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Learning the characteristics of a wireless channel is one of 

the most fundamental and challenging issues in the wireless 

communication. Many conventional signal processing 
techniques have been developed so far to estimate the channel 

state information. In this paper, we present a novel approach 

based on deep learning using long short term memory (LSTM) 

neural network to predict the fast-varying Rayleigh fading 

channel. Having known application of LSTM neural network 
in the field of time-series prediction problems, we have applied 

LSTM to predict the future state of the channel by providing 

the past channel state values. The predicted values of channel 

is used to recover the transmitted symbol from noisy signal 

received at the receiver end. We have optimized the 
configuration of LSTM network by correctly tuning the hyper-

parameters so that we get a correct prediction of channel 

which is in turn used for reconstruction of signal at receiver 

end. The simulated Bit Error Rate vs. S ignal-to-Noise ratio plot 

proves that LSTM based channel predictor works better than 
currently used interpolation based channel predictor. 

 

Keywords— Deep Learning, Rayleigh fading channel, LSTM 

Neural Network, Wireless Communication, SISO system. 

I. INTRODUCTION  

Communication is a rich field consisting of domain 

knowledge regarding modelling different types of channels, 
signaling and detection techniques and different modulation 

schemes [1], [2] that ensure reliability of data transfer 
between transmitter and receiver [3]. Further to increase the 

efficiency in the performance of the wireless technologies. 
We need to be docile in adapting to the latest technologies,  

such as data-driven approaches by using machine learning 

and deep learning algorithms. There were different multip le 
access techniques like frequency division multiple access 

(FDMA) across frequency, time d ivision multip le access 
(TDMA) across time and code division multiple access [4] 

schemes across different pseudo codes helped to increase the 
quality of service(QoS) and showed significant performance 

improvement but we cannot go any further with them. Now a 
days the data centric approach had gathered attention with 

huge success attained in fields as such realization of vision 

through computers, processing of human language and image 
classification [5], [6]. For a reliable data transmission to 

happen we need to model the channel correctly but  accurate 
modelling of channel mathematically is almost impossible so 

we go for a probabilistic based approach. The core signal 
processing algorithms used in communications fails to 

improve in performance [7]. The deep learning based 

algorithms in the field  of wireless communication [8] was 
used because it has the power to improve the performance in 

areas where it is impossible to generate mathemat ical models 

but by considering the deep learning model as a black-box 
we can tune hyper-parameters so that we can control the 

output of the system [9].   

The next  wave of wireless technology suffers with the 

problem of network latency as the number of connections 
over a network increases drastically in number the scope of 

deep learning is such that it has to automatically get tuned to 

the available network and increase or decrease power with 
respect to the corresponding receiver. In recent the machine 

learning which is a root class of deep learning had used in 
the field of communications for tasks such as  recognition of 

modulation scheme, channel encoding techniques and 
decoding techniques, in estimation of channel and channel 

equalization [10], [11], [12], [13].  

In the recent years the computing power has been 
drastically increased and the algorithms have been developed 

so far and fast that uses the data. In physical layer research, 
by considering the applications of deep learning we  are not 

only trying to improve the performance of individual blocks 
but also we try to increase the performance of entire 

communication system by considering transmitter, channel 

and receiver as a deep learn ing model such type of 
arrangement is called as auto-encoder[14]. The channel 

estimation using least squares  (LS) method and minimum 
mean square error (MMSE) method estimators have been 

utilized in many occasions [15]. Of that least squares 
estimator does not require any previous channel values. The 

MMSE estimator works better by considering the second 
order statistics of the channel. In a paper related to 

orthogonal frequency division multiple access (OFDM) [16] 

the application of deep learning which mainly focus on feed 
forward neural network have been studied it presents initial 

results in learning methods to deal with wireless channels 
and the removal of cyclic prefix in OFDM and usage of 

limited pilots and non-linear noise distortions has been 
discussed [17]. 

We, in this paper have opted for a single input single 

output system [18](SISO-system), modeled the channel as  a 
fast fading channel with Rayleigh distribution and a moving 

receiver at 500kmph scenario is considered. Then at the 
receiver end we have built a LSTM neural network and 

trained it online using the data from the zero  forcing 
estimation block after adding additive white Gaussian noise 

(AWGN). We optimized the data over the loss function 

between the true values of the channel and the values that 
were corrupted due to noise. The predicted values have been 

used for channel equalization and successful reconstruction 
of the signal at receiver end. We have fine-tuned the hyper-
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parameters at a certain value of SNR and has been 

implemented for SNR of certain range. Finally, after the 
reconstruction of the transmitted bits the Bit Error Rate over 

different values of Signal to noise ratio has been plotted. 

we will be describing about the wireless system model 

with the block diagram in  Section II. In Section III we will 
be discussing about the Deep Learning basics and Deep 

Learning Architecture being used and how we have obtained 

the data and the corresponding performance metrics used in 
obtaining the results. That was followed by a  discussion on 

the simulation results obtained in Section IV, Section V deals 
about conclusion of the topic and its future scope of the work 

done. 

II. WIRELESS SYSTEM MODEL 

We have assumed the problem of channel prediction as a 
supervised learning problem. Out of all the channel 

characteristics like attenuation, scattering, diversity, 
reflection and refraction we have been considering channel 

fading as the only phenomenon to tackle. The channel we 

have considered here is  a Rayleigh fading channel. As R 
being its corresponding random variable and its probability 

density function is given by 

 we have been considering the case of moving receiver 

which introduces a Doppler shift in the receiving signal. We 
are considering the speed of the receiver as 500kmph in this 

problem. Here we have considered V as velocity and λ as 

wavelength and θ as the angle between the receiver and the 
incoming signal. The value of Doppler shift (ΔØ) affect the 

value of frequency of the received signal the change in 
frequency is calculated using Equation 2 and 3. 

The problem we have taken is a complex optimization 
problem that address the time-series relationship in the data 

and we have modelled it as a supervised regression problem. 

The baseband equivalent of the bandpass SISO (single input 
single output) system for a faded channel of probability 

distribution as Rayleigh in the presence of noise will be  

 

Where y is the received complex baseband signal and h is 

a Rayleigh faded channel |h | is the magnitude of the fading 
and x is the input modulated signal to be transmitted and n is 

the Additive White Guassian Noise (AWGN). Where noise 
follows Guassian distribution. While solving the problem we 

have split the equations into real and imaginary parts shown 

in Equation 5 and 6. 

 

 

 

 

From Fig.1, we have generated the ‘N’ bits where N Ꜫ 

(0, 1) and that bits has been sent to modulator block where 

the QPSK modulation happens on the input bits and the 
modulator block output symbols which are of complex in 

nature and  they are of size N/2. Then those symbols are 
transmitted through wireless channel which in our case is a 

Rayleigh faded channel and the output of the channel is 
received by the receiver and adds an Additive White 

Gaussian Noise (AWGN) at the beginning of the receiver 
after the addition of noise we will consider the signal as y. 

‘y’ is complex signal consisting of real part and imaginary 

part and The first 150 symbols were given as input to the 
zero-forcing estimator the output 150 symbols of the 

estimator are separated into real and imaginary values and 
are given to two LSTM blocks separately the LSTM block 

takes the input as first 150 values of h and predicts the next 
600 values of h in both real and imaginary part. We call it  as 

h’ and then we collect h’ and proceeds for channel 

equalization with the obtained values of h’ and then after the 
channel equalization we will be demodulating the signal to 

reconstruct the originally transmitted information. 

 

Fig.1: Signal-flow Diagram of the SISO system using LSTM 

neural network as channel predictor.  

III. DATASET AND DEEP LEARNING ARCHITECTURE 

A. Dataset 

The dataset we used in this problem is a custom dataset it 
can be obtained by simulat ing the wireless communication 

system under specific channel conditions and the 

corresponding AWGN channel the data collected was the 
data before the noise being added to the wireless system and 

the data after the noise being added those two were collected 
and the data collected after the addition of noise is given as 

the input for the model to learn. 

B. Deep Learning basics 

Neural networks, an extension of machine learning has 
its own significance. Unlike, machine learning there is no 

need for doing feature extraction in neural networks the 
feature engineering is automatically done. The neural 

networks ideally consists of three layers. The first one is 

input layer, next one is hidden layer and the last one is output 
layer. Any neural network layer basically made up of nodes. 

Every node in one layer makes connection with every other 
node of the next layer by a weight and a bias at every node 

this forms the basic structure of feed-forward neural network. 

           0                 (1) 

 

           ΔØ =  =                   (2) 

 

             =  =                        (3) 

 

 

      y = h x + n                               (4) 

                    (5) 

          

                    (6) 
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Usually, the input and output nodes are common and the size 

of the network depends on the count of hidden layers. A 
neural network with one hidden layer can equally 

approximate any mathematical function. The Weights in the 
feed forward neural network are updated by an algorithm 

called back propagation as it updates the weights by 
minimizing the distance between the actual values and 

obtained values. The process of continuous update of 

weights continue until a global minima is attained on the 
error surface curve. The update of weights usually happen by 

a factor called learn ing rate. Generally, the output of a feed 
forward neural network is given by Equation 7. 

C. Deep Learning Architeture  

But, for our problem we need a neural network that 

works a neural network that work well for time -series data. 

So, we have shifted our attention towards RNN (recurrent 
neural network). It has a same function similar to that of a 

feed forward neural network except for that each node in 

RNN consists of a feed-back which makes them efficient to 
deal with time-series data. RNN which is similar to feed 

forward net after unwrapping it in time. After unwrapping 
the RNN it appears like this  

Fig.2:  RNN neural network unwrapping in time. 

 RNN have a problem with length of time-series as the 

length of time-series goes on increasing the RNN suffers 

from a problem of disappearing gradient. The problem of 
disappearing gradient can be resolved by introducing a 

memory  into RNN. This typical structure is named as LSTM 
(long short term memory) neural network which typically 

looks like this 

 

Fig. 3: LSTM memory unit structure 

As in Fig.3, The LSTM memory unit consists of a three 
gates. These gates are responsible for the flow-control and 

storage of informat ion. These functionality of these gates are 

used in naming them. The memory  cell is responsible for the 
storage of current cell state which is to be applied for the 

future time-step. The input gate denoted by i responsible for 
the flow of fresh information into the memory cell. The 

forget gate which is denoted by f is responsible for the 
amount of information to be forget in the current state. The 

output gate which is taken as  o is responsible for the control 

of amount of information to be flown into the rest of the 
network. The last layer in the LSTM neural network is 

connected to a fully connected neural network. The equations 
from 8 to 13 describe the functionality of LSTM. 

      σ(  +  . )                  (8) 

                        (9) 

                         (10) 

                    (11) 

               +                       (12) 

                  tanh(                        (13) 
 

D. Performance metrics 

The predicted values of the channel are evaluated using a 
metric called root mean square error (RMSE) the error 

function upon which the weights are optimized. We will be 
dealing with the real component values and imaginary 

component values of the channel separately using two LSTM 
networks which are tuned differently and the result is 

combined to form a complex value prediction. The RMSE 

values are computed using a mathematical equation given by 

the problem we are solving is a regression problem so we 
have taken the cost function as root mean square error. There 

are different cost functions for different types of problems 

we need to choose the cost function or loss function 
according to the problem in hand. 

IV. RESULTS AND DISCUSSION 

Experiment was carried in a simulation based 

environment using MATLAB 2018b and to implement 
neural networks in  MATLAB we used neural network 

toolbox. A SISO wireless system was simulated and the 
channel was modeled as a Rayleigh fading channel and we 

have considered a moving receiver scenario which is offering 
a Doppler shift of 0.0001534 as we are modeling the channel 

as a fast fading channel and we have been using a predefined 

function to simulate Rayleigh fading channel in MATLAB 
with carrier frequency 2.5GHz and signal bandwidth of 

5MHz and with a sampling rate of twice the signal 
bandwidth and we are considering Jakes spectrum. The 

modulation scheme used at the transmitter side was QPSK- 
modulation and its counterpart QPSK demodulator was used 

at the receiver end. 

Firstly, we have generated 1500 bits and then we have 
passed onto a QPSK modulator so that we may get 750 

symbols which are complex numbers are obtained as the 
output of the modulator block and those symbols were 

transmitted through the channel with specifications as 

            O = Ø (                (7) 

 

 

   RMSE =            (14) 
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mentioned above and at the beginning of receiver we are 

adding a AWGN noise which is a byproduct due to receiver 
components and that is termed as ‘y’. Now y which is given 

as input to zero forcing channel estimator and the output of 
that is of dimension 750x1 is separated as 150 units for 

training is termed as h and the rest of the values are predicted 
using the trained neural network model that predicted values 

is denoted by h’. Here the neural network model consists of 2 

LSTM layers with a fu lly-connected layer in the end and in 
the LSTM layer the activation function used at the gate level 

was sigmoid activation function and at the cell-state level we 
use tanh activation function. We use two separate models 

that were tuned separately one to predict the real values of h’ 
and another to predict the imaginary values of h’. For the 

model which predicts the real values we have taken 50 
hidden units that is 50 nodes and the we have considered 

certain parameters like Max.epochs 200 and Mini Batch size 

as 64 and an Init ial Learning rate as 0.05 and Learning rate 
drop period as 125. And for the other model which predicts 

the imaginary values of h uses 50 hidden units and 
Max.epochs of 250 and a Mini Batch size of 64 and with an 

Initial rate of learning as 0.05 and a Rate of Learning drop  
period as 125. Then the predicted values are combined to 

form a complex value and this is used for channel 

equalization and after that we give the output of this block  
as an input to the demodulator block and after the 

demodulation we will get the transmitted bits while some are 
corrupted due to channel impairments and the receiver noise. 

The hyper-parameters that were considered separately for 
real and imaginary were indicated in Table. I and Table. II  

Table. I: Hyper parameters tuned for real channel value 

prediction. 

Number of hidden units  50 

Max. epochs 200 

optimizer Adam 

Initial learning rate 0.05 

Learning rate drop of period 125 

Learning rate drop of factor 0.2 

Mini Batch size 64 

  

Table. II: Hyper parameters tuned for imaginary channel 

value prediction. 

Number of hidden units  50 

Max. epochs 250 

Optimizer Adam 

Initial learning rate 0.05 

Learning rate drop of period 125 

Learning rate drop of factor 0.2 

Mini Batch size 64 

 

Fig.4, demonstrates the predicted real values of the 

channel at 25dB SNR. Fig.5, demonstrates  the predicted  

 

Fig. 4: predicted real values of LSTM block and Real RMSE 
value for sample. 

 

Fig. 5: predicted imaginary values of LSTM block and 
Imaginary RMSE value for sample. 

 

 

Fig. 6: BER versus SNR plot when N=1500. 

imaginary values of the channel. Fig.6, indicates the Bit 
Error Rate (BER) versus Signal to Noise Ratio (SNR) curve 

for the number of bits equal to 1500. Now we will extend the 

concept further by extending the number of bits to 15000 and 
we will div ide the entire 15000 bits into 10 blocks consisting 

of 1500 each. And then they are QPSK modulated. And these 
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symbols are transmitted through the channel modeled and 

AWGN noise was added at the beginning of receiver end. 
Then that symbols were collected. The symbols obtained 

may be represented like Fig. 7.   

Fig .7: Representation of the symbols  training and prediction. 

Now the obtained symbols which have dimension of 
7500x1 can be represented like the above shown figure. We 

consider 750 symbols as one set. Of that we will use 150 for 

training and the next 600 values will be predicted separately 
for real and imaginary values of the channel by using two 

different LSTM neural networks which have the hyper 
parameters as shown in Table. I and Table .II.   

 

Fig. 8: BER versus SNR plot when N=15000. 

We will train for every 150 symbols and predict the next 
600 symbols and we will repeat this until 7500 symbols in 

sets of 750. The entire experiment is repeated for different 
values of SNR and the BER values were obtained. The BER 

Versus SNR plot is shown in Fig. 8. The activation function 

considered are for gate-level is sigmoid and cell-state level is 
tanh. The obtained Fig. 8, BER versus SNR plot indicates 

that LSTM are a good tools that can deal with time series 
data and can be used in application of wireless 

communication systems. 

V. CONCLUSION AND FUTURE SCOPE 

In this paper, we develop a system model that predicts 
the characteristics of a fast varying wireless fading channel 

in a moving/mobile receiver which is moving at a  speed of 
500kmph scenario by using a LSTM neural network and we 

have used that predicted channel values in order to 

reconstruct the message transmitted at the receiver end. For 
that we have tuned the hyper parameters of the LSTM  neural 

network so that we will get a system performance better than 
the existing interpolation based systems. The experimental 

results suggested that LSTM's have the capability of 
predicting the time-series data i.e., getting  insights from the 

historical data to predict the future state. we have modeled a 

SISO channel under the moving receiver case and trained the 
LSTM network online to predict the channel characteristics. 

LSTM's are helpful assets in building the next generation 

wireless technologies. 

By considering this as a sub-channel in an OFDM system 

this concept with a little modification can be extended to 
multiple sub-channels in an OFDM system.  
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