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Abstract—To meet the growing demand of mobile data traffic
in vehicular communications, the vehicle-to-small-cell (V2S) net-
work has been emerging as a promising vehicle-to-infrastructure
(V2I) technology. Since the non-orthogonal multiple access (NO-
MA) with successive interference cancellation (SIC) can achieve
superior spectral and energy efficiency, massive connectivity and
low transmission latency, we introduce the NOMA with SIC to
V2S networks in this paper. Due to the fast vehicle mobility
and varying communication environment, it is important to
dynamically allocate small-cell base stations and transmit power
to vehicular users with taking account into the vehicle mobility in
NOMA-enabled V2S networks. To this end, we present the joint
optimization of cell association and power control that maximizes
the long-term system-wide utility to enhance the long-term
system-wide performance and reduce the handover rate. To solve
this optimization problem, we first equivalently transform it into
a weighted sum rate maximization problem in each time frame
based on the standard gradient-scheduling framework. Then, we
propose the hierarchical power control algorithm to maximize
the equivalent weighted sum rate in each time frame based
on the Karush-Kuhn-Tucker (KKT) optimality conditions and
the idea of successive convex approximation. Finally, theoretical
analysis and simulation results are provided to demonstrate that
the proposed algorithm is guaranteed to converge to the optimal
solution satisfying KKT optimality conditions.

Index Terms—Non-orthogonal multiple access, Successive in-
terference cancellation, Vehicle-to-small-cell network, Joint opti-
mization of cell association and power control, Long-term system-
wide utility maximization.

I. INTRODUCTION

To cope with the unprecedented growth of wireless data
traffic in recent years, the small cell networking topology has
been emerging as a promising and scalable solution to improve
spectrum and energy efficiency as well as expand indoor
and cell-edge coverage in future fifth-generation (5G) cellular
networks [1]–[6]. Such a networking topology is to deploy
various classes of small-cell/lower-power base stations (BSs)
such as picocells, femtocells, and perhaps relays underlaid in
a macro-cellular network. Different from traditional wireless
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networks, vehicular wireless networks are expected to deliver
the real-time contents such as monitoring and multimedia
streams, and the non-real-time contents such as web-browsing,
image, messaging, and file transfers for vehicular users (VUs)
[7]. Due to the fast vehicle mobility and varying communica-
tion environment, the advanced underlying radio access tech-
nologies are indispensable for the reliable data delivery and
ubiquitous converge in vehicular wireless networks. Driven by
the massive deployment of small cells, the vehicle-to-small-
cell (V2S) network is recommended as a promising vehicle-to-
infrastructure (V2I) access technology [8], [9]. However, the
V2S network suffers from the severe co-channel interference
and the unbalanced traffic load distribution among neighbor
cells when small cells are ultra densely deployed. Meanwhile,
more frequent handover requests would be triggered easily
due to the fast vehicle mobility. Therefore, the implementa-
tion of V2S networks poses serious challenges, such as the
frequent handoff, severe radio frequency interference, and load
imbalance, which may lead to inefficient spectrum and energy
utilization.

Since the non-orthogonal multiple access (NOMA) tech-
nique can support multiple users on the same frequency-time
resource simultaneously by non-orthogonal resource allocation
in the power domain, it has been actively investigated as
a potential alternative to existing orthogonal multiple access
(OMA) techniques for 5G cellular networks [10], [11]. In com-
parison with OMA, the main advantages of NOMA include
improved spectral and energy efficiency, massive connectivity,
and low transmission latency. Therefore, NOMA can be devel-
oped as a proposing multiple access solution to improve the
spectral and energy efficiency in V2S networks. Despite the
superior benefits of NOMA, it still cannot reduce the handover
rate or balance traffic load among cells in V2S networks. A
survey on cell association [12] reveals that the cell association
optimization technique, namely properly associating a user
with a particular serving small-cell BS, plays a pivotal role
in enhancing the load balancing and the spectrum and energy
efficiency of networks. The handover performance experienced
in LTE-A systems further reveals that the cell association
optimization technique can effectively reduce the handover
rate [14]. Since the communication conditions and the density
of VUs per small cell are time-varying in V2S networks due to
the fast vehicle mobility, the existing cell association schemes
such as channel-aware, traffic-load-aware, and transmit-power-
aware schemes, may be highly suboptimal and require exces-
sive handovers when applied to V2S networks. Therefore, it is
of practical importance to develop a dynamic cell association
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mechanism that can enhance the load balancing and reduce the
handover rate by adaptively taking into account the influence
of vehicle mobility in V2S networks.

Although there have been significant efforts dedicated on
NOMA, the study on NOMA for V2S networks is surprisingly
rare in the open literature. Correspondingly, there is lack
of adaptive optimal cell association in NOMA-enabled V2S
networks. Motivated by these gaps, in this paper, we consider
a downlink V2S network consisting of multiple small-cell BSs
deployed along the road sides and VUs moving on the road,
in which all small-cell BSs and VUs are equipped with a
single antenna each and all channel state information (CSI)
related to VUs is perfect to each small-cell BS. Typically,
the CSI can be collected by estimating it at the side of VU
and sending it to the corresponding small-cell base station
via a feedback channel [13]. Driven by the superior spectrum
and energy efficiency, we introduce the NOMA with SIC
to the downlink V2S network, in which every BS simulta-
neously serves multiple VUs via superposition coding, and
every VU adopts the SIC receiver to decode its signal from
its associated BS. Using NOMA with SIC, every VU can
eliminate some of the co-channel interference by the SIC
receiver so that the spectrum and energy efficiency of V2S
network can be effectively improved. Considering the vehicle
mobility, it is significant to dynamically allocate small-cell
base stations (BSs) and transmit power to VUs which perceive
different channel gains to small-cell BSs. Such an operation
can enhance the long-term system-wide performance and avoid
excessive handovers. This leads us to the concept of joint
optimization of cell association and power control, which is
essentially the power-updating based re-association/handover
problem for NOMA-enabled V2S networks. In particular, the
main contributions of this paper are summarized as follows:

• NOMA with SIC: We apply the NOMA scheme with
SIC for downlink V2S networks. While the out-of-cell
interference has to be considered, an SIC receiver at
each VU is used to decode its own information through
mitigating some of in-cell interference.

• Novel problem formulation: We present the joint opti-
mization of cell association and power control problem
on maximizing the system-wide utility with respect to the
long-term average data rate obtained by each small-cell
BS subject to the upper bound of small-cell BSs’ power
consumption. In this doing, the cell association and power
control can be adaptive to the traffic load conditions in
the small cells and the fast vehicle mobility.

• Efficient algorithm design: The optimal solution of
maximizing the network-wide utility can be equivalent-
ly transformed into a weighted sum rate maximization
problem in each time frame based on a standard gradient-
based algorithm, through exploring the convex nature
of the joint optimization. The equivalent weighted sum
rate maximization problem is in general non-convex due
to the mutual coupling among the out-of-cell interfer-
ence of all VUs. We therefore propose a hierarchical
power control algorithm to maximize the weighted sum
rate across small-cell BSs in each time frame based

on the Karush-Kuhn-Tucker (KKT) optimality conditions
and the idea of successive convex approximation. Our
proposed algorithm is guaranteed to converge to the
optimal solution satisfying KKT optimality conditions.
Considering the vehicle mobility, the decisions on optimal
power allocation for small-cell BSs and VUs are made
according to the real-time network environment in each
time frame.

The remainder of the paper is organized as follows. Section
II summarizes the related work on NOMA with SIC and
cell association in wireless communication networks. Section
III introduces the system model about the downlink NOMA-
enabled V2S network, and problem formulation on the joint
optimization of cell association and power control. Section IV
proposes the hierarchical power control algorithm to dynami-
cally optimize the transmit power levels of small-cell BSs and
VUs based on a standard gradient-based framework. Section V
evaluates the performance of the proposed algorithm through
several simulations. Section VI concludes this paper.

II. RELATED WORK

In this paper, we introduce two techniques, e.g., the NOMA
with SIC and the cell association, to V2S networks for improv-
ing the spectrum and energy efficiency, balancing the traffic
load distribution, and reducing the handover rate. Therefore,
we review the existing work on these two techniques in this
section.

A. NOMA with SIC

Due to the advantages including improved spectral and
energy efficiency, massive connectivity, and low transmission
latency, NOMA with SIC has attracted lots of research in-
terests for 5G wireless networks in the literature [15]–[21],
which can be divided into two threads. The first concern is
about performance investigation for wireless networks using
NOMA with SIC. For example, the capacity region of the two-
user network was derived in the context of NOMA with SIC
[15]. [16] derived the user transmission rate when NOMA with
SIC was employed in a downlink coordinated cellular network.
[17] carried out the evaluation of the outage probability and
ergodic sum rates for a downlink NOMA-SIC cellular network
when considering fixed power allocation. The impact of user
paring on the performance was evaluated for NOMA with
fixed power allocation and cognitive-radio-inspired NOMA in
[18]. Apart from the performance investigation, more research
attentions have been paid to resource allocation in wireless
networks using NOMA with SIC. For example, [19] maxi-
mized the sum-rate utility via the joint optimization of power
and channel allocation for the downlink NOMA-SIC cellular
network. [20] maximized the minimum achievable user rate
through appropriate power allocation among users for the
downlink NOMA-SIC cellular network. In the uplink NOMA-
SIC cellular network, the optimal power allocation was studied
for the maximum throughput scheduling and proportional
fairness scheduling in [21]. Although significant effort has
been put on NOMA with SIC, there is not much study on
network performance when NOMA with SIC is applied to
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V2S networks. In this work, we study how to improve the
network performance when applying NOMA with SIC to the
V2S network.

B. Cell Association

On the one hand, the unbalanced traffic load distribution and
sever co-channel interference among cells lead to inefficient
spectrum and energy utilization. On the other hand, the V2S
network is expected to perform massive connectivity, low han-
dover latency, and infrequent handovers. To meet these chal-
lenges, the cell association (conventionally, handover/handoff)
that can adapt to the traffic load conditions in the small cells
and the fast vehicle mobility has attracted extensive research
efforts [14], [22]–[28]. Without loss of generality, these studies
can be broadly classified into two categories. The first cate-
gory concerns the performance evaluation on cell association
mechanisms [14], [22]. The handoff rate and coverage analysis
was performed in [14] for a multi-tier small cell network with
orthogonal spectrum allocation among tiers and the maximum
biased average received power as the tier association metric. A
new stochastic geometric analysis framework on user mobility
was proposed in [22] to quantify the rates of horizontal and
vertical handoffs, under random multi-tier BSs, arbitrary user
movement trajectory, and flexible user-BS association. The
second category concerns the design of cell association mech-
anisms [23]–[28]. Initially, the cell association was studied
without accounting for resource management [23]–[26]. Work
[23] proposed the cell association mechanism for minimizing
packet losses during handoffs, and [24] proposed the cell
association mechanism for reducing handoff delay. In [25],
the authors proposed a velocity-aware handover management
scheme for two-tier downlink cellular networks to mitigate
the handover effect on the foreseen densification throughput
gains. In [26], a user centered handoff scheme was proposed
to maximize the achievable receiving data rate and minimize
the block probability simultaneously for 5G networks. After
that, the cell association mechanism was designed jointly
with resource allocation for wireless networks [27], [28].
In [27], the authors proposed a joint bandwidth allocation
and call admission control (CAC) strategy to reduce high-
mobility users’ handovers based on the stochastic geometry
modeling. [28] proposed a cell association mechanism jointly
with channel timeline allocations to provide fair long-term
throughput for the users.

Despite significant efforts spent on cell association, there
is few work realizing the cell association that adapts to the
influence of vehicle mobility from the perspective of long-term
system-wide utility. Furthermore, these work applied either the
orthogonal multiple access (e.g., orthogonal frequency division
multiple access) or the traditional non-orthogonal multiple
access (i.e., pure power control). Motivated by these, it is
important to address the joint optimization of cell association
and resource allocation that maximizes the long-term system-
wide utility, when the NOMA with SIC is applied to V2S
networks.
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Fig. 1. Downlink NOMA-enabled V2S network consisting of a set of small-
cell BSs deployed along the road sides and a set of vehicular users moving on
the road, in which all small-cell BSs are connected to the server established
by the mobile network operator via fiber.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a downlink NOMA-enabled V2S network as
shown in Fig. 1. The V2S network consists of a set of
S = {1, 2, · · · , S} of small-cell BSs deployed along the road
sides and a set M = {1, 2, · · · ,M} of vehicular users (VUs)
moving on the road. Let ys denote the location of small-cell
BS s. We use the trace of VU m on the move to model its
mobility process, i.e., {xm,t}t=1,···, where xm,t indicates the
location of VU m at the beginning of time frame t. Both
small-cell BSs and VUs are assumed to be equipped with a
single antenna each. The total channel bandwidth is B Hz,
and is shared among the M VUs in the NOMA manner. In
particular, we apply the NOMA with SIC to V2S networks,
in which each VU is equipped with an SIC receiver. The SIC
receiver of VU m performs SIC to decode the received signal
of VU m after sequentially decoding the received signals
intended for VUs associated to small-cell BS s but with
lower interference-cancellation order than VU m. However,
the received signals intended for VUs associated to small-cell
BS s but with higher interference-cancellation order than VU
m and the received signals from all other active small-cell
BSs are treated as interference at the receiver of VU m when
performing SIC. Considering the inter-cell interference, the
interference-cancellation ordering of VUs associated to one
small-cell BS is determined in the increasing order of channel-
gain-to-inter-cell-interference-plus-noise ratio of these VUs,
where the channel gain of one VU means the one between the
associated small-cell BS and this VU. The transmission is on a
time-frame basis, with each frame consisting of multiple data
symbols. Every small-cell BS synchronizes the transmissions
of its associated VUs in each time frame. We assume that the
channel gain coefficients of all VUs are frequency-flat across
the whole bandwidth, and unchanged within each time frame
but can vary from one frame to another due to VUs’ mobility
and fading effects.

Considering the vehicle mobility, it is significant to dynam-
ically allocate small-cell BSs to VUs through adjusting the
transmit power of each small-cell BS and the power allocation
among its associated VUs. To this end, we present the frame-
work of downlink NOMA-enabled V2S communications for
the power control in Fig. 2. Such a V2S communication net-
work covers two decision layers: the station-centric decision
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layer and the user-centric decision layer. The station-centric
layer includes the station-centric controller, to which all small-
cell BSs are connected via fiber. The station-centric controller
is in charge of determining the total amount of power to be
transmitted by each small-cell BS based on CSI. The user-
centric decision layer is close to VUs, and includes user-centric
controllers embedded with small-cell BSs. The user-centric
controller allocates the determined total amount of power
among the data streams to its associated VUs and determines
the interference cancellation order of each associated VU
according to CSI. The resulting power allocation is used to
configure the encoder at the transmitter of small-cell BS,
and the resulting interference cancellation order facilitates the
decoder at each associated VU.
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Fig. 2. Framework of downlink NOMA-enabled V2S network.

B. Problem Formulation

Let Ps,t denote the total transmit power of small-cell BS s
which is used to transmit data symbols to its all associated VUs
in time frame t, with Ps,max being its maximum allowable
value. Note that small-cell BS s is off in time frame t if its
transmit power Ps,t is equal to zero, and is on otherwise. Let
psm,t denote the transmit power with which small-cell BS s
transmits the data symbols of VU m in time frame t. Note
that VU m is associated with small-cell BS s in time frame
t only when the transmit power psm,t is positive. Therefore,
we can integrate the on/off small-cells strategy and the cell
association strategy together through controlling the transmit
power of small-cell BSs and VUs. We use gsm,t to denote
the channel gain between small-cell BS s and VU m in time
frame t, which is generally determined by path loss and fading
effects. Specifically, gsm,t is formulated as the function G(·):

gsm,t = G(||xm,t − ys||, fsm,t), (1)

where ||xm,t − ys|| and fsm,t mean the distance and fading
effect between VU m and small-cell BS s in time frame t,
respectively. In the practical V2S network, the fading effect

of VU m is mainly subject to the large obstructions around
its moving trace and its velocity. Assuming that VU m is
associated with small-cell BS s in time frame t, the out-of-
cell interference received at the side of VU m, say Iout

sm,t, can
be expressed as

Iout
sm,t =

∑
s′ ̸=s,s′∈S

gs′m,tPs′,t. (2)

We use ĝsm,t to denote the real-time CSI of VU m when it
is associated with small-cell BS s in time frame t, which is
defined as

g̃sm,t =
gsm,t

Iout
sm,t + nm

(3)

with nm being the noise power received at the user side. It
is worth noting that every small-cell BS collects all CSI via
the feedback from VUs, and thus the CSI of VU m obtained
by small-cell BS s in time frame time t (denoted by ĝsm,t)
would not be g̃sm,t due to the feedback delay. Specifically,
suppose the feedback delay to be δ time frames, and ĝsm,t

can be expressed as

ĝsm,t = g̃sm,t−δ. (4)

Clearly, we have δ = 0 in the ideal V2S network where there
is no feedback delay. Therefore, we start our work in the
case where δ = 0. As we know, the feedback delay would
affect the cell association decision due to the out-of-date CSI,
which will be studied in our future work. Let Us,t denote the
possible set of VUs associated with small-cell BS s in time
frame t, where each VU selects small-cell BS s as a candidate
of association station according to the strength of pilot signals
from small-cell BS s. VU m adopts the SIC receiver to decode
the data symbols from small-cell BS s to VU m, in which the
interference-cancellation ordering of all VUs associated with
small-cell BS s is in the increasing order of ĝsm,t’s for all
m ∈ Us,t. On the other hand, the mobility of each VU is
integrated into its channel states in each time frame by (1),
and thus the transmission rate of VU m from small-cell BS s in
time frame t is subject to xm,t’s. As a result, such transmission
rate can be expressed as rsm,t(xm,t, ∀m), i.e.,

rsm,t(xm,t, ∀m)

= B log

1 +
psm,tĝsm,t∑

∀m′∈Us,t:ĝsm′,t>ĝsm,t

psm′,tĝsm,t + 1

 (5)

in time frame t. Correspondingly, the total transmission rate
of small-cell BS s, say Rs,t(xm,t,∀m), is equal to

Rs,t(xm,t,∀m) =
∑

∀m∈Us,t

rsm,t(xm,t, ∀m) (6)

in time frame t. Since the long-term rate of small-cell BS s
is subject to all {xm,t}t=1,··· ,∞’s, and it can be expressed as

R̄s({xm,t}t=1,··· ,∞, ∀m) = lim
t→∞

1

t

t∑
τ=1

Rs,τ (xm,τ , ∀m).

(7)
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Correspondingly, the long-term achievable rate region R sat-
isfies

R =

{
R̄

∣∣∣∣R̄s({xm,t}t=1,··· ,∞, ∀m)

subject to 0 ≤ Ps,t ≤ Ps,max

and
∑

∀m∈Us,t

psm,t ≤ Ps,t, ∀s, t
}
,

(8)

where R̄ is the vector of R̄s(·)’s. Note that the set R
corresponding to the set of all achievable rate vectors over
long-term is shown to be a closed bounded convex set [29].

Considering the difference of small-cell BSs in service
capacity due to the individual maximum transmit power, we
formulate the criterion of load balancing as the function of
Us(R̄s({xm,t}t=1,··· ,∞, ∀m)) for small-cell BS s. Without
losing generality, we assume that Us(·) is an increasing, strict-
ly concave and continuously differentiable utility function. Our
target is to find the long-term rate vector R̄ corresponding to
the long-term power control policy psm = (psm,t, ∀t = 1, · · · )
for all s and m that maximizes the network-wide aggregate
utility across small-cell BSs over a long-term achievable rate
region R:

P : max
R̄

∑
∀s∈S

Us(R̄s({xm,t}t=1,··· ,∞,∀m)) (9)

s. t. R̄ ∈ R. (10)

Note that the decision of optimal long-term power control
policy is dependent on the mobility process of each VU, and
thus we need to take into account the VUs’ mobility when
designing the optimal policy.

Due to the convex nature of objective function and feasible
set, Problem P is a convex optimization problem. Therefore, to
find an optimal solution, we can use a standard gradient-based
algorithm that selects the optimal power control maximizing
the weighted sum rate with weights being marginal utilities in
each time frame. In particular, for the optimal power control,
we need to solve the following problem P-control in each
time frame according to VUs’ moving traces:

P− control :

max
∑
∀s∈S

U ′
s(R̄s,t−1︸ ︷︷ ︸)

ws,t

Rs,t(xm,t,∀m)

s. t. 0 ≤ Ps,t ≤ Ps,max, ∀s ∈ S,∑
∀m∈Us,t

psm,t ≤ Ps,t, ∀s ∈ S

var. Ps,t, psm,t ≥ 0, ∀s ∈ S, ∀m ∈ M.

(11)

Here, U ′
s(·) is the first-order derivative of function Us(·)

over R̄s({xm,t}t=1,··· ,∞, ∀m), and R̄s,t−1 is the long-term
rate of small-cell BS s up to time frame t which satisfies

R̄s,t =
1
t

t∑
τ=1

Rs,τ (xm,τ , ∀m) = R̄s,t−1+
1
t [Rs,t(xm,t, ∀m)−

R̄s,t−1].
Note that the power control optimization problem in (11) is

in general non-convex due to the mutual coupling among the
out-of-cell interference of all VUs. Therefore, it is impossible

to find the optimal solution based on the theory of convex
optimization. It can be seen from (11) that there exist two types
of power allocation: the power allocation corresponding to
small-cell BSs and the power allocation corresponding to VUs.
This motivates us to separately control the transmit power
of small-cell BSs and VUs. Based on the system framework
mentioned above, the optimal transmit power of small-cell
BSs is determined at the station-centric controller, while the
optimal transmit power of VUs is determined at the user-
centric controller. In the following, we focus on designing the
hierarchical power control algorithms performed at the station-
centric and user-centric controllers, respectively.

IV. HIERARCHICAL POWER CONTROL

Finding the optimization variables Ps,t and psm,t for all s
and m in (11) is a non-convex optimization problem. Notably,
given the power allocation of each small-cell BS, the user-
centric controller of small-cell BS s can allocate the total
power Ps(t) to all associated VUs. In this section, we therefore
want to solve the power control optimization problem in (11)
in the following two stages. In the first stage, we present
the power allocation algorithm performed at the user-centric
controller of each small-cell BS to obtain the optimal power
allocation among VUs associated with the same small-cell BS
when the power allocation among small-cell BSs is given.
In the second stage, according to the feedback of power
allocation among VUs from the user-centric controller, the
station-centric controller then determines the optimal power
allocation among small-cell BSs. Before presenting the power
control algorithm, we first derive some desirable properties of
the optimal solution to problem (11).

A. Optimal Power Allocation at the User-Centric Controller

Note that given the total transmit power of each small-
cell BS, problem (11) can be decomposed into multiple
weighted sum rate maximization problems, each of which
can be individually performed at the user-centric controller
of each small-cell BS. By (6), the individual weighted sum
rate maximization problem corresponding to small-cell BS s
can be written as

IP : max
∑

∀m∈Us,t

rsm,t(xm,t, ∀m)

s. t.
∑

∀m∈Us,t

psm,t ≤ Ps,t,

var. psm,t ≥ 0, ∀m ∈ Us,t.

(12)

Next, the following proposition indicates the convex nature
of the weighted sum rate maximization problem at the user-
centric controller. The proof is given in Appendix A-A.

Lemma 1. Given the total transmit power of all small-cell
BSs, the sum rate maximization problem in (12) can be
transformed into a convex optimization problem.

Remark 1. The result in Proposition 1 can be extended to the
general case where the objective function is a concave function
of rsm,t(·)’s.



0733-8716 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JSAC.2017.2725178, IEEE Journal
on Selected Areas in Communications

6

Lemma 1 reveals that the power allocation problem at
the user-centric controller can be transformed into a convex
optimization problem, and thus it can be solved by the
convex optimization arguments. In the following, we present
the optimal power allocation among all VUs associated with
small-cell BS s (i.e., the optimal solution to problem (12))
when its total power Ps,t is given. Based on the convex nature
as shown in Lemma 1, Theorem 1 shows such optimal power
allocation. The proof is given in Appendix A-B.

Theorem 1. To maximize the sum rate across VUs associated
with small-cell BS s in time frame t (i.e., problem (12)), the
total power of small-cell BS s should be greedily allocated to
the VU with the best ĝsm,t.

By Theorem 1, the main operations at the user-centric
controller is to first find the associated VU m∗

s,t with the best
ĝsm,t, i.e.,

m∗
s,t = argmax

∀m∈Us,t

ĝsm,t

= argmax
∀m∈Us,t

gsm,t∑
∀s′ ̸=s,s′∈S

gs′m,tPs′,t + nm
,

(13)

and then to allocate the total transmit power Ps,t to the
associated VU m∗

s,t.

B. Optimal Power Allocation at the Station-Centric Controller

In this subsection, we present the optimal power allocation
among all small-cell BSs at the station-centric controller.

By Theorem 1, the optimal power allocation problem at the
station-centric controller can be rewritten as

SP :

max
∑
∀s∈S

ws,tB log

(
1 + max

∀m∈Us,t

Ps,tgsm,t∑
∀s′ ̸=s,s′∈S

gs′m,tPs′,t + nm

)
s. t. 0 ≤ Ps,t ≤ Ps,max, ∀s ∈ S,
var. Ps,t,∀s ∈ S.

(14)
in each time frame t.

The following Theorem states the property of the optimal
solution to problem (14) (and hence problem (11)). The proof
is given in Appendix A-C.

Theorem 2. One small-cell BS at least, say small-cell BS
s, transmits information with its maximum allowable transmit
power Ps,max when maximizing the weighted sum rate in (11).

Note that the objective function in problem (14) is mono-
tonically increasing with the increase of each SINR term

Ps,tgsm,t∑
∀s′ ̸=s,s′∈S

gs′m,tPs′,t+nm
, and thus we can obtain the optimal

solution to problem (14) based on the theory of monotonic
optimization [31]. However, due to the complicated interfer-
ence coupling between small-cell BSs, it requires exponential
computational complexity though the global optimal solution
is obtained based on the idea of monotonic optimization.
This implies that from the implementation perspective, it
is intractable to obtain the global optimal solution in each
time frame. Therefore, it is of practical meaning to design a

low-complexity near-optimal algorithm for the station-centric
controller.

For the low-complexity solution, we want to solve problem
(14) based on the idea of successive convex approximation. In
particular, there are three key ingredients at each iteration l as
follows.

1) Form the k-th approximated problem of (14) based
on the approximation around the solution P

(l−1)
t =

(P
(l−1)
1,t , · · · , P (l−1)

S,t ) obtained at the (l− 1)-th iteration.
2) Solve the l-th approximated problem to obtain P

(l)
t .

3) Increment l and go to step 1 until convergence to a
stationary point.

In the following, we shall introduce every key ingredient in
details. In particular, the proposed algorithm works as follows.

First, we choose an initial feasible point P (0)
t to start algo-

rithm. By Lemma 1 in [32], problem (14) can be approximated
as

max
∑
∀s∈S

ws,tBβ(l)
s log

Ps,tgsm∗(l)
s,t ,t

/β
(l)
s∑

∀s′ ̸=s,s′∈S
g
s′m

∗(l)
s,t ,t

Ps′,t + n
m

∗(l)
s,t

+ ws,tBα(l)
s

s. t. 0 ≤ Ps,t ≤ Ps,max, ∀s ∈ S,
var. Ps,t, ∀s ∈ S

(15)
at the l-th iteration. Here, m∗(l)

s,t is obtained by (13) with Ps,t =

P
(l−1)
s,t for all s, and α

(l)
s and β

(l)
s are respectively calculated

as

α(l)
s =

∑
∀s′ ̸=s,s′∈S

g
s′m

∗(l)
s,t ,t

P
(l−1)
s′,t + n

m
∗(l)
s,t∑

∀s′∈S
g
s′m

∗(l)
s,t ,t

P
(l−1)
s′,t + n

m
∗(l)
s,t

× log

∑
∀s′∈S

g
s′m

∗(l)
s,t ,t

P
(l−1)
s′,t + n

m
∗(l)
s,t∑

∀s′ ̸=s,s′∈S
g
s′m

∗(l)
s,t ,t

P
(l−1)
s′,t + n

m
∗(l)
s,t

(16)

and

β(l)
s =

P
(l−1)
s,t g

sm
∗(l)
s,t ,t∑

∀s′∈S
g
s′m

∗(l)
s,t ,t

P
(l−1)
s′,t + n

m
∗(l)
s,t

. (17)

Second, we focus on solving problem (15). For the
notational brevity, we use us(Ps,t,P−s,t) to denote

ws,tB(α
(l)
s + β

(l)
s log

Ps,tg
sm

∗(l)
s,t ,t

/β(l)
s∑

∀s′ ̸=s,s′∈S
g
s′m∗(l)

s,t ,t
Ps′,t+n

m
∗(l)
s,t

), where

P−s,t = (P1,t, · · · , Ps−1,t, Ps+1,t, · · · , PS,t). Based on the
key idea of best-response pricing algorithm [33], the optimal
solution to problem (15) can be obtained by iteratively solving
S optimization problems in parallel:

max
Ps,t

us(Ps,t,P
−
−s,t)− πs(P

−
t )Ps,t

s. t. 0 ≤ Ps,t ≤ Ps,max,∀s ∈ S,
(18)

where P−
t means the vector of P−

s,t’s obtained at the previous
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iteration. and the price πs(P
−
t ) satisfies

πs(P
−
t ) =

∑
∀s′ ̸=s,s′∈S

ws′,tBβ
(l)
s′ gsm∗(l)

s′,t ,t∑
∀ŝ̸=s′,ŝ∈S

g
ŝm

∗(l)
s′,t ,t

P−
ŝ,t + n

m
∗(l)
s′,t

. (19)

Since the function us(Ps,t,P
−
−s,t)−πs(P

−
t )Ps,t is concave in

Ps,t, the optimal solution to problem (18), say P̂s,t, is uniquely
calculated as

P̂s,t = min{ws,tBβ
(l)
s

πs(P
−
t )

, Ps,max}. (20)

In summary, the optimal solution to problem (15) can be
obtained by Procedure 1. Furthermore, the following Theorem
3 shows that Procedure 1 globally converges to the optimal
solution to problem (15). The proof is given in Appendix A-
D.

Theorem 3. Procedure 1 can globally converge to the optimal
solution to problem (15).

Third, we can repeat the procedure above until convergence
to a stationary point of problem (14). In particular, the algo-
rithm terminates at the kth iteration if ||P (l)

t − P
(l−1)
t || ≤ ϵ,

where ϵ is the error tolerance for exit condition.
Having introduced the basis operations, we now formally

present the low-complexity power control algorithm operated
at the station-centric controller as Algorithm 1. Furthermore,
the following Theorem 4 shows the convergence property of
the proposed power control algorithm. The proof is given in
Appendix A-E.

Theorem 4. In the proposed power control algorithm, the
solutions of this series of approximations (15) converge to
a point satisfying the necessary KKT optimality conditions of
problem (14).

Procedure 1 Achieve the optimal solution to problem (15)

1: Let (P̂1,t, · · · , P̂S,t) = P
(l−1)
t .

2: repeat
3: Let P−

s,t = P̂s,t for all s.
4: Obtain P̂s,t for all s by (19)-(20).
5: until max

∀s∈S
|P̂s,t − P−

s,t| ≤ δ, where δ is a small positive
constant as a termination criterion.

6: Output: P (l)
t = P−

t .

V. SIMULATION RESULTS

In this section, we conduct simulations to illustrate the
effectiveness of the proposed power control algorithm. Follow-
ing the networking parameters suggested in [35], we set the
simulation parameters in Table I. We use Clarke’s model [36]
to generate the fading level, and the coherence time of channel
fading is larger than 4 ms due to the fact that maximum VU
velocity is 60 km/h. Suppose that the changes in the fading
level occur relatively slowly during one time frame, and thus
we set the length of time frame to be 1 ms, which implies
the station-centric controller and user-centric controllers are

Algorithm 1 The low-complexity power control algorithm at
the station-centric controller

1: Initialization: Randomly choose an initial feasible point
P

(0)
t , and let l = 0.

2: repeat
3: Set l = l + 1.
4: Update m

∗(l)
s,t ’s, α(l)

s ’s, and β
(l)
s with P (l−1)’s by (13),

(16), and (17), respectively.
5: Approximate problem (14) as problem (15) with

m
∗(l)
s,t ’s, α(l)

s ’s, and β
(l)
s ’s.

6: Obtain P (l) by solving problem (15) via Procedure 1.
7: until ||P (l−1)

t − P
(l)
t || ≤ ϵ.

8: Output: P (l) as the optimal power allocation among all
small-cell stations.

TABLE I
SIMULATION PARAMETERS

Simulation parameters Value choice
Carrier frequency 2000MHz

Bandwidth 20MHz

Path loss model (128.1 + 37.6 log10(d))dB
(d in km)

Fading model Rayleigh fading

Noise power spectral density -174dBm/Hz

Range of maximum transmit 250mW ∼ 2W
power Ps,max

Small-cell Radius 100m ∼ 300m

Maximum VU velocity 60km/h

Time frame length 1 ms

allowed to dynamically update the VU association via power
control per millisecond1.

A. Global Optimality and Computational Complexity

Example 1: In this simulation example, we want to verify
the optimality and computational complexity of the proposed
power control algorithm operated at the station-centric con-
troller for the downlink NOMA-enabled V2S network as
shown in Fig. 3(a) at a certain time frame. Specifically, we
consider a circle-road scenario with four two-direction lanes,
in which ten small-cell BSs are uniformly deployed along
with the 400-meter/420-meter two-dimensional inner/outer cir-
cle planes and M VUs are randomly moving on the four
lanes. We assume that the weight ws is uniformly cho-
sen in [0,1]. Also, we set the maximum allowable trans-
mit power and cell radiuses of ten small-cell BSs to be
(0.25 1.5 0.25 1.0 1.25 1.75 1.5 1.25 0.75 1.5)W and
(125 250 125 200 225 275 250 225 175 250)m, respectively.

Fig. 4 illustrates the convergence and optimality of the
proposed algorithm with the error tolerance ϵ = 10−9 when

1The station-centric controller informs user-centric controllers of transmit
power via fiber, whose latency is equal to 5µs per kilometer [37]. On the other
hand, the computing takes can be realized in the station-centric controller and
user-centric controllers through equipping them with cloud computing servers,
which can guarantee the computing delay at the order of millisecond [38]
Therefore, the dynamic updating can be performed per millisecond.
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(a) Circle-road scenario

(b) Linear-road scenario

Fig. 3. NOMA-enabled V2S network topologies.

varying the number of VUs. For the comparison, we also
obtain the optimal weighted sum-rate on the framework of
monotonic optimization. As shown in Fig. 4, the convergence
of the proposed algorithm is fast, with the obtained weighted
sum-rate very close to the optimal weighted sum-rate by
less than 20 iterations. This observation implies that the
millisecond-order time scale of updating VU association is
acceptable for the V2S network. We can further find that
the obtained weighted sum-rate increases with the increase
of the number of VUs. This is because that each small-cell
BS is more likely to associate with VUs with good channel
conditions with increasing the number of VUs.

Fig. 5 shows the optimal power allocation of ten small-
cell BSs under the different density of VUs. We can find that
at least one small-cell BS (i.e., small-cell BS 1) serves its
associated VU with the maximum allowable transmit power,
which coincides with the result in Theorem 2. Furthermore, it
can be seen that the number of off small cells is increasing
with the increase of the number of VUs. This is mainly
because that the co-channel interference can severely affect
the weighted sum-rate of V2S network. In particular, the co-
channel interference among small-cells becomes severer in
the denser population of VUs, and thus the weighted sum-
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Fig. 4. Convergence and optimality of weighted sum-rate for the proposed
power control algorithm.

rate can be improved by turning off some small-cells that are
experiencing severe the co-channel interference.
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Fig. 5. Optimal power allocation of ten small-cell BSs in Fig. 3(a).

B. Performance Comparison

To the best of our knowledge, there are no algorithm-
s proposed with the same goal in the literature. For the
comparison with our proposed power control based VU
association scheme, we therefore introduce two baseline
schemes: maximum-power based random association scheme
and maximum-power based best VU association scheme. The
maximum-power based random association scheme assumes
that in each time frame, every small-cell BS randomly serves
one VU in its footprint with the maximum transmit power. The
maximum-power based best VU association scheme assumes
that in each time frame, every small-cell BS s serves the VU
with the best ĝsm,t using the maximum transmit power. We
evaluate the system performance in terms of long-term system
utility, total energy consumption across small-cell BSs, and
service time. Here, the service time means the total time that
each VU is associated to one small-cell BS, which is averaged
on all VUs during the simulation time. Therefore, the service
time can be used to evaluate the handover rate of the proposed
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scheme, and the more service time implies the less handover
rate..

Example 2: In this simulation example, we want to compare
the proposed scheme with the maximum-power based random
association scheme (Scheme 1 for simplification) and the
maximum-power based best VU association scheme (Scheme
2 for simplification) when they are applied to the NOMA-
enabled V2S network in Fig. 3(a). We assume that a fixed
number of VUs are uniformly moving on the four two-
direction lanes for sixty thousand of time frames (i.e., 60s),
and we vary the number of VUs from 40 to 80.

Fig. 6 shows the system performance obtained in different
VU densities when the proportional fairness (i.e., Us(R̄s(·)) =
log R̄s(·)) is used as the load balancing criterion. Fig. 7
shows the system performance obtained in different VU
densities when the weighted sum rate across small-cell BSs
(i.e., Us(R̄s(·)) = wsR̄s(·)) is used as the load balancing
criterion, where we set the weight ws to be uniformly chosen
in [0,1] for all s. From Figs. 6 and 7, we find that with
increasing the number of VUs, the long-term system-wide
utility slowly increases, while the service time and total energy
consumption decreases when applying the proposed scheme.
Since the VUs served by small-cell BSs have the better
channel conditions with the increase of the number of VUs, the
long-term system-wide utility increases and less total energy
consumption is needed for interference mitigation accordingly.
Since the proposed scheme associates the VU to the small-
cell BS according to the max-SINR policy, the association
probability of each VU becomes lower with the increase
of the number of VUs, which leads to the decreasing of
service time. We further find that the proposed scheme always
outperforms the two baseline schemes in terms of long-term
system-wide utility, total energy consumption across small-
cell BSs, and service time. In particular, the proposed scheme
can improve the long-term system-wide performance with
lower energy consumption, which implies more spectral and
energy efficiency. On the other hand, the proposed scheme can
guarantee the longer service time on average, which implies
infrequent handover rate.

Example 3: In this simulation example, we want to compare
the proposed scheme with the maximum-power based random
association scheme (Scheme 1) and the maximum-power based
best VU association scheme (Scheme 2) when they are applied
to the NOMA-enabled V2S network in Fig. 3(b). Specifically,
twelve small-cell BSs are uniformly distributed along with two
sides of 1000m-linear-road, in which the distance between any
two neighboring small-cell BSs at the same side is 150m. A
dynamic number of VUs are moving on the four two-direction
lanes for one hundred thousand of time frames (i.e., 100s). The
arriving model of VUs is assumed to be a Poisson Process with
the arriving rate being λ VUs per second at each direction, and
each arriving VU is assumed to uniformly select a lane.

Fig. 8 shows the system performance obtained with the
different arriving rate of VUs when the proportional fairness
(i.e., Us(R̄s(·)) = log R̄s(·)) is used as the load balancing
criterion. Fig. 9 shows the system performance obtained with
the different arriving rate of VUs when the weighted sum
rate across small-cell BSs (i.e., Us(R̄s(·)) = wsR̄s(·)) is
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(b) Total energy consumption
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Fig. 6. The system performance obtained when the proportional fairness
utility is considered for the scenario in Fig. 3(a).

used as the load balancing criterion, where we set the weight
ws to be uniformly chosen in [0,1] for all s. From Figs. 8
and 9, we can find that with the increase of the arriving
rate of VUs, the total energy consumption and service time
decrease, while the long-term system-wide utility increases.
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(a) Weighted sum rate maximization
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(b) Total energy consumption
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Fig. 7. The performance of individual VUs obtained when the weighted
sum-rate utility is considered for the scenario in Fig. 3(a).

The main reason is that the increase of the arriving rate of VUs
leads to more VUs moving on the road, and thus each small-
cell BS is more likely to serve VUs with the better channel
conditions. Also, we can find that the proposed scheme always
outperforms the two baseline schemes when they are applied
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Fig. 8. The system performance obtained when the weighted sum-rate utility
is considered for the scenario in Fig. 3(b).

to the linear-road scenario. This is mainly because that the
hierarchical power control is adopted in the proposed scheme
to adaptively adjust the cell association and power control for
every small-cell BS according to the time-varying traffic load
and communication environments due to the vehicle mobility.
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Fig. 9. The performance of individual VUs obtained when the weighted
sum-rate utility is considered for the scenario in Fig. 3(b).

The observation implies that compared to the two baseline
schemes, the proposed scheme has more spectrum and energy
efficiency and less handover.

Furthermore, we have to note that in both circle-road
scenario and linear road scenario, the maximum-power based

best VU association scheme can achieve the similar long-term
system-wide utility at the cost of more energy consumption
in comparison with the proposed scheme. This implies that if
the spectral efficiency is the main goal, the cell association is
sufficient without power control for V2S networks.

Example 4: In this simulation example, we want to evaluate
the influence of vehicle velocity when applying the proposed
scheme to the V2S network in Fig. 3(b). We set the arriving
rate to be 2 VUs per second at each direction, and other set-
tings are the same as those in Example 3. Fig. 10 illustrates the
service time obtained with the different vehicle velocity when
maximizing either the proportional fairness or the weighted
sum-rate utility. For the comparison purpose, we also plot the
service time obtained when the random access technique is
applied to such a V2S network. From Fig. 10, we can see that
the service time obtained by the proposed scheme is decreasing
with the increase of velocity for the proportional fairness
utility and the weighted sum-rate utility. Further, compared
to adopting the the weighted sum-rate utility, VUs can obtain
more service time when adopting the proportional fairness
utility. Also, it can be seen from Fig. 10 that the proposed
scheme always outperforms the random access technique.
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Fig. 10. The service time versus the velocity.

VI. CONCLUSIONS

In this paper, we have studied the joint optimization of
cell association and power control that maximizes the long-
term system utility to enhance the long-term system-wide per-
formance and avoid excessive handovers for NOMA-enabled
V2S networks. Specifically, we first transform such a joint
optimization problem into a weighted sum rate maximization
problem in each time frame based on a standard gradient-based
algorithm. Then, the equivalent weighted sum rate maximiza-
tion problem is efficiently solved by the proposed hierarchical
power control algorithm which performs the optimal power
allocation for small-cell BSs and VUs in the station-centric
decision layer and the user-centric decision layer, respectively.
By comparing with the proposed algorithm, we have gained
deeper understanding of the baseline schemes: the maximum-
power based random association scheme and the maximum-
power based best VU association scheme. Simulations further
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show that the proposed algorithm performs better performance
in terms of spectrum-energy efficiency and handover rate for
the joint optimization of cell association and power control.

For our future work, the predication on the mobility of VUs
and the feedback delay of CSI will be taken into account
when designing the joint cell association and power control
for NOMA-enabled V2S networks. Furthermore, the emerging
5G techniques, such as massive MIMO, mmWave communi-
cation, and full-duplex communication, will be applied to V2S
networks to further improve the spectral and energy efficiency
and reduce the handover rate.

APPENDIX A
A. Proof of Lemma 1

For the notational brevity, we sort all users associated
with small-cell BS s in the descending order of ĝsm,t’s, use
ms(k) to denote the user index in the kth position in the
sorted sequence, and abbreviate rsm,t(xm,t, ∀m) into rsm,t.
Therefore, the data rate rsms(k),t in (5) can be rewritten as

2
rsms(k),t

B

= 1 +
psms(k),t

k−1∑
j=1

psms(j),t + 1/ĝsms(k),t

, ∀k ∈ {1, · · · , |Us,t|},

(21)
where |Us,t| means the cardinality of Us,t. Since the data
rate rsms(k),t increases with the transmit power, the power
constraint in (12) is active when the optimal solution to
problem (12) is obtained. Therefore, by solving a set of

equations in (21) and
|Us,t|∑
k=1

psms(k),t = Ps,t, we have

|Us,t|∑
k=1

exp

 ln 2

B

|Us,t|∑
i=k

rsms(i),t

(
1

ĝsms(k),t
− 1

ĝsms(k−1),t

)
= Ps,t +

1

ĝsms(|Us,t|),t
.

(22)
Since the objective function in (12) is an increasing function
of rsms(k),t’s, it follows from (22) that problem (12) can be
rewritten as
IPN :

max

|Us,t|∑
k=1

rsms(k),t

s. t.
|Us,t|∑
k=1

exp

 ln 2

B

|Us,t|∑
i=k

rsms(i),t

(
1

ĝsms(k),t
− 1

ĝsms(k−1),t

)
≤ Ps,t +

1

ĝsms(|Us,t|),t
,

var. rsms(k),t ≥ 0,∀k = 1, · · · , |Us,t|.
(23)

Due to the fact that 1
ĝsms(k),t

− 1
ĝsms(k−1),t

is non-negative
for all k, the constraint in (23) is convex [30]. Together
with a linear objective function, it follows that problem (23)
is a convex optimization problem. Therefore, Proposition 2
follows. �

B. Proof of Theorem 1

For the notational brevity, we abbreviate rsm,t(xm,t, ∀m)
into rsm,t. By Lemma 1, the optimal solution to problem (12)
can be obtained by solving the convex optimization problem
(23). Due to the convex nature, we can obtain the optimal
solution to problem (23) based on the KKT conditions (24):

J({rsms(k),t}, λ, {µk}) =
|Us,t|∑
k=1

rsms(k),t +

|Us,t|∑
k=1

µkrsms(k),t

+ λ

(
Ps,t +

1

ĝsms(|Us,t|),t
−

|Us,t|∑
k=1

exp

(
ln 2

B

|Us,t|∑
i=k

rsms(i),t

)(
1

ĝsms(k),t
− 1

ĝsms(k−1),t

))
,

(24)
where λ and µk are the Lagrange multipliers for the first con-
straint in (23) and the constraint of rsms(k),t ≥ 0, respectively.
Since the objective function and the constraint function in (23)
are both increasing with rsms(k),t’s, the optimal solution to
problem (23) is obtained only when the first constraint of (23)
is active. Therefore, applying the KKT conditions, the optimal
solution to problem (23) corresponds to the solution to the
following equations:

∂J(·)
∂rsms(k),t

= 1 + µk − µ ln 2

B
×

k∑
i=1

exp

 ln 2

B

|Us,t|∑
j=i

rsms(j),t

(
1

ĝsms(i),t
− 1

ĝsms(i−1),t

)
= 0,∀k,
|Us,t|∑
k=1

exp

 ln 2

B

|Us,t|∑
i=k

rsms(i),t

(
1

ĝsms(k),t
− 1

ĝsms(k−1),t

)
(25)

= Ps,t +
1

ĝsms(|Us,t|),t
,

µkrsms(k),t = 0, µk ≥ 0,∀k, λ > 0.

From (25), we have

∂J(·)
∂rsms(k+1),t

= µk+1 − µk−

exp

 ln 2

B

|Us,t|∑
i=k+1

rsms(i),t

(
1

ĝsms(k+1),t
− 1

ĝsms(k),t

)
= 0.

(26)

Due to the fact that exp
(

ln 2
B

|Us,t|∑
i=k+1

rsms(i),t

)(
1

ĝsms(k+1),t
−

1
ĝsms(k),t

)
> 0, it follows from (26) that µ1 = 0 and µk > 0

for all k > 1. By (25), this implies that the optimal solution
to problem (23) (and hence problem (12)) is obtained when
small-cell BS s only serves the user ms(1) with all power
Ps,t. Therefore, Theorem 1 follows. �

C. Proof of Theorem 2

Assume two power allocation vectors P 1,t

and P 2,t in time frame t such that P 1,t =
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[P11,t, · · · , P1S,t] ≺ [P1,max, · · · , PS,max] and P 2,t = κP 1,t

with κ = min
s

Ps,max

P1s,t
> 1. It is obvious that

max
∀m∈Us,t

{P2s,tgsm,t/(
∑

∀s′ ̸=s,s′∈S
gs′m,tP2s′,t + nm)} =

max
∀m∈Us,t

{P1s,tgsm,t/(
∑

∀s′ ̸=s,s′∈S
gs′m,tP1s′,t + nm/κ)} >

max
∀m∈Us,t

{P1s,tgsm,t/(
∑

∀s′ ̸=s,s′∈S
gs′m,tP1s′,t + nm)} for all

s due to the fact that κ > 1. It follows that that the
weighted sum rate in (14) corresponding to P 2,t is larger
than that corresponding to P 1,t, since it is increasing with
the maximum SINR achieved by each small-cell BS. This
implies that the optimal power allocation of small-cell BSs
in problem (14) must contain at least one element equal to
Ps,max. Since problem (14) is equivalent to problem (11),
Theorem 2 follows. �

D. Proof of Theorem 3

We denote the term
Ps,tg

sm
∗(k)
s,t ,t

/β(k)
s∑

∀s′ ̸=s,s′∈S
g
s′m∗(k)

s,t ,t
Ps′,t+n

m
∗(k)
s,t

as γs.

Over the transformed variables P̃s,t = logPs,t and γ̃s = log γs
for all s, problem (15) can be rewritten as

max
∑
∀s∈S

ws,tB(α(k)
s + β(k)

s γ̃s)

s. t. log(
∑

∀s′ ̸=s,s′∈S

g
s′m

∗(k)
s,t ,t

β
(k)
s

g
sm

∗(k)
s,t ,t

exp(P̃s′,t + γ̃s − P̃s,t)

+
β
(k)
s n

m
∗(k)
s,t

g
sm

∗(k)
s,t ,t

exp(γ̃s − P̃s,t)) ≤ 1,∀s ∈ S,

P̃s,t ≤ log(Ps,max), ∀s ∈ S,
var. Ps,t, ∀s ∈ S

(27)
Due to the linear objective function and the strictly convex
constraint functions, problem (27) (and hence problem (15))
has a unique optimal solution. By Proposition 3 in [33], this
implies that Procedure 1 can globally converges to the optimal
solution to problem (15). Therefore, Theorem 3 follows. �

E. Proof of Theorem 4
For the natation brevity, we let fs(P t) = ws,tB log(1 +

max
∀m∈Us,t

Ps,tgsm,t∑
∀s′ ̸=s,s′∈S

gs′m,tPs′,t+nm
) and f̃s(P t) = ws,tB(α

(l)
s +

β
(l)
s log

Ps,tg
sm

∗(l)
s,t ,t

/β(l)
s∑

∀s′ ̸=s,s′∈S
g
s′m∗(l)

s,t ,t
Ps′,t+n

m
∗(l)
s,t

). Due to the maximum

nature of SINR term in the function fs(·), we have

fi(P t) ≥ ws,tB log(1 +
Ps,tgsm∗(l)

s,t ,t∑
∀s′ ̸=s,s′∈S

g
s′m

∗(l)
s,t ,t

Ps′,t + n
m

∗(l)
s,t

)

︸ ︷︷ ︸
f̄s(P t)

.

(28)
By the inequality of arithmetic and geometric means, we
further have f̄s(P t) ≥ f̃s(P t) for all s. Together with (28),
this implies that fs(P t) ≥ f̃s(P t) for all s. It follows that∑

∀s∈S

fs(P t) ≥
∑
∀s∈S

f̃s(P t) (29)

for all feasible P t. By the values of m∗(l)
s,t ’s, α(l)

s ’s, and β
(l)
s ’s,

we can further get∑
∀s∈S

fs(P
(l)
t ) =

∑
∀s∈S

f̃s(P
(l)
t ) (30)

and ∑
∀s∈S

∇fs(P
(l)
t ) =

∑
∀s∈S

∇f̃s(P
(l)
t ) (31)

where ∇fs(P
(l)
t ) and ∇f̃s(P

(l)
t ) mean the first-order deriva-

tive of functions fs(P t) and f̃s(P t) at the point P (l)
t , respec-

tively. By Theorem 2, P (l)
t is the globally optimal solution of

maximizing f̃s(P t) in problem (15). By Theorem 1 in [34],
three conditions (29)-(31) therefore implies that the solutions
to a series of approximation problems (15) can converge to a
point satisfying the necessary KKT optimality conditions of
problem (14), and Theorem 4 follows. �
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