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Now, the fifth-generation (5G) system plays a more and more important role in the high-speed vehicle-to-infrastructure (V2I)
scenario. In order to realize the high-reliability and high-efficiency transmission, it is essential to obtain accurate channel state
information (CSI) for the 5G system. However, due to the fast time-varying and nonstationary characteristics of the channel in
high-speed V2I scenarios, channel estimation is a challenging issue. In this paper, an artificial intelligence- (AI-) based channel
prediction scheme, called AI-ChannelNet, is proposed to improve the CSI prediction performance in high-speed V2I scenarios.
Specifically, AI-ChannelNet is trained in real time based on the historical channel estimation on the reference signal (RS) to
realize accurate channel prediction and then recovers the received signal according to the predicted channel information. The
integration of the convolutional neural network (CNN) and long short-term memory (LSTM) is designed to extract temporal
features of the channel. And an online RS-based training algorithm is proposed, enabling AI-ChannelNet to track the channel
variation. Evaluated by experiments, the proposed scheme outperforms conventional methods a lot, and more improvement
could be achieved at a higher speed. Besides, the proposed scheme performs well without modification of the 5G radio frame
and loss of transmission efficiency.

1. Introduction

In recent years, vehicle-to-everything (V2X) communication
has attracted great attention in industrial and academic
fields [1]. In the 3GPP specification, V2X applications
include the following four types: vehicle-to-vehicle (V2V),
vehicle-to-infrastructure (V2I), vehicle-to-network (V2N),
and vehicle-to-pedestrian (V2P) [2]. In order to realize vehi-
cle safety applications, dedicated short-range communica-
tion (DSRC) is developed to support V2X communication
between onboard equipment (OBU) equipped on the vehicle
and roadside equipment (RSU) placed on the road through
short-range communication. However, DSRC technology
limits the quality of service (QoS) requirements such as
low data rate and short coverage [3].

Cellular V2X has the ability to overcome the short-range
transmission in DSRC and realize more reliable communica-

tion. Considering the technical deployment as well as practi-
cal value, the 5G Automotive Association (5GAA) group
discussed the services and developed the evolution of C-
V2X standardization from the LTE-V2X to the 5G-V2X.
Through the interconnection of infrastructure, vehicles,
and passengers, 5G-V2X communication technologies are
expected to meet not only the communication requirement
of passengers but also vehicle control, safety, and informa-
tion service [4], which require the wireless communication
system to be able to support a massive number of sensors,
low latency, ultrareliability, Gb/s transmission rate at high
speed, etc. [5]. Besides, the 5G wireless communication tech-
nologies have been widely adapted to high-speed scenarios
with the development of the millimeter wave [6], massive
MIMO [7], nonorthogonal multiple access [8], and so on.

In order to realize the high-reliability and high-
efficiency transmission, it is important to make channel
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estimation, which has been proposed in the literature, i.e.,
least squares (LS) and minimum mean squared error
(MMSE) based on specific signal structures, such as refer-
ence signal (RS), primary synchronization signal (PSS),
and cyclic prefix (CP) [9–11]. Through channel estima-
tion, channel information on the position of RS was
obtained. However, the channel in high-speed V2I scenar-
ios does not satisfy the Wide-Sense Stationary Uncorre-
lated Scattering (WSSUS) assumption due to high
mobility; thus, the great changes in the channel state have
taken place in the interval of RS [12]. Thus, it is essential
to obtain accurate channel state information on payload
symbols, i.e., non-RS via channel prediction.

Generally speaking, the channel prediction was realized
by interpolation methods, including the nearest interpola-
tion, linear interpolation, Gaussian interpolation, and Sinc
interpolation [13, 14]. Compared with other wireless com-
munication technologies, there are nonnegligible challenges
in channel prediction due to the higher frequency band
and up to 500 km/h mobility in the 5G communication sys-
tem, resulting in the higher Doppler shift and the shorter
coherence time. The conventional prediction methods no
longer perform well due to the fast time-varying and nonsta-
tionary characteristics. However, the prediction perfor-
mance can be improved by additional RS [15], which not
only reduces the transmission efficiency but also requires
the modification of radio frames. However, an artificial intel-
ligence- (AI-) based channel scheme has the ability to extract
time-domain features and learn temporal channel regularity,
in which the historical wireless data and scenario data on the
same track can aid the channel prediction for high-speed
scenarios and can be applied in the 5G system to enhance
the accuracy and improve the limitation of conventional
methods [16].

Rapidly developing AI technology provides innovative
solutions for the challenges of the communication system,
such as channel estimation and detection [17], channel
decoding [18], and channel recognition [19]. Specifically,
the prediction on the fast time-varying and nonstationary
channel based on AI has attracted a lot of attention [20].
[21] proposed a channel state information (CSI) prediction
scheme, which achieves similar performance to traditional
methods through the joint learning framework of the convo-
lutional neural network (CNN) and long short-term mem-
ory (LSTM) but costs less computing time. [22] developed
a prediction scheme of multipath link quality in the
millimeter-wave system based on LSTM and verified the
great prediction performance. [23] presented an adaptive
channel prediction scheme based on RNN, which predicts
the nonstationary and time-varying channel by learning his-
torical data. However, in order to make the prediction about
the fast time-varying and nonstationary channel, most of the
proposed algorithms were developed based on the data-
driven neural network, in which the prediction accuracy
depends on a large number of known training data. Once
there is a deviation between the actual channel and the train-
ing dataset, the prediction performance will greatly degrade
[24], while the model-driven neural network is more suitable
for channel prediction in high-speed scenarios due to the

low demand for datasets, low risk of overfitting, and flexible
application deployment [25].

In this paper, we propose a novel AI-based channel pre-
diction scheme, called AI-ChannelNet, for the 5G wireless
system in high-speed V2I scenarios. The AI-ChannelNet is
trained in real time based on the historical channel estima-
tion on RS to realize accurate channel prediction and then
recovers the received signal according to predicted channel
information. The optimized model is experimented over
the WINNER D2a channel model to validate the perfor-
mance in high-speed scenarios. The main contributions of
this paper are as follows:

(1) An AI-based channel prediction scheme for 5G wire-
less communications in high-speed V2I scenarios
was proposed to reconstruct the CSI

(2) A learning framework based on CNN was developed
to extract the temporal regularity to make channel
prediction

(3) An online RS-based training strategy was developed
to adjust the CNN predictor dynamically and track
the time-varying and nonstationary channel

(4) A hybrid deep-layer network was developed to map
the relationship between the channel information
and the received signal to recover transmitted data

The remainder of the paper is organized as follows. We
first briefly introduce the channel characteristics, the system
model, and the reference signal in the 5G system in Section
2. Then, we describe the proposed channel prediction
scheme in detail, including the workflow, the architecture
and dataflow, and the training in Section 3. Afterward, the
experiment results and analysis are provided in Section 4.
Finally, the conclusions are drawn in Section 5.

2. Channel Prediction in High-Speed
V2I Scenarios

2.1. Channel Characteristics. Due to the terrain and electro-
magnetic characteristics, the special high-speed V2I sce-
narios, such as expressway and high-speed railway
(HSR), have a significant impact on radio propagation.
For the diverse high-speed V2I scenarios, the characteris-
tics of the channel, such as Doppler shift, multipath delay,
and angle spread, change rapidly and significantly with
time; i.e., the channel appears to be fast time-varying
and nonstationary.

Figure 1 shows a typical high-speed V2I scenario. Due to
the open space and the antennas of gNB being usually 20-
30m higher than roads, the line of sight (LOS) is the domi-
nant propagation mechanism. In practice, the channel per-
forms special characteristics in high-speed V2I scenarios.
In [26], the region can be divided into two areas for model-
ing. (1) UE is in the vicinity of gNB, where the LOS path is
affected by the angle of the antenna pattern. (2) UE is far
away from gNB, where the LOS path is affected by the prop-
agation distance. The regularity of the channel, which
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describes instantaneous state variation, is significantly differ-
ent between these two regions.

Furthermore, the dynamic variation patterns of channel
characteristics, such as path loss (PL), Ricean K factor,
Doppler frequency shift, and channel impulse response
(CIR), were studied through the measurements in [27]. For
instance, the Doppler shift of LOS sweeps a lot as the UE
passes through the gNB and maintains the maximum value
when UE is far away from gNB with stable speed, as shown
in Figure 2.

As aforementioned, lots of measurements have illus-
trated that although the channel performs obvious fast
time-varying and nonstationary characteristics in high-
speed V2I scenarios, the channel characteristics have obvi-
ous variation patterns and predictable characteristics due
to the linear arrangement of gNB along the track, the rela-
tively stable speed of UE, etc., which are expected to provide
more accurate channel prediction via AI technology and
improve the communication performance.

2.2. The System Model. For the high-speed V2I scenarios,
consider a 5G wireless system with N subcarriers, Nr
receiver antennas, and N t transmitter antennas. Let XðtÞ =
½xðtÞ1,⋯, xðtÞN t �T be the transmitted signal, with xðtÞi =
½xðtÞi0,⋯, xðtÞiN−1�

T
being the signal vector transmitted from

the i-th antenna, i = 1,⋯,N t. We denote the received signal

by YðtÞ = ½yðtÞ1,⋯, yðtÞNr �T , where yðtÞj is the received
OFDM symbol on the j-th receiver antenna, j = 1,⋯,Nr.

The received signal is shown below:

Y tð Þ =H tð ÞX tð Þ +N tð Þ, ð1Þ

where NðtÞ represents the complex Gaussian noise vector at
time t. Furthermore, the complex channel matrix HðtÞ of
size ðNr,N tÞ is given by the following:

H tð Þ =
h11 tð Þ ⋯ h1N t

tð Þ
⋮ ⋱ ⋮

hNr1 tð Þ ⋯ hNrN t
tð Þ

2
664

3
775, ð2Þ

where hjiðtÞ represents the complex channel coefficient of
the subchannel from the i-th transmitter antenna to the j
-th receiver antenna.

The RS that is already known to both the transmitter and
the receiver is transmitted for channel estimation. The esti-
mated channel coefficient ĥjiðmÞ on the m-th RS can be
derived from the received RS as follows:

ĥji mð Þ = y mð Þj
p mð Þi

= hji mð Þ + ~hji mð Þ, ð3Þ

where yðmÞj, pðmÞi, and ~hjiðmÞ represent the received signal
on the j-th receiver antenna, the known RS from the i-th
transmitter antenna, and channel estimation errors, respec-
tively, on the m-th RS position. In practice, the estimated

gNB

UE

Figure 1: The typical high-speed V2I scenario.
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channel coefficient ĥjiðmÞ is discrete due to the discrete RS.
To obtain accurate channel information, interpolation
methods are employed to predict the channel on payload
symbols.

2.3. Reference Signal in the 5G System. The prediction perfor-
mance of conventional methods is affected by the allocation
of RS, which is related to the radio frame structure. Different
from other communication systems, the number, position,
and density of RS in the 5G system are configurable, as
shown in Figure 3. For the radio frame (normal CP) of 5G,
there are ten subframes in each radio frame, two slots in
each subframe, and fourteen OFDM symbols in each slot,
which contains one RS and thirteen payload symbols,
respectively. The RS distributes discretely in the time and
frequency domains; thus, the accurate channel information
needs to be predicted by interpolation.

The higher frequency band of 5G and higher speed in
high-speed V2I scenarios result in the higher Doppler shift
and the shorter coherence time. The coherence time can be
calculated as follows:

Tcoh ≈
1

2πf d,max
, ð4Þ

where f d,max is the maximum Doppler shift.
For the 5.9GHz frequency band, which has become the

premier option for commercial V2I scenario deployments
[28], the coherence time Tcoh is 0.24ms when v = 120 km/h
. In this case, the coherence time is shorter than the duration
of one slot and the channel in the interval of RS changes
significantly.

For the 5G wireless system in high-speed V2I scenarios,
an additional RS is added to the slot, named 5G-addition in
the 3GPP TS 38.211 [29], as shown in Figure 3. More RS

help track the channel in high-speed V2I scenarios with
the loss of the transmission efficiency slightly.

3. AI-ChannelNet

The AI-ChannelNet was introduced in this section from
three aspects: the workflow, the architecture and dataflow,
and the training methods.

3.1. Workflow. For the time domain, the channel between
adjacent RS performs temporal regularity due to the fast
time-varying channel and the linear gNB arrangement in
high-speed V2I scenarios. For the frequency domain, the
channel between adjacent subcarriers changes moderately.
Therefore, the AI scheme was developed to make the time-
domain prediction and the linear interpolation method was
used in the frequency-domain prediction. The workflow of
AI-ChannelNet is shown in Figure 4 with four steps as
follows:

(1) The AI-ChannelNet predicts the channel informa-
tion on the non-RS position based on the learned
channel regularity in the time domain

(2) The linear interpolation is employed to predict the
channel information on the non-RS position in the
frequency domain. Note that the learned channel
regularity of AI could not be generalized along the
subcarriers and the negative impact caused by high
mobility is mainly reflected in the time domain

(3) The predicted channel information and received sig-
nal are redefined as the CSI image and signal image,
respectively, which have the real-part channel and
imaginary-part channel. For these images, each pixel
represents an OFDM symbol and corresponding
channel information. The length and width of the
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Figure 2: The measured dynamic Doppler shift in V2I scenarios [26].
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image represent time and different subcarriers,
respectively

(4) Through feeding the CSI image and signal image
simultaneously, the AI-ChannelNet outputs the
recovered transmitted signal

3.2. Architecture and Dataflow. Figure 5 shows the architec-
ture of AI-ChannelNet, which contains the CNN and
LSTM to predict channel information and recover received
signals, respectively. The convolution layer, pooling layer,
and fully connected layer are designed in CNN to simplify
the architecture and adapt to the online training algorithm
with the complexity as low as possible. The LSTM layer
and convolution layer are designed in LSTM to learn the
relationship between the received signal, the channel infor-
mation, and the transmitted signal with the complexity as
sufficient as possible.

In AI-ChannelNet, the dataflow is divided into two lines:
the dataflow of RS and the dataflow of the received signal
(including payload symbols).

3.2.1. The Dataflow of RS. For the dataflow of RS, the latest
RS is used to determine whether the weights of AI-
Channel Net need to be updated. Then, it is stored in the
historical buffer for a period of time, which is employed as
the dataset for the online training algorithm. Before being
fed into AI-ChannelNet, the RS needs to be preprocessed
via the two-dimensional process and shift. The two-
dimensional process is to process the complex-valued chan-
nel information into real and imaginary parts, respectively.
The shift is to split the original data into multiple continuous
time series by a historical window with constant length. The
input and label of training and the input and output of pre-
diction are shown as follows, respectively:
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For training, we have the following:

Input : h m − k, 0ð Þ,⋯, h m − 1, 0ð Þ, h m, 0ð Þ,
Label : h m + 1, 0ð Þ:

(
ð5Þ

For prediction, we have the following:

Input : h m − k, qð Þ,⋯, h m − 1, qð Þ, h m, qð Þ,
Output : h m + 1, qð Þ, q ∈ 1, 2,⋯,N − 1f g,

(
ð6Þ

where hðm, 0Þ is the channel coefficient on the m-th RS;
hðm, qÞ is the channel coefficient on the q-th payload sym-
bol after the m-th RS; k is the constraint length, which
represents how much historical information the single pre-
diction depends on; q ∈ f1, 2,⋯,N − 1g is the index of
payload symbols; and N is the number of symbols in the
interval of RS.

After preprocessing, convolution operation occurs in the
time dimension to extract the temporal features from the
real component and imaginary component, which is equiva-
lent to carrying out the one-dimensional convolution opera-
tion on two-dimensional data. The extracted features are
reflected in the feature map, which is calculated as follows:

Zp =Wp ⊗ X + Bp = 〠
2

d=1
Wp,d ⊗ Xd + Bp, ð7Þ

where Zp is the p-th feature map, which is extracted by the p
-th convolution kernel Wp, and X = ½h1, h2,⋯, hk� is the
input vector. Bp is the bias of the p-th convolution kernel,
d is the dimension of vectors, and ⊗ is the convolution
operation. With the convolution kernel size m, the calcula-
tion process of zi in the feature map Zp is shown as follows,
where w, b, and h are the elements of Wp, Bp, and X:

zi = 〠
m

u=1
〠
2

d=1
wu,d · hi+u−1,d + bi: ð8Þ

For the time series prediction problem based on the neu-
ral network, the mean squared error (MSE) is often used to
train the loss function of the process. But in channel predic-
tion, the object of prediction is the complex coefficient, so
this paper considers the Error Vector Magnitude (EVM) as
the loss function of the training process to measure the sim-
ilarity between the target value and the output value so as to
improve the learning effect. The EVM loss function is calcu-
lated as follows:

Levm =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N

n=1 ĥn − hn
��� ���2

∑N
n=1 hnj j2

vuuut , ð9Þ
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where hn and ĥn, n = 1,⋯,N , are the label values and pre-
dicted values, and N is the number of training samples.

3.2.2. The Dataflow of the Received Signal. For the dataflow
of the received signal, they are fed into AI-ChannelNet
together with predicted channel information. The temporal
relationship between the received signal and the channel
information is extracted by LSTM, and then the recovery

process is treated as the classification problem to output
the transmitted signal. The architecture of the LSTM unit
is shown in Figure 6. LSTM neural network transmits cyclic
information by introducing the internal state Ct and output
data features to the external state st , calculated as follows:

Ct = f t ⊙ Ct−1 + it ⊙ ~Ct , ð10Þ

Input: The historical buffer length l
The update threshold α
The loss threshold β

Initialize: The number of epochs n
The update sensitivity r
The update counter c = 0
The historical buffer Θ = ½hðm − l, 0Þ, hðm − l + 1, 0Þ,⋯, hðm, 0Þ�
The weights of CNN which are trained by the buffer

Output: The predicted values on payload symbols
while the value on the latest RS position he is estimated do

The value on the latest RS position hp is predicted by CNN based on the Θ.
Update the Θ by
fori = 0 : l − 1do

hðm − 1 − i, 0Þ⟵ hðm − i, 0Þ
end for
hðm, 0Þ⟵ he
levm ⟵ Evmðhe, hpÞ
iflevm > αthen

c⟵ c + 1
ifc > rthen

c⟵ 0
CNN is trained based on the Θ:
p = 0
ifp < nthen

levm ⟵AdamðLevm,ΘÞ
iflevm > βthen

Break
else

p⟵ p + 1
end if

end if
end if

end if
Predict the values on payload symbols

end while

Algorithm 1: Online RS-based training for AI-ChannelNet.

Table 1: The difference of online and offline neural network deployment.

Online deployment Offline deployment

Learning object Temporal channel regularity Mapping from the received signal to the transmitted signal

Input information Channel value on the RS position Mapping from the received signal to the transmitted signal

Output information Channel prediction on the payload symbol position Estimated transmitted signal

Function Track channel Signal recovery

Network baseline CNN LSTM+CNN

Training method Online RS-based training method Offline classification training method

7Wireless Communications and Mobile Computing



st = ot ⊙ tanh Ctð Þ, ð11Þ
where ~Ct is the candidate status, and f t , it , and ot are the for-
get gate, the input gate, and the output gate, respectively,
defined as follows:

~ct = tanh Wc st−1, xt½ � + bcð Þ, ð12Þ

f t = σ Wf st−1, xt½ � + bf
� �

, ð13Þ
it = σ Wi st−1, xt½ � + bið Þ, ð14Þ

ot = σ Wo st−1, xt½ � + boð Þ, ð15Þ
whereWc,f ,i,o and bc,f ,i,o are weight matrices and bias vectors,
xt is the current input, st−1 is the hidden state at the previous
moment. The standard sigmoid function σð·Þ and the hyper-
bolic function tanh ð·Þ are defined as follows:

σ xð Þ = 1
1 + e−x

, ð16Þ

tanh xð Þ = ex − e−x

ex + e−x
: ð17Þ

For the three gates, the forget gate f t , the input gate it ,
and the output gate ot control the information that needs
to be forgotten in the Ct−1, the information that needs to
be saved in the ~Ct , and the data that needs to be output to
the ht , respectively.

Then, the temporal relationship extracted by LSTM is
fed into the convolution layer to the recovery signal. The cat-
egory label is f1, 2, 3,⋯, 2Mg, where M is the modulation
order. The output layer is designed as the softmax layer,
where the number of nodes K is equal to the number of cat-
egories. Assume that the output value of the i-th node is pi.
Then, the probability that belongs to i in the output layer is
as follows:

Pi =
epi

∑K
j=1e

pj
: ð18Þ

Correspondingly, the loss function of training is the
cross-entropy function as follows:

Lcross−entropy = −
1
N
〠
N

n=1
〠
K

i=1
Ii,n log Pi,nð Þ, ð19Þ

where Ii,n is the indicator vector (1 represents the n-th sam-
ple that belongs to the category i, and 0 represents not), and
N is the number of training samples.

3.3. Training. The training of AI-ChannelNet includes two
strategies: online RS-based training and offline classification
training, which are aimed at tracking the dynamic channel
in real time and learning the certain mapping, respectively.

3.3.1. Online RS-Based Training. AI-ChannelNet is trained
via the online RS-based training algorithm to track the
dynamic channel and realize the accurate channel predic-
tion. The online RS-based training algorithm is shown as
Algorithm 1.

The historical buffer length l represents the memory
capacity of the buffer: too large will increase the convergence
time of each iteration, and too small will result in poor track-
ing performance.

The update threshold α is introduced as the trigger of the
online training algorithm, which is used to determine
whether the network is updated or not.

The update sensitivity r is set to reduce the update fre-
quency, avoiding successive updates when the channel
changes suddenly.

The early-stop strategy based on the loss function is
adapted in online training to speed up the convergence, in
which the optimizer is terminated once the loss function
value exceeds threshold β.

3.3.2. Offline Classification Training. For the offline training,
the massive volume of historical data, including the channel
information, received signal, and transmitted signal, is con-
ducted as the training samples to learn the mapping from
the received signal to the transmitted signal. Then, the loss
function is reduced by using the Adam optimizer based on
the backpropagation. As a result, we obtain a well-trained
neural network which can be implemented offline.

The proposed scheme includes online deployment and
offline deployment with differences in terms of the learning
object, input and output information, function, network
baseline, and training method, which are compared in
Table 1.

4. Numerical Results

Compared with the conventional methods, the prediction
performance and reliability of AI-ChannelNet are evaluated
in this section. Furthermore, the simulation data generated
by the WINNER D2a channel is tested in the experiment.

4.1. Channel Characteristics of the WINNER D2a Model. At
present, there are fewer standard channel models for V2I
scenarios, especially under high speed; thus, the approximate
WINNER channel model was used in the experiment in this
section.

The WINNER II channel model is a link-level and
system-level simulation model for broadband communica-
tion systems such as LTE and 5G systems. Propagation sce-
nario D2a represents radio propagation in environments
where the UE are moving at a very high speed in a rural area

Table 2: The channel and scenario parameters.

Parameters Value

Channel model WINNER D2a

Number of links 100

Segment distance 10m

Coverage radius of gNB 500m

Vertical distance between the gNB and the track 50m

Moving speed 90-150 km/h

8 Wireless Communications and Mobile Computing



[30]. In this condition, the WINNER D2a model is a widely
used standard channel model for high-speed moving scenar-
ios and is suitable for high-speed V2I scenarios. The simula-
tion parameters are shown in Table 2.

Figure 7 shows the channel variation over the whole cov-
erage of gNB when v = 120 km/h. It can be seen that the
channel coefficient changes rapidly in the time domain and
the WINNER D2a channel performs an obvious fast time-
varying characteristic.

Figure 8(a) shows the Doppler shift variation with dis-
tance from the gNB, which accord well with the measure-
ment results mentioned in Section 2.1. Figure 8(b) shows
the channel coefficient in the typical positions, which are
in the vicinity of gNB and far away from the gNB, respec-
tively. It can be seen that the channel coefficient changes
with predictable characteristics in the time domain when
UE is far away from gNB and the WINNER D2a channel
performs an obvious nonstationary characteristic.

4.2. Prediction Performance. To validate the performance of
the proposed scheme, the parameters of AI-ChannelNet
are optimized firstly through lots of experience experiments
and are presented in Table 3.

Figure 9 shows the real part of channel prediction results
along the time when v = 120 km/h, which is similar to the
imaginary part. From this figure, we can find that the predic-
tion results are very close to the ground truth. With the UE
far away from the gNB, the regularity of the channel tends to

be obvious and the prediction performance becomes better.
This result implies that the AI-ChannelNet is beneficial to
channel prediction in high-speed V2I scenarios.

Figure 10 shows the prediction performance of AI-
ChannelNet and conventional methods in the whole gNB
coverage when v = 120 km/h. For the 5G radio frame, it is
not able to meet the requirement of communication through
conventional methods with an unacceptable EVM of 36%
and more, while that of AI-ChannelNet is 15% to 3%. In
order to improve the prediction performance of conven-
tional methods, the 5G-addition radio frame is employed
to conduct experiments. Although the EVM of the nearest,
linear, Gaussian, and Sinc methods decreases to 26%, 14%,
11%, and 8%, respectively, it is still higher than that of the
AI-ChannelNet. Besides, the AI-ChannelNet performs better
when the UE is far away from the gNB as the regularity of
the channel becomes more obvious.

Figure 11 shows the comparison of AI-ChannelNet and
conventional methods on the 5G-addition radio frame when
v = 120 km/h. It can be seen that the prediction result of AI-
ChannelNet is more close to the perfect channel. The second
is the Sinc method with some distortion points. The predic-
tion results of the Gaussian, linear, and nearest methods are
seriously distorted.

Tables 4 and 5 show that the prediction performance
varies with speed on the 5G and 5G-addition radio frames,
respectively. It can be seen that AI-ChannelNet performs
better than conventional methods in high-speed moving
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Figure 7: The fast time-varying characteristic of the WINNER D2a channel.
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Figure 8: The nonstationary characteristic of the WINNER D2a channel. (a) Doppler shift variation with distance from the gNB. (b) The
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scenarios. For instance, EVM of Sinc methods on the 5G
radio frame increases from 7.89% to 39.24% with 90 km/h
to 140 km/h while that of AI-ChannelNet is about 4%. Note
that the higher the speed is, the more improvement can be
obtained by AI-ChannelNet.

4.3. Reliability. The 5G wireless communication system
parameters are shown in Table 6. Figure 12 shows the CSI
image predicted by AI-ChannelNet when v = 120 km/h,
which is used to recover the received signal. The X-Y-Z axis
corresponds to the slot (time domain), the subcarrier (fre-
quency domain), and the CSI image pixels (channel infor-

mation), respectively. It can be seen that the CSI images on
different radio frames are similar, which are both close to
the perfect CSI images. The figure illustrates that AI-
ChannelNet can achieve acceptable prediction performance
on the 5G radio frame so as to reduce the number of RS
and improve the transmission efficiency in high-speed V2I
scenarios.

Figure 13 shows the BER of different methods on the 5G
radio frame when v = 120 km/h. For conventional methods,
the communication systems are not able to work normally
due to poor prediction performance while AI-ChannelNet
performs well with low BER. Although the performance of

Table 3: The AI-ChannelNet parameters.

Parameters Value

Number of convolution kernels 8

Size of convolution kernels 1 × 3
Number of units in the fully connected layer 128

Number of LSTM units 64

Constraint length 80

Historical buffer length 15

The update threshold 0.015

The loss threshold 0.015

The update sensitivity 2

Epochs 300

Batch size 50

Optimization Adam

Loss function EVM and cross-entropy

Learning rate 0.001
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Figure 9: The real part of the ground truth and prediction results of AI-ChannelNet.
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conventional methods can be improved by increasing the
RS, it needs excessive consumption of transmission
resources. Thus, the proposed AI-ChannelNet is expected
to be applied to communication systems at ultrahigh speed.

Figure 14 shows the throughput of different methods on
the 5G radio frame when v = 120 km/h. It can be seen that
AI-ChannelNet performs higher throughput than conven-
tional methods. When SNR increases, the advantage of AI-
ChannelNet becomes more obvious due to the accurate
channel prediction. Although the strategy that increasing
RS improves channel prediction performance and decreases
BER in conventional methods, resulting in better through-
put, it is negative for AI-ChannelNet due to additional trans-
mission cost. As mentioned above, AI-ChannelNet
outperforms others with high throughput as well as low
BER, which is expected to realize the high-reliability and
high-efficiency transmission in high-speed V2I scenarios.

For comparison, the adaptive and parameter-free recur-
rent neural structure (APF-RNS) [23], which was used for
real-time prediction in the dynamically nonstationary chan-
nel, is also simulated. It can be observed that both methods

can present more accurate channel prediction results under
higher SNR. However, the proposed method is more suitable
for high-speed conditions, especially in higher SNR, which
performs far lower BER and higher throughput than that
of APF-RNS. This demonstrates the effectiveness of our pro-
posed method in the high-speed scenario. Besides, the pro-
posed method has the advantages that cannot be shown in
the figure as follows:

(1) A smaller neural network scale than APF-RNS corre-
sponds to a faster convergence speed

(2) Channel information is required only in the position
of RS, while the successive channel data is required
for training in APF-RNS

4.4. Computation Complexity. The floating point of opera-
tions (FLOP), which represents the total computational cost,
has been introduced as the measurement of computation
complexity in deep learning research widely [31, 32]. As a
standard convolution layer, the FLOP is calculated as
follows:

FLOP =Dk
2 ·N f ·Nc ·DF

2, ð20Þ

where Dk is the kernel size, N f is the number of filters, Nc is
the number of channels, and DF is the size of the feature
map. For the optimized parameters of the CNN predictor,
the FLOP values are shown in Table 7.

It can be seen that the computational complexity of the
forward propagation is 5120 FLOP. Besides, the CNN is
trained by the online real-time training algorithm; thus, the
computational cost of backpropagation is indispensable.
Considering that the maximum number of epochs is set as
300 and the historical buffer length is optimized as 15, the
maximum FLOP, including training and prediction, is
46.08M FLOP. In fact, the average FLOP is less than it due
to the early-stop strategy.

Table 4: The prediction performance varies with speed on the 5G radio frame.

EVM (%) 90 km/h 100 km/h 110 km/h 120 km/h 130 km/h 140 km/h 150 km/h

AI-ChannelNet 3.13 3.41 3.68 4.06 4.20 4.40 4.71

Nearest 19.46 23.65 27.58 35.25 37.44 39.24 43.48

Linear 9.38 15.08 22.82 28.16 38.18 42.45 45.82

Gaussian 8.62 13.86 20.98 26.01 35.09 39.02 42.12

Sinc 7.89 8.49 16.27 24.66 33.25 37.14 39.24

Table 5: The prediction performance varies with speed on the 5G-addition radio frame.

EVM (%) 90 km/h 100 km/h 110 km/h 120 km/h 130 km/h 140 km/h 150 km/h

AI-ChannelNet 3.51 3.79 3.83 4.41 4.59 5.25 5.69

Nearest 14.13 18.60 21.11 25.45 29.88 33.16 35.97

Linear 5.20 7.76 10.78 13.85 19.84 25.25 28.94

Gaussian 2.80 4.47 7.45 11.07 17.25 22.35 28.92

Sinc 7.29 7.64 7.30 7.76 10.49 14.53 21.37

Table 6: 5G wireless communication system parameters.

Parameters Value

Carrier frequency 5.9 GHz

Bandwidth 50MHz

Number of resource blocks 133

Cyclic prefix Normal

Modulation 16QAM

Spacing of subcarriers 30 kHz

Channel coding scheme LDPC

Code rate 0.5

SNR 0 to 10 dB
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As a standard LSTM layer, the FLOP is calculated as
follows:

FLOP = 4 · Nr +Dl + 1ð Þ ·Nr, ð21Þ

where Nr is the number of LSTM neurons and Dl is the con-
straint length. The size of weight matrices and FLOP are
shown in Table 8. The size of the input CSI image is (80,
12, 4); thus, the weight matrix of the LSTM layer is

(64 + 80, 12, 4, 64). Besides, the number of LSTM neurons
is 64 and the output size is (80, 64). It can be seen that the
computation complexity of the proposed algorithm is
811008 FLOP.

Although the computational complexity of the pro-
posed algorithm is obviously larger than that of conven-
tional methods, the performance can be improved
significantly through additional complexity. In order to
track the channel in time, the neural network was limited
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Figure 12: The real part and imaginary part of the channel CSI image predicted by AI-ChannelNet.
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to be updated once within 0.5ms, which is the interval of
adjacent RS. Fortunately, the computational ability of
CPU/GPU has developed a lot in recent years. For exam-
ple, the GTX 1080Ti was popular in deep learning
research with the 11.3T FLOP, which has sufficient com-
puting power for the proposed algorithm with only 4 × 1
0−3ms cost (including training, prediction, and recovery
signals). Therefore, the proposed algorithm can be imple-
mented with acceptable computation complexity to track

the fast time-varying wireless channel in the high-speed
V2I scenario.

5. Conclusion

In this paper, a novel AI-based channel prediction scheme
for the 5G wireless system in high-speed V2I scenarios is
proposed. In the proposed scheme, the temporal features
of the channel in high-speed V2I scenarios are extracted by
the integration of CNN and LSTM to present accurate chan-
nel information. The predictor is trained in real time based
on the historical channel estimation on RS to realize accu-
rate channel prediction and then recovers the received signal
according to predicted channel information, which leads to
better performance compared to the conventional methods.
Through the numerical experiment on the WINNER D2a
channel model, more improvement could be achieved by
the proposed scheme at a higher speed, e.g., 140 km/h.
Besides, the proposed scheme performs well without addi-
tional RS in high-speed V2I scenarios, which avoids exces-
sive consumption of transmission resources. The proposed
scheme is expected to be applied to the 5G wireless system
to improve the communication performance in high-speed
V2I scenarios.

Data Availability

The data that support the findings of this study are available
from the corresponding author upon reasonable request.
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Figure 14: The throughput of different methods on the 5G radio frame with v = 120 km/h.

Table 7: The FLOP of AI-ChannelNet (CNN).

Layer Kernel size Output size FLOP

Conv1D (3, 1, 8) (80, 1, 16) 3840

Pooling 0 (40, 1, 16) 0

Flatten 0 (640) 0

Dense (640, 2) (2) 1280

Summary — — 5120

Table 8: The FLOP of AI-ChannelNet (LSTM).

Layer Kernel size Output size FLOP

LSTM (144, 48, 64) (80, 64) 442368

Conv1D (3, 1, 8) (80, 64, 8) 122880

Pooling 0 (40, 32, 8) 0

Flatten 0 (10240) 0

Softmax (10240, 24) (12, 2) 245760

Summary — — 811008
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