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ABSTRACT This paper studied the optimization of air interface (AI) allocation in self-organized wireless
body area network (WBAN), for the quality of experience (QoE) of wireless data transmission between
patients’ body base station and themedical surveillance network (MSN). To improve the spectrum efficiency,
the partial overlapping channel (POC) is adopted for the cognitive AI, which could adjust its wireless
channel according to the environment. In the same time, the heterogeneous QoE of patients is also taken into
consideration to optimize the network. A two-layer game model and the corresponding learning algorithm
have been proposed for the AIs’ channel choosing and body base stations’ AI choosing in a distributed way,
to realize the optimized and stable match between AI and patient’s transmission demand. The theoretic
analysis for the equilibrium of the game and the convergence of the proposed algorithm is carried out.
Simulation experiment results shows that the proposed two-layer game model and learning algorithm could
effectively improve the QoE of WBAN, along with the fairness.

INDEX TERMS Medical surveillance network, wireless body area network, quality of experience, partial
overlapping channel, spectrum efficiency, game theory.

I. INTRODUCTION
Nowadays, the researches and applications on internet of
things (IoT) are drawing much attention [1]. As an important
part of the IoT on the health care, the medical surveillance
network (MSN) and the wireless body area network (WBAN)
is currently one of the important research hotspots [2]–[8].
It can be applied to real-time monitoring and family health
care in hospitals and has wide application prospects and huge
market potential.

Wireless body area network is a communication sys-
tem that is placed on people’s body for healthy monitoring
and obtaining human health signals, as shown in Figure 1.
The WBAN would be constituted by some micro sensors
which can be moved. The sensors in WBAN almost could
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communicate with others, especially with the body station.
Some typical early applies are mainly to successive mon-
itor and data obtaining of chronic diseases and the health
data of people, in order to present an approach of auto-
matic control therapy. With the maturity and development
of technology, the wireless body area network in the future
can also be widely applied to consumer electronics, enter-
tainment, sports, environmental intelligence, animal hus-
bandry, ubiquitous computing, military or safety and other
fields.

With the WBAN, the information exchange between the
personal sensing system and the MSN should be guaranteed.
The monitors need to upload their monitoring data to the
MSN timely through the patients’ base station, which would
be call as the WBAN body user in the MSN in this paper
(Figure 2). To reduce the energy consumption of the body
user and improve the throughput, the air interfaces (AIs) are
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FIGURE 1. The illustration of wireless body area network.

FIGURE 2. The air interface based data exchange between heterogeneous
body users and medical surveillance network.

usually provided to relay the data transmission between the
body user and MSN.

To our best knowledge on the related existing works, there
are two issues should be studied further in depth. The one
is that the spectrum utility of AIs is not so efficient by
using traditional orthogonal channel, the other one is that the
heterogeneous QoE demands of different patients have not
been taken into consideration seriously in the AI allocation.

With the first issue, the use of POC has been adopted in
some researches for wireless networks. In order to improve
the spectrum efficiency, authors in [9] proposed a partial over-
lapping channel to further improve the spectrum efficiency.
The main feature of partial overlapping channels was that the
band division between each channel is no longer completely
separated, but can be partially overlapping. Traditionally,
this division has led to the non-orthogonal nature of the
channel and complicated the system interference. However,
its advantage is also obvious that the spectrum efficiency
would be relatively high. In reference [9], [10], the effective-
ness of network throughput was improved by using partial
overlapping channel, and the influence of channel distance
on interference is analyzed. In reference [11], the channel
interference of 802.11b was theoretically modeled, and the

application of POC was simulated. In reference [12], on the
basis of the predecessors, the user distance analysis was
added, and the access problem of some overlapping channels
was extended to a larger scale network, which enriched the
interference analysis using some overlapping channels. With
the AIs, the use of POC would also improve the performance
of business data transmission. The main problem that needs
to be studied is that how to overcome the weakness of the
partial overlapping channel access technology in multi-user
interference.

With the second issue about different patients’ monitoring
requests, the differences in the types of business and traffic of
various body base stations in the WBAN are obvious. With
some specific body user, the chosen of AI would be based
on its own data transmission demand, along with the wireless
environment and neighboring users’ AI chosen.

Related works have been done to solve the communica-
tion relay optimization problem [13]–[18]. In addition, Some
important works is about the resource allocation related to
game theory [16], [19], [23]–[26], [28], [30]. However, most
of existing works paid attention to the capacity-oriented opti-
mization, the QoE of different users were ignored. In fact,
there exists gap between the capacity-oriented optimization
and the QoE optimization, especially for the WBAN which
serves different patients. For example, with a limited temper-
ature data transmission requirement, the further improvement
of transmission capacity would be nonsense for the patient’s
QoE. However, if the transmission resource was allocated to
this patient user, the QoE of other serious patients who need
online heart monitor would be affected. As a result, the QoE
of the whole WBAN would not be well enough, even with a
good network capacity. In our opinion, the ultimate purpose
of network optimization would be the improvement of quality
of experience (QoE) of the patients, which is closely related
with the data transmission demands.

Base on the analysis on the related work, The main chal-
lenges this paper aims to solve is summarized as follow:

a. How to overcome the weakness of the partial overlap-
ping channel access technology in multi-user interference.

b. How to realize the optimal match between patients’
heterogeneous data transmission requirements and heteroge-
neous AI spectrum resource in a self-organizing way.

In this paper, we study the QoE oriented AI allocation
distributed optimization in WBAN, along with using POC
technology to improve the spectrum efficiency. The aim is
to improve users’ QoE, by dynamically optimizing users’
AI choices according to their own monitor data transmission
request and dynamically optimizing AIs’ channel selection
according to the requirements of connected users.

The motivation of this study is to solve the quality-oriented
wireless connection in self-organized wireless body area net-
work (WBAN), which is an important issue in the WBAN.
With the heterogeneous data transmission requirements of
different patients, the wireless connect should also be opti-
mized, to meet the requirements with limited spectrum
resources. In addition, the movement of patients requires the
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self-organization of the wireless connection, which is also
one of the features of WBAN. This work aims to achieve
the optimization on the spectrum resource allocation for the
heterogeneous data transmission requirements of different
patients, under the self-organizing architecture. We would
like to improve the development of WBAN on the network
flexibility and patients’ quality of experience.

We aim to develop the distributed choosing scheme, which
could make the WBAN adapts the dynamically deployment
of body users and the unstable wireless surroundings. The
main contribution of this paper is summarized as follow:

Firstly, the QoE analysis of the WBAN users is done,
by comprehensive considering the AI’s location and channel
competing of AIs, and user’s requirements etc.

Secondly, the two-layer game model of the distributed AI
matching is constructed, the rules of matching and user utility
functions are constructed, and the equilibrium of the game is
analyzed.

Thirdly, the QoE oriented distributed AI matching algo-
rithm is proposed to achieve QoE optimization, while achiev-
ing the stability of system.

The novelties of this paper is summarized as follow:
In aspects of system model:
a. Optimizing the QoE of patients rather than the

throughput.
b. Considering the partial overlapping channel access tech-

nology for the WBAN.
c. Considering the heterogeneous data transmission

requirements of different patients.
In aspects of methodologies:
d. Proposing the two-layer gamemodel and the equilibrium

of the game is analyzed.
e. Proposing the QoE oriented distributed AI matching

algorithm which is proposed to achieve QoE optimization,
while achieving the stability of system.

II. SYSTEM MODEL AND PROBLEM FORMULATION
We consider a WBAN connecting to the MSN as in the
Figure 2. The WBAN consists of N body users and M AIs.
Body users upload the sensors’ data to the MSN through the
AIs. The AIs are considered to be limited cognitive, which
can adjust the working wireless channel from the available
set of POC according to the environment. Figure 3 shows
the comparison between the POC channel and orthogonal
channel.

Importantly, the heterogeneous requirements of different
body users are considered. With different patient, the sensors
on the patients would be not the same, which cause the
different data traffic of the body users. The transmission
requirements should be heterogeneous. For example, the data
transmission requirement of the temperature sensor would be
obviously different with the heart monitor sensor. Body users
are randomly deployed and would choose AIs based on their
own decisions.

Denote SCH = {1, 2, . . . ,L} as the set of the POC
channels, SU = {U1,U2, . . . ,Un, . . . ,UN } is the set of the

FIGURE 3. The orthogonal channel and partially overlapping channel.

WBAN users, SI = {1, 2, . . . ,M} represents the set of AIs,
B = [B1,B2, . . . ,BN ] is the bandwidth vector of POC chan-
nels, Rmax =

[
R1
max,R

2
max, . . . ,R

M
max
]
is the max throughput

need vector of users, cmax = [c1, c2, . . . , cM ] is the QoE
parameter vector of users.

Under the condition of using POC shown in figure. 3,
the interference between users depends on not only posi-
tion distance, but also the channel distance, defined as
ϑij =

∣∣chi − chj∣∣. For example, if the central frequency of
channel is fc, the bandwidth is 44MHz, the power distribution
would be [12]:

p (f ) =


0dB, |f − fc| ≤ 11MHz
−30dB,11MHz < |f − fc| ≤ 22MHz
−50dB, |f − fc| > 22MHz

(1)

With user i and user j, the interference power would be:

H (f ) =
∫
pi (f ) · pj (f ) df (2)

Obviously, the more the channel distance, the smaller the
interference. According to [21], the interference compute
could be carried out as follow:

H
(
δij
)
=



1, ϑij = 0
0.605, ϑij = 1
0.305, ϑij = 2
0.108, ϑij = 3
0.012, ϑij = 4
0, ϑij ≥ 5

(3)

Define the neighbor as the users in the interference range:

J i =
{
j ∈ SU : dij ≤ dτ

}
, ∀i ∈ SU. (4)

where dτ represents the position distance threshold. With
use i, the interferencewould be computed by considering both
the position distance and channel distance:

Ii =
∑
j∈Ji

pjH
(
ϑij
)
d−αij , ∀i, j ∈ SU. (5)
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According to [22], the throughput of user n through the AI
m based on the decode-and-forward model would be:

R1 (n,m)

=
B
2
log2

(
min

{
1+ SNR (n,m)
, 1+ SNR (n)+ SNR (m)

})
, (6)

where SNR (n,m) represents the signal-to-noise-ratio (SNR)
from user n to AI m, SNR (n) represents the SNR from user n
to the MSN, SNR (m) represents the SNR from AI m to the
MSN.

SNR (n,m) = Pnχm,nζ
−ωm,n
m,n /(σ 2

+ In), (7)

where Pn is the transmission power of user n, ζ−ωm,nm,n is
the path gain, σ 2 is the variance of white Gaussian noise.
ζm,n is the distance between user n and AI m, ωm,n is the
path loss exponent between user n and AI m, and χm,n is the
instantaneous random component of the path loss.

The throughput of user n through the AI m based on the
direct transmission model would be:

R2 (n) = B log2 (1+ SNR (n)) , (8)

With the AIs, the resource mechanism would be adopted to
allocate the resource. To be simplify, it is assumed that time
division multiple access protocol is adopted. Then the AIs
on the same channel would equally share the transmission
resource. To meet the transmission requirement of users,
the AIs would choose the proper channel to work on.

With the user, the following condition should be meet:∑
m∈SI

ψnm ≤ 1, ∀n ∈ SU

s.t. ψn,m =

{
1, if n connects with m
0, else

(9)

According to the above analysis, the throughput of user
would be:

Rn =
∑

m∈SI

R1 (n,m)∣∣AI l ∣∣ ψn,mµn,m

+
R2 (n)∣∣U2

∣∣ (1−∑m∈SI
ψn,m

)
, (10)

where
∣∣AI l ∣∣ represents the number of AIs working on chan-

nel l,
∣∣U2

∣∣ represents the number of users working on the
direct transmission model. AI m allocates a period of time
µnm to the user n, and 0 ≤ µnm ≤ 1.

To evaluate the QoE precisely, the computing of QoE is
defined as follow [23]:

qi = 5− 5 · e
−

ciRi
Rimax , ∀i ∈ S (11)

where Ri is the user i’s throughput. Rimax is the max through-
put the user needs, which reflects the heterogeneous trans-
mission requirements of different users. ci is the sensitive
parameter to the throughput of user i.

Obviously, the capacity optimization would not be equal
to QoE optimization. The complex of the problem is that the

relationships between QoE and throughput are heterogeneous
for different users. In this scenario, the AI choosing of userU8
would be based on its data transmission requirement, affected
by the distribution of AIs and other users, the channel qual-
ities, the channel choosing of AIs, and the AI choosing of
other users.

There are two optimization aims need to be obtained. First,
the result of users’ AI choosing and AIs’ channel choosing
is likely to be stable, which means the network would be
stable status. Second, the QoE of users in the WBAN would
be improved, i.e.,

With the users, the optimization would be choosing the
proper AI to improve its QoE:

a∗m = argmax qm (12)

With the network, the optimization would be how to
improve the total QoE of the network:

P : max qnet =
∑
m∈SU

qm. (13)

The exhaustive search algorithm could achieve the best
result. However, the computation complexity is too high to
carry out in practical scenarios. For example, when N = 6
and M = 50, the possible users’ AI choosing would be
650 = 8.0828 × 1038. Considering the possible channel
choosing of AIs, the candidate action space would be huge.
Importantly, the flexibility of the central controlled is not
appropriate to the WBAN, where the topology and patients’
requirement vary all the time. The desired method should
be with executable complexity and environment adaptive
flexibility.

III. THE QOE ORIENTED TWO-LAYER MATCHING GAME
Based on the above analysis, a QoE oriented two-layermatch-
ing game (QoETLMG) is proposed to deal with the AI allo-
cation optimization problem.
Definition 1:We define the QoETLMG as:

G = {SU , SI , SCH , 9, un, um, an ⊂ AU , am ⊂ AI }

=

{
Gup = {SI , SCH , 9, um, am ∈ Am ⊂ AU }
Glow = {SU , SI , 9, un, an ∈ An ⊂ AI }

(14)

where SI is the set of AIs, SU is the set of users, 9 is the
relationship graph of the WBAN, among which Nm,n ⊂ 9 is
the connectivity relationship between Im and user Um. user n
could connect to Im if Nm,n = 1, otherwise, Nm,n = 0.
AU = A1 ⊗ A2 ⊗ . . . ⊗ AN is the set of strategy profiles of
all the users, AI = A1 ⊗ A2 ⊗ . . .⊗ AM is the set of strategy
profiles of all the AIs, where⊗ is the Cartesian product, An is
the available strategy set of user n. Am is the available strategy
set of AI m. For simplification, the users and AIs in the game
are called player. Define ℵm is the set of body users which are
related to the action of player m:

ℵm =
{
i ∈ SU : ifNm,j = 1,Ni,j = 1,∀j ∈ S1

}
(15)

138206 VOLUME 7, 2019



C. Yao et al.: QoE Driven Transmission Optimization Based on Cognitive AI Match for Self-Organized WBAN

TABLE 1. The QoEDDMA Algorithm.

Denote the action of player m as, am ∈ Am, um is the
utility function of player m, and um (am, a−m) denotes the
player m’s utility when action am is adopted by m and a−m
is the action profile of other players. The utility of users is

defined as un = qn. The optimal utility of AI is defined as
am(t + 1) = arg max

am∈Am
um (am, a−m|t).

IV. THE QOE ORIENTED DISTRIBUTED DYNAMIC
MATCHING ALGORITHM
In this section, the QoE Oriented Distributed Dynamic
Matching Algorithm (QoEDDMA) is proposed to realize the
optimal match between AIs and users according to the QoE
improve need. Then, the stability of the WBAN system is
analyzed.

Compared with traditional studies in which the resource
would be fixed and the decision of AI can only be accep-
tation or refusing, the transmission resource could be allo-
cated dynamically, according to the requirement. In addition,
the transmission resources of AIs are also dynamic based on
their channel choosing updating. To optimize the heteroge-
neous QoE, in the proposed algorithm, the AI’s action has
taken into consideration of QoE parameter for the business
data.
Theorem 1: The proposed algorithm could achieve the

stable status of WBAN, the AI allocation, user’s transmission
allocation and AIs’ working channel would be stable after the
algorithm converges.

Proof: The proof of the theorem 1 would be based on
the theory in [24] and [25]. The u (am, a−m) would be a
non-increasing function. Then, the up-layer game Gup =
{SI , SCH , 9, um, am ∈ Am ⊂ AU } could be modeled a con-
gestion game [24]. According to [24], the up-layer game
Gup = {SI , SCH , 9, um, am ∈ Am ⊂ AU } has at least one
Nash equilibrium (NE), which is defined as follow:

Let a = {a1, a2, . . . , aM } represents the actions of users,
and a∗ =

{
a∗1, a

∗

2, . . . , a
∗
M

}
would be a pure strategy NE if

and only if no user could increase its utility by choosing other
actions, i.e.,

um
(
a∗m, a

∗
−m
)
≥ um

(
am, a∗−m

)
∀m ∈ SI , ∀am ∈ Am, am 6= a∗m (16)

To obtain the NE state, the proposed algorithm adopts
the best response (BR) channel selection method in up-layer
action updating, which can converge to a pure NE point in
finite iterations among AIs [24].

With the matching game for the low-layer action updating
in the proposed algorithm, the stable matching [25] would
meets the related matching condition in the algorithm. If the
transmission requirement of user n is met, it would not change
its AI selection decision. Otherwise, it would look for other
AI according to the following standard:

µnmψnm +
∑

i∈SU \n
µiψim ≤ 1

s.t. µnm = Rmax
n
/
Rn, ψim = 1

i ∈ {SU|(i,m) �m (n,m)} (17)
If no AI could meet the requirement, it would make the best
choice for the current state:

max
(
1−

∑
i∈S0\n

µiψim

)
· Rn

s.t. i ∈ {SU|(i,m) � (n,m)} (18)
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Based on the matching rule in [26], users accepted by
AI would not be replaced by other ones, which means the
optimal AI could be decided. Then the users can achieve to
the stable matching result.

When the stable status is obtained in the matching model,
each AI would choose working channel based on the utilities
of users connected. When the AI has got the need resource,
i.e., um =

∑
i∈SU ψim It means that related users’ QoE

would be good enough, then the AI’s channel selection deci-
sion would hold. According to the congestion game [24],
the working channel of AIs would be stable after the action
updating. Hence, the Theorem is proved.

V. SIMULATION RESULTS AND DISCUSSION
In order to verify the correctness and validity of the proposed
AI choosing method, the Matlab simulation was carried out.
The topology of the scenario would be generated randomly.
In the course of simulation, the topology, and the number
of users would be changed to verify the performance under
different condition. Without loss of generality [16], [27],
the related parameters are set as follow: the path loss exponent
is 2 [25]. The number of POC channel 8, and the bandwidth
vector is [1, 2, 4, 6, 8, 10, 16, 32]MHz. The number of AIs
is 10. The noise power spectral is −170 dBm/Hz, the data
transmission power of users and AIs is 23dBm and 30dBm
respectively. To simulate the heterogeneous patients’ data
transmission requirement, the maximal transmission require-
ment would be varying between 5-20 Mbps, and the QoE
parameter would be varies between 1-5.

The simulation was carried out mainly from the following
aspects: the convergence of the algorithm, individual user’s
QoE, the WBAN network QoE, and the fairness of the users.

FIGURE 4. The convergence of the proposed algorithm (20 body users).

The above figure 4 shows the convergence of the proposed
algorithm. It can be seen from the result that the proposed
approach could achieve the convergence after the learning
and action updating course. The cumulative distribution func-
tion (CDF) is shown.

FIGURE 5. The network QoE comparison between different approaches.

The above figure 5 shows the network QoE level vari-
ation along with change of body users, by using different
approaches. It can be seen from the result that the pro-
posed approach could achieve better QoE level compared
with approach adopted in [28]. The advantage of the pro-
posed approach is more obvious under heavy load condi-
tion (more users). The explanation for this result is that
the approaches in [28] are not QoE oriented optimization,
the throughput-oriented optimization is not accord with the
network QoE under heterogeneous users’ demand condition.
Allocating communication resource to users which had been
satisfied with current would be resource waste, bring QoE
performance decrease especially when other users need more
resource to meet their requirement. The proposed approach
could realize the rational resource allocation according to the
heterogeneous requirement, and improve the QoE level.

FIGURE 6. The fairness comparison between different approaches.

The above figure 6 shows the comparison on fairness of
users. The standard of fairness adopts the model in [29],
which has been widely adopted. It can be seen from the result
that the proposed approach could achieve better fairness per-
formance compared with existing approach. The explanation
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for this result is that the approaches in [28] do not taken
fairness into consideration, while the proposed matching
algorithm could improve the fairness from both resource
allocation perspective and random choosing and refusing
perspective.

FIGURE 7. The network QoE comparison under changing requirement
condition.

The above figure 7 shows the performance comparison
between different approaches under the changing require-
ment condition. The data transmission request of different
users would be random and the changing range would be het-
erogeneous too, that aims to depict heterogeneous patients’
demand. It can be seen from the result that the proposed
approach could achieve better QoE performance compared
with existing approaches. The explanation for this result is
that the proposed matching algorithm could realize the opti-
mal resource allocation according to practical requirement of
users. The throughput orient algorithm could not adapt to the
requirement changing well.

VI. CONCLUSION
In this paper, the optimization of AI allocation in self-
organized WBAN for QoE of heterogeneous patients was
studied. The QoE analysis of the WBAN users is done,
by comprehensive considering the AI’s location and channel
competing of AIs, and user’s requirements etc. Then the
two-layer game model of the distributed AI matching was
constructed, the rules of matching and user utility functions
are constructed, and the equilibrium of the game was ana-
lyzed. At last, the QoE oriented distributed AI matching
algorithm is proposed to achieve QoE optimization, while
achieving the stability of system. The simulation results show
that the proposed approach could improve the WBAN QoE
level, along with the fairness of users.
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