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Abstract—This paper proposes a closed-loop sparse channel
estimation (CE) scheme for wideband millimeter-wave hybrid
full-dimensional multiple-input multiple-output and time division
duplexing based systems, which exploits the channel sparsity
in both angle and delay domains. At the downlink CE stage,
random transmit precoding matrix is designed at base station
(BS) for channel sounding, and receive combining matrices at
user devices (UDs) are designed whereby the hybrid array is
visualized as a low-dimensional digital array for facilitating the
multi-dimensional unitary ESPRIT (MDU-ESPRIT) algorithm to
estimate respective angle-of-arrivals (AoAs). At the uplink CE
stage, the estimated downlink AoAs, namely, uplink angle-of-
departures (AoDs), are exploited to design multi-beam transmit
precoding matrices at UDs to enable BS to estimate the uplink
AoAs, i.e., the downlink AoDs, and delays of different UDs,
whereby the MDU-ESPRIT algorithm is used based on the de-
signed receive combining matrix at BS. Furthermore, a maximum
likelihood approach is proposed to pair the channel parameters
acquired at the two stages, and the path gains are then obtained
using least squares estimator. According to spectrum estimation
theory, our solution can acquire the super-resolution estimations
of the AoAs/AoDs and delays of sparse multipath components
with low training overhead. Simulation results verify the better
CE performance and lower computational complexity of our
solution over state-of-the-art approaches.

Index Terms—Wideband channel estimation, millimeter-wave,
hybrid full-dimensional MIMO, super-resolution.

I. INTRODUCTION

Millimeter-wave (mmWave) communication with the aid of
massive multiple-input multiple-output (MIMO) is an enabling
technology for next-generation mobile communications, since
the abundant spectrum resources at mmWave frequency band
can boost the throughput by orders of magnitude [1], [2]. To
mitigate the severe path loss for mmWave signal, massive MI-
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MO is usually integrated into mmWave communications to for-
m beams for directional signal transmission [3], [4]. However,
the powerful fully-digital MIMO architecture, which requires
a radio frequency (RF) chain for each antenna, is unaffordable
for mmWave massive MIMO, due to the prohibitive hardware
cost and power consumption of RF chains required [5]. The
hybrid MIMO architecture with a much smaller number of
RF chains than that of antennas offers a practical solution by
using hybrid analog/digital beamforming [6]. Nonetheless, for
such a hybrid MIMO system, it is challenging to estimate the
high-dimensional mmWave channel from the low-dimensional
effective measurements observed from the limited number of
RF chains, since the training overhead for channel estimation
(CE) can be excessively high [2]. Moreover, the low signal-
to-noise ratio (SNR) before beamforming can further degrade
the performance of channel state information (CSI) acquisition

(71.

A. Related Work

Several approaches were proposed in the literature to ac-
quire CSI for narrowband mmWave communications, includ-
ing codebook-based beam training [8]-[11] and compressed
sensing (CS)-based CE [12], [13]. The beam training ap-
proaches were initially adopted in analog beamforming, e.g.,
IEEE standards 802.11ad [8] and 802.15.3c [2], where the
transceiver exhaustively searches for the optimal beam pair
from a predefined codebook to maximize the received SNR
for improved transmission performance. To reduce the search
dimension of codebooks for achieving lower training overhead,
the multi-stage overlapped beam patterns were designed in [9],
where the beam patterns can become narrow as the training
stage increases. However, these schemes only consider the
analog beamforming with single-stream transmission. For hy-
brid beamforming with multi-stream transmission, beam train-
ing solutions with hierarchical multi-beam codebooks were
proposed in [10], [11], where the optimal multi-beam pairs
can be acquired after hierarchical beam search with gradually
finer and narrower beams. However, the training overhead of a
beam training scheme is usually proportional to the dimension
of codebook, which is very large for full-dimensional (FD)
MIMO with a large number of antennas. By exploiting the
inherent angle-domain sparsity of mmWave MIMO channels,
several CS-based CE schemes were proposed to reduce the
CE overhead [12], [13]. In [12], the orthogonal matching
pursuit (OMP) algorithm was considered to estimate sparse
mmWave channels by formulating the CSI acquisition problem
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as a sparse signal recovery problem, where a redundant dic-
tionary with non-uniformly quantized angle-domain girds was
designed for improved performance. Furthermore, a Bayesian
CS-based CE scheme was proposed in [13] by considering
the impact of transceiver hardware impairments. Besides, by
leveraging the low-rank property of mmWave channels, a
CANDECOMP/PARAFAC decomposition-based CE scheme
[14] was proposed with further improved performance.

The aforementioned solutions [9]-[14] only consider
frequency-flat mmWave channels but practical mmWave chan-
nels can be frequency selective due to the very large system
bandwidth in mmWave frequency band and the distinct delay
spreads of multipath components (MPCs) [15]. A distributed
grid matching pursuit (DGMP) algorithm was proposed in
[16] to estimate time-dispersive channels, where orthogonal
frequency division multiplexing (OFDM) is considered. An
adaptive grid matching pursuit (AGMP) algorithm developed
from the DGMP was proposed to reduce power leakage
by using adaptive grid matching solution [17]. In [18], the
sparse mmWave channels at different subcarriers were esti-
mated separately by utilizing the OMP, but the computational
complexity is high as the number of subcarriers is typically
large. To reduce complexity, a simultaneous weighted (SW)-
OMP based scheme was proposed in [19], which exploits
the angle-domain common sparsity of channels at different
subcarriers to improve performance. By leveraging the com-
mon sparsity of delay-domain channels among transceiver
antenna pairs, a block CS-based CE solution was proposed for
mmWave fully-digital MIMO system [20], where the training
sequences are designed to improve CE performance. Based
on the low-rank property of wideband mmWave channels,
the training signal received can be formulated as a high-
order tensor with the low-rank CANDECOMP/PARAFAC
decomposition to estimate the dominated channel parameters,
including angle-of-arrivals/angle-of-departures (AoAs/AoDs)
and delays [21]. However, most CS-based CE schemes for
wideband mmWave MIMO usually adopt discrete AoAs/AoDs
grids in CS dictionary, but the practical AoAs/AoDs of MPCs
are continuously distributed. This mismatch may degrade CE
performance. Moreover, the state-of-the-art works [9]-[14],
[16]-[22] usually focus on the ideal uniform linear array
(ULA) while seldom investigate the practical uniform planar
array (UPA). Compared to the ULA, the UPA offers more
compact array with three-dimensional (3-D) beamforming in
both horizontal and vertical directions [23], [24], leading to
the FD-MIMO. Although mmWave FD-MIMO CE has been
investigated in [23] and [24], they only considered either fully-
digital MIMO or frequency-flat channels.

B. Our Contributions

We propose a closed-loop sparse CE scheme for multi-
user wideband mmWave FD-MIMO systems by exploiting
the sparsity of MPCs in both angle and delay domains. To
illustrate this sparsity, we consider the mmWave FD-MIMO
based unmanned aerial vehicle (UAV) aerial-base station (BS),
as shown in Fig. 1, which has flexible deployment capacity
to serve user devices (UDs) in hotspot areas [27]. Different
from the terrestrial BS in 3GPP or QuaDRiGa [28], [29], UAV
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Fig. 1. The air-ground mmWave channels between the UAV aerial-BS and UDs
exhibit sparsity in both angle-domain and delay-domain due to the limited
significant scatterers [25], [26].

aerial-BS usually works at the height of hundreds of meters,
where fewer MPCs corresponding to dominant scatterers could
establish the communications links between the aerial-BS and
UD. Therefore, the air-ground mmWave channels in such
aerial-BS based systems exhibit inherent sparsity in both angle
and delay domains due to the limited significant scatterers. By
carefully designing the transmit beamforming or precoding
and receive combining in the training stage, our solution is
capable of acquiring the super-resolution estimates of AoAs,
AoDs, and delays' based on spectrum estimation theory [30],
[31] with low training overhead and computational complexity.
In terms of sparse mmWave UAV air-ground channels, the
proposed CE scheme can obtain a better performance of para-
metric CE. To clearly show the novelty and new contribution of
our proposed solution as well as to contrast it with the existing
solutions, below we conceptually explain our proposed closed-
loop sparse CE scheme.

Our closed-loop solution includes the downlink CE stage
followed by the uplink CE stage as illustrated in Fig. 2,
where the channel reciprocity in time division duplex (TDD)
based systems is exploited [32]-[34]. In TDD based systems,
downlink AoAs (AoDs) are uplink AoDs (AoAs). The frame
structure of our solution is further depicted in Fig. 3. As
shown in Figs. 2 and 3, at the downlink CE stage, the
horizontal/vertical AoAs of sparse MPCs are first estimated
at each UD and they are fed back to the BS with limited
quantization accuracy through the feedback link. At this stage,
we design a common random transmit precoding matrix at
the BS to transmit the training signals for omnidirectional
channel sounding and we design the receive combining matrix
at each UD to visualize the high-dimensional hybrid array as a
low-dimensional digital array, which facilitates the use of the
multi-dimensional unitary ESPRIT (MDU-ESPRIT) algorithm
to estimate channel parameters. Similarly, at the uplink CE
stage, the horizontal/vertical AoDs and delays associated with
different UDs are successively estimated by using the MDU-
ESPRIT algorithm at the BS. Owing to the channel reciprocity,
the AoAs estimated at UD side can be utilized as a priori to
design the multi-beam transmit precoding matrix to improve

lBy contrast, the state-of-the-art CS-based solutions [16]-[19] only
focus on the angle-domain sparsity and design the limited resolution CS
dictionary with quantized angle-domain grids. This quantization error limits
the achievable CE performance.
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Step8:]  Reconstruct mmWave channel

BS Stepl(b):  Design receive combiner

Stepl(a): Design common rindom Dol CF Step2: Estimate number of MPCs
transmit precoder - - -
P Step3: Estimate horizontal/vertical AoAs
Step5(b): Design receive combiner Limited feedback link Step4: Feedback estimated AoAs
Step6: Estimate horizontal/vertical AoDs Uplink CE StepS(a):  Design multi-beam transmit
and delays precoder

Step7:  Pair parameters and estimate gains UDs

Fig. 2. Procedure of the proposed closed-loop sparse CE solution, where the limited feedback is realized via the low-frequency control link.
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Fig. 3. Frame structure of the proposed closed-loop sparse CE solution.

the received SNR for uplink CE. A maximum likelihood (ML)
approach is adopted at the BS to pair the channel parameters
acquired at these two stages and, consequently, the associated
path gains can readily be obtained using the least squares (LS)
estimator. Finally, the mmWave channel associated with each
UD can be separately reconstructed based on the dominant
channel parameters estimated above.

In contrast to the existing solutions, our main contributions

are summarized as follows:

+ We propose a closed-loop sparse CE solution with the
common downlink CE stage for all UDs and the ded-
icated uplink CE stage for each UD. At the downlink
CE stage, the BS fully exploits its large transmit power
to allow multiple UDs simultaneously perform CE for
reduced training overhead, and only horizontal/vertical
Ao0As estimation with low computational complexity is
required at UDs. At the uplink CE stage, the multi-
beam transmit precoding matrices are designed at UDs
to enhance CE accuracy, and the BS with high compu-
tational capacity can jointly estimate horizontal/vertical
AoDs and delays. By contrast, the state-of-the-art CS-
based solutions [16]-[19] are all based on open-loop
approach, which imposes high computational complexity
and storage requirements on the receiver’. It is worth
emphasizing that by exploiting the horizontal/vertical
AoAs estimated at the downlink CE stage, the multi-beam
transmit precoding matrices designed at UDs significantly
improve received SNR, which works even for the case
that the number of MPCs is larger than that of RF chains,

2More specifically, to improve the CE accuracy, CS-based solutions
[16]-[19] adopt the redundant dictionary, whose dimension is very high
for mmWave massive MIMO. Therefore, downlink open-loop CE imposes
prohibitive storage of redundant dictionary and the associated computational
complexity on UDs, while uplink open-loop CE suffers from the low received
SNR and thus poor CE performance due to the limited transmit power of UDs.

i.e., the number of beams can be larger than that of RF
chains.

o We design the receive combining matrices at UDs
and BS for visualizing the hybrid array as a digital
array, to enable the application of spectrum esti-
mation techniques. For hybrid MIMO, it is challeng-
ing to directly apply spectrum estimation techniques to
estimate channel parameters, since the shift-invariance
structure of array response matrix observed from the
digital baseband domain does not hold [31], [35]. Our
solution sheds light on how to apply spectrum estimation
techniques, e.g., ESPRIT-type algorithms, to hybrid MI-
MO, so that the super-resolution estimation of channel
parameters can be acquired with low training overhead
and computational complexity. By contrast, to achieve
the high-resolution estimations of channel parameters,
the existing CS-based solutions [16]-[19] usually rely
on the high-dimensional angle-domain or delay-domain
redundant dictionary, which poses the excessively high
computational complexity and storage requirements for
FD-MIMO systems with large-scale antenna arrays.

o The double sparsity of MPCs in both angle and delay
domains is harnessed in our proposed CE scheme. By
leveraging the double sparsity, our scheme formulates the
CE problem as a multi-dimensional spectrum estimation
problem, where the super-resolution estimations of hor-
izontal/vertical AoAs/AoDs and delays can be obtained
simultaneously. By comparison, the existing CE solutions
[16], [17], [19] only consider the angle-domain sparsity
of mmWave channels. Moreover, the delay-domain CE
approaches of [18], [20] have to estimate the effective
delay-domain channel impulse response (CIR), which in-
cludes the time-domain pulse shaping filter (PSF) that can
weaken the delay-domain channel sparsity. By contrast,
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the super-resolution estimation of delays in our solution
is immune to PSE.

Throughout this paper, boldface lower and upper-case sym-
bols denote column vectors and matrices, respectively. (-)*,
()T, ()H, ()71, [-] and |-] denote the conjugate, transpose,
Hermitian transpose, matrix inversion, integer ceiling and
integer floor operators, respectively. ||a||; and ||a|> are ¢;-
norm and ¢s-norm of a, respectively, while || A|| ¢ is Frobenius
norm of A, and |Q|. is the cardinality of the set Q. The
Kronecker and Khatri-Rao product operations are denoted by
® and ©, respectively. I,, denotes the n x n identity matrix
and O, x, is the null matrix of size m x n, while 1,, (0,)
denotes the vector of size n with all the elements being 1 (0).
diag(a) is the diagonal matrix with the elements of a at its
diagonal entries, vdiag(A) denotes the vector consisting of the
main diagonal elements of A, and Bdiag([A4; - - - A,,]) denotes
the block diagonal matrix with Ay,---, A, as its block
diagonal entries. The expectation and determinant operators
are denoted by E(:) and det(-), respectively. The modulo
operation mod(m,n) returns the remainder of dividing m
by n, and mod(Q,n) returns the set containing mod(m,n)
VYm € Q of the ordered set Q. The operator find(a # 0)
returns the set containing the indices of nonzero elements of
a, and mat(a;m,n) converts the vector a of size mn into
the matrix of size m X n by successively selecting every m
elements of a as its columns. The operator vec(A) stacks the
columns of A on top of each another, [A],, ,, denotes the mth-
row and nth-column element of A, and aj,,., is the vector
consisting the mth to nth elements of a, while Aj, ,,.,,) is the
sub-matrix containing the mth to nth columns of A. A[g
denotes the sub-matrix containing the rows of A indexed in the
ordered set Q, and A[Q,i] is the 7th column of A[Q#]. Finally,
R{-} and I{-} denote the real part and imaginary part of the
argument, respectively.

II. DOWNLINK CHANNEL ESTIMATION STAGE

Consider the mmWave FD-MIMO system with hybrid
beamforming, where the BS and ) UDs are all equipped with
UPA, and OFDM with K subcarriers is adopted, while N¢
independent signal streams are transmitted on each subcarrier
[16]. The BS (UD) employs Ngs = NBgNys (Nup =
NI}}DNI‘jD) antennas and N§§ < Ngg (N[P}g < Nyp) RF
chains, where N3¢ (N3p) and Ngg (Np) are the numbers
of antennas in horizontal and vertical directions at the BS
(UD), respectively.

A. Downlink Channel Estimation Signal Model
The downlink CE stage lasts Ny time slots and each time

slot contains N¢ OFDM symbols. The signal y,[k,i,m] €

CM! received by the gth UD at the kth subcarrier of the ith

OFDM symbol in the mth time slot can be expressed as

=Wk, m]Hy [k Falk, m]s[k, i, m]
+ Wfq[k, mlnglk,i,m],

yq[k7i7m] (l)

for 1 <¢g<Q 0<k<K-11<i< N9 and
1 <m < Ng. In (1), the UD’s receive combinjng matrix
Wd’q[k,m] = WRRq[m}WBByq[/ﬂ,m} € CNupxNs in which

Wi o[m] € CNoo*NED and Wig [k, m] € CNOD N are the
analog and digital receive combining matrices, and the BS’s
transmit precoding matrix Fylk, m]=Fgrr q[m|Fgs qlk, m] €
(CNBSxM in which Frp q[m)] € CNesxNES and Fpp q[k, m] €
CNes *N are the analog and digital transmit precoding ma-
trices, respectively, while H,[k] € CNvp*Nes g the corre-
sponding downlink channel matrix, s[k,i,m] € CN< is the
training signal with E (s[k‘,i,m]sH[k,i,m]) = ﬁINg, and
nglk,i,m] € CNvP is the complex additive white Gaussian
noise (AWGN) vector with the covariance matrix 2 Iy,
ie., mglk,i,m] ~ CN(Onyp, 021Ny, ). Due to the constant
modulus of the phase shift network (PSN), [FRF almll;, o, =
&/T? 141,52 and [WRFJ][ Hjhjz — .\/TUD elP2.51.92  with

1j1.,j2> V2,51 j» € A, and A is the quantized phase set of the
PSN with the resolution NP®, given by

A:{ T, —T + pr, —mT+2- Np5,~~~,7r72]2vg,s}. 2)

Also || Fylk, m]||5 < NEE to guarantee the constraint on the
total transmit power [5]. Here at the CE stage, some elegant
solutions [39], [42] can be used to acquire the robust syn-
chronization of burst training signals without the knowledge
of noise/interference power even at low SNR.

Due to the obviously resolvable delay spread for each
MPC caused by the large bandwidth, according to the typical
mmWave channel model [16]-[21], [25], the downlink delay-
domain continuous channel matrix H, (1) € CNvo*Nes with
L, MPCs can be expressed as

ﬁqZHq lp

=1

where 8, = \/NupNps/L, is the normalization factor, 7,
is the delay of the Ith MPC, and p(7) denotes the equivalent

PSF, while the complex gain matrix H,; € CNupxNes g
given by

— Tql) s 3)

Hq,l = 0q,1AUD (/“Lq ]lj? (?P) aBS (:uq 1>V (113?) (4)
where ay; ~CN(0,02) is the associated complex path gain,
ﬂg]lj = msin (9}1{}3) cos (apg]f) (,uq ; = msin (Gé]?ls) cos (gquf))
and v)P = mwsin (pUp) wp} = wsin (¢}7)) denote the
horizontally and vertically spatial frequencies with half-
wavelength antenna spacing at the qth UD (the BS), respec-
tively. Here, 9}1{}3 (9 ) and goq P (B ol ) are the downlink hor-
izontal and vertical AoAs (AoDs) of the I/th MPC associated
with the UPA, respectively. The array response vector at UD
is given by ayp (ug?, vP) = ay(v)P)@an(ug ) € CNop
[24], [30], [36], in which

uUD b 1), UDST
an (1a’) =g [ c (NPT ()
ay (VIP) =—A—[1 eal ... dNE =0T (g

are the steering vectors associated with the horizontal and
vertical directions, respectively. Similarly, the array response
vector at BS is given by aBs(,uql, (11315) = av( {11318) ®
an(uh}) € CVes, where the horizontal and vertical direction

steering vectors ay (ME?) € CNes and ah( ) € CNes are
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given respectively by substituting ,u and N%D with u and
NEg in (5) as well as by substltutlng 1/ 1 P and NYp W1th 1/
and Ng3g in (6).

The frequency-domain channel matrix H,[k] at the kth
subcarrier can then be expressed as

ﬂqZque J

Ly

21rkf5-r

2k fsT, 1
UD , UD\ . H BS , BS ThleTg,l
= Bq E :O‘q,laUD (:LLq,l yVq,l )aBS (Nq 1HVq,l ) e )

=1
(7

where f, = 1/T denotes the system bandwidth, and Ty is the
sampling period. The derivation of the first equation in (7) is
shown in Appendix. Observe that H,[k] does not depend on
the PSF, and it exhibits the sparsity in delay domain due to
small L, but large normalized delay spread. Recall that the
existing CS-based solutions of [18], [20] have to estimate the
effective delay-domain CIRs that include the PSF, and this PSF
will destroy the delay-domain sparsity of mmWave channels
when the order of PSF is large. H,[k] in (7) can be rewritten

as

H,[k] = Aup ¢ Dy[k| AR ,, (8)
where D, [k] =diag (d,[k]) € CL«*L4 is the diagonal matrix in
which d,[k] = diag (a,) 7,[k] with cg =B [ag1 - agr,] "
and T,[k] = [e*jQ“kfqu’l/K~~~e_j2”kf”‘1qu/K}T, and the

array response matrix associated with the AoAs of the qth
UD Ayp, € CNvoXla can be expressed as Ayp, =
: : - UD UD

AYp ,©Alp , in which Afy, = [an(ug?) - ah(nq’Lq)} €
CNop*Le gpd AYp . [av( ;Hl?) . av(v(}f?q)] € CNUp*xLg
are the steering matrices corresponding to the horizontally
and vertically spatial frequencies, respectively, while Apg 4=

Bsq © Abg, € CNesxla s the array response matrix
associated with the AoDs in which the steering matrices
Al € CNis¥Ia and A¥g € CVis*la have the similar
form as Afp,, and Afp . respectively.

B. Obtain Horizontal/Vertical AoAs at UD

The downlink CE corresponds to Step 1 to Step4 of Fig. 2,
where the horizontal and vertical AoAs are estimated. We
first assume that the training signal s[i,m] is independent
of subcarriers, and its jith element can be designed as
[s[i,m]];, = w7 ;6?7 with ¢;, randomly and uniformly
selected from the interval [0, 1], i.e., ¢;, ~ U[0, 1]. Second,
a predefined frequency-domain scrambling code z; € CK
with its kth element being x4[k] for 0 < &k < K — 1 can
be introduced to effectively avoid the high peak-to-average
power ratio (PAPR) resulted from the same training signal
used at all subcarriers®. Then, we can obtain the scrambled
training signal sk, 4, m] at the kth subcarrier, i.e., s[k, i, m]=
xqlk]s[i, m]. The signals received at the UD will be first
descrambled by multiplying the conjugate of scrambling code

3Each element in the predefined scrambling code a4 should satisfy
x[klzg[k]=1,0<k <K — 1. To achieve the low PAPR of training signals,
we can adopt the constant-module Zadoff-Chu sequence as the scrambling
code xq4.

x;, which indicates that the scrambling code x4 does not
affect the subsequent signal processing. Moreover, the same
digital transmit precoding/receive combining matrices are
adopted at every subcarrier, i.e., Fgp [k, m]=Fgp 4[m] and
Wgg 4k, m]=Wgp 4[m], for 0<k <K — 1. The number of
independent signal streams associated with each subcarrier in
each OFDM symbol is N < NBE. We can visualize a low-
dimensional digital M}, x My, sub-UPA, in which M, and
My are the numbers of antennas in horizontal and vertical
directions, from the high-dimensional hybrid analog/digital
N{}D x Nyp UPA. Given N%‘g‘ = M{}DM{ID, the BS only
requires Ng = [Ny /N&| time slots to broadcast training
signals, with each time slot containing N¢ OFDM symbols.
The choice of M, MYy and N¢ trades off estimation
accuracy with training overhead*, because larger M{}D, Mp
and N lead to better estimation accuracy but higher training
overhead, and vice versa. Since the signals received by all
UDs have the same form, we can focus on the qth UD and
the user index ¢ can be omitted from y,[k,, m], Wy 4[m],
H,[k], ng(k,i,m], Aup,qg Dgy[k], Aps,q and other relevant
variables for clarity.

By collecting the received signals of (1) associated
with the kth subcarrier over all the N¢ OFDM symbol-
s of the mth time slot into the s1gnal matrix Y, [k] =
lylk,1,m]---ylk, N, m]| € CNSXNS | we have

Yo [k] =23 [K]W,! [m] H[K] Fy[m] Salk, m]+ W' [m] M[lz]g)
where Sq[k,m] = [s[k,1,m]---s[k, N2, H = xq[k]Sq[m]
with Sym]=[s[1,m] - - s[NZ,m]] € CN NS and N, [k] =

[n[k,1,m]---n[k, NI, m]] € CNupxN | Since the BS trans-
mits the common random signal F,;[m]S[m], the transmit
precoding matrix Fy[m] = Frp,q[m|Fppq[m| should be
a random matrix. This is achieved by designing Frp q[m]
as [Frr a[m]] \/—6“93 12 with 93 4, j, randomly

Jude VN
and uniformly selected from A, and designing Fpp q[m] as
[Fgp,a[m]];, j2:e‘2”aj1=j2 with aj, ;, ~U [0,1]. The BS can

use the same transmit precoding matrix Fy = F4[m] to send
the same sounding signal S;=.S;[m] for every time slot. By
stacking the received signal matrices Y, | ]rof (9) over the Ny
time slots into Y;[k]= [Y{T[k] - - Y [K] € CNaNx NG
have

Yalk| =W, Aup D[] Aflg FySq+Bdiag (W) Nylk], (10)

where Wy = [Wy[1]--- W4 [Ny]] € CNooxNaNS aggresates
the downlink receive combining matrices used in the N, time
slots, and Bdiag (W) = Bdiag ([W2I[1]- Wd Nd ]]) €
CNaNIxNaNvo | while Ng[k] = [N{[k]-
CNaNupxNJ g _the corresponding noise matrix.

Multiplying Yy[k] with J; = I N O Ng (N Nd— N%LBJ)]
and aggregating the resulting signals over all the K subcarriers

, WE

lead to the signal matrix Y; = [de/d 0] JoYy[1] - JuYa[K —
1]] € CNEB KNG g5
Y, = AypSa + N, (1T)

“In this paper, the training overhead is defined as the number of OFDM
symbols required at the CE stage. In terms of downlink CE stage, the training
duration is NgNZ OFDM symbols.
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where Ny = JyBdiag (W) [N4[0] Nu[1]--- Ng[K — 1]],
AUD = JdeHAUD, and S’d = [S’d[O} gd[l] s gd[K — 1]]
with Sy[k]=D[k] ALSqF;S,. Observe from (10) and (11) that
we cannot directly apply powerful spectrum estimation tech-
niques [30], [37] to estimate the horizontal/vertical AoAs from
Y, since the shift-invariance structure of the array response
matrix Ayp does not hold in hybrid receive array [31], [35].
We propose to visualize the high-dimensional hybrid array
as a low-dimensional digital array by designing appropriate
aggregated receive combining matrix Wy so that the shift-
invariance structure of array response can be reconstructed and
therefore super-resolution CE based on spectrum estimation
techniques can be harnessed.

C. Design Receive Combining Matrix at UD

Without loss of generality, we consider N = N&E —1
independent signal streams. First, we utilize a unitary matrix
NRFXNRF . ..
Unpg = [u1 -+ uyne] € CNUD*Nb (o design the digital re-
ceive combining matrix Wpg[m] € CY: G5 XN of the mth time
slot’s receive combining matrix Wy[m] = Wgrp|m|Wpgg[m)|
for 1 < m < Ng. Specifically, Wgg[m] = Uyzr. 1.n4)-
To design the analog receive combining matrix Wgg[m| €
Nup X N&H - Nyp xNgN&
CHNup*Nup | we construct the matrix =, € RYUDXNafNs a9

IMIVJD+1 ® B ]
(12)

T h h
_AIBD)] S RNUp *x Myp . Then

[

d =
[ O(NUD7N{}D (Myp+1))x Mbip (Myp+1)
INstd ‘|

» [O
(M3 (MY +1)—NENg)x N¢Ng
where B = [IMBD OM%}DX(NB%
we take the sub-matrix E70 = Eg[ (m-1)Ndt1:mNa] €
RNupxNS and define €4, = vec(Z3h) to construct the
ordered index set D, = find (€4, #0) with |Dp,|. = NZ.
Next we perform the modulo operation on D,,, with Nyp to
get the ordered index set Z,,, =mod(D,,, Nyp) with |Z,,,|. =
NZ. The rows of Wry[m] whose indices correspond to Z,,
are determined by Wgg[m] as Wgr[m]z,, | = Wig[m],
while the rest rows of Wgr[m] consist of the (Nyp — N¢)
identical u%RF. The phase value of arbitrary element in
the designedU%VRp[m], denoted by ¥4, is then quantized
to ¥ € A by minimizing the Euclidean distance according
to argminge4||¥q—"||,. Thus, the mth receive combining
matrix can be obtained as Wy[m| = Wgr|[m|Wpsg[m] for
1 <m < Ny. N
The proposed design for W is summarized in Algorithm 1.
Since the number of RF chains is usually the power of 2, we
can adopt Hadamard matrix for Ng’s > 1 or discrete Fourier
transform (DFT) matrix for NP* > 2 to construct UN{}SS-
Clearly, our design can be used for the PSN with arbitrary
NP®, even the extremely low resolution PSN with NJ® = 1.

With the designed Wd, we have

Ayp = W (A% @ AL ) = AYp 0 AL (13)

SNote that the phase value of every entry of the quantized Hadamard or
DFT matrices still belongs to the set A, and therefore we ensure the columns
of the selected U \rr to be mutually orthogonal.

UD

Algorithm 1 Proposed Receive Combining Matrix Design
Input: Ny, NI, NG5, Nip, Ngp, M, My,

Output: W,

1: Generate unitary matrix Uynr = [u1 - uynr ]

2: Construct index matrix =y of (12)

3: form=1,2,--- Ny do

4 Wgg[m] = Uygr(.1.y4), and initialize Wrp[m] =

H
1NUD ® uNRF
UD

5: }gxtract E’;‘frg = E4} (m-1)Nit1:mNd], and obtain
Eam = veo(Z5)
6:  Obtain ordered index set I =

mod (find (€4, # 0) , Nup)
7. Replace Wgp[m](z,, | < WEs[m]
8:  Quantize phase values of Wgy[m| based on A
9: Wy [TTL} = Wgrr [m] Wgsp [m]
10: end for
11: return W, = [Wd[l] e Wd[NdH

Clearly, A{ € CMup L (AY, € CMop*L) is the matrix
containing the first MSD (Mp) rows of A{;py (AYp). Thus,
Ayp maintains the double shift-invariance structure of the
original array response matrix Ayp for both horizontal and
vertical AoAs [35], and the designed W, can be used to
visualize the high-dimensional hybrid analog/digital array as
a low-dimensional digital array. Therefore, we can utilize the
MDU-ESPRIT algorithm detailed in Section IV to obtain the
super-resolution estimates of horizontal/vertical AoAs at UD.
Since the ESPRIT-type algorithms [30], [31], [35], [37] require
the knowledge of the number of MPCs, we next turn to the
task of acquiring the number of MPCs at the receiver, i.e.,
Step 2 of Fig. 2.

D. EVD-Based Estimate for Number of MPCs

In OFDM systems, the channels of multiple adjacent sub-
carriers within coherence bandwidth are highly correlated. If
the maximum delay spread is Ty, = IN. 15 with N, delay taps,

1

the channel coherence bandwidth is B, ~ = J{,— Then we

can jointly use the measurements of P gnf; = NKC adjacent
subcarriers to estimate the number of MPCs, where A f = % is
the subcarrier’s bandwidth. Specifically, by dividing K signal
matrices {Jdﬁ[k]}z:ol into Np = | K/P| groups, we can
obtain the n,th measurement matrix Yy[n,] € CNOB XN as
the average of the measurements in the n,th group

. 1 nyP—1 ~
Ya[n,) = 5 Zk:(nrl)P JaYalk], 1<n, < Np. (14)

The Np average measurements are collected as Yy =
[Yall]--- Ya[Np]] € CNoBXNINe and the  covari-
ance matrix of Yy is Ry = WYQY(}{ Accord-
ing to the eigenvalue decomposition (EVD), we ob-
tain R; = [U, U,]diag(Ag) [Us U, H, where A\; =
BSRERPY) /\L“""\N%“S] = [AT XL]" is the eigenvalue
vector with the eigenvalues arranged in descending order, Uy
and U, are the eigenvector matrices corresponding to the sig-
nal and noise subspaces, respectively, while As=[\1 -+ A]
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and A = [Art1 - Ay | " are the eigenvalue vectors related
to U, and U,, respectively. The number of MPCs L is the
dimension of \,. _
To obtain an accurate estimate of L, we first construct A=
AT O%SDL L]T € CNOY . The optimal estimate of A can be
acquire(iJ ]By solving the following optimization problem

~s N 2 3
A :arg;‘;nm §|f)\f)\d||2+€||)\||l, (15)

= sub
NUD

where ¢ is the threshold parameter related to the AWGN pow-
er, which is determined experimentally. Clearly, the solution
to the optimization problem (15) is [38]

o) MTE
i 0,

where X;‘ is the ith element of A*. From the estimate A*, we
obtain the estimate of the number of MPCs, denoted by L,
which is the input to the MDU-ESPRIT algorithm for esti-
mating L pairs of horizontal and vertical AoAs. The resulting
estimates {@ID,@UD}; are quantized as {@UD,@UD};
with N8 angle quantized bits in [—7/2, 7/2].

Finally, only the few bits of the quantized angle estimates
are fed back to BS through the low-frequency control link
with limited resource [2]. Thus, since very little data needs to
be transmitted via the feedback link, the feedback overhead
at the AoAs feedback stage can be ignored in our proposed
closed-loop sparse CE scheme®.

)\iZE

16
Ai <&, (16)

III. UPLINK CHANNEL ESTIMATION STAGE
A. Obtain Horizontal/Vertical AoDs and Delays at BS

At the uplink CE stage, the BS jointly estimates the horizon-
tal/vertical AoDs and delays for each UD. Due to the channel
reciprocity in TDD systems [32]-[34], the uplink channel
matrix for the gth UD is given by H'[k]= A} D[k|AT €
CNesxNup ' where again the user index ¢ is omitted. We
employ N*=NEL¥—1 independent signal streams, and a low-
dimensional digital Mpg x Mpyq sub-UPA with M}q and My
antennas in horizontal and vertical directions is visualized
from the high-dimensional hybrid analog/digital Ngs X Npyg
UPA at the BS. Each UD requires N, = [N§*/N!]| time
slots with Ngi® = MBA Mg to transmit the training signals,
and each time slot consists of N} OFDM symbols. Hence, the
uplink CE for @ UDs has a training overhead of QN,, N¥, and
the total training overhead of the proposed closed-loop sparse
CE scheme is Tcg :Nng—&-QNuNg. Similar to (10), after
the frequency-domain scrambling/descrambling operation, the
signal matrix Y, [k] € CNuNo"<No' received by the BS at the
kth subcarrier and over the IN,, time slots can be expressed as

Y, [k] = W A D[k AT, F, S, + Bdiag (W,,) N,[K],
(17)

6In the open-loop CE schemes [18], [19], the support sets and channel
gains for every subcarrier estimated at the receiver also need to be fed back to
transmitter to perform the following signal processing such as beamforming
design or channel equalization [2], [15]. Compared with these schemes, our
proposed closed-loop CE scheme only feeds back the dominant channel
parameters estimated by the BS and UD to each other, and thus, its feedback
overhead is almost negligible.

where W, = [W,[1]---W,[N,]] € CNesxNuNI yith
W,[m] € CNss*NS being the uplink receive combining
matrix used in the mth time slot for 1 < m < N,,
W, = [WH[1]... WHIN,]], and F, € CNvoXN s the
multi-beam transmit precoding matrix at UD, while S, €
CNS >N is the uplink training signal matrix, and NN, [k]
is the uplink noise matrix. Y [k] is multiplied by J, =

sub

I:INEléb ONEHSI) X (N:NquELéb)] E RNBS x N:L Ni and ’I“:he reSult
is converted into the vector g, [k]=vec((J, Y, [k]) ), ie.,

Gulk] = (Aps © (AN F,S,)" )diag(a)r[k] + 7, [k], (18)

where we have used the identity vec(ABC) = (CT ® A)b
with B =diag(b) [40], Apg :JUW/EAES, and 7, [k] is the
corresponding noise vector. Furthermore, by collecting y,, [k] €
CNBs'NS for 0 <k < K —1, we obtain the aggregated signal
matrix Y, = (9[0] gu[l] - gu[K — 1]] € CNB NI XK given
by

Y. = (Aps © (ATpF.S,) )diag (@) AT+ N, (19)

where A, = [7[0] 7[1]---7[K-1]]" € CKxI,
and N, is the aggregated noise matrix. Recalling
Tlk] = [e’pﬂkfm/K~--e"‘2“kf”L/K}T, we have
Ay = lar(ui)-:oar (W)l in which a, () =
[1 eJ“lT---eJ(K_l)“lT} € CK with uf = —2nfm/K.

Observe that A, can be considered as the steering matrix
associated with the delays {r;}~ ,. Taking the vectorization
of Yy, ie., gy =vec(Y,), leads to

9u = ((Ar © Apg) © (AT FLS.) " e + n,

where we have used the identity A®(BoC)=(A0B)oC

- sub aru
[40], and 7, =vec(IN,,). We further reshape g, € C*V5s'No
as the matrix Y, =mat(g,; N, K N5P) € CNS X KNS,

(20)

Y, = (AL, F,S,) " diag(e) (A, © Aps)" + N, @)

where N, = mat (f2,; N¥, KN§). Hence, Y, = Y[ €
sub u .
CHENBs’*Ns' can be written as

Y, = (Ar © Ags) diag(r) (AT FuS,) + NP, (22)

From Agg=J, VA[;'E Afq, we observe that Wu may destroy
the shift-invariance structure of Agg. Similar to downlink CE,
we can design W, using Algorithm 1 by replacing the input
parameters Ny, N4, N&E, N&,. N¥p, Mb, and MY for
UD with N, N¥, N&E, NI}B‘S,VNE’;S, MBg and My for BS.
By substituting the designed W,, into (22), we obtain

Yu = ATBSSU + N;f; (23)

where S, =

diag(c) (ATpF,S,), and A;ps €
CKMgsMgsxL

is given by
Args=A; 0 (Juwf ((Ags)” © (Afg)))

s (24)
= A-,- @ ABS ® Ags

In (24), Afg € CMpsxL (A% € CMes*L) s the sub-matrix
consisting of the first Mg (M) rows of (Alg)" ((A%g)™).
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Fig. 4. Comparison of beam patterns, where Ngg = Ng RF = 4 and the AoAs of the 5 MPCs are known to the UD: (a) Random transmit precoding matrix
with 8 x 8 UPA, (b) Multi-beam transmit precoding matnx with 8 X 8 UPA, and (c) Multi-beam transmit precoding matrix with 16 x 16 UPA.

In this way, Wu visualizes the high-dimensional hybrid ana-
log/digital array as a low-dimensional digital array, and A.,pgg
holds the triple shift-invariance structure for horizontal/vertical
AoDs and delays [35]. Therefore, we can apply the MDU-
ESPRIT algorithm to obtain the super-resolution estimates of

7@[ }l 1°

B. Design Multi-Beam Transmit Precoding Matrix at UD

horizontal/vertical AoDs and delays, {

We design the transmit precoding matrix Fy, = FRF,uFBB,u
at UD by exploiting the estimate {@ZJD,{O\FD}ZLZI obtained
at the downlink CE stage so that the UD with the limited
transmit power can transmit directional multi-beam signals for
improving the received SNR at the BS.

We first consider the analog transmit precoding matrix
Frr. € CNupxNUS | The estimate Ayp of the array re-
sponse matrix Ayp can be calculated given the estimat-

ed AoAs {8, AUD}ZL .- To fully exploit the acquired
Qg 1
should align its L beams with the L estimated AoAs. Specif-
ically, the phase shifters of the PSN at UD can be divided
into the L groups as equally as possible, depending on L and
NE.

Case I: L > NEE. This is the case that the number of
beams transmitted by UD is larger than that of RF chains.
For the UD equipped with the hybrid array with the fully-
connected PSN, there are Npg :NII}ENUD phase shifters. Let
the number of phase shifters assigned to the Ith group be nps;
with 1 <[ < L. We introduce the L-dimensional vector Vps
as

the multi-beam transmit precoding matrix

= [ps oy 7] =nplp+ 1 0T 1T (25)
where nps = LNPS/EJ and 7 :mod(Nps, Z) By defining
the index vector p=|1 2--- Npg|®, the ordered index set P; of
the {th group can be obtained as P; =Pl npe i+ 1 npesi]
with |Pj|. = nps;. Then, we can define the vector f =
f - fAT} € CNrs, where f; = Al Dmod(Pr,Nup),y € C"
for 1<l<L to obtain Fry , =mat (f, Nup, NRF)

Case II: L < NBE and NBE can be divided exactly
by L. The NIP}S RF chains can be equally allocated to the
L groups and we can choose FRrp,, = =1T N.o ® AUD, with

Niep= /L

Ups

Case III: L < NBE and NRE cannot be divided exactly
by L. In this case, we have Frrp,, = [FRF u FRF «)» where

Fip, € CNupXLNwew with Nyop = |[NEE/L]| and Fip., €
CNup* NGB e with N[P}g re = mod(NIl}g,L) We can design

Fip. =1, ® Ajyp, similar to Case II, and we can choose

Fl%F,u:mat([fl fz]
where f; can be acquired by using Nll}gvre instead of N5 in
Case 1.

Due to the limited resolution of the PSN, the phase value
of every element in the designed Fgrp, is quantized to the
nearest value in the phase set A. As for the digital transmit

. . RE u . .
precoding matrix Fpp, € CNopXNe'| we can design its
element as [Fpp,]; ; = é*™a with by, 5, ~ U0, 1].
Finally, we obtain the multi-beam transmit precoding matrix
F, —FRF,uFBB,u'

To intuitively compare Fy of the BS designed at the
downlink CE stage and F), of the UD designed at the uplink
CE stage, we provide the comparison of beam patterns in
Fig. 4, where we have NE¥' = NBE = 4 RF chains at the
BS and each UD, and the AoAs of the 5 MPCs are known
to the UD. Specifically, Fig. 4 (a) depicts the beam pattern of
the random transmit precoding matrix Fy for the 8 x8 UPA,
while Fig. 4 (b) and Fig. 4 (c) plot the beam patterns of the
multi-beam transmit precoding matrices F,, for the 8 x 8 and
16 x 16 UPAs, respectively. Compared with the beam pattern
of Fig. 4 (a), the beam pattern in Fig. 4 (b) has 5 mainlobes
aligned with the directions of the AoAs of the 5 MPCs, which
can significantly improve the SNR at receiver. Moreover, by
comparing Fig. 4 (b) with Fig. 4 (c), it can be observed that
the sidelobes of the multi-beam signals are further suppressed
when the array size increases. In a nutshell, the proposed
multi-beam transmit precoding matrix design enables the UD
with limited transmit power to form the directional signals
with multiple beams aligned with the estimated AoAs of the
MPCs for improving the uplink CE performance.

; Nup, NUD’re) similar to Case I,

IV. MDU-ESPRIT ALGORITHM

Because the aggregated receive combining matrix Wd (Wu)
designed at the UD (BS) reconstructs the double (triple) shift-
invariance structure of array response, spectrum estimation
techniques can be utilized to estimate the channel parameters.
We consider R-dimensional (R-D) unitary ESPRIT algorithm
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with R > 2. Without loss of generality, we define a general
signal transmission model for the channel consisting of L
MPCs and R sets of spatial frequencies as

Y = AS+ N, (26)

where Y € CM*N s the received data matrix aggregated over
N snapshots, M:]_[f’:1 M,., with M,. being the dimension of
the parameter vector associated with the rth spatial frequency
for 1 <r <R, and S € CE*N and N € CM*N are the
transmit signal and noise matrices, respectively, while the array
response matrix A € CM*L is given by

A=A,,004,0A4, @7
= la(ui,pf o p0f) - a(up i, )]
In 27), A, =[a(p})---a(p})] € CMr*L s the steering ma-

trix related to the rth set of spatial frequencies {u] }~ ,, with
a(py)=|1 e ej(M’“fl)“lr]T € CM- being the Ith steering
vector, while the array response vector a (,ull, JIREE ,,ulR) €
CM related to the Ith MPC is given by

a(pt iy 1) =a () ®--a(u})@a (). 28)

The MDU-ESPRIT algorithm, which acquires the super-
resolution estimates of the R sets of spatial frequencies from
(26), denoted by {ﬁ{}lL:I for 1 <r <R, consists of the five
steps.

1) R-D Spatial Smoothing Preprocessing (SSP): In order
to take into account the insufficient measurement dimen-
sion N caused by the limited training overhead, we will
exploit the spatial smoothing technique [31] to preprocess
the original data matrix Y of (26). This preprocessing can
mitigate the influence of other coherent signals and avoid the
rank deficiency of the covariance matrix of S to enhance
robustness. Specifically, we first define the R spatial smoothing
parameters {G,}®_, with 1 < G, < M,, and obtain the
sub-dimensions {MS"P}E | corresponding to {M,}E | as
M3 = M, —G,+1 for 1 <r<R. Thus the size of total sub-
dimension is Mg, = Hf 1 M; sub To obtain the R-D selection
matrix, we next define the g,.th ‘1-D’ selection matrix as

M*“ X M.
7‘797‘)} €R
for 1 < g, < G,. Then, we can obtain G = H,,Azl G, ‘R-D
selection matrices, with the (g1, 92, -+ , gr)th ‘R-D’ selection
matrix given by Jy, g gp =J 9 @ - ® J92) @ J9) e
RMsuwxM By applying these R-D selection matrices to Y,
the smoothed complex-valued data matrix Y € CMsur XNG g
obtained as

Y :[(J1 1,11Y) - (Ji11,6rY) (Ji1,,
(J1a,- 22Y3 (J61,62,4Gn1,6rY) |-
2) Real-Valued Processing (RVP): To reduce the computa-

tional complexity, the forward backward averaging technique

[30] is utilized to transform Y into the real-valued matrix
Y R]VIsubXZNG

J(Eh) = I:OIVI;UbX(grfl) IMf“b OMEUI’X(G

21Y) (29)

Yie=Qh. [Y (ITn,, Y IInc)] Qane,

where IT,, is the exchange matrix of size n x n that permutates
the row order of I,,, and Q,, € C"*" is a sparse unitary matrix
satisfying IT,,Q1=Q,,.

(30)

3) Signal Subspace Approximation (SSA): To extract the
information of spatial frequencies from the real-valued matrix
Y,., we introduce the transform steering matrix K which
satisfies [30]

R{QY J.Qu..,} KA, =3{QL J,Qun..,} K, (1)

where 1 < r < R, m, = Mgup (Mf“b—l) /M5 and A, =
diag ([tan (uf/2) - - tan (uf /2)]" ) is the real-valued diago—
nal matrix 1nvolv1ng the desired spatial frequencies {ul}= ,,
while J. = Ir g ®Jr )®IHT s € R™r X Mty

with J( = [OMiub,l Ipgsun_y1]. Note that K is related
to the approximate signal subspace matrix E; € RMsuwxL
corresponding to the underlying signal subspace. Specifically,
since the columns of K and E; span the same L-dimensional
signal subspace [31], [35], K = E,T, where T ¢ RL*L
is a non-singular matrix. To determine FE,, we take the left
singular vectors corresponding to the largest L singular values
of Y} as Es. Specifically, from the real-valued partial singular
values decomposition (SVD) of Y;e = U, X1 V,II, we have
Es = Urc[:,l:L] .

4) Shift-Invariance Equation Solving (SIES): Based on the
acquired approximate signal subspace Eg, we use K = ET
in (31) to obtain the R shift-invariance equations

R{Q}, J-Qu.. } E®r =S {Q1, J-Qur.., } Es, (32)

where &, = TA, T~ ! e REXL for 1 < r < R. To estimate
the diagonal matrices {A, }Z ;, we first obtain the estimates
of the R real-valued matrices {®, }[* |, denoted as {SZS }T 1
by applying the LS or total least squares (TLS) estimator to
solve the R shift-invariance equations of (32).
_5) R-D_Joint Diagonalization (JD): From the estimated
&, = TA,T-! with A, denoting the estimate of A, for
1 <r <R, we exploit the following R-D joint diagonaliza-
tion to obtain the pa1red estimates of the spatial frequencies
{# }l , from {A } . Specifically, we consider the two
cases of R = 2 and R > 3. For R = 2, namely, the 2-
D case, since ¢; and 452 share the same eigenvector ma-
trix T', we can calculate the EVD of the complex-valued
matrix ¥ = @1 +1452 to obtain A1 and Ag, specifically,
W = TAT ! with A = A; +jA,, and A; = R{A} and
Ay= =3{A}. For R > 3, the noise-corrupted matrices {@T}il
do not always exactly share the same T'. Hence, we exploit
the simultaneous Schur decomposition (SSD) algorithm [37],
which is developed from the real Schur decomposition [40]
for multi-parameter estimation and pairing. By utilizing the
SSD algorlthm we obtain the R approximate upper-triangular
matrices {I;}/, so that {A } ., are acquired as the main
diagonal elements of { I } e, A, =diag (vdiag(T}.)), for
1 <r < R. Finally, the R paired super-resolution estlmatgs of
the spatial frequencies {ﬁ}"}lL , can be calculated from A, as
fiy =2arctan ([A,],,) for 1<I<L and 1<r<R.

This MDU- ESPRIT algorithm is summarized in Algorlth—

m 2. At the downlink CE stage, we estimate {71}’ D}l )
based on Yy of (11) by applying the 2-D (R = 2) uni-
tary ESPRIT algorlthm Furthermore, based on Y, of (23),

{aps, s, 7 } ,_, are estimated using the 3-D (R =3) unitary
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Algorithm 2 MDU-ESPRIT Algorithm

Input: Data matrix Y, number of MPCs L, sub-dimensions
{M,} 2., spatial smoothing parameters {G, }Z_,

Output: Super-resolution estimates of spatial frequencies
(A} 1<r<R

1: Obtain smoothed data matrix Y (29) using R-D spatial
smoothing preprocessing

2: Obtain real-valued data matrix Y. (30) using forward
backward averaging

3: Determine approximate signal subspace matrix Eg through
SVD

4: Solve shift-invariance equations (32) to obtain R real-
valued matrices {45 }r 1

5. Perform R-D Jomt diagonalization to estimate dlagonal
matrices { A, } :i) R = 2, calculate EVD of & = &, +
j, = TAT! to obtain A; = R{A} and A, = 3{A};
ii) R > 3, obtain R diagonal matrices {A }R: via SSD
algorithm

6: Extract R paired {717}, from {/Tr}fil

ESPRIT algorithm at the uplink CE stage. Hence, the spatial
smoothing parameters for Algorithm 2 in the 2-D and 3-
D cases are {G¢,G4} and {GY,GY,GY}, respectively. The
corresponding total sub-dimension sizes at the UD and BS
are MUP = (MB, — G+ 1) (MY, —G4+1) and ME =

sub sub T

(Mg —G¥41) (Mg —GY+1) (K —G%+1), respectively.

V. ML PAIRING AND PATH GAINS ESTIMATION

At the downlink CE stage, the BS obtains the esti-

mated horizontal/vertical AoAs {F)UD,@UD}ILZI fed back
by the UD. It then estimates the horizontal/vertical AoDs

and delays {0 ,<pl Tl}l L at the uplink CE stage. Since

{GUD }l , and {ﬁas’@Bs Tl}l:1 are acquired in the two
dlfferent ends of the channel at two different stages, it is
necessary to pair them. Furthermore, the path gain vector o
needs to be estimated. We propose to apply an ML approach
to pair the channel parameters and to estimate the path gains,
which corresponds to Step 7 of Fig. 2 at the BS.
Specifically, according to (24), we construct the equivalent
a@l Tl}l 1 as ATBS7
where {Tl}l , are arranged in ascending order. Based on
the estimated horizontal/vertical AoAs fed back to the B-
S, {@lUD,gZ}JD}lL:l, we can reconstruct the estimated multi-

steering matrix associated with {

beam transmit precoding matrix, denoted by 1?'1“ similar
to the construction of Fu given in Section III-B. Clearly,
there are a total of J. = LI possible ordered combina-

tions or pairs {éUD,cpl D}l that can pair with ATBS or

—1
{é\BS, Craiy }z 1+ Where j € 7 and the size of the ordered set

J is |J|. = J.. For each {GUD, @}JD}l _,» We can establish
the corresponding array response matrix Auyp, which is de-
noted as AUD i Thus, for each pair of the AoDs and AoAs,
we have ATBS, XUD ; and F Substituting them into (20)

yields 9, = A\ja]‘ + 72, Where ﬁj =A ps® (ﬁED’jﬁuSu)T
while «; is the path gain vector corresponding to the jth pair
of the AoDs and AoAs with j€ 7. The LS estimate of o is
readily given as
~ TH &
a; = (AjA;)

~Aly,. (33)

From the estimate ¢¢;, we can estimate 9,, according to @u j=
NS . . . = 2 ’
Aja; with the residual ||y,,fyu7j||2. We can then find the
optimal pair index j* by solving the following optimization
problem
ko . - > 2
j* = argmin||g. — g, (34)
Hence, the optimal estimate of the path gains is giv-
~ ~ ~ ~ 9T
en by @ = a;» = pBla;---az] and we have
the optimal ordered mmWave channel parameter estimate
5 _ B L
{elUD7SDZUD7éBS7S0l ThO[l}l:l- R
_ BS ~ ~ 1L .
By substituting {QUD,gol D,@BS,QOZBS Tl,al}l , into (7),
we obtain the optimally estimated frequency-domain channel
matrix H[k] at the kth subcarrier as

L
k] zﬂzalaUD (
=1

)

ﬁ? ,VZUD) aBS (ﬁ}as ’\BS) i kizs?’

(35)
= msin(p)P),
=msin (§P9).

cos(¢yP) and P
) cos (PS) and »PS

where [L}JD
while 7iPS

= msin

=7sin (@B

VI. PERFORMANCE EVALUATION

An extensive simulation investigation is carried out to
evaluate the CE performance and computational complexi-
ty of the proposed closed-loop CE scheme. In simulations,
the carrier frequency is f. = 30GHz with the bandwidth
fs = 200MHz, the numbers of RF chains at BS and UD
are both 4, ie., N§§ = g‘g = 4, and the numbers of
horizontal and vertical antennas at BS and UD are both 12,
ie, Niq = N§g = N3, = N¥p = 12, and the quantization
accuracy of the PSN is defined by NP® = 3 bits, while
the feedback quantization accuracy for AoAs is specified by
Ng"& =10 bits. Without loss of generality, the case of single
UD @ =1 is considered. From Fig. 3, it is clear that for
the generic case of () > 1, the uplink training overhead
becomes N, NV instead of QN,N¥ for the case of ) = 1.
The channel model is simulated as follows. Each of the
path gains {a;}£, is generated according to CN (0, 1), while
the other channel parameters {7, 0P, 085 oD oBSIL - all
follow uniform distribution, specifically, 7, ~ U[0, Tmax]
and 0P, 0BS oD o8BS ~ i [—7/3 7/3] for the Ith MPC.
The maximum multipath delay is set to 7. = 1675, ie.,
N, = 16. The number of subcarriers is set to K = 128
with the length of cyclic prefix (CP) being 32, and perfect
frame synchronization is assumed. In our proposed solution,
the sizes of low-dimensional digital sub-arrays visualized from
the high-dimensional hybrid arrays are set to Mbs = Myq =
M, = My, =8. Hence, the numbers of downlink and uplink
training time slots are Ny = 22 and N, = 22, respectively,
given the number of downlink independent signal streams
N& = NBE—1 =3 and the number of uplink independent
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Fig. 5. NMSE performance comparison of different CE schemes versus SNRs with the same training overhead Tcg = 132: (a) the number of MPCs L = 3;

and (b) L = 5.

signal streams N = NEE —1 = 3. Additionally, P = 8
adjacent subcarriers are jointly employed to estimate the
number of MPCs, with the threshold parameter € empirically
set to 1.54, 0.50, 0.16, 0.05, 0.016, and 0.005, respectively,
at the SNR of -15dB, -10dB, -5dB, 0dB, 5dB, and 10dB.
The spatial smoothing parameters used for Algorithm 2 are
G{=GI=G%=GY¥ =2 and GY¥ = K/2. The downlink and
uplink SNRs are both defined as po?2 /o2, where p and o2 are
the transmit power and receiver noise variance, respectively.

The state-of-the-art OMP-based frequency-domain scheme
[18]7 and the SW-OMP-based scheme [19] are adopted as two
benchmarks. In order to be consistent with [18] and [19],
their digital transmit precoding/receive combining matrices
are taken as the identity matrix, while the design of analog
counterparts is similar to the construction of Fry ¢[m] given
in Section II-B. The sizes of the quantized angle-domain grids
associated with horizontal/vertical AoAs/AoDs, denoted by
Ghs, GYg, GB and GYjp, are set to twice the numbers
of antennas in the horizontal and vertical directions of UPA,
respectively, according to [18], [19], i.e., GBs :G}és X Ghg=
2Nfy x 2N§g = 24 x 24 and Gup = G¥p x GYp =
2N x 2N =24 x 24. Furthermore, all CE schemes adopt
the same training overhead, which is equal to the required
number of training frames [18], [19], to ensure the fairness of
comparison.

A. CE Performance Evaluation

First the CE performance is evaluated using the normalized
mean square error (NMSE) metric given by

K-1

NMSE = E( 3 ||H[k}—ﬁ[k]||2F/ z—: ||H[k]|y§>. (36)

Fig. 5 compares the NMSE performance of the proposed
closed-loop scheme with those of the OMP and SW-OMP
based schemes for different SNRs, given the numbers of MPCs
L = 3 and L = 5. For our closed-loop scheme, the numbers of

TThe redundant dictionary of OMP-based time-domain method in [18]
is generated by the quantized grids at the delay and angle domains, which
imposes the unaffordable computational complexity and storage requirements.
Hence, we just consider the frequency-domain scheme in simulations.

OFDM symbols in each downlink time slot and uplink time
slot are N¢ = N* = 3. Therefore, the training overhead of
our closed-loop scheme is Tcg = Nng—f—NuNg =132. In
Fig. 5, the NMSE curve labeled as ‘Proposed Close-Loop’ is
our proposed closed-loop CE scheme, which also estimates the
number of MPCs L, while the curve labeled with ‘Benchmark
of Closed-Loop’ is the closed-loop scheme given the perfect
knowledge of L, which provides a lower bound NMSE. It
can be seen that the CE accuracy achieved by our closed-loop
scheme with no knowledge of L is very close to this lower
bound, which demonstrates the super-resolution accuracy of
our solution Additionally, our closed-loop CE scheme adopting
the random transmit precoding matrix F;, is also illustrated
in Fig. 5, where it is observed to suffer from around 5dB
and 3dB performance losses in the cases of L = 3 and 5,
respectively. This clearly demonstrates the effectiveness of
the proposed multi-beam transmit precoding matrix design
which fully exploits the estimated horizontal/vertical AoAs to
optimize the received SNR for improving CE performance.
Furthermore, the results of Fig. 5 show that our proposed
closed-loop CE scheme dramatically outperforms the two CS-
based schemes, in terms of CE accuracy. In particular, the
OMP and SW-OMP based schemes seem to suffer from the
NMSE floor at high SNR. By adopting larger discrete angle-
domain grids to achieve larger quantized CS dictionary, the
performance of these CS-based schemes can be improved [18],
[19] at the expense of significantly increased computational
complexity, which becomes unaffordable for FD-MIMO sys-
tems with massive antenna array.

Fig. 6 compares the NMSE performance of different CE
schemes against different SNRs, given two training overheads
with the same number of MPCs L = 4. Tcg = 88 in
Fig. 6a and Tcg = 176 in Fig. 6b correspond to choosing
N4 =N¥=2 and N¢= N¥=4 in our scheme, respectively.
From Fig. 6, similar conclusions to those observed for Fig. 5
can be obtained. In particular, it can be seen that our closed-
loop CE scheme considerably outperforms the two CS-based
schemes.

Fig. 7 compares the NMSE performance of different CE
schemes versus the number of MPCs L given two SNR values
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Fig. 6. NMSE performance comparison of different CE schemes versus SNRs with the same number of MPCs L = 4: (a) training overhead Tcg = 88; and
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Fig. 7. NMSE performance comparison of different CE schemes versus the number of MPCs L with SNR = 0dB and 10dB: (a) training overhead Tcg = 88;

and (b) TCE = 176.

of 0dB and 10dB as well as two training overheads of
Tce = 88 and Tcg = 176. In simulations, we adopted the
same parameter settings as in Fig. 6 except the number of
MPCs. From Fig. 7, the good performance of the proposed
multi-beam transmit precoding matrix design and EVD-based
approach for MPCs’ number estimation is evident. Again, the
proposed closed-loop scheme significantly outperforms two
other CS-based schemes. Observe that the performance gain of
our scheme over the two other schemes increases for sparser
mmWave channels, i.e., having smaller number of MPCs.
Moreover, although the performance gap between the proposed
solution and the CS-based methods is gradually reduced at
low SNRs as the number of MPCs L increases, the proposed
scheme can achieve the considerable performance gain over
the CS schemes at high SNRs. Hence, the proposed scheme is
suitable for sparse mmWave channels, and more performance
gain can be obtained for sparser channels.

Next we consider the average spectral efficiency (ASE)
performance metric [41] defined as

ASE = % ZkK:_Ol log, det (I,
+ xRy KW K HEF, [k F,' (K] HY (K] W[K]),

(37)

where R, [k] = o2 WEH[KIW_[k], F,[k] = Frr ,Fsp p[k] and
W.lk] = Wrp,.Wgp,[k] are the transmit precoding and
receive combining matrices used during data transmission,
respectively, while Vg is the number of transmit data stream.
The principle component analysis (PCA)-based hybrid beam-
forming scheme proposed in [41] is used to evaluate the ASE
performance, where the CSI is based on the estimated chan-
nels. Besides, the spectral efficiency of the PCA-based hybrid
beamforming scheme with the perfect CSI known both to the
BS and UD is adopted as the performance upper bound. Here,
the same simulation parameters used in Fig. 5 are considered,
and the number of transmit data streams used is Ny = 2 in
(37). Fig. 8 compares the ASE performance of different CE
schemes against different SNRs. It can be observed from Fig. 8
that the ASE performance using the CSI estimated by the
proposed scheme closely matches to the performance upper
bound obtained using the perfect CSI at both the BS and UD.
It can also be seen that the ASE performance gain achieved
by the proposed scheme over the two CS-based schemes is
0.1 [bit/s/Hz] at high SNR conditions. At low SNRs, this gain
is clearly larger. Note that the ASE performance of the OMP
based scheme is particularly poor when SNR <0dB.
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Fig. 8. ASE performance comparison of different CE schemes versus SNRs: (a) the number of MPCs L = 3; and (b) L = 5.

B. Computational Complexity Evaluation

The computational complexity analysis of our closed-loop
CE scheme is detailed in Table I, where the notation O(N)
stands for ‘on order of N’. The computational requirements
of Step 1(a) and Step 5(a) are omitted, since they are much
smaller, compared with the requirements of other steps. Clear-
ly, Step 4 does not involve computation. It can be seen
that the computational requirements are dominated by Step 6
(corresponding to Algorithm 2 with R=3) and Step 7. Also
observe that the complexity of the CE scheme increases fast
as L increases, since the computational complexity of Step 6
and Step 7 are proportional to L* and L!, respectively.

The computational complexity of the two CS-based CE
schemes is given in Table II for comparison, where the num-

bers of iterations for the OMP algorithm at the kth subcarrier
and the SW-OMP algorithm are denoted by [, and I, respec-
tively. Note that the values of [; are different for different
subcarriers. It can be seen that the computational complexity
of these two CS-based schemes increase fast as the quantized
grids Gpg and Gyp increase. Also the complexity of the
OMP scheme is around K times of the SW-OMP scheme,
because the K subchannels at K subcarriers are independently
estimated in the OMP scheme but they are jointly estimated in
the SW-OMP scheme. Due to the power leakage caused by the
mismatch between the discrete CS angle-domain dictionary
and continuously distributed AoAs/AoDs of channels, the
number of effective MPCs represented in the redundant CS
dictionary are usually greater than L. Hence, the value of I,

TABLE I. Computational Complexity of Proposed Closed-Loop Scheme

Operation Complexity
Step 1(b)&S5(b) | O (NgNup NEE (1 + N3) + Ny NgsNEE (1 + N%))
sep2 | O((Ngiy) "+ (Vo) Niwp)
Step 3 O(MS[‘IJEKNgG‘ng—i-SM:{lEKNgG‘ng—%MS%b il <Z3+QZ2M;{£+2(Z+1)(M;{£ 2)+ 173 )
(R=2) —~—
2—-D SSP RVP SSA SIES 2—-D JD
Step 6 O(Msl?,iNﬁGi‘G%G%%MEiNﬁG%G;G;%Mgif%—i <f3+2Z2M£%+2(3H)(M§1%)2>+ 314 )
(R=23) S—— ~~
3—-DSSP RVP SSA SIES 3-DJD
Step 7 O(LUL3+2L2 KNP NY))
Step 8 O(KENBsNUD)
TABLE II. Computational Complexity of Two CS-Based CE Schemes
Operation OMP-based Scheme [18] SW-OMP-based Scheme [19]

Measurement matrix

O (KTceNEE NesNupGesGup)

O (Tce NEE Nes NupGesGup)

‘Whitening

NA

O (TceNEE (TceNEE)? + K + GesGup))

Correlation

O(Tce NEE GsGup ( Zkkzl Ii))

O (Tce NEE GesGup K1)

Project subspace

O(Xie, (312 (I + 1) + 31 (I + 1) (21 + 1) Tce NRE))

O(:I2(I+ 1)2 + L KI(I +1)(2I + 1)Tce NEE)

Update residual

O(TeeNEE (S0, & (Ie +1)))

O(TceNEEKL(1+1))

Compute MSE

O(Teu NG (3242 In))

O (TceNEEK2I)

Reestablishment

O(NesNup (37 Ix))

O (NgsNupKI)
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Fig. 9. Computational complexity comparison of different CE schemes given the training overhead Tcg = 88: (a) sizes of UPAs at BS and UD are both
12 x 12; and (b) number of MPCs L = 4.

in the OMP scheme and the value of I in the SW-OMP scheme
are not fixed and they are usually greater than L. Therefore,
we can use [ = [, = L to provide the lower bounds of the
computational complexity for the two CS-based schemes.

Fig. 9 compares the computational complexity of our
closed-loop CE scheme with those of the two CS-based
schemes given the training overhead T¢r = 88 corresponding
to N9 = N¥ =2 in our scheme. From Fig. 9a, we observe
that the computational complexity of the proposed CE solution
increases slightly as the number of MPCs increase. Most
strikingly, however, given the size of UPA as 12 x 12, the
complexity of our solution is at least 3 orders of magnitude
lower than the SW-OMP scheme and at least 5 orders of
magnitude lower than the OMP scheme. The results of Fig. 9b
indicate that given L = 4, the complexity of our solution is
almost immune to the size of UPA at the BS and UD. By
contrast, the complexity of the two CS-based schemes increase
considerably as the number of antennas increases. Again, the
complexity of our solution is several orders of magnitude low-
er than the other two schemes. It should also be reiterated that
to mitigate the power leakage, the CS-based schemes adopt
the high-dimensional redundant dictionary, which results in
unaffordable storage space requirements when the number of
antennas is large. Clearly, for FD-MIMO systems with massive
number of antennas, the proposed closed-loop scheme offers
considerable advantage over the CS-based schemes, in terms
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of both computational complexity and storage requirements.

The advantages and disadvantages of our proposed solution
and two other CS-based CE schemes are given in Table III,
where the training/feedback overhead, storage requirements,
computational complexity and received SNR at CE are com-
pared.

VII. CONCLUSIONS

We have proposed a closed-loop sparse CE scheme for
multi-user wideband mmWave FD-MIMO systems with hybrid
beamforming. By exploiting the sparsity of mmWave channels
in both angle and delay domains and by visualizing high-
dimensional hybrid arrays as low-dimensional digital arrays,
the proposed scheme is capable of obtaining the super-
resolution estimates of horizontal/vertical AoDs/AoAs and
delays based on the MDU-ESPRIT algorithm. Specifically,
at the downlink CE stage, we design the common random
transmit precoding matrix at the BS and the receive combining
matrix at each UD to estimate the horizontal/vertical AoAs
of sparse MPCs. At the uplink CE stage, based on the
designed receive combining matrix at the BS, we estimate
horizontal/vertical AoDs and delays. Furthermore, the AoAs
estimated at each UD are utilized to design the multi-beam
transmit precoding matrix for further enhancing CE perfor-
mance. We also propose an ML approach at the BS to pair the
channel parameters acquired at the two stages and to optimally

TABLE III. Comparison of Advantages and Disadvantages of Different CE Schemes

OMP [18] and SW-OMP [19] schemes

Proposed closed-loop scheme

requirements Medium storage required at BS in uplink

CE in Downlink CE in Uplink
9 Training | Medium; O users sharfe downlink CE but il () s sl o oL Large;_Q users have to perform
@ overhead | perform respective uplink CE respective uplink CE
5 Feedback | Small; Quantized dominant channel Large; Support sets and channel gains | Large; Support sets and channel gains
a overhead | parameters are fed back/forward for every subcarrier are fed back for every subcarrier are fed forward
Storage Small storage at UDs in downlink; Excessive high storage of large High storage of large redundant

redundant dictionary required at UDs

dictionary required at BS

Computational
complexity (CC)

Lower CC imposed on UDs in downlink;
Medium CC imposed on BS in uplink

Excessive high CC caused by large
matrix operations at UDs

High CC due to large matrix
operations at BS

Received SNR
at CE

High; Large transmit power in downlink;
Directional multi-beam design in uplink

High; Large transmit power at BS

Low; Limited transmit power of UDs
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estimate the path gains. Simulation results have demonstrated
that the proposed closed-loop CE scheme offers considerable
advantages over state-of-the-art CS-based CE schemes, in
terms of providing significantly more accurate CSI estimate
while imposing dramatically lower computational complexity
and storage requirements.

APPENDIX

Sampling the delay-domain continuous H,(7) in (3) with
the sampling period T yields

Ly, 9]
H,(nT) = 3, Zqulp (T—Tq1) ® Z 0 (1—nTs)
=1 n=—oo

(38)

= 5q Z Z Hqu (nTs - Tq,l) 5

n=-—oo [=1

where ® and §(-) represent the linear convolution operation
and Dirac delta function, respectively. The Fourier transform
of H,(nTy) is then given by

Ly oo
N=0rSS S H PR (fnt), 69
% =1 n=—00

where P(f) is the Fourier transform of p(7). Obviously,
H,(f) exhibits periodicity with period f;. Thus, H,(f)
within a period of f € [—fs/2, fs/2] can be expressed as

By &
D=7 2 P(HH
= (40)

The approximation in (40) is valid because the PSF p(7) is
designed to realize the ideal passband filter characteristics
of P(f) = C for f € [—fs/2, fs/2] and P(f) ~ O for
f ¢ [—fs/2, fs/2]. For convenience, we consider C' = T5.
Therefore, the frequency-domain channel matrix H,[k] at the
kth subcarrier, where 0 < k < K — 1, can be written as

H,k| = H, (kf) ﬁqZHJe .

s =

27rkfs7'

(41)

REFERENCES

[1] Z. Xiao, T. He, P. Xia, and X.-G. Xia, “Hierarchical codebook design for
beamforming training in millimeter-wave communication,” IEEE Trans.
Wireless Commun., vol. 15, no. 5, pp. 3380-3392, May 2016.

[2] Z. Gao, L. Dai, D. Mi, Z. Wang, M. A. Imran, and M. Z. Shakir,
“Mmwave massive-MIMO-based wireless backhaul for the 5G ultra-
dense network,” IEEE Wireless Commun., vol. 22, no. 5, pp. 13-21,
Oct. 2015.

[3] W. Ma and C. Qi, “Beamspace channel estimation for millimeter wave
massive MIMO system with hybrid precoding and combining,” IEEE
Trans. Signal Process., vol. 66, no. 18, pp. 4839-4853, Sep. 2018.

[4] Y. Huang, J. Zhang, and M. Xiao, “Constant envelope hybrid precoding
for directional millimeter-wave communications,” IEEE J. Sel. Areas
Commun., vol. 36, no. 4, pp. 845-859, Apr. 2018.

[5] A.Liu and V. K. N. Lau, “Impact of CSI knowledge on the codebook-
based hybrid beamforming in massive MIMO,” [EEE Trans. Signal
Process., vol. 64, no. 24, pp. 6545-6556, Dec. 2016.

[6] A. Liu, V. K. N. Lau, and M.-J. Zhao, “Stochastic successive convex
optimization for two-timescale hybrid precoding in massive MIMO,”
IEEE J. Sel. Topics Signal Process., vol. 12, no. 3, pp. 432-444, Jun.
2018.

Lq
e 12T e By Z CH, e 12 fra,
T k)

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

(27]

(28]

J. Zhang, Y. Huang, Q. Shi, J. Wang, and L. Yang, “Codebook design
for beam alignment in millimeter wave communication systems,” /[EEE
Trans. Commun., vol. 65, no. 11, pp. 4980-4995, Nov. 2017.

Wireless LAN Medium Access Control (MAC) and Physical Layer
(PHY) Specifications. Amendment 3: Enhancements for Very High
Throughput in the 60 GHz Band, IEEE Std. 802.11ad, 2012.

M. Kokshoorn, H. Chen, P. Wang, Y. Li, and B. Vucetic, “Millimeter
wave MIMO channel estimation using overlapped beam patterns and rate
adaptation,” IEEE Trans. Signal Process., vol. 65, no. 3, pp. 601-616,
Feb. 2017.

Z. Xiao, P. Xia, and X.-G. Xia, “Codebook design for millimeter-
wave channel estimation with hybrid precoding structure,” IEEE Trans.
Wireless Commun., vol. 16, no. 1, pp. 141-153, Jan. 2017.

Z. Xiao, P. Xia, and X.-G. Xia, “Channel estimation and hybrid pre-
coding for millimeter-wave MIMO systems: A low-complexity overall
solution,” IEEE Access, vol. 5, pp. 16100-16110, Aug. 2017.

J. Lee, G. T. Gil, and Y. H. Lee, “Channel estimation via orthogonal
matching pursuit for hybrid MIMO systems in millimeter wave commu-
nications,” IEEE Trans. Commun., vol. 64, no. 6, pp. 2370-2386, Jun.
2016.

Y. Wu, Y. Gu, and Z. Wang, “Channel estimation for mmWave MIMO
with transmitter hardware impairments,” IEEE Commun. Lett., vol. 22,
no. 2, pp. 320-323, Feb. 2018.

Z.Zhou, J. Fang, L. Yang, H. Li, Z. Chen, and S. Li, “Channel estimation
for millimeter-wave multiuser MIMO systems via PARAFAC decompo-
sition,” IEEE Trans. Wireless Commun., vol. 15, no. 11, pp. 7501-7516,
Nov. 2016.

R. W. Heath, Jr., N. Gonzélez-Prelcic, S. Rangan, W. Roh, and
A. M. Sayeed, “An overview of signal processing techniques for
millimeter wave MIMO systems,” IEEE J. Sel. Topics Signal Process.,
vol. 10, no. 3, pp. 436-453, Apr. 2016.

Z. Gao, C. Hu, L. Dai, and Z. Wang, “‘Channel estimation for millimeter-
wave massive MIMO with hybrid precoding over frequency-selective
fading channels,” IEEE Commun. Lett., vol. 20, no. 6, pp. 1259-1262,
Jun. 2016.

Y. Dong, C. Chen, N. Yi, G. Lu, and Y. Jin, “Channel estimation using
low-resolution PSs for wideband mmWave systems,” in Proc. VTC2017-
Spring (Sydney, Australia), Jun. 4-7, 2017, pp. 1-5.

K. Venugopal, A. Alkhateeb, N. Gonzdlez-Prelcic, and R. W. Heath,
“Channel estimation for hybrid architecture-based wideband millimeter
wave systems,” IEEE J. Sel. Areas Commun., vol. 35, no. 9, pp. 1996-
2009, Sep. 2017.

J. Rodriguez-Ferndndez, N. Gonzdilez-Prelcic, K. Venugopal, and
R. W. Heath, “Frequency-domain compressive channel estimation for
frequency-selective hybrid millimeter wave MIMO systems,” IEEE
Trans. Wireless Commun., vol. 17, no. 5, pp. 2946-2960, May 2018.
X. Ma et al., “Design and optimization on training sequence for
mmWave communications: A new approach for sparse channel estima-
tion in massive MIMO,” IEEE J. Sel. Areas Commun., vol. 35, no. 7,
pp. 1486-1497, Jul. 2017.

Z. Zhou, J. Fang, L. Yang, H. Li, Z. Chen, and R. S. Blum, “Low-
rank tensor decomposition-aided channel estimation for millimeter wave
MIMO-OFDM systems,” IEEE J. Sel. Areas Commun., vol. 35, no. 7,
pp. 1524-1538, Jul. 2017.

B. Wang, F. Gao, S. Jin, H. Lin, and G. Y. Li, “Spatial- and frequency-
wideband effects in millimeter-wave massive MIMO systems,” [EEE
Trans. Signal Process., vol. 66, no. 13, pp. 3393-3406, Jul. 2018.

Y. Tsai, L. Zheng, and X. Wang, “Millimeter-wave beamformed full-
dimensional MIMO channel estimation based on atomic norm mini-
mization,” IEEE Trans. Commun., vol. 66, no. 12, pp. 6150-6163, Dec.
2018.

C. Hu, L. Dai, T. Mir, Z. Gao, and J. Fang, “Super-resolution channel
estimation for mmWave massive MIMO with hybrid precoding,” IEEE
Trans. Veh. Technol., vol. 67, no. 9, pp. 8954-8958, Sep. 2018.

Z. Xiao, P. Xia, and X.-G. Xia, “Enabling UAV cellular with millimeter-
wave communication: Potentials and approaches,” IEEE Commun. Mag.,
vol. 54, no. 5, pp. 66-73, May 2016.

C. Zhang, W. Zhang, W. Wang, L. Yang, and W. Zhang, “Research
challenges and opportunities of UAV millimeter-wave communications,”
IEEE Wireless Commun., vol. 26, no. 1, pp. 58-62, Feb. 2019.

P. Yu et al.,“Capacity enhancement for 5G networks using mmWave
aerial base stations: Self-organizing architecture and approach,” IEEE
Wireless Commun., vol. 25, no. 4, pp. 58-64, Aug. 2018.

S. Jaeckel, L. Raschkowski, K. Borner, L. Thiele, F. Burkhardt,
and E. Eberlein, “Quasi deterministic radio channel generator: Us-
er manual and documentation,” Fraunhofer Heinrich Hertz Institute,
Tech. Rep. v2.2.0, 2019.



JOURNAL OF KIgX CLASS FILES, VOL. X, NO. X, SEPTEMBER 2019

[29] S. Jaeckel, L. Raschkowski, K. Borner, and L. Thiele, “QuaDRiGa: A 3-
D multicell channel model with time evolution for enabling virtual field
trials,” IEEE Trans. Antennas Propag., vol. 62, no. 6, pp. 3242-3256,
Jun. 2014.

M. D. Zoltowski, M. Haardt, and C. P. Mathews, “Closed-form 2-D angle

estimation with rectangular arrays in element space or beamspace via

unitary ESPRIT,” IEEE Trans. Signal Process., vol. 44, no. 2, pp. 316-

328, Feb. 1996.

A.-J. van der Veen, M. C. Vanderveen, and A. Paulraj, “Joint angle and

delay estimation using shift-invariance techniques,” IEEE Trans. Signal

Process., vol. 46, no. 2, pp. 405-418, Feb. 1998.

L. Zhao, D. W. K. Ng, and J. Yuan, “Multi-user precoding and channel

estimation for hybrid millimeter wave systems,” IEEE J. Sel. Areas

Commun., vol. 35, no. 7, pp. 1576-1590, Jul. 2017.

[33] Z. Gao, L. Dai, S. Han, C.-L. I, Z. Wang, and L. Hanzo, “Compressive
sensing techniques for next-generation wireless communications,” IEEE
Wireless Commun., vol. 25, no. 4, pp. 144-153, Jun. 2018.

[34] J. Ma, S. Zhang, H. Li, F. Gao, and S. Jin, “Sparse bayesian learning

for the time-varying massive MIMO channels: Acquisition and tracking,”

IEEE Trans. Commun., vol. 67, no. 3, pp. 1925C1938, Mar. 2019.

M. C. Vanderveen, A.-J. Van der Veen, and A. Paulraj, “Estimation of

multipath parameters in wireless communications,” IEEE Trans. Signal

Process., vol. 46, no. 3, pp. 682-690, Mar. 1998.

[36] J.Mao, Z. Gao, Y. Wu, and M. Alouini, “Over-sampling codebook-based

hybrid minimum sum-mean-square-error precoding for millimeter-wave

3D-MIMO,” IEEE Wireless Commun. Lett., vol. 7, no. 6, pp. 938-941,

Dec. 2018.

M. Haardt and J. A. Nossek, “Simultaneous Schur decomposition of

several nonsymmetric matrices to achieve automatic pairing in multidi-

mensional harmonic retrieval problems,” IEEE Trans. Signal Process.,

vol. 46, no. 1, pp. 161-169, Jan. 1998.

D. L. Donoho, “De-noising by soft-thresholding,” IEEE Trans. Inf.

Theory, vol. 41, no. 3, pp. 613-627, May 1995.

[39] Z. Xiao, X. Xia, and L. Bai, “Achieving antenna and multipath diversities

in GLRT-based burst packet detection,” IEEE Trans. Signal Process., vol.

63, no. 7, pp. 1832-1845, Apr. 2015.

G. H. Golub and C. F. Van Loan, Matrix Computations (4th ed.).

Baltimore, MD, USA: The Johns Hopkins Univ. Press, 2013.

Y. Sun, Z. Gao, H. Wang, and D. Wu, “Wideband hybrid precoding for

next-generation backhaul/fronthaul based on mmWave FD-MIMO,” in

Proc. IEEE Globecom Workshops (Abu Dhabi, UAE), Dec. 9-13, 2018,

pp. 1-6.

Z. Xiao, C. Zhang, D. Jin, and N. Ge, “GLRT approach for robust burst

packet acquisition in wireless communications,” IEEE Trans. Wireless

Commun., vol. 12, no. 3, pp. 1127-1137, Mar. 2013.

[30]

[31]

[32]

(351

[37]

(38]

[40]

[41]

[42]

Anwen Liao (S’19) received the B.S. and M.S.
degrees from the Beijing Institute of Technology,
Beijing, China, in 2015 and 2018, respectively. He is
currently pursuing the Ph.D. degree in the School of
Information and Electronics of Beijing Institute of
Technology, Beijing, China. His research interests
include massive MIMO systems, millimeter-wave
communications, hybrid beamforming, unmanned
aerial vehicle communications, etc.

Zhen Gao received the B.S. degree in information
engineering from the Beijing Institute of Technol-
ogy, Beijing, China, in 2011, and the Ph.D. de-
gree in communication and signal processing with
the Tsinghua National Laboratory for Information
Science and Technology, Department of Electronic
Engineering, Tsinghua University, China, in 2016.
He is currently an Assistant Professor with Beijing
Institute of Technology. His research interests are
in wireless communications, with a focus on multi-
carrier modulations, multiple antenna systems, and
sparse signal processing.

Dr. Gao was the recipient of IEEE Broadcast Technology Society 2016
Scott Helt Memorial Award (best paper), the recipient of Exemplary Reviewer
of IEEE Communications Letters in 2016, and the recipient of IET Electronics
Letters Premium Award (Best Paper) 2016, the recipient of Young Elite
Scientists Sponsorship Program (2018-2021) by China Association for Science
and Technology.

Hua Wang received the Ph.D. degree from the
Beijing Institute of Technology, Beijing, China, in
1999.

From February 2009 to January 2010, he was a
Visiting Professor with the Department of Electrical
Engineering, Arizona State University, Tempe, AZ,
USA. He is currently a Professor with the School
of Information and Electronics, Beijing Institute of
Technology, Beijing, China. His research interests
include the fields of communication theory and sig-
nal processing, wireless networking, modem design,
and implementation for satellite communications.

Sheng Chen (M’90-SM’97-F’08) received his BEng
degree from the East China Petroleum Institute,
Dongying, China, in 1982, and his PhD degree from
the City University, London, in 1986, both in control
engineering. In 2005, he was awarded the higher
doctoral degree, Doctor of Sciences (DSc), from the
University of Southampton, Southampton, UK.

From 1986 to 1999, He held research and aca-
demic appointments at the Universities of Sheffield,
Edinburgh and Portsmouth, all in UK. Since 1999,
he has been with Electronics and Computer Science,
the University of Southampton, UK, where he currently holds the post of
Professor in Intelligent Systems and Signal Processing. Dr Chen’s research
interests include neural network and machine learning, adaptive signal pro-
cessing, and wireless communications. He has published over 650 research
papers. He has 13,400 plus Web of Science citations, and 28,000 plus Google
Scholar citations.

Dr. Chen is a Fellow of the United Kingdom Royal Academy of Engineer-
ing, a Fellow of IET, a Distinguished Adjunct Professor at King Abdulaziz
University, Jeddah, Saudi Arabia, and an orignal IST highly cited researcher
in engineering (March 2004).

Mohamed-Slim Alouini (S’94-M’98-SM’03-F’09)
was born in Tunis, Tunisia. He received the Ph.D.
degree in electrical engineering from the California
Institute of Technology (Caltech), Pasadena, Califor-
nia, USA, in 1998.

He was a Faculty Member with the Department of
Electrical and Computer Engineering of the Univer-
sity of Minnesota, Minneapolis, MN, USA, and then
the Electrical and Computer Engineering Program at
the Texas A&M University at Qatar, Education City,
Doha, Qatar. Since July 2009, he has been with the
Electrical Engineering Program, Division of Physical and Chemical Sciences
and Engineering at the King Abdullah University of Sciences and Technology
(KAUST), Thuwal, Saudi Arabia, where his current research interests include
the modeling, design, and performance analysis of wireless communication
systems.

Hao Yin received the B.S. degree in microwave
communication and the M.S. degree in communica-
tion and information systems from the Nanjing Uni-
versity of Posts and Telecommunications, Nanjing,
China, in 1982 and 1987, respectively, and the Ph.D.
degree in communication and information systems
from the Beijing Institute of Technology, Beijing,
China, in 1999.

He is currently an Adjunct Professor with PLA
Army Engineering University, Nanjing, and a Re-
searcher with the Institute of China Electronic Sys-
tem Engineering. His research interests include wireless communication
networks and information systems.

M
7




