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ABSTRACT

In this paper, we propose a multipath extraction-based uplink/downlink channel estimation scheme for wideband massive multiple-
input multiple-output (MIMO) systems, where orthogonal frequency division multiplexing (OFDM) is adopted and the beam squint
effect is considered. Firstly, we investigate the spatial- and frequency-wideband effects and obtain the relationship between angle-
delay information and coordinates of on-grid paths. Secondly, according to the spatial- and frequency-wideband effects, we design a
pilot pattern in uplink training to ensure that exact paths can be acquired from limited potential paths. Combined with pilot pattern
design, a modified density-based spatial clustering of applications with noise (M-DBSCAN) approach is proposed to acquire the on-
grid potential paths. Potential paths are used for initialization in uplink channel extraction. Due to the fact that coordinates of only a
few potential paths are close to those of true paths, the uplink multipath extraction problem can be regarded as an off-grid sparse
signal reconstruction problem. To deal with this issue, an off-grid sparsity adaptive matching pursuit (OSAMP) based compressive
sensing method with low computational complexity is proposed. With the aid of antenna array theory and array signal processing,
we build a spatial basis expansion model (SBEM) to represent the UL/DL channels with much fewer parameter dimensions. Hence,
both UL and DL channel estimation of multiusers can be carried out with a small amount of training resource, which significantly
reduces the training overhead and feedback cost. Simulation results are provided to demonstrate the effectiveness of our proposed
low computational complexity channel estimation method.

INTRODUCTION

Large-scale multiple-input  multiple-output  (MIMO) or
“massive MIMO” systems [1][2] have drawn considerable
interest from both academia and industry. Theoretically,
massive MIMO systems can almost perfectly relieve the inter-
user interference in multiuser MIMO (MU-MIMO) systems
with

simple linear transceivers [3]. It was shown in [4] that each
antenna element of a very large MIMO system consumes
exceedingly low power, and the total power can be made
inversely proportional to the number of antennas. Other
advantages, such as high spectral efficiency, security,
robustness

or reliable linkage, also play key roles in promoting massive
MIMO systems appealing for the next generation of wireless
systems [4], [5].

However, all these potential gains rely heavily on the perfect
channel state information (CSI) at the base station (BS). From
the conventional orthogonal training strategy [6], the optimal
number of training streams should be the same as the number of
the transmit antennas, and the length of the training should be
no less than the number of transmit antennas. Hence, downlink
(DL) training in massive MIMO system requires huge number
of orthogonal training sequences. This severe overhead as well
as the accompanied high calculation complexity will
overwhelm the system performance and mitigate any possible
improvement. For uplink (UL) training, the conventional
channel estimation methods are generally feasible.

However, as the number of users or the number of user’s
antennas grows, the increased pilot overhead will deteriorate
the system efficiency and become the system bottleneck. If the
non-orthogonal sequences are used, then the so-called pilot
contamination will also deteriorate the system performance.
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Massive multiple-input multiple-output (MIMO) wireless
transmission that adopts hundreds or thousands of antennas at
the base station (BS) is regarded as a promising technique for
the 5-th generation (5G) and future mobile communication
networks [1],[2],[3]. Massive MIMO can simultaneously serve
several users in the same time-frequency resources and thus can
improve spectrum efficiency, energy efficiency, spatial
resolution, and network coverage [4]-[7]. Meanwhile, massive
MIMO can combat high path-loss and fading [8]. As a result, it
is easy to combine the high frequency transmission, e.g.,
millimeter-wave (mmWave) wireless transmission and terahertz
wireless transmission, with massive MIMO technologies.
Moreover, enhanced mobile broadband (eMBB) is a major
service class of 5G and it desires bandwidth resources to
achieve transmission rates for the demand of eMBB services
[9]. [10].

For time division duplex (TDD) massive MIMO systems, DL
CSI can be obtained by leveraging the channel reciprocity [7],
which has promoted quite many research works [8]-[12].
However, in practice the channel reciprocity between UL and
DL may not exactly hold even for TDD systems due to the
calibration error between the UL/DL radio frequency chains
[13]. In addition, the property of channel reciprocity has been
proven to be robust only for the single-cell scenario [14],

and this will undoubtedly increase the pressure of multi-cell
coordination. On the other side, the DL channel estimation for
frequency division duplex (FDD) massive MIMO system is
always deemed as a difficult problem since the channel
reciprocity does not hold and cannot be used to simplify the
estimation. The authors of [3], [15], [16] applied the closed
loop training schemes to sequentially design the optimal pilot
beam patterns. The compressive sensing (CS) based feedback
reduction in [17] and the distributed compressive channel
estimation in [17] exploited the channel sparsity to reduce the
heavy burden of feeding back large amount of measurements.
Except for the above regular attempts, a new way to design the
transmission strategy for massive MIMO system is to exploit
the low-rank approximation of channel covariance matrix [19]-
[21]. Based on the assumption that the angular spread (AS) of
the incident signals at BS from each user is narrow, the authors
in [19]-[21] proposed to reduce the dimensionality of the
effective channels through eigen-decomposition of channel
covariance matrices. All these covariance-aware methods could
be categorized into spatial division multiplexing that utilizes
non-overlapped spatial information of different users to realize
the orthogonal transmission.

RELATED WORK

Fortunately, recent study and experiments have shown that
wireless channels between the BS and users exhibit a small
angle spread seen from the BS. Due to the large dimension of
the channels and the small angle spread, massive MIMO
channels exhibit the sparsity in the virtual angular domain [13].
In TDD, spatial-temporal sparse structures are exhibited to
learn time-varying massive MIMO channels under the hybrid
analog-digital architecture [14]_[16]. In FDD, by exploiting the
spatial sparsity of massive MIMO channels, compressive
sensing (CS) based channel estimation and feedback schemes
were utilized in massive MIMO systems to reduce the downlink
training overhead and the feedback overhead [13], [17]_[23]. In
[13], [17]_[20], a new CSI feedback and estimation framework
was introduced, where the users fed back the received pilot
signals to the BS without any signal processing procedures and
multi-user channels were jointly estimated at the BS. In [21],

channel estimation for wideband systems was proposed and the
multiple-subcarrier channels were jointly estimated under an
adaptive channel estimation and feedback framework. By
exploiting the spatial correlation of massive MIMO channels,
feedback overhead could also be reduced [22], [23]. It is worth
noting that most of the existing works that exploited angle
domain sparsity for channel estimation [13], [17]_[21] were
based on on-grid CS which could only obtain the estimated
channels on fixed grids. That is not suitable for realistic
propagation environment as the scatterers are often located in-
between the quantized grid points. Thus these on-grid channel
estimation methods would decrease the performance of CS
based channel estimation due to the grid mismatch effects.
Recently, off-grid CS methods were proposed to improve
reconstruction accuracy with acceptable complexity [24]_[26].
Such off-grid algorithms were proved to provide superior
performance to the on-grid ones. In massive MIMO systems,
when the number of antennas equipped at the BS is large and
the signal bandwidth is wide, there is a non-negligible time
delay across the array aperture for the same data symbol. Such
phenomenon incurs an inherent property of large size arrays,
which is called spatial-wideband effect and would
correspondingly cause beam squint effect in frequency-domain
[28]. Spatial-wideband effect is ignored in most of the existing
massive MIMO studies in which the utilized massive MIMO
channel models are directly extended from the conventional
MIMO channel models [28], [29]. Therefore, when we design
massive MIMO systems, spatial-wideband effect should be
taken into consideration, which leads to a reformulation of
many fundamental issues of massive MIMO systems that use
the extended conventional MIMO channel models. Authors in
[27], [30]_[32] investigated channel estimation in massive
MIMO systems via off-grid channel estimation methods and
took beam squint effect into consideration. Full OFDM sub-
carriers were used for channel estimation in [27], [32] while
comb-type pilots are utilized in [30], [31]. The parameter
estimation accuracy was limited in [27] as different paths would
interfere with each other. The parameter estimation accuracy
was improved in [32] via an iterative reweighted approach by
utilizing the shift-invariant block sparsity. However, this
iterative reweighted approach was computational complex,
especially in delay estimation. What's worse, it still did not
guarantee a monotonically decreasing objective function value
and thus the algorithms were very likely to be trapped in
undesired local minima [33], which degraded the channel
estimation performance. In [30], a parameterized model was
applied to obtain accurate angle and delay information for
channel reconstruction, where an extended relevance vector
machine based sparse prior model was introduced and Newton's
method was adopted at a large computing over-head. Extending
from [30], authors in [31] investigated the channel estimation
problem in multi-user mmWave massive MIMO-OFDM
systems. With estimated channel parameters, user grouping and
hybrid precoding were also investigated in [31]. In [30]_[32],
based on estimated angle and delay

information, downlink precoder was designed for pilot
transmission to estimate downlink channel path gains.
However, the channel asymptotic orthogonal property used for
down-link precoder design still caused a degradation in
downlink path gain estimation, which was blamed for the
decrease of downlink channel estimation performance. Besides,
the computational complexity of the algorithms in [30] _[32]
limited the expansion to scenarios with larger number of
antennas at the BS and wider bandwidth for signal transmission.
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More-over, a relatively large number of possible paths should
be set for initialization, which further increased the burden of
computation. Unfortunately, in the initialization of existing
uplink channel extraction algorithms, the acquisition of a few
qualified potential paths has not been studied.

SYSTEM MODEL

A. MASSIVE MIMO UPLINK CHANNEL MODEL

In this section, we introduce the wideband channel model. We
consider that the BS equipped with a uniform linear array
(ULA) of M antennas serves several single-antenna users.
Denote fs as the transmission bandwidth, N as the number of
OFDM subcarriers, fO D fs/N as the frequency spacing,

fc as the uplink carrier frequency, _c as the corresponding
wavelength and d as the antenna spacing. For a certain user, we
assume that there are L incident paths from the user side to the
BS. Denote _I;m as the time delay of the I-th path from the user
side to the m-th antenna of the BS and denote

_11D _I;1 for notational simplicity, where 12 f1; ___;Lg,m2
fl; ___ ;Mg. Denote #l as the direction of arrival (DoA) of the
I-th path and define 'l D d sin #l=_c as the normalized DoA. We
assume that the distance between the BS station and the
scatterers around it is much greater than the array aperture, then
based on the far-field assumption [33] shown as in Fig. 1, we
have

Tm =T+ (m—1)er/fe.

Denote the complex channel gain of the I-th path as NI. Then,
the space-time uplink channel between the user side and the m-
th antenna at the BS can be expressed as

L
'hﬂj'r = Zﬁfﬁ'_ﬂxﬂn'mﬁ{f — Tt,m)
=1
L
= Z ﬁfﬁ'_ﬁ:ﬂm_l]wﬁ“ — Ti.m)s
=1

A O L
WhereJﬁF = pe?7e
is the equivalent complex gain. By taking the Fourier transform
of (2), the uplink spatial-frequency response between the m-th

antenna at the BS and the user side can be obtained as

L
SF ey —j2m(m—"1gy ,—j27f 1
hm(f)—Z:ﬁf?j “le™ 1"
=1

L
_ Z ﬁre,—jimm— Dt g—27f 1 p—J27f (m—1 ’Tf .
=1
Thus the overall uplink spatial-frequency channel vector from
all M antennas can be formulated as

L
(=) pa (u +Jf7;¢;f) e 2,
1=l ¢

— [I,E?_JEE'T[P, L !E—jﬁ:ﬂM—l]w]T

Where alp) =
is the spatial domain steering vector. Moreover, the overall
frequency domain channel model for all N subcarriers can be
grouped into one matrix as

H = [b°7(0), B57(fy), - - -, T (N — 1)fy)]

L
=" BitalenbT (1)) © Blgy).
=1
Where
b(r) = can be

viewed as the frequency domain steering vector pointing
towards delay, 2('l) is a phase shifting matrix with the (m; n)th
element

It should be noted that 2('l) expresses the effect of beam squint
which appears to be obvious especially when a large bandwidth
is used in massive MIMO systems. In 2('l), there exists a phase
shift (m - 1)(n - 1)f0'l=fc and the maximum phase shift can be
approximate. For a small-scale array or a large-scale array with
narrow bandwidth, the maximum shift is fs/fc = d/_c M, so that
the phase shift is close to zero, leading to the phase shifting
matrix 2('l) for each path being approximate to an all-ones
matrix. In this case, the beam squint effect can be ignored and
the channel model in (5) is just the channel model directly
extended from the conventional ones. However, for a large-
scale array with large bandwidth, fs/ffc = d/c M is no longer
valid, the beam squint effects cannot be ignored and signal
processing methods for conventional channel models do not
work anymore.

[] . E,—j,?_-'rf(}r_l . e—jifr{_-"v’—]]_ﬁ;r]T

PROBLEM FORMULATION

As we can see from (5), uplink CSI of different subcarriers is
determined by three kinds of parameters, i.e., path gains, DoAs
and delays. To estimate these three kinds of parameters, not all
the subcarriers are needed for pilot transmission. Thus we
assume that comb-type pilots are used for channel estimation
and suppose that there are P subcarriers within subset P C {1; 2;
_ _ _; N} used for pilot transmission. Moreover, we assume that
the physical location of a user changes much

slower than the channel variation, indicating that the angle and
delay information changes much slower than channel gains.
Consider that T u time slots are used for uplink pilot
transmission. The uplink channel vector at the t-th (1 <t < T u)
time slot on the p-th subcarrier which is used for pilot
transmission can be denoted as

h“(p, 1)

L L
= Zﬁ!(f)ﬂ ((1 + M) o e 2T (P(P)—1)foti
Ie :
=1

the received signal on the p-th (1< p < P) subcarrier at the t-th
time slot at the BS can be expressed as

V(p. t) = hip, t)x(p, t) + w(p, 1),

where x(p; t) is the uplink transmitted pilot signal after pre-
coding, wN (p; t) is the associated additive white Gaussian
noise (AWGN) and wN (p; t) _ CN(0; _2 0 IM). The pilot
signal is set as x(n; t) D ej_n;t with _n;t obeying the
independent identically distributed uniform distribution in [0;
2m]. The received signal on the p-th subcarrier at the t-th time
slot at the BS can be further processed as

v(p. 1) = ¥(p. e 7P = h'(p, 1) + W(p. t)e /P
= h“(p. 1)+ wip.1).

Then all received pilots from P pilot subcarriers can be
formulated as
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Y(r) = H (1) + W(1),

where Y(t), H(t) and W(t) are all matrices of dimension M x P
with the p-th column as y(p; t), h(p; t) and w(p; t), respectively.
Denote

flo,t,B)
) TI!

Y lve.n
t=1

l)f{)) )e_ﬂxmtp:—lm}nn%_

L
— Zﬂﬂf}a (([_F(;D(L ]
=1 f

c

Tn
23 IV - B} =
t=1

where ¥ = [e1, 2, --- .-‘PL]T- T =[11,72,--- -TL]T
, and B is a matrix with dimension M _ T u. The t-th column of
B iS ﬁ{r] — [ﬁl(t}' 182(}‘}' " ‘ﬁL(IJ]T Then the

uplink channel extraction can be formulated as an optimization
problem as

{é.f,ﬁ}__1urnungl¢ 7, B).

SPATIAL- AND FREQUENCY-WIDEBAND PROPERTY
OF MULTI-SUBCARRIER CHANNELS

If comb-type pilots are used for channel estimation, conclusions
drawn in [26] are not valid any more. In this section, we
characterize the spatial- and frequency-wideband property of
multi-subcarrier channels. The spatial-wideband property can
be obtained by the left inverse discrete Fourier transform
(IDFT) of channel matrix Hu, where the index t is ignored for
notational simplicity due to the slow channel variation. Denote
the channel matrix for the I-th path as Hul, the IDFT of Hul is
shown in (12), at the bottom of the page. The amplitude of the
(mN; p)-th element of the spatial-property matrix after IDFT is

(1), ’WZ:l PRI =P =10t 2 PO o 3 = -1
_ B sin(rm (P81 fw+w ) M-DERL Ly 422 P
M sinr (PR Ly g — ‘))
P15 = 21 Smﬁwﬁw’“?w+@ i)
S 7 sm(*r(Prm l -ﬁ§01+tp; o)) ‘
[Hfbm"p)]m o= ZP:‘B[F—ﬂ]!m—\:gﬂzf,—ﬂzﬁgi'ﬁ‘tmf]vrf‘,*ﬂrtm—lli le—n_mfe/%lmmfumfu
7Fﬂ sin(zr Pr( =10, ]’r"tpy+n ) PP DA g e -t

- JA_" sm(m(JWJrflfs ”\])}

When M oo, there is an approximation that
lim |[F5HY];
.-‘-af—vml[ MYy ]m.pl

Pp)—1 fs m—1
—JM M y—
fﬁ;ﬁ(( N f¢-+1)w " )

where mN is a certain index in virtual angle domain, FM is a
DFT matrix of dimension M X M.

Before characterizing the frequency-wideband property, we
assume that uniformly distributed pilot placement is adopted
and the pilot value for the p-th pilot subcarrier at the t-th time
slot is set as x(p; t) D ej_p;t . Moreover, we assume the
frequency spacing of pilot subcarriers is rf0. Hence, for the I-th
path, the frequency-wideband property which can be obtained
by the right IDFT of the channel matrix Hul is expressed as in

(17), shown at he bottom of the next page. When the number of
pilot subcarriers P oo, there is an approximation that

P]Lmao| [H;‘F?\:{p)]m.ﬁ |
—1 ) )
+5

uvﬁﬁ( Cmﬁ,%\ -

In another word, when fixing 'yl, for a certain m, there are r
indexes of Nn corresponding to zl. Therefore, different from the
relationship between 'l and index mN , no one-to-one
relationship between _| and Nn exists. Besides, the spacing
between adjacent supports in virtual delay domain
approximates N/r.

When system parameters for uplink transmission are set as M =
512, N =1024,P =16,r =7, L =6, SNR = 20dB, an illustration
of a special case of the amplitude of received processed pilot
signal in angle-delay domain Z(t) = F"wY (t)F*y (P) is shown in
Fig. 2. In Fig. 2, different supports correspond to different
paths. Combined with the analysed spatial- and frequency-
property, we can draw conclusions as follows. (a). The cluster
number of supports appearing from

the row aspect is related to the number of transmission paths,
and the indexes of these rows are related to the corresponding
DoAs, e.g., the clusters exist in about 6 rows in Fig. 2. (b). The
cluster number of supports appearing from the column aspect is
related to the spacing of pilot subcarriers, e.g., in Fig. 2, for
each row where supports exist, there are about 7 clusters and
the spacing between any two adjacent clusters is about 1024/7.
Moreover, column indexes of supports in these rows are related
to both corresponding DoAs and delays.

B. PILOT PATTERN DESIGN

Note that when s is selected as 0; 1; ___; r - 1, respectively,
there are r clusters appearing in the column aspect, which
makes a confusion of the relationship between s and index Nn.
Thus, it is hard to directly obtain parameter I according to the
frequency-wideband property when 'l is fixed. What's worse,
when pilot subcarriers are uniformly distributed in the whole
bandwidth, the corresponding support clusters appear to be N/P,
e.g., we set N = 1024 and P = 16, the number of clusters is r =
N/P = 64. The large number of clusters makes the acquirement
of relationship between s and index Nn more confused.
Additionally, paths in most of the clusters are useless for exact
path acquisition which will lead to a waste of computational
resources. In this sub-section, we propose a pilot pattern design
scheme for the benefit of making the relationship between s and
index Nn clearer.

An intuitive solution is that G_ D 2 can achieve the
corresponding maximal minimal Euclidean distance. Under this
circumstance, {r*y}%-1 can be obtained by exhaustive search.
As a result, both of values that in set S1 and S2 have the
smallest Euclidean distance are nO which corresponds to the
situation of s = 0 and thus the relationship between s and Nn_is
obtained. Moreover, it should be noted that mod (zfs;N) can be
obtained when the relationship between s and Nn is determined.
However, the acquisition of the exact value of _I is difficult.
Fortunately, mod(zfs;N) is enough for the reconstruction of
wireless channels.

POTENTIAL PATH SELECTION

Intuitive relationship between angle-delay information and
coordinates of on-grid paths can be seen from Fig. 2. However,
this relationship is only established when DoAs of different
paths are obviously distinguishable and pilot subcarriers are
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max(|1B2=L . Eprgyy <

selected as " Inreal
scenario, DoAs of different paths may not be obvi-

| Po)=1 f5
ously distinguishable and max(| N fr M)

may larger than 1 which will lead to a non-negligible spread in
angle domain. Under these circumstances, using intuitive
spatial-and frequency-wideband property for channel extraction
will lead to interference of different paths. Thus, instead of
directly figuring out true paths of the channel, we aim to present
a set of potential paths, then true paths are further acquired from
the potential paths.

Note that not all subcarriers are used for pilot transmission, and
that different paths may have a similar DoA, thereby algorithms
in [27] is not suitable any more. Moreover, algorithms in
[30]_[32] rely heavily on the initial parameters, and thus a large
amount of initialized potential paths are also needed for
algorithms in [30]_[32] to operate, which further increased the
computational complexity. Unfortunately, how to obtain the
effective initialized potential paths in a few numbers has not
been studied.

In this section, combined with our proposed pilot pattern, M-
DBSCAN is proposed to acquire the potential paths. Firstly, we
collect supports from jZg(t)j and pick up the common supports
of different groups, where Zg(t) D FH MY(t)F_N (Pg). The
acquired common supports are viewed as the situation of s D 0.
As angle and delay domain spreads exist, the true common
supports may form 2-dimension clusters. Thus if the common
supports form a cluster, it may correspond to a potential path; if
the common support forms an isolated point, it can be seen as a
noisy point. Secondly, we modify DBSCAN to extract more
exact potential locations of true paths. M-DBSCAN is shown in
Algorithm 1. In Algorithm 1, we aim to _nd peaks of each row
of jZg(t)j when the signal amplitude is large enough and mark
the row neighborhood of the peaks as potential supports in step
1. In step 2, we pick up common supports of different groups
which may correspond to the situation of s = 0. In step 3, we
calculate the number of common supports and stack the
coordinates of nonzero elements. Due to the periodicity of 'l and
_l'in angle and delay domain, some mod operations are needed
in Algorithm 1 and the distance D of the picked common
supports should be reformulated. Thus the distance D is
calculated in a rotating way in step 4, which makes our
proposed M-DBSCAN different from the traditional DBSACN
scheme. Step 5-20 classify the picked common supports. In M-
DBSCAN, threshold & controls the number of potential paths
that will be classified. A smaller e enables a larger number of
potential paths to be classified and thus the number of potential
paths is large. On the contrary, a larger & enables a smaller
number of potential paths but it will treat some true paths as
noisy points. We prefer to choose a small ¢ and acquire exact
paths from the classified supports. Simulation results will verify
the effectiveness of M-DBSCAN.

Algorithm 1 M-DBSCAN

Require: Signals Z,(r),g=1,2,t=1,---,T"
Ensure: Z, = 0.2 = 1,2, C = 0N, = (M = f/f:). ¢ =
V2Mfs[fe. & =2Ne + 1, €. _ )

1: S'?t [Zg]m_.-‘\.'}m] = ,,1 if [Zg]m_;rn > € & [Zg]m.n =
[Zolm, mod (n+1) & [Zelmn = [Zglm, mod (n—1)» Where
[Z;-;]m.n = %Z;T:J[ [1[Zg(t)]m.xll2 and Ne(n) = mod
(n—Ne:n+Ne)g=1,2;

2L =2101L

3: Lf = Z,,,_” [Zf]m.n.- l=m=M,1<n=N,[lul =
[mg (1), pr(D)]. where (mg (1), pg(1)) is the coordinate of the
[-th nonzero element in Zg, 1 < [ < Ly,

4 [Dlir = (min(|mr (i) — me(D)], |M + ms (i) — mp(D])* +
min(|ps (i) — pr(D1, IN + pr(D) — pr(DDHV2, 1 < i1 <
Lf:
5. for each unvisited support of Zs do
6:  mark the support as \-‘is|ited and set its index as [;

7. pick out N as [D];p;, < ¢. % find the support’s
neighborhood;
8. if |Np| > & then

o: C = C + 1, mark the support as in the C-th cluster
andsetk = 1;
10: while 1

11 mark the k-th support in |A/}| as in the C-th cluster;

12: if the k-th support in |\ is unvisited then

13: mark the support as visited, pick out its neighbor-
hood Ny using D and threshold ¢:

14: Nb = [Np, Nor]if [Npk| = &:

15: end if

16: k = k 4 1, quit the loop if k > |Np|:

17:  else

18: mark the support as noise:

19:  end if

20: end for

21: return the classified support matrix Ljg, with its

columns as angle domain index, delay domain index and
the corresponding cluster number, respectively.

In Algorithm 2, step 2 transforms on-grid potential paths into
off-grid ones. Step 3-5 are initialization steps. In step 3, @s; s
are selected angle, delay and measurement matrix in iterations,
respectively. Rit is the residual of the i-th iteration in step 4. In
step 5, S is the current sparsity level and r last is the residual of
the last sparsity level. The MMV problem mentioned in (25) is
solved in step 6-22. Step 7 to step 9 select a support that would
most likely to be a true path under the current residual. Step 7
identifies the support that maximizes proxies of path gains and
proxies of path gains are saved in at in step 8. Step 10-12 give
an examination of supports under the current sparse level. Step
10 gives a least square (LS) estimation with the current @s (¢gs;
75). Support sets are reselected under the current sparse level in
step 11 and a LS estimation under the current sparse level is
given in step 12.
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Algorithm 2 Proposed OSAMP Algorithm

Require: Received signal Y. classified support matrix Ligy
and threshold ¢.

1: Update on-grid ¢ and 7o from supports of Ljg: via (13),
(16) and (19);
Update off-grid ¢ and 7 via (27) with @y and 7o as
the initial point and Y as the residual until convergence
meets, construct off-grid measurement matrix b(p. 7)
with ¢ and T;

4

3: IP\—TS—‘l';:E'.
N — Y, e CMP<1 .
5 b—].r“‘“:—oc;
6: repeat

7.

a = (di{l,.o r)) 1“'.Vr:_

- 2
8 Lmax = argmaxg IZ:{=| H (ag j};
9. Update ¢@,, 7. and 'i',\-((.'os. T) with the Lp,«-th sup-
port;
10: by = (6)5(@5. %;,})Jr r;, VI
1 Q=argn1ax§{2,‘:| -|{h;}§||§.|ﬁ|=5];
12: Cp = ((‘i’s{@ ;ﬁ}} )T | i Vf
13: !—\,l_(q) QQ.ST\J) .
14:  Imin = arg min; {Z; al ia]1||'= ie Q]

Tu 3 las

150 i ey |3 /7% = ¢ and 70 In 3 < r
then .
J’—| .“

16: if Z: I ||1;||- = Zr I ) then
17: S=8+1Lr =3 v

R
]” and d;, = ¢,
.

record @, 7 and li’(q"é. 7) with reselected set £2;
18: else _
19: update @, 7 and ®(@,, 7;) with reselected set
2 and update residual r;
20: end if
21:  endif

22: until Zf"] || L,];mr i; T4 < ¢ or Z,”] ||la||" rlast,

23: Update off-grid @, and 7 T via (27) with ¢, and 7, as
the initial point and Y - tb-;{lp 7)d_; as the residual
until convergence meets, construct oftf-grid measurement
matrix 'i'(l,TJ. 7) with @ and 7.

24: return ¢ = .7 =7 and B = (@(nﬁ. E})T Y.

The residual is updated in step 13. Step 14 finds the support of
the minimum path gain amplitude according to ct. Step 22
shows that if the minimal path gain is too small or the energy of
residual of the current sparse level is larger than that of the last
sparse level, the whole algorithm converges and no more
iterations are needed. Thus step 15 gives the condition that the
whole algorithm need more iterations to converge. Step 16
reveals that if the energy of residual of the current iteration is
larger than that of the last iteration, the iteration of the current
sparse level converges and a larger sparse level is encouraged
while step 19 reveals that convergence is not met at the current
sparse level. Step 23 makes up for the limitation of objective
function. When V is used for the update of ¢ and t, the inter-
path interference exists and the channel estimation performance
is limited. Thus we update ¢ and 7 path by path and inter-path
interference can be greatly reduced, which offers a good
performance of our proposed algorithm.

Once ¢, 7, B are obtained, the original uplink channel for all N
subcarriers can be directly reconstructed as

L
H'() =) AU, nla@b’ (i1 © O@G).
=1

DOWNLINK CHANNEL ESTIMATION

Downlink channel estimation is a challenging issue because it
requires a huge demand of downlink pilots and feedback.
Fortunately, if the difference between the uplink carrier
frequency and the downlink carrier frequency is not large, i.e.,
[fc - fd | << min{fc; fd}, where fd is the downlink carrier, the
downlink angle and delay parameters would be the same to the
uplink ones [35]. Such angle-delay reciprocity still holds for
wideband channels [26] and it can be exploited for downlink
channel estimation in FDD massive MIMO systems to reduce
the overhead of downlink pilots and feedback.

For a certain time slot, the downlink channel on the n-th
subcarrier can be written as

_1 | i d
hi(n, 1) = Z,ﬁ, (H)a (( - }fﬂ)wf) i
d

=1 and the corresponding ¢ can be expressed as

qof _ d sﬂm it _fd o

Ad f{

where Ad is the downlink transmission wavelength.
Note that the BS can acquire the DoA and delay information
from the uplink channel extraction, which can be further
utilized in downlink channel estimation at the BS side. Thus,
we adopt a new CSI feedback and estimation framework that is
introduced in [12] for downlink channel estimation. The
procedure is shown as follows,
The BS sends pilots to the user side;
The user feeds the received signals back to the BS side without
any signal processing. We here assume that the feedback is
lossless;
The BS estimates the downlink path gains with the angle-delay
information obtained from uplink training and reconstructs the
downlink channel.
One advantage of the proposed framework is that all signal
processing procedures are performed at the BS side, which
simplifies requirements for signal processing at the user side.
Moreover, random pilots can also work well in this framework.
Assume that there are Pd subcarriers used for downlink pilot
transmission, and the set of indexes of pilot subcarriers is
denoted as Pd. Denote xd (p; t) 2 CM_1 as the downlink pilot
on the p-th subcarrier. The received signal at the user side on
the p-th subcarrier can be expressed as

L .
rﬁnrrzﬁjtﬂﬂﬂmT((l+£Eﬂ%}—ﬂﬁ) ”)
-1 d

_ 1yl
xe 2 (Pap)—Nifo; xd(p, 1) +ng

where 79
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RESULTS & DISCUSSION
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In this paper, we propose a low computational complexity
channel extraction scheme for uplink and downlink channel
estimation in wideband massive MIMO-OFDM systems, where
the beam squint effect is considered. Firstly, we analyse the
spatial- and frequency-wideband property of multi-subcarrier
channels. Secondly, based on the multi-subcarrier channel
property, we propose a pilot sub-carrier selection scheme by
dividing pilot subcarriers into several groups in order to obtain
a few qualified potential paths. Based on the uplink pilot signals
received from different groups, we propose M-DBSCAN to
extract potential paths. Thirdly, with the potential paths, we
model the uplink channel extraction problem as a sparse signal
reconstruction problem. Finally we propose OSAMP to
estimate uplink channel parameters and reconstruct uplink
channels. Effective downlink channel estimation scheme is also
designed based on angle-delay reciprocity between uplink and
down-link channels. Simulation results show that our proposed
low-complexity schemes can achieve a similar performance
with that of SBL in uplink channel estimation and outperform
SBL in downlink channel estimation. Computational analysis
indicates that our proposed low complexity algorithm is more
suitable for systems with larger scale antennas and wider
transmission bandwidth.
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