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Hybrid QoE-Based Joint Admission Control and
Power Allocation

Negar Zabetian and Babak Hossein Khalaj

Abstract—Quality of Experience (QoE) is an important indi-
cator of user satisfaction. In this paper, we propose a learning-
based QoE model for voice services based on real-world data that
models the Mean Opinion Score (MOS) in terms of the Received
Signal Strength Indicator (RSSI). In contrast with earlier studies
that used an objective approach to model QoE, one key feature of
our study is the use of a hybrid approach, because hybrid models
can evaluate QoE accurately by learning human behaviors. Due
to the importance of resource allocation from a service provider’s
point of view, we will also apply our model to a power allocation
problem and formulate an optimization problem to maximize
the sum of the QoE of users while guaranteeing the minimum
data rate for each user. We show that the proposed hybrid
model outperforms the conventional objective model in terms
of average MOS and outage probability. Furthermore, users are
more satisfied with the QoE maximization problem compared
to the conventional rate maximization problem. Also, due to
the limited power available to meet the needs of all users, we
will introduce a joint power allocation and admission control
problem. The results provide a trade-off between the number
of admitted users and their satisfaction, providing operators
with significant insight on how to better utilize their network
resources. The main idea behind our proposed approach is to
have downlink transmitters monitor outage probability and MOS
of the overall system for each connection request in order to
determine the service’s perceived quality level and then decide
whether or not to accept a new connection. Therefore, the key
conclusion on the admission control side is that the proper
threshold level should be wisely selected by the operator such that
a particular number of users are served while also attaining their
targeted MOS values. As a result, a delicate balance is required
between accepting new users and the subsequent decrease in
satisfaction. Overall, the dynamic nature of our approach makes
it suited for wireless networks where channel conditions vary
frequently and QoE is of key importance.

Index Terms—Admission control, hybrid approach, mean opin-
ion score, power allocation, quality of experience

I. INTRODUCTION

HE demand for data services is increasing, and com-

petition in the field of service delivery is very fierce.
To this end, it is important to find a proper means to assess
user satisfaction. The diversity of service providers has raised
user expectations and made it even more vital to evaluate the
Quality of Experience (QoE) because companies will lose con-
sumers if they ignore direct customer feedback. While through
traditional monitoring of Quality of Service (QoS) parameters
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such as latency or bandwidth, technical characteristics of a
service are checked, user satisfaction, which is expressed by
QoE, is not considered. QoE is a qualitative measure that takes
into account the effect of network performance on the range
of users’ opinions and their expectations [1].

For this purpose, three types of QoE evaluations are of
interest: subjective, objective, and hybrid.

In the subjective approach, users rate a specific service on
one to five discrete scales based on their experience with
a certain test situation. Five-point quality scores, excellent,
good, fair, poor, and bad, can demonstrate a user’s satisfaction.
These scores are quantified by the numbers 5, 4, 3, 2, and 1,
respectively. One of the most prevalent approaches to assess
QoE is utilizing a Mean Opinion Score (MOS) to indicate
average service quality, which is the average of users’ opinions
for each test circumstance [2]. Subjective tests are the most
accurate way to assess QoE because they are provided directly
by users. On the other hand, they require a lot of time and
manpower. As a result, they can’t be easily exploited in large-
scale environments and automatic processes [3].

Objective approaches are mathematical models that auto-
matically estimate QoE based on measurable network param-
eters such as latency and bandwidth. Compared to subjective
approaches, these methods are less accurate since they do not
receive explicit feedback from users. However, as they use a
mathematical model, they are faster than subjective alternatives
[3]. Generic objective models that present a mathematical
relationship between QoS and QoE are proposed in [4]-[6].
For example, the Weber-Fechner Law (WFL) and IQX indicate
logarithmic and exponential relations between QoS and QoE,
respectively [5], [6].

In general, the objective model relating to QoE and the
parameters affecting it cannot be explicitly expressed by a
mathematical relation, and existing mathematical relations
cannot model the effect of all factors. In such cases, Machine
Learning (ML) algorithms are used to find a more realistic
model. In such methods, which are known as hybrid ap-
proaches, service features and users’ opinions are given as
input to the ML algorithm, and a hybrid model for QoE service
evaluation is created. The predicted QoE is more accurate than
the objectively evaluated one because hybrid methods may
learn human behavior by leveraging subjective opinions as
input, while fully objective methods do not receive any input
from users. Such a hybrid method is the basis of our proposed
model [1].

Naturally, users’ opinions and expectations, which are eval-
uated through QoE, depend on how resources are allocated
for a given service. Therefore, simultaneous consideration of
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optimal resource allocation and QoE evaluation is one of
the challenges for service providers, and resource allocation
according to QoE is one of the problems that has been
considered in recent years.

For example, QoE-based resource allocation with the aim
of maximizing the average sum MOS was studied in [7]
and [8], which modeled the MOS of a video service based
on Video Structural SIMilarity (VSSIM). The problem of
QoE and energy-aware resource allocation is investigated in
[9], and the satisfaction function of each user is modeled
by a sigmoid function that maps each user’s transmission
rate to a satisfaction function. Joint resource allocation and
segment adaptation are studied in [10] by maximizing the sum
QoE of all Dynamic Adaptive Streaming over HTTP (DASH)
users. Maximization of a system’s minimum MOS with three
different applications of audio, video, and web browsing is
studied in [11] and [12]. For each of these services, a proper
objective paradigm is adopted to model the MOS of users. The
authors of [13] have investigated the sum-MOS optimum joint
user scheduling and power allocation problem for a wireless
network with services comparable to [12], and the user’s QoE
for these different services is modeled by a bounded loga-
rithmic relationship in terms of data rate. A power allocation
problem is established by concurrently minimizing total power
consumption and maximizing the MOS value of users for three
different applications: file download, video streaming, and
voice over IP. Similar to earlier studies, an objective approach
is used to model the MOS [14]. The user-BS association,
subchannel assignment, and power allocation problems are
formulated with the objective of maximizing the sum-MOS of
users in a network with web services, in which a logarithmic
relationship between MOS and data rate is adopted [15]. The
channel allocation problem in the Internet of Things (IoT)
network with the aim of maximizing the sum-MOS of users is
investigated in [16], where data transmission delay is mapped
to MOS by a logarithmic objective model. The authors of [17]
focused on developing an emulation framework for a video
service and then attempting to select a scheduling strategy to
maximize an objective QoE model.

To the best of our knowledge, no prior work has considered
a hybrid model in QoE-driven resource allocation problems,
and a logarithmic relationship between service-compatible
QoS parameters and MOS is considered in all earlier works
[7]-[16], where QoE is objectively modeled.

As mentioned earlier, hybrid models outperform objective
ones by utilizing users’ opinions as input to ML models.
One key advantage of our work is that it proposes a hybrid
model for efficient power allocation. Furthermore, as in real
scenarios, a minimum data rate should be achieved for each
user. This constraint is also included in our optimization
problem, whereas earlier schemes did not consider such a
minimum data rate condition. Then, the proposed problem is
solved by the logarithmic barrier method, which is a standard
method for solving convex problems.

Admission control in scenarios that consider QoE is also
another issue addressed in this paper. Studies on QoE-aware
video admission control and the trade-off between network
resource utilization and perceived QoE are studied in [18] and

[19]. Access scheduling and resource provisioning methods
based on QoE are investigated in [20]. In that study, the QoE
of WiFi service is modeled by a Pseudo-Subjective Quality
Assessment (PSQA) approach, which leads to the creation of
a hybrid MOS model.

Another goal of our study is joint admission control and
power allocation, which have not been investigated in previous
studies [18]-[20]. More specifically, our contributions can be
summarized as follows:

e A hybrid method is provided to build a QoE model by
learning from real-time data and applying it to a power
allocation problem.

e A sum-MOS maximization problem is formulated by
considering a minimum data rate constraint for users.

¢ A novel QoE-driven joint admission control and power
allocation problem is formulated.

o It will be shown that there is a trade-off between user
satisfaction and the number of users admitted to the
network. Such a trade-off is a key enabling factor for
network operators to provide proper service to their
customers considering conflicting design parameters.

The rest of this paper is organized as follows. The system
model is presented in Section II. In Section III, the problem
formulations and the solution methodology are described.
The joint admission control and power allocation problem is
described in Section IV, followed by Section V, where the
dataset and the numerical results are discussed. Finally, in
Section VI, the concluding remarks are presented.

II. SYSTEM MODEL
A. Network Description

Consider a multi-cell downlink transmission scenario as
depicted in Fig. 1, where multiple M Base Stations (BSs)
communicate with cellular users. There are N,, users in the
m-th cell, where m = 1,2,..., M. We assume that users in
each cell receive interference from users in their own cell in
addition to interference from adjacent cells. While our model
does not rely on any given transmission model, for the rest
of this analysis we consider the case of Universal Mobile
Telecommunications System (UMTS) technology.

We consider a channel model with path loss and small-
scale fading, which is modeled by the Rayleigh distribution
with complex coefficients CN ~ (0, 1). The channel fading
coefficient between BS and the U E; in the m-th cell is denoted
by hi,m'

B. Signal Model
The received signal of UE; in the m-th cell is given by

Intra-cell interference
Transmitted signal

—_—— N,
— B — K
Yim = Ximhimdy,2 +himd; 2 Y Xjm

j=1
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Fig. 1. A representation of the proposed system model.

where X ,,, is the transmitted signal of BS,, to UE;. d;m
is the distance between BS and the UFE; in the m-th cell,
and p is the path loss exponent. Intra-cell interference is the
sum of interferences that U F; receives in the m-th cell from
other users in that cell, where X ,,, is the transmitted signal
of BS,, to all users except UFE; in the m-th cell. Inter-cell
interference in the m-th cell is interference from other BSs,
except BS,,, to UE;, where X}, ,,s is the transmitted signal of
BS,, to UE}, in the m/-th cell. h; ,,,» and d; ,,, are the channel
coefficient and distance between U E; and B.S,,, respectively.
The Additive White Gaussian Noise (AWGN) with zero mean
and variance o2 is denoted by n.

Since small-scale fading is modeled by the Rayleigh distri-
bution, the channel gain has an exponential distribution. The
channel gain between BS and the UFE; in the m-th cell is
denoted by g; ,,, and is derived as follows:

Gism = di R ml*. 2)

The received power of UFE; in the m-th cell is obtained by
considering large-scale and small-scale fading as follows:

= P mims 3)

where P; ,,, is the allocated power to the U E; in the m-th cell.
The Signal-to-Interference-plus-Noise Ratio (SINR) of U E;
in the m-th cell is given by

T
pi7m

Pi,mgi,’m

SINRz’m = Iintra + I‘inter + o2’ (4)
N,
. A m .
where I;f:ffa = Gim 2 Pjm shows the total interference
j=1
J#i

caused by other users of the m-th cell on the UFE;. Imffr 2

M N,m/
> gim' Y Pk shows the total interference caused by
k_

m/=1 =1
m! #m

the BSs of other cells on the U E; in cell m. It is worth men-
tioning that, as total network interference in the Long Term
Evolution (LTE) network is limited to intercell interference,
Ij_r:’ra in such scenarios will be negligible.

According to Shannon’s formula, the normalized data rate
of UE; in the m-th cell, which is measured in bps/Hz, can be
calculated as

Rim =logy(1+ SINR; ). (5)

III. PROBLEM FORMULATION

In this section, we intend to maximize the sum-MOS of the
network by finding the optimum power that should be allocated
to users. In order to achieve this goal, we first propose hybrid
QoE models. Subsequently, we formulate a power allocation
problem by maximizing the sum-MOS of the network and
simplify the problem by using the proposed QoE models.
Finally, the solution methodology is described.

A. QoE Model

The two key factors of how to model QoE and determine
network parameters according to the user satisfaction level
are important in evaluating QoE for the operator. Therefore,
the better evaluation of QoE in the network leads to a better
selection of network parameters. Consequently, we propose
a hybrid method to model QoE while considering the issues
mentioned earlier. For this purpose, we use an open dataset
[21], which we will explain later.

The most important feature considered in our dataset is
the Received Signal Strength Indication (RSSI), where the
RSSI of successful calls is used as an input to the regression
algorithm, and subjective ratings are used as ground truth in
the training stage. In this framework, since the RSSI value is
in dBm, its maximum value will be zero, and its range in the
proposed model should include non-positive values. Also, as
with increasing RSSI, MOS increases, in the proposed model,
an ascending model will be adopted for their relationship. We
model such a relationship in two ways. The first proposed
model is the linear one, which is defined as follows:

MOSZ’m = OZRSSIi’m + 5 (6)

The « and 3 coefficients of equation (6) are derived by linear
regression. Since the maximum acceptable value for MOS is 5,
the line coefficients should be normalized to obtain the MOS
of 5 for the RSSI value of 0 dBm.

The second proposed model is the sigmoid model, which is
formulated as follows:

g
14 exp(—ARSSIL )"

M OSi,’rn = (7)
The v and A coefficients of equation (7) are derived by
regression. Similar to the linear model, the maximum MOS
value should be 5 in the sigmoid model. We can represent
MOS in terms of allocated power by the following relations.
If the system employs UMTS technology, the RSSI of U E;
in cell m can be calculated as follows:

E
RSSI; m[dBrm) = P u[dBm) + gi.m[dBm] — <o [dB),
,m (8)
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where FE. represents the amount of energy per chip and
[lotal £ Ilnizm + I'™er 4 52 js the summation of interfer-

ences and noise that U E; in cell m receives.
RSSI; ,, can be simplified as follows:

Total
legzm “%a

E.

If the system utilizes LTE technology, the RSSI of UE; in
cell m can be calculated as follows:

RSSI; ,,, [dBm] = 101log( x 109).  (9)

N, RB P, im&;.m
RSSI. = - =R
n RSRQim
where Ngp is the number of resource blocks over which the
RSSI is measured. The Reference Signal Received Quality
(RSRQ) is equivalent to UMTS E./I;otq;, which indicates the
quality of the received reference signal.

(10)

B. Power Allocation Problem

Considering the proposed QoE models, our objective func-
tion and its constraints can be formulated as follows:
M N,
> > MOS;
m=1 i=1
S.t. (1) Ri,m 2 Rm,ina VZ, m

11
( )MOSim>MOSmm, (in

Vi, m
Nom,
§ sz\ m,max; vm

MOS; , is the degree of satisfaction that U E; experiences in
cell m during the call, which is modeled based on (6) and (7).
By optimizing the allocated power to UE; in cell m, which
is denoted by P; ,,,, we try to maximize the satisfaction of all
users in the network. In contrast to earlier studies [7]-[16],
we consider the minimum data rate for each user within our
constraints.

The first constraint ensures that each user in each cell has a
minimum data rate, R,,;,, according to the call service. The
second constraint shows that the minimum acceptable MOS
value, M OS,,in, is required by each user. The main point is
that we can reduce network resources and still maintain high
levels of satisfaction for all users by setting an acceptable
minimum MOS for each user. The third constraint guarantees
that the total allocated power to users in each cell cannot
exceed an allowable threshold indicated by P, max.

C. Sum-MOS Maximization in the Linear Model

In this subsection, we simplify the problem formulation
based on the linear model. By substituting (8) into (6), we
can simplify the second constraint in (11) as follows:

o1 (M—q [dBm]+r2%ar WB])
10

i,m

Pim > (12)

Also, we have an implicit constraint in our objective function.
The maximum allowable value for MOS is 5, which is
obtained for an RSSI of 0 dBm. So, we can define an upper

bound for P; ,,, corresponding to an RSSI of 0 dBm as follows
to make this constraint explicit.

0.1 <fgi,m[dBm]+ITiﬁ[dB]) -
10 im

Pim < 13)

If the system utilizes LTE technology, the lower bound and
upper bound of P, ,, in the linear model are simplified as
follows:

P> 10" 1(RSRQIABI1010g(Nr5)—gi,m[dBm] + X 5min=F ) _3

P < 100.1(RSRQ[dB]flolog(NRB)fgi,m[dBm])f
’ (14)
Assume that the system works with UMTS technology. By
inserting (9) in (6) and using the defined lower and upper
bounds of P;,, in (12) and (13), the optimization problem
defined in (11) can be rewritten as

gi ITotal
max 10 log | —To0M i
Z Z < i,m 7,;

{Pim} m=1 i=1
s.t. (1) Rmin — Ri,m < O,
(2) LB, < P,

X 106> + B

Yi,m

15
< UBi,ma ( )

Vi, m
Nom,
E sz\ m,max; vm

MOs 8
0.1 ¢7 i m[dB B
where LBl 2 10 ( gi,m[dBm]+ Tomz[ ])

and UB;,, 2 100'1<_gi”"’[d3m]+#[dm)_ .

The objective function in (15) is a twice-differentiable,
increasing, and strictly concave function with respect to P; ,,.
The feasible set of the objective function is convex because
the first constraint is convex and the second and third ones are
linear. Therefore, the optimization problem becomes a convex
optimization problem that has a unique optimal solution.

Please note that if we simplify the optimization problem
in (11) with the RSSI relation in (10) and its corresponding
power upper and lower bounds in (14), the problem becomes
convex again.

D. Sum-MOS Maximization in the Sigmoid Model

The optimization problem defined in (11) can be simplified
similarly to the linear model by substituting (9) into (7) as
follows:

p., gi, -’iTﬁf“
ex < - 10)\109 (7L i LEm *
c

L 106)>

(16)

01(w_g, (dBm] 22 1dB]) -
Where LB:’;‘Z%IO A 5, Iijjfy:al
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The objective function in (16) is concave because it is a
non-negative weighted sum of concave functions in the form
of f(z) = 1 +exp(1_ ey Which is concave in x since the
second derivative is always non-positive. The feasible region
is convex. Therefore, the optimization problem becomes a
convex optimization problem.

Similar to the linear model, if we simplify the optimization
problem defined in (11) with the LTE equation in (10), the
problem becomes convex.

E. Power Allocation Methodology

Problems (15) and (16) are solved using the logarithmic bar-
rier method, which is one of the interior-point algorithms. This
method is used to tackle convex optimization problems with
inequality constraints and approximates the original problem
by making the inequality constraints implicit in the objective
function. The accuracy of the approximation is set by the
parameter ¢ > 0 [22].

The optimization problem corresponding to the linear model
in (15) is simplified as follows using the barrier method:

Z]u ZN P; mgv mITOtal
tli)rgo <{g312 m=1 i=1 e 10 . g 106) - 5
1 lin
+50 (i) )
a7

Similarly, the optimization problem corresponding to the
sigmoid model in (16) is rewritten as follows:

M N,
lim (mm ! [Total
oo MPLm B 5 14exp (—10Mo (# x 10°))
(I)szg (P2 m))
(18)

where ®lin/sig (P;,m) is called the logarithmic barrier for the
original optimization problem and is given by

(I)lin/sig (Pz m) Iy
M Nm M Np
— < Z Z log(Riﬂn min +Z Zlog i m _LBlln/szg)
m=li=1 m=1 i=1
M N v .
Z Z log(UBi,m_Pi,m) + Z log(Pm,max — Z Pi,m)) .
m=11=1 m—1 pt
(19)

Now, we have an unconstrained problem that has a unique
solution of P, (t) for each t. The problem is solved se-
quentially for a positive growing value of ¢ that increases
by a factor 9 > 1, starting from the optimal solution of
the previous optimization problem. The resulting sequence
P, (t) converges to the optimal point as ¢t — oo [22].

The proposed approach is implemented in a centralized way.
In order to find an optimal solution and distribute it to each
user for implementation, a centralized controller needs to know
all channel gains, each BS power limit, and the required data
rate and MOS of each user. The MOS value and data rate
required for each new user entering the network are set and
do not change during the service. As a result, the amount

of information exchanged from the central controller to the
users and vice versa is equal to the number of users, which
is not large. The procedure for solving the centralized power
allocation problem is reviewed in Algorithm 1.

Algorithm 1 Power Allocation Algorithm

1: Initialization: feasible P ,,, t :=t(®) >0, ¥ > 1,6 >0
2: while TRUE do
: Centering step: For the linear and sigmoid models,
solve (17) and (18) for the given P;,, and ¢ to obtain
P, (t) by Newton’s method.
4 Update P, = P}, (1)

M
3 S Np+M
if m=1 7 <
Break
end if
Increase ¢ to ¥t

end while

€ then

R A

Note that Algorithm 1 terminates when the duality gap,
355 NptM

which equals —==! - , is less than the desired accuracy,
€, which can be as small as desired to reach the optimal
solution [22]. The Newton step calculation method for linear

and sigmoid models can be found in Appendix A.

F. Computational Complexity Analysis

In this subsection, we investigate the computational com-
plexity of Algorithm 1. For calculating the computational
complexity of Algorithm 1, we should consider two parts: 1.
Calculating the optimal power for a given ¢ using Newton’s
method in the centering step and updating FP; ,,,. 2. Updating
t by a factor ¥ > 1 in the outer loop until the duality gap is
less than e. As a result, the overall computational complexity
of Algorithm 1 is obtained by multiplying the complexity of
each part.

An upper bound on the number of Newton

iterations  required in each centering step is
M

(M +3 > Nm> (9 —log® — 1), which depends on
m=1

the number of inequality constraints and ¢ [22].

The number of outer iterations for the desired accuracy,

M
M+3 > Np
m=1
log(t(o)s )

€, 18 Tog @ . Consequently, an upper bound on

the total number of Newton iterations required in Algorithm 1,
which is denoted by N, is obtained by multiplying the number
of Newton iterations required in each outer iteration by the
number of outer iterations and can be obtained as follows [22]:
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M
M+3 5 N
m=1
t(0)e

log
N:

M
M+3Y Ny |0 —logd—1).

m=1

log ¥

(20)
For obtaining Newton step in each iteration, the BFGS
method is used. Consequently, the complexity of the Newton
algorithm in each iteration is O((MN,,)?) [23].
Assuming that N,,,, is the maximum number of users in
each cell, the overall computational complexity of Algorithm
1 for a fixed ¥ is given by

M
M M+3 Z Nm,
O((M+3 3" Nu) (MN,0)? log (——5=—) o
m=1

M N,
~ 3 mazx
~0 ((MNWH) log (t(0)€ )) )

Finally, the computational complexity in (21) can be simplified
based on the big O tilde notation that ignores logarithmic
factors as follows:

O ((MNpax)?) - (22)

IV. JOINT ADMISSION CONTROL AND POWER ALLOCATION
PROBLEM

It should be noted that, in practice, it is impractical to
serve all users at their desired data rate due to BS’s power
limitation in downlink transmission, and the problem becomes
infeasible. So, we try to maximize the number of users that
can be admitted at their minimum data rate requirements. The
joint admission control and power allocation problem can be
formulated as follows:

M N,
{P,,,f]?%{)éi,m} mZZI ; Si’mMOS@m

s.t. (1) Si,mRmin < Rimu
(2) LB"/* < Py < UBjm,
N’V?L
(3) Z Si,m-Pi,m g Pm,max7 vm
i=1
(4) Si,m € {Oa 1} )

where S ., is a variable that indicates whether U E; in cell m
is admitted to the network or not. If .S; ,, = 0, MOS will be
equal to 1 because no service is provided to the user.

Problem constraints are similar to those in problem (11),
with small differences. In the first constraint, the minimum
data rate is multiplied by S; ,,, because the user rate is zero if
the user is not admitted. Also, the third constraint is modified
so that the total power of the admitted users must be less than
a certain threshold. S; ,, is a binary variable. So the problem
(23) becomes non-convex. We propose a heuristic algorithm
to perform joint power allocation and admission control.

Vi, m

Vi, m (23)

Vi, m

In the first step, we define the outage probability metric for
cell m as follows:

- |{Ri,m — Ruin < O| 1€ {1, 2, ,Nm}}|

Npm ’

where |.| is the cardinality of the set. If the data rate constraint
cannot be guaranteed and users do not achieve their required
minimum data rate, the problem becomes infeasible, and an
outage occurs.

The suggested admission control is based on outage proba-
bility and MOS. The idea is that for each connection request,
BSs monitor the system’s outage probability and MOS to
assess the service’s perceived quality level and then decide
whether or not to accept a new connection. The admission
control process implemented by the BS can be seen in Fig. 2.

Pr,,

(24)

User connection
request

MOS > Omos
and
Outage probability < Ooutage

Connection
rejected

Connection
accepted

Fig. 2. Admission control process.

When a new user connection is requested, the BS computes
the average MOS and outage probability of all current con-
nections, as shown in Fig. 2. If the MOS is greater and the
outage probability is less than certain thresholds, which are
represented by 0yr05 and Ooyiage, respectively, a new user
connection will be accepted; otherwise, it will be rejected.
For example, assume that 8oytqge and 0r70s are set at 50%
and 3, respectively. If fewer than half of the users in the
network have reached their desired data rate and their average
MOS is greater than 3, the BS will accept a new user. To
reduce processing time, MOS and outage probability are only
computed when a new user connection is requested, rather than
on a regular basis, which is appropriate for wireless networks
with often varying channel conditions. After deciding whether
to accept the user or not, the binary value of S is obtained for
each user, and then Algorithm 1 is implemented to allocate
power.

V. SIMULATION RESULTS

In this section, we present results to verify the effectiveness
of our QoE model based on the RSSI and labels that are
available in the dataset as the input data. In the next subsection,
the dataset used is explained in more detail.
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A. Dataset and Analysis

The database comprises call information from TIM, one of
Italy’s mobile operators. We used 72648 call test measure-
ments that belong to the UMTS technology. Other features
provided in the dataset include received signal (dBm), speed
(m/s), distance from the site (m), call test duration (s), and
call test result. In addition to these features, each call has a
MOS, which is a continuous value between 1 and 5, with the
higher the MOS, the higher the customer satisfaction.

The QoE evaluation process consists of several steps. The
dataset consists of both categorical and numerical variables.
The call test result, which includes both successful and
dropped calls, is a categorical feature with no ordinal rela-
tionship. Thus, for binary representation, one-hot encoding is
applied.

The first steps are preprocessing and data cleaning, which
are key steps in data analysis, helping us construct an accurate
model. We decided to use the box plot to remove outliers from
the data [24]. The box plot’s conventional structure divides a
data distribution into quartiles. It employs the minimum value,
the first quartile (Q)1), the median, the third quartile (©)3), and
the maximum value of a set of data. The interquartile range
(IQR), which is the area between the upper and lower quartiles
and makes up half of the distribution, is defined as Q3 — Q1.
Outlier points are defined by setting appropriate thresholds,
and data outside of these points should be removed from the
original data. Q1 — IQR and @3 + IQR are two thresholds
that we consider in our work.

Subsequently, the normalization step should be done due
to the different features’ variation ranges. For this purpose, a
transformation is done on the value of each variable to fit a
normal distribution with zero mean and unit variance.

In the next step, feature selection is performed. In order
to construct a good model, selecting the most important and
relevant features is crucial. Forward feature elimination is
applied in this study. Forward feature selection starts with an
empty set of features and adds the most significant features
one by one until there is no feature left with a p-value less
than the Significance Level (SL) [25].

The significance level in this study is set at 0.05 in order to
follow the 95% confidence interval utilized in most relevant
investigations. In our model, RSSI is selected as the important
feature to predict MOS value.

The holdout estimation approach is used to assess the
performance of the proposed models. In this method, the algo-
rithm is trained only on the training set, and the performance
metric is reported on the test set. During the training step, the
testing data cannot be used. In our study, 90% of the data is
considered a training set, and 10% of the remaining data is a
test set. The coefficients of the linear model are o = 0.049 and
B = 5. Also, the coefficients of the sigmoid model are v = 10
and A = 0.01. To compare our proposed models, the Mean
Squared Error (MSE) of each model is calculated as MSE =
Bias? + Variance + Irreducible error [26]. The sigmoid model
with the MSE of 1.82 outperforms the linear model with the
MSE of 2.36.

In order to assess goodness of fit, we have approximated
the estimation bias and variance for the two MOS models

TABLE I
BIAS-VARIANCE ANALYSIS
MOS Model Linear | Sigmoid
Bias 0.081 0.027
Variance 0.107 0.082
Model Error = Bias? + Variance | 0.1135 | 0.0827

using 5-fold cross-validation. The values reported in Table I
are averaged over the possible range of RSSL

As can be seen in Table I, the model error of both ap-
proaches is acceptable, and the sigmoid model outperforms
the linear one.

B. Simulation Results

In the rest of the paper, all simulations are performed in a
5-cell scenario. The main system parameters that are utilized
in the simulations are available in Table II, which are chosen
based on [14] and [27]. The positions of the users are randomly
and independently scattered in a disk region with a radius of
R = 100m, and the intercell distance is set at 300m.

The performance metrics are the outage probability, which
is defined in (24), and the average MOS. For validation of
our results, performance metrics are obtained by averaging
over 1000 realizations of the channel through Monte Carlo
simulation. It is worth noting that all the results are averaged
across the 5 cells, and the simulation results show the average
performance of each cell. In Fig. 3 and Fig. 4, we investigated
the average MOS and outage probability with regard to the
number of users.

In Fig. 3 and Fig. 4, we have solved the optimization
problem in (11) for both linear and sigmoid models, and the
optimal power of users is derived according to Algorithm
1. To validate the performance of our proposed hybrid QoE
model, we compared our simulation results to the conventional
objective model, which is used in [13] and [14]. In these
studies, there is a logarithmic relationship between the MOS
of UFE} and its transmission rate as follows:

17 Rk < Rmin
MOSy (Ri) = MOS; log %, Ruin < Ri; < Riax
57 Rk 2 Rmax
(25)
TABLE 11
SIMULATION PARAMETERS VALUES
Parameter Definition Value
o Path loss exponent 2
M Number of cells 5
Ny, Number of users per cell 2-50
Bandwidth 5 MHz
n Noise power spectral density -174 dBm/Hz
P maz Maximum transmit power of BS in cell m 46 dBm
Romin Minimum transmission rate of users 10 Kbps
MOSin Minimum acceptable MOS of users 1.6
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. 1/3.5
where MOS, m, Ry = Ruin ( g:a‘;) ,
0 € Rmin < Rmax, and R4, is the maximum required data
rate, which is considered 200 Kbps in the simulations. In our
simulations, if users do not achieve their required rate, the
MOS is set to 1.

As another benchmark, we compare the results of the sum-
MOS maximization problem with the sum-rate maximization
problem with the same constraints in (11), and then the allo-
cated power is substituted in the sigmoid MOS formulation.

As can be seen in Fig. 3, as the number of users increases,
the average MOS received by each user decreases because the
resources available in the network must be shared among a
larger number of users, and thus user satisfaction decreases.
Also, the sum-MOS maximization problem performs better
than the sum-rate maximization problem in terms of maxi-
mizing total user satisfaction. In the sum-MOS maximization
problem, hybrid models outperform the logarithmic objective

model because hybrid models can better satisfy users by learn-
ing their opinions. Furthermore, the sigmoid model, which has
a better MSE than the linear one, outperforms the linear model
in terms of average MOS.

Fig. 4 shows the probability of users not reaching their
desired rate. Due to resource limitations, as the number of
users increases, the number of dissatisfied users also increases.
The sum-MOS maximization problem outperforms the sum-
rate maximization problem in the same way that the average
MOS metric does. The sigmoid model performs better than the
logarithmic model and slightly better than the linear model.

There are instances in which the optimization problem (15)
or (16) becomes infeasible, and the system is unable to service
all customers at their requested data rate, as shown in Fig. 4.
So, we solved the joint admission control and power allocation
problem. In the QoE-aware admission control, the 0p;05 is
chosen at 3, which is fair quality. Also, we have chosen two
values of 25% and 35% for Ooutage-

We assume that the user connection arrival rate is one per
second, and if a user’s connection request takes more than 50
seconds to be admitted, its request will be timed out. The BS
monitors the MOS and the outage probability of each user
connection. When the admission threshold levels are reached,
the BS will cease accepting new user connections. In Fig.
5 and Fig. 6, we have solved the optimization problem in
(23) for the sigmoid model, and the outage probability and
average MOS are derived. We also compared our results with
the logarithmic model.
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Fig. 5. Comparison of the average MOS and the number of admitted users
for different admission control thresholds and QoE models.

As can be seen in Fig. 5 and Fig. 6, the case with a
O0utage €qual to 25% outperforms the other one in terms
of average MOS and outage probability. Similar to sum-
MOS maximization results, the sigmoid model outperforms
the logarithmic one. According to the one per second user
connection arrival rate, the number of user connections in this
case for the sigmoid model remains at a value of 9 in each
cell until at least one user connection releases its resource, at
which point the provider can then accept a new user. If we
set the Ooytage equal to 35%, the number of flows in each
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Fig. 6. Comparison of the outage probability for different admission control
thresholds and QoE models.

cell remains at values of 17 and 11, according to the sigmoid
and logarithmic models, respectively. As can be seen in Fig.
6, in this case, the outage probability of the logarithmic model
remains constant after 11 seconds because a new connection
is not accepted, whereas the outage probability increases in
the sigmoid model due to the acceptance of more users.

It is worth noting that the threshold level is not straightfor-
ward to determine because it is dependent on the anticipated
granularity. If the 0705 is set high or the Opytqge is set low,
the admission control scheme will grant the entire network
capacity to a limited number of users, resulting in high
satisfaction. Nonetheless, this restriction creates a problem of
underutilization, which is costly for service providers. Using
the same principle, if the ;05 is too low or the Ooytage
is set too high, the network will be congested, resulting in
poor quality. The case with 0pyiage = 35% performs worse
than the case with 8outage = 25% in terms of average MOS
and outage probability, while the former admits more users
than the latter. The importance of outage probability threshold
selection is shown in Fig. 7. In Fig. 7, a new user is admitted
when the outage probability of current connections is less than
00utage and the average MOS of them is greater than 3.

As shown in Fig. 7, the sigmoid model can accept more
users than the logarithmic model at a fixed threshold. Also,
by increasing the outage probability threshold, more users can
be admitted to the system, but their average MOS will become
worse. In the logarithmic model, no new users are admitted
to the network for 6pyiage > 30% because the average MOS
of the system is less than 3. Therefore, the key conclusion
on the admission control side is that the proper threshold
level should be wisely selected by the operator such that a
particular number of users are served while they also attain
their targeted MOS values. As a result, a delicate balance
is required between accepting new users and a subsequent
decrease in satisfaction.
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Fig. 7. Comparison of the number of admitted users and average MOS for
different outage probability thresholds.

VI. CONCLUSIONS

In this paper, we studied hybrid MOS-based resource allo-
cation in the system with call service. The QoE models are
trained based on RSSI features and users’ opinions, contribut-
ing to the hybrid nature of our model. Two hybrid linear and
sigmoid models were proposed that modeled MOS according
to RSSI. The optimum power of each user is obtained by
maximizing the sum-MOS of the system through the interior-
point method algorithm. Simulation results have revealed that
the proposed hybrid models obtain good performance com-
pared to the objective logarithmic model. In addition, in the
sum-MOS maximization problem, users are more satisfied than
in the sum-rate maximization problem. Also, we showed that
since not all users reach the minimum required data rate, an
outage occurs. So, we formulated the joint admission control
and power allocation problem and proposed the MOS-based
and outage probability-based admission control scheme. The
simulation results showed that the choice of threshold level is
not straightforward, and there is a balance between the number
of users served and their satisfaction level.

APPENDIX A

In this section, we show how the Newton step can be
obtained for linear and sigmoid models. The Newton step
App; in the barrier method centering step should satisfy
HAp,, = —g, where ¢ £ Vfo(z) + 1V®(z), H =
V2fo (z) + 3V2® (2) and fo is the objective function [22].
The g and H equations for the linear model are given by

M Np 10a M N, M
9=2.> 5+ 2> (lim—Tim) + Y vm
PZ m
m=1 i=1 ’ m=1 i=1 me=1
M N,
-y 0i,m8i,m
m=1i=1 LnQ(Ii:,FsLtal + Pi,mgi,m)’

(26)
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Lagrangian multipliers associated w1th the inequality con-
straints.

Similarly, g and H correspond to the sigmoid model can be
obtained as follows:

QZZ

—10My exp(—10Alog(k;,

+Zum

m=1 i=1 z m ]- + exp( 10)\[09(/43 mPi s )) m=1
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