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This paper proposes and examines an iterative demodulation algo-
rithm based on the optimized gradient method (OGM2) for high-
dimensional multi-user MIMO (MU-MIMO) systems, taking into
account the spatial correlation of fading. The classic MMSE algorithm,
which is effective for small antenna configurations, becomes inappli-
cable in Massive MU-MIMO systems due to its high computational
complexity. The proposed iterative approach provides a significant
reduction in computational costs while maintaining acceptable noise
immunity in conditions close to those of real communication chan-
nels. The simulation results are given for the MU-MIMO system with
antenna configurations 128x128, 256x256, and 512x512 for 4 and 8
users at the level of spatial correlation of fading equal to 0.2. It is
shown that the proposed algorithm provides a reduction in computa-
tional complexity by 2-8 times compared to the traditional MMSE
algorithm with losses in noise immunity not more than 0.1-0.2 dB in
systems with turbo coding at the level FER = 102, The results demon-
strate the robustness of the algorithm to spatial correlation, which
confirms its practical applicability in real MIMO systems.
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Introduction

Modern and future wireless communication systems impose
increasingly stringent requirements on data rates and quality of
service for a large number of simultaneously active users. Multi-
user transmission with many transmit and many receive antennas
(MU-MIMO, Multi-User Multiple-Input Multiple-Output) is one
of the key solutions for meeting these goals, enabling a base sta-
tion to serve multiple users simultaneously on the same time-fre-
quency resources [1, 2].

The transition to Massive MU-MIMO systems, where the base
station is equipped with hundreds of antennas, opens up new op-
portunities for increasing throughput [3, 4]. However, the practical
implementation of such systems faces serious computational chal-
lenges, especially at the stage of demodulating the received sig-
nals. The classical linear MMSE (Minimum Mean Square Error)
algorithm, widely used in small-scale MIMO systems, requires in-
version of large-dimension matrices, which leads to computa-

tional complexity on the order of O (L3 ) , where L — Is the number

of antennas [5, 6].

An important factor that distinguishes real communication
channels from idealized models is the presence of spatial correla-
tion between antenna elements. Ignoring spatial correlation when
developing and analyzing demodulation algorithms can lead to an
inaccurate assessment of their actual effectiveness.

The aim of this work is to study the applicability of the pro-
posed OGM2-based iterative demodulation algorithm for high-di-
mensional MU-MIMO systems taking into account spatial corre-
lation of the fading. This will allow evaluating the algorithm’s per-
formance under conditions as close as possible to real communi-
cation channels and confirming its practical relevance for modern
wireless communication systems.

1 MU-MIMO system model

Figure 1 shows the block diagram of an MU-MIMO system in
the uplink!,. Let us denote by L the total number of transmit an-
tennas (the sum of the antennas of all users), and by K — the num-
ber of receive antennas at the base station.
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Fig. 1. Block diagram of the MU-MIMO system.

1 On this line, the base station receives signals from many users.

In the considered configuration, P users simultaneously
transmit data to a base station equipped with K receive antennas;
each user is equipped with G transmit antennas. For example, the
Txq,...Tx G antennas transmit the complex information symbols

s; (l) of the first user to the Rx,....Rx antennas. The signals

received at the Rx,,...Rx; antennas are denoted by y,,....yx -

The transmit antennas of all P users simultaneously send com-
plex information symbols to the base station. Each receive antenna
of the base station receives signals from all L = P- G transmit an-
tennas of all users [7].

The MU-MIMO channel model in vector-matrix form is given
by:

P
y= 2 Hps,+n (1)
o1 PP

In expression (1) the following notations are used:
e 5 (p), i=12,...G, — is the complex symbol transmit-

ted by the -th antenna of the p -th user;

o s, =[s,(p)s.s;(p)sse ()]s p=12,...P- is the
complex column vector of transmitted information symbols of the
P -th user with dimensions Gx1 ;

. y=[y,,s¥x ] — s the complex column vector of the sig-
nal received at the base station with dimensions Kx1 .
e n=[n,..,n.]" —is the complex column vector of addi-

tive white Gaussian noise (AWGN) with dimensions Kx1, whose
elements are uncorrelated and each has zero mean and variance

202

n s

° Hp
with dimensions KxG .

Expression (1) can be written in vector-matrix form by com-
bining the channel matrices of all users into a single block matrix
and the vectors of transmitted symbols into a single column vec-
tor:

- is the complex channel matrix of the p -th user

S,

Y=[H H, H,] Sf +n- )
SP

By denoting the combined channel matrix as

H=[H, H, H, | of dimensions K xL and the combined

vector of transmitted symbols as s=[s] s, ... s.]" of di-

mensions L x1, the following model of a multi-user MIMO sys-
tem is obtained, which is formally similar to the model of a single-
user MIMO system:

y=Hs+n. )

Thus, the demodulation problem in a MU-MIMO system can
be reduced to the demodulation problem in an equivalent single-
user MIMO system with a channel matrix of dimensions KxL .
This makes it possible to apply demodulation algorithms origi-
nally developed for single-user MIMO systems.
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2 Algorithm MMSE

A large number of different demodulation methods are known
for model (1). Among them, a class of linear algorithms can be
distinguished, which have significantly lower computational com-
plexity compared to nonlinear optimal detection methods [3, 5].

The MMSE demodulation algorithm is a linear algorithm that
is optimal according to the minimum mean square error criterion
between the transmitted information symbols and their estimates
at the receiver side. The MMSE algorithm performs linear pro-
cessing of the received vector y in order to obtain an estimate

§MMSE of the transmitted information symbol vector s . The ob-

tained estimate §"% generally does not belong to the set of pos-

sible symbols @ which is determined by the modulation scheme.
Therefore, an additional nonlinear transformation of the estimate
is required in order to map the obtained values to the nearest valid

constellation symbols [8, 9].
« MMSE

The MMSE algorithm calculates the estimate $ as fol-
lows [5]:
-1
¢ = (R'H+20,1) Ry, (4)
where 1 — is the identity matrix of dimensions LxL .
oMMSE

It should be noted that the calculation of the estimate s
according to expression (4) requires a significant number of arith-
metic operations, with computational complexity on the order of (

O(L3) for L =K ). For a large number of transmit and receive

antennas, which is typical for high-dimensional MIMO (Massive
MIMO) systems, the computational complexity of the MMSE al-
gorithm becomes excessively high. This significantly complicates
or even prevents its practical implementation in such systems.

3 Iterative demodulation algorithm

Let us now consider approximate linear iterative demodulation
methods. In this case, it is necessary to optimize a scalar function

f (s) , hat depends on the vector of complex information symbols
s . As such a function f(s) we choose the following quadratic

form. Let us turn to approximate linear iterative demodulation
methods:

S (s)=lly=ns[ +205 s )

where || } || — denotes the Euclidean norm of a vector.

Let us now find the minimum of function (5). Due to its quad-
ratic form, this function has a unique minimum, which can be
found by setting its gradient equal to zero. Then, taking expression
(5) into account, we obtain:

grad (f(s)) = dfd(:)

=2-(H'-(H-s)+207 's)-2-y=0

=2:(HH+20] 1):s-2y = ©)

By solving equation (6) with respect to the unknown vector s,
the following estimate of § is obtained:
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$=(HH+20°1) HY. %

Comparing expressions (4) and (7), it can be seen that the exact
solution of the minimization problem for the quadratic function
I (s) leads to the MMSE estimate given in (4). As noted earlier,

due to the high computational complexity of calculating the exact
MMSE estimate in systems with a large number of transmit and
receive antennas, direct implementation of expression (4) be-
comes difficult or even impractical [5, 9].

Therefore, it is reasonable to avoid the exact solution in (4) and
instead use approximate iterative methods to minimize the func-

tion f'(s). A large number of iterative optimization methods are

known for solving such problems [10-12]. Among the most widely
used methods are:

e the Heavy Ball Method, which introduces a momentum
term and uses gradient information from previous iterations in or-
der to accelerate convergence [13];

e the Momentum Method, which forms an exponentially
weighted moving average of past gradients [14];

e  Nesterov’s Accelerated Gradient method, which provides
an optimal convergence rate for smooth convex optimization
problems 11];

e the Fast Iterative Shrinkage-Thresholding Algorithm
(FISTA), which demonstrates high convergence speed in large-
scale optimization problems [15];

e the Conjugate Gradient Method, which also provides
high convergence speed in cases where the eigenvalues of the sys-
tem matrix have a small spread [16];

e  quasi-Newton methods, such as the Broyden-Fletcher-
Goldfarb-Shanno (BFGS) algorithm, which approximate the Hes-
sian matrix of second derivatives [17, 18].

One of the most efficient iterative optimization methods is the
OGM2 method (Optimized Gradient Method 2) [11].

The OGM2 algorithm is an improved version of accelerated
gradient descent designed for minimizing convex functions. Com-
pared with the conventional gradient descent method, OGM2 pro-
vides a higher convergence rate, allowing the solution to be ob-
tained in a smaller number of iterations.

The algorithm belongs to the class of first-order optimization
methods, since it uses only gradient information and does not re-
quire computation of second derivatives or inversion of large ma-
trices. As a result, OGM2 has relatively low computational com-
plexity and is well suited for high-dimensional problems.

In massive MU-MIMO signal demodulation problems, the use
of OGM2 is particularly effective because the computational com-
plexity of conventional methods such as MMSE increases signif-
icantly with the number of antennas. In contrast, OGM2 is imple-
mented as a sequence of iterative matrix-vector multiplication op-
erations, which reduces computational complexity and improves
the efficiency of hardware implementation.

The operation of the proposed demodulation algorithm based
on the OGM2 method includes the following steps:

Initial conditions: S, =0 —is the initial value of the vector s ; L0

— is the algorithm parameter corresponding to the Lipschitz constant
of the function f'(s)) [19]; I —is the total number of iterations of

the algorithm; i = 0 — is the initial value of the current iteration index

l; 190 =1 —is the initial value of the acceleration parameter.

—;
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1. alculation of the gradient of the function f(s) at the cur-

rent point §; :
grad(f(s )):: ~(H’~H+Zo-2~1)~s -2-H'-y. ®)
i n i—1
2. alculation of the Lipschitz constant:

L, =8{[H]} +5-207 | ©)

where "H" . —is the Frobenius norm of the matrix H [20].

3. Calc lation of the temporary (intermediate) point:

1
yl.+1=si—L—grad(f(sl.)). (10)
0
4. Update of the acceleration pa meter ‘91 RE
1+1+66’
=—i=0;...0]-1 (11)

i+l 2

5. orrection using a weighted sum of gradients (i.e., with ac-
cumulation of gradients from all previous iterations):

z,,=8; -« Li' Z[:Hkgrad (f(sk ))

0 k=0

(12)

where o —is a tunable algorithm parameter whose value is deter-
mined experimentally during simulation depending on the antenna
configuration dimensions of the MIMO system.

6. Calculation of the estimate at the next point. This estimate
is determined as a weighted sum of y, | and z,, :

1 1
S =l l=5— 1|y, t-—2, (13)
+1 +1 +1
l [ 9i+1 \] l Hi+1 l

T7.i=i+1.

Steps 1-7 are repeated for all values of i =1...7, As a result,
an estimate § of the complex information symbol vector § is ob-
tained at the output:

S=s,. (14)
8. Next, the decoding parameter D is calculated:
D:0.22-(1+4.3-202)-202. (15)

9. Decoding, i.e., obtaining the vector of estimated transmitted
bits b , is then performed using a soft-input turbo decoder.

b=¢(3D), (16)

where ¢(...) - is the function describing the turbo decoding algo-

rithm.

The proposed demodulation algorithm differs from the origi-
nal OGM2 algorithm in the specific computation of the Lipschitz
constant L0 according to expression (9), the computation of the

decoding parameter D according to expression (15), and the in-
troduction of the tunable parameter & . During simulation, the

optimal values of parameter « , providing the best convergence
performance of the algorithm, were determined. For the 128 x128
antenna configuration, the parameter value is « =38, while for
the 256x256 and 512x512 antenna configurations, the optimal
value is a =40.

The demodulation algorithm described by expressions
(8)...(16), achieves accelerated convergence due to the additional
correction introduced by expression (12) for z which takes
into account the gradients accumulated during previous iterations.
This modification considers the contribution of all previous gradi-
ents, thereby improving the convergence rate of the algorithm.

i+l

4 Computational complexity analysis

Let us compare the computational complexity of the proposed
demodulation algorithm (expressions (8)...(16), hereinafter re-
ferred to as OGM2) and the conventional MMSE algorithm (4).
Computational complexity is understood as the number of elemen-
tary arithmetic operations (multiplications and additions) required
to execute the corresponding algorithm. In digital signal pro-
cessing systems, computational complexity directly determines
the hardware resource requirements, power consumption, and data
processing latency. The main computational operations in demod-
ulation algorithms for MU-MIMO systems are:

e matrix-vector multiplication with computational complexity
O(KL);

o multiplication of two matrices with computational complex-
ity O (KZL) :

e inversion of an L x L matrix with computational complexity

0(L3).

The conventional MMSE algorithm (4) requires inversion of
an L x L matrix, which results in a cubic dependence of the num-
ber of operations on the system dimension. In contrast, the pro-
posed iterative OGM2-based algorithm performs only matrix-vec-
tor operations at each iteration, completely avoiding matrix inver-
sion. Even when several tens of iterations are performed, the total
computational complexity remains significantly lower.

Table 1 presents the results of computational complexity anal-
ysis for the OGM2 algorithm (8)...(16) and the MMSE algorithm
(4) for antenna configurations of 128x128, 256x256 and
512x512. It is assumed that the number of transmit and receive
antennas is equal, i.e., K =L.

Table 1
Computational complexity of the OGM2 and MMSE algorithms
Number of iterations 32 -
Algorithm OGM2 MMSE
Number of multiplications 1812 +16L+10)+412 +2L| 41 +612 - L
Number of multiplications 4,323,952 8,486,784
for L =128 antennas
Number of multiplications 17,171,264 67,501,824
for L =256 antennas
Number of multiplications
for L =512 antennas 68,420,928 538,443,264
Number of additions | 772 4 87 1 5)1 2722 -] 42 +312-31L

-_—
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Number of additions for 4,291,712 8,437,376
128 antennas
Number of additions for 17,104,544 67,304,704
256 antennas
Number of additions for 68,287,648 537,655,808
512 antennas
Total number of opera- 8,615,664 16,924,289
tions for 128 antennas
Total number of opera- 34,275,808 134,806,528
tions for 256 antennas
Total number of opera- 136,708,576 1,076,099,072
tions for 512 antennas

On Fig. 2 a graphical representation of the computational com-
plexity is shown.

Computatlonal CompIeX|ty Comparlson of Algorlthms

c operations

1.088

1.08
134.8M 1367M
g 343M
16.9M
| “M I
M I

128 antennas

3
8
L 4

Nmber of operation:

2

256 antennas 512 antennas

@ 0GM2 (32 iterations) @ MMmsE

Fig. 2. Diagram of computational complexity for the OGM2 and MMSE
algorithms for 128, 256, and 512 antennas.

Based on the results presented in Table 1 and Fig. 2, it can be
concluded that the proposed iterative OGM2-based demodulation
algorithm, described by expressions (8)...(16) exhibits high com-
putational efficiency.

For a MU-MIMO system with a 128x128 antenna configura-
tion, the proposed OGM2 algorithm requires 8,615,664 arithmetic
operations when 32 iterations are performed. For the same config-
uration, the MMSE algorithm requires 16,924,289 operations.
Thus, the use of OGM2 reduces computational complexity by ap-
proximately a factor of 2. This indicates that even for medium-
scale systems, the iterative approach provides a noticeable reduc-
tion in computational cost while maintaining the required demod-
ulation accuracy.

For a system with a 256 x256 configuration, the difference be-
tween the two algorithms becomes even more pronounced. The
OGM2 algorithm requires 34,275,808 arithmetic operations,
whereas the MMSE implementation requires 134,806,528 opera-
tions. In this case, the reduction in computational complexity
reaches approximately 3.9 times. This result shows that the growth
in complexity of the OGM?2 algorithm is significantly slower com-
pared to MMSE, for which computational costs increase sharply
due to the need for matrix inversion operations of large dimension.

The most significant advantage is observed for a MU-MIMO
system with a 512x512. configuration. In this case, the OGM2
algorithm requires 136,708,576 arithmetic operations, while the
MMSE algorithm requires 1,076,099,072 operations. Conse-
quently, the reduction in computational complexity is

ELECTRONICS. RADIO ENGINEERING

approximately 7.9 times. This confirms the high scalability of the
proposed iterative method and its effectiveness for use in large-
scale massive MU-MIMO systems.

It should be noted that the advantage in computational com-
plexity becomes more pronounced as the MU-MIMO system di-
mensionality increases. This is due to the fact that the MMSE al-
gorithm requires matrix inversion, which leads to significant com-

putational costs of order O(L3) , whereas OGM2 has a substan-

tially lower complexity of O(L2[ ) Consequently, the proposed

iterative demodulation algorithm significantly reduces the compu-
tational burden compared to the conventional MMSE approach,
making it practical for large-scale MU-MIMO systems.

5 Turbo coding

Turbo coding is applied in the considered MIMO system to
improve the noise immunity of data transmission and to reduce the
probability of errors in signal reception. The use of turbo codes
enables high transmission reliability even at low signal-to-noise
ratio (SNR) values, which is especially important for multi-user
MU-MIMO systems with a large number of transmit and receive
antennas. Thanks to iterative decoding, turbo codes achieve per-
formance close to the theoretical Shannon limit and are therefore
widely used in modern digital communication systems.

Structurally, the turbo encoder consists of a parallel connection
of two systematic convolutional encoders, between which an in-
terleaver is used [21, 22]. The input to the turbo encoder is a vector
of information bits, which is simultaneously fed:

e into the first systematic convolutional encoder;

e into the second convolutional encoder through an inter-
leaver.

The first encoder processes the original bit sequence without
changing its order and generates systematic and parity bits. In the
second branch, the sequence is first permuted by the interleaver,
which changes the ordering of bits according to a predefined rule.
After that, the permuted sequence is passed to the second convo-
lutional encoder. The use of the interleaver helps to remove corre-
lation between errors and improves the efficiency of iterative de-
coding, since both encoders operate on different representations
of the same message.

At the output, a stream of encoded bits is formed. To control
redundancy, puncturing is applied in order to achieve the required
code rate [23]. Decoding is performed using an iterative method
with two MAP decoders exchanging a posteriori information [24].

6 Spatial correlation of fading

Let HW — denote the uncorrelated Rayleigh fading MIMO

channel matrix of dimensions L x K, consisting of complex, in-
dependent Gaussian random variables with zero mean and identi-
cal variances. Let H — denote the correlated MIMO channel ma-
trix, also of dimensions L x K .

The following Kronecker model of a correlated MIMO chan-
nel is well known [25]:

H= R/H,R/, (17

| T—
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where Rt — is the transmit correlation matrix of dimensions LXL ;
R, - is the receive correlation matrix of dimensions KxK . The
matrices R and R, are positive definite Hermitian matrices

with ones on the main diagonal.
For the sake of simplification, it is assumed that the correlation

matrices Rt and R, are tridiagonal matrices [3]:

1 p 0 - 0 1 po 0 - 0
pe 1 p - : e 1 p :
th 0 p 1 0); Rp={0o p, 1 - 0
: pt : : ' pr
0 0 p 1 0 0 p 1
(18)

The values of the correlation coefficients p;, and p, can be
selected to represent different types of channels.

It should be noted that in the presence of spatially correlated
fading in the MU-MIMO model (1) the channel matrix H, of

each user can be generated using the Kronecker model (17).
7 Simulation results

Statistical simulations were carried out to investigate the noise
immunity of the MU-MIMO system using the conventional
MMSE demodulation algorithm (4) and the proposed OGM2 al-
gorithm (8)...(16). The simulation conditions are as follows:

e Antenna configurations: — 128x128, 256x256
512x512.

e Number of iterations in the OGM2 algorithm — 32.

e Number of experiments — 2500.

o Spatial fading correlation coefficients at the transmitter and
receiver sides — p, = p, =0.2.

e Modulation scheme — QAM-16.

e Demodulation algorithms — MMSE u OGM2.

e Number of users — 4.

¢ Constraint length —4.

e Generator polynomials — (13,15) in octal notation.
e Frame length — 128 Our.

e Code rate — 1/2.

and

oo FERCTurbo (12)- 128 6ur

@
R 2
L 2

FER

=8~ MMSE+Turbo
Q= OGM2+Turbo
1

103
A 0 1 2 3 4 5 6

SNR (dB)

Fig. 3. Performance characteristics of the MU-MIMO system for 4 users
with a128 x128 antenna configuration.

Let us consider the noise immunity characteristics of the MU-
MIMO system using the conventional MMSE algorithm and the
proposed iterative OGM2-based demodulation algorithm. The
comparison is performed using two key performance metrics: the
Bit Error Rate (BER), defined as the ratio of incorrectly received
bits to the total number of received bits, and the Frame Error Rate
(FER), which characterizes the proportion of frames containing at
least one erroneously received bit. Both metrics are analyzed as
functions of the Signal-to-Noise Ratio (SNR).

Figure 3 shows the dependence of the frame error rate (FER
with turbo coding) on the signal-to-noise ratio for a MU-MIMO
system with a 128x128 antenna configuration, using the MMSE
and OGM2 algorithms for 4 users. As can be seen from Fig. 3, the
performance loss of the OGM2 algorithm in terms of noise im-
munity at FER =107 is only about 0.1 dB.

. FER ¢ Turbo (112) - 128 6ut
T

10—t}

FER

== MMSE+Turbo
= OGM2+Turbo
s I . . . . .
-1 0 1 2 3 4 5 6
SNR (dB)

Fig. 4. Performance characteristics of the MU-MIMO system for 8 users
with a128 x128 antenna configuration.

Figure 4 presents similar dependencies for 8 users. It can be
observed that the noise-robustness loss of the OGM2 algorithm at

FER =107 is negligible (practically zero).

FER ¢ Turbo (1/2) - 128 6ur
10 - T T

[+4
w102}

103

~—E—MMSE+Turbo
O— OGM2+Turbo
1

. . L L L
-1 0 1 2 3 4 5 6
SNR (dB)

Fig. 5. Performance characteristics of the MU-MIMO system for 4 users
witha 256256 antenna configuration.

Figure 5 shows the dependence of the frame error rate (FER
with turbo coding) on the signal-to-noise ratio for a MU-MIMO
system with a 256x256 antenna configuration using the MMSE
and OGM?2 algorithms for 4 users. From the graph, it can be seen
that the noise-robustness loss of the OGM2 algorithm at
FER =107 is approximately 0.2 dB.

e
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FER c Turbo (112) - 128 6ur
T T

10
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w 102
w 10

10-3,

=8 MMSE+Turbo
Q— OGM2+Turbo
1 | | I | |

104
5 0 1 2 3 4 5 6

SNR (dB)

Fig. 6. Performance characteristics of the MU-MIMO system for 8 users
with a 256 x 256 antenna configuration.

Figure 6 presents similar results for 8 users. It can be seen that
the noise-robustness loss of the OGM2 algorithm at FER =107
is also about 0.2 dB.

FER c Turbo (1/2) - 128 6ur
T

103F

Q— OGM2+Turbo
=1 0 1 2 3 4 5
SNR (dB)

Fig. 7. Performance characteristics of the MU-MIMO system for 4 users
witha 512x512 antenna configuration.

Figure 7 shows the dependence of the frame error rate (FER
with turbo coding) on the signal-to-noise ratio for a MU-MIMO
system with a 512x512 antenna configuration using the MMSE
and OGM?2 algorithms for 4 users. From the graph, it can be seen
that the noise-robustness loss of the OGM2 algorithm at
FER =107 is also approximately 0.2 dB.

FER c Turbo (1/2) - 128 6ur
T T

[+ 4
2|
w
10

=—HE— MMSE+Turbo
@— OGM2+Turbo
104 I I I L I
-1 0 1 2 3 4 5 6
SNR (dB)

Fig. 8. Performance characteristics of the MU-MIMO system for 8 users
with a512x512 antenna configuration.

Figure 8 presents similar results for 8 users. It can be observed
that the noise-robustness loss of the OGM2 algorithm at
FER =107 is also about 0.2 dB.

| —
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8 Conclusions

Based on the conducted statistical simulation of a high-dimen-
sional MU-MIMO system with various antenna configurations
and numbers of users, using the proposed linear iterative demod-
ulation algorithm based on OGM2, the following conclusions can
be drawn.

1. Reduction of computational complexity.The proposed
OGM2-based demodulation algorithm demonstrates a significant
advantage in computational complexity compared to the conven-
tional MMSE algorithm. For a MU-MIMO system with a
128128 antenna configuration, the gain is approximately 2.0
times; for a256x256 — configuration, about 3.9 times; and for a
512x512 — configuration, up to 7.9 times. The obtained results
show that the efficiency of the OGM2 algorithm increases with
the system dimensionality. This makes the proposed algorithm
promising for application in Massive MU-MIMO systems, where
the use of the conventional MMSE detector becomes challenging
due to high computational load and hardware implementation
complexity.

2. Acceptable  degradation in  noise immunity.
The simulation results show that the proposed iterative algorithm
introduces only a minor loss in noise immunity compared to the
optimal MMSE algorithm when turbo coding is employed. For
different system configurations and numbers of users, the energy
loss at FER =107 s approximately in the range of (0.1-0.2) dB,
which can be considered an acceptable trade-off for a significant
reduction in computational complexity of 2 to 8 times. In some
cases, for example in the 128 x128 configuration with 8 users, the
difference between OGM2 and MMSE is practically negligible,
further confirming the high efficiency of the proposed approach.

3. Robustness under spatially correlated fading. The simu-
lation results obtained for a spatial correlation level of
P =P = 0.2 demonstrate that the proposed algorithm maintains

stable performance under correlated fading conditions typical of
real wireless channels. This confirms the applicability of the algo-
rithm not only in idealized channel models with independent fad-
ing, but also in more realistic MU-MIMO operating scenarios.
Therefore, the algorithm can be effectively used in practical wire-
less communication systems.

4. Performance under different numbers of users.The anal-
ysis of simulation results for different numbers of users (4 and 8
users) shows that the proposed algorithm maintains high effi-
ciency even as the number of simultaneously served users in-
creases. This indicates good robustness against inter-user interfer-
ence and confirms its suitability for multi-user systems with high
traffic density.

5. Scalability with system dimensionality.The results ob-
tained for MIMO systems with 128x128, 256x256 u 512x512
antenna configurations confirm that the computational gain of the
proposed algorithm relative to MMSE increases with system di-
mensionality. This property is particularly important for future
Massive MU-MIMO systems, where a further increase in the num-
ber of base station antennas is expected. Thus, the OGM?2 algo-
rithm demonstrates good scalability and is capable of efficient op-
eration in large-scale systems.

Based on the obtained results, the use of the proposed iterative
OGM2-based demodulation algorithm is well justified for high-
dimensional multi-user MU-MIMO systems. The algorithm
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provides an effective trade-off between computational complexity
and noise immunity while maintaining robust performance under
realistic conditions with spatial fading correlation and inter-user
interference.

References

[1] V.B. Kreyndelin, V.A. Usachev, “LTE-Advanced Pro as the basis
for new M2M scenarios,” 7-Comm. 2017. Vol. 11, no. 3, pp. 28-32. (In
Russian)

[2] A. Kishk, X. Chen, “ MIMO Communications — Fundamental
Theory, Propagation Channels, and Antenna Systems,” IntechOpen,
2023, 342 p.

[3] D. Borges, P. Montezuma, R. Dinis, M. Beko, “Massive MIMO
Techniques for 5G and Beyond — Opportunities and Challenges,” Elec-
tronics, 2021, 10, 1667.

[4] N. Jayaweera, K. B. S. Manosha, N. Rajatheva and M. Latva-aho,
"Minimizing Energy Consumption in Cell-Free Massive MIMO Net-
works," in [EEE Transactions on Vehicular Technology, vol. 73, no. 9,
pp- 13263-13277, Sept. 2024, doi: 10.1109/TVT.2024.3392790.

[5] M.G. Bakulin, V.B. Kreyndelin, D.Yu. Pankratov, “Technology
in radio systems on the road to 5G,” Moscow: Hot Line-Telecom, 2018.
280 p. (In Russian)

[6] A. Osinsky, R. Bychkov, M. Kirichenko, V. Lyashev and A.
Ivanov, "Justification for Performance Loss Caused by Round-Off Errors
in Massive MIMO Detector Based on QR Decomposition," in [EEE Wire-
less Communications Letters, vol. 15, pp. 205-209, 2026, doi:
10.1109/LWC.2025.3624088.

[7]7J. Tian, Y. Han, S. Jin, J. Zhang and J. Wang, "Analytical Channel
Modeling: From MIMO to Extra Large-Scale MIMO," in Chinese Jour-
nal of Electronics, vol. 34, no. 1, pp. 1-15, January 2025, doi:
10.23919/¢je.2023.00.418.

[8] H. J. Park, H. Chung, S. -W. Choi and J. W. Lee, "Coded Multi-
User Extreme Massive MIMO Systems with Gauss Seidel-Aided MMSE-
PIC," 2024 15th International Conference on Information and Communi-
cation Technology Convergence (ICTC), Jeju Island, Korea, Republic of,
2024, pp. 1076-1077, doi: 10.1109/ICTC62082.2024.10826779.

[9] T. Abood, 1. Hburi and H. F. Khazaal, "Massive MIMO: An Over-
view, Recent Challenges, and Future Research Directions," 2021 Inter-
national Conference on Advance of Sustainable Engineering and its Ap-
plication (ICASEA), Wasit, Traq, 2021, pp. 43-48, doi: 10.1109/ICA-
SEA53739.2021.9733081.

[10] D. Kim, J. A. Fessler, “Generalizing the optimized gradient
method for smooth convex minimization,” SIAM Journal on Optimiza-
tion. 2018. Vol. 28, no. 2, pp. 1920-1950. DOI: 10.1137/17M112124X.

[11] A.V. Gasnikov, “Modern numerical optimization methods. Uni-
versal gradient descent method,” Moscow: MCMNO, 2021. 272 p. (In
Russian)

[12] V. G. Zhadan, “Optimization methods. Part II. Numerical Algo-
rithms. Tutorial,” Moscow, MFTI, 2015, 320 p. (In Russian)

[13] Donghwan Kim, Jeffrey A. Fessler,”Adaptive Restart of the

Optimized Gradient Method for Convex Optimization,” November 29,
2017, pp.1-18, https://arxiv.org/pdf/1703.04641.pdf

[14] Jorge Nocedal, Stephen J. Wright. Numerical Optimization. Sec-
ond Edition. Springer Science Business Media, LLC, USA, 2006, 684 p.

[15] Chee-Khian Sim, “A First Order Algorithm on an Optimization
Problem with Improved Convergence when Problem is Convex,” 14 Au-
gust 2025. https://optimization-online.org/wp-content/up-
loads/2025/08/NonconvexFISTA Ver6.pdf

[16] Ross, 1. M., "An Optimal Control Theory for Accelerated Opti-
mization," arXiv:1902.09004, 15 Mar. 2022.
https://arxiv.org/pdf/1902.09004

[17] L. Li and J. Hu, "An Efficient Linear Detection Scheme Based
on L-BFGS Method for Massive MIMO Systems," in /EEE Communica-
tions Letters, vol. 26, no. 1, pp. 138-142, Jan. 2022, doi:
10.1109/LCOMM.2021.3121445.

[18] L. Li and J. Hu, "Fast-Converging and Low-Complexity Linear
Massive MIMO Detection With L-BFGS Method," in IEEE Transactions
on Vehicular Technology, vol. 71, no. 10, pp. 10656-10665, Oct. 2022,
doi: 10.1109/TVT.2022.3185967.

[19] Yu.E. Nesterov. Introduction to Convex Optimization. Moscow:
MCMNO, 2010. 262 p. (In Russian)

[20] J. Golub, Ch. Van Loan. Matrix computations. Moscow: Mir,
1999. 548 p. (In Russian)

[21] M. Bakulin, V. Kreyndelin, A. Rog, D. Petrov, S. Melnik, "Low-
complexity iterative MIMO detection based on turbo-MMSE algorithm,"
Lecture Notes in Computer Science (including subseries Lecture Notes in
Artificial Intelligence and Lecture Notes in Bioinformatics), 2017, 550-
560, 10.1007/978-3-319-67380-6_51

[22] Y. Zhao, "Research and Application Analysis of Turbo Code De-
coding Algorithms," 2024 IEEE 2nd International Conference on Image
Processing and Computer Applications (ICIPCA), Shenyang, China,
2024, pp. 1-5, doi: 10.1109/ICIPCA61593.2024.10709190.

[23] T. Gendron, E. Boutillon, C. A. Nour and D. Gnaedig, "Revisit-
ing augmented decoding techniques for LTE Turbo Codes," 2021 11th
International Symposium on Topics in Coding (ISTC), Montreal, QC,
Canada, 2021, pp. 1-5, doi: 10.1109/ISTC49272.2021.9594119.

[24] Rolf Johannesson; Kamil Sh. Zigangirov, "Turbo Coding," in
Fundamentals of Convolutional Coding, 1EEE, 2015, pp.567-592, doi:
10.1002/9781119098799.ch9.

[25] V. B. Kreindelin, D. Yu. Pankratov, “Analysis of the Radio
Channel Capacity of a MIMO System under the Conditions of Spatially
Correlated Fadings,” Journal of Communications Technology and Elec-
tronics, 2019, Vol. 64. No. 8, pp. 863-869.

[26] M.G. Bakulin, V.B. Kreyndelin, "The problem of spectral effi-
ciency and capacity increase in perspective 6G communication systems",
T-Comm, 2020, vol. 14, no.2, pp. 25-31. DOI: 10.36724/2072-8735-
2020-14-2-25-31.

[27] M.G. Bakulin, T.B.C. Ben Rejeb, V.B. Kreyndelin, D.Y. Pank-
ratov, A.E. Smirnov, "Code domain NOMA in 3GPP specifications: 5G
or 6G?" T-Comm. 2022, vol 16, no. 1, pp. 4-14. DOI 10.36724/2072-
8735-2022-16-1-4-14.

T-Comm Tom 20. #6-2026




ELECTRONICS. RADIO ENGINEERING

UTEPALMOHHbIA ANNTOPUTM AEMOAYNALUN HA OCHOBE METOAA NrPAAMEHTHOIO MOUCKA
Ana CUCTeM MU-MIMO C 5OJ1LLLIMM YNCJTOM AHTEHH

BeH Pexeb CopusH Ben Kamenb, Mockosckuli mexHu4eckull yHusepcumem ceasu u uHgopmamuku, Mockea, Poccus,
sbenrezheb@yandex.ru

KpetuHdenun Bumanui Bopucoeuy4, Mockosckuli mexHuyeckuti yHusepcumem cesasu u uHgpopmamuku, Mockea, Poccus,
vitkrend@gmail.com

AHHOTaUMA

B paHHoM paboTe npegnaraeTca U UCCNefyeTCA UTEPALMOHHBINM aNirOPUTM AeMOAYNALMM Ha OCHOBE OMTUMU3UPOBAHHOIO rpaaneHTHoro Metoga (OGM2)
Ana MHorononb3oBatenbckux cucteM MIMO (MU-MIMO) Bbicokoii pa3MEpPHOCTU C y4eTOM MPOCTPAHCTBEHHON KOppenAuun 3amupanuii. Knaccuueckuii
anroput MMSE, 3¢pdeKTUBHbIN ANA MasibiX aHTEHHbIX KOH(UrypaLWi, CTAHOBUTCA HeMpUMeHWMbIM B cuctemMax Massive MU-MIMO u3-3a Bbicokoit
BbIYMCIIUTENBHOM CNOXHOCTU. [MpeanaraeMblil UTepaLMOHHBIV NOAXO ObecneynBaeT 3HaUUTENbHOE CHKEHME BbIYUCIIUTESbHBIX 3aTpaT NpU COXPaHEHUM
NpueMneMoii MOMEXOyCTOMYMBOCTM B YCNIOBUAX, MPUGIMMKEHHBIX K YCNOBMAM peanbHbiX KaHanoe ceasu. [lpueBoaaTca pesynbTaTbl MMMTALMOHHOrO
MopaenupoBauua Ana cucteMbl MU-MIMO c¢ koHdurypaumamm anteHH [28x128,256x256 u 512x512 gna 4 v 8 nonb3oBateneit mpu ypoeHe
NPOCTPaHCTBEHHO! KOppenALMM 3aM1panuii, paeHoM 0.2. MokasaHo, 4To npeAsiaraeMblit aNrOPUTM OGeCneHMBaET CHIKEHNE BbIYUCITUTENBHOM CMOXHOCTM
B 2-8 pa3 no cpaBHEHMIO C TpaAULMOHHbIM anroputvoM MMSE npu notepax B nomexoyctoitumsoctn He 6Gonee 0.1-0.2 ab B cucremax c
Typ6okoampoBaHmeM Ha yposHe FER = 10°2. PesynbTaTbl JeMOHCTPUPYIOT YCTOMYMBOCTb anifOPUTMa K MPOCTPAHCTBEHHOM KOPPENALMM, YTO MOATBEpKAaeT
€ro MpaKkTUHecKyto NpUMEHUMOCTb B peasibHbix cucteMax MIMO.

Knio4eebie cnoea: MU-MIMO, Massive MIMO, MMSE, OGM2, npocmpaHcmeeHHas Koppenauus, noMexoycmouiyugocms, 8bI4UC/IUMESIbHAA CI0)KHOCMb, myp6okod, QAM
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