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Abstract—In frequency-division-duplex (FDD) massive MIMO
systems, channel state information (CSI) feedback waiting phase
does not get fully exploited since base station needs to wait for the
CSI feedback before transmitting downlink data. The proportion
of the CSI feedback waiting phase during the downlink trans-
mission would be high as the MIMO system scales up, which
sacrifices downlink rates of the FDD massive MIMO systems
significantly. In this paper, we first present a channel prediction-
aided FDD scheme to utilize the idle waiting time efficiently. Then
we propose a novel channel prediction method based on Bayesian
neural network (BNN), which can handle the uncertainty in
a natural manner and learn regularization from data without
painstaking manual pre-tuning of network hyperparameters.
Numerical results show that our proposed channel prediction-
aided FDD scheme can achieve remarkable performance gains
in terms of either achievable downlink rates or bit error rate.
Moreover, our proposed BNN-based channel predictor is much
more effective and robust in contrast to the state-of-the-art
channel prediction techniques such as autoregressive model and
recurrent neural network.

Index Terms—Bayesian neural network, channel prediction,
frequency-division-duplex massive MIMO, probabilistic models.

I. INTRODUCTION

Multiple-input-multiple-output (MIMO) has been deemed
as an enabling technology for mobile networks to improve
spectral efficiency and link reliability in the past two decades.
To meet the exponentially increasing mobile data traffic, mas-
sive MIMO has been proposed for the future generation mobile
communication systems [2]. Theoretically, massive MIMO
systems can offer high spectral and energy efficiency with
simple linear signal processing approaches by employing large
arrays of antennas at base stations (BSs) [3]. Besides, massive
MIMO can reduce the capacity losses caused by small-scale
fading and uncorrelated noise, simplify signal processing and
provide effective power control [4].

However, these potential massive MIMO gains rely heavily
on the availability of accurate channel state information (CSI)
estimation at BSs. If massive MIMO systems operate in time-
division-duplex (TDD) mode, only the uplink CSI sent by
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single-antenna users needs to be estimated due to channel
reciprocity [4]. The CSI overhead of TDD massive MIMO
systems is proportional to the number of users, not to the
number of antennas at BSs. However, this is not the case for
the frequency-division-duplex (FDD) massive MIMO systems,
for which channel reciprocity does not hold since the uplink
and downlink channels of the FDD systems transmit data over
different frequency bands. In other words, both uplink CSI
and downlink CSI are required for the FDD massive MIMO
systems, which will lead to prohibitively heavy signaling
overhead as the number of antennas at the BSs scales up
[5]. Nonetheless, most of the contemporary cellular networks
are operated in FDD mode [6], and it is cost-efficient for the
conventional mobile communications providers to upgrade to
massive MIMO with FDD mode. Additionally, FDD systems
generally provide lower transmission delay due to simulta-
neous uplink and downlink transmissions, and are free of
system interference [7]. In contrast with FDD mode, TDD
massive MIMO also suffers system imperfections such as pilot
contamination, calibration error and hardware impairments [8].
Thus, it is meaningful to design schemes to reap the massive
MIMO gains in FDD mode from the viewpoint of both system
performance and capital expenditure.

To mitigate the unfavorable effects of deploying large
number of antennas at the BSs in FDD massive MIMO
systems, current researches mainly focus on conceiving the
available downlink training techniques and uplink CSI feed-
back strategies based on channel sparsity [8]-[12]. Though
these proposed schemes can reduce signaling overhead, the
channel sparsity hypothesis, which is the cornerstone of these
proposals, is yet questionable and needs to be further validated
[6]. Moreover, these schemes do not exploit the potential of the
CSI feedback waiting phase in downlink transmission, which
is introduced by the uplink CSI feedback in FDD systems.
The basic frame structure of the FDD massive MIMO system
is shown in Fig. 1, where one downlink transmission slot
generally includes three phases: training, waiting and data
transmission. As can be seen in Fig. 1, the BS needs to
wait until the uplink feedback completes so as to get the
estimated downlink CSI, based on which the BS transmits
downlink data. The waiting period is called the CSI feedback
waiting phase in Fig. 1. With the number of BS antennas
scaling up, the pilot and CSI feedback overhead will become
overwhelming, prolonging the duration of the CSI feedback
waiting phase accordingly. On this account, the proportion
of the CSI feedback waiting phase occupied in the downlink
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transmission gets higher. It underutilizes spectrum resources
and sacrifices the possible downlink rates of the FDD massive
MIMO system to a greater extent. The motivation of this work
is to exploit the CSI feedback waiting phase to enhance the
performance of FDD massive MIMO systems at the least cost.

In this paper, we propose a channel prediction-aided FDD
scheme to harness the idle time of the CSI feedback waiting
phase, and introduce Bayesian neural network (BNN) to per-
form channel prediction, based on which the BS can precode
and transmit downlink data in the waiting phase. Early channel
prediction methods are model-based such as autoregressive
(AR), sum of sinusoids, and band-limited processes [13]-
[15]. These methods have achieved attractive performance in
specific channels but lack of robustness to diverse scenarios,
and are vulnerable to non-stationary and fast-varying envi-
ronments facing in massive MIMO [16]. Recently, machine
learning is introduced to deal with challenging communication
tasks such as massive access, spectrum sensing, UAV-assisted
emergency communications and antenna selection [17]-[21],
and deep neural network (DNN) has also been proposed to
address the channel prediction problem. In [22], a multilayer
perceptron (MLP)-based channel predictor is developed for
realistic massive MIMO channels. In [23] and [24], convolu-
tional neural network (CNN) is introduced to infer the target
CSI. In [16] and [25], recurrent neural network (RNN) is
proposed to predict the future CSI based on the known CSI
in sequences. Though the DNN is mighty for addressing the
nonlinearity issues by learning on data with no need for prior
knowledge about the task, the neural network hyperparameters
are typically set based on rules of thumb, which is time-
consuming and inconvenient for real-time channel prediction,
especially in practical communication environments having
rapid and irregular channel changes. Another concern is that
the traditional DNN is prone to overfitting the training data and
providing over-confident predictions when input samples are
out of the training distribution or corrupted by noise, since it is
often incapable of expressing the uncertainty in the collected
data or the model effectively [26], [27]. The uncertainty in the
data measures the noise inherent in the obtained CSI samples,
which is inevitably introduced by the channel estimation error,
hardware impairments and inter-cell interference, etc. The
uncertainty in the model represents the epistemic uncertainty
of channel prediction model, which derives from imbalances
in the training data distribution due to that the training sets
cannot be expected to contain all possible cases. The complex
propagation environment and unpredictable user mobility also
intensify the model uncertainty. The traditional DNN using
point estimates as weights does not take these uncertainties
into consideration, so it overfits almost unavoidably and lacks
of a good generalization capability for novel samples [28].
Promisingly, the BNN points to a potential remedy for these
concerns by adding a measure of uncertainty and regulariza-
tion in predictions, which has been shown in recent advances
[27]-[29].

The BNN is a unique combination of a neural network and
a stochastic model, which exploits the strengths of both of
them. Neural networks exhibit universal and flexible function
approximation capabilities, and stochastic models allow the
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networks to represent uncertainty via its parameters. In this
work, we introduce a standard Bayesian framework to neural
network by placing probability distributions over the network
parameters and outputs, based on which the network can
capture the uncertainties naturally and produce reliable pre-
dictions. The probabilistic setting also facilitates the inference
of optimal regularization hyperparameters in an automated
fashion within the training process, which formulates an adap-
tive network structure for the prediction of rapidly changing
channels. Instead of employing the fairly complex and time-
consuming Bayesian CNN or Bayesian RNN, which can
cause severe model aging in real-time channel prediction, we
explore a Bayesian scheme with Gaussian approximation for
the MLP. Specifically, the main contributions of this paper are
summarized as follows:

« We analyze the basic frame structure of the FDD massive
MIMO systems and propose a channel prediction-aided
downlink transmission scheme, by which the BS can
exploit the CSI feedback waiting phase and achieve
higher downlink rates.

e We provide a novel BNN-based channel prediction
method by introducing Bayesian learning to neural net-
work so as to incorporate uncertainties into predictions,
which can not only control model complexity well to
yield better predictions but also be implemented online
to track the rapidly-changing channels. Furthermore, we
analyze the predictive distribution and the prediction error
of BNN.

o We evaluate the proposed FDD schemes and the BNN-
based channel prediction method with extensive ex-
periments. Numerical results show that the channel
prediction-aided FDD schemes can achieve significant
performance gains. Moreover, the proposed BNN-based
channel predictor outperforms the state-of-the-art channel
prediction techniques for both prediction accuracy and
system performance. In brief, our proposed schemes shed
insights on exploiting the full potential of FDD massive
systems efficiently.

The remainder of the paper is organized as follows. In
Section II, we describe system model considered in this work.
In Section III, we specify how to exploit the CSI feedback
waiting phase by channel prediction techniques. In Section 1V,
we first illustrate the main steps of massive MIMO channel
prediction. Then, we present the architecture of BNN and how
it works. Section V includes numerical results and analyses.
Finally, we conclude our work in Section VI and proofs are
relegated to Appendices.

Notations: Throughout the paper, we use boldface uppercase
letters, boldface lowercase letters and lowercase letters to
denote matrices, column vectors and scalars, respectively. X T,
x*, xt, x1, tr(X), |X|, and || X|| correspond to the
transpose, complex conjugate, complex conjugate transpose,
inverse, trace, modulus, two-norm of X, respectively. The
notation E[-] denotes expectation operation.

II. SYSTEM MODEL

Without loss of generality, we consider an FDD massive
MIMO system with one BS, where the BS equipped with M
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Fig. 1. The basic frame structure for the FDD massive MIMO system where the BS is equipped with M antennas and serves K users. H is the channel

estimation of actual channel H in current transmission slot.

antennas serves K single-antenna users. g is the downlink
transmission symbol to the kth user and the source information
vector ¢ = [q1,---,qk,---,qx])’ satisfies E[gq] Tk,
where I denotes a K x K identity matrix. The precoded
transmission signal vector is x \/ﬁWq, where W €
CM*K s the precoding matrix. 7 is a normalization coef-
ficient satisfying the power constraint E[||z||?] = 1 and can
be calculated as

1
E[ftr(WWT)]’

We employ the zero-forcing (ZF) precoding, by which the
inter-user interference can be cancelled at receivers [30]. The
precoding matrix W needs to be calculated by the pseudo-
inverse of channel matrix H € CM*K je.,

n= (D

W =H"H"H") )
Then the received signal vector of users is given by
y=paH" x + z, 3)

where Yy = [y1,- -, Yk, - -, Y. . pa is the average downlink
SNR. z £ [21,..., 2k, ..., 2K]| ", where 2, is the noise at the
kth user and is a Gaussian random variable with zero mean
and unit variance. Consequently, the received signal at the kth
user is

Yk = \/ﬁdhgw + 2

K
= Vipahi, wiak + /1pa Y b weay + 2,
j

“4)

where hj; and wy are the kth column of the channel ma-
trix H = [hy,...,hk,...,hg] and the kth column of the
precoding matrix W = [wy,..., wg,..., Wk, respectively.
Therefore, the SINR at the receiver of the kth user is

Wd\h;‘:wkp
7 .
npd Zk’;ﬁk |h£wk’ 2+1

The achievable downlink sum rate of the FDD massive MIMO
system can be calculated as

SINRy, = ®)

K
C = Z log, (1 4 SINRy,). (6)

with the conventional one, the estimation and payload trans-
mission need to be fitted into one time/frequency block where
the channels are static or quasi-static. Therefore, we assume
that the channel is constant during each transmission slot
and varies from slot to slot in this work. Meanwhile, the
channel in a given time slot is correlated with the channels
in previous and future time slots, which is known as temporal
channel correlation. We also adopt multi-carrier orthogonal
frequency-division multiplexing (OFDM) modulation. In this
case, the channel is constant for 7 symbols transmitted on
the time-frequency plane, where the channel coherence block
length 7 is a dimensionality given by the coherence bandwidth
B. and the coherence time 1., i.e. 7 = B./I, transmission
symbols. The channel coherence depends on the propagation
environment, user mobile velocity, carrier frequency and so
on. Furthermore, we consider analog feedback in the uplink
of FDD massive MIMO system model, which allows the users
directly send the downlink CSI to the BS in an unquantized
and uncoded fashion [31].

III. CHANNEL PREDICTION-AIDED FDD SCHEME
DESIGN

A. Conventional FDD Scheme

For the downlink transmission in the conventional FDD
scheme, the BS first transmits Npp orthogonal training pilots
to users for downlink CSI acquisition as illustrated in Fig. 1.
Next, the users send the feedback of CSI to the BS over uplink
channel, during which the BS cannot transmit downlink data.
The symbol length of the CSI feedback in one transmission
slot is defined as Ny . When the feedback completes, the BS
can precode and transmit the downlink data then. We denote
the symbol length of downlink data by Npp. The downlink
channel in one given time slot is regarded as quasi-static
and denoted by H. Considering channel estimation, the BS
actually employs the estimated state information of H, i.e.
H, to compute the precoding matrix and transmit downlink
data in the transmission phase, where the precoding matrix is
defined as W. Therefore, the SINR at the receiver of the kth
user in the conventional FDD scheme is

ncon'upd|h£ﬁ’k ‘2

=1 SINRconv,k = K T - 2 ’ (7N
NeconvPd Zk/;ﬁk |y Wi | + 1
Considering that fading makes the channel responses vary

over time-frequency plane, to conveniently compare the perfor- _ 1 8
. . . TNconv = A7w7 ( )

mance of our designed channel prediction-aided FDD scheme Eltr(WW )]
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where h; and wj;, are the kth column of the actual channel
matrix H = [hy,...,hg,...,hk] and the kth column of
the estimated precoding matrix W = [Wy,..., Wg,..., Wk],
respectively. Note that the BS only transmits data during the
transmission phase in the conventional scheme, so the down-
link rate needs to be multiplied by a transmission coefficient
A, which can be written as

B Npp

" Npp+Nur+Npp
For a typical OFDM system, the sum of Npp, Nyr and
Npp is actually equal to the number of useful symbols
within one coherence block considering the cyclic prefix [30].

The achievable rate of the conventional FDD scheme can be
calculated as

A

€))

K
Ceonv =AY _log,(1 + SINRcono )- (10)

k=1

B. Our Proposed Channel Prediction-Aided FDD Scheme

Recall that the duration of the waiting phase is equal to
the duration of CSI feedback, so the proportion of the CSI
feedback waiting phase occupied in the downlink transmission,
denoted by 4, can be given by

_ Nyr
Npp+ Nyr+ Npp'

For a basic FDD scheme, the massive MIMO system generally
requires M pilot symbols per coherence block in the downlink
frequency band and feedback of M channel coefficients per
terminal on the uplink frequency band. We do not consider
CSI compression in this work for simplicity, and use M
symbols and multiplex of K coefficients per symbol for uplink
feedback based on the analog channel feedback technique,
which is also applied in [6]. As a result, we are able to
obtain Npp = Nyp = M. Hence, § can be considerably
high when the BS is equipped with a large number of antenna
arrays. Since the BS cannot transmit any downlink data in the
CSI feedback waiting phase in the conventional FDD scheme,
we propose a channel prediction-aided downlink transmission
scheme to utilize the idle waiting time sufficiently so as to
exploit the potential of the FDD massive MIMO systems.
Based on the frame structure shown in Fig. 1, we consider
fetching the predicted CSI inferred from the historical channel
information to compute the ZF precoding matrix, and precode
and transmit data in the CSI feedback waiting phase in the
current transmission slot. Then the BS takes the estimated CSI
fed back via uplink channel for precoding to transmit data
in the original transmission phase as the conventional FDD
scheme does. In this case, the BS does not need to wait for the
CSI feedback and can transmit data in both the CSI feedback
waiting and the transmission phase. Since the BS can only
obtain historical channel information of H by means of uplink
feedback and channel estimation techniques, the predicted CSI
refers to predicting the channel information of H for the next
transmission slots based on the collected samples of H. Our
proposed channel prediction-aided FDD scheme is depicted in
Fig. 2, where the virtual transmission phase includes the CSI

]

(11)

9
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Fig. 2. Illustration of the proposed channel prediction-aided FDD scheme.

feedback waiting phase and the original transmission phase.
The predicted CSI is defined as H and the precoding matrix
evaluated by H is denoted as W. Hence the SINR of the kth
user using the predicted CSI is

npredpd‘hgﬁ)k |2

SINR red,k — - ) (12)
g NpredPd Zg;ﬁk |hzwk’|2 +1
1
Mpred = —————, (13)
E[ftr(WW )]

where wy, is the kth column of the predicted precoding matrix
W = [W1,..., Wk, ..., Wk]. Thus, the achievable downlink
rate of proposed channel prediction-aided FDD scheme can be
written as

K
Cproposed =0 Z 1Og2(1 + SINRpred,k) + Cco’rw- (14)
k=1

When the predicted CSI is perfect, i.e. H = H, we can get the
upper bound of the achievable downlink rate of the proposed
scheme:

O+ A

Cuppe'r‘bound = T

Ceonv- 5)

IV. MASSIVE MIMO CHANNEL PREDICTION
A. Downlink Channel Prediction with Model Aging

Downlink channel prediction in FDD massive MIMO sys-
tems consists of three principal steps:

e Model: conceive an appropriate channel prediction model
to match practical radio propagation scenarios.

o Estimate: figure out the relevant parameters of the se-
lected channel prediction model through observed CSI
samples.

o Predict: yield future CSI for the next downlink transmis-
sion slots.

According to the number of samples per prediction, the
channel prediction model can be categorized into the single-
step prediction model and the multi-step one. We consider
single-step prediction model in this work to simplify analysis'.
In the downlink transmission, the BS first gathers historical
CSI samples to obtain a training set, and then uses the data
set to train the prediction model, which inevitably takes some
time. Next, the BS yields future CSI samples with the pre-
diction model, and upgrades the training set and re-estimates
the model to track time-varying channel characteristics. The

! Although multi-step channel prediction model can further utilize the CSI
feedback waiting phase and may yield higher downlink rates, it sacrifices
much more BER performance due to the error propagation issue. The error
propagation problem and how to determine the number of samples per
prediction in multi-step model are yet intractable and remain mostly open.
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process of the rolling prediction is illustrated in Fig. 3, where
the size of the training set and the testing set are defined as
Ny, Ny, respectively. As shown in Fig. 3, we consider the time
period for model training, which gives rise to a phenomenon
known as model aging. Specifically, the model aging refers to
that the trained prediction model is not up to date for the future
CSI samples to be predicted in continuously changing channel
environments due to a time delay caused by the model training.
This phenomenon will inevitably lead to a mismatch between
the trained model and the most timely one and accordingly
degrade the prediction performance to a certain degree. The
model training will take more time with the complexity of
channel prediction algorithm increasing, so it is necessary to
take both the prediction accuracy and the complexity of a
prediction model into consideration in practical scenarios.

In this work, we process a massive MIMO channel as a
series of parallel single-input-single-output (SISO) channels.
That is to say, instead of using joint processing with exploiting
the spatial correlation across antennas at the BS, we design
channel prediction algorithms for each SISO channel. The
reason is that the complexity of joint processing prediction
algorithms is far greater than the SISO processing in massive
MIMO systems, e.g., the 2D-MMSE algorithm for the vector
AR model is much more complex than the SISO algorithm
with the number of antennas at the BS increasing [32].
Moreover, the techniques for reducing the complexity of joint
processing are still expected to be further studied. Therefore,
it is more reasonable to adopt the SISO processing when
considering the training time and the model aging in massive
MIMO systems, and it is also fair for comparison that our
designed algorithms are all applied for per-SISO prediction®. A
SISO channel between the mth (m =1, 2, - - -, M) transmitting
antenna and the kth (k = 1, 2, ---, K) user at moment n can
be denoted as h,,x(n). We first predict each SISO channel
and then combine them to get the predicted massive MIMO
channel matrix. Hereafter, the antenna index and the user index
are omitted for simplicity.

B. Bayesian Neural Networks-Based Channel Prediction

The BNN-based channel prediction model we propose is
comprised of an MLP network and a Bayesian framework.
For the MLP network, it is a fully connected neural network
that maps a set of input data onto a set of appropriate
outputs by feedforward propagation. Fig. 4 shows an MLP
with an input layer, an output layer and two hidden layers.
We denote the network inputs, outputs and connection weights
(including the network biases) as w, v and 6, respectively.
Except for the input layer, other layers all contain a number of
computing nodes, also referred to as neurons, which calculate
the weighted sum of inputs and leverage a nonlinear activation
function to transform the sum. In massive MIMO channel

’In addition, we can see from [32] that the advantage of using joint
processing exists only in high spatial correlation. When the spatial correlation
is low, there is just slight improvement on the channel prediction quality
for the joint processing as compared to the SISO processing. This means
that using joint processing may not yield better predictions at the cost of
considerably high complexity in massive MIMO scenarios. We prefer to leave
this to future study.
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Fig. 3. The process of rolling channel prediction.

prediction, the input data are the observed historical CSI
samples while the outputs are the predicted CSI ones. The
input vector u includes the real and the imaginary parts of
input samples. Assume the number of input samples as U, the
length of u is 2U, and the output layer needs two nodes to
output the real and the imaginary values of predicted channels
based on the aforementioned single-step prediction. Denote
the network architecture by R, v(u|6, R) represents mapping
input w to output v through network R with weight 8. The
optimization task of the neural network training process is
generally to minimize the sum of squared errors:

Np 1
Ep(DI0.R) = _ o [lvi(uil6, B) — ],

(16)
K3

where D = {u;,t;}i=1,2,.. N, represents the training set. Np

is the total number of input-target pairs, and %; represents

the training target. To improve the generalization capability

of model, it is common to add an extra regularization term

Ey to (16), and get a combined objective function:

F = BEp(D|6, R) + aEy(6|R), (17)

Ny
where Eg(0|R) = > %(%—2 is the sum of squares of network

weights, Ny is the ]total number of weights in the network,
and « and [ are the regularization hyperparameters. With the
regularization term and apposite hyperparameters, the network
can control network size well so as to achieve smoother
mapping and good generalization while avoid underfitting.
The universality and flexibility of traditional neural net-
works including the MLP network and the DNN make them
able to discover more general relationships in data than
statistical models, and they do not require prior knowledge
of channel characteristics for channel prediction. However, it
is yet laborious and tedious to optimize the hyperparameters of
traditional neural networks by any orthodox search technique
(e.g. rules of thumb, trial and error, using reserved data to
evaluate generalization ability, and so forth) [33]. The most
popular way of setting hyperparameters is to compare the
performance of networks trained with different parameter
values by the cross-validation technique. In this case, it is
required to do multiple learning runs with different values of
hyperparameters and compare their performance on validation
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sets in order to find the best hyperparameters. Nevertheless,
repeating the learning with all possible values is impractical
for the massive MIMO channel prediction, since this procedure
is time consuming which will certainly lead to severe model
aging in actual communication scenarios marked by rapid and
irregular channel changes. For example, suppose the network
has 3 hyperparameters to be set and assign 10 possible values
for them in each. By means of the cross-validation technique,
we will run 103 neural network models to determine the
best values for those three hyperparameters. Obviously, this
task is massive even with reasonable training dataset size,
and this manual pre-tuning of network hyperparameters is
inefficient and lacks of adaptiveness in time-varying channel
environments. Hence, the network hyperparameters need to
be optimized automatically and timely for adaptive channel
prediction. Moreover, traditional neural networks using point
estimates as weights can not effectively express the prediction
uncertainty from a probability theory perspective [28]. The
prediction uncertainty in neural networks generally derives
from data uncertainty and model uncertainty (also known as
aleatoric uncertainty and epistemic uncertainty, respectively).
The former usually arises because of noise in the data caused
by the channel estimation error, hardware impairments and
signal interference, etc., while the latter is resulted from
imbalances in the training data distribution. In actual channel
environments, the obtained CSI samples cannot be expected
to be noise free and contain all possible cases. As a conse-
quence, the traditional neural network trained on the noisy or
insufficient data are prone to overfitting and making overly
confident predictions.

To address the above issues, we introduce Bayesian learning
to the MLP network by compensating randomness character-
ized by Gaussian distribution for network weights and outputs.
In principle, all hyperparameters in a neural network including
the model hyperparameters (e.g. the number of network layers,
size of each layer, activation function, and etc.) and the
regularization hyperparameters (o and S defined in (17)) can
be inferred automatically within the network training by using
Bayesian methods [34]. However, the Bayesian inferences
of model hyperparameters are yet intractable since we need
to incorporate them into the network architecture R and
evaluating the evidence for R is overly complex. On the other
hand, the regularization hyperparameters, which control the
network weights and the network output errors, are two pivotal
hyperparameters over the network prediction performance.
Therefore, we focus on the Bayesian choice of o and S in
this work.

In the Bayesian view of training the MLP neural network,
the connection weights and the target outputs are considered
as random variables [33]-[36]. The architecture of BNN is
depicted in Fig. 4. For the sake of simplifying the following
derivations and proofs, we consider the case of predicting a
single target variable ¢ form an input vector u (the extension
to multidimensional case is straightforward and ready), so the
total number of network outputs on the training set is equal
to Np. Given the network and the training set, the posterior
probability for the weights can be formulated according to

bkicatings/ iEH S uﬁﬁsstequﬂ'eshﬁff/

6
Input layer Hidden layer Output layer
Fig. 4. The architecture of BNN-based channel prediction model.
Bayes’ rule as
P(DI|6,3,R)P(B|a, R
PO|D,a,p.R) = PO LILOWR) - g

P(Dle, B,R)

where P(D|0, 3, R) is the likelihood probability®, which
represents the probability of the observed data given network
weights 6. P(0|«, R) is the prior probability which represents
what we know about the weights before the data is taken
into account. P(D|c, 8, R) is the evidence, also called as the
normalization factor guaranteeing that the total probability is
1. In the likelihood function, «v is omitted from the condition
variables since the data distribution does not depend on the
regularization term. Similarly, the prior probability does not
depend on . Generally, the network output errors on the
training data and the prior distribution on the weights are both
modelled as zero-mean Gaussian i.i.d., by which the likelihood
probability and the prior probability can be written respectively
as?

Np

P(D|0767R): P(t2|u“9,5,R)

i=1
Np
]___[N(mﬂi(ui\ea R),71)
i=1
Np
TL2)2 exp(—2 (vs(usle. B) — 1))

21

i=1

exp(—BEp), (19)

Zp(B)

P(8|a, R) = N'(0|0,a 1)

3This probability is a joint probability of all input-target pairs, which can
also be written as P({¢; }|{u:}, 8, B, R) since the network does not predict
the distribution of input variables {w;}. Likewise, P(D|c, 8, R) can be
written in the form of P({¢;}|{u:}, @, B, R).

“Since the hyperparameter c can control the expected weight magnitude
and S can control the network output errors, which signifies that « and 3
have a bearing on the distribution of the likelihood probability and the prior
probability, respectively, we can view « and (3 as the inverse variance of these
two distributions, respectively.
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= % exp(—aky),
where ‘A~ denotes the Gaussian distribution, and Zp(8) =
(2m/B)NP/2 and Zy(a) = (2m/a)Ne/?. Substitute (19) and
(20) into (18), we can obtain

7@ 7o) P(—(BED + aFy))

normalization factor
1
= ——exp(—F(0)),
Zria, ) )

where Zp(a, ) = [eT(®)dh. Recall that F(0) is the
combined objective function defined in (17), minimizing reg-
ularized objective function F' is identical to finding the (local)
maximum a posteriori parameters Oyap. Assuming for the
moment that « and 3 are fixed, we can find Oy;ap by nonlinear
optimization algorithms and error backpropagation. In this
work, we adopt the Levenberg-Marquardt algorithm [37] to
solve for Oyap.

Once again, using Bayes’ rule to infer the optimal values
of a and 3 from data, we have the posterior probability for
them as

(20)

P(6|D.a, B, R) =

2y

P(D|a, 8, R)P(a, B|R)
P(DIR)

Now we assign a uniform prior density to (a, (), hence

maximizing the posterior is equivalent to maximizing the

likelihood function P(D|«, 3, R), which is the normalization

factor in (18). According to (21), the normalization factor can

be derived as

P(e, BID, R) =

(22)

o Z F (Ot, 6 )

Zo(a)Zp(B)’
where Zp () and Zy(«) are defined earlier in (19) and (20),
respectively. Then, the only part that needs to be calculated is
Zr(a, 8). Assume that the posterior distribution formulated in
(21) has a relatively small variance and the network function
v(u;, @) does not vary too much over the region of significant
probability density. This allows us to make a Taylor series
expansion of the network function around @yap and construct
a local linearization of the output [38]:

P(Dla, 5, R) (23)

v(ug, 0) =~ v(u;, Orap) + g7 (0 — Onap), (24)

where
g = vé)v(uiv 0)|9:9MAP' (25)

Substitute (24) into (16), we can find Ep(0) is quadratic
around Oyap. Since Ey is also a quadratic function of 6, the
objective function F' can be locally approximated as quadratic
around Oyap, and we can estimate F'(6) around there by
Taylor series expansion as

1
F(8) ~ F(GMAP)+§(9—9MAP)TGMAP(9—9MAP), (26)

where G = BV2Ep + aV2Ey is the Hessian matrix of the
objective function F', and G'\iap is evaluated at Oyap. Note
that the first-order term in (26) does not appear since the
gradient VyF(0) will vanish at Oyap. As a consequence,
Z 1is the Gaussian integral:

ZF = /exp(—F(O))dO ~ eXp(—F(oMAp))X
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Algorithm 1 Iterative Algorithm for BNN

1: Initialize «, 8 and the network weights 6;

2: repeat

3:  Take the Levenberg-Marquardt algorithm to minimize
the combined objective function F(0) = SEp + aFy
and obtain the maximum a posteriori weights Onap;

4:  Compute the effective number of network weights
according to (32);

5: Use (30) and (31) to update the estimations for o and
Bs

6: until Convergence.

1
/GXP(—§(9 — Oriap) Griap (0 — Oriap))dO

= exp(—F(Opap))(2m)N0/2det "2 Gyap,  (27)

where ‘det’ represents the determinant of a matrix. A Gauss-
Newton approximation to the Hessian matrix is available in
the Levenberg-Marquardt algorithm [39]:

G~ BJ'T +aly,, (28)

where J is the Jacobian matrix of the training error function
Ep, and I, denotes a Ny X Ny identity matrix.

Next, we place Zy(«), Zp(f) and (27) into (23) and write
the logarithms of both sides of (23) as

1
In P(D|a, B, R) = —aEYAY — BEMAP _ 5 Indet Gap

Ny Np Np
+ 711104—1— 71nﬁ— 7111277.

(29)
We can make estimates for a and [ by maximizing
In P(D|a, 8, R). Take the derivatives of (29) with respect to
« and 3, respectively, and let them equal to zero, we obtain
the re-estimation formulas of o, and (3 as

y

o= 72Eé\/[AP7 (30)
Np — v
B = 2E%[AP’ (31)
where

Ny 5

J
= (32)

= eta

{&}j=1,2,... N, are the eigenvalues of ﬁJTJ, and -y represents
the effective number of network weights, which can range
from zero to Ny. Detailed derivations for the re-estimation
formulas of « and 3 are shown in Appendix A. We summarize
the main steps required for Bayesian optimization of MLP in
Algorithm 1.

Given the Bayesian inferences of the most probable values
of a, B and 0 described above, we then evaluate the predictive
distribution, which gives the prediction error of BNN. Define
the predictive distribution of a new datum ¢, 41 by marginal-
izing with respect to the posterior distribution in (21) as

P(tnptilunp 41, D, 0, 8, R) =
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/ Pltxy i [uny 1,0, 6, R)P(O|D, cv, B, R)dO.  (33)

Combine (21), (26) with (27), we can obtain a Gaussian
distribution for the posterior probability:

POID. 0 6, 1) = SLEAL

(2m) 7

1

exp(—§(0 — Onap)  Griap(0 — Opiap))
= N(0]6nar, Gyfap), (34)

With the linear approximation in (24) and the likelihood
function in (19), P(typ+1|unp+1,0, 8, R) can be written as

P(tnp+1lunpy+1,0,8, R) =
N(tnp1|v(unyt1, Onap) + gT(a — Omar), 5_1)'

Therefore, the predictive distribution defined in (33) becomes
a marginal Gaussian distribution and can be evaluated analyt-
ically with the result

P(tND+1‘uND+17D7aaBaR> =

(35)

1 tNp+1 — v(un, 41, 0map))?
o\ 1/2 exp(—( - (2 ]2DJr ) )
(2mo?) o
:N(tND+1|U(UND+1,GMAP),UE), (36)
where the variance is given by
of =B+ 9" Gyapg. (37)

We can see that the mean of the predictive distribution is given
by the network output v(wun,+1,60map). The variance o7
includes two terms, the first of which occurs from the intrinsic
noise on the data and is dominated by the hyperparameter 3,
while the second term arises from the uncertainty in the model
parameters @ and would go to zero with the limit Np — oo.
We generally use the standard deviation o; to measure the
prediction error of BNN, so it is clear that the uncertainty has
an impact on the prediction quality.

As elaborated above, we first use probability distributions
to quantify the uncertainties. Specifically, we place a prior
Gaussian distribution over the network’s weights to model the
epistemic uncertainty and place Gaussian distributions over
the network outputs to model the aleatoric uncertainty. Then
the optimal values for the regularization hyperparameters «, 3
and the network weights 0 in Bayesian neural networks can be
directly inferred from the data without manually pre-tuning of
the network hyperparameters. As compared to the traditional
DNN, the BNN can capture the uncertainties naturally and
update the regularization hyperparameters timely so as to
keep an adaptive network structure, which further yields better
channel predictions in actual mobile communication scenarios.

V. NUMERICAL RESULTS

We consider an FDD massive MIMO system where the
BS is equipped with M = 64 antennas and serves K = 6
users. A typical OFDM modulation is employed, where the
channel delay spread is equal to the duration of the cyclic
prefix [30]. The duration of one OFDM symbol is 1/14 ms,
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TABLE 1
SIMULATION PARAMETERS

OFDM Parameter Value
Slot duration 2 ms
Number of OFDM symbols within one slot 28
Number of occupied subcarriers 16
Subcarrier spacing 15 kHz
Number of useful samples within one slot 28 X 16 = 448
Central frequency 2.0 GHz
Total bandwidth 20 MHz
Modulation order 16QAM
BNN Parameter Value
Number of hidden layers 3
Unit number in hidden layers [10, 4, 10]
Unit number in input layer 4x2=8
Epochs in training 1000
Marquardt adjustment parameter le-4

while the duration of useful part and cyclic prefix occupied
in one OFDM symbol are 1/15 ms and 1/(14 x 15) ms,
respectively. Other important OFDM parameters are shown in
Table I. Unless otherwise specified, the signal-to-noise ratio
(SNR) of channel estimation is 15 dB, and the mobile user
speed is 5 m/s. The channel is estimated by the least-squares
estimator in the simulations. The CSI samples of training
sets and test sets are generated by employing the COST
2100 outdoor channel model, which supports non-stationary
characteristics of radio channel and has close agreements with
realistic massive MIMO channel measurements [40], [41]. The
BS is fixed in the center of a circle area of radius 500 m, and
the users are randomly distributed in the area. The scattering
environment follows the default setting in [40]. We choose IV
= 600, N, = 200, and the total number of CSI samples is
50,000. For the BNN, the number of input samples is 4, and
other important parameters related to the network are defined
in Table I. For the purpose of performance comparison, the
state-of-the-art channel prediction techniques, including the
traditional AR model [13] and the long short-term memory
(LSTM) network [16], are discussed in our simulations. For
the AR model, we set the AR order as 4 and 8, respectively,
and specify the Wiener filter for estimating the AR model
coefficients in Appendix B. The main parameters used to train
the LSTM network, a prevailing variant of RNN, can be found
in [16]. For the prediction model training, we use one Nvidia
GeForce GTX 1080 GPU and one Intel Xeon Processor E5
V4 CPU with 8 cores for acceleration. For the performance
metrics, we employ the normalized mean square error (NMSE)
to evaluate the prediction accuracy, which is given by

n) — hy,(n)[|?
[Pk (n)]?

We also adopt the achievable downlink rate and the BER per-
formance to assess the prediction effectiveness and reliability,
respectively.

To evaluate the prediction capability of BNN with different
networks, we first summarize the training results for a number

K
NMSE:]E[%Z B ]. (38)
k=1
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TABLE II
THE TRAINING RESULTS OF BNN WITH DIFFERENT NETWORKS

S Ep Ey Ny «, NMSE (dB)
1 124.60 | 2.84 143 86.32 4.62
2 3.40 17.28 164 106.07 -11.08
3 2.79 16.48 185 120.34 -11.67
4 2.67 16.51 206 | 120.06 -11.67
5 2.67 16.51 227 120.06 -11.61
6 2.67 16.51 248 120.06 -11.02
7 2.67 16.51 269 120.06 -10.66
8 2.67 16.51 290 | 120.06 -9.870
10 2.67 16.51 332 120.06 921
12 2.67 16.51 374 120.06 -8.54
18 2.67 16.51 500 | 120.06 -1.57

I Channel Est, 5 dB
[ channel Est, 10 dB

140 - [ Channel Est, 15 dB ||

I Channel Est, 20 dB

120

100 1
= 8of 1
60 - 1
401 1
20 1
0
2 5 8 11 14 17 20

Mobile Velocity (m/s)

Fig. 5. Effective number of BNN weights with respect to mobile velocity
and channel estimation SNR.

of networks of the 10-S-10 architecture in Table II. The 10-
S-10 architecture refers to the three hidden layers we set in
the BNN, and 10, S, 10 are the number of units in the first,
second and third hidden layer, respectively. For simplicity, we
just consider different numbers of units in the second hidden
layer to represent the different networks, and pick out some
representative results from a group of BNN-based predictors.
The results shows that the training error E'p and the sum of
squares of network weights Ey are constant for any network
with S > 4. This indicates that these networks with S > 4
are large enough to properly represent the true prediction
function. Also, the effective number of network weights ~
reaches a maximum with the 10-4-10 network and remains
constant as the total number of parameters Ny continues to
increase, indicating that the 10-4-10 network is the smallest
network required to fit the data. Besides, we notice that the
prediction NMSE is roughly constant when S is around 4.
As S is increased, the networks do not produce consistent
results and the prediction accuracy begins to decline. The
reason is that more units in the hidden layer means more
complex network and taking more time on network training,
which will perforce cause a more severe model aging and
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Fig. 6. Channel gains of actual and predicted CSI: a) prediction without
regularization; b) prediction with Bayesian regularization.

reduce the prediction quality. So it is important to choose an
appropriate network structure and avoid using over-complex
networks in actual channel prediction scenarios. Moreover, to
further illustrate how the effective network size varies with
the user mobile velocity and the channel estimation SNR, we
depict the training results of v using the 10-4-10 network with
respect to them in Fig. 5. We can observe that the effective
number of network weights does not vary too much with
different mobile velocities or channel estimation SNR. Even
though with high velocities or low SNR, v does not become
quite large, which demonstrates that Bayesian optimization is
a robust method for pruning the network size.

Then, we depict the channel gains of actual and predicted
CSI in Fig. 6 to illustrate the generalization ability of BNN in-
tuitively. The channel gain of a channel matrix H is calculated
by 101g(tr(H H")). In Fig. 6a, we just adopt the Levenberg-
Marquardt algorithm to optimize the training error function
and do not consider regularization in predictions, which is in
contrast with the predicted CSI with Bayesian regularization
in Fig. 6b. As observed from Figs. 6a-6b, we can find that
the predicted channels without regularization have much more
deviations from the actual channels, whereas the predicted
channels with Bayesian regularization follow closely to the
trends of the actual ones. This indicates that the proposed
BNN-based predictor can generalize well in our designed
channel prediction scheme.

Next, we take the AR predictors including the AR(4) and
AR(8) predictor, the LSTM predictor and the non-prediction
strategy as benchmarks to compare the prediction performance
with our proposed BNN-based channel predictor. The non-
prediction strategy means that we just utilize the obtained CSI
of last slot to replace the predicted CSI for precoding and
transmitting data. This is a convenient and cost-efficient idea
for our proposed FDD scheme since it does not get involved
in processing data and training the prediction model. Fig. 7
shows the NMSE of different channel predictors against the
channel estimation SNR. We can observe from Fig. 7 that the
BNN predictor has the lowest NMSE among all algorithms
for all SNR, indicating that the BNN performs better than
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Fig. 7. Prediction NMSE among non-prediction strategy, AR predictors,
LSTM predictor and BNN predictor with respect to channel estimation SNR.
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Fig. 8. Prediction NMSE among non-prediction strategy, AR predictors,
LSTM predictor and BNN predictor with respect to mobile velocity.

other predictors and the non-prediction strategy in both the
low and high SNR scenarios. We can also see from Fig. 7
that the accuracy improvement of the BNN predictor is more
remarkable in cases where the channel estimation SNR is
high as compared to low SNR. This can be explained by
the fact that low SNR makes the estimated channels more
noisy and further creates more uncertainty in the collected
data, which makes the prediction more difficult. In Fig. §,
we depict the prediction NMSE of different predictors against
the mobile velocity. It can be seen that the corollaries of
Fig. 8 are akin to the ones in Fig. 7. The BNN predictor
outperforms other channel prediction methods in both low
and high mobility scenarios, and its accuracy improvement
is more prominent for low mobile velocities as compared to
high ones, which is consistent with intuition since fast varying
channels introduce more model uncertainty and hence make
the prediction model harder to characterize the relationship
between past and future CSI. From Figs.7-8, we can also
observe that the non-prediction strategy performs much worse
than channel predictors for all parameter configurations. So we
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Fig. 9. Prediction NMSE among AR predictors, LSTM predictor and BNN
predictor with respect to the number of training samples. N, = 200.

TABLE III
AVERAGE TRAINING TIME OF DIFFERENT PREDICTORS (IN
MILLISECONDS)

Ny AR4) | AR®) | LSTM | BNN
200 5.23 5.35 38.18 | 36.92
400 5.25 5.43 4758 | 45.10
600 527 5.44 5939 | 55.08
800 5.35 5.46 73.98 | 67.28
1000 5.43 5.52 92.18 | 82.17
1200 5.54 5.61 114.87 | 100.36
1400 5.89 6.39 143.13 | 12259

can conclude that it is necessary for the FDD massive MIMO
systems to perform channel prediction to reap performance
gains while the non-prediction strategy is much more simple
and convenient to implement, and the proposed BNN-based
predictor is superior to the AR model and the LSTM network
for our designed channel prediction-aided FDD scheme.
Now we illustrate the impact of model aging on the accuracy
of channel prediction models more specifically by comparing
the prediction NMSE among the AR predictors, the LSTM
predictor and the BNN predictor with respect to the number
of training samples NN;. Since NV, can affect the model training
time and cause varying degrees of model aging, we choose it
as an independent variable and set the number of prediction
samples [V, fixedly as 200 to evaluate the effect of model
aging. The results are exhibited in Fig. 9, from which we
can see that the prediction errors of all predictors have a
declining trend as [V; increases at the beginning. Then the
NMSE for the AR predictors gets convergent while it has a
slight rise for the LSTM predictor and the BNN predictor
when the number of training samples becomes larger. This
is reasonable since the LSTM network and the BNN model
both expend much more time on training as compared to
the AR model, which makes the model aging of the former
more severe and accordingly increases the prediction error.
To further demonstrate this point, using the aforementioned
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Fig. 10. Performance among conventional FDD scheme, upper bound, non-
prediction strategy, AR predictors, LSTM predictor and BNN predictor with
respect to downlink transmission SNR: a) achievable downlink rates; b) BER.

GPU and CPU devices we give the average training time (in
milliseconds) of these channel predictors in Table III. From
Table III, we can find that the training time of neural network-
based predictors is tens of times longer than the one of AR
predictors for large N;, which is consistent with the results in
Fig. 9. In conclusion, it is essential to set moderate values of
N, for the BNN to avoid under-fitting or severe model aging,
while the BNN predictor has a better prediction capability in
real-time channel prediction °.

Finally, to showcase the performance gains provided by the
channel prediction-aided FDD massive MIMO systems based
on different predictors, we depict the achievable downlink
rates and the BER performance among the AR predictors, the
LSTM predictor and the BNN predictor against the downlink
transmission SNR in Fig. 10, and the results of the non-

SWe can also use more powerful hardware acceleration devices to mitigate
severe model aging caused by excess training data. Moreover, it is interesting
to develop a light and efficient neural network structure for real-time signal
processing, by which the BNN predictor can further improve prediction quality
with less training time.
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prediction strategy and the performance upper bound are
also included in this figure as benchmarks. As mentioned
earlier, the performance upper bound can be reached when
the predicted CSI is perfectly accurate. Furthermore, we give
the achievable rate of the conventional FDD scheme in Fig.
10a to illustrate the downlink rate improvement obtained by
our designed FDD scheme. It is more reasonable to have
users with diverse mobility in the same cell, so we assume
that the velocities of users are distributed randomly in the
range of [0, 20] m/s. From Figs. 10a-b, we can observe that
the conventional FDD scheme has the lowest downlink rate
as compared to the channel prediction-aided FDD ones, and
the non-prediction strategy performs very poorly in the BER
simulation even with higher rates than the conventional FDD
scheme. We also observe that the BNN predictor outperforms
other channel predictors from the viewpoint of both achievable
rates and BER performance. More specifically, the BNN
predictor always achieves higher downlink transmission rates
with sacrificing the least BER performance relatively to the AR
model and the LSTM network, especially for high downlink
SNR. These results demonstrate that our proposed BNN-based
channel prediction method is more promising to facilitate the
FDD massive MIMO systems to reap more performance gains.

VI. CONCLUSION

In this paper, we designed a channel prediction-aided down-
link transmission scheme for FDD massive MIMO systems
to utilize the idle CSI feedback waiting phase, which is
usually neglected in current researches despite its importance.
Then we proposed a novel BNN-based channel prediction
method by introducing a Bayesian learning framework to the
neural network. Different from traditional neural networks, the
BNN can express the uncertainty efficaciously and optimize
the regularization hyperparameters automatically within the
network training, which endows it with better prediction capa-
bility in practice time-varying channel environments. Also, we
investigated the performance of the conventional FDD scheme
and the channel prediction-aided ones based on different
prediction approaches. Numerical results show that the channel
prediction-aided FDD schemes achieve higher downlink rates
than the conventional one, and the BNN predictor can reach
the state-of-the-art performance for both the prediction quality
and the system gains as compared to the AR model and the
LSTM network. These results showcase the great potential of
the proposed BNN-based channel predictor for enhancing FD-
D massive MIMO systems. Note that the Bayesian framework
can be extended to compare different models by evaluating
the evidence for network architecture. In this way, the BNN
can also automatically optimize the model hyperparameters
in addition to the regularization hyperparameters, which will
further improve its prediction performance. This could be an
interesting topic for future work.
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APPENDIX A APPENDIX B
DERIVATIONS FOR THE RE-ESTIMATION FORMULAS OF « THE AUTOREGRESSIVE MODEL
AND 3 In the AR model, the predicted channel h(n) is represented
We first make estimation for « by maximizing by a linear combination of the previous P channel samples:

In P(D|a, B, R) with respect to «. Define the following

eigenequation 47)

BT T, = &, (39)

where 1), and §; are the eigenvectors and the eigenvalues
of gJ Ty , respectively. From (28), we can know that G has

eigenvalues o + &;. Now consider the derivative of the term
Indet Gpap in (29) with respect to «, we obtain

d d :
@lndet Gyiap = @hljl:[l (5] + Oz)

d &
—%Zm(gﬁra)
_ZEJ—Fa

Then the stationary points of (29) with respect to a can be
derived as

(40)

1 Ng
o
fj—i—a 20

Multiplying both sides of (41) by 2a and rearranging, we have

MAP

(41)

Ng 1 Ng 5 .
20E)"F = Ny — = I =y, 42
; §+a ; & ta
Thus, we can solve for a from (42) as
Y
o= ———. (43)
2E)AP

Note that (43) is an implicit solution for « since v and Oyap
both depend on «, we can adopt an iterative procedure to deter-
mine . Specifically, we first choose an initial value for «, and
use this to find Oyap by the Levenberg-Marquardt algorithm
and evaluate  using (42). Then these values are used to re-
estimate « by (43). We repeat the process until convergence.
Similarly, we can estimate 5 by maximizing In P(D|«, 3, R)
with respect to 3. Consider that the eigenvalues &; defined
by (39) are proportional to 3, that is to say, d§;/dB = £;/5.
Therefore, we can obtain

@lndetGMAp—dﬂzmg—i—a 5253 :f,

(44)
and the stationary points of (29) with respect to [ satisfy
Np
_pMaP _ 0 D 45
25 + 25 45)

Obviously, the re-estimation formula of 5 can be derived from

(45) as
Np —
E%[AP

p= (46)

Likewise, this is an implicit solution for § and can be solved
by an iterative method.
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P
n) =Y ¢h(n—k
k=1

where P is the AR order and {¢y}1_, represent the model
coefficients. We use Wiener filter, also known as linear mini-
mum mean square error estimator, to estimate the AR model
coefficients:

®=Ar,

where ® = [¢1, P2, ..., ¢p]T is the AR model coefficient
vector, and » = [ry, 72, ..., 7p|T is the autocorrelation
vector with coefficient 7, = E{h(n)h*(n — k)}. A is the
autocorrelation matrix, which is a Toeplitz matrix given as

(48)

To 1 T2 rp—2 Tp-1
1 To T1 rp—-3 Tp-2
A= , (49)
rr—2 Tp-3 Tp—4 - To T1
rr-1 rp—2 Tp-3 ‘- 1 To

where the coefficient A;; = E{h(n —i)h*(n — j)} (G, j =
1,2,---,P). The coefficients A;; and r, can be estimated by
means of calculating the autocorrelation function of past chan-
nel samples, which does not require the maximum Doppler
shift or the number of scatterers.
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