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Abstract
Wireless communications play an important role in the mobile Internet of Things (IoT). For practical mobile communication

systems,N-Nakagami fading channels are a better characterization thanN-Rayleigh and 2-Rayleigh fading channels. The average

bit error probability (ABEP) is an important factor in the performance evaluation ofmobile IoT systems. In this paper, cooperative

communications is used to enhance the ABEP performance of mobile IoT systems using selection combining. To compute the

ABEP, the signal-to-noise ratios (SNRs) of the direct link and end-to-end link are considered. The probability density function

(PDF) of these SNRs is derived, and this is used to derive the cumulative distribution function, which is used to derive closed-form

ABEP expressions. The theoretical results are confirmed by Monte-Carlo simulation. The impact of fading and other parameters

on the ABEP performance is examined. These results can be used to evaluate the performance of complex environments such as

mobile IoT andother communication systems. To support active complex event processing inmobile IoT, it is important to predict

the ABEP performance. Thus, a back-propagation (BP) neural network-based ABEP performance prediction algorithm is

proposed.We use the theoretical results to generate training data. We test the extreme learningmachine (ELM), linear regression

(LR), support vectormachine (SVM), andBP neural networkmethods. Compared to LR, SVM, andELMmethods, the simulation

results verify that our method can consistently achieve higher ABEP performance prediction results.

Keywords Mobile Internet of Things � Mobile cooperative communication � Average bit error probability �
Performance prediction � BP neural network

1 Introduction

The rapid development of the mobile Internet of Things

(IoT) has led to increased interest in mobile communica-

tion systems [1–5]. A novel mobile front haul architecture

was proposed in [6] for passive optical mobile networks. In

[7], a two-dimensional anti-jamming mobile communica-

tion scheme was proposed which employs reinforcement

learning techniques.

As a promising technology for mobile IoT, cooperative

diversity has gain popularity in recent years [8, 9]. [10]

investigated the secrecy outage performance of a multiple-

relay-assisted non-orthogonal multiple access (NOMA)

network over Nakagami-m fading channels. Considering

MIMO-NOMA systems, [11] proposed a max–min trans-

mit antenna selection (TAS) strategy to improve the

secrecy performance. Cooperative two-way cognitive

relaying was used in [12] to reduce the influence of a

passive eavesdropper. Full-duplex cooperative communi-

cations were considered to provide secure communications

[13]. Cooperative device-to-device communications were

proposed in [14] to reduce cellular resource consumption.

To date, the research on cooperative communications

has been limited to Rayleigh, Rician, and Generalized-
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K fading channels. However, the fading in mobile coop-

erative communications systems is more complex and so

cannot be accurately characterized by these channels

[15–18]. In [19, 20], the secrecy performance of mobile

cooperative networks was analyzed over 2-Rayleigh fading

channels. Mobile cooperative systems over N-Rayleigh

fading channels were examined in [21]. Vehicle-to-vehicle

(V2V) communications over 2-Rayleigh fading channels

was investigated in [22]. In [23], the secrecy outage

probability (SOP) performance of wireless mobile sensor

communication networks over 2-Nakagami fading chan-

nels was investigated.

In [24–26], N-Nakagami fading was considered to pro-

vide a realistic mobile channel model. N-Nakagami fading

channels contain N-Rayleigh, 2-Rayleigh, Nakagami-m,

and their mixtures as special cases. In particular, N-Nak-

agami fading is better suited to practical mobile commu-

nication environments than N-Rayleigh and 2-Rayleigh

fading channels. Thus, N-Nakagami fading channels are

considered here for the evaluation of mobile communica-

tion systems.

Due to the complexity of mobile IoT over N-Nakagami

fading channels, secure communications is complicated.

To ensure secure communications, performance changes in

mobile IoT must be predicted accurately and timely. The

average bit error probability (ABEP) is an important

measure of mobile communication system performance,

and it is important to predict the ABEP performance of

mobile IoT. Because of good nonlinear prediction ability,

back-propagation (BP) neural network models are very

popular in engineering applications [27–29]. For complex

environments such as mobile IoT, a BP neural network

model is very suitable for performance prediction. To

predict telecommunication customer churn, [30] used a

particle classification method to optimize the BP network.

Using BP neural network, [31] proposed a blind signal

detection method. Weight splitting was used to improve the

filtering performance of BP neural networks in [32].

However, with incremental amplify-and-forward (IAF)

relaying, the ABEP performance of mobile cooperative

communication systems has not previously been investi-

gated. Further, ABEP performance prediction for mobile

communication systems has not been considered. The main

contributions of this paper are as follows.

1. The direct link signal-to-noise ratio (SNR) and end-to-

end link SNR are derived. The probability density

function (PDF) of these SNRs is derived, and the PDF

is used to derive cumulative distribution function

(CDF) expressions.

2. The PDF and CDF expressions are used to derive exact

closed-form ABEP expressions. To verify the analysis,

Monte-Carlo simulation results are compared with the

theoretical ABEP. The impact of fading and other

parameters on the ABEP is examined.

3. A BP neural network-based ABEP performance pre-

diction algorithm is proposed. The ABEP theoretical

results are used to generate training data. We test

the extreme learning machine (ELM), linear regression

(LR), support vector machines (SVM), and BP neural

network methods. Compared to LR, SVM, and ELM

methods, the experimental results verify that our

method can consistently achieve higher ABEP perfor-

mance prediction results.

This remainder of this paper is organized as follows.

Section 2 presents the system model. The PDF and CDF

for direct link SNR and end-to-end link SNR are obtained

in Sects. 3 and 4, respectively. The ABEP is derived in

Sect. 5. Based on a BP neural network, we propose a

ABEP performance prediction algorithm in Sect. 6. The

ABEP performance is evaluated and compared with the

simulation results in Sect. 7 and Sect. 8 gives some con-

cluding remarks.

2 System model

Figure 1 presents the mobile cooperative communication

system model. This model includes a mobile source (MS)

node and a mobile relay (MR) node that communicates

with the mobile destination (MD) node. GSD = 1 is the

relative gain of the MS ? MD link, GSR is the relative

gain of the MS ? MR link, and GRD is the relative gain of

the MR ? MD link. The channel coefficient h = hg,

g[{SR,RD,SD}, follows an N-Nakagami distribution [24].

The total energy in the system is denoted by E. In the

first time slot, MS transmits a signal x, which has mean 0

and variance 1. MR and MD receive the signals

rSD ¼
ffiffiffiffiffiffiffi

KE
p

hSDxþ nSD; ð1Þ

rSR ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

GSRKE
p

hSRxþ nSR; ð2Þ

where nSD and nSR have mean 0 and variance N0/2 and K is

the power allocation parameter, 0\K B 1.

The SNR of the MS ? MD link is cSD. Whether MR

forwards the signal to MD or not depends on the com-

parison between cSD and a threshold Rt. If cSD[Rt, the

MR will not forward the signal to MD. In this case, the

SNR at MD is

Fig. 1 The system model
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c0 ¼ cSD; ð3Þ

where

cSD ¼ K hSDj j2E
N0

¼ K hSDj j2c: ð4Þ

If cSD\Rt, the MR uses AF relaying. Then MD receives

the signal

rRD ¼
ffiffiffiffiffiffi

cE
p

hSRhRDxþ nRD ð5Þ

where nRD has mean 0 and variance and N0/2 and c is given

by [33]

c ¼ Kð1� KÞGSRGRDE=N0

1þ KGSR hSRj j2E=N0 þ ð1� KÞGRD hRDj j2E=N0

:

ð6Þ

The received SNR at MD is then

cSC ¼ maxðcSD; cSRDÞ; ð7Þ

where the end-to-end link SNR is cSRD, which is given by

cSRD ¼ cSRcRD
1þ cSR þ cRD

; ð8Þ

cSR ¼ GSRK hSRj j2E
N0

¼ GSRK hSRj j2�c; ð9Þ

cRD ¼ ð1� KÞGRD hRDj j2E
N0

¼ ð1� KÞGRD hRDj j2�c: ð10Þ

For an N-Nakagami distribution, h is given by [24]

h ¼
Y

N

i¼1

ai; ð11Þ

where ai is a Nakagami random variable with PDF

f ðaÞ ¼ 2mm

XmCðmÞ a
2m�1 exp �m

X
a2

� �

: ð12Þ

The PDF of h can be expressed as

f ðhÞ ¼ 2

h
QN

t¼1 CðmtÞ
GN;0

0;N h2
Y

N

t¼1

mt

Xt
m1; . . .;mNj

" #

: ð13Þ

Define y = |hg|
2 which has CDF and PDF

FðyÞ ¼ 1
QN

t¼1 CðmtÞ
GN;1

1;Nþ1 y
Y

N

t¼1

mt

Xt

1
m1;...;mN ;0

�

�

�

" #

: ð14Þ

f ðyÞ ¼ 1

y
QN

t¼1 CðmtÞ
GN;0

0;N y
Y

N

t¼1

mt

Xt
m1; . . .;mNj

" #

: ð15Þ

3 PDF and CDF of the direct link SNR

The CDF of the direct link SNR cSD is

FcSDðrÞ ¼
1

QN
i¼1 CðmiÞ

GN;1
1;Nþ1

r

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

; ð16Þ

where

cSD ¼ Kc; ð17Þ

and the corresponding PDF is

fcSDðrÞ ¼
1

r
QN

i¼1 CðmiÞ
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

: ð18Þ

4 PDF and CDF of the end-to-end link SNR

From (8), the exact PDF and CDF of cSRD are intractable to

obtain. Thus, the method in [18] is employed to approxi-

mate cSRD as

ce ¼
cSRcRD

cSR þ cRD
¼ 1

2

2
1
cSR

þ 1
cRD

: ð19Þ

From [34], we obtain that

ce\cup ¼ minðcSR; cRDÞ; ð20Þ

so, the CDF is lower bounded as

FcSRDðrÞ[FcupðrÞ: ð21Þ

The CDF of cup is

FcupðrÞ ¼ 1� 1� 1
QN

t¼1 CðmtÞ
GN;1

1;Nþ1

r

cSR

Y

N

t¼1

mt

Xt

1
m1;...;mN ;0

�

�

�

" # !

� 1� 1
QN

tt¼1 CðmttÞ
GN;1

1;Nþ1

r

cRD

Y

N

tt¼1

mtt

Xtt

1
m1;...;mN ;0

�

�

�

" # !

¼ 1
QN

t¼1 CðmtÞ
GN;1

1;Nþ1

r

cSR

Y

N

t¼1

mt

Xt

1
m1;...;mN ;0

�

�

�

" #

þ 1
QN

tt¼1 CðmttÞ
GN;1

1;Nþ1

r

cRD

Y

N

tt¼1

mtt

Xtt

1
m1;...;mN ;0

�

�

�

" #

� 1

QN
t¼1 CðmtÞ

Q

N

tt¼1

CðmttÞ
GN;1

1;Nþ1

r

cSR

Y

N

t¼1

mt

Xt

1
m1;...;mN ;0

�

�

�

" #

� GN;1
1;Nþ1

r

cRD

Y

N

tt¼1

mtt

Xtt

1
m1;...;mN ;0

�

�

�

" #

ð22Þ

and the corresponding PDF is
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fcupðrÞ ¼
1

r
QN

t¼1 CðmtÞ
GN;0

0;N

r

cSR

Y

N

t¼1

mt

Xt

�
m1;...;mN

�

�

�

" #

þ 1

r
QN

tt¼1 CðmttÞ
GN;0

0;N

r

cRD

Y

N

tt¼1

mtt

Xtt

�
m1;...;mN

�

�

�

" #

� 1

r
QN

t¼1 CðmtÞ
Q

N

tt¼1

CðmttÞ

�

GN;0
0;N

r

cSR

Y

N

t¼1

mt

Xt

�
m1;...;mN

�

�

�

" #

GN;1
1;Nþ1

r

cRD

Y

N

tt¼1

mtt

Xtt

1
m1;...;mN ;0

�

�

�

" #

þGN;1
1;Nþ1

r

cSR

Y

N

t¼1

mt

Xt

1
m1;...;mN ;0

�

�

�

" #

GN;0
0;N

r

cRD

Y

N

tt¼1

mtt

Xtt

�
m1;...;mN

�

�

�

" #

0

B

B

B

B

B

@

1

C

C

C

C

C

A

:

ð23Þ

5 ABEP performance

The ABEP can be expressed as [35]

PðeÞ ¼ PrðcSD\RtÞ � PdivðeÞ þ PrðcSD �RtÞ � PdirectðeÞ;
ð24Þ

where the error probability of MD is Pdiv(e), when MR

forwards the signal to MD and Pdirect(e) is the corre-

sponding error probability given that the MR does not

forward the signal to MD. We have

PrðcSD\RtÞ ¼ FcSDðRtÞ

¼ 1
QN

i¼1 CðmiÞ
GN;1

1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

;

ð25Þ

PrðcSD �RtÞ ¼ 1� PrðcSD\RtÞ

¼ 1� 1
QN

i¼1 CðmiÞ
GN;1

1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

;

ð26Þ

and

PdirectðeÞ ¼
Z 1

0

Pdirectðe rj ÞfcSDðr cSD �RtÞdrj ; ð27Þ

where

Pdirectðe rj Þ ¼ a� erfcð
ffiffiffiffiffi

br
p

Þ: ð28Þ

The type of modulation decides the constants a and b, e.g.,

a = 0.5 and b = 1 for BPSK, and a = 0.5 and b = 0.5 for

QPSK. Further

fcSDðr cSD �RtÞj

¼

0; r�Rt

1

r
QN

i¼1 CðmiÞ
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

1� 1
QN

i¼1 CðmiÞ
GN;1

1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

; r[Rt

8

>

>

>

>

>

>

>

<

>

>

>

>

>

>

>

:

¼

0; r�Rt

1

r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

Q

N

i¼1

CðmiÞ � GN;1
1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

; r[Rt

8

>

>

>

>

>

>

>

<

>

>

>

>

>

>

>

:

:

ð29Þ

Combining (28) and (29), we obtain

PdirectðeÞ ¼
a

QN
i¼1 CðmiÞ � GN;1

1;Nþ1
Rt
cSD

Q

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

� �

�
Z 1

Rt

erfcð
ffiffiffiffiffi

br
p

Þ 1
r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr

¼ a

QN
i¼1 CðmiÞ � GN;1

1;Nþ1
Rt
cSD

Q

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

� �

�

Z 1

0

erfcð
ffiffiffiffiffi

br
p

Þ 1
r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr�

Z Rt

0

erfcð
ffiffiffiffiffi

br
p

Þ 1
r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr

2

6

6

6

6

6

4

3

7

7

7

7

7

5

¼ a

QN
i¼1 CðmiÞ � GN;1

1;Nþ1
Rt
cSD

Q

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

� � V1 � V2½ �;

ð30Þ

where

V1 ¼
Z 1

0

erfcð
ffiffiffiffiffi

br
p

Þ 1
r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr

¼ 1
ffiffiffi

p
p
Z 1

0

r�1G2;0
1;2 br 1

0;1
2

�

�

�

� �

GN;0
0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr:

ð31Þ

Using the results in [36], we obtain

V1 ¼
1

ffiffiffi

p
p QN

i¼1 CðmiÞ
GN;2

2;Nþ1

1

bcSD

Y

N

i¼1

mi

Xi

1;12
m1;...;mN ;0

�

�

�

" #

: ð32Þ

Further, V2 is given by
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v2 ¼
Z Rt

0

erfcð
ffiffiffiffiffi

br
p

Þ 1
r
GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr

¼ 1
ffiffiffi

p
p
Z Rt

0

r�1G2;0
1;2 br 1

0;1
2

�

�

�

� �

GN;0
0;N

r

cSD

Y

N

i¼1

mi

Xi

�
m1;...;mN

�

�

�

" #

dr:

ð33Þ

A closed-form solution to (33) is difficult to obtain. Thus,

using Meijer’s G-function [37]

Gm;n
p;q z

a1;...;ap
b1;...;bq

�

�

�

h i

¼
X

m

h¼1

Qm
i¼1 Cðbi � bhÞ

Qn
i¼1 Cð1þ bh � aiÞ

Qp
i¼nþ1 Cðai � bhÞ

Qq
i¼mþ1 Cð1þ bh � biÞ

zbh

� pFq�1 1þ bh � a1; . . .; 1þ bh � ap; 1
�

þ bh � b1; . . .; 1þ bh � bq; ð�1Þp�m�nz
	

:

ð34Þ

pFqða1; a2; . . .; ap; b1; b2; . . .; bq; zÞ

¼
X

1

k¼0

ða1Þkða2Þk � � � ðapÞk
ðb1Þkðb2Þk � � � ðbqÞk

zk

k!
: ð35Þ

ðxÞk ¼
Y

k�1

t¼0

ðxþ tÞ;ðxÞ0 ¼ 1; ð36Þ

whichgives

G2;0
1;2 br 1

0;1
2

�

�

�

h i

¼ Cð1=2Þ1F1 0; 1;
1

2
;�br


 �

þ Cð�1=2Þ
Cð1=2Þ ðbrÞ

1
2
1F1

1

2
;
3

2
; 1;�br


 �

¼
ffiffiffi

p
p

þ Cð�1=2Þ
ffiffiffi

p
p

X

1

k¼0

ð1=2Þkð�1ÞkðbÞkþ
1
2

ð3=2Þkk!
rkþ

1
2

ð37Þ

so that

V2 ¼
Z Rt

0

r�1GN;0
0;N

r

cSD

Y

N

i¼1

mi

Xi
m1; . . .;mNj

" #

dr

þ Cð�1=2Þ
p

X

1

k¼0

ð1=2Þkð�1ÞkðbÞkþ
1
2

ð3=2Þkðk!Þ
2

�
Z Rt

0

rk�
1
2GN;0

0;N

r

cSD

Y

N

i¼1

mi

Xi
m1; . . .;mNj

" #

dr

¼ GN;1
1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
m1;...;mN ;0

�

�

�

" #

þ A
X

1

k¼0

BGN;1
1;Nþ1

Rt

cSD

Y

N

i¼1

mi

Xi

1
2
�k

m1;...;mN ;�k�1
2

�

�

�

" #

:

ð38Þ

A ¼ Cð�1=2Þ
p

; B ¼ ð1=2Þkð�1ÞkðbÞkþ
1
2

ð3=2Þkðk!Þ
2

: ð39Þ

We have

PdivðeÞ ¼ a

Z 1

0

erfc
ffiffiffiffiffi

br
p� �

fcSC rjcSD\Rtð Þdr; ð40Þ

where

fcSCðr cSD\RtÞ ¼j
1

FcSDðRtÞ
fcSDðrÞFcupðrÞ þ FcSDðrÞfcupðrÞ
� �

; r�Rt

fcupðrÞ; r[Rt

8

<

:

:

ð41Þ

Combining (32) and (33) gives

PdivðeÞ ¼ a
1

FcSDðRtÞ
V3 þ V4Þð þ V5

� �

; ð42Þ

where

V3 ¼
Z Rt

0

erfcð
ffiffiffiffiffi

br
p

ÞfcSDðrÞFcupðrÞdr

¼ 1
QN

t¼1 CðmtÞ

Z Rt

0
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Equations (24)–(63) are used to obtain the analytical

results.

6 ABEP performance prediction based
on a BP neural network

6.1 Selection of input and output

The ABEP performance is affected significantly by m, N, V,

and K. We therefore use 11 indicators as the input X, and

the ABEP performance is output Y. The 11 indicators are

mSR, mRD, mSD, GSR, GRD, NSR, NRD, NSD, K, Rt, �c so X is

X ¼ x1; x2; . . .; x11ð Þ: ð64Þ

6.2 BP neural network structure

The BP neural network is shown in Fig. 2. For the input

layer, there are 11 neurons, for the hidden layer, there are

q neurons and for the output layer, there is 1 neuron. For

the input and hidden layers, wij is the weight coefficient and

bj is the bias value. For the hidden and output layers, vj is

the weight coefficient and h is the bias value. The network

steps are as follows.

(1) For the hidden layer, the input is

sj ¼
X

11

i¼1

wijxi þ bj; j ¼ 1; 2; . . .; q; ð65Þ

and the corresponding output is

cj ¼ f sj
� 	

; ð66Þ

where f(x) is the activation function.

For the output layer, the input is

b ¼
X

q

j¼1

vjcj þ h: ð67Þ

Output   Layer

x1

x2

x3

x11

y

Hidden   LayerInput  Layer

Fig. 2 The BP neural network

structure
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and the corresponding output is

o ¼ f bð Þ: ð68Þ

P is the number of training data. For tth output neuron, ol is

the output for the lth training data, and the error is given by

EEl ¼ dl � ol
� 	2

; ð69Þ

where dl is the desired output.The overall output error E of

P training data is

EE ¼
X

P

l¼1

dl � ol
� 	2

: ð70Þ

(2) For the different layers, the weights and biases are as

follows.

The error of the output layer is

d ¼ ðd � oÞð1� oÞ; ð71Þ

and the error of the hidden layer is

rj ¼ dvjð1� yjÞ: ð72Þ

The weights and thresholds are

vj ¼ vj þ gdyj; ð73Þ

h ¼ hþ gd; ð74Þ
wij ¼ wij þ arjxi; ð75Þ

bj ¼ bj þ arj; ð76Þ

where g is the weight adjustment parameter, 0\ g\ 1,

and a is the learning coefficient, 0\ a\ 1.

6.3 ABEP performance prediction based on a BP
neural network

Figure 3 shows the flowchart of the OP performance pre-

diction algorithm. The algorithm steps are as follows.

(1) Data collection and preparation. We use the derived

closed-form expressions to generate 1000 groups of

data. 950 groups are used for training, and 50 groups

are used for testing. The groups of data are

normalized.

(2) Network initialization. To initialize the biases and

weights, small random numbers are used. We also set

the minimum error, maximum number of iterations,

and the learning rate.

(3) Network training. We provide input X and output

Y which are randomly selected. During training, the

network output of each layer and the training

error are calculated, and the biases and weights of

the layers are adjusted. When the learning converges

or the error is less than the minimum, the training

stops.

(4) When model training is completed, the network

structure is saved. Then, the testing data are used

to detect whether it meets the accuracy requirements.

(5) If the accuracy requirements are met, the network

structure is used for ABEP performance predic-

tion and the optimal weights and biases are obtained.

6.4 Metric

We use the mean squared error (MSE) to evaluate the

performance. A higher prediction accuracy means a smaller

MSE. The MSE is given by

MSE ¼

P

PP

l¼1

dl � ol
� 	2

PP
; ð77Þ

where PP is the number of testing data.

7 Performance results

In this section, QPSK modulation is considered with

E = 1 and l = GSR/GRD. Figure 4 presents the ABEP

performance comparison with the parameters given

in Table 1. The ABEP performance of IAF is the best and

the performance of direct communication is the worst. For

SNR = 16 dB, the ABEP is 2 9 10-3 with IAF,

1.1 9 10-2 with end-to-end communication, and 2 9 10-2

with direct communication.

Ini�alize  the network structure

Start

Whthi�thWhether it meets the 
accuracy

Sample input and expected output 

Calculate the input and output of each layer

Calculate the learning error of each layer

Backpropagate ,and adjust weight coeffident 
and biases

Calculate the average error

Get the best MSE 

ddj

Yes

No

Fig. 3 The flowchart of the OP performance prediction algorithm
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Figure 5 presents the ABEP performance for l = 0 dB,

K = 0.5, and Rt = 4 dB with the combinations of N and

m given in Table 2. These results show that the theoretical

and simulation results are similar, which verifies the the-

oretical results. Further, the ABEP improves as the SNR

increases.

The effect of Rt on the ABEP performance is presented

in Fig. 6 for l = 0 dB, K = 0.5, N = 2, m = 2, and Rt =

-4 dB, 0 dB, and 4 dB. This shows that the ABEP

improves as Rt is increased. This is because the probability

that the MR cooperates increases with Rt. When SNR =

14 dB, the ABEP is 3 9 10-2 for Rt = -4 dB, 2 9 10-2

for Rt = 0 dB, and 9 9 10-3 for Rt = 4 dB. Further, the

ABEP is better than that with direct transmission alone.
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Only End-to-End Communication
Only Direct Communication

Fig. 4 The ABEP performance comparison

Table 1 The parameters for

ABEP performance comparison
l 0 dB

K 0.5

Rt 8 dB

mSD 2

mSR 2

mRD 2

NSD 2

NSR 2

NRD 2
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Simulation ABEP
Theoretical ABEP

Scenario 1

Scenario 2

Fig. 5 The ABEP performance for two scenarios

Table 2 The parameters for two

scenarios
Scenario 1 Scenario 2

mSD 1 2

mSR 1 2

mRD 1 2

NSD 2 2

NSR 2 2

NRD 2 2
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Fig. 6 The effect of Rt on the ABEP performance
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The effect of N on the ABEP performance is given in

Fig. 7 for N = 2, 3, 4, m = 2, l = 0 dB, Rt = 2 dB, and

K = 0.5. Figure 7 shows that the ABEP performance

degrades as N increases. This is because a larger N results

in more severe N-Nakagami fading channels.

The effect of l on the ABEP performance is given in

Fig. 8 for l = 15 dB, 0 dB, - 15 dB, Rt = 2 dB, N = 2,

K = 0.5, and m = 2. As l is reduced, this shows that the

ABEP is improved. These results indicate that the MR

should be located near the MD.

The effect of m on the ABEP performance is given in

Fig. 9 for N = 2, m = 1, 2, 3, l = 0 dB, Rt = 2 dB, and

K = 0.5. These results indicate that increasing m improves
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Fig. 7 The effect of N on the ABEP performance
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Fig. 9 The effect of m on the ABEP performance
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Fig. 10 Actual and predicted BP neural network outputs
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Fig. 11 Actual and predicted ELM outputs
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the ABEP. When SNR = 15 dB, the ABEP is 2.8 9 10-2

for m = 1, 1 9 10-2 for m = 2, and 8 9 10-3 for m = 3.

Figures 10, 11, 12, and 13 compare the performance of

the BP neural network with the LR [38], SVM [39], and

ELM [40] methods. The parameters for the four methods

are given in Table 3. These results show that the MSE of

the BP neural network is 0.00026, which is lower than that

of the LR, SVM, and ELM methods, and indicate that the

proposed method can consistently achieve higher ABEP

performance prediction results.

Table 4 gives the running time and MSE for the four

methods. This shows that, compared to ELM, BP has

a longer running time, but the performance is better than

with ELM. Also, compared to SVM and LR, BP has

a shorter running time and smaller MSE. In conclusion, BP

is the best forecasting model.

Figure 14 illustrates the validation performance. This

shows that the MSE generally improves as the number of
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Fig. 12 Actual and predicted SVM outputs
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Fig. 13 Actual and predicted LR outputs

Table 3 The parameters for four methods

Algorithm BP ELM SVM LR

Number of training sets:950 Number of test sets: 50

X 11 11 11 11

y y:1 1 1 1

q:10 q:2559 c: 11.314 tau:0.49

a:0.1 g: 0.03125
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Fig. 14 Validation performance of BP neural network
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Fig. 15 Training state of the BP neural network

Table 4 The running time and MSE for four methods

Algorithm BP ELM SVM LR

Running Time 3.31 s 2.36 s 75.67 s 5.60 s

MSE 0.00026 0.0019 0.00085 0.0016
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epochs increases. In our setup, if the validation error

increases for 50 consecutive epochs, the training stops. In

the figure, this occurs after 120 epochs while the best

validation performance is 0.0019064 at epoch 70.

In Fig. 15, we can obtain the training state. In training

state, the BP uses gradient descent method. From Fig. 15,

we can see how the gradient change as the number of

epochs increases. From the 70 epoch, the validation error

increases. After 50 consecutive increasing at the 120

epoch, the validation checks fail 50 times and the training

state will stop.

The regression results are shown in Fig. 16. The rela-

tionship between the targets and outputs is indicated by the

correlation coefficient R. A larger R means the BP neural

network model has better prediction capability. In Fig. 16,

R is 0.99214, which indicates that the proposed method has

good prediction capability.

Table 5 gives the effect of the number of neurons in the

hidden layer on the MSE. This shows that when the number

of neurons is small, the MSE performance is poor.

The MSE performance improves as the number of neurons

increases. However, with a sufficiently large number of

neurons, the structure of the neural network is too complex

and the MSE begins to decrease. In the proposed networks

the best MSE performance is achieved when there are 10

neurons.

The training function employed also affects the MSE

performance. Table 6 shows the effect of six different
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Fig. 16 Regression results for

the BP neural network

Table 5 The effect of the

number of neurons in the hidden

layer on the MSE

Number of neurons MSE

4 0.000838

5 0.000651

6 0.000548

7 0.000506

8 0.000497

9 0.000481

10 0.000260

11 0.000315

12 0.000306

13 0.000399

14 0.000484
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training functions on the MSE. This indicates that the best

training function is the Levenberg–Marquardt function

with an MSE of 0.000260.

We also considered the effect of the number of hidden

layers on the MSE performance. Figures 17, 18, 19, and

20, show the MSE performance, validation performance,

training state, and regression for a network with two hid-

den layers.

Table 7 shows the effect of different numbers of hidden

layers on the MSE performance. The performance with two

hidden layers is better than that with one hidden layer, but

the running time with two hidden-layers is longer. Thus,

increasing the number of layers can improve the MSE

performance, but will also increases the running time.

8 Conclusion

Closed-form PDF and CDF expressions for the direct link

SNR and end-to-end link SNR were derived for a mobile

cooperative communication system. These results were used

to derive an exact closed-formABEP expression. ABP neural

network-based ABEP performance prediction algorithm was

proposed. To verify the analysis, theoretical results were

compared with Monte-Carlo simulation results. In addition,

these results indicated that m, N, l, and K can significantly

affect the ABEP performance. Asm is increased and N and l
are reduced, the ABEP performance is improved. Compared

to the LR, SVM, and ELMmethods, the experimental results

verify that the proposed method can consistently achieve

higher ABEP performance prediction results.
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Fig. 17 Actual and predicted outputs of a network with two hidden-

layers
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Fig. 18 Validation performance of a network with two hidden layers
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Fig. 19 Training state of a network with two hidden layers

Table 6 The effect of different

training functions on the MSE
Training function Abbreviation MSE

Levenberg–Marquardt trainlm 0.000260

Fletcher–Reeves traincgf 0.000362

Gradient descent traingd 0.003010

Gradient descent with adaptive learning rate traingda 0.001200

Gradient descent with momentum traingdm 0.003800

Gradient descent with momentum and adaptive learning rate traingdx 0.000482
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