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Mitigating the Impact of Channel Aging in Cell-Free
MIMO Systems Using a Channel Predictor Based
on Extended Kalman Filter

A. Regilane L. Paiva™, Walter C. Freitas Jr.
Yuri C. B. Silva

Abstract—Several previous works have pointed out that the
channel aging effect may severely degrade the performance of
wireless systems. This effect may be more pronounced in cell-free
networks due to two main reasons. First, designing centralized
precoders for cell-free (CF) systems requires the exchange of a large
amount of channel state information (CSI) data between access
points and a central processing unit, which may cause considerable
processing delays. Secondly, the CF architecture requires keeping
track of multiple aging channels, since user equipment devices
are served by multiple cell sites. In this paper, we consider a CF
multiple input multiple output (MIMO) system that uses joint
coherence transmission and operates in the presence of channel
propagation clustering under high Doppler frequencies. Unlike
previous works, which focus on analyzing the impact of channel
aging, this paper proposes a Kalman filter-based directional CSI
prediction scheme that relies on a set of underlying P-th order
autoregressive processes that correspond to the active links of the
CF system. The extended Kalman filter is chosen with the purpose
of predicting the channel path parameters. Using the predicted di-
rectional CSI, we design centralized hybrid precoding. Our results
indicate that the proposed CSI prediction and precoding schemes
outperform related benchmarks schemes and a 3rd order AR
process model is a good engineering trade-off between model com-
plexity and CSI prediction performance in practically relevant CF
scenarios.

Index Terms—Autoregressive processes, cell-free, channel aging,
Kalman filters, non-isotropic scattering.
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I. INTRODUCTION
A. Background

HE main requirements of future generations of mo-

bile communication networks include [1]: heterogeneity,
pervasiveness, ultra-densification, spectral efficiency (SE), link
reliability, energy efficiency, low latency, and integration of
intelligent and positioning services. Such networks will bring
together a diversity of communication technologies, air inter-
faces, infrastructure, architectures and applications, which will
make them increasingly subject to channel propagation condi-
tions and aging. The CF-massive multiple input multiple output
(mMIMO) topology [2] emerges as a promising approach to in-
crease the spectral and energy efficiency of mobile communica-
tion systems. The ultradensification, distribution and operation
characteristics of CF-mMIMO systems facilitate the exploita-
tion of favorable propagation and channel hardening properties
in rich scattering environments [3], [4]. However, the theoretical
analyses and research results are limited and do not strictly
guarantee such properties under realistic operating and adverse
channel conditions, such as sharp path loss differences [5],
millimeter-wave (mmWave) operation and non-isotropic scat-
tering [6], spatial correlation [7], imperfect channel state infor-
mation (CSI) [8] and mainly channel aging [9], making their
joint numeric analysis important. Channel aging is the gradual
outdating (aging) of the CSIdue to continuous channel variations
caused by the relative movement between the receiving and
transmitting antennas, as well as hardware impairments [10],
[11], [12]. In contrast to the conventional block fading model,
where channel samples are assumed to be uncorrelated between
blocks and invariant within the coherence block, the channel
aging fading model assumes temporal correlation and variation
among channel samples along the transmission blocks. Doppler
shift and CSI delays inherent in large CF networks, such as
propagation and processing delay, accentuate the effects of
channel aging [10]. In practice, there is a delay time between
CSI acquisition and coherent data transmission or detection [13],
even in open loop schemes. As the channel may change during
this delay time, there will be a mismatch between CSI and
actual channel, affecting the effectiveness of the precoders and
detectors to canceling interference, causing degradation of SE
that accumulates with time. Also, Doppler shift decreases the
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channel coherence time by increasing small-scale variability,
leading to fast spatio-temporal decorrelation among channel
samples.

To alleviate congestion in the microwave spectrum, [14]
and [15] have focused on analyzing and developing mmWave
band solutions for CF-mMIMO. The setup composed of hybrid
beamforming (HBF) architectures and centralized zero-forcing
(ZF) precoder has been adopted therein aiming at high energy
and spectral efficiency. The authors concluded that centralized
ZF precoding outperforms maximum-ratio precoders in CF-
mMIMO systems [13], [16]. However, centralized ZF-based
data transmission requires more frequent exchanges of informa-
tion between the access points (APs) and the central processing
unit (CPU), resulting in increased CSI delay [17]. Furthermore,
the high carrier frequencies of mmWave bands increase Doppler
shift. In addition to conventional CF microwave setups, CF
mmWave setups are even more susceptible to the degrading
effects of channel aging.

B. Related Works

When local computing and changes in the physical air inter-
face design, such as equalization, transmission time interval and
waveform, are critically constrained and insufficient to reduce
the delay and Doppler effect, or even when channel conditions
are unfavorable, solutions based on Bayesian channel prediction
can attenuate the impact of channel aging.

Some papers have addressed the channel aging effect in
single- and multi-cell MIMO networks. In [11], a study of
the channel aging effect in multi-cell multi-user (MU)-MIMO
network operating in sub-6GHz bands was proposed and carried
out. In addition, aiming to mitigate this effect, a Wiener filter
(WF) is proposed to predict the future channel state from current
and past pilots. Idealizing a Jake’s isotropic-scattering model
that determines the time correlation coefficient of the complex
path gains, the spatially uncorrelated Rayleigh fading channel
is modeled as a wide-sense stationary Ist order autoregressive
(AR) process and then the filter coefficients are determined based
on a P-order exponential correlation decay model. The main
results indicate that increasing the MIMO system size remains
beneficial for communication, even in the presence of channel
aging, and the use of the predictor, whose effectiveness depends
on the choice of order P, can partially overcome the effect of
channel aging. In [18] it was demonstrated that channel aging
does not decrease the power scaling law in single-cell co-located
mMIMO, and the use of channel prediction based on linear WF
does not improve the power scaling law. Kalman filter (KF) may
be preferred over WF due to its ability to adapt to non-stationary
systems and versatile modeling. In [19], a channel predictor
based on P-order autoregressive moving average and linear KF
was evaluated for a single-cell MU-MIMO system in sub-6GHz
bands with the objective of reducing pilot spacing. Aiming at
lower complexity of prediction models based on AR(P) and
linear KF, the coefficients of an AR(2) model were optimized
in [20] for a single-input single-output (SISO) spatially un-
correlated Rayleigh fading channel. Prediction of propagation
parameters based on non-linear KF was studied in [21] as an
alternative to the conventional method of predicting channel
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coefficients based on linear KF, where the extended Kalman filter
(EKF), unscented Kalman filter (UKF) and ensemble Kalman
filter (EnKF) with AR(1) were evaluated for a MIMO end-to-end
communication system operating in mmWave. Unlike conven-
tional pilot-aided prediction methods, in [22] a data-aided linear
KF-based predictor is proposed for single-cell networks. In [23]
the performance of a multilayer perceptron (MLP) predictor
against alinear KF is evaluated on a single-cell network. To make
MLP performance closer to that of KF, data pre-processing was
adopted. It is challenging to deal with non-stationary processes
using non-recurrent neural networks. Based on this, a long
short-term memory (LSTM)-based predictors is proposed for
SISO system in mmWave bands [24]. However, unlike methods
based on signal processing, such as KF, these methods based on
supervised learning may not guarantee robustness to noisy and
insufficient measurements, interpretability and dynamic adap-
tation through parameter adjustments. Furthermore, machine
learning methods require large volumes of data and life cycle
management, as well as underfitting and overfitting control.

Recently, the channel aging effect has been investigated in
CF-mMIMO systems on sub-6 GHz band [9], [17], [25]. The
authors in [9], using multi-antenna APs, observed that the effect
of channel aging on matched filter receiver decreases SE, but
that CF networks may be more robust to this effect compared
to conventional small-cell networks. It is also observed that
channel spatial correlation can reduce the effect of channel aging
and this in turn can reduce the effect of pilot contamination.
In [25] the authors raise insights that the propensity for the
effects of channel aging between CF and small-cell networks
may depend on the values of Doppler shift and frame length,
as well as precoding, so that the impact of channel aging can
be higher in CF-mMIMO systems. In [17], the authors evaluate
the impact of channel aging on centralized ZF precoding using
initial perfect CSI and APs with single-antenna. Taking into
account user equipment (UE) mobility, CSI delay and phase
noise, it is observed that the impact on performance can be much
more severe. Channel aging has been considered on mmWave
for heterogeneous co-located MIMO in [26] and CF-mMIMO
system in [27]. These works highlight the significant impact on
network performance, such that mitigation solutions are needed,
but they do not focus on combating this effect. In [28], an
LSTM-based predictor is proposed for CF-MIMO in sub-6GHz
bands [28], which is subject to practical challenges inherent to
supervised learning.

The literature lacks solutions and analyses for mitigating
channel aging in CF-MIMO. Furthermore, to the best of our
knowledge, existing works do not address training and pre-
diction of space-time CSI and generalization of directional or
non-isotropic channel models that can influence the strict con-
clusions of the impact of channel aging on the SE in CF networks.
General P-order AR process or AR(P) models can be adjusted
to generate spatially uncorrelated and correlated Rayleigh and
Rician fading with an arbitrary space-time correlation function
(STCF) [29], extending the application of stochastic filters,
such as Kalman and Wiener, in channel estimation and predic-
tion. Incorporating channel propagation clustering into channel
aging mitigation studies allows for a more accurate and real-
istic analysis of the performance of these networks, providing
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TABLE I
SUMMARY OF STATE OF THE ART RELATED TO CHANNEL PREDICTION AND CHANNEL AGING
Reference Cha.nn_el . Suppf)rt Solution Directional CSI Channel Model Networ‘k Architecture
prediction N Y Analysis
- uncorrelated Rayleigh fading
Truong and WEF-AR(P) pilot- o near-optimal o - Jakes time UL/DL multicell UCA digital
Heath [11] aided tracking P - AR(P) simulation [30] MU-MIMO sub-6 Ghz
- fading from symbol to symbol
. - uncorrelated Rayleigh fading o olecel] s . it
Chuili Kong et al. [18] WF-AR(P) Pll()l- o near-optimal o _ Jakes time DL single-cell and UL multi-cell UFA digital
aided tracking N mMIMO sub-6 Ghz
- fading from symbol to symbol
- uncorrelated Rayleigh fading . L
N KF-ARMA(P,P) ) o : & DL single-cell ULA digital
Kashyap et al. [19] pilot-aided tracking yes near-optimal no - Jak‘es time MU-MIMO sub-6 Ghz
- fading from symbol to symbol
o KF-AR(2) pilot- . o - ) .
El Husseini et al. [20] aided tracking yes optimal no - uncorrelated Rayleigh fading SISO sub-6 Ghz
EKF, UKF, EnKF- . . . .
S TN . . L . - uncorrelated Rayleigh fading Point-to-point UPA HYB
A. R. Paiva et al. [21] AR(lu)'a};;::)“I;a!ded yes near-optimal yes - AR(1) simulation beamforming mmWave
g
- uncorrelated Rayleigh fading
. MLP pilot-aided . - Jakes time UL single-cell UPA digital
Kim et al. [23] predictor no black box no - AR(P) simulation [30] MU-MIMO sub-6 Ghz
- fading from frame to frame
Chopra and KF-AR(1) data- i — i “A“;("{;“s'f‘rf;lla‘f;y;“gh fading UL/DL single-cell ULA digital
Murthy [22] aided tracking yes fearoptma e ) ) MU-MIMO sub-6 Ghz
© - fading from subframe to subframe
. . . o R e DL cell-free single-antenna
Wei J. and Hans D. [28] LSTM pilot-aided yes black box no -uncorrelated Rayleigh fading MIMO sub-6 Ghz
. . . R - uncorrelated Rayleigh fading §
Varshney et al. [24] LSTM pilot-aided yes black box no - NYUSIM simulation [31] SISO mmWave
- uncorrelated and correlated Rayleigh
Present paper EKF-AR(P) pilot- es near-optimal - and Rician fading based on GBSM DL cell-free UPA HYB
ent pape aided tracking Y car-op yes - AR(P) simulation [30] MIMO mmWave
- fading from symbol to symbol

valuable insights for the development of efficient solutions. The
main related works with their characteristics and configurations
are listed and compared with those of the present paper in
Table I.

C. Novelty and Contributions

Motivated by the above observations, we propose an EKF-
AR(P) based channel parameters predictor to mitigate the
impact of channel aging in CF-MIMO systems for general
fading models. The EKF model parameters are adjusted based
on AR(P) and autocorrelation functions (ACFs). We explore
the channel temporal correlation with AR(P) process model to
predict the future channel state from current training pilots, and
then we consider the clustered channel model. We adopted the
estimation strategy discussed in existing works [21], [32], [33] in
which sparsity, pilot based beamforming and beam codebook are
considered for estimating the path parameters. This approach,
instead of directly predicting the channel coefficients as done
in the literature with linear KF [19], [20] and linear WF [11],
uses EKF to predict the angles and the small-scale gain of
sparse channel-independent paths, thus providing a directional
CSI decomposed into spatial and gain information. Snapshots of
angular and gain information of paths can be applied to the next
generations of mobile networks and mmWave systems, such
as: beam alignment and tracking decision-making [34], user
scheduling schemes based on angular domain [35], positioning,
sensing and including data collection for machine learning so-
lutions in wireless networks [36], [37]. Also, such a strategy
may have advantages in terms of backpropagation variables,
information exchange and training overhead, since the number
of parameters may be smaller than the number of antennas in
propagation clustering, in addition to handling more detailed
transition models.

The main contributions of this paper are:

e We extend the classical concept of channel tracking to

predict path parameters in CF-mMIMO systems with
general fading models by proposing an EKF-AR(P) based

predictor, enabling channel prediction in space and time.
We numerically investigate the benefits of EKF-AR(P)
based predictors in CF networks with centralized ZF-based
hybrid precoder with realistic parameters, that vary con-
tinuously in space and time, in relation to the order P.
For this purpose, we create a symbol-by-symbol simula-
tion environment with random distribution of APs, UEs
and scatterer clusters, geometry-based stochastic model
(GBSM) channel, evolution of angles and small-scale gains
based on AR, shadowing map and path loss from field
measurements. We consider scenarios with channel aging,
spatially uncorrelated and correlated Rayleigh and Rician
fading, APs and UEs equipped with uniform planar array
(UPA) as case studies. We observe that high P orders,
such as P > 5, are unnecessary for the EKF, and that
P = 3 meets the performance-complexity trade-off for the
investigated scenarios.

® We compare the EKF predictor with the benchmarks: least

squares (LS) estimator [38] and linear WF predictor of
omnidirectional CSI [11], besides the ideal and aged CSI
bounds. We extend the WF predictor in [11] to the most
general case addressed in this paper, considering: AR of
arbitrary order P, complex temporal coefficients, clustered
paths and hybrid precoders.

® We evaluate the impact of space-time channel aging in

relation to uplink training effective signal-to-noise ratio
(SNR), CSI delay plus Doppler shift, spatial selectivity,
Rician factor and block length. Our simulations show
that the effect of channel aging is accentuated by high
values of Doppler shift and CSI delay, which can make
communication unsustainable without precautionary ac-
tion. Notably, our results show that the EKF predictor
can partially overcome the effects of channel aging, keep-
ing communication more stable, improving performance
in terms of downlink rate per user in conditions high
frequency Doppler, even with insufficient measurements,
as it provides an estimate of spatial and gain parameters,
while the LS and WF methods provide estimates of the
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channel coefficients less precisely, requiring greater com-
putational effort. Itis also shown that small random angular
variations of the paths, which are often disregarded in the
literature, can contribute to the increase of the channel
aging effect. Furthermore, the directivity and strength of
the line of sight (LoS) component can improve mitigation
by prediction.

Considering the challenges posed by mmWave solutions, par-
ticularly regarding the cost and energy efficiency of distributed
MIMO systems, we propose to adopt HBF architectures. Such
architectures, with antenna arrays on both the AP and UE sides,
provide beamforming gains that help overcome the severe path
loss associated with short wavelengths and LoS blocking, as
well as reduce co-channel interference at the training and trans-
mission stage. The architectural cost is reduced by adopting a
smaller number of mixed-signal devices compared to the number
of antennas. Additionally, an analog codebook simplifies the
phase shifter network by using predefined phase patterns, further
reducing system complexity. This approach not only decreases
the operational costs of the CF infrastructure but also reduces
energy consumption.

D. Paper Outline and Notations

This paper is structured as follows. Section II describes the
system model, where we define the models of the received signal,
the parametric channel, the channel aging fading, the uplink
training and downlink data transmission model. Section III
describes the purpose of our predictor, as well as the prediction
scheme. Section IV describes the simulation methodology and
numerically evaluates the performance of the proposed model in
relation to the benchmarks. Finally, Section V summarizes the
main insights and conclusions.

Notations: (-)7 and ()" denote the Hermitian transpose and
transpose of a matrix/vector, respectively. | - |, || - || and || - ||F
the absolute value of a scalar, the norm of a vector and the
Frobenius norm of a matrix, respectively. [A];, ; and [a];, denote
the (h,j)-th element of the matrix A and (h)-th element of
the vector a, respectively. x,, ¥ and £(¥)? denote subscript
and superscript (in italic) of index y of x and the square of x
superscript of index y, respectively. z% denotes variable z of type
y andz (notitalic). f[-] denotes discrete argument function. E{-},
diag(-) and tr(-) denote the statistical expectation, diagonal and
trace of the matrix, respectively. 0 and 1 denote a vector of 0’s
and 1’s, respectively. We list the main variables and parameters
defined throughout the article in Table II.

II. SYSTEM MODEL

A CF system composed of M APs and K UEs operating
on carrier frequency f. (Hz) is considered. Each AP, equipped
with a UPA of N/ antenna elements, is connected to a CPU
via error-free fronthaul links with infinite capacity. The APs
coherently serves on the same time-frequency resource all K
UEs, each equipped with a UPA of NUE antenna elements.

We consider a single frame divided into time-slots, each
consisting of 75 symbols. The temporal models are discrete and
described in relation to the symbol index ¢ and time-slot index n,
such that n; represents the ¢-th symbol of the n-th time-slot. The
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TABLE II
MAIN VARIABLES AND PARAMETERS

Definition
the number of APs and UEs, AP and UE index,
respectively.
the number of antenna elements, RF chains and
streams from the APs, and the number of antenna
elements and RF chains from the UEs, respectively.
the number of paths and path index, the order and

Notation

M, K, m, k

AP AP
NANQéVRF[’JE
Ns, NAN’ NRF

L.l P.p index of the AR process coefficient, respectively.
Be. Buw. D the number of training beams from the APs and
b D\Z * UEs, EKF state and observation variable dimension,

v respectively.

the ¢-th symbol of the n-th time-slot of the frame,
n¢-th tap of the EKF, delay and transmission block
length, respectively.

Mg, Nt, T, Ts

(l n;) (ng)

m k ¢A,m,k’ . .
¢(l n;i) complex channel gain, azimuth AoA and AoD, el-

(in ])3 M, (’f i) evation AoA and AoD, large-scale and small-scale

05 m ko On m ke | gain, respectively.

ﬁ Oé(l ”1)

m.k> Yk

(1 b) time correlation coefficient, normalized maximum

- fxpkes Doppler frequency shift from the channel and EKF,

f ND,k respectively.

communication is divided into two phases: uplink training and
downlink data transmission. The downlink channel is considered
to be reciprocal to the uplink channel, an assumption that holds
true in time division duplex (TDD) mode. The lengths of the
time intervals in terms of symbols are: 74 (downlink data block
length), 74 (uplink pilot block length), 75 (transmission block
length), such that 7y = 74 + 74 and 75 (spacing delay), with
7() € N.The duration in units of seconds of a time-slot is defined
based on symbol period 7.

A. Signal Model

Due to the large number of APs deployed in CF environments,
low-cost HBF architectures are needed to reduce the cost and
energy consumption. Thus, consider that each AP contains [V, f%g
radio frequency (RF) chains in a fully-connected HBF structure
and transmits Ny streams, such that Ny < Ny AL < NAL. Also
consider that each UE contains NRE RF chams in a fully-
connected HBF structure, such that NYE < NJE, receivingina
single-stream mode. Aiming at better performance in correlated
channels, consider discrete Fourier transform (DFT)-based RF—
codebooks BUE = {WRF}lBUE\ and BAP = {fRF}\BAp\v which
correspond to the RF combiner and RF precoder, respectively.
Assuming limited resolution analog phase shifters, such that
the numbers Bap and Byg of beam patterns are equal to the
numbers N3 and NJE of antenna elements, and constant-
amplitude constraints, we adopt the primary DFT codebook for
UPA Bapug) as in [39]. For simplicity, APs and UEs have
the same codebook, used for both channel training and data
transmission.

Since each AP can transmit Ny, < NZ{f streams, each AP
will serve a number of UEs K = Ny (single stream per UE).
Let sq € CN+*! be the data symbol signal to be transmitted
subject to total power constraints, where E{sdsd} = +1In..
The m-th AP encodes the data symbols through the baseband
precoder component Fpg ., = [f5p,m.k]0", € CNix *Ns | then
beamforms the signal through the RF precoder component

NAE AP
Frrm = [frr,m,nl), RIF € CNANNRE for frp . € Bap.
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Fig. 1. Example of two 3-scatterer cluster channels in a CF network: one
between AP-1 and UE-1, and another between AP-2 and UE-2. There are fours
rings of scatterers: two around the APs (one per AP) and two around the UEs
(one per UE).

The data symbol signals y( ") ¢ CNAR X received by the k-th
UE at time symbol n; are given by

(m Z Ve HDL . ng) mf1(37113) m ksginl;)

+ZZf HyY  FE e sTO ()
Rz

where the first term is the intended signal, the second is the in-
terfering signal, upy, ~ CN (0,03 1 vz ) denotes the complex
Gaussian reception noise vector and 3<(1 ,;) is the data symbol
transmitted to the k-th UE at time symbol n;. Hpr,m,x €
CNAN*NAX is the downlink channel matrix of the (m, k)-th
AP-UE pair and the constraint \|F§{LF),mF](3"B)7mH% = N; is im-
posed, where pq is the downlink effective power that takes
into account the array gain. The receiver can apply the RF
. . NUE 1 .
combining vector w € CYax*" to retrieve the data symbol,
where wy = \/ﬁl NUE, SO that the UEs are configured in

single-stream.

B. Space-Time Varying Channel Model

Consider an L-scatterer channel model for the (m,k)-th
AP-UE pair formed by L,,, j, fixed dominant spatially resolvable
propagation paths [40]. We adopt the geometric model of MIMO
channels based on two-ring scatterers as described in [41]. For
analytical simplicity, we assume that all channels are flat fading
and have the same number of paths, i.e., L, ; = L, and that the
index [ represents the path, which can be of type LoS, non-line of
sight (NLoS) single-bounced at the AP side (SBAP) (where the
signal spreads only through clusters located around the AP) and
NLoS single-bounced at the UE side (SBUE) (where the signal
spreads only through clusters located around the UE), as illus-
trated in Fig. 1. We also assume that the APs and UEs oscillator
clocks are synchronized and ideal. The fading model compo—
nents of the uplink flat fading channel H( i) ok € CNAN*NAN
at the n;-th symbol for the (m, k)-th AP- UE pair are written in

terms of the physical channel parameters a;( ”1) as [40, p. 365]:

2 (O Z Hu (207)), @)
such that
Huy (277) = ol ae (04000 00
alie (05 mmk S5k ) ©)

(na) (i) () g(lma) (I,ms)
where gm k YA m,k> ¥D,m,k> 0A ,m, kQ and GD ,m,k are the com-

plex channel gain, azimuth angle of arrival (AoA) and angle of
departure (AoD), elevation AoA and AoD of the [-th path at the
n;-th symbol for the (m, k)-th AP-UE pair, respectively, and
aAp(UE)(-) is the response of the UPA. For convenience, we
omit the array gain. We define the [-th path parameters vector of
the (m, k)-th AP-UE pair in the n;-th symbol as:

(l nq) def (I,n;)

(l,nq) (I,ny)
A,m, k> 0

e(l"z
D,m,k>» Y A,m k>

Dmk,g(l n,) 4)

The channel parameters vary from symbol to symbol, but have
large-scale properties that we consider invariant along the frame,
namely: large-scale gain /3, j of the (m, k)-th AP-UE pair, UE
velocity vy, and position rj of the k-th UE, path power factor

(l) i Of the I-th path from the (m, k)-th AP-UE pair and the L

dominant paths. Then, we define the complex gain g( "9 of the
[-th path in the n;-th symbol for the (m, k)-th AP— UE pair as:

= VBT i 8)
(t,ni)

where o, ,'" is the small-scale gain of the [-th path
from the (m k)-th AP-UE pair in the n;-th symbol, de-
fined in Section II-C. The complex gain g, is such that
E{[HuL milE} = Bk

The spatial signature of the model is simplified with a nor-
malized steering vector for a UPA with Nan antenna elements
expressed by:

L,n;
g1('nk)

1
Nan

a(ev ¢) = [al (9’ ¢)a 3“2(9’ ¢) a‘NAN( ¢)] , (6)

with
an(0,¢) = exp (jk' (6, ¢)rn)

K(0,0) = 2~

C

[sin 6 cos ¢, sin 0 sin ¢, cos H}T

where k is the wave vector, 6 and ¢ are the elevation and
azimuth components of the transmission/reception direction,
respectively, ry, is the column vector of conventional coordinates
of the h-th element antenna relative to array reference point,
uniformly spaced at half wavelength, and A. is the wavelength.
We assume that the geometry of the arrays is known and that
they are oriented in the yz-plane. Finally, we use the TDD
reciprocity property to determine the downlink channel, i.e.,

(nq) _ xr(na)t
Hyr e = Bupm e
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C. Fading Model and Channel Aging

Taking into account the high Doppler frequency shifts, as
well as a rich and dense environment, let us consider that the
angular parameters and the small-scale complex coefficients
of the channel model vary smoothly from symbol to symbol
within a time-slot. Such assumptions can lead to detection and
beamforming errors due to channel aging.

Works on CF MIMO that do not consider mobility adopt a
block-fading model in which the channel instance in a coher-
ence block is considered invariant. However, when mobility of
the AP-UE antenna array pair and the dynamic context of the
environment are high, channels vary continuously, leading to the
channel aging effect where the channel samples are different but
still maintain correlation with each other over the transmission
block. This temporal correlation between samples generates
smooth transitions that can be used to predict the channel and
mitigate aging.

Consider that 75 is the CSI delay between the instant that
channel is estimated and the instant that precoder is applied.
Therefore, 75 is the sum of processing and propagation delays
along the transmission block. If the channel parameters were
estimated at an instant n;, for the given lag 75, the aged channel
parameters are 2("*7s)_In order to model the time-correlated
fading, it is common in the literature [9], [11] to assume a sta-
tionary AR(1) discrete process, which is used for generating the
small-scale fading parameters. However, the AR(1) model may
not be sufficient to fit every variation of arbitrary second-order
statistics regarding the temporal correlation. Jake’s time ACF,
for example, has been tuned with methods based on AR(P) [29]
and inverse discrete Fourier transform (IDFT) [42]. The method
of generating fading channels with AR(P) is introduced in
Section III-A.

The stochastic model for the azimuth ¢ and elevation 6
components of the AoAs (subscript A) and AoDs (subscript
D) at n;-th symbol for the I-th path from the (m, k)-th AP-UE
pair are given by a Gaussian random walk [43]:

(Iyni+7s) (I,n;) (Ini+7s)
OniDym i = OAD)mge + U0 x ) mk

(Iini+71s) _ ,(Ing) (Ini+7s)

AD) ke = PAD)mke T Uy mk? )
(Iyni+7s) (Ini+7s)

where and

Ug (D)mkNN(O Ué)ﬁzk> dAmD) M.k

N(0, ag)m ). Since oém , and o( 2 .k control the temporal
variation of angles, they may depend on: mobility, rotation,
wobbling and shaking of UEs and scatterers, distance from
AP to UE, among others [31], [44], [45], [46]. For simplicity,
we consider that all paths have the same fixed angular
variation, such that ag)jl k= 09 and O'g)fn = O’q) Note that
(7) is non-stationary, so that its second-order statistic grows
indefinitely. On the other hand, the angular variations of the
paths are considered very slow, so that within a transmission
block we consider the autocorrelation to be time-invariant. (7)
will be part of the EKF state transition matrix in Section III-B.

D. Uplink Training

The sequence of orthogonal pilot used by the k-th UE is
®;, € C»*Nir | such that 7, > KNJE (no pilot reuse) and
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‘I>T,€'I> =1 NYE- The fading parameters are assumed to be piece-
wise constant over a frequency coherence interval and the col-
umn (Py).; is arranged along the resource block bandwidth
which is smaller than the coherence bandwidth.

The architectures of the AP and UE support NAE and NJE RF
chains, respectively, so that it is possible to train up to IV, 1{25 N, gg
beams pairs simultaneously per symbol. If the training beamset
F C Bap and W C Byg, such that |F| = Bp < |Bap| and
[W| = Bw < |Bugl, are used by all APs and UEs for channel

training respectively, the sets can be divided into Ny = | J\Jifp 1

and Ny = [NUE] unique parts, like F = {F(h)}hNF] and W =

{WRF i, then 7 =

Ny Ny pilot symbols are allocated.
Each AP receives by the h-th training sub-beamset Fg}z €
CNAY*NEE in the i-th pilot symbol of the n-th time-slot the

mutual orthogonal pilot sequences {® k}szl from j-th training
sub-beamset W) € CNX¥NEF | We can formulate the train-

ing as a function of the indices h and j as:
Syk = VG Wi ®) ®)

and

Y7(7’l’wj) h)T (Z HUL - ks(]) U(UnI:,)m) , 9)

where o, is the uplink effective pilot power, Uyt ~
CN (07U%LIN$\§TP) is the spatially white Gaussian noise,

Sg L € CNAN =™ is the pilot matrix transmitted by the k-th UE

and Y,(ff 4) € CNRE %7 is the pilot matrix received by the m-th
AP. The training signal can then be retrieved by:

Y(hli) — Y(hvj)@k
fry(n:
- F G, W

+ Z FUHGY, WL e,
K'#k

1 "
—FRIUl) @), e CVATNRE,

TpOp

(10)

The collection of training signals received with Dy = Br Bw
measurement samples of the (m, k)-th AP-UE channel in the
n-th time-slot is defined as:

Yos = [g(h,y‘)

m,k

] : (an
1<h<Nr,1<j<Nw

where ?m,k € CBr*Bw which will be the observation variable
in channel prediction based on EKF in Section III-C, which will

y(ni+7s)
generate Hyyp | 5.

E. Downlink Data Transmission

We utilize low complexity HBF precoders with centralized ZF
baseband processing based on [ 14]. We will predict the precoder
for the next data block, which starts at the symbol i = 7, + 1 of
the time-slot n + 1, as will be described in Section III-E. Thus,
consider that 75 = 7y, that is, a delay time-slot. Based on (1),
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the downlink SE of the k-th UE in time-slot (n + 1) is given by
(12) shown at the bottom of the page.

III. PROPAGATION PARAMETERS PREDICTION BASED ON
EKF-AR(P)

In this section, we develop a directional CSI predictor based
on EKF and AR(P), capable of handling a variety of STCF
channel models describing propagation parameters fading. Aim-
ing at the correlation matching criterion, we tune the time ACF
of the small-scale gains through an AR(P) to create a smooth
state transition model that works as a blind state predictor. The
AR(P) resembles an infinite impulse response filter, generating
independent sample sequences of small-scale gains adhering
to the desired ACFs. The variations of the angular parameters
are adjusted with an AR(1) with a unitary coefficient. If chan-
nel variation is deterministic or quasi-deterministic, the model
may be accurate. However, under realistic stochastic channel
variations, assumed to be additive Gaussians in this paper, the
AR model becomes a coarse state predictor requiring periodic
error adjustment. For this tuning purpose, we propose a data
assimilation process with EKF. The idea is to utilize the results of
a spatial scanning process (beam search) of the channel assisted
by pilots, capturing spatial information in real-time, to minimize
AR(P) prediction error. This can be achieved through a nonlin-
ear observation model and KF gains or adaptive coefficients.

The section then proceeds as follows: First, we present the
AR fading generator, utilized both for creating the state transi-
tion model and designing our channel simulator for numerical
results. Second, we construct our state transition matrix using the
AR(P) coefficients. Third, we develop our observation model
based on the parametric channel model and the pilots’ a priori
knowledge. Fourth, considering the a priori knowledge of the
uncertainty statistics of the problem and the Jacobian matrix of
the observation model, we calculate the near-optimal filter gains.
Fifth, we employ our EKF-AR(P) based predictor to mitigate
channel aging. We conclude the section with the EKF-AR(P)
startup strategy.

A. AR-Based Small-Scale Fading

Assuming that the time ACF of the small-scale gain is known
and which, for analytical simplification, is the same for each
(m, k)-th channel, it is possible to determine the coefficients of
acomplex AR(P) process that closely approximate the generator
of sequences of samples with time correlation. Considering the
symbol as the time unit of our discrete channel, the small-scale
gain ol ZZ) = ’E’fl) [ni] for each independent path [ of the
(m, k)-th AP-UE pair in the symbol n; can be estimated by:

P
ag;j;@i) _ Za](ol)aff{zifp) + u(ni) (13)

o, m,k’
p=I

0!

where P is the filter order, a,” € C are the filter coefficients
(1)2

for the I-th path and wy .k ~ CN(O, To'm, ) is a circular
complex white Gaussian noise (uncorrelated real and imaginary
components) for the (m, k)-th AP-UE pair. The coefficients a( )
are determined via the Yule-Walker equations by the method
in [29], where a bias € is added to the small-scale gain variance
to avoid ill conditioning correction matrix.

To implement the EKF state transition model, we computed
the P coefficients a = [ay,as,...,ap|" such that:

a = (Q) " a®,

where Qo € RP*P is the autocorrelation matrix of the small-
scale complex gain a") given by:

(14)

Q' e ifh =
AL h=3l) : ‘
Qux , ifth>j,
Qa7 ifh<j

QY

= [thhgh,jgp and Qp; =

such that @ e

bias used to avoid singularity in the matrix inversion Q
and the variance vector q() = [Q(l o

noise variance o2 is given by:

) is the estimated time ACF, e is a Very small
[29]
,Q(l P)] . The driving

o2 — 10)

Z MOTSIRN

15)

B. EKF State Model

To design the multidimensional complex filter, we adopt
the vector EKF structure, where all variables are concatenated
within a single state vector . Consider the following variables
in the tap n;:

v I,n
o = [350.....

)

é\(DLJLt)} 70&%) _ {’0\&17’%), o ,é\(ALJLt)}
nt 1 SNt Lyng ng (1,ne (L,ng

i)
g(Lm)D ’

oz = ([500.....
and

g™ =7 ({’g\(l*”‘), .

R(n+1

[2d 4 n+l)T (n4+1)5)m(nt1) p(nt+1) |2
‘Zm 1 gd ( HDLmkF%FW)L §3B,m7k‘

12)

Z log, | 1 +

Ts i=Tq+1

/_l m—
Zk ‘Z | Qd

<n+1>1H<<n+1

(n+1) p(n+1)
DL,m,k F f

RF,mJ BB, m, K

2
+0pr,
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where 2R(-) and J(-) the real and imaginary part functions, o
denotes estimated elevation components, $ are the estimated
azimuth components, g is the estimated path gain and L is the
number of dominant paths. We define the state vector (") of
order P as:

-
p(ne) — [¢X1t)’ glt)’exlt)7aglt)7§(7tt)i| c RD;XI, (16)

where
gUH)::&ﬂnd’ghnfw’”_ngHfP+U}T € R2LPx1
and
g = [g&t)’g&t)r € R2Lx1

such that £(™) has dimension D¢ = 4L + 2LP.
Given the channel time evolution models defined by (7) and

(13), we structure the EKF-AR(P) state transition equation as:
E(nt+1) _ Kf(nt) + uglt"rl), (17)

where Z(™+1) is a posteriori prediction and A is the state
transition matrix given by:

~x _ A, O04rx2rpP Dex D
A= 027,Px4r A, €R ’ (18)
such that
A =1, eRDXL,
Ay, A, A,pi Arp
L, 0y 0,7, 0,7,
A, = |0 I 0 O | ¢ RALPXILP
0, 02p I 0,7,
and
x R(Azrp) —T(Agy) 2Lx2L
A = P D eR X ,
P J(Az2,)  R(Azp)

where A, € CE*L is the coefficient matrix of the channel
generator AR filter. For uncorrelated channels, it follows that
A, , = diag( [az(,l) yees az(,L)]), where al(,l) comes from (14). The
matrix A, is a linear transformation with a lower shift matrix
effect. It roughly predicts the future state by superimposing
(submatrices A, ,, from the first line) and shifting (block matrix
from line 2 to end) the current and past states. The vector ux is

the innovation process given by:

ul™ ~ N (0, Quog) € RPF, (19)

such that

S =T — —
Qu;u; = BquuxB S RDXXDX?

where Q.. is the covariance matrix of the process noise to the
state vector

:E(”t) _ |: (Ant) ](;lt)’axﬂt)70](:;lt)7g(nt):|T c ROLx1
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and

B = [Isz, 061, . . e RP=x6L,

-, 06z]"
Note that the dimension of the state vector does not depend
on the number of antennas, but on the number of path param-
eters. In terms of backpropagation variables and exchange of
information, there will be a dimensional reduction to MIMO
propagation clustering when the number of parameters is less
than the number of antennas.

C. EKF Observation Model

The non-linear observation model based on beam search
training in n.-th tap (10) is given by:

?(nf) def Y (@(nt))

— Fl A Wgp e CPreBw, (20)
where (") € COL*! comes from the backpropagated state
variable of the EKF, Frp € CNAN *Br and Wiy € CNAN*Bw |
However, it is necessary to linearize the observation model (20)
for EKF implementation. A linear approximation is made by
calculating the Jacobian matrix C(") & Cc(@")) e cPy=or
of Y (") 5o that:

Cne) — [Ch,j (i("t))} 4 , (1)
1<h<Dg,1<j<6L
with
~no) _ 0T (@")
ng (#7) = 5, (22)

where 7, (") is an element of the matrix function Y (") and
h the linear index.
In order to deal with complex state values, we vectorized the

R (Vec (?("t)>)

(ne) _ € R2Dyx1
J (vcc (Y(”t)))

and the training matrix (10) (observed variable) in ﬂ("t) =
R (Vec (?(m)>)

c RZD;XI

J (vec (?(nt)))
matrix is computed only over the current state at tap n;, we
restructure C(™*) as:

matrix Y (™) in form 3

. Finally, since the Jacobian

—(ny R (C(”t))

c = s O2posor(p-1)| € R*Py= P (23)
D. EKF Gain

From the EKF primordial theory [47], our filter gain K €
RP=*2D5 is given by:

K(m) _ f(nt)é(m)'r (é(nf)?(m)c(nf)T i Quyuy)fl 7
(24)
where P € RP=*Px is the covariance matrix of the a posteriori
prediction error of the state variable Z and Q_.,_ € R*P7*Pvis


GiannaA
Pencil

GiannaA
Pencil


8552

Algorithm 1: EKF Channel Prediction.

I INITIAL VALUES: Ty - @o, Pojg < Po
2: INPUT: Zy, 1> Po 1> Y
3: GAIN: R
indntfl nyg—P — [Endntfl]l:éL
%\3
Ent C(mnt\ntfl ng— P)
Cnt < [Cnt702D§x2L(P—1)]
Knt <~ ?ndntflézt (ént?nt\ntflézt + Qu;u;)i
4: ESTIMATOR:

. W[ .

Yn, w Y(wnt\ntflzntfp) (20)

SR (g .

Yn, < Y external variable
VeC

Zn, € ynt —7¥,, Innovation process

Ty, jn, < Togjng—1 T sznt state estimation
S PREDICTION: Z,, ; 1}, < AZp,jn,

6: MSE ANALYSIS:

Pnt\nt (ID Kn Cnt)Pnt\nt—l
Fnt+1\nt — APnt|nt AT + Qu;u;

the covariance matrix of the measurement noise. The computa-
tional complexity of the EKF comes mainly from calculating the
gain, which deals with inverting a matrix of size 2Dy x 2Dy and
multiplying matrices of size Dz x Dx and 2Dy x 2Dy. There-
fore, the number of beamforming pilots By By, the order P and
the number of paths L influence the computational cost. The
EKF pseudocode is described in Algorithm 1, where superscript
ny was transferred to subscript, the vectorization operation was

represented by <— and the stacking of complex components by

R
—.

E. Channel Prediction

We assume that the CSIs ages continuously and that there is
a gap (CSI delay), inherent to the network, between the training
block and the data transmission block. This gap is related to the
time required for all transmitters in the network to update their
precoded data and start synchronized data transmission. The CSI
delay is the budget of the sequential processes: transmission of
the pilot sequence from the UEs to the APs, channel estimation
and determination of precoder RF components in the APs, de-
livery of the CSIs from the APs to the CPU, processing of the ZF
precoders centralized in the CPU, delivery of the precoded data
from the CPU to the APs and AP synchronization for coherent
data transmission, as illustrated in Fig. 2(a). Therefore, we can
list two conventional possibilities: either the transmission stops-
and-wait for new precoded data or it continues with the aged pre-
coder. In both cases, there will be a drop in the transmission rate.
To mitigate this drop, we predict the ZF precoders for the subse-
quent transmission block based on training on the current trans-
mission block, such that data transmission starts with precoded
data with minimized aging, as shown in Fig. 2(b). Thus, the pre-
diction time distance 75 will be the spacing between data blocks.

The channel prediction method will be applied to each chan-
nel individually, thus we focus in the (m. k)-th AP-UE pair.

UEs—APs: pilot transmission at n

APs: CS| estimation for n

APs—CPU: CSI propagation for n

CPU: ZF precoder processing for n

l CPU-APs: precoded data propagation for n

APs: data precoding for n
and synchronization at n

i APs—UEs: data transmission at n
T‘Y—A_Y* time

UEs—APs: pilot transmission at n

APs: parameter prediction for n + 1

APs—CPU: parameter propagation for n + 1

CPU: ZF precoder processing for n + 1 APs:
data

-~ —» forn+1 and

CPU-APs: precoded data propagation for n + 1

| precoded data | atn+1
! propagation |
1 forn

APs: data precoding for n
and synchronization at n

APs—UEs: data transmission at n

o time
Tq Ts Ta

(®)

Fig. 2. Delays in a centralized ZF CF network and comparison between the
conventional and proposed precoding method. (a) Conventional stop-and-wait.
(b) Proposed.

Algorithm 1 was described for online single tap prediction
and the prediction scheme is shown in Fig. 3. The spacing
delay 75 is introduced in the normalized maximum Doppler
shift so that: if fxpr = HV"” Ts (Hz) is the normalized max-
imum Doppler shift of the' channel, where ||v| is the UE
absolute velocity (m/s), T is the symbol period (s) and v,
(m/s) is the speed of light, the normalized maximum Doppler
shift of the EKF is f{ = 75 fxp. This way, if tap n; cor-
responds to the last training symbol n; = n, , n; + 1 will
correspond to the first data symbol n; + 75 that will be 75

symbols ahead. We assume that there is an EKF,, ;(-) for
(0)

each AP-UE pair defined by the following parameters: ,,’, ,
P, k, Quouz,m,k and Qu tem Therefore, the predicted chan-
nel used in determining the updated precoder will be 13181L :“,3 =

~

L ~(ni+Ts) 1 s(nit7s) _ 1=
El:l HUL(mm,k ) where mm,k: - ["Bﬂt+1‘nt}1:6L and

=~ = > < (ni)
Thny+1ne — EKFm,k(wnqnt—la Pnt\nt—lv Ym,k)'

F. EKF-AR(P) Initialization

We assume that the initial angles are known, as well as the
number of dominant paths,” large-scale gains and time ACF.

The first 61 elements of vector .

2Classical methods such as orthogonal matching pursuit (OMP) [38] and
MU tiple SIgnal Classification (MUSIC) [48] can be used to determine the initial
number of spatially resolvable paths, as well as their AoA and AoD. Methods
like OMP, for example, can identify the number of spatially resolvable paths by
estimating the L-sparse matrix of the channel through compressed sensing and
channel sounding. These methods require high computational demand (large
dictionaries of response arrangements) and long training sequences (refined
training beams) for accurate estimates, in addition to being subject to ambiguity
errors. Therefore, the prolonged use of these methods for updating the 3D
estimates of the channel parameters at later times may exacerbate the effects of
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Transmission block

n yn+1 '
! 2 i
. . . 1 1
Uplink pilot |~ Delay Downlink data ' | Uplink pilot [/ Delay Downlink data '
- 1 L 1
7q Fx - Tg Xt Ty ——— !} Tq X Ty X T‘? |
AoA,AoD,
pilot B, v
transmission > initial
atn — AR(P), ACF, state
C=—JAE SNR
parameter > Zy precoded data
prediction propagation
forn+1 forn+1

14
»
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e e
> N

Time Autocorrelation (real)

Time Autocorrelation (absolute)
o
o

— k=3
S 0.1 —r
o .
0 20 40 0 50
Delay (in symbols)

(@)

150 0 50 100 150

Delay (in symbols)

©)

100
Delay (in symbols)

(b)

Fig. 4. Influence of normalized Doppler frequency shift, angular dispersion
and LoS component on channel coherence time. (a) fNp. (b) k. (¢) Kgr.
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~{— EKF prediction
WF prediction
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)
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S
—X
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b 150 |
-16 +
> 100
18+
éf ~{— EKF prediction
WF prediction
Y0 ) S . . 50 L . .
12345 10 15 20 12345 10 15 20
P-order P-order
(@ (b)
Fig.5. Influence of P order on EKF and WF performance for isotropic fading

model. (a) Channel matrix error. (b) Downlink rate.

channel aging due to increased processing and propagation delays. Our method,
which does not require dictionaries or very narrow beams, offers an adaptive
and predictive solution based on channel autocorrelation functions, capable of

Considering uncorrelated paths, we define the initial state for
each AP-UE pair (m, k) as:

.
55,% = [ 52);6 701><2L(P71)} e RP=<!, (25)
where
~0)  ~0) A0 A0 ’
3'352)1@— [¢A mkr PD,mok Oam ks ODom kvOIXZL} e ROV

The initial a posteriori prediction error covariance matrix is set
up as:

—=(0) 041, 04rx21P DexDe
P, .= R&Zx* 5 26
m.k 021,Px4L Pé‘f;,,g (26)
where
(0) (15) (15 P—75)
QEXOL)T k Qz)(c)z)fc m,k Q(oc; mzkb
P(O) - ch;mk Qouxmk (rocfcmklS
2mk . 5
(7 FI’*T )T (T P 275) 1 (0)
Q&g\c,m,kﬁ chci m,k ’ Q&&,m,k
and
Q) ] diag (‘ﬁ(pﬁl,)k)) — diag (S(pﬁn)k))
xx,m,k " . T . ?
o 2 | diag (U(pgn)k)> diag (%(pgn)k))
T i~ l L
pfn,)]q = /Bm,k |:77(n)kp5n k):|l .
such that p(l ™) ¢ €10,1] is the time correlation coefficient

for a 11m1ted perlod of time. In our simulations we con-
sider ideal ﬁm ., that is, Bm i = Bm.k, and we estimate the
power fraction as q/( )k = l/L for Kr =0, 7(1) = Kz

m Kr+1
(LoS) and A7AD = 1 - (NLoS) for Kg > 0. Regard-

\ VYm,k™ = Ratl L
ing the state covariance Qu;u;’m,k, processing the real and

imaginary parts of g separately, we assume that Qu_u_m r =

updating the estimates with reduced computational cost and training sequence
length, while still relying on initial estimates from methods such as OMP or
MUSIC.
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T
=O—EKF prediction P = 1
« =1 = EKF prediction P = 2
EKF prediction P = 3
EKF prediction P = 4
—={)=EKF prediction P = 5
— =LS
WF prediction P = 5
«p>= Aged CSI
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Fig. 6. NMSE of the channel matrix for Jake’s isotropic scattering model and
different P-orders as a function of the uplink training effective SNR.
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Fig. 7. MSE of EKF predictor for Jake’s isotropic scattering model and
different P-orders as a function of the uplink training effective SNR. (a) Path
angles error. (b) Path gains error.

diag(loz,,05.,95,,95,,Fg.mk/2, 0g,mk/2]), such that o
is the vector of the L variances of a single parameter and

g’m’k Bm ym kag)m > Where a(l)z  Is process variance
(13) from the method in [29], and that the estimated angu-
lar variances are considered ideal. Finally, we configure the

1
: : _ 72k »3m,k
noise correlation of each AP as Quyu?m = 375Ny, LDy

for simulations with controlled SNR (Figs. 6, 7, and 9) and

Quug,m = 27 o >—I, p_ for simulations with fixed receiver noise
power. Let SNRUL be the effective SNR on a linear scale, that
considers the ideal array gain and the received power. For high
SNR values, a small bias can be added to the noise power
Quyuy,m to avoid ill conditioning, for both EKF and WF.

IV. NUMERICAL RESULTS

In this section, we numerically evaluate the performance of
the EKF predictor in estimating the general channel and the
impact on downlink transmission rate in CF networks under

LoS and moderate NLoS conditions. We analyzed three param-
eters that influence the channel coherence time, as shown in
Fig. 4: normalized maximum Doppler frequency shift (fxp)
of isotropic fading, angular dispersion control parameter () of
non-isotropic fading and the strength of the LoS component
of Rician fading (Kg). Since the Doppler shift in mmWave
bands is 10 times greater than in sub-6GHz bands, the perfor-
mance loss due to channel aging may be greater for networks
operating in this frequency range. Therefore, we focused our
study on the mmWave bands. The influence of the training
SNR on the prediction of the CSI and the pilot spacing on
the downlink rate will also be analyzed. We use normalized
mean square error (NMSE) as prediction performance indicator
for the H-channel matrix and for the channel gains, and root
mean square error for the angles. The errors in the first five
slots, which are related to the filter convergence phase, were
disregarded.

A. Large-Scale Fading Model

In CF networks, due to the low installation heights of the
APs, the terminals can be closer to the users compared to
cell-based networks, so that common obstacles create correlated
shadowing coefficients and scatterer clusters. Such a correlation
can have a considerable impact on SE in CF networks [3], [9]. We
adopted the spatial consistency model as in [31], which creates
a continuous shadowing map for the simulation environment
based on stationary and isotropic Gaussian random field with
zero-mean and exponentially decaying spatial correlation, such
that for each point of the location grid there is a defined shadow
fading coefficient. Based on [31] and [49], we retrieve from the
shadowing map the shadowing coefficients S|r,,] at the discrete
location r,,, of the m-th AP and S|rj] at the discrete location ry,
of the k-th UE, such that the correlated shadowing coefficient
between m-th AP and k-th UE is given by:

1—exp ( e ’“)
Xe(Tm, )= deon V0.5(S[rpm]zm +S[rr] 2k ),
1+exp (—i:—;’r’:’)

27)

such that
2 dm,k
EAS[rnlSlrdl} = ode exp (-7 )

where 03, is the shadowing factor and d,, j, = ||r,, — 1y || is the

distance between m-th AP and k-th UE. d.,. is a correlation
distance which depends on the size of obstructing objects.
Consider the L-scatterer channel model of an AP-UE pair
formed by L fixed dominant paths. We assume a priori knowl-
edge [32], [33] of the number of paths and their angles (AoA and
AoD) as well as their large scale gains. Methods for estimating
path angles are extensive and have been covered in existing
papers, such as in [50], [51], [52], [53]. Inspired by [15], aiming
to obtain spatial-angular similarity between nearby UEs, which
results in beam conflict problems, a given number of spatial
clusters were randomly generated by the environment, with a
predefined minimum distance between them and between APs
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and UEs. By drawing an ellipsoid of adjustable dimensions
around the AP-UE pair, the L paths are randomly chosen from
the scatterer clusters surrounded by the ellipsoid so that the
smaller its volume, the greater the spatial correlation. Then,
based on the positions of the scatterer clusters, the average
AoA and AoD parameters are calculated. The distribution of
the powers of the paths follows as in [54], such that the total
power share for a path is given by the factor:

) _ gl

== > (28)
ZZL=I 71,

v

such that

v =010 O~ U0,1], 2~ N (0,87,

where r. and ( are heuristic constant parameters [54].
The log-distance omnidirectional path loss model for a refer-
ence distance of 1 m is given by:

PL,, 1k = Xa + Xb1010go(dm k) + Xc(Tm, k) [dB],

where . is the shadowing given by (27) and parameters y, (path
loss at a reference distance) and i, (path loss exponent) are
frequency and environment dependent whose reference values
for mmWave are found in [54]. Then, the large-scale fading
between the m-th AP and the k-th UE is defined as:

ﬁm,k =1

(29)

Lm,,k
0o (30)

B. Time Autocorrelation Function

In the most general case in relation to the models frequently
used in the related literature, the time ACF is spatially depen-
dent, so that fxp, distance d,, , the scatterer cluster angles

(pX%D) m.. and the UE velocity direction Zvy, are parameters

of the function.> For simplicity, we consider that the angular
elevation components do not influence the time ACF. We made
the following considerations for formulating our non-isotropic
model: stationary AP surrounded by scatterers in a radius rap,
mobile UE surrounded by scatterers, single antenna* and single-
bounced (SB) path. Based on the 2D GBSM developed in [41],
we define time ACF non-isotropic of the uplink channel small-
scale gain « as:

(L) (L)
ZmGPSBTAPmk"‘ Z 'YmkPSBTUEmk’

I=L'+1

(€29)

where pggzp m. ) and p(Sl]’gT&Em’ , are given by (32) and (33)
shown at the bottom of this page, corresponding to the SB path of

oczxmk
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the AP-side scatterer cluster directly to the UE, and the SB path
of the AP directly to the UE-side scatterer cluster, respectively. In
those equations, Iy (+) is the zero-order modified Bessel function
of the first kind and kap(uE) is the control parameter for the
spread of the scatterers within each scatterer cluster coming from
the von Mises distribution. Non-isotropic small-scale gains are
generated with AR(200) and bias value of ¢ = 10~* [29] in our
simulations.

Jake’s isotropic scattering model is a particular case of (31)
when scatterers are not considered around the AP and when
kug = 0, such that scatterers are considered to uniformly sur-
round the UE so that the angular spread is 27 (assumed spa-
tially uncorrelated Rayleigh or Rician fading). In this case,

Py = PLT = Jo(27 fxp ) [43], where Jo(-) is the
zero-order Bessel function of the first kind. Note that the classic
isotropic model depends, physically, only on the maximum
velocity of the environment, thus being a model that simplifies
the analysis. Aiming at a more precise fit, isotropic small-scale

gains are generated with the IDFT method [42].

C. Parameters and Setup

Given a certain CF network, we consider a subset of M = 20
APsand K = 8 UEs operating in mmWave band under moderate
NLoS and isotropic fading (Jake’s model), unless otherwise
stated. Each AP is equipped with a4 x 4 UPA and Nf%l? = 8RF
chains, transmitting Ny = 8 streams based on DFT codebook.
UEs are equipped with a 4 x 4 UPA and NYE = 4 RF chains,
receiving in single-stream mode. To keep training within 4 pilot
symbols, we use half of the UE beam codebook, such that
beams are chosen uniformly. Therefore, we make Br = 16 and
Bw = 8. In our simulated controlled environment, the mod-
erate NLoS state, related to partial obstruction, is defined for
Xa = 61.4dB, xp, = 2.68dB,osr = 7.0dBand d.o,; = 50.0m
(correlated shadowing), with a minimum distance between APs
and UEs of 40 m and maximum of 150 m, so that the probability
of LoS is less than 50%, the probability of outage is zero and
the path loss varies approximately between 80.0 dB to 145.0 dB,

3In practical scenarios, channel measurement techniques, such as sounding,
measurement campaigns and out-of-band information can capture the real
parameters of propagation paths and terminals, such as number of resolvable
paths, delay, nominal AoAs and AoDs, inertial information and statistics.

4A single small-scale gain for the entire antenna array according to (3), such
that the cross-correlation between antennas is simplified by steering vector,
separating channel time aging and spatial correlation effects. Also, we neglect
the small angular variation in the temporal correlation.

I() <\/“1AP + J47TKJAP

(Z,7)

TAP fND b sm(¢D - ) sin(Zvg)T — (27r TAP fND g sin(Lvg)T )2>

PSBAP,m.; = €XP (—J27 fxp,k cos(£Lvi)T)

IO(HAP)
(32)

7

I() (\/H%IE +j47r’fUEfND,k COS((ﬁX?m,k — ka)T — (ZFfND,kT)Z)

(33)

pSBUE myk IO(KIUE)
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TABLE III
OTHER DEFAULT SIMULATION PARAMETERS

Parameter
fo = 28.0 GHz (FR2),
Bandwidth = 200.0 MHz,

T, = 8.335 4 0.59 = 8.925 ps,
75 = 14 symb., 7510, = 80 time-slots.
L=4,(=40,r. =28,

Ts = 14 symb., ||vk|| = 40.0 km/h, Zv}, random,
o) e =01° 0 =o0.01°
AP array height = 15.0 m,

UE array heigth = 1.5 m,
Coverage area = 250.0 x 250.0 m2,
Number of clusters = 250,

Minimum distance between APs = 10.0 m,
Minimum distance between clusters = 5.0 m,
Number of simulations = 25.

Noise power spectral density No = —173.8 dBm,
Noise figure = 7.0 dB,

Downlink data effective power pq = 17.1 dB,
Uplink training effective power o, = 14.1 dB.

Type

Numerology [55]

Channel

Environment

Noise

where we are inspired by the values of the measurement cam-
paign in [54]. The other simulation parameters are summarized
in Table’ I11.

D. Results and Discussions

1) Prediction Error Analysis: at first, EKF adjusts the chan-
nel gains with a blind prediction model, built with the AR(P)
process from (17), based on a received pilot sequence and its
estimation model, given by (20). The time ACF adjustment
depends on P-order. It is important to note that we correspond
each EKF tap to a time-slot, so that the filter convergence time
with P-order would last at least P time-slots. Furthermore, the
dimensions of the state variable, and consequently the compu-
tational complexity of the EKF and WF, depend on the value
of P. Therefore, very high orders can be disadvantageous in
practice. Thus, it is important to evaluate the influence of the
P-order on the NMSE. Based on the values in Table III, we set
the normalized Doppler shift of the EKF at f{, = 0.13.

In Fig. 5 we evaluated the prediction error and transmission
rate as a function of the P order for EKF and linear WF (details
the implementation of WF are shown in Appendix A). For an
isotropic NLoS channel model, we observed that increasing the
order P > 5 has little influence on the error and rate, results
showing between P = 5 and P = 10 a difference of 6.0 Mbps
of rate, approximately. Aiming at low computational complexity,
we use maximum order P = 5.

2) SNR Analysis: Considering the described moderate NLoS
conditions and pilot power of —10.0 dB, we analyzed the impact
of training effective SNR per AP-UE pair on the performance of
the EKF predictor in the range of —10.0 dB to 10.0 dB. Fig. 6
shows the NMSE of channel matrix prediction performed at
n; for the instant n; + 75, P € {1,2,3,4,5} and e = 1073, We
compare with the benchmarks non-predictive method based on
LS [38] and linear WF predictor, both with the same overhead,
and we also plot the error of the ideal channel at simulation
instant zero, represented by “Aged CSI”, which expresses how

SValues are converted to standard units: second, meter per second, radian,
hertz and watt.

—O—EKF prediction P = 1
—f1 =EKF prediction P = 2
EKF prediction P = 3

EKF prediction P = 4
~{—EKF prediction P = 5
— =LS

WF prediction P = 5
= > Aged CSI

Average NMSE of H (dB)

Fig. 8. Channel matrix error of EKF predictor for different P-orders as a
function of the x parameter.

much the channel ages within a frame. We note that under
channel simulation conditions, the LS method presents a poor
performance, sometimes worse than CSI without update, as
it is sensitive to the three types of errors present related to:
low SNR, channel aging and insufficient measurements. The
WF, often referred to as a linear minimum mean square error
predictor, performs slightly better than LS, but it may present
inferior performance to the EKF of order P =5. The fol-
lowing causes can influence the performance loss of the WF
predictor: estimation error of the channel correlation matrix,
angular variation of the paths and insufficient measurements.
In addition, the computational cost of calculating the inverse
correlation matrix of the training (40) is greater than the cost of
inversely calculating the EKF gain (24), since the WF propagat-
ing variable is the training sequence. In turn, the EKF predictor
can bring significant improvements to channel estimation using
AR models with order higher than the conventional P =1,
in addition to being able to estimate propagation parameters
(Fig.7),in comparison with LS and WF, that are useful in modern
applications. As for P-order, by the gap between the curves,
we note that the errors do not decrease linearly with P, so
that the SNR influences the difference in performance between
the P-orders of the AR model. Our simulations show that
P = 5 is enough to handle time ACF based on isotropic model
to fip = 0.13 and P = 3 can be adopted aiming at a better
compromise between performance and computational burden.
In Fig. 8 we analyze error in relation to the angular disper-
sion control parameter x, considering that kK = Kyg = Kap. We
adoptrandom UE travel directions and half of the paths of SB-AP
type and the other of SB-UE type. We set 75 = 28 and the
training noise power according to the values in Table III. We
note that the NMSE difference between orders tends to decrease
with increasing #.,° so that P = 3 can be accurately used for
directive channels. This behavior is expected by the insights
taken from the absolute time correlation curves at Fig. 4(b),

6Isotropic channel for k = 0in (32) considers scatterers around the AP, which
is different from Jake’s model.
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Fig.9. CDF per-user downlink rate with bandwidth of 200 MHz, Jake’s model
and 10 dB uplink training effective SNR.

in which the more directive the propagation conditions, the
greater the channel coherence time. Also, we notice that the
performance limit of the WF predictor for long coherence time
related to high x values can be smaller than the EKF predictor.
Due to the diverse configuration of non-isotropic models, which
depend on many joint parameters such as scatterer cluster angles,
velocity module and phase, d,, , 7ap, Kap and Kyg, aiming at
practical applications, it is more robust to consider P > 2 order
AR models (P = 3 for good compromise between performance
and computational burden) in this case than P = 2.

3) Rate Analysis: In Fig. 9 we compared the performance
in terms of downlink rate of ZF precoders determined with CSI
predicted by EKF and compared with the LS, WF and with ideal
CSI (without estimation errors and aging), all with the same
overhead. We also plot the curve with ZF precoders calculated
with ideal CSI but without updating the angular parameters,
labeled as “Aged Angles”. We note that the performance im-
provement observed in the NMSE curves is also reflected in
the rate, where the ZF precoder with P > 2 shows significant
improvements compared to P < 2 and that P = 3 is enough to
mitigate the effect of channel aging to f{, = 0.13. We also note
that the small angular perturbations of NLoS paths in time can
contribute to the effect of channel aging on rate deterioration
if neglected. This is due to the beam alignment error in (10),
and consequently the loss of beamforming gain, arising from
the outdated angles. Such impact is greatest for narrow beams
in large antenna arrays [33] and beamsteering codebooks [56].

Fig. 10 presents the impact of the parameter x of the non-
isotropic model on the downlink rate. We observed behavior
similar to that observed in the error curves, where the perfor-
mance difference decreases in relation to the P-order as the
directivity increases, such that P > 3 orders have little impact
on the rate for highly non-isotropy conditions.

4) Normalized Doppler Shift Analysis: In Figs. 11 and 12
we analyze the performance of the system for different values
of normalized Doppler shift. The normalized effective value f{,
is proportional to: f, ||v||, Ts and 75. Considering f. and || vy||
fixed, f{p can be reduced by decreasing the values of 7 and
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Ts. However, the reduction of 7T is limited by bandwidth. As
mentioned before, we assume in this paper that 75 = 75, so the
longer the transmission block length is, the higher f{, will be.

Fig. 11 shows the NMSE of the EKF predictor for 75 =
Ts = 14 symbols, different values of fxp and Jake’s isotropic
model. We note three important points: the extreme values and
the central value. For the smallest value of fxp the filter order
does not bring improvements. This is because for low values
of fxp the time-correlation drops very little within the delay
range (Fig. 4(a)), so that P =1 is sufficient. Also note that
the order P does not influence the highest value of fyp. In
this condition, the correlation between two consecutive channel
samples varies greatly, thus losing the smoothness property. For
central values, note that the P order improves performance, and
can be set from 2 to 5. In Fig. 12 we analyze the downlink
rate for fxp = 0.0093, according to the data in Table III, with
different transmission block length 7y, such that f{, = 75 fnD.
There is a trade-off in rate between channel EKF predictor
accuracy and training overhead. Note that the highest rate of
300 Mbps is achieved for 7, = 12, however, the 3GPP NR
default value 75 = 14 and P > 2 can satisfy the trade-off for the
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Fig. 12. 95%-likely of downlink rate in relation to the transmission block
length for different P-orders. (a) Analysis for every 7 block symbols. (b) Detailed
analysis for every 1 symbol.

setup adopted. Therefore, setting P > 2 guarantees good perfor-
mance over a wide Doppler shift range, so that the choice P = 3
has the best compromise between accuracy and computational
complexity.

5) Rician K-Factor Analysis: So far, we have analyzed the
performance of the proposed filter in the NLoS multipath’
environment, considered the worst case. Let us now consider the
influence of the LoS component with the following deterministic
time ACF in the zero initial phase:

pg(%s,k = exp (j27 fxp kT cos(Lvy)) ,

so the uplink ACF of the LoS multipath fading channel is:

(34)

(r) 1

_ (,7)
thcx,m,k - 1+KR

L
KRP}BSJ@ + Z /71(7?,kpNLOS,m,k )
=2
l (35)
where Pl(\if())s,m, i 1s the time ACF of the NLoS components
and Kp is the Rician K-factor which measures the power of
the LoS component in relation to the total power of the NLoS
components. In principle, the higher the K-factor value, the more
predominant is the LoS correlation over the overall correlation.
In practice, since the LoS component varies more slowly than
the NLoS components, its predominance causes the absolute
autocorrelation curve to slowly decrease over time, as shown in
Fig. 4(c).

For analysis purposes, we assume an omnidirectional K-
factor uncorrelated with the other channel parameters. In the
LoS scenario, we assume: very small angular variation of the
direct path, minimum horizontal distance between AP and UE

7Herein, multipath refers to the dominant spatially resolvable paths L, as well
as the subpaths (micro-scatterers) that can implicitly compose each of them.
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Fig. 13.  Influence of the LoS component on the achievable rate for different
P-order values.

of 20.0 m and maximum of 110.0 m, and path loss parameters
listed in [54], with loss values varying between 60.0 dB and
135.0 dB in the simulations. Regarding the small-scale gains,
we consider an isotropic scattering model for generating the
gains of NLoS paths (I = {2, 3, ..., L}), which we implement
with IDFT, and the deterministic model of (34) for the LoS path
(I =1). We set fxp,r = 0.0093 and 75 = 28. The coefficients
of the EKF transition matrix corresponding to the LoS path were
obtained for ¢ = 102 in order not to generate very low values of

(D2 The results in terms of achievable rate of the precoders

,m,k*
dgtermined with the predicted channel are shown in Fig. 13 for
the default parameters of Table III. We observe a behavior similar
to that observed in ~, where the error difference between orders
tends to decrease with the increase of the K-factor, so that orders
P > 3 can be used with precision for strong LoS. The same
behavior is also observed in the rate curves, where P > 3 has
rates similar to higher orders while P < 3 may have lower rates.
Thus, P > 3 is a good configuration for large K-factor ranges,
while P < 3 can be adopted for strong LoS cases in order to
reduce complexity.

V. CONCLUSION

In this paper, a channel parameters predictor based on EKF
and P-order AR process was proposed and evaluated in order to
mitigate the degradation effects of channel aging in CF networks.
From our simulations, we observed that the CF MIMO system
based on HBF architecture operating in downlink with Doppler
normalized shift of approximately fxp ~ 0.01, resulting from
a Doppler frequency of 1.0 kHz and a prefix plus symbol period
of 8.9 ns, cannot maintain communication with CSI update
period of one time-frame. Furthermore, we observe that the CSI
estimation must have a predictive nature, in order to predict it for
the next transmission block based on the current training, since
the inherent delay size of the network is sufficient for estimates of
short coherence time channels to age. Under these conditions, the
EKEF deals very well with the channel aging, HBF architectures,
spatially uncorrelated Rayleigh and Rician fading, enabling the
prediction of the channel with space pilot reduction, being able
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to operate over a wide range of Doppler frequencies. From our
research with isotropic and non-isotropic models, we conclude
that models of order P > 3 can increase the robustness of
channel prediction methods against the diversity of propagation
conditions in CF networks. Also, we observed that orders P < 5
of the AR process are sufficient to mitigate the effects of channel
aging in Rayleigh and Rician fading environment. As general
conclusions, channel conditions, such as path clustering, SNR,
Doppler shift, K-factor and «, influence the P-order, so that
P > 2 can provide significant improvements in mitigating the
impact of channel aging. Furthermore, we conclude from our
methodology that P = 3 has a good compromise between per-
formance and computational burden that holds under different
channel conditions. The proposed model can also be adapted to
mitigate the effect of the phase noise and pilot contamination,
which is a task for future work.

APPENDIX A
WIENER PREDICTOR

We extend the method in [11] to match our configura-
tion. The optimal P-th order Wiener linear predictor of the
H%J"ﬁ)m  for a set of input temporal measurements yfn ,2 :

n; ~(n;—T ~(n;—71s P —

[y (ni) y( 5) 1 yfn’k 5 )T]T c CDs(P+D)x1

Yk Yok N is given
by:
~(ni+7s) — . A «
Ul = Vi kBt € CNARNARXT - (36)
such that
— _ A « D—
Vs = Qi QY € CYRANED:(PHD - (37)

where cross-correlation between the desired channel and the
training signals is

(7s) (275)
thml kE {th m,k’ th mk’

where Qﬁﬂ mk is the covariance matrix of the uplink channel,
estimated here by the average:

(s P4+7s) T
th ok } QL' (38)

(1) (1,0) (1,0) 1
Qgg’m’k = »Bm k Z Vm kpm k ]hUL,m,khUL,m,kv
1=1

(39)

such that

(1,0) 21,00 7(1,0) 2,00 (1,0)
hUL m,k— VeC (aA <9A,m,k’ A,m,k) a%E (eD,m,w D,m,k)) .
We consider the a priori knowledge of 3,, 1., the initial angles
of paths, number of dominant paths and time ACF, as consid-
ered in the EKF. The autocorrelation matrix of training signals
QS;) ik € CDy(P+1)xDg(P+1) ig.

1
Q;Oy),m k= (L @ (P @ LT) + Quyu%m) 7

where

(40)

(rslh—dl) :
EA,m k if h = J

h
Qi itk <

Pi= [Phj]1gh,jgp+1 and Pj; =
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Note that Qu_u.,m is a diagonal matrix just like in EKF, but
with dimension Dy w(P + 1). The operation of inverting a ma-
trix of size Dy(P + 1) x Dg(P + 1) in (40) is responsible for
the computational complexity of WEF. In the above equations,
interference due to pilot reuse was not considered.
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