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Abstract—To support the increased data streams required for
6G networks, demodulation reference signals (DMRSs) from
multiple users must be transmitted simultaneously on the same
resource element in multi-user multiple-input multiple-output
(MU-MIMO) systems. Therefore, the DMRSs of multiple users
are efficiently multiplexed in the code domain via orthogonal
cover code (OCC) to minimize pilot interference. In this paper,
we investigate uplink DMRS-based channel estimation for MU-
MIMO systems with Type II OCC pattern, leveraging statisti-
cal channel state information (SCSI) to enhance performance.
Specifically, we propose a SCSI-assisted Bayesian channel es-
timator (SA-BCE) based on the minimum mean square error
criterion to suppress the pilot interference and noise. Further-
more, we extend the SA-BCE to windowed SA-BCE (SA-WBCE)
to alleviate the energy leakage caused by the limited number
of subcarriers and antennas, thereby reducing computational
complexity. Simulation results demonstrate that the SA-BCE and
SA-WBCE significantly outperform state-of-the-art benchmarks
in MU-MIMO systems.

Index Terms—MU-MIMO, statistical CSI, uplink channel
estimation, demodulation reference signal, windowing.

I. INTRODUCTION

RIVEN by the growing demand for data-hungry ap-

plications such as broadband internet of things (IoT)
[1] and extended reality (XR) [2], the paradigm of uplink-
centric broadband communication (UCBC), which emerged as
a crucial service category in 5G-Advanced [3], now stands as a
foundational requirement for the forthcoming sixth-generation
(6G) networks [4]. To boost the spectral efficiency of uplink
transmission, the multi-user multiple-input multiple-output
(MU-MIMO) system [5] in UCBC is required to support a
larger number of users transmitting data concurrently over
the same resource element (RE) through spatial multiplexing.
Specifically, to meet the communication requirements of more
data streams in UCBC, the number of pilot ports increases
from 12 to 24 in third generation partnership project (3GPP)
Release 18 [6], supporting up to 24 users for uplink transmis-
sion, with a further expansion anticipated for 6G.
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In MU-MIMO uplink transmission, accurate channel state
information (CSI) acquisition is essential for coherent detec-
tion and interference management, and is typically realized
through the uplink demodulation reference signal (DMRS)
[6]. In contrast to conventional channel estimation problems,
DMRS-based uplink channel estimation in MU-MIMO sys-
tems poses a fundamental challenge: the pilot signals of
multiple users must be transmitted simultaneously within the
same RE to support the increased data streams required for
6G networks. To this end, orthogonal cover code (OCC)
is typically employed to enable code-domain multiplexing,
causing DMRS from different users to overlap on the same
RE. Consequently, effectively decoupling these overlapping
pilots via OCC decomposition becomes the first and foremost
step in DMRS-based channel estimation. Several existing
studies [7], [8] exploit the orthogonality of OCC under the
assumption that the channel remains constant across adjacent
subcarriers, thereby simplifying the decomposition process.
However, in realistic frequency-selective fading environments,
this assumption breaks down. The resulting loss of orthog-
onality among different pilot ports leads to non-negligible
pilot interference, which ultimately degrades CSI estimation
accuracy and constrains the spectral efficiency of MU-MIMO
systems. To mitigate these issues, statistical CSI (SCSI) has
emerged as a powerful tool for enhancing channel estimation
performance [9]. Nevertheless, its role in assisting OCC de-
composition under realistic fading conditions remains under-
explored, leaving a gap in MU-MIMO uplink receiver design.

In this paper, we first develop the received signal model
under the Type II OCC pattern standardized in 3GPP Release
18, which reveals the pilot interference problem in MU-
MIMO uplink channel estimation. To address this challenge,
we propose a SCSI-assisted Bayesian channel estimator (SA-
BCE). The proposed method first applies frequency-domain
minimum mean square error (MMSE) estimation to separate
user signals from the superimposed received signal, followed
by antenna-domain MMSE to further suppress the noise.
To reduce the computational complexity, we shift from the
antenna-frequency domain to the beam-delay domain and
extend the SA-BCE to windowed SA-BCE (SA-WBCE).
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Fig. 1: DMRS mapping on OFDM resource grid: (a) Type II
DMRS with three CDM groups composed of 24 orthogonal
pilot ports (b) OCC of CDM group 0 Type II DMRS pattern

II. SYSTEM MODEL

We consider a single-cell massive multiple-input multiple-
output orthogonal frequency-division multiplexing (MIMO-
OFDM) uplink system, where the base station (BS) is
equipped with a uniform planar array (UPA) with half-
wavelength antenna spacing and serves K users with an omni-
directional antenna. The UPA with M = M, M) antennas
comprises M, and M antennas in vertical and horizontal
directions, respectively. OFDM modulation is employed with
Nppr subcarriers, and the number of subcarriers for data
transmission is V., with a subcarrier spacing of Af.

A. Uplink DMRS Configuration

In the physical uplink shared channel (PUSCH), DMRS
is employed to acquire CSI for subsequent coherent detec-
tion. In MU-MIMO systems, the DMRSs transmitted from
different users are superimposed at the receiver. To extract
individual signals from the superimposed signal, the DMRS
sequence is scheduled to support multiple orthogonal ports
at the transmitter. In 3GPP Release 18, Type II DMRS is
specified to support a larger number of users, which divides the
resource grid into multiple code division multiplexing (CDM)
groups, wherein OCC are employed within each CDM group
to distinguish different orthogonal pilot ports. In particular,
the maximum number of orthogonal pilot ports for Type II
DMRS in 3GPP Release 18 is 24, supporting up to 24 users for
uplink transmission. Fig. 1 illustrates the pilot pattern of Type
II DMRS in a resource block, where the pilot pattern remains
consistent across all resource blocks. Within each CDM group,
frequency-domain OCC and time-domain OCC are assigned
to adjacent OFDM symbols to maintain orthogonality. In this
pilot configuration, the number of subcarriers occupied by
each CDM group is N = G , where G represents the number
of CDM groups. The number of OFDM symbols occupied by
the pilots is T},.

B. Signal Model

Under the aforementioned pilot conﬁguration, the num-
ber of users in each CDM group is 5 Without loss of
generality, we assume that users with index of {’K +

l,lK + 2, hLl)K} are assigned to CDM group i,

where ¢ = .G — 1. The set of pilot subcar-
rier indices for CDM group ¢ is denoted as P; =
{i+1+6(n—1),i+2+6(n—-1)|n=1,2,---,5} 6]
Consequently, the received signal Y;(t) € CN*M of CDM
group ¢ at the ¢-th symbol duration can be expressed as [7]

(i+1D) K
GHnK
Yi(t)= Y wexSiCRHP(t) + N(1), 1)
k=441
where HS(t) = P;Hy(t) € CV*M represents frequency-

space domain channel of the pilot segment for the k-
th user at the ¢-th symbol duration, whose specific form
will be discussed in Section II-C. P; € {0,1}V>*Ne is a
sampling matrix used to select the pilot subcarrier set P;.

Ay (N-D)A
Ci = diag (1,672”7 LT
the frequency -domain OCC of the k-th user, where Ay €
{O, T 2, 4 represents the cyclic shift of the k-th user,
employed to ensure the orthogonality of the DMRS across
different users. S; = diag{s;} € CV*V represents the pilot
matrix of the CDM group ¢. Note that the power of the pilot
symbols is 1, i.e., S;SH = Iy. N(¢t) € CV*M i the complex
Gaussian noise consisting of independently and identically
distributed (i.i.d.) Gaussian variables which follow the i.i.d.
complex Gaussian distribution CA (0,0). wyy € {1,—1}
represents the time-domain OCC of the k-th user at the t-th
symbol duration, which satisfies [6]

€ CN*N represents

1, if (m,n €lUy)V (m,n € Us),
e Zwt mWtn = .
T, = 0, otherwise,
i K (27+1)K (21+1)K(2)
where Uy = {5 +1,---, bl = {5
1,..., GtDKy
) ’ G .

C. Channel Model

The space-frequency domain channel of k-th user at the ¢-th
symbol duration can be modeled by [10]

Lk
)= arxby, (mex)al@ren k) )

where Hk(t) € CNCX]W, a(<pl,t7k,05,t7k) = av(el,w) X
an (e Oier) € CMx1 and L, denotes the number of
multi-paths for the k-th user at the ¢-th symbol duration. ag ¢ x,
Ti k> 01,6, and @ ¢ p represent the complex gain, the path
delay, the elevation angle of arrival (AoA), and the azimuth
AoA of the [-th path for k-th user during the ¢-th symbol
duration, respectively. by (1) € CNe*1 a (9) € CMvx!
and ay(p;0) € CMux1 represent the steering vectors in the
delay, elevation angle and azimuth angle domains, which are
defined as [by,(7)], = e 2™AIT [a,(0)], = e I™cost
and [ay (¢, 0)], = e IS0 oS¢ respectively.

We assume an uncorrelated fading environment, where
different propagation paths are independent. Therefore, the
complex gain satisfies [11]

E [ane k0 1) = praxd [ =17, 4)



where p; ;. denotes the power of the [-th path for the k-th
user during the ¢-th symbol duration.

III. SCSI-ASSISTED CHANNEL ESTIMATION

The channel estimation problem for CDM group ¢ can be
formulated as the following optimization problem:
T, ('i+é>K

St = > wexS:CHP(t)

t=1 k=i 41

min
i+ K

{(Hi (1))

G
k=%+1

F

5
The number of channel parameters to be estimated in (5) is
%, while the number of received signal is NMT,,
resulting in an under-determined estimation problem. The
trivial approach [8] to solving (5) assumes that the channel
coefficients remain unchanged over consecutive subcarriers,
which does not hold under frequency-selective fading chan-
nels. Moreover, since the trivial approach neither incorpo-
rates inter-subcarrier nor inter-antenna correlations, its chan-
nel estimation performance deteriorates with increased pilot
interference, especially in high signal-to-noise ratio (SNR)
regime. To address these limitations, we first propose the
SA-BCE based on the MMSE criterion. To further reduce
the computational complexity, we subsequently develop SA-
WBCE by incorporating the windowing technique.

A. SCSI-Assisted Bayesian Channel Estimator

As preliminary steps to the SA-BCE scheme, least squares
(LS) channel estimation is first performed, followed by time-
domain OCC decomposition. Specifically, the received signal
Y (t) is first divided by the pilot signal S; in the LS channel
estimation step, i.e.,

YIS =SIYi(t) = > wekCRHP () + S[N(t),

k=141
) ©)
where Y'S(t) € CV*M denotes the LS channel estimation
result for the pilot segment during the ¢-th symbol duration.

Assuming that the channel coefficients remain constant
across consecutive OFDM symbols, the effect of time-domain
OCC in Y'S(t) can be eliminated by exploiting its orthogo-
nality property, as shown in equation (2), through

T,
N 1 i N
Y = 7 § we Y (1) = § C.HS +Z, (D
P =1 kel

where u € Uy, Z = T%, ZtTil we o STN(t) € CVXM,

After the time-domain OCC decoupling, the MMSE crite-
rion is employed to decompose the frequency-domain OCC.
Since the processing on different receive antennas is the same
during the decomposition of the frequency-domain OCC, we
omit the antenna index for convenience without loss of gener-
ality. The frequency-domain signal model after decomposing
the time-domain OCC can be expressed as

(2i+ 1)K
2G

> Cib 4z, (8)
k=i +1

~LS _
yi =

where hPS € CNV*1 represents the frequency-domain channel
of the pilot segment for the k-th user. For a specific user of
interest, indexed by u, the MMSE estimation of hf® is derived
as follows [12]:

I PS -1 ~LS
hu = Rh};sy%s Rylrsyl.‘s y1 ; (9)

where Rypsgis = E{h® (y7° )H} € CM*N and Ryusgis =
E{yS (y5° )H} € CN*N are given by
Ryrsgis = PRIP] CY/,
(2i+1)K
2G
RyFSyFS = Z CkP,RipzTCkH + O'ZIN7

_iK
k=i 41

(10)

where R£ = ZZL:“{“ pLekbN. (Tiek) b%c (71,1,5) denotes the
frequency-domain channel correlations for the k-th user.

As a result, {HPS € CV*M}E_ | can then be obtained by
applying (9) to the received signals -5 from all CDM groups
and receive antennas, i.e.,

(2i+1) K

2G

H;’ =P;RIP/CY( > CPR{P/C{ +o°Iy)'Y}5.

k=141

a1

To further suppress the noise, we exploit the inter-antenna
correlations and employ the MMSE channel estimation in the
antenna domain, which gives [12]

(HY)" =Ry(R; +0°Ly) (HD)", (12
where R, = 30" puew@(@tus Ot0)a (91,40, 01.0.) Tep-
resents the antenna-domain channel correlations for the u-th
user. Finally, the full-frequency domain channel for all users,
represented as {HMMSE ¢ CNexM 1K g reconstructed by
applying frequency-domain linear interpolation to the pilot
segment channel {HFS € CV*M}K

B. Low-Complexity SA-BCE

The overall complexity of SA-BCE is dominated by matrix
inversion with complexities of O(N3 + M?3). To reduce the
computational complexity of SA-BCE, we reformulate the
estimation process from the antenna-frequency domain to the
beam-delay domain [13] [14], thereby exploiting the limited
scattering nature of wireless channels. Specifically, the beam-
delay domain MMSE estimator is given by

(2i+1)K
it
HY® = CIFyR( ) Ri+0°Ly) 'FRY}S,
k=i 41

(H)T = FARG (RS + 0%Ly) " (F4) " ()7,

13)

where Fy € CV*V denotes the discrete fourier transform
(DFT) matrix, which is defined as [Fy]i,j £ ﬁe’ﬂﬁﬁj,



FA = (F]wv ®F]uh) € CMxM, R} € CN*N and R €
CM*M denote the delay- and beam-domain channel correla-
tions of the wu-th user, respectively, and are defined as

Lt w
— —H
R, = FNC.P.RIPICIFy = pr1ub(n,0u)b (100),
=1
Lt

Z it ud SOZ tyaus 0, ,t u)a (@l,t,u,al,z,u),
B =1 (14)
where b(Tl,t,u) = F%(ju]?szC (Tl,t,u), 5(Sol,t,uagl,t,u) =
5v(el,t,u) ® 5h(spl,t,u; 9l,t,u)’ 5v(el,t,u) = Fﬁ[‘,av(el,t,u) and
an (01,60 00,e0) = Fop an(@n,0i 01,t0)-

Observing that the beam—delay domain MMSE estimator is
equivalent to its antenna—frequency domain counterpart, we
present the following lemma to establish their equivalence.

Lemma 1: The beam-delay domain MMSE estimator is
equivalent to its antenna-frequency domain counterpart.

Proof: Utilizing the orthogonality property of the DFT
matrix and the relation in (14), substitution of (11) and (12)
directly yields the estimator in (13), thereby proving the
equivalence.

Owing to the intrinsic sparsity of the beam—delay domain
channel, the matrices R, and R? exhibit sparse structures,
thereby enabling a significant reduction in the computational
complexity. To further characterize this sparsity, we analyze
the asymptotic property of R and R, as summarized in
Proposition 1.

Proposition 1: In the infinite case, R, and R¢ respectively
converge to diagonal matrices.

Proof: In the infinite case where both the number of anten-
nas and subcarriers tend to infinity, the sampled steering vec-
tors exhibit asymptotic orthogonality [15], rendering b(7;.;.,,)
and a(pyt,u,00,1,,) asymptotically 1-sparse, i.e., containing
only a single non-zero element. Consequently, according to
(14), both R, and R reduce to diagonal matrices in this
case. This completes the proof.

Proposition 1 reveals that the beam-delay domain MMSE
estimator degenerates into a element-wise operation as the
number of antennas and subcarriers tends to infinity, thereby
eliminating the need for matrix inversion. However, in prac-
tical systems, the number of antennas and subcarriers is
finite, leading to inevitable energy leakage in the beam-delay
domain. Therefore, both the beam- and delay-domain channel
correlation matrices exhibit significant off-diagonal elements,
which in turn substantially increases the computational com-
plexity of the beam-delay domain MMSE estimator.

To alleviate the energy leakage problem, we incorporate
the energy-concentrating property of window functions [16]
into the beam-delay domain MMSE estimator to develop a
windowed SA-BCE (SA-WBCE), given by

RZ _ (FA)HRS FA

(2'i+1)K

HYS = AL 'CHF VR ( Z R} + 0%2;) 'FEA, Y,
k=K 41

(HPS)T = AT'FARE(RY + 02E,) 1 (FA) 7 A ()T,

(15)
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Fig. 2: The characteristics of different window functions. The
shape parameter of the Kaiser window is set as 3.95.

where E; = FE|A;°Fy, E = = (FA) |As|PFA, Ay £
diag{ns} € (CNXN and A, = diag{ns} € CM™*M denote
the frequency- and antenna-domain window functions, respec-
tively. R7 € CV*N and R% € CM*M denote the windowed
versions of the delay- and beam-domain channel correlations
for the u-th user, respectively, and are given by

R} = FNA;C,P,RIPTCIANFy
L

= > Peab(e)b (),
=1

R: = (FYH)"ARIAIFA

Ly
= Zpltua @ltuaalr‘u)

=l
where b(7;;.,) and a(y; ¢, 01,.) represent the windowed
versions of b(7¢.,) and a(¢; ¢ u,01.¢.u), respectively. Fig. 2
illustrates the characteristics of different window functions.
As shown in the figure, the Kaiser and Hamming windows
exhibit stronger sidelobe suppression than the rectangular
window, thereby enabling b(7;,) and a(gi iy, 044) to
achieve improved energy concentration compared to B(Tl L)
and a(yy ¢, 01t0). This 1mphes that RT and Ra can be

approximated as band matrices RT and Ra

(16)

(‘pltuaaltu)

1,7 07
where ¢ € {7,a}. Due to the characteristics of the window
functions, both =y and =, are band matrices with narrow
bandwidths. As a result, the matrix inversion in the SA-WBCE
can be simplified to the inversion of band matrices, reducing
the computational complexity from O(N3+M?3) to O(N B2+
MB?).

Note that both SA-BCE and SA-WBCE rely on SCSI
{Tltu Pltws Ot s pl,t,u}lL:ti“- However, in practical systems,
the ideal SCSI is not known a priori and is typically obtained
by estimation [9], leading to significant processing delay. To
address this issue, we also develop a practical SCSI acquisition

(17)
otherwise,



TABLE I: Basic System Parameters

System Parameters Value
Centering frequency f. 6.7 GHz
Number of subcarriers for transmission N 816
Subcarrier spacing A f 30 kHz
Number of CDM group G 3
Number of OFDM symbols for pilots T}, 2
Number of subcarriers each CDM group N 272
Number of UE K 24
Number of BS antennas [M,, M| [4,16]
Delay spread 300 ns
Window function of SA-WBCE Kaiser window
Shape parameterof the Kaiser window 3.95

approach, which leverages the intrinsic relationship between
SCSI and the wireless channel’s scattering characteristics.
Under the principle of spatial consistency, we construct a
grid-based, location-specific SCSI database by partitioning
the service area of the BS into appropriately sized grids.
Facilitated by the multilinear structure of wireless channels,
we formulate the SCSI acquisition problem within each grid
as a tensor decomposition problem, where the factor ma-
trices are parameterized by the multi-path powers, delays,
and angles. By exploiting the Vandermonde structure of the
factor matrices, we employ a Vandermonde-structured tensor
decomposition algorithm to acquire the SCSI within each
grids. The detailed procedures of the SCSI acquisition can
be found in the full version of this paper [17].

IV. SIMULATION RESULTS
A. Simulation Configuration

In this section, we present simulation results to evaluate the
performance of the SA-BCE and SA-WBCE. We utilize well-
established QuaDRiGa model [18] to generate the channels
for simulations in the 3GPP 38.901 urban macro (UMa) line-
of-sight (LoS) scenario. The basic simulation parameters are
presented in Table I.

B. Benchmarks and Performance Metric

To demonstrate the superiority of the proposed schemes,
we compare our schemes with the following state-of-the-art
algorithms:

e OMP [19]: The orthogonal matching pursuit (OMP)
algorithm estimates delay-angular channel parameters by
applying OMP with a pre-defined dictionary from the
trivial approach results [8]. The channel is subsequently
reconstructed using the estimated parameters.

e VSD [7]: The Vandermonde structured decomposition
(VSD) algorithm exploits the channel’s inherent Van-
dermonde structure, applying tensor decomposition to
estimate the channel from the trivial approach results [8].

« EM-AMP [20]: This algorithm uses the expectation-
maximization (EM) algorithm to learn the hyper-
parameters of a Bernoulli-Gaussian prior, and then es-
timates the channel from the trivial approach results [8]
via approximate message passing (AMP).

To assess the performance of channel estimation, we adopt

the normalized mean squared error (NMSE) [9] and the

—a— OMP
—6—VsD

—»— EM-AMP

SA-BCE 1
—— SA-WBCE(Kaiser window, B, = 15, B, = 20)

NMSE (dB)

25 L L L L L I
-10 -5 0 5 10 15 20

SNR (dB)

Fig. 3: The NMSE performance of channel estimation versus
SNR.

— — —Ideal Channel
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[ | —s— EM-AMP Pid
SA-BCE s
—©— SA-WBCE(Kaiser window, B, = 15, B, = 20) -

Average rate(bps/Hz)

SNR (dB)

Fig. 4: Average effective communication rate performance
versus SNR.

average effective communication rate [5] as the performance
metric.

C. Performance Evaluation

The comparison of NMSE and average effective commu-
nication rate performance between the proposed schemes and
baseline methods is shown in Fig. 3 and Fig. 4, respectively.
By leveraging the SCSI, the proposed schemes outperform all
benchmark methods across the entire SNR range. In particular,
the proposed SA-BCE and SA-WBCE achieve an NMSE of
approximately —21.5 dB and —19.5 dB when SNR is 15 dB,
whereas the NMSE of all other benchmark methods remains
above —17 dB. The SA-WBCE exhibits inferior performance
compared to SA-BCE, particularly in the high-SNR regime.
This result stems from the approximations made during the
design process, which, in turn, contribute to a significant
reduction in computational complexity.

Fig. 5 illustrates the NMSE performance of the SA-WBCE
scheme under different band sizes and window functions. As
the band size increases, the NMSE performance improves,
albeit at the cost of higher computational complexity. In
practical applications, a balance between performance and
complexity can be achieved by appropriately selecting the
band size. Among the three window functions considered,
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Fig. 6: The NMSE performance of various schemes versus
the delay spread (SNR = 20 dB, B, = 15 and B, = 20 for
SA-WBCE ).

the Kaiser window offers the best performance. Specifically,
when B, = 15 and B, = 20, the SA-WBCE with the Kaiser
window achieves an NMSE of -21.4 dB, representing a 2 dB
improvement than SA-WBCE with the rectangular window.
In Fig. 6, we present the NMSE performance of various
algorithms as a function of the channel delay spread. The
OMP, VSD, and EM-AMP algorithms, which rely on OCC
decomposition results obtained through trivial approach [8] for
channel estimation, suffer significant performance degradation
as the delay spread increases. In contrast, the proposed SA-
BCE and SA-WBCE, which incorporate SCSI into the OCC
decomposition process to mitigate pilot interference, exhibit
minimal NMSE deterioration. Specifically, as the delay spread
increases from 200 ns to 500 ns, the proposed algorithms
experiences only a 0.5 dB NMSE loss, compared to a 6.5 dB
degradation observed in the VSD and EM-AMP algorithms.

V. CONCLUSION

In this paper, we investigated uplink DMRS-based channel
estimation for MU-MIMO systems. We first developed the
received signal model under the Type II OCC pattern. Build-
ing on this model, we proposed SA-BCE, which effectively
suppresses pilot interference by fully leveraging SCSI. To
further reduce the computational complexity of SA-BCE,

we reformulated the estimation process from the antenna-
frequency domain to the beam-delay domain and extended
the SA-BCE to SA-WBCE by incorporating the windowing
technique. Simulation results validated the superiority of the
proposed schemes.
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