
IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 68, NO. 5, MAY 2019 5017

Dynamic Resource Allocation for LTE-Based
Vehicle-to-Infrastructure Networks

Jianfeng Shi , Student Member, IEEE, Zhaohui Yang , Student Member, IEEE, Hao Xu , Student Member, IEEE,
Ming Chen, Member, IEEE, and Benoit Champagne , Senior Member, IEEE

Abstract—This paper studies the dynamic resource allocation
(DRA) problem for LTE-based vehicle-to-infrastructure networks,
where the goal is to minimize the total power consumption (TPC)
in the downlink, subject to both power constraints and rate re-
quirements. Under time-varying channel conditions, the TPC min-
imization takes the form of a discrete-time sequence of NP-hard
combinational optimization problems. To solve these sequential
problems, we propose a novel two-stage algorithm, named as DRA
and precoding algorithm (DRA-Pre). In the first stage, the resource
allocation problem (i.e., pairing of vehicle users to roadside units,
and subcarrier allocation) is solved by applying the multi-value
discrete particle swarm optimization method. This approach takes
advantage of the channel correlation by exploiting the relationship
between resource allocation solutions in adjacent time slots, which
can improve the TPC performance. In the second stage, the precod-
ing design problem is solved by a low-complexity algorithm, where
the original problem is split into two subproblems, i.e., a rate max–
min subproblem and a TPC minimization subproblem. Simulation
results show that the proposed algorithm converges rapidly and
significantly outperforms benchmark approaches in terms of TPC.

Index Terms—Dynamic resource allocation, LTE-based V2I net-
works, mutlivalue discrete particle swarm optimization (MDPSO),
multi-antenna transceiver.

I. INTRODUCTION

V EHICULAR networking is one of the key technologies
underlying the implementation of intelligent transporta-

tion systems (ITS) [1]. While WAVE (IEEE 802.11p) is a pop-
ular wireless access technology that can provide the required
radio interface, it suffers from a number of drawbacks, including
poor scalability, low capacity and intermittent connectivity [2].
Hence, LTE-based wireless vehicular networking has attracted
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great attention from both academia and industry [2], [3]. In
general, LTE-based vehicular networks encompass four differ-
ent types of communication scenarios: vehicle-to-infrastructure
(V2I), vehicle-to-network (V2N), vehicle-to-vehicle (V2V), and
vehicle-to-pedestrian (V2P). On the one hand, due to the wide
deployment of existing LTE networks, V2I and V2N commu-
nications can provide high data rate, comprehensive quality of
service (QoS) support, ubiquitous coverage, and high penetra-
tion rate. On the other hand, V2V and V2P communications over
shorter distances can be realized by means of device-to-device
(D2D) techniques [3].

In LTE-based V2I networks, vehicle user equipments (VUEs)
exchange information with roadside units (RSUs), while all
RSUs are connected to the eNodeB (eNB) via high speed and
low-latency links. Compared with IEEE 802.11p, LTE-based
V2I networks inherit the advantages of LTE, including support
of V2I, high mobility, robustness to congestion, higher multi-
plexing capacity, wider coverage and flexible resource manage-
ment [2], [4].

Despite these remarkable advantages, several technical chal-
lenges remain for LTE-based vehicular networks [5]–[7].
Specifically:

1) satisfying stringent reliability and low latency to guarantee
a better user experience;

2) designing efficient resource allocation schemes to meet
diverse requirements in terms of bandwidth, power con-
sumption, energy efficiency, etc.;

3) implementing data-centric trust and verification mecha-
nisms to protect the network from in-transit traffic tam-
pering and other security threats or attacks;

4) ensuring a trade-off among authentication, privacy, and
liability when the network has to disclose user information
to governing authorities.

The need for efficient solutions to these challenges is pressing,
especially in light of the tremendous and swift increase in V2I
data traffic predicted over the coming years [8]. Accordingly,
in this paper, we focus on the problem of dynamic resource
allocation in high mobility1 environments for LTE-based V2I
networks.

1The high mobility of the VUEs poses major challenges from both perspec-
tives of system design and implementation. For instance, the high speed poses
stringent requirements on resource allocation and other network functions such
as hand-off. Accordingly, research studies with special consideration of high
mobility have received considerable attention from both industry and academia
in recent years [9], [10].
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A. Related Work

In [11], a joint spectrum access and power allocation problem
was formulated, aiming to minimize the overall energy con-
sumption while maintaining a given QoS in V2I uplink com-
munications. A heuristic algorithm based on greedy strategy
and the bisection method was then applied to tackle the ensuing
mixed-integer non-linear problem (MINLP). Considering a sim-
ilar system model, the authors in [12] addressed the channel al-
location problem with the objective of maximizing system-wide
throughput while maintaining QoS and latency requirements. To
solve the resulting mixed-integer linear programming (MILP)
problem, an interference-aware high-throughput channel allo-
cation mechanism was proposed. With the same objective, a re-
source allocation problem was investigated in [13] while taking
into account the interference between directional transmission
beams. Based on the modified iterative water-filling, an itera-
tive resource allocation method was proposed, while a heuristic
scheme was devised to reduced the complexity.

The resource allocation problem was studied in [14]–[16] by
considering two kinds of connections, i.e. V2V and V2I, con-
currently. Specifically, in [14], a subchannel allocation method
was proposed to increase the amount of spatial reuse of cellu-
lar radio resources. In addition, a power control scheme was
devised to guarantee the transmission rate for every V2V link
while minimizing the desired transmission power at each VUE.
A resource allocation problem aiming to maximize the sum ca-
pacity of the V2I links was investigated in [15]. The authors
developed a low-complexity algorithm to tackle the MINLP and
obtained the optimal spectrum sharing strategy among V2I and
V2V links, while properly adjusting their transmitting pow-
ers. Based on [15], the authors in [16] further formulated a
optimization problem to maximize the ergodic capacity only
based on partial channel state information and proposed robust
algorithms.

While addressing different resource allocation problems for
cellular networks (as opposed to the V2I network model under
consideration here), an interesting body of recent works has fo-
cused on the application of discrete particle swarm optimization
(DPSO) [17]–[20]. Specifically, in [17], [18], the allocation of
subcarrier and transmit power among mobile stations (MS) in a
cooperative cellular network was formulated as the maximiza-
tion of an average utility function. Multi-value DPSO (MDPSO)
was then proposed as an evolutionary algorithm to solve the re-
sulting NP-hard combinatorial problem, making it possible to
exploit correlation of radio parameters between adjacent frames.
In [19], [20], the authors investigated the problem of load balanc-
ing, where the aim is to maximize the QoS of a multi-cell cloud
radio access network (CRAN) via the mapping of remote radio
heads (RRH) to baseband units (BBU). DPSO was applied to
solve the RRH allocation and provided better performance than
the genetic and exhaustive search algorithms.

B. Motivation and Contributions

The above mentioned works [11]–[16] only consider the case
of single antenna. Yet, with the growth evolution of antenna tech-
nology, it is now favorable and in fact highly desirable to equip

the VUE and RSU with multiple antennas. Although some prob-
lems were studied in the case of multi-antenna (e.g., beam and
power allocation [21] and cooperative multiple-input multiple-
output (MIMO) scheme selection [22]), they are quite different
from our work. In addition, majority of the existing literature on
resource allocation in vehicular networks consider this problem
from a static optimization respective. In other words, when the
radio channel conditions change over time, these resource allo-
cation algorithms regard the changes as defining a brand new
problem that must be solved from scratch, without considering
the relationship between the different time slots. Intuitively, it
should be possible to reduce algorithm complexity and improve
the system performance significantly by exploiting knowledge
available from the previous time slot. Besides, escalating en-
ergy consumption is a key issue for service providers and net-
work operators as it may represent a significant portion of their
operating costs. Accordingly, the notion of energy efficient, or
green communications will play a central role in defining future
generations of wireless network [23]. Hence, to address these
challenges, this paper considers a multi-antenna case and study
the dynamic resource allocation problem to minimize the to-
tal power consumption (TPC) in LTE-based V2I downlink net-
works, satisfying per-RSU power constraints and VUEs’ rate
requirements.

Specifically, we formulate the allocation problem as a NP-
hard mixed integer-continuous variable optimization problem.
In particular, we present an extensive analysis in two stages:
dynamic resource allocation scheme based on MDPSO in the
first stage; low-complexity precoding design based on the La-
grangian dual method in the second stage. While several dy-
namic resource allocation schemes have been developed in [18],
[24], [25], with emphasis on LTE type networks, the problem in
our work is different and more difficult in terms of the system
model and design objectives. Due to major differences in net-
work configuration, vehicular user dynamics and service type
requirements in LTE-based V2I networks, these schemes can-
not be readily applied to obtain the solution to our problem.
For instance, the results from [18] cannot be applied directly
because we consider the precoding matrix at the RSU instead
of power allocation and focus on the V2I networks instead of
relay-aided cooperative OFDMA systems. Another important
limitations of existing approach in the V2I context is that they do
not attempt to exploit channel state information across multiple
time slots. Therefore, in this paper, we propose to tackle this NP-
hard mixed integer-continuous variable optimization problem
which we tackle via the application of MDPSO and optimization
theory.

The major contributions of our work are summarized as
follows:

1) Regarding the first stage, we characterize the relationship
between the resource allocation in adjacent time slots for
a time-varying radio environment. With given precoding
matrices, we propose an MDPSO-based dynamic resource
allocation algorithm that takes advantage of this relation-
ship and analyze its computational complexity. Simulation
results show that the proposed dynamic resource alloca-
tion algorithm converges rapidly.
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TABLE I
LIST OF NOTATIONS

2) Regarding the second stage, we formulate and solve the
precoding problem with given resource allocation. This
problem is still non-convex because of rank constraints;
moreover, due to the conflicting nature of the power con-
straints and rate requirements, the precoding problem may
be infeasible. The rank constraint is addressed via a relax-
ation approach while to check feasibility, we divide the
precoding problem into a max-min rate problem and a
TPC minimization problem. If the obtained objective of
the former satisfies the rate requirement (i.e., the precod-
ing problem is feasible), we proceed to solve the latter.
Based on the Lagrangian dual method, we propose two
algorithms that allow us to solve subproblem in closed
form. Simulation results indicate that the proposed algo-
rithms possess good convergence performance.

3) By combining these two stages, we propose a dynamic
resource allocation and precoding algorithm (DRA-Pre)
to solve the TPC minimization problem in LTE-based V2I
downlink networks. Simulation results indicate that our
proposed DRA-Pre algorithm outperforms the benchmark
methods over a wide range of dynamic conditions for the
radio environment.

C. Organization

In Section II, we present the system model and formu-
late the TPC minimization problem. Section III develops an
MDPSO-based dynamic resource allocation algorithm with
given precoding matrix. Section IV proposes low-complexity
algorithms to solve the precoding design problem with fixed
resource allocation. Simulation results and discussions are
presented in Section V. Finally, Section VI concludes this
paper.

Notation: Uppercase and lowercase boldface denote matri-
ces and vectors, respectively. For a matrix A, [A]ij means the
(i, j)th element of A, respectively. (·)H and tr(·) denote Hermi-
tian transpose and trace operator, respectively. ‖A‖F, rank(A)

Fig. 1. Illustrative scenario of a (downlink) V2I network with one eNB, multi-
ple RSUs, and VUEs. All RSUs are connected to the eNB with high-bandwidth
dedicated links.

and |A| are the Frobenius-norm, rank value of A, and its deter-
minant. IN is the N ×N identity matrix. CN (a,B) is a circu-
larly symmetric complex Gaussian distribution with covariance
matrix B and mean vector a. For convenience, some important
symbols are listed in Table I.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we describe the adopted LTE-based V2I sys-
tem model and formulate the TPC optimization problem. The
key underlying assumptions assumptions are highlighted and
explained.

A. MIMO System Description

We consider a downlink LTE-based V2I network with one
eNodeB (eNB),K RSUs andM VUEs sharing a total number of
N subcarriers spanning a bandwidth W , as illustrated in Fig. 1.
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The RSUs, each equipped with Nt transmitting antennas, are
uniformly distributed on the side of the road. They are connected
to the eNB via high speed dedicated links (e.g., optical fiber),
allowing centralized cloud-based processing. The VUEs, each
equipped with Nr receiving antennas,2 are assumed to move in
the same direction for simplicity, but possibly at different speeds.

To simplify the analysis, we assume that near perfect channel
state information is available at the transmitters, as obtained
from efficient and accurate channel estimation methods such as
those proposed in [28], [29]. To avoid inter-VUE interference
and make the problem tractable, we assume that each VUE is
served by a single RSU, and that each subcarrier can be allocated
to at most one RSU-VUE pair. We further assume that every
VUE can be served by the network, which require N ≥ M .
However, no specific relationship is imposed between K and
M , which is suitable for practical scenarios.

The RSU-VUE pairing and subcarrier allocation scheme can
be conveniently represented by the following matrix,

X =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

a1 b1

...
...

an bn
...

...

aN bN

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
, an ∈ {0, 1, . . . ,K}, bn ∈ {0, 1, . . . ,M},

(1)

where the pair (an, bn) in the nth row signifies that the nth
subcarrier is assigned to the anth RSU and the bnth VUE. By
convention, if one of an or bn is equal to 0, the nth subcarrier is
not assigned. We define πn

km as the resource allocation indicator
variable deduced from X, i.e.,

πn
km =

{
1, if an = k and bn = m,

0, otherwise.
(2)

Let Vn
km ∈ CNt×Ns represent the precoding matrix used at

the kth RSU to send data symbol to the mth VUE on the nth
subcarrier. According to [30], the number of data streams for
each user is given by Ns = min{Nt, Nr}. The channel matrix
between the kth RSU and the mth VUE on the nth subcar-
rier is denoted by Hn

km ∈ CNr×Nt , where the corresponding
matrix entries, i.e. hn

km,ij = [Hn
km]ij , modeled as independent

random variables, account for both large-scale (i.e., path loss
and shadowing) and small-scale fading effects. Here, the path
loss is modeled as PLkm = 148.1 + 37.6 log10 dkm(dB) [31],
where dkm (in km) is the distance between the kth RSU and the
mth VUE. Shadowing is modeled using a log-normal distribu-
tion, with a standard deviation of 8 dB and zero mean. The log-
normal shadowing coefficient is with 8 dB standard derivation
and zero mean. The small-scale fading coefficients, denoted by
ξnkm,ij , follow the Rayleigh distribution with unit variance and
zero mean.

2Although we study a multi-antenna scenario in this work, we do not con-
sider multi-antenna issues such as the required number and configuration of the
antenna arrays [26] or inter-antenna interference due to mutual coupling [27].

B. Time-Varying Extension

In this work, we aim to investigate the resource allocation
problem in a dynamic scenario, where the temporal variations of
the channel matricesHn

km are taken into account. Specifically, it
is assumed that the radio channels remain constant within a short
time slot of duration Δt, but may change over consecutive time
slots, at a rate which depends on the VUEs’ mobility and possibly
other external factors. To emphasize this time dependence, we
specifically denote by Hn,l

km the channel matrix between the kth
RSU and m VUE on the nth subcarrier at time tl = lΔt, where
l ∈ {0, 1, 2, . . .} is the time slot index andΔt is the time interval.
In the same way, we use the superscript l to indicate the temporal
dependence of other quantities of interest, as in e.g., Xl.

Considering the dynamic nature of the channel state informa-
tion, we model the time-varying Raleigh coefficients as inde-
pendent first-order autoregressive processes [32], given by

ξn,lkm,ij = ρm(Δt)ξn,l−1
km,ij + en,lkm,ij ,

where ρm(Δt) is the channel autocorrelation function and
en,lkm,ij is the process noise sequence which is drawn from a
CN (0, 1 − ρm(Δt)2) distribution. According to Jakes model,
ρm(Δt) = J0(2πvmΔt/fc) where J0(·) is the zero-order
Bessel function of the first kind, fc is the wavelength at the
band mid-frequency and vm is the velocity of the mth VUE.

C. Achievable Data Rate and Power

At time slot l, the received signal of the mth VUE on the nth
subcarrier can be expressed as

zn,lm = Hn,l
kmVn,l

kmyl
m + nl

m, (3)

where yl
m ∈ CNs×1 is the transmitted data and nl

m represents
additive noise at VUE m, which follows a CN (0, σ2

mI) distri-
bution. Accordingly, the achievable data rate of the RSU-VUE
pair (k,m) on the nth subcarrier is given by

rn,lkm =
W

N
log
∣∣∣INr

+ σ−2
m Hn,l

kmVn,l
km(Vn,l

km)H(Hn,l
km)H

∣∣∣ , (4)

where log(·) is the base-2 logarithm.
Let Vl = {Vn,l

km, ∀m, k, n} denote the collection precoding
matrices.3 Thus, the achievable data rate of themth VUE at time
slot l is given by

Rl
m(Vl,Xl) =

K∑
k=1

N∑
n=1

πn,l
kmrn,lkm. (5)

Accordingly, the power consumption at the kth RSU is

P l
k(V,X) =

M∑
m=1

N∑
n=1

πn,l
km

∥∥∥Vn,l
km

∥∥∥
2

F
, (6)

while the total power consumption (TPC) of the network is
given by

P l
tot(V

l,Xl) =

K∑
k=1

P l
k, (7)

3Note that when πn
km = 0, the corresponding precoding matrix Vn

km needs
not be calculated explicitly.
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where P l
k = P l

k(V
l,Xl), i.e., the dependence on Vl and Xl is

omitted to simplify notations.

D. Problem Formulation

In this work, we approach the resource allocation problem
for LTE-based V2I downlink network from the perspective of
TPC minimization, under rate constraints. Mathematically, the
problem of interest is formulated as follows:

P1 : min
Xl,Vl

P l
tot (8)

s.t. C1:Rl
m ≥ Rmin, ∀m

C2:P l
k ≤ Pmax

k , ∀k
where Rmin is the minimum rate requirement of each VUE and
Pmax
k represents the power budget of thekth RSU. Clearly, Prob-

lem P1 represents a temporal sequence of NP-hard combinato-
rial optimization problems over time slot index l. Previous works
did not take into account the possible relationship between the
optimal solutions obtained at consecutive time slots and solved
each problem independently. However, in this paper, we seek to
obtain the optimal resource allocation and precoding schemes at
time slot l, as represented by Xl

opt and Vl
opt, by considering the

optimal solutions obtained at the previous time slot, i.e. Xl−1
opt

and Vl−1
opt.

To solve the dynamic optimization Problem P1 effectively,
we propose a novel two-stage algorithm. In the first stage, we
exploit the relationship of the optimal solution between different
time slots and develop a dynamic resource allocation algorithm
based on MDPSO with fixed precoding matrices. In the second
stage, we develop a low-complexity algorithm to obtain precod-
ing matrices based on the Lagrange dual method. By combining
these two stages, we arrive at the proposed DRA-Pre algorithm,
which allows to solve Problem P1 sequentially, as illustrated in
Fig. 2.

III. STAGE I: DYNAMIC RESOURCE ALLOCATION ALGORITHM

In this section, we investigate the dynamic resource alloca-
tion problem with given precoding matrices. Thus, for ease of
description, we omit V from the list of problem variables in
the following. To find the optimal resource allocation, an ex-
haustive search algorithm can be used. However, with K RSUs,
M VUEs and N subcarriers, the size of the search space is

N !
(N−M)!K

MMN−M , which is prohibitive. Hence, for practical
applications, we propose a suboptimal resource allocation algo-
rithm with reduced complexity based on MDPSO. In the fol-
lowing, we briefly review the MDPSO method and introduce a
distance metric between the optimal resource allocations in adja-
cent time slots. Then we introduce the proposed MDPSO-based
algorithm, along with a discussion of computational complexity.

A. Overview of MDPSO

Particle swarm optimization (PSO) was first developed as a
powerful iterative optimization method in [33], inspired by so-
cial behavior of bird flocking and fish schooling. MDPSO relies

Fig. 2. Overall flowchart of the proposed DRA-Pre algorithm.

on the use of multiple candidate solutions, called particles and
indexed by i ∈ {1, . . . , I}, where I is the swarm size. The state
or position of particle i is represented by a multi-value discrete
matrix χi. The “velocity” of particle i, denoted as Si, is used to
update its position at the next iteration. After each iteration, par-
ticle positions are mutated and ultimately, a particle is selected
which minimizes the cost or fitness function f(χi).

In particular, for Problem P1, the corresponding fitness func-
tion at a given time slot l is represented by

f(χi) = P l
tot(χi), (9)

where χi now represents a candidate RSU-VUE pairing and
subcarrier allocation, as per the convention in (1). At each time
slot, the iterative MDPSO is applied to search an optimal solu-
tion minimizing the fitness function (9), where τ ∈ {0, 1, 2, · · · }
denotes the iteration index. At iteration τ , particles i contains
the following information:
� Its velocity Sτ

i and position χτ
i .

� The best position pbestτ
′

i , which is the position χi out-
putting the best fitness value obtained by particle i hereto-
fore, i.e. for τ ′ ∈ {1, . . . , τ}.

� The global best position gbestτ , which is the particle po-
sition yielding the best fitness value among all particles so
far.

Note that the iterative procedure stops when a desired level
of accuracy or a maximum number of iteration is reached. We
point out that as a variant of PSO, the MDPSO algorithm has
been shown to outperform the other life emulating algorithms
(e.g., genetic algorithms) in terms of efficiency, convergence,
complexity [19], [20].

B. Distance Between Optimal Solutions in Adjacent Time Slots

The basic idea advocated here to solve the resource allocation
problem in a dynamic environment, is to use information from
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previous time slot to facilitate the MDPSO search at the current
time slot following a change in channel conditions [18]. This
can be achieved in the initialization stage of MDPSO at each
time slot by controlling the disperse of the particle on the basis
of the expected change in the optimal solution over time. To this
end, we need to introduce a measure of the anticipated distance
between the optimal resource allocation solutions obtained in
adjacent time slots.

In analogy with the Hamming distance, a simple measure
of the distance between the optimal solutions at current and
previous times l and l − 1 can be defined as

ΔX l = ‖Xl
opt −Xl−1

opt‖d ∈ [0, N ], (10)

where the operation ‖A−B‖d is interpreted as the number of
different rows between matrices A and B. While such a metric
could in theory guide the search of the optimal solution at current
time l, in practice Xl

opt is a priori unknown and hence, it is not
possible to explicitly calculate ΔX l in (10).

To bypass this difficulty, we therefore propose to adopt a prac-
tical approximation to (10), given by

ΔX l ≈
⌊
N
∑M

m=1

∣∣Rl
m(Xl−1

opt,H
l)−Rl−1

m (Xl−1
opt,H

l−1)
∣∣

∑M
m=1 R

l
m(Xl−1

opt,H
l−1)

⌋
,

(11)
where 	·
 is the floor operation and Hl = {Hn,l

km, ∀k,m, n} is
the collection of channel matrices at time slot l. The practical sig-
nificance of the approximation in (11), which takes into account
the previous resource allocation information and the evolution
of the channel matrices, can be seen as follows. When the VUEs
are moving, their data rates should remain nearly constant; that
is, only small changes in the VUEs’ data rates are permitted
between adjacent time slots. This notion is indeed adequately
captured by the right hand side expression in (11).

C. Dynamic Subcarrier Allocation Algorithm

Based on the previous subsections, the details of the dynamic
resource allocation algorithm is given in the following.

1) Initialization of the Particles: Note that, at the first time
slot (i.e., l = 0), there is no information from the previous time
slot. Thus, all particles are distributed randomly in the solution
space. However, for the lth (l = 1, 2, · · · ) time slot, the algo-
rithm chooses the best position of the previous time slot as the
center to disperse and the degree of disperse is restricted by
ΔX l.

The process of disperse at the lth time slot is presented as
follows.

1) Generate the matrices {Yl
i, i = 1, . . . , I} by

Yl
i =

⎡
⎢⎢⎣
αi1 βi1

...
...

αiN βiN

⎤
⎥⎥⎦

= Mutate(Γ,ΔX l), (12)

where Γ = 0N×2 and the Mutate operation is to randomly
select ΔX l pairs from Γ and reset them to feasible integer
values.

2) Obtain particle positions {χl
i, i = 1, . . . , I} by

χl
i = Xl−1

opt +Yl
i. (13)

The main idea of disperse is to choose ΔX l pairs from Yl
i

and change them to random integer values, while the other (N −
ΔX l) pairs in Yl

i remain unchanged. Thus, by dispersing, we
can improve the accuracies of the initial solutions and reduce the
iteration times remarkably. For notation convenience, we omit
the superscript l in the following iteration steps.

2) Update the Particles’ Velocities and Positions: In each iter-
ation, particle i updates its velocitySi and positionχi according
to the following expressions [18]:

Sτ+1
i = 	1S

τ
i +	2 pbestτi +	3 gbestτ (14)

χτ+1
i = Mutate (Sτ+1

i , κ), i = 1, . . . , I (15)

where the proportional addition operation in (14) is defined in
[17]. The basic idea of the operation is to generate new velocities
whose elements are selected from the added matrices according
to corresponding proportionality coefficients. Typically, 	1 is
set to be 1, 	2 and 	3 are distributed uniformly in [0,1]. The
Mutation operation is defined in (12) and κ is the mutation co-
efficient.

3) Obtain the Fitness Value, pbest and gbest: The fitness val-
ues can be computed by (9). The calculation of pbest for particle
i is given by

pbestτ+1
i =

{
pbestτi , f(pbestτi ) ≤ f(χτ+1

i )

χτ+1
i , otherwise

(16)

and then the gbest is calculated by

gbestτ+1 = arg min
{pbestτ+1

i }
f(pbestτ+1

i ). (17)

In conclusion, the MDPSO-based dynamic resource alloca-
tion algorithm is given in Algorithm 1.

D. Complexity Analysis

According to the above subsection, the computational com-
plexity of MDPSO-based dynamic resource allocation algorithm
mainly lies in three steps: 1) Initialization. 2) Update the posi-
tions and velocities. 3) Calculate the fitness value, pbest and
gbest. Recall that the swarm size is I and the maximal iteration
number is τmax. In the first step, 2NI addition operations are re-
quired. In the second step, we need 3Iτmax addition and 2Iτmax

multiply operations, respectively. In the third step,KMNIτmax

addition operations are required. Hence, the total complexity
of solving the dynamic resource allocation problem is at most
2Iτmax multiply and I(2N + 3τmax +KMNτmax) addition
operations.

IV. STAGE II: LOW-COMPLEXITY PRECODING

DESIGN ALGORITHM

This section presents a low-complexity algorithm to tackle
the precoding problem with Xl

opt obtained in Stage I. For
notation convenience, we omit Xl

opt in the following. It is
worth noting that constraints C1 are non-convex. However,
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Algorithm 1 MDPSO-Based Dynamic Resource Allocation
at Current Time Slot l.

1: Initialize the positions and disperse the particles based
on the optimal solution of previous time slot l − 1.
Generate feasible V for all particles such that both
constraints C1 and C2 are satisfied. Initialize iteration
number τ = 1, and the maximal iteration number is
τmax.

2: while τ ≤ τmax do
3: for each particle i do
4: Update its velocity Sτ+1

i according to (14).
5: Update its position χτ+1

i according to (15).
6: Update pbestτ+1

i according to (16).
7: end for
8: Update gbestτ+1 according to (17).
9: if |f(gbestτ+1)− f(gbestτ )|/f(gbestτ ) < ε then

10: Terminate.
11: else
12: τ = τ + 1.
13: end if
14: end while
15: Output Xl

opt = gbestτ+1.

this seemingly non-convex problem has many features of
convex problems [34]. To exploit it, we introduce new ma-
trix variables Qn

km = Vn
km(Vn

km)H ∈ CNt×Nt and let Q =
{Qn

km, ∀m, k, n}. Obviously, Qn
km is a positive semidefinite

matrix and let rank(Qn
km) = ηnkm, ∀k,m, n. Then, via relaxing

rank constraints, the original Problem P1 can be transformed
into P2, given by

P2 : min
Q

K∑
k=1

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km) (18)

s.t. C1:
K∑
k=1

N∑
n=1

πn
kmRn

km ≥ Rmin, ∀m

C2:
M∑

m=1

N∑
n=1

πn
kmtr(Qn

km) ≤ Pmax
k , ∀k

where Rn
km = W

N log
∣∣INr

+ σ−2
m Hn

kmQn
km(Hn

km)H
∣∣. Denote

the optimal solution of P2 by QP2
opt. We now conclude Prob-

lem P2 is convex. However, P2 may be infeasible because of the
conflict between the rate requirements and power constraints.
Hence, it is necessary to verify its feasibility, which can be solved
by determining whether the minimum rate can satisfy the rate
requirement or not.

The problem of checking feasibility is developed into a max-
min rate problem, as shown in P3,

P3 : max
Q

min
m

K∑
k=1

N∑
n=1

πn
kmRn

km (19)

s.t.
M∑

m=1

N∑
n=1

πn
kmtr(Qn

km) ≤ Pmax
k , ∀k.

The optimal solution and objective value of Problem P3 are
denoted byQP3

opt andRP3
opt, respectively. Clearly, ifRP3

opt satisfies
the rate requirement, Problem P2 is feasible. Otherwise, it is
infeasible. Note that when the solution is infeasible, we will
choose QP3

opt as the optimal solution of Problem P2. According
to [35], this choice has practical significance. Since when the
rate constraints cannot be satisfied, the best choice is trying to
achieve the maximum-minimum user rate.

If Problem P2 is feasible, we proceed to solve it by using
the Lagrangian dual method. Due to the rank relaxation, the
solution of P2 may not be equal to ηnkm. This is because the
convex feasible set of Problem P2 is a superset of the non-convex
feasible set of the rank kept problem. Thus, we devise a new
method to solve the rank issue in subsection C. In summary, the
algorithm to obtain precoding matrices V is shown in Stage II
of Fig. 2. The remaining tasks are to tackle Problems P2, P3 and
the rank issue, respectively.

A. Algorithm to Solve Problem P2

Clearly, Problem P2 can be resolved via typical convex op-
timization methods (e.g. interior-point method) due to its con-
vexity. However, such a technique undergoes huge complexity
and a detailed analysis is given in [36]. Instead, this subsection
intends to provide a low-complexity algorithm to tackling P2
through the Lagrangian dual approach.

We first derive the Lagrangian function of P2 with respect to
(w.r.t.) the power constraints and rate requirements, written as

LP 2(Q,λ,μ)

=

K∑
k=1

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km)

+

M∑
m=1

λm

(
Rmin −

K∑
k=1

N∑
n=1

πn
kmRn

km

)

+

K∑
k=1

μk

(
M∑

m=1

N∑
n=1

πn
kmtr(Qn

km)− Pmax
k

)

=

K∑
k=1

M∑
m=1

N∑
n=1

(2(μk + 1)πn
kmtr(Qn

km)− λmπn
kmRn

km)

+

M∑
m=1

λmRmin −
K∑
k=1

μkP
max
k , (20)

where λ = {λm ≥ 0, ∀m} and μ = {μk ≥ 0, ∀k} are the cor-
responding Lagrangian dual vectors. The dual function is

g(λ,μ) = min
Q

LP 2(Q,λ,μ). (21)

Then, the dual problem is described as

max
λ,µ

g(λ,μ). (22)

The main idea for solving P2 is first to tackle the problem in
(21) with given λ,μ and then obtain the Lagrangian dual vectors
λ,μ by tackling the problem in (22).
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1) Solving Problem (21): With given λ,μ and after simple
calculation, problem (21) can be divided into KMN indepen-
dent maximization problems, shown as follows.

max
P

log |INt
+PA| − atr(P), (23)

where P = Qn
km, A = (σ2

m)−1(Hn
km)HHn

km and a = 2(μk +
1)N/(λmW ). Here, we use the determinant identity |I+
AB| = |I+BA| and omit the superscripts and subscripts.
Firstly, the eigenvalue decomposition (EVD) ofA can be written
as

A = UDUH, (24)

where U is a unitary matrix of the eigenvectors, D is a diagonal
matrix with d1, . . . , dr being the eigenvalues and r = rank(A).

Then, by employing the Hadamard inequality [37], the
solution of problem (23) is P = UΛUH, where Λ =
diag{p1, . . . , pi, . . . , pr}. Taking the derivation of the objective
function in (23) w.r.t. pi, we have

pi =

[
1
a
− 1

di

]+
, i = 1, . . . , r,

where we define [x]+ = max{0, x}.
Thus, the optimal QP2

opt is written as

QP2
opt = UΛUH. (25)

2) Solving Problem (22): To tackle problem (22), we adopt
the subgradient approach. Note that it is convenient and efficient
to deal with the non-differentiable objective function [38]. Then,
in the τ th iteration, the subgradient can be written as

�λτ
m = Rmin −

K∑
k=1

N∑
n=1

πn
kmRn

km, m = 1, . . . ,M

�μτ
k =

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km)− Pmax
k , k = 1, . . . ,K.

The update equations for the Lagrangian dual variables are
given by

λτ+1
m = [λτ

m − sτλ�λτ
m]+ , ∀m, (26)

μτ+1
k =

[
μτ
k − sτμ�μτ

k

]+
, ∀k, (27)

where sτλ and sτμ are positive step sizes in the τ th iteration. The
subgradient approach is proved to converge if sτλ and sτμ sat-
isfy limτ→∞ sτλ = 0 and limτ→∞ sτμ = 0, respectively [38]. The
algorithm to address Problem P2 is summarized in Algorithm 2.

B. Algorithm to Solve Problem P3

As a well-known max-min rate optimization problem [39],
P3 can be solved by introducing an auxiliary variable w and
reformulated as follows.

Algorithm 2: Solving Problem P2.
1: Initialize iteration number τ = 1 and λτ = 1,μτ = 1.

The maximum iteration number is τmax. Calculate the
objective and denoted by ObjτP2.

2: for Each Qn
km, ∀k,m, n do

3: Compute Qn
km = UΛUH with fixed λτ ,μτ via

(25).
4: Update Lagrangian dual vectors λτ ,μτ via (26)

and (27), respectively.
5: Compute Objτ+1

P2 .
6: end for
7: if |Objτ+1

P2 − ObjτP2|/ObjτP2 < ε or τ > τmax then
8: terminate.
9: else

10: set τ = τ + 1 and go to step 2.
11: end if

P3 : max
Q,ω

ω (28)

s.t.
K∑
k=1

N∑
n=1

πn
kmRn

km ≥ ω, ∀m

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km) ≤ Pmax
k , ∀k.

Then, we can also utilize the Lagrangian dual method to tackle
Problem P3. The Lagrangian function of P3 is given by

LP 3(Q, ω,φ,ϕ)

= ω +
K∑
k=1

ϕk

(
Pmax
k −

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km)

)

+
M∑

m=1

φm

(
K∑
k=1

N∑
n=1

πn
kmRn

km − ω

)

=

(
1 −

M∑
m=1

φm

)
ω +

K∑
k=1

ϕkP
max
k

+

K∑
k=1

M∑
m=1

N∑
n=1

(φmπn
kmRn

km − ϕkπ
n
kmtr(Qn

km)) ,

(29)

where φ = {φm ≥ 0, ∀m} and ϕ = {ϕk ≥ 0, ∀k} are the cor-
responding Lagrangian dual vectors. We omit the detailed steps
because of the similar procedure with that in solving Problem
P2 and only present the final results as follows.

Firstly, the optimal QP3
opt of Problem P3 is given by

QP3
opt = UΛUH, (30)

where Λ = diag{p1, . . . , pi, . . . , pr} with

pi =

[
1
b
− 1

di

]+
, i = 1, . . . , r,

and b = ϕkN/(φmW ). The definitions of U and di are given
in (24).
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Algorithm 3: Solving Problem P3.
1: Initialize iteration number τ = 1 and

ωτ = 0,φτ = 1,ϕτ = 1. The maximum iteration
number is τmax. Calculate the objective and denoted
by ObjτP3.

2: for Each Qn
km, ∀k,m, n do

3: Compute Qn
km = UΛUH with fixed φτ ,ϕτ via

(30).
4: Update ωτ+1 via (33) and Lagrangian dual vectors

φτ ,ϕτ via (31) and (32).
5: Compute Objτ+1

P3 .
6: end for
7: if |Objτ+1

P3 − ObjτP3|/ObjτP3 < ε or τ > τmax then
8: terminate.
9: else

10: set τ = τ + 1 and go to step 2.
11: end if

Then, the update equations for the Lagrangian dual variables
are given by

φτ+1
m =

[
φτ
m − sτφ

(
K∑
k=1

N∑
n=1

πn
kmRn

km − ωτ

)]+
, ∀m, (31)

ϕτ+1
k =

[
ϕτ
k − sτϕ

(
Pmax
k −

M∑
m=1

N∑
n=1

πn
kmtr(Qn

km)

)]+
, ∀k, (32)

where sτφ and sτϕ are positive step sizes in the τ th iteration.
It is worthwhile to note that the closed expression optimal

ωopt can not be achieved since the Lagrangian function in (29)
is linear with ω. Hence, to obtain the optimal ωopt, we propose
an iterative equation, given by

ωτ+1 = ωτ − sτω

(
1 −

M∑
m=1

φτ
m

)
, (33)

where sτω is positive step size in the τ th iteration. The algorithm
to address Problem P3 is summarized in Algorithm 3.

C. Rank Issue

As mentioned before, Problem P2 may not acquire the optimal
solution because of the rank relaxation. In our simulations, we
find that Problem P2 always gives higher-rank solutions (i.e.,
the rank value of Qn

km is greater than ηnkm), which is yet to
be proved. Different randomization techniques have been de-
veloped to find an approximate from the solution to its relaxed
version [40]–[42]. However, the referred papers only consider
case Ns = 1. Thus, in case of Ns > 1, a new technique needs to
be devised. Note that, when Ns = 1, we can conclude that Prob-
lem P2 always produces rank-1 solutions based on Theorem 1.

Theorem 1: Problem P2 always gives rank-1 solutions when
Ns = 1.

Proof: Obviously, rank(QP2
opt) = 0 because of the rate re-

quirements. Thus, to proof Theorem 1, we only need to verify
that the rank of QP2

opt is equal to 1. Recall that Hn
km ∈ CNr×Nt

Algorithm 4: Solving the Rank Issue.
1: For each solution Qn

km,
2: if rank(Qn

km) = ηnkm then
3: Vn

km = LΣ1/2.
4: else
5: Vn

km = LdΣ
1/2
d .

6: end if

and Ns = min{Nt, Nr}. Then, based on (25),

rank(QP2
opt) = rank(Λ) = rank(A)

= rank((Hn
km)HHn

km)

� min{Nt, Nr} = Ns = 1.

Since rank(QP2
opt) = 0, we can conclude that rank(QP2

opt) = 1.
This completes the proof. �

In the following, we propose a modified and simple algorithm
to obtain a good solution when the higher-rank solution is pro-
duced.

The eigenvalue decomposition of Qn
km is given by

Qn
km = LΣLH, (34)

where L is a unitary matrix of eigenvectors, Σ is a diagonal ma-
trix of eigenvalues. Denote a diagonal matrix whose elements are
thed largest eigenvalues byΣd.Ld is a unitary matrix whose col-
umn vectors are the eigenvectors corresponding to the d largest
eigenvalues. Then, the method to retrieve the solution is sum-
marized in Algorithm 4.

D. Complexity Analysis

In this subsection, the complexity of solving Problem P2
is analyzed. Because P2 is split into two subproblems, we
should analyze the complexity for each one. It is easy to know
the main complexity of two algorithms lies in step 4. For
Algorithm 2, the computational complexity is O(K +M).
Thus, the complexity of Algorithm 2 isO(τmax(K +M)). Sim-
ilarly, the complexity of Algorithm 3 is O(τmax(K +M + 1)).
Hence, the total complexity for tackling Problem P2 is at most
O(τmax(K +M + 1)).

V. SIMULATION RESULTS

In this section, we evaluate the performance of the proposed
DRA-Pre algorithm. In order to make the simulation setup as re-
alistic as possible, we consider a linear highway road in Nanjing
with a width of 15 m and length of 2 km.4 All the RSUs are de-
ployed uniformly on the side of the road, while the VUEs are ran-
domly distributed on the road, each moving at its own constant
speed in the range between 40 and 120km/h. The simulation pa-
rameters, which are mainly set based on 3GPP TR.36.885 [43],
are listed for easy reference in Table II. We denote by T = LΔt
the whole time interval covered by the simulation experiment,

4Here, a four-lane one-way road is considered, where the width of each lane
is set to be 3.75 m.
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TABLE II
SIMULATION PARAMETERS

Fig. 3. Convergence behavior of Algorithm 1 when solving resource allocation
problem under different numbers of transmitting antennas.

where Δt is the time slot duration and L is the total number of
slots.

A. Properties of the Proposed Algorithms

1) Convergence Behaviors of the Proposed Algorithms: In
this subsection, we present the simulation results to study the
convergence behaviors of Algorithms 1, 2 and 3. The results are
obtained under three different configurations: the RSUs with
Nt = 2, Nt = 4 and Nt = 8.

Fig. 3 shows the convergence behavior of Algorithm 1 under
diverse Nt. It can be seen from Fig. 3 that the fitness value in
(9) decreases with the iteration number and converges fast. As
expected, the converged fitness value increases with Nt.

Figs. 4 and 5 illustrate the convergence behaviors of
Algorithm 2 and 3, respectively. According to the simulation
experiments, the step sizes in Algorithm 2 are set as sτλ =
(3e5τ)−1 and sτν = (3e2τ)−1, where τ is the iteration index. For
Algorithm 3, the step sizes are respectively set as sτω = (30τ)−1,
sτφ = (3e5τ)−1 and sτϕ = (3e4τ)−1. It can be seen from two
figures that the power consumption decreases with the itera-
tion number, while the objective ω in Problem P3 increases.
Additionally, the converged values in both Algorithm 2 and

Fig. 4. Convergence behavior of Algorithm 2 when solving Problem P2 under
different numbers of transmitting antennas.

Fig. 5. Convergence behavior of Algorithm 3 when solving Problem P3 under
different numbers of transmitting antennas.

3 are marginally affected by the number of the transmitting
antennas.

2) Impacts of the Numbers of RSUs and VUEs: In Figs. 6
and 7, the impacts of the numbers of RSUs and VUEs on the
TPC are studied when T = 20 ms. On the one hand, the TPC
increases with the rate requirements under two scenarios as ex-
pected. On the other hand, we find that the TPC decreases with
the number of RSUs in Fig. 6. The reasons can be explained as
follows. Firstly, when the network consists of plenty of RSUs,
the average distance between the RSU and VUE is reduced. As a
consequence, each RSU only needs to consume a small amount
of power to meet the rate requirements. Secondly, the active
number of RSU may decrease with the number of RSUs.

Fig. 7 indicates that the TPC increases with the rate require-
ment, only slightly when M = 20 and M = 25, but more sig-
nificantly when M = 30. The reason is that with the increase
of rate requirement, more RSUs will be active to serve the large
number of VUEs, which requires a large quantity of power con-
sumption. In other words, when the number of VUE is moderate,
a small number of RSUs can satisfy the rate requirement.
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Fig. 6. TPC versus the rate requirements under the different numbers of RSUs
with M = 20.

Fig. 7. TPC versus the rate requirements under the different numbers of VUEs
with K = 20.

B. Performance Comparison and Analysis

In this subsection, we study the performance comparison
among the following four schemes:

1) The proposed DRA-Pre, shown in Fig. 2.
2) The static resource allocation and precoding algorithm,

named SRA-Pre, which does not use the information of
each time slot. In other words, at each time slot, we do
not need to compute ΔX and solve each problem inde-
pendently.

3) Random resource allocation in Stage I, named RanA-Pre.
For each subcarrier, we allocate RSU-VUE pair randomly
during each time slot.

4) Simulated annealing5 based resource allocation and pre-
coding algorithm [45], named SimA-Pre. This method in-
cludes two major steps: the generation of a neighbor X
and determination of TPC.

5In general, the PSO method is faster than the simulated annealing one since
the PSO contains parallel search techniques [44].

Fig. 8. TPC versus the time period T , where M = K = 20
and Rmin = 0.1 Mbps.

Fig. 9. TPC versus the time period T , where M = K = 20 and
Rmin = 0.5 Mbps.

In Figs. 8 and 9, the TPC performance of four schemes at
different rate requirement are illustrated. Obviously, the pro-
posed DRA-Pre outperforms the other algorithms, regardless of
the rate requirement. The reason is that DRA-Pre exploits the
information of each time slot. In other words, to achieve bet-
ter TPC performance, the information of the previous time slot
should be utilized to obtain a new resource allocation strategy.
Additionally, form Figs. 8 and 9, we can see that the TPC at
Rmin = 10 kbps is higher than that at Rmin = 3 kbps, which
is keeping with the phenomenon of Fig. 6. The reason can be
explained as follows. To satisfy a higher rate requirement, each
RSU needs to transmit with more power, which is consistent
with the reality.

In Figs. 8 and 10, the TPC of four schemes at different num-
ber of VUEs are presented. Clearly, our proposed DRA-Pre
algorithm achieves the best TPC performance among all the
algorithms. In addition, the TPC in the case of M = 20 is lower
than that of M = 25, which is consistent with the phenomenon
in Fig. 7.
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Fig. 10. TPC versus the time period T , where K = 20, M = 25, and
Rmin = 0.1 Mbps.

Fig. 11. TPC under the different velocities of VUEs, where T = 100 ms.

Fig. 11 shows that the TPC of four algorithms under the dif-
ferent velocities of VUEs. For the sake of simulation, we as-
sume that all the VUEs are at the same speed. It can be seen
that the proposed algorithm is superior to the other three algo-
rithms, regardless of the velocity and the TPC increases slightly
with the velocity. In addition, when the velocity is greater than
90 km/h, the proposed DRA-Pre provides marginal TPC perfor-
mance than the SRA-Pre. The reasons can be explained as fol-
lows. Firstly, many VUEs will leave the road segment quickly
when they are at high speed. In other words, as the distances
between VUEs and RSUs increase, the RSUs should transmit
with more power to satisfy the rate requirements. Secondly, the
relationship between adjacent time slots is diminished with the
increasing velocity, which is consistent with the analysis in [18].
To further study the impacts of time interval Δt on performance
variation between the proposed DRA-Pre and static SRA-Pre,
we simulate the TPC under different Δt, as shown in Fig. 12. As
expected, the smallerΔt, the higher performance gain DRA-Pre
provides. The reason can be explained as follows. The commu-
nication environment changes rapidly with the moving speed.

Fig. 12. TPC under the different velocities of VUEs and time interval, where
T = 60 ms.

Thus, the proposed DRA-Pre can capture the dynamic charac-
teristic with a smaller Δt.

VI. CONCLUSION

In this paper, we investigated the dynamic resource allocation
(i.e., RUS-VUE pairing and subcarrier allocation) and precod-
ing joint design problem for LTE-based V2I networks, where
the objective is to minimize the TPC. Under time-varying chan-
nel conditions, the TPC minimization problem takes the form of
discrete-time sequence of NP-hard combinational optimization
problems. To improve the tractability, we split the original prob-
lem into resource allocation problem (Stage I) and precoding
design problem (Stage II). In the first stage, we proposed a dy-
namic resource allocation algorithm based on MPDSO, where
we exploited the relationship between resource allocation solu-
tions in adjacent time slots to improve the TPC performance.
Considering the conflicting requirements between the rate and
power constraints, we first checked the feasibility by solving a
max-min rate problem in the second stage. Then, we proposed
a low-complexity algorithm to tackle the precoding problem
through splitting it into two subproblems and the Lagrangian
dual method. By combining these two stages, we propose a dy-
namic resource allocation and precoding algorithm (DRA-Pre).
Simulation results illustrated that our proposed DRA-Pre algo-
rithm can achieve better TPC performance compared with the
existing methods.
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