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ABSTRACT The complexity and variability of wireless channels makes reliable mobile multiuser com-
munications challenging. As a consequence, research on mobile multiuser communication networks has
increased significantly in recent years. The outage probability (OP) is commonly employed to evaluate
the performance of these networks. In this paper, exact closed-form OP expressions are derived and an
OP prediction algorithm is presented. Monte-Carlo simulation is used to evaluate the OP performance and
verify the analysis. Then, a grey wolf optimization back-propagation (GWO-BP) neural network based OP
performance prediction algorithm is proposed. Theoretical results are used to generate training data. We also
examine the extreme learning machine (ELM), locally weighted linear regression (LWLR), support vector
machine (SVM), BP neural network, and wavelet neural network methods. Compared to the wavelet neural
network, LWLR, SVM, BP, and ELM methods, the results obtained show that the GWO-BP method provides
the best OP performance prediction.

INDEX TERMS Mobile multiuser communication, outage probability, performance prediction, GWO-BP
neural network.

I. INTRODUCTION amplify-and-forward (AF) relaying was investigated in [12].

The explosive growth in the number of mobile users
has motivated research on fifth generation (5G) mobile
communication systems [1]-[5]. Non-orthogonal multiple
access (NOMA) has been proposed for 5G systems [6], and
in [7] an effective deep learning scheme for NOMA systems
was presented.

Cooperative communications is widely used in 5G
mobile multiuser communication systems [8]-[11]. The
outage performance of a multiuser relay system with
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A new precoder design was proposed in [13] for a multiuser
AF relaying system. In [14], secure multiuser communica-
tions in a relaying system was examined. The secrecy per-
formance of mobile cooperative networks over 2-Rayleigh
fading channels was analysed in [15], [16]. Mobile cooper-
ative communications over N-Rayleigh fading channels was
examined in [17].

Only Rayleigh and Nakagami-m fading channels were
considered in [8]-[17]. However, these channel models may
not be suitable to characterize the complexities of practi-
cal mobile communication systems. The N-Nakagami model
was considered in [18]-[20] for mobile communications.
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The outage probability (OP) can be used to characterize
the performance of mobile multiuser communication sys-
tems over N-Nakagami fading channels. If the OP is poor,
communications will be unreliable. Thus, it is important to
predict the OP performance of these systems in complex
and variable environments such as N-Nakagami fading chan-
nels. Because of the good nonlinear prediction capabilities,
back-propagation (BP) neural networks have been widely
used [21]. A novel bee colony algorithm was used to optimize
a BP neural network in [22]. A BP-based detection algorithm
was proposed for unmanned aerial vehicle systems in [23].

To date, OP performance prediction of mobile multiuser
communication systems has not been considered. Therefore,
this prediction is investigated here. The main contributions of
this paper are as follows.

1. The OP performance of mobile multiuser communica-
tion networks is investigated considering transmit antenna
selection (TAS). Exact closed-form expressions for the OP
are derived which differ from those in [8]—[17].

2. OP performance prediction is analysed using the
OP expressions obtained. A grey wolf optimization
back-propagation (GWO-BP) neural network based OP per-
formance prediction algorithm is presented. Theoretical OP
results are used to generate training data. Simulation is used
to evaluate the extreme learning machine (ELM), locally
weighted linear regression (LWLR), support vector machine
(SVM), wavelet neural network, GWO-BP neural network,
and BP neural network methods. These results show that
compared to the LWLR, SVM, BP, wavelet neural network,
and ELM methods, the GWO-BP method provides the best
OP performance prediction results.

3. The analysis is validated via Monte-Carlo simulation.
The impact of fading and the system parameters on the OP
performance are examined.

The remainder of this paper is organized as follows. The
system model is given in Section II. The OP performance
for two TAS schemes is derived in Sections III and IV,
respectively. OP performance prediction using the GWO-BP
method is presented in V. Section VI provides the simula-
tion results, and finally Section VII gives some concluding
remarks.

Il. SYSTEM MODEL
Fig. 1 shows the system model. There is a mobile source
(MS), L mobile users (MU), and a mobile relay (MR). The
MS uses N, antennas. Gsr=1, which is the relative gain of
the MS— MR. The total power is E. h=hy, and ke{SUil, SRi,
RU/}. h follows an N-Nakagami distribution [18].

In the first time slot, MS; transmits the x which has zero
mean and variance 1. MU; and MR receive the signals as

rsuil = +/ GsuiKEhsuiix + nsuil (1
rsr; = v KEhsr;x + nsg; (2)

where Gsyj is the relative gain of MS;— MUy, and ngg; and
nsui have means of 0 and variances of Ny/2. K is the power
allocation parameter.
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FIGURE 1. System model.

In the second time slot, the MR uses the decode and
forward (DF) scheme so that MU; receives the signal as

rrRui = gv Grui(1 — K)Ehguix + nru; 3)

Isr; is the mutual information between MS; and the MR,
which can be expressed as

1
Isgri = 3 log, (1 + ysri) 4
where
K |hspil* E _
ysri = ————— =K |hsi* ¥ )
No

Let R is the spectral efficiency. If Isr; < R, the MR will not
participate in the cooperation, namely,

Pr(Isr; < R)=Pr(% logy(1+ysri) < R) = Pr(ysri < vin)
(6)
where
yin =2 1 (7

The signal-to-noise ratio (SNR) at MU; can be expressed as

Ysuil YSRi = Vih
Vil = )
max(ysuil, YRUil)s  YSRi > Vi
where
KGsui |hsuitl* E _
Ysuil = ————""— = KGsui |hsui|* 7 9
No
(1 — K)Gruit |hruit|* E _
YRUil = : l = (1 — K)Gruit lhruit|* 7
No
(10)
The best user given by
ysc; = lrgla}L(Viz) (11)
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is selected. For TAS scheme I, this is

v = arg max (ysci)
1<i<N;

_max  (ysuil), if [C]=0
1<i<N1<I<L
= arg ( D i |C %0 12)
je Cﬁ}«gﬂ Ysul, YRUjL)»
where the decoding set C is given as
C ={1<j<MNlysrj> vy} (13)
ysur = max (ysuir) (14)
1<i<N:
and ICl is the cardinality of C.
For TAS scheme 11, we select
k=arg max (ysui) (15)

1<i<Ny,1<I<L

Ill. THE OP OF TAS SCHEME I
We obtain the OP as

F optimal(Rth)
= Pr(ysc < Rw)
= Pr(|C| =0)Pr(  max  (ysui) < Rn)
1<i<Ny,1<I<L
+Pr(|C| # 0)Pr( max (ysuir, YRut) < Rn)
ieC,1<I<L
= Pr(|C| = O)Pr(1 max

<izN, l<l<

Nt
+Z<]Xt> Pr(|C| = n)
n=1

x Pr( max
I<j<n,1<I<L

L(VSUil) < Rup)

(ysut, yruji) <Rin)

Ny
=Pr(Cl=0)V; + ) (]X[)Pr(lﬂ =V,  (16)
n=1

where Ry, is a given threshold, m is the fading coefficient,
and

Pr(|C| =0)
Ny
1 Yth N mj
_ N,1 U 7 (1
= |7 Cinn J/S:Rl_lg‘ml ...... my.0 (a7
[1 Tmy) =t
j=1
Pr(|C| =n)
Nt—n
1 Yth N
N, 1 t i1
= N GI,N+1 ﬁng my,.....,my,0
[I T(my) =1
j=1
n
1 Yth N m
N,1 i i 1
x 1 - N G],N+1 ]/S:Rl_[§ Myyenney mpy,0
[1T(m) =177
j=1
(13)
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V1 is given as

Vi=Pr(  max  (ysui) <Rwm)
1<i<N, 1<I<L
NiyxL
N
1 N1 | Rm ma |
= v—6u. +1|:)’S:Ul—[9_d My 0
[T Tma) =l
d=1
(19)
¥su = KGsuy (20)

V5 is given as

Vo=Pr( max
l<j=n,1=l=<

L(Vsuz, YRUj1) < Ren)

=Pr(  max  (ysui) <Rm)Pr( max (yruj) <Rn)
<L 1<j<n,1<I<L

1<i<Ny,1<I<
Nex L
N
1 N1 | R 1 ma |
= N Gl,N-‘r] |:)/S:Ul_[ Q_d My, mpy,0
l_[ F(md) d=1
d=1
nxL
N
N 1,N+1 m Q. M5 my ,0
[T T(myp) i=1
Jji=1
(21)
U = (1 — K)Gruy (22)
IV. THE OP OF TAS SCHEME Il
The SNR at the MU is
ysc = max(¥suk, YSRUk) (23)

and the cumulative density function (CDF) of ysuy is

Flyou (r)
=Pr(  max  (ysuir) <)

1<i<N, 1<I<L

N¢xL
1 r al my
N, 1 1

il Y Gt [%n Q_d My yeeiily 0:| 24)

[T T(ma) d=1

The CDF of ysrux is given as

Fepue (1)
= Pr(ysrux < 1)
= Pr(ysrk < yn) + (1 = Pr(ysri < ven))Fypu (1)
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1 N,1 v Xomi |
Yth =
N Gl N+1 ﬁn i M1y my ,0 +
1) Jj=1
j=1
N
. o 1 N,1 Yth nj |1
= |' = 7—Givt1 | 521 & |y 0
[T T(my) Jj=1
j=1
N
1 N, 1 r mjj |1
Xy Gl N+1 :Ul_[ 7 miy,...., my ,0
1_[ F(m]]) Ji=1
Ji=1
(25)
The OP is then
Fsuboptimal
N¢xL
N
— 1 G 1 Rth 1_[ mq ‘1
- LN+l | 50— o |mi,..., 0
nmgy -
d=1
N
1 N.1 v 7T ™1
N Gl N+1 )’STH P my ,0 +
[T Teny) J=1
j=1
N
1 N, 1 Yth ;|1
<[ {1 =5——Civer | el o |miomy 0
1 TGmj) =1
j=1
N
1 N, 1 R 7 omi |1
X Gl N+1 | yru l_[ Qjj [miy.ens my ,0
l_[ F(m]]) =1
J=1
(26)

V. OP PERFORMANCE PREDICTION BASED ON
THE GWO-BP NEURAL NETWORK
A. GWO ALGORITHM
In the GWO algorithm there are alpha («), beta (8), delta (6)
and omega (w) wolves [24].
The GWO algorithm is as follows.

1) PREY ENCIRCLING
The encircling behaviour of the GWO is calculated as
follows:

D= ‘E-}?p(t) X0 27)
X(t+1)=X,(t)— A-D 28)

— —
where the coefficient vectors are A and C, the distance
—
between the prey and wolves is D, the prey’s position vector
— —
is Xp, and X represents the wolves’ position vector.
— —

A and C are given as

A =2ar -7 (29)
C=2n (30)
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where 71, 72 are vectors that are in the range of [0, 1] and
a decreases linearly from 2 to 0 according to the iteration
number .

2) HUNTING

The o, B and § wolves guide the whole hunting process. The
w wolves update their positions as follows:

- X X X
X(+1) = % 31)
where
— — - —
X; = X, —A-Dy (32)
— e — —>
X, = Xp —Ax-Dg (33)
X3 = X5 — A3-Ds (34)
o — Cl 'Xot(t) - X‘ (35)

— - — —
Dy = |Cy-Xp(t) — X‘ (36)
— - — —
Ds = |C3-Xs(t) — X‘ 37

3) ATTACKING PREY
When the wolves stop moving, they attack the prey.
Using (29), a can implement this process. a is given by

a=2-— (38)

where fer is the maximum of iterations and ¢ is the iteration
number.

4) SEARCH FOR PREY
The search for prey is based on the «, 8 and § wolf locations.
— —

A and C control the exploitation and exploration. In the end,
the GWO algorithm will stop and output the best position.

The GWO algorithm is demonstrated as follows:

1) Initialize a parent population of popsize grey
wolves pOSitiOIE; N

Initialize a, A, C;

2) Based on all wolves’ fitness values, the @, § and §
wolves are selected from popsize grey wolves.

3)r=0.

while t < ter do

For each wolf in the parent population

Update the current wolf’s position using (31);

End

Update A, C and a using (29), (30) and (38), respectively;

Evaluate the individual wolves’ positions;

Update the ¢, B and § positions in the current population;

t=t+1;

End

152693
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B. BP NEURAL NETWORK

1) INPUT AND OUTPUT SELECTION

The OP performance is significantly affected by m, N, V
and K. Thus, these 17 indicators are used as the input X, and
the OP performance is output y. X can be expressed as

X = (x1,x2, ..., X17) 39)
and is used in (16) and (26) to obtain y.

2) NETWORK STRUCTURE

Fig. 2 shows the BP network. For the input layer, there are
17 neurons. For the hidden layer, there are ¢ neurons. For
the output layer, there is 1 neuron. For the input and hidden
layers, wy; is the weight coefficient, and b; is the bias. For
the hidden and output layers, v; is the weight coefficient, and
0 is the bias. The calculation flow is as follows.

Input Layer

Hidden Layer

Output Layer

FIGURE 2. The BP neural network structure.

(1) For the hidden layer, the input is

17
sj=Zw,~jxi+b-,j= 1,2,...,q9 (40)
i=1
The output is given as
¢ =1 (5) (41

where f(X) is the activation function.
For the output layer, the input is given as

q
T = Z vicj + 6 (42)
j=1

The output is given as

y=f(@© (43)

(2) y* is the output for the A-th data, and @* is the desired
output. The overall output error E, of P training data is
given as

P
E =Y (& —y) (44)
A=1

(3) For different layers, the weights and biases are calcu-
lated as follows.

152694

The error of the output layer is given as
§=(d—-yd-y (45)

The error of the hidden layer is given as
o = 8vi(1 —y)) (46)

The weights and biases are then updated as follows

Vi = vj + ndy; a7
6 =6+ns (48)
Wij = Wij + cojxi (49)
b; = bj + co; (50)

where 7 is the weight adjustment parameters, 0 < < 1; and
¢ is learning coefficient, 0 < ¢ < 1.

C. OP PERFORMANCE PREDICTION BASED ON

GWO-BP NEURAL NETWORK

The flowchart of the OP performance prediction algorithm is
shown in Fig. 3. The concrete steps are as follows.

(1) The closed form expressions derived previously are
used to generate 3050 groups of data and these groups are nor-
malized, 3000 groups are used for training, and the remaining
50 groups are used to test the BP network.

(2) For the BP neural network, small random numbers are
used to initialize the bias and weights. The minimum error,
maximum number of iterations, and learning rate are also set.

(3) For GWO algorithm initialization, set the number of
wolves and the maximum number of iterations. The biases
and weights in (40), (42) are used as the initial solution of the
GWO algorithm. The GWO algorithm is used to search for
the optimal solution.

(4) For BP neural network training, the output of each layer
is used to calculate the training error and adjust the bias and
weights of the layers. This is repeated until the maximum
number of iterations is reached or the error is less than the
threshold.

(5) The BP neural network is tested using the test data to
determine if the required accuracy is met. If so, the network
is used to obtain the OP performance prediction results.

D. METRIC

The mean squared error (MSE) and absolute error (AE) are
used to evaluate the performance of the methods. A smaller
MSE or AE reflects a higher prediction accuracy. The MSE
and AE are given by

(@* =)’
MSE = =1 o5 (51)
AE = |[d* —y* (52)

where PP is the number of testing data.
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BP Neural Network

Start

!

Initialize the network structure

Grey Wolf Optimizer

L

Initialize the weight coefficient and bias

"

» Sample input and expected output

Ii!

Calculate the input and output of each layer

{

Calculate the learning error of each layer

&

Back propagate error, adjustment weight
coefficient and bias

&

Calculate the average error

Get the best MSE and AE

Initialize wolf popsize

J

Initialize wolf position

&

Sample input and preprocess

Y

Calculate the fitness function <
4

Update imformation of wolf @, wolf # and wolf
)

L

| Calculate a, 4 and C |

<

Update wolf position

‘Whether it meets the max
iteration

—  Get the global optimal weight coefficient and bias

FIGURE 3. The flowchart of the OP performance prediction algorithm.

TABLE 1. Simulation parameters.

Parameters  Values

N 1,23
L 2
K 0.5
N 2
m 1
o 0dB
Yth 5dB
Ry 5dB

VI. PERFORMANCE RESULTS
Define u=Wgrp/WRgE as the relative geometrical gain and let
E=1.

Table 1 gives the simulation parameters employed for OP
performance evaluation. Figs. 4 and 5 present the perfor-
mance of the TAS I and II schemes, respectively. These
figures show close agreement between the analytic and
Monte-Carlo simulation results, which validates our analysis.
Further, increasing N; reduces the OP, as expected.

Fig. 6 presents the effect of L on the OP performance with
the parameters given in Table 2. This shows that increasing L

VOLUME 7, 2019

O Simulation OP
Theoretical OP

Nt=1,2,3

2 4 6 8 16 1‘2 14 16
SNR(dB)

FIGURE 4. The OP performance of TAS 1.

20

reduces the OP. For example, for an OP of 1 x 103, increasing
L from 2 to 3 improves the performance by more than 2 dB.
Figs. 7 to 18 give the actual and predicted results with the
GWO-BP neural network, LWLR [25], SVM [26], ELM [27],
wavelet neural network [28] and BP methods. The parameters

152695
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10 T T T T T
O  Simulation OP
Theoretical OP
10.1 L Nt=1,2,3
o L i)
o 10
10°F
1074 L L L L L
2 4 6 8 10 12 14 16 18 20

SNR(dB)

FIGURE 5. The OP performance of TAS II.

TABLE 2. Simulation parameters.

Parameters  Values
N 2
L 1,2,3
K 0.5
N 2
m 2
m 0dB
Yth 5 dB
Ry 5dB

OP
3

2 4 6 8 10 12 14 16 18 20
SNR(dB)

FIGURE 6. The OP performance versus L.

for the six different methods are given in Table 3. From
Figures 7-18, we obtain that the MSE of the GWO-BP neural
network is 0.000575, and the maximum AE is 0.093742,
which are lower than those of the BP, SVM, ELM, wavelet
neural network and LWLR methods. Compared to the BP,
SVM, ELM, wavelet neural network and LWLR methods,
the experimental results verify that the GWO-BP method can
consistently achieve higher OP performance prediction result.
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FIGURE 7. Actual and predicted outputs of the GWO-BP neural network.

0.1 T T T T T T T T T

008 g
007 F f
0.06 | g

Yoos - 4
0.04 | g
003 F f

0.02 - 1

0.01 - 1

0 . .
0 5 10 15 20 25 30 35 40 45 50
Estimation Sample

FIGURE 8. AE of the GWO-BP neural network.

1.2 T T T T T T T T T

] —%— Actual Value
H —©--Predictive Value
1F Q 7

o

o
T
I

o
=Y
T
23]
L

®

Comparison Value
o
»
T
o
.

o

N}
T
S
L

0.2 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Estimation Sample

FIGURE 9. Actual and predictive outputs of the BP neural network.

Table 4 shows the MSE and AE comparison for six
different methods. In Table 4, we obtain that, compared
to the ELM, BP, SVR, LWLR, and wavelet neural net-
work methods, the GWO-BP has the smallest MSE and
AE. In conclusion, the GWO-BP is the best forecasting
model.

Fig. 19 shows the best validation performance. This shows
that the MSE generally improves as the number of epochs
increases. In our setup, if the validation error increases for
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TABLE 3. Simulation parameters.

GWO-BP BP ELM SVM LWLR  Wavelet Neural Network
X:17 X:17 X:17 X:17 X:17 X:17
y:1 y:1 y:1 y:1 y:1 y:1
q:12 q:12 q:50000 g:0.125 Tau:0.8 q:13
Learning rate:0.01  Learning rate:0.01 c:1.41 Learning rate 1:0.01
popsize:10 Learning rate 2:0.001
ter:5
0.12 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 1 ‘ ‘ ‘ ‘ ‘ ‘
—*— Actual Value
—©-- Predictive Value
01t 1 08F L, ¢ 1
S
® '&I
0.08 ] 8067 o J 5
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8 i <) A
0.04 1 02F Br g i
1 A E 2 X
s 4 | o O 0}
0.02 A 0 —& oo W i ¢ ]
I B
)
0 02
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Estimation Sample Estimation Sample
FIGURE 10. AE of the BP neural network FIGURE 13. Actual and predictive outputs of the ELM.
0.25 ‘ ‘ ‘ ‘ ‘ ‘ ; ; ;
1 T T T T T T T T
—*— Actual Value
- edictive Value
08l i 02F 1
i ) Q ] ]
goer i 4 i ¢ 015 f ]
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< A | i i i e
o & t L ® <<
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! ol @ Ul ]
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b ©0 é e ¥
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Estimation Sample
FIGURE 14. AE of the ELM.
FIGURE 11. Actual and predictive outputs of the SVM. ;
f —%— Actual Value
0.25 —©-- Predictive Value
02F ]
o
2
o
>
s
015 ] 2
g
w
< 5
o
01 F ]
0.05 ]
0.2
0 5 10 15 20 25 30 35 40 45 50
0 . . . . . : . . . * Estimation Sample
0 5 10 15 20 25 30 35 40 45 50

FIGURE 12. AE of the SVM.

20 consecutive steps, the training stops. In Fig. 19, it stops
after 92 epochs, while the best validation performance occurs

at epoch 72.
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Estimation Sample

FIGURE 15. Actual and predictive outputs of the wavelet neural network.

In Fig. 20, we can obtain the training state. From Fig. 20,
we can see how the gradient changes as the number of itera-
tions increases. After 92 epochs, when the validation checks
fail 20 times, the training stage will stop.
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FIGURE 16. AE of the wavelet neural network.

TABLE 4. The AE and MSE comparison of the six methods.

Wavelet
BP ELM SVM GWO-BP  Neural LWLR
Network
AE  0.112 0.234 0.207 0.094 0.456 0.455
MSE 0.002 0.007 0.009 0.001 0.031 0.025
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FIGURE 17. Actual and predictive outputs of the LWLR.
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FIGURE 18. AE of the LWLR.

The regression results are shown in Fig. 21. In each plot,
the relationship between the targets and outputs is mea-
sured by the correlation coefficient RR. If RR is bigger,
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Best Validation Performance is 0.0025901 at epoch 72
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FIGURE 19. The Best validation performance of the GWO-BP neural
network.
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FIGURE 20. The training stage of the GWO-BP neural network.

Training: RR=0.99749 Validation: RR=0.99634
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FIGURE 21. The regression of the GWO-BP neural network.

the GWO-BP neural network model has a better prediction
capability. In Fig. 21, RR is 0.99707, which indicates that our
method has a good prediction capability.
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VIl. CONCLUSION

This paper considered OP performance prediction for mobile
multiuser communication networks. Closed form expressions
were derived for the OP over N-Nakagami fading channels.
A GWO-BP based OP performance prediction algorithm was
proposed. Numerical results were presented which show that
this algorithm provides better OP performance prediction
results than the wavelet neural network, SVM, LWLR, BP,
and ELM methods.
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