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Abstract The time-varying nature of the wireless propagation channel under
high user mobilities, termed as channel aging, is a major performance impedi-
ment in many communication systems. In this paper, we discuss deep learning
models for semi-blind channel estimation in a single input single output wire-
less communication system under channel aging. In our proposed scheme, we
first use pilot based training to obtain initial channel estimates. Following this,
we treat the detected symbols as pilots and perform further channel estima-
tion using an Encoder-Decoder LSTM network for constant and sliding window
schemes. To show the effectiveness of our method, we show the training capa-
bilities of our models and the BER vs SNR graphs for multiple simulations.
We discuss integrating these Encoder-Decoder LSTM models with deep learn-
ing enabled symbol detection techniques like the DetNet to further improve
spectral efficiency. The Encoder-Decoder LSTM network gives us a low BER,
with the moving window scheme outperforming the constant window scheme.

Keywords Channel aging, machine learning, neural networks, DetNet
.

1 Introduction

With the increasing number of mobile devices and the consequent rise in mo-
bile traffic, it becomes necessary to improve the overall spectral and energy
efficiencies of wireless networks. In this regard, four generations of wireless
communications standards have already been rolled out, and the fifth gener-
ation will soon be available commercially [1, 2]. It is a well known fact that
all the generations of wireless communications standards require the availabil-
ity of channel state information (CSI) at the base station with high fidelity.
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However, the satiation of this requirement becomes questionable due to var-
ious factors including channel estimation errors [3], pilot contamination [4],
reciprocity calibration imperfections [5], and channel aging [6–14].

Channel aging refers to the temporal variations introduced in the wireless
propagation channel due to the relative motion of the users with respect to the
base station, and causes in a mismatch between the true state of the communi-
cation channel and the available channel state information. Conventionally, a
time varying channel has been modeled using the block fading model wherein,
the channel is assumed to remain unchanged over a block of time known as the
coherence interval. However, recent work [7,8,11,12] in this direction has shown
that the effect of aging cannot be ignored in high mobility scenarios, and leads
to significant performance deterioration in wireless communication systems.
While most of the works in this direction have focused on the quantification of
the effects of channel aging on wireless communication systems [6–12], there
have been efforts to mitigate the effects of channel aging via channel track-
ing [13–15].

In this context, the authors in [14] and [13] employ Kalman filter based
tracking of the aging channel, and [15] uses a machine learning based auto-
correlation function (ACF) classifier to predict the channel. However, all of
these works consider pilot based channel tracking and hence require frequent
retraining of the system, lowering the overall spectral efficiency. Here, we dis-
cuss a deep learning based semi-blind channel estimation approach that re-
purposes the detected data symbols as pilots to avoid frequent pilot trans-
mission, thus increasing the overall spectral efficiency. Our scheme relies on
the fact that the aging channel behaves as a slowly varying time series, whose
value at any instant of time can be estimated using its past values. Therefore,
the problem of tracking an aging channel can be viewed as a sequential data
tracking problem. In recent years, a special class of neural networks, called
recurrent neural networks (RNN)s have been shown to be effective in many
problems involving sequential data [16].

We present an Encoder-Decoder LSTM network, to perform semi blind
update of the available channel estimate. Our key contributions in this work
are,

1. We propose a deep learning algorithm for semi-blindly tracking a time
varying channel in a wireless communications setting. (See section 4)

2. Via extensive simulations we evaluate the efficacy of our proposed semi-
blind channel tracking schemes and compare their performance. We use
these results to prescribe the deep learning techniques best suited for chan-
nel tracking.

3. We discuss the utility of deep learning based techniques like DetNet [17] in
detecting the received data symbols under the available channel estimates.

The key takeaway of this work is that semi-blind channel tracking based
on deep learning can be used to counter the effect of channel aging in cellular
wireless communication systems, and can therefore potentially be used to mit-
igate the effects of other CSI impairments in communication systems. We next
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discuss the underlying communication channel model (See Section 2), followed
by an introduction to RNNs (See Section 3).

2 Communication System Model

We consider the uplink of a single input single output wireless communication
system, with a single mobile user. We assume that the user is moving at
a uniform velocity v [8]. Each communication frame is assumed to have a
duration of T symbols, which consists of τ training symbols followed by T − τ
data symbols. For simplicity of notation, we assume that the time index n
within each frame takes values in the range n = −τ + 1 to n = T − τ , with the
first τ symbols corresponding to pilot based training, and data transmission
starts from the time index n = 1.

Letting hn be the zero mean circularly symmetric complex Gaussian (ZM-
CSCG) distributed channel coefficient between the BS antenna and the user
nth instant, such that, hn ∼ CN (0, β). Here β is the slow fading channel
propagation factor, given as,

β =

(
d

d0

)−η

, (1)

with d being the distance between the user and the BS, d0 the reference dis-
tance, and η the propagation exponent. We also consider the channel to evolve
over time in accordance with

hn = ρ[n]h0 + ρ̄[n]zn, (2)

with zn being a wide sense stationary, temporally white ZMCSCG innova-
tion processes, and ρ[n] the channel correlation coefficient defined as ρ[τ ] =
E[hnh

∗
n−τ ]. A commonly used model for the channel aging process is a first

order autoregressive process, with ρ[n] = (ρ)n , (J0(2πfdTs))
n [6, 7, 13], and

J0(.) being the Bessel function of the first kind and zeroth order [18], Ts be-
ing the sampling period, and fd the Doppler frequency corresponding to the
user, defined as fd = vfc/c for a carrier frequency fc, and c the speed of
electromagnetic propagation in vacuum.

In the training phase the user sends τ orthogonal uplink pilot symbols,
with the pilot energy being Ep to obtain MMSE estimates ĥ0 of h0 such that

h0 = b0ĥ0 + b̄[0]h̃0, (3)

with the channel estimation error expressed as h̃0, such that E[ĥ0h̃0] = 0.
Also, b̄2n is the mean squared estimation error in the channel coefficient hn at

the nth time instant, with b =
√

1− b̄2.
In the special case, τ = 1, it has been shown that b0 can be upper bounded

as [8],

b0 ≤

√
Ep

Ep +N0
. (4)
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Fig. 1: RNN architecture

Following this, and during the data transmission phase, spanneing the next
T − τ time instants, the user transmits data symbols, with the symbol trans-
mitted at the nth instant is given by sn, and is transmitted with an energy
Es. The overall received symbol at the BS therefore becomes

yn =
√
Eshnsn +

√
N0wn. (5)

The BS then uses the available channel estimates to estimate the symbols
transmitted by the user as ŝn. These symbol estimates are then used to update
the available channel estimates and the cycle continues. Since the channel in
this case behaves like a time series, it can be tracked via tools used to estimate
time series. Therefore, we next describe RNNs, that have been extensively
employed for time series estimation.

3 Recurrent Neural Networks

A Recurrent Neural Network is a feedback connected a artificial neural net-
work (ANN) that can be unrolled as shown in Fig. 1. Therefore, RNNs have
memory in the form of internal hidden states in the nodes of the network.
These hidden states capture information about the previous time steps, giv-
ing RNNs the power of using past information to make future decisions, and
allowing them to work with variable length input sequences. RNNs perform
the same task for every input element since they share the same parameters
across each time step. At each timestep, the RNN output is a function of the
current input and the current hidden state which has representative informa-
tion about the previous inputs. Consequently, RNNs can efficiently be used to
model sequential data [19].

We can now write the hidden state st and the output ot of an RNN for an
input xt as,

st = f (Uxt +Wst−1) , (6)

ot = softmax (V st) , (7)
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Fig. 2: An LSTM Network [21]

respectively. Here U , V and W are system parameters.

However, it is important to note that while training a standard RNN
through back propagation through time (BPTT), the gradient of the loss func-
tion decreases as we move back in time. It is due to this effect that standard
RNNs can not be direcly appiled to solve probelms with long term dependen-
cies. Also, since we want to look at many of the past estimated channel values
to make better future predictions, we invoke long short term memory (LSTM)
networks that can efficiently tackle the vanishing gradient problem [20] by
using special cells that can preserve information. A schematic of an LSTM
network is shown in Fig. 2, with the yellow boxes corresponding to neural
network layers, the pink circles to point-wise operations, merging arrows to
concatenation and directional arrows to vector transfers.

LSTMs tackle the problem of vanishing and exploding gradients by using
a cell state. This cell state flows down the unrolled chain encountering only a
few interactions, and can be altered only via gate operations embedded in the
data paths [21]. We next discuss the architectures for using RNNs with LSTM
celss to address the problem of semi-blind channel tracking.

4 Architectures for Semi Blind Channel Tracking

We assume that the evolution of the channel coefficient is contained within
a vector of length c (context length), and all these values are obtained via pilot
based channel estimation. We now want to use this to obtain channel estimates
for the next p (prediction length) timesteps. For this purpose, we present two
RNN architectures in the sequel, viz. unidirectional and bidirectional Encoder
Decoder LSTM models. We consider these models under both fixed window
and sliding window prediction schemes.
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Fig. 3: Constant Window; In this example c=4, p=4

Fig. 4: Moving Window; In this example c=3, p=1

4.1 Windowing Scheme

4.1.1 Constant Window Scheme

Under the constant window setup we use c (context length) past values of
the channel coefficients to predict the next p (prediction length) values. This
results in a input length of c and an output length p. Initially, the c pilot trained
values can be used as the input to the model. Once this model predicts the next
p steps, it doesn’t have to run during those p steps. To continue prediction, we
can shift the window by p steps, such that it contains c− p pilot based values
and p vacant slots. These vacant slots are then filled using yt/decoded(xt) for
t = c+ 1 to t = c+ p, where decoded(xt) is obtained via maximum-likelihood
detection, using the predicted channel estimates. This can again be fed back
as the input to our model for future predictions.

4.1.2 Moving Window Scheme

Under the sliding window setup, we use a context length of size c to make
one prediction, i.e., p = 1. This window slides with time to keep on predicting
the value of ht during the upcoming time steps. The channel value at time t
is estimated using the previous c values. As the window slides, it deletes the
oldest channel value, and appends the latest value of yt/decoded(xt), which
as in the constant window case is decoded via maximum likelihood detection,
using the predicted channel estimates.
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4.2 Encoder Decoder Model

The encoder decoder architecture consists of 2 components,

1. The encoder is an LSTM network that takes the known channel response
values as an input. The hidden state of the last LSTM cell is the con-
text vector C, holding a summary of the information in the entire input
sequence.

2. The decoder is also a LSTM network, conditioned on the fixed length
context vector [22], and produces the output sequence of predicted channel
values.

In our model, the encoder and the decoder are trained jointly to minimize
the average loss function over all the pairs of htarget and hinput sequences in the
training set [23]. In the unidirectional model, we consider two Unidirectionlal
LSTM (ULSTM) networks stacked together in the encoder and the decoder.
The first layer takes the channel time series of length c as the input. Each
LSTM cell in the first layer of the encoder takes one timestep, i.e., one channel
value per timestep as the input. The final hidden states of both the layers are
used as context vectors C1 and C2. The context vectors are then passed to
the respective decoder layers as the initial state. The decoder inputs at layer
1 are set to 0. The output sequence at layer 2 contains the predicted channel
response values for the next p timesteps. This is shown in Fig 5.

In the bidirectional model, we consider two bidirectional LSTM (BLSTM)
networks stacked together in the encoder, and two Unidirectional LSTM (UL-
STM) networks stacked together in the decoder. Each BLSTM [24] layer has
two components, viz. the forward component and the backward component.
The forward component takes the channel time series from t = 0 to t = c as
the input, while the backward component takes the time series in the reverse
order, i.e., from t = c to t = 0. The key idea here is to capture the dependen-
cies that a unidirectional model might not be able to do. Each LSTM cell in
the first layer of the encoder takes one timestep, i.e., one channel value per
timestep as the input. The outputs of the first layer are passed to the respec-
tive LSTM cells in the subsequent layer. The final output of each layer consists
of two context vectors C1 and C2 for the forward and backward component
respectively. The context vectors are concatenated and passed to the respec-
tive decoder layers as the initial state. The decoder inputs at layer 1 are set
to 0. The output sequence at layer 2 contains the predicted channel response
values for the next p steps. This is shown in Fig 8.

The LSTM cell gate equations are given by:

it = σ (wi [lt−1, ht] + bi)

ft = σ (wf [lt−1, ht] + bf )

ot = σ (wo [lt−1, ht] + bo)

(8)

where ft represents the forget gate, it is the input gate, and ot the output
gate. Similarly, the coefficients wx represent the gate weights and bx the gate
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Fig. 5: Unidirectional Encoder Decoder LSTM network

Fig. 6: Bidirectional Encoder Decoder LSTM network

biases. Also, lt−1 represents the previous LSTM block output, ht is the current
input, and σ(.) is the sigmoid function.
Similarly, the LSTM cell output equations are given by:

c̃t = tanh (wc [lt−1, ht] + bc)
ct = ft ∗ ct−1 + it ∗ c̃t
lt = ot ∗ tanh (ct) ,

(9)

where ct is the current state of the encoder cell, st is the current state of
the decoder cell, and c̃t possible state of the encoder cell at timestamp t. We
represent the above operations by the LSTM operator, such that,

ct = LSTM (ct−1, ht) , (10)

st = LSTM (st−1, 0) , (11)
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Nodes [60,60] for Unidirectional Encoder
[120,120] for Bidirectional Encoder

[20,20] for Decoder
Input Length 60
Target Length 20 (Constant) or 1 (Sliding)

Epochs 1000
Batch Size 10

Learning Rate 0.01
Validation Split 0.1

Optimizer Adam
Loss MSE

Table 1: Training Parameters

with s0 = cn. Following this, the estimated channel values are the output of
the decoder are given by:

zt = softmax (V st + b) . (12)

5 Evaluation

5.1 Training Deep Learning Model

The Jakes model is used to generate the channel coefficient values for training.
We consider the carrier frequency to be fc = 2 GHz, the complex signal
bandwidht and the sampling rate at the BS to be Ts = 1 MHz, and the
user velocity v = 300km/h. This results in the correlation coefficient taking a
value ρ = 0.999. We first generate an array of size N containing the channel
coefficient values generated using (2). The dataset of length N is randomly
divided into multiple blocks of length c+p. For each block, the first c elements
constitute the input vector and the last p elements constitute the target vector.
We use the Min-Max scaler to normalize the data before training. The data is
shuffled before training to avoid any biases. The parameters used for training
are listed in Table 1. To present the training capabilities of our models, we
show the loss vs epoch graph for the Bidirectional Encoder Decoder LSTM
network using the constant window scheme Fig. 7. The loss decreases with
more training implying that the model is able to learn. The validation loss
closely follows the training loss implying that the model is not over fitting and
will be effective when used on unseen data.

5.2 Performance and Runtime Analysis

For Monte Carlo simulations, the minimum SNR used is 2 dB and the maxi-
mum SNR used is 10 dB. The number of simulations per SNR for every model
is 20,000. To evaluate the efficacy of our work, we present two plots -
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Fig. 7: Loss vs Epoch analysis using Bidirectional Encoder Decoder LSTM
model using Moving window scheme

1. Compare the four Encoder Decoder LSTM models with the case when no
channel estimation technique is used (Fig. 8).

2. Compare Bidirectional Encoder Decoder LSTM model with a simple feed-
forward neural network (Fig. 9).

Fig. 8 gives us an estimate of the improvement in the bit error rate when
Encoder-Decoder LSTM models are being used for channel estimation. Also,
we observe a trade-off between these models. Although a constant window
scheme gives us a higher bit-error rate than a moving window scheme, it re-
quires a lower run time. For example: to predict the next 20 time-steps, the
model using a constant window scheme would run only once while the model
using a moving window scheme would run 20 times. Thus, we can expect a con-
stant window scheme to be faster than a moving window scheme. Depending
on the application and trade-offs any windowing scheme can be chosen.

Fig. 9 gives us an estimate of the effectiveness of recurrent neural networks
over older, more primitive deep learning models like the feed-forward neural
networks. Both models use a moving window scheme.

5.3 Utility with Symbol Detection Techniques

Deep learning based schemes like DetNet [17] have proven to be effective for
symbol detection in wireless communication systems. However, such schemes
assume that the receiver has accurate channel state information (CSI). Chan-
nel aging in high mobility scenarios makes channel estimation challenging. Our
model tackles this problem and can be integrated with schemes like DetNet
by providing the required CSI for decoding. The channel estimates from our
model can be fed into DetNet for symbol decoding. The detected symbols can
then be used to track the channel further giving a complete neural network
based receiver.
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Fig. 8: BER vs SNR plots for Encoder Decoder LSTM Models

Fig. 9: BER vs SNR plots for Encoder Decoder LSTM Model and Feedforward
Neural Network

6 Conclusions and Future Work

In this paper, we discussed a semi blind channel tracking algorithm to track
time varying SISO wireless channels in a cellular system. In this scheme, we
used the detected data symbols at the base station as pilots, and fed those to
an LSTM network with both static and sliding windows to capture the time
evolution of the channel. We observed that the proposed channel estimation
scheme avoided the saturation in the rate (BER) when compared to no channel
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tracking. The proposed scheme was also found to outperform simple feedfor-
ward neural networks. Future work may include the extension of this scheme
to a MIMO/ massive MIMO setting, in compliance with upcoming 5G/ 6G
systems.
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