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Abstract—Cooperative multiple-input-single-output (CMISO)
scheme has been proposed in the literature to prolong the net-
work lifetime in the cluster-based Internet of Things (IoT) systems.
CMISO scheme increases the spatial diversity of wireless channels,
however, it reduces the transmit power and thus degrades the qual-
ity of service (QoS) performance. In this paper, we formulate the
problem of cooperative coalition selection for CMISO scheme to
minimize the overall packet error rate (PER). Then, we propose
to apply the qubit-based quantum-inspired particle swarm opti-
mization (QPSO) to select the optimum cluster head (CH) and
cooperative devices coalition. Simulation results proved that the
qubit-based QPSO has faster convergence speed and outperforms
Ψ-based QPSO, particle swarm optimization (PSO), and quantum
genetic algorithm (QGA) in terms of overall PER.

Index Terms—Cluster, cooperative communication, Internet
of Things (IoT) systems, quality of service (QoS) provisioning,
quantum-inspired particle swarm optimization (QPSO).

I. INTRODUCTION

INTERNET of Things (IoT) systems are viewed to have po-
tential to improve the operational efficiency of many indus-

trial applications. There is an increasing need of huge numbers
of reliable devices equipped with short-range radio interfaces,
such as Zigbee, low-power Wi-Fi, etc., to provide connectivity to
other devices in IoT systems in order to maintain the operational
efficiency.

The capillary networks were introduced to improve reliable
and energy efficient communications for the IoT systems. Cap-
illary networks are specific local networks consisting of a group
of wireless devices to be connected to other communication in-
frastructure, such as mobile networks [1]. These networks use
clustering mechanism to improve energy efficiency [2]. Clus-
tering mechanism organizes the devices into different clusters
and selects cluster heads (CHs), which consequently collect data
from all cluster members (CMs) and transmit the collected data
to the sink node via communication infrastructure networks.
However, the CHs consume more energy compared to other
devices in the networks as they take more responsibility and
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dissipate additional energy to transmit aggregated data to the
sink node. Cooperative multiple-input-single-output (CMISO)
transmission scheme was then proposed to solve the aforemen-
tioned problem [3]. CMISO introduces additional cooperative
nodes (Coops) to help CH in long-haul (LH) transmission, which
is the most energy consuming phase of the communication be-
tween the cluster and the sink node. The Coops and CH in the
same cluster form a virtual multiple-input-single-output sys-
tem to transmit the aggregated cluster data to the sink node
by the decode-and-forward technique. Nevertheless, although
the cooperative communication can potentially improve energy
efficiency, it degrades the end-to-end (ETE) quality of service
(QoS) due to the cooperation penalty caused by additional trans-
mission of cooperative nodes.

Xiao and Ouyang [4] proposed a game-theoretic power con-
trol algorithm to minimize the total power consumption in a
cooperative communication network. Chen et al. [5] proposed
new partial relay selection schemes for cooperative diversity
based on amplify-and-forward relaying in Nakagami-m fading
channels.The selection of Coops plays an important role in the
network performance was proved in [4] and [5]. Coso et al. [6]
proposed a cluster-based wireless network, which is optimally
designed for minimum ETE outage probability given a per link
energy constraint. In particular, the authors derived the opti-
mum fraction of time dedicated to the local broadcast channel
and to the LH transmission channel, as well as the optimum
power allocation over the two channels. However, the power
consumption model in [6] does not consider circuit blocks that
have great effect on the performance of CMISO communication
as proved by [7]. Yuan et al. [8] proposed a cross-layer design to
jointly improve the energy efficiency, reliability, and ETE QoS
provisioning in cluster-based wireless networks. In the proposed
design, a nonlinear constrained optimization model is developed
to seek the optimal bit error rate (BER) performance for each
link to meet the ETE QoS requirements with a minimum energy
consumption. However, the number of Coops is predetermined
while [9] proved that the optimum number of Coops varies with
different LH transmission distance and distribution of nodes.
Wu et al. [10] designed a cooperative communication scheme
to achieve the optimal solution of a random tradeoff between the
outage performance and the network lifetime in a cluster-based
wireless network. The outage performance is evaluated by a
system design parameter and the outage probability threshold.
However, [10] assumes that all the CHs are always located in
the center of the cluster. In addition, [6], [8], and [10] focus
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on the cooperative communication in LH transmission and do
not take the DC phase in the intracluster communication into
consideration. In addition, in cluster-based capillary networks,
packet error may occur in both intracluster and intercluster chan-
nels. For successful ETE transmission, every packet needs to be
successfully transmitted across all links.

The aforementioned challenges raise the concerns of the op-
timization of overall QoS provisioning in the cluster-based cap-
illary networks for IoT systems. In our previous work [11],
we proposed to use the qubit-based quantum-inspired particle
swarm optimization (QPSO) combined with improved Non-
dominated Sorting Genetic algorithm (NSGA-II) to achieve the
tradeoff between energy efficiency and QoS provisioning in
cluster-based capillary networks. Compared with [11], we im-
prove the channel model and energy model as [7] in this paper,
which is more realistic, complex, and well accepted in the re-
lated research area. Additionally, this paper focuses more on the
QoS provisioning in capillary networks. In particular, we for-
mulate the QoS provisioning to be the overall packet error rate
(PER) of all devices in the whole transmission process, while
we studied only the LH QoS provisioning in [11]. The main
contributions of this paper are summarized as follows.

1) First, we formulate the QoS provisioning optimization
into the optimum cooperative coalition selection problem
with the aim of overall PER minimization. In particu-
lar, the BER of intracluster communication with AWGN
channel and the BER of intercluster communication with
Rayleigh channel are formulated separately. Then the PER
of different transmission phases are proposed in terms
of BER, packet size and number of transmitters, which
allows us to derive the overall PER equation.

2) Second, by utilizing the benchmark function, we simulate
and compare two different QPSO algorithms: qubit-based
QPSO [12] and Ψ-based QPSO [13]. Although both
QPSO algorithms apply quantum coding mechanism, the
procedures to encode and update the particles in every
generation are different. Particularly, Ψ-based QPSO uses
quantum delta potential well model to encode particles,
whereas qubit-based QPSO uses quantum theory to
encode particles. Besides, Ψ-based QPSO adopts mean
optimum position and local attractor to update each gen-
eration, whereas qubit-based QPSO adopts local optimum
position and global optimum position to update each gen-
eration. To the best of our knowledge, no recent literature
compare the performance of these two QPSO algorithms,
although they were proposed independently and both
belong to the QPSO evolutionary algorithm. The simula-
tion results prove that both QPSO algorithm outperforms
other evolutionary algorithms such as particle swarm op-
timization (PSO) and quantum genetic algorithm (QGA),
but qubit-based QPSO have faster convergence speed and
better performance of getting rid of being trapped in local
optimum on its way toward the global optimum.

3) Third, by the cooperation benefit with CH, we propose
to select the optimum cooperative coalition by qubit-
based QPSO. QPSO combines the quantum comput-
ing theory and the evolutionary algorithm so it has the

Fig. 1. System model.

characteristics of strong searching capability, rapid con-
vergence, short-computing time, and small-population
size [14]. By taking advantage of the fast convergence
and low complexity of QPSO, we formulate the possible
cooperative coalitions by the quantum-coded particles. In
order to select the optimum Coops for the potential CH
candidate, all quantum-coded particles are flown through
the whole search space by updating the fitness values, i.e.,
the overall PER, until reaching the predefined maximum
generation.

This paper is organized as follows. Section II introduces the
system model, the energy consumption model, and the prob-
lem formulation. In Section III, we explain the qubit-based
QPSO in detail and propose the use of qubit-based QPSO
algorithm to obtain the optimum CH and Coops cooperative
coalition with the objective of minimizing the overall PER.
Simulation results are provided in Section IV, and conclusions
are drawn in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

The system model considers a cluster in a typical energy-
limited capillary networks for IoT systems with Ntotal de-
vices: one CH, CMs with the number of NCM and Coops
with the number of NCoop, as shown in Fig. 1, where Ntotal =
1 + NCM + NCoop. In this paper, we assume the additive white
Gaussian noise (AWGN) channel with squared power path loss
for intracluster communications within the cluster, as well as
the frequency-nonselective and slow Rayleigh fading channel
for the LH transmission between the cluster and the capillary
gateway. In addition, considering the fact that the communi-
cation environment is more complex in the LH transmission,
we assume the LH transmission with respect to the wavelength
gives rise to independent fading coefficients. In developing the
strategy, M -ary quadrature amplitude modulation (MQAM) is
adopted. The transmission process consists of the following
phases.

1) Data collection phase (DC): CH collects and aggregates
data from all CMs and Coops.

2) Local broadcasting phase (LB): CH broadcasts the aggre-
gated data to all Coops.

3) LH cooperative transmission phase: CH and Coops jointly
encode and transmit the aggregated data to the capil-
lary gateway based on orthogonal space-time block codes
(STBC). Then the data information is further forwarded to
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the IoT platform through the capillary gateway and base
station.

The CMISO transmission consists of the local broadcasting
phase, i.e., intracluster communication, and the LH cooperative
transmission phase, i.e., intercluster communication. Further-
more, the communication in the DC phase and the local broad-
casting phase are performed within the cluster, i.e., intracluster
communication.

A. Energy Consumption Model

In this paper, we use the power consumption model as defined
in [7]. The total power consumption along a single path can
be divided into two main components: power consumption of
all power amplifiers PP A and power consumption of all other
circuit blocks Pc . As in [7], the power consumption of power
amplifiers is linearly dependant on the transmit power Pt . Then
the power consumption per link can be expressed as

P = PP A + Pc = (1 + α)Pt + Pc (1)

where α = ξ/η − 1 with η being the drain efficiency of the
RF power amplifier, and ξ being the peak-to-average ratio,
which is dependent on the modulation scheme and the asso-
ciated constellation size [15]. As referred to [7], ξ = 3(M −
2
√

M + 1)/(M − 1) in MQAM coded communication.
As discussed in [7], denote the number of transmitter and

receiver to be Nt and Nr , respectively, we estimate the circuit
power consumption Pc as

Pc ≈ Nt(PDAC + Pmix + Pfilt) + 2Psyn

+ Nr (PLNA + Pmix + PIFA + Pfilr + PADC) (2)

where PDAC, Pmix, Pmix, Pfilt, Psyn, PLNA, PIFA, Pfilr, and PADC

are the power consumption values of the D/A converter, the
mixer, the active filters at the transmitter side, the frequency
synthesizer, the low noise amplifier, the intermediate frequency
amplifier, the active filters, and the A/D converter at the receiver
side, respectively. Pc consists of the transmitting circuit power
Pct and the receiving circuit power Pcr.

Then the energy consumption per bit for a general communi-
cation link can be formulated as

Ebt =
(1 + α)Pt + Pc

Rb
(3)

where Rb is the system data rate.
In the MQAM-based connection, the transmit power Pt in (3)

can be calculated according to the link budget relationship as
follows:

Pt =
(4π)2MlNr

GtGrλ2 · Ēb

N0
Rbd

κ (4)

where d is the distance between transmitter and receiver, κ is
the channel path loss exponent, Gt and Gr are the transmitter
and receiver antenna gains, respectively, Ml is the link margin
that indicates the difference between the receiver sensitivity and
the actual received power, Nr is the single-sided power spectral
density of the receiver noise, λ is the carrier wavelength, and
Ēb/N0 is the normalized average energy per bit required for a
given BER specification to the noise spectral density.

B. Energy Consumption for Intracluster Transmission

In the DC phase, the CH acts as the receiver dissipating
the receiving path power consumption, while both CMs and
Coops transmit data to the CH, dissipating the transmitting path
power consumption. As the assumption of squared power path
loss, the energy consumption per bit for this phase EDC

b can be
expressed as

EDC
b =

Ntotal−1∑

i=1

(1 + α)
(4π)2MlNr

GtGrλ2 · Ēb

N0
d2

i,CH

+
(Ntotal − 1)Pct + Pcr

Rb
(5)

where di,CH is the distance between device i and CH.
In the LB phase, CH acts as the transmitter to broadcast the ag-

gregated data to Coops, dissipating the transmitting path power
consumption, and all Coops receive data information from the
CH, dissipating the receiving path power consumption. Due to
the broadcast nature of the wireless channel, if the Coop with the
maximum distance denoted by dmax can receive the aggregated
data from the CH, the other Coops can simultaneously receive
these data. Then the energy consumption per bit for this phase
ELB

b can be expressed as

ELB
b = (1 + α)

(4π)2MlNr

GtGrλ2 · Ēb

N0
d2

max +
Pct + NCoopPcr

Rb
.

(6)

C. Energy Consumption for LH Transmission

In the LH transmission phase, CH and Coops jointly trans-
mit the aggregated data to the capillary gateway, dissipating the
transmitting path power consumption. Thus, the energy con-
sumption per bit for this phase ELH

b is

ELH
b =

NCoop+1∑

i=1

(1 + α)
(4π)2MlNr

GtGrλ2 · Ēb

N0
d

κi , g

i,g

+
(NCoop + 1)Pct + Pcr

Rb
(7)

where di,g is the LH distance between the Coops/CH i and
the capillary gateway, κi,g is the path loss exponent of the LH
transmission and is in the range between 2 and 3.

D. Energy Consumption and Packet Size for Data Aggregation

In [16], the energy dissipation of data aggregation depends
on the complexity of data aggregation algorithm, which is de-
noted by O(n) in this paper. Then the energy dissipation can be
formulated as

Eda = C0 + C1 l (8)

where C0 and C1 are coefficients depending on the software
and CPU parameters, and l is the number of bits required to be
aggregated at the CH. Then the energy consumption per bit for
data aggregation is determined as

Ebf =
C0 + C1 l

l
=

C0

l
+ C1 . (9)
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Note that C0/l can be omitted with a large l. Hence, the en-
ergy consumption per bit of algorithm complexity with O(n)
is approximately constant. In terms of the experiment results
described in [17], Ebf is set to be 5 nJ/bit/signal for simulation
experiments. Assume all devices transmit packet of the same
size, denoted by L, the overall energy consumption for data
aggregation is

Eagg = NtotalLEbf. (10)

In [18], the amount of data after aggregation is

Lagg =
Ntotal

Ntotalγ − γ + 1
L (11)

where γ is the aggregation factor.

E. Packet Size of the LH Transmission Phase

In the LH transmission, NCoop cooperative nodes together
with the CH encode and transmit the transmission sequence
based on the aggregated data packet to the capillary gateway
using orthogonal STBC. In [19], training overhead is introduced
by the CMISO scheme for channel estimation and the number
of required training symbols is proportional to the number of
transmit antennas. Therefore, the packet size of Coops and CH
in the LH transmission is

Lc =
Fblock

Fblock − ρtrain(NCoop + 1)
Lagg (12)

where Fblock is the block size of STBC code, ρtrain(NCoop + 1)
is the number of training symbols in each block.

F. Problem Formulation

In [20], the average BER of the intracluster communication
with a square constellation (i.e., b = M/2 is even and b is called
the constellation size of MQAM) and in AWGN channel is
given by

P̄ intra
BER

.=
4(1 − 1/

√
M)

log2 M
Q

⎛

⎝
√

3 log2 M

M − 1
· Ēb

N0

⎞

⎠ (13)

where Q(x) =
∫ ∞

x
1

2π e−
u 2
2 du.

In [21], the average BER of the intercluster communication
with a square constellation MQAM in Rayleigh fading channel
is given by

P̄ inter
BER

.=
4

log2 M

(
1 − 1√

M

)(
1 − μ

2

)NCoop+1

×
NCoop∑

l=0

(
NCoop + l

l

)(
1 + μ

2

)l

(14)

where

μ =
√

α

1 + α
(15a)

α =
1

NCoop + 1
· 3 log2 M

2(M − 1)
· Ēb

N0
. (15b)

According to [22], the PER is derived as PPER = 1 − (1 −
PBER)L , where L is the packet size in bit. Therefore, the PER
of the DC phase, the LB phase and the LH transmission phase,
respectively, are given by

P̄ DC
PER = 1 − (1 − P̄ intra

BER)L(N total−1) (16a)

P̄ LB
PER = 1 − (1 − P̄ intra

BER)L aggNCoop (16b)

P̄ LH
PER = 1 − (1 − P̄ inter

BER)Lc (NCoop+1) . (16c)

Correspondingly, the overall PER in the transmission of all
three phases is given by

P̄ overall
PER = P̄ DC

P ER + (1 − P̄ DC
PER)P̄ LB

PER

+ (1 − P̄ DC
PER)(1 − P̄ LB

PER)P̄ LH
PER (17)

where the first term indicates that data error occurs in the trans-
mission of the DC phase, which contributes to the error trans-
mission of the following LB phase and LH transmission phase;
the second term means that the data transmission is successful
in the DC phase while error occurs in the LB phase; the third
term indicates that data transmission of both DC and local trans-
mission phase are successful, however, error occurs in the LH
transmission phase.

The research problem is to find the optimum cooperative
coalition C = {CH, Coop1 , . . . , CoopNCoop

} in order to mini-

mize the overall PER P̄ overall
PER . Assume the overall sum of energy

consumption in three phases of all devices is limited to Et , the
research problem in this paper is expressed as

minimize
C

P̄ overall
PER

s.t.

⎧
⎪⎨

⎪⎩

1 + NCM + NCoop = Ntotal

0 ≤ NCoop ≤ Ntotal − 1
LEDC

b + EAG + LaggE
LB
b + LcE

LH
b ≤ Et.

(18)

III. DESCRIPTION AND ANALYSIS OF QPSO ALGORITHM

PSO is an evolutionary computing technique based on the
bird flocking principle. In PSO, a swarm consists of several par-
ticles and each particle represents a candidate solution to the
optimization problem. In order to find the particle position that
can result in the optimum fitness value, each particle flies in the
search space and updates its best individual optimum position
and global optimum position of the swarm by moving towards a
better solution space. QPSO introduces quantum coding mecha-
nism to encode each particle. QPSO tested on some benchmark
functions and experimental results showed that QPSO outper-
forms PSO [23].

A. Qubit-Based Quantum Particle Swarm Optimization

Qubit-based QPSO encodes each particle by a quantum bit
(qubit). In [12], a qubit is defined as a pair of composite numbers
(ω, β), where |ω|2 + |β|2 = 1 and ω > 0, β > 0. |ω|2 gives
the probability that the quantum bit is found in ′0′ state and
|β|2 gives the probability that the quantum bit is found in ′1′

state. Then the quantum velocity of particle m at generation t is
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defined as

vt
m =

[
ωt

m1 ωt
m2 · · · ωt

mR
βt

m1 βt
m2 · · · βt

mR

]
(19)

where m ∈ [1, 2, . . . , h], h is the number of particles and
R = Ntotal − 1 that represents the number of cooperative coali-
tion candidates in this paper. Since βmn =

√
1 − ω2

mn , we can
simplify (19) as

vt
m = [ωt

m1 ωt
m2 · · · ωt

mR ]. (20)

The quantum particle position according to (20) can be ex-
pressed as

xt
mn =

{
1, if δmn > (vt

mn)2

0, if δmn ≤ (vt
mn)2 (21)

where δmn ∈ [0, 1] is a uniform random number between 0 and
1. In this paper, the quantum position indicates whether the
device n in particle m is a member of the cooperative coalition:
xt

mn = 1 represents that the candidate n in particle m is a Coop
at generation t; otherwise, the candidate n in particle m is a CM
at generation t. Therefore, each particle in this paper represents
a possible solution of a particular cooperative coalition, and the
fitness value of each particle is obtained by (18).

Denote the fitness value of particle m at generation t to be
ft

m , then the local individual optimum fitness value f pbest
m that

is defined as the minimum fitness value of particle m from the
first generation to the current generation t and the corresponding
local individual optimum position pm is defined as follows:

f pbest
m = min{f 1

m , f 2
m , . . . , f t

m} (22)

pm = xpbest
m . (23)

Similarly, the global optimum fitness value fgbest that is de-
fined as the minimum local individual optimum fitness value of
all particles and the corresponding global optimum position pg

is defined as

fgbest = min{f pbest
1 , . . . , f pbest

m , . . . , f pbest
h } (24)

pg = pgbest. (25)

At generation t + 1, the quantum rotation angle θt+1
mn is up-

dated by

θt+1
mn = k1(pmn − xt

mn) + k2(pgn − xt
mn) (26)

where k1 and k2 are two positive learning factors of cogni-
tive and social acceleration factors, respectively. The cognitive
acceleration factor represents the attraction that a particle has
toward its own success and the social acceleration factor repre-
sents the attraction that a particle has toward the success of its
neighbors. As referred to [24], we set k1 = 1

5 ζ1 and k2 = 4
5 ζ2 ,

where ζ1 and ζ2 are Gaussian distributed random numbers with
zero mean and unit variance.

The updated velocity of the quantum particle m at t + 1
generation is

vt+1
mn =

⎧
⎪⎨

⎪⎩

√
1 − (vt

mn)2 , if θt+1
mn = 0 and δ = c1∣∣∣∣v

t
mn cos θt+1

mn −
√

1 − (vt
mn)2 sin θt+1

mn

∣∣∣∣ , otherwise

(27)
where δ is a uniform random number between 0 and 1, and c1 is a
constant which refers to the mutation probability, c1 ∈ [0, 1/R].

B. Qubit-Based QPSO Cooperative Coalition Selection

The cooperative coalition selection process based on
qubit-based QPSO is executed by the capillary gateway. In
the network initialization, each device reports its individual
information (e.g., residual energy and location) to the capillary
gateway. Qubit-based QPSO cooperative coalition selection is
summarized in Algorithm 1. Then each device will be informed
about their individual role (CH, CM, or Coop) based on the
result of Algorithm 1.

Denote the predefined maximum generation to be Tmax. The
research objective of this paper is to minimize the overall PER,
that is, the fitness value to guide the particle search is set to
be (18). In Algorithm 1, we initialize all quantum particles at
first, which is expressed from line 3 to 18. From line 19 to 40,
we update the quantum position, velocity, rotation angle, fit-
ness value, local optimum, and global optimum of all particles
continuously until reaching the maximum number of genera-
tion. Finally, we obtain the global optimum fitness value as the
minimized overall PER, as well as the corresponding global op-
timum position and CH as cooperative coalition from line 41 to
line 44.

IV. SIMULATION RESULTS

A. Performance of QPSO Algorithm

We evaluate the convergence rate and value of qubit-based
QPSO algorithm by the Griewank function, which has been
employed as a benchmark function for global optimization al-
gorithms.

The Griewank function is defined as follows:

F1(x) =
1

4000

(
n∑

i=1

(xi − 100)2

)

−
(

n∏

i=1

cos
(

xi − 100√
i

))
+ 1 (28)

where −600 ≤ xi ≤ 600. The global minimum value is 0 and
the global minimum is located in the origin, but the function also
has a huge number of local minima with regular distribution.
Therefore, the difficulty of finding the optimal solution to the
Griewank benchmark function is that an optimization algorithm
can easily be trapped in a local optimum on its way toward the
global optimum.

In the following simulation, we use binary strings to encode
the input x of the Griewank function. For simplification, we set
two input variables x1 and x2 with the length of 15 bits each. In
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Algorithm 1: Qubit-based QPSO for Cooperative Coalition
Selection in Order to Minimize the Overall PER.

1: for each i ∈ [1,Ntotal ] do
2: Set CH = i.
3: for each m ∈ [1, 2, . . . , h] do
4: for each n ∈ [1, 2, . . . ,Ntotal ] do
5: if n = CH then
6: Set x1

mn = 0
7: Set v1

mn = 0
8: else
9: Set x1

mn by 0 or 1 randomly
10: Set v1

mn = 1/
√

2
11: end if
12: end for
13: Update f 1

m by (18)
14: Set fpbest

m = f 1
m

15: Set pm = x1
m

16: end for
17: Update fgbest by (24)
18: Update pg by (25)
19: for each t ∈ [1, 2, . . . , Tmax − 1] do
20: for each m ∈ [1, 2, . . . , h] do
21: for each n ∈ [1, 2, . . . ,Ntotal ] do
22: Update θt+1

mn by (26)
23: Update vt+1

mn by (27)
24: Update xt+1

mn by (21)
25: end for
26: Update ft+1

m by (18)
27: if ft+1

m < fpbest
m then

28: Set fpbest
m = ft+1

m

29: Set pm = xt+1
m

30: end if
31: end for
32: Update ft+1

gbest by (24)

33: if ft+1
gbest < fgbest then

34: Set fgbest = ft+1
gbest

35: Update pg by (25)
36: end if
37: end for
38: Set fg (i) = fgbest
39: Set pg (i) = pg

40: end for
41: Set ffinal = min{fg (1), · · · fg (i), · · · fg (N )}
42: Set the index to obtain ffinal to be CHfinal
43: Set the optimum set of Coops to be pg (CHfinal)
44: return ffinal, CHfinal and pg (CHfinal)

addition, we compare the qubit-based QPSO with three evolu-
tionary algorithms: Ψ-based QPSO, PSO [25], and QGA [26].
We mainly employ the generation updating process of all ref-
erence algorithms, and how to formulate them to solve the re-
search problem is similar to qubit-based QPSO. For the four
algorithms, we set the population size h to be 20, the dimen-
sion of particle R is 30 for two 15 bits input variables. In terms
of PSO, the two acceleration coefficients are 2 and velocity

Fig. 2. Number of generations versus fitness value of Griewank function.

TABLE I
SYSTEM PARAMETERS

Ml = 40 dB Nf = 10 dB Nr = −161 dBm/Hz
Rb = 10 kbps GT GR = 5 dBi λ = 0.12 m
E agg = 5 nJ/bit η = 0.47 L = 1000 bit
Ntotal = 25 γ = 0.5 PLNA = 20 mW
PDAC = 15.5 mW Pmix = 30.3 mW Pfilt = 2.5 mW
Pfilr = 2.5 mW P IFA = 3 mW PADC = 9.8 mW
Fblock = 200 ρ train = 2 M = 16

limitation is 4. As for QGA, the rotation angle of quantum gates
decreases linearly from 0.1π at the first generation to 0.005π at
the last generation.

Fig. 2 shows the convergence value of the four algorithms.
It can be seen that the qubit-based QPSO outperforms Ψ-based
QPSO, PSO, and QGA algorithms by more accurate conver-
gence value, which is more closer to the global minima 0. Con-
sidering the fact that the Griewank function has huge number of
local optimum, the result suggests that the qubit-based QPSO
has better capacity in getting out of local optimum.

B. Numerical Results of Overall PER Minimization

Assume 25 devices are randomly distributed and located
within a square with 100 m side length. The capillary gateway is
located at the corner of one side if not otherwise specified in the
following simulation. The system parameters are given in Ta-
ble I. In this scenario, we also simulate PSO [25] and QGA [26]
as reference.

First, one of the main difficulties of applying an evolutionary
algorithm to a given problem is to decide an appropriate set of
parameter values, such as optimum number of particles and op-
timum number of generations [27]. Denote the optimum number
of generations to be Topt, which shows the number of genera-
tions required to first produce the final optimum global fitness
value. In addition, as referred to [28], the function evaluations
denoted by FE is defined as FE = Topt × h, which indicates
the algorithm complexity with respect to different number of
particles. Table II shows the optimum number of generations
and function evaluations for different number of particles to
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TABLE II
ALGORITHM COMPLEXITY ANALYSIS OF QUBIT-BASED QPSO

Number of particle (h) 5 10 15 20 25 30 35 40 45 50
Optimum number of generations (Topt) 283 117.2 96.85 99.9 83.25 75.1 68.7 71.4 64.15 61.65
Function Evaluations (FE) 1415 1172 1452.75 1998 2081.25 2253 2404.5 2856 2886.75 3082.5

Fig. 3. Convergence time for qubit-based QPSO to converge for different
number of particles as measured in optimum number of generations and function
evaluations.

converge to the same optimum global fitness value. The simu-
lation iteration is set to be 50 times. In order to emphasize the
convergence trend in Table II, Fig. 3 shows the convergence
time with respect to both optimum number of generations and
function evaluations. It can be seen that a small number of par-
ticles may need to run the particle updating process many times
and produce lots of particle generations before first producing
the global optimum fitness value. On the other hand, Although
a large number of particles are able to first reach the global
optimum fitness value more quickly, it also means more com-
putation and processing memory contributing to the increase of
time complexity. In Fig. 3, the optimum number of generations
decreases dramatically from 5 to 20 particles. This is because
more particles mean better opportunity to find the optimum fit-
ness value. However, as the number of particles increases from
25 to 50, the optimum number of generations varies within a
small range, therefore, the performance of qubit-based QPSO
is not sensitive to higher number of particles. Focusing on the
function evaluations, it can be seen that the minimum FE is
achieved at the point where the number of particle is 10 and
the optimum number of generation is 117.2. Therefore, in order
to minimize the algorithm complexity, we set the number of
particles to be 10 and number of generations to be 120 (around
117.2) in the following simulation.

Fig. 4 illustrates the position of all devices and the final co-
operative coalition structure by the proposed qubit-based QPSO
algorithm. The capillary gateway is located at (100 m,100 m).
We set the energy constraint Et to be 0.4 J. The final cooperative
coalition consists of device 22, device 1, device 20, and device
24, where device 22 is the CH and the rest are Coops. In gen-
eral, devices close to the gateway is more likely to be selected
as cooperative coalition.

Next, we make a comparison of overall PER in (17) be-
tween the four evolutionary algorithms in Fig. 5. Obviously, the

Fig. 4. Device positions and final coalition structure.

Fig. 5. Energy constraint Et versus overall PER.

qubit-based QPSO outperforms other three algorithm under the
same energy constraint. Moreover, we can see that the over-
all PER is lower than 10−5 for qubit-based QPSO after 1.2 J,
therefore if we have to ensure successful transmission from all
devices to the capillary gateway, the whole network ought to
supply at least 1.2 J and select optimum cooperative coalition
by qubit-based QPSO.

In addition, we compare the number of selected Coops of all
evolutionary algorithms in terms of energy constraint in Fig. 6.
The scenario setting is the same with Fig. 5. It can be seen that
the number of Coops selected by the qubit-based QPSO is not
always the highest. Considering the result that the overall PER
of qubit-based QPSO outperforms the other three algorithms
in terms of energy constraint, as indicated in Fig. 5, we can
conclude that higher number of Coops is not necessary and
qubit-based QPSO can select different number of optimum
Coops dynamically according to different scenario setting.
In addition, as for qubit-based QPSO algorithm, the selected
number of coops increases slowly with respect to the energy
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Fig. 6. Energy constraint Et versus number of Coops.

Fig. 7. Location of capillary gateway versus overall PER.

constraint. Particularly, the number of Coops remains to be 7 at
1.2, 1.3, and 1.4 J, because the additional suitable Coops cannot
be found.

Fig. 7 takes the location of capillary gateway into consid-
eration. We set Eb to be 0.8 J. The x-axis in Fig. 7 is the
relative location from the capillary gateway to the edge cor-
ner of the predefined scenario, e.g., x = 20 indicates that the
gateway is located at (120 m,120 m) if the edge of scenario is
(100 m,100 m). It is observed that the two QPSO algorithms
outperform PSO and QGA significantly. Moreover, the location
of capillary gateway is closely related to the LH distance, which
indicates that the PER of LH transmission dominates the over-
all PER in the farther LH distance. Thus, more energy supply
is expected to guarantee successful transmission in the scenario
of farther capillary gateway.

Fig. 8 investigates the number of Coops with respect to dif-
ferent location of capillary gateway. The scenario setting is the
same with Fig. 7. In general, more Coops can be selected in
order to decrease the overall PER under the same energy con-
straint. As for QPSO algorithm, the number of optimum Coops
decreases with the increase of the relative distance from the
scenario to the capillary gateway, which is caused by the higher
energy consumption of the LH transmission phase.

Finally, Fig. 9 depicts the overall PER in terms of LH path
loss exponent. We set Eb to be 1.2 J. We see that the overall PER
performs worse with the increase of LH path loss exponent κ,
because the PER in LH transmission becomes dominant. Addi-
tionally, qubit-based QPSO outperforms other three algorithms.

Fig. 8. Location of capillary gateway versus number of Coops.

Fig. 9. Long-haul channel condition versus overall PER.

V. CONCLUSION

In this paper, we investigate the CH and Coops coopera-
tive coalition selection using qubit-based QPSO algorithm with
the aim of minimizing the overall PER in cluster-based cap-
illary networks. We show that CH and Coops can effectively
form a cooperative MISO system in the LH transmission. Ad-
ditionally, qubit-based QPSO algorithm is applied in order to
select best coalition of Coops for the potential CH. Compared
with other evolutionary algorithm, we proved that qubit-based
QPSO has advantages of better evolutionary equations, sim-
pler updating equations, and faster convergence speed. Finally,
simulation results show that the proposed qubit-based QPSO
scheme outperforms Ψ-based QPSO, PSO, and QGA in terms of
overall PER.
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