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ABSTRACT Massive Multiple Input Multiple Output (MIMO) is a promising technique for communica-
tions due to the high data transmission rate. To harvest the benefit from the massive MIMO, it is necessary
to have accurate channel estimates. Such channels often exhibit sparsity in the virtual angular domain. This
paper proposes a dichotomous coordinate descent (DCD) based algorithm for joint sparse channel estimation
in the virtual angular domain for the orthogonal-frequency-division-multiplexing massive MIMO. We show
that compared to the distributed sparsity adaptive matching pursuit algorithm previously proposed for
this purpose, the DCD-based algorithm has significantly lower complexity and better channel estimation

performance.

INDEX TERMS Channel estimation, common sparsity, compressive sensing, dichotomous coordinate
descent, distributed sparsity adaptive matching pursuit, joint sparse recovery, massive MIMO, virtual

angular domain.

I. INTRODUCTION

ASSIVE MIMO has been proposed for next gener-
Mations of communication systems, since it provides
higher spectral efficiency [1], [2]. It can enhance the spectral
efficiency by orders of magnitude by equipping the wireless
transmitter with a large number of antennas and exploiting
the increased degree of freedom in the spatial domain.

Pilot aided channel estimation is widely used in MIMO
systems [3]. For channel estimation in a MIMO system with
a small number of antennas, orthogonal pilots are often
used [4], [5]. However, the pilot overhead increases with
the number of antennas [6]. Employing orthogonal pilots for
channel estimation would cause unacceptable pilot overhead
because of the massive number of antennas at the base
station (BS) [7]. In [7], a compressive sensing based channel
feedback scheme was proposed, which can reduce the pilot
overhead and achieve good channel state information (CSI)
acquisition. In this paper, we focus on the channel estimation
in the feedback scheme.

Experiments and research have shown that due to the
small angle spread seen from a BS between a user and
BS, massive MIMO channels exhibit sparsity in the virtual
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angular domain [8]. Furthermore, according to [6], [7], [9],
when applying the orthogonal frequency division multiplex-
ing (OFDM), because of the spatial propagation property
of the wireless channel, such as the number of scatterers is
nearly unchanged over the system bandwidth, the common
sparsity is shared by different subcarriers, which is referred
to as the spatially common sparsity over multiple subcarriers.
Often, massive MIMO channels can be considered as quasi-
static over a coherence time interval [9]. Furthermore, since
the angle variation from the user to the BS is relatively slow,
and can be often neglected, the support set of the channel
in the virtual angular domain can be regarded as unchanged
over several OFDM symbols, which is referred to as spatially
common sparsity over multiple OFDM symbols [7] [9]. By
exploiting the common sparsity in the virtual angular domain,
we can jointly estimate the channel for multiple subcarriers.

Sparse recovery techniques are attractive for channel esti-
mation [10], [11], [12]. There are two ways to find sparse rep-
resentation, convex optimization and greedy methods [13].
Greedy methods typically have lower complexity [14], such
as the orthogonal matching pursuit (OMP) [15], matching
pursuit (MP) [14], compressive sampling matching pursuit

1
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(CoSAMP) [16]. However, they may provide limited per- 1ot
formance when the signal is not very sparse or the noise 1o
is too high [17]. Convex optimization algorithms such as o3
Your ALgorithms for ¢; (YALLI1) [18], which employs the 104
alternating direction method, provide high accuracy, but the 105
complexity is high [13], [19], [20]. For channel estimation, 106
we usually deal with complex-valued problems [13]. The 1oz
sparse recovery algorithm used in this paper is for solving ios
complex-valued problems. 109

The low-complexity coordinate descent (CD) search can 1o
be implemented to estimate the channel [21], [22]. In [13],
algorithms applying dichotomous CD (DCD) iterations for
solving ¢2{y and ¢5¢1 optimization problems have been pro- .
posed. By exploiting the DCD, the use of multiplications,,,
have been minimized, which significantly reduces the al-,,,
gorithm complexity and makes it well suited for real-time,,,
implementation [13]. Here we are interested in the DCD
algorithm for the /3¢y optimization since it outperforms such ,,,
greedy algorithms as MP and OMP [13]. 118

The DCD algorithm for /¢»¢, optimization is a greedy,,,
algorithm [13], different from the CD algorithm [22], [23]. It ,,
does not optimize the step size for each iteration, but employs ,,,
a set of step sizes defined by the fixed-point representation of ,,,
the solution [13]. It has been indicated in [13] and [21], that
the computational complexity of the algorithm is dominated ,,,,
by the computational complexity of a small number of suc- ,,
cessful iterations, while most of the operations of the DCD ,,,
algorithm are additions and bit-shifts, which makes it suitable .
for implementation on real-time design platforms, such as
digital signal processors and field-programmable gate arrays
(24].

Since the DCD algorithm in [13] can only deal Wlth .
single sparse channel at one time, by exploiting the spa- ,
tially common sparsity in the virtual angular domain of
the massive MIMO channels, a DCD-Joint-Sparse- Recovery
(DCD-JSR) algorithm is proposed here. The DCD-JSR al-
gorithm can jointly estimate multiple sparse channels and’
provide accurate CSI acquisition with a low computa- 1::
tional complexity. Simulation results show that the pro—138
posed algorithm has better mean square error (MSE) per-
formance than the Distributed-Sparsity-Adaptive- Matchlng-
Pursuit (DSAMP) algorithm proposed in [7] for solving the .
same problem.

The paper is organized as follows. Section II describes the
system model. Section III presents the proposed DCD-JSR '
algorithm. In Section V, numerical examples are analysed '
and, finally, Section VI presents the conclusion. 144

In this paper, capital and small bold fonts are used to
denote matrices and vectors, respectively, and j = /—1,"
(x),, denotes the nth element of the vector x, R? denotes the '’
gth column of the matrix R, and R,, denotes the nth row of '*®
the matrix R, R, ,, denotes an element of the matrix R. The
transpose operator is given by (.)T, (.)" denotes the conju-
gate operator, (.)" denotes the Moore-Penrose inversion, and 14
()H denotes the Hermitian transpose operator. The £y-norm iso
and /3-norm are represented by ||.||, and ||.||,, respectively. s

123

145

2

is the cardinality of the
support I, I¢ is the complement of I, R; is a matrix obtained
from R, and which only contains columns corresponding to
support I. Ry ; is an |I| x |I| matrix obtained from R by
collecting elements from columns and rows corresponding to
I, and x; is the subset of x that includes non-zero elements
from x corresponding to /. We use h to denote a channel vec-
tor and h to denote the channel vector in the virtual angular
domain, h,, denotes the channel vector corresponding to the
nth subcarrier. R denotes the real part of a complex number.

Il. SYSTEM MODEL AND PROBLEM FORMULATION

A. CHANNEL ESTIMATION SCHEME

The conventional method to acquire the CSI in frequency-
division-duplexing (FDD) systems is as follows: the BS
transmits downlink pilot symbols to a user, so the user can
estimate the downlink CSI locally and then feed it back to the
BS via an uplink channel [25]. If we are employing conven-
tional CSI estimation techniques (such as the minimum mean
square error (MMSE) estimator), since the number of pilots
required at the BS has to scale linearly with the number of
transmit antennas at the BS [26], it would cause prohibitively
large overhead for both pilot training (downlink) and CSI
feedback (uplink). Hence, to solve the overhead issues, as
suggested in [7], the channel estimation is performed at
the BS. The channel estimation scheme is summarized as
follows.

1 In each OFDM symbol, every BS antenna broadcasts
pilot symbols to users, the kth user receives the signal
yr and feeds it back to the BS. The BS recovers the
CSI for each user based on the feedback signals yg,
k = 1,..., K. As shown in Fig.1 each OFDM symbol
contains /N subcarriers, while P subcarriers are used to
transmit pilot symbols. The user feeds back the received
signal to the BS without performing downlink channel
estimation.

2 At the BS, a channel estimation algorithm is used to
jointly estimate multiple sparse virtual angular domain
channels, which are assumed to have the same support /.
The least squares (LS) algorithm [27] is employed to
acquire the CSI based on an estimate of the common
support 1.

B. CHANNEL MODEL

In a typical FDD massive MIMO system, consider a co-
herence time interval consisting of J OFDM symbols. M
antennas are employed at the BS to serve K single-antenna
users simultaneously, where M > K. At the tth OFDM
symbol, 1 < t < J, for the nth subcarrier, 1 < n < N,
the received signal for the kth user, 1 < k < K, is given by:

Yo = (0" 1)

where hf , € CM*! represents the downlink channel be-
tween the kth user and M antennas, x!, € C™*1 is the vector
of transmitted symbols (data or pilot symbols) and w}, , is the

t t
Xn + wk,n?
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J OFDM symbols
| |

| OFDM ‘

|

1 ‘ 1 : Data symbols transmitted
1 from M antennas
2 | 2
£ o
o) o > Ny, : Pilot symbols transmitted
3 = from M antennas
2 © 5
© 8
@ > Np2
a
N Np

FIGURE1: Each OFDM symbol contains N subcarriers, while P
subcarriers are used to transmit pilot symbols.

corresponding additive white Gaussian noise (AWGN). For a
single user, we can drop the index k, thus we can write:
t _ (bt xt t 2

Matrix A p is used to modify the channel vector h, into a
vector hz in the virtual angular domain, and it is determined
by the geometric structure of the antenna array. We consider
a uniform linear array with the antenna spacing d = \/2,

where ) is the wavelength, then A p becomes the discrete
Fourier transform (DFT) matrix. Thus we obtain: 185

186

T
vho= (B) AR, 4w, ®
~\T
where, (hf)" = (h!) A%. As illustrated in Fig.2, the'®
channel vector in the angular domain divides the covering "
area of the BS into angular intervals. The mth element of ht '®
corresponds to the mth virtual angle, where 1 <m < M. ™
According to experimental study [8] and analysis [26], in"'
practical massive MIMO systems, the BS is usually at a high '
elevation with a limited number of scatterers (relative to the '
number of antennas), and the scatterers at the user side are
relatively rich. In other words, the BS might only have few
active transmit directions for the kth user, which means that
the number of multipath arrivals dominating the majority of
channel energy is small, and the channel vectors in the virtual
angular domain exhibit sparsity. Thus, we have |I| < M,
which means the channel exhibits sparsity in the virtual angu- o
lar domain. Furthermore, as shown in Fig.2, according to [9] 1%
and [7], since the spatial propagation characteristics such as
scatterers are almost unchanged over the system bandwidth, b
the subchannels associated with different subcarriers in the
same OFDM symbol share common sparsity. Moreover, in'®
[28], it has been indicated that even in time-varying scenar- 1o
ios, the variation of the arrival angles is usually much slower 20
than that of channel gains. This means, as shown in Fig.2,201
the channel associated with J successive OFDM symbols e
shares common sparsity. Since the channel during J OFDM 2
symbols is time invariant, the channel gain can be considered

VOLUME 4, 2016

K users

FIGURE2: The virtual angular domain channel vector exhibits com-
mon sparsity within the system bandwidth (adapted from [7]).

:Data symbol

FIGURE3: Structure of the transmitted J P pilot symbols. Each pilot
symbol corresponds to the pilot sequence transmitted from M
antennas.

as unchanged during J OFDM symbols, which can be written
as:

h! =h?=..=h/=h,. 4)

In this paper, we consider the pilot-aided channel esti-
mation. The structure of the transmitted pilot symbols is
shown in Fig.3. To provide accurate channel estimation with
multiple pilot subcarriers, for the {th OFDM symbol, a part
of subcarriers is used for transmitting pilot symbols sﬁ, €
CM>1and the received signal at the pilot subcarrier n(p)
is given by:

t T * _t t
Yn(p) = (hn@)) ApS, + W),

[50),m

1<p<P 1<m<M 1<t<J

®
(6)

— ,30t,m,
= € mP’

while 6 ,,, are independent random numbers uniformly
distributed in (0, 27].

C. PROBLEM FORMULATION

As described in Section II-A, after receiving the signal from
BS, the user will send the received signal back to the BS with-
out performing the downlink channel estimation, where the
feedback channel can be considered as an AWGN channel,
and the variance can be neglected. [26] [29] [30]. Hence, for
the {th OFDM symbol, at the pth pilot subcarrier, the signal

received at the BS is given by:
rt=¢lh,) +vl, 1<p< P (7)

3
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Here, ¢; = (s’;))T (A*B)T € O'™M jg the sensing vector.
h,, ;) € CM*! s the sparse channel vector for the n (p)th
subcarrier, and v; is the corresponding noise, which contains
both downlink and uplink channel noise.

To provide an accurate channel estimation for the pth
pilot subcarrier, the BS should jointly utilize the feedback
signal over J successive OFDM symbols [7]. We collect

the feedback signals r;,l <t < J,in a vector r, =

T
[Tl r2. .. rJ] € C7*L then we have

prprTp
rp, = (ﬁpﬁn(p) + Vp, 1<p< P 8)
J 7 Jx M
where,®, = [Sp (Aj‘g)} e CchM 5, =
[s;),sf),...,sg]T € CTM and v, = [v}, 02, ..,vg]T €

C7*1 is the noise vector, which contains both downlink and
uplink noise. Since the channels for all subcarriers exhibit
common sparsity, we can jointly estimate the channels asso-
ciated with multiple pilot subcarriers assuming the common
support.

lll. DCD-JSR ALGORITHM FOR THE CHANNEL
ESTIMATION IN VIRTUAL ANGULAR DOMAIN

In [7], the distributed sparsity adaptive matching pursuit
(DSAMP) algorithm was proposed to jointly estimate mul-
tiple sparse channels by estimating the common support
shared by different subcarriers in OFDM. However, simu-
lation results show that it provides a limited performance
when the number of OFDM symbols J used for the channel
estimation is not high. In [13], the homotopy ¢3¢, DCD

algorithm was proposed, which can be used to estimate the s
sparse channel, and it can provide accurate sparse estimation »eo
with low complexity. However, it was focused on a single253
sparse problem, and cannot jointly estimate multiple sparse uss

channels. Therefore, based on [7] and [13], we propose the

DCD-JSR algorithm, which can jointly estimate multiple 2::

sparse channels with a common support.

To simplify notation, we replace hn(p) with h, € CM*
which is the channel vector to be estimated. We denote
h,, as the final vector estimate. The DCD-JSR algorithm is
summarized as follows.

1 For each pilot subcarrier, the ¢2¢y, homotopy DCD algo-?*®

rithm is employed to acquire an estimate of h,,.

2 Based on the h,, estimate, a common support [ is found *°

by analysing the distribution of the estimates.

3 Based on the common support I, the final channel vector>®
] 263

estimate hy,, is acquired by using the LS algorithm [27
on the support.

A. CHANNEL ESTIMATION USING THE (,(, HOMOTOPY

DCD ALGORITHM

To estimate the channel at the pth pilot subcarrier using the ..
£2£o homotopy DCD algorithm, we consider the signal model

r, = ®,h, +v,.

1 257

(9) 272

Algorithm 1 /3¢, homotopy DCD algorithm

Initialization:vector h, = 0, I, = 0, b, = <I>pHrp,
R,=®,"®,.

lzgzargmax’ | /(R p i
Tmax — (1/2) maXxg | k| Rp)k,k’
™= 0.5|(b, ]/ Dy In = 19}

2: Repeat untll the termination condition is met:
3: If the support I, has been updated then
Solve (Rp)lpylp (hp)fp =1,
where f, = ('ﬁp)i rp
cb— (RI))[IHIP (hp)jp
4: Update the regularization parameter : 7 <— YT
5: Add the g-th element element into the support I,,,

where g € I¢,
and arg max Lol s.t ’(C)
g = arg hels Rp)pr : g

then assign to (hp)g the value (c), / (Ryp), ,,
update ¢ + ¢ — (hp)g RY

2
> 2r (Ry)

9,9’
g.
6: Remove the gth element from the support I,
where g € I,, and
_ . 1 2
g = argmuin 310" (R,

(hy
2
st 3|y, (Ry), +m{ (c)y} <7
for every removed element
update ¢ - ¢ + (h,), R and set (h,) , = 0.

i @]

It is worth to mention that since hy, is sparse in the virtual
angular domain, only |I| elements of the channel vector h,,
are non-zero. We consider that the observation matrix ®,, is
available and the support I is unknown.

Based on [13], we can find an estimate of h,, by apply-
ing the homotopy DCD algorithm to the ¢2¢, optimization,
considering the minimization of the cost function

Tolhy) = 5 ey = @y 2 7yl (10)
Here, 7 € [0,1) is a regularization parameter. The second
term in (10) makes it non-convex problem and the solution
of it is NP-hard. To solve the problem, we initially assign
the support set [, = (), and by adding new elements into
the support or removing elements from the support in several
iterations following the proposition in [13], we can find an
estimate of h,,. Therefore we need to assign initially a high
value to the regularization parameter 7 = Ty, Which can
dominate the cost function to provide an empty support I,, =
(). In the homotopy iterations, by gradually reducing value
of T as 7 + 471, where v € [0,1), new elements can be
added to the support or removed from the support [13]. The
algorithm stops when 7 < Tyin, Where Tiin = - Tmax and
pr € [0,1) is a predefined parameter, and (h,,)  is the gth
element of the pth estimated channel vector h,,. The structure

VOLUME 4, 2016
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FIGURE4: Magnitudes of elements of vectors: (a) hi, (b) hea, ©)q.

of the employed /5y DCD homotopy algorithm is shown inzss
Algorithm 1.
As shown in Algorithm 1, by solving the LS problem soo
(Rp), 1, (hy), = f, atstep 3, h, is estimated. According s
to 13]v instead of using the matrix inversion to solve the LS s
problem, the DCD iterations [13], as shown in Algorithm ss
2, are employed at step 3 in Algorithm 1. When the DCD
iterations start, an LS solution for the vector h,, and the vector
c found at the previous iteration are used as the initialization
of the DCD algorithm, which results in the reduction of the
computational complexity. In the DCD iterations, NV, is the
maximum number of successful iterations and a successful 3
iteration means that the solution is updated in the iteration, 305
My, and H are predefined parameters. 306

299

Algorithm 2 DCD iterations for LS minimization
Input: h,, c, I,, R,
Initialization: s =0, = H
1:form=1,..., My dountil s = N,,

307

308

2: 6= 5/2, o= [(5, —0d,70, —jé], State =0 309

33 forn=1,..,|,|do:v=1I,(n)

4. fork=1,...,4do

5: if R{(a), (c),} > [(Rp)v v] §2/2 then

6: (hp), « (hy), + (). cc—(a). R,

7: State=1, s — s+ 1 310

8: if State=1, go to step 3 )

312

B. COMMON SUPPORT ACQUISITION AND JOINT 313
CHANNEL ESTIMATION 314

In this section, the process of estimating the common sup-3'5
port I is presented. For example, we consider a scenario with31e
P = 64 pilot subcarriers, M = 128 transmit antennas, signal 317
to noise ratio SNR = 20 dB, J = 20 OFDM symbols and 38
|I| = 8.
According to [7], among M coordinates of the channel 320
vector h,,, the vast majority of the channel energy will con- s
centrate on |I| coordinates, which are the non-zero elements
in h,. Since we can estimate the channel at the pth pilotaz

319
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subcarrier using the ¢5¢y homotopy DCD algorithm, we can
find an estimate of the common support I by jointly analysing
estimates flp of vectors hy, for all pilot subcarriers.

_ InFig.4(a) and Fig.4(b), magnitudes of elements of vectors
h; and hg, are shown. For estimation of the joint support, we

compute
P ~
q= ( h, > /P.
p=1

An estimate I of the common support [ is obtained using
thresholding, as a set of elements in the vector q, satisfying
the condition

an

I={k:(a)>¢}, (12)
where ¢ is a predefined threshold parameter.

Based on the estimate I, the LS algorithm [27] is employed
as follows:

13)
(14)

(R) (h)

ri(b), =1
= (%)

Nl

Here, (flp) _ is the final estimate of the channel vector h,, on
I.

the support I.

IV. DSAMP ALGORITHM

The DSAMP algorithm [7], which was developed from
the sparsity adaptive matching pursuit algorithm [31], can
acquire multiple sparse channel vectors for different pi-
lot subcarriers simultaneously. The DSAMP algorithm has
been shown to provide a better channel estimation perfor-
mance than the orthogonal matching pursuit, sparsity adap-
tive matching pursuit and subspace pursuit algorithms [7].
We use the DSAMP performance as a benchmark to assess
the performance of the proposed DCD-JSR algorithm.

V. SIMULATION RESULTS
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368

A. MSE OF THE CHANNEL ESTIMATION 369

We will be assessing the algorithm performance using thes7
mean square error (MSE) of the channel estimation. The 37t

MSE is given by 372
373
i

P Hp
MSE = 1—112 (15)."

[y ]
377
~ M ~ 2 378
hp = Z {(h )nj : (16)379

m=1

- 381
where h,, is the estimated channel vector and h,, is the,,

true channel vector. When analysing the performance of
the estimators, we will also calculate the probability of the ,,,
estimated support I to be exactly the same as the support I t0 4,
be estimated. 386

387

B. NUMERICAL RESULTS

In this section, we consider simulation scenarios correspond-
ing to a MIMO system with a uniform linear array. We
compare the channel estimation performance of the DCD-
JSR and DSAMP algorithms. The performance of the oracle
LS algorithm [27] with known support is adopted as the
performance bound. In most scenarios, we consider two
cases, SNR = 10 dB and SNR = 20 dB.

To provide the best MSE performance, the threshold p;j,
for the DSAMP algorithm and ¢ for the DCD-JSR algorithm
need to be adjusted. As shown in Fig.5, when SNR = 20 dB,
the DCD-JSR algorithm has the best MSE performance when
& = 0.055. In Fig.6, it can be seen that when SNR, = 20 dB
and py;, = 0.1, the DSAMP algorithm achieves the best MSE
performance. Similarly, appropriate values of ¢ and py;, for
different SNR can be obtained. In this paper, for the DCD-
JSR algorithm, £ = 0.05 is considered for both SNR = 20
dB and SNR = 10 dB; for the DSAMP algorithm, pyy, is set
to be 0.1 and 0.17 for SNR = 20 dB and SNR = 10 dB,
respectively.

In Fig.7(a) and Fig.7(b), we consider scenarios with differ-
ent number of pilot subcarriers. The number of pilot subcar-
riers varies from 48 to 64, and we set M = 128, |I| = 12, the
number of simulation trials is N, = 10000. It can be seen that
both the DSAMP and DCD-JSR algorithms benefit from the
increasing number of pilot subcarriers, but a larger number
of subcarriers results in lower spectral efficiency, since a
smaller number of subcarriers are used for data transmission.
However, the DCD-JSR algorithm shows significantly better
MSE performance.

Fig.8(a) and Fig.8(b), for different number of pilot subcar-
riers and different SNR, show the probability of the perfect
support estimation by the DSAMP and DCD-JSR algorithms,
where the perfect support estimation means that the estimated
support is exactly the same as the true support. In Fig.8, it can
be seen that, compared to the DSAMP algorithm, the DCD-
JSR algorithm provides a better probability of correct support
estimation. This explains the better MSE performance of
the DCD-JSR algorithm, as seen in Fig.7. Compared to the
DSAMP algorithm, the DCD-JSR algorithm requires less
pilot subcarriers to provide a specified probability of correct
support estimation under same scenario.

In Fig.9(a) and Fig.9(b), we show the MSE performance
for scenarios with J = 10 and J = 20 at different SNR. We
set M = 128, P = 64, and the number of simulation trials
N = 10000. In Fig.9(a), for J=10, at SNR = 10 dB, and
|7] < 6, the DCD-JSR algorithm approaches the performance
of the oracle LS algorithm [27], while the DSAMP does it
only for |I| < 4. In Fig.9(b), for J=20, when SNR = 10
dB, the DCD-JSR algorithm approaches the performance of
the oracle LS algorithm [27] for |I| < 13, whereas the
DSAMP algorithm does not show the LS performance even
for |I| = 10. When SNR = 20 dB, the DCD-JSR algorithm
could approach the oracle performance until |I| = 13, while
the DSAMP does not. Hence, in these scenarios, the DCD-
JSR algorithm outperforms the DSAMP algorithm.
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Fig.10(a) and Fig.10(b) present results for different num- 442
ber of employed OFDM symbols .J. The number of simula- 43
tion trials is Ny, = 10000, M = 128, P = 64. It can be s
seen that the DCD-JSR algorithm outperforms the DSAMP s
algorithm for both SNR = 20 dB and SNR = 10 dB, and s
requires less OFDM symbols to approach the performance of 47
the oracle LS channel estimator. 448
Fig.11(a) and Fig.11(b) compare the probability of perfect
support estimation by the DSAMP and DCD-JSR channel es- 45
timators. It can be seen that the DCD-JSR channel estimator 45t
outperforms the DSAMP channel estimator: at SNR = 20
dB, the DCD-JSR channel estimator needs J = 28 to provide ss»
the perfect support estimation, while the DSAMP algorithm 45,
needs J = 34, i.e., a lower number of OFDM symbols is 454
required by the DCD-JSR algorithm. Thus, it is easy to see jzz
that, compared to the DSAMP channel estimator, the DCD- .,
JSR channel estimator requires less OFDM symbols for ansss
accurate support estimation. 459

In Fig.12, we consider the case where the massive MIMO 12?
system employs different number of antennas. The number 42
of antenna varies from 16 to 128, the number of simulation %
trials is Ny = 10000. We set the number of OFDM symbols Zgz
J = 20 and number of non-zero virtual angles |I| = 11.4s
In Fig.12(a), it can be seen that when SNR = 10 dB, there 47
exists a significant performance gap between the DSAMPjEZ
algorithm and oracle LS algorithm [27], while the DCD-JSR ,;,
algorithm approaches the oracle performance for any number 47t
of antennas. When we increase the SNR = 20 dB, the DCD- :Zz
JSR channel estimator approaches the oracle performance for ,,,
any number of antennas, while the DSAMP algorithm does 475

not. 476
477

Fig.12(b) shows the probability of perfect support estima- ;74
tion in these scenarios. It can be seen that the DCD-JSR 479
algorithm always provides perfect support estimation, while ::’
the DSAMP algorithm does not. Thus, we can see that with ,,
a large number of antennas, the DCD-JSR channel estimator 4s3
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provides a better MSE performance and more accurate sup-
port estimation than the DSAMP algorithm.

To estimate the computational complexity of the algo-
rithms, we decided to update the computational complexity
after each line of the algorithm code (both the algorithms
have been implemented in Matlab) where an operation oc-
curs. In the DCD-JSR algorithm, most of the operations are
additions [13]; to simplify the comparison, we also count the
pure additions as multiply-accumulate (MAC) operations.

Fig.13 shows the computational complexity against the
number of non-zero virtual angles. We consider the SNR =
20 dB, J = 20 and average the results over N, = 10000
simulation trials. It can be seen that the DCD-JSR algorithm
has significantly lower complexity. Thus we can say that,
compared to the DSAMP algorithm [7], the DCD-JSR algo-
rithm exhibits lower computational complexity.

VI. CONCLUSION

In this paper, based on the original ¢3¢, DCD algorithm, a
DCD-JSR algorithm has been proposed to jointly estimate
the channel for multiple pilot subcarriers in the virtual angu-
lar domain in an FDD massive MIMO system. The DSAMP
algorithm is used to compare the channel estimation perfor-
mance with the DCD-JSR algorithm in different simulation
scenario. Simulation results have shown that the proposed
DCD-JSR algorithm outperforms the DSAMP algorithm, and
requires less OFDM symbols and employed pilot subcarriers
for accurate channel estimation, whereas it also exhibits a
significantly lower computational complexity.
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