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Abstract

In the area of wireless communication, channel estimation is a challenging problem due to the need for real-time implementation as
well as system dependence on the estimation accuracy. This work presents a Long-Short Term Memory (LSTM) based deep learn-
ing (DL) approach for the prediction of channel response in real-time and real-world non-stationary channels. The model uses the
pre-defined history of channel impulse response (CIR) data along with two other features viz. transmitter-receiver update distance
and root-mean-square delay spread values which are also changing in time with the channel impulse response. The objective is to
obtain an approximate estimate of CIRs using prediction through the DL model as compared to conventional methods. For training
the model, a sample dataset is generated through the open-source channel simulation software NYUSIM which realizes samples
of CIRs for measurement-based channel models based on various multipath channel parameters. From the model test results, it is
found that the proposed DL approach provides a viable lightweight solution for channel prediction in wireless communication.
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1. Introduction

In the wireless communication systems, the performance of the system is limited by the wireless channel response
which is commonly non-stationary and rapidly varying in high mobility applications. A common approach to obtain
the channel response at the receiver is to perform the estimation operation from the received observation with sending
the pilot signal or blind estimation approach. The accuracy of the channel estimation plays an important role in the
performance of the wireless communication systems. In addition, the implementation complexity of the estimation
process is one of the limiting factors in system design for high speed applications. Also, the number of pilot signals
required for estimation increases the overhead in the system [1]. In 5G and beyond communication systems, the
estimation complexity increases exponentially with the antenna count at the transmitter-receiver sides. This also results
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in pilot overhead signal requirement as well pilot signal design to avoid pilot contamination issues. Therefore, there
have been active research efforts to devise approaches which do not require a pilot signal.

There have been numerous recent efforts to leverage the impressive performance offered by state-of-art deep learn-
ing models to modern day use-cases such as computer vision [2], finance [3], and cybersecurity [4]. The fact that deep
learning models are able to extract complex underlying inter-relationships between large number of features (given
enough data, and a suitably trained model) has led to the application of deep learning models to several other im-
portant use-cases in the real world – including, but not limited to, communication systems [5], agriculture [6], sports
[7], medical diagnostics [8, 9] and drug discovery [10]. Machine learning and deep learning based channel response
prediction methods are examples of such approaches [11]. Efficient deep learning algorithms to solve the channel
estimation and symbol detection problems in next generation wireless systems with low complexity implementation
are very desirable [12, 13, 14]. This paper attempts to leverage the performance of a well-known deep learning model
(viz. the Long Short-Term Memory (LSTM)) for performing the very critical task of wireless channel estimation.
LSTM was chosen for the task over conventional Recurrent Neural Networks since the latter suffer from the vanishing
gradient problem, which an LSTM is not prone to, and also due to the fact that LSTM networks are able to learn from
longer sequences to extract long-term dependencies in the data which a typical RNN struggles to do.

Contribution: The concrete contribution of this paper is to present a lightweight LSTM-based recurrent deep learn-
ing model for the prediction of channel impulse response for a typical 28 GHZ 5G deployment in an urban/city
scenario. The model is easy to train and converges to a reasonably accurate model within 50 epoch of training.

This paper is organised as follows. Section 2 presents an overview of the existing approaches employing deep
learning models for the wireless channel estimation problem. Section 3 presents an overview of the LSTM and the
problem formulation. Section 4 contains a discussion on the channel modelling problem and the generation of the
dataset used in this work. Section 5 contains details of the proposed deep learning model for the CE problem. This
is followed by Section 6 which presents the results of the proposed approach. Section 7 presents a discussion on the
different training scenarios for the deep learning model. Lastly, Section 8 contains some concluding remarks.

2. Related Works

This section presents a brief overview of the pertinent research works containing the application of deep learning
and machine learning approaches for wireless channel estimation.

2.1. DL based channel estimation in OFDM systems

OFDM modulation scheme has been tested in a variety of high-speed transmission domains. High-order modula-
tion is a common approach to increase transmission rate, although it necessitates excessive CE precision. Pilot-aided
estimate, semi-blind and blind estimation are the three types of conventional CE techniques. The answers are compli-
cated, and they frequently necessitate accurate data in advance. Researchers have experimented with, and created two
types of DL models: data and prototype learning networks, because neural networks have confirmed effective feature
studying capacity. It has been revealed by simulation results that under both fast and slow fading channels, it has su-
perior average overall performance and less computing power than existing DL-based fully techniques. However, this
technique has a flaw that the massive amount of computational power is required for offline training [15]. Recently,
over the channel estimation in OFDM systems using DL method has been presented [16]. Another DL-Based Channel
Estimation in doubly-selective fading channels is presented [13].

2.2. DL based channel estimation in MIMO systems

MIMO is a spatial diversity based approach that uses a multiple number of antennas at the transmitter and receiver
side to improve the error rate performance and effective sum rate. Acquiring correct channel statistics is extremely
critical in order to achieve efficient communication in massive MIMO. One of the most important measures is CE
correctness. A wide range of DL-based approaches are developed to improve the estimation accuracy of massive
MIMO structures. DNN-based approaches, CNN-based approaches, and DL blended with traditional techniques are
the three types of schemes [17]. Another approach for channel prediction in massive MIMO systems on real world
data using ML is presented in [14].
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Table 1. Brief overview of existing deep learning and machine learning approaches for channel modelling [19]

Model Network Innovation Advantage Application

RNN Bi-RNN To increase accuracy, a two-way
RNN (BiRNN) structure was in-
troduced (first attempt to em-
ploy RNN for CE).

It does not ne-
cessitate any pre-
knowledge of esti-
mate of the channel

Find a suitable
medium between
precision and intri-
cacy.

SBGRU SBGRU for learning time-
varying Rayleigh fading Chan-
nel is presented by combining
RNN with sliding window
notion.

SBGRU has the
capacity to follow
the channel in real
time and has a lower
MSE.

There is no prior
knowledge or statisti-
cal characteristics in
the channel model.

CNN FFDNet FFDNet takes as input vari-
able noise level mapping, which
can handle a broad spectrum of
signal-to-noise ratios.

FFDNet is charac-
terised by its flexibil-
ity and efficiency.

It can handle a broad
spectrum of signal-
to-noise ratios.

LDAMP DL is used for beam spatial CE.
(First time when deep learning
is used for beam spatial CE)

Traditional algo-
rithms are inferior to
LDAMP.

When the receiver
only has a certain
number of RF chains.

DNN ComNet A block-by-block signal pro-
cessing method is adopted,
which combines deep learning
with expert knowledge.

Better Performance
even with fewer
parameters.

In wireless commu-
nication, change the
original OFDM re-
ceiver.

DNN A DNN pre-training approach
and a DL-based dual-selection
channel estimation algorithm
are devised.

The linear minimal
mean square error es-
timator is superior in
terms of robustness
and efficiency.

When the channel
model isn’t known
or is difficult to
decipher.

2.3. DL based channel estimation in mmWave systems

The channel estimation problem in a mmWave system grows more complicated as the number of antennas at both
transmitter and receiver rises. The channel matrix is represented as a 2D picture by a denoising system that can be
learned with approximation message through a neural network [18]. This network incorporates denoising CNN into an
iterative sparse signal recovery strategy for CE that outperforms even the most modern compressed sensing algorithms
while only requiring a few radio-frequency chains. This is not, however, a blind CE approach and estimation accuracy
is low. Some approaches are also used in conjunction with others. In the literature, for example, a realistic and accurate
CE framework based upon a fast-denoising CNN was created using the sparse mmWave channel matrix as an image.
This method is quick without sacrificing normalised mean square error performance [18].

3. Background

This section contains pertinent background information about the LSTM, and also presents an overview of the need
of the channel estimation in wireless communication systems.

3.1. Long Short-Term Memory (LSTM)

In a typical recurrent neural network, during the back propagation process, the gradient may reduce to a very
small (negligible) value such that no parameters are significantly updated. This problem is referred to as the vanishing
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Fig. 1. General flow diagram of a typical LSTM cell

gradients problem. Long Short-Term Memory were proposed to rectify this problem of vanishing gradients in RNNs,
and also to enable the model to learn longer sequences (as compared to what a typical RNN is capable of processing).
The internal architecture of a typical LSTM cell is shown in Fig. 1, where xt is the current input to the cell, ht is the
current output from the cell, ct is the newly updated memory value from this cell, ct−1 is the memory output value
from the previous cell, and ht−1 is the output of the previous cell.

There are three gates in the cell (shown in Fig. 1) which steer the functionality to control information of the hidden
layer thereby introducing a memory in the cell. Wxi is weight matrix that depicts the weights from the input layer to the
input gate. The values of the outputs of all the three gates is between [0,1], and the corresponding equations reflecting
the behaviour of the gates of the i–th LSTM cell are presented in (1), (2), and (3) [20].
Input gate: Sigmoid of input i at time t is taken with W as a weight matrix to transfer pertinent information to the
different layers of network.

it = sigmoid(Wxixt +Whiht−1 +Wcict) (1)

Forget gate: This gate assumes the responsibility of removing unnecessary (redundant) information that can be no
longer learnt from the data.

ft = sigmoid(Wx f xt +Wh f ht−1 +Wc f ct) (2)

Output gate: This gate filters out all the information not required in the output, and therefore assumes the responsibility
to identify/select only the information which is meaningful for the current cell, and pass it on to the next LSTM cell.

ot = sigmoid(Wxoxt +Whoht−1 +Wcoct) (3)

Memory cell: This allows to input information to the cell state. It requires two inputs (i) x(t) at time-stamp t, and (ii)
activation from the previous state, and then passes these to the sigmoid function block. The output is then multiplied
with hyperbolic tangent of the hidden state h to ensure that the significant information has been added to the cell.

ct = ftct−1 + ittanh(Wxcxt +Whcht−1) (4)

Hidden layer output: When output values of all the internal gates in the i–th LSTM cell have been calculated, then the
final state of the memory cell is said to be predicted.

ot = ottanh(ct) (5)

3.2. Channel Estimation Problem

In a conventional single input single output (SISO) wireless communication system, the received signal y at the
receiver input can be represented by:

y = hx + n (6)

where x represents the transmitted signal, h represents the fading channel coefficient, and n represents the additive
white Gaussian noise signal having zero mean and variance σ2.
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The problem of optimal detection of transmitted symbol vector from the received signal y is in general expressed in
the form of (7).

x̂ = arg min
x

E
(
||y − ĥx||2

)
(7)

A common assumption in the detection of the symbol from received observation is that the perfect channel state
information is available at the receiver. The channel state information at the receiver h is obtained through channel
estimation method based on either pilot-aided approach or blind estimation method. It can be easily inferred that the
detection accuracy also depends on the channel estimation accuracy. To make an accurate channel prediction, the
problem is formulated as an optimization problem aiming to minimize the mean square error (MSE) value between
the actual and predicted h-values, which may be calculated as in (8).

ĥMMS E = min E
(
||ĥ − h||2

)
(8)

In order to obtain a low complexity solution providing the minimum square error in the ĥ values, many conven-
tional techniques as well as well deep learning based approaches have been described in the literature. However, the
complexity of the channel estimation technique grows exponentially with increase in the antenna count in MIMO
systems. In this work, a prototype solution for channel prediction for SISO wireless systems is presented which needs
to be suitably extended for the MIMO systems and will be considered in a future work.

4. 5G Channel Model and Dataset Generation

There are several wireless channel simulators which have been developed and used by many researchers, such as
SIRCIM (Simulation of Indoor radio Channel Impulse response Models) developed by Rappaport and Seidel for the
indoor channels [21], and SMRCIM (Simulation of Mobile Radio Channel Impulse Response Models) which is an
open-source RF propagation simulator developed for simulating the outdoor channels [22].

For the generation of the dataset to be used in this work, we have chosen the NYUSIM1 software as it is open-
source, and is available with a platform-independent graphical user interface [23]. NYUSIM can be used to generate
realistic channel responses which are temporal as well as spatial and support the realistic physical and link layer sim-
ulations for the fifth-generation (5G) cellular communications. The NYUSIM simulator is based upon the statistical
spatial channel model for the mmWave wireless communication. This simulator can be used for a wide range of carrier
frequencies (500 MHz to 100 GHz) and a range of radio frequency bandwidths (0 to 800 MHz). There are different
operating scenarios available in the NYUSIM software such as UMi (Urban microcell), UMa (Urban macrocell) and
RMa (Rural macrocell), and it also has the capability to incorporate multiple-input multiple-output (MIMO) antenna
arrays at the transmitter side and receiver side [23]. One of the most important aspects of the NYUSIM is that it was
built using wideband propagation channel measurements in the real world at numerous millimeter-wave (mmWave)
frequencies spanning from 28 to 73GHz in varied outdoor situations. As a result, NYUSIM provides an accurate
supply of real-time and real-space channel parameters [24].

The parameters used for data generation are listed in Table 2, and the scenario considered for the wireless channel
variation is presented in Table 3.

5. Proposed Model

The proposed LSTM-based deep learning model to output predictions of the channel response (ĥ) is presented in
Fig. 2. The model employs 4 layers: three LSTM layers and one Dense layer with different number of units in each
layer. Details about the number of units in each layer as well as other pertinent parameters (such as Optimizer and the
Loss Parameter) are included in Table 4.

1 NYUSIM Version 3.1 available at: https://wireless.engineering.nyu.edu/nyusim/
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Table 2. The parameters considered for the dataset generation

Parameter Value(s) Parameter Value(s)
NumBsElements 1 Tx Power (dBm) 10
NumUTElements 1 Barometric Pressure (mBar) 1013.25
Num Rx Locations 1 Temperature (C) 20
Carrier Frequency (GHz) 28 Polarisation ”Co-Pol”
Bandwidth (MHz) 800 Foliage Loss ”No”
BS Height (m) 10 Humidity (%) 50
UT Height (m) 1.5 Scenario ”Urban Macro”
Distance Range (m) 100 O2I Penetration Loss ”No”

Table 3. The scenario considered for the dataset generation

Parameter Value(s) Parameter Value(s)
Environment LOS Correlation Distance of Shadow Fading 10 m
Tx-Rx Separation, Lower bound 10 m UT Track Type Hexagon
Tx-Rx Separation, Upper bound 100 m Side Length 10 m
Track Distance 100 m UT Velocity 1 m/s
Update Distance 0.1 m Moving Direction 45
Orientation Clockwise Human Blockage ”No”

Layer-1 
LSTM 
512

Layer-2 
LSTM 
256

Layer-3 
LSTM 
128

Layer-4 
Dense

4

Input
Data

Predicted
Channel

Response

Fig. 2. Architecture of the proposed deep learning model for the prediction of ĥ

5.1. Training Details

The approach works by training the model using a sequence input comprising of a ‘history’ vector of past h values
(real and imaginary components of h being considered as individual features), along with other relevant feature such
as tx-rx distance and the delay spread. The output of the model is the ‘future’ value of h i.e. ĥ. Once the model is
sufficiently trained (which is decided by the loss metric, mean squared error, attaining a certain minimum threshold)
the model can be used to output predicted values of ĥ given the past h values and other required data (tx-rx distance
and the delay spread). An illustration of the arrangement of the training data sequence is shown in Fig. 3. For the
work embodied in this paper, the ‘history’ and ‘future’ windows are kept at 85 and 1 respectively. This means that the
trained model can predict the future value of ĥ (along with the future value of delay spread, and tx-rx distance) given a
sequence of the past 85 values of h. Other pertinent details of the training process are included in Table 4 from where
it can be noted that the model is trained for 50 epochs with a batch size of 100. A train-test split of 0.8 was used to
divide the data (sequentially, not randomly) into the training and testing sets. The Adam optimizer was used for the
model, and the performance metric was chosen to be the Mean Square Error (MSE).

Fig 4 depicts the plots of the variation (progression) of the Accuracy and the Loss parameters with progressing
epochs during the training process. It can be seen that the performance of the model improves significantly during the
first few epoch in the training, but the relative performance improvement slows down with further training epochs.
In fact, should a shorter training duration be desired in some application scenario, the training could be stopped at
around 20 epochs without sacrificing the model performance much.
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Fig. 3. Depiction of the input (past values of h) and the output (predicted future values of h) i.e. ĥ

Table 4. Details of parameters and number of units for the different layers in the proposed model of Fig. 2

Parameter Value Layer Units
Loss parameter Mean Squared Error LSTM-1 512
Batch size 2 LSTM-2 256
Epochs 50 LSTM-3 128
Train-Test split 0.8 Dense 4
Optimizer Adam Trainable parameters 2,043,908
History 85 Non-trainable parameters 0

Fig. 4. Accuracy and loss plots for the deep learning model

6. Results

The trained model was used to predict the future values of the channel response, and the output ĥ was compared
with the (known) actual values. It should be noted that since h (and therefore, ĥ values comprise of both real and
imaginary parts, there need to be two different comparisons to compute the overall accuracy of the predictions – one
for the real part, and another one for the imaginary part of the channel response parameter. Fig. 4(a) and Fig. 4(b)
depict the plots of the actual values and predictions for the real and imaginary parts of h (in blue color) and ĥ (in
orange color) respectively. It can be seen that the model performance remains quite close to the ground truths, with
the overall calculated value of test data MSE equal to 0.024, and test data Mean Absolute Error (MAE) being 0.109.

Another interesting observation to note from Fig. 5 is that the for indices in the predictions where the model output
deviates from the actual values, the error in the real and the imaginary parts tend to offset each other in the sense
that for indices where the real part of ĥ exhibits large error, the imaginary part matches very closely to the ground
truth, and vice-versa. This observation needs further investigation, and perhaps separate training of two such models
to predict the real and imaginary parts would yield an overall more accurate model – however, that is beyond the scope
of this work and is an avenue for future research works.
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Fig. 5. Plots of ground truths and predictions for the real and imaginary parts of h

7. Discussion

Choice of the History parameter: The value of ‘85’ chosen for the History parameter was somewhat arbitrary.
Indeed, the model can be offered a longer (or shorter) past sequence to learn from. To explore the performance of the
proposed model over History values other than the value chosen in the previous section (History=85), the same
model was further trained and tested for different scenarios ranging from History=10 through History=100, and
the prediction results are presented in Fig. 6. It can be observed that the model prediction performance improves with
increasing the value of History. This is expected since a longer history window allows the model to learn from a
longer past sequence. However, this improvement in the performance comes with a trade-off in the form of linearly
increasing training time for the model, as shown in Fig. 7, when the History parameter is increased. This is again
expected since with increasing History parameter, the model is being trained to learn longer sequences.

Comparison with Recent Approaches: In addition to the approach presented in this work, there have been some
other recent research endeavors directed towards the prediction of channel response using machine learning. Authors
in [25] evaluate five different ML models and conclude that the Support Vector Machine based approach was the most
suitable (best prediction accuracy). However, they considered a ‘pilot-assisted’ scenario, whereas for the approach
considered in the present work, a pilot-less scenario is considered. Researchers in [26] employed a distributed and
hierarchical neural network architecture to improve the channel estimation accuracy. By virtue of being distributed in
nature, the approach is prone to both data and model poisoning attacks [27]. The work in [28] employs an LSTM-
based recurrent neural structure for wireless channel prediction. The results are provided for a 2.4 GHz wireless
channel scenario, and the applicability of the model to 28 GHZ/52 GHZ 5G channel scenarios is not explored.

8. Conclusion

This paper presented an LSTM-based deep learning solution for channel prediction in 5G scenario for conventional
single-input single-output wireless systems. The dataset for training and testing the deep learning model is generated
using the open-source NUYSIM simulator by considering a realistic urban macro-cell 5G scenario. The approach was
to employ an LSTM-based model for learning from a history of the past channel response values, and then predicting
the future value of the channel response during the inference stage. Although the results contained in the paper are for
the model performance after training for 50 epochs, the relative performance improvement after 20 epochs of training
was marginal. Therefore, if a shorter training duration is desired in some application scenario, the training could
be stopped at around 20 epochs without sacrificing the model performance to any appreciable extent. The predicted
channel response values were compared with the actual values, and it was seen that the model performance remained
quite close to the ground truths, with the overall calculated value of the accuracy being 85%. Furthermore, experiments
were carried out for training and testing the proposed model with different values of the History parameter, and the
model was found to work better for longer training sequences. In the future, this work may be extended for massive
MIMO-based 5G and beyond-5G networks.
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History = 10 History = 20

History = 30 History = 40

History = 50 History = 60

History = 70 History = 80

History = 90 History = 100

Fig. 6. Results of the ĥ predictions obtained from the model for History values ranging from 10 through 100. The real and imaginary values of ĥ
are plotted separately.
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