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Abstract—Channel estimation can lead to a substantial training
overhead in millimeter wave (mmWave) and terahertz (THz) sys-
tems employing large arrays. Prior work has leveraged channel
sparsity at these frequencies to reduce this overhead. Most of
the sparsity-aware algorithms, however, assume perfect phase
coherence in the channel measurements, which is disrupted due
to phase noise. Due to the errors induced by phase noise, standard
sparse channel estimation algorithms assuming perfect phase
coherence can fail. In this paper, we consider a frame structure
in which the channel measurements are acquired over multiple
packets. Our model assumes that the phase errors remain
constant within a packet and vary considerably across different
packets, leading to partially coherent channel measurements. We
develop a message passing-based technique for sparse channel
estimation under such partially coherent phase errors and show
that our approach achieves a lower channel reconstruction error
than comparable benchmarks.

Index Terms—mm-Wave, terahertz, compressed sensing, model
mismatch, phase errors

I. INTRODUCTION

The high scattering at mmWave and THz frequencies results
in sparse angle domain channels [1]. Compressed sensing (CS)
exploits this sparse structure to estimate channels from sub-
Nyquist measurements. Typically, the channel measurements
are acquired sequentially over time and they are perturbed
by phase errors due to jitter at the oscillators [2]. When the
phase errors vary substantially over the collection of channel
measurements, standard CS-based channel estimation methods
[3], [4] fail due to a model mismatch. This issue is exacerbated
in mmWave and THz bands, where phase noise is higher
compared to lower frequency bands [5], [6].

We consider an IEEE 802.11ad/ay type frame structure in
which the spatial channel measurements may be acquired over
multiple packets. While the phase errors in the measurements
within a packet are similar, the errors can vary significantly
across different packets [7]. The sparse channel measurements
acquired under such errors are called partially coherent CS
measurements [8]. Prior work in [9]-[11] addressed this chal-
lenge by using only the magnitude of the CS measurements for
sparse recovery. Such an approach, however, fails to exploit
the partially coherent structure in the phase errors for sparse
recovery. In [12], an extended Kalman filter is used within a
standard CS algorithm to track the phase variations and acquire
a one-sparse estimate for the channel. The first-order Taylor
approximation of the phase error used in extended Kalman
filtering provides a poor approximation of the exact errors

at a high phase noise variance. Finally, the unknown phase
errors and the sparse signal can be estimated using the lifting
technique in [13]. The lifting-based approach demands a high
complexity as it solves for a lifted signal whose dimension is
much larger than the underlying sparse signal [7].

In [7], [8], [14], techniques that account for partial phase
coherence in the CS measurements were developed. In [8], a
two-stage partially coherent compressive phase retrieval (PC-
CPR) was proposed for sparse channel estimation. The algo-
rithm is initialized using the CPR method from [15], and the
phase offsets and the sparse channel are iteratively estimated in
a refinement stage. In [14], expectation-maximization general-
ized approximate message passing (EM-GAMP) [16] is used
to first obtain a coarse estimation of the sparse channel, which
is subsequently used to estimate the phase offsets. In [7],
phase error-aware matching pursuit followed by alternating
optimization was developed to recover the sparse channel and
the phase errors. The methods in [6]-[8] assume that the
channel is exactly sparse, which is unrealistic. Furthermore,
[7], [14] assume that the sparsity level is known and [§]
assumes that a bound on the number of paths in the channel
is known, both of which limit their practical use.

In this paper, we develop a sparse channel estimation
method that exploits the partially coherent structure in the
measurements. In our approach, the phase errors are first
absorbed into the sparse vector to construct multiple correlated
sparse vectors that share the same support. The shared support
structure is exploited using the multiple measurement vector
approximate message passing (MMV-AMP) algorithm [17] to
reconstruct the correlated sparse vectors. Finally, we recover
the sparse channel and the phase errors from the set of
correlated vectors by alternating optimization.

Notation: We use a, a and A to denote a scalar, vector,
and a matrix. We use (-)Tand (-)* to denote the transpose and
conjugate-transpose operators. The i*! entry of a is indicated
by ali]. We denote the (i, j)'" entry of A by A(4, ), the it"
row of A by A(i,:) and its j** column by A(:,j). We use
[|A||F to denote the Frobenius norm of A. vec(A) is the vector
version of A obtained by stacking its columns. We use ® to
denote the Kronecker product. The inner product of A and
Bis (A,B) = >, ; A(i,j)B*(i, j). We use x for a random
variable and x for its realization, with p(z) as the PDF of x
evaluated at z. The complex Gaussian PDF CA(z;a,b) has
mean a and variance b. Finally, j = /—1.
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Fig. 1. The frame structure used to acquire partially coherent channel
measurements. Our model approximates the phase errors to a constant
within each packet. The phase errors can vary across packets.

II. SYSTEM MODEL

We consider an N x N half-wavelength spaced uniform
planar phased array (UPA) at the transmitter (TX) and a
single antenna receiver (RX). The N? dimensional spatial
channel between the TX and RX is modeled as an NV x N
matrix H to exploit the 2D structure in the channel. Let L
denote the number of propagation rays in the environment
with the ¢*" ray having a complex gain of f3;, an azimuth
angle-of-departure (AoD) 6, ¢ and an elevation AoD 0. ,. By
defining the beamspace angles as wq ¢ = msinf, ¢sinf, g,
Wee = msinf, gcosf, [18] and the N x 1 Vandermonde
vector ay(w) as

C ) T
an(w) = [ 2 e Ty
the baseband channel matrix H is given by
L
H=> Bay (wer)ay (War). )
=1

The channel dimension N? with typical mmWave or THz
phased arrays can be in the order of hundreds to thousands.
The high scattering at mmWave and THz frequencies results
in an approximately sparse channel in the angle domain [19].
To exploit a sparse prior in channel reconstruction, H is
transformed into the angle domain. Since we assume a UPA
at the TX, the 2D-DFT of H is used for its angle-domain
representation. Let Uy denote the standard N x N unitary
DFT matrix and X denote the angle-domain representation of
H. Then,
H =UxnXUy, 3)

where X is approximately sparse in typical mmWave or THz
systems with large arrays.

We use the frame structure shown in Fig. 1, inspired by
the signaling structure in IEEE 802.11ad/ay [20]. Here, the
measurements of the unknown H are acquired over B training
packets. We use M to denote the number of spatial channel
measurements acquired in each packet. The RX acquires one
spatial measurement of the channel when the TX applies a
beamforming matrix to its array. Due to phase noise at the TX
and the RX oscillators, the phase of the channel measurement
is corrupted by an unknown phase error which is usually
modeled as a Wiener process. This process is characterized
by the power spectral density at an offset f,,, from the carrier
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Fig. 2. A realization of phase noise and its approximation for f. = 60
GHz and L(fm) = —99.4 dBc/Hz [21] at f,, = 1 MHz.. Here,
M = 20 measurements are acquired in each of the B = 4 packets.

frequency f. in dBc/Hz. We denote this density as £ (fm) [2]
and it is given by
fée

L(fm) = 10logy (7r2f402+fQ

where c is an oscillator-dependent constant. An oscillator with
a small £(fy,) results in phase errors with a low variance.

For a Wiener process, the variance of the phase error,
conditioned on a past phase error sample, increases with the
time lapsed. Let A denote the time lag between successive
packets. Since A is typically large (e.g., 44 us) compared
to the time needed to acquire each measurement (e.g., 128
ns) [7], [14], the phase variations within each packet can be
ignored. The phase offsets across different packets, however,
are significant due to the large time lapse and cannot be
ignored, as seen from Fig. 2. We model only inter-packet phase
errors to develop our algorithm, but we evaluate our method
using realistic phase errors that also vary within each packet.

We use the scalar ¢, to model the phase error for the
measurements obtained in packet b. For a Wiener phase noise
process, p|dp—1 ~ N (¢p_1,03,), where the variance 02, =
472 f2cA. Here, c is the phase noise parameter determined
from L (fu,) and f. is the carrier frequency [2]. Without loss
of generality, we assume ¢; = 0. In practice, the nonzero
¢1 is absorbed into X as it usually suffices to estimate X
up to a global phase ambiguity. In Fig. 2, a realization of
the phase noise and its approximation ¢ are shown. We use
P,[m] € CNV*N (o denote the beamformer applied at the TX
in b*" packet, for the RX to obtain the m'™ spatial channel
measurement denoted by y,[m]. For a measurement noise
wy[m] ~ CN(0,02), the m'™ spatial channel measurement
acquired in packet b is

y[m] = e (H,Py[m]) + wp[m] VYm, Vb. (3)

) dBc/Hz, )

Our goal is to estimate H, from M B phase perturbed mea-
surements in (5), by exploiting its angle-domain sparsity.
Now, we discuss the partially coherent CS formulation from
[8]. We define A, € CMXN” a5 the CS matrix associated
with M spatial measurements from the b*" packet in (5). The
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Fig. 3. Standard sparse channel estimation using [22] fails when the
measurements are perturbed by phase noise at f. = 60 GHz and
L(fm) dBc/Hz are at fm, = 1 MHz. Here, M = 64 measurements
of a 16 x 16 channel were acquired in each of the B = 4 packets.

m™ row of Ay is vec (P;[m]) (Unx ® Uy). In the b*® packet,
let y; denote the vector of M measurements {y,[m]}M_;
in (5) and w; contain the corresponding measurement noise
{wp[m]}M_,. Also, we use the N2-dimensional sparse vector
x to represent X in the vector form, i.e., x = vec (X). Now,

we can write yy, = [yp[1], - - ys[M]]T as
vy = 9 Apx + wy,. (6)

In practice, the measurements {y;,}#_ , are acquired at the RX
and the CS matrices {A,} | are known. The phase errors
{¢b}{)3:2 and the sparse vector x are unknown and have to be
estimated from the acquired measurements. We observe from
Fig. 3 that standard sparse recovery [22] which is agnostic
to ¢ps fails to recover the sparse channel from its phase
perturbed measurements in (6). The reconstruction is poor at
large £(fm), i.e., when the phase noise is high.

III. PROPOSED CHANNEL ESTIMATION METHOD

Our method absorbs the phase offsets {e/?*}2 , into the
sparse vector x to define the unknown vector

7, = %%, (7

As 1z, is just a scalar multiple of x, z; is sparse when x
is sparse. Let S, denote the support of x, i.e., Sy = {n :
x[n] # 0}, and S,, denote the support of z;,. From (7), we
observe that z;, has the same support as x for each b, i.e.,
Sz, =8z, = -+ =85, = Sk. Substituting (7) in (6) yields

Yo = Apzp + W (8)

By absorbing the phase errors into the sparse vector, the
measurement model in (8) is a linear measurement model in
the unknown vectors {z,}5_,. Further, the vectors {z}£_,
are sparse and they all share a common support, i.e., they are
non-zero at the same indices.

Our approach first reconstructs {z; }{*_; by exploiting spar-
sity and the common support structure using the MMV-AMP
algorithm [17]. To explain how MMV-AMP is used, we

model z, as a realization of a random vector z;, and x as
a realization of a random vector x. We define s € {0, 1}V as
the N2-dimensional random binary vector, with independent
and identically distributed (IID) entries, to model the support
of {z,}£ ;. We use X to denote the probability that x[n] is
non-zero, which is also the probability that z,[n] is non-zero.
Then,

plsn]) = At (1 = x)' e

The amplitude of the random vectors {z;}£_, is modeled using
{r,}B_,. We assume that the entries of {r,}Z | are IID as a
zero mean Gaussian distribution with variance 7, i.e.,

p(ro[n]) = CN (ry[n]; 0,7) -

Now, z,[n] can be decomposed as the product of the amplitude
variable and the support variable as zy[n] = s[n]ry[n]. The
conditional probability of zy[n] = z[n] is given by

p(zb[n]‘s[n],rb[n]) =5(z[n]—sllrln]) . (11)

From (11), we observe that z;[n] = 0 when s[n] = 0,
thereby aiding sparse priors. The shared support structure
across {zb}bB:1 is inherently incorporated as the supports of
{z,}2_, are modeled by a single random vector s.

Next, the known dependencies between {z,}Z |, s and
{rb}bB:1 leveraged to factorize their posterior joint PDF as

{Yb}bB:1> O<ﬁ< ﬁp(yb[m] Zb)

ﬂp(zbw\s[n],rb[n])p(rb[nn) TL Gl

s[n] € {0,1}. )

(10)

p<{zb}bB:17 S, {rb}bB:h

12)
where o denotes equality up to a constant scale factor and

p(ys[m] |zp ) denotes the likelihood of y,[m] when z, = 2y, is
given. See Table I for the factors in (12).

TABLE I
FACTORS OF THE JOINT PDF IN (12).

Factor definition ‘ Explicit form

p(yolml|z ) )
foln] = p(zln]|slnl, 7o [n]) 8(zpln] = slnlry[n])
p(s[n)) Al (1= 0ol sfn] € {0,1)
p(rp[n]) CN(rp[n];0,7)

The dependencies among different variables in (12), shown
in Fig. 4, is leveraged for sparse recovery of {z,} ;. The
factor graph in Fig. 4 comprises two types of nodes. The nodes
shown as rectangles are called factor nodes, each correspond-
ing to a factor in (12). The nodes shown as circles are called
variable nodes. In a factor graph, each factor node is linked
to variable nodes that comprise its arTument. For example, the

factor node corresponding to p(zb [n]|s[n], s [n]) is connected
to nodes associated with the variables ry[n], s[n] and zy[n].
The factor graph in Fig. 4 consists of B planes, where plane b

corresponds to packet b that acquires measurements in (8). The
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Fig. 4. The factor graph we use to compute MMSE estimates
of {zy}{; given all the measurements {y,}{_, where fy[n] =
p(zs[n] |s[n], rs[n]) given in (11).

connections between different planes capture the correlations
among {zb}f;1 which follows from (7). For instance, the nt®
factor nodes {fy[n]}2_, across all planes are connected via
s[n] in Fig. 4. This is because {z,[n]}£_, are jointly non-zero
when s[n] = 1.

Our approach aims to find the minimum mean squared
error (MMSE) estimates of {zb}{f:l given the measurements
{y»}£._, using factor graph in Fig. 4. To this end, the marginal
posteriors p (zb [n] ‘{yb}le are first estimated by employing
the sum-product algorithm [23] for the factor graph in Fig. 4
which results in the MMV-AMP algorithm [17]. The means
of these posteriors then yield the MMSE estimates.

To explain how the MMV-AMP algorithm [17] is used
to estimate the marginal posteriors p zb[n]‘{yb}le) from
our factor graph in Fig. 4, we first briefly describe the sum-
product algorithm [23]. In each iteration of the sum-product
algorithm, nodes in the factor graph exchange messages, also
known as beliefs, which represent probability densities. There
are two types of message flows: those sent from variables to
neighboring factors, and those sent from factors to neighboring
variables. A belief exchanged from a factor to a variable repre-
sents the probability distribution of the variable, as perceived
from the factor’s perspective. In contrast, the belief sent from
a variable to a factor represents the variable’s perception of its
own probability distribution, informed by all the factor nodes
it is connected to—except for the one it is messaging. In the
sum-product algorithm [23], a message from a variable to a
factor is obtained by multiplying all incoming messages from
the other neighboring factors. A message from a factor to a
variable is calculated by summing (or integrating) the product
of all incoming messages over all variables, except for the one
to which the message is sent.

We now briefly explain message propagation in the MM V-
AMP. The messages are propagated on a plane-by-plane basis
to exploit the shared support. In the first plane (b = 1)
of Fig. 4, the linear regression problem in (8) is solved
with a sparse prior on z,. To this end, the standard ap-

proximate message passing (AMP) [22] is used to solve
the linear regression problem in (8). In this step, a sparse
prior on the channel is incorporated through the messages
from {fy[n] {jﬁl and faithfulness to measurements through
D yb[m]‘zb), Ym = {1,---,M}. After convergence in this
step, the marginal posterior of zj[n] is estimated for each
n. This posterior provides side information about the support
of z3[n], a variable to be solved in the next plane (b = 2).
Next, this side information, along with the priors p(r2[n]) and
p(s[n]) Vn = {1,---,N?} are combined according to the
sum-product rule which is then used as prior to solving for
the posterior of zy in (8) using the AMP. The procedure is
continued until an estimate of the marginal posterior PDF for
zg[n] in the last plane, i.e., plane B, is obtained. Because the
messages are passed in the direction of the increasing plane
index b, we refer to this process as the forward message flow
as shown in Fig. 4. The forward flow can sequentially update
the channel estimate with each new measurement packet.

When the measurements from all the B packets are available
for channel estimation, backward message flows can also be
performed in addition to the forward message flows [17].
The backward flow propagates side information from plane
b + 1 to plane b, i.e., measurements in the b + 1th packet
are used to derive priors needed to solve for zy[n]. After
multiple forward-backward message flows, the marginal poste-
rior p(zy[n]|{ys}£_,) is estimated by exploiting measurements
from all the packets. The mean of these posteriors gives the
estimates {Zy}2 ;.

We now discuss our alternating optimization method to
recover x from the estimates {Z,}£_,. To this end, we stack
the estimates {2} | in an N2 x B matrix Z = [2y, ..., 2p].
We define ¢ = [¢1,..,05]", ¢ = [ej‘i’l,...,eWB}T and
Z = [z1,...,zp]. From (7), we observe that Z is a rank one
matrix as Z = xe/® . Hence, we find a rank-one matrix of
the form xei®" that is closest to Z, i.c.,

{x,¢} = argmin ||Z — Xej¢’T||%7

{x.0

(13)

)

where X denotes the estimated x and é& is the estimated ¢.
To solve (13), we develop an alternating approach outlined in

Algorithm 1. We use x(*) and cﬁ(z) to denote the estimates of
x and ¢ in the i*" iteration. g%(l) is computed by solving (13)

for a fixed x given by f(éi). In this step, ¢A>(Z is computed as

(Eﬁ(i) = argmin ||Z — £ ei” |2
B .
= argmin R (Z zgﬁ“)a%) = /7% (14)
¢ b=1

In (14), the operator 93(+) returns the real part, and Z(-) returns
the angle of a complex number. Next, %x0+1 is updated by
solving (13) for a fixed ¢ given by (}b(l) (14) from the previous
iteration. This results in the optimization problem

o (i+1) . 5 j(&S(i))T 2
X = argmin ||Z — xe &, (15)
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Algorithm 1: Alternating algorithm to solve (13).

Input: {7;}£ |, Maximum number of iterations Tiax.
Initialization: i = 1, ") = 2;.
For i=1,--- Thax do:

(©)

1. (2) = —/7" %D, ~ Note: Zc returns the angle of ¢
2. %0+ = 1g.-9"

End For

Output: % = x(Tmax),

which is a convex problem. Therefore, Xx(**1) can be computed
by setting the gradient of the objective function in (15) with
respect to x equal to zero and then solving for x, resulting in

{0+ = %Ze*ﬁf’(”. (16)
This procedure, outlined in Algorithm 1, is repeated until the
maximum number of iterations, denoted by 7T,., is reached.
The sparse estimate X is reshaped to an N x N matrix, which

is then used to find the channel estimate X from 3).
IV. SIMULATION RESULTS

We consider a narrowband system with a 16 x 16 UPA
operating at a carrier frequency of f. = 60 GHz. The TX-RX
distance is 15 m. Phase noise at f,, = 1 MHz offset from f.
is L(fm) = —99.4 dBc/Hz [21]. The duration to obtain each
measurement is 128 ns and the time lag between successive
packets is A = 44 ps [7] resulting in agn ~ 0.2 [2]. We
use B = 4 packets. The beam training matrices {P;[m]}M_;
Vb € {1,---, B} applied at the UPA are random circular shifts
of a 16 x 16 perfect binary array [4]. For each beam training
matrix applied at the TX, training sequences of duration 128
ns within the TRN fields in Fig. 1 are used for transmission
[4], resulting in a spreading gain of about 20 dB. We use 100
urban micro line-of-sight channels from the NYU simulator
[24]. Therefore, AoDs can be off-grid, unlike the work in [7]
that assumes on-grid channels with known sparsity.

The channel dataset is used to compute the prior parameters
A and 7 in (9) and (10). To compute the sparsity rate A\, we
first find the number of entries in the angle-domain channels
with the largest magnitude such that they account for at least
95 percent of the energy in the channel. Denoting this number
by K, we then calculate A\ as the mean of the ratio K/N?
over all channels. Next, the sample variance of the K entries
from all the channels is used to compute . This resulted in
A= 0.0712 and v ~ 13.3.

We use H to denote the estimated channel obtained from
its angle-domain estimate X by inverse 2D-DFT from (3).
Since we assume ¢; = 0, there is no phase ambiguity in the
estimate H and we can define normalized mean squared error
(NMSE) as E[||H — H|2/||H||%]. Signal-to-noise ratio (SNR)
is given by SNR = 317 | [|Ayx||2/M Bo2. We use Tinax = 5
in Algorithm 1.

We use SparseLift from [13] as one of the benchmark
methods. SparselLift translates the unknowns x and ¢ into
a higher dimension as I' = ®xT [7]. The standard CS
measurement model for the lifted problem can be obtained

~@-Proposed —E~PCMPI ||
#~ SparseLift =03+ PCMP2
A * —+—IgnoredPN —%— ZeroPN ||

Normalized MSE [dB]

20 40 60 80 100 120
Measurements per packet (M)
Fig. 5. NMSE with the number of CS measurements per packet for

B = 4, SNR = —10 dB. With phase perturbed CS measurements,
the proposed method results in a smaller NMSE than benchmarks.

by defining y = [y1,...,y5]%, A=[A],... AL]T, w =
wi,...,wg]T, and the M B x B matrix C = I5®1), where
Ip is the B x B identity matrix and 1,; is the M x 1 vector of
all ones. For more details on the application of SparseLift, we
refer the reader to [7]. Denoting the M B x N 2B CS matrix
corresponding to the lifted problem using Ay with its itP
row given by A(i,:) ® C(i,:), the CS measurement model
for the lifted problem is y = Aygvec(T') + w. SparseLift
estimates I' from this model by exploiting its sparsity, but not
the shared support structure as done in our approach. For a
fair comparison, we use the AMP [22] to solve the problem
in SparseLift. Finally, the singular-value decomposition of the
estimate I is used to determine X.

We also use the partially coherent matching pursuit (PCMP)
algorithm from [7] to benchmark our method. PCMP is a
greedy algorithm that iteratively detects the support of x,
similar to the matching pursuit algorithm. Then, the phase
error and the coefficient corresponding to the detected sup-
port are estimated using an alternating optimization similar
to Algorithm 1. PCMP requires knowledge of the sparsity
level for x. Therefore, we use PCMP algorithms with two
different sparsity levels as benchmarks. PCMP1 uses a sparsity
level of [AN?] = 19 and PCMP2 uses a sparsity level
of 2[AN?] = 38 with [-] denoting the ceil operator. We
also consider two other benchmarks that both consider the
standard linear measurement model and employ standard AMP
[22] for sparse recovery. The first of these two benchmarks
“IgnoredPN” uses phase perturbed measurements and suffers
from a model mismatch, and the second ‘ZeroPN” uses ideal
phase error-free measurements.

From Fig. 5, we observe that our technique brings around 1
dB improvement in the NMSE compared to SparseLift. This
is because our technique leverages the structure in partially
coherent measurements such as the common support of the
phase perturbed versions of the angle-domain channel in
the factor graph in Fig. 4. The gap between our proposed
technique and the SparseLift, however, is small at large M as
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Fig. 6. NMSE with SNR for B = 4 and M = 64. With phase
perturbed measurements, the proposed method results in a lower

channel estimation error than the benchmarks.

likelihoods have a stronger impact on support identification
than messages incorporating shared support structure. Next,
we observe that there is almost no improvement with our
method and SparseLift when M > 110. This is because our
assumption that phase noise is almost the same over a packet
breaks down for a long packet, equivalently a large M.

From Fig. 6, we observe that our technique achieves a lower
NMSE than the SparseLift, especially at a low SNR. As SNR
increases, NMSE decreases with both the proposed method
and the SparseLift. The gap between these two methods also
decreases. This is because increasing SNR does not help
when phase noise becomes the limiting factor for sparse
channel estimation. Finally, we observe that the NMSE of the
IgnoredPN method remains almost unchanged by increasing
SNR. This shows that the NMSE with this method is limited
by phase errors. Finally, we observe that PCMP1 and PCMP2
do not perform well compared to the proposed method and
the SparseLift. This is because PCMP is designed for exactly
sparse channels with known sparsity levels, while the channels
in our simulations are approximately sparse.

V. CONCLUSIONS

In this paper, we developed a message passing-based tech-
nique that allows sparse channel estimation under partially
coherent phase noise. Our approach absorbs the phase errors
into the sparse channel to define a collection of phase per-
turbed sparse vectors. The proposed method operates in two
stages. First, it estimates the phase perturbed sparse channels
by exploiting their common support structure and sparsity.
Next, it employs an alternating optimization technique to
reconstruct the angle-domain channel from the phase perturbed
collection of sparse vectors. Numerical results demonstrate
that our method achieves a lower mean squared error in
channel recovery compared to recent benchmarks.
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