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Abstract In this paper the combined problem of Wireless
Internet Service Provider (WISP) selection by the mobile cus-
tomers and corresponding power allocation is treated, in order
to meet user expectations and satisfaction in a competitive
wireless communication market with several co-existing
WISPs. Each WISP is characterized by a price and service-
based reputation, formed based on its adopted pricing policy
and its success to satisfy customers’ Quality of Service (QoS)
prerequisites, the latter implicitly characterizing the specific
WISP’s market penetration factor. The customers who act as
learning automata selecting the most appropriate WISP adopt
a machine learning based mechanism. The optimal power al-
location is concluded from the maximization problem of each
user’s utility function, which is confronted as a non-
cooperative game among users and its Nash equilibrium is
determined. The output of the resource allocation problem
feeds the learning system in order to build knowledge and
conclude to the optimal provider selection. A two-stage itera-
tive algorithm is proposed in order to realize the machine
learning provider selection and the distributed resource allo-
cation. The performance of the proposed approach is

evaluated via modeling and simulation and its superiority
against other state of the art approaches is illustrated.
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1 Introduction

The continuous growth of mobile data services has been char-
acterized by a significant increase in the number of mobile
devices and connections reaching 7.9 billion in 2015, and by
the high penetration of smart devices that accounts for 89% of
the global mobile data traffic [1]. In 2021, the mobile sub-
scribers are expected to reach 10 billion the mobile data traffic
in 2016 increased approximately by 60% compared to 2015
[2]. Within such a blooming market it is expected that the
competition among Wireless Internet Service Providers
(WISPs) covering similar geographical areas and/or groups of
users will only intensify, providing to their potential customers
a multitude of options, ranging from different QoS offerings, to
different resource allocation schemes and pricing policies.

Within such a competitive communications paradigm, end
users, empowered by the increased computational and commu-
nications intelligence of their smart devices, will be facing sev-
eral flexibilities and challenges in dynamically selecting themost
appropriate WISP to be served by, in accordance with the afore-
mentioned options and offerings (e.g. pricing policy, WISP rep-
utation, etc.), while properly controlling their limited power re-
sources in order to meet their service quality requirements.

In recent years, several efforts have been devoted to study-
ing the problem of resources’ pricing, mainly aiming at in-
creasing WISP’s revenue and profit. Two main categories of
pricing policies have been reported in the literature, i.e. static
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and dynamic. Static pricing policies are classified as flat-rate
[3], usage-based pricing [4], tiered pricing [5], QoS-based
pricing where multiple traffic classes with different support
of users’ QoS prerequisites are created and charged with dif-
ferent static prices [6], as well as negotiated contracts [7].
Though such policies present simplicity in their implementa-
tion, their main drawback is that they do not enable theWISPs
to properly adapt to real-time users’ needs and adjust their
prices accordingly, therefore resulting either in low user satis-
faction or poor utilization of available resources.

To overcome this drawback various dynamic pricing policies
have been proposed, such as: a) raffle-based pricing, promoting
the shift of user demand to off-peak periods [8], b) auction-
based pricing [9], c) day-ahead pricing [10] and d) congestion-
adaptable pricing, where the WISP monitors the network and
adapts the announced prices based on the observed congestion
in a real time manner [11]. Nevertheless, these approaches do
not consider the problem of optimal pricing as most of them are
either heuristic or empirical, while more importantly they a)
underestimate the need to jointly consider pricing and resource
allocation for supportingmultiple types of services in a real time
varying environment and b) ignore the multi-provider nature of
the arising wireless competitive market.

Similarly, extensive research efforts have been devoted to
the problem of power allocation in interference limited envi-
ronments adopting various multiple access techniques, such as
code division multiple access (CDMA) and non-orthogonal
multiple access (NOMA). In 5G wireless networks, NOMA
technique has been adopted to provide improved spectral ef-
ficiency, massive connectivity and low transmission latency
and signaling cost. In [12], the authors propose two power
allocation frameworks, based on channel state information
experienced by NOMA users and on pre-defined Quality of
Service (QoS) per user respectively. In [13], a power alloca-
tion framework is proposed while considering proportional
fairness objective. The authors in [14] study the optimization
multi-user power and channel allocation problem in NOMA
systems via combining Lagrangian duality and dynamic pro-
gramming in order to conclude to a competitive suboptimal
solution. However, all these efforts have been treated in isola-
tion from the critical and interrelated resource pricing problem
especially under the emerging NOMA 5G wireless networks.

1.1 Paper contributions and outline

Our paper aims exactly at filling the aforementioned gaps and
address directly the combined problem of WISP selection by
the mobile customers and corresponding power allocation.
Each WISP is characterized by a price and service-based rep-
utation, formed based on its adopted pricing policy and its
success to satisfy customers’ QoS prerequisites, the latter im-
plicitly characterizing the specific WISP’s market penetration
factor. Multiple WISPs are engaged in a competitive process

towards improving their market penetration factor and
attracting increased number of customers via offering different
dynamic pricing policies to their candidate customers. As such
they are looking for new and smart ways of sharpening their
service offerings and of strengthening their role in the service-
provider ecosystem.

Specifically, the basic contributions of our proposed ap-
proach and framework in this paper are summarized as follows:

1. A machine learning mechanism is adopted by the cus-
tomers who act as learning automata and via the learning
process select the most appropriate WISP to be served by.
The iterative aspect of machine learning is important in
such a dynamic environment because as models are ex-
posed to new data, they are able to independently adapt.
Considering a time-slotted system the machine learning
based WISP selection algorithm determines at the begin-
ning of each time slot the user’s provider choice, while
after this process is completed, a power allocation frame-
work is realized towards determining users’ optimal trans-
mission powers within each WISP.

2. We introduce a holistic approach of utility-based uplink
transmission power allocation in multi-service wireless
communication networks. Each mobile customer is asso-
ciated with an appropriately designed utility function
representing his degree of satisfaction with respect to the
allocated system’s resources and depending on the im-
posed pricing policy of the selected WISP. The form of
the considered utility function is a generic one that closely
models users’ Quality of Service (QoS) prerequisites and
the imposed pricing policy by the WISP.

3. Based on the non-cooperative nature of the resource allo-
cation problem, a maximization problem of each user’s
utility function is formulated and confronted as a non-
cooperative game. To deal with this problem while simul-
taneously treat the adoption of multiple utility functions
required to support the multi-service QoS prerequisites
and consider the various imposed pricing policies, we
follow an approach based on the quasi-concavity of mo-
bile customers’ utility functions in order to conclude to a
unique Nash equilibrium point.

4. A distributed and iterative algorithm is proposed towards
determining the optimal power allocation. The output of
the resource allocation problem feeds the learning system
in order to build knowledge and conclude to the optimal
provider selection, even if dynamically changes apply to
the system as it evolves. A two-stage iterative algorithm is
proposed in order to realize the machine learning provider
selection and the distributed resource allocation.

5. The proposed framework enables the autonomic user-
centric management and optimization. The joint dynamic
provider selection and power resource management in
competitive wireless communication markets supports
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self-* properties, e.g., self-optimization, self-adaptation,
etc. and these properties enable the users themselves to
conclude to their best response strategies.

6. Detailed numerical results are provided that demonstrate
the performance and operational effectiveness and effi-
ciency of the proposed framework, along with its flexibil-
ity and adaptability under various scenarios. Finally, the
performance of the proposed framework is compared
against other related state of the art approaches (i.e. [16,
20]) and its superiority in terms of achieved energy effi-
ciency is demonstrated.

The outline of the paper is as follows. In Section 2 various
considered models and assumptions at different operation
levels are introduced, including the system model
(Section 2.1), the different pricing policies (section 2.2), the
adopted utility functions (Section 2.3) and the WISP market
penetration model (Section 2.4). Then in Section 3 the overall
joint provider selection and resource management problem in
the competitive wireless market environment is treated based
on the above models and assumptions. Specifically, the over-
all proposed framework design is introduced in Section 3.1,
while in Section 3.2 the provider selection problem is formu-
lated and solved via a machine learning based approach, and
in Section 3.3 the corresponding resource management prob-
lem is addressed via a game theoretic framework. In Section 4,
a distributed two-step algorithm is proposed towards
implementing the provider selection process and determining
the optimal power allocation, while Section 5 contains the
performance evaluation of the overall framework. Finally,
Section 6 concludes the paper.

2 Models and preliminaries

2.1 System model

A single cell non-orthogonal multiple access (NOMA) wire-
less network is considered, while its uplink communication is
studied. Within the cell, we assume that J WISPs provide
multiple types of services to the mobile customers and have
full coverage of the cell. Let us denote by J ¼ 1; 2; 3f g the set
of WISPs, where we have assumed three different WISPs and
each one adopts one differentiated pricing policy, i.e., homo-
geneous, topology-based and QoS-based, as they will be
discussed in detail in Section 2.2. Let us denote by
N ¼ 1;…; i;…;Nf g the set of mobile customers, which con-
sists of the mobile customers requesting real and non-real time
services and their sets are NRT and NNRT, respectively. Thus
we have N ¼ NRT∪NNRT. The mobile customers requesting
non-real time services are characterized by delay-tolerant data
demand (e.g., video uploading, email, etc.) while those

requesting real-time services impose strict short term QoS
constraints (e.g., online gaming, voice, video conference, etc.)

Mobile customer’s uplink transmission power is denoted
by pi and due to his physical and hardware limitations it is
upper and lower bounded, i.e., pMin

i ≤pi≤pMax
i . The channel

gain of each mobile customer i; i∈N to the base station is
denoted by Gi. Without loss of generality, the channel gains
are sorted as GN ≤ … ≤Gi ≤ … ≤G1. Based on the NOMA
scheme, the Successive Interference Cancellation (SIC) tech-
nique is performed at each mobile customer. Therefore, the
signal of the mobile customers with the best channel gain is
demodulated first, thus the mobile customers with worse
channel gain are able to remove the demodulated signals
based on SIC technique and sense less interference.

Moreover, letW[Hz] be the system’s spreading bandwidth,
p‐i denote the transmission power vector of the rest of the
mobile customers in the cell and I0[W] be the Additive
White Gaussian Noise (AWGN) power representing the back-
ground noise. The fundamental performance measure that ver-
ifies the mobile customers’ QoS prerequisites’ satisfaction is
the signal-to-interference-plus-noise ratio (SINR). The re-
ceived SINR of mobile customer i; i∈N ¼ NRT∪NNRT at the
base station can be written as [14]:

γi pi; p‐ið Þ ¼ W
Rser

Gipi

∑
N

k¼iþ1
Gkpk þ I0

ð1Þ

where Rser denotes mobile customer’s fixed transmission,
while its specific value depends on the requested service by
the mobile customer and W

Rser
denotes the processing gain.

2.2 Pricing model and policies

In the following we assume that every WISP dynamically
imposes a pricing policy (e.g., homogeneous, topology-
based or QoS-based) to the mobile customers that are being
served by it, considering the system’s resources that they con-
sume (i.e., transmission power) and the interference that their
transmissions cause to the overall network. The imposed pric-
ing policy is represented by the pricing factor ci, which is
upper and lower bounded, i.e., cMin

i ≤ci≤cMax
i , due to wireless

market existing regulations. It is noted that in this paper the
pricing factor is assumed dimensionless, however it can be
easily mapped and normalized to monetary units for further
market analysis, which however is not the scope of the paper.
For practical purposes each WISP dynamically organizes mo-
bile customers in classes based on different criteria according
to the adopted pricing policy and the customers belonging to
the same class are homogeneously addressed by theWISP that
eventually announces a common price to the users of the same
class per time slot.

88 Mobile Netw Appl (2018) 23:86–99



In this paper, we consider and study three different pricing
policies, as follows:

& Homogeneous pricing policy. The WISP announces per
time slot a common and universal usage-based price to
all mobile customers residing in its coverage area without
discriminating them, as presented in Fig. 1a.

& Topology-based pricing policy. In this approach, the WISP
considers mobile customers’ distance from the base station
(BS) as the basic criterion towards penalizing them for their
resource consumption and the interference that they cause
to the rest of the users in the network. Thus, the WISP
organizes the users in different zones with relevance to their
distance from the BS and a common optimal price is deter-
mined for each zone, as shown in Fig. 1b. Such a discrim-
ination is justified and motivated by the argumentation that
channel conditions are worse for themore distant customers
compared to the less distant ones, and thus these users tend
to reach higher uplink transmission power levels in order to
achieve a satisfactory QoS level. Consequently, their bat-
tery life is exhausted faster while higher levels of interfer-
ence are imposed to the rest of the customers.

& QoS-based pricing policy. Users in emerging wireless
networks have the ability to request different services

with various QoS characteristics and competitive spec-
trum consumption needs. Based on their QoS require-
ments, the users appropriately adjust their uplink trans-
mission power in a selfish manner, thus inducing inter-
ference within the cell. Therefore, an appropriate pric-
ing policy should impose a more social behavior driv-
ing them towards sparingly consuming the overall sys-
tem’s resources. Under this observation, in QoS-based
pricing scheme the WISP organizes mobile customers
in pricing classes based on the type of their requested
services and their corresponding QoS prerequisites. In
this paper, we have considered two service classes
consisting of mobile customers that request real (RT)
and non-real time (NRT) services, as shown in Fig.1c.
It should be clarified that though we consider two ser-
vice classes for demonstration purposes the analysis
can be easily extended to multiple classes.

2.3 Utility functions

The concept of utility function has been adopted from the field
of economics in order to represent mobile customers’ per-
ceived satisfaction from: (i) the imposed pricing policy by
the WISP, (ii) the resource allocation and (iii) the fulfillment
of their QoS prerequisites. A net utility function is adopted by

(b)

(c)

(a)

Fig. 1 Pricing policies in competitive wireless communication markets
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each mobile customer, which consists of two parts: (a) the
pure utility function and (b) the pricing function [15]. For both
types of requested services considered (real time and non-real
time), mobile customer’s pure perceived satisfaction is
reflected via the ratio of the achievable data rate to the corre-
sponding consumed uplink transmission power. Thus, mobile
customer’s satisfaction increases if he achieves high data rate
and low transmission power. The latter results in extending
mobile customer’s battery life and causing decreased interfer-
ence to the rest of the mobile customers.

Specifically, for the mobile customers requesting real time
services (i.e., RT mobile customers), the satisfaction from the
achieved data rate is formulated as a sigmoidal-like function,
i.e., Rser ⋅ fi(γi), with respect to the SINR γi. The efficiency
function fi(γi) represents the successfully transmitted bits from
the mobile customer to the base station and it is a continuous
strictly increasing and sigmoidal function with respect to the
SINR γi. For analysis purposes, a common efficiency function
proposed in the literature [15, 17, 20] is adopted, i.e., f γið Þ
¼ 1−e−Aγið Þ M , where A, M are positive parameters. Each RT
mobile customer is characterized by a target SINR value, i.e.,

γtargeti . If the target SINR value is achieved, then mobile cus-
tomer’s QoS prerequisites are fulfilled. Thus, the target SINR
value is mapped to the inflection point of the sigmoidal function
Rser ⋅ fi(γi). The notion of the latter formulation is that if mobile

customer’s achieved rate is lower than Rser⋅ f i γ
target
i

� �
, then his

perceived satisfaction decreases rapidly acting as an alert to the
system that more system’s resources should be allocated to the
specific customer. In contrast, if the achieved data rate is greater

than Rser⋅ f i γ
target
i

� �
, then mobile customer’s satisfaction in-

creases slightly, due to the fact that his QoS expectations have
already been fulfilled. On the other hand, the perceived satis-
faction of mobile customers requesting non-real time services
(i.e., NRT mobile customers) with respect to the achieved data
rate is formulated as a logarithmic function with respect to the
efficiency function fi(γi), i.e., Rser ⋅ log(1 + fi(γi)). The latter for-
mulation is adopted in order to capture NRTmobile customers’
greedy behavior to achieve even increased data rate.
Summarizing the above analysis, mobile customer’s net utility
function can be expressed as follows:

UNET
i pi; p‐i; cið Þ

¼
Rser⋅ f i γið Þ

pi
−ci⋅epi ; i∈NRT

Rser⋅log 1þ f i γið Þð Þ
pi

−ci⋅epi ; i∈NNRT

8>><
>>: ð2Þ

The pricing function adopted in mobile customer’s net util-
ity function (2) is a convex function with respect to mobile
customer’s uplink transmission power pi. This formulation has
been sophisticatedly selected in order fairness to be achieved

among mobile customers with respect to price. More specifi-
cally, mobile customers that transmit with high power are
more penalized compared to the mobile customers that trans-
mit with low power due to the increased interference that they
cause to the overall wireless network [15, 16].

2.4 WISP market penetration model

Mobile customer’s decision on WISP selection is affected by
its imposed pricing policy, which is expressed via the pricing
factor ci included in customer’s utility function (2), as well as
by WISP’s penetration and competitiveness in the wireless
communication market. The competitiveness of a WISP
j; j∈J is expressed via its penetration to the wireless commu-
nication market, which is translated to the total customers’
achieved data rate over the total achieved data rate in the

examined wireless network, i.e.,

∑N

i ¼ 1
j

Rach;i

∑N

i ¼ 1
∀ j∈J

Rach;i
, where Rach , i =

Rser ⋅ fi(γi) for the RT mobile customers and Rach , i = Rser ⋅
log(1 + fi(γi)) for the NRT customers.

3 Joint provider selection & resource management
problem

3.1 Framework design

As mentioned before in this paper the problem of joint
PROvider Select ion and REsource MAnagement
(PROSREMA) in competitive wireless communication mar-
kets is addressed. Every time slot (or for practical purposes for
every window of certain number of timeslots), each mobile
customer selects the WISP that will be served from based on a
machine learning framework. The mobile customers act as
learning automata gaining knowledge and experience from
their past actions. They are able to intelligently sense the en-
vironment, while keeping history of their decisions in order to
make more advantageous actions in the future, as time
evolves. The necessary information in order to take their de-
cision is their transmission powersp and the corresponding
perceived utilities UNET at the previous time slot t.
Furthermore, apart from these parameters, the users consider
also the competitiveness of each WISP j, i.e., reward function
rj(t) (as it will be defined and discussed in detail in
Section 3.2) in order to conclude to their final decision and
action a(t). Given mobile customers’ actions in terms ofWISP
selection, a distributed non-cooperative power control game
among them is performed every time slot in order to determine
their optimal uplink transmission powers and their corre-
sponding utilities. Therefore, an overall cycle of dynamic
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provider selection and power resource management is real-
ized. The above described overall procedure is performed it-
eratively in the time, as presented in Fig. 2, and it is explained
in detail in the following sections 3.2 and 3.3.

3.2 Provider selection based on machine learning

The overall wireless network consisting of JWISPs andNmobile
customers can be studied as a learning system, where customers
act as learning automata that react with the environment in order
to decide which WISP to select in order to be served.

Fig.2 presents the examined wireless network as a learning
system and the relationship among the learning automata and
their environment. Each mobile customer / learning automaton
i; i∈N at each operation time slot has a set of action a(t) = {a1,
…,aJ}, which represents the different choices of WISP selec-
tion, wherefrom he will be served. Towards making their deci-
sion, the mobile customers consider the output set
β(t) = {UNET(t), p(t)} of their environment, where UNET(t) and
p(t) are the vectors of utility and power consumption of all
customers. The output β(t) = {UNET(t), p(t)} is determined via
performing the resourcemanagement, which will be analyzed in
the next subsection. The solution of the resource management
problem will be the mobile customers’ optimal uplink transmis-
sion power. Based on the mobile customers’ chosen actions and
the corresponding reaction of the environment, we are able to
determine the reward probability rj(t), which is associated with
action aj. The reward probability represents the competitiveness

of the jthWISP, i.e., r j tð Þ ¼

∑N

i ¼ 1
j

Rach;i

∑N

i ¼ 1
∀ j∈J

Rach;i
The action probability

vector of mobile customer / learning automaton i; i∈N is
Pri(t) = {Pri , 1(t), … , Pri , J(t)}, where Pri , j(t) expresses the prob-
ability of selecting the jth WISP and following the model of
learning automata, and it is updated as follows:

Pri; j t þ 1ð Þ ¼ Pri; j tð Þ−b⋅r j tð Þ⋅Pri; j tð Þ; j tþ1ð Þ≠ j tð Þ ð3aÞ
Pri; j t þ 1ð Þ ¼ Pri; j tð Þ þ b⋅r j tð Þ⋅ 1−Pri; j tð Þ

� �
; j tþ1ð Þ ¼ j tð Þ ð3bÞ

where b , 0 < b < 1 is a step size parameter that controls the
convergence time of the learning process. The impact of this
parameter on the convergence time of the algorithm is numer-
ically studied later in Section 5.4. Eq. (3a) represents mobile
customer’s action probability to select a different WISP j(t + 1)

compared to the one in time slot t, i.e., j(t), while eq. (3b)
reflects the probability of continuing the customer to be served
by the same WISP, i.e., j(t + 1) = j(t).

Considering the initialization point of WISP selection, un-
less some more Beducated^ and/or historical information is
available, we assume that the overall wireless network has
no prior knowledge of the reward probability rj(t), 0 ≤ rj(t) ≤
1 and the action probability Pri(t) = {Pri , 1(t), … , Pri , J(t)}.
Therefore, the initial selection of WISP by the mobile cus-
tomers could be made with equal probability, i.e., Pri; j
t ¼ 0ð Þ ¼ 1

J . Finally, it is noted that the mobile customers
converge to the most cost-efficient and service trustworthy
WISP in a long-term period. The description of the provider
selection machine learning algorithm is presented as part of
the overall PROSPERA algorithm in Section 4.

3.3 Power management

Given the WISP selection, each customer aims at determining
his optimal uplink transmission power p*i in order to maximize

Fig. 2 Wireless competitive
communication market as a
learning system

Mobile Netw Appl (2018) 23:86–99 91



his perceived satisfaction, as expressed in eq. (2). Therefore, the
aforementioned mobile customers’ goal is formulated as a dis-
tributed maximization problem of each customer’s utility func-
tion with respect to his uplink transmission power as follows:

max
pi

UNET
i pi; p‐i; cið Þ; s:t: pMin

i ≤pi≤p
Max
i ∀i∈N ð4Þ

where pi∈Pi.
Considering the distributed nature of the optimization

problem (4) and mobile customers’ selfish behavior, a game
theoretic approach is adopted towards determining mobile
customers’ optimal transmission power vector
p* ¼ p*1; p

*
2;…; p*i ;…; p*N

� �
. Let us denote by

G ¼ N; Pi;UNET
i

� �
the non-cooperative power allocation

game, where N is the set of players, i.e., mobile customers,
Pi is the strategy space of the ith customer and UNET

i its cor-
responding utility. The concept of Nash equilibrium is adopted
towards seeking analytically the solution of the non-
cooperative power allocation game. Towards proving the ex-
istence and uniqueness of Nash equilibrium in the non-
cooperative power allocation game, we should prove that mo-
bile customer’s utility function UNET

i is quasi-concave with
respect to pi [17].

Definition 1: A function UNET
i is strictly quasi-concave, if

for any pair of distinct points pi and pi
′ in the convex domain

Pi and for 0 < λ < 1:

UNET
i pi

0
� �

> UNET
i pið Þ⇒UNET

i λ⋅pi þ 1−λð Þ⋅pi
0

� �
> UNET

i pið Þ

Based on Definition 1, any concave function is quasi-
concave.

Theorem 1: Mobile customer’s i; i∈N utility function is

quasi-concave in the modified strategy space Pi
0
correspond-

ing to the SINR interval γι∈ lnM
A ; γfinal

� �
, where γfinal =

min {γRT, γNRT} and γRT ; γΝRT∈ lnM
A ; lnMA

� �
, thus the Nash

equilibrium of the non-cooperative power allocation game
G ¼ N; Pi;UNET

i

� �
exists and it is unique in the correspond-

ing strategy space.
Proof: See Appendix A.
By definition, the Nash equilibrium of the non-cooperative

power allocation game has to satisfy,

p*i ¼ BRi pð Þ¼ argmax
pi∈Pi

UNET
i pi; p−i; cið Þ ð5Þ

where BRi(p) denotes the best response function of each mo-
bile customer i; i∈N. The mobile customers adopt the best
response dynamics and the game G ¼ N; Pi;UNET

i

� �
con-

verges to its Nash equilibrium, i.e., power vector

p* ¼ p*1;…; p*i ;…; p*N
� �

, if mobile customer’s best response
function is standard [18].

A function is characterized as standard if it satisfies the
properties of: (a) positivity, (b) monotonicity, and (c) scalabil-
ity for all p ≥ 0, where p = {p1, … , pi, … , pN}. These prop-
erties can be easily verified for BR(p) in the non-cooperative
power allocation game since,

a. Positivity: p > 0, thus BR(p) > 0;
b. Monotonicity: if p′ ≥ p then via eq. (5) we conclude that

BR(p′) ≥BR(p);
c. Scalability: for all μ > 1, then via eq. (5) we conclude that

λ ⋅BR(p) ≥BR(λ ⋅ p).

Thus, the global convergence to the non-cooperative power
allocation game’s Nash equilibrium under the proposed best
response function, given by eq. (5), is guaranteed.

4 PROSREMA algorithm

In this section, we propose a two-step algorithm towards
implementing the provider selection and determining the op-
timal power resource allocation processes, as described above.
The first part of the algorithm is based on the machine learning
framework and it is responsible to determine the provider that
each user selects to be served from. It is noted that the provider
selection algorithm runs once at the beginning of each time
slot or alternatively in a window of time slots if the networking
environment conditions do not change rapidly. On the other
hand, the second part of the proposed two-step algorithm is
responsible to determine the optimal power allocation in a
distributed manner. The resource allocation part of the two-
step algorithm runs every time slot and it needs several itera-
tions in order to converge.

PROSREMA algorithm

Step 1 (Initialization): At the beginning of the first time slot,
i.e., t = 0, set the initial provider selection probability
v e c t o r P r i ( t = 0 ) a s Pri; j t ¼ 0ð Þ ¼ 1

J , ∀i∈N.
Afterwards, each mobile customer chooses a provider
according to his provider selection probability vector
Pri(t = 0).

Step 2 (Provider Selection): At every time slot t > 0, each
mobile customer chooses a provider to be served
from, according to his provider selection probability
vector Pri(t) provided in relations (3a) and (3b).

Step 3 (Resource Allocation): Given that all customers have
chosen a provider and the providers announce via
broadcasting their imposed pricing, i.e., ci, then:

Step 3a: Set ite = 0, where ite denotes the iteration of the
resource allocation part of the algorithm. The base
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station broadcasts the overall interference in the
network and each mobile customer determines his
sensed interference.

Step 3b: Each mobile customer determines his optimal up-
link transmission power in accordance to (5).

Step 3: If p iteþ1ð Þ
i −p iteð Þ

i

��� ��� ≤ε (ε: small positive constant), the
powers have converged and stop. Otherwise, return
to step 3a.

Step 4: (Provider Selection): Given the optimal power alloca-
tion, each provider can measure his competitiveness,

which is the reward probability r j tð Þ ¼

∑N

i ¼ 1
j

Rach;i

∑N

i ¼ 1
∀ j∈J

Rach;i

and broadcasts its value to the customers.
Step 5: (Provider Selection): Each mobile customer updates

his provider selection probability vector via the fol-
lowing rule, where 0 < b < 1 is a step size parameter:

Pri; j t þ 1ð Þ ¼ Pri; j tð Þ−b⋅r j tð Þ⋅Pri; j tð Þ; j tþ1ð Þ≠ j tð Þ

Pri; j t þ 1ð Þ ¼ Pri; j tð Þ þ b⋅r j tð Þ⋅ 1−Pri; j tð Þ
� �

; j tþ1ð Þ ¼ j tð Þ

It should be clarified that PROSREMA algorithm can be
characterized as a low complexity algorithm, due to the sim-
plicity of the calculations (i.e., closed forms) that it performs.
Also, as it will be shown in detail in the section of numerical
results, if the wireless communication conditions do not
change rapidly, the provider selection probabilities converge
fast in terms of necessary time-slots, i.e., there exists a prob-
ability Pri , j(t) which is larger than a value approaching one
(e.g., 0.999).

5 Performance evaluation

In this section we study the performance and operational char-
acteristics of our proposed framework via modeling and sim-
ulation. Specifically, in Section 5.1 the simulation framework
and corresponding assumptions are presented, while in
Section 5.2 the various scenarios under consideration in this
performance evaluation study are described. Following, in
Section 5.3 we concentrate on the operation and performance
of the proposed framework under a series of different simula-
tion scenarios, while in Section 5.4 we study the convergence
of the PROSREMA algorithm. Finally, in Section 5.5 we con-
duct a comparative study of this work against two other ap-
proaches in the literature, where pricing policies have been
utilized towards improving resource allocation schemes in
wireless networks, demonstrating the superiority of the pro-
posed PROSREMA approach in terms of energy efficiency.

5.1 Simulation assumptions

For demonstration purposes, we consider the uplink of a
NOMA single cell with N = 30 continuously backlogged
users, placed within a radius range of R0 = 1000 m. Users
request Real Time (RT) or Non-Real Time (NRT) services,
assuming target rates of 128 kbps for the first, and feasible
rates of more than 360 kbps for the latter. Users, depending
on their requested service type, are alternatively placed within
the topology with increasing distance from the base station
coordinates. For both user classes, each user’s physical con-
straint towards transmission power is set at pMax

i =0.2 W, while
the user’s path gain is modeled as Gi ¼ Ki=dni where Ki repre-
sents the shadow effect being a log normal distributed random
variable withmean 0 and variance of σ2 = 8 dB, di denotes the
distance of the user from the respective base station that he is
linked to, whereas n refers to the path loss exponent (n = 4).
Additionally, for demonstration purposes we adopted the fol-
lowing efficiency function f γið Þ ¼ 1−e−3:7γið Þ 80, while the
results were attained by adjusting the step size parameter 0
< b < 1 for various values.

In the following we consider the co-existence of three dif-
ferentWISPs following respectively the three different pricing
policies introduced in Section 2.2. For simplicity and fairness
considerations we assume that all three WISPs announce their
pricing policies through the base station which is positioned in
the same coordinates at the center of the network (0,0). In the
rest of the paper, we denote asWISP 1, 2 and 3, the WISP that
announces the homogeneous, QoS-based and topology-based
pricing policy, respectively.

5.2 Evaluation scenarios

As an appropriate initialization and reference point, we as-
sume that initially each WISP supports 10 users (or 33.33%
of user share), thus initially the users are equivalently allocat-
ed among the available WISPs. Hence, via the PROSREMA
algorithm, the users, based on their degree of satisfaction from
their transmission and service experience, have the potential at
the end of each timeslot to either stay with the same WISP or
switch to another WISP in order to further maximize their
utilities and better exploit the offered pricing policies.

In order to investigate the efficiency of the application of
the PROSREMA algorithm in assisting the users to appropri-
ately select a WISP according to their requirements, different
simulation scenarios have been designed and studied, in an
evolving manner. In more detail, originally all users transmit
accepting the pricing policy of the WISP that were originally
allocated to (Scenario A). As a next step, as the system
evolves the users based on the competitiveness of their
WISP and their associated reward probability rj(t), determine
whether to switch to a new WISP or not for the upcoming
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timeslots (Scenario B). Also, targeting at testing the proposed
scheme under fiercer competitive conditions, we assume that
WISP 1 (who in previous timeslots applied a homogeneous
pricing policy) at some point selects to reduce his overall price
levels as a step that enhances competition, while the other two
WISPs do not alter their previously announced pricing poli-
cies (Scenario C). Finally, depending on the outcome of this
scenario, we allow then allWISPs to engage in competition by
modifying their prices attempting to win a higher share of the
network’s user allocation share (Scenario D). The value of the
step size parameter is b = 0.6, considering the results present-
ed in Table 1, Figs. 3 and 4.

5.3 Performance analysis

In Table 1, the user share among theWISPs is presented under
the aforementioned four different examined scenarios (i.e.,
scenario A-D), along with the achieved sum rate percentage
increase with reference to scenario A, i.e., equal distribution of
user shares among the three WISPs. Analyzing the results in
Table 1, we observe that after the implementation of Scenario
B, the users universally rejected WISP 1 that applied high
homogeneous prices, with all of them selecting to switch to
one of the other two WISPs, concluding at a share of 0.00%
for theWISP 1. The vast majority of the users (including some
users originally allocated to WISP 2 that applied QoS-based
pricing), opted to switch toWISP 3 due to the topology-based
pricing, since this scheme better fits and adapts to their trans-
mission requirements in this scenario. Thus, WISP 3’s user
share almost doubled from 33.33% to 63.33%. Moreover,
the new user allocation had a positive influence on the overall
system’s performance, since the total achieved throughput in-
creased by 67.79% compared to the initial equal user share
among the WISPs (scenario A).

Under Scenario C, WISP 1 in an attempt to mitigate the
significant losses from the previous scenarios, readjusts his
prices to lower levels in order to attract some of the users.
Please note that for this scenario, we assume that WISPs 2
and 3 continue to charge their users under exactly the same
conditions as before. As a result, under Scenario C we observe

that WISP 1 manages to reclaim some of the users by increas-
ing his share to 20.00% mostly against WISP 2, whose share
has been reduced to lower levels, even lower than the original
allocation (from Scenario A). On the contrary, WISP 3 still
maintained the highest user share by serving half of the users,
while the overall achieved throughput was further increased
(by 71.79% compared to Scenario A).

Lastly, under Scenario D, all WISPs have the ability to
readjust their prices, thus leading to a more balanced alloca-
tion of the users per provider. Also under these conditions,
WISP 3 still maintains the lead in terms of attracted users,
whereas the overall sum rate for the system was once more
increased by 73.36% compared to the initial Scenario A. From
all the above, it becomes obvious that the PROSREMA algo-
rithm allows the users to dynamically adapt to the existing
conditions within the network depending on the topology,
service, or based on the imposed pricing policies, allowing
the system to self-optimize its overall performance. The above
observations are further solidified by the results illustrated in
Figs. 3 and 4 illustrating the sum rate for both classes of users
(i.e., RT and NRT mobile customers), as well as for the differ-
ent WISPs and the network as a whole, under all the four
previously described scenarios. Observing both Figs. 3 and
4, it becomes apparent that gradually, through the implemen-
tation of the PROSREMA algorithm and the freedom provid-
ed to the users to select the provider of their preference, the

Table 1 User share among WISPs and sum rate increase compared to
the equal user share (Scenario A)

Scenario Sum rate increase
compared to Scenario A

User share

WISP 1 WISP 2 WISP 3

A - 33.33% 33.33% 33.33%

B 67.79% 0.00% 36.67% 63.33%

C 71.79% 20.00% 30.00% 50.00%

D 73.36% 33.33% 30.00% 36.67%
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overall achieved throughput for the system increases consid-
erably, allowing the exchange of more data among the users
for the examined timeslots.

Additionally, the potential to dynamically exchangeWISPs
enhances competition among the service providers who are
encouraged to adjust their imposed prices closer to the require-
ments of the users, hence leading to a fairer and more efficient
allocation of the network’s resources. More specifically, since
the introduction of Scenario B and onwards where the WISPs
readjust their prices tomore rational levels in order tomaintain
their shares, the users are allowed to claim higher fractions of
the network’s available bandwidth.

5.4 Convergence numerical study

The step size parameter b (please refer to relations (3a) and
(3b) in Section 3.2 and step 5 of the algorithm) consists an
important factor for the system with respect to the conver-
gence time of the PROSREMA algorithm towards the deter-
mination of the preferred service provider by the users. Fig. 5
presents the average number of timeslots required for all users
to converge to the preferredWISP jwith probability close to 1,
i.e.,Pri , j = 0.999, for various values of the parameter b. It can
be easily observed, that for higher values of b, fewer timeslots
are necessary for convergence leading to a reduction of up to
90.57% in the number of timeslots when b = 0.9 compared to
the case where b = 0.1.

The above observation is further confirmed via the results
presented in Figs. 6a, c, that depict the evolution of the choice
probabilities of a randomly selected mobile customer i when
selecting one of the three available providers, as a function of
the required timeslots. The evolution of the choice probabili-
ties of mobile customer i is presented under various step size
parameters, i.e., b = 0.2, b = 0.5 and b = 0.9. For presentation
purposes we examine the behavior of user 14 (di = 425 m
from the base station), who under Scenarios A and B selects
to remain with the WISP 2. Similar results are observed for
other users as well. It can be observed that the probability of

selectingWISP 2 from the initial probability of Pr14 , 2(t = 0) =
0.33 converges to Pr14 , 2(t = tfinal) = 1 regardless of the value
of b, while the probabilities of the other two WISPs (1 and 3)
in all cases converge to zero, since the user selects not to
switch his service provider. However, it can be reaffirmed that
the number of the required timeslots towards convergence
decreases with higher values of the parameter b requiring only
10 timeslots for convergence when b = 0.9. It should be noted
here that in principle if the environment changes slowly then a
large value of b would be an appropriate selection due to the
fast convergence, while if we have a rapidly changing envi-
ronment then a smaller value of b would be required, as for
higher values of b suboptimal choices about the WISP selec-
tion may be obtained in this case.

Considering the convergence of the power control mecha-
nism as presented in Steps 3, 3a-3c of the PROSREMA algo-
rithm in Section 4, it is very fast since less than thirty iterations
are required for reaching equilibrium for all users, starting
from randomly selected initial values of uplink transmission
power. PROSREMA algorithm was tested and evaluated in an
Intel (R) Core (TM) 2 DUO CPU T7500 @ 2.20GHz laptop
with 2.00 GBytes available RAM and the runtime of the pow-
er control mechanism was less than 0.4 msec. The necessary
time in order to converge to the Nash equilibrium point is of
similar order of magnitude with the duration of a timeslot
(0.5 msec), and therefore can be easily adopted in a realistic
scenario. It should be also noted that the convergence time of
PROSREMA algorithm can further decrease, if we adopt a
more Beducated^ implementation of the algorithm, i.e., use
as initial values of the powers the corresponding values in
the previous time slot.

5.5 Comparative results

Next, we provide a comparative study of the proposed
PROSREMA framework, considering the aforementioned
Scenario B, against two other fundamental works in the liter-
ature, where pricing users’ resources was utilized as a basic
tool towards enhancing the system’s efficiency and promoting
the fairness among the network’s users. In [20], the authors
applied universal linear pricing to all mobile customers with
regards to user’s transmission power, whereas in [16], a linear
universally applied pricing policy as function of the SINR has
been adopted. It is noted that for comparison purposes, both
research works, i.e., [16, 20] were simulated under the NOMA
transmission technique. At this point it should be noted that in
this work a convex pricing policy as a function of user’s trans-
mission power has been selected, as discussed in Section 2.3.
Convex pricing appears to be a more pragmatic approach
against linear pricing techniques, since the harm imposed by
a user to his neighbors is not equivalent within the whole
range of the feasible transmission power value sets.
Moreover, we performed a detailedMonte Carlo analysis over
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random users’ positions, where we examined 10,000 random
network topologies.

Specifically, Figs. 7 and 8, (note that y-axis is in logarith-
mic scale) illustrate for all the three approaches under consid-
eration (i.e. PROSREMA, [16, 20]) the achieved energy effi-
ciency of each user as a function of his distance from the base
station, for Real Time users (Fig. 7) and Non Real Time users
(Fig. 8). It is clearly observed that PROSREMA algorithm
achieves higher energy efficiency values compared to both
[20] and [16] for both classes of users. This outcome stems
from the flexibility that is provided to the users to select
among a set of different pricing policies (i.e., homogeneous,
QoS-based, topology-based). On the other hand, [20, 16]
adopt only a homogeneous pricing philosophy, thus offering
fewer degrees of freedom to the users, who are not able to
adjust the imposed pricing according to their QoS prerequi-
sites, topology characteristics, etc. Hence, PROSREMA algo-
rithm successfully exploits a higher portion of the system’s
available bandwidth, leading to a significant increase in the
achievable energy efficiency levels, reaching an improvement
of up to 20.68% compared to the other approaches, allowing
more data bits to be transmitted for less consumed energy.

6 Conclusions

In this paper the problem of dynamic provider selection and
power resource management in competitive wireless commu-
nication markets is studied. Each mobile customer is associ-
ated with a well-designed holistic utility function, capturing
his perceived satisfaction from the power allocation andWISP
selection. The mobile customers act as learning automata,
who sense their environment and take the best decision re-
garding the WISP to be served from. A distributed non-
cooperative power control game among the mobile customers
is introduced towards determining their optimal uplink

transmission power in order to meet their QoS demands. A
distributed iterative joint provider selection and resource man-
agement (PROSREMA) algorithm is proposed combining the
machine learning provider selection process and the distribut-
ed power resource management. The performance of the pro-
posed framework has been thoroughly evaluated via model-
ing, simulation and comparative evaluation, and its operation-
al effectiveness is demonstrated. Part of our current and future
work includes the exploitation of mobile customers’ social
related information, due to the fact that users with similar
social characteristics and interests usually present common
behaviors. Furthermore, the machine learning process can be
further enriched in terms of input information from the envi-
ronment via a more sophisticated resource management pro-
cedure, where multiple resources, e.g., user’s uplink transmis-
sion power and rate, are allocated to the users, thus determin-
ing more accurately and in a holistic manner their perceived
satisfaction [21, 22].

Appendix A – Proof of Theorem 1

Towards proving the quasi-concavity of mobile customer’s util-
ity function, we examine the sign of its second order derivative
with respect to pi. Considering the real time users, we have:

∂2UNET
i

∂pi2
¼ g γið Þ þ h γið Þ−cepi ð6Þ

where g γið Þ ¼ 2R
pi3

1−e−Aγið ÞM−1 −MAe−Aγiγi þ 1−e−Aγi
	 


and

h γið Þ ¼ MA2R
pi3

1−e−Aγið ÞM−2e−Aγiγi
2 Me−Aγi−1
� �

. We examine

the sign of the individual terms of eq. (6). Considering the
function g(γi), we apply the Bolzano theorem, which is an
important specialization of the Intermediate Value Theorem
[19]. For γi ¼ lnM

A , we have: g lnM
A

� � ¼ −lnM− lnM
A þ 1 < 0
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Fig. 7 Energy Efficiency for RTusers as a function of their distance from
the base station (y-axis in logarithmic scale)
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and for γi ¼ ln104M
A , we have:

g ln10000M
A

� � ¼ − ln10000M
A − ln10000M

A þ 1 > 0, ∀M ∈ (1, 1000).

Hence, there exists a γRT∈ lnM
A ; lnMA

� �
such that g(γi) = 0.

Moreover, since g(γi)is continuous, we conclude that

g γið Þ < 0;∀γι∈
lnM
A

; γRT

� �
ð7Þ

For the second term of (6), we have:

h γið Þ < 0⇔γi >
lnM
A

ð8Þ

The third term of (6) is always negative. Combining (7) and

(8) we define the modified strategy space, where∂
2UNET

i
∂pi2

< 0,

for the real time users:

γι∈
lnM
A

; γRT

� �
ð9Þ

Considering the non-real time users, we have:

∂2UNET
i

∂pi2
¼ AMRi

pi3ln10
τ γιð Þ−cepi ð10Þ

where

τ γið Þ ¼ 1−e−Aγið ÞM−2e−Aγiγi
1þ 1−e−Aγið ÞM

−2þ 2e−Aγi−
Aγi 1−Me−Aγi
� �
 �

−AM
1−e−Aγið ÞM−1e−Aγiγi
1þ 1−e−Aγið ÞM

 !2

þ
2ln 1þ 1−e−Aγið ÞM
� �

AM

ð11Þ

We apply again the Bolzano theorem for the function τ(γi).
For γi ¼ lnM

A , we have:

τ
lnM
A

� �
¼

M−1
M

� �M−2 1

M
lnM
A

1þ M−1
M

� �M −2þ 2

M

� �

−AM
M−1
M

� �M−1 1
M

lnM
A

1þ M−1
M

� �M
 !2

þ
2ln 1þ M−1

M

� �M� �
AM

< 0

ð12Þ

and for γi ¼ ln104M
A , we have:

τ
ln10000M

A

� �
¼ −

1

10000M
ln10000M

2
2þ ln10000Mð Þ

−
1

AM
1

100002
ln10000M

2

� �2

þ 2ln2

AM
> 0

ð13Þ

∀M ∈ (1, 1000) and ∀A ∈ (0.1, 100). Hence, there exists a
γΝRT∈ lnM

A ; lnMA
� �

such that τ(γi) = 0. Moreover, since τ(γi)is

continuous, we conclude thatτ(γi) < 0 and ∂2UNET
i

∂pi2
< 0, for

non-real time users:

∀γι∈
lnM
A

; γΝRT

� �
ð14Þ

Hence, combining eqs. (9) and (14) we conclude that all
utility functions are simultaneously concave (hence quasi con-
cave) in the altered strategy space:

γι∈
lnM
A

; γfinal

� �
ð15Þ

where γfinal =min {γRT, γNRT}. ■.
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