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Oz

Bu calismada milimetrik dalga bandin1 kullanan darbant haberlesme sisteminde tek bir kullaniciya ait kanalin
kovaryans kestirimi incelenmektedir. Haberlesme sistemi zaman boliisiimlii ¢alismaktadir ve kullanicidan baz
istasyonu yoniindeki kanal i¢in kovaryans kestirimi yapilmaktadir. Baz istasyonu ¢ok antenli ve radyo frekans
(RF) zinciri hem analog hem sayisal birlestiricilerden olusan ¢ok-girisli ¢ok-¢ikisli karma mimariye sahipken,
kullanicinin tek anteni vardir. Ele alinan sistem modelinde ortak birlestirici matris yonteminin, milimetrik dalga
kanali uyum siiresi boyunca gonderilen pilot bloklar i¢in ayni birlestirici matrisinin uygulanmasi, kullanildigi
varsayilmaktadir. Seyrek sinyal gericatim yontemlerinden eszamanli normal uyum kovalama, ¢ok dl¢limlii seyrek
Bayes 6grenme ve korelasyonlu seyrek Bayes 6grenmenin sistem modeline uygulamsi gosterilmektedir. incelenen
yontemlerin sayisal sonuglari hesaplanarak normallestirilmis en kii¢iik ortalama karesel hata basarimlart degisen
RF zincir sayist ve milimetrik kanal seyreklik oranlari igin referans en kiigiik ortalama kare (EKOK) kestiricisiyle
kargilagtirtlmaktadir. Sayisal sonuglar tim deneylerde referans EKOK kestiricisine en yakin bagarimlarin,
korelasyonlu seyrek Bayes 6grenmeye ait oldugunu gostermektedir.
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Abstract

In this paper, the channel covariance estimation of a single mobile station (MS) in a narrowband millimeter wave
(mmWave) communication system was addressed. The communication system worked in time division duplex
(TDD) mode and the channel covariance was estimated in the uplink communication. The base station (BS) had
multiple antennas with a hybrid architecture of radio frequency (RF) chains made up of analog and digital
combiners, while the MS had a single antenna. The investigated system model assumed the shared combining
matrix scheme where the same combining matrix was used across multiple coherence blocks of the mmWave
channel. The application of the sparse signal recovery algorithms including the simultaneous orthogonal matching
pursuit (SOMP), the multiple response sparse Bayesian learning (MSBL), and the correlated sparse Bayesian
learning (CSBL) to the system model were shown. The algorithms were evaluated numerically, and their
normalized mean square error (NMSE) performances were compared against the benchmark oracle minimum
mean square error (MMSE) estimator in multiple scenarios of varying number of RF chains at the BS and sparsity
ratios for modeling the mmWave channel. The numerical results indicated that the CSBL algorithm provided the
NMSE results closest to that of the oracle MMSE estimator in all the scenarios.

Keywords: Millimeter wave, Spatial channel covariance, Sparse signal recovery, Hybrid precoding

*Corresponding author

Plagiarism Checks: Yes — Turnitin

Complaints: fujece@firat.edu.tr

Copyright & License: Authors publishing with the journal retain
the copyright to their work licensed under the CC BY-NC 4.0

31


https://orcid.org/0000-0003-2928-0627

Firat Univ Jour. of Exp. and Comp. Eng., 4(1), 30-43, 2025
R. V. Senyuva

1. Introduction

Millimeter wave (mmWave) communication is one of the technologies considered for next-generation
wireless systems [1-2]. The high data rate requirements of the next-generation wireless systems can be
satisfied with the mmWave communication where the frequencies from 30 GHz up to 300 GHz with
bandwidths as large as 2 GHz can be assigned to systems [1-2]. The signal processing at the mmWave
frequencies is much more challenging than at lower frequencies due to new hardware constraints, different
channel models, and the usage of large arrays. The power consumption and the high costs of circuits are
important hardware constraints and to deal with them, the signal processing operations can be separated into
analog and digital domains so that the number of analog-to-digital converters (ADC) can be reduced, or low-
resolution ADCs may be used [3-5]. These hardware constraints have renewed the interest in the research of
hybrid beamforming [6-7] and low-rate ADC methods [3-5]. The mmWave channel models must consider
the drastic path loss due to attenuation at these frequencies. This makes estimation of the channel state
information (CSI) of the mmWave systems very difficult since the signal-to-noise ratio (SNR) is poor without
any application of beamforming. To mitigate the high propagation losses and improve the SNR, the mmWave
systems need high beamforming gains which can only be achieved via large antenna arrays. These systems
must employ hybrid analog-digital precoding techniques [6-7] to decrease the number of radio frequency
(RF) chains needed at each antenna of the array so that the hardware costs can be maintained. The accurate
full CSl is critical for the performance of these hybrid precoding techniques. Since the number of RF chains
is less than the number of antennas in these hybrid systems, the received signal is lower dimensional which
makes obtaining the full CSI even more challenging. There exist other hybrid precoding techniques which
use spatial channel covariance instead of the full CSI. Thus, the channel covariance estimation is crucial in
reaping the benefits of the hybrid mmWave systems.

A mmWave channel can be modeled as a sparse signal in the angular domain since the signals arrive in a
small number of path clusters due to limited scatterers around the receiver. There is also spatial correlation
since the antennas in the array are close to each other. Each signal with an angle of arrival correspond to a
spatial frequency and the continuous domain of the spatial frequencies can be discretized into a finite set of
grid points. If the true spatial frequencies are close to some of the grid points, the received signal at the t-th
snapshot, §, € CM*1, can be given as a linear system of equation,

V. = &8, + 7, t=1,..,T. 1)

In Equation (1), @, € CM*P is the known dictionary matrix, g, € C?** is the unknown mmwWave channel
vector, and the noise is shown as z, € CM*. This system of equations is underdetermined due to the
reducing the number of RF chains via the hybrid precoding, i.e. M < D, and the unknown parameter vector
g, is sparse with only L <« D nonzero entries. The covariance matrix, that determines the spatial correlation
between the components of the channel vector, is assumed to remain constant during t = 1, ..., T snapshots.
Finding a single solution amongst infinitely many requires imposing additional constraints in these
underdetermined systems. Since the unknown mmWave channel vector is sparse, its nonzero entries can be
estimated by applying the sparse signal recovery algorithms to Equation (1).

The point estimates of the correlated sparse mmWave channel of a single user can be obtained via the
orthogonal matching pursuit (OMP) based algorithm proposed in [8]. However, the selection of the
dictionary matrix, which must be done according to the restricted isometry property, determines the accuracy
of the solutions provided by the OMP based algorithms. [9] proposes covariance estimation methods based
on the simultaneous OMP (SOMP) algorithm for both fixed and varying dictionary matrices at each snapshot.
The grid mismatch issue associated with the generation of the dictionary matrix for the greedy OMP and
SOMP algorithms are addressed in the works [10-12]. While [10] proposes grid-less refinement steps for the
OMP algorithm and a perturbation framework is given by [11] for the SOMP algorithm, [12] shows the
implementation of a multigrid dictionary refinement scheme to be used with the SOMP algorithm. The out-
of-band covariance information translated from a parallel sub-6 GHz system is used in the sparse recovery
of the covariance of the wideband mmWave multiple-input multiple-output (MIMO) channel [13]. Multiple
sparse Bayesian learning (MSBL) framework [14] utilizes expectation-maximization (EM) to find
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probabilistic estimates of the unknown channel vector in Equation (1). Although the MSBL algorithm is
more resilient to the selection of the dictionary matrix compared to the OMP based solutions, it uses a
diagonal prior covariance matrix and so does not take the spatial correlation of the channel vector into
account. The temporal correlation between the entries of the unknown channel vectors at different snapshots
is considered in [15] where the measurement matrix made up from T measurements in Equation (1) is
vectorized and a block MSBL algorithm is proposed. The correlated SBL (CSBL) algorithm [16] improves
upon the MSBL algorithm by using a prior covariance matrix which is not diagonal and a much better model
for the spatial correlation between the entries of the unknown channel vector. The CSBL algorithm has a
computational disadvantage over the MSBL algorithm that it requires explicit calculation of the inverse of a
precision matrix. A faster version of the CSBL algorithm with reduced complexity is proposed in [17]. The
impact of the residual transceiver impairments in the components of the RF chain is examined for a
narrowband mmWave hybrid MIMO system in [18]. A zero-attracting least mean square (ZALMS) adaptive
filtering algorithm is proposed for the estimation of the downlink channel [18].

The covariance estimation of the mmWave channels in a narrowband hybrid MIMO communication system
is investigated in this paper. In our system model a single mobile station (MS) with a single antenna is
communicating to a base station (BS) with a mixture of analog and digital combiners in its RF chains and
the estimation takes place during the uplink communication. Since the communication system works in time-
division duplex (TDD) mode, the channel reciprocity allows the downlink communication to be precoded
with the estimated uplink channel. The combining matrix is assumed to be shared across multiple pilot blocks
transmitted by the MS within the coherence of the mmWave channel. We focus on covariance estimation
methods using sparse signal reconstruction and show how the SOMP, the MSBL, and the CSBL algorithms
can be applied to estimate the mmWave channel of a single MS communicating to a hybrid MIMO BS using
the shared combining matrix scheme. The performances of the algorithms are compared in multiple scenarios
with varying number of RF chains and mmWave channels with varying sparsity levels.

The remainder of this paper is arranged as: the models of the hybrid MIMO system and the mmWave channel
are explained in Section 2. Then, the mmWave channel covariance estimation methods based on sparse signal
recovery are presented in Section 3. The numerical evaluations of the methods are given in Section 4. Finally,
Section 5 is the conclusions.

2. System Model

We consider a narrowband communication system operating in half-duplex TDD mode where either the BS
or the MS is transmitting at one time. The total number of samples available within the coherence interval of
the channel are divided into three subintervals: uplink data, uplink pilot, and downlink data [19]. The BS
learns the CSI of the uplink channel via the symbols transmitted by the MS in the uplink pilot’s subinterval
of the coherence interval. Once the BS has the acquired the uplink channel, it also has an estimate of the
downlink channel due to the channel reciprocity that is the impulse response of the channel between any two
antennas is the same [19]. In both uplink and downlink data transmissions, all complexity resides in the BS.
In the uplink data transmission, the MS sets its power level and then transmits the data symbols, and the BS
decodes the received symbols via either zero-forcing or maximume-ratio combining using the uplink channel
estimate. Similarly in the downlink data transmission, the BS applies a linear precoding operation using either
zero-forcing or maximum-ratio combining on the information bearing symbols before transmission [19]. The
BS has a uniform linear array (ULA) of N antennas placed at equal distance from each other and M hybrid
RF chains. An RF chain consists of components such as low-noise amplifiers, filters, mixers, converters,
oscillators, ADCs, and automatic gain control [1,13,18]. The analog combiner connecting the antennas of the
BS to its RF chains in Figure 1 is the RF combiner and it can be implemented using phase shifters which
imposes unit norm entries in the analog combining matrix [1,18]. To convert the output of the RF chains to
baseband, the BS must apply a second baseband combiner before the covariance of the channel can be
estimated. The BS is communicating with a single MS which has a single antenna (Figure 1).
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Figure 1. BS has N antennas and M RF chains while there is only a single antenna at the MS. The mmWave channel
is represented with a narrowband geometric channel with L paths and the estimation of the channel covariance occurs

in baseband [9]

Lq.

The uplink mmWave channel from the MS and the BS is modeled according to the geometric channel model
with L number of channel paths (Figure 1) as

L
b= ) G.b(®) = BE: @
=1
whereg, = [Jt1  Ger]T € CX1, g, shows the gain of the I-th channel path at the ¢-th snapshot, and
B =[b(¢1) - b(¢.)] € CV*L. Acolumn of B, i.e. b(¢,), is the array steering vector associated with

the angle-of-arrival (AoA) of the I-th channel path, i.e. ¢;, is
b(¢p,) =[1 e-imcos¢r ... p-in(N-1) cos ¢]T -

In Equation (3) the spacing between the elements of the ULA at the BS is assumed to be equal to half of the
wavelength and it is also assumed that the AoAs do not change for T snapshots.

A dictionary matrix, A = [a(¢;) -+ a(¢p)] € CV*P can be built by creating a grid of D > L points on
the range of the spatial frequencies, i.e. y; = cos ¢, from -1 to +1 and Equation (2) can be rewritten using
this dictionary matrix as

h, = Ag, 4)

The path gain vector, g, € CP**, in Equation (4) has a support, the set of indices indicating to the nonzero
entries, § = {j: g, # 0}, with L elements |S§| = L and they correspond to the AoASs, {¢, ..., $p}. The
covariance matrix of the channel, Ry, € CV*V | can be written as

R, = E{h;h;} = AR A" ®)

in terms of R, = E{g,g;} € C°*P, the covariance matrix of the path gains. (-)* shows the Hermitian
transpose. We assume that the components of the path gain vector, g, are correlated with each other and so
the entries of the covariance matrix are given as [Rg] G = P j,k\/V_j« /i Where p; ;. is correlation coefficient

between the entries and y; is the variance of the j-th entry. The covariance matrix of the path gains can be
written in matrix form as

R, = I'/?Ur'/2 (6)
where I'*/2 = diag{\/y, ..., /¥p} and the entries of U are [U](jxy = pj -
The MS transmits a unit modulus pilot symbol, i.e. |x;| = 1, and the received signal at the BS is

ye = Agx; + 1y )
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where n, € CV*1 is the additive complex circularly symmetric Gaussian noise vector with the single-sided
spectral density of each of its component being Ny, i.e. n,.~CN (0, NyI). The received signal is multiplied
with a hybrid combining matrix, W, = WggWgr € CM*N which is a cascade of the analog, Wgg € CM*V,
and digital, Wgg € CM*M  combining matrices (Figure 1) and the conjugate of the pilot symbol, x;, so that
the result of this operation is the signal at baseband given as

Ve = WeAgxex; + Wengxp = @8, + 2, ®)
where the overall sensing matrix is shownas ®, = W,A € C**P and the new noise vector, z, = x;W;n; €
CM*1 s distributed as z,~CN(0, |x;|?NoW,W;). The conjugate transpose of a matrix is shown by
superscript (-)*. Assuming that there are T snapshots in total and the hybrid combining matrix is fixed for
each snapshot that is W; = --- = Wy = W, then the received signal vectors for t = 1, ..., T in Equation (8)
can be rewritten as

Y=0G+1Z 9)

where the measurements are shown as Y = [¥ ... §7] € CM*T | the dictionary matrix is ® = WA € CM*P,
G=[g;.. grl €CP*T and Z = [z, ... ;] € CM*T, The channel covariance estimation problem is to
estimate Ry, given Y.

3. Covariance Estimation Using Sparse Signal Reconstruction
Equation (9) is a multiple measurement vector problem, and the optimum solution can be found from
mﬁin||? — ®G||,. subjectto||G]| <L (10)

-~ - /
where the Frobenius norm of a matrix, Y, is shown as [|Y]| . = (Z% Z{|37m,t|2)1 * and the row-£, quasi-

norm of a matrix is defined as ||G ||mw_0 = |rowsupp(G)| [7,16]. The row support of a matrix, G, is the
set of indices for its nonzero rows that is

rowsupp(ﬁ) = {j: [G] G # 0 for some k} (12)

3.1. SOMP algorithm

The SOMP algorithm shown solves Equation (10). In each iteration the SOMP algorithm first finds the
column of the dictionary matrix, @, that is best aligned with the current residual matrix V [9,20-21] that is

j= argznax||¢,§V||2, d=1,..,D. (12)

The index set, A, is updated with the index of the best aligned column from Equation (12). Then a new
residual is calculated by removing the projection of the measurement matrix along the direction of the chosen
columns

V=_1-o,0,)Y (13)

where ®, is the submatrix constructed from the columns of & that correspond to the indices in the set, A
[9,20-21].

The steps of the SOMP algorithm are shown in Figure 2. The SOMP algorithm iterates between steps 5-7.
The computational complexity is dominated by the orthogonalization during the update of the residual matrix
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in step 7. To reduce the computational complexity, the matrix decompositions such as Cholesky or QR can
be applied. The SOMP algorithm implementing the QR matrix decomposition can terminate with a solution
in O(DML) operations [21].

begin
input: ® = WA, Y, L
initialize: V=Y, A = 0, Gsomp = 0
forl=1:Ldo
j = argmax|; VIl
A=AuU{j}
V=~_0-o,0;)Y
end for
[G\SOMP](’I}V:) = (DXY R
10. output: Gsomp, Hsomp = ArGsomp

COoN awhpE

Figure 2. The pseudocode of the SOMP algorithm

Once the path gains, g, s are estimated via Gsopp, then the covariance channel matrix can be found using
Ry = (1/T)GsompGgomp 8S iN

R, = AR A" (14)
3.2. MSBL algorithm

The MSBL algorithm calculates the maximum a posteriori (MAP) estimates of the channel path gains using
the expectation-maximization (EM) method [14-15]. Given ¥,, the posterior conditional density of the path
gain vector, g;, is circularly symmetric complex Gaussian with g.~CN (Mvsgr,, Zmsg) [14]. The
expectation step (E-step) of the MSBL algorithm calculates the mean and the covariance of the Gaussian
distribution according to

HmsBL, = rMSBLq)*QKAlSBLyt (15)
Zvser = Tuser — TvseL® Qs PluspL (16)

respectively. In Equations (15) and (16), TyspL = diag{¥mspL} € CP*P and QgL = Nol +
®Plysp P € CM*M [14]. The maximization step (M-step) of the algorithm updates ¥ysgr = [¥1, -, 7p]
according to

1
Va = T ”[MMSBL](d.:)llz + EmspLl@ayd =1,..D (17

The posterior mean matrix shown as Mg, in Equation (17) is the concatenation of the mean vectors that
is Myspr, = [MmsBL,» - » MmspL,] € CP*7 and the d-th row of Mysp, is shown as [Myspy](a,;) [14].

The pseudocode of the MSBL algorithm shown in Figure 3. The MSBL algorithm requires the variance of
the noise, Ny, to be supplied as an input. The first step of the MSBL is the initialization of the variance
parameter vector

?MSBL = []//\1' "-'?D] = [1' 11] = 1D (18)
where 1, is a column vector of size D x 1 with all its elements equal to 1. Then the MSBL iterates between
the E- and M-steps, lines 6-9 (Figure 3), until convergence is achieved, or a fixed number of loops have been
run. There is no need to explicitly invert the matrix, Qysgr, in Steps 7 and 8. Instead the Moore-Penrose
pseudo-inverse which is way more efficient than explicit matrix inversion can be calculated. The
computational complexity of the MSBL algorithmis O(DM (M + T)) [16].
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begin
input: ® = WA, Y, N,
initialize: YyspL = [1,...,1]1 =1
for i = 1: maxIter do
TvspL = diag{¥mseL}
Quspr, = Nol + @lysp, P*
ZyvseL = ImseL — FMSBL‘D:QWSBL‘PFMSBL
Myspr, = Tvispr @ QusprY
Va = (l/T)”[MMSBL](d,:)”z + [Zmserla,a), Vd
end for
output: Gyspr, = Muspr, Hvspr = AGusgr, YussL,

RHE © o~NouR~wNE

= o

Figure 3. The pseudocode of the MSBL algorithm
3.3. CSBL algorithm

The CSBL algorithm uses a nondiagonal prior covariance matrix to model the correlations between the
entries of the path gain vector. The posterior conditional probability density function of g, given ¥, is
circularly symmetric complex Gaussian with g~CN (K¢sgL,, Zcss.) Where the mean vector, pcggy,, and
the posterior precision matrix, Xqspy, are given [16-17]

Mcspr, = (1/Np)ZcdpL®@ Ve (19)

ZespL = (1/No) (@7 ®) + Qcspy (20)
respectively. The precision matrix, Qcsgy., in Equation (20) is given as

Qcspr = diag{c}U~1diag{c} (21)

where i-th entry of the parameter vector ¢ € CP*tis¢; = 1 /\/71- and U~1 is the inverse of the correlation
coefficient matrix, U [16-17]. The M-step of the EM algorithm calculates the new parameter vector, ¢ e,
using the old parameter vector, ¢4, as in

Crew = [R{UTTORTY] " 22)

where ® is the elementwise Hadamard product between two matrices of same dimensions and R{-}
takes the real part of its argument. The estimate of the covariance matrix of the path gain vector in
Equation (22) is [16-17]

T
- _ 1 .
R, = Zggp, + ?Z McsBL McsBL, (23)

t=1

The pseudocode of the CSBL algorithm is given in Figure 4. The CSBL algorithm requires the
coefficient matrix, U, in addition to the noise variance when compared to the pseudocode of the MSBL
algorithm in Figure 3. As it can be observed from the pseudocode of the CSBL algorithm (Figure 4),
there are two explicit matrix inversion operations in step 8, i.e. the inversion of the post precision matrix
Xcds, and in step 9, i.e. the inversion of the coefficient matrix U~2. Instead of inverting the whole
coefficient matrix which is of size D x D, only the submatrix of size L x L residing within the rows and
columns of U corresponding to the indices of the nonzero entries of ¢ should be inverted since the rest
of nondiagonal elements of the matrix is zero [17]. The computational complexity of the CSBL
algorithm is O(DM(M + T) + D?) [16].
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begin
input: ® = WA, Y, U, N,
initialize: ¢, = [1,...,1] = 1,
for i = 1: maxlIter do
Qcspy, = diag{c;}U~'diag{c;}
ZespL = (1/No) (@7 ®) + Qcspy
McspL, = [u-CSBLlﬂ ey IICSBLT] = (1/Ivo)zEslBL"t’*V
R, = Zcdp — (1/T)(McspLMcspr)
9. c; = [%{U*@ﬁg}]_lc{}l
10. end for
11. output: Gespr, = Mespr, Hesnr = AGespr, Yespr = €7

O Nogr~wWNE

Figure 4. The pseudocode of the CSBL algorithm
4. Numerical Results

We now compare the normalized mean squared error (NMSE) results of the algorithms. The NMSE obtained
via one of the algorithms is calculated as

R P 2
1 ||Ho,r - Hr“
NMSEO =10 10g10 <§Z leF (24)
r=1 riF

where the total number of Monte Carlo iterations is fixed as R = 1000 for each numerical result. H, . in
Equation (24) denotes the estimate of the channel matrix at the r-th Monte Carlo iteration, H, =

[h; ... hy] € C¥*T provided by the algorithms, o € {SOMP,MSBL,CSBL}. The NMSE results are shown
versus the pilot-to-noise-ratio (PNR) which is defined as

PNR = 10log;,(1/N,). (25)

For all the presented numerical results, the NMSE curves from Equation (24) is plotted against the PNR
(Equation (25)) range between 0 dB to 20 dB. For the dictionary matrix, @, to be an equal-norm equiangular
tight frame, the analog combining matrix is generated according to [9]

W = Wy Wi = (WrpWip) ™/* Wy (26)

where (WrpWgp)'/? is the principal square root of the matrix Wge Wi and each element of Wgg has a
constant amplitude, 1/+/N, and a random phase independent and identically uniformly distributed in [0,27]
[9,16]. The conventional least squares (LS) and minimum mean-squared-error (MMSE) estimators are used
as benchmark against the algorithms. The LS and MMSE estimators are given as

His = (@;95) 7' ;Y @7)

-1

- 1
0

where ®; = WA and A is the submatrix constructed by extracting the columns from A corresponding to
the support of the path gain vector, §. Since these estimators require the support of the path gain vector, S,
to be known prior, they are called oracle LS and oracle MMSE respectively. For all the numerical results, the
numbers of antennas at the BS and snapshots are fixed at N = 64 and T = 10 respectively. The column size
of the dictionary matrix is setto D = 128 and the support of the path gain vector, S, randomly sampled from
{1, ..., D} at each Monte Carlo iteration. The entries of the correlation coefficient matrix, U, is generated
according to p; ,, = pV~*! where p = 0.95.
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The NMSE curves plotted in Figure 5 are obtained when the number of nonzero entries of the channel path
gain vector is fixed at L = 4 and the number of RF chains at the BS is taking values from M € {32,48}.
The effect of M on the estimation performance is critical since hybrid precoding requires M < N to be power
efficient. For both M values, the lowest NMSE results are obtained via the two benchmark methods: the LS
and the MMSE estimators. Also due to the small L, the performances of the MMSE and the LS are almost
equal for high PNR of 20 dB. There is about 2 dB gap between the MMSE for M = 32 and the MMSE for
M = 48. This means that decreasing M from 48 to 32 incur 2 dB penalty on the best attainable estimation
performance. Decreasing the number of RF chains result in extra additional noise on the measurements which
causes all the NMSE results to increase. The overall best performing algorithm is the CSBL algorithm, while
the MSBL algorithm takes the second place. For M = 48, the NMSE of the SOMP is the closest to the
benchmark methods up to 10 dB. The SOMP results become saturated as the PNR increases beyond 10 dB.
This advantage of the SOMP algorithm disappears when the number of RF chains is decreased to M = 32.
The SOMP algorithm is more sensitive to M compared to the rest of the algorithms.

—+&—— Oracle LS for M=32
— B — Oracle LS for M=48
—~A— Oracle MMSE for M=32
-25 — A — Oracle MMSE for M=48
—*— MSBL for M=32

NMSE [dB]
R
o

— % — MSBL for M=48 3%
CSBL for M=32 S
-30 H - A
CSBL for M=48
—7— SOMP for M=32
— % — SOMP for M=48
-35 1 I I I I
0 2 4 6 8 10 12 14 16 18 20

PNR [dB]
Figure 5. NMSE versus PNR for N = 64, T = 10, M € {32,48}and L = 4

Figure 6 shows the NMSE results when the number of RF chains is fixed at M = 48 and the number of
nonzero taps of the channel path gain vector is taking values from L € {4,16}. When L is increased from 4
to 16, the NMSE results of all the algorithms degrades. Also, the correlations between the nonzero entries of
the channel vector become more critical on the estimation performance. Since the CSBL algorithm exploits
the correlations of the channel vector, its performance remains close to the MMSE estimator. The MSBL
algorithm can perform as good as the oracle LS estimator and unlike the oracle LS estimator, the MSBL
algorithm does not need the prior knowledge of the path gain vector support. Since the channel is less sparse
due to the increased sparsity ratio, the greedy SOMP algorithm gives the highest NMSE curve. For L = 16,
the CSBL algorithm can follow the lowest NMSE curve obtained via the oracle MMSE estimator with a less
than 2 dB PNR gap. The MSBL algorithm is as good as the oracle LS estimator and even better for the PNR
range less than 5 dB.
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Figure 6. NMSE versus PNR for N = 64, T = 10,M = 48 and L € {4,16}

The convergence of the NMSE results versus the number of iterations is shown in Figure 7. The number of
the mm Wave channel taps and the PNR are fixed at L = 4 and 15 dB respectively. The number of the RF
chainsis M € {32.48} and the number of iterations is varying as maxIter€[10.100]. The SOMP algorithm
always run for fixed number of iterations which is the number of the mmWave channel taps and so its NMSE
performance remains constant across varying iterations. The performances of the EM based MSBL and
CSBL algorithms depend on the number of iterations. For M = 32 at 10 iterations, the gap between the
CSBL and the MSBL is almost 10 dB. As the number of iterations increase, the gap diminishes to less than
1 dB. The CSBL algorithm can converge at 60th iteration, while the MSBL algorithm requires 100 iterations
for both M values. The CSBL algorithm converges faster and to a lower NMSE level than the MSBL

algorithm.

NMSE [dB]

Figure 7. NMSE versus number of iterations for N = 64, T = 10, M € {32,48}and L = 4
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5. Conclusion

This paper investigates sparse signal recovery based covariance estimation of the uplink channel of a single
MS in a MIMO mmWave communication system. The BS has a hybrid RF chain and applies the same
combining matrix for multiple coherence blocks of the channel estimation phase. We present how the sparse
signal recovery algorithms including the SOMP, the MSBL, and the CSBL algorithms can be applied to
estimate the covariance of the mmWave channel using the shared combining matrix scheme. The
performances of the algorithms are compared in terms of their NMSE against the benchmark oracle MMSE
and LS estimators under multiple scenarios with varying number of RF chains and sparsity levels for the
mmWave channel. The numerical results show that the performance of the CSBL is superior to the MSBL
and the SOMP algorithms for all the considered scenarios. Although the CSBL has superior performance, its
computational complexity is the highest due to explicit matrix inversions. The CSBL can exploit the
correlations between the nonzero entries of the mmWave channel vector, but the coefficient matrix must be
supplied as an input. The coefficient matrix holding the correlations of the mmWave channel vector must be
learned before the CSBL can be applied. The MSBL algorithm can be implemented without matrix
inversions and so its complexity is much lower compared to the CSBL. However, the MSBL cannot estimate
as well as the CSBL and requires the noise variance as an input. The SOMP algorithm, on the other hand,
requires the least input and has the lowest computational complexity. Decreasing the number of the RF chains
or increasing the number of nonzero entries of the mmWave channel is detrimental to its performance.
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