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Abstract—In cell-free massive multiple-input multiple-output
(CF-mMIMO) systems, a large number of distributed access
points (APs) jointly serve users, eliminating traditional cell
boundaries and enabling uniform coverage with high macro-
diversity gains. However, the distributed topology and dense
user–AP connectivity in coherent multiple-access-channel (MAC)
make channel estimation significantly more challenging than
in cellular systems, as conventional pilot-based methods incur
excessive overhead and require tight inter-AP coordination.
Addressing these limitations, a novel semi-blind detection (SBD)
algorithm is proposed that models the received signal as a
third-order tensor and jointly performs channel estimation and
data detection without using the pilot transmission. Further, a
lower computational complexity constrained semi-blind detec-
tion (CSBD) algorithm is presented for scenarios with known
large-scale fading coefficients. Simulation results unequivocally
demonstrate superior bit error rate (BER) performance of the
proposed SBD and CSBD algorithms compared to iterative and
pilot-assisted methods, instilling confidence in the robustness of
presented algorithms.

Index Terms—cell-free massive MIMO, semi-blind detection,
joint channel estimation and data detection, tensor decomposi-
tion, and alternating least squares (ALS), modulation

I. INTRODUCTION

As wireless communication networks progress towards 6G,
the requirement for ubiquitous coverage, uniform Quality of
Service, and high energy efficiency has become increasingly
critical [1]. Cell-free massive multiple-input multiple-output
(CF-mMIMO) is a promising solution that addresses these
goals by combining the strengths of distributed antenna sys-
tems and massive MIMO technology [2]. Unlike conventional
cellular networks, CF-mMIMO eliminates the notion of cells
by deploying a large number of distributed access points (APs)
that cooperatively serve all users [3]. This reduces the average
distance between users and APs, thereby improving the overall
system performance [4], [5].

Despite the aforementioned benefits, CF-mMIMO systems
encounter significant obstacles in the domains of uplink
channel estimation and data detection. The joint service of
multiple users by each AP results in a network character-
ized by an extensive array of AP-user links, necessitating
substantial training resources for accurate channel estimation.
Additionally, when the number of users surpasses the available
orthogonal pilot sequences, pilot contamination becomes an
unavoidable issue, consequently serving as a critical perfor-
mance bottleneck [6]. Although extending the pilot length can
enhance the precision of estimation, it concurrently diminishes

spectral efficie ncy, as it allocates a greater portion of resources
to training rather than to data transmission [7]. In the context
of centralized processing, the transmission of received signals
from APs to the central processing unit (CPU) demands
considerable fronthaul capacity and energy, a requirement that
is particularly pronounced in densely deployed scenarios [8].
These challenges underscore the inherent trade-off between
estimation accuracy and pilot overhead in conventional pilot-
based detection schemes.

The application of semi-blind techniques has emerged as a
potential solution to mitigate these challenges. In this context,
semi-blind methods, employing restricted resources as opposed
to extended ones, pertain to approaches that conduct channel
estimation and subsequently followed by data detection [9].
This approach is particularly well-suited for CF-mMIMO, as
it has the potential to mitigates pilot contamination, lowers
fronthaul load and improves spectral efficiency, all critical
for scalable and energy-efficient deployments. Some of these
methods adopt distributed or decentralized architectures [10],
[11], where each AP processes its local observations and
exchanges soft information with neighboring APs or a central
processor. While this reduces computational load on the CPU,
it requires continuous information exchange and fronthaul
coordination. Other approaches exploit inherent channel prop-
erties, e.g. sparsity [12]; or data properties, e.g. constellation
hierarchy [13]; to simplify processing. Several methods also
assume perfect knowledge of large-scale fading coefficients at
the CPU [14], [15]. In spite of the progressive developments
in the aforementioned methodologies, the integration of pilot
symbols remains a critical necessity for the detection of data,
thus contributing to the cumulative system overhead.

In a related domain of study, Parallel Factor Analysis
(PARAFAC) leverages the inherent multi-dimensional struc-
ture of the received signal to distinctly identify its constituent
factor matrices. This decomposition paradigm facilitates both
blind and semi-blind detection methodologies. Blind detection
recovers data without prior knowledge of factor matrices,
while semi-blind detection uses one known matrix to aid
recovery. The efficacy of PARAFAC in the context of signal
separation is elaborated in [16] and has been empirically vali-
dated in MIMO [17], massive MIMO [18], and non-antipodal
signaling based CF-mMIMO systems [19]. These findings
underscore its capability for data recovery independent of
explicit channel information.

However, despite these advances, tensor-based receivers



remain largely unexplored in the context of CF-mMIMO sys-
tems, for pilot-free joint channel estimation and data detection
in large-scale wireless networks. Hence, the main contributions
of this work are summarized below

• This work proposes a semi-blind data detection (SBD)
algorithm that does not require pilot symbol transmis-
sion for channel estimation in coherent-MAC based CF-
mMIMO networks. SBD is least-squares optimal and
does not require the knowledge of large-scale fading
coefficients as well.

• A variant of SBD called constrained-SBD (CSBD) is
also proposed that exploits channel hardening for known
large-scale coefficients for data detection. CSBD achieves
a significant reduction in runtime, demonstrating that
complexity can be reduced without compromising per-
formance.

• Simulation results demonstrate a comparable perfor-
mance of the proposed SBD over the traditional detection
techniques with pilot transmission. Also, CSBD achieves
a faster run time while maintaining the same Bit Error
Rate (BER) as SBD.

Notations: Scalars are denoted by italic letters e.g. a, B;
vectors by boldface lowercase letters e.g., a, b; matrices
by boldface uppercase letters e.g., A, B; and tensors by
script letters e.g. A, B. The operators (·)T , (·)H , (·)∗, (·)−1,
(·)†, ◦, ⊙, ⋆ represent transpose, hermitian, conjugate, in-
verse, pseudo-inverse, outer product, Khatri-rao product, and
hadamard product operations [20] respectively. A(i) refers to
the intermediate matrix at iteration i. The mode-1, mode-2 and
mode-3 unfoldings of a third order tensor A ∈ RI1×I2×I3 are
A(1), A(2), and A(3), respectively.

Section II delineates the system model under analysis. Sec-
tion III elucidates the pilot-free data detection SBD and CSBD.
Section IV offers the simulation outcomes and encapsulates
the principal insights. Section V encapsulates the conclusions
of the study.

II. SYSTEM MODEL

Consider an uplink time-division duplex (TDD) CF-
mMIMO system illustrated in Fig. 1, where a CPU is con-
nected to R APs, serving U users, with R≫ U . Both APs and
users are equipped with single antennas and are randomly de-
ployed in a geographic area. All R APs serve U users using the
same time-frequency resources, forming a coherent multiple-
access channel (MAC) based CF-mMIMO system. The ele-
ment gru of the channel vector gu = [g1u · · · gru · · · gRu]

T ∈
CR×1, a block-faded wireless channel integrating large-scale
and small-scale fading phenomena, represents the channel
between AP r and user u, modeled as

gru =
√

βruhru, (1)

and follows a complex Normal distribution, i.e., gru ∼
CN (0, βru). Here, βru denotes the large-scale fading coef-
ficient, which captures path loss and shadowing effects, and is
assumed to remain constant over several coherence intervals
[21]. The small-scale fading coefficients hru, for all r ∈

Fig. 1: A coherent multiple-access channel-based uplink Cell-free massive
MIMO system with a central processing unit (CPU) connected to R single-
antenna access points (APs) serving U single-antenna user equipments (UEs).

{1, · · · , R} and u ∈ {1, · · · , U} are modeled as independent
and identically distributed (i.i.d.) complex Gaussian random
variables, with hru ∼ CN (0, 1), and are assumed to remain
constant within a coherence interval.

Let the data vector du ∈ RK×1 of user u, be encoded by the
corresponding code vector su ∈ RL×1 as du ◦ su = dus

T
u ∈

RK×L, where the operator ◦ denotes the outer product [20].
The study considers inter-AP coordinated fronthaul links that
are devoid of errors. The received signal Yr ∈ CK×L at AP
r resulting from the transmission of the encoded data from all
U users, is given by

Yr =

U∑
u=1

dus
T
u gru +Nr

=

U∑
u=1

du ◦ su ◦ gru +Nr, (2)

where Nr ∈ CK×L is the noise matrix at AP r. Each
element nkl of Nr follows a complex normal distribution, i.e.,
nkl ∼ CN (0, σ2

n). The received signal model in (2) can be
equivalently expressed in matrix form as

Yr = D diag ([gr1 . . . gru . . . grU ])ST +Nr, (3)

where diag(a) is a diagonal matrix with the entries of vector
a along its principal diagonal. Here, D = [d1 . . .du . . .dU ] ∈
RK×U is the data matrix and S = [s1 . . . su . . . sU ] ∈ RL×U is
the code matrix. Each column u of D and S corresponds to the
data vector du and the corresponding code vector su of user
u. The received signals Yr, where r ∈ {1, · · · , R}, defined in
(3), are forwarded to the CPU for centralized processing. By
stacking these matrices along mode-3, the composite received
signal Y ∈ CK×L×R is obtained. Consequently, the received
signal in the coherent MAC-based uplink CF-mMIMO system
be represented as

Y =

U∑
u=1

du ◦ su ◦ gu +N

= D ◦ S ◦G+N , (4)



where the noise tensor N ∈ RK×L×R in (4) is obtained
by stacking Nr ∈ CK×L for 1 ≤ r ≤ R along mode-
3 and the channel coefficient matrix G is defined as G =
[g1 . . .gu . . .gU ] ∈ CR×U , where gu is given for (1). The
received tensor Y at the CPU in (4) is represented as the sum
of unit rank tensors, where the uth, 1 ≤ u ≤ U , unit rank
tensor du◦su◦gu is obtained from the outer product of the uth
column vectors of the corresponding matrices D,S and G for
1 ≤ u ≤ U . The next section develops a pilot-free detection
framework, for the data matrix D in (4), in CF-mMIMO.

III. PILOT-FREE DATA DETECTION

The objective is to detect the transmitted signal D from the
composite received signal tensor Y without pilot transmission
in the uplink TDD CF-mMIMO system (4). The detection
framework can be described as

L(D̂, Ĝ) ≜ argmin
D,G
∥Y −D ◦ S ◦G∥2F , (5)

where D̂ and Ĝ are the reconstructed data and channel
coefficient matrices, respectively, and S is the known code
matrix. The cost function (5) is non-linear with unknown
D and G. Therefore, the task of reconstructing D̂ for an
unknown Ĝ presents a significant challenge. Alternating least
squares (ALS) [22] solves the multi-objective cost function
by alternately optimizing one factor matrix while keeping the
others fixed. This converts the non-linear multi-objective cost
function L(D̂,Ĝ) in (5) to its equivalent multiple linear least-
square cost functions, described by L(G̃(i)) and L(D̃(i)) as

L(G̃(i)) ≜ argmin
G(i)

∥∥∥Y − D̃(i−1) ◦ S ◦G(i)
∥∥∥2
F

(6)

L(D̃(i)) ≜ argmin
D(i)

∥∥∥Y −D(i) ◦ S ◦ G̃(i)
∥∥∥2
F
, (7)

where A(i) is the intermediate updated matrix at iteration i ∈
{1, · · · , I}, with A(0) denoting initialization. To solve (5),
ALS alternately solves for G̃(i) in (6) and D̃(i) in (7) for a
given D̃(i−1) and G̃(i), respectively. This process is repeated
until convergence.

The mode-r unfolding or matricization of the tensor X ∈
RJ1×···×Jr×···×JN of order N reshapes a tensor along mode-r
into a matrix X(r) ∈ RJr×J where J = ΠN

n=1,n̸=rJn. Using
the mode-r marticization, the respective unfoldings of system
model in (4) along mode-3 and mode-1 be defined as

Y(3) = G̃(i)(S⊙ D̃(i−1))T +N(3) (8)

Y(1) = D̃(i)(G̃(i) ⊙ S)T +N(1). (9)

Thus Y(3)/N(3) is mode-3 unfolding of tensor Y/N . Similarly,
Y(1)/N(1) corresponds to mode-1 unfolding of the tensor
Y/N and the operator ⊙ denotes the Khatri-rao product
[20]. The optimization problems in (6) and (7) when using

Algorithm 1 Semi-Blind Detection (SBD) Algorithm
Input: Y,S
Initialize: D̂(0) with D̂(0)(1, :) = 1T

1: while i < I and error > ϵ do
2: G̃(i) ← Y(3)[(S⊙ D̂(i−1))T ]†

3: D̃(i) ← ℜ{Y(1)[(G̃
(i) ⊙ S)T ]†}

4: Λ(i) ← diag[D̃(i)(1, :)]
5: D̂(i) ← D̃(i)(Λ(i))−1

6: Ĝ(i) ← G̃(i)Λ(i)

7: error(i) ← ∥Y(1) − D̂(i)(Ĝ(i) ⊙ S)T ∥2F
8: i← i+ 1
9: end while

Output: D̂, Ĝ

the unfoldings of the received tensor Y in (8) and (9), are
equivalently expressed as

G̃(i) = argmin
G(i)

∥∥∥Y(3) −G(i)(S⊙ D̃(i−1))T
∥∥∥2
F

(10)

D̃(i) = argmin
D(i)

∥∥∥Y(1) −D(i)(G̃(i) ⊙ S)T
∥∥∥2
F
. (11)

The optimization problem in (10) and (11) are standard least
squares problem with their respective solutions as

G̃(i) = Y(3)

[
(S⊙ D̃(i−1))T

]†
(12)

D̃(i) = Y(1)

[
(G̃(i) ⊙ S)T

]†
, (13)

where the operator (·)† denotes the Psuedo-Inverse [23]. The
closed form expressions in (12) and (13) are solutions to the
equivalent optimization problems in (10) and (11) at iteration i.
The aim to solve for non-linear multi-objective cost function
L(D̂, Ĝ) in (5) is solved alternately/ iteratively solving for
L(G̃(i)) in (6) and L(D̃(i)) in (7). The expressions in (12)
and (13) are evaluated iteratively until a stopping criterion
[22]. While the ALS approach provides an iterative framework
for jointly updating the channel and data matrices, as shown
in (12) and (13), it severely underperforms due to inherent
permutation and scaling ambiguities of PARAFAC decompo-
sition. To address the limitations identified, a pilot-free SBD
algorithm predicated on the ALS method is introduced in the
subsequent section.

A. Algorithm: Semi-Blind Detector (SBD)

This section outlines the proposed ALS-based SBD algo-
rithm and explains how the permutation and scaling ambigui-
ties are resolved using the known code matrix and simple post-
processing steps. In this section, Â denotes the matrix with no
ambiguity and Ã denotes it’s counterpart with unresolved scal-
ing ambiguity. First, the permutation ambiguity in PARAFAC,
arising from arbitrary reordering of rank-one components, is
resolved using the known structure of S. Thereby ensuring the
estimated channel and data vectors remain consistently ordered
across iterations. Specifically, G̃(i) = [g̃

(i)
1 · · · g̃

(i)
u · · · g̃(i)

U ],
D̃(i) = [d̃

(i)
1 · · · d̃

(i)
u · · · d̃(i)

U ], align with S = [s1 · · · su · · · sU ]



for all 1 ≤ u ≤ U , thus maintaining correct user-data
association. Second, scaling ambiguity in PARAFAC involves
arbitrary rescaling of rank-one components, with scaling in
one factor offset by inverse scaling in another, preserving the
overall tensor product. The SBD resolves scaling ambiguity
by fixing the sign and magnitude of the first data bit of each
user’s BPSK signal, i.e., the matrix D̂(0)(1, :) = 1T ∈ R1×U ,
providing a reference for all subsequent scaling corrections.
During each iteration i, the algorithm alternates between
updating the factor matrices G̃(i) and D̃(i) by fixing one
matrix and solving for the other, as shown in Algorithm
1. This introduces diagonal scaling matrices ΛD ∈ RU×U ,
ΛG ∈ RU×U which relate the estimated matrices D̂(i), Ĝ(i)

to the matrices with ambiguities D̃(i), G̃(i) as

D̃(i) = D̂(i)Λ
(i)
D ; G̃(i) = Ĝ(i)Λ

(i)
G ; with Λ

(i)
D Λ

(i)
G = I,

thus preserving the overall product. As S is known, any
scaling induced in the columns of D̂(i) results in equal
counter-scaling in columns of Ĝ(i), i.e., D̂(i) = D̃(i)[Λ(i)]−1

and Ĝ(i) = G̃(i)[Λ(i)] that results in D̂(i) ◦ S ◦ Ĝ(i) =
D̃(i)(Λ(i))−1 ◦ S ◦ G̃(i)Λ(i). The scaling diagonal matrix
Λ(i) = diag([D̃(i)(1, :)]), where D̃(i)(1, :) refers to the first
row of D̃(i). Convergence is monitored by computing the error
metric

error(i) = ∥Y(1) − D̂(i)(Ĝ(i) ⊙ S)T ∥2F ,

at each iteration using the ambiguity-corrected estimates. The
iterative process continues until the error decreases below a
predefined tolerance level ϵ, or the process is prematurely
halted after reaching a specified number of iterations I . The
final outputs Ĝ and D̂ are free from scaling misalignment.
The same steps are illustrated in Algorithm 1. It is important
to acknowledge that, without compromising generality, the
algorithm in question is equally applicable to higher-order
modulation schemes. Furthermore, the detection performance
is assessed utilizing the predefined stopping criteria. Building
upon this foundational understanding, the subsequent section
delves into the particular scenario wherein the large-scale
fading coefficients are accessible at the CPU.

B. Constrained SBD (CSBD)

The updates for G̃(i) and D̃(i) in Algorithm 1 be modified
for a known large-scale fading coefficients βru. Due to the
inherent properties of channel hardening and favorable prop-
agation in CF-mMIMO, the Gram matrix, i.e., G̃(i)HG̃(i),
becomes nearly diagonal as the number of APs increases,
i.e., the channel norm ∥gu∥2 follows a hypoexponential dis-
tribution with mean

∑R
r=1 βru and variance

∑R
r=1 β

2
ru. As

R increases, the variance diminishes, and the Gram ma-
trix can be approximated as a deterministic diagonal ma-
trix DG = diag

(∑R
r=1 βr1,

∑R
r=1 βr2, . . . ,

∑R
r=1 βrU

)
. The

known diagonal structure DG is exploited to simplify the data
update D̃(i) in Step 3 and the channel update G̃(i) in Step 2

using Khatri-Rao product properties, eliminating the need to
compute the pseudo-inverse of a dense matrix as(
(G̃(i) ⊙ S)T

)†
=

((
G̃(i)HG̃(i) ∗ SHS

)−1

(G̃(i) ⊙ S)H
)T

=
(
(DG ∗ LIU )−1(G̃(i) ⊙ S)H

)T

,

which leads to the following update steps in Algorithm 1

G̃(i) = Y(3)(S⊙ D̃(i−1))(Ldiag(D̃(i−1)HD̃(i−1)))−1 (14)

D̃(i) = ℜ
{
Y(1)(G̃

(i) ⊙ S)∗(LDG)
−1

}
. (15)

CSBD converges faster than SBD, leveraging the known large-
scale fading coefficients, which make the Gram matrix into
a deterministic, real-valued diagonal matrix. The decrease in
computational complexity from O(U3) to O(U) is facilitated
by the utilization of the known large-scale fading coefficient
diagonal matrix [24], thereby achieving the same performance
with a lower runtime.

IV. SIMULATION RESULTS AND DISCUSSION

This section presents results which demonstrate the effec-
tiveness of SBD and its variant, CSBD in uplink CF-mMIMO
system with R = 64 APs and U = 8 users uniformly
distributed in a 400m2 area. The data length K = 16,
and code length L = 16. A wrap-around topology is used
to mitigate edge effects. The large-scale fading is modeled
as βru = min(1, d−α

ru ), where dru is the distance between
user u and AP r, with α = 1 [26]. The transmitted data
matrix is partitioned as D = [DT

p DT
d ]

T , where Dp ∈
Rp×U contains pilot symbols and Dd ∈ R(K−p)×U contains
data symbols. The corresponding received signals and noise
components are denoted as Y(3) = [YT

(3),p YT
(3),d]

T , and
N(3) = [N(3),p N(3),d], respectively (similarly for mode-1).
Hence the received observations

Y(3),p = G(S⊙Dp)
T +N(3),p

Y(1),d = Dd(G⊙ S)T +N(1),d.

The methodologies under comparison can be classified into
two distinct categories:

1) Iterative methods: Namely, ALS, SBD, and CSBD,
which perform joint channel estimation and data detection. The
key distinctions lie in their initialization strategies, the way
the factor matrices are updated, and how scaling ambiguity
is resolved. The ALS method uses random initialization, and
alternately updates the factor matrices using least squares (LS)
solutions, without addressing the scaling ambiguity inherent
in the problem. SBD improves upon this by introducing a
strategic initialization by fixing the first row of the data matrix
as D̂(0)(1, :) = 1T , which serves as a reference to eliminate
the scaling ambiguity. The factor matrix is updated in the
same manner as ALS. Building further, CSBD adopts the same
initialization and ambiguity resolution mechanism as SBD, but
simplifies the LS updates by exploiting the Khatri-Rao product
properties. This allows the Gram matrix GHG to separate
out, and be precomputed as DG at the CPU, derived from
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Fig. 2: Performance of proposed SBD, CSBD in Section III-A for uplink CF-mMIMO with code length L = 16, (a) BER vs. SNR performance for R = 64
APs, and U = 8 users with ALS [22], pilot-assisted MMSE detection (LS-MMSE) [25] for p ∈ {1, 4, 8} pilots, and perfect channel Genie-MMSE detection.
(b) BER vs. SNR performance for users U ∈ {8, 16} and APs R ∈ {64, 128}

the knowledge of large-scale fading coefficients. This avoids
recomputing gram matrix in each iteration. All the iterative
methods are truncated on reaching I = 12 iterations or when
error reaches the tolerance ϵ = 10−4.

2) Baseline methods: Namely, pilot-assisted LS
estimation followed by MMSE detection (LS-MMSE)
and perfect CSI based Genie detection (Genie-
MMSE). In the pilot-assisted case, for pilot lengths
p ∈ {1, 4, 8}, LS channel estimation is performed as
ĜLS = Y(3),p

(
(S⊙Dp)

T
)†

, followed by MMSE detection:

D̂MMSE = Y(1),dĜ
H
LS

(
ĜLSĜ

H
LS +

1
SNRI

)−1

. In the perfect
CSI case, the channel G is assumed to be known, and MMSE
detection is performed in the same way as in the pilot-assisted
case, with ĜLS = G in D̂MMSE. The genie-aided setup thus
serves as an ideal upper bound for performance and is used
as a benchmark to evaluate all other methods. Note that all
the techniques—both iterative and baseline—use the same
pilot structure based on Hadamard sequences.

Fig. 2a compares the BER performance of ALS, SBD,
CSBD, and pilot-assisted detection with p ∈ {1, 4, 8}, using
Genie-MMSE as a benchmark. The results highlight three
key insights. First, SBD and CSBD significantly outperform
standard ALS, primarily due to strategic initialization and
resolution of sign ambiguity, which standard ALS does not
address. Second, SBD outperforms pilot-assisted detection
despite using only a single pilot, whereas pilot-based methods
require eight orthogonal pilots to achieve similar performance.
Third, extensive experimentation confirms that the LS solution
adopted in SBD is optimal. Therefore, the focus shifts to
improving the efficiency of reaching this solution. This is
effectively demonstrated by CSBD, which attains the same
performance as SBD but with significantly lesser time.

Fig. 2b shows the BER performance of SBD and CSBD
across different numbers of users U ∈ {8, 16} and APs
R ∈ {64, 128}, demonstrating the detectors’ scalability. As
R increases, BER improves due to enhanced spatial diversity.
Notably, increasing U does not degrade performance, as each
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Fig. 3: Avg. run time vs. max. iterations at SNR = -10dB, R = 64 and U = 8.

user contributes a distinct rank-1 tensor component that the
proposed detectors effectively exploit. The performance of
SBD and CSBD remains closely matched, with SBD achieving
near-optimal solutions while CSBD attains comparable results
more efficiently. Fig. 3 shows the maximum iterations versus
average convergence time at SNR = −10dB. The CSBD con-
verges faster than SBD while maintaining the same detection
accuracy.

V. CONCLUSION

The paper considered an uplink CF-mMIMO system and
addressed the problem of data detection without sending
the pilot signal. The problem is formulated within a tensor-
based framework and solved using the proposed SBD, a
data detection algorithm. The effectiveness of the proposed
semi-blind detection method, SBD, uses only a single bit
sign symbol, yet outperforms pilot-assisted MMSE detection,
at high SNR, that relies on up to eight orthogonal pilots,
demonstrating its effectiveness in low-overhead scenarios. A
lower complexity constrained SBD algorithm is also presented
for a known large-scale fading coefficients. The simulation
results confirmed that the proposed SBD algorithm offers an
optimal, robust, and scalable data detection.
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