Proxy uses the feedback
index to request cache data from LBS server and get feedback
content later, which could update its cache content.

The threat model is defined as follows: we assume both
LBS server and distributed cache layer are possible to be com-
promised, and the mobile users could trust themselves. The
proposed scheme achieves the following goal: even though
the LBS server or the distributed cache layer is compromised,
they cannot obtain enough information to track the entire
trajectory information of the mobile users.

There are three key questions in implementing LPPS:
where to deploy the cache proxies, how to organize, maintain,
and distribute cache content in proxies, and how to guarantee
𝑘-anonymity. In the following sections, we introduce the
strategies for cache proxy deployment, cache maintenance,
and cache pushing for privacy preservation. In Figure 3, we
show the three key questions and brief answers.

3.1. Where to Deploy Cache Proxies. In this subsection we
answer the question “where to deploy cache proxies.” In order
to maximize the usage of caching content, cache proxies
should be deployed near to the places which are frequently
visited by users. To find out such “hot spots,” we need the his-
torical movement trajectories of users. In fact, we do not care
who the users are and users could be anonymous. There are
a lot of historical movement trajectories like these, where we
can get the historical movement trajectories of users but can-
not find a sequence of trajectories belongs to them, because
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the users are anonymous. Normally, when government do a
city plan, it can refer to data sets like taxi and bus trajectories.
It is possible to obtain anonymous trajectory data of a city.
Such mobility trajectory datasets is openly available [2, 34].

Physically deploying proxies may cost a lot on wireless
access points. Although the cost is not cheap on power,
machines, and renting places for deployment proxies, it has
benefits and motivation to deploy distributed cache proxies
based on the existing public infrastructure to provide LBS
for people passing by, especially for today’s O2O commercial
business. In New York, the de Blasio administration’s plan to
convert aging pay phones toWi-Fi hot spots won unanimous
approval from a review committee, clearing the way for the
installation of thousands of Wi-Fi sites across New York City
over the next decade [35]. Our work could be helpful for
this kind of city plans. Duan et al. [36, 37] analyze different
mechanisms to motivate the collaboration of smartphone
users on both data acquisition and distributed computing;
they propose a reward-based collaboration scheme for data
acquisition applications and use contract theory for dis-
tributed computing applications. Our work could be practi-
cally rolled out using a reward-based collaboration scheme
to encourage users to collaborate in our system to reduce the
cost. Besides, this system can be practically rolled out with
VANET (Vehicular Ad hoc Network); our cache proxies here
could be road side unit in VANET [38] which can not only
reduce the cost, but also provide more kinds of services.

The historical trajectory of user 𝑖 is represented by 𝐿
𝑖
=

{𝐿
𝑖
0, 𝐿
𝑖
1, . . .}. Consider 𝐿

𝑖
𝑚 = (𝑥

𝑖
𝑚, 𝑦
𝑖
𝑚, 𝑡
𝑖
𝑚), where 𝑥

𝑖
𝑚 and 𝑦

𝑖
𝑚

are the geographical coordinates of the 𝑚th position in the
trajectory of user 𝑖. 𝑡𝑖𝑚 is the timestamp denoting when user 𝑖
is at the𝑚th position. Without loss of generality, 𝑡𝑖𝑚 < 𝑡

𝑖
𝑚+1.

The “frequently visited locations” have temporal and
spacial meanings. We introduce the concept of stay points
to represent them. A stay point is defined as the location
that a mobile user stays in the area within Δ 𝑑 distance for at
least Δ 𝑡 time, where Δ 𝑑 and Δ 𝑡 are the thresholds for spacial
and temporal differences. The set of stay points 𝑆

𝑖 of user 𝑖

can be obtained as follows. Starting from a location 𝐿
𝑖
𝑚 ∈

𝐿
𝑖, we calculate the largest set {𝐿𝑖𝑚+1, . . . , 𝐿

𝑖
𝑚+𝑞} that satisfies

(𝑡
𝑖
𝑚+𝑞−𝑡

𝑖
𝑚 ≥ Δ 𝑡)∧(‖𝐿

𝑖
𝑢−𝐿
𝑖
𝑚‖ ≤ Δ 𝑑, ∀𝐿

𝑖
𝑢 ∈ {𝐿

𝑖
𝑚+1, . . . , 𝐿

𝑖
𝑚+𝑞}),

where ‖𝐿𝑖𝑢−𝐿
𝑖
𝑚‖ = √(𝑥𝑖𝑢 − 𝑥𝑖𝑚)

2 + (𝑦𝑖𝑢 − 𝑦𝑖𝑢)
2 is the Euclidean

distance between the two locations. If there exists such a
set, we can construct a stay point with coordinate 𝑥𝑚 =

(∑
𝑞
𝑢=𝑚+1 𝑥

𝑖
𝑢)/𝑞 and 𝑦𝑚 = (∑

𝑞
𝑢=𝑚+1 𝑦

𝑖
𝑢)/𝑞 accordingly. After

having 𝑥𝑚 and 𝑦𝑚, we let 𝑆
𝑖
= 𝑆
𝑖
∪ {(𝑥𝑚, 𝑦𝑚)} and remove

the set {𝐿𝑖𝑚, 𝐿
𝑖
𝑚+1, . . . , 𝐿

𝑖
𝑚+𝑞} from 𝐿

𝑖. Starting from the first
location, we repeat the process until 𝐿

𝑖 is empty. As a
result, we obtain the set of stay points 𝑆

𝑖 to represent the
characteristic locations of user movement and filter out the
locations which the user only visits temporarily.

With the set of stay points obtained, we are able to devise
the strategy of cache proxy deployment.The detailed strategy
includes the following steps.

Step 1 (divide the geographical area into grids). Each unit
in the grid is a small square of size 𝑟 × 𝑟, which is the
communication area of a cache proxy and covered by several
Wi-Fi APs. Reference [39] shows the bandwidth of Wi-Fi AP
when transmitting location-related caches. Assume there are
𝐴×𝐵 squares in total. Each square is assigned a unique ID for
reference.

Step 2 (construct the transitions matrix 𝑃). We firstly map
trajectory of users to their staypoint list; then we map each
staypoint list to the squares ID list by using the location
information. With such transformation, the user trajectory
can be represented by a sequence of square IDs. Nowwe build
a weighted graph 𝐺(𝑉, 𝐸), 𝑉 is the set of nodes indicated by
square IDs, and 𝐸 is the set of edges (if a user moves from a
node to another, there is an edge between them).

We define the weight𝜔𝑖→𝑗 on the edge (𝑖, 𝑗) as the number
of users moving from location 𝑖 to location 𝑗, which can be
computed as follows. Let 𝜔𝑖→𝑗 = 0 at the beginning. If a user
is found moving from square 𝐼𝐷𝑖 to squares 𝐼𝐷𝑗 (source stay
point is in square 𝐼𝐷𝑖 and destination stay point is in squares
𝐼𝐷𝑗), let 𝜔𝑖→𝑗 = 𝜔𝑖→𝑗 + 1. After scanning over the whole
trajectory, we get 𝐺(𝑉, 𝐸,𝑊) with weight 𝜔 on every edge.

Step 3 (calculate the visiting frequency). To find the most
popular grids, we define a value 𝑉𝑖𝑠𝑖𝑡𝑒𝑊𝑒𝑖𝑔ℎ𝑡𝐼𝐷𝑖

to represent
the popularity of the 𝑖th grid.𝑉𝑖𝑠𝑖𝑡𝑒𝑊𝑒𝑖𝑔ℎ𝑡𝐼𝐷𝑖

= ∑
𝑗=𝐴×𝐵
𝑗=1 𝜔𝑖→𝑗.

Step 4 (deploy cache proxies). Assume 𝑁 is the number of
cache proxies we plan to deploy. We sort the elements of
𝑉𝑖𝑠𝑖𝑡𝑒𝑊𝑒𝑖𝑔ℎ𝑡𝐼𝐷𝑖

in descending order and choose the top 𝑁

squares to deploy the cache proxies.

3.2. How to Organize and Maintain Cache Content in Proxies.
To answer the problem how to organize and maintain cache
content in proxies, we introduce a model to capture the
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Figure 4: An example of the Markov chain.

mobility pattern of user. We use the Markov chain model to
describe the query interests and mobility pattern of users.
Based on the model, we propose cache placement, cache
pushing, and cache update strategies.

3.2.1. The Markov Chain Model. We use Markov chain to
describe the probabilities of a user moving from one location
to another. States of the Markov chain are the popular
locations found by using the previous mechanism, and the
transient probabilities are the probabilities of users moving
between locations. The Markov chain can be built as follows.

Based on the weighted graph mentioned above, we can
calculate the probability that a user moving from location
𝑖 to location 𝑗 as 𝑃𝑖,𝑗 = 𝜔𝑖→𝑗/∑

𝑗=𝐴×𝐵
𝑗=1 𝜔𝑖→𝑗, which satisfies

∑
𝐴×𝐵
𝑗=1 𝑃𝑖,𝑗 = 1.
In our model, 𝑃 = [𝑃𝑖,𝑗] forms the one-step transit matrix

of the Markov chain. The probability of moving from one
square to another could bemeasured by counting the visit fre-
quency. For example, after counting all the transmissions on
all the staypoints, we can easily get the probability from one
staypoint to another staypoint:

𝑃𝑖,𝑗 =
𝜔𝑖→𝑗

∑
𝑗=𝐴×𝐵
𝑗=1 𝜔𝑖→𝑗

. (1)

Figure 4 is an example of the Markov Chain. In this
example, 𝑃1,2 = 6/(6+ 9+ 5) = 30%. Given an initial configu-
ration of user distribution, the users move to other locations
with the probabilities defined by the transit matrix; thus the
distribution evolves over time. Let 𝜋(𝑡) = {𝜋

(𝑡)
1 , 𝜋
(𝑡)
2 , . . .} be

the distribution at time 𝑡, where 𝜋
(𝑡)
𝑖 = Pr[𝑋𝑡 = 𝑖] is the

percentage of users in location 𝑖 at time 𝑡. At the beginning,
the distribution is 𝜋

(0). After one time slot, the distribution
becomes 𝜋(1) = 𝜋

(0)
𝑃. The system evolves as 𝜋(0) 𝑃→ 𝜋

(1) 𝑃
→

𝜋
(2) 𝑃

→ ⋅ ⋅ ⋅ 𝜋
(𝑡). By induction, it obtains 𝜋(𝑡) = 𝜋

(0)
𝑃
𝑡. When

the system runs for a long time (i.e., 𝑡 → ∞), regardless of
what the initial distributionwas,𝜋(𝑡) converges to a stable dis-
tribution. The stable distribution can be obtained by solving
the equation 𝜋 = 𝜋𝑃, which represents the stable distribution
of mobile users in different locations for a long time.

Three pieces of information are delivered by the Markov
chain convergence theorem [40] regarding the stationary dis-
tribution: (1) existence: there exists a stationary distribution.

(2) Uniqueness: the stationary distribution is unique. (3)

Convergence: starting from any initial distribution, the chain
converges to the stationary distribution.

For the existence of stationary distribution, neither irre-
ducibility nor aperiodicity is necessary for the existence of
a stationary distribution. In fact, any finite Markov chain
has a stationary distribution. Irreducibility and aperiodicity
guarantee the uniqueness and convergence behavior of the
stationary distribution.

In our problem, if theMarkovChain is reducible, itmeans
users movement is in separated regions. In that case, we can
divide the map to submaps to ensure the Markov Chain for
each submap is irreducible. And it is a periodicity because it
is hard for all the loop in the graph to be divided by 2. So
theMarkov Chain could have a stationary distribution 𝜋.The
stationary distribution can be derived by solving the equation
𝜋 = 𝜋𝑃, or it can be obtained by running 𝜋

(𝑡)
= 𝜋
(0)

𝑃
𝑡 for a

sufficient long time 𝑡.

3.2.2. Cache Placement Strategy. We manage cache content
on proxies as follows. We only consider the short-term
movement of users; thus we predict the future movement for
three steps; that is, 𝜋(𝑡+3) = 𝜋

(𝑡)
𝑃
3. For each 𝑐𝑎𝑐ℎ𝑒𝑃𝑟𝑜𝑥𝑦𝐼𝐷𝑖,

let the initial distribution 𝜋
(0)
𝐼𝐷𝑖 = [0, . . . 0, 1, 0 ⋅ ⋅ ⋅ 0] (all users

in square 𝐼𝐷𝑖). Then we calculate 𝜋
(3)
𝐼𝐷𝑖 = 𝜋

(0)
𝐼𝐷𝑖 × 𝑃

3. The
vector 𝜋

(3)
𝐼𝐷𝑖 indicates the probability that the user moves to

other locations in three steps. Given such information, our
cache placement and replacement principle are choosing the
most probable location to cache and evicting the less probable
visited locations.

3.2.3. Cache Pushing Strategy. To preserve users’ location
privacy, the LPPS scheme pushes cache content to mobile
users proactively. The cache pushing strategy of cache hit is
described as follows.

Step 1. The cache proxy divides the cache items into several
groups with each group having 𝐾 items. Each item is in the
format ⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷,𝐾𝑒𝑦𝑤𝑜𝑟𝑑,𝐷𝑎𝑡𝑎⟩. To avoid forming pat-
terns, the cache items are grouped together randomly.
Each group generates an index in the form {⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖,

𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖⟩}, which indicates the set of cache items in the
group.The group IDs and their index are pushed to the users.

Step 2. When auser receives the group index, he compares his
query which follows the format 𝑅𝑒𝑞 = ⟨𝐿𝑜𝑐, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑⟩ with
the index. If cache hits, the user will send back the group ID
to the cache proxy to acquire the data.

Step 3. On receiving the group ID, the cache proxy will push
the cache items in the same group to the user.

Step 4. The user receives the grouped cache items and
chooses the desired data. Due to the nature of wireless com-
munication, if other users acquiring data in the same group
overhear the broadcast, they can use the data without inter-
action with the cache proxy.
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Input:
Pushing round number, 𝑛;
𝐾-anonymity, 𝐾;
Cache proxies Caches, 𝐶𝑎𝑐ℎ𝑒𝑠 = {𝐶𝑎𝑐ℎ𝑒

0
, 𝐶𝑎𝑐ℎ𝑒

1
, . . .};

All cache data in 𝐶𝑎𝑐ℎ𝑒
𝑖, 𝐶𝑎𝑐ℎ𝑒

𝑖
= {𝐶𝑎𝑐ℎ𝑒

𝑖
0, 𝐶𝑎𝑐ℎ𝑒

𝑖
1, . . .};

For 𝐶𝑎𝑐ℎ𝑒
𝑖, each item is in the format ⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷,𝐾𝑒𝑦𝑤𝑜𝑟𝑑,𝐷𝑎𝑡𝑎⟩;

For 𝐶𝑎𝑐ℎ𝑒
𝑖, each group generates an index in the form {⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖⟩};

Received feedback index for 𝐶𝑎𝑐ℎ𝑒
𝑖, 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐼𝑛𝑑𝑒𝑥𝐿𝑖𝑠𝑡𝑖;

Received feedback content for 𝐶𝑎𝑐ℎ𝑒
𝑖, 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝐿𝑖𝑠𝑡

𝑖;
Output:

None
(1) while True do
(2) 𝐶𝑎𝑐ℎ𝑒

𝑖 broadcasts following to users passing-by 𝑛 round with each round 𝐾 items:
{⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷,𝐾𝑒𝑦𝑤𝑜𝑟𝑑⟩} with cache group index.

(3) if 𝐶𝑎𝑐ℎ𝑒
𝑖 receives the grouped cache items index 𝑗 then

(4) 𝐶𝑎𝑐ℎ𝑒
𝑖 broadcasts the 𝑗th group of {⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖, 𝐷𝑎𝑡𝑎⟩}.

(5) end if
(6) if 𝐶𝑎𝑐ℎ𝑒

𝑖 receives feedback index 𝐹
 from user then

(7) 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐼𝑛𝑑𝑒𝑥𝐿𝑖𝑠𝑡
𝑖
= 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐼𝑛𝑑𝑒𝑥𝐿𝑖𝑠𝑡

𝑖
⋁𝐹

(8) if 𝐶𝑎𝑐ℎ𝑒
𝑖 needs to update its cache then

(9) 𝐶𝑎𝑐ℎ𝑒
𝑖 requests feedback content 𝐹 about feedback index 𝐹

 from LBS server.
(10) 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝐿𝑖𝑠𝑡

𝑖
= 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝐿𝑖𝑠𝑡

𝑖
⋁𝐹

(11) if 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝐿𝑖𝑠𝑡
𝑖 reaches the limit of cache size then

(12) LRU (Least Recently Used) policy will be used replace 𝐶𝑎𝑐ℎ𝑒
𝑖

(13) end if
(14) end if
(15) end if
(16) end while
(17) return;

Algorithm 1: Cache pushing strategy for each cache proxy 𝐶𝑎𝑐ℎ𝑒
𝑖.

If the requested data is not found in the index, a cache
miss happens. The cache pushing strategy of cache miss is
described as follows.

Step 1. It is the same as Step 1 in the cache pushing strategy
of cache hit.

Step 2. When auser receives the group index, he compares his
query which follows the format 𝑅𝑒𝑞 = ⟨𝐿𝑜𝑐, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑⟩ with
the index. If cache miss occurs, the user needs to retrieve the
data from the LBS server. To protect location privacy, the user
generates 𝑘 − 1 queries with random locations/keywords and
sends them with the original query to the LBS server.

Step 3. After the LBS server sends back the 𝑘 responses to
user, the user uses them to generate a feedback index in the
form {⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖⟩}; then the user sends back the
index to the cache proxy.

Step 4. On receiving the feedback index in the form
{⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖⟩}, the cache proxy could store it for
a time before it needs to update its cache. We assume cache
proxy could be disconnected with LBS servers or Internet
when it is not updating cache.When the cache proxy needs to
update its cache, the cache proxy uses stored feedback indexes

as requests to query about each ⟨𝑆𝑞𝑢𝑎𝑟𝑒 𝐼𝐷𝑖, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑖⟩

from LBS server and then receives the data from LBS server
as feedback content to update its cache. If cache proxy
reaches the limits of cache size, a LRU policy will be used
to replace cache. Algorithm 1 shows the pseudocode of our
cache pushing strategy for each cache proxy.

3.2.4. Cache Updating Strategy. Now we consider cache
updating and replacement strategy when cache miss occurs.
As we know, popular locations change when peoples’ interest
changes. For example, as a new interesting shop or restaurant
begins to work, people around may go to these new places
frequently, which forms new hot spots. Cache replacement
and updating strategy should consider the dynamic of user
visiting interests on cache miss.

After cache miss happens for several times, cache proxy
could get a large amount of feedback indexes from users.
Since it contains fake random requests due to the reason of
privacy preservation, we want to identify the real popular
locations from the feedback indexes. We use a bin-ball model
introduced by [40] to achieve this. As shown in Figures 5 and
6, because the real hot places are always needed by users,
the accumulative probability that a location occurs should
be higher than random requests. In Figure 5, we use black
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Answers for real requests

Answers for fake requests

Balls to bins

· · ·

Figure 5: Balls to bins model: feedback as balls, locations as bins.

Result

Answers for real requests

Answers for fake requests

· · ·

Figure 6: Balls to bins model: bins receiving more balls stands for
real popular locations.

balls to indicate the real requests and white balls to indicate
the fake requests (queries with random locations/keywords).
Each bin indicates a location related to the requests. The
location-based queries equal putting balls (black and white
balls) into bins. Each white ball drops to the random bins
uniformly, corresponding to users queries with random
locations/keywords. So each bin will get (𝑘 − 1) × 𝑇/𝐿 white
balls as expected, where 𝑇 is the total number of cache
missing that happened and 𝐿 is the total number of locations
users may need.The distribution of black balls is not random:
it is proportional to the popularity of the location. So the
distribution of black balls is very different from the white
balls, resulting in the fact that a few bins will get most black
balls as Figure 6 shows. Finding the bins containing most
black balls can indicate the real popular locations.

Suppose we have 𝑀 balls indicating the number of
locations in the feedback indexes and 𝐿 bins indicating total
number of locations. Suppose all balls are thrown into bins
independently. Let 𝑋𝑖 be the random variable representing
the number of balls in the 𝑖th bin.We calculate the probability
that a bin is receiving more than 𝑄 balls. If all balls are
uniformly randomly dropped, the 𝑄 balls are thrown to bin

𝑖 with probability (1/𝐿)
𝑄, and there are totally (

𝑀
𝑄 ) distinct

combinations of𝑀 balls. Therefore,

Pr [𝑋𝑖 ≥ 𝑄] ≤ (
𝑀

𝑄
)(

1

𝐿
)

𝑄

=
𝑀!

𝑄! (𝑀 − 𝑄)!𝐿𝑄

= (
1

𝑄!
)

𝑖=𝑄−1

∏

𝑖=0

𝑀 − 𝑖

𝐿
≤ (

1

𝑄!
) (

𝑀

𝐿
)

𝑄

.

(2)

𝐿 is the number of total locations and 𝑀 is the numbers
of locations in the feedback indexes. In real practice,𝑀 ≪ 𝐿,
which indicates (1/𝑄!) × (𝑀/𝐿)

𝑄 approaches 0 for larger 𝑄.
If 𝑄 is big enough, Pr[𝑋𝑖 ≥ 𝑄] is a very small number

indicating that it is a small probability event. If a bin receives
more than 𝑄 balls, it means a small probability event occurs,
which indicates that the throwing of balls is not uniformly
random, and the bin represents a popular location in real
world. For example, if𝑀 = 1000, 𝐿 = 10000, and 𝑄 = 10, we
obtain Pr[𝑋𝑖 ≥ 𝑄] ≤ 2.7557319223986 ∗ 10

−17. If such event
occurs, it is very confident that the 𝑖th location is a popular
location, which should be choosed to update to cache proxy.

We propose cache updating principles as follows. For
each cache proxy 𝑖, when it got 𝑀 locations in its feedback
indexes, it identifies the popular locations by calculating the
probability in (2) and requests for feedback content and
then inserts the corresponding location-related items into the
cache proxy. The least visited locations are evicted from the
cache tomake room for the new items.Thedetailed algorithm
is shown in Algorithm 2.

3.2.5. Discussion and Analysis. In this section, we discuss the
efficiency of the proposed LPPS scheme.

First, the deployment of cache proxy is greedy. Since we
choose the most visited square to deploy cache proxy, it is
trivial that this is approximate optimal place to deploy the
proxies.

Second, the placement of cache content is based on
movement prediction, which is optimized by using Markov
Chain analysis. In order to find proper location-related
content to push,weneed to find themost related locationwith
current location, which could be calculated by the transition
matrix 𝑃. We pick the most probable locations to push to the
mobile users passing, which can reduce the risk of location
report and the communication overhead to the LBS server.

Third, we analyze the computational cost of the proposed
algorithm, which involves two steps:

(1) Using original data to compute where to deploy cache
proxies: Since we choose the most visited square to
deploy cache proxy, if the input is the total points
number 𝑝 of historical trajectory and the total grids
number 𝑛 (the area is divided into a 𝑛 = 𝐴 × 𝐵 grids),
the time complexity is𝑂(𝑝), and the space complexity
is𝑂(𝑛

2
). In fact, this computational cost is huge but it

only needs to be calculated once.
(2) Organizing andmaintaining cache content in proxies:

(2.1) To organize cache content, we need to use 𝑃𝑖,𝑗 =
𝜔𝑖→𝑗/∑

𝑗=𝐴×𝐵
𝑗=1 𝜔𝑖→𝑗, and then we calculate 𝜋

(3)
𝐼𝐷𝑖 =
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Input:
Transition Matrix, 𝑃;
Pushing round number, 𝑛; 𝐾-anonymity, 𝐾; Cache proxies Caches, 𝐶𝑎𝑐ℎ𝑒𝑠 = {𝐶𝑎𝑐ℎ𝑒

0
, 𝐶𝑎𝑐ℎ𝑒

1
, . . .};

All cache data in cache proxies 𝐶𝑎𝑐ℎ𝑒
𝑖, 𝐶𝑎𝑐ℎ𝑒

𝑖
= {𝐶𝑎𝑐ℎ𝑒

𝑖
0, 𝐶𝑎𝑐ℎ𝑒

𝑖
1, . . .};

Received number of locations in 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝐼𝑛𝑑𝑒𝑥𝐿𝑖𝑠𝑡
𝑖 for 𝐶𝑎𝑐ℎ𝑒

𝑖, 𝑅𝑒𝑐𝑒𝑖V𝑒𝑑𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝑖;
Location numbers 𝐿;
Desired feedback threshold 𝑄;
The ball distribution in all bins for 𝐶𝑎𝑐ℎ𝑒

𝑖, 𝑃𝑖 = {𝑃
𝑖
0, 𝑃
𝑖
1, . . .};

Output:
𝐶𝑎𝑐ℎ𝑒

𝑖;
(1) for each proxies 𝐶𝑎𝑐ℎ𝑒

𝑖
∈ 𝐶𝑎𝑐ℎ𝑒𝑠 do

(2) if 𝑅𝑒𝑐𝑒𝑖V𝑒𝑑𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝑖 ≥ 𝐿 then
(3) 𝑅𝑒𝑐𝑒𝑖V𝑒𝑑𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘𝑖 = 0;
(4) 𝑛𝑒𝑤𝐶𝑎𝑐ℎ𝑒 = 𝜙;
(5) for each 𝑃

𝑖
𝑗 ∈ 𝑃
𝑖 do

(6) if 𝑃𝑖𝑗 ≥ 𝑄 then
(7) request feedback content about location 𝑗 from LBS servers
(8) newCache = 𝑛𝑒𝑤𝐶𝑎𝑐ℎ𝑒 ∨ {cache about location 𝑗}

(9) end if
(10) end for
(11) Sort 𝐶𝑎𝑐ℎ𝑒

𝑖 with Descending order of 𝑃3[𝑖, 𝑗]
(12) Sort 𝑛𝑒𝑤𝐶𝑎𝑐ℎ𝑒 with Descending order of 𝑃𝑖𝑗
(13) 𝐶𝑎𝑐ℎ𝑒

𝑖
= 𝑛𝑒𝑤𝐶𝑎𝑐ℎ𝑒 ∨ {𝑇𝑜𝑝(𝑛 × 𝐾 − |𝑛𝑒𝑤𝐶𝑎𝑐ℎ𝑒|)𝑖𝑛𝐶𝑎𝑐ℎ𝑒

𝑖
};

(14) end if
(15) end for
(16) return 𝐶𝑎𝑐ℎ𝑒

𝑖;

Algorithm 2: Cache replacement and updating.

𝜋
(0)
𝐼𝐷𝑖×𝑃

3.The vector 𝜋(3)𝐼𝐷𝑖 indicates the probabil-
ity that the usermoves to other locations in three
steps. Our cache placement and replacement
principle is choosing themost popular locations
to cache and evicting the less popular visited
locations. If the city is divided into 𝑛 = 𝐴 ×

𝐵 grids, in order to calculate 𝜋
(3)
𝐼𝐷𝑖, the time

complexity is 𝑂(𝑛
3
), and the space complexity

is 𝑂(𝑛
2
). Fortunately, the computational cost to

calculate 𝜋
(3)
𝐼𝐷𝑖 is huge but it also only needs to

be calculated once. After that, if the cache size
of 𝑐𝑎𝑐ℎ𝑒𝑃𝑟𝑜𝑥𝑦𝐼𝐷𝑖 is 𝑆, we only sort and choose
top 𝑆 most popular locations of 𝑛 as the cache
content for 𝑐𝑎𝑐ℎ𝑒𝑃𝑟𝑜𝑥𝑦𝐼𝐷𝑖. In order to choose
the most 𝑆 popular locations to cache, the time
complexity is 𝑂(𝑛 log(𝑛)), and the space com-
plexity is 𝑂(𝑛).

(2.2) To maintain cache content in proxies, we need
the resource including not only the bandwidth
resource between proxies and LBS servers for
updating cache, but also the computational
resource for proxies to calculate which part of
cache needs to be replaced and updated, which
we explain as follows. We use Algorithm 2 to
replace and update cache. In order to find the
popular location data which is not in origin
cache, we analyze the feedback indexes and use

balls to bins model to get the real popular loca-
tion data in feedback content which is requested
from LBS servers. Then we update cache with it
to replace the least popular caches in the origin
cache. The same as (2.1), in order to sort and
choose the most 𝑆 popular locations to cache,
our algorithm needs 𝑂(𝑛 log(𝑛)) time complex-
ity and 𝑂(𝑛) space complexity.

In summary, although the computational cost which only
needs to be calculated once is 𝑂(𝑛

3
) + 𝑂(𝑝) time complexity

and 𝑂(𝑛
2
) space complexity, the computational cost of keep-

ing our system working is 𝑂(𝑛 log(𝑛)) time complexity and
𝑂(𝑛) space complexity.

3.3. How to Guarantee k-Anonymity Location Privacy Preser-
vation. We show that LPPS achieves 𝑘-anonymity of location
privacy to both cache proxy and LBS server.

When cache hits occurs, the cache proxy received the
group ID from the user. That is, the cache proxy knows that
the desired data is within the group. However, there are 𝑘

different items in the group and they are randomly chosen;
the proxy is not able to distinguish the target from the other
𝑘 − 1 items. When cache hits occurs, LBS server and user do
not communicate, and LBS server is not able to track user.

When cache miss occurs, the user sends out location-
based queries with fake locations and keywords. Since the
LBS server receives 𝑘 different queries from the same user,
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it is hard to distinguish the real request from the other 𝑘 − 1

requests. The proxy also receives a feedback index from user,
and it is hard to distinguish the real one from the other 𝑘 − 1

locations/keywords in the feedback index too. Besides, the
LBS server receives user requests intermittently (only when
cachemiss occurs), which will make it impossible to track the
user location continuously.

In the threat model, proxies and the LBS server are
possible to be compromised. They can collude and try to
track users. This did not affect the 𝑘-anonymity of location
privacy. When cache hit occurs, the proxies only know the 𝑘

destinations the user may be heading to, and the LBS server
does not have any information about the user. So it guarantees
𝑘-anonymity of location privacy when cache hit occurs.
When cache miss occurs, both proxies and the LBS server
receive the 𝑘 locations/keywords with 𝑘 − 1 undistinguished
random locations/keywords in it; 𝑘-anonymity of location
privacy is also guaranteed. In fact, both LBS server and the
proxy only know the 𝑘 probable destinations that the user is
heading to and do not knowmore things; they cannot obtain
enough information to track user.Our protocol can keep both
LBS server and distributed cache layer only having partial
information of user; even when they collude, they still could
not obtain enough information. Even if neighbor proxies
collude, they still only get the 𝑘 probable next destinations
that user is heading to.

In summary, the proposed LPPS guarantees 𝑘-anonymity
of location privacy.

4. Performance Evaluation

In this section, we conduct experiments to evaluate the
efficiency of the proposed LPPS strategy by both real and syn-
thetic datasets.

4.1. Experiment Setup. The two real datasets are the mobile
user traces collected in Beijing [2] and cab mobility traces
collected in San Francisco [34]; the statistics of trace datasets
are in Table 1. The historical traces are obtained from public
published GPS dataset GeoLife and Cabspotting project.
The Geolife dataset (published by Microsoft Research Asia)
logged the mobility traces (the GPS coordinates) of 178 users;
most of the trace locations are in Beijing in a period of over
four years (from April 2007 to October 2011). Cabspotting
project logged the cabs mobility traces (the GPS coordinates)
of 536 users collected in May 2008.

Our simulation area is a square in the Beijing city ranging
from latitude 39.75

∘N to 40.1
∘N and from longitude 116.2

∘E
to 116.66

∘E and San Francisco ranging from latitude 37.6
∘N

to 37.85
∘N and from longitude 122.55

∘W to 122.23
∘W. We

remove the trajectories which are outside these area from
the traces and apply the method described in Section 3.1
to calculate the stay points (with Δ 𝑑 = 600m and Δ 𝑡 =

1200 s). We obtain 13,666 and 1,894,208 stay points in total.
We assume that the communication area for one proxy is
600m × 600m, and both divide the simulation area into a
𝐴 × 𝐵 grid (GeoLife 65 × 65 and Cabspotting 47 × 47 the
experiment). We apply the cache proxy deployment strategy
to calculate the visiting frequency and deploy𝑁 cache proxies

Table 1: Statistics of trace datasets.

Traces Geolife Cabspotting
Number of users 178 536
Region Beijing San Francisco
Duration 4 years 30 days
Number of stay points 13,666 1,894,208
Number of queries generated 7,693 9,266,161
Number of grids 65 × 65 47 × 47

in the most popular locations. Figure 7 illustrates the result
of cache proxy deployment when 𝑁 is set to 5% of 65 × 65

in GeoLife dataset. In this figure, one blue dot indicates one
proxy and there are 211 proxies in this figure. Figure 8 shows
the result of cache proxy deployment when 𝑁 is set to 5% of
47 × 47 in Cabspotting dataset. In this figure, one blue dot
indicates one proxy and there are 110 proxies in this figure.

Based on the GPS dataset, knowing the current location,
each mobile user generates a location-based query to request
location information for his/her next stay point. The query is
in the form of ⟨𝐿𝑜𝑐, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑⟩. We set 𝐿𝑜𝑐 as the location the
user is heading to, which is available from the mobile trace.
There are total 7,693 queries generated in Geolife and 9266161
in Cabspotting. For the required 𝑘-anonymity, we set 𝑘 = 5.

The synthetic dataset is generated in accordance with
the following characteristics. In our synthetic dataset exper-
iment, users distributed in a large area of 100 × 100 grids;
each grid is also 600m × 600m. They generate a number of
queries every minute.The distribution of the locations where
these queries are generated from obeys the Zipf distribution,
and the distribution of the location information that these
queries request also obeys the Zipf distribution. In thismodel,
the request generates probability 𝑃


𝑖 from location 𝐿 𝑖, and

the request probability 𝑃

𝑖 about location 𝐿 𝑖 is given by

𝑃

𝑖 = 𝑃


𝑖 = 𝐶/𝑖

𝛼, where 𝐶 = (∑
𝑘=100×100
𝑘=1 (1/𝑘

𝛼
))
−1. The

parameter 𝛼 (0 ≤ 𝛼 ≤ 1) is the skewness parameter of the
Zipf-like distribution, indicating the degree of concentration
of requests. The value of 𝛼 is set to 0.7, 0.8, 0.9, 1.0 in our
simulations dataset. All users’ requests follow the same Zipf
pattern. Although a synthetic dataset cannot represent a real
dataset exactly, it allows us to vary data characteristics in a
controlled manner not possible to be used in real dataset.

The performance metrics include service coverage ratio,
cache hit ratio, and communication overhead.The reason we
picked these as performance metrics is that service coverage
determines whether a mobile user can be served, cache hit
ratio determines whether amobile user can be servedwithout
LBS server, and communication overhead is also whatmobile
user cares about. For each of these performance metrics, we
evaluated the impact of proxies number 𝑁 and cache size S.
While evaluating the impact of 𝑁 (resp., 𝑆), we fixed 𝑆 = 2%
(resp.,𝑁 = 14% of total locations).

4.2. Service Coverage Ratio. We introduce coverage ratio to
evaluate the performance of our cache deployment strategy.
A query is said to be covered if the mobile user is in the
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Figure 7: Deployment of cache proxies in Beijing.

Figure 8: Deployment of cache proxies in San Francisco.

communication range of a proxywhen the query is generated.
The coverage ratio is defined as the proportion of the number
of queries covered by the cache layer to the total number of
queries. If the number of cache proxies approaches𝐴×𝐵, the
service coverage ratio cloud achieve 100%.

In our experiment, we set the proxy number 𝑁 varying
from 5% to 20% of 𝐴 × 𝐵. Figures 9(a) and 9(b) show the
impact of the number of cache proxies. Figure 9(a) shows
the coverage ratio varying with 𝑁 with two real datasets.
When 𝑁 = 5%, the coverage ratio is about 85% for Beijing
and 95% for San Francisco. With 𝑁 increasing, the coverage
ratio increases quickly. When 𝑁 = 20%, the coverage ratio
approaches 99% for both real datasets. It indicates that if

cache proxies are deployed in a small portion of the grid,
they can serve most of the queries. It also suggests Power-
Law distribution in the datasets. We can also see that cab
traces in San Francisco are more concentrated than mobile
user traces in Beijing. Figure 9(b) shows the results with
simulated Zipf-distribution dataset and how the coverage
ratio looks like with different 𝛼. It shows that, with a fixed
𝛼 (which indicates how concentrated the simulated Zipf-
distribution dataset is), with𝑁 increasing, the coverage ratio
increases quickly. And it also shows that, for a fixed𝑁, when
𝛼 increase, the coverage ratio increases quickly. Because cache
size cannot affect service coverage ratio, we do not illustrate
the impact of cache size 𝑆 with service coverage ratio.
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Figure 9: Service coverage ratio.

4.3. Cache Hit Ratio. We use cache hit ratio as another
performance metric of cache deployment strategy. A query
is said to be hit if the mobile user can get the desired content
from the cache when the query is generated. The cache hit
ratio is defined as the proportion of the number of queries hit
by the cache layer to the total number of queries.

Figures 10(a) and 10(b) show the impact of cache proxy
number. Figures 10(c) and 10(d) show the impact of cache size
𝑆.

Cache proxy number is an important factor for the
performance of our strategies.The larger cache proxy number
yields the higher cache hit ratio and provides the better
location privacy guarantee. Figure 10(a) shows with real
dataset, when cache size is set to 2%, how the average cache
hit ratio of proxies varies when cache proxy number𝑁 varies
from 5% to 20% of total cache proxy number. The cache hit
ratio is low when cache size is small. When𝑁 reaches 5%, the
cache hit ratio is over 0.90 for Beijing and over 0.50 for San
Francisco. It increases slowly when𝑁 is further increased. As
shown in Figure 9(a), when 𝑁 reaches 8% for San Francisco,
the cover ratio barely increased, which causes the cache hit
ratio to increase slowly. The number of destinations for a cab
is much larger than that for a mobile user, so the hit ratio for
Cabspotting dataset is lower than Geolife. Figure 10(b) shows
how it looks like with simulated Zipf-distribution dataset.
We can see that, with a fixed 𝛼, with 𝑁 increasing, the hit
ratio increases. And it also shows that, for a fixed 𝑁, when 𝛼

increases, the hit ratio increases.
Cache size is an important factor for the performance of

our strategies. The larger cache size yields the higher cache
hit ratio and provides the better location privacy guarantee.
Figure 10(c) shows with real dataset, when cache proxy
number 𝑁 is set to 2% 𝐴 × 𝐵, how the average cache hit
ratio varies when cache size 𝑆 varies from 1% to 3% of the
size of keyword set. The cache hit ratio is low when cache

size is small, which is about 50% for 𝑆 = 1%. The number of
destinations for a cab is much larger than that for a mobile
user, so the hit ratio for cabspotting dataset is lower than
Geolife. We also can see that cache hit ratio increases slightly
with cache size up to 2% inGeolife dataset. Figure 10(d) shows
how it looks like with simulated Zipf-distribution dataset.We
can see that, with a fixed 𝛼which indicates how concentrated
the simulated Zipf-distribution dataset is, with 𝑆 increasing,
the hit ratio increases. And it also shows that, for a fixed 𝑆,
when 𝛼 increases, the hit ratio increases.

4.4. Comparison of Communication Overhead. We assume
that the communication cost of transmitting one unit of
message from the LBS server to a mobile user is 𝐶𝑠, and the
cost from a cache proxy to a user is 𝐶𝑝. Normally 𝐶𝑝 is much
smaller than 𝐶𝑠; not only is the cache proxy local and is the
LBS server a remote site, but also the proxies can broadcast
messages tomanyusers at the same time.We set𝐶𝑝/𝐶𝑠 = 0.25

in our experiments. The communication overhead is calcu-
lated by the total number of messages exchanged between the
users and the LBS server and the proxies multiplied by their
corresponding communication cost.

We use the classical 𝑘-anonymity strategy [6] as the
baseline to compare the proposed LPPS. Figures 11(a) and
11(c) aremade from real dataset, showing the communication
overhead of LPPS as the percentage of the classical 𝑘-
anonymity strategy. Figure 11(a) indicates the impact of 𝑁.
It can be seen that, with 𝑁 increasing, the cost decreases.
Figure 11(c) indicates the impact of 𝑆, which shows that, with
cache size 𝑆 increase, the cost decreases, compared to 𝑘-
anonymity strategy. It is shown that the communication over-
head decreaseswhen the number of proxies and the cache size
increase. Figures 11(b) and 11(d) show, with simulated Zipf-
distribution dataset, how the cost(lpps)/cost(𝑘-anonymity)
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(d) The average cache hit ratio with simulated Zipf-
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Figure 10: Cache hit ratio.

Table 2: Performance comparison.

Comparison LPPS The classical 𝐾-anonymity strategy
Basic idea Push-based strategy Pull-based strategy
Privacy preservation Guarantee 𝐾-anonymity Guarantee 𝐾-anonymity
Service coverage ratio 99% when𝑁 = 20% No proxy, just query data directly
Cache hit ratio 60% to 100% when𝑁 > 5% and 𝑆 > 2% No cache, just query data directly

Communication overhead 25% of the classical𝐾-anonymity strategy
in the best case Much higher than LPPS

looks likewith different𝛼. It shows that, with a fixed𝛼, with𝑁

and 𝑆 increasing, the cost decreases quickly. And it also shows
that, for a fixed𝑁, when 𝛼 increases, whichmeans the dataset
is more concentrated, the cost decreases quickly. In the best

case, the communication overhead of LPPS is only about 25%
of the classical 𝑘-anonymity strategy. In Table 2 we show the
performance comparison between our LPPS and the classical
𝑘-anonymity strategy.
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Figure 11: Comparison of communication overhead: cost(lpps)/cost(𝑘-anonymity).

5. Conclusion

In this paper, we address the location privacy issues in
the prevailing location-based services and propose a push-
based location privacy preservation scheme called LPPS.
The LPPS introduces a distributed cache layer to store the
popular location-related data and push them tomobile users.
Strategies for cache proxy deployment and cache pushing are
proposed to achieve 𝑘-anonymity of location privacy. Cache
replacement and updating strategies are proposed to mine
real popular places of interest from a lot of fake feedback
indexes when cache miss occurred. Trace driven simulations
illustrate that the proposed scheme achieves high service
coverage ratio, decent cache hit ratio, and low communica-
tion overhead. In the future, we will focus on personalized
cache pushing strategy; for example, people from different
directions at different time may have different destinations.

We will focus on more kinds of cache content besides the
location data. This system can be practically rolled out with
VANET (Vehicular Ad hocNetwork) andWi-Fi city plan; our
cache proxies here could be road side unit [38] in VANET
which can provide more kinds of services.
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A fairness-aware resource allocation scheme in a cooperative orthogonal frequency divisionmultiple (OFDM) network is proposed
based on jointly optimizing the subcarrier pairing, power allocation, and channel-user assignment. Compared with traditional
OFDM relaying networks, the source is permitted to retransfer the same data transmitted by it in the first time slot, further
improving the system capacity performance. The problem which maximizes the energy efficiency (EE) of the system with total
power constraint and minimal spectral efficiency constraint is formulated into a mixed-integer nonlinear programming (MINLP)
problemwhich has an intractable complexity in general.The optimizationmodel is simplified into a typical fractional programming
problem which is testified to be quasiconcave. Thus we can adopt Dinkelbach method to deal with MINLP problem proposed to
achieve the optimal solution.The simulation results show that the joint resource allocationmethod proposed can achieve an optimal
EE performance under the minimum system service rate requirement with a good global convergence.

1. Introduction

Recently, orthogonal frequency division multiple (OFDM)
cooperative communication systems have been widely used
to overcome the limitations of the users’ space constraints,
because the relays can adopt the frequency diversity tech-
nique to deal with channel fading. In multiple frequency
channels, subcarrier pairing was first devised independently
for a single-user communication environment in [1, 2], by
matching the subcarriers in OFDM relaying networks. Fur-
ther in multiuser relaying networks [3, 4], both the relay and
users are sharing all the channel. Owing to the complexities
and drastic variations in the channel conditions for different
users, appropriate channel-user assignments can potentially
enable significant improvements in the spectral efficiency
(SE). Recently, energy efficiency (EE) [5–9] has emerged
as one of the most promising solutions to resolve issues
such as the rapidly increasing energy consumption and
the carbon emissions caused by the escalating growth of
wireless data traffic in next-generation networks.The authors
in [10–13] have conducted a preliminary research on EE

multiuser relaying resource allocation (RA). In such OFDM
relaying networks, an optimal system performance should
take into account three problems jointly: the subcarrier
pairing, channel-user assignment (the assignment of sub-
carrier pairs to users), and the power allocation that have
a strong correlation among them. However, the combina-
torial solution of these three problems entails the mixed-
integer linear programming problem (MILP)which generally
has an excessive computational complexity. Besides, if we
further consider the energy efficiency resource allocation
problem, the optimization problem will be a mixed-integer
nonlinear programming (MINLP) problem that in general
is computationally undesirable because of its combinatorial
nature which could adopt branch-and-bound method to
solve [14]. Previous attempts to optimize the performance
of the multiple users OFDM relaying networks have usually
considered only a subset of three problems regarding the SE
[15–22] or a subset of three problems regarding the EE [5–12]
or have adopted a suboptimal approach [13, 23].

Based on single-user amplify-and-forward (AF) OFDM
relaying networks, [15] shows that the subcarrier pairing
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method according to the instantaneous channel gain that
matches the incoming and outgoing subcarriers is sum-
rate optimal. The authors in [16, 17] propose a joint power
allocation and subcarrier pairing scheme in the same scenar-
ios with [15] for the AF and the decode-and-forward (DF)
networks, respectively. However, the works mentioned above
only address the maximization of the end-to-end SE without
jointly considering the direct passing path. For theAF and the
DF, respectively, [18, 19] consider power allocation and sub-
carrier pairing scheme jointly, which could be obtained by the
Lagrange means, in the single-user OFDM relaying network
when the passing path directly is available. An equal power
allocation policy in [23] exploits an optimal subcarrier-user
allocation method which maximizes the system throughput.
For DF relaying networks, [21] provides an asymptotically
optimal scheme to jointly allocate power and assign subcar-
rier user.The same inDF relaying networks, [20] considers all
the three problems with the total power constraint. However,
this approach is suboptimal because of separately applying
the power allocation, subcarrier pairing, and subcarrier-
user allocation. The authors in [22] address a maximized
throughput problem by joint considering power allocation,
subcarrier pairing, and subcarrier pair-user allocation. Based
on usual relaying strategies, the optimal resource allocation
problem can be obtained by Lagrange means.

For a downlink OFDM system, [5] presents a bandwidth
allocation scheme based on energy efficiency tomaximize the
number of bits per Joule energy consumption. Reference [6]
offers a global optimal energy efficiency scheme to solve the
optimal energy efficiency of the system that decomposes the
joint optimization problem into three subproblems.However,
[5, 6] do not consider the EE of the OFDM relaying net-
works which are traditional OFDM networks without relays.
Considering a sum-rate constraint for a cooperative OFDM
DF relaying network, [7] develops a sum-power minimized
RA algorithm without the direct source-destination link.
In [8], based on AF relaying networks with a frequency
selective channel, a suboptimal two-step power allocation
and subcarrier pairing strategy is raised to maximize the
energy efficiency when the direct source-destination link
is unavailable. In a downlink cooperative multiuser OFDM
relaying network, the authors in [9] present a joint subcarrier
pairing and power allocation scheme to maximize the EE of
the system with the proportional fairness.

In [10–13], multiple users relaying networks are consid-
ered. Considering only the power allocation without consid-
ering the subcarrier pairing and the channel-user assignment,
[10] presents a multiple users AF relaying model. Reference
[11] formulates energy efficiency optimization problem for
power allocation with fairness in cooperative multiple users
fading channels. In [12, 13], maximizing the EE problem is
proposed which is formulated as the ratio of the SE over
the total power dissipation and joint power and subcarrier
allocation in a multiple users OFDM relaying network. In
[12], the optimization problem is solved under a constraint
of providing the minimum required spectral efficiency in the
OFDM relaying networks.

In [13], the objective function (OF) is proven to be
quasiconcave and can adopt Dinkelbach method to obtain

the optimal solution by solving a sequence of subtractive
concave problems using the dual decomposition approach.
However, [12, 13] jointly consider only power allocation
and subcarrier pairing without considering channel-user
assignment.

In this work, we focus on the design of a fairness-aware
resource allocation scheme in a cooperative OFDM network.
Compared with traditional OFDM relaying networks, the
source is permitted to retransfer the same data transmitted by
it in the first time slot, further improving the system capacity
performance. The problem which maximizes the energy
efficiency (EE) of the system with total power constraint
and minimal spectral efficiency constraint is formulated into
a mixed-integer nonlinear programming (MINLP) prob-
lem which has an intractable complexity in general. The
optimization model is simplified into a typical fractional
programming problem which is testified to be quasiconcave.
Thus we can adopt Dinkelbach method to deal with MINLP
problem proposed to achieve the optimal solution. The
simulation results show that the joint resource allocation
method proposed can achieve an optimal EE performance
under the minimum system service rate requirement with a
good global convergence.

The main contributions of the work are summarized as
follows:

(i) We propose a new energy-efficient maximizing
method in amultiple users relaying systemwith direct
passing path and total power constraints which jointly
optimizes the subcarrier pairing, the power alloca-
tion, and the channel-user assignment. We can also
adopt Lagrangian method and continuity relaxation
to solve the joint optimal problem. But the three-
dimensional assignment problem is its key subprob-
lem which is nondeterministic polynomial time (NP-
hard) but has time complexity.

(ii) Comparedwith traditional OFDM relaying networks,
the source is permitted to retransfer the same data
transmitted by it in the first time slot, further improv-
ing the system capacity performance. Because of both
the new relay cooperation protocol and the subcarrier
pairs-user three-dimensional assignment algorithm,
the proposed joint resource allocation method could
achieve optimal EE performance under a minimum
system data rate requirement with a good global
convergence which can be proved by theoretical
derivation and simulation analysis.

(iii) The optimization model is simplified into a typical
fractional programming problem which is testified
to be quasiconcave. Thus we can adopt Dinkelbach
method to deal with MINLP problem proposed to
achieve the optimal solution.

The remained of this paper is organized as follows. In
Section 2, the system model and the resource allocation
problem are described. In Section 3, the problem is formu-
lated and reformulated by the convex optimization technique.
In Section 4, a resource allocation iteration algorithm will
be adopted and solved by a dual decomposition method.
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Figure 1: Model of the concerned single relay multiuser OFDM
network.

In Section 5, both the analysis and the simulation results
are presented to compare the performances of the different
resource allocation schemes. Section 6 gives a conclusion for
this paper.

2. System Model

In this section, we first introduce the adopted system model
and the performance measure. Then, the design of the
resource allocation and scheduling is formulated as an opti-
mization problem.

2.1. System Model. Considering an OFDM single relay mul-
tiusers system as in Figure 1, source transfers the information
to all the users with the help of one relay. In this paper, we
focus on the joint resource allocation problem in a scenario
including one source, one relay, and 𝐾 users. 𝑁 equal-
bandwidth orthogonal channels haves been divided from the
available frequency spectrum, accessible by the relay and
all the users. Without loss of generality, we assume that all
the channels occupy the same bandwidth and experience
independent frequency selective fading. It is also assumed
that all pieces of the channel state information (CSI) are
available at the source, the relay, and the users [18]. The
half-duplex transmission process can be divided into two
phases. The source 𝑆 transmits the information data to all
the other nodes including the relay and all the users in the
first phase. The relay decodes the received signals in the first
phase and retransmits them to all the users in the second
phase. Compared with traditional OFDM relaying networks
[22], the source is permitted to retransfer the same data
transmitted by it in the first time slot, further improving the
system capacity performance [24].

From the discussion above, the state of channel 𝑖 can
denote that, for 1 ≤ 𝑖 ≤ 𝑁, ℎ𝑠𝑟𝑖 and ℎ𝑠𝑘1𝑖 represent the
instantaneous channel gain from source to relay and from
the source to the user 𝑘 in the first phase and ℎ𝑟𝑘𝑖 and ℎ𝑠𝑘2𝑖
signify the instantaneous channel gain from the relay to the
user 𝑘 and from the source to the user 𝑘 in the second phase.
The AWGN (Additive Gaussian White Noise) at the 𝑘th

user and the relay are zero mean with variances 𝜎2𝑟 and 𝜎
2
𝑘 ,

respectively.
Since there are multiple users, for the sake of maximizing

the system throughput when allocating the resources, we
must also take the user fairness into account [9, 11]. The
fairness factor 𝜔𝑘 for user 𝑘 is expressed by

𝐾

∑

𝑘=1

𝑤𝑘 = 1. (1)

It should be mentioned that the considered scenario is
applicable in practice where the source, the relay, and the
users may act as base station, the relay station, and the
cellular users, respectively. Further, this system model is an
example of a wireless sensor network transmission model,
where the source, the relay, and the users are all considered
as wireless sensor nodes. In our system model, adopting one
relay instead of multiple relays can significantly reduce the
energy consumption and the system overhead, in accordance
with green communication and environmental protection.

2.2. Channel Assignment. The relay not only forwards the
incoming signals to their intended users by a special relay
process strategy but also conducts the subcarrier pairing and
the channel-user assignments. Obviously, the solutions of the
subcarrier pairing are closely related to the strategy of the
channels assignments to all the users. Then, we refer to the
joint assignment on subcarrier pairing and subcarrier pair-
user allocation as the joint channel assignment problem.

Suppose that the path𝑃(𝑚, 𝑛, 𝑘) is selected, if the first-hop
channel𝑚 is paired with a second-hop channel 𝑛 and the pair
of channels (𝑚, 𝑛) is assigned to user 𝑘. Further, we define the
indicator functions given by [22]

𝜙𝑚,𝑛,𝑘 =
{

{

{

1, if 𝑃 (𝑚, 𝑛, 𝑘) is selected,

0, otherwise.
(2)

A user can be assigned many subcarrier pairs, but a
subcarrier pair must be allocated to a user exclusively. Hence

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝜙𝑚,𝑛,𝑘 = 1, ∀𝑚,𝑚 ∈ {1, 2, . . . , 𝑁}

𝑁

∑

𝑚=1

𝐾

∑

𝑘=1

𝜙𝑚,𝑛,𝑘 = 1, ∀𝑛, 𝑛 ∈ {1, 2, . . . , 𝑁} .

(3)

2.3. Relaying Strategy and Power Allocation. In the traditional
DF relaying networks, each transmission cycle is divided
into two time slots equally. In the first time slot, the source
broadcasts a data block in every channel to both user and
relay nodes. Then, in the second time slot the relay starts
to decode and forward the data from source to the user.
Meanwhile, if the channel strength of the source is sufficient
in the second hop, the source will be assigned power to
send the data again and then obtains a diversity gain. The
user adopts the MRC in both two time slots on the received
signals.
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Along any path𝑃(𝑚, 𝑛, 𝑘), the source in the first time slot,
the source in the second time slot, and the relay transmission
powers are denoted by 𝑃𝑠1𝑚𝑛𝑘, 𝑃

𝑠2
𝑚𝑛𝑘, and 𝑃

𝑟
𝑚𝑛𝑘, respectively.

Then the total power allocated to path 𝑃(𝑚, 𝑛, 𝑘) is 𝑃𝑚𝑛𝑘 =
𝑃
𝑠1
𝑚𝑛𝑘 + 𝑃

𝑠2
𝑚𝑛𝑘 + 𝑃

𝑟
𝑚𝑛𝑘. The total power 𝑃total constraint can be

given by

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝜙𝑚𝑛𝑘 (𝑃
𝑠1
𝑚𝑛𝑘 + 𝑃

𝑠2
𝑚𝑛𝑘 + 𝑃

𝑟
𝑚𝑛𝑘) ≤ 𝑃total. (4)

Based on DF relaying networks, the maximum source-
destination achievable rate on path 𝑃(𝑚, 𝑛, 𝑘) is given by
[22]

𝑅 (𝑚, 𝑛, 𝑘) =
1

2
min {log2 (1 + 𝑎𝑚𝑃

𝑠1
𝑚𝑛𝑘) ,

log2 (1 + 𝑏𝑛𝑘𝑃
𝑟
𝑚𝑛𝑘 + 𝑐𝑚𝑘𝑃

𝑠1
𝑚𝑛𝑘 + 𝑎𝑛𝑘𝑃

𝑠2
𝑚𝑛𝑘)} ,

(5)

where 𝑎𝑚 = |ℎ
𝑠𝑟
𝑚|
2
/𝜎
2
𝑟 , 𝑏𝑛𝑘 = |ℎ

𝑟𝑘
𝑛 |
2
/𝜎
2
𝑘 , 𝑐𝑚𝑘 = |ℎ

𝑠𝑘1
𝑚 |
2
/𝜎
2
𝑘 ,

𝑎𝑛𝑘 = |ℎ
𝑠𝑘2
𝑛 |
2
/𝜎
2
𝑘 , and 1/2 indicates that one data transmission

is needed in two time slots.

3. Problem Formation and
Convex Reformulation

In this section, we formulate the corresponding source allo-
cation problem and reformulate the optimization problem.

3.1. Problem Formulation. Given a fixed total power 𝑃𝑚𝑛𝑘 of
path 𝑃(𝑚, 𝑛, 𝑘), (5) can be converted to [24]

𝑅 (𝑚, 𝑛, 𝑘) =
1

2
log2 (1 + 𝑎𝑚𝑛𝑘𝑃𝑚𝑛𝑘) . (6)

𝑎𝑚𝑛𝑘 denotes the equivalent channel gain on the path 𝑃(𝑚,
𝑛, 𝑘), expressed as

𝑎𝑚𝑛𝑘 =

{{{{

{{{{

{

𝑎𝑚𝑎𝑛𝑘

𝑎𝑚 + 𝑎𝑛𝑘 − 𝑐𝑚𝑘

, when 𝑏𝑛𝑘 ≤ 𝑎𝑛𝑘

𝑎𝑚𝑏𝑛𝑘

𝑎𝑚 + 𝑏𝑛𝑘 − 𝑐𝑚𝑘

, when 𝑏𝑛𝑘 > 𝑎𝑛𝑘.
(7)

According to the fairness factor 𝜔𝑘 for every user 𝑘,
the total end-to-end SE and the total transmit power on all
the subcarriers by the source and the relay of the system can
be expressed by

𝑅total (Φ,P) =
1

2

𝐾

∑

𝑘=1

𝜔𝑘

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘𝑃𝑚𝑛𝑘)

𝑃users (Φ,P) =
𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝜙𝑚𝑛𝑘𝑃𝑚𝑛𝑘,

(8)

where P = [𝑃𝑚𝑛𝑘]𝑁×𝑁×𝐾, Φ = [𝜙𝑚𝑛𝑘]𝑁×𝑁×𝐾, and 𝑃𝑚𝑛𝑘 and
𝜙𝑚𝑛𝑘 satisfy the constraints mentioned previously.

The total power consumed can therefore be expressed as
[13]

𝑃total (Φ,P) = 𝑃𝐶 + 𝜍𝑃users (Φ,P) , (9)

where 𝑃𝐶 is the constant circuit power consumption which
includes the power dissipations in the transmit filter, the
mixer, the frequency synthesizer, and the digital-to-analog
converter that are independent of the actual transmitted
power [12]. 𝜍 > 1 denotes the reciprocal of the drain effi-
ciencies of the power amplifiers employed at the source
and the relay. For example, an amplifier with a 50% drain
efficiency has 𝜍 = 1/0.5 = 2. 𝑅req specifies the minimum SE
requirement as a QoS constraint and satisfies that 𝑅total(Φ,
P) ≥ 𝑅req.

Finally, the optimization problem to maximize the aver-
age system EE is formulated into

max
Φ,P

𝑞 (Φ,P) =
𝑅total (Φ,P)
𝑃total (Φ,P)

s.t. (3) and (4)

𝜙𝑚𝑛𝑘 = {0, 1} ,

𝑃𝑚𝑛𝑘 ≥ 0,

∀𝑚, 𝑛, 𝑘

𝑅total (Φ,P) ≥ 𝑅req.

(10)

3.2. Continuous Relaxation and Convex Reformulation. The
optimization problem addressed in (10) is MINLP problem
that in general is computationally undesirable because of its
combinatorial nature which could adopt branch-and-bound
method to solve [14]. However, in the following section, we
will raise a method to find an optimal strategy that grows
polynomial with the numbers of subcarriers available in the
system.

First, ignoring the physical meaning of formula (2), we
relax the constraints by allowing 𝜙𝑚𝑛𝑘 to take any value in the
interval [0, 1], where

𝜙𝑚𝑛𝑘 ∈ [0, 1] , ∀𝑚, 𝑛, 𝑘. (11)

Hence, we introduce a new variable

𝑆𝑚𝑛𝑘 = 𝜙𝑚𝑛𝑘𝑃𝑚𝑛𝑘. (12)

Second, the relaxed optimization problem of (10) accord-
ing to Φ = [𝜙𝑚𝑛𝑘]𝑁×𝑁×𝐾 and S = [𝑆𝑚𝑛𝑘]𝑁×𝑁×𝐾 can be refor-
mulated as
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max
Φ,S

𝑞 (Φ, S) =
(1/2)∑

𝐾
𝑘=1 ∑

𝑁
𝑚=1 ∑

𝑁
𝑛=1 𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘 (𝑆𝑚𝑛𝑘/𝜙𝑚𝑛𝑘))

𝑃𝐶 + 𝜍∑
𝑁
𝑚=1 ∑

𝑁
𝑛=1 ∑

𝐾
𝑘=1 𝑆𝑚𝑛𝑘

s.t. (3)

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘 ≤ 𝑃𝑡

0 ≤ 𝜙𝑚𝑛𝑘 ≤ 1,

𝑆𝑚𝑛𝑘 ≥ 0,

∀𝑚, 𝑛, 𝑘

𝑅total (Φ, S) ≥ 𝑅req.

(13)

Proposition 1. The channel-user assignments and the power
allocation matrices (Φ∗, S∗) found in the previous subsection
are globally optimal solutions to the original problem of (10).

Proof. Applying the Dinkelbach approach in [25], the objec-
tive functions of (10) and (13) are given as

𝐹 (𝑞) = max
Φ,P
[𝑅total (Φ,P) − 𝑞𝑃total (Φ,P)]

𝐹 (𝑞)

= max
Φ,S
[
1

2

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘
𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

)

− 𝑞𝑃𝐶 + 𝜍

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘] .

(14)

The optimization problem of (10) is not concave since 𝜙𝑚𝑛𝑘 =
{0, 1}. The optimization problem of (13) is the slack form of
optimization problem (10) by allowing 𝜙𝑚𝑛𝑘 to take any value
in the interval [0, 1].

The objective function (13) is concave in (Φ, S) since
𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘(𝑆𝑚𝑛𝑘/𝜙𝑚𝑛𝑘)) are perspectives of the con-
cave function log2 (1 + 𝑎𝑚𝑛𝑘𝑆𝑚𝑛𝑘). Further, since there are
feasible points and all constraints are affine obviously, Slater’s
condition can be satisfied [17]. Hence, we can suggest that
a globally optimal solution can be got in the Lagrange dual
domain because convex optimization problem (13) has a zero
duality gap. Therefore, relaxation problem (13) and original
problem (10) have the same optimal solution.

Note that adopting traditional convex optimization soft-
ware packages cannot get the optimal solution in (10) because
Φ
∗ is not ensured to be a binary. In next section, we will

present a three-dimensional joint subcarrier pairing and
channel-user assignment scheme that can provide an optimal
solution with the polynomial time.

4. Joint Resource Allocation Scheme for
Multiuser OFDM Relaying System

Since solving the nonconvex problem in (13) is not standard
approach in general, in this section, we transform the opti-
mization problem with the Dinkelbach method and handle
an iterative algorithm to obtain it.

4.1. Objective Function Transformation. Without loss of gen-
erality, we denote the optimal EE and the set of feasible
solutions for the optimization proposed in (13) as 𝑞∗ and T;
then we have

𝑞
∗
= max
Φ,S

𝑅total (Φ, S)
𝑃total (Φ, S)

=
𝑅total (Φ

∗
, S∗)

𝑃total (Φ
∗
, S∗)

,

∀ {Φ, S} ∈ T.

(15)

We define

𝐹 (𝑞) = max
Φ,S
[𝑅total (Φ, S) − 𝑞𝑃total (Φ, S)] . (16)

The optimal energy efficiency of the optimization prob-
lem proposed in (15) 𝑞∗ is achieved if and only if

𝐹 (𝑞
∗
) = max
Φ,S
[𝑅total (Φ, S) − 𝑞

∗
𝑃total (Φ, S)]

= 𝑅total (Φ
∗
, S∗) − 𝑞∗𝑃total (Φ

∗
, S∗) = 0,

∀ {Φ, S} ∈ T.

(17)

We can prove (17) by following the Dinkelbach approach
as in [25]. In other words, the optimal resource allocation
policies {Φ∗, S∗} for the equivalent objective function are
also the optimal resource allocation policies for the original
objective function.

In summary, the optimization of the original objective
function and the optimization of the equivalent objective
function result in the same resource allocation policies.
Equation (17) reveals that, for an optimization problem with
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(1) Initial maximum number of iterations 𝐿max and maximum tolerance 𝜀.
(2) Set maximum energy efficiency 𝑞 = 0 and iteration index 𝑛 = 0.
(3) repeat {Main Loop}
(4) Solve the inner loop problem in (19) for a given 𝑞 and channel

assignment and power allocation policy (Φ, S)
(5) if 𝑅total(Φ


, S) − 𝑞𝑃total(Φ


, S) < 𝜀 then

(6) Convergence = true
(7) return (Φ∗, S∗) = (Φ, S) and 𝑞∗ = 𝑅total(Φ


, S)/𝑃total(Φ


, S)

(8) else
(9) Set 𝑞 = 𝑅total(Φ


, S)/𝑃total(Φ


, S) and 𝑛 = 𝑛 + 1

(10) Convergence = false
(11) end if
(12) until Convergence = true or 𝑛 = 𝐿max

Algorithm 1: Resource allocation iteration algorithm for EE maximization.

an objective function in the fractional form, there exists
an equivalent objective function in a subtractive form, for
example, 𝑅total(Φ

∗
, S∗) − 𝑞∗𝑃total(Φ

∗
, S∗) in the considered

case. As a result, we can focus on the equivalent objective
function further in this paper.

4.2. Resource Allocation Iteration Algorithm for EE Maxi-
mization. The iterative algorithm for EE maximization is
described in Algorithm 1.

As shown in Algorithm 1, for each iteration in the main
loop, that is, lines (3)–(12), we solve the following optimiza-
tion problem for a given parameter 𝑞 that can be expressed
as

max
Φ,S
𝐹 (𝑞) = [𝑅total (Φ, S) − 𝑞𝑃total (Φ, S)] . (18)

In combination with formula (13), (18) can be further
converted to

max
Φ,S

𝐹 (𝑞)

=
1

2

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘
𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

)

− 𝑞(𝑃𝐶 + 𝜍

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘)

s.t. (3)

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘 ≤ 𝑃𝑡

0 ≤ 𝜙𝑚𝑛𝑘 ≤ 1,

𝑆𝑚𝑛𝑘 ≥ 0,

∀𝑚, 𝑛, 𝑘

𝑅total (Φ, S) ≥ 𝑅req.

(19)

According to (19) and setting 𝑞 = 0, the optimization
problem by solving 𝐹(0) turns out to be an SE-oriented

resource allocation scheme. 𝑅total(Φ, S) is concave, and 𝑆𝑚𝑛𝑘
is affine. The optimization problem of OP(𝑞) is concave with
respect to (𝜙𝑚𝑛𝑘, 𝑆𝑚𝑛𝑘). We assume that 𝑅req is achievable
under the constraints of (19) that indicates the existence of
interior points. Then Slater’s condition is satisfied [26].

Hence, it can be shown that the strong duality holds and
the optimization problem (19) has a zero duality. In other
words, solving the dual problem is equivalent to solving the
primal problem, and a globally optimal solution can be found
in the Lagrange dual domain. Asmentioned in Section 3.2, by
relaxing the constraints and introducing a continuous 𝜙𝑚𝑛𝑘 ∈
[0, 1], solving the dual problem will always provide an upper
bound for the original optimization problem.

Specifically, the optimal solution for the dual problem
does not always result in a binary 𝜙𝑚𝑛𝑘 ∈ {0, 1} that is
desired as a necessary constraint in the original optimization
problem. However, we will prove that a globally optimal
solution always exists for the dual problem with a binary
𝜙𝑚𝑛𝑘 ∈ {0, 1}, making the solution obtained available and
optimal for the optimization problem in (10).

4.3. Dual Problem Formulation and Decomposition Solution.
The Lagrangian of (19) is given by

𝐿 (Φ, S, 𝜆, 𝜇, 𝑞) = 1
2

⋅

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘
𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

) − 𝑞(𝑃𝐶

+ 𝜍

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘) − 𝜆(

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘 − 𝑃𝑡)

− 𝜇(𝑅req

−
1

2

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘
𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

)) .

(20)
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Associated with the total power constraint, 𝜆 ≥ 0 and
𝜇 ≥ 0 denote the Lagrangianmultipliers.The dual function is
therefore given by

min 𝑔 (𝜆, 𝜇) = minmax
Φ,S
𝐿 (Φ, S, 𝜆, 𝜇, 𝑞)

s.t. (3)

0 ≤ 𝜙𝑚𝑛𝑘 ≤ 1,

𝑆𝑚𝑛𝑘 ≥ 0,

∀𝑚, 𝑛, 𝑘.

(21)

To deal with (21), we resolve the dual problem into three
subproblems and solve it iteratively.

(1) Power Allocation. First, with a given value of 𝜆 and 𝜇, we
will have

𝑔 (𝜆, 𝜇) = max
Φ,S
𝐿 (Φ, S, 𝜆, 𝜇, 𝑞)

=

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

(
1 + 𝜇

2
𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘

𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

) − 𝑞𝜍𝑆𝑚𝑛𝑘 − 𝜆𝑆𝑚𝑛𝑘 − 𝜇𝑅req) + 𝜆𝑃𝑡 − 𝑞𝑃𝐶.

(22)

We take the partial derivative of (22) with respect to 𝑆𝑚𝑛𝑘
and then make the derivative equal to zero. According to
the Karush-Kuhn-Tucker (KKT) conditions [26], the optimal
𝑆𝑚𝑛𝑘 for a given value of 𝜆 and 𝜇 can be obtained in a water-
filling form as

𝑆
∗
𝑚𝑛𝑘 (𝜆, 𝜇) = [

𝜔𝑘 (1 + 𝜇)

2 ln 2 (𝜆 + 𝑞𝜍)
−
1

𝑎𝑚𝑛𝑘

]

+

𝜙𝑚𝑛𝑘, (23)

where [𝑥]+ = max(𝑥, 0). Equation (23) is a type of multipla-
nar water-filling solution [12].

For any path 𝑃(𝑚, 𝑛, 𝑘), we maximize the equivalent
channel gain 𝑎𝑚𝑛𝑘 according to the instantaneous channel
information and the Fibonacci method to obtain the optimal
𝜏
∗
𝑚𝑛𝑘. For a given value of 𝜏∗𝑚𝑛𝑘, according to (23) and (12),
the source transmission power for the first time slot 𝑃𝑠1𝑚𝑛𝑘, the
source transmission power for the second time slot 𝑃𝑠2𝑚𝑛𝑘, and
relay node transmission power 𝑃𝑟𝑚𝑛𝑘 can be given by

𝑃
𝑠1
𝑚𝑛𝑘 =

𝑎𝑛𝑘 (1 − 𝜏
∗
𝑚𝑛𝑘) + 𝑏𝑛𝑘𝜏

∗
𝑚𝑛𝑘

𝑎𝑚 + 𝑎𝑛𝑘 − 𝑐𝑚𝑘

𝑃𝑚𝑛𝑘

𝑃
𝑠2
𝑚𝑛𝑘 =

(𝑎𝑚𝑘 − 𝑐𝑚𝑘) (1 − 𝜏
∗
𝑚𝑛𝑘) − 𝑏𝑛𝑘𝜏

∗
𝑚𝑛𝑘

𝑎𝑚 + 𝑎𝑛𝑘 − 𝑐𝑚𝑘

𝑃𝑚𝑛𝑘

𝑃
𝑟
𝑚𝑛𝑘 = 𝜏

∗
𝑚𝑛𝑘𝑃𝑚𝑛𝑘.

(24)

(2) Channel-User Assignment. Substituting 𝑆𝑚𝑛𝑘 in (23) into
(22), 𝑔(𝜆, 𝜇) can therefore be reformulated as

𝑔 (𝜆, 𝜇) = max
Φ,S
𝐿 (Φ, S, 𝜆, 𝜇, 𝑞)

=

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜙𝑚𝑛𝑘𝐴𝑚𝑛𝑘 (𝜆, 𝜇) + 𝜆𝑃max − 𝑞𝑃𝐶

− 𝜇𝑅req,

(25)

where 𝐴𝑚𝑛𝑘(𝜆, 𝜇) can be given by

𝐴𝑚𝑛𝑘 (𝜆, 𝜇)

=
1

2
𝜔𝑘 log(1 + 𝑎𝑚𝑛𝑘 [

𝜔𝑘 (1 + 𝜇)

2 ln 2 (𝜆 + 𝑞𝜍)
−
1

𝑎𝑚𝑛𝑘

]

+

)

− (𝜆 + 𝜍𝑞) [
𝜔𝑘 (1 + 𝜇)

2 ln 2 (𝜆 + 𝑞𝜍)
−
1

𝑎𝑚𝑛𝑘

]

+

.

(26)

Then we have

max
Φ

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜙𝑚𝑛𝑘𝐴𝑚𝑛𝑘 (𝜆, 𝜇)

s.t. (3)

0 ≤ 𝜙𝑚𝑛𝑘 ≤ 1, ∀𝑚, 𝑛, 𝑘.

(27)

To calculate Φ = [𝜙𝑚𝑛𝑘]𝑁×𝑁×𝐾 which turn into solving
(X, {ymn

}), the model of (27) can be given by

max
X,{ymn}

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝑥𝑚𝑛

𝐾

∑

𝑘=1

𝑦
𝑚𝑛
𝑘 𝐴𝑚𝑛𝑘 (𝜆, 𝜇) . (28)

We solve 𝑥𝑚𝑛 and 𝑦
𝑚𝑛
𝑘 in (28) over two stages. Firstly, we

maximize the inner-sum term over 𝑦𝑚𝑛𝑘 for each subcarrier
pair (𝑚, 𝑛); that is,

𝐴

𝑚𝑛 (𝜆, 𝜇) = max

{ymn}

𝐾

∑

𝑘=1

𝑦
𝑚𝑛
𝑘 𝐴𝑚𝑛𝑘 (𝜆, 𝜇)

s.t.
𝐾

∑

𝑘=1

𝑦
𝑚𝑛
𝑘 = 1,

0 ≤ 𝑦
𝑚𝑛
𝑘 ≤ 1, ∀𝑘.

(29)

The optimal 𝑦𝑚𝑛𝑘 in (29) is readily gained by

𝑦
𝑚𝑛
𝑘
∗
=
{

{

{

1, if 𝑘 = arg max
1≤𝑙≤𝐾

𝐴𝑚𝑛𝑙 (𝜆, 𝜇)

0, otherwise.
(30)
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Secondly, taking 𝐴𝑚𝑛(𝜆, 𝜇) into (28), we reduce (28) to
the following linear optimization problem:

max
X

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝑥𝑚𝑛𝐴

𝑚𝑛 (𝜆, 𝜇)

s.t.
𝑁

∑

𝑛=1

𝑥𝑚𝑛 = 1, ∀𝑚,

𝑁

∑

𝑚=1

𝑥𝑚𝑛 = 1, ∀𝑛

0 ≤ 𝑥𝑚𝑛 ≤ 1, ∀𝑚, 𝑛.

(31)

It is easy to know that a binary solution X∗ ∈ {0, 1}𝑁×𝑁
to this problem (31) will always exist. Further, with the
binary constraints onX, this is depicted as a two-dimensional
assignment problem, such as the Hungarian Algorithm [27].

Finally, the optimal 𝜙∗𝑚𝑛𝑘 in (25) is gained as the product
of 𝑥∗𝑚𝑛 and 𝑦

𝑚𝑛
𝑘
∗. Since both 𝑥∗𝑚𝑛 and 𝑦

𝑚𝑛
𝑘
∗ are binary, 𝜙∗𝑚𝑛𝑘 is

binary.

(3) Subgradient Updating. The previous subsection proposes
the method to get the Lagrange function 𝑔(𝜆, 𝜇) with a given
value of the Lagrange multipliers 𝜆 and 𝜇. Since the dual
function is differentiable, we use the subgradient method to
update 𝜆 and 𝜇. The subgradient-updated equations of 𝜆 and
𝜇 are

𝜆 (𝑛 + 1) = [𝜆 (𝑛) − 𝛼𝜆 (𝑛)(𝑃𝑡 −

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝐾

∑

𝑘=1

𝑆𝑚𝑛𝑘)]

+

𝜇 (𝑛 + 1) = [𝜇 (𝑛) − 𝛼𝜇 (𝑛)

⋅ (
1

2

𝐾

∑

𝑘=1

𝑁

∑

𝑚=1

𝑁

∑

𝑛=1

𝜔𝑘𝜙𝑚𝑛𝑘log2 (1 + 𝑎𝑚𝑛𝑘
𝑆𝑚𝑛𝑘

𝜙𝑚𝑛𝑘

)

− 𝑅req)]

+

,

(32)

where 𝑛, 𝛼𝜆(𝑛), and 𝛼𝜇(𝑛) denote the iteration index and the
positive diminishing the 𝑛th inner iteration step sizes of the
dual variables, respectively. The subgradient method above
is guaranteed to converge to the optimal dual variables if
the step sizes are chosen following the diminishing step size
policy [26].

5. Simulation Results and Analysis

We have obtained the optimal solution of joint source
allocation scheme in the previous sections. In this section, we
compare the performances of the proposed joint EE resource
allocation schemewith the other resource allocation schemes.

The multiusers OFDM channel gains are modeled as
complex Gaussian distributions with a zero mean and the
variance is 𝑐 ⋅ 𝑑−V𝑖,𝑗 , indicating that ℎ𝑖,𝑗 ∼ 𝐶𝑁(0, 𝑐 ⋅ 𝑑

−V
𝑖,𝑗 ) [19].
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Figure 2: Average SE performance of different resource allocation
schemes.

We assume that there is a circle which is centered in the
relay node with a radius of 500m. Users, as shown in
Figure 1, are randomly distributed in the right half circle.
Correspondingly, the source is randomly distributed in the
left half circle. The number of users is set to 𝐾 = 4 and the
number of OFDM system subcarriers is set to 𝑁 = 16. The
fairness factors for every user are set to [0.15, 0.15, 0.35, 0.35].
The variances of the AWGNs are set to 𝜎2𝑟 = 𝜎

2
𝑘 = 𝑁0 =

−131 dBm and the power consumption of the constant circuit
is set to 𝑃𝐶 = 30 dbm.

5.1. Analysis of Average SE Performance. The average trans-
mission rate of our proposed EE scheme is comparedwith the
others schemes proposed in [13, 22, 23], as shown in Figure 2.
The resource allocation schemes proposed in [13, 22, 23] are
designed to maximize the total system SE. We can see from
Figure 2 that the average SE performance of our proposed
scheme monotonically increases when 𝑃max ≤ 18 dBm and
then saturates when 𝑃max > 18 dBm. When 𝑃max ≤ 18 dBm,
based on the analysis in previous section, the proposed
algorithm by solving 𝐹(0) is also aimed at maximizing the
total system SE; hence the profile monotonically increases
with respect to 𝑃max. However when 𝑃max > 18 dBm,
the proposed algorithm stops consuming more power for
transmitting the radio signals to maximize the system energy
efficiency. In [13, 22, 23], the average SE of the other resource
allocation schemes monotonically increases with respect to
𝑃max, as 𝐹(0), by sacrificing the energy efficiency of the
system. Moreover, as expected, our proposed scheme can
provide a better SE performance compared to the other
resource allocation schemes when 𝑃max ≤ 18 dBm; it can
obtain a 3.0 dB, 2.0 dB, and 1.6 dB gain, approximately, com-
pared with schemes proposed in [13], [23], and [22], respec-
tively.
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Figure 3: Average EE performance of different resource allocation
schemes.

In summary, [23] exploited an optimal subcarrier-user
assignment with an equal power assignment policy and has
the worst performance. Reference [13] jointly considers only
the power allocation and the subcarrier pairing without con-
sidering the channel-user assignment; thus it has the second
worst performance. Reference [22] considers the maximized
SE problem of jointly optimizing the subcarrier pairing, the
channel-user assignment, and the power allocation but the
performance is still not as good as our scheme because we
have adopted a new relaying strategy. In this paper, compared
with traditional OFDM relaying networks [22], the source
is permitted to retransfer the same data transmitted by it
in the first time slot, further improving the system capacity
performance.

5.2. Analysis of Average EE Performance. Figure 3 shows the
comparison of our proposed resource allocation method and
the other methods proposed in [13, 22, 23] in allusion to
maximize the total average EE performance.

We can see from Figure 3 that schemes in [22, 23], aimed
at maximizing the total system SE, monotonically increase
when 𝑃max ≤ 18 dBm and monotonically decrease when
𝑃max > 18 dBm. But the average EE performances of our
method raised and [13] monotonically increase when 𝑃max ≤
18 dBm and then saturate when 𝑃max > 18 dBm. However,
the average EE of our method raised remains constant while
𝑃max > 18 dBm, after it attains an optimal EE of about
5.6 bit/J/Hz. This is because once the maximum EE of the
system has been obtained, the source and relay will not take
any energy to do useless transmission. It is also shown in
Figures 2 and 3 that our proposed EE scheme provides both
better EE and SE performances when 𝑃max ≤ 18 dBm, caused
by the joint channel-user assignment and the new relaying
strategy. Reference [13] also considers a joint channel-user
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Figure 4: Convergence performance of the outer iteration algo-
rithm for EE maximization.
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Figure 5: Convergence performance of SE under minimum QoS
constrain.

assignment but continues to have lower EE performance than
our scheme since we adopt a new relaying strategy.

5.3. Convergence of Iterative Algorithm. Figures 4 and 5
illustrate the evolution of the average system energy efficiency
of the proposed iterative algorithm for different minimum
system service rate requirements, based on the fractional
programming method in [25].

Figures 4 and 5 display the convergence performances of
the total EE and the total SE under different QoS constraints,
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respectively. As shown in Figure 5, EE 𝑞 monotonically
increases with the number of outer iterations and then
saturates when the number of iterations exceeds eight. On the
basis of the analysis in Section 3.2, 𝑞will achieve an optimal 𝑞∗
when the outer cycle is convergent. Particularly in this paper,
by setting𝑅req = 0, indicating that there is no QoS constraint,
we will obtain the optimal 𝑞∗𝑅req=0 = 5.6 bit/s/Hz and the
corresponding SE will be 𝑅𝑅req=0 = 6.3 bit/s/Hz. According
to the above-mentioned analysis, we can conclude that our
resource allocation method raised could obtain an optimal
EE performance under different QoS constraints with a good
global astringency and a rapid convergence ability.

6. Conclusions

This paper discuss energy efficiency problem for multi-
ple users OFDM relaying scenario. We investigate a joint
resource allocation scheme including the power allocation,
the subcarrier pairing, and the channel assignment to the
user. We maximize the overall system EE guaranteeing
the constraints of total power and a minimum SE. The
optimization model is simplified into a typical fractional
programming problem which is testified to be quasiconcave.
Thus we can adopt Dinkelbach method to deal with MINLP
problem proposed to achieve the optimal solution. The
simulation results show that the joint resource allocation
method proposed can achieve an optimal EE performance
under the minimum system service rate requirement with a
good global convergence.
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This paper investigates how to perform optimal cooperative power control for the coexistence of heterogeneousmultihop networks.
Although power control on the node level in multihop networks is a difficult problem due to its large design space and the coupling
relationship of power control with scheduling and routing, we formulate a multiobjective optimization problem for the total power
consumption of the two heterogeneous multihop networks with discretized power level. We reformulate the nonlinear constraint
(relationship between power and capacity) into the linear one by piecewise linearization procedure and offer an in-depth study
of cooperative power control in terms of its optimal power—the minimum power consumption with discretized power level
for both heterogeneous multihop networks. Through a novel approach based on adaptive weighted-sum method, we transform
the multiobjective optimization problem into a single-objective optimization problem and find the set of Pareto-optimal points
iteratively. Using the Pareto-optimal points, we construct the minimum power curve. Using numerical results, we demonstrate that
it can save more energy with cooperative power control than the case without cooperative power control.

1. Introduction

The ever-increasing number of wireless systems leads to the
scarcity of available spectrum. It is necessary to enable highly
efficient spectrum sharing among diverse wireless networks
[1].Most of them are heterogeneous in hardware and software
capabilities, physical layer technologies, or network protocol
standards and are expected to be deployed in the same region
and overlappedwith each other in time, frequency, and space.
Some examples of existing and future radio devices/networks
that need cooperative power control include IEEE 802.11 (Wi-
Fi), 802.15.4 (ZigBee), 802.16 (WiMAX), and Bluetooth in
the ISM bands and IEEE 802.22 (WRAN) and IEEE 802.11af
(WLAN) in the TV white space [2–5]. Often, there is no
central administration or planning for the coexistence of such
networks. In order to avoid interference and achieve optimal
network performance under the paradigm of spectrum shar-
ing, it inevitably leads to cooperative power control between
multiple heterogeneous multihop networks, which is based
on the node level.

As a fundamental problem for wireless networks, power
control is challenging because it directly affects upper layers
scheduling and routing. Meanwhile, when each node in
multiple heterogeneous multihop networks is allowed to
perform power control, the problem becomes even more
difficult due to its large optimization space. In [6], the authors
developed a formal mathematical model for a joint per-node
based power control, scheduling, and flow routing problem.
And they explored a unified solution procedure based on
branch-and-bound framework and convex hull relaxation
that guarantees (1 − 𝜀) optimal solution, where 𝜀 is a small
prespecified error tolerance parameter. In [7], the authors
investigated the network capacity problem for multihop
CRNs in the SINR model. They considered how to maximize
the rates of sessions with a mathematical model combining
power control, frequency band scheduling, and flow routing.
And they formulated a mixed-integer nonlinear program
(MINLP) problem to be solved by an algorithm also based on
the branch-and-bound and (1−𝜀) optimal solution. Although
these works are solid for power control on the node level, they

Hindawi Publishing Corporation
Mobile Information Systems
Volume 2016, Article ID 9720256, 13 pages
http://dx.doi.org/10.1155/2016/9720256

http://dx.doi.org/10.1155/2016/9720256


2 Mobile Information Systems

only involve a single objective in one single network and their
approximate optimal algorithm is rather complex.

Beyond power control on the node level in one single
homogeneous wireless network [6, 7], the authors mainly
focused on power control in heterogeneous cellular net-
works rather than heterogeneous multihop networks [8–
12]. Although the joint optimization of power, bandwidth
allocation, and interference alignment was explored in [13–
18], they only consider the single-objective function with-
out the cooperative interaction between multiple heteroge-
neous networks. In this paper, we consider the total power
consumption minimization of two heterogeneous multihop
networks with discretized power level through coopera-
tive power control, respectively, to formulate a multiple
optimization problem to be a multiobjective mixed-integer
nonlinear programming (MO-MINLP) one. By the aid of
piecewise linearization procedure, we reformulate the non-
linear constraint (relationship between power and capacity)
into the linear one and obtain a multiobjective mixed-integer
linear programming (MO-MILP) problem and offer an in-
depth study of cooperative power control in terms of its
optimal power curve—the minimum power consumption
for both heterogeneous multihop networks. Through a novel
approach based on adaptive weighted-summethod, we trans-
form the multiobjective optimization problem into a single-
objective optimization problem, that is, mixed-integer linear
programming (MILP) solved by commercial software (e.g.,
CPLEX), and find the set of Pareto-optimal points iteratively.
With these Pareto-optimal points, we finally construct the
minimum power curve with discretized power level. And
by applying the solution procedure on two heterogeneous
multihop networks generated randomly, we validate this
solution procedure and offer additional insights into the
behavior of cooperative power control in heterogeneous
multihop networks. The main motivation of the two hetero-
geneous networks is to enable the cooperation between two
independent and colocated networks on the power plane,
such as the example of coexistence of ZigBee and Z-Wave in
Smart Home Networking but not limited to this application
in practice. For the case of more heterogeneous networks
coexistence, we can extend our proposed approach to achieve
the similarly optimal results.

The remainder of this paper is organized as follows. In
Section 2, we develop a mathematical model of cooperative
power control on the node level, scheduling, and flow routing
for two heterogeneous multihop networks. In Section 3, we
formulate a multiobjective cross-layer optimization problem
and reformulate it into a MO-MILP problem. Section 4
describes a solution procedure based on adaptive weighted-
sum method to this cross-layer optimization problem. In
Section 5, we use numerical results to validate the efficacy of
the solution procedure. Section 6 concludes this paper.

2. Mathematical Modeling

In this section, we develop a mathematical model for simul-
taneously optimizing the total power consumption for both
heterogeneous networks (i.e., Network 1 and Network 2).
Denote𝑁 as the combined set of nodes consisting of both the

set of Network 1’s nodes𝑁1 and the set of Network 2’s nodes
𝑁2; that is,𝑁 = 𝑁1∪𝑁2. In the combined network, denote𝑇𝑡𝑗
as the set of nodes (including nodes from two heterogeneous
networks) located within node 𝑗’s transmission range on time
slot 𝑡 with 𝑡 ∈ 𝜏 under full power 𝑃, where 𝑗 can be a node
from either Network 1 or Network 2 (i.e., 𝑗 ∈ 𝑁). Denote 𝐼𝑡𝑗
as the set of nodes (including nodes from two heterogeneous
networks) located within node 𝑗’s interference range on time
slot 𝑡 with 𝑡 ∈ 𝜏 under full power 𝑃, where 𝑗 can be a node
from either Network 1 or Network 2 (i.e., 𝑗 ∈ 𝑁). Denote �̂�
and 𝐿 as the set of activeNetwork 1’s andNetwork 2’s sessions,
respectively.

2.1. Power Control, Scheduling, andTheir Relationship. In this
paper, we consider scheduling in the time domain in the form
of time slots since scheduling for transmission at each node
in the primary and secondary networks can be done in either
time domain or frequency domain and these two scheduling
schemes are equivalent in terms of achievable rate region.

Now, we formalize a mathematical model for the joint
relationship between each node of two heterogeneous net-
works based on power control and scheduling as shown in
Figure 1. For example, there are two links “1 → 2” and
“3 → 4” in Network 1 and two links “5 → 6” and “7 → 8” in
Network 2, which are all active due to cooperative power con-
trol on the node level between two heterogeneous networks.
For the first case without cooperative power control between
two heterogeneous networks, node 7 unilaterally increases its
transmission power as node 5 to be the maximum power,
and then links “1 → 2” and “3 → 4” are all inactive. For
the second case without cooperative power control between
two heterogeneous networks, nodes 1 and 3 simultaneously
increase their transmission power and keep links “1 → 2”
and “3 → 4” in Network 1 active, but links “5 → 6”
and “7 → 8” in Network 2 are all inactive. Obviously, we
find that the four links in the two heterogeneous networks
can simultaneously become active with cooperative power
control between twoheterogeneous networks, which achieves
the best performance for the two networks.

Denote
𝑥𝑖𝑗 [𝑡]

=
{

{

{

1 if node 𝑖 transmits data to node 𝑗 on time slot 𝑡,

0 otherwise.

(1)

As mentioned above, we consider scheduling in the time
domain and thus once a time slot is used by node 𝑖 for
transmission to node 𝑗, this time slot cannot be used again
by node 𝑖 to transmit to a different node. That is,

∑

𝑗∈𝑇𝑡
𝑖

𝑥𝑖𝑗 [𝑡] ≤ 1. (2)

Denote by 𝑝𝑖𝑗[𝑡] the transmission power from node 𝑖 to
node 𝑗 in time slot 𝑡. For transmission from node 𝑖 to node 𝑗,
a simple model for path attenuation loss 𝑔𝑖𝑗 is

𝑔𝑖𝑗 = 𝑑
−𝑛
𝑖𝑗 , (3)
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Figure 1: Two 2-link heterogeneous networks with cooperative power control on the node level.

where 𝑑𝑖𝑗 is the physical distance between nodes 𝑖 and 𝑗 and
𝑛 is the path loss index. Similar to the assumption in [6], we
assume data transmission from node 𝑖 to node 𝑗 is successful
only if the received power at node 𝑗 exceeds a threshold
𝛾𝑇. Denote the transmission range at node 𝑖 under 𝑝𝑖𝑗[𝑡] as
𝑅𝑇(𝑝𝑖𝑗[𝑡]). Then, based on 𝑔𝑖𝑗𝑅𝑇(𝑝𝑖𝑗[𝑡]) ≥ 𝛾𝑇 and (2), we can
calculate the transmission range of this node as follows:

𝑅𝑇 (𝑝𝑖𝑗 [𝑡]) = (
𝑝𝑖𝑗 [𝑡]

𝛾𝑇

)

1/𝑛

. (4)

Since the receiving node 𝑗 must be physically within the
transmission range of node 𝑖, we have

𝑑𝑖𝑗 ≤ (
𝑝𝑖𝑗 [𝑡]

𝛾𝑇

)

1/𝑛

. (5)

Similarly, we assume that interference is nonnegligible only
if it exceeds a threshold, say 𝛾𝐼 at a receiver. Denote the
interference range of node 𝑘 (𝑘 ∈ 𝑁, 𝑘 ̸= 𝑖) under 𝑝𝑘ℎ[𝑡]
as 𝑅𝐼(𝑝𝑘ℎ[𝑡]), where ℎ is the intended receiving node of
transmitting node 𝑘. Similarly, we can obtain the interference
range of node 𝑘 as 𝑅𝐼(𝑝𝑘ℎ[𝑡]) = (𝑝𝑘ℎ[𝑡]/𝛾𝐼)

1/𝑛. Since the
receiving node 𝑗must not fall in the interference range of any
other node 𝑘 that is transmitting in the same time slot, we
have

𝑑𝑗𝑘 ≥ (
𝑝𝑘ℎ [𝑡]

𝛾𝐼

)

1/𝑛

. (6)

Denote by 𝑅max
𝑇 the maximum transmission range of a

nodewhen it transmits at full power𝑃.Then, based on (4), we
have𝑅max

𝑇 = 𝑅𝑇(𝑃) = (𝑃/𝛾𝑇)
1/𝑛. Thus, we have 𝛾𝑇 = 𝑃/(𝑅

max
𝑇 )
𝑛.

Then, for a node transmitting at power 𝑝𝑖𝑗[𝑡] ∈ [0, 𝑃], its
transmission range is

𝑅𝑇 (𝑝𝑖𝑗 [𝑡]) = (
𝑝𝑖𝑗 [𝑡]

𝛾𝑇

)

1/𝑛

= [
𝑝𝑖𝑗 [𝑡] (𝑅

max
𝑇 )
𝑛

𝑃
]

1/𝑛

= (
𝑝𝑖𝑗 [𝑡]

𝑃
)

1/𝑛

𝑅
max
𝑇 .

(7)

Similarly, denote by 𝑅max
𝐼 the maximum interference range

of a node when it transmits at full power 𝑃. Then, following
the same token, we have 𝑅max

𝐼 = 𝑅𝐼(𝑃) = (𝑃/𝛾𝐼)
1/𝑛 and 𝛾𝐼 =

𝑃/(𝑅
max
𝐼 )
𝑛. For a node transmitting at power 𝑝𝑖𝑗[𝑡] ∈ [0, 𝑃],

its interference range is

𝑅𝐼 (𝑝𝑖𝑗 [𝑡]) = (
𝑝𝑖𝑗 [𝑡]

𝑃
)

1/𝑛

𝑅
max
𝐼 . (8)

Remember that𝑇𝑡𝑗 denotes the set of nodes to which node
can transmit on time slot 𝑡 under full power𝑃. More formally,
we have 𝑇𝑡𝑖 = {𝑗 : 𝑑𝑖𝑗 ≤ 𝑅

max
𝑇 , 𝑗 ̸= 𝑖, 𝑡 ∈ 𝜏}. Similarly,

denote by 𝐼𝑡𝑗 the set of nodes that can make interference on
node 𝑗 on time slot 𝑡 under full power 𝑃; that is, 𝐼𝑡𝑖 = {𝑘 :

𝑑𝑗𝑘 ≤ 𝑅
max
𝐼 , 𝑡 ∈ 𝜏}. Note that the definitions of 𝑇𝑡𝑗 and 𝐼

𝑡
𝑗

are both based on full transmission power 𝑃. When power
level 𝑝𝑖𝑗[𝑡] is below 𝑃, the corresponding transmission and
interference ranges will be smaller. As a result, it is necessary
to keep track of the set of nodes that fall in the transmission
range and the set of nodes that can produce interference
whenever transmission power changes at a node. From the
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two constraints (5) and (6) for successful transmission from
node 𝑖 to node 𝑗 and (7) and (8), respectively, we have

𝑑𝑖𝑗 ≤ 𝑅𝑇 (𝑝𝑖𝑗 [𝑡]) = (
𝑝𝑖𝑗 [𝑡]

𝑃
)

1/𝑛

𝑅
max
𝑇 , (9)

𝑑𝑗𝑘 ≥ 𝑅𝐼 (𝑝𝑘ℎ [𝑡]) = (
𝑝𝑘ℎ [𝑡]

𝑃
)

1/𝑛

𝑅
max
𝑇 ,

(𝑘 ∈ 𝐼
𝑡
𝑗, 𝑘 ̸= 𝑖, ℎ ∈ 𝑇

𝑡
𝑘, 𝑡 ∈ 𝜏) .

(10)

Based on the above two constraints, we have the following
requirements for the transmission link 𝑖 → 𝑗 and interfering
link 𝑘 → ℎ:

𝑝𝑖𝑗 [𝑡]

{{

{{

{

∈ [(
𝑑𝑖𝑗

𝑅max
𝑇

)

𝑛

𝑃, 𝑃] if 𝑥𝑖𝑗 [𝑡] = 1,

= 0 if 𝑥𝑖𝑗 [𝑡] = 0,

𝑝𝑘ℎ [𝑡] ≤

{{

{{

{

(
𝑑𝑘𝑗

𝑅max
𝐼

)

𝑛

𝑃 if 𝑥𝑖𝑗 [𝑡] = 1,

𝑃 if 𝑥𝑖𝑗 [𝑡] = 0,

(𝑘 ∈ 𝐼
𝑚
𝑗 , 𝑘 ̸= 𝑖, ℎ ∈ 𝑇

𝑡
𝑘, 𝑡 ∈ 𝜏) .

(11)

Meanwhile, these requirements can also be rewritten as

𝑝𝑖𝑗 [𝑡] ∈ [(
𝑑𝑖𝑗

𝑅max
𝑇

)

𝑛

𝑃𝑥𝑖𝑗 [𝑡] , 𝑃𝑥𝑖𝑗 [𝑡]] ,

𝑝𝑘ℎ [𝑡] ≤ 𝑃 − [1 − (
𝑑𝑘𝑗

𝑅max
𝐼

)

𝑛

]𝑃𝑥𝑖𝑗 [𝑡] ,

(𝑘 ∈ 𝐼
𝑚
𝑗 , 𝑘 ̸= 𝑖, ℎ ∈ 𝑇

𝑡
𝑘, 𝑡 ∈ 𝜏) .

(12)

Additionally, for successful scheduling in time domain,
the following two constraints must also hold:

(a) For a time slot 𝑡 ∈ 𝜏 that is available at node 𝑗, this
time slot cannot be used for both transmission and
receiving. That is, if time slot 𝑡 is used at node 𝑗 for
transmission (or receiving), then it cannot be used for
receiving (or transmission).

(b) Similar to constraint (2) on transmission, node 𝑗
cannot use the same time slot 𝑡 to receive from two
different nodes.

Therein, (a) can be viewed as “self-interference” avoid-
ance constraint where, at the same node 𝑗, its transmission
to another node ℎ on time slot 𝑡 interferes in its reception
from node 𝑖 on the same time slot. It turns out that the above
two constraints are mathematically embedded in (12). That is,
once (12) are satisfied, then both constraints (a) and (b) are
satisfied.This result can be similarly provedwith Lemma 1 [6].

2.2. Flow Routing and Link Capacity. We assume there is a set
of �̂� ∪ 𝐿 active user communication (unicast) sessions in the
combined heterogeneous networks. Denote by 𝑠(𝑙) and 𝑑(𝑙)
the source and destination nodes of session 𝑙 ∈ �̂� ∪ 𝐿 and

𝑟(𝑙) the rate requirement (in b/s) of session 𝑙. We consider the
most general case of multipath routing; that is, we allow flow
splitting between a source node and its destination node.

Mathematically, this can be easily modeled based on flow
balance at each node. Denote by 𝑓𝑖𝑗(𝑙) the data rate on link
(𝑖, 𝑗) that is attributed to session 𝑙, where 𝑖 ∈ 𝑁, 𝑖 ̸= 𝑑(𝑙), 𝑗 ∈
𝑇𝑖 = ⋃𝑡∈𝜏 𝑇

𝑡
𝑖 , 𝑗 ̸= 𝑠(𝑙). If node 𝑖 is the source node of session

𝑙, that is, 𝑖 ̸= 𝑠(𝑙), then

∑

𝑗∈𝑇𝑖

𝑓𝑖𝑗 (𝑙) = 𝑟 (𝑙) . (13)

If node 𝑖 is an intermediate relay node for session 𝑙, that is,
𝑖 ̸= 𝑠(𝑙) and 𝑖 ̸= 𝑑(𝑙), then

𝑗 ̸=𝑠(𝑙)

∑

𝑗∈𝑇𝑖

𝑓𝑖𝑗 (𝑙) =

𝑘 ̸=𝑑(𝑙)

∑

𝑘∈𝑇𝑖

𝑓𝑘𝑖 (𝑙) . (14)

If node 𝑖 is the destination node of session 𝑙, that is, 𝑖 ̸= 𝑑(𝑙),
then

∑

𝑘∈𝑇𝑖

𝑓𝑘𝑖 (𝑙) = 𝑟 (𝑙) . (15)

It can be easily verified that once (13) and (14) are satisfied,
(15) must also be satisfied. As a result, it is sufficient to have
(13) and (14) in the formulation.

Except for the above flow balance equations at each node
𝑖 ∈ 𝑁 for session 𝑙 ∈ �̂� ∪ 𝐿, the aggregated flow rates on each
radio link cannot exceed this link’s capacity. Under 𝑝𝑖𝑗[𝑡], we
have

𝑠(𝑙) ̸=𝑗,𝑑(𝑙) ̸=𝑖

∑

𝑙

𝑓𝑖𝑗 (𝑙) ≤

𝜏

∑

𝑡=1

𝑐𝑖𝑗 [𝑡]

=

𝜏

∑

𝑡=1

𝑊log2 (1 +
𝑔𝑖𝑗

𝑛0𝑊
𝑝𝑖𝑗 [𝑡]) ,

(16)

where 𝑛0 is the ambient Gaussian noise density and 𝑙 ∈ �̂� ∪ 𝐿.

3. Problem Formulation

In the two combined heterogeneous networks, our goal is
to offer guaranteed support for all the sessions (each with
a given rate requirement) while simultaneously minimizing
the total power consumption of both networks, that is, a
multiobjective optimization problem. Putting together the
constraints and requirements discussed in this section, we
have the following formulation:

min ∑

𝑖∈𝑁1

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

min ∑

𝑖∈𝑁2

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] .

(17)

3.1. Discrete Levels of Transmission Powers. Transmission
power is allowed to adjust between 0 and 𝑃 so that we
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achieve power control. In practice, the transmission power
should be tuned into a finite number of discrete levels from
0 to 𝑃. We introduce an integer parameter 𝑄 that represents
the total number of power levels for discrete version of
power control, to which a node can be adjusted, that is,
0, (1/𝑄)𝑃, (2/𝑄)𝑃, . . . , 𝑃. Denote by 𝑞𝑖𝑗[𝑡] ∈ {0, 1, 2, . . . , 𝑄}

the integer power level for 𝑝𝑖𝑗[𝑡]; that is, 𝑝𝑖𝑗[𝑡] = (𝑞𝑖𝑗[𝑡]/𝑄)𝑃.
Then, (12) can be rewritten as follows:

𝑞𝑖𝑗 [𝑡] ∈ [(
𝑑𝑖𝑗

𝑅max
𝑇

)

𝑛

𝑄𝑥𝑖𝑗 [𝑡] , 𝑄𝑥𝑖𝑗 [𝑡]] ,

𝑞𝑘ℎ [𝑡] ≤ 𝑄 − [1 − (
𝑑𝑘𝑗

𝑅max
𝐼

)

𝑛

]𝑄𝑥𝑖𝑗 [𝑡] ,

(𝑘 ∈ 𝐼
𝑡
𝑗, 𝑘 ̸= 𝑖, ℎ ∈ 𝑇

𝑡
𝑘, 𝑡 ∈ 𝜏) ,

𝑠(𝑙) ̸=𝑗,𝑑(𝑙) ̸=𝑖

∑

𝑙

𝑓𝑖𝑗 (𝑙) ≤

𝜏

∑

𝑡=1

𝑊log2 (1 +
𝑔𝑖𝑗

𝑛0𝑊
𝑝𝑖𝑗 [𝑡]) .

(18)

3.2. Formulation. Combining the objective function with all
the constraints for power control on the node level, schedul-
ing, and flow routing, we have the following formulation:

MO-MINLP:

min ∑

𝑖∈𝑁1

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

min ∑

𝑖∈𝑁2

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

(19)

s.t. ∑

𝑗∈𝑇𝑡
𝑖

𝑥𝑖𝑗 [𝑡] ≤ 1, (𝑖 ∈ 𝑁, 𝑡 ∈ 𝜏) , (20)

𝑞𝑖𝑗 [𝑡] − (
𝑑𝑖𝑗

𝑅max
𝑇

)

𝑛

𝑄𝑥𝑖𝑗 [𝑡] ≥ 0,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑡 ∈ 𝜏𝑖) ,

(21)

𝑞𝑖𝑗 [𝑡] − 𝑄𝑥𝑖𝑗 [𝑡] ≤ 0,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑡 ∈ 𝜏) ,

(22)

𝑞𝑘ℎ [𝑡] ≤ 𝑄 − [1 − (
𝑑𝑘𝑗

𝑅max
𝐼

)

𝑛

]𝑄𝑥𝑖𝑗 [𝑡] ,

(𝑘 ∈ 𝐼
𝑡
𝑗, 𝑘 ̸= 𝑖, ℎ ∈ 𝑇

𝑡
𝑘, 𝑡 ∈ 𝜏) ,

(23)

𝑠(𝑙) ̸=𝑗,𝑑(𝑙) ̸=𝑖

∑

𝑙

𝑓𝑖𝑗 (𝑙) ≤

𝜏

∑

𝑡=1

𝑊log2 (1 +
𝑔𝑖𝑗

𝑛0𝑊
𝑝𝑖𝑗 [𝑡]) ,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑙 ∈ �̂� ∪ 𝐿) ,

(24)

∑

𝑗∈𝑇𝑖

𝑓𝑖𝑗 (𝑙) = 𝑟 (𝑙) , (𝑖 ̸= 𝑠 (𝑙) , 𝑙 ∈ �̂� ∪ 𝐿) , (25)
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Figure 2: An illustration of the maximum approximation errors for
piecewise line segment.

𝑖 ̸=𝑠(𝑙),𝑑(𝑙),𝑗 ̸=𝑠(𝑙)

∑

𝑗∈𝑇𝑖

𝑓𝑖𝑗 (𝑙) −

𝑖 ̸=𝑠(𝑙),𝑑(𝑙),𝑘 ̸=𝑑(𝑙)

∑

𝑘∈𝑇𝑖

𝑓𝑘𝑖 (𝑙) = 0,

(𝑖 ∈ 𝑁, 𝑙 ∈ �̂� ∪ 𝐿) ,

(26)

𝑥𝑖𝑗 [𝑡] ∈ {0, 1} ,

𝑞𝑖𝑗 [𝑡] ∈ {0, 1, 2, . . . , 𝑄} ,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑡 ∈ 𝜏) ,

𝑓𝑖𝑗 (𝑙) ≥ 0,

(𝑖 ∈ 𝑁, 𝑖 ̸= 𝑑 (𝑙) , 𝑗 ∈ 𝑇𝑖, 𝑗 ̸= 𝑠 (𝑙) , 𝑙 ∈ �̂� ∪ 𝐿) ,

(27)

where 𝑊, 𝑔𝑖𝑗, 𝑅
max
𝑇 , 𝑅max

𝐼 , 𝑃, 𝑛0, 𝜏, 𝑟(𝑙), and 𝑄

are all constants and 𝑥𝑖𝑗[𝑡], 𝑞𝑖𝑗[𝑡], and 𝑓𝑖𝑗(𝑙) are all
optimization variables.

This optimization problem is in the form of amultiobjec-
tive mixed-integer nonlinear program (MO-MINLP), which
is NP-hard in general [19]. For the small discretized power
level 𝑄 in our formulation, we can simply obtain exact
results at these power levels with point-by-point calculation.
However, if the power level 𝑄 is large or continuous and
if not all the discretized power level is Pareto-optimal,
it is necessary to adopt a piecewise linear approximation
procedure since the computational amount for our approach
with piecewise linear approximation with small segments is
smaller than point-by-point calculation. Hence, in general,
we develop a piecewise linearization procedure to transform
the nonlinear constraint (24) into the linear one and analyze
the approximation errors.

3.3. Reformulation and Approximation Error Analysis. In this
section, for the nonlinear log term (24) in the constraint of
MO-MINLP, we develop a piecewise linearization procedure
[20–22], to transform it into linear term with guaranteed
performance as shown in Figure 2. Note that whatever the



6 Mobile Information Systems

value 𝑡 selects from 1 to 𝜏, we all have that 𝑝𝐿𝑖𝑗[𝑡] = 0 and
𝑝
𝑈
𝑖𝑗 [𝑡] = 𝑃 are the same lower and upper bounds for 𝑝𝑖𝑗[𝑡],

respectively. It is a similar case for 𝑐𝑖𝑗[𝑡] and 𝑞𝑖𝑗[𝑡]. Hence, for
simplicity, we omit “[𝑡]” term in 𝑝𝑖𝑗[𝑡], 𝑐𝑖𝑗[𝑡], and 𝑞𝑖𝑗[𝑡] and
rewrite them as 𝑝𝑖𝑗, 𝑐𝑖𝑗, and 𝑞𝑖𝑗.

The goal of linear approximation of 𝑐𝑖𝑗 = 𝑊log2(1 +
(𝑔𝑖𝑗/𝑛0𝑊)𝑝𝑖𝑗) is to replace 𝑐𝑖𝑗 = 𝑊 ln(1 + (𝑔𝑖𝑗/𝑛0𝑊)𝑝𝑖𝑗)/ ln 2
with a series of linear segments such that the difference
between any point on 𝑐𝑖𝑗 and its corresponding linear segment
is within 𝜂. Based on 𝜂 and the approach of linear segmen-
tation, we can further find the difference between any point
on 𝑝𝑖𝑗 = 𝑛0𝑊(𝑒

ln 2𝑐𝑖𝑗/𝑊 − 1)/𝑔𝑖𝑗 and its corresponding linear
segment is within 𝜀.

Although there are many approaches to find a linear
approximation, we are only interested in a linear approxima-
tion with the minimum number of linear segments. Similar
to an approach proposed in [23], we also adopt the piecewise
linearization that optimally divides the intervals by finding
an optimal slope of each segment to guarantee the given
approximation error.

Denote 𝐾𝑖𝑗 as the minimum number of line segments
such that each segment meets the error requirements (i.e.,
𝜂 and 𝜀). Denote by 𝑝0𝑖𝑗, 𝑝

1
𝑖𝑗, . . . , 𝑝

𝐾𝑖𝑗
𝑖𝑗 values on the 𝑥-axis for

the end points of these 𝐾𝑖𝑗 segments, with 𝑝0𝑖𝑗 = 𝑝
𝐿
𝑖𝑗 =

0, . . . , 𝑝
𝑘
𝑖𝑗, . . ., and 𝑝

𝐾𝑖𝑗
𝑖𝑗 = 𝑝

𝑈
𝑖𝑗 = 𝑃.

The minimum number of line segments𝐾𝑖𝑗 can be found
with the following iterative process. We start from 𝑝

0
𝑖𝑗 to

calculate the slope of the first segment, which must ensure
that this segment satisfies the error requirements 𝜂 and 𝜀.
After finding this slope, we can find the right-side endpoint of
the first segment. From this point, we repeat the same process
for the second segment and so forth, until the last segment
exceeds 𝑝𝑈𝑖𝑗 .

In particular, we denote slope of the 𝑘th linear segment as
𝛽
𝑘
𝑖𝑗; that is,

𝛽
𝑘
𝑖𝑗 =

𝑐
𝑘
𝑖𝑗 − 𝑐
𝑘−1
𝑖𝑗

𝑝𝑘𝑖𝑗 − 𝑝
𝑘−1
𝑖𝑗

. (28)

Denote 𝑦𝑘𝑖𝑗(𝑝𝑖𝑗) as the 𝑘th linear segment that approxi-
mates 𝑐𝑖𝑗. Then, we have

𝑦
𝑘
𝑖𝑗 (𝑝𝑖𝑗) = 𝛽

𝑘
𝑖𝑗 (𝑝𝑖𝑗 − 𝑝

𝑘−1
𝑖𝑗 ) + 𝑐

𝑘−1
𝑖𝑗 , (29)

for 𝑝𝑘−1𝑖𝑗 ≤ 𝑝𝑖𝑗 ≤ 𝑝
𝑘
𝑖𝑗.

Referring to Figure 2, for any point 𝑝𝑖𝑗 within the 𝑘th
segment, we denote its approximation error as 𝛿. Then, it
is easy to see that the point on the tangential line (parallel
to the linear segment) that intersects the log curve 𝑐𝑖𝑗 has
the maximum approximation error. Denote this maximum
approximation error on the linear segment as 𝛿∗ and the 𝑥-
coordinate of this point as 𝑝∗𝑖𝑗. Then, we have

𝛿 = 𝑐𝑖𝑗 − 𝑦𝑖𝑗 (𝑝𝑖𝑗) ≤ max
𝑝𝑘−1
𝑖𝑗
≤𝑝𝑖𝑗≤𝑝

𝑘
𝑖𝑗


𝑐𝑖𝑗 − 𝑦𝑖𝑗 (𝑝𝑖𝑗)



= 𝑐
∗
𝑖𝑗 − 𝑦𝑖𝑗 (𝑝

∗
𝑖𝑗) = 𝛿

∗
.

(30)

Since the slope of tangential line (with 𝛿∗) for 𝑐𝑖𝑗 is 𝑑𝑐𝑖𝑗/
𝑑𝑝𝑖𝑗 = 𝑊𝑔𝑖𝑗/ ln 2(𝑛0𝑊 + 𝑔𝑖𝑗𝑝𝑖𝑗), then 𝛽

𝑘
𝑖𝑗 = 𝑊𝑔𝑖𝑗/ ln 2(𝑛0𝑊 +

𝑔𝑖𝑗𝑝
∗
𝑖𝑗) or 𝑝

∗
𝑖𝑗 = (𝑊𝑔𝑖𝑗− ln 2𝛽

𝑘
𝑖𝑗𝑛0𝑊)/ ln 2𝛽

𝑘
𝑖𝑗𝑔𝑖𝑗, where 𝛽

𝑘
𝑖𝑗 is the

slope of the linear segment𝑦𝑘𝑖𝑗(𝑝𝑖𝑗).Themaximumapproxima-
tion error 𝛿∗ for this linear segment can be calculated as
follows:

𝛿
∗
= 𝑐
∗
𝑖𝑗 − 𝑦𝑖𝑗 (𝑝

∗
𝑖𝑗)

=
𝑊

ln 2
ln

𝑔𝑖𝑗

ln 2𝑛0𝛽𝑘𝑖𝑗
− 𝛽
𝑘
𝑖𝑗(

𝑊

ln 2𝛽𝑘𝑖𝑗
−
𝑛0𝑊

𝑔𝑖𝑗

− 𝑝
𝑘−1
𝑖𝑗 )

− 𝑐
𝑘−1
𝑖𝑗 = 𝜂.

(31)

Similarly, we can calculate the maximum approximation
error of the linear segment to the curve 𝑝𝑖𝑗; that is, 𝑝

∗
𝑖𝑗 −

𝑦
−1
𝑖𝑗 (𝑐
∗
𝑖𝑗 ) = (𝑊/ ln 2𝛽𝑘𝑖𝑗) ln(𝑔𝑖𝑗/ ln 2𝑛0𝛽

𝑘
𝑖𝑗) − (𝑊/ ln 2𝛽𝑘𝑖𝑗 −

𝑛0𝑊/𝑔𝑖𝑗 − 𝑝
𝑘−1
𝑖𝑗 ) − 𝑐

𝑘−1
𝑖𝑗 /𝛽

𝑘
𝑖𝑗 = 𝜀. Obviously, we can find that

𝛽
𝑘
𝑖𝑗 = 𝜂/𝜀.
Therefore, we have the following equation:

𝑊

ln 2𝛽𝑘𝑖𝑗
ln

𝑔𝑖𝑗

ln 2𝑛0𝛽𝑘𝑖𝑗
− (

𝑊

ln 2𝛽𝑘𝑖𝑗
−
𝑛0𝑊

𝑔𝑖𝑗

− 𝑝
𝑘−1
𝑖𝑗 )

−
𝑐
𝑘−1
𝑖𝑗

𝛽𝑘𝑖𝑗

− 𝜀 = 0.

(32)

For a given error bound 𝜀, the values of 𝑝0𝑖𝑗, 𝑝
1
𝑖𝑗, . . . , 𝑝

𝐾𝑖𝑗
𝑖𝑗

and slopes 𝛽1𝑖𝑗, 𝛽
2
𝑖𝑗, . . . , 𝛽

𝐾𝑖𝑗
𝑖𝑗 can be found iteratively through

the following piecewise linearization algorithm:

Initialization: set 𝑘 ← 0 and 𝑝𝑘𝑖𝑗 ← 𝑝
𝐿
𝑖𝑗.

While (𝑝𝑘𝑖𝑗 < 𝑝
𝑈
𝑖𝑗 ) {

𝑘 ← 𝑘 + 1.

Find slope 𝛽𝑘𝑖𝑗 of the 𝑘th segment based on (32).

Compute 𝑝𝑘𝑖𝑗 with 𝛽
𝑘
𝑖𝑗, via (28).}

𝐾𝑖𝑗 ← 𝑘 and 𝑝𝑘𝑖𝑗 ← 𝑝
𝑈
𝑖𝑗 .

Recalculate 𝛽𝐾𝑖𝑗𝑖𝑗 via (28).

The values of 𝛽𝑘𝑖𝑗 in (32) and 𝑝𝑘𝑖𝑗 in (28) can be solved
by numerical methods such as bisection method or Newton’s
method as in [23].

Lemma 1. The maximum approximation error within each
linear segment as defined by the method of piecewise lineariza-
tion is no more than 𝜂 for the curve 𝑐𝑖𝑗 and 𝜀 for the curve 𝑝𝑖𝑗.

Proof. Theproof is based on the above construction.We omit
its discussion here to conserve space.



Mobile Information Systems 7

Through the piecewise linearization procedure, we can
approximate the log term 𝑐𝑖𝑗 with a series of linear segments,
each with an approximation error no more than 𝜂. And the
corresponding approximation error of the linear segment
to the curve 𝑝𝑖𝑗 is no more than 𝜀. Since 𝑝𝑖𝑗 = (𝑃/𝑄)𝑞𝑖𝑗,
the approximation error of the linear segment to the curve
𝑞𝑖𝑗 is no more than |𝜀𝑄/𝑃|. Note that 𝑞𝑖𝑗 is defined as an
integer variable in our formulation. With the consideration
of “round-off” operation or calculation for our formulation, if
we set |𝜀𝑄/𝑃| < 0.5, it can be guaranteed that the final optimal
output of 𝑞𝑖𝑗 is an integer without any approximation error
to its true value. Hence, the final optimal value of objective
function that is the sum of 𝑞𝑖𝑗[𝑡] for different 𝑖, 𝑗, and 𝑡 can be
guaranteed to be its true value without approximation error.

For any 𝑞𝑖𝑗[𝑡], denote 𝑦𝑖𝑗(𝑞𝑖𝑗[𝑡]) as the approxima-
tion of 𝑐𝑖𝑗[𝑡] on the linear segment. Then, the constraint
∑
𝑠(𝑙) ̸=𝑗,𝑑(𝑙) ̸=𝑖

𝑙
𝑓𝑖𝑗(𝑙) − ∑

𝜏
𝑡=1𝑊log2(1 + (𝑔𝑖𝑗𝑃/𝑛0𝑊𝑄)𝑞𝑖𝑗[𝑡]) ≤

0 in MO-MINLP can be replaced by the following linear
constraints:

𝑠(𝑙) ̸=𝑗,𝑑(𝑙) ̸=𝑖

∑

𝑙

𝑓𝑖𝑗 (𝑙) −

𝜏

∑

𝑡=1

𝑦𝑖𝑗 (𝑞𝑖𝑗 [𝑡]) ≤ 0,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑙 ∈ �̂� ∪ 𝐿) ,

𝑦𝑖𝑗 (𝑞𝑖𝑗 [𝑡]) ≤ 𝛽
𝑘
𝑖𝑗 [𝑡] (

𝑃

𝑄
𝑞𝑖𝑗 [𝑡] − 𝑝

𝑘−1
𝑖𝑗 [𝑡]) + 𝑐

𝑘−1
𝑖𝑗 [𝑡] ,

(𝑘 = 1, 2, . . . , 𝐾𝑖𝑗, 𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑡 ∈ 𝜏) .

(33)

The original MO-MINLP is reformulated into a new
optimization problem, which we denote as follows:

MO-MILP:

min 𝑈 = ∑

𝑖∈𝑁1

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

min 𝑉 = ∑

𝑖∈𝑁2

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

s.t. constraints ((20)–(23)) , ((25)-(26)) , (33) ,

𝑥𝑖𝑗 [𝑡] ∈ {0, 1} ,

𝑞𝑖𝑗 [𝑡] ∈ {0, 1, 2, . . . , 𝑄} ,

(𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇
𝑡
𝑖 , 𝑡 ∈ 𝜏) ,

𝑓𝑖𝑗 (𝑙) ≥ 0,

(𝑖 ∈ 𝑁, 𝑖 ̸= 𝑑 (𝑙) , 𝑗 ∈ 𝑇𝑖, 𝑗 ̸= 𝑠 (𝑙) , 𝑙 ∈ �̂� ∪ 𝐿) ,

(34)

where 𝑊, 𝑔𝑖𝑗, 𝑅
max
𝑇 , 𝑅max

𝐼 , 𝑃, 𝑛0, 𝜏, 𝑟(𝑙), 𝛽
𝑘
𝑖𝑗[𝑡],

𝑝
𝑘
𝑖𝑗[𝑡], 𝑐

𝑘
𝑖𝑗[𝑡], and 𝑄 are all constants and 𝑥𝑖𝑗[𝑡], 𝑞𝑖𝑗[𝑡],

𝑦𝑖𝑗(𝑞𝑖𝑗[𝑡]), and 𝑓𝑖𝑗(𝑙) are all optimization variables. It
is in the form of multiobjective mixed-integer linear
programming (MO-MILP), which remains NP-hard
in general.

4. Pareto-Optimal Power Curve

4.1. Background. For the optimization problem MO-MILP,
wewant tominimize the power consumptionwith discretized
power level in both heterogeneous networks. Since the two
objective functions, 𝑈 and 𝑉, are conflicting with each
other, we pursue Pareto-optimal solutions [19]. For ease of
exposition, we define 𝛼 = {x, y, q, f} as a feasible solution
to MO-MILP, where x, y, q, and f represent the set of 𝑥𝑖𝑗[𝑡],
𝑦𝑖𝑗(𝑞𝑖𝑗[𝑡]), 𝑞𝑖𝑗[𝑡], and𝑓(𝑙), for 𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇𝑡𝑖 , 𝑡 ∈ 𝜏, and 𝑙 ∈ �̂�∪𝐿.
For a feasible solution 𝛼, we denote 𝑈(𝛼) and 𝑉(𝛼) as

𝑈 (𝛼) = ∑

𝑖∈𝑁1

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] ,

𝑉 (𝛼) = ∑

𝑖∈𝑁2

∑

𝑗∈𝑇𝑡
𝑖

∑

𝑡∈𝜏

𝑝𝑖𝑗 [𝑡] .

(35)

Then, MO-MILP can be rewritten as follows:

MO-MILP:

min 𝑈 (𝛼)

min 𝑉 (𝛼)

s.t. 𝛼 = {x, y, q, f} ,

constraints ((20)–(23)) , ((25)-(26)) , ((33) and (35)) .

(36)

For a Pareto-optimal solution 𝛼
†, the corresponding

objective pair (𝑈†, 𝑉†) is called a Pareto-optimal point. For
a Pareto-optimal point (𝑈†, 𝑉†), there does not exist another
feasible solution 𝛼 with objective pair (𝑈, 𝑉) such that 𝑈 ≤

𝑈
† and 𝑉 < 𝑉

†, or 𝑈 < 𝑈
† and 𝑉 ≤ 𝑉

†. This means

that it is impossible to further decrease any one objective
while holding up the other. For a feasible solution 𝛼∗ with
corresponding objective pair (𝑈∗, 𝑉∗), if there does not exist
any other solution 𝛼 with its objective pair (𝑈, 𝑉) such that
𝑈 < 𝑈

∗ and 𝑉 < 𝑉
∗, then solution 𝛼∗ is called a weakly
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Pareto-optimal solution and (𝑈∗, 𝑉∗) is called aweakly Pareto-
optimal point. From this definition, it is obvious that a Pareto-
optimal point is also a weakly Pareto-optimal point, while a
weakly Pareto-optimal point is not always Pareto-optimal.

To find all the Pareto-optimal points for MO-MILP, we
can combine the two objectives into a single criterion. In
the standard weighed sum method, the objective is defined
as a nonnegative linear combination of the two objective
functions through a weight 0 ≤ 𝜆 ≤ 1:

min 𝜆𝑈 (𝛼) + (1 − 𝜆)𝑉 (𝛼) . (37)

This method is the simplest approach and probably the most
widely used classical method. Although it is simple to find a
Pareto-optimal point for a given weight 𝜆, it is difficult to find
all Pareto-optimal points using this method. This is because
there are an infinite number of 𝜆 values in [0, 1] and it is
impossible to check out all these values or Pareto-optimal
points because the standard weighted-sum method cannot
find nonconvex solutions [19].

4.2. Adaptive Weighted-Sum Algorithm. In order to over-
come the drawbacks of standard weighted-sum method, we
consider a new approach based on adaptive weighted-sum
(AWS) method in [24–26], to effectively find the Pareto-
optimal solutions, even the nonconvex solutions. AWS is
a methodology that is capable of finding Pareto-optimal
solutions by changing the weights adaptively. Different from
standard weighted-sum method, the weight in AWS is not
predetermined but evolves according to the nature of Pareto

curve. By updating the weight adaptively, AWS focuses on
unexplored regionswhere no solution is obtained by standard
weighted-sum method. Therefore, it is able to extract new
Pareto-optimal solutions in these regions and generate all the
Pareto-optimal points to construct an optimal curve.

Based on the adaptive weighted-sum method in [24–26],
we propose a new adaptive weighted-sum algorithm which
circumvents the two abovementioned power consumption
minimization problems and can effectively solve multiobjec-
tive optimization problems that have nonconvex regions for
minimum power curve.

Our new adaptive weighted-sum algorithm is shown as
follows.

Step 1. Normalize the objective functions in the objective
space. When 𝛼

∗
𝑈 is the optimal solution for the single-

objective optimizations of𝑈(𝛼) and𝛼∗𝑉 is the optimal solution
for the single-objective optimizations of𝑉(𝛼), the normalized
objective functions 𝑈(𝛼) and 𝑉(𝛼) are obtained as

𝑈 (𝛼) = 𝑈 (𝛼) − 𝑈
𝐼
= 𝑈 (𝛼) − 𝑈 (𝛼

∗
𝑈) ,

𝑉 (𝛼) = 𝑉 (𝛼) − 𝑉
𝐼
= 𝑉 (𝛼) − 𝑉 (𝛼

∗
𝑉) ,

(38)

where (𝑈𝐼, 𝑉𝐼) is defined as the ideal point. Hence, the MO-
MILP can be transformed into the form of mixed-integer
linear program (MILP) as follows:

MILP:

min 𝜆𝑈 (𝛼) + (1 − 𝜆)𝑉 (𝛼) ,

s.t. 𝛼 = {x, y, q, f} ,

0 ≤ 𝜆 ≤ 1,

constraints ((20)–(23)) , ((25)-(26)) , ((33) , (35) , (37) , (38)) .

(39)

Although a MILP remains NP-hard in general, we find
that it can be solved by CPLEX.

Step 2. Perform multiobjective optimization by the standard
weighted-sum approach with a small number of divisions,
𝑚0, where the uniform step size of weight 𝜆 is satisfied with
Δ𝜆 = 1/𝑚0. The preliminary Pareto-optimal solutions are
obtained.

Step 3. Compute the vertical distance, horizon distance,
and the length between all the neighboring Pareto-optimal
points (𝑈†, 𝑉†). Delete overlapping points. It occurs often
that several identical points are obtained when the standard
weighted-summethod is used. Since𝑈 and𝑉 are both integer
variables, we will adopt a larger number of divisions rather
than𝑚0 in per-feasible region where the vertical distance and
horizon distance between two neighbor points are both more
than 1.

Step 4. Determine the number of further refinements in per-
feasible region. That is, the longer the segment, the more the
refinement needed. Decreasing the step size, Δ𝜆, in Step 2
can help in achieving higher resolution of the segmented
regions. We have Δ𝜆 = 1/𝑚𝑖 = 1/round(𝐴(𝑙𝑖/𝑙avg)) for the
𝑖th segment, where 𝑚𝑖 is the number of further refinements
for the 𝑖th segment, 𝑙𝑖 is the length of the 𝑖th segment, 𝑙avg is
the average length of all the segments, and 𝐴 is a constant of
the algorithm. The function round rounds off to the nearest
integer.

Step 5. Force additional inequality constraints and subopti-
mize by using the standard weighted-sum method in per-
feasible region. This can be achieved by utilizing the step
size, Δ𝜆, in Step 4 and the distance between the Pareto-
optimal points (𝑈†1 , 𝑉

†
1 ) and (𝑈

†
2 , 𝑉
†
2 ). Therein, we set the

offset distances of𝑈 and 𝑉 as 𝛿1 = 1 and 𝛿2 = 1, respectively,
because 𝑈 and 𝑉 are both integer variables. Hence, we can
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restate the optimization problem in the following generic
form for per-feasible region:

MILP:

min 𝜆𝑈 (𝛼) + (1 − 𝜆)𝑉 (𝛼) ,

s.t. 𝛼 = {x, y, q, f} ,

𝑈 ≤ 𝑈
†
2 − 𝛿1 = 𝑈

†
2 − 1,

𝑉 ≤ 𝑉
†
1 − 𝛿2 = 𝑉

†
1 − 1,

0 ≤ 𝜆 ≤ 1,

constraints ((20)–(23)) , ((25)-(26)) , ((33) , (35) , (37) , (38)) .

(40)

Step 6. Similar to Step 3, compute the vertical distance, hori-
zon distance, and the length between all the new neighboring
Pareto-optimal points (𝑈†, 𝑉†) and delete overlapping points.
If all the vertical distances or horizon distances between the
neighboring points are equal to 1 or no new point can be
found between any two neighboring Pareto-optimal points,
the optimization procedure is terminated. Otherwise, go to
Step 4 and iterate.

4.3. Construct a Minimum Power Curve. Through iterations,
we can find a set of all Pareto-optimal points by the aid of
adaptive sum algorithm above, which guarantees a minimum
power curve with discretized power level to be constructed.
By connecting two consecutive Pareto-optimal points with
“¬”-shape line segments in the set, we can find the Pareto-
optimal curve, that is, minimum power curve. Except for
achieving the small power consumption for each hetero-
geneous network, minimum power curve with cooperative
power control offers a complete landscape of necessary power
for each of them. For the case of more heterogeneous net-
works coexistence, we can change the objective min 𝜆𝑈(𝛼) +
(1−𝜆)𝑉(𝛼) in formula (37) intomin∑𝑖 𝜆𝑖𝑈𝑖(𝛼)with∑𝑖 𝜆𝑖 = 1
and appropriately modify our algorithm to extend the pro-
posed approach to more than two heterogeneous networks.
Also, the pursuedminimum power curve in our paper can be
extended to minimum power surface in three heterogeneous
networks or more complex multidimensional space models
in multiple heterogeneous networks.

5. Numerical Results
5.1. Network Setting. In this section, we consider two ran-
domly generated 10-node heterogeneous networks (i.e., Net-
work 1 and Network 2) with each node located in a 50 ×
50 area. For ease of exposition, we normalize all units
for distance, bandwidth, rate, and power with appropriate
dimensions. An instance of network topology is given in
Figure 4 with each node’s location randomly generated.
Within this network, we assume there are 2 sessions for
Network 1 and Network 2, respectively. The source node and
destination node of each session are randomly selected and
the rate of each session is 5. Table 1 specifies an instance of

the source node, destination node, and rate requirement for
the 4 sessions in the two heterogeneous networks.We assume
there are 𝜏 = 8 time slots in the combined networks and the
frequency band has a bandwidth of𝑊 = 10.

Assume that 𝑅max
𝑇 = 20, 𝑅max

𝐼 = 40, and the path loss
index 𝑛 = 4. The threshold 𝛾𝑇 is assumed to be 𝛾𝑇 = 𝑛0𝑊 =

10𝑛0. Thus, we have 𝛾𝐼 = (𝑅
max
𝑇 /𝑅

max
𝐼 )
𝑛
𝛾𝑇 = (10/16)𝛾𝑇 =

(100/16)𝑛0 and the maximum transmission power 𝑃 =

(𝑅
max
𝑇 )
𝑛
𝛾𝑇 = 1.6×10

6
𝑛0.We assume the noise spectral density

𝑛0 = 10
−6 and the power level 𝑄 = 5. We set 𝜀 = 0.1, which

guarantees that the approximation error of 𝑞𝑖𝑗[𝑡] is less than
0.5; that is, |𝜀𝑄/𝑃| = 0.3125 < 0.5, for 𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇𝑡𝑖 , 𝑡 ∈ 𝜏.
Hence, the final obtained 𝑞𝑖𝑗[𝑡], for 𝑖 ∈ 𝑁, 𝑗 ∈ 𝑇

𝑡
𝑖 , 𝑡 ∈ 𝜏,

should be its true integer value without approximation error
by CPLEX. Further, the optimal objective value of 𝑈(𝛼) and
𝑉(𝛼), or the optimal objective value of combination of 𝑈(𝛼)
and 𝑉(𝛼), which are the sum of 𝑞𝑖𝑗[𝑡], can be guaranteed to
be its true value without approximation error.

5.2. Minimum Power Curve with Power Control. For the
above network setting, we will apply our new adaptive
weighted-sum algorithm to MO-MILP and find a sequence
of Pareto-optimal points for power consumption of the two
heterogeneous networks with discretized power level. We
first set the weight 𝜆 = 0, 1, and we find the two end
Pareto-optimal points as (3, 18) and (17, 2), respectively.
Hence, we can obtain the ideal point (3, 2). Through adaptive
weighted-sum algorithm, we can iteratively find all Pareto-
optimal points and construct a minimum power curve with
cooperative power control as Figure 3 shows.

Considering a Pareto-optimal point (14, 4) randomly
selected on minimum power curve in Figure 3, we show
the cross-layer scenario of power control, scheduling, and
routing for it in Figure 4.

For transmission power, we have the power level 𝑞𝑖𝑗[𝑡] for
Network 1 as follows:

𝑞𝐹5,𝑆10 [3] = 2,

𝑞𝐹6,𝑆6 [4] = 1,

𝑞𝐹9,𝑆5 [1] = 1.

(41)
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Table 1: Source node, destination node, and rate requirement of the
two heterogeneous networks’ session.

Network Session Source node Destination
node

Rate
requirement

Network 1 L̂ = 1 𝐹9 𝐹4 5
L̂ = 2 𝐹6 𝐹10 5

Network 2 L = 1 𝑆4 𝑆9 5
L = 2 𝑆8 𝑆7 5
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Figure 3: Minimum power curve with cooperative power control
for two heterogeneous networks (𝑄 = 5).

And we have the power level 𝑞𝑖𝑗[𝑡] for Network 2 as
follows:

𝑞𝑆1,𝐹5 [2] = 1,

𝑞𝑆4,𝑆1 [4] = 1,

𝑞𝑆4,𝐹4 [1] = 1,

𝑞𝑆5,𝑆8 [8] = 3,

𝑞𝑆6,𝐹10 [8] = 1,

𝑞𝑆8,𝑆1 [6] = 2,

𝑞𝑆8,𝑆4 [7] = 2,

𝑞𝑆10,𝑆7 [7] = 1,

𝑞𝑆10,𝑆9 [5] = 2.

(42)

Hence, we can find that 𝑉(𝛼†) = 𝑞𝐹5,𝑆10[3] + 𝑞𝐹6,𝑆6[4] +
𝑞𝐹9,𝑆5[1] = 4 and 𝑈(𝛼

†
) = 𝑞𝑆1,𝐹5[2] + 𝑞𝑆4,𝑆1[4] + 𝑞𝑆4,𝐹4[1] +

𝑞𝑆5,𝑆8[8] + 𝑞𝑆6,𝐹10[8] + 𝑞𝑆8,𝑆1[6] + 𝑞𝑆8,𝑆4[7] + 𝑞𝑆10,𝑆7[7] +

𝑞𝑆10,𝑆9[5] = 14. Obviously, we can find that the results
coincide with our theoretical analysis and algorithm.
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Figure 4: Scenario of power control, scheduling, and routing for
Pareto-optimal point (14, 4).

For the scheduling, we have the results for Network 1 as
follows:

𝑥𝐹5,𝑆10 [3] = 1,

𝑥𝐹6,𝑆6 [4] = 1,

𝑥𝐹9,𝑆5 [1] = 1.

(43)

And we have the results for Network 2 as follows:

𝑥𝑆1,𝐹5 [2] = 1,

𝑥𝑆4,𝑆1 [4] = 1,

𝑥𝑆4,𝐹4 [1] = 1,

𝑥𝑆5,𝑆8 [8] = 1,

𝑥𝑆6,𝐹10 [8] = 1,

𝑥𝑆8,𝑆1 [6] = 1,

𝑥𝑆8,𝑆4 [7] = 1,

𝑥𝑆10,𝑆7 [7] = 1,

𝑥𝑆10,𝑆9 [5] = 1.

(44)

For the flow routing topology shown in Figure 4, we have
the flow rates for Network 1 as follows:

𝑓𝐹9,𝑆5 (�̂� = 1) = 5,

𝑓𝑆5,𝑆8 (�̂� = 1) = 5,

𝑓𝑆8,𝑆4 (�̂� = 1) = 5,

𝑓𝑆4,𝐹4 (�̂� = 1) = 5,

𝑓𝐹6,𝑆6 (�̂� = 2) = 5,

𝑓𝑆6,𝐹10 (�̂� = 2) = 5.

(45)
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Figure 5: Minimum power curve without cooperative power
control for two heterogeneous networks (𝑄 = 1).

And we have the flow rates for Network 2 as follows:

𝑓𝑆4,𝑆1 (𝐿 = 1) = 5,

𝑓𝑆1,𝐹5 (𝐿 = 1) = 5,

𝑓𝐹5,𝑆10 (𝐿 = 1) = 5,

𝑓𝑆10,𝑆9 (𝐿 = 1) = 5,

𝑓𝑆8,𝑆1 (𝐿 = 2) = 5,

𝑓𝑆1,𝐹5 (𝐿 = 2) = 5,

𝑓𝐹5,𝑆10 (𝐿 = 2) = 5,

𝑓𝑆10,𝑆7 (𝐿 = 2) = 5.

(46)

The flow rates are all satisfied with the rate requirements.

5.3. Comparison to Minimum Power Curve without Power
Control. In this section, we set the power level 𝑄 = 1 and
apply the new adaptive weighted-sum algorithm to find the
Pareto-optimal points to construct another minimum power
curve as shown in Figure 5, where 𝑄 = 1 means that
there is no cooperative power control in two heterogeneous
networks. We also set 𝑄 = 20 and construct the third
minimum power curve as shown in Figure 6. Comparing the
curves with 𝑄 = 1, 5, 20 in Figure 7, we can find that the
power consumption with 𝑄 = 1 (i.e., without cooperative
power control) is larger than the one with 𝑄 = 5 and
𝑄 = 20 (i.e., with cooperative power control). It shows that
cooperative power control can save more energy than the
case without power control for two heterogeneous networks.
And the power consumption with 𝑄 = 20 is smaller than
the one with 𝑄 = 5, which shows the impact of discretized
power level on energy saving. And minimum power curve
offers a complete landscape of necessary power for each
heterogeneous multihop network.
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Figure 6: Minimum power curve with cooperative power control
for two heterogeneous networks (𝑄 = 20).
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Figure 7: Comparison between minimum power curves with and
without cooperative power control (𝑄 = 20, 5, and 1).

6. Conclusions

In this paper, we explored the optimal power curve with
discretized power level for multiple heterogeneous multi-
hop networks. The curve addresses the minimum power
consumption for two heterogeneous multihop networks. We
formulated a multiobjective optimization problem based on
power control on node level and developed a novel approach
based on adaptive weighted-sum method. Our approach is
able to find a set of all Pareto-optimal points through the
iterations. We further showed that the power curve (by
connecting two consecutive Pareto-optimal points via “¬”-
shape line segments) is optimal with discretized power level.
Using numerical results, we demonstrate that the power
region (the area under the power curve) with power control
is substantially smaller than that without cooperative power
control. In addition to demonstrating the small power con-
sumption with cooperative power control, minimum power
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curve offers a complete landscape of necessary power for each
heterogeneous multihop network.
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In a mobile computing environment, waiting time is an important indicator of customer satisfaction. In order to achieve better
customer satisfaction and shorter waiting times, we need to overcome different constraints and make the best use of limited
resources. In this study, we propose a minimization problem, allocating unequal-size data items to broadcast channels with various
bandwidths. The main idea is to solve the problem in the continuous space R𝑛. First, we map the discrete optimization problem
from Z𝑛 to R𝑛. Second, the mapped problem is solved in R𝑛 optimally. Finally, we map the optimal solution from R𝑛 back to Z𝑛.
With the theoretical analyses, we can ensure the solution quality and execution speed. Computational experiments show that the
proposed algorithm performs well. The worst mean relative error can be reduced to 0.353 for data items with a mean size of 100.
Moreover, almost all the near-optimal solutions can be obtained within 1 millisecond, even for𝑁 = 500, where𝑁 is the number of
data items, that is, the problem size.

1. Introduction

Broadcasting is an efficient mechanism to transmit informa-
tion in a mobile computing environment. Popular messages
(e.g., weather reports) or instant information (e.g., stock
quotes) can be widely disseminated via the broadcast mech-
anism. This success is mainly due to the high bandwidths
of downlinks, which are used for the transmission of data
items from a broadcast server to unlimitedmobile users. Note
that the bandwidths of channels and the sizes of data items
might be unequal. The simplest strategy is to equally allocate
data items to all channels, or load balance, but it is not the
best way to reduce waiting time. Consequently, sophisticated
broadcast scheduling or data partition algorithms are called
for.

Waiting time, or expected delay, is an important indicator
for measuring broadcast performance, for the waiting times
of mobile users directly influence their customer satisfaction
[1–5]. For example, Chien and Lin [3] found that customers’
waiting experiences may negatively affect their attitudes
towards a given service. Moreover, improving the service
implies the improvement of user experiences. Therefore, a
good broadcastmechanism that is able to reducewaiting time
can achieve better customer satisfaction.

Let us observe the simplest form of such problems,
that is,∑𝑖[(∑𝑗 𝑎𝑗)(∑𝑗 1)]. These problems feature single-item
queries, multiple channels, and skewed data preferences.
Several equal-bandwidth broadcast channels and multiple
equal-size data items need to be broadcast over multiple
channels periodically. In a mobile computing environment,
users can download their desired items via their mobile
devices, such as smartphones. Imagine that we allocate a
few popular items to a channel, that is, a short cycle length,
and other ordinary items to another channel, that is, a long
cycle length. Most users can download popular items in a
short time, without a longwait. Clearly, access probability and
cycle length directly influence broadcast scheduling. Note the
unbalanced workloads of these channels (i.e., the different
amounts of data) in an optimal allocation. Once the optimal
schedule is found, we can achieve shorter waiting times and
better customer satisfaction. However, determining optimal
schedules requires much execution time. That is, the time
complexity excludes the related optimization algorithms
from practical use.

Now we consider some complicated forms of such
problems, that is, ∑𝑖[(∑𝑗 𝑎𝑗)(∑𝑗 𝑏𝑗)]. These problems may
have unequal-size data items or various bandwidths. There
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are still multiple channels and skewed preferences for data
items. For example, in [6], the authors assumed that the
bandwidths were different. This consideration makes this
problemmore difficult. In [7], the authors considered another
problem, in which the sizes of data items are unequal.
This assumption makes the problem more flexible and
practical.

In recent years, various other forms have also been
studied. In [8], mobile users could download multiple items
at a time by sending a simple query. The authors assumed
that two queries might have some items in common. To
shorten the broadcast cycle length, the duplicate items were
centralized and allocated to the same channel. In [9], video
was broadcast on a single channel, so the data size was
variable. In [10], mobile users could downloadmultiple items
in a multichannel environment. However, the wireless links
were unreliable, so disconnections occurred frequently. In
that study, reducing the waiting timewas not the first priority.
Instead, the authors aimed to minimize the deadline miss
rate. All of the above considerationsmake the problemsmore
complicated. Obviously, these problems cannot be solved
easily or optimally when the problem size is large, so we
need some more efficient algorithms to deal with these
problems.

Such problems are usually time-consuming or even NP-
hard, so several intuitive or metaheuristic algorithms have
been proposed. However, traditional algorithms have some
shortcomings. For example, although dynamic programming
[7, 12] and branch-and-bound algorithms [13, 14] can provide
optimal solutions, they are time-consuming and cannot be
applied to large problem instances; for example, 𝑁 = 500.
On the other hand, some metaheuristic algorithms [8] or
greedy approaches [12, 15, 16] generate solutions very quickly.
Nevertheless, their solution qualities are not stable. The
reason is that their searches are done by random walks in
their solution spaces. For the sameproblem instance,multiple
executions of an identical algorithm can generate different
solutions. Moreover, as in the case of tabu search, a great
amount of memory is needed for keeping track of past
experiences. Such algorithms are also unsuitable for large
problem instances.

In this study, we consider a waiting time minimization
problem (abbreviated as WTM). To make this problem more
flexible and practical, meaning that unequal bandwidths
and various data sizes are allowed, we propose a linearly
convergent algorithm based on a steepest decent technique.
First, WTM is mapped from Z𝑛 (the discretized space) to R𝑛
(the continuous space). Next,WTM inR𝑛 is solved optimally
in linear time. Finally, the optimal solution is mapped from
R𝑛 back to Z𝑛.

The rest of this study is organized as follows. Section 2
gives the formal definition of the proposed problem. Section 3
establishes the theoretical basis for the problem. Section 4
presents the linearly convergent algorithm. This study is
compared with past research in Section 5. In Section 6,
computational experiments are conducted to evaluate the
performance of the proposed algorithm. Finally, conclusions
are drawn in Section 7.

2. Problem Formulation

The waiting time minimization problem (WTM) is formu-
lated as follows.There is a databaseD = {𝑑1, 𝑑2, . . . , 𝑑𝑁} to be
broadcast in a mobile computing environment, where 𝑑𝑗 is
the 𝑗th data item for 𝑗 = 1, 2, . . . , 𝑁. Let 𝑝𝑗 and 𝜆𝑗 denote
the access probability and the size of 𝑑𝑗, respectively. The
total amount of data is Λ(= ∑

𝑁
𝑗=1 𝜆𝑗). Assume that the access

pattern 𝑆, that is, the sequence of (𝑝𝑗, 𝜆𝑗), is given in advance.
Assume that a broadcast server is equipped with 𝐶 channels,
numbered from 1 to 𝐶. We let the bandwidth of channel 𝑖 be
𝑤𝑖. Without loss of generality, assume that 𝑤𝑖 ≥ 𝑤𝑗 for all
𝑖 < 𝑗. Each channel is divided into time slices of equal size,
called buckets. We need to partition D into 𝐶 parts based
on the access pattern 𝑆 and assign each part to one of the
𝐶 channels, one item to several consecutive buckets. Then
𝐶 broadcast programs are formed, and each of them will be
broadcast cyclically. The average waiting time is defined as
the average amount of waiting time spent by each user before
he/she receives the desired data item. Finally, the objective
is to minimize the average waiting time of the 𝐶 programs
under the above assumptions. The objective function can be
written as min∑𝐶𝑖=1[(∑𝑑𝑗∈𝑀𝑖 𝜆𝑗)(∑𝑑𝑗∈𝑀𝑖 𝑝𝑗)/𝑤𝑖], where 𝑑𝑗 ∈
𝑀𝑖 means 𝑑𝑗 is allocated to channel 𝑖 or machine 𝑖.

Three properties regarding WTM are discussed as fol-
lows. First, for each single channel 𝑖, its corresponding
broadcast program cycle length is Λ 𝑖 = ∑𝑑𝑗∈𝑀𝑖

𝜆𝑗. Then
the expected waiting time in receiving 𝑑𝑗 on the channel
is (0.5Λ 𝑖 + 𝜆𝑗)/𝑤𝑖. If Λ 𝑖 is much larger than 𝜆𝑗, the
expected waiting time can be simplified to 0.5Λ 𝑖/𝑤𝑖. Namely,
the position order of data items makes no difference on
the final result, that is, the average waiting time. Second,
the average waiting time can be determined only by data
partition. That is, the average waiting time is the weighted
sum of the average waiting time on each channel, that is,
0.5∑
𝐶
𝑖=1(Λ 𝑖∑𝑑𝑗∈𝑀𝑖

𝑝𝑗)/𝑤𝑖. Third, such minimization prob-
lems are time-consuming or even NP-hard [6, 16, 17].
Consequently, some efficient minimization algorithms are
called for. With the above observation, we can define proper
objective functions in the next section.

3. Theoretical Basis

In this section, a steepest decent technique is employed to
solve the problem. First, we map the WTM problem from Z𝑛
to a new problemWTM inR𝑛. Second, we employ a steepest
decent technique [11, 18] to obtain the optimal solution to
WTM in R𝑛. Finally, we map the optimal solution from R𝑛
back to Z𝑛. The main idea behind the transformation is to
improve the solution quality and execution speed. Although
WTM can be solved optimally by some optimization algo-
rithms (e.g., a branch-and-bound algorithm) in Z𝑛, it is
too time-consuming when 𝑁 is large. On the other hand,
though some metaheuristic algorithms (e.g., GA) are able
to provide instant solutions in Z𝑛, their solution quality is
not guaranteed. For the same problem instance, they may
provide different solutions. Consequently, instead of directly
optimizing WTM in Z𝑛, we map WTM to R𝑛 and take
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advantage of the linear convergence and optimality of the
gradient-based technique in R𝑛.

The parameters used in this study are summarized in
Parameters at the end of the paper. Parameters𝑁,𝐶, and 𝑆 are
defined earlier. Parameters 𝑆0 and 𝑆1 are the access patterns
used in different spaces, that is, Z𝑛 and R𝑛. We also need
two cumulative functions, 𝑃(𝑗), 𝑄(𝑗), and two interpolating
functions, 𝐹(𝑥),𝐻(𝑥), to define the objective functions 𝛼𝑆(n)
in R𝑛 and 𝛽𝑆(x) in Z𝑛, respectively. Moreover, n ∈ Z𝑛 and
x ∈ R𝑛 are partition vectors or position vectors.

3.1. Mapping WTM from Z𝑛 to R𝑛. First, two objective
functions for both WTM and WTM are defined. Then we
show how to mapWTM from Z𝑛 to WTM in R𝑛. Finally, we
prove that the geometric properties, such as concavity, of both
WTM and WTM are similar. These proofs ensure that both
solution spaces are close to each other.

The relationship between WTM and WTM is similar to
that between the 0-1 knapsack problem and the fractional
knapsack problem [19]. If we can solve the problems in R𝑛
optimally, then the rounded solutions mapped back to Z𝑛
are therefore near-optimal solutions to the original problems.
To show this relationship, two proper objective functions
play an important role. Namely, the objective functions of
WTM and WTM must resemble each other. Once the two
similar objective functions are determined, we can claim
that the optimal solution of WTM is very close to that of
WTM.

Definition 1 helps us to transform the data partition
problem into a sequence partition problem. Since the position
order of an access pattern will lead to different results,
we need the following definition to help us to ensure the
optimality of WTM andWTM.

Definition 1. Given an optimal solution, the 𝐶 programs can
be concatenated into an optimal program. Let 𝑆0 denote the
sequence of (𝑝𝑖, 𝜆𝑖) that has the same order as the optimal
program for WTM. Similarly, let 𝑆1 denote the sequence of
(𝑝𝑖, 𝜆𝑖) that has the same order as the optimal program for
WTM.

WTM andWTM have different preferences for the order
of access pattern. Consider the relationship between the 0-
1 knapsack problem and the fractional knapsack problem
again. For the fractional knapsack problem, if we take the
items of greatest unit value one by one in a preemptive
manner, we can easily achieve the maximum objective cost
[19]. Thus we try to solve the continuous-case WTM by
sorting the items𝑑𝑖 in descending order of (𝑝𝑖/𝜆𝑖).That is, the
sequence 𝑆1 is obtained by sorting (𝑝𝑖/𝜆𝑖) in nonincreasing
order. On the other hand, for the 0-1 knapsack problem, we
may achieve the optimal solution but sacrifice some valuable
items because they are too big to fit the knapsack. Clearly, the
optimal item partition of the 0-1 knapsack problem cannot be
solved by using simple sorting rules. That is, when we reduce
an item partition problem to a sequence partition problem,
it is difficult to determine the optimal sequence for partition.
Consequently, we do not aim to find the optimal sequence 𝑆0
for WTM. Instead, we just use 𝑆1 for WTM to simulate 𝑆0.

Definitions 2 and 3 introduce two cumulative functions
regarding the access pattern 𝑆. With the two cumulative
functions, we can define a new objective function in R𝑛 in
a more comprehensive way for later transformation.

Definition 2. Given 𝑆, the function 𝑃(𝑗) of cumulative prob-
ability is defined by

𝑃 (𝑗) =

{{

{{

{

𝑗

∑

𝑘=1

𝑝𝑘, 1 ≤ 𝑗 ≤ 𝑁,

0, 𝑗 = 0.

(1)

Similarly, we define another function to express the cycle
length of a broadcast program. The function 𝑄(𝑗) is defined
as follows.

Definition 3. Given 𝑆, the function 𝑄(𝑗) of the cumulative
data size is defined by

𝑄 (𝑗) =

{{

{{

{

𝑗

∑

𝑘=1

𝜆𝑘, 1 ≤ 𝑗 ≤ 𝑁,

0, 𝑗 = 0.

(2)

Now we redefine the objective function for the origi-
nal problem WTM in Z𝑛. The original objective function
∑
𝐶
𝑖=1[(∑𝑑𝑗∈𝑀𝑖

𝜆𝑗)(∑𝑑𝑗∈𝑀𝑖
𝑝𝑗)/𝑤𝑖] is defined from the view-

point of data partition, whereas the new objective function
is formulated from the viewpoint of sequence partition. With
the cumulative functions 𝑃(𝑗) and 𝑄(𝑗), we can determine
a proper sequence in advance and then perform partition
on the sequence. For simplicity, the leading coefficient of
expected waiting time of each channel, 0.5, is omitted in the
rest of this study.

Definition 4. Given 𝑆 and two constants 𝑛0 = 0, 𝑛𝐶 = 𝑁 for
any column vector n = [𝑛1, 𝑛2, . . . , 𝑛𝐶−1]

𝑡
∈ {1, 2, . . . , 𝑁}

𝐶−1

with 𝑛𝑖−1 ≤ 𝑛𝑖, the objective function 𝛼𝑆(n) of WTM is
defined by

𝛼𝑆 (n) =
𝐶

∑

𝑖=1

(𝑄 (𝑛𝑖) − 𝑄 (𝑛𝑖−1)) (𝑃 (𝑛𝑖) − 𝑃 (𝑛𝑖−1))

𝑤𝑖

, (3)

where 𝑤𝑖 is the bandwidth of channel 𝑖.

Note that data items numbered 𝑛𝑖−1 + 1, 𝑛𝑖−1 + 2, . . . , 𝑛𝑖
are allocated to channel 𝑖. Therefore, the access probability of
channel 𝑖 is 𝑃(𝑛𝑖) − 𝑃(𝑛𝑖−1) and the program cycle length of
the channel is 𝑄(𝑛𝑖) − 𝑄(𝑛𝑖−1).

An interpolating function 𝐹(𝑥) regarding access proba-
bility is defined formappingWTMfromZ𝑛 toR𝑛. To preserve
the geometric properties, we interpolate the 𝑁 + 1 points
(𝑗, 𝑃(𝑗)), 𝑗 = 0, 1, . . . , 𝑁, by using 𝑁 separate line segments.
The interpolating function 𝐹(𝑥) is defined as follows.

Definition 5. For 𝑗 = 1, 2, . . . , 𝑁, consider the 𝑗th interval [𝑗−
1, 𝑗] and let the straight line𝑓𝑗(𝑥) pass through the two points
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(𝑗−1, 𝑃(𝑗−1)) and (𝑗, 𝑃(𝑗)). The interpolating function 𝐹(𝑥)
is given by

𝐹 (𝑥) =

{{{{{{{{{{{

{{{{{{{{{{{

{

𝑓1 (𝑥) , if 𝑥 ∈ [0, 1) ,

𝑓2 (𝑥) , if 𝑥 ∈ [1, 2) ,
.
.
.

𝑓𝑁−1 (𝑥) , if 𝑥 ∈ [𝑁 − 2,𝑁 − 1) ,

𝑓𝑁 (𝑥) , if 𝑥 ∈ [𝑁 − 1,𝑁] .

(4)

An interpolating function𝐻(𝑥) regarding program cycle
length is also defined as follows. We let it interpolate the𝑁+

1 points (𝑗, 𝑄(𝑗)), 𝑗 = 0, 1, . . . , 𝑁, by using 𝑁 separate line
segments.

Definition 6. For 𝑗 = 1, 2, . . . , 𝑁, consider the 𝑗th interval
[𝑗 − 1, 𝑗] and let the straight line ℎ𝑗(𝑥) pass through the two
points (𝑗−1, 𝑄(𝑗−1)) and (𝑗, 𝑄(𝑗)).The interpolating function
𝐻(𝑥) is given by

𝐻(𝑥) =

{{{{{{{{{{{

{{{{{{{{{{{

{

ℎ1 (𝑥) , if 𝑥 ∈ [0, 1) ,

ℎ2 (𝑥) , if 𝑥 ∈ [1, 2) ,
.
.
.

ℎ𝑁−1 (𝑥) , if 𝑥 ∈ [𝑁 − 2,𝑁 − 1) ,

ℎ𝑁 (𝑥) , if 𝑥 ∈ [𝑁 − 1,𝑁] .

(5)

Just as we define the objective function 𝛼𝑆(n) forWTM in
Z𝑛, we define a dummy objective function 𝛽𝑆(x) forWTM in
R𝑛 as follows.

Definition 7. Given 𝑆 and two constants 𝑥0 = 0, 𝑥𝐶 = 𝑁, for
any position vector x = [𝑥1, 𝑥2, . . . , 𝑥𝐶−1]

𝑡
∈ (0,𝑁)

𝐶−1 with
𝑥𝑖−1 < 𝑥𝑖, the objective function 𝛽𝑆(x) ofWTM is defined by

𝛽𝑆 (x) =
𝐶

∑

𝑖=1

(𝐻 (𝑥𝑖) − 𝐻 (𝑥𝑖−1)) (𝐹 (𝑥𝑖) − 𝐹 (𝑥𝑖−1))

𝑤𝑖

, (6)

where𝐹(𝑥),𝑄(𝑥) are the interpolating functions and𝑤𝑖 is the
bandwidth of channel 𝑖.

Since 𝛼𝑆(n) and 𝛽𝑆(x) have the same objective costs at
all grid points, the solution spaces of WTM and WTM are
of similar geometric properties, for example, slope, extreme,
and concavity. Lemma 8 shows that both functions agree with
each other at all grid points.

Lemma 8. Given 𝑆, for any n ∈ {1, 2, . . . , 𝑁}
𝐶−1, 𝛼𝑆(n) =

𝛽𝑆(n).
Proof. Note that 𝑓𝑗+1(𝑗) = 𝑃(𝑗) and ℎ𝑗+1(𝑗) = 𝑄(𝑗) for all
𝑗 = 1, 2, . . . , 𝑁. Then

𝛽𝑆 (n) =
𝐶

∑

𝑖=1

(𝐻 (𝑛𝑖) − 𝐻 (𝑛𝑖−1)) (𝐹 (𝑛𝑖) − 𝐹 (𝑛𝑖−1))

𝑤𝑖

=

𝐶

∑

𝑖=1

(𝐻 (𝑛𝑖) − 𝐻 (𝑛𝑖−1)) (𝑓𝑛𝑖+1
(𝑛𝑖) − 𝑓𝑛𝑖−1+1

(𝑛𝑖−1))

𝑤𝑖

(by Definition 5)

=

𝐶

∑

𝑖=1

(ℎ𝑛𝑖+1
(𝑛𝑖) − ℎ𝑛𝑖−1+1

(𝑛𝑖−1)) (𝑓𝑛𝑖+1
(𝑛𝑖) − 𝑓𝑛𝑖−1+1

(𝑛𝑖−1))

𝑤𝑖

(by Definition 6)

=

𝐶

∑

𝑖=1

(𝑄 (𝑛𝑖) − 𝑄 (𝑛𝑖−1)) (𝑃 (𝑛𝑖) − 𝑃 (𝑛𝑖−1))

𝑤𝑖

= 𝛼𝑆 (n) .

(7)

The proof is complete.

By Lemma 8, 𝛼𝑆(n) and 𝛽𝑆(x) have the same function
values at grid points. That is, they have similar geometric
properties. Therefore, the optimal solution to WTM in Z𝑛 is
close to that of WTM in R𝑛. The optimal solutions to WTM
andWTM are also close to each other.

3.2. Optimal Solution x∗ to WTM. In this subsection, we
solve WTM optimally and obtain the optimal solution x∗
in R𝑛. First, we introduce the concept of gradient. Then the
optimality and convergence speed are discussed.

The steepest decent technique we employed is based on
the concept of the gradient [11]. Unlike other metaheuristic
algorithms, the steepest decent technique always converges
at the global minimum instead of piecing several local
minimums. Moreover, this steepest decent technique con-
verges in 𝑛 dimensions in linear time instead of performing
meaningless random walks. The notation of the gradient is
defined as follows.

Definition 9. Let 𝑔: R𝑛 → R be a continuous differen-
tiable multivariable function. The gradient of 𝑔 at x =

[𝑥1, 𝑥2, . . . , 𝑥𝑛]
𝑡 is denoted by ∇𝑔(x) and defined by

∇𝑔 (x) = [
𝜕𝑔 (x)
𝜕𝑥1

,
𝜕𝑔 (x)
𝜕𝑥2

, . . . ,
𝜕𝑔 (x)
𝜕𝑥𝑛

]

𝑡

. (8)

Because 𝐹(𝑥) is not differentiable at 𝑥 = 0, 1, 2, . . . , 𝑁 −

1, we remedy this shortcoming by improper limit. The 𝑖th
element of ∇𝑔(x) is modified slightly and redefined as

𝜕𝑔 (x)
𝜕𝑥𝑖

=

{{{

{{{

{

lim
ℎ→0+

𝑔 (𝑥1, 𝑥2, . . . , 𝑥𝑖 + ℎ, . . . , 𝑥𝐶−1) − 𝑔 (𝑥1, 𝑥2, . . . , 𝑥𝑖, . . . , 𝑥𝐶−1)

ℎ
, if 𝑥𝑖 is an integer,

lim
ℎ→0

𝑔 (𝑥1, 𝑥2, . . . , 𝑥𝑖 + ℎ, . . . , 𝑥𝐶−1) − 𝑔 (𝑥1, 𝑥2, . . . , 𝑥𝑖, . . . , 𝑥𝐶−1)

ℎ
, otherwise.

(9)
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Note that 𝐹(𝑥) and 𝐻(𝑥) are therefore right-hand differen-
tiable for 𝑥 ∈ {0, 1, 2, . . . , 𝑁 − 1}. Thus, the gradient of 𝛽𝑆(x)
can be obtained for any x ∈ (0,𝑁)𝐶−1, and the 𝑖th element of
∇𝛽𝑆(x) becomes

𝜕𝛽𝑆 (x)
𝜕𝑥𝑖

=
1

𝑤𝑖

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖) − 𝐹 (𝑥𝑖−1)) + (𝐻 (𝑥𝑖)

− 𝐻 (𝑥𝑖−1)) 𝐹

(𝑥𝑖)] −

1

𝑤𝑖+1

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖+1)

− 𝐹 (𝑥𝑖)) + (𝐻 (𝑥𝑖+1) − 𝐻 (𝑥𝑖)) 𝐹

(𝑥𝑖)]

=
1

𝑤𝑖

[𝜆𝑏 (𝐹 (𝑥𝑖) − 𝐹 (𝑥𝑖−1)) + (𝐻 (𝑥𝑖) − 𝐻 (𝑥𝑖−1))

⋅ 𝑝𝑏] −
1

𝑤𝑖+1

[𝜆𝑏 (𝐹 (𝑥𝑖+1) − 𝐹 (𝑥𝑖)) + (𝐻 (𝑥𝑖+1)

− 𝐻 (𝑥𝑖)) 𝑝𝑏] =
1

𝑤𝑖

[𝜆𝑏 ((𝑃 (𝑏) + (𝑥𝑖 − 𝑏) 𝑝𝑏+1)

− (𝑃 (𝑎) + (𝑥𝑖−1 − 𝑎) 𝑝𝑎+1))

+ ((𝑄 (𝑏) + (𝑥𝑖 − 𝑏) 𝜆𝑏+1)

− (𝑄 (𝑎) + (𝑥𝑖−1 − 𝑎) 𝜆𝑎+1)) 𝑝𝑏]

−
1

𝑤𝑖+1

[𝜆𝑏 ((𝑃 (𝑐) + (𝑥𝑖+1 − 𝑐) 𝑝𝑐+1)) − (𝑃 (𝑏)

+ (𝑥𝑖 − 𝑏) 𝑝𝑏+1) + ((𝑄 (𝑐) + (𝑥𝑖+1 − 𝑐) 𝜆𝑐+1)

− (𝑄 (𝑏) + (𝑥𝑖 − 𝑏) 𝜆𝑏+1)) 𝑝𝑏]

(10)

for three integers 𝑎 ≤ 𝑏 ≤ 𝑐with𝑥𝑖−1 ∈ [𝑎, 𝑎+1),𝑥𝑖 ∈ [𝑏, 𝑏+1),
and 𝑥𝑖+1 ∈ [𝑐, 𝑐 + 1). More specifically, when programming,
we do not need to find the derivative of 𝐻(𝑥𝑖) for obtaining
the corresponding slope. Instead, we obtain the slope 𝜆𝑏 by
letting ⌊𝑥𝑖⌋ = 𝑏. Hence, we eliminate annoying differentiation
procedures in the proposed algorithm.

Similar algorithms are found in [2, 11, 20, 21]. We can
modify them slightly in order to obtain the optimal solution
x∗ in R𝑛. The details of the algorithm will be presented in the
next section.Here, we showonly the basic steps of the steepest
decent technique as follows:

(1) Evaluate 𝛽𝑆(x) at an initial position x(0).
(2) Determine the steepest decent direction from x(0) that

results in a decrease in the value of 𝛽𝑆.
(3) Move an appropriate amount 𝛿 (i.e., step size) in this

direction, and the new position is x(1).
(4) Set x(1) = x(0) − 𝛿∇𝛽𝑆(x

(0)
).

(5) Repeat steps (1) through (4) until the optimal solution
x∗ is obtained.

In order to implement the algorithm easily, we reduce the
equation

x(1) = x(0) − 𝛿∇𝛽𝑆 (x
(0)
) (11)

to a single variable function

V (𝛿) = 𝛽𝑆 (x
(0)
− 𝛿∇𝛽𝑆 (x

(0)
)) . (12)

Note that the value 𝛿0 that minimizes V(𝛿) is also the
value needed for (11). Because the root-finding process in
(12) requires much execution time, Burden and Faires [11]
employed a quadratic polynomial to interpolate V(𝛿) in order
to accelerate the root-finding process. The details regarding
the quadratic polynomial will be shown in the next section.

Theproposed algorithm converges linearly and the proofs
of convergence are omitted. Readers can refer to [11, 18]. Even
if this algorithm converges rapidly, an accurate initial solution
can accelerate the convergence speed more. The following
definition and lemma help us to choose an accurate initial
solution.

Definition 10. Let 𝑥0 = 0, 𝑥𝐶 = 𝑁 be two constants. For any
position vector x = [𝑥1, 𝑥2, . . . , 𝑥𝐶−1]

𝑡
∈ (0,𝑁)

𝐶−1, the length
of the 𝑖th interval [𝑥𝑖−1, 𝑥𝑖] is denoted by Δ𝑥𝑖 and defined by

Δ𝑥𝑖 = 𝑥𝑖 − 𝑥𝑖−1 (13)

for 𝑖 = 1, 2, . . . , 𝐶. Likewise, the difference of𝐻 caused byΔ𝑥𝑖
is defined by

Δ𝐻𝑖 = 𝐻 (𝑥𝑖) − 𝐻 (𝑥𝑖−1) (14)

for 𝑖 = 1, 2, . . . , 𝐶.
The following lemma shows how to obtain an accurate

initial solution by determining the elements of a position
vector or partition vector x.

Lemma 11. If the optimal solution x∗ to the dummy objective
function 𝛽𝑆1(x) is given, then Δ𝐻∗𝑖 /𝑤𝑖 ≤ Δ𝐻

∗
𝑖+1/𝑤𝑖+1 for 𝑖 =

1, 2, . . . , 𝐶 − 1.

Proof. We show it by contradiction. Suppose Δ𝐻
∗
𝑖 /𝑤𝑖 >

Δ𝐻
∗
𝑖+1/𝑤𝑖+1 for some 𝑖. Since x∗ is the optimal solution to

𝛽𝑆1(x), the sum of products

𝑆
∗
=
[(𝐻 (𝑥

∗
𝑖 ) − 𝐻 (𝑥

∗
𝑖−1)) (𝐹 (𝑥

∗
𝑖 ) − 𝐹 (𝑥

∗
𝑖−1))]

𝑤𝑖

+
[(𝐻 (𝑥

∗
𝑖+1) − 𝐻 (𝑥

∗
𝑖 )) (𝐹 (𝑥

∗
𝑖+1) − 𝐹 (𝑥

∗
𝑖 ))]

𝑤𝑖+1

(15)

should be the minimal in the interval [𝑥∗𝑖−1, 𝑥
∗
𝑖+1]. On the

other hand, since Δ𝐻
∗
𝑖 /𝑤𝑖 > Δ𝐻

∗
𝑖+1/𝑤𝑖+1, there exists a

number 𝑥𝑖 < 𝑥
∗
𝑖 such that (𝐻(𝑥𝑖) −𝐻(𝑥

∗
𝑖−1))/𝑤𝑖 = (𝐻(𝑥

∗
𝑖+1) −

𝐻(𝑥𝑖))/𝑤𝑖+1. We claim that

𝑆 =
[(𝐻 (𝑥𝑖) − 𝐻 (𝑥

∗
𝑖−1)) (𝐹 (𝑥𝑖) − 𝐹 (𝑥

∗
𝑖−1))]

𝑤𝑖

+
[(𝐻 (𝑥

∗
𝑖+1) − 𝐻 (𝑥𝑖)) (𝐹 (𝑥

∗
𝑖+1) − 𝐹 (𝑥𝑖))]

𝑤𝑖+1

< 𝑆
∗
.

(16)
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Let 𝐻(𝑥∗𝑖 ) − 𝐻(𝑥
∗
𝑖−1) = 𝑎, 𝐹(𝑥∗𝑖 ) − 𝐹(𝑥

∗
𝑖−1) = 𝐴, 𝐻(𝑥∗𝑖+1) −

𝐻(𝑥
∗
𝑖 ) = 𝑏, 𝐹(𝑥∗𝑖+1) − 𝐹(𝑥

∗
𝑖 ) = 𝐵, 𝐻(𝑥∗𝑖 ) − 𝐻(𝑥𝑖) = 𝛿,

𝐹(𝑥
∗
𝑖 ) − 𝐹(𝑥𝑖) = Δ, and (𝐻(𝑥𝑖) − 𝐻(𝑥

∗
𝑖−1))/𝑤𝑖 = (𝐻(𝑥

∗
𝑖+1) −

𝐻(𝑥𝑖−1))/𝑤𝑖+1 = 𝜋. Since the sequence 𝑆1 is sorted by (𝑝𝑖/𝜆𝑖)
in descending order, Δ𝐻∗𝑖 /𝑤𝑖 > Δ𝐻

∗
𝑖+1/𝑤𝑖+1 implies that

(𝐹(𝑥
∗
𝑖 ) − 𝐹(𝑥

∗
𝑖−1))/𝑤𝑖 > (𝐹(𝑥

∗
𝑖+1) − 𝐹(𝑥

∗
𝑖 ))/𝑤𝑖+1. That is, if

𝑎/𝑤𝑖 > 𝑏/𝑤𝑖+1, then 𝐴/𝑤𝑖 > 𝐵/𝑤𝑖+1. Then

𝑆 =
1

𝑤𝑖

(𝑎 − 𝛿) (𝐴 − Δ) +
1

𝑤𝑖+1

(𝑏 + 𝛿) (𝐵 + Δ)

= 𝜋 (𝐴 − Δ) + 𝜋 (𝐵 + Δ) = 𝜋𝐴 + 𝜋𝐵

=
1

𝑤𝑖

(𝑎 − 𝛿)𝐴 +
1

𝑤𝑖+1

(𝑏 + 𝛿) 𝐵

=
𝑎𝐴

𝑤𝑖

+
𝑏𝐵

𝑤𝑖+1

−
𝛿𝐴

𝑤𝑖

+
𝛿𝐵

𝑤𝑖+1

<
𝑎𝐴

𝑤𝑖

+
𝑏𝐵

𝑤𝑖+1

= 𝑆
∗
.

(17)

It contradicts that x∗ is the optimal solution. The proof is
complete.

By the above lemma, the proposed algorithm is therefore
able to start from a better initial position x(0). We find
𝑥
(0)
1 , 𝑥
(0)
2 , . . ., and 𝑥

(0)
𝐶−1 such that Δ𝐻∗𝑖 /𝑤𝑖 ≤ Δ𝐻

∗
𝑖+1/𝑤𝑖+1 =

Λ/𝑊, where𝑊 = ∑
𝐶
𝑖=1 𝑤𝑖. In the next section, we set x(0) =

[𝑥
(0)
1 , 𝑥
(0)
2 , . . . , 𝑥

(0)
𝐶−1]
𝑡 instead of randomly choosing x(0). This

initial position will also enhance the convergence speed.
Note that the partition vector x∗ is a global minimizer

of WTM. We prove this property by showing that 𝛽𝑆1(x) is
concave upward for all x ∈ (0,𝑁)𝐶−1. Namely, for any initial
vector, the algorithm converges to the global minimum.

Lemma 12. Let the algorithm converge locally at some x∗ ∈
(0,𝑁)

𝐶−1. Then x∗ is the global optimal solution to WTM.

Proof. We prove the property by showing that, for any x ∈

(0,𝑁)
𝐶−1, 𝛽𝑆1(x) is concave upward. From (10), we get

𝜕𝛽𝑆1 (x)
𝜕𝑥𝑖

=
1

𝑤𝑖

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖) − 𝐹 (𝑥𝑖−1))

+ (𝐻 (𝑥𝑖) − 𝐻 (𝑥𝑖−1)) 𝐹

(𝑥𝑖)]

−
1

𝑤𝑖+1

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖+1) − 𝐹 (𝑥𝑖))

+ (𝐻 (𝑥𝑖+1) − 𝐻 (𝑥𝑖)) 𝐹

(𝑥𝑖)] ,

(18)

for 𝑖 = 1, 2, . . . , 𝐶 − 1. Note that 𝑥0 = 0 and 𝑥𝐶 = 𝑁 are two
constants. Then the second partial derivative is

𝜕𝛽
2
𝑆1 (x)
𝜕𝑥
2
𝑖

=
1

𝑤𝑖

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖) − 𝐹 (𝑥𝑖−1))

+ 2𝐻

(𝑥𝑖) 𝐹


(𝑥𝑖) + (𝐻 (𝑥𝑖) − 𝐻 (𝑥𝑖−1)) 𝐹


(𝑥𝑖)]

−
1

𝑤𝑖+1

[𝐻

(𝑥𝑖) (𝐹 (𝑥𝑖+1) − 𝐹 (𝑥𝑖))

− 2𝐻

(𝑥𝑖)𝐻


(𝑥𝑖) + (𝐻 (𝑥𝑖+1) − 𝐻 (𝑥𝑖)) 𝐹


(𝑥𝑖)]

=
2

𝑤𝑖

𝐻

(𝑥𝑖) 𝐹


(𝑥𝑖) +

2

𝑤𝑖+1

𝐻

(𝑥𝑖)𝐻


(𝑥𝑖) .

(19)

Because 𝐹(𝑥) interpolates the strictly increasing function
𝑃(𝑖), it is clear that 𝐹(𝑥) > 0. We have 𝐹(𝑥) = 0, since 𝐹(𝑥)
is composed of straight lines. Similarly, 𝐻(𝑥) has the same
properties. Therefore, 𝜕𝛽2𝑆1(x)/𝜕𝑥

2
𝑖 > 0 for all x ∈ (0,𝑁)

𝐶−1.
The proof is complete.

3.3. Near-Optimal Solution n† to WTM. We show how to
obtain a near-optimal solution of WTM in this subsection.
First, we remap the optimal solution x∗ in R𝑛 back to Z𝑛
by rounding off all elements of x∗, and a rounded solution
n† ∈ {1, 2, . . . , 𝑁}𝐶−1 is obtained.The following lemma shows
themagnitude order of𝛽𝑆1(x

∗
),𝛼𝑆0(n

∗
),𝛼𝑆1(n

#
), and𝛼𝑆1(n

†
),

where n#
∈ {1, 2, . . . , 𝑁}

𝐶−1 minimizes 𝛼𝑆1(n) and n∗ ∈

{1, 2, . . . , 𝑁}
𝐶−1 minimizes 𝛼𝑆0(n).

Lemma 13. Let n† ∈ {1, 2, . . . , 𝑁}𝐶−1 be the rounded resulting
solution toWTM.Then 𝛽𝑆1(x∗) and 𝛼𝑆1(n†) are two bounds of
𝛼𝑆0(n
∗
) with

𝛽𝑆1 (x
∗
) ≤ 𝛼𝑆0 (n

∗
) ≤ 𝛼𝑆1 (n

#
) ≤ 𝛼𝑆1 (n

†
) , (20)

and the Euclidean distance between x∗ and n† is

x∗ − n†2 ≤ 0.5√𝐶 − 1. (21)

Proof. Since n# minimizes 𝛼𝑆1(n), 𝛼𝑆1(n
#
) ≤ 𝛼𝑆1(n

†
). On the

other hand, we need to show 𝛼𝑆0(n
∗
) ≤ 𝛼𝑆1(n

#
). Note that 𝑆0

is the optimal sequence to the discrete-case problem WTM
and that it is difficult to determine. We just assume that n∗
is the optimal solution to 𝛼𝑆0(n). Since 𝑆1 is obtained by
some simple sorting rule and dedicated to the continuous-
case problemWTM, the sequence 𝑆0 is more suitable for the
discrete-case objective function,𝛼𝑆(n), than 𝑆1.Therefore, we
obtain 𝛼𝑆0(n

∗
) ≤ 𝛼𝑆1(n

#
).

We show 𝛽𝑆1(x
∗
) ≤ 𝛼𝑆0(n

∗
) by contradiction. Suppose

𝛼𝑆0(n
∗
) < 𝛽𝑆1(x

∗
). On the other hand, by Lemma8,𝛽𝑆0(n

∗
) =

𝛼𝑆0(n
∗
), since n∗ ∈ {1, 2, . . . , 𝑁}

𝐶−1. Therefore, 𝛽𝑆0(n
∗
) =

𝛼𝑆0(n
∗
) < 𝛽𝑆1(x

∗
). However, 𝛽𝑆1(x

∗
) is the optimal solution

to WTM. It is a contradiction.
Since each 𝑛†𝑖 is rounded from 𝑥

∗
𝑖 , it is obvious that |𝑥

∗
𝑖 −

𝑛
†
𝑖 | ≤ 0.5 and thus ‖x∗ − n†‖2 ≤ 0.5√𝐶 − 1. The proof is
complete.

By Lemma 13, we know that 𝛼𝑆0(n
∗
) is bounded by

𝛽𝑆1(x
∗
) and 𝛼𝑆1(n

†
) or 𝛽𝑆1(n

†
), since 𝛼𝑆1(n

†
) = 𝛽𝑆1(n

†
) by

Lemma 8. This guarantees that the proposed algorithm will
output near-optimal broadcast programs.

4. Proposed Algorithm

Algorithm 1 shows the proposed algorithm GRA. In the
first step, we prepare the cumulative functions 𝑃(𝑖) and
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Procedure GRA (𝐶,D, 𝑆1, TOL, 𝐾max)
INPUT: the number of channels 𝐶, the databaseD, the sorted access pattern 𝑆1,

the tolerance TOL, the maximal number of iterations𝐾max.
OUTPUT: the near-optimal solution n† to WTM.
Step 1 Calculate 𝑃(𝑖), 𝑄(𝑖), and construct corresponding 𝐹(𝑥),𝐻(𝑥);

Construct the dummy objective function 𝛽𝑆1(x);
Set 𝑘 = 1; x = [𝑥(0)1 , 𝑥

(0)
2 , . . . , 𝑥

(0)
𝐶−1]
𝑡
.

Step 2 While (𝑘 ≤ 𝐾max) do Steps 3–15.
Step 3 Set 𝛽1 = 𝛽𝑆1(x); z = ∇𝛽𝑆1(x); 𝑧0 = ‖z‖2.

//Note that ‖z‖2 is the Euclidean distance of z.
Step 4 If (𝑧0 = 0) then

Output “𝑥1, 𝑥2, . . . , 𝑥𝐶−1, 𝛽1”, “Zero gradient!”;
Stop.

Step 5 Set z = z/𝑧0; 𝛿1 = 0; 𝛿3 = 1; 𝛽3 = 𝛽𝑆1(x − 𝛿3z).
Step 6 While (|𝛽3| ≥ |𝛽1|) do Steps 7 and 8.
Step 7 Set 𝛿3 = 𝛿3/2; 𝛽3 = 𝛽𝑆1(x − 𝛿3z).
Step 8 If (𝛿3 < TOL/2) then

Output “𝑥1, 𝑥2, . . . , 𝑥𝐶−1, 𝛽1”, “No more improvement!”;
Stop.

Step 9 Set 𝛿2 = 𝛿3/2; 𝛽2 = 𝛽𝑆1(x − 𝛿2z).
Step 10 Set V1 = (𝛽2 − 𝛽1)/𝛿2; V2 = (𝛽3 − 𝛽2)/(𝛿3 − 𝛿2); V3 = (V2 − V1)/𝛿3.

//Note that we use Newton’s forward divided-difference formula [11] to find a quadratic
//polynomial 𝑉(𝛿) = 𝛽1 + V1𝛿 + V3𝛿(𝛿 − 𝛿2) which interpolates V(𝛿) at 𝛿 = 0, 𝛿 = 𝛿2, 𝛿 = 𝛿3.

Step 11 Set 𝛿0 = 0.5(𝛿2 − V1/V3); 𝛽0 = 𝛽𝑆1(x − 𝛿0z).
//Note that the critical point of 𝑉 occurs at 𝛿0.

Step 12 Find 𝛿 from {𝛿0, 𝛿3} so that 𝛽 = 𝛽𝑆1(x − 𝛿z) = min{𝛽0, 𝛽3}.
Step 13 Set x = x − 𝛿z.
Step 14 If (|𝛽 − 𝛽1| < TOL) then

Set 𝑛†1 = Round(𝑥1), 𝑛
†
2 = Round(𝑥2), . . . , 𝑛

†
𝐶−1 = Round(𝑥𝐶−1);

Output “𝑛†1 , 𝑛
†
2 , . . . , 𝑛

†
𝐶−1, 𝛽𝑆1(n

†
), 𝑘”, and “Success!”;

Stop.
Step 15 Set 𝑘 = 𝑘 + 1.
Step 16 Output “𝑥1, 𝑥2, . . . , 𝑥𝐶−1, 𝛽”, “Maximum iterations exceeded!”.

Stop.

Algorithm 1: The algorithm of GRA.

𝑄(𝑖) according to 𝑝𝑖 and 𝜆𝑖, respectively. Then we also
construct the dummy objective function 𝛽𝑆1(x), and we set
the initial value of x = [𝑥

(0)
1 , 𝑥
(0)
2 , . . . , 𝑥

(0)
𝐶−1]
𝑡. All these 𝐶 − 1

elements of x need to satisfy that Δ𝐻∗𝑖 /𝑤𝑖 = Δ𝐻
∗
𝑖+1/𝑤𝑖+1

(see Lemma 11). In Steps 3 and 4, we evaluate the magnitude
of 𝛽𝑆1 at x and determine the steepest decent direction. If
a zero gradient occurs, the algorithm will stop. In Steps 5–
8, we need to find a new position whose magnitude of 𝛽𝑆1
is smaller than the current one. Then we move a distance
of 𝛿 towards the steepest decent direction, and x is replaced
with the new position (Steps 9–13). We check if any stopping
criterion is met in Step 14. In Step 15, we employ 𝐾max
to limit the total iterations; thus, the algorithm will stop
anyway.

5. Comparison with Other Research

In the real world, suchminimization problems usually call for
instant and near-optimal solutions, especially for large prob-
lem instances. As a result, many metaheuristic algorithms
have been proposed for providing instant and near-optimal
solutions, for example, [22–24]. Although these algorithms

achieved better execution time, their solution quality cannot
be ensured or bounded.

Therefore, we need deterministic algorithms that are
able to converge linearly and achieve near-optimality. Jea
et al. [20] solved a basic similar problem, DAP, that
is, min∑𝑚𝑖=1[(∑𝑑𝑗∈𝑀𝑖 1)(∑𝑑𝑗∈𝑀𝑖 𝑝𝑗)]. Here, the number of
machines or channels is denoted by 𝑚, literally meaning
𝐶 in this study. The terms in the square bracket are in a
very simple form. Even so, the partition problem is also
time-consuming for obtaining an optimal solution when the
problem size is larger than 50. This problem was solved
near-optimally by their proposed algorithm [20]. Wang and
Jea [21] proposed another partition problem, SPP, that is,
min∑𝑚𝑖=1[(∑𝑑𝑗∈𝑀𝑖 𝑐𝑗)(∑𝑑𝑗∈𝑀𝑖 𝑝𝑗)]. The terms in the square
bracket become slightly complicated. This problem was
also solved near-optimally in linear time. Jea and Wang
[2] introduced another partition problem, DBAP; that is,
min∑𝑚𝑖=1[𝑎𝑖(∑𝑑𝑗∈𝑀𝑖 𝑏𝑗)(∑𝑑𝑗∈𝑀𝑖 1/𝑛)]. The terms in the square
bracket look similar to those of SPP. However, the transfor-
mation between Z𝑛 and R𝑛 becomes more difficult. After
establishing a complete theoretical basis, this problem was
also solved near-optimally.
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Table 1: System settings in the experiments.

Parameter Default Range Meaning
𝑁 1, 2, . . . , 1000 Number of data items
𝐶 1, 2, . . . , 50 Number of channels
𝑝𝑗 Zipf(𝜃) Access probability of data item 𝑗

𝜆𝑗 𝑁(200𝜇, 50𝜎) Size of data item 𝑗

𝑤𝑖 (1 − 0.25𝑅, 1 + 0.25𝑅) Bandwidth of channel 𝑖
𝑅 0.0, 0.25, 0.5, 0.75 Parameter for bandwidth
𝜃 0.0, 0.25, 0.5, 0.75 Parameter for access probability
𝜇 0.0, 0.25, 0.5, 0.75 Parameter for item size
𝜎 0.0, 0.25, 0.5, 0.75 Parameter for item size
𝑟𝑐 0.8 Crossover rate for GA
𝑟𝑚 0.05 Mutation rate for GA
𝐿 100 Population size for GA
𝐾max 10000 Maximum iteration number for GRA
TOL 0.01 Tolerance for GRA

On the other hand, Wang and Chen [25] proposed
another minimization problem, min∑𝑚𝑖=1 |(∑𝑑𝑗∈𝑀𝑖 𝑞𝑗) − 𝑟|

subject to∑𝑚𝑖=1[(∑𝑑𝑗∈𝑀𝑖 𝑞𝑗)(∑𝑑𝑗∈𝑀𝑖 𝑝𝑗)] ≤ 𝑇 and∑𝑑𝑗∈𝑀𝑖 1 ≤ V
for all nonempty 𝑀𝑖. The constraints and absolute values
make the problem harder. It is interesting that the discretized
problem could also be solved by the same technique in R𝑛.

In this study, we propose the WTM problem, that is,
min∑𝑚𝑖=1[(∑𝑑𝑗∈𝑀𝑖 𝜆𝑗)(∑𝑑𝑗∈𝑀𝑖 𝑝𝑗)/𝑤𝑖]. As shown in Figure 1,
WTM is themost complicated form.WTMrelates to not only
partition but also permutation. In the three problems, DAP,
SPP, and DBAP, the position orders of items in n∗ and x∗ are
the same. However, for WTM, the position orders of items
in n∗ and x∗ might be different. This makes transformation
between Z𝑛 and R𝑛 more difficult, so we sacrifice some
accuracy of position order and force the transformation to
be done. Even so, WTM describes a general form of such
problems and still achieves near optimality.

6. Computational Experiments

The experiments are divided into three parts. First, since the
real-world situations are complicated, we need to determine
some significant system settings. We develop a basic genetic
algorithm (GA) to conduct a pilot experiment for determin-
ing these settings. Second, when the problem size is small,
both algorithms (i.e., GRA and GA) are compared with an
exhaustive search algorithm. Third, when the problem size
is large, we compare GA and GRA to evaluate their solution
quality and execution speed.

Table 1 summarizes the parameters used in the experi-
ments. Parameters 𝑁, 𝐶, 𝑝𝑗, 𝜆𝑗, and 𝑤𝑖 have already been
defined in Section 2. Access probability 𝑝𝑗 follows a Zipf
distribution with parameter 𝜃 [20]. Item size 𝜆𝑗 follows
a discrete normal distribution with parameters 200𝜇 and
50𝜎. Bandwidth 𝑤𝑖 follows a discrete uniform distribution
DU(1 − 0.25𝑅, 1 + 0.25𝑅). For GA, the population size,
crossover rate, and mutation rate are 100, 0.8, and 0.05.
For GRA, the maximum iteration number and tolerance are
10,000 and 0.01, respectively. All the proposed algorithms

SPP

DAP

DBAP

WTM

Figure 1: The relationship diagram.

were implemented in PASCAL and executed in a Windows 7
environment on an Intel Xeon E3 1230 @ 3.20GHz with 8GB
RAM. For each setting, 30 random trials were conducted and
recorded.

In the first part, we develop a basic genetic algorithm
(GA) to test the performance. Each chromosome is randomly
generated. For example, let 𝑁 = 4, 𝐶 = 2 and generate
5(= 𝑁 + 𝐶 − 1) random values, 0.42, 0.95, 0.13, 0.21, and
0.36. According to their magnitudes, the largest number 0.95
means a channel separator. That is, item 4 (having the fourth
smallest value, 0.42) is allocated to channel 1, and items 1, 2,
and 3 are allocated to channel 2. For each population, there
are 100 random chromosomes. The fitness is defined as 𝑓𝑖 =
𝑐
−0.5
𝑖 /∑

𝐿
𝑘=1 𝑐
−0.5
𝑘 , for 𝑖 = 1, 2, . . . , 𝐿, where 𝑐𝑖 is the objective

cost achieved by the 𝑖th chromosome. A standard roulette
wheel selection is employed, and two parent chromosomes
are selected for generating two child chromosomes by a two-
point crossover. Moreover, a simple single-point mutation
is adopted. GA will terminate if the run time is over 100𝑛
milliseconds or no improvement is made during the recent
100 generations.

In the second part, Figure 2 shows the effect of 𝐶 on
the performance for 𝑁 = 10. The relative error is defined
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Figure 2: The effect of 𝐶 on performance (𝑁 = 10).
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Figure 3: The effect of 𝑅 on performance (𝑁 = 10).
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Figure 4: The effect of 𝜃 on performance (𝑁 = 10).

by (𝑐GA − 𝑐OPT)/𝑁 or (𝑐GRA − 𝑐OPT)/𝑁, where 𝑐GA, 𝑐GRA,
and 𝑐OPT are objective costs obtained by GA, GRA, and an
exhaustive search algorithm. It is seen that GA takes more
run time when 𝐶 increases. Moreover, 𝐶 does not influence
GRA and most instances can be solved within 1 millisecond.
On the other hand, GA can easily become trapped in local
minimums, since there are many local minimums for such
an optimization problem. Consequently, the relative error of
GA is relatively higher. Since the setting of𝐶 = 2 has the least
significance, we omit it in later experiments.

Similarly, Figures 3–6 show various effects on the perfor-
mance for 𝑁 = 10. As shown in Figures 3 and 4, identical
access probability (𝜃 = 0) and equal bandwidth (𝑅 = 0)make
the problem easier, so we only observe larger 𝜃 and 𝑅 in later
experiments. In Figures 5 and 6, when 𝜇 and 𝜎 increase, the
relative errors increase slightly.The worst mean relative error
is 0.353 when 𝜇 = 0.75; that is, the data items are large.There-
fore, we only test the instances with larger item sizes in later
experiments.
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Figure 5: The effect of 𝜇 on performance (𝑁 = 10).
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Figure 6: The effect of 𝜎 on performance (𝑁 = 10).
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Figure 7: Comparison of two algorithms (𝑁 = 12, 𝜃 = 0.5).

Figure 7 compares two algorithms for 𝑁 = 12 in terms
of execution speed and solution quality. Again, GRA almost
takes no time to obtain near-optimal solutions, whereas GA
needs 3 seconds on average. For the setting of 𝑁 = 12, there
are more local minimums than 𝑁 = 10. It becomes more
difficult to locate the optimal solution. Therefore, GA takes
more run time but still has larger relative errors.

In the third part, Figures 8 and 9 show the performance
of two algorithms when the problem size is large. Since we

cannot obtain optimal solutions when 𝑛 is large, we compute
their relative deviations. The relative deviations are defined
by (𝑐GA − 𝑐min)/𝑁 and (𝑐GRA − 𝑐min)/𝑁, where 𝑐min =

min{𝑐GA, 𝑐GRA}. GRA outperforms GA greatly in terms of
solution quality and execution speed. For most instances,
they can be solved within 1 millisecond for 𝐶 = 5 and 𝑁 =

500. Even for the worst case, GRA takes only 16 milliseconds.
On the other hand, GA cannot jump out of local minimums,
nomatter howmany trials it tries. Its solution quality depends
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Figure 8: Comparison of two algorithms (𝑁 = 250, 𝜃 = 0.5).
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Figure 9: Comparison of two algorithms (𝑁 = 500, 𝜃 = 0.5).
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Figure 10: The effect of 𝐶 on the execution time of GRA.

highly on the initial population. If there are no high-quality
solutions at the beginning, it is difficult for GA to locate the
optimal solution in the 𝑛-dimensional solution space.

Figure 10 shows the effect of 𝐶 on execution time. To
observe the average execution time of GRA, we set𝑁 = 1,000,
𝜃 = 0.0, 0.1, 0.5, 1.0, 2.0, 𝑅 = 0.5, 𝜇 = 0.5, 𝜎 = 0.5, and

𝐶 = 1 to 50. Since GA cannot compete with GRA for solution
quality when 𝑁 = 500, we do not examine the behavior of
GA for such a large problem size. As shown in the figure,
when 𝐶 increases, the run time of GRA slightly increases. It
means the number of channels is directly proportional to the
run time of GRA. In fact, the number of channels of a mobile



12 Mobile Information Systems

0.00

0.01

0.02

0.03

0.04

0.05

0.06

Ru
n 

tim
e (

se
c)

0.0 0.2 0.4 0.6 0.8 1.0
𝜃

C = 50

C = 20

C = 10

C = 5

C = 2

Figure 11: The effect of 𝜃 on the execution time of GRA.
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Figure 12: Comparison of three algorithms (𝑚= 3, 𝜃 = 0.5, 𝜇 = 0.5, and 𝜎 = 0.5).

environment is far lower than 50. It implies that GRA is able
to deal with scheduling 1000 data items for any real-world
broadcast server.

Figure 11 shows the effect of 𝜃 on convergence speed.
In this experiment, we set 𝑁 = 1000, 𝐶 = 2, 5, 10, 20, 50,
𝑅 = 0.5,𝜇 = 0.5,𝜎 = 0.5, and 𝜃 = 0.0 to 1.0.When 𝜃 = 0.0 and
𝐶 = 50, all the data items are of the same popularity. However,
the sizes of the data items are different and the bandwidths
of the channels are also distinct. These variations make it
difficult for GRA to converge. On the other hand, as 𝜃 = 1.0,
there are only a few popular data items which should be
allocated to channel 1 (i.e., that with the highest bandwidth).
The other items with very low access probabilities can be
roughly allocated to the remaining channels.Therefore, GRA
converges very rapidly when 𝜃 > 0.8.

In Figure 12, we implement an optimization algorithm,
that is, a branch-and-bound algorithm (B&B), and compare
it with GA and GRA. Since B&B is very time-consuming, we
only observe the results for 𝑁 ≤ 15. Both B&B and GRA
can provide optimal solutions when 𝑁 ≤ 15. On the other

hand, the average run time of B&B for𝑁 = 15 is 30 seconds,
whereas the run time of GRA is always less than 4 seconds,
even for 𝑁 = 200. It is clear that the time complexity will
exclude such optimization algorithms from practical use.

In sum, GRA is a practical algorithm, even for𝑁 = 500.
As compared with the other two algorithms, GRA is more
suitable for application in the real world. Moreover, we also
guarantee that each solution is generated within a linear time
and give an error bound.

7. Conclusion

Minimization problems are usually time-consuming, espe-
cially for large problem instances. Consequently, most tra-
ditional studies have employed metaheuristic algorithms to
solve such problems. However, such algorithms have several
shortcomings. First, their solutions are obtained by trial and
error, so solution quality is not guaranteed. Second, their
approximation algorithms cannot converge linearly. Third,
some traditionalmethods need to keep track of partial results,
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so they are memory-consuming. Fourth, some traditional
methods, such as dynamic programming and branch-and-
bound algorithms, are not scalable. Once the problem size
increases, it may take several days to generate an optimal
solution, and such a delay is impractical.

Mapping a discretized problem from Z𝑛 to R𝑛 is an
interesting idea. In this study, a gradient-based algorithm is
proposed to deal with WTM. We first map it from Z𝑛 to R𝑛.
Then the mapped problem is solved optimally in R𝑛. Finally,
the optimal solution ismapped fromR𝑛 back toZ𝑛.Moreover,
the theoretical basis ensures that the proposed algorithm can
converge linearly, provide high-quality solutions, and require
less memory.

In the near future, we will extend the concept to other
optimization problems. By mapping a problem from its
original domain to another domain, we are likely to find a
more time-efficient and cost-effective way to achieve similar
results.

Parameters

𝑁: Number of data items
Λ: Summation of all 𝜆𝑖
𝐶: Number of channels
𝑆: Access pattern (sequence of (𝑝𝑖, 𝜆𝑖))
𝑆0: Access pattern for WTM
𝑆1: Access pattern for WTM
𝑃(𝑗): Cumulative function defined by 𝑝𝑗

(𝑃(𝑁) = 1)
𝑄(𝑗): Cumulative function defined by 𝜆𝑗

(𝑄(𝑁) = Λ)
n: Position vector

[𝑛1, 𝑛2, . . . , 𝑛𝐶−1]
𝑡
∈ {1, 2, . . . , 𝑁}

𝐶−1

x: Position vector
[𝑥1, 𝑥2, . . . , 𝑥𝐶−1]

𝑡
∈ (1,𝑁)

𝐶−1

𝛼𝑆(n): Objective function of WTM
𝛽𝑆(x): Objective function of WTM
𝐹(𝑥): Interpolating function passing through all

points (𝑗, 𝑃(𝑗))
𝐻(𝑥): Interpolating function passing through all

points (𝑗, 𝑄(𝑗))
n∗: Optimal solution to 𝛼𝑆0(n)
n#: Optimal solution to 𝛼𝑆1(n)
x∗: Optimal solution to 𝛽𝑆1(x)
n†: Near-optimal solution to 𝛼𝑆0(n).
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As a prevailing concept in 5G, virtualization provides efficient coordination among multiple radio access technologies (RATs)
and enables multiple service providers (SPs) to share different RATs’ infrastructure. This paper proposes a generic framework for
virtualizing heterogeneous wireless network with different RATs. A novel “VMAC” (virtualized medium access control) concept
is introduced to converge different RAT protocols and perform inter-RAT resource allocation. To suit the proposed framework, a
virtualization based resource allocation scheme is devised.We formulate the problem as amixed combinatorial optimization, which
jointly considers network access and rate allocation. First, to solve the network access problem, “adaptability ratio” is developed
to model the fact that different RATs possess different adaptability to different services. And a Grey Relational Analysis (GRA)
method is adopted to calculate the adaptability ratio. Second, services are modeled as players, bargaining for RAT resources in a
Nash bargaining game. And a closed-form Nash bargaining solution (NBS) is derived. Combining adaptability ratio with NBS, a
novel resource allocation algorithm is devised. Through simulation, the superiority and feasibility of the proposed algorithm are
validated.

1. Introduction

Recent years are witnessing an unprecedented surge in
mobile network services, causing a series of challenges to
be confronted by mobile network operators (MNOs). MNOs
have to increase network investments, including licensed
spectrum, cell sites, and backhaul infrastructure to improve
network capacity and fulfill users’ needs. In addition, societal
development and Internet of Things (IoT) will lead to many
new application types, imposing increasingly diversified
requirements to be serviced by MNOs in future mobile
network system. To overcome these challenges, RAN (radio
access network) virtualization is considered as a promising
solution [1].

In RAN virtualization, service protocols are completely
decoupled from the underlying RAN substrate: MNOs own
and manage overall RAN resources, while service providers
(SPs) compose network services by purchasing and sharing
MNOs’ RAN resources [2]. In order to achieve the RAN
sharing, the 3GPP (Third Generation Partnership Project)

releases two proposals [3]: spectrum-split sharing, where
SPs share RANs according to different spectrum ranges;
geography-split sharing, where SPs share RANs according
to different geographical ranges. Another primary research
is C-RAN (Cloud-RAN) [4]. In C-RAN, baseband signals
are centrally processed in a cloud-based center unit (CU),
with radio units (RUs) providing coverage to end users.
Hence the RAN resources can be centrally processed and
dynamically shared by different SPs. Although the flexibility
of signal processing and resource utilization are theoretically
maximized, fronthaul (the link between RU andCU) capacity
limitation is known to impose a formidable bottleneck to
C-RAN. Besides, several researches have set up testbed and
commercial demonstration of virtualization based RANs,
including IEEE 802.11 [5, 6], LTE [7], and WiMAX [8].

Within this thesis, resource allocation is an important
issue. In [9], a bankruptcy game based resource allocation
approach is investigated. Through the game, MNOs can
dynamically share thewireless resources in LTEnetworks and
the resource usage is proved to increase. Kalil et al. propose an
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efficient low-complexity scheduler to virtualize the wireless
resource blocks (RBs) and share them among users of
different MNOs [10]. The scheduler aims at maximizing the
throughput while maintaining access proportional fairness
(APF) among users as well as MNOs. However, the above
researches focus on homogeneous networks, and the hetero-
geneity of user services is also ignored. Considering the fact
that heterogeneous services as well as heterogeneous RATs
coexist in future mobile networks, a virtualization based
wireless resource allocation algorithm is proposed [11]. The
algorithm conducts compensative resource allocation, where
resources in a centralized resource pool are continuously
reallocated to users of different MNOs to satisfy their service
requirements.

As brilliant as the above works are, there still exist several
disadvantages: First, there lacks a comprehensive methodol-
ogy for virtualizing heterogeneous wireless network. Since
virtual networks are created by SPs with various service
requirements, virtualization systems have to bear multiple
virtual networks that hold heterogeneous QoS (Quality of
Service) requirements, topology, security, and so forth. In
addition, MNOs with different RATs should be aggregated
in the same virtualization substrate. Second, the adaptability
of different networks to different services is ignored. For a
certain RAT, there aremultiple factors that affect the access or
allocation of the RAT resources to different user services. For
example, video stream requires short delay while data traffic
is more sensitive to packet loss. However, existing works [9–
11] consider resource allocation simply from the perspective
of bandwidth or rate.

Therefore, in this paper, we propose a generalized frame-
work for virtualized heterogeneous network with the major
component of inter-RAT resource allocation. The main con-
tributions can be concluded as follows.

We construct a generalized framework for virtualized
heterogeneous network using the “VMAC” (Virtualized
MAC) layer concept. Below VMAC, MNOs operate different
networks of different RATs with their own PHY and MAC
functions. VMAC acts as a middle layer, through which
resources of different MNOs are aggregated within a cloud-
based platform. Above VMAC, SPs provide end-to-end user
services by applying network resources from the cloud.

A novel resource allocation strategy is devised to suit
the proposed framework. Considering the heterogeneity of
different services, we model the resource allocation problem
as a Nash bargaining game subject to different service
requirements. The problem is formulated as a mixed combi-
natorial optimization, which jointly considers network access
and rate allocation.

To solve the network access problem, “adaptability ratio”
is developed to model the adaptability of different networks
to different services. And a Grey Relational Analysis (GRA)
approach is used to calculate the “adaptability ratios,” consid-
ering the influence of multiple network parameters (capacity,
jitter, packet loss, etc.) to reach a practical solution. To
solve the rate allocation problem, we transform the problem
into a convex optimization and derive a closed-form Nash
bargaining solution (NBS). Combining adaptability ratio
with NBS, we develop a novel resource allocation algorithm,

where services iteratively access the most suitable networks
and bargain for the network resources. The algorithm is
terminated when the overall service requirements are satis-
fied or network resources are used up. Through simulation,
the superiority and feasibility of the proposed algorithm are
validated by comparing with existing schemes.

The paper is organized as follows. The proposed virtu-
alization framework is presented in detail in Section 2. The
resource allocation strategy is given in Section 3. And the
simulations are in Sections 4 and 5. Section 6 concludes the
paper.

2. The Proposed Virtualization Framework

In this section, we first give an overview of the VMAC
concept. After that, the proposed virtualization framework is
presented in detail.

2.1. Why the Proposed VMAC? In existing approaches, when
UE (user equipment) initiates handover or offloading over
multiple RATs, multiple IP addresses will be assigned to
one piece of UE to identify different RAT links. Each RAT
link has a unique IP address without considering that these
addresses belong to the same UE. These IP packets will
be routed separately in the core network (CN), generating
different routing delays and causing disorders when multi-
plexing/demultiplexing them in low-layer RAN.

As a solution, VMAC is introduced as a converged
network layer, which is tightly coupled into existing RAT pro-
tocol stacks with minimum protocol modifications. Through
VMAC, heterogeneous RATs can be coupled within a unified
protocol stack, forming the functionality for SPs to manage
and operate their own virtualized networks.

Our aim is to provide seamless QoS and flexible resource
usage. Through VMAC, offloading or handover protocols
have maintained the RAT link processing at the VMAC layer,
and UE IP is not changed when offloading or handover
occurs. Thus, a stable seamless QoS classification of ongoing
sessions can be guaranteed. And the different RAT resources
can be flexibly aggregated or disassembled according to user
service to realize the true sense of “network as a service.”

2.2. A Converged Protocol Stack for Virtualized Heterogeneous
Network. The proposed model is in Figure 1. VMAC is
adopted to realize the converged protocol stack, which can
merge and manage the different IP flows in a converged
manner. The underlying MNOs provide different RATs with
independent PHY and MAC functions, including mod-
ulation/demodulation, coding, measurement, and access.
MNOs are linked through the management interface to a
cloud-based platform, where resources from different MNOs
can be abstracted out as a virtual RAN pool (VRP). VMAC
is held within the cloud that is responsible for merging
the packets from different RATs into a unified IP flow. The
cloud is equipped with isolated memory to carry out its own
computation tasks. SPs provide end-to-end user services on
top of VMAC.

VMAC resides right above the network MAC layer, but
below IP layer. The reasons are as follows. (1) In lower layer
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virtualization (e.g., RF, PHY, andMAC layer), the functions of
upper layers will be processed in a more centralized method.
For example, in C-RAN, functions above RF, including
signal processing, MAC QoS, and RRM management, are
centralized [12]. Hence, the flexibility brought about by the
centralized processing is maximized. However, there are
two main drawbacks in low-layer virtualization. First, the
backhaul overhead is tremendous and unbearable. Second,
the QoS requirements of different RATs cannot be handled
by a unified set of MAC control functionalities. (2) Higher
layer virtualization (e.g., above IP) sustains the independence
of different RATs, allowing multiple RATs to coexist within
the same framework (compatibility). In conclusion, low-layer
means more flexibility but less compatibility, and high-layer

means less flexibility butmore compatibility. As a tradeoff, the
VMAC is proposed.

2.3. Functionalities of VMAC. The VMAC design consists in
the functionalities of user and control planes, as shown in
Figure 2.

2.3.1. User Plane. The VMAC user plane is responsible for
demultiplexing the packets from CN into various RATs and
merging the uplink packets fromdifferent RATs into a unified
IP flow. In uplink, theUEprotocol decides the bearingRATof
each IP packet and transmits the data to the VMAC through
the respective RAT link. The VMAC encapsulates the data
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from different RATs and multiplexes several data flows into
one common IP flow. In downlink, VMAC demultiplexes the
service traffic to be carried by different RATs according to a
predefined contract of the control plane.This contract defines
for each piece of UE the relationship that exists between the
business type of IP packet and the corresponding RAT and
allocates packets to the corresponding RATs.

2.3.2. Control Plane. The right part of Figure 2 exemplifies
VMC control plane, which defines RAT resource allocation
and mobility management. Details are described as follows.

(i) QoSMapping. As the range of services fromSPs can be
wide from bandwidth-consuming to delay-sensitive,
the QoS of these different services must be dynam-
ically mapped to the physical wireless links. Since
different RATs have different capability and suitability
in terms of different service types, such mappings
need to provide seamless and suitable service quality
across multiple RATs for user sessions.

(ii) Inter-RAT Resource Allocation. This module allocates
RAT resources to SPs to support on-demand user
services. The service packets can be accommodated
simultaneously across multiple RATs or by a single
RAT link. The proportion of packets between these
RATs is determined on the basis of network and
traffic characteristics. In our framework, multiple
virtual networks (or SPs) coexist on the same network
substrate. And SP may span over multiple underlying
RATs to customize its unique business and service.
Therefore, inter-RAT resource allocation module is
responsible for elaborating specific solutions and
mechanisms to support elastic provision, operation,
andmaintenance of the virtualized wireless networks.

(iii) MobilityManagement. Tomaintain service continuity
when a user switches among multiple RATs, proper
mobility management mechanisms should be sup-
ported by the VMAC. There are two basic aspects in
themobility issue: locationmanagement and handoff.

3. Resource Allocation Strategy

In this part, we devise an inter-RAT resource allocation
strategy for the proposed VAMC. In our model, the cloud
acts on behalf of the resources in the VRP and decides the
utilization of these resources in order to satisfy SPs’ service
requests. Since there exist multiple services and RAT types
and different RATs can have different adaptability to different
services, it is important to consider this “adaptability” as
a benchmark for designing the resource allocation strat-
egy. Therefore, in this section, we devise an “adaptability
ratio” concept to solve the resource allocation problem. The
problem is formulated using Nash bargaining game, and we
develop a two-step solution. In Step 1, different services select
their most suitable RATs with the highest adaptability ratios.
In Step 2, services are modeled as players, bargaining for the

resources of the selected RATs in Step 1. Based on the two-
step solutions, an iterative resource allocation algorithm is
devised.

3.1. Problem Formulation. Our focus is to identify the
SPs’ service requests and accordingly allocate MNOs’ RAT
resources. And we formulate the resource allocation using
Nash bargaining game. Nash bargaining is chosen consider-
ing the following reasons: First, in our model, there are mul-
tiple services with different characteristics. Nash bargaining
provides an efficient resource allocation framework to the
different services taking into account their different needs
and performance requirements. Second, Nash bargaining
provides an efficient solution considering the allocation
fairness. In addition, the complexity of the Nash bargaining
solution (NBS) is comparatively low.

Nash bargaining is a type of negotiation in which players
compete for limited resources and try to reach an agreement
that has mutual benefits among them [13]. If the total
resources requested by players are less than the available
ones, all the players’ requests are satisfied. Otherwise, the
negotiation is compromised and all players will only obtain
the guaranteed resource determined by the bargaining game.
In our model, there are 𝐼 services bargaining for RAN
capacities, each with a minimum rate (MR𝑖) and a peak rate
(PR𝑖) constraint. RANs are indexed by 𝑗 ∈ {1, . . . , 𝐽} with
capacity 𝐶𝑗.

Normally, the solution of a Nash bargaining game is given
by NBS. For all 𝑖, 𝑗, let u = (𝑢11, 𝑢12, 𝑢𝑖𝑗, . . . , 𝑢𝐼𝐽) represent
resource allocation vector. U ⊂ R𝐼×𝐽 denote the set of
achievable rate, which is a nonempty closed upper-bounded
real-number space (where R𝐼×𝐽 denote 𝐼 × 𝐽 dimensioned
real-number field).The notion of NBS is given as follows [13].

Definition 1 (Nash bargaining solution). Let 𝑆 be a mapping
defined as 𝑆 : (U,MR𝑖) → R𝐼×𝐽. The NBS is a unique bar-
gaining solution u∗ = 𝑆(U,MR𝑖) if the following conditions
are satisfied:

(1) u∗ ∈ U.
(2) u∗ is Pareto optimal.
(3) Independence of linear transformations: if 𝜑 is a

given linear mapping, then 𝑆(𝜑(U), 𝜑(MR𝑖)) =

𝜑(𝑆(U,MR𝑖)).
(4) Independence of irrelevant alternatives: ifV ⊂ U and

𝑆(U,MR𝑖) ∈ U, then 𝑆(U,MR𝑖) = 𝑆(V,MR𝑖).
(5) There is symmetry.

Conditions (1) and (2) guarantee the existence and
efficiency of the NBS. The implication of a Pareto optimum
is that it is impossible to find another point which leads to
strictly superior performance for all the service allocation
simultaneously. Conditions (3)–(5) guarantee NBS fairness.
Condition (3) implies that the bargaining solution is scale
invariant; that is, the bargaining solution is unchanged if
the performance objectives are linearly scaled. Condition (4)

states that the bargaining point is not affected by enlarging the
domain if agreement can be found on a restricted domain.
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Symmetry condition (5) guarantees equal priority for the
players with the same initial points and objectives. If the
symmetry axiom is satisfied, then all the players involved in
the bargaining game will be assigned the same amount of
resources.However, in ourmodel, since the budget represents
service rate requirement, it may not be reasonable when
the budgets of players are significantly different. So the
generalized NBS is a variant of the NBS by assigning players
with different budgets, which is defined in [14] as follows.

Definition 2. Let 𝐵𝑖 denote the budget of player 𝑖. Then the
optimal and fair NBS is given by the unique solution to

max
a,u

𝐼

∏

𝑖=1

(

𝐽

∑

𝑗=1

𝑎𝑖𝑗𝑢𝑖𝑗 −MR𝑖)
𝐵𝑖

. (1)

In our model, each service should be guaranteed a
minimum rate (MR𝑖) and a peak rate (PR𝑖). The minimum
rate represents theminimum resource tomaintain the service
provision and could be tariffs published by the cloud (e.g.,
gold, silver, or bronze services, which can guarantee different
levels of service priority [15]). Resource allocation index 𝑎𝑖𝑗 is
equal to 1 if service 𝑖 has access to RAN 𝑗 and 0 otherwise. a
denote the vector of 𝑎𝑖𝑗.

In conventional NBS, the resource allocation is simply
considered from the perspective of bandwidth or transmis-
sion rate. However, we argue that bandwidth and other
network parameters like latency, packet loss, and jitter are
all important to QoS. In addition, the derivation of NBS
is based on the assumption of given a. But in our model,
it is important to identify the allocation or access priority
of different services to different RATs, considering their
different characteristics and requirements.

Therefore, wewant to solve the problem in (1) fromamore
comprehensive perspective and improve conventional NBS.
So we reformulate our resource allocation problem as

max
a,u

𝐼

∏

𝑖=1

(

𝐽

∑

𝑗=1

𝑎𝑖𝑗𝑢𝑖𝑗 −MR𝑖)
𝐵𝑖

s.t. C1:
𝐽

∑

𝑗=1

𝑎𝑖𝑗𝑢𝑖𝑗 ≥ MR𝑖, ∀𝑖

C2:
𝐽

∑

𝑗=1

𝑎𝑖𝑗𝑢𝑖𝑗 ≤ PR𝑖, ∀𝑖

C3:
𝐼

∑

𝑖=1

𝑎𝑖𝑗𝑢𝑖𝑗 ≤ 𝐶𝑗, ∀𝑗

C4: 𝑎𝑖𝑗 ∈ {0, 1} , ∀𝑖, 𝑗,

(2)

where a with element 𝑎𝑖𝑗 and u with element 𝑢𝑖𝑗 are the
network access index and rate allocation strategy. C1 and C2
are the service rate constraints and C3 denotes the network
capacity constraint. The allocation problem is a mixed com-
binatorial optimization problem, which is complex to solve.
For simplicity, we develop an iterative algorithm to solve it.

Each iteration consists of the two substeps: First, users of
different services access their most suitable networks based
on the service requirements. Second, after users access, the
rate allocation of different networks to different user services
is determined.

3.2. Step 1: “Adaptability Ratio” Based Network Access. In
Step 1, we want to determine the network access of different
user services to different RATs. Since different networks have
different performances in terms of latency, bandwidth, rate,
and so forth, different services will have different access pri-
orities for different networks considering these performance
factors. Hence, we introduce an “adaptability ratio” concept
to measure the adaptability of different services to different
networks.

Since there aremultiple performance factors to be consid-
ered in a certain network, we want to give a comprehensive
evaluation on these factors to obtain an efficient access
strategy. Therefore, we adopt GRA method to calculate
the adaptability ratios. GRA is proved to be an efficient
methodology formulticriteria evaluation [16].GRAcanmake
a fast decision with comparatively low complexity when there
are multiple factors to be considered. In addition, GRA can
minimize the influence of subjective factors and make a
comprehensive decision through comparing and evaluating
the multiple factors.

Adaptability ratio 𝜂𝑖𝑗, which shows the adaptability of 𝑗th
RAN to 𝑖th service, is defined as a real number in the range of
[0, 1]. The greater 𝜂𝑖𝑗 is, the more suitable the network is for
the transmission of the service traffic. And the calculations
can be performed in the following 5 steps [16]:

(1) Classify the networks parameters by two situations
(the-smaller-the-better, the-larger-the-better).

(2) Define the upper and lower bounds of the parameters.
(3) Normalize the parameters.
(4) Calculate the GRC (Grey Relational Coefficient).
(5) Normalize the GRC and obtain the adaptability ratio.

The RAN parameters we consider include the-smaller-
the-better (latency, jitter, etc.) and the-larger-the-better
(bandwidth, capacity, etc.) parameters. As for each RAN 𝑗,
there are 𝐾 performance parameters and 𝑤𝑗,𝑘 represents the
performance value of the 𝑘th parameter for the 𝑗th RAN.
We define 𝑈𝑘 and 𝐿𝑘 as the upper and lower bound for the
𝑘th parameter, respectively. The normalization formulas for
the-smaller-the-better parameters and the-larger-the-better
parameters are 𝑤𝑗,𝑘

∗
= (𝑈𝑘 − 𝑤𝑗,𝑘)/(𝑈𝑘 − 𝐿𝑘) and 𝑤𝑗,𝑘

∗
=

(𝑤𝑗,𝑘 − 𝐿𝑘)/(𝑈𝑘 − 𝐿𝑘), respectively.
For every RAN 𝑗, the normalized parameters can be

written in a vector 𝑤𝑗
∗

= [𝑤𝑗,1
∗
, 𝑤𝑗,2
∗
, . . . , 𝑤𝑗,𝐾

∗
]. And the

GRC can be obtained as [16]

GRC𝑖𝑗 =
1

∑
𝐾
𝑘=1 𝜀𝑖,𝑘


𝑤∗
𝑗,𝑘

− 1

+ 1

. (3)

Here 𝜀𝑖,𝑘 represents the preference coefficient of the 𝑖th
service to the 𝑘th parameter, which can be determined by
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the characteristics of the service type.Themore the emphasis
the 𝑖th service put on the 𝑘th parameter is, the larger 𝜀𝑖,𝑘 will
be [16]. We can put GRC𝑖𝑗 in a matrix, which has 𝐼 rows
and 𝐽 lines. It is obvious that GRC𝑖𝑗 ∈ (0, 1] and the most
approximate RAN for 𝑖th service has the biggest GRC𝑖𝑗 value
in the 𝑖th row. As for each service 𝑖, the adaptability ratio can
be obtained via normalizing the GRC𝑖𝑗 by the biggest value in
each row

𝜂𝑖𝑗 =
GRC𝑖𝑗

max𝑗GRC𝑖𝑗
. (4)

Using (4), we can solve the network access index, which
is shown in Algorithm 1, lines (3)–(8). The idea is very
straightforward: each service tends to obtain resources from
the network with highest 𝜂𝑖𝑗 from the available resources in
the VRP. Hence, the network with the best adaptability ratio
is selected for each service.

3.3. Step 2: Rate Allocation. Given 𝑎𝑖𝑗, we can transform the
original problem into an equivalent concave optimization
problem and obtain the optimal rate allocation 𝑢𝑖𝑗 by the
Lagrange dual approach. Based on log-function properties,
the objectives in (2) can be transformed to log-form with the
problem formulated as

max
u

𝐼

∑

𝑖=1

𝐵𝑖 ln (𝑢𝑖𝑗 −MR𝑖)

s.t. MR𝑖 ≤ 𝑢𝑖𝑗 ≤ PR𝑖, 𝑖 ∈ {1, 2, . . . , 𝐼}

𝐼

∑

𝑖=1

𝑎𝑖𝑗𝑢𝑖𝑗 ≤ 𝐶𝑗, 𝑗 ∈ {1, 2, . . . , 𝐽} .

(5)

Since the transformed problem is convex, the optimal
solution can be obtained by solving the Karush-Kuhn-Tucker
(KKT) conditions. By introducing 𝜆𝑖, ]𝑖, and 𝜏𝑗 as Lagrange
multipliers, we can obtain the following Lagrangian function:

𝐿 (𝑢𝑖𝑗, 𝜆𝑖, ]𝑖, 𝜏𝑗) =

𝐼

∑

𝑖=1

𝐵𝑖 ln (𝑢𝑖𝑗 −MR𝑖)

−

𝐼

∑

𝑖=1

𝜆𝑖 (MR𝑖 − 𝑢𝑖𝑗)

−

𝐼

∑

𝑖=1

]𝑖 (𝑢𝑖𝑗 − PR𝑖)

−

𝐽

∑

𝑗=1

𝜏𝑗(

𝐼

∑

𝑖=1

𝑎𝑖𝑗𝑢𝑖𝑗 − 𝐶𝑗) .

(6)

And the KKT conditions of (5) can be therefore written
as

𝜕𝐿

𝜕𝑢𝑖𝑗

= 0, ∀𝑖 ∈ {1, 2, . . . , 𝐼} ,

𝜆𝑖 (MR𝑖 − 𝑢𝑖𝑗) = 0, ∀𝑖 ∈ {1, 2, . . . , 𝐼} ,

]𝑖 (𝑢𝑖 − PR𝑖) = 0, ∀𝑖 ∈ {1, 2, . . . , 𝐼} ,

𝜏𝑗(

𝐼

∑

𝑖=1

𝑎𝑖𝑗𝑢𝑖𝑗 − 𝐶𝑗) = 0, ∀𝑗 ∈ {1, 2, . . . , 𝐽} .

(7)

Under the assumption∑
𝐼
𝑖=1 𝑎𝑖𝑗MR𝑖 ≤ 𝐶𝑗, we observe that

constraints 𝑢𝑖𝑗 > MR𝑖 are nonactive and hence 𝜆𝑖 = 0.
Furthermore, ]𝑖 = 0 if 𝑢𝑖𝑗 < PR𝑖 and 𝑢𝑖𝑗 = PR𝑖 otherwise.
Based on the above analysis and KKT conditions in (7), we
can derive that

𝜕𝐿

𝜕𝑢𝑖𝑗

=
𝐵𝑖

𝑢𝑖𝑗 −MR𝑖
+ 𝜆𝑖 − ]𝑖 −

𝐽

∑

𝑗=1

𝑎𝑖𝑗𝜏𝑗 = 0 ⇒

𝑢𝑖𝑗 = MR𝑖 +
𝐵𝑖

∑
𝐽
𝑗=1 𝑎𝑖𝑗𝜏𝑗

.

(8)

And then we have
𝐼

∑

𝑖=1

𝑎𝑖𝑗𝑢𝑖𝑗 − 𝐶𝑗 = 0, ∀𝑗 ∈ {1, 2, . . . , 𝐽} . (9)

By substituting (8) into (9), we obtain

𝐼

∑

𝑖=1

𝑎𝑖𝑗(MR𝑖 +
𝐵𝑖

∑
𝐽
𝑗=1 𝑎𝑖𝑗𝜏𝑗

) − 𝐶𝑗 = 0,

∀𝑗 ∈ {1, 2, . . . , 𝐽} .

(10)

It can be observed that (10) is an equation set where 𝜏𝑗 can
be uniquely determined for arbitrary 𝑗. Finally the optimal
solution can be expressed as

𝑢𝑖𝑗 = MR𝑖 +min(PR𝑖 −MR𝑖,
𝐵𝑖

∑
𝐽
𝑗=1 𝑎𝑖𝑗𝜏𝑗

) . (11)

3.4. The Proposed Resource Allocation Algorithm. So far, we
have solved the resource allocation problem in (1). However,
we argue that the solutions obtained by the proposed steps are
not optimal.This is because, in Step 1, each service is assumed
to access only one network with the best adaptability ratio.
In fact, the unsatisfied services will continue to access other
networks even if they have comparatively lower adaptability
ratios. Hence, we propose an iterative algorithm where the
two-step bargain solutions are iteratively computed to obtain
the optimal resource allocation results. The optimal results
guarantee that one service can transmit through multiple
RATs and one RAT can serve multiple services simultane-
ously. The algorithm pseudocode is given in Algorithm 1.
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(1) Initialize 𝑢𝑖𝑗, 𝑎𝑖𝑗 = 0, ∀𝑖 ∈ {1, . . . , 𝐼}, 𝑗 ∈ {1, . . . , 𝐽}

(2) repeat
(3) Step 1:
(4) for 𝑖 = 1 : 𝐼 do
(5) if 𝑢𝑖 < 𝐵𝑖 then
(6) 𝑗 = {𝑗 | max{𝜂𝑖𝑗, ∀𝑗} ∧ 𝐶𝑗 ̸= 0 ∧ 𝐵𝑗 ̸= 0}, 𝑎𝑖𝑗 = 1

(7) end if
(8) end for
(9) Step 2:
(10) Solve 𝑢𝑖𝑗 as in (11)
(11) ∀𝑖, 𝑗, update 𝐵𝑖 = [𝐵𝑖 − 𝑢𝑖𝑗]

+,
MR𝑖 = [MR𝑖 − 𝑢𝑖𝑗]

+, PR𝑖 = [PR𝑖 − 𝑢𝑖𝑗]
+,

𝐶𝑗 = [𝐶𝑗 − ∑
𝐼
𝑖=1 𝑎𝑖𝑗𝑢𝑖𝑗]

+, 𝑎𝑖𝑗 = 0

(12) until (𝐵𝑖 = 0, ∀𝑖) ∨ (𝐶𝑗 = 0, ∀𝑗)

Algorithm 1: Iterative bargaining algorithm.

As for each iteration, the algorithm executes the proposed
two steps. Step 1 corresponds to lines (4)–(8), where 𝑎𝑖𝑗
is calculated based on the “adaptability ratios” 𝜂𝑖𝑗. Step 2
corresponds to line (10), where the rate allocation is calcu-
lated based on the Nash bargaining solution. Finally, service
satisfaction and resource usage should be updated, as in
line (11). And this information will be utilized to generate
the resource allocation results in the next iteration. This
guarantees that, in the subsequent bargaining procedures, the
services which have been allocated resources will lower their
priorities, and occupied resources will be no longer available.
The algorithmwill be terminated when either the services are
fully satisfied or the resources are completely used up. Note
that [𝑥]+ denotes max{0, 𝑥}.

3.5. Complexity Analysis. The algorithm complexity depends
on the total service number 𝐼 and network number 𝐽.
Consider the worst case that the service rate requests are
far greater than the network capacity, and the services have
similar access priorities to different networks. Thus, in each
iteration, the services will simultaneously access the same
network. And the algorithm will be terminated when all
networks are bargained for once. So the complexity of the
algorithm is 𝑂(𝐼𝐽).

4. Simulation Configuration

In the simulation, a square area (100m × 100m) is cocovered
by two LTE-macro-cells and twoWLAN-APs (access points),
that is, LTE-macro-cell 1, LTE-macro-cell 2, WLAN-AP 1,
and WLAN-AP 2. The specific channel conditions (path
loss, shadow, and fast-fading) for LTE and WLAN follow
the standards in [14, 17]. 60 mobile users are randomly
distributed within the area, each with a VoIP service. Among
the total users, 40 users are with data service and 30 users
are with video service. The three service types configured
by the numeric pair (MR,PR, budget) in units of Mbps are
as follows: VoIP (0.03, 0.12, 0.10), data (0.10, 0.70, 0.50), and
video (0.30, 1.50, 1.20).

Two benchmarks are given for comparison. (1) The first
one is “legacy” network setup without virtualization. In
legacy network setup,MNOsoperate isolated fromeach other
and their resources cannot be shared. Service priority is VoIP
> video > data and resource scheduler is proportionally fair.
(2) The second one is CRA (compensative resource alloca-
tion) in [11], where resources from the VRP are continuously
allocated to unsatisfied services. CRA is multiple-RAT and
multiple-service resource allocation in virtualization based
heterogeneous wireless network.

To evaluate the rate allocation fairness of the algorithm,
Jain’s fairness is introduced as 𝜓 = (∑

𝐼
𝑖=1 𝑟𝑖)
2
/(𝐼 ⋅ ∑

𝐼
𝑖=1 𝑟
2
𝑖 ) [18],

where 𝑟𝑖 = ∑
𝐽
𝑗=1 𝜂𝑖𝑗𝑢𝑖𝑗/𝐵𝑖 denotes service satisfaction in terms

of the allocated rate relative to its budget.𝜓 ∈ [0, 1] and larger
𝜓means services benefit from uniform satisfaction factor 𝑟𝑖.

To evaluate the resource utilization of the algorithm,
resource utilization index is introduced. As for each RAN 𝑗,
its resource utilization index is defined as 𝜎𝑗 = ∑

𝐼
𝑖=1 𝜂𝑖𝑗𝑢𝑖𝑗/𝐶𝑗.

And the average utilization of the 𝐽 RANs can be calculated
as 𝜎 = 𝜎𝑗∑

𝐽
𝑗=1 𝜎𝑗/𝐽.

5. Performance Analysis

5.1. Resource Allocation Results. We conduct 1000 simulation
periods (transmission periods). And Table 1 gives a snapshot
of the network parameters in a certain transmission period
(of the total 1000 transmission periods). Capacity, latency,
packet loss, and jitter are dynamic parameters. They can be
calculated based on the resource allocation and service traffic
condition of the current simulation period (assuming period
𝑛). Hence the calculated adaptability ratios are also dynamic.
Table 2 gives a snapshot of the calculated adaptability ratios
(in line with Table 1). These adaptability ratios are utilized to
generate the resource allocation in the next simulation period
(period 𝑛 + 1).

Figure 3 gives the proposed resource allocation results in
simulation period 𝑛 + 1. The allocation is determined based
on the calculated adaptability ratios (as given in Table 2) in
simulation period 𝑛. It can be observed that LTE-macro-cell is
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Figure 3: A snapshot of resource allocation results.

Table 1: A snapshot of network parameters.

Capacity Latency Packet loss Jitter
LTE-macro-cell 1 12.7Mbps 25ms 3% 4ms
LTE-macro-cell 2 10.8Mbps 65ms 1% 3ms
WLAN-AP 1 14.1Mbps 100ms 1% 3ms
WLAN-AP 2 20.5Mbps 145ms 2% 2ms

Table 2: A snapshot of calculated adaptability ratios.

Macro-cell 1 Macro-cell 2 WLAN 1 WLAN 2
VoIP 1.00 0.93 0.85 0.74
Data 0.91 0.95 1.00 0.98
Video 0.76 0.78 0.85 1.00

best for VoIP, and VoIP is totally serviced by LTE-macro-cell,
as in Figure 3. Besides, services tend to obtain more resource
chunks from RANs with better adaptability ratio.

To better understand the resource allocation algorithm,
we explain the detailed resource allocation procedure in
simulation period 𝑛 + 1 as follows (i.e., how the results in
Figure 3 are obtained). The allocation results in Figure 3
are obtained through 3 total iterations under the proposed
algorithm. In the 1st iteration, according to the calculated
“adaptability ratios” in Table 2, services access the most
suitable networks and bargain for resources according to
the derived solution in (11). Hence macro-cell 1 completely
serves VoIP, WLAN 1 completely serves data, and WLAN 2
completely serves video. Since overall VoIP rate requirements
are less than the capacity of macro-cell 1, VoIP services are
totally satisfied and will not enter the followed iterations.
Since WLAN 2 capacity is less than the overall video rate
requirements,WLAN 2 is totally subscribed to video services
andwill be unavailable in the followed iterations.The relation
betweenWLAN 1 and data is the same asWLAN 2 and video.

In the 2nd iteration, the unsatisfied services continue
to access the available networks even with the suboptimal
adaptability. Hence, data and video simultaneously access
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Figure 4: Comparison of cdf curves of the fairness index under
different resource allocation schemes.

macro-cell 2 and bargain for network resources. After that,
resources of macro-cell 2 are used up while the data and
video requirements are still unsatisfied. Similarly, in the 3rd
iteration, data and video access and bargain for resources
of macro-cell 1. After that, the algorithm is terminated
because the overall network resources are used up. Through
iterations 1–3, we can obtain the overall results of the resource
allocation, as presented in Figure 3.

5.2. Performance Comparison. Figure 4 compares the cdf
(cumulative distribution function) of the allocation fairness
index under different resource allocation schemes. Virtu-
alization based schemes (the proposed scheme and CRA)
significantly outperform the legacy network. This is because,
in legacy network setup, resources of each MNO can only be
allocated to its subscribed users. Hence redundant resources
will be wasted, deteriorating network efficiency. In addi-
tion, compared with CRA, the average resource utilization
improves 9.3% through the proposed resource allocation
algorithm.

Figure 5 compares the cdf of the resource utilization
through different resource allocation schemes. The proposed
scheme significantly outperforms CRA and legacy network.
This is because “adaptability ratios” are used to determine
efficient resource allocation, considering the influence of
multiple network parameters. In comparison, CRA only con-
sidering network capacity is not efficient enough. Unsatisfied
services cannot use the abundant resources owned by other
MNOs.

Furthermore, to verify the feasibility of the proposed
algorithm, we conduct the simulation by changing the rate
requirement of video service.

5.3. Dynamic Video Service. Figure 6 demonstrates the rate
allocation of different services as video service requirement
varies. Before point 1, the network capacity is adequate
to meet services’ requirement. Afterwards, the network
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Figure 5: Comparison of cdf curves of the resource utilization under
different resource allocation schemes.
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Figure 6: Service rate allocation of the proposed algorithm as the
budget of video service varies.

becomes congested and the capacity allocation is performed
in relation to different services’ budgets. It should be noted
that rate allocation ofVoIP remains steady due to two reasons:
First, overall VoIP’s rate requirements are less than the LTE
network capacity. Second, compared with data and video,
VoIP has higher priority. Therefore, VoIP services can be
totally satisfied by using the LTE-macro-cell resources.

Figure 7 shows the fairness index under different allo-
cation schemes as video service requirement varies. As
requirement of video service increases, the gap between the
total service requirement and network capacity increases.
Hence the fairness index decreases. The proposed scheme
achieves the best fairness index by taking advantage of
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Figure 7: Comparison of fairness indexes as the budget of video
service varies.
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Figure 8: Evaluation of resource utilization as the budget of video
service varies.

the centralized RAT processing and optimized allocation
according to different network-service adaptability ratios.

Figure 8 shows the resource utilization under different
allocation schemes as video service requirement varies. At
first, the total network capacities are greater than total service
requirements, which leaves redundant network capacities
unoccupied. As the service requirement increases, the unoc-
cupied capacities are utilized, and therefore the network
resource utilization is increased. Note that the legacy scheme
converges faster to stability because the video service is
subscribed to one single network. Capacities from the other
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network(s) cannot be utilized even when the resources of the
subscribed network are used up, hence limiting the resource
utilization.

6. Conclusions

Wireless network virtualization is promising to solve the
ossification of today’s mobile network setup. This paper
proposes a generalized virtualization framework for het-
erogeneous wireless network. The “VMAC” concept and
VMAC data plane and control plane functions are devised to
achieve virtualization over heterogeneous wireless networks.
Furthermore, a resource allocation strategy is devised to
suit the virtualization framework. “Adaptability ratios” are
introduced to model network suitability to different services.
Combining “adaptability ratios” with Nash bargaining, an
iterative resource allocation algorithm is devised. Through
simulation, the advantages of the proposed algorithm are
validated.
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We study the coordinated precoding problem for device-to-device (D2D) communications underlay multiple-input multiple-
output (MIMO) cellular networks. The system model considered here constitutes multiple D2D user pairs attempting to share
the uplink radio resources of a cellular network. We first formulate the coordinated precoding problem for the D2D user pairs as a
sum-ratemaximization (SRM) problem, which is subject to a total interference power constraint imposed to protect the base station
(BS) and individual transmit power budgets available for each D2D user pair. Since the formulated SRM problem is nonconvex in
general, we reformulate it as a difference convex- (DC-) type programming problem, which can be iteratively solved by employing
the famous successive convex approximation (SCA) method. Moreover, a proximal-point-based regularization approach is also
pursued here to ensure the convergence of the proposed algorithm. Interestingly, the centralized precoding algorithm can also
lend itself to a distributed implementation. By introducing a price-based interference management mechanism, we reformulate the
coordinated precoding problem as a Stackelberg game.Then, a distributed precoding algorithm is developed based on the concept
of Stackelberg equilibrium (SE). Finally, numerical simulations are also provided to demonstrate the proposed algorithms. Results
show that our algorithms can converge fast to a satisfactory solution with guaranteed convergence.

1. Introduction

Recently, device-to-device (D2D) communications underlay
cellular networks have received much attention due to their
potential power to provide higher data rates and larger system
capacity to meet the overwhelming demands of “Big Data”
age [1, 2]. D2D communication in cellular networks is defined
as direct communication between two mobile users and is
likely to be a promising paradigm for the next generation
cellular technologies (i.e., 5G). Introducing D2D communi-
cation in cellular networks will dramatically improve spec-
trum utilization, network throughput, and energy efficiency,
while facilitating new peer-to-peer and location-based social
networking applications at the same time. However, enabling
the D2D communication mode in the traditional cellular
networkswill also bringmany challenges to the long-standing
cellular architectures; the main ones among them are radio
resource allocation and interference management [3–5].

Through taking the advantage offered by multiple-input
multiple-output (MIMO) technologies, the D2D user pairs

and the regular cellular users can cooperate in the same time-
frequency resource block, while keeping the interference
between them to a tolerable level [5–8]. For example, the
authors in [5] considered the resource allocation problem
for D2D communications underlayMIMO cellular networks.
With a goal tomaximize the achievable sum-rate, they exploit
the MIMO transmission advantages, that is, through joint
beamforming and power control, to allocate the available
radio resources and control the interference at the same time.
Paper [8] utilizes the spatial freedom offered by MIMO to
avoid interference from cellular downlink transmission to
the underlay D2D users, with the aim of guaranteeing the
D2D communication performance. As the works done in
[9, 10], this issue has also been studied from a game-theoretic
perspective for a distributed implementation. However, the
coordinated precoding problem to allocate the available
cellular radio resource to the D2D user pairs for the general
case, that is, all nodes considered in the system employing
multiple antennas, is of huge nonconvex complexity and
deemed as extremely challenging, especially when the social
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performance criteria, such as the achievable sum-rate and the
total mean square error (MSE), are considered.

A common model for studying the coordinated precod-
ing problem for D2D communications underlaying MIMO
cellular networks is the MIMO interference channel (IFC),
where multiple transmitters simultaneously communicate
with their respective receivers over a common frequency
band [11–15]. Coordinated precoding for theMIMO IFCs has
been recognized as a promising approach to improving the
system performance. According to the level of cooperation,
the coordinated precoding problems can be roughly classified
into two categories, that is, MIMO cooperation and inter-
ference coordination. In the MIMO cooperation case, the
transmitters cooperate in data transmission by sharing all the
channel state information (CSI) and data signals. However, in
the interference coordination case, the transmitters only need
to coordinate in the transmission strategies for mitigating the
interchannel interference. Compared with MIMO coopera-
tion, interference coordination scheme requires the CSIs to
be shared only and hence induces less information exchanges
among the transmitters.

In this paper, we keep a focus on the coordinated pre-
coding problem for D2D communications underlay uplink
MIMO cellular networks, where an interference coordina-
tion scheme is adopted. The system model considered here
consists of multiple D2D user pairs attempting to share
the uplink radio resources of a cellular network, where all
modes are assumed to be equipped with multiple antennas.
The coordinated precoding problem for such a system is
formulated as a sum-rate maximization (SRM) problem
subject to individual transmit power constraints. At the same
time, since the base station (BS) has the power to control all
D2Duser pairs, thus amaximum tolerable interference power
constraint is further imposed to protect the signal received
by itself. Hence, the SRM problem for the proposed system is
subject to both individual transmit power constraints and a
coupling interference power constraint.

Since the formulated SRM problem is nonconvex in
general, we equivalently reformulate it as a difference convex-
(DC-) type programming problem, which can be iteratively
solved by employing a successive convex approximation
(SCA)method [16, 17].With the SCAmethod, the nonconvex
part of the SRM problem is locally linearized to its first-
order Taylor expansion. Thus, relying on solving a series
of convexified optimization problems, a centralized iterative
precoding algorithm is developed. In addition, a proximal-
point-based regularization is also pursued in this work to
ensure the convergence of the proposed algorithm without
requiring any special restrictions on antenna configurations
and the channel ranks. Interestingly, the centralized iterative
precoding algorithm is naturally suitable for a distributed
implementation, because the convexified problem has a
separable objective function. Then, by introducing a price-
based interference management mechanism to overcome
the coupling interference power constraint, we reformulate
the coordinated precoding problem as a Stackelberg game
[18–21]. Then, a distributed precoding algorithm is further
developed based on the concept of Stackelberg equilibrium
(SE).Numerical simulations are also provided to demonstrate

the proposed algorithms. Results show that our algorithms
can converge fast to a satisfactory solution with guaranteed
convergence. In summary, main contributions of the present
paper can be listed as follows:

(i) A coordinated precoding framework is established
for theD2D communications underlay uplinkMIMO
cellular networks. Moreover, the coordinated precod-
ing problem is formulated as a SRM problem, about
which the compute complexity is analyzed.

(ii) Based on the SCA method, a centralized iterative
precoding algorithm is developed relying on solving a
series of convexified optimization problems. In addi-
tion, a proximal-point-based regularized approach
is also pursued to ensure the convergence of the
proposed algorithm without requiring any special
restrictions on antenna configurations and the chan-
nel ranks.

(iii) By the aid of the price-based interference manage-
ment mechanism to overcome the coupling inter-
ference power constraint, we reformulate the coor-
dinated precoding problem as a Stackelberg game.
Then, a distributed precoding algorithm is further
developed based on the concept of SE.

(iv) Numerical simulations are also provided to demon-
strate the proposed algorithms. Results show that the
proposed algorithms can converge fast to a satisfac-
tory solution with guaranteed convergence.

The rest of this paper is organized as follows: in Section 2,
we introduce the systemmodel and formulate the SRM prob-
lem; in Section 3, a centralized iterative precoding algorithm
is developed; and a distributed precoding algorithm is also
designed in Section 4; in Section 5, we evaluate the proposed
algorithms via computer simulations; the present paper is
concluded in Section 6.

Notations. Bold uppercase letters denote matrices and bold
lowercase letters denote vectors;C𝑚×𝑛 defines the space of all
𝑚×𝑛 complexmatrices;A ⪰ 0means thatmatrixA is positive
semidefinite; Hermitian transpose of matrixA is represented
as A𝐻; |A|, ‖A‖𝐹, and Tr(A) mean the determinant, the
Frobenius norm, and the trace of matrix A, respectively; and
log(⋅) denotes the natural logarithm.

2. System Model and Problem Statement

In this section, we first provide the system model and then
formulate the coordinated precoding problem as a SRM
problem, about which the compute complexity is analyzed.

2.1. System Model. In this work, we study the coordinated
precoding problem for the D2D communications underlay
uplink MIMO cellular networks. As shown in Figure 1, the
system model considered here consists of 𝑘 D2D user pairs
attempting to share the uplink radio resources of a cellular BS.
For simplicity, we assume that only one BS coexists with the
D2D user pairs. However, this model can be easily extended
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Figure 1: System model of 𝑘 D2D user pairs underlaying uplink
MIMO cellular networks.

to the scenarios where multiple BSs are present. We also
assume each D2D user pair 𝑖 is comprised of a secondary
transmitter (ST𝑖) and an intended secondary receiver (SR𝑖),
where 𝑖 ∈ K and the set of all D2D user pairs is defined
as K = {1, 2, . . . , 𝑘}. As mentioned before, a general case
where all nodes in the proposed system are equipped with
multiple antennas is considered. Specifically, it is assumed
that the BS is equippedwith𝑀0 antennas, andD2Duser pair 𝑖
is equipped with𝑀𝑖 antennas at the receiver and𝑁𝑖 antennas
at the transmitter. In addition, a quasi-static frequency-flat
fading environment for all communication links is assumed.

We further assume that x𝑗 ∈ C𝑁𝑗 , ∀𝑗 ∈ K, is the complex
transmit signal of ST𝑗. Then, the signal received at SR𝑖 can be
expressed as

y𝑖 =
𝑘

∑

𝑗=1

H𝑗𝑖x𝑗 + n𝑖, ∀𝑖 ∈ K, (1)

where y𝑖 ∈ C𝑀𝑖 denotes the received signal at SR𝑖, n𝑖 ∈

C𝑀𝑖 denotes the received additive noise plus the intercell
interference from regular cellular users at SR𝑖, and H𝑗𝑖 ∈

C𝑀𝑖×𝑁𝑗 denotes the complex channel matrix from ST𝑗 to SR𝑖.
Then, the achievable data rate of the 𝑖th D2D user pair can be
given as follows:

𝑅𝑖 (Q) = log H𝑖𝑖Q𝑖H
𝐻
𝑖𝑖 + Z𝑖


− log Z𝑖

 , ∀𝑖 ∈ K, (2)

whereQ denotes the strategy profile of all D2D user pairs and
is defined asQ = {Q𝑖}

𝑘
𝑖=1 andZ𝑖 is the covariancematrix of the

additive noise plus all interference at SR𝑖, which is denoted as

Z𝑖 =
𝑘

∑

𝑗=1, 𝑗 ̸=𝑖

H𝑗𝑖Q𝑗H
𝐻
𝑗𝑖 + N𝑖, (3)

with N𝑖 being the covariance matrix of the additive noise
plus the intercell interference at SR𝑖 and being defined as
N𝑖 = E{n𝑖n

ℎ
𝑖 }. Then, the achievable sum-rate of the 𝑘 D2D

user pairs can be given as

𝑅 (Q) =

𝑘

∑

𝑖=1

𝑅𝑖 (Q) . (4)

Since the BS has power to control all D2D user pairs, a
maximum tolerable interference power constraint is imposed
to protect the signal received by itself. And this coupling
interference power constraint can be specifically written as

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇, (5)

where 𝑇 > 0 is a predefined maximum interference
temperature threshold, and H𝑖0 ∈ C𝑀0×𝑁𝑖 is the complex
channel matrix from ST𝑖 to the BS.

2.2. Problem Formulation. Then, the SRM problem for opti-
mally coordinated precoding for the 𝑘D2D user pairs can be
formulated as

(P1): max
Q

𝑅 (Q)

s.t. Tr (Q𝑖) ≤ 𝑃𝑖, Q𝑖 ⪰ 0, ∀𝑖 ∈ K,

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇,

(6)

where 𝑃𝑖 > 0 is the maximum transmit power constraint
of ST𝑖. However, such a SRM problem is notoriously non-
convex and pretty hard to solve. Generally speaking, finding
the global optimal strategy profile Q∗ for problem (P1) is
intractable according to the following lemma.

Lemma 1. Finding the global optimal strategy profile Q∗ for
problem (P1) is strongly NP-hard.

Proof. If we remove the coupling interference power con-
straint of problem (P1) and further assume that both the
transmitter and the receiver of each D2D user pair employ
only one antenna, then problem (P1) can be reduced to a
relative “simpler” power control problem, which is stated as
follows:

(P0): max
p

∑

𝑖∈K

log(1 +
𝑝𝑖

𝛾𝑖 + ∑𝑗 ̸=𝑖 𝛼𝑗𝑖𝑝𝑗

)

s.t. 0 ≤ 𝑝𝑖 ≤ 𝑃𝑖,

(7)

where p = {𝑝𝑖}
𝑘
𝑖=1 denotes the power strategy profile of all

D2D user pairs, ℎ𝑗𝑖 is the complex channel gain from ST𝑗 to
SR𝑖, ∀𝑗, 𝑖 ∈ K, and the parameters 𝛾𝑖 and 𝛼𝑗𝑖 are defined as

𝛾𝑖 =
𝜎
2
𝑖

ℎ𝑖𝑖

2
,

𝛼𝑗𝑖 =


ℎ𝑗𝑖



2

ℎ𝑖𝑖

2
,

(8)

with 𝜎
2
𝑖 being the noise power level at SR𝑖.

It is already known that the power control problem (P0)
is strongly NP-hard according to [11], and the proof is based
on a polynomial time transformation from the maximum
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independent set problem [13] (which is known to be NP-
complete). Thus, the SRM problem (P1), as a general case of
problem (P0), is also strongly NP-hard.

It is worth noting Lemma 1 roots in a well-known NP-
hardness result on the power control and precoder design
problem for the interfering networks.

In the next section, we will reformulate problem (P1) as
a DC-type programming problem, which can be iteratively
solved by employing a SCA method.

3. Centralized Precoding Algorithm

In this section, a centralized iterative precoding algorithm is
developed based on the SCA method to solve problem (P1),
and a proximal-point-based regularization approach is also
pursued to ensure the convergence.

3.1. Algorithm Design. In order to facilitate the derivations in
the following, we reformulate the achievable sum-rate 𝑅(Q)

of the 𝑘 D2D user pairs as follows:

𝑅 (Q) = 𝜙 (Q) − 𝜑 (Q) , (9)

where the function 𝜙(Q) is defined as

𝜙 (Q) =

𝑘

∑

𝑖=1

log H𝑖𝑖Q𝑖H
𝐻
𝑖𝑖 + Z𝑖


, (10)

and the function 𝜑(Q) is given by

𝜑 (Q) =

𝑘

∑

𝑖=1

log Z𝑖
 . (11)

Obviously, both 𝜙(Q) and 𝜑(Q) are concave over Q. Hence,
the objective function𝑅(Q) is naturally of DC form, and thus
problem (P1) constitutes a DC-type programming problem.
Such a problem can be iteratively solved by locally linearizing
𝜑(Q) to an affine function, which is detailed as follows.

According to [23], the first-order differential of the
function 𝜑(Q) can be calculated as

𝑑𝜑 (Q) =

𝑘

∑

𝑖=1

[

[

𝑘

∑

𝑗 ̸=𝑖

Tr (H𝐻𝑗𝑖Z
−1
𝑖 H𝑗𝑖𝑑Q𝑗)]

]

=

𝑘

∑

𝑗=1

Tr[

[

𝑘

∑

𝑖 ̸=𝑗

(H𝐻𝑗𝑖Z
−1
𝑖 H𝑗𝑖) 𝑑Q𝑗]

]

=

𝑘

∑

𝑗=1

Tr (D𝑗𝑑Q𝑗) ,

(12)

whereD𝑗 is computed as

D𝑗 =
𝑘

∑

𝑖=1, 𝑖 ̸=𝑗

H𝐻𝑗𝑖 (Z𝑖)
−1H𝑗𝑖. (13)

Therefore, around a given strategy profile QV, the concave
function 𝜑(Q) can be locally linearized to

𝜑 (Q) ≅ 𝜑 (QV
) +

𝑘

∑

𝑗=1

Tr [DV
𝑗 (Q𝑗 −QV

𝑗)] , (14)

whereDV
𝑗 is computed as

DV
𝑗 =

𝑘

∑

𝑖=1, 𝑖 ̸=𝑗

H𝐻𝑗𝑖 (Z
V
𝑖 )
−1H𝑗𝑖, (15)

with ZV
𝑖 being calculated as

ZV
𝑖 =

𝑘

∑

𝑗=1, 𝑗 ̸=𝑖

H𝑗𝑖Q
V
𝑗H
𝐻
𝑗𝑖 + N𝑖, (16)

from the given strategy profileQV.
Then, for a given strategy profile QV, the local optimal

strategy profile Q∗ can be obtained by solving the following
convex optimization problem [24]:

(P2): max
Q

𝜙 (Q) −

𝑘

∑

𝑖=1

Tr (DV
𝑖Q𝑖)

s.t. Tr (Q𝑖) ≤ 𝑃𝑖, Q𝑖 ⪰ 0, ∀𝑖 ∈ K,

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇,

(17)

where the constant terms in the objective function have been
discarded. Note that the convexity of problem (P2) is built on
the assumption that all channel matrices have full row ranks.

Therefore, with the given strategy profile QV obtained in
the 𝑛th iteration, problem (P2) can be solved by a standard
convex programming algorithm in the (𝑛 + 1)th iteration.
Thus, the nonconvex problem (P1) can be iteratively solved
through successive convex programming of problem (P2),
for example, with CVX solver [22]. Then, relying on solving
series of convexified problems, that is, problem (P2), a
centralized iterative precoding algorithm for solving problem
(P1) can be developed, which is formally summarized as
Algorithm 1.

3.2. Convergence Analysis. Since problem (P1) is generally
nonconvex, the convergence behavior of Algorithm 1 with
local convex approximation has to be analytically established
in the following theorem.

Theorem 2. Suppose that problem (P2) is strictly convex over
Q; then from any feasible point QV, Algorithm 1 will always
converge to maxima to problem (P1) by iteratively solving the
problem (P2).

Proof. Since the function 𝜑(Q) is concave over Q, its first-
order Taylor expansion around any feasible point is always
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(1) initially setH𝑖𝑗,H𝑖0, 𝑃𝑖, ∀𝑖, 𝑗 ∈ K, 𝑇,QV, and V = 0.
(2) repeat
(3) compute ZV

𝑖 , 𝑖 ∈ K with QV, and computeDV
𝑗 , 𝑗 ∈ K with ZV

𝑖 .
(4) computeQ∗ by solving problem (P2) with CVX solver [22].
(5) update V = V + 1, and updateQV withQ∗.
(6) compute 𝑅

V
= 𝑅(QV

) according to (4).
(7) until the termination criteria is satisfied.
(8) return 𝑅

V and QV.

Algorithm 1: Centralized precoding algorithm for solving problem (P1).

larger than itself. This is to say that we can always have the
following inequality:

𝜑 (Q) ≤ 𝜑 (QV
) +

𝑘

∑

𝑗=1

Tr [DV
𝑗 (Q𝑗 −QV

𝑗)] (18)

for any feasible given strategy profile QV. Then, it can be
concluded that the following inequality

𝑅 (Q) ≥ 𝜙 (Q) − 𝜑 (QV
) −

𝑘

∑

𝑗=1

{Tr [DV
𝑗 (Q𝑗 −QV

𝑗)]} (19)

for any given strategy profile QV always holds. Thus, it can
be concluded that the series values 𝑅

V, defined in Algo-
rithm 1, obtained by employing Algorithm 1 are always upper
bounded by

𝑅
V
≤ 𝑅 (Q∗) , (20)

where Q∗ is the maxima of 𝑅(Q) under the given transmit
power constraints and the given interference power con-
straint.

On the other hand, since problem (P2) is supposed to
be strictly convex, the series values 𝑅

V cannot be decreased
during the iterations. Hence, the convergence of the pro-
posed iterative precoding algorithm, that is, Algorithm 1,
is thus guaranteed, because a monotonically nondecreasing
sequence that is upper bounded always converges.

At the same time, it can also conclude that theremust exist
a limit point of the strategy profile sequenceQV generated by
employing Algorithm 1, and the limit point must constitute a
stationary point of problem (P2). Since a stationary point of
problem (P2) is also maxima of problem (P1), thus the limit
point generated by employing Algorithm 1 must constitute a
maxima solution to problem (P1).

Therefore, it can be concluded that Algorithm 1 will
always converge to a maxima solution to problem (P1) under
the condition that problem (P2) is strictly convex overQ.

According toTheorem2, it can be concluded that the con-
vergence of Algorithm 1 is established on the strict convexity
of problem (P2). However, such a condition is not always
satisfied, especially when the MIMO channels are spatially
correlated. Therefore, a proximal-point-based regularization
approach is pursued in the next subsection to ensure the
convergence without requiring any special restrictions on the
antenna configurations and also the channel ranks.

3.3. Regularized Approximation. The basic idea of the
proximal-point-based regularization consists in penalizing
the objective function of problem (P2) using a quadratic
regularization term, and thus we can have the following
convex optimization problem:

(P3): max
Q

𝜙 (Q) −

𝑘

∑

𝑖=1

[Tr (DV
𝑖Q𝑖) + 𝜏

Q𝑖 −QV
𝑖

2

𝐹]

s.t. Tr (Q𝑖) ≤ 𝑃𝑖, Q𝑖 ⪰ 0, ∀𝑖 ∈ K,

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇,

(21)

where 𝜏 > 0 is a small value to force Q to stay “close” to
QV. According to the convexity of the Frobenius norm, the
strict convexity of problem (P3) can be guaranteed with 𝜏 >

0 without requiring any special restrictions on the antenna
configurations and the channel ranks.

The iterative precoding scheme with proximal-point-
based regularization can also be given as Algorithm 1, just
with problem (P3) replacing problem (P2). In order to avoid
the ambiguity, the proximal-point-based iterative precoding
algorithm will be hereafter referred to as Algorithm 1(P).The
convergence behavior of the resultant precoding scheme is
analyzed in the following theorem.

Theorem 3. Without requiring any special restrictions on the
antenna configurations and the channel ranks, Algorithm 1(P)
will always converge to a maxima solution to problem (P1) by
iteratively solving problem (P3).

Proof. Because 𝜏‖Q𝑖 −QV
𝑖 ‖
2
𝐹, 𝜏 > 0 is strictly convex overQ𝑖,

the strict convexity of problem (P3) is thus established for any
possible antenna configurations and the channel ranks.Then,
according to the analysis of Algorithm 1 in Theorem 2, it can
be concluded that the convergence of Algorithm 1(P) is also
guaranteed.

Suppose QV is the strategy profile sequence generated
by employing Algorithm 1(P); according to the analysis of
Theorem 2, it can be concluded that the limit point of the
sequence QV constitutes a stationary point of problem (P3).
At the same time, we have

lim
𝑛→∞


QV+1

−QV

2

𝐹
= 0, (22)
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which implies that the limit point of QV also constitutes a
stationary point of problem (P2), because regularization term
𝜏‖Q𝑖 − QV

𝑖 ‖
2
𝐹, ∀𝑖, is equal to zero at the limit point. Thus,

the limit point of QV must constitute a feasible solution to
problem (P1) as employing Algorithm 1.

Therefore, it can be concluded that Algorithm 1(P) always
converges to a maxima solution to problem (P1).

According to Theorem 3, it can be concluded that Algo-
rithm 1(P) always converges to a feasible solution to problem
(P1) for any possible antenna configurations and the channel
ranks. However, the price to pay is that a possibly slower
convergence rate is common to the proximal-point-based
approximation algorithm.

Thus, the coordinated precoding problem for the D2D
user pairs has been solved in a centralized iterative precoding
fashion. However, as indicated bymanyworks, high signaling
communication cost is always associated with the centralized
algorithm. To alleviate the signaling communication cost, a
distributed precoding algorithm is often more desirable in
practice. Fortunately, such a centralized precoding algorithm
can also lend itself to a distributed implementation, which
will be introduced in the next section.

4. Distributed Precoding Algorithm

In this section, with the aid of a price-based interferenceman-
agement mechanism to overcome the coupling interference
power constraint, we reformulate the coordinated precoding
problem for the proposed system as a Stackelberg game,
where theBS is assumed as a leader and theD2Duser pairs are
modeled as multiple followers. Then, a distributed precoding
algorithm is further developed based on the concept of SE.

4.1. Stackelberg Game Formulation. Let us restate the cou-
pling interference power constraint imposed by the BS as
follows:

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇. (23)

As mentioned before, the maximum total interference power
threshold that the BS can tolerate is 𝑇; that is, the aggregate
interference power from all D2D user pairs cannot be larger
than 𝑇. Then, within the maximum interference power
constraint 𝑇, the BS can also make some profit by selling
the interference power quota to each D2D user pair, while
protecting itself through pricing the interference power from
each D2D user pair. Thus, the coupling interference power
constraint can be made separable, which will pave the way
for a distributed implementation.

Furthermore, the Stackelberg game model is thus applied
for this scenario, which consists of a leader and several
followers competing with each other on certain resources.
In this work, we assume the BS as the leader and the D2D
user pairs as the followers. The price-based interference
management mechanism can be detailed as follows: the
leader first imposes a price per unit of the interference
power for all followers; then, the followers can update their

transmit strategies to maximize their own utilities based on
the assigned interference power price; and in turn, the leader
can update the interference power price according to some
rule to maximize his own utility. With properly designed
utility functions for the leader and also for each follower, a
distributed precoding algorithm can thus be developed in the
framework of the Stackelberg game theory.

With the Stackelberg game model, it is easy to observe
that the leader’s objective is to maximize its own utility
obtained by selling the interference power quota to all
followers. Formally, the utility function of the leader can be
given as follows:

𝑈𝑝 (𝜇,Q) =

𝑘

∑

𝑖=1

𝜇Tr (H𝑖0Q𝑖H
𝐻
𝑖0) , (24)

where 𝜇 is the uniform interference power price imposed by
the BS, whichmeans that the interference power price is equal
for all followers. Under the imposed interference power price
imposed by the BS, the amount of interference power quota
that each D2D user pair wants to buy depends on its own will
to maximize its own utility.

Because the maximum aggregate interference power that
the BS can tolerate is limited, the BS needs to find the optimal
interference price 𝜇 in order to maximize its utility. Given
that the followers’ transmit strategies remain unchanged, the
leader’s optimal interference power price can be determined
by solving the following convex optimization problem:

(P4.1): max
𝜇>0

𝑈𝑝 (𝜇,Q)

s.t.
𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ≤ 𝑇.

(25)

Interestingly, it can be observed that the objective function
of problem (P4.1) is monotonically increased with 𝜇 under
the condition that the followers’ transmit strategies remain
unchanged. Therefore, the objective function is maximized
if and only if the interference power constraint of problem
(P4.1) is satisfied with equality. Such a nice property of
problem (P4.1) can be further explored for the following
algorithm design.

At the D2D user pairs’ side, the utility function of the 𝑖th
D2D user pair can be defined as

𝑈𝑖 (Q𝑖,Q−𝑖, 𝜇) = log H𝑖𝑖Q𝑖H
𝐻
𝑖𝑖 + ZV

𝑖



− [Tr (DV
𝑖Q𝑖) + 𝜏

Q𝑖 −QV
𝑖

2

𝐹]

− 𝜇Tr (H𝑖0Q𝑖H
𝐻
𝑖0) ,

(26)

where DV
𝑖 and ZV

𝑖 have the same meaning as defined in (15)
and (16) and Q−𝑖 is the strategy profile of all D2D user pairs
other than the 𝑖th user pair, which is defined asQ−𝑖 = {Q𝑗}

𝑘
𝑗 ̸=𝑖.

Note that eachD2D user pair’s utility function defined in (26)
comes from problem (P3), where the constant term is also
discarded.
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(1) initially setH𝑖𝑗,H𝑖0, 𝑃𝑖, ∀𝑖, 𝑗 ∈ K, 𝑇,QV, 𝜇, 𝛿, 𝜖 and V = 0.
(2) repeat
(3) compute ZV

𝑖 , 𝑖 ∈ K withQV, and computeDV
𝑗 , 𝑗 ∈ K with ZV

𝑖 .
(4) for 𝑖 = 1 : 𝑘

(5) compute Q∗𝑖 by solving problem (P4.2) with CVX solver [22].
(6) end for
(7) compute 𝑡 = ∑

𝑘
𝑖=1 Tr(H𝑖0Q𝑖H

𝐻
𝑖0 )

(8) if (𝑡 < 𝑇 − 𝜖)

(9) 𝜇 = 𝜇 − 𝛿.
(10) elseif (𝑡 > 𝑇)

(11) 𝜇 = 𝜇 + 𝛿.
(12) endif
(13) update V = V + 1, and updateQV withQ∗.
(14) compute 𝑅

V
= 𝑅(QV

) according to (4).
(15) until the termination criteria is satisfied.
(16) return 𝑅

V and QV.

Algorithm 2: Distributed precoding algorithm for solving problem (P1).

Then, under a given interference power price 𝜇 imposed
by the BS, the best-response problem for D2D user pair
𝑖, ∀𝑖 ∈ K, can be formally formulated as

(P4.2): max
Q𝑖

𝑈𝑖 (Q𝑖,Q−𝑖, 𝜇)

s.t. Tr (Q𝑖) ≤ 𝑃𝑖, Q𝑖 ⪰ 0.

(27)

Note that problem (P4.2) is convex over Q𝑖 under the
condition thatQ−𝑖 and 𝜇 remain unchanged.

Therefore, problems (P4.1) and (P4.2) together form a
Stackelberg game. The objective of this game is to find a
SE solution from which neither the leader nor the followers
have incentives to deviate. Formally, the SE for the proposed
Stackelberg game can be defined as follows.

Definition of SE. Let 𝜇∗ be a solution of problem (P4.1) and let
Q∗𝑖 be a solution of problem (P4.2) for the 𝑖th D2D user pair.
Then, the solution (𝜇

∗
,Q∗) constitutes a SE of the proposed

game if the following conditions are satisfied:

𝑈𝑝 (𝜇
∗
,Q∗) ≥ 𝑈𝑝 (𝜇,Q

∗
)

𝑈𝑖 (Q
∗
𝑖 ,Q
∗
−𝑖, 𝜇
∗
) ≥ 𝑈𝑖 (Q𝑖,Q

∗
−𝑖, 𝜇
∗
) , ∀𝑖.

(28)

Then, a distributed precoding algorithmcan be developed
based on the concept of SE solution, which will be investi-
gated in the following subsection.

4.2. Algorithm Design. Generally speaking, the SE solution
for a Stackelberg game can be obtained by finding its
subgames’ perfect Nash equilibrium (NE).

At the followers’ side, it is not difficult to see fromproblem
(P4.2) that the followers strictly compete in a noncooperative
fashion. Thus, through problem (P4.2), a noncooperative
subgame has been formulated, and the NE solution of
this subgame can be obtained as an operating point. Since
problem (P4.2) is strictly convex for each D2D user pair,
the NE solution of this subgame can be obtained by convex
programming over each D2D user pair.

At the leader’s side, since there exists only one player,
the best-response problem can be readily obtained by solving
problem (P4.1). However, it is not intended for employing
the best-response dynamic for solving problem (P4.1) at
the BS side. Instead, a better-response dynamic is preferred
here for the interference power price updating, where the
above-mentioned nice property of problem (P4.1) will be
utilized for the determination of the interference power
price.

Specifically, the SE solution for the proposed Stackelberg
game can be obtained as follows: for a given 𝜇, problem (P4.2)
for each follower is solved by a standard convex programming
algorithmbased on the best-response dynamic; then, with the
obtained best-response strategy profile Q∗ for all followers,
a better 𝜇 can be decided by resorting to the nice property
of problem (P4.1); that is, if the total interference power
constraints exceed 𝑇, then a higher price will be imposed;
otherwise, a relative lower price will be imposed; then, a
new round of competition between the D2D user pairs will
be started until a SE solution is reached. Thus, a distributed
iterative algorithm can be developed for the SE solution of the
proposed Stackelberg game, which is formally summarized
as Algorithm 2. Note that the parameter 𝜖 employed in
Algorithm 2 is a preset precision parameter to ensure a
tolerance, while 𝛿 is a step parameter for the interference
power price updating.

It can be seen that Algorithm 2 is a totally distributed
iterative precoding algorithm. At the BS’s side, the BS only
needs to measure the total received interference power, and
then a decision can be made to update the interference
power price. At the D2D user pairs’ side, each D2D user pair
only needs to know its own channel matrix and the channel
matrix from itself to the BS. Thus, the amount of signaling
information that needs to be exchanged is greatly reduced as
compared with the centralized precoding algorithm.

4.3. Stackelberg Equilibrium Analysis. In this subsection, the
property of the SE solution for the proposed game is analyzed.
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Figure 2: Convergence behavior of Algorithm 1(P).

Theorem 4. With a given interference price 𝜇, subgame
(P4.2) constitutes a potential game [25]. Moreover, the optimal
solution Q∗ of problem (P1) constitutes a Pareto optimal pure
strategy NE of subgame (P4.2) under the optimal interference
price 𝜇∗.

Proof. With a given interference price 𝜇, the total utility of all
D2D user pairs can be given as

𝑈(Q, 𝜇) =

𝑘

∑

𝑖=1

𝑈𝑖 (Q𝑖,Q−𝑖, 𝜇)

=

𝑘

∑

𝑖=1

log H𝑖𝑖Q𝑖H
𝐻
𝑖𝑖 + ZV

𝑖



−

𝑘

∑

𝑖=1

[Tr (DV
𝑖Q𝑖) + 𝜏

Q𝑖 −QV
𝑖

2

𝐹]

− 𝜇

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) .

(29)

Then, ∀𝑖 ∈ K, we have

𝑈𝑖 (Q𝑖,Q−𝑖) − 𝑈𝑖 (Q

𝑖 ,Q−𝑖)

= 𝑈 (Q𝑖,Q−𝑖) − 𝑈 (Q𝑖 ,Q−𝑖) .
(30)

This means that subgame (P4.2) is a potential game and
𝑈(Q, 𝜇) is the potential function. With the optimal inter-
ference price 𝜇

∗, the constraint of problem (P4.1) must be

satisfied with equality when theNE of game (P4.2) is reached.
That is to say,

𝑘

∑

𝑖=1

Tr (H𝑖0Q𝑖H
𝐻
𝑖0) = 𝑇 (31)

must be satisfied.
On the other hand, maxima Q∗ of problem (P1) is

reached; the interference power constraint of it must also be
satisfied with equality. This means that we also have formula
(31) withQ∗. Moreover, whenQ∗ is reached, the sum-rate of
all D2D user pairs reaches maxima. At this point, no players
can benefit by unilaterally changing their own strategy, and
such a pointQ∗ constitutes a stationary point of the following
optimization problem:

(P5): max
Q

𝑈(Q, 𝜇
∗
)

s.t. Tr (Q𝑖) ≤ 𝑃𝑖, Q𝑖 ⪰ 0, ∀𝑖 ∈ K,

(32)

which means that Q∗ constitutes a Pareto optimal pure
strategy NE of subgame (P4.2).

Based on the property analyzed in Theorem 4, it can be
concluded that Algorithm 2 is sure to converge to SE solution
of the proposed game, and the SE solution has a potential to
be a Pareto optimal solution of problem (P1).

5. Simulation Examples

In this section, the proposed algorithms are investigated via
numerical simulations.

During the simulations, it is assumed that there are 𝑘 = 3

D2D user pairs, and the number of antennas employed by all
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Figure 3: Convergence behavior of Algorithm 2.

STs and SRs is assumed to be equal to 𝑁 = 2. The transmit
power constraints of all STs are also assumed to be equal to
𝑃 = 1.The elements of channelmatrixH𝑖𝑗 between 𝑖 ∈ K and
𝑗 ∈ {0,K} are all assumed to be i.i.d. ZMCSCG randomnoise
with variances set as 𝜎2𝑖𝑗 = 0.25, ∀𝑖 ̸= 𝑗, and 𝜎

2
𝑖𝑗 = 1, ∀𝑖 = 𝑗.

The control parameters of Algorithm 2 are set as 𝜖 = 0.01,
while 𝜇 is initialized as 2.7, and the variable step parameter 𝛿
has a value stated as

𝛿 =
{

{

{

0.04, when 𝑛 ≤ 10,

0.02, when 𝑛 > 10.

(33)

The convergence behavior of Algorithm 1(P) is shown in
Figure 2, where (a) is obtained with 𝑇 = 0.5 and presented
under different 𝜏, while (b) is obtained with 𝜏 = 0.05

and presented under different 𝑇 for a comparison. It can be
seen from this figure that Algorithm 1(P) always converges
to a single point with fixed 𝑇 and the achievable sum-rate
of Algorithm 1(P) is always increased with the relax of the
interference power constraint 𝑇. It can also be seen from this
figure that the convergence speed of Algorithm 1(P) is slightly
slower with the increase of 𝜏.

The convergence behavior of Algorithm 2 is demon-
strated in Figure 3, where (a) is also obtained with 𝑇 = 0.5

and presented under different 𝜏, while (b) is obtained with
𝜏 = 0.05 and presented under different 𝑇 for a comparison.
It can also be seen from this figure that the achievable sum-
rate obtained by Algorithm 2 also increases with the relax of
the interference power constraint𝑇. Comparedwith Figure 2,
it can be seen that Algorithm 2 and Algorithm 1(P) almost
share the same convergence behavior. However, because the
problem (P1) is generally nonconvex and more than one
maxima point exists, the solutions obtained by Algorithm 2
are not always the same as obtained by Algorithm 1(P). As
shown by Figure 3, the sum-rate achieved by Algorithm 2 is

larger than that achieved by Algorithm 1(P) in Figure 2, both
of which are obtained under the same channel environment.

The parameter evolution behavior of Algorithm 2, which
is obtained in the simulation of Figure 3(b), is shown in Fig-
ure 4, where the evolution behavior of the total interference
power 𝑡 is presented in (a), while the evolution behavior of
the interference price 𝜇 is presented in (b). From Figure 4(a),
it can be seen that the total interference power 𝑡 converges
exactly to the predefined 𝑇 as expected. From Figure 4(b),
it can be seen that the cause of the convergence of 𝑡 is the
convergence of the interference price 𝜇.

6. Conclusion

In this paper, we have studied the coordinated precoder
design problem for D2D communications underlay uplink
MIMO cellular networks. First, the problem is formulated
as a SRM problem, which can be further reformulated
as a DC-type programming problem. Based on the SCA
method, a centralized iterative precoding algorithm is devel-
oped for a maxima solution. And the proximal-point-based
regularization approach is also pursued to ensure the con-
vergence of the proposed algorithm. Second, with the aid of
a price-based interference control mechanism to overcome
the coupling interference power constraint, we reformulate
the coordinated precoding problem as a Stackelberg game.
Then, a distributed precoding algorithm is further developed
based on the concept SE. Results show that our algorithms
can converge fast to a satisfactory solution with guaranteed
convergence.
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Inwireless sensor networks (WSNs), each node controls its sleep to reduce energy consumptionwithout sacrificingmessage latency.
In this paper we apply the game theory, which is a powerful tool that explains how each individual acts for his or her own economic
benefit, to analyze the optimal sleep schedule for sensor nodes. We redefine this sleep control game as a modified version of the
Prisoner’s Dilemma. In the sleep control game, each node decides whether or not it wakes up for the cycle. Payoff functions of
the sleep control game consider the expected traffic volume, network conditions, and the expected packet delay. According to the
payoff function, each node selects the best wake-up strategy that may minimize the energy consumption and maintain the latency
performance. To investigate the performance of our algorithm, we apply the sleep control game to X-MAC, which is one of the
recent WSNMAC protocols. Our detailed packet level simulations confirm that the proposed algorithm can effectively reduce the
energy consumption by removing unnecessary wake-up operations without loss of the latency performance.

1. Introduction

To reduce the energy consumption, each sensor node
employs duty cycling where each node periodically sleeps
[1]. Researches in earlier stage of duty cycling [1–4] assume
that all the nodes in a network have the same static duty
cycle whether or not nodes wake up at the same time. Since
many applications of WSN assume random events [1–10],
traffic varies each time.Therefore, it is hard for the static duty
cycling to optimize wake-up schedule according to traffic
condition. Dynamic duty cycle [5–10] allows each node to
adjust its duty cycle on-demand.Therefore, nodes can reduce
energy consumption for unnecessary wake-up operations if
there is no traffic. However, the existing dynamic duty cycling
schemes exploit a heuristic sleep control which may degrade
energy efficiency and latency performance.

In this paper, we mathematically model and analyze the
duty cycling of nodes to improve the energy efficiency of
a MAC protocol without sacrificing the message latency.
The communication activity of nodes is similar to human
economic activities since both activities aim to maximize
benefits—network performance for nodes versus economic

profit for human—without global information for the entire
network or market. In this regard, we adopt the game theory,
which is a powerful tool that explains how each individual
acts for his or her own economic benefit, as a tool for model-
ing and analyzing the duty cycle operation of sensor nodes.
Since the communication activity of each node prioritizes
over communication activities of other nodes and each
node operates independently, the communication activity of
a node can be regarded as the noncooperative game [11]. We
redefine a sleep control game as the modified version of the
Prisoner’s Dilemma [11], which is one of the representative
noncooperative games.

In the sleep control game, each node decides whether or
not it wakes up for the cycle. Therefore, each node selects
its strategy based on the payoff function. And, the wake-up
probability is the key for each node’s strategy in the sleep
control game. Since the sleep state of a node affects both the
energy consumption and the message latency, the wake-up
probability of each node needs to consider the expected traffic
volume, network conditions, and the expected packet delay,
which are three components for the payoff function in the
sleep control game. According to the payoff function, each
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node selects the best wake-up strategy which may minimize
the energy consumption and maintain the latency perfor-
mance. We show that the sleep control game is stable and it
has Nash Equilibrium with the designed payoff function.

To investigate the performance of our algorithm,we apply
the sleep control game to X-MAC [4] which is one of the
recent WSN MAC protocols that employs the static duty
cycling. From our detailed packet level simulations [12], we
find that nodes with our algorithm can stay on sleep state
2.19 times longer than nodes with X-MAC. By reducing
unnecessary idle listening, our algorithm saves 62% of the
average per-node energy consumption of X-MAC. Neverthe-
less, our algorithm shows comparable latency performance
to X-MAC. This suggests that our algorithm based on the
mathematical model can provide an optimal dynamic duty
cycling without relying on a heuristic. And, we believe that
this is the first analytic framework for dynamic duty cycling.

2. Backgrounds and Related Works

A game theory describes and analyzes decision making pro-
cess. In this paper, we limit our discussion to noncooperative
model: the interaction between rational decisionmakers.The
term rational decision makers here refer to those who are
selfish and act for their best interest. The model described
above is referred to as a “game,” and the decision makers
are called “players.” This situation could be seen as follows:
players choose a strategy from predefined list of strategies
that will maximize their profit. A utility function would be
deployed by each player to analyze another player’s strategy
selection. A normal form of a game 𝐺 is given by 𝐺 =

[𝑁,𝐴, {𝑢𝑖}].
𝑁 = {1, 2, 3, . . .} is the set of players (decision makers),

𝐴 𝑖 is the strategy set of player 𝑖, 𝐴 = 𝐴1 × 𝐴2 × ⋅ ⋅ ⋅ × 𝐴𝑛 is
the Cartesian product of the set of strategies available to each
player, and {𝑢𝑖} = {𝑢1, . . . , 𝑢𝑛} is the set of utility functions
that describes a measure of player’s benefit that each player
𝑖 wishes to maximize. The utility function 𝑢𝑖 of each player 𝑖
depends on the previous strategy selection, a𝑖, and the other
player’s strategy selections, a−𝑖. a𝑖 and a−𝑖 together make up
a unique action tuple a, which represents the action of each
player. Mathematically a is the best response by player 𝑖 to a−𝑖
if a ∈ {argmax 𝑢𝑖(a𝑖, a−𝑖)}.

From the outcome of this model, we can conclude that
stable states exist in the model. We figure these states are the
Nash Equilibria. A system would be in Nash Equilibria when
any individual player cannot increase profit by choosing any
other strategies. In other words, Nash Equilibria could be
expressed as the consistent projection of the outcomes of
which there would be no incentive for each individual player
to choose different strategies to maximize its profit.

However, although Nash Equilibria do exist in the model,
Nash Equilibria do not mean the best outcome of a game. In
many cases, Pareto optimality [11] is the representation of the
efficiency of a product. An outcome could be expressed as
Pareto optimal only when no other outcome can make every
player well off while the outcome makes one player better off
at least. Pareto optimality is formally defined as follows.

For all strategies a, there is no strategy b such that 𝑢𝑘(a) >
𝑢𝑘(b) for some 𝑘 < 𝑁 where𝑁 is the number of players.

There have been a few studies that apply game theory to
MAC protocol design [13–16]. They are interested in increas-
ing the network throughput by improving the contention
resolution algorithm in the traditional wireless communica-
tion environment such as ad hoc network [13] and WLAN
[14–16]. Thus, they focus on the improvement of the com-
munication performance rather than the energy efficiency.

In WSNs, quite a few studies applied the game theory to
the routing protocols [17, 18], power management techniques
[19–24], and a backoff technique [25]. However, there is no
game theoretic study for duty cycling of MAC protocols. Our
sleep control game is the first study that applies the game
theory to the duty cycle operations of MAC protocols. In the
rest of this section we will review the state-of-the-art duty
cycling techniques for WSNs.

Researches in earlier stage of duty cycling [1–4] assume
that all the nodes in a network have the same static duty
cycle whether or not nodes wake up at the same time. Since
many applications of WSN assume random events [1–10],
traffic varies each time.Therefore, it is hard for the static duty
cycling to optimize wake-up schedule according to traffic
condition. Dynamic duty cycle [5–10] allows each node to
adjust its duty cycle on-demand.Therefore, nodes can reduce
energy consumption for unnecessary wake-up operations if
there is no traffic.

To our knowledge, AMAC [10] is the first sensor network
MAC protocol that can support variable duty cycle opera-
tions. The main ideas underlying AMAC are twofold. First,
each node can adjust the duration of the periodic interval
depending on the network traffic. Second, a node can also
adjust the duration of its active period depending on the
traffic.This dynamic adjustment of both the active period and
the periodic interval enables the duty cycle of each sensor
node to adapt to the network traffic, resulting in significant
energy savings for idle nodes and improved communication
performance for busy nodes at the same time. However,
the cycle time of a node needs to be adjusted according
to a 2𝑛 multiple of the minimum cycle time 𝑇. Since the
latency requirement of a given application is not always a 2𝑛
multiple of 𝑇, AMACmay overwork to guarantee the latency
requirement.

A few more recent schemes [7–9] have studied the use
of dynamic duty cycle operations. In PL-MAC [7] each node
can reduce its duty cycle if its remaining energy is not enough
to guarantee the predefined lifetime. If the expected lifetime
of a node is longer than the predefined lifetime, a node
may increase its duty cycle to reduce the communication
latency. D-RMAC [8] focuses on the traffic condition. If a
packet starts being buffered as traffic increases, a source node
may double its duty cycle by transmitting an extra control
packet to notify new duty cycle information. While AMAC,
PL-MAC, and D-RMAC assume synchronous scheduling,
MaxMAC [9] applies dynamic duty cycling to asynchronous
scheduling, where each node wakes up independently. Like
AMAC, each node can adjust its duty cycle depending on
traffic.
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While previous works [1–10] have focused on sensors’
communication, ACDA [26] claims that the energy con-
sumption of each sensor such as a camera should be con-
sidered. Authors modeled and simplified the scheduling
problem under the consideration. ACDA controls both the
lengths of a cycle time and sensing time to maximize the net-
work utilization under periodic sensing application scenarios
while our algorithm assumes nonperiodic event detection
scenarios.

To exploit a heuristic sleep control, the schemes discussed
so far require a predefined trigger condition such as traffic
occurrence [8, 10], a packet rate [9], or the remaining energy
[7]. Although these trigger conditions can be derived from a
reverse engineering, it is very hard to prove that the trigger
conditions should lead to an optimal wake-up schedule of
sensor nodes.

3. Sleep Control Algorithm

3.1. Sleep Control Game: Game Theoretic Model of Sleep Con-
trol. Consider that each node has a set of𝑁 neighbor nodes
in a contention based MAC protocol. We assume that each
node independently controls its wake-up schedule and col-
lects the network condition information within a single hop.
The wireless channel is assumed to be error-free and packet
loss is only due to collisions.

We model the interaction among wireless sensor nodes
as a noncooperative game since each node operates inde-
pendently and prioritizes its communication over neighbor’s
communications. Since each node is selfish and blind to the
neighbor’s strategies, the interaction model is similar to the
Prisoner’s Dilemma.We call the model as sleep control game.

We define the sleep control game by using the expected
message latency, node’s wake-up probability, contentionmea-
sure, and the expected traffic volume. In practice, it is hard
for a wireless sensor node to learn directly the wake-up
probabilities of neighbors. Each node infers the neighbor’s
wake-up probabilities by observing the network condition
of the previous cycle. In addition, it is hard to predict an
end-to-end packet delay from a source to a destination.
However, each node can estimate the packet delay by itself.
The expected message latency can be estimated by using the
wake-up probability, contention measure, and the expected
traffic volume.

We assume that each node dynamically adjusts wake-up
probability, 𝑤𝑖, in response to the expected latency perfor-
mance, 𝑙𝑖. In other words, a next wake-up probability can be
expressed as a function of a current wake-up probability and
the expected latency performance. Hence, sleep control is a
distributed, iterative feedback system mathematically given
by

𝑤𝑖 (𝑡 + 1) = 𝐹𝑖 (𝑤𝑖 (𝑡) , 𝑙𝑖 (𝑡)) , 𝑙𝑖 (𝑡) = 𝑀𝑖 (w (𝑡)) , (1)

where 𝑤𝑖(𝑡) is the wake-up probability of node 𝑖 at time
𝑡, w(𝑡) = [𝑤𝑖(𝑡)] is the corresponding vector, and 𝑙𝑖(𝑡) is
the expected packet latency on node 𝑖. Note that a packet
latency on a node depends on the sleep states of a node
and its neighbor nodes. Therefore, 𝑙𝑖(𝑡) is a function of
the sleep states that can be expressed as the vector w(𝑡).

Here, 𝐹𝑖 models the sleep control algorithms and𝑀𝑖 models
the latency update mechanisms. The expected packet latency
is also affected by the traffic volume, which can be estimated
from the buffer state and the event rate.

We assume that (1) has equilibrium (𝑤, 𝑙). The fixed point
of (1) defines an implicit relation between the equilibrium
wake-up probability 𝑤𝑖 and the expected packet latency 𝑙𝑖:

𝑤𝑖 = 𝐹𝑖 (𝑤𝑖, 𝑙𝑖) . (2)

If𝐹𝑖 is continuously differentiable and 𝜕𝐹𝑖/𝜕𝑙𝑖 ̸= 0 in [0, 1],
then, by the implicit function theorem [27], there exists a
unique continuously differentiable function 𝑓𝑖 such that

𝑙𝑖 (𝑡) = 𝑓𝑖 (𝑤 (𝑡)) . (3)

We define the utility function of each node 𝑖 as

𝑈𝑖 (𝑤𝑖) = ∫𝑓𝑖 (𝑤𝑖) 𝑑𝑤𝑖. (4)

Since 𝑓𝑖(𝑤𝑖) = 𝑙𝑖 ≥ 0 and 𝑈𝑖(⋅) is an integral, 𝑈𝑖(⋅) is a
monotonic function that is continuous and nondecreasing. It
is reasonable to assume that 𝑓𝑖(⋅) is a decreasing function—
the larger the wake-up probability, the smaller the expected
packet latency.This implies that𝑈𝑖(⋅) is strictly concave.With
the above utility function, we define a sleep control game as
follows.

Definition 1. A sleep control game𝐺 is defined as a quadruple
𝐺 = {𝑁, (𝑆𝑖)𝑖∈𝑁, (𝑢𝑖)𝑖∈𝑁, (𝑙𝑖)𝑖∈𝑁}, where 𝑁 is a set of players
(sensor nodes). For a player 𝑖 ∈ 𝑁, its own wake-up prob-
ability is its strategy 𝑆𝑖 = {𝑤𝑖 | 𝑤𝑖 ∈ [𝛼𝑖, 𝛽𝑖]} with 0 ≤ 𝛼𝑖 ≤

𝛽𝑖 ≤ 1. Payoff function 𝑢𝑖(𝑤) can be expressed by using utility
function 𝑈𝑖(𝑤𝑖) and the expected packet latency 𝑙𝑖 = 𝑀𝑖(w):

𝑢𝑖 (𝑤) = 𝑈𝑖 (𝑤𝑖) − 𝜀𝑤𝑖𝑙𝑖. (5)

The latency affection factor, 𝜀, indicates the impact of the
single hop latency on the end-to-end message latency, which
is a variable constant according to the network condition.

The payoff function can be interpreted as the gain of
utility from the packet latency discounted by the wake-up
cost. One property of this game is that the computation of
the payoff function does not require the explicit exchange of
wake-up probability of each node among the nodes.Thus, this
game can be played and implemented in a distributed man-
ner. In addition, this game reduces the energy consumption
and the bandwidth usage for transmitting control messages.

Since the strategy 𝑤𝑖 ∈ 𝑆𝑖 is the wake-up probability of a
node 𝑖, it is less than or equal to 1.The packet latency on node
𝑖 is inversely proportional to 𝑤𝑖 if there is no collision. Thus,
the payoff function 𝑢𝑖(⋅) has a nice economic interpretation:
the gain of utility from the packet latency is discounted by
the wake-up cost. The sleep control game regards (1) as the
strategy update algorithm to find equilibrium. Therefore, we
can specify the equilibrium properties of a sleep control
algorithm by using the utility function𝑈𝑖(𝑤𝑖) and the latency
performance 𝑙𝑖. In other words, by exploiting these factors,
we can define the sleep control game whose equilibrium
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determines the steady state properties such as the latency per-
formance and the energy performance. (𝐹,𝑀) can specify the
adaptation of the wake-up probability and suggest different
strategies to approach the equilibrium of the game.

3.2. Analyzing Transmission Latency. In WSNs, the packet
latency is influenced by node’s buffer state, traffic volume, and
the wake-up state of a receiver node.When a node 𝑖 transmits
a packet 𝑝 to node 𝑗, the packet latency 𝑙𝑖 on node 𝑖 is given
by

𝑙𝑖 = 𝑃𝑖𝑗 (𝑝) + 𝑄𝑖 (𝑝) , (6)

where𝑃𝑖𝑗(𝑝) denotes the delay due to the sleep state of nodes 𝑖
and 𝑗 and𝑄𝑖(𝑝) denotes the delay due to transmission failure.
If we assume that the probability for an event occurrence is 𝛿,
the probability that the packet 𝑝 collides with another packet
is given by

𝐶 (𝑝) = (1 − (1 − 𝛿)
𝐴𝑑−1

) ,

𝐴 = 4∫

𝑟

0
∫

𝑟+𝑥/2

0

√𝑟2 − (𝑟 − 𝑦)
2
𝑑𝑦𝑑𝑥,

(7)

where 𝑑 denotes the node density, 𝑟 denotes the transmission
range of a node, and 𝐴 denotes the average area of union
of transmission range of adjacent two nodes. If we assume
that each node transmits a single packet during a single cycle,
packet 𝑝 needs to be delayed for a single cycle when there is
a collision. Therefore, the delay due to a collision, 𝑄𝑖(𝑝), can
be given by

𝑄𝑖 (𝑝) = 𝑇 + ∑

𝑘∈𝑁,𝑘 ̸=𝑖

𝑘𝑇 (𝐶 (𝑝))
𝑘
, (8)

where 𝑇 denotes the minimum cycle time which is longer
than the time to carry out a single packet transmission,
which consists of the time for transmitting a data packet and
control packets and the control time space such as Interframe
Spacing.

The sleep delay,𝑃𝑖𝑗(𝑝), is influenced by twowake-up prob-
abilities: sender’s wake-up probability 𝑤𝑖(𝑡) and receiver’s
wake-up probability 𝑤𝑗(𝑡). Since two nodes must wake up
for a successful communication, the probability for the
occurrence of the sleep delay is (1 − 𝑤𝑖(𝑡)𝑤𝑗(𝑡)). Therefore,
𝑃𝑖𝑗(𝑝) is given by

𝑃𝑖𝑗 (𝑝) = 𝑇 (𝑚 + (1 − 𝑤𝑖 (𝑡) 𝑤𝑗 (𝑡))) , (9)

where𝑚 denotes the delayed cycle time due to the sleep state
after the packet 𝑝 arrives at node 𝑖.

3.3. Designing Payoff Function. Equation (1) defines the
probability for a node to wake up by using the previous
wake-up probability and the expected packet latency. If we do
not consider the previous wake-up probability, the wake-up
probability of each node may be biased toward 0 or 1. This
will lead to long message latency due to sleep delay when
the probability stands near 0. Or, it may lead to high energy
consumption due to idle listeningwhen the probability stands

near 1. Therefore, we expend the wake-up probability for a
node as

𝑤𝑖 (𝑡 + 1) = {
1, (𝑃𝑖 (𝑡) = 1) ,

𝐹𝑖 (𝑤𝑖 (𝑡) , 𝑙𝑖 (𝑡)) , (𝑃𝑖 (𝑡) = 0) .
(10)

𝑃(𝑡) denotes whether or not the node transmits a packet
in the previous cycle. If 𝑃(𝑡) is 1, the node transmitted a
packet. By considering the previous communication, we can
effectively reduce the sleep delay when there is burst traffic or
a message consists of multiple packets.

By using (5) and (6), we can derive the payoff function as

𝑢𝑖 (𝑤) = ∫𝑓𝑖 (𝑤𝑖) 𝑑𝑤𝑖 − 𝜀𝑤𝑖𝑙𝑖 = ∫ 𝑙𝑖 (𝑡) 𝑑𝑤𝑖 − 𝜀𝑤𝑖𝑙𝑖

= 𝑄𝑖 (𝑝)𝑤𝑖 + 𝑇((𝑚 + 1)𝑤𝑖 −
𝑤
2
𝑖 𝑤𝑗

2
) − 𝜀𝑤𝑖𝑙𝑖.

(11)

According to (11), each node requires receiver’s wake-
up probability 𝑤𝑗. However, it may be difficult for a node
to directly acquire the wake-up probability of the receiver.
Therefore, each node infers the neighbor’s wake-up proba-
bilities by observing the network condition of the previous
cycle. According to (10), if a node 𝑖 overheard the node 𝑗’s
communication in the previous cycle, 𝑖 assumes that 𝑗 should
wake up in this cycle. On the other hand, if 𝑖 slept or did
not overhear 𝑗’s communication, 𝑖 assumes that 𝑤𝑖 ≈ 𝑤𝑗
by assuming nodes are evenly deployed and event occurs
randomly anywhere.

3.4. Equilibrium of Sleep Control Game. The wake-up prob-
ability needs to be stable and unique in order to find the
best strategy. To verify the stability of wake-up probability, we
should analyze the equilibrium of the sleep control game and
show that the equilibrium is unique. By proving the following
three theorems, we will show the existence (Theorem 3) and
the uniqueness (Theorems 5 and 7) of the equilibrium.Weuse
the Nash Equilibrium [11] to find the equilibrium.

We denote the strategy (wake-up probability) selection
for node 𝑖 by 𝑤𝑖. We further denote the strategy selection for
all nodes but node 𝑖 by w−𝑖 = (𝑤1, . . . , 𝑤𝑖−1, 𝑤𝑖+1, . . . , 𝑤𝑁)

and use (𝑤𝑖,w−𝑖) for the strategy profile (𝑤1, . . . , 𝑤𝑖−1,
𝑤𝑖, 𝑤𝑖+1, . . . , 𝑤𝑁) for all the nodes in a network. A vector of
wake-up probability w∗ is a Nash Equilibrium if, for all the
nodes 𝑖 ∈ 𝑁, 𝑢𝑖(𝑤

∗
𝑖 ,w
∗
−𝑖) ≥ 𝑢𝑖(𝑤𝑖,w

∗
−𝑖) for all 𝑤𝑖 ∈ 𝑆𝑖. We see

that the Nash Equilibrium is a set of strategies for which no
player has an incentive to change unilaterally.

Assumption 2. The utility function 𝑈𝑖(⋅) is continuously
differentiable, strictly concave, and with finite curvatures
that are bounded away from zero; that is, there exist some
constants 𝜇 and 𝜆, such that 1/𝜇 ≥ −1/𝑈𝑖 (𝑤𝑖) ≥ 1/𝜆 > 0.

Theorem 3. Under Assumption 2, there exists a Nash Equilib-
rium for sleep control game 𝐺.

Proof. Assumption 2 is a standard assumption in economics.
As shown in (4), 𝑈𝑖(⋅) is strictly concave since we assume
that 𝑓𝑖(⋅) is a decreasing function. In other words, for any
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𝑥 and 𝑦 in the interval and for any 𝑡 in [0, 1], 𝑈𝑖(⋅) follows
the strictly concave condition: 𝑈𝑖(𝑡𝑥 + (1 − 𝑡)𝑦) > 𝑡𝑈𝑖(𝑥) +

(1 − 𝑡)𝑈𝑖(𝑦). The strategy space [0, 1] is a bounded closed
set. In one-dimensional Euclidean space, a bounded closed
set is a compact convex set. Since the strategy spaces 𝑆𝑖 are
compact convex sets, and the payoff functions are continuous
and concave in 𝑤𝑖, there exists a Nash Equilibrium [11].

Since payoff function 𝑢𝑖(⋅) is concave in 𝑤𝑖, at the Nash
Equilibrium, 𝑤∗𝑖 satisfies

(𝑈

𝑖 (𝑤
∗
𝑖 ) − 𝑙𝑖 (w

∗
)) (𝑤𝑖 − 𝑤

∗
𝑖 ) ≤ 0, ∀𝑤𝑖 ∈ 𝑆𝑖. (12)

Define a function 𝑉(w) = ∑𝑖∈𝑁(𝑈𝑖(𝑤𝑖) − 𝑤𝑖) − ∏𝑖∈𝑁(1 −
𝑤𝑖). Then, this equation becomes an optimality condition for
the following optimization problem [28]:

max
𝑤∈𝑆1×𝑆2×⋅⋅⋅×𝑆𝑁

𝑉 (w) . (13)

That is, the Nash Equilibria of the wake-up game are optimal
points of problem (13).

Assumption 4. Let 𝛾(w) = ∏𝑖∈𝑁(1 − 𝑤𝑖) and denote the
smallest eigenvalue of ∇2𝛾(w) over w by Vmin. Then, −𝜇 −
Vmin < 0.

Theorem 5. Under Assumptions 2 and 4, the sleep control
game 𝐺 has a unique Nash Equilibrium.

Proof. TheHessian of function 𝑉(w) is written as

∇
2
𝑉 (w) = diag ([𝑈1 (𝑤1) , . . . , 𝑈


𝑁 (𝑤𝑁)])

− ∇
2
𝛾 (w) ,

(14)

where diag([𝑈1 (𝑤1), . . . , 𝑈

𝑁(𝑤𝑁)]) ≤ −𝜇I and ∇

2
𝛾(w) ≥

VminI. Thus, under Assumption 4,

∇
2
𝑉 (w) ≤ (−𝜇 − Vmin) I < 0. (15)

By second-order conditions [28], 𝑉(w) is a strictly con-
cave function over the strategy space. So, the optimization
problem (13) has a unique optimal, and the sleep control game
has a unique Nash Equilibrium.

The equilibrium condition (12) implies that, at the Nash
Equilibrium, 𝑤∗𝑖 either takes value at the boundaries of the
strategy space [0, 1]—that usually leads to the longest packet
latency (selecting “0”) or to the most energy consumption
(selecting “1”)—or satisfies

𝑈

𝑖 (𝑤
∗
𝑖 ) = 𝑙𝑖 (w

∗
) . (16)

We call a Nash Equilibrium a nontrivial equilibrium w∗
if, for all nodes 𝑖, w∗ satisfies (16). Otherwise, it is a trivial
equilibrium. According to (16), at nontrivial equilibrium,

Γ𝑖 (𝑤
∗
𝑖 ) = 𝛾 (w

∗
) . (17)

Note that (17) is independent of 𝑖. Thus, Γ𝑖(𝑤
∗
𝑖 ) = Γ𝑗(𝑤

∗
𝑗 )

for any 𝑖, 𝑗 ∈ 𝑁.

Assumption 6. Γ𝑖(𝑤∗𝑖 ) = (1 − 𝑤𝑖)(1 − 𝑈

𝑖 (𝑤𝑖)), 𝑖 ∈ 𝑁, are all

strictly increasing or all strictly decreasing.

Theorem 7. If the control game 𝐺 has a nontrivial Nash Equi-
librium, it must be unique.

Proof. Suppose that there are two nontrivial Nash Equilibri-
ums w1 and w2. From (17) we require that there exist 𝛾1, 𝛾2 >
0 such that, for all 𝑖,

Γ𝑖 (𝑤1𝑖) = 𝛾1,

Γ𝑖 (𝑤2𝑖) = 𝛾2.
(18)

Since Γ𝑖(𝑤𝑖) is one-to-one, 𝛾1 ̸= 𝛾2. Without loss of
generality, assume that Γ𝑖(𝑤𝑖) is increasing and 𝛾1 > 𝛾2.
Thus, w1 > w2 for all 𝑖. By (16), 𝑈𝑖 (w1𝑖) = 𝑙𝑖(w1) >

𝑙𝑖(w2) = 𝑈𝑖

(w2𝑖), which contradicts the fact that 𝑈𝑖 (𝑤𝑖) is

a decreasing function. Thus, the sleep control game 𝐺 has a
unique nontrivial Nash Equilibrium.

Each node 𝑖 can choose any utility function 𝑈𝑖(⋅) as
appropriate. If all the nodes have the same utility function,
the system is said to have homogeneous users. If the nodes
have different utility functions, the system is said to have
heterogeneous users. The motivation for studying systems of
heterogeneous users is to provide differentiated services to
different wireless nodes. To this end, we further differentiate
between symmetric and asymmetric equilibria as follows.

A Nash Equilibrium w∗ is said to be a symmetric equi-
librium if w∗𝑖 = w∗𝑗 for all 𝑖 and 𝑗. Otherwise, it is an
asymmetric equilibrium. Since by symmetry there must be
multiple asymmetric Nash Equilibria if there exists any, the
following result follows directly fromTheorems 5 and 7.

For a system of homogeneous users, suppose Assump-
tion 4 or Assumption 6 holds. If the sleep control game
has a nontrivial Nash Equilibrium, it must be unique and
symmetric. More generally, for a system with several classes
of homogeneous users, under the same assumption, if the
sleep control game has a nontrivial Nash Equilibrium, it
must be unique and symmetric. This corollary guarantees
the uniqueness of nontrivial Nash Equilibrium, and it guar-
antees maximum energy-delay product of nodes. This will
facilitate the design of medium access control. Since at
trivial Nash Equilibrium some player takes a strategy (wake-
up probability) at the boundary of the strategy space, a
trivial Nash Equilibrium usually has great unfairness or low
payoff. So, nontrivial Nash Equilibrium is desired. If there
is no nontrivial Nash Equilibrium, we may need to look
for alternative solution other than the Nash Equilibrium.
For example, we may use Nash bargaining framework in
cooperative game theory [11] to derive a desired equilibrium
solution.

4. Simulation and Results

In this section we analyze the performance of our algorithm
by applying the sleep control game toX-MAC[4]which is one
of the representativeWSNMACprotocols recently proposed.
X-MAC exploits the asynchronous wake-up scheduling that
nodes independently wake up with a static duty cycle.
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Table 1: Simulation parameters.

Parameters
Topology of a network 400 random nodes
Simulation time 1 hour
Data packet size 100 bytes
Number of packets for an event 10 packets
Basic cycle time of X-MAC, 4𝑇 300ms (5% duty cycle)
Event rate 0.1% per 𝑇
Power consumption (Tx, Rx, idle) 30mW, 15mW, 15mW
Latency affection factor, 𝜀 1
Maximum distance from a sink node 10 hops
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Figure 1: The wake-up probability according to time elapse.

We implemented X-MAC and a modified version of X-MAC
with our sleep control algorithm, on NS-2 [12]. With the
detailed packet level simulations, we evaluate the perfor-
mance of our algorithm fromvarious perspectives: the energy
consumption, the message delay, the network throughput,
and the wake-up probability. The simulation parameters are
shown in Table 1. We assume that a sink node locates at the
center of the network field where 400 nodes locate randomly.
We also assume that an event occurs at random position and
the nearest node detects the event. In otherwords,we evaluate
the performance of our algorithm under a nonperiodic
event scenario model that can be applied to environmental
monitoring applications such as fire surveillance, mechanical
malfunctions, and biochemical hazard.

4.1. Wake-Up Probability. Figure 1 shows the wake-up prob-
ability of a sensor node by varying the node cycle time. Since
the basic cycle time of X-MAC is 4𝑇, a node with X-MAC has
3𝑇 sleep period. In X-MAC, each node wakes up according to
the predefined schedule. The wake-up probability of a node
for each 𝑇 is 0 or 1. Unlike X-MAC, X-MACGame uses the
probabilistic wake-up approach. Starting from a sleep state,
the wake-up probability of a node is gradually increased until
the node actually wakes up.

According to the results, a node with X-MACGame wakes
up only 2 times during 20𝑇 while a node with X-MAC
wakes up 5 times. The average sleep period of X-MACGame
is 6.58𝑇 while X-MAC has 3𝑇 sleep period. In other words,
X-MACGame can reduce the number of unnecessary wake-up
operations when there is no traffic.
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Figure 2: The network throughput according to time elapse.

Note that a node with X-MACGame maintains the wake-
up state when the cycle time changes from 23𝑇 to 37𝑇. These
continuous wake-up states represent that the node partici-
pates in communications. The reason why the X-MACGame
node consumes 15𝑇 cycles to deliver a single 10-packet
message is that the node suffered from transmission failures
and the sleep delay due to the sleep state of a receiver.

4.2. Latency Performance. Figure 2 shows the network
throughput as time passes. Since nodes which participate in
communications wake up at every minimum cycle time 𝑇
in X-MACGame, X-MACGame can deliver more packets than
X-MAC during the same interval. It means that X-MACGame
can effectively deliver burst traffic while X-MAC suffers
from the accumulation of the sleep delay. According to
the results, both X-MAC and X-MACGame show a uniform
distribution of the network throughput since we generate
events randomly over the simulation time. When there are
multiple events, the throughputs of two protocols reached a
peak, which is proportional to the number of simultaneous
transmissions.

Figure 3 shows the average message latency according to
the hop distance from a source to a destination. As shown
in Figure 1, the average sleep period of X-MACGame is 6.58𝑇
while X-MAC has 3𝑇 sleep period. This suggests that the
sleep control game can substantially reduce the idle listening
overhead asmuch as 54.5%by eliminating unnecessarywake-
up operations. However, the average message latency of
X-MACGame is slightly longer than that of X-MAC. Since
nodes in X-MACGame can adjust their wake-up schedules
according to the traffic condition, they can adaptively decide
their wake-up either to reduce idle listening or to reduce the
sleep delay depending on traffic.

Figure 4 shows the distribution of the packet latency
of single hop communications. Since X-MAC uses asyn-
chronous wake-up scheduling with 300ms cycle time, the
difference between thewake-up times of two nodes causes the
packet latency to be concentrated at the interval between 0.3 s
and 0.5 s. Except the first packet of a message, other packets
may suffer from the buffering delay. Therefore, the buffering
delay makes X-MAC to have the second major concentration
interval of [0.6 s, 0.85 s].

Like X-MAC, X-MACGame has two concentration inter-
vals: [0.1 s, 0.2 s] and [0.4 s, 0.7 s]. Since X-MACGame nodes
increase the sleep period when there is no traffic, the sleep
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0
10
20
30
40
50
60

0
0.

05 0.
1

0.
15 0.

2
0.

25 0.
3

0.
35 0.

4
0.

45 0.
5

0.
55 0.

6
0.

65 0.
7

0.
75 0.

8
0.

85 0.
9

0.
95 1N

um
be

r o
f t

ra
ns

m
iss

io
ns

Packet latency (s)
X-MAC
X-MACGame

Figure 4: The distribution of the packet latency for a single hop
communication.

delay before transmitting the first packet of a message
increases. Therefore, the latencies for the first packet of a
message concentrate on [0.4 s, 0.7 s]. In X-MACGame, each
node that participates in a communication wakes up at every
minimum cycle time 𝑇 until the communication ends. This
continuous wake-up state results in shorter buffering delay
than X-MAC. Therefore, the most of the packet latencies are
distributed between 0.4 s and 0.7 s.

When a source generates multiple messages, the latencies
of the following messages can be reduced since nodes on the
common routing path already wake up after reporting the
first message. Therefore, X-MACGame has the second con-
centration period of [0.1 s, 0.2 s]. This second concentration
period may be dominant as the number of simultaneous
events increases.

According to the results of Figures 3 and 4, X-MACGame
has comparable performance while it keeps lower duty
cycle than X-MAC. Moreover, X-MACGame can effectively
deal with burst traffic, which is common traffic pattern
in WSNs. This suggests that the sleep control game can
effectively reduce energy consumption due to unnecessary
wake-up operations without sacrificing the communication
performance.

4.3. Energy Consumption. Figure 5 shows the average per-
node energy consumption as time passes. From our sim-
ulations we find that the communication traffic is not the
dominant source of the energy consumption. Even with
heavy traffic, idle listening is still the dominant energy waste
source [1]. Our results show that X-MAC consumes 87.7%
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Figure 5:The average energy consumption according to time elapse.

of the total dissipated energy for idle listening when the
event rate is 0.1% per 𝑇. The energy consumption due to idle
listening accounts for 73.7% of the total when we increase the
event rate by 0.5% per 𝑇.

When there is no traffic, X-MACGame consumes only
31.1% energy of X-MAC. Since this result shows the accu-
mulation of the average energy consumption, the slope
of graph varies according to the duty cycle of a sensor
node. In addition, the dynamicwake-up scheduling approach
of X-MACGame also reduces the energy consumption due
to overhearing since the approach reduces the chance for
adjacent nodes to wake up at the same cycle by waking up
only the nodes in a communication path more frequently.
When the event rate is 0.1% per 𝑇, X-MACGame consumes
additional 0.165 J per node to deliver the traffic while X-
MAC requires 0.205 J per node. X-MACGame can save 19.5%
of the energy consumption for communications by removing
energy wastes due to overhearing.

4.4. Impact of the Latency Affection Factor. Figure 6 shows
the average message latency as we vary the latency affection
factor, 𝜀. According to (18), the wake-up probability is
inversely proportional to the latency affection factor. In other
words, we can reduce the message latency by reducing the
latency affection factor. However, if we reduce the factor, the
wake-up probability increases, and nodes will consumemore
energy for idle listening.

Figure 7 shows the average energy consumption accord-
ing to the latency affection factor. As we discussed above,
the small latency affection factor increases the wake-up
probability.Therefore, the number ofwake-up operations and
the average energy consumption per node increase.

As shown in Figures 6 and 7, there is a tradeoff between
message latency and energy consumption. Figure 8 shows
the energy-delay product according to the latency affection
factor, 𝜀. Note that the latency affection factor is influenced
by various environmental conditions such as the number
of neighbors, event rate, the performance requirements of
an application, and channel quality. In our experiments, the
optimal latency affection factor is 2.37 from the performance
viewpoint. However, the optimal latency affection factor is
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not always the best selection. If we assume that the message
latency requirement of an application is bigger than 10 s in
these simulations, we can save more energy by setting 𝜀 as
4 while we do not violate the message latency requirement.
Therefore, the reverse engineering approach would be suit-
able for adjusting the latency affection factor.

5. Conclusions

In this paper, we introduce a novel game theoretic MAC
approach to improve the energy efficiency of WSNs. Our
scheme adjusts nodes’ wake-up schedules dynamically by

exploiting the wake-up probability based on the game the-
ory, which is an efficient tool for analyzing the interaction
between multiple independent rational players. To model the
interaction between sensor nodes, we redefine a sleep control
game as a modified version of the Prisoner’s Dilemma. Payoff
function of the sleep control game considers the expected
traffic volume, network condition, and the expected message
latency.

The major contribution of this paper is that it introduces
a mathematical approach to control the duty cycle of a sensor
node while the conventional researches exploit a heuristic
approach.With the detailed packet level simulations, we con-
firm that the sleep control game can effectively reduce energy
consumption without sacrificing the network performance.
Furthermore, the sleep control game can effectively deal with
burst traffic and it is also suitable for massive sensor network
with inexpensive sensor nodes.
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Wireless technologies are pervasive to support ubiquitous healthcare applications. However, a critical issue of using wireless
communications under a healthcare scenario is the electromagnetic interference (EMI) caused by RF transmission, and a high
level of EMI may lead to a critical malfunction of medical sensors. In consideration of EMI on medical sensors, we study the
optimization of quality of service (QoS) within the whole Internet of vehicles for E-health and propose a novel model to optimize
the QoS by allocating the transmit power of each user. Our results show that the optimal power control policy depends on the
objective of optimization problems: a greedy policy is optimal to maximize the summation of QoS of each user, whereas a fair
policy is optimal to maximize the product of QoS of each user. Algorithms are taken to derive the optimal policies, and numerical
results of optimizing QoS are presented for both objectives and QoS constraints.

1. Introduction

Recent developments in cellular networks have enabled
ubiquitous applications of E-health with the aid of medical
sensors. However, RF transmission in cellular networks can
result in electromagnetic interference (EMI) to medical sen-
sors and a high level of interference can cause malfunction of
medical sensors and even injure patients [1, 2].Thus, the con-
trol of EMI (e.g., through power control) is a critical issue to
E-health and should be investigated under the environment
of mobile hospital, which is defined as Internet of vehicles for
E-health applications throughout this paper. Alternatively, we
use the terms of mobile hospital and Internet of vehicles for
E-health applications.

1.1. Motivation and Novelty. EMI can cause the malfunction
of medical sensors. The network analysis in consideration
of EMI control (e.g., through power control) is a critical
issue to the E-health networks. However, the algorithms
of network analysis in regular wireless networks [3, 4]
cannot be employed in E-health networks, since the former

does not take into account the impact of EMI on network
performance. For example, in E-health network, the wireless
users have to reduce their transmit power to control the
EMI impact and may not achieve the same level of system
capacity estimated by the algorithms used in a regular
wireless network.

A large number of works are related to the application of
wireless networks in order to support health service [1, 2, 5].
Phunchongharn et al. in [1, 2] address the issue of EMI under
the scenario of wireless local area networks (WLAN) for
E-health applications within a hospital, but the technology
of WLAN cannot be applied in our scenario, in which an
Internet of vehicles covers a large-scaled area (e.g., a city or a
district). Shen et al. in [5] present the possibilities of employ-
ing wireless technologies in a medical environment and
adjust the level of power and rate with the channel conditions
of users. However, the authors do not take the potential EMI
impact into account. In such a scenario, a wireless user who is
close to a medical sensor could be allowed to transmit data at
a high level of power when the user’s communication channel
is in good condition [6]. However, the RF transmission at
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a high level of power may lead to the malfunction of medical
sensors. Such an improper power allocation by the above-
mentioned algorithms may influence the function of EMI-
sensitive medical sensors, so these algorithms cannot be
employed under the scenario of mobile hospital. Also the
above-mentioned algorithms are designed to optimize the
individual objective of each wireless user, instead of opti-
mizing a network-level objective (e.g., the quality of network
service). The importance of scheduling wireless transmission
under a mobile hospital scenario and the lack of efficient
algorithms for optimizing network-level objective motivate us
to study how wireless users can control their transmit power
to achieve certain goals, such as maximizing the quality of net-
work service while ensuring the acceptable level of EMI onmed-
ical sensors over Internet of vehicles for E-health applications.

1.2. Main Contributions. In this paper, we present the issue
of scheduling wireless transmission under the environment
of mobile hospital. The objective of this paper is to optimize
certain goals (e.g., the quality of service) at the network level,
instead of at the user level. In this paper, we address the
problem of optimizing the quality of network service in a
mobile hospital environment and propose the algorithm of
power control to achieve the optimal network service. To the
best of our knowledge, this is the first work which addresses
the algorithm of power control to achieve a network-level
goal under a wireless network for E-health applications. The
primary contributions of this paper are composed of the fol-
lowing issues: (i) establishing a problem of optimizing power
control to achieve the globally optimal quality of service at
the network level in view of EMI on medical sensors; (ii)
analyzing the transmit power and quality of service of each
user at the optimal solution to the proposed problem.

2. Related Work of EMI on Medical Sensors

In hospital scenarios, the research on EMI begins with the
study of immunity of medical equipment to mobile phones.
Tan and Hinberg in [7] address that a few pieces of medical
equipment are sensitively influenced by the EMI frommobile
phones, and the typical pieces of equipment include infusion
pumps, ventilators, and ECGmonitors. Also, an EMI suscep-
tibility test was conducted by the Medicines and Healthcare
Products Regulatory Agency (MHRA) of UK [8]. This test
focuses on investigating the EMI of mobile phones within a
personal communication network, and its results show that
the EMI-sensitive medical equipment include respirators,
defibrillators, and external pacemakers. Trigano et al. in [9]
and Calcagnini et al. in [10] present how the EMI from
GSM mobile phones influences pacemakers and infusion
pumps, respectively. The results show that the EMI of mobile
phones can lead to the malfunction of both pacemakers and
infusion pumps. With the wide use of 3rd-generation (3G)
telecommunication systems all over the world, the authors in
[11, 12] study how EMI impacts medical pieces of equipment
within the 3G bands. Based on the aforementioned research,
the International Electrotechnical Committee (IEC), in 2007,
publishes the EN60601-1-2 standard, and this standard rec-
ommends the level of EMI immunity as 10V/m and 3V/m

for non-life-supporting equipment (e.g., defibrillators) and
life-supporting equipment (e.g., blood pressuremonitors and
infusion pumps), respectively. In view of the advances of
electromagnetic compatibility (EMC) technologies, Singa-
pore and the UK governments relax the EMI restriction
which is recommended by EN60601-1-2 standard, andmobile
phones are allowed to be uses in certain areas of hospitals
[13]. In consideration of the most advanced EMC of medical
equipment, Tang et al. in [14] address an EMI test, which
investigates the EMI fromGSM900, PCS1800, and 3Gmobile
communication systems. This test shows that EMI-sensitive
equipment includes ECG monitors, audio evoked potential
systems, radiographic systems, and ultrasonic fetal heart
detectors [14]. From the study results of previous literature,
we can reach a conclusion: syringe pumps, ECG monitors,
fetal monitors, respirators, anesthesia machines, external
pacemakers, infusion pumps, and defibrillators are sensitive
to the EMI of mobile phones [15].

The other studies focus on the EMI from devices which
have access to a wireless local area network (WLAN), and
a typical WLAN usually works around the frequency of
2.4GHz, which is different from the working band of mobile
phones. The amount of EMI on medical equipment is par-
tially determined by frequency bands, and thus the research
on EMI under the scenario of healthcare monitoring within
a WLAN appears. Krishnamoorthy et al. in [16] carry out a
measurement of EMI caused by doctor devices on pieces of
medical equipment located in three hospitals, and the doctor
devices work within a 2.4GHz-band WLAN. The measure-
ments show that the highest level of EMI is 0.552V/m,
which is in the acceptable EMI range recommended by the
EN60601-1-2 standard. However, the test in [16] did not take
into account the quality of service (QoS) of data which
are transmitted between patient devices and doctor devices.
The strategies of restricting the use of mobile phones, such
as switching off mobile phones, are not applicable for the
scenario of a wireless healthcare monitoring system [17]. In
wireless healthcare monitoring systems, doctors and patients
need to employwireless devices to transmit data and establish
communication, and the restriction on the level of transmit
power may cause a lower level of QoS of data transmission,
which would lead to the loss ofmedical data.Thus, in wireless
healthcare monitoring systems, the restriction of transmit
power and QoS requirements are usually against each other.
Additionally, the simultaneous transmission of data among
multiple patient devices and doctor devices would cause a
high level of EMI to medical equipment [1]. Phunchongharn
et al. in [1] investigate the EMI in hospital environments by
considering the QoS of patient devices and doctor devices,
and they conclude that the level of EMI on most of the
medical equipment is unacceptable when the transmit power
of a device is above 10mW within a WLAN.

All the above-mentioned research does not consider the
vehicular scenarios for healthcare applications, which are
interesting to this paper, and thus the medical sensors in
the test may not be vehicle-mounted and wearable medical
sensors. In Section 3.1, we address a detailed experiment
which includes the test of EMI impact on types of vehicle-
mounted and wearable medical sensors.
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3. Mobile Hospital Environment

In a mobile hospital environment, vehicles for E-health
applications are mounted with a few medical devices, and
these devices can assist doctors in monitoring the patients’
condition (to the best of our knowledge, quite a few Internet
of medical vehicles examples have already been employed in
USA to provide mobile health service. A few real examples
of service providers include Mobile Specialty Vehicles and
Farber Specialty Vehicles). Under the following scenarios,
physicians, nurses, and the patient’s relatives may employ
mobile phones. (1) Physicians and nurses staff need to keep
reporting the patients’ conditions over phone to a doctor
or healthcare staff in the medical center. Once the patients
arrive at the medical center, the staff can arrange the medical
actions on this patient. (2) Relatives of patients may need to
contact their families or friends by phone about the important
information, for example, the variation of clinical situations.
However, the nearby medical devices might be impacted by
the EMI, which is produced by the use of mobile phones [18].
EMI is defined as the disturbance of electrical circuits caused
by electromagnetic radiation from an external source [19],
and EMI could lead to loss of data during the transmission.

In the following, we address an experiment of EMI effects
on typical medical devices. This experiment is originally
proposed in [20], and we present it here for completeness.
Then, we establish the model of EMI impact, which is a
constraint of our network-capacity optimization problem,
detailed in Section 4.

3.1. Experiment of Investigating EMI Impact. In the following
experiment, we investigate how the EMI of mobile phones
impacts a few typical vehicle-mounted medical devices. For
completeness, we choose the mobile phones with quite a few
typical technologies, including CDMA2000, TD-LTE, and
GSM-900/1800. We carry out this experiment in an anechoic
chamber, which can exclude the EMI impact caused by the
other RF sources, such as from external communication
systems.

The results of experiment show that the EMI frommobile
phones could degrade the performance of medical devices
when these devices keep a distance of 2m from the mobile
phones. Typical types of degradation in the experiment
include (I) errors occurring in the ultrasound, X-ray, and CT
images; (II) artifact in ECG and EEG signals; (III) the mal-
function of ventilators, syringe pumps, and infusion pumps;
and (IV) irregular operating modes of external pacemakers.
The above-mentioned results are in line with the publications
of [21–24].

3.2. Model of EMI Impact. Under the scenario of E-health
applications, a vehicle is mounted with medical devices,
and these devices are either life-support or non-life-support
(illustrated in Figure 1). These medical devices first collect
medical data and then send these data to physicians or doc-
tors in order to takemedical actions on a specific patient once
this patient arrives. Also physicians or healthcare staff on the
vehicle need to report the latest conditions of a patient to
doctors, ensuring that the doctors could acquire the updated

EMI to medical sensors

Vehicle for E-health

Mobile station

Holter

Ultrasonography
sensor

Blood pressure
sensor

Holter

Medical data
transmission

EMI impact

Hospital

Reporting patient
condition (talking

over phone)

Ultrasonography
sensor

Blood pressure
sensor

Vehicle for E-health

Figure 1: The figure illustrates the Internet of vehicles for E-health
applications.

patient’s conditions. However, nearby medical devices might
be impacted by the EMI from the use of mobile phones. Also
life-supportmedical devices aremore sensitive to EMI impact
than non-life-support devices, since the former contains
electronic components, which are EMI-sensitive. Typical life-
support medical devices are Ultrasonograph devices, and so
forth, and typical non-life-support medical devices are blood
pressure devices and holters, and so forth.

Different medical devices can allow different levels of
transmit power to avoid the malfunction of these devices.
To the best of our knowledge, Phunchongharn et al. in [1]
firstly present the models of EMI on medical devices and
investigate the highest allowable level of transmit power to
meet the EMI constraint. The maximal allowable transmit
power of a mobile phone needs to satisfy (1) and (2), for
non-life-support medical devices and life-support medical
devices, respectively [1]:

∑

𝑗∈𝑆

𝜃1√𝑃𝑗

𝐷𝑗 (𝑥)
≤ 𝐸NL (𝑥) , for 𝑥 ∈ 𝑆1, (1)

∑

𝑗∈𝑆

𝜃2√𝑃𝑗

𝐷𝑗 (𝑦)
≤ 𝐸L (𝑦) , for 𝑦 ∈ 𝑆2, (2)
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where𝐸NL(𝑥) and𝐸L(𝑦) are the allowable EMI levels of a non-
life-support device 𝑥 and a piece of life-support equipment
𝑦, respectively; 𝑃𝑗 is the transmit power of a mobile user
𝑗; 𝐷𝑗(𝑥) represents the distance between a non-life-support
device 𝑥 and user 𝑗; 𝐷𝑗(𝑦) represents the distance between
a life-support device 𝑦 and user 𝑗; 𝜃1 and 𝜃2 represent two
constants, the values of which are recommended by IEC
60601-1-2 as 7 and 23, respectively [1]. 𝑆 represents the set of
mobile users under the scenario of Internet of vehicles. 𝑆1 is
the set of non-life-support devices, while 𝑆2 is the set of life-
support devices.

Definition 1. The maximal possible transmit power of user 𝑖
(i.e., 𝑃𝑖) to satisfy the constraint of EMI on medical devices
can be computed from (1) and (2). Also we define the
minimum of wireless users’ allowable transmit power 𝑃𝑖, that
is, 𝑃max = min𝑖𝑃𝑖, as the maximal effective transmit power
(METP) under a mobile hospital scenario (for the detailed
process of computing METP refer to [20]).

METP 𝑃max will be employed to establish the optimiza-
tion problem in Section 4. Each of the mobile users needs
to keep his or her transmit power below METP, ensuring an
allowable level of EMI under the mobile hospital scenario (in
a mobile health scenario, the wireless users may move to any
position around a piece ofmedical equipment, andwe assume
that each of the users has the same probability to appear at a
specific position. So the users close to the same equipment
equally share a bounded transmit power.The investigation of
differentiated bounds of transmit power for different wireless
users (physicians, nurses, patients, and their relatives) would
be an interesting topic, but it is out of the scope of this paper).

4. Optimization of QoS

In this section, we firstly summarize the mathematical for-
mulation of QoS. Consider an Internet of vehicles with 𝑁
wireless users. For information user 𝑖, Signal-to-Noise Ratio
(SNR) is defined as

SNR𝑖 =
𝑃𝑖ℎ𝑖

∑𝑗 ̸=𝑖 𝑃𝑗ℎ𝑗 + 𝐼
, (3)

where 𝑃𝑖 denotes the transmit power by user 𝑖; ℎ𝑖 denotes the
channel condition between user 𝑖 and base station; 𝐼 denotes
the power of additive white Gaussian noise.

In the following, wewill employ SNR as themetric of QoS
and discuss how to optimize the QoS within a network of
mobile hospital. Given the metric of QoS of each user as (3),
we consider the problem of optimizing QoS within a network
with two objectives as

𝑄1 = ∑

𝑖

SNR𝑖, (4)

𝑄2 = ∏

𝑖

SNR𝑖. (5)

The problem objective (5) represents the total throughput
maximization with fixed coding. Suppose we have already
chosen a specific scheme of coding at the symbol level;

that is, we have spreading gain and power at our control.
This problem is formulated in [6]. As shown there, the total
throughput is always proportional to the level of SINR, where
the proportion is determined by the coding scheme. Conse-
quently, optimizing the total throughput equals maximizing
the summation of SINR.The problem objective (6) represents
the total throughput maximization with flexible coding.
Suppose we relaxed the limitation of selecting and fixing a
specific scheme of coding at the symbol level. This problem
is formulated in [6]. As shown there, the total throughput
is always proportional to the level of log function of SINR,
where the proportion is determined by the coding scheme.
Consequently, optimizing the total throughput equals max-
imizing the product of SINR. The problem of optimizing
total throughput either with fixed coding scheme or with
flexible coding scheme is a critical problem in network, and
this motivates us to investigate the optimization of system
throughput in the scenario of wireless network of E-health,
with the design of objectives of (5) and (6).

In the following, we formulate the optimization problems
with 𝑄1 and 𝑄2 as

max
P

∑

𝑖

𝑃𝑖ℎ𝑖

∑𝑗 ̸=𝑖 𝑃𝑗ℎ𝑗 + 𝐼

s.t. 0 ≤ 𝑃𝑖 ≤ 𝑃max

SNR𝑖 =
𝑃𝑖ℎ𝑖

∑𝑗 ̸=𝑖 𝑃𝑗ℎ𝑗 + 𝐼
≥ SNRmin

∑

𝑖

𝑃𝑖ℎ𝑖 ≤ 𝑃𝑆,

(6)

max
P

∏

𝑖

𝑃𝑖ℎ𝑖

∑𝑗 ̸=𝑖 𝑃𝑗ℎ𝑗 + 𝐼

s.t. 0 ≤ 𝑃𝑖 ≤ 𝑃max

SNR𝑖 =
𝑃𝑖ℎ𝑖

∑𝑗 ̸=𝑖 𝑃𝑗ℎ𝑗 + 𝐼
≥ SNRmin

∑

𝑖

𝑃𝑖ℎ𝑖 ≤ 𝑃𝑆,

(7)

where P denotes the optimal transmit power of each user;
𝑃max denotes the maximal possible transmit power among all
of the users; SNRmin denotes the minimal level of SNR which
is acceptable to all of the users; 𝑃𝑆 denotes the total received
power constraint. It is due to the fact that the total received
power from the data users (for E-health applications) is
an interference to other classes of users (not for E-health
applications).

With the setting of 𝑥𝑖 = 𝑃𝑖ℎ𝑖, we can transform the
optimization problems as

max
P

∑

𝑖

𝑥𝑖

∑𝑗 ̸=𝑖 𝑥𝑗 + 𝐼

s.t. 0 ≤ 𝑥𝑖 ≤ 𝑃maxℎ𝑖

− 𝑥𝑖 + 𝐼 × SNRmin +∑
𝑗 ̸=𝑖

𝑥𝑗 ≤ 0

∑

𝑖

𝑥𝑖 − 𝑃𝑆 ≤ 0,

(8)
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max
P

∏

𝑖

𝑥𝑖

∑𝑗 ̸=𝑖 𝑥𝑗 + 𝐼

s.t. 0 ≤ 𝑥𝑖 ≤ 𝑃maxℎ𝑖

− 𝑥𝑖 + 𝐼 × SNRmin +∑
𝑗 ̸=𝑖

𝑥𝑗 ≤ 0

∑

𝑖

𝑥𝑖 − 𝑃𝑆 ≤ 0,

(9)

where 𝑥𝑖 denotes the level of power at the receiving end of
user 𝑖.

The Lagrange formulation of optimization problem with
objective 𝑄 (𝑄 = 𝑄1, 𝑄2) can be denoted as

𝐿 = 𝑄 −∑

𝑖

𝜃𝑖 (
𝑥𝑖

ℎ𝑖

− 𝑃max)

−∑

𝑖

𝜆𝑖(−𝑥𝑖 + 𝐼 × SNRmin +∑
𝑗 ̸=𝑖

𝑥𝑗)

− 𝜇(∑

𝑖

𝑥𝑖 − 𝑃𝑆)

= 𝑄 −∑

𝑖

(
𝜃𝑖

ℎ𝑖

+ 𝜇 − 𝜆𝑖 + SNRmin∑
𝑗 ̸=𝑖

𝜆𝑗)𝑥𝑖

+ Const,

(10)

where 𝜇, 𝜆𝑖, and 𝜃𝑖 are the parameters of Lagrange formula-
tion.

Then, the first-order derivative of 𝐿 is

𝜕𝐿

𝜕𝑥𝑖

= 0 →

𝜃𝑖

ℎ𝑖

+ 𝜇 − 𝜆𝑖 + SNRmin∑
𝑗 ̸=𝑖

𝜆𝑗 =
𝜕𝑄

𝜕𝑥𝑖

.

(11)

Note that 𝑃𝑆 is on all the users, so the value of 𝜇 is
common to all the users.We can classify all𝑁 users into three
disjoint groups according to the binding constraints, that is,
depending on the values of 𝜆𝑖 and/or 𝜃𝑖.

Definition 2. Group 1: 𝐺1 = {𝑖 | 𝜆𝑖 > 0}, which is equally
defined as 𝐺1 = {𝑖 | SNR𝑖 = SNRmin}; Group 2: 𝐺2 = {𝑖 |
𝜆𝑖 = 0, 𝜃𝑖 = 0}, which is equally defined as 𝐺2 = {𝑖 | SNR𝑖 >
SNRmin, 𝑃𝑖 < 𝑃max}; Group 3: 𝐺3 = {𝑖 | 𝜆𝑖 = 0, 𝜃𝑖 > 0}, which
is equally defined as 𝐺3 = {𝑖 | SNR𝑖 > SNRmin, 𝑃𝑖 = 𝑃max}.

Remark 3. In consideration of EMI andQoS requirements, all
of the users cannot violate the constraints of EMI and QoS.
Group 1 represents the set of users who are at the verge of
violating QoS constraint; Group 3 represents the set of users
who are at the verge of violating EMI constraint; Group 2
represents the set of users who are not at the verge of violating
any constraint.

5. Algorithms of Solving
Optimization Problems

In the following, we first derive the general structure of the
optimal solution to the problems with objectives 𝑄1 and 𝑄2,
respectively.Then, we address the specific algorithms to solve
the optimization problems.

5.1. Solutions to the Optimal Problem with Objective 𝑄1

Lemma 4. One has sign(𝜕𝑄1/𝜕𝑥𝑖 −𝜕𝑄1/𝜕𝑥𝑗) = sign(𝑥𝑖 −𝑥𝑗),
where sign(𝑥) represents the sign of 𝑥.

Proof. Given

𝜕𝑄1

𝜕𝑥𝑖

=
1

𝐼 + ∑
𝑁
𝑘=1,𝑘 ̸=𝑖 𝑥𝑘

−

𝑁

∑

𝑚=1,𝑚 ̸=𝑘

𝑥𝑚

(𝐼 + ∑
𝑁
𝑘=1,𝑘 ̸=𝑚 𝑥𝑘)

2
, (12)

we have

𝜕𝑄1

𝜕𝑥𝑖

−
𝜕𝑄1

𝜕𝑥𝑗

= (𝐼 +

𝑁

∑

𝑘=1,𝑘 ̸=𝑖

𝑥𝑘)

⋅
{

{

{

1

(𝐼 + ∑
𝑁
𝑘=1,𝑘 ̸=𝑖 𝑥𝑘)

2
−

1

(𝐼 + ∑
𝑁
𝑘=1,𝑘 ̸=𝑗 𝑥𝑘)

2

}

}

}

.

(13)

If 𝑥𝑖 ≤ 𝑥𝑗, we have 𝜕𝑄1/𝜕𝑥𝑖 − 𝜕𝑄1/𝜕𝑥𝑗 ≤ 0; otherwise,
𝜕𝑄1/𝜕𝑥𝑖 − 𝜕𝑄1/𝜕𝑥𝑗 < 0. So sign(𝜕𝑄1/𝜕𝑥𝑖 − 𝜕𝑄1/𝜕𝑥𝑗) =
sign(𝑥𝑖 − 𝑥𝑗).

Lemma 5. For an optimum solution, the number of users in
group 𝐺2 is at most one.

Proof. Suppose that we can find two users 𝑖 and 𝑗 in group
𝐺2 which can lead to the optimum x∗; then, 𝜕𝑄1/𝜕𝑥

∗
𝑖 =

𝜕𝑄1/𝜕𝑥
∗
𝑗 = 𝜇 + ∑𝑗∉𝐺2

𝜆𝑗 given Definition 1.
Let x𝜖 = {𝑥∗1 , . . . , 𝑥

∗
𝑖 +𝜖, . . . , 𝑥

∗
𝑗 −𝜖, . . . , 𝑥𝑁}; then,𝑄1(x

𝜖
)−

𝑄1(x
∗
) = ∫

𝜖

0
(𝜕𝑄1/𝜕𝜖0)𝑑𝜖0 > 0, since 𝜕𝑄1/𝜕𝜖0 = (𝜕𝑄1/𝜕𝑥𝑖 −

𝜕𝑄1/𝜕𝑥𝑗)|x=x𝜖0 > 0 for any 0 ≤ 𝜖0 ≤ 𝜖. 𝑄1(x
𝜖
) > 𝑄1(x

∗
) is in

contradiction with the fact that x∗ is the optimum of𝑄1.

Theorem 6. When the number of users in 𝐺2 is zero, then, we
can restrict our attention of an optimal solution to the following
cases without losing optimality: any user 𝑗 ∈ 𝐺3 has a better
channel condition than any user 𝑖 ∈ 𝐺1 if 𝑃𝑖 < 𝑃max; that is,
ℎ𝑖 < ℎ𝑗 for 𝑗 ∈ 𝐺3 and 𝑖 ∈ 𝐺1 with 𝑃𝑖 < 𝑃max.

Proof. When the number of users in𝐺2 is zero, then, any user
belongs to𝐺1 or𝐺3. Suppose user 𝑗 ∈ 𝐺3 and 𝑖 ∈ 𝐺1 with𝑃𝑖 <
𝑃max, and x∗ = {𝑥∗1 , . . . , 𝑥

∗
𝑖 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑁} is the optimum.

One has 𝜕𝑄1/𝜕𝑥
∗
𝑖 − 𝜕𝑄1/𝜕𝑥

∗
𝑗 = −𝜃𝑗/ℎ𝑗 − (1 + SNRmin)𝜆𝑖 < 0.

By Lemma 4, we have 𝑥∗𝑖 < 𝑥
∗
𝑗 .

Let x∗∗ = {𝑥
∗
1 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑖 , . . . , 𝑥

∗
𝑁}, that is; we

exchange the position of 𝑖th and 𝑗th items of x∗. Assume
ℎ𝑖 ≥ ℎ𝑗. Since 𝑥

∗
𝑖 < 𝑥

∗
𝑗 and 𝑄1(x

∗∗
) = 𝑄1(x

∗
), we know

that x∗∗ is also an optimal solution to problem (6). However,
x∗∗ has a user 𝑗 who belongs to 𝐺2. Thus, the assumption of
ℎ𝑖 ≥ ℎ𝑗 leads to a contradiction.
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Theorem7. When the number of users in𝐺2 is 1, the userswith
worse channel condition than the users in𝐺2must belong to𝐺1;
that is, any user 𝑖 with ℎ𝑖 < ℎ𝑗 given 𝑗 ∈ 𝐺2 satisfies 𝑖 ∈ 𝐺1.

Proof. Suppose that x∗ = {𝑥∗1 , . . . , 𝑥
∗
𝑖 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑁} is the

optimum. Consider users 𝑗 ∈ 𝐺3 and 𝑖 ∈ 𝐺2. One has
𝜕𝑄1/𝜕𝑥

∗
𝑖 − 𝜕𝑄1/𝜕𝑥

∗
𝑗 = −𝜃𝑗/ℎ𝑗 < 0. By Lemma 4, we have

𝑥
∗
𝑖 < 𝑥
∗
𝑗 .

Assume ℎ𝑖 ≥ ℎ𝑗. Following the same way as that used in
the proof ofTheorem 6, by exchanging the position of 𝑖th and
𝑗th items of x∗, we can find an optimum x∗∗ with two users
who belong to 𝐺2. Thus, the assumption of ℎ𝑖 ≥ ℎ𝑗 leads to a
contradiction.

All of users in𝐺3 have a better channel condition than the
user in 𝐺2. Thus, if a user 𝑘 with ℎ𝑘 < ℎ𝑖, given 𝑖 ∈ 𝐺2, then,
user 𝑘 belongs to 𝐺1.

Theorem 8. When the number of users in 𝐺2 is 1, we can
restrict our attention of an optimal solution to the following
cases without losing optimality: all the users with better channel
condition than the user in 𝐺2 belong to 𝐺3; that is, any user 𝑖
with ℎ𝑖 > ℎ𝑗 given 𝑗 ∈ 𝐺2 satisfies 𝑖 ∈ 𝐺3.

Proof. Refer to Theorem 7.

Remark 9. The optimal solution to the problem with 𝑄1
implies a greedy policy: the user 𝑖 with better channel
conditions (a higher ℎ𝑖) is allocated to 𝑃max (in group𝐺3), the
user 𝑖 with worse channel conditions (a lower ℎ𝑖) is allocated
to a level of power which can only meet the minimal QoS (in
group 𝐺1), and the number of users in 𝐺2 is at most one.

5.2. Solutions to the Optimal Problem with Objective 𝑄2

Lemma 10. One has sign(𝜕𝑄2/𝜕𝑥𝑖 − 𝜕𝑄2/𝜕𝑥𝑗) = − sign(𝑥𝑖 −
𝑥𝑗), where sign(𝑥) represents the sign of 𝑥.

Proof. Given

𝜕𝑄2

𝜕𝑥𝑖

= 𝑄2 {
1

𝑥𝑖

−

𝑁

∑

𝑚=1,𝑚 ̸=𝑖

1

(𝐼 + ∑
𝑁
𝑘=1,𝑘 ̸=𝑚 𝑥𝑘)

} , (14)

we have

𝜕𝑄2

𝜕𝑥𝑖

−
𝜕𝑄2

𝜕𝑥𝑗

=
1

𝑥𝑖 (𝐼 + 𝑥𝑖)
−

1

𝑥𝑗 (𝐼 + 𝑥𝑗)
. (15)

If 𝑥𝑖 ≤ 𝑥𝑗, we have 𝜕𝑄2/𝜕𝑥𝑖 − 𝜕𝑄2/𝜕𝑥𝑗 ≥ 0; otherwise,
𝜕𝑄2/𝜕𝑥𝑖 − 𝜕𝑄2/𝜕𝑥𝑗 > 0. So sign(𝜕𝑄2/𝜕𝑥𝑖 − 𝜕𝑄2/𝜕𝑥𝑗) =
− sign(𝑥𝑖 − 𝑥𝑗).

Theorem 11. For an optimum solution, if there are users in𝐺2,
their level of power at the receiving end should be the same. In
other words, if there are users 𝑖, 𝑗 ∈ 𝐺2, then 𝑥𝑖 = 𝑥𝑗.

Proof. Consider users 𝑖, 𝑗 ∈ 𝐺2. We have 𝜕𝑄2/𝜕𝑥𝑖 =

𝜕𝑄2/𝜕𝑥𝑗 = 𝜇 + SNRmin∑𝑘∈𝐴1 𝜆𝑘. So 𝑥𝑖 = 𝑥𝑗 by Lemma 10.

Theorem 12. Except for the case when all the users’ powers at
the receiving end 𝑥𝑖 (𝑖 = 1, 2, . . . , 𝑁) are the same, if there are
users in 𝐺1, then these users should be allocated the maximal
transmit power, that is, 𝑃max.

Proof. Suppose that x∗ = {𝑥∗1 , . . . , 𝑥
∗
𝑖 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑁} is the

optimum. Consider users 𝑖 ∈ 𝐺1 and 𝑗 ∉ 𝐺1. Assume
𝑃𝑖 < 𝑃max. Then, we have 𝜕𝑄2/𝜕𝑥𝑖 − 𝜕𝑄2/𝜕𝑥𝑗 < 0, and thus
𝑥𝑖 > 𝑥𝑗 by Lemma 10. However, from the monotonicity of
SNR equation shown in (3), we have SNR𝑖 = SNRmin > SNR𝑗
which is a contradiction. Thus, we have 𝑃𝑖 = 𝑃max.

Theorem 13. Except for the case when all the users’ powers at
the receiving end 𝑥𝑖 (𝑖 = 1, 2, . . . , 𝑁) are the same, there can be
at most one user in 𝐺1 and that user is with the worst channel
condition ℎ𝑖. In other words, the number of users in 𝐺1 is at
most 1, and ℎ𝑖 is lowest if 𝑖 ∈ 𝐺1.

Proof. Suppose that x∗ = {𝑥∗1 , . . . , 𝑥
∗
𝑖 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑁} is the

optimum. Assume that there are two users 𝑖, 𝑗 ∈ 𝐺1 with ℎ𝑖 >
ℎ𝑗. By Theorem 12, 𝑃𝑖 = 𝑃𝑗 = 𝑃max. So we have 𝑥𝑖 > 𝑥𝑗, and
SNR𝑖 > SNR𝑗 from themonotonicity of SNR equation, which
is a contradiction with SNR𝑖 = SNR𝑗 = SNRmin. So there is
at most one user in 𝐺1.

Theorem 14. For an optimum solution, if there exists user 𝑖 in
𝐺3, then 𝑥𝑖 should be less than 𝑥𝑗 for any user 𝑗 ∈ 𝐺2.

Proof. Suppose that x∗ = {𝑥∗1 , . . . , 𝑥
∗
𝑖 , . . . , 𝑥

∗
𝑗 , . . . , 𝑥

∗
𝑁} is the

optimum. Consider users 𝑖 ∈ 𝐺3 and 𝑗 ∈ 𝐺2. One has
𝜕𝑄2/𝜕𝑥

∗
𝑖 − 𝜕𝑄2/𝜕𝑥

∗
𝑗 = 𝜃𝑗/ℎ𝑗 > 0. By Lemma 10, we have

𝑥
∗
𝑖 < 𝑥
∗
𝑗 .

Remark 15. The optimal solution to the problem with 𝑄2
implies a fair policy: the user 𝑖with worse channel conditions
(a lower ℎ𝑖) is allocated to 𝑃max (in group𝐺1 or𝐺3); the user 𝑖
with better channel conditions (a higher ℎ𝑖) is allocated to the
same level of power at the receiving end 𝑥𝑖, which is higher
than 𝑥𝑗 of user 𝑗, who is with lower priority (a lower ℎ𝑗).

5.3. Algorithms of Solving the Optimization Problem

Theorem 16. For problem of (6), without losing optimality, we
can focus our attention on an optimal power allocation vector
to the following form: P∗ = {𝑃max, . . . , 𝑃max, 𝑃𝑇, 𝑃𝑇+1, . . . , 𝑃𝑁},
where 𝑇 is an integer and 1 ≤ 𝑇 ≤ 𝑁; 0 ≤ 𝑃𝑇 ≤ 𝑃max; SNR𝑖 =
SNRmin for any 𝑇 < 𝑖 ≤ 𝑁.

Proof. Refer to Remark 3 andTheorems 6 to 8.

FromTheorem 16, an optimal solution to problem (6) can
be found as follows. Partition the users into two classes: 𝑇
low-priority users and (𝑁 − 𝑇) high-priority users, based
on their channel conditions ℎ𝑖 (𝑖 = 1, 2, . . . , 𝑁) (a user
in a better channel condition, i.e., a larger value of ℎ𝑖, is
allocated a higher priority). For each of the 𝑁 + 1 possible
ways of partitioning users, allocate the power in the following
way. Allocate 𝑃max to all high-priority users while the power
is allocated to all low-priority users just to meet the QoS
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Ensure: 0 ≤ 𝑃𝑖 ≤ 𝑃max, SNR𝑖 ≥ SNRmin,
∑𝑖 𝑃𝑖ℎ𝑖 ≤ 𝑃𝑆

Initialize P0= {𝑃max, . . . , 𝑃max, 0, 0, . . . , 0}

𝑇 = 1

𝑢 = 𝑃maxℎmin (ℎmin = min𝑖{ℎ𝑖})
𝑄1 = 0

while 1 ≤ 𝑇 ≤ 𝑁 do
whilemin𝑖{SNR𝑖} ≥ SNRmin do
𝑄 = ∑𝑖 SNR𝑖
if 𝑄 > 𝑄1 then
𝑄1 = 𝑄

P𝑇 = 𝑢/ℎ𝑇 and update P
end if
𝑢 = 𝑢 − Δ𝑃

end while
𝑇 = 𝑇 + 1

end while
Output the result of 𝑄1 and P

Algorithm 1: Algorithm of solving optimization problem (6).

requirement, that is, SNRmin. Optimize the objective with
respect to the variable 𝑇, subject to the constraints of (6).
Evaluate the objective and compare the values of objective for
each possible partitioning rule. Pick𝑇 that yield the optimum
by increasing 𝑢 at a step of Δ𝑃. The specific algorithm is
shown in Algorithm 1.

Remark 17. Algorithm 1 solves the problem of (6) within the
running time of 𝑂(𝑁𝐾) where 𝐾 = ⌈𝑃maxℎmin/Δ𝑃⌉ and
ℎmin = min𝑖{ℎ𝑖}.

Remark 18. Exploratory search algorithms solve the problem
of (6) within the running time of 𝑂(𝐾𝑁) where 𝐾 =

⌈𝑃maxℎmin/Δ𝑃⌉.

Theorem 19. For problem of (7), without losing optimality, we
can focus our attention on an optimal power allocation vector
to the following form: P∗ = {𝑃1, . . . , 𝑃𝑇, 𝑃max, . . . , 𝑃max}, where
𝑇 is an integer and 1 ≤ 𝑇 ≤ 𝑁; 0 ≤ 𝑃𝑇 ≤ 𝑃max; 𝑥1 = 𝑥2 = ⋅ ⋅ ⋅ =
𝑥𝑇 ≥ 𝑥𝑇+1 = 𝑃maxℎ𝑇+1.

Proof. Refer to Remark 3 andTheorems 11 to 14.

FromTheorem 19, an optimal solution to problem (7) can
be found as follows. Partition the users into two classes: 𝑇
low-priority users and (𝑁 − 𝑇) high-priority users, based on
their channel conditions ℎ𝑖 𝑖 = 1, 2, . . . , 𝑁. For each of the
𝑁 + 1 possible ways of partitioning users, allocate the power
in the following way. Allocate 𝑃max to all low-priority users
while the power is allocated among high-priority users to
ensure that their 𝑥𝑖 (𝑖 = 𝑇 + 1, . . . , 𝑁) is the same (𝑥𝑖 =
𝑢 (𝑖 = 𝑇 + 1, . . . , 𝑁)) and higher than 𝑃maxℎ𝑗 (𝑗 = 1, . . . , 𝑇).
Optimize the objective with respect to two variables 𝑇 and
𝑢, subject to all the constraints. Evaluate the objective and
compare the values of objective for each possible partitioning
rule. Pick 𝑇 and 𝑢 that yield the optimum by increasing 𝑢 at
a step of Δ𝑃. The specific algorithm is shown in Algorithm 2.

Ensure: 0 ≤ 𝑃𝑖 ≤ 𝑃max, SNR𝑖 ≥ SNRmin,
∑𝑖 𝑃𝑖ℎ𝑖 ≤ 𝑃𝑆

InitializeP = {0, . . . , 0, 𝑃max, . . . , 𝑃max}

𝑇 = 1

𝑢 = 0

𝑄2 = 0

while 1 ≤ 𝑇 ≤ 𝑁 do
while 𝑢 ≤ 𝑃maxℎmin (ℎmin = min𝑖{ℎ𝑖}) do
𝑄 = ∑𝑖 SNR𝑖
if 𝑄 > 𝑄2 then
𝑄2 = 𝑄

P𝑇 = 𝑢/ℎ𝑇 and update P
end if
𝑢 = 𝑢 + Δ𝑃

end while
𝑇 = 𝑇 + 1

end while
Output the result of 𝑄2 and P

Algorithm 2: Algorithm of solving optimization problem (7).

Remark 20. Algorithm 2 solves the problem of (7) within the
running time of 𝑂(𝑁𝐾) where𝐾 = ⌈𝑃maxℎmin/Δ𝑃⌉.

Remark 21. Exploratory search algorithms solve the problem
of (7) within the running time of 𝑂(𝐾𝑁) where 𝐾 =

⌈𝑃maxℎmin/Δ𝑃⌉.

6. Simulation Results

We collect the Internet-of-vehicles data from [26], in which
a transmit-receive pair of mobile users is represented by a
connection of network. In the following simulation, we set 50
nodes in the vehicle network, each node using amobile phone
with a probability of 0.1. Please note that 50 mobile terminals
can produce EMI impact onmedical devices at the same time
in a densely populated city. Also we set the average distance
between mobile users as 8 meters. Each of the users can
move at a speed of 10m/s (36 km/h) in an arbitrary direction.
We clarify the model of channel characteristics in Section 5.1
and perform 100000 Matlab-based runs in the experiment to
address the results. The levels of EMI 𝐸LS or 𝐸NLS (see (1) and
(2)) are normalized to unity in the simulation.

6.1. Characteristics of Channel Models. We firstly select a few
typical empirical channel models for simulation, and these
models are presented in ITU-R recommendation M.1225
[25]. The ITU-R M.1225 model can be applied under the
scenarios of mobile hospitals outside the high-rise core of
urban areas, in which the height of buildings is almost
uniform [25]. Mathematically, the channel characteristics 𝐿
can be addressed as

𝐿 = 40 (1 − 4 × 10
−3
Δℎ) log𝐷 − 18 logΔℎ + 21 log 𝑐

+ 80,

(16)

where 𝐷[km] refers to the distance between base station
and mobile terminals; 𝑐[MHz] is the frequency of carriers;
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Figure 2: The figure illustrates the change of SNR with various sizes of networks 𝑁 (objective of 𝑄1 versus objective of 𝑄2). (a) Average
level of SNR; (b) standard deviation of SNR. Green line with “I” represents the problem with objective 𝑄1; blue line with “” represents the
problem with objective 𝑄2.

ℎ[m] refers to the height of antenna at the base station; and
the height is measured from an average roof-top level.

The authors in [25] characterize each terrestrial environ-
ment as a channel impulse response by using tapped-delay
lines. Specifically, the model is composed of quite a few taps:
the time delay is determined by the first tap; the average level
of power is determined by the strongest tap. Table 1 addresses
the propagation model for all of vehicular experiment cases.
In each of these cases, Table 1 lists the strength of signals,
the relative time delay, and Doppler shift. Specifically, the
primary parameters of characterizing propagationmodels are

(i) time delay: the structure of spread, and its probability
distribution;

(ii) multipath fading characteristics: Doppler spectrum
in Rician channels versus in Rayleigh channels.

6.2. QoS in the Network of Mobile Hospital. In this section,
we address the average level of SNR in a network of mobile
hospital as well as the difference among individual SNR
levels with different objectives of optimizing QoS. Also
we investigate how the parameters of network size 𝑁, the
maximal possible transmit power 𝑃max, and the power of
noise 𝐼 can impact the SNR level.

We set 𝑃max = 1 and 𝐼 = 10. It is observed from
Figure 2 that the optimization problem with objective𝑄1 can
achieve a higher level of average SNR than that with objective
𝑄2, while the latter can achieve a much lower level of SNR
difference among users. This is because the optimal solution
to the problem with 𝑄1 implies a greedy policy: the users
in better channel conditions (i.e., the users with a higher
ℎ𝑖) are allocated to 𝑃max while the users in worse channel

Table 1: Parameters of propagationmodels in ITU-R recommenda-
tion M.1225 [25].

Tap Relative
delay (ns)

Average
power (dB)

Doppler
spectrum

1 0 0.0 Rayleigh
2 310 −1.0 Rayleigh
3 710 −9.0 Rayleigh
4 1090 −10.0 Rayleigh
5 1730 −15.0 Rayleigh
6 2510 −20.0 Rayleigh

conditions are allocated to a low level of power which can
only meet the minimal level of QoS. However, the optimal
solution to the problemwith𝑄2 implies a fair policy: the users
inworse channel conditions (i.e., the users with a lower ℎ𝑖) are
allocated to 𝑃max. Thus, the difference of SNR among users
with objective 𝑄2 is much lower than that with objective 𝑄1.

We set 𝑁 = 50. It is observed from Figure 3 that the
optimization solution is influenced by both the parameters of
𝑃max and 𝐼.With the increase of𝑃max, the average level of SNR
increases first and then decreases, suggesting that there is a
threshold of 𝑃max beyond which noise has a more significant
impact on SNR than signal does. Unsurprisingly, with the
increase of 𝐼 (i.e., the decrease of 1/𝐼), the value of SNR also
decreases. However, the impact of high values of 𝐼 (low values
of 1/𝐼) on the SNR decreases significantly as the 𝐼 increases
suggesting that there is a threshold of noise power 𝐼 below
which additional increase of average level of SNR ceases to be
advisable.
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Figure 3: The figure illustrates the change of SNR with parameters of 𝑃max and 𝐼 (objective of 𝑄1 versus objective of 𝑄2). (a) Average level
of SNR versus 𝑃max; (b) average level of SNR versus 𝐼. Green line with “I” represents for the problem with objective 𝑄1; blue line with “”
represents for the problem with objective 𝑄2.
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Figure 4: The figure illustrates the convergence rate with parameters of network size𝑁 and 𝑃max (objective of 𝑄1 versus objective of 𝑄2). (a)
Convergence rate versus𝑁; (b) convergence rate versus 𝑃max. Green line with “I” represents for the problem with objective𝑄1; blue line with
“” represents for the problem with objective 𝑄2.

6.3. Convergence of Optimization Algorithms. In this section,
we address the convergence rate of our optimization algo-
rithms by investigating how the parameters of network size
𝑁 and the maximal possible transmit power 𝑃max can impact
the convergence rate.

It is observed from Figure 4 that the algorithm for the
problem with objective 𝑄2 quickly converges to the optimal
solution, while the algorithm for the problem with objective
𝑄1 converges to the optimal solution at a low rate. Indeed, the
former can reach the optimum after 3.4×104 iterations, while
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Figure 5: The figure illustrates the distribution of users in each group with network size 𝑁. (a) Distribution of users with objective 𝑄1;
(b) distribution of users with objective 𝑄2. Green line with “I” represents the percentage of users in 𝐺1; red line with “⬦” represents the
percentage of users in 𝐺2; blue line with “” represents the percentage of users in 𝐺3.

the latter convergence appears after 2.3×104 iterations under
a network of mobile hospital at a scale of 50.

6.4.Distribution ofUsers amongThreeGroups. In this section,
we present the distribution of users among three groups at the
optimum and investigate the impact of optimization policies
(the objectives of optimization problems) on the distribution.

It is observed from Figure 5 that the distribution of users
in three groups is quite different for the objective of 𝑄1 and
𝑄2. In the optimal solution to the problem with objective𝑄1,
the percentage of users in𝐺1 increases dramatically while the
percentage of users in𝐺3 decreases dramatically with the rise
of𝑁.The percentage of users in𝐺2 is close to 0. In the optimal
solution to the problem with objective 𝑄2, the percentage of
users in 𝐺2 increases dramatically while the percentage of
users in 𝐺3 decreases dramatically with the rise of 𝑁. The
percentage of users in 𝐺1 is close to 0.

In the results for both objectives 𝑄1 and 𝑄2, the per-
centage of users in 𝐺3 decreases with the rise of 𝑁. In other
words, the base station starts to reduce the transmit power
of most users. This is because a large number of users can
lead to a great amount of interference to any user and thus
the base station must decrease the transmit power to reduce
the interference within the whole network.

7. Conclusion

We consider the setting of optimizing QoS in a network of
mobile hospital, in which a user receives both signal from
base station and the noise from the other users.With the QoS

metric (i.e., SNR), we study the optimization of QoS within
the whole network and propose a novel algorithm to allocate
the transmit power for themaximumof SNR. Some of the key
inferences drawn are

(i) the problems with two proposed objectives can yield
to two policies of optimizing QoS: a greedy policy is
optimal to maximize the sum of SNR of each user,
whereas a fair policy is optimal to maximize the
product of SNR of each user;

(ii) proposed SNR optimization algorithm can achieve
the optimum within a running time which linearly
increases with the size of network𝑁;

(iii) the analysis on SNR optimization shows the partition
of users into three groups with certain features and
how the parameters of network impact the distribu-
tion of users among these groups.

Wewould also like to extend our results to a setting which
contains multiple priorities of users, and, in such a setting,
a few users in the higher priority may have more rigorous
QoS requirements than low-priority users. Also we would
like to investigate how to design QoS-optimization policies
under a setting when users are noncooperative and each user
may reject the allocation of transmit power with a certain
probability.
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