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Abstract

Multi-user multiple-input multiple-output (MU-MIMO) technology is widely regarded as a key enabler for next-generation wire-
less communication systems (WCS), since it exploits spatial degrees of freedom to increase system throughput without requiring
additional bandwidth. However, realizing these gains in practice depends on effective base station (BS)-to-user association
and transmit power allocation policies, and on accurate channel state information (CSI) for interference-suppressing precoding.
Because uplink feedback bandwidth is limited, base stations in practical MU-MIMO deployments typically operate with only
partial CSI, which weakens interference suppression, lowers the signal-to-interference-plus-noise ratio (SINR), and ultimately
reduces both the achievable data rate and the energy efficiency (EE) of the system. At the same time, the growing energy demand
of wireless networks makes energy-efficient design, rather than throughput alone, an increasingly urgent objective. Motivated
by this gap, this paper investigates the joint optimization of user selection and power allocation for maximizing system EE in
MU-MIMO systems operating under limited feedback, subject to constraints on maximum transmit power and quality of service
(QoS). The resulting optimization problem is formulated as a mixed-integer nonlinear programming (MINLP) model, which is
both non-convex and NP-hard, making it intractable to solve directly. To overcome this difficulty, fractional programming is
used to recast the problem into an equivalent subtractive form, after which an iterative algorithm is developed that combines
a modified Kuhn-Munkres algorithm for optimal user selection with a Lagrangian dual decomposition technique for optimal
power allocation. Extensive simulation results show that the proposed algorithm consistently achieves higher system EE and
throughput than existing energy-efficient joint user selection and power allocation (JUSPA) schemes under limited feedback,
while converging within a small number of iterations and incurring only modest computational overhead. These findings confirm
that explicitly accounting for the impact of limited feedback on SINR, rather than assuming perfect CSI, is essential for realizing
energy-efficient resource allocation in practical MU-MIMO networks.
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1. Introduction

Multi-User Multiple-Input Multiple-Output (MU-MIMO)
systems are systems capable of utilizing spatial resources effec-
tively to boost throughput in broadband wireless communication
systems (WCS) without requiring additional bandwidth. To fully
harness the advantages of MU-MIMO, it is vital to implement
effective strategies for base station (BS) to user associations
and transmit power allocation [1, 2].Given the dynamic and
location-sensitive nature of wireless channels in MU-MIMO
environments, user scheduling is employed to exploit favorable
channel conditions while avoiding poor ones. This strategy
enhances spectral efficiency by prioritizing users experiencing
better channel states [3] .

The growing demand for environmentally sustainable commu-
nications has brought energy consumption to the forefront [4].
The proliferation of mobile devices and the surge in data traffic
have significantly increased energy usage. Therefore, energy-
efficient design strategies are essential, aiming to maximize the
number of bits transmitted per unit of energy consumed. Among
these strategies, optimal power allocation is key to achieving
energy-efficient communication. According to Shannon’s the-
ory, the achievable data rate depends on spectrum bandwidth,
transmission power, and channel conditions simultaneously.
Therefore, to maximize energy efficiency (EE), user selection
and power allocation must be jointly optimized. Another signif-
icant challenge lies in precoding, which is used in MU-MIMO
systems to mitigate co-channel interference among users. This
process depends on accurate channel state information (CSI).
However, acquiring full CSI is challenging in practice due to
the limited availability of uplink bandwidth, which restricts
the amount of feedback that can be transmitted. Consequently,
systems rely on limited feedback, which impairs the ability
to fully suppress interference. As a result, the base station’s
signal-to-interference-plus-noise ratio (SINR) is reduced, which
lowers the system’s overall energy efficiency and the possible
data rate.

Existing studies on joint user selection and power allocation
largely focus on scenarios assuming full channel state informa-
tion (CSI) feedback [5-9], which limits their effectiveness in
optimizing energy efficiency (EE). To the best of our knowledge,
little research has been done on the joint optimization of power
allocation and energy-efficient user selection in MU-MIMO sys-
tems under limited CSI feedback. Driven by this research gap,
the current study suggests an energy-efficient architecture that
simultaneously optimizes power allocation and user selection,
accounting for limited input, while meeting maximum transmit
power restrictions and quality of service (QoS) standards.
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The novelty of the present work lies in jointly solving user
selection and power allocation for energy-efficiency maximiza-
tion under an explicit limited-feedback constraint, using a
closed-form feasible-rate expression combined with a modified
Kuhn-Munkres assignment algorithm and a Lagrangian dual
decomposition technique, rather than assuming full CSI or
treating user selection and power allocation as separate design
stages. Recent studies continue to explore adjacent aspects of
this problem: dynamic user-selection strategies for MU-MIMO
downlink precoding under limited feedback have been pro-
posed in [10], energy-efficient joint antenna selection and user
scheduling for massive MIMO has been examined in [11], and
the present authors have separately investigated energy-efficient
power allocation for cell-free massive MIMO architectures in
[12]. None of these works, however, jointly optimizes user
selection and power allocation with Block-Diagonalization pre-
coding for MU-MIMO systems operating under an explicit
limited-feedback constraint, which is precisely the gap ad-
dressed here. For transparency, we note that a subset of the
present authors previously investigated a related but distinct
energy-efficiency optimization problem for MU-MIMO systems
in [13], which addressed joint remote-radio-head (RRH)-user
selection, transmit-antenna-number adjustment, and power al-
location via a Lagrange dual decomposition and successive
convex approximation approach. The present manuscript dif-
fers in problem formulation, precoding design, and solution
method: it considers a fixed BS-antenna configuration with
Block-Diagonalization precoding for multi-antenna users, for-
mulates user selection via a modified Kuhn-Munkres assignment
algorithm rather than antenna-number adjustment, and reports
new simulation results under limited-feedback conditions not
considered in [13].

The optimization issue is classified as a mixed-integer non-
linear programming (MINLP) problem, which presents major
computer hurdles because it is non-convex and NP-hard. In
order to get around this, fractional programming is used to
reformulate the problem into a more manageable subtractive
form. Next, a modified Kuhn-Munkres algorithm for optimal
user selection and a Lagrangian dual decomposition method
for optimal power allocation are incorporated into an iterative
process to improve energy efficiency.

The following is a summary of this work’s main contributions:

1) The feasible data rate of a user under restricted feedback

settings is obtained using a simple closed-form formula.
This expression serves as the foundation for an energy
efficiency optimization framework that is organized in an
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intermediate form that reduces computational complexity

by directly capturing the user’s data rate.
2) We suggest an energy-efficient approach that simultane-
ously maximizes power allocation and user selection. For
optimal user assignment, the algorithm uses a modified
Kuhn-Munkres method; for optimal power allocation, it
uses the Lagrangian dual decomposition technique. This
method is particularly suited for real-world implementa-
tion in MU-MIMO systems since it guarantees globally
optimal solutions while retaining minimal computational
cost.
Comprehensive simulation studies are performed to eval-
uate the performance and robustness of the proposed

3)

algorithm. The results confirm notable improvements in
energy efficiency over existing methods.

The rest of this document is structured as follows: Section 2
reviews the existing literature. Section 3 presents the system
model for MU-MIMO systems with limited feedback. Section 4
presents the proposed optimization approach for energy-efficient
joint user selection and power allocation. Section 5 presents
performance evaluations and a detailed discussion of the results.
Finally, Section 6 summarizes the key findings and suggests
possible avenues for future research.

2. Related Works

Previous research has mostly focused on either power allo-
cation [1, 12, 14] or user selection [5] and [15]. However, by
tackling both factors simultaneously, current research trends
have shifted toward improving overall system energy efficiency.
In order to reduce intercell interference, for example, the study
in [3] suggested a Joint User Selection and Power Allocation
(JUSPA) strategy.Similarly, research in [16] and [7] used JUSPA-
based algorithms to increase MIMO systems’ spectral efficiency.
Considering user delay requirements, the authors in [6] inves-
tigated downlink JUSPA in a single-cell distributed antenna
system. Furthermore, [16] presented a novel algorithm that
concurrently improved precoding, power allocation, and user
selection, resulting in significant increases in system throughput.
Additionally, the authors of [15], [5], and [17] created JUSPA

25

algorithms with the goal of maximizing energy efficiency.

The goal of the JUSPA algorithms created in [18] and [19]
was to maximize spectrum efficiency while maintaining pro-
portional fairness. The authors of [7] suggested an algorithm
that integrated beamforming, transmit power, and optimum user
selection while taking interference and fair resource distribu-
tion among users into account. In [20], resource allocation
algorithms that optimized subchannel and power distribution in
downlink multi-user MIMO-OFDM networks were investigated.
Additionally, [21] presented a technique to take advantage
of multiuser diversity in MIMO-OFDM systems by concur-
rently allocating subcarriers, bits, and power. The authors of
[8] suggested an integrated approach for beamforming, power
regulation, and user selection in multi-user MIMO-OFDM sys-
tems. Lagrange dual decomposition is used to maximize system
throughput. In order to reduce overall power consumption, the
study in [22] examined a JUSPA technique for MIMO systems
with delay limitations. A low-complexity JUSPA technique for
MIMO systems with faulty CSI was presented by the authors in
[23]. Additionally, JUSPA approaches for huge MIMO systems
were the focus of the research in [9] and [14], with an emphasis
on lowering overall power consumption.The lack of an efficient
design framework that improves energy economy through power
allocation and user choices, particularly in MU-MIMO systems
operating under limited feedback settings, is the main driving
force for our work.

3. System Model and Problem
Formulation

We consider MU-MIMO systems operating under a con-
strained (limited) feedback CSI regime, where the base station
(BS) is equipped with multiple antennas, as illustrated in Figure 1.
Up to M users may be scheduled simultaneously, with user m
equipped with k,,(1 < m < M) receive antennas. Rayleigh
fading can be used to represent the channel between the BS and
the users. Nevertheless, 80% of the network’s energy is used
by the base station (BS), mostly during the downlink transmis-
sion phase. Thus, we shall examine the network’s downlink
transmission in this research [24].
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Figure 1. System Model.

Figure 1: System model. The base station (BS), located at the
centre of the hexagonal cell, communicates with M distributed
user equipment (UE) — shown here as a router, an access point,
a smartphone, a handheld terminal, and a vehicle-mounted ter-
minal — each over a dedicated downlink data-stream link and an
uplink feedback link. The dash-dotted BS-to-BS links at the cell
edge represent inter-cell communication boundaries, illustrating
that each UE’s channel state information and feedback are local
to its serving BS under the limited-feedback constraint studied
in this paper. In MU-MIMO systems, precoding techniques
are employed to eliminate co-channel interference among users
sharing the same time-frequency resource, which influences the
maximum number of users that can be scheduled. Dirty Paper
Coding (DPC) is a commonly used precoding technique; how-
ever, its high computational complexity makes it impractical..
However, zero forcing (ZF) and Block diagonalization (BD) are
widely used practical precoding transmission techniques. In this
paper BD is applied because the users have multiple antennas.

26

In BD technique, a well-made precoding matrix can be used to
remove the interference.

3.1. Modeling Assumptions

To keep the optimization problem tractable while preserving
its essential practical features, the following modeling assump-
tions are adopted throughout this paper:

1) The wireless channel between the BS and each UE follows
block Rayleigh fading, i.e., channel coefficients remain
constant over one scheduling interval and vary indepen-
dently between intervals.

2) The BS has access only to limited (quantized/partial) chan-
nel state information (CSI) fed back by each UE, rather
than full or perfect CSI.

3) Each UE is equipped with &,, > 1 receive antennas, and
the number of spatial streams assigned to a scheduled UE
does not exceed k.
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4) User scheduling decisions and power allocation are per-
formed jointly and centrally at the BS once per scheduling
interval.

5) Perfect time and frequency synchronization is assumed
between the BS and all UEs.

6) A single-cell scenario is considered; inter-cell interference
is not explicitly modeled .

3.2. Rationale for Block Diagonalization
Precoding

Precoding is required in MU-MIMO systems to suppress
co-channel interference (CCI) among simultaneously sched-
uled users sharing the same time-frequency resource. Dirty
Paper Coding (DPC) achieves the information-theoretic capac-
ity region of the MIMO broadcast channel, but its successive,
non-linear encoding procedure incurs computational complex-
ity that grows rapidly with the number of users and antennas,
making it impractical for real-time implementation. Zero-
Forcing (ZF) precoding is a much lower-complexity linear
alternative, but it is designed primarily for single-antenna re-
ceivers; when applied to users with multiple receive antennas
it either wastes spatial degrees of freedom or requires ad hoc
antenna selection at the receiver, and it is also known to suffer
from noise enhancement when the effective channel is poorly
conditioned. Block Diagonalization (BD) generalizes ZF to the
multi-antenna-receiver case: by nesting a receive-side singular
value decomposition (SVD) within the precoder design for each
user, BD completely eliminates inter-user interference while
allowing every scheduled UE to retain the full spatial multiplex-
ing gain of its k,, antennas, at a computational cost that remains
polynomial in the number of users and antennas. Because every
UE in the system model of this paper is equipped with multiple
antennas, BD is therefore selected as the precoding technique
that best balances interference suppression, spatial efficiency,
and implementation complexity for the problem considered

Tm c HKTka Xm c Hk’nXI,

it follows :

M M
Y = Hyn D Tjxj + 2 = HyTnXon + Hy > T3 + 2

Jj=1

where H,, € HX7*%m represent Gaussian random channel ma-
trix of user m, generally, K; > k,, and rank(H,,) = k.
Zm € H*"* represents the additive white Gaussian noise with
the zero mean value and covariance matrix. o>, where Iy,

here.

3.3. Rationale for the Modified Kuhn-Munkres
User-Selection Algorithm

Conventional user-selection strategies for MU-MIMO
scheduling are typically either greedy (ranking users by in-
stantaneous channel gain or SINR and selecting sequentially,
which is fast but offers no global optimality guarantee and
can converge to a locally optimal assignment) or exhaustive-
search-based (which guarantees the globally optimal assignment
but has factorial complexity O(M!) and is computationally in-
tractable for realistic values of M). The classical Kuhn-Munkres
(Hungarian) algorithm instead solves the bipartite assignment
problem to global optimality in polynomial time by iteratively
augmenting a feasible labeling until a perfect matching is found.
In this paper, the Kuhn-Munkres algorithm is modified to op-
erate directly on the energy-efficiency utility metric derived in
Section 4, rather than a fixed cost matrix, and it is embedded
within the outer Lagrangian dual decomposition loop so that
user selection and power allocation are jointly refined at every
iteration. This modification reduces the per-iteration complexity
of the user-selection stage to O (M?) (Section 5) while retaining
the algorithm’s key advantage over greedy heuristics: at each
iteration it returns the assignment that maximizes the aggregate
utility metric among all feasible one-to-one matchings, rather
than a locally optimal or arbitrary ordering. This combination
of global optimality (within each iteration) and polynomial
complexity is why the modified Kuhn-Munkres algorithm is
more suitable for the problem considered here than either greedy
selection (lower complexity but no optimality guarantee) or
exhaustive search (globally optimal but computationally in-
tractable). In the BD method, the precoder is constructed using
singular value decomposition (SVD) [25] Let the precoding
matrix, the transmitted signal vector, and the received signal for
user m be denoted as follows:

Ym EHk’"Xl, m=12....M
(H
Jj=1
denotes an identity matrix.
LetH = [HlT,HZT, .. ,H;_I,H,,H_], . ,H;/I]T and assume
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H,, is a full rank matrix, i.e., rank (H) = Z?’il

matrix 7,,,(T;) above satisfies T, = V,ilo) . V,E,O) can be achieved

k j, the precoding
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by employing singular value decomposition (SVD) on H,, and
can be written as:

Ay = Unl )01V, Virl? @)

The number of columns of H,, must not be more than the
number of rows of H,,. It implies that the upper bound of ,,, is
given by

Z kj<Kr, Ym=12,...M (3)
Jj=1,j#m

Moreover, V!, can be achieved by utilizing SVD on H,,V,\"":
HpVy = U [ A, 01 [V, Vil @

where U ;n denotes a left unitary matrix.A,, denotes a diagonal
matrix which consists of the singular values of H,,V9. [V}, V9]
represents a unitary matrix, where the columns of V! and V2
correspond to the non-zero and zero singular values right unitary
matrixes of H,,,V9, respectively. We choose T,,, = V9, which is

’

the precoding matrix of user m . Substituting Ty, into (1), we
obtain

Y = HyVom + H D Vixj+ 2 )
j=1l,j#+m

v,?{ = V,% if VJ/. = V; in (4), then CCI in (5) is zero,
but quantization error of codeword leads to residual CCI ,
Hy 2jot jem VJ(.)/x 7. When the CCl is present, SINR is needed
to derive an expression for the achievable bit rate of the user. In
this paper, we introduce the concept of multi-channel integrated
Signal-to-Interference-plus-Noise Ratio (SINR) and demon-
strate how it relates to consumers’ achievable bit rates. We
define the multi-channel integrated SINR as a number directly
proportional to the user’s feasible bit rate, since codewords are
assigned to users on each subcarrier. When the User Equipment
(UE) applies the Minimum Mean Square Error (MMSE) re-
ceiver [26], the estimated signal for user m can be expressed as
follows:

M
x;n =8mYm = gmHmV;%xm + gmHm Z V;)lx]‘ + 8&mim 6)

This expression consists of three terms representing the useful
signal, interference signal, and noise signal, respectively, the
equilibrium matrix is denoted g,,.Various techniques, including
zero forcing and MMSE algorithms, can be applied to construct
the matrix g,,. In this work, the MMSE receiver is selected
due to its superior performance compared to the zero forcing
approach. The MMSE receiver operates by minimizing the

MmE[ux;n —xm||2] -E

Where tr is the trace of user channel matrix. Take the partial
derivative with respect to g,, and let it be zero, we obtain

Yo g ym = xp ym ©)

and

-1
gm = (Hmvm>”((Hmvm)(Hme>” + %Ikm) (10)

H

=ZUH(U ZiUH+lI )_I:idia( ! ! !
S = LB \Tm 2y £y T gt | S 2 S\ g T g

m

Jj=1,j#m

square root of the error between the estimated signal and the
original signal:

mlnE[Hx;n — xm][?

= E[(x;,, —xm) (G —xm)| (D)

where x;n estimated signal and x,, is the original signal.
Substitute x;n = gmYm into (7), it follows;

[tr (yﬁgﬁfgmym — e X = X} gmym + x,’,fxm)] )

where () represents the conjugate transformation matrix,
(~)_1 represent converse matrix, Ix,, = k, X k;, unit matrix

B= Substitute H,, = Uy, 3, VE into (10), it follows

Mo?’

T
B
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where A,,, is the k-th singular value of user m’s channel matrix.

(12) shows that the MIMO channel can be divided into r,,
comparable channels.
The useful signal power in the kth analogous channel can be
written as:
2 2
I |V LIVELL = | PV
2+ 3 2, +—

where [V, = k-th column of the user’s right unitary matrix,
[V71k = [Vilk = k-th column of the precoding matrix. The
interference signal’s associated power can be written as:

2
my

2 /12 2
, me Ay
/12 + 1 [Vm]kH[VJ(') ]k - [Vm]g [VJO ]k

my l_g

2 1
2, +1

Therefore, in the k-th equivalent channel of user m, the ratio
of useful signal power to interference plus noise power SINR,;,,

/12
o 0 0
, 1
/lml + E
0 0
A2
, 0 0 - :
Xy = m; + B
0 0 0
0 0 0
0 0 0
L 2
d 0 0 0
, 1
A, + —
0 0 0
/12
0 0 o r 0
+ Ay + =
0 0 0
0 0 0 0
i 0 0 0 0
+8mim
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Substitute (11) and H,, = Uy, 3, VH into (6) yields:

0 0 0
0 0 0
0 0 0
VEVO x
0 0
AZ
0 2 0
2 1
my ﬁ
0 0
0 0
0 0
0 0
M
Vi 2 j=1 V?xj
J*Fm
0 0
3, 0
2 1
A, +—
¥
0
can be expressed as:
2
A [V ) TVir Tk

SINRmk— )
1
+ =

Vil IV 1

2
/lmk Zj:l,jim

1
because SINR,,, > E, it follows

)[vm];? \Z4P

SINR,,, = -

[Vl H VY 1

Zj:l,jim

12)

13)

(14)

Hence, the achievable bit rate of user m can be written as:

'm

Ry =B log,(1+SINR,,)
k=1

(15)
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An alternate theorem is used to obtain an intermediate ex- Theorem 1
pression that appropriately represents the user’s achievable bit >
rate because the expression represented by equation (15) has a
large processing load. This intermediate expression, rather than R, = log, ( 1+ —
the original expression given in equation (15), will be the basis r

for the design of user selection and subcarrier allocation in the

7474

. ) (16)

vH nvj‘?’

m
Zj:l,j#m
D

following section. Proof

log,(1 + SINR,,,) is a convex function. We derive the fol-
lowing using the Jensen’s inequality characteristic of convex
function in [25]:

& 1 & 1 1
> — log, (1+ SINRy,) 2 log, (1 +> r—SINRmk) = log, (1 + r—SINRmk) (17)
k=1"™ k=1"™M m
Where
<1 1 R
> —log, (1 +SINRy,) = — log, (1 + SINR,, ) = == (18)
=1 'm "'m "'m
Substituting (17) into (18), we can get:
Ym 1 Ym 1
Ry = rmlogy [1+ Z —SINRp, | 2log, [1+ Z —SINRm, (19)
=1 'm =t 'm
According to (14), Z;’il SINR,,, canbe expressed as
m Vaul H VO, [ Vol H VO 1P
$ iy, - IO S
= Y g |Vl VO Y [Vl TV 1]
Hryo |2 Hyo' [?
‘[Vm]l [Vm]ll |[Vm]k [Vm]k|
+ oo + + “ e
M Hyo [ M Hiyo | (20)
j:1,j¢m‘[vm]1 [Vj ]l‘ j:1,j¢m‘[vm]k [Vj ]k’
H 0/ 2
v,
2
M Hy,0
1o [V,

Where || - II%) denotes the sum of squares of the diagonal element k € r,,. log, (1 + D éSINRmk) is the monotonic function

of ¥\, $SINRmk, SO

1 1 A AV
logy [ 1+ — > SINRy, 210g2(1+r— - STt e (17)
L m SV o [VATH V1] M IVSIH Ve
Substitute (20), (21) into (19), we can get:
L VP

, Hence theorem is proved!

Ry >logy |1+ — ——
m S0 e VT V]2

30
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From the theorem the expression

Vol !Vl
M 7 1H 712
Mo VAV
represents the lower bound of the achievable bit rate.
1H {71 |2
Vi Vil
M 71H71|2
S o VAV
to noise ratio brought on by the codeword’s quantization error.
Suppose quantization error = 0, V., = V., and \71 = Vj(.) since V}
‘o 1H7112
is in the null space of H, the interference Y. =1 jEm 143 Vil
becomes zero, which allgns with the notion of BD precoding.

However, the base station cannot compute Y% viH V} 2

can be viewed as the user terminal’s signal

j=1,j+m |
directly, because in addition to using codeword V!, to execute the
precoding, it still uses the actual channel parameter V.. When
choosing users in the base station, it is required to substitute the
codeword V), instead of V, as the base station can only obtain
the codeword from the codebook, it is necessary to replace V!

1 TH7112 5 .
with V), in Z] 1J¢m|Vm V; |7, it follows:

VIHVI 2
SINR,, = — o Yl @2)
j=1lj#+m |Vm Vj|

SINR,, in (22) can be expressed as the multi-channel inte-
grated SINR of user m on subcarrier n. Instruction cycle of add
= 1, instruction cycle of log = 8 [27]. The number of instruction

1
cycles of using the multi-channel integrated SINR is . less
'm
than that of computing user achievable bit rate directly.
p = (pm) is the user selection and p = (p,,) is the transmit
power of the user m

p:
1,

{o,

For the user selection, the intermediate expression that ac-
curately represent the user’s attainable bit rate is provided by

user m selected at the BS,

otherwise

pm|[VEVS,

M
ZJ’:l,j;ﬁm

.
N

rm
R, = BmeIng 1+
k=1

Therefore, the total system throughput is given by

3

L 112
u o [Vi1V3)
Ry=Bpm ), Ylog|l+ —————L | (4)

M Hy0
Jj=1j#m k=1 ijl’#mHVmVj |D

~
I

4. Energy Efficiency Optimization

Concerns over power consumption and environmental sus-
tainability have made energy efficiency (EE) in wireless commu-
nication systems more important. The ratio of the total system

31

throughput to the total power used is known as EE [28]. Per our
research, no work has investigated Energy Efficient optimization
under restricted feedback settings using joint power allocation
and user selection. Inspired by this gap, we suggest an energy-
efficient optimization method that uses limited feedback CSI in
Multi-user MIMO systems to jointly perform power allocation
and user selection. EE can be optimized in the following ways

based on the overall system throughput and power consumption:
The user m’s overall system throughput is represented below;

r

M
Ry = Bom Z log
N T

el

3

(25)

~
I

4.1. Problem Formulation

During the downlink communication step, power consump-
tion is considered. We concentrate on a realistic power con-
sumption model because the base station (BS) uses a large
amount of power. The total power transmitted is provided by ;

Py =Pr+ P, (18)

and Pr = M P,, where P, is the fixed circuit power consump-
tion and is the transmit power. The system energy efficiency
can be defined as the total achievable data rate to the total power
consumption which can be expressed as ;

_ SM Ru(p, p)
Py(p,p)

we represent p and P as p, and P, correspondingly. The
optimization problem can be written as

Pys(p, P)

(19)

max
pP.p

Pl: max n(p.p) = (28)

st. Cl:p,€{0,1} Vm

C2 Pm =1

M
m=1

C3: pmRy =2 Rnin, VYm

C4: mepm < Phax Vm
m=1
C5:pn=20 Vm



International Journal of Wireless Communications and Mobile Computing

http://www.sciencepg.com/journal/wcmce

Where and ensures user selection in a BS. guarantees QoS
requirements for the users, represents the maximum transmit
power constraint for the BS, indicates that the transmit power is
always positive.

4.2. Problem Transformation

Most of the time, there is no workable solution to the non-
convex, MINLP issue P1. The fractional form is transformed
into integral form in order to address this issue.

M
F(p) =max > Ru(p, P) = nPs(p, P) (29)
p-p m=1
Suppose p*, P* indicate the best options for power allocation,

subcarrier allocation, and user selection, respectively, and n*
represents the optimal EE,

M
Z‘4m:1

Ps(p*,P*)

Z%:l R, (p, P)
Ps(p, P)

Ry (px, P*)

*_

(30)

on condition that

M
F(%) = max " Ru(p,P) =nPs(p,P) =0  (31))

m=1

Finding the optimal answer for the initial problem is equiva-
lent to finding the optimal answer for (31). Therefore, we can
emphasize the solution to (31)by rephrasing the issue as;

{PZ :max, p > Ru(p, P) —nPs(p, P) (32)

$.t.C1,C2,C3,C4,C5

We investigate the properties of the problem’s objective func-
tion and constraints in order to find a solution. Furthermore,
if and only if the condition is met, the problem in (31) has a
workable solution.

4.3. Relaxation

{c1 :pm €{0,1} Vm 33

C2:3M p,=1 Vm

The MINLP problem in (33) is solved using relaxations and
decompositions. Constraints C1 and C2 are loosened using
continuous variables.To tackle (28), the problem is decomposed
into two subproblems: the user selection subproblem and the
power allocation subproblem.
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4.4. User Selection Subproblem

Presuming that the same power is assigned to each subcarrier,

max

ie. P, = N Vm, the problem in (28) can be transformed
into w
_1 R (p*
P3: max, BN py, Zm=t Kl
Ps(p*) 34)
Si. Cl:pme{0,1} Vm (

C2: M p,=1,Ym

The optimization problem with mixed integer constraints
presented in equation (34) requires a notably high computing
cost. In terms of the optima matching problem, the optimiza-
tion problem is similar to a complete bipartite graph given
the constraints in user selection. Additionally, the greatest
perfect weight matching in a complete bipartite graph is found
by solving the optimal matching problem using the modified
Kuhn-Munkres (KM) algorithm [29]. Using the fastest path
search in the enhanced route algorithm, a modified KM algo-
rithm resolves the user selection issue. Therefore, as in equation
(34), we may utilize the KM search algorithm to achive the best
user selection. We show the entire bipartite graph as ;

G = (¢1, p2, E), where p; and ¢, is the set of vertices in
the graph, representing the BS and UEs, and signifies the set
of edges connecting p; and ¢, vertices respectively. Vertex p;
connects to every vertex of ¢,

4.5. The optimal User Selection

Suppose G = (Y NZ,Y X Z) is a weighted complete bipartite
graph with linked edges and assigned weight w(y, z), where
matching from to determines the maximum weight.

Definition I: A real-valued function / on Y U Z is a viable
vertex labeling in G if, foreachy e Yandz € Z, [(y)+I(z) >
w(y, z) holds. Therefore, we can determine the vertex labeling
that is reasonable to get the maximum under the condition that

{l(y):max w(y,z) V¥V yeY,zeZ

35
l(z) =0,YzeZ )

Definition 2: If G represents the subgraph of G made up
of connected edges. If the linked edges of UE, where the line
segment ends, satisfy the constraint /(y) + [(2) = w(y, z), the
graph G; becomes an equality subgraph.

Theorem 2: Let ®; represents the vertex of the BS
and @, denotes the set of vertex UEs on the subcarrier as
@, = {UE|,UE,,UE3,...,UE}. In addition, we can deter-
mine the weight in connecting edges of ®; and ®, from the BS
to the m™ UE as follows.

Z%:] Rm(p*)

w(BS,UE) = Pp)

(36)
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The process for addressing the best user selection can be  can be formulated as
summed up as follows:

: . o Zle R (P)
Step 1: Set the feasible vertex labeling /(1) to its initial value. P4 - max=m=1_ - -
Step 2: to find the maximum matching D in G, choose [(u) o) Ps(P)
and determine G; from G. s.t. C3,C4,C5 (39)

Step 3: To solve the optimization problem in (34) and arrive at
an ideal user selection solution, let D be considered an optimal
matching of G.

In (39), the objective function is non-convex. To evade the
extraordinary complexity of the solution to P4, We introduce
parameter conversion. Without loss of generality, the network

Step 4: Or else, there exist unmatched y € @, on the con- ) . o
maximum energy efficiency is given by

dition that y has not been allocated. Establish § = {y}, and
r=o. * _ max Zrn,;lzl Ry (P) _ 22;1:1 R (p™)

Ste{n 5 Fet FG,‘(S) represents the set of ®; and ®; to n » P,(P) Ps(p*)
associate S in G;. Find Fg,(S) # T as

(40)

. The problem in (40) can be converted to integral form as
A= I;I’lzn{l(Y) + l(Z) - w(y, Z)} (37) follows [30]

Where the new labeling I’ (u) is defined as M
max n;l R (P) —nPy(P)

l(uy—A, ues
U(u)=31(u)+A, ueT (38) st. C3,C4,C5 41)
[(u), otherwise

where 7 is a variable presented to scale the weight P;. When
n The solution to the problem (41) is represented by P and
the optimal solution to (41) is denoted by p*. We define the
function as

A>0,and Fg,(S) # T, put I (u) for I’ (u), go to step 2.
Step 6: If Fg,(S) =T, go to step 4.

We obtain a new optimal matching solution that is identi-

cal to the best user selection policy by carrying out the KM M

algorithm’s iterative procedure. F(17)A max Z Ry (P) = nPs(P) (42)
m=1

4.6. Power Allocation Clearly, F(n) is convex with respect to n. Hence, tackling

(42) is equal to determining the maximum EE, which can be

After the user selection policy, the optimal power allocation 4401044 on condition that

can be determined. The power allocation optimization problem

M M
F(n') = max{ Rin(P) - n*Ps(P)} = > Ru(p") = "Ps(p*) =0 43)
m=1 m=1
The optimal power allocation is represented by p*. The In each iteration, the Lagrange dual method is utilized to

EE is enhanced for each iteration until it converges, when the  tackle the problem in (43). The Lagrangian function is given
maximum tolerance and maximum iteration number are known.  by.

M M
L(P,a,p) = Z Ry (P) —=nPg(P) + @ (pmRim(P) = Rmin) — 1 (Z PmPm(P) = Prax 44)
m=1 m=1
where @ and p are the Lagrange multipliers for and in (41)  problem of (44) is given by
respectively. The constraints are Karush-Kuhn-Tucker (KKT) . p
conditions for optimizing power allocation, Hence, the dual r;rzu(? max LP, o, p)
st. a>20,u>0 (45)

The optimal power allocation for the m™ user can be solved
as.
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"Hy 012 1
Zj:],j;tm ||Vm Vj ”D

IV AV13

(M +a)B
(n+a)MIn2 B

P =

m

(46)

[X]" = max{0, X}

Therefore, the Lagrange multipliers @ and u can be updated
according to

o+ 1) = [a() = y(0) (omRn (P) — Run) | 47)

+

p+1) = u@) - Q@) (48)

M
Pmax - mePm(P))
m=1

where ¢ is the iteration index, v and Q are the step sizes.
Algorithm 1 illustrates the suggested method to maximize
energy efficiency. The K-M algorithm is used to find the best so-
lution for user selection, and the Lagrangian dual decomposition
approach is used to find the best power allocation. Algorithm 1
summarizes the execution of the iterative algorithm.

Algorithm 1: Proposed Energy-Efficient JUSPA Optimization with Limited Feedback Algorithm

Input: Maximum iteration number I« = 1000 and maximum tolerance & = 1074, Riin, Pmax

Output: n and p, P

1 Initialize the user selection;

Set the power allocation P, = %;
Initialize Lagrange multipliers (a, u) > 0;
Set the iteration index ¢t = O;

while an‘le Ru(p,P) —nPs(p,P) > cort < Iy do

2
3
4
5
6
7 Update Lagrange multipliers using (47) and (48);
8 t=t+1;

9 Compute the optimal power allocation using (46);
10 Compute the 77 using (27);

Compute the optimal user selection by utilizing the procedure steps from Kuhn-Munkres algorithm;

4.7. Computational Complexity Analysis

There are always a lot of different user selection methods in
Multi-user MIMO systems with both users and BS. This section
looks at the suggested approach’s computational complexity.
The technique assigns subcarriers to each user equipment (UE)
by calculating M at the start of each loop.

To assign just one base station (BS) to each M of the UE,
iteration N is carried out. As a result, M2 determines the overall
complexity in the first stage.

The subgradient approach is applied in the second stage, yield-
ing a complexity of O (M) each iteration. This approach rapidly
converges in O ((M + 1)2) iterations. Furthermore, the subgra-
dient approach results in a complexity of O (M (M + 1)?). By in-
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troducing the accuracy parameter ¢ for bisection search, the com-
putational complexity becomes O (M (M + 1)2 - log,(1/¢)).

The computational complexity per iteration is expected to be
O(M) solely in the third stage, when data transmission is con-
sistent from the BS to the m™ UE. Consequently, the complexity
for this stage is O (M(M + 1) -log,(1/¢)). Since each user
equipment (UE) only chooses one base station (BS), the first
stage iteration is limited by M. This suggests that the second
and third iterations determine the computational complexity of
the approach. As a result, the total computational complexity
can be roughly expressed as O (M (M + 1)? - log,(1/¢)). This
demonstrates that the suggested approach is appropriate for real-
world applications in MU-MIMO systems and has polynomial
complexity.
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4.8. Complexity Comparison with Baseline Schemes

Table 1. Complexity Comparison with Baseline Schemes.

Scheme

Proposed (modified Kuhn-Munkres +
Lagrangian dual decomposition)
Equal Power Allocation (EPA)

Distance-based selection O(Mlog M)

All-active-antennas o(1)

Table compares the per-iteration computational complexity
of the proposed algorithm with the three baseline schemes
used in the simulation study (Section 4). As expected, the
low-complexity heuristics (EPA, distance-based selection, and
all-active-antennas) incur substantially lower computational
cost than the proposed approach, since none of them jointly
optimizes user selection and power allocation. This additional
complexity is the price paid for the higher energy efficiency
and system throughput achieved by the proposed algorithm,
as reported in Section 4. Because the overall complexity
O(M(M + 1)?.1og,(1/¢)) grows polynomially rather than ex-
ponentially with the number of users M, the proposed algorithm
remains tractable as the network scales; Section 4.6 discusses
this scalability behaviour with reference to the simulation results
in Figure 3.

Per-iteration complexity
O(M(M +1)*.log, (1/4))

O(1) per user

Notes

Polynomial; jointly optimizes user selection
and power allocation

No user-selection optimization; power split
equally

Simple sort by BS-UE distance; no power opti-
mization

No selection performed; higher circuit power
consumption

5. Simulation Results and Discussions

We analyze Multi-user MIMO systems with minimal feed-
back in this part, as shown in Figure 1. Through simulations, we
evaluate the efficacy of the suggested combined power allocation
and user selection optimization approach. We also compare the
suggested algorithm with current schemes and talk about how
quickly it converges. For shadowing, the standard deviation is
8dB. With a radius of 1000 meters, the 20 users in the cell are
dispersed randomly throughout it.

Rayleigh fading and Hata-COST231 are the small scale and
large scale fading models that are taken into consideration
[31]. Table 3 also includes the path loss model. The system
parameters used in the simulations are displayed in Table 3
below.

Table 2. System parameters.

Parameter

Channel Model
Transmission bandwidth
BS radius

power consumption at BS
Maximum transmit power
Maximum error tolerance
Noise power

BS Antennas

UE Antennas

Path Loss Model
Minimum achievable data rate
Circuit power consumption

Value

Rayleigh fading
10MHz

1000m

10W

10W

1074

1075w

20

2

PL =128.1+37.6log;(d)
12Kbps

10W

Authors used MATLAB R2024a, together with the number of independent channel realizations averaged per data point.
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—&— Pmax=10W, Rmin=5Kbps
H#— Prmax=10W,Rmin=10Kbps
Pmax=10W,Rmin=15Kbps

Figure 2. Energy efficiency versus the number of iterations for
QoS criteria.

Figures 2 and 3 plots the proposed algorithm’s energy effi-
ciency versus the number of iterations for various QoS crite-
ria. The suggested approach’s Kuhn-Munkres algorithm and
Lagrangian dual decomposition method’s respective rates of
convergence are shown in Figures 2 and 3, respectively.The
maximum transmit power is set to be Pnax = 10W and the
various bit rate requirements are Set to be 15Kbps, 10Kbps,
and 5Kbps and in order to achieve the convergence speed. The
Kuhn-Munkres algorithm and the Lagrangian dual decomposi-
tion technique both converge after a limited number of iterations,
as can be observed. Additionally, maximizing is with lower
QoS demands has a greater energy efficiency but needs more
convergence iterations. This implies that the proposed algorithm
has a satisfactory rate of convergence. The first iteration in
Figure 2 shows a decline in performance. The initial iteration
cannot be a viable zone, which is the cause. However, after all
the optimized parameters are provided in the viable range after
the first iteration, the performance rises significantly.

—&— Pmax=10W,Rmin=5Kbps
Pmax=10W,Rmin="10Kbps
Pmax=10W,Rmin="15Kbps

Figure 3. Energy efficiency versus the number of iterations for
QoS criteria.
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Figure 4. System throughput versus the number of BS antennas.

Figure 4 plots the proposed algorithm’s system throughput
versus the number of BS antennas. The system throughput is
shown against the number of BS antennas in Figure 4. Figure 4
shows that for a fixed total number of network users, system
throughput increases as the number of BS antennas increases.
This is because when there are more antennas, more users may
be allowed, increasing the system throughput.

410

T T
—— Proposed algorithm
—%— Energy-efficient JUSPA in [17]

405 - Energy-efficient JUSPA in [5]

N

Q

S
T

395 -

390

w

®

a
T

System throughput (Kbps)

380 [

375 . . .
20 25 30
Total number users

1‘5 35
Figure 5. System throughput for various algorithms shown
against the overall number of users.

In Figure 5, which plots system throughput against the total
number of users, it is clear that as the total number of users
rises, so does system throughput. In the restricted feedback
situation, compared to the energy-efficient JUSPA algorithms
already in use in [5] and [17], the suggested approach has a
higher system throughput. The rationale is that, in contrast
to other studies, which provide disappointing results, we took
into account the impact of reduced SINR brought on by limited
input on the system throughput while optimizing the resource
allocation. Consequently, the proposed technology provides
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a higher syetem thtoughput than the existing energy-efficeint
JUSPA systems.

24 T T T T

Energy-efficient JUSPA in [5]
—#— Energy-efficient JUSPA in [17]
—&— Proposed algorithm

22 ¢

20

18

16

14

12

Power consumption (W)

104

6 . . . . . . . .
4 5 6 7

Maximum transmi power (W)

10

Figure 6. This figure displays the power usage in relation to the
maximum transmit power for different algorithms.

Figure 6 shows the rise in power consumption when the
system’s maximum transmit power is used and the number of
users remains constant.

T T T T T
—#8— Proposed algorithm
—%— Energy-efficient JUSPA in [17]
Energy-efficient JUSPA in [5]

-
-

—
©w o

Energy Efficiency(Kbps/Hz/J)

15
SNR(dB)

10 20 25
Figure 7. Compares energy efficiency and SNR for various

algorithms.

According to Figure 7, for a fixed number of users, the
system EE grows as the SNR does. This is due to the fact
that an increase in SNR suggests a decrease in noise power.
Consequently, the higher attainable bit rate may be reached
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while a little power is used. Additionally, Figure 6 shows that
the proposed algorithm’s system energy efficiency is higher than
that of the current energy-efficient JUSPA systems in [5] and
[17]. This is because the suggested algorithm has lower power
consumption and performs better in terms of system throughput
than the currently known energy-efficient JUSPA algorithms,
increasing the method’s system energy efficiency.

—=A— Proposed algorithm

—+— Equal powerallocation algorithm
Distance-based algorithm

—8— Allactive antennas algorithm

Figure 8. Energy efficiency versus maximum transmit power
for the suggested method and other current schemes.

Figure 8 shows the relationship between energy efficiency
and maximum transmit power for various methods when
Rumin = 10Kbps . The suggested technique is contrasted with var-
ious energy-efficient algorithms, including the distance-based
algorithm, the equal power allocation (EPA) algorithm, and the
algorithm that makes use of all active antennas. The distance-
based system delivers power to the closest users, the all-active
antennas approach serves all users, and the base station (BS)
distributes the same amount of power to all of its users under the
EPA algorithm. Figure 8 clearly shows that the proposed scheme
surpasses the baseline methods in system energy efficiency (EE).
Compared to the all active antennas algorithm, there is a notable
increase in EE. When the transmit power is increased, the EPA
approach does not stop users’ co-channel interference from
growing, but the suggested scheme can handle this problem.
Since the suggested approach successfully balances user loads,
both it and the distance-based scheme display a consistent in-
terval. However, the distance-based approach allows the BS to
serve a large number of users, increasing user co-channel inter-
ference and requiring more power to achieve QoS requirements.
Due to the high energy required to run the antenna’s circuit
parts, the all-active antenna system has the lowest EE. As the
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maximum transmit power increases, the suggested algorithm’s

EE increases until it reaches its maximum.

5.1. Quantitative Performance Summary

Figures 5 to 8.

Table 3 summarizes the approximate quantitative gains of the
proposed algorithm relative to the baseline schemes shown in

Table 3. Approximate quantitative gains of the proposed algorithm relative to the baseline schemes.

Source Metric

Figure 8 (Pax = 7TW) Energy efficiency (Kbps/Hz/J)
Figure 8 ((Ppax = 7W))  Energy efficiency (Kbps/Hz/J)
Figure 8 ((Pax = TW)) Energy efficiency (Kbps/Hz/J)
Figure 7 (SNR = 30dB) Energy efficiency (Kbps/Hz/J)
Figure 7 (SNR = 30dB) Energy efficiency (Kbps/Hz/J)
Figure 6 ((Pqx = 10W))  Power consumption (W)
Figure 6 ((Pax = 10W))  Power consumption (W)
Figure 5 (35 users) System throughput (Kbps)
Figure 5 (35 users) System throughput (Kbps)

5.2. Computational Running Time

Proposed

13.0
13.0
13.0
12.4
12.4
16.7
16.7
400

400

execution time compared to the benchmark algorithms as shown in below;

Baseline

EPA: 10.1

All-active antennas: 8.7
Distance-based: 12.4
JUSPA [17]: 10.1
JUSPA [5]: 8.7

JUSPA [17]: 19.7
JUSPA [5]: 22.6
JUSPA [17]: 397
JUSPA [5]: 392

Approx.gain
+28.7%
+49.4%
+4.8%
+22.8%
+42.5%
—-15.2%
-26.1%
+0.8%
+2.0%

The computational-complexity analysis in Section 4 is theoretical (Big-O). It is observe that, the proposed Algorithm has less

Table 4. Comparison of Algorithms with users, Runtimes, and Absolute Differences in runtime.

JUSPA in [5] (C) |B - A]

4
334.6
8
621.2
10
780.8

4
83.65
8
155.3
10
195.2

IC - 4l
4
250.95
8

465.9
10
585.6

The results clearly show that the runtime of all algorithms in-
creases with the number of users due to the higher optimization
dimensionality and increased computational burden associated
with larger MU-MIMO networks. However, the proposed al-
gorithm consistently achieves the lowest runtime across all
simulation scenarios.

5.3. Sensitivity Analysis and Comparison with
Additional Benchmarks

The simulation study already provides a sensitivity anal-

ysis with respect to several key parameters: transmit power

(Figures 6 and 7), number of BS antennas (Figure 4), number

Algorithm Proposed Algorithm (A) JUSPA in [17] (B)
NO.of users 4 4
Runtime (S) 83.65 167.3
NO.of users 8 8
Runtime (S) 155.3 310.6
NO.of users 10 10
Runtime(S) 195.2 390.4
800 | | :
—<— Proposed algorithm
700 ~©--- Energy-efficient JUSPA in [NJ
—S— Energy-efficient JUSPA in [5]
800 F
500
&
)]
E 400
&
300 F
200 | 0
i _e—9
100g. g @
———
0 | | ‘ ‘ ‘ ‘ ‘ ‘
1 2 3 4 5 6 7 8 9 10

Number of users

Figure 9. Execution time in relation to the Users M.
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of users (Figures 4 and 5), SNR (Figure 7), and QoS rate re-
quirement (Figure 2), each varied over a representative range
while holding the remaining parameters fixed. The current
simulation study compares the proposed method against the
energy-efficient JUSPA algorithms of [5] and [17], together
with three simpler heuristics (EPA, distance-based selection,
all-active-antennas).

5.4. Practical Implementation Challenges

Deploying the proposed algorithm in a practical MU-MIMO
system involves several implementation considerations beyond
the idealized simulation setting studied here. First, the limited-
feedback channel between each UE and the BS introduces
quantization error and feedback delay, both of which can de-
grade the accuracy of the CSI used for user selection and power
allocation; the present analysis captures the resulting SINR
degradation but does not explicitly model feedback delay or
specific quantization codebooks. Second, the algorithm’s itera-
tive structure (Algorithm 1) requires centralized computation at
the BS within each scheduling interval, which places real-time
processing demands on the BS as the number of users M grows;
Section 4.1 shows that this computational cost remains polyno-
mial in M, but a hardware/software implementation would still
need to complete the required iterations within the coherence
time of the channel. Third, the analysis assumes perfect time
and frequency synchronization between the BS and all UEs
(Section 3.1), which in practice requires an accurate synchro-
nization mechanism, particularly as the number of scheduled
users increases.

5.5. Scalability Discussion

Because the overall computational complexity of the pro-
posed algorithm,0 (M (M +1)?1og, (1/¢)), grows polynomially
rather than exponentially with the number of users M (Section
4), the algorithm is expected to remain tractable as the network
scales to a larger number of users. This is supported by Figure 3,
where the algorithm is evaluated for up to 30 users and 100 BS
antennas without a breakdown in the observed throughput trend.
Nevertheless, for very large-scale MU-MIMO deployments
(e.g., hundreds of users), the polynomial growth in complexity,
combined with the centralized computation discussed in Section
5.5, may still translate into non-trivial per-scheduling-interval
computation time; extending the proposed approach with a dis-
tributed or clustered implementation would be a natural direction
for improving scalability to such large-scale deployments.
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5.6. Limitations

This study has several limitations. First, the system model
considers a single isolated cell and does not explicitly model
inter-cell interference, which would be present in a multi-cell
deployment. Second, although the BS operates under a limited-
feedback constraint, the channel estimate itself is assumed to
be otherwise accurate; imperfect channel estimation at the UE
side is not separately modeled. Third, the reported results
are obtained entirely from simulation; the algorithm has not
yet been validated on a hardware testbed or with real channel
measurements. Finally, as noted in Sections 5.2-5.4, the current
results do not include measured execution time, statistical confi-
dence intervals, or a direct comparison with the most recently
published (2023-2026) benchmark algorithms; addressing these
points would further strengthen the empirical evaluation in a
future revision.

5.7. Practical Applications in Future Wireless
Communication Systems

The joint user-selection and power-allocation framework
proposed in this paper is directly relevant to two major direc-
tions in next-generation wireless communication systems. In
5G-Advanced networks, multi-antenna base stations already
schedule large numbers of multi-antenna users under practi-
cal CSI-feedback constraints, and the proposed algorithm’s
polynomial complexity (Section 5) and demonstrated energy-
efficiency gains (Section 5.1) make it a suitable candidate for
energy-aware scheduling in such networks, particularly as net-
work densification increases the number of candidate users per
cell. Looking further ahead, 6G systems are expected to rely
heavily on massive and cell-free MIMO architectures, often
combined with reconfigurable intelligent surfaces (RIS), where
feedback overhead becomes an even more critical bottleneck
due to the larger number of antennas and distributed access
points; the limited-feedback formulation adopted in this paper
(Section 3) provides a natural starting point for extending energy-
efficient joint scheduling to such architectures, as outlined in
the future-work directions in Section 6.

6. Conclusion

MU-MIMO systems offer a viable way to reduce energy
usage and increase system throughput. The problem of energy-
efficient transmission in MU-MIMO networks with limited
feedback CSI is discussed in this paper. In particular, it seeks
to satisfy limits on maximum transmission power and QoS
while improving system EE through cooperative user selection
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and power allocation. The underlying optimization issue is
expressed as a MINLP model, which makes direct solutions
more difficult due to its non-convexity and NP-hardness. To
make the problem more tractable, fractional programming tech-
niques are employed to transform it into a subtractive form.
The paper proposes an energy-efficient iterative algorithm that
combines a modified Kuhn-Munkres algorithm for effective user
selection with a Lagrangian dual decomposition method for op-
timal power allocation. In MU-MIMO systems with little input,
this integrated strategy significantly improves EE. Simulation
results confirm that the suggested approach outperforms current
algorithms in terms of energy efficiency. The study also looks
at the computational complexity and convergence rate of the
algorithm.

In particular, the simulation results indicate energy-efficiency
improvements of up to approximately 42% and power-
consumption reductions of up to approximately 26% relative
to existing energy-efficient JUSPA schemes, alongside modest
system-throughput gains.

In order to further lower feedback overhead in MU-MIMO
systems, future research will look into integrating cutting-edge
machine learning techniques such as deep learning and reinforce-
ment learning, extending the proposed framework to multi-cell
and reconfigurable-intelligent-surface-assisted MU-MIMO de-
ployments, developing a distributed or clustered version of the
algorithm for large-scale scalability, and validating the approach
experimentally on a hardware testbed.

Abbreviations

BD Block Diagonalization

BS Base Station

CCI Co-Channel Interference

CSI Channel State Information

DPC Dirty Paper Coding

EE Energy Efficiency

EPA Equal Power Allocation

JUSPA Joint User Selection and Power Allocation
MINLP Mixed-Integer Nonlinear Programming
MMSE Minimum Mean Square Error
MU-MIMO  Multi-User Multiple-Input Multiple-Output
QoS Quality of Service

SINR Signal-to-Interference-plus-Noise Ratio
SNR Signal-to-Noise Ratio

SVD Singular Value Decomposition

UE User Equipment

WCS Wireless Communication Systems

ZF Zero Forcing

40

PL  Path Loss

Author Contributions

Kusi Ankrah Bonsu: Conceptualization, Formal Analysis,
Methodology, Project administration, Supervision, Writing —
original draft

Ebenezer Baidoo Bediako: Formal Analysis, Methodology,
Validation, Writing — original draft

John Tengyviel: Investigation, Software, Writing — review &
editing

Kwame Oteng Gyasi: Investigation, Visualization, Writing
—review & editing

Emmanuel Ampoma Affum: Validation, Writing — review
& editing

Kwasi Adu-Boahene Opare: Supervision, Writing — review
& editing

Conflicts of Interest

The authors declare no conflict of interest.

References

[1] Hieu Trong Dao and Sunghwan Kim. Pilot power al-
location for maximising the sum rate in massive mimo
systems. IET Communications, 12(11): 1367-1372, 2018.
https://doi.org/10.1049/iet-com.2017.1407

[2] Su Pan, Yan Yan, Kusi Ankrah Bonsu, and Weiwei
Zhou. Resource allocation algorithm for mu-mimo sys-
tems with double-objective optimization under the exis-
tence of the rank deficient channel matrix. IEEE Access,
7: 61307-61319, 2019. https://doi.org/10.1109/

ACCESS.2019.2915573

[3] Xin Liu, Edwin KP Chong, and Ness B Shroff. Joint
scheduling and power-allocation for interference man-
agement in wireless networks. In Proceedings IEEE
56th vehicular technology conference, volume 3, pages
1892-1896. IEEE, 2002. https://doi.org/10.1109/

VETECF.2002.1040545

[4] Jaya B Rao and Abraham O Fapojuwo. A survey of
energy efficient resource management techniques for
multicell cellular networks. [EEE Communications
Surveys & Tutorials, 16(1): 154-180, 2014. https:

//doi.org/10.1109/SURV.2013.042313.00226


https://doi.org/10.1049/iet-com.2017.1407
https://doi.org/10.1109/ACCESS.2019.2915573
https://doi.org/10.1109/ACCESS.2019.2915573
https://doi.org/10.1109/VETECF.2002.1040545
https://doi.org/10.1109/VETECF.2002.1040545
https://doi.org/10.1109/SURV.2013.042313.00226
https://doi.org/10.1109/SURV.2013.042313.00226

International Journal of Wireless Communications and Mobile Computing

http://www.sciencepg.com/journal/wcmce

[5]

[10]

[11]

[12]

Liangrui Tang, Hailin Hu, and Yanhua He. Energy efficient
joint power control and user association optimization in
massive mimo enabled hetnets. Applied Sciences, 8(4):

584, 2018. https://doi.org/10.3390/app8040584

Jilei Yan, Jiandong Li, and Linjing Zhao. Joint user
scheduling and power allocation with quality of ser-
vice guarantees in downlink distributed antennas system.
IET Communications, 8(3): 299-307, 2014. https:
//doi.org/10.1049/iet-com.2013.0520

Wei Yu, Taesoo Kwon, and Changyong Shin. Multicell co-
ordination via joint scheduling, beamforming, and power
spectrum adaptation. IEEE Transactions on Wireless
Communications, 12(7): 3300-3313, 2013. https:
//doi.org/10.1109/TWC.2013.052313.121128

Jun Zhu, Robert Schober, and Vijay Bhargava. Joint
beamforming, resource allocation, and scheduling for
multi-cell multi-user mimo-ofdma systems. In 2012
IEEE Global Communications Conference (GLOBECOM),
pages 4594-4599. IEEE, 2012. https://doi.org/10.
1109/GLOCOM.2012.6503843

Trinh Van Chien, Emil Bjornson, and Erik G Larsson.
Joint power allocation and user association optimiza-
tion for massive mimo systems. [EEE Transactions
on Wireless Communications, 15(9): 6384-6399, 2016.
https://doi.org/10.1109/TWC.2016.2583436

Mikhail Bakulin, Taoufik Ben Rejeb, Vitaly Kreyndelin,
Denis Pankratov, and Aleksei Smirnov.
mimo downlink precoding with dynamic user selec-
tion for limited feedback. Sensors, 25(3): 866, 2025.
https://doi.org/10.3390/s25030866

Multi-user

ZHANG Xinyue, DU Fei, FAN Jingyi, GENG Suiyan,
and ZHAO Xiongwen. Energy-efficient optimization al-
gorithm for massive mimo systems with joint antenna
selection and user scheduling. CHINESE JOURNAL
OF RADIO SCIENCE, 38(5): 853-860, 2022. https:
//doi.org/10.12265/j.cjors.2022194

Ebenezer Baidoo Bediako, Kusi Ankrah Bonsu,
Kwaku Fokuoh Darkwah, John Amoah-Mensah,
Joseph Wumboranaan Nanjo, and Kwame Oteng Gyasi.
Energy-efficient power allocation for cell-free massive
mimo systems. Applied Mathematics and Statistics,
3(2): 11, 2026. https://doi.org/10.53941/ams.
2026.100011

41

[13]

[14]

[15]

[16]

[17]

(18]

[19]

Kusi Ankrah Bonsu, Su Pan, James Adu Ansere, and
Weiwei Zhou. Joint user selection and power allo-
cation optimization for energy-efficient mu-mimo sys-
tems with limited feedback. Telecommunication Systems,
77(3): 479-492, 2021. https://doi.org/10.1007/
s11235-021-00765-2

Hien Quoc Ngo, Le-Nam Tran, Trung Q Duong, Michail
Matthaiou, and Erik G Larsson. On the total energy ef-
ficiency of cell-free massive mimo. IEEE Transactions
on Green Communications and Networking, 2(1): 25—
39, 2018. https://doi.org/10.1109/TGCN.2017.
2770215

Long Chen, Zhi Chen, Li Liu, and Bin Fu. Successive
precoding and user selection in mu-mimo broadcast
In 2014 Wireless
Telecommunications Symposium, pages 1-5. IEEE, 2014.
https://doi.org/10.1109/WTS.2014.6835025

channel with limited feedback.

Jiwook Choi, Namyoon Lee, Song-Nam Hong, and
Giuseppe Caire. Joint user scheduling, power allo-
cation, and precoding design for massive mimo sys-
tems: A principal component analysis approach.
2018 IEEE International Symposium on Information
Theory (ISIT), pages 396-400. IEEE, 2018. https:
//doi.org/10.1109/ISIT.2018.8437617

In

Guannan Dong, Haixia Zhang, Shi Jin, and Dongfeng
Yuan. Energy-efficiency-oriented joint user association
and power allocation in distributed massive mimo sys-
tems. IEEE Transactions on Vehicular Technology, 68
(6): 5794-5808, 2019. https://doi.org/10.1109/
TVT.2019.2912388

Yan Lin, Yi Wang, Chunguo Li, Yongming Huang,
and Luxi Yang. Joint design of user association and
power allocation with proportional fairness in massive
mimo hetnets. [EEE Access, 5: 6560-6569, 2017.
https://doi.org/10.1109/ACCESS.2017.2695572

Kai Zhu, Li Guo, Kai Niu, Wenjun Xu, Zhigiang
He, and Jiaru Lin. Joint uplink user scheduling and
power allocation in cognitive mimo system. In /ET
International Conference on Communication Technology
and Application (ICCTA 2011), pages 589-593. IET, 2011.
https://doi.org/10.1049/cp.2011.0736


https://doi.org/10.3390/app8040584
https://doi.org/10.1049/iet-com.2013.0520
https://doi.org/10.1049/iet-com.2013.0520
https://doi.org/10.1109/TWC.2013.052313.121128
https://doi.org/10.1109/TWC.2013.052313.121128
https://doi.org/10.1109/GLOCOM.2012.6503843
https://doi.org/10.1109/GLOCOM.2012.6503843
https://doi.org/10.1109/TWC.2016.2583436
https://doi.org/10.3390/s25030866
https://doi.org/10.12265/j.cjors.2022194
https://doi.org/10.12265/j.cjors.2022194
https://doi.org/10.53941/ams.2026.100011
https://doi.org/10.53941/ams.2026.100011
https://doi.org/10.1007/s11235-021-00765-2
https://doi.org/10.1007/s11235-021-00765-2
https://doi.org/10.1109/TGCN.2017.2770215
https://doi.org/10.1109/TGCN.2017.2770215
https://doi.org/10.1109/WTS.2014.6835025
https://doi.org/10.1109/ISIT.2018.8437617
https://doi.org/10.1109/ISIT.2018.8437617
https://doi.org/10.1109/TVT.2019.2912388
https://doi.org/10.1109/TVT.2019.2912388
https://doi.org/10.1109/ACCESS.2017.2695572
https://doi.org/10.1049/cp.2011.0736

International Journal of Wireless Communications and Mobile Computing

http://www.sciencepg.com/journal/wcmce

[20]

[21]

[22]

(23]

[24]

[25]

Li-Chun Wang and Chu-Jung Yeh. Adaptive joint sub-
channel and power allocation for multi-user mimo-ofdm
systems. In 2008 IEEE 19th International Symposium
on Personal, Indoor and Mobile Radio Communications,
pages 1-5. IEEE, 2008. https://doi.org/10.1109/
PINMRC.2008.4699623

Feng Jiang, Jianchi Zhu, Guona Hu, Ying Wang, Guangyi
Liu, and Ping Zhang. Joint space-frequency-power schedul-
ing algorithm for real time service in cellular mimo-
ofdm system. In VTC Spring 2008-1EEE Vehicular
Technology Conference, pages 2461-2466. IEEE, 2008.
https://ieeexplore.ieee.org/document/4526099.

Lin Shan and Ryu Miura. Energy-efficient scheduling
under hard delay constraints for multi-user mimo system.
In 2014 International Symposium on Wireless Personal
Multimedia Communications (WPMC), pages 696—699.

IEEE, 2014. https://doi.org/10.1109/WPMC.2014.

7014905

Li-ping Yao, Quan-sheng Xu, Xi Li, and Hong Ji. Joint user
pairing and power allocation in uplink virtual mimo with
imperfect csi. The Journal of China Universities of Posts
and Telecommunications, 20(3): 32-36, 2013. https:
//doi.org/10.1016/S1005-8885(13)60045-X

Albrecht J Fehske, Fred Richter, and Gerhard P Fettweis.
Energy efficiency improvements through micro sites in
cellular mobile radio networks. In 2009 IEEE Globecom
Workshops, pages 1-5. IEEE, 2009. https://doi.org/
10.1109/GLOCOMW.2009.5360741

Endre Pap and Mirjana Strboja. Jensen type inequal-
ity for extremal universal integrals. In 2012 IEEE 10th
Jubilee International Symposium on Intelligent Systems
and Informatics, pages 525-529. IEEE, 2012. https:
//doi.org/10.1109/SISY.2012.6339578

42

[26]

[27]

(28]

[29]

(30]

(31]

Elina Nayebi, Alexei Ashikhmin, Thomas L. Marzetta,
and Bhaskar D Rao. Performance of cell-free mas-
sive mimo systems with mmse and Isfd receivers. In
2016 50th Asilomar Conference on Signals, Systems
and Computers, pages 203-207. IEEE, 2016. https:
//doi.org/10.1109/ACSSC.2016.7869024

Shen-Yu Peng, Tzu-Chi Huang, Yu-Huei Lee, Chao-
Chang Chiu, Ke-Horng Chen, Ying-Hsi Lin, Chao-
Cheng Lee, Tsung-Yen Tsai, Chen-Chih Huang, Long-
Der Chen, et al. Instruction-cycle-based dynamic voltage
scaling power management for low-power digital signal
processor with 53% power savings. IEEE Journal of
Solid-State Circuits, 48(11): 2649-2661, 2013. https:
//doi.org/10.1109/3SSC.2013.2274885

Daquan Feng, Chenzi Jiang, Gubong Lim, Leonard J
Cimini, Gang Feng, and Geoffrey Ye Li. A survey
of energy-efficient wireless communications. [EEE
Communications Surveys & Tutorials, 15(1): 167-
178, 2013. https://doi.org/10.1109/SURV.2012.
020212.00049

Xin-Yuan Zhang, Jun Zhang, Yue-Jiao Gong, Zhi-Hui
Zhan, Wei-Neng Chen, and Yun Li. Kuhn—-munkres par-
allel genetic algorithm for the set cover problem and its
application to large-scale wireless sensor networks. /EEE
Transactions on Evolutionary Computation, 20(5): 695—
710, 2016. https://doi.org/10.1109/TEVC.2015.
2511142

John Mattingley and Stephen Boyd. Real-time con-
vex optimization in signal processing. IEEE Signal
processing magazine, 27(3): 50-61, 2010. https:
//doi.org/10.1109/MSP.2010.936020

KA Bonsu, Kwame Osei Boateng, JK Oppong, and
Koffi A Dotche. Small-scale fading characteristics in
cellular networks in ghana. [International Journal of
Interdisciplinary Telecommunications and Networking
(IJITN), 5(3): 23-33, 2013. https://doi.org/10.

4018/jitn.2013070103


https://doi.org/10.1109/PIMRC.2008.4699623
https://doi.org/10.1109/PIMRC.2008.4699623
https://ieeexplore.ieee.org/document/4526099
https://doi.org/10.1109/WPMC.2014.7014905
https://doi.org/10.1109/WPMC.2014.7014905
https://doi.org/10.1016/S1005-8885(13)60045-X
https://doi.org/10.1016/S1005-8885(13)60045-X
https://doi.org/10.1109/GLOCOMW.2009.5360741
https://doi.org/10.1109/GLOCOMW.2009.5360741
https://doi.org/10.1109/SISY.2012.6339578
https://doi.org/10.1109/SISY.2012.6339578
https://doi.org/10.1109/ACSSC.2016.7869024
https://doi.org/10.1109/ACSSC.2016.7869024
https://doi.org/10.1109/JSSC.2013.2274885
https://doi.org/10.1109/JSSC.2013.2274885
https://doi.org/10.1109/SURV.2012.020212.00049
https://doi.org/10.1109/SURV.2012.020212.00049
https://doi.org/10.1109/TEVC.2015.2511142
https://doi.org/10.1109/TEVC.2015.2511142
https://doi.org/10.1109/MSP.2010.936020
https://doi.org/10.1109/MSP.2010.936020
https://doi.org/10.4018/jitn.2013070103
https://doi.org/10.4018/jitn.2013070103

International Journal of Wireless Communications and Mobile Computing

http://www.sciencepg.com/journal/wcmce

Biography

Kusi Ankrah Bonsu received his B.Sc.
degree in Physics and M.Sc. degree in
Telecommunications Engineering from
Kwame Nkrumah University of Science
and Technology, Kumasi, Ghana in 2003
and 2011 respectively, and the Ph.D. de-

g
gree in Information and Communication Engineering in 2020
from Nanjing University of Posts and Telecommunications,
Nanjing, China. He is a peer reviewer for IEEE Transactions

on Green Communications and Networking, IEEE Access,
Telecommunication systems, Security and Communication

Networks, and Sustainable Computing: Informatics and
Systems. He is a Senior lecturer at Sunyani Technical University,
Sunyani, Ghana. His research interests include wireless re-
source allocation, MU-MIMO, massive MIMO, cell-free mas-
sive MIMO communications, green communications, Cognitive
Radio Networks, Wireless Sensor Networks, Internet of Things,
and Machine learning. He is a member of the Institution of
Engineering and Technology (IET), Ghana.

Ebenezer Baidoo Bediako earned
his Bachelor of Science degree in
Mathematics from the University of
Mines and Technology (UMaT), Tarkwa,
Ghana, in 2016. He subsequently ob-
tained his Master of Philosophy (MPhil)
degree in Mathematics from the Kwame Nkrumah University
of Science and Technology (KNUST), Kumasi, Ghana. He is
currently a PhD student in Applied Mathematics at KNUST and
serves as an Assistant Lecturer at Agogo Presbyterian Women'’s
College of Education, Ghana. His research interests include
differential and integral equations, optimization, and applied
mathematical modelling.

John Tengviel holds an MSc and BSc
in Telecommunication Engineering and
Computer Science from Kwame Nkrumah
University of Science and Technology
(KNUST), Ghana in 2001 and 2013
respectively.
the Department of Computer Science at Sunyani Technical
University, Ghana. He was also a Part Senior Tutor for the
Centre of Distance Education, University of Cape Coast, Ghana.
His research interests include Mobile Ad hoc Networks, wireless

He is a lecturer with

networks, computer networks, Network Security, modelling,
simulations and performance evaluation of networks, Mobility
modelling and routing protocols in MANETs/VANETs.

43

Kwame Oteng Gyasi received his
B.Sc. degree in Telecommunication
Engineering at the Kwame Nkrumah
University of Science and Technology,
Kumasi, Ghana in 2011. In 2014,
he received his M.Sc. degree in

Communication and information Engineering from the
University of Electronic Science and Technology, Chengdu,
China. He obtained his Ph.D. degree in information and com-
munication engineering at the University of Electronic Science
and Technology, Chengdu, China in 2018. He worked as a
teaching assistant at Kwame Nkrumah University of Science
and Technology from August 2011- July 2012. During this time,
he aided in teaching courses like Electromagnetic Compatibility,
Antennas and propagation, and Telecom Policy. He also worked
at Christian Service University College as a lecturer in the
department of computer science and IT from 2018-2019 and the
School of Technology at the Ghana Institute of Management and
Public Administration from 2019-2020. He is currently a lec-
turer with the department of Telecommunication Engineering at
the Kwame Nkrumah University of Science and Technology. His
research interests include electromagnetic field theory, wireless
communications, circularly polarized antennas, printed wide-
band antennas, planar antennas and the Theory of Characteristics

modes.
Emmanuel Ampoma Affum received

a B.S. Degree in Electronics
Communication Engineering

Kwame Nkrumah University of Science
and Technology, Kumasi, Ghana in 2007,
and an MTech degree in Communication
Systems from SRM University Chennai, India in 2009. He
obtained his Ph.D. degree in Information and Communication
Engineering at the Center for RFIC and System Technology,
School of Communication and Information Engineering,
University of Electronic Science and Technology of China 2018.
He received the Chinese Outstanding International Student
Scholarship in 2017 and is currently affiliated to the Faculty
of Electrical and Electronic Engineering, Kwame Nkrumah
University of Science and Technology, Kumasi, Ghana. From
2023 till the present, the World Academy of Sciences for
the Advancement of Science in Developing Countries has
awarded him the TWAS-UNESCO Associateships Scholarship
at Centers of Excellence in the South. His current research
interest lies in the field of wireless communication and signal

and
from

processing with a particular focus on array processing, channel
modeling, and performance analysis of wireless communication
systems. He has authored or co-authored several journal papers
and conference papers.



International Journal of Wireless Communications and Mobile Computing http://www.sciencepg.com/journal/wcmc

Kwasi Adu-Boahen Opare re-
ceived a BSc in Electrical and
Electronics  Engineering and an
MSc in Telecommunication Engineering
from Kwame Nkrumah University of
Science and Technology (KNUST),
Ghana in 2004 and 2010 respectively. He also received a
PhD in Information and Communication Engineering from
the University of Electronic Science and Technology of China
(UESTC), Chengdu, China. Currently, he is a senior lecturer at
the Department of Telecommunication Engineering, KNUST.
His research focuses on wireless communications, and data

communication networks.

44



