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Abstract— Radio resource management (RRM), which aims
to satisfy the requirements of both mobile users and service providers, can be seen as one of the typical issues of
cyber-physical-social system since the social factors, that is,
the requirements and priorities of users are extremely important
in heterogeneous networks. In this paper, we propose a novel
resource allocation and access control mechanism based on
parallel network architecture, which provides a high-bandwidth
connectivity with guaranteed quality of service (QoS) for mobile
users in a seamless manner. In this mechanism, multiple users
are classified into several types according to their social property
such as priorities and bandwidth requirements of different users.
Compared with the general received signal strength (RSS)-based
method, the proposed user priority (UP)-based method achieves
three main advantages as follows: 1) it further balances the
load of base stations (BSs) when the resource is sufficient; 2) it
provides a mechanism called high priority users higher QoS
when the network is heavily loaded compared to the RSS-based
method; and 3) it hands over a few users from a heavily loaded BS
to a lightly loaded one to allow more users to access this network.
The simulation results confirm the advantages of the proposed
UP-based mechanism and show that the simulation results of the
Q-learning method are consistent with its theoretical analysis.
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I. I NTRODUCTION
NE of the most important features of evolving 4G
and 5G wireless networks is the heterogeneous wireless access networks in which users will connect to various
wireless access networks simultaneously, such as cellular
network, wireless local area network (WLAN), and wireless metropolitan area network (WMAN) [1]. These different
access technologies often differ in bandwidth, latency, or cost.
In such heterogeneous wireless access environment, radio
resource management (RRM) mechanisms are the essential
issues that jointly manage the resources of the different radio
resource networks (RANs) in an efficient way while achieving
the desired quality of service (QoS) for different users [2].
RRM involves many cyber-physical strategies and algorithms
for bandwidth allocation, congestion control, and admission
control [3]–[6]. Also, it handles specific social properties of
users with different requirements and priorities. Thus, RRM
can be seen as a typical issue of cyber-physical-social system
(CPSS) [7], [8].
CPSS is the system conjoined, coordinated, and integrated
cyber-physical systems with human and social characteristics,
which has become the new enabling technology to solve
complex and challenging problems in the real world that
have found no effective solutions so far [9]–[11]. There are
scientific evidences that the CPSS approach is particularly
suitable to study Societies 5.0, which feature uncertainty,
diversity, and complexity [12]–[26]. RRM concerns the capacity issues of complex systems formed by multiuser and multicell, rather than the point-to-point channel capacity [27]–[29].
Both the social factors and physical factors in RRM need
to be taken into consideration and reach a tradeoff. For
example, the various requirements of different users should
be satisfied in the condition of the limited radio resource such
as bandwidth [30]–[32]. Therefore, RRM is a typical issue that
equips with the features of problems in Societies 5.0 and can
be solved by CPSS approach.
Currently, individual RRM schemes achieve optimal performance within their respective RANs [33]–[36]. However,
they may perform less efficiently in heterogeneous networks
since different RRM schemes are not properly managed. The
heterogeneous wireless access technology plays an important
role in wireless networks [37]–[39]. By using it, a mobile
user has the ability to connect and hand over among various
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access networks, including WLAN [40] and WMAN [41].
However, RRM scheme design is very complicated, since
different system characteristics of different RANs need to be
considered. Hence, a major issue is how to jointly manage the
resources of the different RANs in an efficient manner while
achieving the desired QoS [42].
Recent years, several novel resource allocation solutions
have been proposed for different networks, which are
characterized by centralized control or virtualization, e.g.,
cognitive radio networks [43], IP-based networks [44],
and heterogeneous cloud radio access (H-RAN)
networks [45]. The solutions can be categorized by utility
function-based mechanisms [46], [47] and learning-based
mechanisms [48], [49]. Based on user requirements, the utility
function is constructed by the bandwidth, received signal
strength (RSS), delay, power, and so on. With the help of utility
function, user’s bandwidth allocation and network selection
can be optimized. The learning-based mechanism is inspired
by evolutionary game theory and machine learning algorithms,
and each femtocell adapts its strategy and gradually learns by
interaction with its environment through trials and errors [49].
However, both utility function-based and learning-based
solutions have disadvantages for practical implementation
in the future networks. With the extensive promotion
and application of smart devices, current wireless networks can hardly meet the increasing demands of network
development [50]. The novel network architectures, such as
cloud radio access network (C-RAN) and H-RAN, are proposed and deployed [51]–[54]. The aforementioned solutions
may not be efficient enough in C-RAN because the multiservice resource allocation algorithm is based on distributed
networks [55]. Although the user-centric-based mechanisms
can achieve seamless user roaming and service continuity
and achieve optimum resource allocation, the total network
resource could not be utilized efficiently. Assuming two base
stations (BSs) can provide a user the identical QoS, and one
BS is heavily loaded, a general solution randomly chooses a
BS, and the network provides the users the optimal service
in current environment. However, it would affect the next
user access to the network, because the network load is
unbalanced.
Therefore, in this paper, we take the social information of
users into consideration and propose a user priority (UP)-based
network resource optimization mechanism based on parallel
network. The parallel network system [56], [57] is an intelligent and self-adaptive network system, which could efficiently
optimize the network system operations via the interactions
between actual and artificial networks [58]–[63]. Based on
parallel network, the network resource optimization can be
further improved.
The main contributions of this paper are as follows.
1) When the network is lightly loaded, the proposed
UP-based mechanism provides all the users an optimal
QoS and balances the BS load for the whole network
system.
2) When the network is heavily loaded, the proposed
UP-based mechanism can decrease the bandwidth of a
few users to make a new user access to this BS and
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provide the high priority user a higher QoS in the same
condition.
3) To increase the network capacity for accommodating
more users, the proposed UP-based mechanism can hand
over a user from one heavily loaded BS to the lightly
loaded ones.
4) For practical implementation, we apply the
Q-Learning [64], [65] algorithm in the proposed
mechanism. Thus, the computational complexity could
be decreased, while the simulation results are consistent
with the theoretical ones.
This paper is organized as follows. Section II gives a brief
introduction of parallel network architecture. In Section III,
the new resource allocation and access control mechanism is
proposed, and then the system model, resource allocation and
access control mechanism, and the Q-Learning realization are
detailed. Section IV provides the simulation results. Conclusions are given in Section V.
II. PARALLEL N ETWORK A RCHITECTURE
As a novel architecture, the parallel network [56] mainly
includes the actual network and the artificial network. The
interactions between these two systems help to accomplish
management and control of the actual system, experimentation
and evaluation of behaviors and decision, and learning and
training of operators and administrations. The key idea of
parallel network is the coordination of global network system
by the interaction of the actual network and the artificial network. It is the combination of artificial network, computational
experiments, and parallel execution. Artificial network is the
mapping to the actual network, it serves as the basis of computational experiments. Based on the network status and network
requirements, parallel network is able to provide an optimized control strategy to the actual network by computational
experiments. Furthermore, parallel execution is the interaction
between artificial network and actual network, which makes
the parallel network optimize itself on a real-time basis.
The characteristics of artificial network have offered many
advantages for modeling complex network systems [7], [62],
[66]–[69]. For example, the artificial network emphasizes the
importance of interactivity, interrelationship, and integration
among complex systems; then, by using artificial network in
real, simulated or mixed environments, complex interactions,
and behavior patterns could be generated. With these two
characteristics, especially the second one, artificial networks
can adapt complex features of actual networks, thus support
various controllable and precise computational experiments,
so as to quantitatively analyze and evaluate different behaviors
as well as different influence factors.
First, in artificial network, the control and data planes
are decoupled, and the underlying network infrastructure is
abstracted from the applications. The data plane is constructed
by various data boxes, which contain the status information
and the previous management and control schemes of the
actual network (such as bandwidth, RSS, and channel conditions). All the boxes will continuously collect all these historical information and the corresponding status when actual
network changes. Based on these data boxes, the artificial
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TABLE I

network can model all the actual network functions. These
models could be used to analyze and reflect the actual network
operating status to the control plane, and guide the control
plane to configure, manage, and optimize network operating
status via dynamic and automated ways.
Second, computational experiments could provide the network optimization solutions. For a specific network optimization problem, the environmental and human behavioral
interferences would be considered. Based on the historical
data and user requirements, various optimization algorithms
can be designed to analyze and predict network status, thereby
providing the corresponding optimal solution.
Finally, parallel execution provides an effective mechanism
to implement various solutions, as well as evaluate, validate,
and improve their performance. It can be realized by using the
computational experiment results.
Therefore, in the resource allocation and access control
mechanism, the allocated network bandwidth and the selected
user network can be used to construct two data boxes. The two
data boxes continuously collect all these allocated bandwidth
data and selected BS data. Based on the two boxes, the artificial network models actual network’s resource allocation
and network selection status. The optimization algorithm is
the computational experiment method based on system status
and user requirements. The artificial network can provide an
optimized solution to the actual network by parallel execution.

N OTATION D ECLARATION

III. U SER P RIORITY-BASED R ESOURCE A LLOCATION AND
ACCESS C ONTROL M ECHANISM
A. System Model
A typical system model is considered in this paper to
describe the proposed mechanism. Assuming three kinds of
users are allowed to access to the network, and the corresponding allocated bandwidth is B1 , B2 , and B3 , where

opt 
Bi ∈ Bith, Bi , i = 1, 2, 3.
(1)
opt

where Bith is the minimum bandwidth requirement, and Bi
is the optimal allocated bandwidth. The actual allocated bandopt
width is ranged from Bith to Bi . The symbol definition in
this paper is shown in Table I. When the network is lightly
loaded, each BS will allocate the user adequate bandwidth,
opt
i.e., Bi . When the network is heavily loaded, a new coming
user cannot directly access to a BS, because the bandwidths are
all allocated to the previously accessed users. To access a new
coming user in the specific BS, the BS should decrease a few
accessed users’ bandwidth and arrange the saved bandwidth
to the new coming user. Therefore, the BS cannot guarantee
all users obtain the optimal QoS, and some users’ bandwidth
may be decreased to Bith. In our proposed mechanism, there
is a predefined priority for all users, and the lower priority
user’s bandwidth will be decreased first. That means higher
priority users obtain a higher QoS when they are in the same
conditions.
A typical network system model is illustrated in Fig. 1.
Each BS represents an access network. Three BSs construct
this heterogeneous network. In each time, there will be only
one user in or out of the network. The new coming user type
is assumed to be random, and it has the ability to access

Fig. 1.

System model of the heterogeneous network.

any one BS if the user is in this BS’s coverage, and the BS
can allocate enough bandwidth to it. That means users in the
overlapped coverage have several BSs to access. In this paper,
it is assumed that each BS’s total bandwidth is Ti , and the
current occupied bandwidth is Ticur , i = 1, 2, 3, Ticur ≤ Ti .
The main idea of the proposed method is composed of two
parts. One is the way of a user to select a BS to access, and the
other is how much bandwidth a BS can allocate to this user.
B. BS Selection
In our proposed solution, when a user is in a lightly loaded
network and can access more than j ( j > 0) BSs, the user
will choose the BS which can allocate the most substantial
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bandwidth, that is,
min



then


cur

Tj
T1cur T2cur
,
,...,
T1
T2
Tj

opt

.

(2)

In this way, the network can not only guarantee user’s QoS
but also decrease the user blocking probability, because the
BS’s load is balanced.
When the network is heavily loaded, that is,
T jcur = T j

Bi = Bi .

The BS can allocate the new coming user with the optimal
opt
bandwidth Bi .
When the BS is heavily loaded, i.e., T jcur = T j or T jcur +
Bith > T j . If the new coming user type i = 3, i.e., the lowest
priority user, and
Ni Bi + T j − T jcur

(3)

or

(9)

Ni + 1

≥ Bith

(10)

then
T jcur +

opt
Bi

> Tj .

(4)

Assuming the new coming user is in more than two BSs
coverage, the proposed algorithm will choose the BS that can
allocate all accessed users the optimal bandwidth considering
UP. We use bandwidth allocation algorithm mentioned in
the following to calculate all BS’s allocated bandwidth and
to construct a matrix of all types of users’ actual allocated
bandwidth
⎤
⎡
B1,1 B1,2 B1,3
⎥
⎢B
⎢ 2,1 B2,2 B2,3 ⎥
⎥
⎢
(5)
..
.. ⎥
⎢ ..
⎣ .
.
. ⎦
B j,1

B j,2

B j,3

j

(6)

If there are two BSs that can be accessed, the searching process
would be continued to find
j = max{B1,2, B2,2 , . . . , B j,2 }
j

(7)

until there is only one BS stayed or i = 3. If i = 3 and more
than two BSs can provide the same bandwidth, a random BS
would be chosen to access. By this way, higher priority user
would obtain a better QoS.
C. Bandwidth Allocation
When the new coming user (the user type is i ) can be
accessed to B S j , B S j will allocate bandwidth Bi (Bith ≤ Bi ≤
opt
Bi ) to this user. Assuming B S j has already accommodated
Ni users of type i , where i = 1, 2, 3.
When the BS is lightly loaded, that is,
T jcur

+

opt
Bi

≤ Tj

(8)

Ni Bi + T j − T jcur

.
(11)
Ni + 1
That means allocated bandwidth for the new coming user is
Bi , and the bandwidth of all the pervious accessed users of
type i = 3’s should be decreased to Bi , while the other users’
allocated bandwidth is unchanged.
If Ni Bi +(T j −T jcur ) < (Ni +1)Bith , then we should decrease
a higher user’s QoS, i.e., user of type (i − 1). When
th
+ T j − T jcur + Ni Bi
Ni−1 Bi−1 − Ni−1 Bi−1

Ni + 1

≥ Bith (12)

is satisfied, then

Bi−1

where B j,i represents the i th user’s bandwidth in B S j . When
opt
there is no user i in the network j , B j,i = Bi .
When a new user tries to access to the heavily loaded BS,
the previously accessed users’ QoS must be decreased. As UP
is considered, a high-priority user is first guaranteed a higher
QoS in the same condition. That means, if the new user can
access to two BSs, the resource allocation algorithm would
be exploited to calculate each user achieved bandwidth when
the user accesses in each BS and choose the BS which can
provide the high-priority user a higher QoS.
B S j would be chosen for the user to access, where
j = max{B1,1, B2,1 , . . . , B j,1 }.

Bi =

Bi

=
=

Ni−1 Bi−1 − (Ni + 1)Bith − Ni Bi −

T j − T jcur

Ni−1
(13)
(14)

Bith.

After this user accessed, the bandwidth of user type i is
 . That
Bi , and the bandwidth of user type (i − 1) is Bi−1
means even we decrease type i user’s bandwidth to Bith,
the BS still cannot provide the least bandwidth Bith to the new
coming user. Therefore, we decrease all of the type i user’s
bandwidth to Bith and decrease a higher priority user type
(i −1)’s bandwidth to make the BS access the new coming user
with bandwidth Bith. If this still cannot be satisfied, the algorithm continues to decrease user type (i − 2)’s bandwidth
similarly.
When the new coming user has a higher priority
(i = 1, 2), the algorithm will first decrease the lowest priority
user’s bandwidth and provide the new coming user the same
bandwidth as previously accessed user i . For example, if the
new coming user type i = 2, the algorithm will first decrease
all the user type i = 3’s bandwidth. If
N3 B3 − N3 B3th + T j − T jcur ≥ B2

(15)

then
B2 = B2
(16)
B
−
B
N
3 3
2
B3 =
.
(17)
N3
This means that only by decreasing user type i = 3’s bandwidth, the new coming user could obtain the same bandwidth
as the previously accessed user type i = 2. However, if
B2th ≤

N2 B2 + N3 B3 − N3 B3th + T j − T jcur
N2

< B2

(18)
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then
B2 =

N2 B2 + N3 B3 −

B3 = B3th .

N3 B3th

+ Tj −

N2

T jcur

(19)
(20)

That means after decreasing the user type i = 3’s bandwidth
to B3th , the BS can access the new coming user with all the
user type i = 2’ QoS decreased.
If
N2 B2 + N3 B3 − N3 B3th + T j − T jcur

< B2th
(21)
N2
then the algorithm will continue to decrease a higher user’s
bandwidth as before. Algorithm 1 details the proposed bandwidth allocation algorithm, the main purpose of the algorithm
is to access a new user and make all accessed higher priority
users obtain a higher QoS.
D. User Handoff
When the users depart from the BSs, the network can
recover some bandwidth from the users. However, these
resources may not be efficiently used in some specific scenarios. If the departed users are all from a specific BS,
the network load would become unbalanced. That means the
new coming user cannot be accessed to the network unless
it is in the specific BS’s coverage. To make full use of the
network resources, the algorithm will hand over a few users
to reconfigure the BS’s bandwidth allocation with minimum
network modification. When the network resource is adequate
to access a new coming user, some previously accessed users
can hand over from a heavily loaded BS to a lightly loaded
one. For example, when a user i can only access to B S j , B S j
cannot access any user, we move this user in the overlapped
coverage from B S j to its neighbor BS and allocate B S j ’s
recovered bandwidth to the new coming one.
As mentioned before, when a new coming user (the user
type is i ) has to access to B S j , the user handoff algorithm will
search all the users in the BS. If a user is also in another B S j ’s
coverage, the algorithm will try to hand over it to this BS and
calculate the allocated bandwidth BiHO with the bandwidth
allocation algorithm. As B S j is heavily loaded, the user’s
bandwidths are almost close to Bith .
When a high-priority user type i in B S j can access to
a lightly loaded BS, and all the users’ allocated bandwidth
opt
BiHO = Bi (i = 1, 2, 3). B S j would hand over the user to
B S j , and the new coming user can be accessed to B S j .
If the B S j ’s accessed users’ bandwidth is decreased after
the new coming user accessed, the algorithm will choose to
access to the BS which could provide all the users the optimal
bandwidth. That means the user handoff algorithm would hand
over the lowest priority user type from B S j to B S j .
When all the BSs are heavily loaded, the algorithm will
hand over the user type i from B S j to B S j and calculate the
allocated bandwidth BiHO with bandwidth allocation algorithm.
Then, we find the max BiHO and hand over it to that B S j
with bandwidth BiHO . Then, we can access the new user in
the specific BS with bandwidth Bi . In this way, we can make

5

Algorithm 1 Bandwidth Allocation in a Heavily Loaded
Network
Require:
t ype, N1 , N2 , N3 , B1 , B2 , B3 , T, T cur|
Ensure:
N1 , N2 , N3 , B1 , B2 , B3 , Tcur
1: Ntype ← Ntype + 1
2: T th ← 0
3: while i ≤ 3 do
4: T th = T th + Ni Bith
5: end while
6: if Tcur < T then
7: Tcur ← T
8: end if
9: while i ≤ 3 do
opt
10: if Tcur − T th ≤ Ni (Bi − Bith
) then
th
11:
Bi = (Tcur − T + Bith Ni ) Ni
12:
T th ← Tcur
13: else
opt
14:
Bi = Bi
opt
th
15:
T = T th + Ni (Bi − Bith)
16: end if
17: end while

use of the network resources more efficiently and access more
users in these specific scenarios.
E. Q-Learning Algorithm
If we use the aforementioned method to select the network
and allocate bandwidth, the computational complexity will
make an intolerable time delay in a complex network system.
Therefore, we use Q-Learning algorithm to realize our proposed mechanism as it will significantly decrease the delay in
practice. In the algorithm, some key factors must be identified
including the state s, action a, and reward r .
Let S be the set of possible states S = s1 , s2 , . . . , sn ,
and A be a set of possible actions A = a1 , a2 , . . . , am .
The immediate reward that agent gains from the environment
by taking the action a ∈ A under the current state s ∈ S
is denoted by R(s, a). The goal of learning algorithm is to
learn a policy based on state s and action a. A simple way
to specify which policy is the one agent wants to learn is
to appoint the policy that could bring the agent maximum
whole accumulated reward from the environment. The former
and current rewards could be stored after the action was
taken through the interaction with the environment. However,
the rewards of the subsequent states cannot be gained, which
makes the accumulated reward difficult to calculate. Thus as
a solution to this question, Q-Learning applies Q-function
instead of the accumulated reward to evaluate the policy.
The 
aim of a Q-learning algorithm is to find the optimal
policy opt that maximizes the expected cumulative reward
during the learning period (number of trials is n):

  n

max E
γ R(sk , ak )
(22)


k=0
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where γ is the discount factor (0 ≤ γ ≤ 1), R(sk , ak ) is
the received reward at state sk and action ak is the learning
trial k. If γ = 0, future rewards have no impact on the state
value; while if γ is close to 1, future actions are considered

as important as the immediate rewards. For a given policy ,
we define a Q value as:

Ps,v (a)Q(v, b)
(23)
Q(s, a) = R(s, a) + γ
v∈S

where
r (s, a)
Ps,v (a)
Q v,b

is the expected reward of the current pair
state-action when the environment is in the
state s and the agent executes the action a;
is the transition probability from the initial state
s to the new state v as a result of action a;
is the Q-function of the next state-action pairs.

Fig. 2.

Bandwidth allocation in the lightly loaded network.

Fig. 3.

Bandwidth allocation in the lightly loaded network.

Applying Bellman’s optimality for a single-agent environ∗
ment, we can guarantee at least one optimal policy
[70]. Let Q ∗ (s, a) be the maximum of the Q-function that
determines the optimal action b for every possible next pair
(v, b), derived as

Ps,v (a) max Q ∗ (v, b). (24)
Q ∗ (s, a) = R(s, a) + γ
v∈S

b∈A

Q-Learning determines this optimal Q ∗ (s, a) in an iterative
process. At each step, during the learning process, the Q value
function must be updated using the following equation:
Q t (s, a) = (1−α)Q t −1 (s, a)+α(Rt (s, a)+γ max Q t −1 (v, b))
b

(25)
where α is the learning rate.
IV. S IMULATION AND D ISCUSSION
The simulation results for the proposed mechanism are
evaluated in this section.
As aforementioned, we assuming the UP B1 > B2 > B3 ,
opt
opt
opt
opt
B1 = 32, B2 = 64, B3 = 128, Bith = 0.9Bi , then
opt
opt
Bi ∈ [0.9Bi , Bi ]. In each time, there will be only one
user in or out of the network randomly. We set each BS’s
total bandwidth T1 : T2 : T3 = 1 : 1 : 1.
When the network is lightly loaded, the new coming user
can almost access to any one of the BSs in the network with
opt
optimal bandwidth Bi . However, each BS’s occupied bandwidth may be different. Fig. 2 shows the simulation results
of BS’s occupied bandwidth percentage in the lightly loaded
network. The x coordinate represents the user number, and y
coordinate represents the occupied bandwidth percentage of
each BS. The proposed algorithm B Si (i = 1, 2, 3) represents
the simulation results of the proposed mechanism in B Si , and
the RSS-based algorithm B Si (i = 1, 2, 3) is the compared
one. In the RSS-based algorithm, the user will access to the
BS with the maximum RSS. When the new coming user
in an overlapped coverage and these BSs provide the same
bandwidth, the user will randomly access to a BS. It can be
found that the occupied bandwidth percentage of the proposed
mechanism is almost equal to the RSS-based solution when

the user number is specified. This is more obvious when BS’s
total bandwidth T1 : T2 : T3 = 1 : 1 : 3 as illustrated
in Fig. 3. In Fig. 3, the occupied bandwidth percentage with
the proposed algorithm is almost equivalent at each time even
if their total bandwidth is different. However, in the RSS-based
algorithm, if about 60 users are already exist in the network,
only the new coming user in the B S3 ’s coverage can access in
the network, since B S1 ’s and B S2 ’s resources are exhausted.
In the lightly loaded network, the control center can provide
each user the optimal bandwidth if BS’s resource is enough.
However, in some situation, a new coming user may be
blocked, even if the network has enough bandwidth. As illustrated in Fig. 3, it is not possible to access all the new coming
users in the network if the RSS-based algorithm used. When
the 69th user needs to access to the network, and it is in
B S1 and/or B S2 ’s coverage, it cannot be accessed. It also
happens in Fig. 2 when the 65th user needs to access the
network. From the user’s opinion, the BS is heavily loaded
and cannot access any users. However, the network’s resource
is enough to allocate to a new coming user as B S3 ’s bandwidth is adequate. Compared with RSS-based algorithm, our
proposed mechanism not only provides the optimal bandwidth
to users but also balances all the BSs’ bandwidth occupation.
Therefore, a new coming user can be always accessed to the
lightly loaded network in most cases.
In the heavily loaded network, each BS cannot provide a
suitable bandwidth to a new coming user. Therefore, in order
to add the new coming user to the BS, the network should
opt
decrease some accessed users’ bandwidth from Bi to Bith.
As users are categorized by a decreasing priority order,
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Fig. 4.

Fig. 5.

Bandwidth allocation in the heavily loaded network.

Accessed user number with user handoff considered in B S1 .

we should first guarantee the high-priority user’s QoS when
the user bandwidth needs to be decreased.
Fig. 4 shows the simulation result of three types user
connected to a single BS in a heavily loaded network. When
the 30th user has to access to B S1 , the BS can decrease the
lower priority user’s QoS. After the user added in the BS,
opt
opt
the user allocated bandwidth is B1 = B1 , B2 = B2 , and
opt
B3 = 0.97B3 . If we decrease all users’ QoS, the bandwidth
opt
Bi = 0.985Bi . In view of overall situation, the two solutions
can make the BS access more users. However, the proposed
solution would give the higher priority user a higher QoS in
the same condition.
For a dynamic network, the users in and out of the network
will make the bandwidth allocation worse. A heavily loaded
network would be lightly loaded if several users depart from
the BS. However, these extra resources may not be used, if the
new coming user is not located in the BS’s coverage. For
example, in a heavily loaded network, if all the users are
departed from B S1 , and the new coming users are not in B S1 ’s
coverage, the new coming users cannot be accessed to the
network.
Therefore, we proposed the user handoff algorithm, which
can hand over some users from a heavily loaded BS to a lightly
loaded one to make the new coming users have a chance to
access to the network.
Assuming the network is lightly loaded, there is a user in or
out of the network each time. The user type and located BS’s
coverage are all random. Fig. 5 is the simulation result in B S1 .
We can find the user has a low blocking probability when the

7

Fig. 6. Accessed user number with user handoff considered in the network.

proposed algorithm with handoff considered applied. When the
104th user needs to access to B S1 , the algorithm with handoff
considered can handoff a high-priority user to its neighbor and
recover adequate bandwidth to the new coming one. However,
the 103rd user may not in B S1 ’s coverage or B S1 cannot
allocate the optimal bandwidth to the user. Therefore, with
the conventional method, the new coming user could not be
accessed in the network.
Fig. 6 is the comparison of accessed user number between
the algorithms of with user handoff and without user handoff.
In the simulation, there is a new coming user access to the
network each time. We can find that the new coming user
75 cannot be accessed to the network without considering the
user handoff.
Specifically, the accessed user number without handoff considered may be bigger than the case with handoff considered.
Because user types are different, and some users such as type 3
need more bandwidth to be assigned. Therefore, the 82nd user
cannot be accessed to the network with handoff considered,
because the bandwidth resource is lacked. While the algorithm
without handoff considered can access the 82nd user, because
it didn’t access the 75th user.
In the actual network, the network delay is really important, and the algorithm’s computational complexity should
be decreased as low as possible. Therefore, we apply the
Q-Learning algorithm to our proposed mechanism.
For simplicity, the maximum number of users that each BS
can access is assumed to be 10. At each iteration, there will
be a user in or out of the network. Therefore, the state s is
s = [b1 , b2 , b3 ], bi ∈ [0, 10], where bi is the accessed user
number in B Si . The action a is
⎧
1, access to B S1
⎪
⎪
⎪
⎨2, access to B S
2
a=
(26)
⎪
3,
access
to
B
S
3
⎪
⎪
⎩
0, others
which means when a = i , where i = 1, 2, 3, the user will
access to B Si .
When a user can be accessed in the BS, and the BS
remaining resource is largest (that means it can access more
new coming users), the network gets a reward r = 10,
otherwise, r = 0. The element value of the initial Q matrix is

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
8

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

the network is lightly loaded, and the occupied bandwidth in
each BS should be almost equal at each time. These means
that Q-Learning algorithm is an acceptable choice in the actual
network.

Fig. 7.
Performance comparison of Q-Learning-based result and the
theoretical result in B S1 .

V. C ONCLUSION
In this paper, inspired by CPSS theory and parallel network
architecture, the social properties of users were taken into
consideration and a CPSS-based network resource optimization mechanism was proposed for wireless heterogeneous
networks. The proposed mechanism not only balances the BS’s
load and decreases the user blocking probability when the
network is lightly loaded but also provides the higher priority
user a higher QoS in the same condition when the network
becomes heavily loaded. In addition, the proposed UP-based
mechanism provides a user handoff algorithm to reallocate
the BS’s resource and makes the dynamic network access
more users compared with the RSS-based algorithm. For practical implementation, we applied the Q-Learning algorithm
in the mechanism to decrease the delay and computational
complexity. The simulation results affirmed the advantages
of the proposed UP-based mechanism and represented that
the Q-Learning simulation results are consistent with the
theoretical analytical results.
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