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Abstract

In this paper, machine learning (ML) algorithms are used for channel prediction in wire-
less communications. The performances of five ML algorithms are compared in terms of
the prediction accuracy and the symbol error rate (SER) of different modulation schemes
based on the prediction. The result shows that, for channel prediction, support vector
machine (SVM) has the best performance in terms of accuracy and stability. For signal
detection, SVM and linear regression (LR) have their own advantages in different ranges
of signal to noise ratio (SNR). At high constellation size, ML methods give similar perfor-
mances to existing scheme. From the numerical examples, the SERs based on SVM and
LR can both reach lower than 10−3 in binary phase shift keying and 16-ary quadrature
amplitude modulation signalling, and can reach 1.13×10−2 and 4.28×10−3 in 16-ary phase
shift keying signalling respectively. In terms of prediction time, SVM is more efficient.

1 INTRODUCTION

Since the communication channel is at the bottom of the phys-
ical layer in a wireless communication system, the received
signal can be seriously affected by channel dynamics caused
by distortions, such as fading, noise, and interference [1]. As
a result, the performance of the wireless system will also be
affected. Traditionally, to recover the unknown transmitted data
symbols and to tackle the random distortions in the commu-
nication channels, the distortions will be compensated at the
receiver according to their estimated value. Thus, a wireless
receiver has two main functions: channel estimation and sig-
nal detection. To estimate the wireless channel, channel esti-
mation can be categorised as blind estimation, decision-based
estimation, and pilot-symbol-assisted estimation [2]. As a widely
used method, pilot symbols whose positions and values in
the time–frequency domain are known to both the transmit-
ter and the receiver, are used to assist the estimation [3].
The main idea of this method is to remove the uncertainty
from the transmitted symbols in the estimation of the chan-
nel, which is then used to remove the uncertainty in the chan-
nel to recovery unknown transmitted symbols in later signal
detection [4].

Most existing pilot-assisted estimators use classical meth-
ods, such as least squares (LS) and minimum mean squared
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error (MMSE). Generally speaking, the LS estimator esti-
mates the wireless channel without using its statistical infor-
mation, but the method is sensitive to the interference [5].
The method of MMSE makes use of the noise variance and
correlation of the channel, which increases the computational
complexity, as calculation of the sample correlation matrix is
complicated [6].

On the other hand, in recent years, machine learning (ML)
algorithms have been widely applied to various fields, such as
natural language identification and image processing, because of
their good performance and popularity [7]. There are two dif-
ferent types of ML: classification and regression [8]. Since the
estimation of the wireless channel is essentially about regres-
sion, ML can be applied to channel estimation in wireless com-
munications. By using ML algorithms, channel gain can be cal-
culated without the channel correlation matrix, which leads to
higher efficiency. For example, in ref. [9], a low-complexity
channel estimator based on the ML method and the MMSE
structure was proposed. In the estimator, the model parame-
ters were learned instead of fined-tuned for different channel
models. An ML-based time-division duplex scheme was pre-
sented in ref. [10]. In this scheme, channel state information
(CSI) was obtained based on the temporal channel correlation,
and the estimation performance was optimised. In ref. [11], a
real-valued sparse Bayesian learning approach was developed
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to estimate the downlink channel of a massive multiple-input
multiple-output (MIMO) system. By converting the complex-
valued channel recovery problem into a real one, the computa-
tional complexity was significantly reduced. Deep learning (DL)
methods were used in ref. [12] to resolve the estimation of
fast time-varying MIMO orthogonal frequency division multi-
plexing (OFDM) channels. The results showed that DL mod-
els outperformed traditional algorithms in both accuracy and
robustness. In ref. [13], a cost-efficient convolutional neural net-
work was used to classify the modulation of radio signals for
various distortions and noise. Its accuracy can reach over 93%
at a signal-to-noise ratio (SNR) of 20 dB. In ref. [14], a DL-
based super-resolution network and an image restoration net-
work were cascaded for channel estimation as ChannelNet, and
in ref. [15], a residual learning based deep neural network called
ReEsNet was proposed and compared with ChannelNet in ref.
[14].

As the CSI between two relatively moving transceivers is
correlated in time, recently, increasing researches have focused
on wireless channel prediction. Generally, there are mainly two
types of channel prediction: autoregressive model prediction
and parametric model prediction [16]. For example, in ref. [17],
a recurrent neural network (RNN) based real-time channel pre-
dictor was proposed. By using historical CSI for training, the
network achieved CSI prediction. In ref. [18], long short-term
memory and gated recurrent unit were used, and the predic-
tion accuracy was further improved. Among the works on chan-
nel prediction, non-e of them has predicted the wireless chan-
nel using the noisy received signals. Moreover, as the latest
advance in ML, DL has good accuracy du e to long training and
large-scale data [19]. Traditional ML algorithms are rarely used
in recent works. In refs. [20] and[21], support vector machine
(SVM) was cascaded for channel estimation in massive MIMO
systems with one-bit analogue-to-digital converters. An SVM-
based channel estimation method and a two-stage signal detec-
tion method were proposed. However, traditional ML algo-
rithms, which produce the results without large-scale data for
long-time training and do not need high-performance GPU,
CPU, or SSD, as in DL, are a good choice for real-time pre-
diction [7, 22]. Motivated by these observations, in this work,
the feasibility of channel prediction using traditional ML algo-
rithms will be explored. Five different traditional ML algorithms
are used to build predictive models using the noisy received sig-
nals and historical CSI: 1) random forest (RF), 2) SVM, 3) linear
regression (LR), 4) decision tree(DT) and 5) ensemble regres-
sion (ER). All the methods in this research are based on Statis-
tics and Machine Learning Toolbox of Matlab R2019b. The
channel state information will be extrapolated from the predic-
tive models. All the used algorithms are supervised regression
algorithms. Their performances are calculated and compared.

The rest of the paper is organised as follows. In Section 2, the
system model will be described. In Section 3, the sample size,
the training size, and different algorithms will be considered
and selected for further use. In Section 4, signal detection will
be simulated using the predicted channel based on the selected
algorithms and parameters and the results will be discussed. In
Section 5, the conclusions will be drawn.

2 SYSTEM MODEL

The data symbols are assumed to be transmitted and received
in frames each of which contains K data symbols. Within the K
symbols of a frame, the first one is a pilot symbol and the other
K − 1 symbols are data symbols. All the symbols are from a
signal set of M possible values. The value of the pilot symbol is
known as b̃.

The received signal from wireless channel can be represented
as

r (t ) = c (t )s(t ) + n(t ) (1)

where c (t ) is the complex channel gain, s(t ) is the transmitted
signal, and n(t ) is the additive white Gaussian noise (AWGN),
which is a zero mean Gaussian random process, and the trans-
mitted signal s(t ) can be written as

s(t ) =
∞∑

i=−∞

b(i )p(t − iT ) (2)

where b(i ) is the value of the ith transmitted signal, T is the
symbol duration, and p(t ) is the shaping pulse with energy
Ep.

The complex channel gain c (t ) is a complex Gaussian ran-
dom process with variance 𝜎2

c , and it can be represented
as

c (t ) = cR (t ) + jcI (t ). (3)

If the channel is Rayleigh fading, one has

p|c (t )|(x ) =
x
𝜎2

e−
x2

2𝜎2 (4)

E
{

cR (t )
}
= E

{
cI (t )

}
= 0. (5)

where p|c (t )|(x ) is the probability density function (PDF) with
parameter 𝜎2, and E {.} is the expectation. If the channel is
Rician fading, it has

p|c (t )|(x ) =
x
𝜎2

e−
x2+A2

2𝜎2 ⋅ I0

(
xA
𝜎2

)
(6)

E
{

cR (t )
}
= mR (t )

E
{

cI (t )
}
= mI (t ). (7)

where A is the peak value of line-of-sight amplitude, and
I0 is modified Bessel function of first kind with order
zero.

Its autocorrelation function can be represented as

Rc(𝜏) = 𝜎2
c R̃c(𝜏) (8)
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where R̃c(𝜏) is the normalised autocorrelation function. In this
research, the scattering in the fading channel is assumed to be
isotropic. Thus, one has

R̃c(𝜏) = J0
(
2𝜋 fD𝜏

)
(9)

where fD is the maximum Doppler spread in the channel.
For simplicity, the line-of-sight component of fading process

is assumed to be constant. Thus, mR (t ) can be represented as
mR, and mI (t ) can be represented as mI . Then, the local mean
power of the line-of-sight component in the Rician fading chan-
nel can be defined as [1]

A2 =
(
mR

)2
+
(
mI

)2
(10)

and the Rician K factor can be defined as [1]

RK =
A2

2𝜎2
c

(11)

In this research, different values of RK will be used to examine
the performance of the predictor.

The received signal will be sampled with a duration T . Thus,
the ith symbol sampled can be represented as

ri = c (iT )biEp + ni (12)

where c (iT ) is the Gaussian channel gain sample, and ni is the
noise sample whose mean is zero and variance is 𝜎2

n = N0Ep.
For simplicity, in the system, it is assumed that the 0th symbol
of the transmitted signal is a pilot symbol [4], and the first to the
(K − 1)th symbols are data symbols.

Thus, the effective SNR 𝛾 per bit can be represented as[3]

𝛾 =

1

2
𝜎2

c E2
p

𝜎2
n log2 M

⋅

(K − 1)E
{|bi |2} + ||̃b||2
K − 1

(13)

where
1

2
𝜎2

c is the average fading power, and E {|bi |2} is the mean
signal energy.

It is assumed that the previous SS pilot symbols situated in
SS previous frames are used to predict the channel gain in the
future to detect the data symbols. SS is the sample size. Also,
ST is the number of frames of data used to train the predic-
tive models, as the training size. The received pilot symbols are
included in the training set X . The channel gains are included
in the training set Y . The structure of training sets is shown as
Figure 1.

For example, when SS = 50, ST = 10 and the frame size K =
5, there is a training set X of size 50 ×10 and a training set
Y of size 1 ×10. For the prediction of the channel gain at the
61st pilot position c (300T ), in the first line of the training set
X , they are the first, second,..., 50th received pilot symbols, i.e.
r0, r5, … , r245, and in the first line of the training set Y , it is the
channel gain in the 51th pilot position, i.e. c (250T ). Similarly,

FIGURE 1 The structure of training sets

in the second line of the training set X , they are r5, r10, … , r250,
and in the first line of training set Y , it is c (255T ) etc. Until
the last line of training set Y is the channel gain in the 60th
pilot position c (295T ). Each prediction will be given according
to such training sets covering the previous SS + ST pilot sym-
bols and ST complex channel gain values by 5 ML algorithms.
The processing of them is shown by the flow graph in Figure 2.
The best choices of SS and ST will be tested in Section 3. The
accuracy of the prediction will be examined in the pilot symbol
assisted modulation (PSAM) signal detector and compared with
the perfect channel knowledge case, which uses the true value
of the channel gain. The detector can be represented as [3]

b̂i = arg max
bi∈{bm}

M
m=1

{
Re

{
ri b

∗
i X ∗

i

}
−

|bi |2
2

|Xi |2
}

(14)

where b̂i is the data decision, Xi is the prediction result in ith
frame, and other symbols are defined as before.

3 CHOICES OF KEY PARAMETERS
FOR PREDICTION

In this section, the normalised root mean square error
(NRMSE) will be used to represent the prediction accuracy as
[8]

NRMSE =

√∑n
t=1

(̂yt−yt )
2

|yt |2

n
(15)

where ŷt is predicted value, yt is actual value, and n is the number
of predictions. Equation (13) is used to calculate the NRMSE of
the real part and imaginary part of the predicted channel gain.
The final NRMSE is their average.

3.1 Sample size

Sample size is the number of pilot symbols before the ith pilot
position that will be learned in one row of a data set. In this
subsection, different values of sample size will be tested from
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FIGURE 2 The process of ML algorithms

25 to 250 with a step size of 25. The prediction will be averaged
for 1000 times.

In Figure 3, the NRMSE of each algorithm is shown. All of
them decrease with the sample size in general. Among them, for
RF, the lowest error is recorded as 0.1053 when SS = 250, while
the highest error occurs as 0.1305 when SS = 75. The mean
value of prediction NRMSE is 0.1174.This gives a mean pre-
diction accuracy of 88.26%. Next is SVM, whose lowest error is
recorded as 0.0378 when SS = 250, and the highest error occurs
as 0.1630 when SS = 50. The mean value of NRMSE is 0.0799,
and the mean prediction accuracy is 92.01%. For LR, the low-
est error is recorded as 0.0425 when SS = 250, while the high-
est error occurs as 0.5118 when SS = 100. The mean value of

FIGURE 3 NRMSE for different sample sizes from 25 to 250

prediction NRMSE is 0.1346, and the mean prediction accu-
racy is 86.54%. For DT, the lowest error is recorded as 0.1231
when SS = 175, while the highest error occurs as 0.1534 when
SS = 25. The mean value of prediction NRMSE is 0.1374, and
the mean prediction accuracy is 86.26%. Finally, for ER, the low-
est error is recorded as 0.1187 when SS = 175, while the highest
error occurs as 0.1440 when SS = 50. The mean value of pre-
diction NRMSE is 0.1315, and the mean prediction accuracy is
86.85%.

These results are based on ST = 100 and SNR = 20 dB.
The results show that the channel prediction error in general
decreases when SS increases, because larger sample size provides
more information on the fading process. In addition, when SS
is above a certain value, the prediction errors remain relatively
stable, which means that the data farther away from the desired
time gives less help to the prediction.

Similar tests have been done for different ST and SNR. Gen-
erally, when SS ⩾ 200, the NRMSE is relatively stable, especially
for SVM and LR. Hence, considering the trade-off between
complexity and accuracy in the prediction efficiency, SS = 200
is chosen as the sample size in later studies. The NRMSE of LR
hops at SS = 100. After the test, LR algorithm is unstable when
SS = ST , because the training set X is symmetric, which disturbs
the fitting of linear regression model.

3.2 Training size

In this subsection, different training sizes will be tried to exam-
ine the system performance. Training size represents how many
rows of data are used in a data set and will be learned to make a
prediction. The prediction will also be averaged for 1000 times,
for training sizes from 25 to 250 with a step size of 25. In
Figure 4, the NRMSEs of SVM and LR show an upward trend
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FIGURE 4 NRMSE of different training sizes from 25 to 250

with the increasing training size, while the NRMSEs of RF, DT,
and ER fluctuate. For RF, the lowest error is recorded as 0.1037
when ST = 25, while the highest error occurs as 0.1215 when
ST = 150. The mean value of prediction NRMSE is 0.1125,
and the mean prediction accuracy is 88.75%. For SVM, the low-
est error is recorded as 0.0382 when ST = 50, while the high-
est error occurs as 0.2073 when ST = 250. The mean value of
prediction NRMSE is 0.0791, and the mean prediction accu-
racy is 92.09%. For LR, the lowest error is recorded as 0.0367
when ST = 50, while the highest error occurs as 0.7564 when
ST = 200. The mean value of prediction NRMSE is 0.1632,
and the mean prediction accuracy is 83.68%. Similar to the SS
test, the NRMSE of LR hops at ST = 200. It is also because
the unstable performance of LR algorithm when SS = ST . Next
is DT, the lowest error is recorded as 0.1037 when ST = 25,
while the highest error occurs as 0.1527 when ST = 125. The
mean value of prediction NRMSE is 0.1345, and the mean pre-
diction accuracy is 86.55%. Finally for ER, the lowest error
is recorded as 0.0937 when ST = 25, while the highest error
occurs as 0.1440 when ST = 125. The mean value of pre-
diction NRMSE is 0.1315, and the mean prediction accuracy
is 87.08%.

These results are based on SNR = 20 dB. Similar tests have
also been done for different SNRs. Generally, when ST ⩽ 150,
the NRMSE is relatively stable with good accuracy, especially
for SVM and LR. The results show that, in dynamic wireless
channel conditions, the neighbouring batches of data points are
more effective to real-time channel prediction. Hence, for a bal-
ance between complexity and accuracy, SS = 100 is chosen as
the training size in later studies.

3.3 Chunks

In this subsection, to compare the performances of different
algorithms, the test is done in several ‘chunks’ of data. The

FIGURE 5 The structure of chunks

FIGURE 6 NRMSE of different algorithms by chunks

dataset is divided into chunks to examine the stability of these
algorithms in different data intervals.

In this research, the sample size is set as 200 and the training
size is set as 100 to build the prediction model. Also 1000 rows
of data points are predicted in one chunk based on the learning
of 300 data points, while the next 1000+300 data points are used
in the next chunk and so on. For example, as Figure 5, the first
chunk has the first to 1300th data points and the second chunk
has the 1301st to 2600th data points. The mean NRMSEs of 10
chunks will be calculated and compared in the following.

In Figure 6, the average NRMSEs for RF, SVM, LR, DT,
and ER are 0.1088, 0.0392, 0.0467, 0.1251, and 0.1194 respec-
tively, and the mean value of these errors is 0.0878. Overall,
the algorithm with the best performance is SVM, which gives a
mean prediction accuracy of 96.08%. The lowest error of SVM
is recorded in chunk 3 as 0.0389, while the highest error occurs
of SVM in chunk 10 as 0.0396. The range of errors for SVM is
0.0007. Next, LR gives a mean prediction accuracy of 95.33%.
The lowest error of LR is recorded in chunk 3 as 0.0434, while
the highest error of LR occurs in chunk 1 as 0.0523. The range
of errors for LR is 0.0089. Next is RF, which gives a mean pre-
diction accuracy of 89.12%. The lowest error of RF is recorded
in chunk 2 as 0.1077, while the highest error of RF occurs in
chunk 4 as 0.1106. The range of errors for RF is 0.0029. Next,
ER gives a mean prediction accuracy of 88.06%. The lowest
error of ER is recorded in chunk 8 as 0.1138, while the highest
error of ER occurs in chunk 2 as 0.1289. The range of errors for
ER is 0.0151. The algorithm with the worst performance is DT,
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FIGURE 7 NRMSE of different SNR from −5 to 30 dB when SS = 200

which gives a mean prediction accuracy of 87.49%. The lowest
error of DT is recorded in chunk 9 as 0.1195, while the highest
error of DT occurs in chunk 1 as 0.1304. The range of errors for
DT is 0.0109. The results show that SVM outperforms all other
algorithms in terms of the errors for all the 10 chunks both in
accuracy and stability. LR is the second best algorithm. In this
test, RK is set as eight with binary phase shift keying (BPSK)
modulation. Other RK values and modulations are also tested.
The accuracies of SVM and LR are still significantly higher than
RF, ER, and DT.

4 NUMERICAL RESULTS
AND DISCUSSION

In this section, the prediction will be examined in the PSAM
detector to compare the signal detection accuracy. Symbol error
rate (SER) is used to represent the detection accuracy as

Pe = P
[
b̂i ≠ bi

]
. (16)

4.1 SNR

In this subsection, channel prediction and signal detection will
be simulated separately. The performances of the prediction
systems for different values of SNR are compared with that
of MMSE based estimator. In this test, ST = 100,RK = 8, and
the modulation type is BPSK. In Figure 7, when SS = 200, the
NRMSEs of the five algorithms all reduce with the increase
of SNR. Among them, for RF, the lowest error is recorded
as 0.1106 when SNR = 30 dB, while the highest error occurs
as 0.1857 when SNR = −5 dB. The mean value of prediction
NRMSE is 0.1362, and thus the mean prediction accuracy is
86.38%. For SVM, the lowest error is recorded as 0.0342 when
SNR = 30 dB, while the highest error occurs as 0.1719 when

FIGURE 8 SER of different SNR from −5 to 30 dB when SS = 200

SNR=−5 dB. The mean value of prediction NRMSE is 0.0765,
and thus the mean prediction accuracy is 92.35%. For LR, the
lowest error is recorded as 0.0184 when SNR= 30 dB, while the
highest error occurs as 0.4248 when SNR = −5 dB. The mean
value of prediction NRMSE is 0.1510, and then the mean pre-
diction accuracy is 84.90%. For DT, the lowest error is recorded
as 0.1215 when SNR = 30 dB, while the highest error occurs
as 0.2606 when SNR = −5 dB. The mean value of prediction
NRMSE is 0.1731, and the mean prediction accuracy is 82.69%.
Finally for ER, the lowest error is recorded as 0.1136 when SNR
= 30 dB, while the highest error occurs as 0.2682 when SNR =
−5 dB. The mean value of prediction NRMSE is 0.1718, and
the mean prediction accuracy is 82.82%.

Among the five algorithms, SVM gives the best performance
in terms of NRMSE, and RF is the second best. In addition,
when SNR < 10 dB, the performances of all the ML methods
are better than MMSE, which means ML shows better adapt-
ability to noise in the wireless channel. When SNR ⩾ 15 dB,
MMSE gives lower NRMSE than ML methods, but the perfor-
mances of LR and SVM are always near the MMSE. When SNR
⩾ 25 dB, the NRMSE of LR becomes the lowest of all the ML
algorithms. Thus, for large SNRs, LR should be used, while for
small SNRs, SVM should be used.

The prediction in Figure 7 is then used in the signal detector,
and its SER is shown in Figure 8. For all the following figures,
the line ‘perfect detection’ means the SER is obtained when the
detector using the true value of channel gain with the length of
SS . Similar to NRMSE, in Figure 8, all the SERs decrease with
the increasing SNR.

For RF, the lowest SER is recorded as 1.78 × 10−2 when SNR
= 30 dB, while the highest SER occurs as 3.12 × 10−1 when
SNR=−5 dB. For SVM, the highest SER occurs as 3.09 × 10−1

when SNR=−5 dB. And when SNR⩾ 20 dB, SER⩽ 10−3. For
LR, the highest SER occurs as 3.59 × 10−1 when SNR = −5
dB. And when SNR ⩾ 20 dB, SER ⩽ 10−3. For DT, the lowest
SER is recorded as 2.38 × 10−2 when SNR = 25 dB, while the
highest SER occurs as 3.13 × 10−1 when SNR =−5 dB. Finally
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FIGURE 9 NRMSE of different SNR from −5 to 30 dB when SS = 500

for ER, the lowest SER is recorded as 2.40 × 10−2 when SNR
= 25 dB, while the highest SER occurs as 3.12 × 10−1 when
SNR = −5 dB. The performance of SVM is very close to per-
fect detection. However, the channel prediction in this research
does not require knowledge of the channel covariance matrix to
reduce complexity.

In Figure 9, when SS = 500, the NRMSEs of the five algo-
rithms all decrease with the increase of SNR value. For RF, the
lowest error is recorded as 0.1054 when SNR= 30 dB, while the
highest error occurs as 0.1818 when SNR = −5 dB. The mean
value of prediction NRMSE is 0.1314, and the mean prediction
accuracy is 86.86%. For SVM, the lowest error is recorded as
0.0328 when SNR = 30 dB, while the highest error occurs as
0.1442 when SNR = −5 dB. The mean value of prediction
NRMSE is 0.0664, and the mean prediction accuracy is 93.36%.
For LR, the lowest error is recorded as 0.0116 when SNR =
30 dB, while the highest error occurs as 0.3884 when SNR =
−5 dB. The mean value of prediction NRMSE is 0.1190, and
the mean prediction accuracy is 88.10%. For DT, the lowest
error is recorded as 0.1226 when SNR = 30 dB, while the
highest error occurs as 0.2483 when SNR = −5 dB. The mean
value of prediction NRMSE is 0.1654, and the mean prediction
accuracy is 83.46%. Finally for ER, the lowest error is recorded
as 0.1147 when SNR = 30 dB, while the highest error occurs
as 0.2535 when SNR = −5 dB. The mean value of prediction
NRMSE is 0.1631, and the mean prediction accuracy is 83.69%.

When SS = 500, SVM also gives the best performance of
mean prediction accuracy, and LR is in the second best, too. ML
methods still outperforms MMSE in lower SNR regions due to
their better anti-noise abilities. Additionally, the NRMSE of LR
becomes the lowest of ML algorithms and near MMSE when
SNR ⩾ 20 dB.

The SER is shown in Figure 10, in which all the SER also
show an downward trend with the increase SNR.

For RF, the lowest SER is recorded as 4.75×10−3 when SNR
= 20 dB, while the highest SER occurs as 3.12×10−1 when SNR

FIGURE 10 SER of different SNR from −5 dB to 30 when SS = 500

=−5 dB. For SVM, the highest SER occurs as 3.07×10−1 when
SNR = −5 dB. And when SNR ⩾ 15 dB, SER ⩽ 10−3. For LR,
the highest SER occurs as 3.44×10−1 when SNR=−5 dB. And
when SNR ⩾15 dB, SER ⩽ 10−3. For DT, the lowest SER is
recorded as 1.72×10−2 when SNR = 30 dB, while the highest
SER occurs as 3.19×10−1 when SNR = −5 dB. Finally for ER,
the lowest SER is recorded as 1.65×10−2 when SNR = 30 dB,
while the highest SER occurs as 3.22×10−1 when SNR = −5
dB. Compared with Figure 8, LR gives better performance when
SNR ⩾ 15 dB.

For clarity, all the NRMSE and SER values are illustrated in
Tables 1 and 2. Overall, the SER of all the methods decreases
with the increase of the SNR, because less noise leads higher
accuracies. The SER of detection based on ML methods match
their performances of channel prediction. SVM and LR outper-
form the other three algorithms both in prediction NRMSE and
detection SER.

4.2 Normalised doppler shift

In this subsection, the performance of detection based on chan-
nel prediction for different values of the normalised Doppler
shift in the fading channel will be compared. In the following,
based on the previous results, only SVM and LR will be chosen
to make comparison with the perfect detection, and all the tests
are done for 10,000 data points to calculate the SER. Figures 11
and 12 give the flow diagrams of SVM and LR.

Figure 13 and Table 3 shows the SER for BPSK modula-
tion in Rayleigh fading channels when fDT = 0.01, 0.03 and
0.06. When fDT = 0.01, the mean SER of SVM and LR are
3.98×10−2 and 5.79 × 10−2. When fDT = 0.03, the mean SER
of SVM is 5.57 × 10−2 and the mean SER of LR is 1.00×10−1.
When fDT = 0.06, the mean SER of SVM is 9.85 × 10−2, while
the mean SER of LR is 2.00 × 10−1. In addition, the perfor-
mance of LR is better than SVM at a higher SNR, while SVM
is better at a smaller SNR. The normalised Doppler shift relates
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TABLE 1 NRMSE of Channel prediction with different SNR values

SNR −5 0 5 10

Algorithm SS NRMSE

RF 200 0.1857 0.1659 0.1527 0.1299

500 0.1818 0.1640 0.1450 0.1278

SVM 200 0.1720 0.1189 0.0910 0.0677

500 0.1442 0.1048 0.0766 0.0558

LR 200 0.4248 0.2995 0.1837 0.1290

500 0.3885 0.2153 0.1323 0.0917

DT 200 0.2606 0.2202 0.2047 0.1710

500 0.2483 0.2147 0.1918 0.1586

ER 200 0.2682 0.2264 0.2037 0.1695

500 0.2535 0.2115 0.1940 0.1606

MMSE estimation 200 0.8765 0.6783 0.3829 0.1482

500 0.8648 0.6586 0.3650 0.1411

SNR 15 20 25 30

Algorithm SS NRMSE

RF 200 0.1199 0.1135 0.1110 0.1106

500 0.1110 0.1098 0.1067 0.1054

SVM 200 0.0502 0.0422 0.0362 0.0342

500 0.0447 0.0377 0.0340 0.0328

LR 200 0.0745 0.0504 0.0280 0.0184

500 0.0627 0.0294 0.0205 0.0116

DT 200 0.1487 0.1264 0.1317 0.1215

500 0.1325 0.1310 0.1235 0.1227

ER 200 0.1475 0.1267 0.1190 0.1136

500 0.1303 0.1238 0.1166 0.1147

MMSE estimation 200 0.0493 0.0232 0.0149 0.0081

500 0.0490 0.0229 0.0127 0.0074

to the relative speed between transmitter and receiver. Gener-
ally speaking, because the normalised Doppler shift leads to the
variation of wireless channel and signal, a larger value of the nor-
malised Doppler shift gives a higher SER for signal detection.

4.3 Different signalling

Figure 14 gives the SER for BPSK signalling in different RK
values. In this subsection, SVM and LR will be compared with
the existing scheme, which is based on MMSE estimator with
conventional PSAM (CPSAM) detector in refs. [3] and [4].

When RK = 0 and SER = 10−1, the performances of SVM
and LR are about 4.7 and 4.1 dB worse than the performance
of existing scheme. When RK = 4 and SER=10−1, the perfor-

TABLE 2 SER of detection with different SNR values

SNR −5 0 5

Algorithm SS SER

RF 200 3.04×10−1 1.99×10−1 1.04×10−1

500 3.10×10−1 2.01×10−1 9.15×10−2

SVM 200 3.09×10−1 1.79×10−1 7.63×10−2

500 3.07×10−1 1.84×10−1 6.50×10−2

LR 200 3.58×10−1 2.35×10−1 1.36×10−1

500 3.44×10−1 2.20×10−1 1.01×10−1

DT 200 3.13×10−1 2.28×10−1 1.36×10−1

500 3.19×10−1 2.35×10−1 1.32×10−1

ER 200 3.12×10−1 2.17×10−1 1.41×10−1

500 3.23×10−1 2.26×10−1 1.30×10−1

Perfect detection 200 2.88×10−1 1.60×10−1 4.83×10−2

500 3.03×10−1 1.73×10−1 5.30×10−2

SNR 10 15 20

Algorithm SS SER

RF 200 4.20×10−2 2.25×10−2 1.95×10−2

500 3.45×10−2 1.05×10−2 4.75×10−3

SVM 200 1.55×10−2 2.00×10−3 <10−3

500 1.18×10−2 <10−3 <10−3

LR 200 3.75×10−2 3.25×10−3 1.00×10−3

500 2.88×10−2 <10−3 <10−3

DT 200 7.20×10−2 4.30×10−2 3.43×10−2

500 5.88×10−2 2.45×10−2 1.78×10−2

ER 200 7.18×10−2 3.70×10−2 2.90×10−2

500 6.33×10−2 2.58×10−2 2.25×10−2

Perfect detection 200 5.80×10−3 1.00×10−3 <10−3

500 5.50×10−3 <10−3 <10−3

SNR 25 30

Algorithm SS SER

RF 200 1.80×10−2 1.78×10−2

500 5.25×10−2 5.74×10−2

SVM 200 <10−3 <10−3

500 <10−3 <10−3

LR 200 1.00×10−3 <10−3

500 <10−3 <10−3

DT 200 2.37×10−2 2.53×10−2

500 2.35×10−2 1.72×10−2

ER 200 2.40×10−2 2.92×10−2

500 1.85×10−2 1.65×10−2

Perfect detection 200 <10−3 <10−3

500 <10−3 <10−3
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FIGURE 11 Flow diagram of SVM

mance of LR is about 2.6 dB worse than the existing scheme
and SVM. When RK = 8 and SER=10−1, the performances of
existing scheme and LR are about 0.2 and 3.8 dB worse than the
performance of SVM, respectively. Additionally, when RK = 0,
the mean SER of SVM from 0 to 30 dB is 1.18×10−1 and the
mean SER of LR from 0 to 30 db is 1.12×10−1. When RK = 4,
the mean SER of SVM from 0 to 30 dB is 4.82×10−2, while that
of LR is 6.79×10−2. When RK = 8, the mean SER of SVM and
LR from 0 to 30 dB are 4.02×10−2 and 5.74×10−2 respectively.
When RK = 8 and SNR ⩾ 20, the SERs of both algorithms are
⩽ 10−3.

In Figure 15, the SER for 16-ary phase shift keying(16-PSK)
signalling in different fading channel conditions is shown. When
RK = 0, the mean SER of SVM from 0 to 30 dB is 4.90×10−1,
and the mean SER of LR from 0 to 30 dB is 4.21×10−1. Both of
the two algorithms cannot achieve the SER of lower than 10−1

when SNR ⩽ 30 dB. When RK = 4, the mean SER of SVM and
LR from 0 to 30 dB are 2.74×10−1 and 2.99×10−1. When the
SER = 10−1, the performance of SVM is about 2.7 dB worse
than the CPSAM and the performance of LR is about 2.5 dB
worse than the existing scheme. And when RK = 8, the mean
SER of SVM from 0 to 30 dB is 2.45×10−1, and that of LR
is 2.79×10−1. When the SER = 10−1, the performance of SVM
and LR are about 1.3 and 2.4 dB worse than the existing scheme.

Figure 16 shows the SER for 16-ary quadrature ampli-
tude modulation(16-QAM) signalling in different fading chan-
nel conditions. When RK = 0, the mean SER of SVM from 0 to
30 dB is 2.82×10−1, and the mean SER of LR from 0 to 30 dB
is 2.64×10−1. When the SER = 10−1, the performance of LR
is about 2.7 dB worse than the existing scheme. However, SVM
can not achieve the SER of lower than 10−1 when SNR ⩽ 30
dB. When RK = 4, the mean SER of SVM and LR from 0 to 30

FIGURE 12 Flow diagram of LR

FIGURE 13 SER comparison for BPSK modulation in Rayleigh fading
channels with different values of fDT

dB are 7.90×10−2 and 1.51×10−1. When the SER = 10−1, the
performance of SVM is about 5.1 dB better than the existing
scheme and the performance of LR is about 0.2 dB better than
the existing scheme. When the SER = 10−2, the performance
of LR is about 3.5 dB worse than the existing scheme. However,
SVM can not achieve the SER of lower than 10−2 when SNR
⩽ 30 dB. And when RK = 8, the mean SER of SVM from 0
to 30 dB is 4.38×10−2, and that of LR is 1.16×10−1. When the
SER = 10−1, the performances of SVM and LR are about 7.8
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TABLE 3 SER of detection with different fDT values

SNR 0 5 10

Algorithm fDT SER

SVM 0.01 1.89×10−1 7.27×10−2 1.45×10−2

0.03 2.05×10−1 1.04×10−1 4.06×10−2

0.06 2.18×10−1 1.39×10−1 9.15×10−2

LR 0.01 2.44×10−1 1.19×10−1 3.59×10−2

0.03 2.92×10−1 2.05×10−1 1.19×10−2

0.06 3.31×10−1 2.85×10−1 2.36×10−2

Perfect detection 1.71×10−1 5.58×10−2 6.57×10−3

SNR 15 20 25

Algorithm fDT SER

SVM 0.01 1.45×10−3 <10−3 <10−3

0.03 1.66×10−2 9.18×10−3 7.73×10−3

0.06 6.89×10−2 6.07×10−2 5.66×10−2

LR 0.01 5.97×10−3 <10−3 <10−3

0.03 5.41×10−2 2.03×10−2 7.57×10−3

0.06 1.92×10−1 1.52×10−1 1.19×10−1

Perfect detection <10−3 <10−3 <10−3

SNR 30

Algorithm fDT SER

SVM 0.01 <10−3

0.03 7.00×10−3

0.06 5.51×10−2

LR 0.01 <10−3

0.03 3.92×10−3

0.06 8.49×10−2

Perfect detection <10−3

FIGURE 14 SER comparison for BPSK modulation with Rayleigh and
Rician fading channels with different values of RK . (The existing scheme is
based on MMSE estimator with CPSAM detector in refs. [3] and [4])

FIGURE 15 SER comparison for 16-PSK modulation in Rayleigh and
Rician fading channels with different values of RK . (The existing scheme is
based on MMSE estimator with CPSAM detector in refs. [3] and [4])

FIGURE 16 SER comparison for 16-QAM modulation in Rayleigh and
Rician fading channels with different values of RK . (The existing scheme is
based on MMSE estimator with CPSAM detector in refs. [3] and [4])

and 1.7 dB better than the existing scheme. When the SER =
10−2, the performances of SVM is about 4.7 dB better than the
existing scheme and LR is about 0.7 dB worse than the existing
scheme. And when the SER = 10−3, the performances of SVM
and LR are about 0.8 and 2.6 dB worse than the existing scheme.

Table 4 shows the SERs of different signalling when RK = 8.
Overall, larger values of RK result in higher accuracy of SVM
and LR prediction because of the better channel conditions.
This is because higher RK leads to stronger direct wave from
transmitter to receiver. Respectively, when SNR = 30 dB and
RK = 8, in BPSK signalling, the SER of SVM and LR can be
lower than 10−3. In 16-PSK signalling, the SER of SVM can
reach 1.13×10−2 and the SER of LR can reach 4.28×10−3. In
16-QAM signalling, the SER of SVM and LR can also be lower
than 10−3.
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TABLE 4 SER of detection with different signalling

SNR 0 15 30

Algorithm Modulation type SER

SVM BPSK 1.91×10−1 1.80×10−3 <10−3

16-PSK 7.06×10−1 1.20×10−1 1.13×10−2

16-QAM 2.24×10−2 3.40×10−3 <10−3

LR BPSK 2.42×10−1 4.73×10−2 <10−3

16-PSK 7.53×10−1 1.61×10−1 4.28×10−3

16-QAM 4.67×10−1 1.85×10−2 <10−3

Existing Scheme BPSK 2.38×10−1 <10−3 <10−3

16-PSK 7.43×10−1 9.29×10−2 1.18×10−3

16-QAM 7.25×10−1 1.59×10−2 <10−3

TABLE 5 Comparison of processing time for different algorithms and
signalling

BPSK 16-PSK 16-QAM

LR 0.4150s 0.4171s 0.4086s

SVM 0.1444s 0.1414s 0.1410s

Generally, in the lower SNR region, the SVM predictor shows
reliable SER performance. On the other hand, when the con-
stellation size is large, the gaps between the SERs of ML meth-
ods and those of existing scheme are small. In 16-PSK and 16-
QAM modulation, the mean SER of ML methods reaches the
same level as the existing scheme, and even outperforms it in
some cases, which means that, compared to the existing scheme,
ML methods can learn channel characteristics from neighbour-
ing data points, and eliminate noise disturbance. In the higher
SNR region, the performance of LR outperforms that of SVM.
It is because SVM is based on the structural risk minimisation
principle, which can prevent overfitting, while LR is not. In
addition, after the test of even higher range of SNR, the min-
imum SER value of the LR is significantly lower than that of
SVM, which means the highest accuracy that LR can achieve
is higher than the value that SVM can achieve. Compared to
existing scheme, LR and SVM do not need any channel model
knowledge for estimation. In these figures, the curves of LR and
SVM become flatter when SNR increases, the similar situation is
also occurred on the curves of existing scheme with the increase
of SNR.

4.4 Prediction efficiency

In Table 5, the mean training and prediction time at each data
point for different algorithms and different signalling is com-
pared. The training and prediction time represents the time of
each algorithm to renew the model parameter and make pre-
diction in each data point. They are recorded when SNR = 5.
Similar tests for others SNRs have also been done. The results
are not affected by SNR values. In BPSK, 16-PSK, and 16-QAM

signalling, when using LR, the training and prediction time for
each data point is 0.4150, 0.4171, and 0.4086 s. When using
SVM, the prediction of each point spends 0.1444, 0.1414, and
0.1410s. From the table, the prediction time is irrelevant to the
modulation type. In the test, for DL methods, each update of
model needs decades or hundreds of epochs, and each epoch
takes several seconds. Compared to DL, in the dynamic wireless
channel environment, LR and SVM can update the model and
make real-time prediction at each data point in no more than
0.5 s. On the other hand, the training and prediction time shows
that, although the prediction accuracy of SVM is slightly lower
than that of LR, but SVM only about 34% time of LR for each
data point. Therefore, SVM is more efficient than LR.

5 CONCLUSION

This work has studied five ML algorithms (RF, LR, SVM, DT,
and ER) for real-time channel prediction based on the received
signals, which do not need any channel model knowledge. The
results have shown that, in terms of the average prediction accu-
racy, the SER of detection, and prediction efficiency, the SVM
give the best performance among all the five algorithms. When
SNR= 30 dB and RK = 8, for BPSK and 16-QAM modulation,
the SERs of detection based on SVM and LR prediction have
both reached lower than 10−3, and for 16-PSK modulation, the
SERs of SVM and LR have reached 1.13×10−2 and 4.28×10−3.
Additionally, in higher constellation size conditions, ML meth-
ods have reached similar detection accuracy to existing scheme
and even outperformed it, which shows the potential ability of
ML algorithms in complex channel conditions.

The main contribution of this work includes the following.
First, to the best of our knowledge, this is the first time that clas-
sical ML algorithms are used to predict wireless channel. Sec-
ond, the detection accuracies of different ML predictors have
been tested. Moreover, because of the efficiency of traditional
ML, the proposed method will be easier to use in the real-time
prediction using received signal. More researches will be done
to improve the performances of predictors and to find a bal-
ance between the high efficiency of classical ML algorithms
and the high accuracy of recent deep learning methods in the
future.
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