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Abstract: In order to ensure the uninterrupted communication between high-speed train and base station, driving safety and satisfying
online experience of passengers, a dual-link switching algorithm based on CNN-WaveNet decision parameter multi-step prediction model
is proposed to establish a two-hop relay communication system model between the high-speed train and the base station. Firstly, the
switching algorithm uses convolution neural network (CNN) to extract the time sequence characteristics of decision parameters. Then, it
learns the mapping relationship between feature information and decision parameters based on WaveNet and combining with rolling
prediction method to realize multi-step prediction of decision parameters. Finally, dual-antenna communication mode is adopted to realize

dual-link communication. The simulation results show that the proposed handover algorithm can improve handover trigger rate and

handover success rate.
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0 Introduction

With the rapid development of high-speed railway
(HSR) , the wireless communication system for HSR
requires more reliable transmission and real-time
sending and receiving of information without
interruption, wherein handover is a key technology of
HSR wireless communication. When the train runs from
the coverage of the source base station to the coverage of
the destination base station, the communication link is
changed to ensure that the train receives scheduling
information in real time and provides high-quality
communication services for passengers. Therefore, it is
necessary to optimize the handover of HSR wireless
communication.

The scheme of handover optimization can be based on
decision parameter optimization, decision algorithm
optimization, network architecture optimization and
signaling flow optimization. The optimization scheme
based on decision parameters can make use of the
characteristics of high-speed rail trajectory for tracking
and prediction, and the information such as geographical

location and train speed is beneficial to judge whether the

train reaches pre-handover position. Thus, the scheme
can carry out signaling interaction in advance and
improve  switching efficiency"?. However, the
optimization scheme has strong dependence on train
position information. Since the handover decision
conditions in the optimization scheme based on decision
algorithm jointly determine the factors such as speed,
power, and communication satisfaction, the deficiency
of single decision algorithm will be reduced””. In
addition, the optimization of network architecture
depends on the characteristics of HSR environment,
such as the large demand for passengers to surfl the
Internet, the airtight compartment space, and large
number of surveillance videos. The optimization scheme
is beneficial to improve resource utilization and system
capacity and reduce compartment penetration loss.
However, the change of network architecture makes the
handoff complicated'’.

In recent years, the research on improving handover
performance based on signaling flow optimization has been
widely concerned. The traditional handover process is
divided into three stages: handover measurement, handover

decision, and handover execution”®. The handover
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prediction process can be added between the handover
measurement and the handover decision to realize early
handover by predicting decision parameters. Hao et al."
proposed a prediction model based on grey system theory,
which realizes the prediction of decision parameters before
handover decision. Since the train reports the decision
parameters every T, the (n-+1) th decision parameter can
be predicted according to the decision parameters obtained

1.1 combined

from previous n decision parameters. Li et a
machine learning with handover technology to build a
prediction model based on neural network. The input of
neural network is 7 decision parameters from measurement
report, and the output is the prediction of the (n-+1)th
decision parameter. The algorithm optimizes handover
success rate by improving prediction accuracy. Li'?
proposed a prediction model based on K-Trend-LSTM
algorithm, which uses K-Trend to cluster the dataset and
then uses long short term memory (LSTM) neural network
model to predict parameters. The algorithm improves the
handover success rate on the basis of improving the
prediction accuracy of decision parameters.

However, in the above literatures, multi-step prediction
is not considered when the model is used to predict decision
parameters, but only single-step prediction is realized. The
single-step prediction is to use n data from the previous n
={x(n+1)}atthe

(n+1) th time. If 2.0 meets the decision conditions, it is

times to predict one future data & ,ic

necessary to complete tasks such as prediction, handover
judgment, and handover resource preparation within T time
interval. The multi-step prediction model uses rolling
prediction to predict the next value based on the predicted
value. After the prediction step size 4 is set, the multi-step
prediction model predicts a total of £ future data (&g =
{z(n+1),2(n+2), -+, x(n+ %)} by using the data
from previous 7 times. If the gth predictive value in g
satisfies the handover judgment condition, it is necessary
to complete tasks such as prediction, handover judgment
and handover resource preparation within the gT time
interval. In contrast, the multi-step prediction model is
more practical than the single-step prediction model in the
handover preparation time.

The above research uses single-step decision parameter
prediction model and the prediction accuracy of the model
can be improved. In order to improve the prediction
accuracy and handover success rate, we propose a dual-link
handover algorithm based on CNN-WaveNet multi-step
prediction model. Firstly, the antennas are installed on the
front and rear carriages of the train, for dual-link
communication mode, which can reduce the probability of

communication interruption.  Secondly, handover
prediction process is added to handover process for the
prediction of decision parameters based on CNN-WaveNet
multi-step prediction model. In this model, 7 data is input
into convolution neural network (CNN) to extract
features, and then WaveNet learns the features to obtain the
prediction of the (n—+1) th parameter. To realize multi-step
prediction, the prediction of decision parameter is added to
the end of the input and then put into the prediction model.
If the predicted value satisfies the handover decision
condition, the handover resource is prepared. Finally, the
handover trigger probability and handover success rate are

calculated by simulation.
1 System model

1.1 High-speed rail wireless communication
network architecture base on C/U plane split

At present, HSR technology is developing towards
intelligence. The diversification of passenger services and
the emergence of a large number of real-time monitoring
require railway wireless communication systems to expand
system capacity and improve communication efficiency"?.
However, The C/U decoupling architecture was recorded
in the 5G high-speed mobile white paper jointly released by
Wireless World Research Forum (WWRF) and Future
Mobile Communication Forum (FuTURE) in 2016,
This architecture separates control plane (C-plane) from
user plane (U-plane) . Macro evolved NodeB (eNB) and
phantom eNB realize the functions of C-plane and U-plane,
respectively, which makes the network more flexible.
Macro/phantom eNBs do not use the same spectrum,
which solves the problem of co-channel interference
between base stations, low spectrum utilization rate and
small system capacity'”. Fig.1 shows the HSR wireless
communication network architecture based on C/U plane
split ", There are two types of handoff in this architecture:

1) The handover within the macro base station. In the
process of handover from the phantom eNBal to the
phantom eNBa2 when the train runs along the track
(phantom-phantom eNB handover) , eNBal and eNBa2
are controlled by macro eNBi.

2) The handover between macro base stations. In the
process of handover from phantom eNBa2 to phantom
eNBb&1 after the handover of from macro eNB7 to macro
eNBj, the handover between macro eNBs occur twice
(macro-macro eNB handover and phantom-phantom eNB

handover) , so the possibility of handover outage increases.
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Fig.1 HSR wireless communication network architecture
based on C/U plane split

1.2 Two-hop relay communication system model

Because the compartment of the train is closed and made
of metal materials, the penetration loss of the compartment
may be about 24 dB when the user communicates directly
with the base station. If train relay station (TRS) is
installed on the train, the user can connect with TRS
through access point (AP) and TRS is connected with the
base station to realize two-hop relay communication. The
two-hop relay communication mode can effectively reduce
the penetration loss caused by closed compartments. In
order to solve the problem of high outage probability of
handover between macro eNBs, as shown in Fig. 2,
antennas are installed at the front and rear of the train
respectively and connected with the TRS to form two
communication links"”. When the train is running, the TRS
compares and selects the antenna with good signal quality
for communication. In the process of handover, the train
establishes a communication link with the target base
station when the front antenna meets the condition of
handover. At this time, the rear antenna keeps connected
with the source base station all the time. Since the rear
antenna is synchronized with the target base station after the
successful handover of the front antennas, the
communication will not be interrupted during the handover.
In addition, if the handover of the front antenna fails, the
rear antenna can also be triggered once, which improves the
handover success rate.

Rear antenna

I Front antenna

s h,
@ AP €& © [ <} APG ©
0@ (Oa0)

Fig.2 Two-hop relay communication system model

2 Handoff algorithm based on CNN-
WaveNet

2.1 Algorithmic process

The execution steps of dual-link handover algorithm
based on CNN-WaveNet decision parameter multi-step
prediction model are as follows:

1) Handover measurement. As seen from Figs. 1 and
2, the front antenna of the train keeps connected with
macro eNB7 and phantom eNBal (or phantom eNBa2) .
As the train moves, the train receives the signal of the
target macro/phantom eNBs and reports it to macro
eNBi. Firstly, it is necessary to judge the handover type
and then judge whether the target phantom base station
is under macro eNB:i control or under macro eNBj
control. If the target phantom base station is under macro
eNB: control, the handover within the macro base
station will occur, otherwise, the handover between
macro base stations will occur.

2) Handover prediction. The prediction step is 4. The
input of CNN-WaveNet has n decision parameters as
{x(1), 2(2), -
decision parameters as
2), -, x(n+ k)

3) Handover decision. In this study, signal to

-, x(n)}, and the output has £ predicted
{z(n+1), x(n+

interference ratio (SIR) acts as the decision parameter,
which more realistically reflects the signal strength of the
base station without ignoring interference. The SIR of
the source/target base station varies with the movement
of train, and the calculation process of SIR is shown in
later. The decision condition is that the SIR difference
between the target base station and the source base
station reaches u. According to handover type, handover
decision condition is divided into two types. The first
decision condition is that the handover is within macro
base station, and the calculation formula is

R,— Ry=u, (1)
where R, and R,, are the SIR values of eNBal and
eNBa2, respectively. The second decision condition is
that the handover is within the macro base stations, and
the formula is

R,—R,=>u,

R,—R.,=Zu,
where R, and R; are the SIR values of eNB7 and eNBj,
respectively; R, and R, are the SIR values of eNBa2 and

2

eNB6A1, respectively. If the predicted values do not meet
the handover condition, return to step 2 (handover
prediction) . After receiving data of the (n+1)th time,
the input of model is { 2(2), x(3), -+, x(n+ 1)} and
the output is {x(n+2), x(n+3), =+, x(n+1+£)}
and so forth. Until the predicted value meets the
handover condition, step 4 (handover execution) is
executed.

4) Handover execution. The handover resource is
prepared first and then the handover is performed. If the
handover of the front antenna to the target base station is
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successful, the rear antenna synchronizes with the target

base station.

2.2 CNN-WaveNet switching decision parameter
multi-step prediction model

2.2.1 CNNand WaveNet

CNN can extract features from multi-dimensional
matrix data. It can reduce the complexity of the network
and the number of network training parameters, and
alleviate the overfitting of the model by means of its local
receptive field and weight sharing and pooling layer
characteristics. The structure of CNN mainly includes
convolution layer, pooling layer, fully connected layer,
and output layer. Usually, convolution layer and pooling
layer take multiple and alternate settings'®. After the
data pass through several layers of convolutional layer
and pooling layer, the whole features are obtained by
integrating local features through full connected layer.

WaveNet will not lead to the explosion of model
complexity when it correctly handles time sequence and is
in long-term dependence. The structure of WaveNet
includes causal convolution, extended convolution, and
residual network™”. In the causal convolutional network,
x={x(0), x(1), -, 2(t—1)} is the
WaveNet. x(z) is the output of WaveNet. WaveNet can

input  of

express x =1{2(0),x(1),---,2(z—1),x(¢)} with the
conditional probability as
.
P(I):HP(I/‘-TM“'»I/—I)- 3)
=1

It can be seen from Eq. (3) that the prediction of x (£)
completely depends on the data from the previous 7 times
and does not depend on the future data, which avoids the
cheating behavior of the model using the future value to
participate in the prediction. Expanding the network
receptive field in the extended convolution network can
make the model use the distant historical data and
improve the reliability of the model. By setting different
expansion factor d for each layer, the receptive field of
the network increases exponentially with the depth.
Fig.3 is a dilated convolutional network with the number
of network layers L=3 and filter size M=2, and its
network receptive field size is 2° 'M = 8. The core of
the residual network is to realize the mapping of
nonlinear transformation function f(x) and the objective
function % (x) in network layer. The calculation formula
is

Ma)=f(z)+z, (4)

where 2 1s the input to the network layer.

Output (d=1)

Input

2.2.2 Edge feature extraction

The values of decision parameter (SIR) will be
reported at a certain interval during the train running,
and the decision parameter will form a set of time series
x={x(1),2(2),---,x(N)}. In this study, the SIR
time series of each base station in different environments
are collected as the dataset, and then it is divided into S
clusters { X, X5, -+, X,,
method based on Euclidean distance. The #A-means

-, X5} by k-means clustering

clustering method is mainly used to deal with the dataset.
Because the data of the dataset come from different
environments, the SIR sequence changes are different
and the dataset is complex and huge. If the dataset is
directly used to train the model, the operation efficiency
may be affected. Therefore, different clusters obtained
by wusing /4-means clustering method represent the
original datasets of different base stations. The dataset
partition follows the similarity measurement method
between sequences, which is calculated by Euclidean
distance. Then, the sequences with the same sequence
changes are divided into the same cluster according to
similarity. The cluster contains sequences from different
base stations, and the cluster data is used as the original
dataset of the prediction model of the base stations in the
corresponding cluster. The original dataset is used to
train and test the model. If the SIR sequence of the
source macro eNB belongs to cluster X,, X, will be used
as the original dataset of the prediction model of the
source macro eNB. Therefore, the 4-means clustering
method can reduce the workload and maintain better
prediction accuracy. The number of prediction models
varies linearly with the number of base stations. Sliding
window method is used to preprocess a plurality of time
series in X,. Assuming that X? is the gth time series in
X,, X! is converted into p sequences { x{,x%, -, 2"},
of={x, (1), 2,(2), =+, z,(n)},
sequence length is 7, and the predicted value { x,(n +

where whose
1)} is the label of x{. The sequence training model with
a length of n can be used to predict the future data
according to the decision parameters of the previous n
times, thus the decision parameter switching prediction
process is realized.

Fig.4 shows the process of transforming a time series
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x={x(1), 2(2), -, (N )} into ¢ time series with a
length of n after preprocessing.
w={w(1), 2(2), -, x(N)}
lPrepl‘m’ﬁssing
{x(1), %(2), =, x(n)}  ——>  x(n+l)

{x(2)7 x(3)7 o x(n+1)} E— x(n+1) Label

{x(c), x(c+1), - x(ctn—1)——>  x(c+n)
Fig. 4 Sliding window preprocessing process

Fig.5 is the CNN-WaveNet model, which shows the
prediction process of putting the time series of size 1 X n
into CNN-WaveNet. When the time series sequence
with the size of 1 X n is used as the input of the model,
there are 2 convolution kernels with the size of 1 X N, in
the model for convolution processing. Finally, the
output of model is z feature surfaces, with the size of 1 X
N.,, satisfying the relationship as

_ n— N,

va—f+ 1, (5)

where / is the sliding step size of the convolution kernel
window. In CNN, if z is larger, more features are
extracted, but the corresponding model parameters are
also more, which makes the model more complex.
Eq. (6) is the calculation formula for the convolution
layer of CNN. The input is weighted and accumulated,
then an offset value is added, and finally, the extracted
features are output through the activation function. The
feature matrix after the sequence passes through the
convolutional layer is

No—1

yli,z)=Ff Z(x(ilJrno)w,(no))Jsz ,  (6)

ny=20

where i1 =0,1,2,++- (N, —

y (7, z) denotes the ith element of the feature matrix Y

1); X is the input matrix;

obtained by the zth convolution kernel; W is the convolution
kernel (weight matrix) and & represents the bias, so 4, and
w. (n,) are the bias and weight of the zth convolution
kernel, respectively. After convolution operation, the
characteristics are output by nonlinear activation function
f(+). At present, the activation function commonly used in
the convolution layer in CNN is ReLLU ™', and the nonlinear
activation function will not reach saturation due to the
increase of input. In this study, the maximum pooling
method is used in the pooling layer to down-sample the
input feature plane. The maximum pooling method takes
the maximum value of the elements in the sliding window
of the pooling kernel as the calculation result on the input
feature plane. The size of the pooled core is 1 X Ny, and the
size of the feature surface after pooling is 1 X' N, qoine, Where
N pooiing 18 calculated by

Neow

Npoohng - Tl . (7)

Notably, reducing the size of feature surface can
the workload.

features from several convolution layers and pooling

effectively reduce After extracting
layers, the feature surfaces are integrated by using full
connected layers, and then the time series prediction is
carried out by using WaveNet. In Fig. 5, the circles
marked with serial numbers represent the predicted
values. Using the rolling prediction method, the
prediction value obtained by CNN-WaveNet is put into
the sequence and input into the model again to obtain the
next predicted value. For example, the circle marked
with sequence number 1 is put into the original sequence
and input into CNN-WaveNet model to predict the circle
marked with sequence number 2 again, and in turn, the
circle marked with sequence number 3 can be obtained.

e NN
S@nce Featurel Pooli i
1 00.
Q iConvolution| O il Fully |
|Q i kernel 1 |O O connected 1 WaveNel
A= @) @)
@ @—’ S e T
o /O ld o
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! ()I :Convolutioga_ure il i
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Fig.5 CNN-WaveNet model

After the predicted value is obtained through model
prediction, the predicted value is substituted into the
handover decision condition for judgment. If the decision
condition is met, handover resources need to be
prepared. Since the time consumed by handover
judgment is much less than T (T is the time interval for
train cycle reporting) , it is ignored. The time consumed

by the whole process is

T = Tprt'ditl + Tprepare, (8)
where T 18 the time consumed by the prediction
model when predicting the SIR value, and T 15 the
time for preparing handover resources after reaching the
decision condition. Fig.6 1s a comparison between single-
step prediction and multi-step prediction. It can be seen
that if the single-step prediction model is adopted, the
prediction and resource switching preparation work need
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to be completed within T time interval. From T=
;redicl + T;:repure )

resource preparation time is
T[jrcparc - T - T;rcdim' (9)

n-time data

the single-step prediction handover

The (n+1)th prediction

(T \NT / The (n+g)th prediction
Single-step I—H [ e | ]

n-time data The (n+k)th
Multi-step prediction
(prediction step (T f
size k) k—H I sa f | |

Fig. 6 Comparison of single-step prediction and multi-step
prediction

In the multi-step prediction model with the prediction
step size of £, if the gth prediction value satisfies the
decision condition (g<<%,g€N"), the prediction and
to be
completed within gT. Therefore, gT = T i T Tprepare

handover resource preparation work need

can be obtained, then the multi-step prediction handover
resource preparation time is
Trepare = 8T — Tretice- (10)
Because the time consumed by the multi-step prediction
model based on rolling prediction is % times of the time
consumed by the single-step prediction model (T g =
/??T;mdic[) , Tp“:cparc - gT - /QT;rcdiu . USU&HY , T> T,:rcdim
Toewe—0. To ensure the
significance of multi-step prediction, Eq. (10) should be
BT i
T
According to Egs. (9) and (10), the difference of

switching resource preparation time between multi-step

according to Eq. (9),

greater than 0 (gT — AT e = 0) , s0 g >

prediction model and single-step prediction model is
Trpse — Toepare = (g — DT — (£ — 1) Tpti.  (11)
When the result of Eq. (11) is greater than O, the multi-
step prediction model is better than the single-step

(k_ 1) ;rcdic\+ T

prediction model, and g > is obtained.

T
Based on the above conditions, there are
g<k, gENT,
> kTI?r?dlCl
8 T
b—1)Thue+ T (12)
g ( )T e ,
T
kT}:{Cditl < ( k _ 1 )T;rvdicl _'_ T )
T T

Therefore, according to Eq. (12) , when g and %4 meet
(b= DT e + T
T
multi-step prediction model is better than the single-step

the condition < g<k(geN"), the

prediction model, with the preparation time of handover
resources of (g — 1)T —(%&— 1) T s more than that of

the single-step prediction model.
2.3 Performance analysis

In this study, the handover trigger probability and
handover success rate are used to analyze the handover
performancem. In Fig. 1, it is assumed that the vertical
point from the macro eNB: to the rail is the origin of
coordinates, the vertical line from the macro eNB7 to the
rail is the Y axis, and the rail is the X axis. Since x is the
position of the front antenna of the train on the track, the
distance from the macro eNBi to the front and rear
antennas is represented by d,(x) and d;,(x— L)
respectively as

dl(-T):

(he—h )+ d.+ a2, (13)

dile—L)=(hy,—h)V+d,+(x— L)Y, (14)
where h,, is the height of macro eNBi antenna; 4, is the
height of the train antenna, d, is the vertical distance
from macro eNBi7 to the rail, and L is the train length.
When the train is running, the received signal quality
changes with the distance between the train and the base
station. The signal strengths of macro eNBi and
phantom eNBa receiving the antenna in front of the train
are respectively calculated by

Pi(2)=P .~ Lyuuwn(d(z2)), (15)

P.(2)=P. — Lyu.(d.(x)), (16)
where P, ,, is the transmission power of the macro eNB;
P, is the transmission power of the phantom eNB;
d;(x)and d,(x ) are the distances from macro eNB7 and
phantom eNBa to the antenna in front of the train,
respectively; L., (¢) is the path loss of the signal
transmitted by the base station. Assuming that each base
station has two co-frequency base stations, with P, and
P, respectively denoting the signal quality of these two
co-frequency base stations of macro eNB7, the co-

frequency interference of macro eNB7 can be got by
Pi Py
I,(I)lOlg(lOer 1010). (17)

Therefore, the SIR of the macro eNB17 is

R(x)=P,(x)—IL(x)—¢, (18)
where ¢; is a shadow fading subject to mean O and
variance &,. In the process of handover, when the SIR
value of the target base station and the SIR value of the
original base station reach the threshold «, the handover
will be triggered. The trigger probability of front antenna
of macro eNB7 handover to macro eNBj is
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pii(x)h=p{R (x

Lol d)(2)]— ej.—zj.—
I‘pﬂh m I: d I ) :I
p{ EI'/ u _|_ I‘pe\lh,m I: dj X :|

P{Pl,m_
PP~

—R(x)=u}=

Lyl ()] e~ )= u)=
P\m+l4p'nhm|:d +€+I>M
I‘p\lhm[d :|+I I{_'_Ej}:

P{&)ll_’_meh.m[dj(f)]_meh,m[di(l””—i_ Ij_ Ii_._zo:eo},b{%:eo}:

I‘palle I: dz' ( X ) :|+ I/

J+Q|:u+ meh,m[dj(x)]_ 5

where ¢; 1s the shadow fading of macro eNBj, obeying
Gaussion distrabution with a mean of 0 and a variance of
0;; Q 1s the probability that a normal random variable will
have a value greater than x; and I; is the co-frequency
interference of macro eNBj. Since the front and rear
antennas are installed on the train, if the front antenna
handover fails, the rear antenna can be triggered for
handover, so the trigger probability of handover is
improved. If pi,(x — L ), is used to represent the trigger
probability of the rear antenna, the trigger probability of

handover from the macro eNB7 to macro eNBj is
pz;( )ho plj( )ho +(1_p£,j(-r)ho)p;,j(-1‘_Il)h(y(zo)

Similarly, the trigger probability of handover from
phantom eNBa2 to phantom eNB6&1 is
P, o (T o = Pi,b (2 o +(1— PL/;(I Jho )PL/;(I — L ).
(21
A handover of macro eNBi to macro eNBj and a
handover of phantom eNBa2 to phantom eNB#A1 occur
during the handover between macro base stations. Only
when both handovers are successfully triggered can the
handover between macro base stations be realized.
Therefore, the trigger probability of handover between
macro base stations is

2L o= P1; (2 o P (2 o (22)
In the handover process, when the SIR value is lower
than the threshold y,,, there will be an outage. The outage
probability of the front antenna of the macro eNBi is
pilx)y=plR(x)<y,]=
PLPw— Lywnld(x) ]* & L<<y.l=

p[€1>P\,m7l‘pmh.m[dz(x):li617Izi}/m]:
P\m_[‘ ath, m di - i_Il'_ m
QLroLenal (;” : ! ) (23)

Base station outage means that both the front and rear
antennas are interrupted. The outage probability of the
rear antenna is expressed as pi(x — L ).y, and the outage
probability of the macro eNB7 is expressed as

1

WI 7 pi (x—L)ygdx,(24)

Di (x )nn:Pf( ot

- I,- + IS 1 6()2
X exp| —— |deo, (19)
26, 20;
where R, is the radius of macro eNBs.
Using p;(x ). to represent the outage probability of

macro eNBj, the outage probability of macro eNBi to
macro eNBj is
Pz.](l' )off:pf( )offpj( X )off+p (2 o X
(1_Pj( )nff)+pj( o (1 z(l)off)~ (25)
The outage probability of phantom eNBa2 to phantom
eNBob1is
Pu.b(l )()“:pu( )me( )(Jff+pu(x Joit X
(1 _Ph( 2 o)+ Pb( Joit (1 _P(,(I Dot ) - (26)
In the process of handover between macro base
stations, any interruption will lead to failure, so the
outage probability of handover between macro base
stations is
P( Joit = pi j( )onpa,/; (2 ot +Pi,j(l‘ Joit X
(1 _pu,b( )off)‘f’Pa./)(l“)on(l _P,;,(I)off). 27)
When macro eNB7 and macro eNBj are not
interrupted and successfully triggered, the handover
between macro eNB7 and macro eNBj is successful, and

the handover success rate is
(1 *Pi(I )nff)Pi,j(I)ho(l

Similarly, the handover
phantom eNBa2 and phantom eNBb&1 is

P, o (2 e =(1 *Pt,( y )Urr)Pa o (2 )o (1— P (x )on)-(29)

The success of handover between macro base stations

7pj(1‘)off)~(28)

between

Pi.j ( X )&u(‘ =

success rate

means that the handover between macro eNB7 and macro
eNBj is successful, and the handover between phantom
eNBa2 and phantom eNBb1 is successful, too. Thus,
the success probability of handover between macro base

stations is

2L )ae = Piy (2 )se P (2 )sae (30)

3 Simulation

3.1 Parameters settings

An HSR wireless communication system model based on
Python 3.6 simulation software under the Tensorflow

framework was established. The HSR wireless
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communication network architecture based on C/U plane
split is shown in Fig.1, the two-hop relay system model is
shown in Fig.2, and the model parameters are listed in
Table 1" The propagation model of the HSR wireless
communication system is COST231-Hata®, which can
modify the basic formula according to the field data

collected in different scenarios. Then, the COST231-Hata
model was modified to simulate different environments
(viaducts, U-shaped grooves, suburbs, towns, cities.) by
changing the path loss of the macro base stations, and SIR
time series set of each base station in different environments
is used as dataset.

Table 1 Model parameters of HSR wireless communication system

Parameter Value Parameter Value
Frequency of macro eNBs f.;/MHz 900 Frequency of phantom eNBs f.,/GHz 5
Transmission power of macro eNBs P, ,,/dBm 43 Transmission power of phantom eNBs P, .//dBm 33
Path loss model of macro eNBs COST231-Hata Path loss model of phantom eNBs WINNER Il D2a
Radius of macro eNBs R,,/km 3 Radius of phantom eNBs R /km 14
Overlapping area of macro eNBs A ,/km 1.2 Overlapping area of phantom eNBs A /km 1.2
Distance between macro eNBs D /km 4.8 Distance between phantom eNBs D /km 1.6
Distance between macro eNBs and railway d,,/km 0.4 Distance between phantom eNBs and railway d,/km 0.02
Antenna height of macro eNBs /4,,/km 0.03 Antenna height of phantom eNBs A ,/km 0.005
Co-channel macro eNBs distance I,,/km 14.4 Co-channel phantom eNBs distance I,/km 9.6
Signal quality threshold of macro eNBs y,,/dBm 16 Signal quality threshold of phantom eNBs y./dBm 22
Handover trigger threshold «/dB 3 Reporting cycle of train T/s 0.1
Train length L/km 0.4 Antenna height of train A,/km 0.002 5

When the train runs from the coordinate origin (the
center of the macro eNB7) to the coverage edge of the
macro eNB:, the SIR value of each base station is simulated
and calculated 300 times for each time series as o=
{x(1), 2(2), «--, 2(300)}. After acquiring the dataset,
the time series are clustered using the £-means clustering
algorithm based on Euclidean distance. The cluster
containing the SIR time series of macro eNBi is used as the
original data set of the macro eNBi prediction model. After
preprocessed, 80% is used as the training set and 20% is
used as the test set. The preprocessing steps are shown in
Fig.4. The processed series with a length of 7 are input into
CNN-WaveNet for training, and the model parameters are
continuously debugged according to the training and testing
results. Therefore, when the train is running, the SIR

series with a length of n reported by the train cycle are

selected and input into the trained prediction model, and the
prediction model will output 4 prediction values with a
prediction step size of k. The loss function used in the
training of the CNN-WaveNet prediction model is mean
absolute error loss (MAE) , and its calculation formula is

2( ylprcdml _ y[)

: (3D

k )
predict

where k represents the number of predicted values, y!

k
i=

Lyar=

represents the predicted value of the model, and y,
represents the theoretical value. The optimization
algorithm used in the training of the prediction model is
the Adam algorithm™’,

learning rate. After a large number of experimental

which can adaptively adjust

tests, the parameter values of the CNN-WaveNet
prediction model are obtained, as shown in Table 2.

Table 2 CNN-WaveNet model parameters

Parameter Value Parameter Value
CNN convolution kernel size 5 Learning rate 0.001
Number of CNN convolution kernels 64 Iterative training times 200
WaveNet convolution kernel size 5 Dropout 0.2
Number of WaveNet convolution kernels 64 WaveNet expansion factor d [1,2,4,8,16,32]

3.2 Simulation results and analysis

Fig.7 shows the relationship between the SIR value of
each base station and the position of the train when the train
runs along the positive direction of x axis. According to the
parameters set of the system model in Table 1, the
abscissas of the source/target macro base stations are x; = 0
km and x; = 4.8km, respectively; and the abscissas of the
source/target phantom base stations are x,, = 1.6 km and
x, = 3.2 km, respectively. The positions of the base

stations are consistent with that in Fig.7.

Position of train/km

Fig. 7 Change in SIR values of base stations
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It can be seen that when the train travels from the source
base station to the target base station, the SIR value of the
target base station gradually increases, while the SIR value
of the source base station gradually decreases, especially
the source phantom base station. The SIR attenuation of the
source phantom base station (eNBa2) is large, which is
mainly due to the high path loss of the phantom base station
using 5 GHz high frequency band.

In order to further verify that the multi-step prediction
model is more practical than the single-step prediction
model, the model prediction time T4 = 0.046 1 s and
decision time T.icen = 0.000 007 s are obtained after
averaging the data recorded by multiple simulations.
Because T o 18 much less than T(T=0.1s) , T uion 1S
ignored. According to Eq. (9), for the single-step
prediction model, the preparation time for handover of
resources can be calculated as 0.053 9 s. According to Egs.
(11) and (12), the relationship between the prediction step
size k and the preparation time for handover of resources is
shown in Table 3. With the increase of prediction step size
k, the multi-step prediction model has more and more
preparation time for handover of resources than the single-
step prediction model on the basis that g satisfies the
conditions. Therefore, the multi-step prediction model is
beneficial to make up for the time consumed by adding
signaling flow in the preparation process for handover of
resources, such as adding the dual-casting mechanism to

4 with a certain

reduce the probability of interruption
amount of time consumed. To sum up, the multi-step
prediction model will have more practical significance.

Table 3

handover of resources

Relationship between %4 and preparation time for

k glgeN’) (Tyrepare = Tprepare)/s

2 1461 <<g=<<2 0.053 9

3 1.922 << g<<3 0.007 8—0.107 8

4 2.383 < g<<4 0.0617—0.161 7
k= DT+ T .

, U ) %| ><g</z (g— DT —(h— DT i

In order to verify the validity of the model, two
indicators are selected for evaluation. The first is mean
absolute percent error (MAPE) , which is calculated as

4
predict ___
>l =i

Eviar = ﬁT (32)

where % represents the number of predicted values. The
smaller the Eyap, the better the prediction performance
of the model. The second indicator is R*, which is

calculated as

k
E(ylpredicl o yi )2
R2: 1 _i=1

k

Z(yziyi)z

i=1

: (33)

where y; represents the mean of theoretical true values.
The closer the R* score is to 1, the better the model
prediction effect is.

LLSTM neural network prediction model and CNN are
commonly used as time series prediction models. In this
study, LSTM with the same depth is used to compare
the prediction performance with CNN and CNN-
WaveNe. As shown in Table 4, the Ey.p and R? of three
prediction model are compared, and the results are
calculated by the mean value of 10 simulation data. The
data show that compared with the LSTM prediction
model, the Eya, of CNN-WaveNet is decreased by
16.54%, and R’ is increased by 10.13%; Compared
with CNN model, Eysr of CNN-WaveNet is decreased
by 17.76%, and R’ is increased by 17.87%. The
prediction performance of CNN-WaveNet model is
better than LSTM and one-dimensional CNN model.

Table 4 Comparison of predictive performance

Model Eyap/ % R*

LSTM 4.05 0.859 4

CNN 4.11 0.803 0
CNN-WaveNet 3.30 0.946 5

Fig.8 shows the results of SIR prediction using multi-
step prediction model based on CNN-WaveNet decision
parameter. It can be seen that the predicted value of
CNN-WaveNet is close to the historical data, and the

prediction effect is better.

29 - —— Historical data
'''' Predictive value

28
/m
=
o
S 27+

26

1 1 1 1

1 1
2:5 2.6 29 2.8 29 3.0

Position of train/km
Fig.8 CNN-WaveNet prediction results

Figs. 9 and 10 will compare the handover trigger
probability and handover success rate of the following three
algorithms in the HSR wireless communication system
based on C/U decoupling architecture: the first algorithm
is the traditional handover algorithm (single link) , the
second algorithm is the dual-link handover algorithm, and
the third algorithm is the dual-link handover algorithm
based on our prediction model. The handover trigger
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probability based on the prediction model can be obtained
according to Eq. (22) , and the handover success rate can be
obtained according to Eq. (30) . Assuming that the train
travels along the track in the positive direction of & axis, the
range of  from 1.5 km to 3.0 km is the position where the
train travels to the overlap area of the base station. Figs.9
and 10 show the changes of handover performance when the

train is in the overlapping area.

LO} —+— Single link of C/U split ‘..'}-”
—x= Dual-link of C/U split ’,."f’
5 0.8 }|--#-- Predicted dual-Link of C/U split
=
2 06+
=
(=%
£ 04r
&0
=
F
0.2}
0 L 1 1 1 1 1 1 1
1.50 1.75 2.00 2.25 2.50 2.75 3.00
Position of train/km
Fig. 9 Comparison of handover trigger probability
1.0
—— Single link of C/U split -
—x— Dual-link of C/U split .."/
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206
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2
£ 04
15}
7
0.2
[)]8

150 175 200 225 250 275 300

Position of train/km

Fig. 10 Comparison of handover success probability

Fig.9 shows the performance comparison of handover
trigger probability with different algorithms. It can be
seen that the trigger probability of the traditional
handover algorithm (single link) is lower than that of the
dual-link handover algorithm. The handover trigger
probability of the dual-link handover algorithm based on
the decision parameter prediction model is the highest.

Fig. 10 shows the performance comparison of
handover success rate under different algorithms. It can
be seen that the traditional handover algorithm (single
link) has the lowest handover success rate. Since the
handover times between macro base stations in HSR
wireless communication system based on C/U
decoupling architecture become more and the possibility
of interruption becomes higher; The handover success
rate of the dual-link handover algorithm is significantly
improved since the front and rear antennas are installed.
If one antenna is interrupted, the other antenna can still

ensure communication, thus reducing the probability of

interruption; Dual-link handover algorithm based on
decision parameter prediction model has the highest
handover success rate because handover can be triggered

in advance after the prediction value is obtained.

4 Conclusions

The optimization of wireless communication handover
in HSRs environment is of great significance to ensure
the safety of train operation and satisfying Internet
experience of users. In this study, the handover
prediction process is added after handover measurement
and before handover decision. The decision parameters
are predicted by CNN-WaveNet prediction model, and
the handover decision is made in advance by using the
predicted values of decision parameters to realize the
preparation for handover of resources. At the same time,
the antenna is installed on the top of the front and rear
compartments of the train to reduce the handover outage
probability and improve the handover trigger probability
and handover success rate. Simulation results show that
the prediction accuracy of decision parameters in the
dual-link handover algorithm based on prediction model
is high, and the algorithm can effectively improve the

handover trigger probability and handover success rate.
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