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Abstract: In this paper, we address scheduling methods for queue stabilization and appropriate power
allocation techniques in downlink dense user-centric scalable cell-free multiple-input multiple-output
(CF-MIMO) networks. Scheduling is performed by the central processing unit (CPU) scheduler using
Lyapunov optimization for queue stabilization. In this process, the drift-plus-penalty is utilized, and
the control parameter V serves as the weighting factor for the penalty term. The control parameter
V is fixed to achieve queue stabilization. We introduce the dynamic V method, which adaptively
selects the control parameter V considering the current queue backlog, arrival rate, and effective
rate. The dynamic V method allows flexible scheduling based on traffic conditions, demonstrating its
advantages over fixed V scheduling methods. In cases where UEs scheduled with dynamic V exceed
the number of antennas at the access point (AP), the semi-orthogonal user selection (SUS) algorithm
is employed to reschedule UEs with favorable channel conditions and orthogonality. Dynamic V
shows the best queue stabilization performance across all traffic conditions. It shows a 10% degraded
throughput performance compared to V = 10,000. Max-min fairness (MMF), sum SE maximization,
and fractional power allocation (FPA) are widely considered power allocation methods. However, the
power allocation method proposed in this paper, combining FPA and queue-based FPA, achieves up
to 60% better queue stabilization performance compared to MMF. It is suitable for systems requiring
low latency.

Keywords: cell-free MIMO; scheduling; power allocation; Lyapunov optimization; control parameter V;
SUS algorithm; queue-based FPA

MSC: 90B18

1. Introduction

The demand for wireless data has shown exponential growth over the past few
decades, and it is expected to increase even further in the future. Simultaneously, user
equipment (UE) demands high data rates, wide coverage, and low-latency services [1,2].
To meet these requirements, massive MIMO has been presented as a breakthrough technol-
ogy in 5G [3,4]. Massive MIMO based on a large antenna array enables directional trans-
mission to each UE, serves multiple UEs in the same cell at different locations, and leads to
a significant increase in spectral efficiency (SE) performance. However, the received signal
power is rapidly attenuated with the propagation distance. Therefore, even with the use of
massive MIMO at the cell edge UEs may receive signals of low power and poor quality,
including interference from neighboring APs located far away [5,6].
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To address this, the concept of a CF-MIMO network has emerged. A CF-MIMO
network is a network where geographically distributed APs jointly serve UEs, and APs are
connected to the CPU by front-haul links. The advantage of a CF-MIMO network is that
it reduces the propagation distance between APs and UEs, ensuring good signal quality
regardless of UE location [6–9].

Serving all UEs by every AP in the CF network is not scalable. If a distant AP serves a
UE, it uses wireless resources, but it does not contribute to the useful signal power of the
UE. Therefore, it is essential to perform clustering in a practical way to allow limited APs
to serve UEs [10,11]. Among the CF clustering options, scalable user-centric clustering is
widely adopted. This approach conducts clustering based on the channel gain between
APs and UEs, ensuring that UEs receive signals of good quality only from serving APs.

This paper focuses on the scenario where UEs outnumber antennas, unlike most papers
that consider more antennas than UEs. In practice, due to the installation cost constraints of
APs, a CF-MIMO network that exceeds the number of antennas is challenging. Additionally,
it is expected that the number of UEs will grow at a faster rate than the number of antennas
in the future [12,13]. Consequently, not all users can be scheduled in the same time slot.

Resource allocation, such as scheduling and power allocation, is crucial in wireless
communication due to random or bursty traffic. Furthermore, it is anticipated that the de-
mand for low latency will increase in 6G networks. In this paper, we implement scheduling
that satisfies low latency while maximizing the throughput using Lyapunov optimization
in the CF-MIMO network, providing an environment where UEs can achieve consistent
quality performance regardless of their location. Lyapunov optimization is employed to
stabilize the queue in queueing networks and minimize the penalty function. The penalty
function is associated with network utility, such as time-average power, packet drop, and
throughput. In this paper, the penalty function is configured with a negative value for
throughput, creating a trade-off relationship with queue stabilization. The non-negative
control parameter V serves as the weight of the penalty function. The value of V can
be chosen to influence the desired performance. Since the parameter V is fixed in most
papers, scheduling is conducted regardless of the current queue state and traffic conditions.
However, in this paper, we provide a flexible scheduling approach by adjusting the value
of the parameter V for each time slot.

1.1. Related Works

There has been some research on Lyapunov optimization [13–18]. The authors of [14] pro-
vided a comprehensive methodology for Lyapunov drift-plus-penalty optimization, aiming to
stabilize the queue while minimizing the penalty function defined in the system. The authors
of [15] established a trade-off relationship between queue stability and throughput and em-
ployed Lyapunov optimization for resource allocation in LTE-based systems. Additionally,
they addressed the maximum weighted sum-rate power allocation problem in the physical
layer using a branch-and-bound algorithm. However, the approach utilizes a scheduling
algorithm using a fixed parameter V and a power allocation method that has the drawback
of high complexity due to iterative power allocation optimization. The authors of [16] fo-
cused on stabilizing virtual queues through Lyapunov optimization in a cell-free network
and used a simple block-coordinate descent algorithm to converge to the local optimal for
power allocation, similar to [15]. The approach restricts the scenario to cases where the arrival
rate is smaller than the generated data rates. Its scheduling technique does not consider
scenarios with high arrival rates. The authors of [17] employed Lyapunov optimization for
delay control by setting the penalty function as the negative value of the reward for format
selection. They introduced a novel approach that separates the terms for format selection
and transmission scheduling decisions, allowing the optimization to proceed independently
for the two decisions. The approach establishes a trade-off relationship between information
quality and scheduling. However, it is not suitable for systems aiming to maximize data
rates. The authors of [18] conducted scheduling to prevent packet drops by configuring
the V value for each time slot. They addressed environments where the queue’s capacity is
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limited or a hard delay constraint exists and considered both single-queue and multi-queue
models. However, the determination of the optimal value of the parameter V for the system is
challenging due to the cost of quantized packet drops.

Scheduling problems in CF networks have been discussed in previous papers [12,13,19,20],
which conducted scheduling considering throughput fairness for each time slot in environ-
ments where the number of antennas is similar to the number of UEs. The authors of [13]
considered active UEs to achieve maximum system performance. Similarly, in this paper,
we adopt active UEs that can lead to maximum performance in a dense user-centric scalable
cell-free environment. This paper also utilizes a fixed parameter V to derive the results. The au-
thors of [12,19,20] optimized scheduling, power allocation, and beamforming in a cell-free
environment. In addition, the authors of [19] utilized the signal-to-leakage-plus-interference-
plus-noise ratio (SLINR) metric for optimization in a multiple-CU environment and provided
three methods for calculating leakage values. The authors of [20] proposed a method for
solving the resource allocation optimization problem in a massive MIMO cell-free system
using semidefinite relaxation (SDR) and sequential convex approximation (SCA) approaches
within polynomial time. Since the authors of [12,19,20] did not consider scheduling with the
queue backlog, applying their approaches to delay-sensitive systems may pose challenges.

The authors of [21] optimized the receive beamforming and the reflecting coefficient
matrix in an active RIS (Reconfigurable Intelligent Surface) to maximize the received signal
power. They also suggested the number of reflecting elements that amplify the signal.
The approach showed superior achievable rates compared to passive RIS. The authors
of [22] optimized the pilot length and pilot transmission power to maximize data error
probability and throughput under limited power. They solved the problem using truncated
channel inversion and an iterative optimization algorithm. The authors of [23] discussed the
utilization of MEC (mobile edge computing) in latency-sensitive systems within CF massive
MIMO networks. They presented the SECP (successful edge computing probability) for
target latency and examined the impact of the SECP and AP density on energy efficiency.
The authors of [24] introduced a method for estimating 2D DOA in mmWave polarized
massive MIMO systems using compressive sampling. They proposed an approach suitable
for real-time implementations due to its low complexity. The authors of [25] optimized
transmission power and NOMA pairing using the A3C (asynchronous advantage actor-
critic)-based ESSO (energy-efficiency secure offloading) scheme, a deep reinforcement
learning-based solution. The approach resulted in improved energy consumption and
average secrecy probability. However, the above-mentioned papers did not consider
scheduling to reduce latency.

1.2. Contributions

In this paper, the number of UEs clustered on an AP is less than the number of antennas
on the AP, making it impossible to serve them simultaneously in a time slot. Therefore,
active UEs should be scheduled in each time slot.

First, in this paper, in a dense user-centric scalable CF MIMO network, dynamic
scheduling is performed on the CPU based on the queue backlog and instantaneous
channel state information (CSI) of each user using the drift-plus-penalty method. During
scheduling, the number of active UEs that can achieve maximum system performance is
selected. Additionally, the value of the parameter V is adaptively set based on the queue
backlog of each UE to efficiently handle bursty traffic. The proposed method is analyzed
by comparing it with the scheduling method using a fixed parameter V.

Since the scheduling is performed on the CPU using the drift-plus-penalty method,
the number of UEs scheduled to APs can exceed the number of antennas on each AP.
Therefore, the CPU utilizes the SUS algorithm for APs to reschedule UEs when the number
of scheduled UEs exceeds the number of antennas.

Furthermore, the local maximum ratio (MR) precoder is simply designed at each AP
to verify the performance. In distributed operations, APs locally perform power allocation.
We introduce two power allocation methods: FPA is suitable for all traffic scenarios and
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has outstanding throughput performance, and queue-based FPA is capable of satisfying
low-latency requirements in low-traffic situations. Therefore, we combine FPA with queue-
based FPA to ensure proper operation across all traffic intervals. We provide simulation
results of these two methods compared with the computationally complex MMF and sum
SE maximization.

1.3. Paper Structure and Notations

The rest of this paper is organized as follows. Section 2 describes the downlink CF-MIMO
network model and the K-queue network model. In Section 3, we present the CPU scheduling
method using Lyapunov optimization and the SUS algorithm. Then, the heuristic FPA and
queue-based FPA power allocation methods are proposed. Section 4 evaluates the simulation
results. Finally, the conclusions of this paper are presented in Section 5.

In this paper, vectors and matrices are denoted with bold letters. (·)T, (·)∗, (·)H, (·)−1,
and ∥ · ∥ denote the transpose, conjugate, conjugate transpose, inverse, and norm, respectively.
E{·} denotes the expectation value, and CN (·, ·) denotes the circularly symmetric complex
Gaussian distribution. 0 and I represent an all-zero matrix and an identity matrix, respectively.

2. System Model
2.1. The Network Model

Figure 1 illustrates a dense user-centric CF MIMO network. There are L APs equipped
with M antennas, and all APs are connected to a single CPU. The network includes K UEs
with a single antenna. It is assumed that the number of UEs exceeds the available resources
in a single time slot. Each UE forms a cluster based on the channel gains from surrounding
APs, denoted as Ck for UE k. The AP l cluster is denoted as Al . Each UE should establish
connections with at least one AP when a cluster is formed. Therefore, each UE always
includes the AP with the highest channel gain in the cluster, and APs with channel gains
exceeding the threshold γ in the set of APs {1, ..., L} are also included in Ck. This process is
mathematically expressed as follows:

Ck = {l : βlk ≥ γ, l ∈ {1, ..., L}} ∪ {arg max
l

βlk}, (1)

where βlk represents the average of the large-scale fading coefficient between AP l and UE
k, expressed as path loss and shadow fading. We use a block fading model to denote the
coherence interval τc, during which the channel remains unchanged. Additionally, each
AP configures a cluster such that the pilot length τp is equal to the number of UEs in the
cluster to mitigate pilot contamination effects.

CPU

AP 𝑙

UE 𝑘

𝑨𝑙: The UE set of AP 𝑙 cluster

𝑪𝑘: The AP set of UE 𝑘 clusterfronthaul

Figure 1. Example of user-centric cell-free MIMO system model. The red area and blue area represent
the UE set of AP l cluster and the AP set of UE k cluster, respectively.
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The K-queue network model considered in this paper is depicted in Figure 2. Each
UE has its own distinct queue. At time slot t, the queue backlog vector is represented
as Q(t) = [Q1(t), Q2(t), ..., QK(t)]. Qk(t) denotes the queue backlog for UE k at time slot t
subject to Qk(t) ≥ 0. Additionally, a(t) = [a1(t), a2(t), ..., aK(t)] represents the UE’s arrival
rate vector, and r(t) = [r1(t), r2(t), ..., rK(t)] represents the departure rate. In this paper,
the arrival rate is assumed to be an uncontrollable random event. r(t) is determined through
scheduling. The CPU estimates the effective rate using the given CSI, and the effective rate
can be obtained through numerous realizations using instantaneous mutual information.

𝑄1(𝑡)

𝑄𝑘(𝑡)

𝑄𝐾(𝑡)

𝑎1(𝑡)

𝑎𝑘(𝑡)

𝑟1(𝑡)

𝑟𝑘(𝑡)

𝑟𝐾(𝑡)

⋮

𝑎𝐾(𝑡)

⋮

Figure 2. The K-queue network model on the CPU.

The channel between AP l and UE k is denoted as hlk ∈ CM×1, and it is expressed
as follows:

hlk = R1/2
lk glk, (2)

where Rlk ∈ CM×M is the large-scale fading diagonal matrix and glk ∼ CN (0, IM) is the
small-scale fading vector between AP l and UE k.

In the downlink, the signal received by UE k at time slot t can be expressed as follows:

yk(t) = ∑
l∈Ck

slk(t)hH
lk wlkxk︸ ︷︷ ︸

DSk

+ ∑
k′∈{1,...,K},k′ ̸=k

∑
l′∈Ck′

sl′k′(t)h
H
l′kwl′k′xk′︸ ︷︷ ︸

ISk

+ nk. (3)

DSk and ISk denote the desired signal and interference signal, respectively. slk(t) is 1
if UE k is scheduled at AP l at time slot t; otherwise, it is 0. wlk is the precoder vector for
UE k of AP l. xk is the UE’s transmission symbol with an average of 0 and a variance of 1.
The second term is the interference signal of UE k, which is not the signal intended for UE
k. nk ∼ CN (0, σ2) is the additional white Gaussian noise (AWGN) of UE k.

2.2. Channel Estimation

It is assumed that geographically distributed APs locally estimate channels. The es-
timated channel information is shared with the CPU through a front-haul link, and it is
crucial for scheduling by the CPU. It is used by the APs for precoder design and power
allocation. The UEs in Al are assigned different pilot signals with a length of τp to mini-
mize pilot contamination during channel estimation. Each pilot signal is represented as
ϕ1, ..., ϕτp and is orthogonal to the others. Pilot signals are designed to satisfy ϕt ∈ Cτp×1

for t = 1, ..., τp. Since UEs within Al use orthogonal pilot signals, there is no pilot contami-
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nation within the cluster. However, UEs in other AP clusters using the same pilot sequence
can lead to pilot contamination. The set of UEs sharing pilots with UE k is denoted as Pk.
The pilot signals received by AP l during the channel estimation phase can be expressed
as follows:

ypilot
l =

K

∑
i=1

√
pihliϕ

T
ti
+ Nl . (4)

In the channel estimation phase, all UEs in the network transmit pilot signals with the
same power. ti represents the pilot signal index of UE i, and Nl ∈ CM×τp denotes the noise
component entering the receiving antennas.

To estimate the UE k channel at AP l, the conjugate transpose vector of ϕT
tk

is multiplied
to eliminate other pilot components. This can be represented by the following equation:

ĥls
ltk

=
K

∑
i=1

√
pi√
τp

hliϕ
T
ti

ϕ∗tk
+

1
√

τp
Nlϕ

∗
tk

, (5)

where if i and k are equal, ϕT
tk

ϕ∗tk
= τp; otherwise, it is 0. And ϕ∗ti

represents the conjugate
version of ϕti .

To suppress the interference from the shared pilot and noise components, it is multi-
plied by the Ψ−1

tk l term, which is the sum of the large-scale fading coefficient for the shared
pilot and the noise. After that, it is multiplied again by the large-scale fading coefficient
of UE k to perform minimum mean square error (MMSE) channel estimation. The MMSE
channel estimation expression is as follows:

ĥlk =
√

pkτpRlkΨ−1
ltk

ĥls
ltk

=
√

pkτpRlk

(
∑

i∈Pk

piτpRli + σ2IM

)−1

ĥls
ltk

, (6)

where ĥlk is the estimated channel of UE k at AP l. Additionally, σ2 is the power value of

the term obtained by multiplying
ϕ∗ti√

τp
with the receiver noise Nl .

The MMSE channel estimated locally at the AP is transmitted to the CPU via front-haul
links. Then, the CPU performs scheduling using the estimated channel and the queue
backlog of each UE.

3. The Proposed Methods

In this section, we propose a scheduling method on the CPU that ensures queue
stabilization regardless of traffic conditions, utilizing the variable parameter V. Addition-
ally, we propose a power allocation method that satisfies low-latency requirements under
low-traffic conditions.

3.1. Proposed Scheduling on the CPU
3.1.1. Lyapunov Optimization

Figure 3 illustrates the scheduling process of the CPU scheduler. At time slot t, if Ĥ(t),
estimated at the APs, and Q(t) are utilized, LM

2 UEs are scheduled in the Lyapunov
optimization phase, and this set of UEs is denoted as Kact,LO. If LM

2 UEs are served, it can
maximize network throughput performance [13]. Among Kact,LO, the set of UEs that the
AP needs to serve is denoted as s

′
l , and it can be obtained as Al ∩Kact,LO. If |s′l | > M for

AP l, the SUS algorithm is applied for rescheduling. The finally scheduled UEs by AP l
are represented as sl , and the scheduled UEs in the network are denoted as Kact =

⋃L
l=1 sl .

The CPU determines the effective data rate with the estimated CSI. First, the CPU computes
the mutual information for each UE as follows:

Ik(t) = log

(
1 +

∥∑l∈Ck
ĥH

lk wlk∥2

∑k′∈{1,...,K},k′ ̸=k ∥∑l′∈Ck′
ĥH

l′kwl′k′∥2 + σ2

)
. (7)
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Each UE has mutual information for the most recent 1000 time slots. The CPU utilizes
it to compute the allocated rate to each UE. The allocated rate is calculated using the
following formula [13]:

Rk = arg max
R

R× P(R < Ik(t)), (8)

where P(R < Ik(t)) is the probability of an event R < Ik(t). Then, we use the allocated
rate to determine that the effective data rate is given as r∗k (t) = Rk × 1{Rk < Ik(t)}.
1{Rk < Ik(t)} is the indicator function of an event Rk < Ik(t).

CPU Scheduler

𝐊𝑎𝑐𝑡SUS Algorithm

𝒔1

𝒔𝑙

𝒔𝐿

⋮

⋮

Lyapunov

Optimization

𝐊𝑎𝑐𝑡,𝐿𝑂

𝑸(𝑡)

෡𝐇(𝑡)

Figure 3. Diagram of the CPU scheduler.

The goal is to maximize the effective rate while ensuring queue stability. To achieve
this, the queue for UE k in the next time slot t + 1 is updated. The prediction of Qk(t + 1)
can be expressed by the arrival rate, effective rate, and Qk(t) as follows:

Qk,pred(t + 1) = max[Qk(t)− r∗k (t), 0] + ak(t). (9)

Then, the quadratic Lyapunov function with Qk(t) can be formulated as follows:

L(Θ(t)) =
1
2

K

∑
k=1

Q2
k(t). (10)

We can easily determine the congestion level of the network using the quadratic
Lyapunov function. The one-step conditional Lyapunov drift is a measure that quantifies
the difference in congestion levels between two time slots as a scalar value. Minimizing this
drift is equivalent to stabilizing the queue. The following equation represents the one-step
conditional Lyapunov drift [14,16,17].

∆(Θ(t)) = E
[
L(Θpred(t + 1))−L(Θ(t))

]
=

1
2

K

∑
k=1

E
[
Q2

k,pred(t + 1)−Q2
k(t)

]
.

(11)

Therefore we can obtain the inequality expression for Q2
k,pred(t + 1) [16]:

Q2
k,pred(t + 1) ≤ [Qk(t)− r∗k (t)]

2 + ak
2(t) + 2akmax[Qk(t)− r∗k (t), 0]

≤ Q2
k(t) + {r

∗
k (t)}

2 + ak
2(t)− 2Qk(t)[r

∗
k (t)− ak(t)].

(12)
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From (11), the following equation is obtained:

∆(Θ(t)) ≤ 1
2

K

∑
k=1

E
[
{r∗k (t)}

2 + ak
2(t)

]
−

K

∑
k=1

Qk(t)[r
∗
k (t)− ak(t)]

≤ B−
K

∑
k=1

Qk(t)[r
∗
k (t)− ak(t)],

(13)

where B = 1
2 ∑K

k=1
[
r2

max + a2
max
]

is constant. rmax is the maximum rate that UE k can achieve,
and amax is the maximum arrival rate in the queue at once in a time slot. A drift-plus-penalty
equation is obtained by adding a penalty term −V(t)∑K

k=1 log(1 + r∗k (t)) to the drift term
above. By minimizing this equation, scheduling is performed in order to stabilize the queue
and maximize the throughput. The drift-plus-penalty equation is expressed as follows:

∆(Θ(t))−V(t)
K

∑
k=1

log(1 + r∗k (t))

≤ B−
K

∑
k=1

Qk(t)[r
∗
k (t)− ak(t)]−V(t)

K

∑
k=1

log(1 + r∗k (t)),

(14)

where B is a constant and Qk(t), r∗k (t), and ak(t) represent the queue backlog, the effective
rate, and the arrival rate of UE k, respectively.

We propose an adaptive approach in which the control parameter V is dynamically
adjusted. This method is called dynamic V in this paper. The parameter V(t) compromises
between throughput and queue stabilization. The scheduling strategy can be flexibly
changed by varying V(t) over time. V(t) is determined based on the constrained queue
size Qmax and Vmax. Qmax and Vmax are suitably chosen in the CPU. In particular, Qmax is
related to the delay allowed by the system. If the arrival rate is greater than the effective
data rate, V(t) = Vmax is the fastest strategy to clear the queue backlog. However, if the
arrival rate is less than the effective data rate, the closer max[Q(t)] is to Qmax, the closer
V(t) is to 0, stabilizing the queue and preventing data drop.

V(t) =

{
Vmax

Qmax−max[Q(t)]
Qmax

, E[r∗(t)] > E[a(t)]
Vmax, Otherwise.

(15)

We proceed with scheduling to minimize the upper bound of the drift-plus-penalty
in (14). Since B is a constant and a(t) is a random event, they are excluded from the scheduling
process. The scheduling process of Kact,LO can be expressed by the following equation:

max
sk(t)

K

∑
k=1

Qk(t)r
∗
k (t) + V(t)

K

∑
k=1

log(1 + r∗k (t)) ∀t. (16)

3.1.2. SUS Algorithm

In (16), the set Kact,LO scheduled by the CPU during the Lyapunov optimization phase
needs to be served by distributed APs. However, when serving from AP l, |s′l(t)| may
exceed the number of antennas at the AP l. Before employing the SUS algorithm, the
scheduler using Lyapunov optimization does not consider the clustering status of APs
and schedules LM

2 UEs. To address this, the CPU uses the SUS algorithm to reschedule
UEs that exceed the number of antennas at AP l. The SUS algorithm selects UEs that
ensure good channel quality. When these UEs are scheduled and served simultaneously,
they are semiorthogonal to each other, resulting in significantly improved throughput
performance when using the MR precoder. This maintains queue stability better and
improves throughput performance compared to randomly selecting UEs for scheduling at
APs. The SUS algorithm operating on the CPU is described in Algorithm 1 [26,27].
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If scheduling is performed, Qk(t + 1) can be expressed as follows:

Qk(t + 1) = max[Qk(t)− rk(t), 0] + ak(t). (17)

Algorithm 1: SUS algorithm in the CPU

1 Input: ĥ(t); s
′
l(t);

2 Output: The set of scheduled UEs on all APs sl(t);
3 Initialization: l← 1; i← 1;
4 while l < L do
5 if M < |s′l(t)| then
6 while i < M do
7 foreach k in s

′
l(t) do

8 q
′
k=ĥk(t)−∑i−1

j=1
ĥk(t)qH

j qj

∥qj∥2
;

9 end
10 iopt = arg max

k∈s′l

∥q′k∥2;

11 sl ← sl ∪ {iopt};
12 s

′
l ← s

′
l\sl ;

13 qi = q
′
iopt

;

14 i← i + 1;
15 end
16 else
17 sl(t)← s

′
l(t);

18 end
19 end

3.2. Proposed Power Allocation

Power allocation is also carried out locally at each AP. Instead of computationally
expensive methods such as sum SE maximization or max-min fairness, a heuristic power
allocation approach known as FPA is adopted by the APs [6]. The power allocation process
using FPA at each AP can be expressed as follows:

ρkl =

 ρmax
(βkl)

ν

∑i∈sl
(βil)ν , k ∈ sl

0, k /∈ sl .
(18)

The range of ν is −1 ≤ ν ≤ 1. As ν approaches −1, it considers fairness among
UEs similar to max-min fairness. When power is allocated, it allocates low power to
UEs in good channel conditions. Therefore, it does not effectively utilize the network’s
capacity. In environments with high traffic, this power allocation method compromises
queue stability. As ν approaches 1, it considers network capacity similar to SE maximization.
It allocates high power to UEs in good channel conditions and low power to others.
This approach sacrifices UE fairness to some extent but shows proper queue stabilization
performance in high-traffic scenarios. In scenarios with low traffic, FPA with ν = 0.5
may exhibit adequate queue stabilization performance, but there is a possibility that it
cannot meet the requirements of systems demanding low latency. Therefore, in low-traffic
scenarios, the queue-based FPA proposed in this paper is applied, considering the current
queue backlog and effective rate. It can be expressed by the following equation:

ρkl =

 ρmax
(Qk(t)r∗k (t))

ν

∑i∈sl
((Qi(t)r∗i (t))

ν , k ∈ sl

0, k /∈ sl .
(19)
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Queue-based FPA demonstrates high queue stabilization performance in low-traffic
scenarios by utilizing only the information used for scheduling. It maintains low compu-
tational complexity in power allocation. Therefore, FPA with ν = 0.5 is employed when
E[r∗(t)] < E[a(t)]. Otherwise, queue-based FPA with ν = 0.5 is applied. In this paper, this
power allocation method is called FPA + queue-based FPA with ν = 0.5. Section 4 compares
the performance of FPA + queue-based FPA, FPA alone, MMF, and sum SE maximization.

4. Performance Evaluation

In this section, we present simulation results based on the power allocation method
described in Section 3.2. Then, we compare the scheduling strategy that uses a fixed V
value with the dynamic V approach proposed in this paper. The conventional approach
in the Lyapunov optimization phase employs a fixed scheduling strategy with a constant
V value. However, this method lacks flexibility, as the fixed V value does not adapt to
changes in traffic and does not consider the current queue backlog. Therefore, the proposed
dynamic V approach takes into account the queue backlog, arrival rate, and effective rate
for adaptive scheduling. We also briefly compare the SUS algorithm with random selection
in Section 4.3.

The simulation setup and conditions were as follows:

• We established a dense user-centric scalable CF-MIMO network with L = 45 APs,
M = 4 antennas per AP, and K = 200 UEs with a single antenna. Additionally, the fol-
lowing parameters were assumed: a coherence interval symbol length of τc = 200,
and a pilot signal length of τp = 10. Each UE transmitted pilot signals at a power
of pi = 100 mW, and the downlink maximum power of APs was assumed to be
ρmax = 200 mW.

• When Lyapunov optimization was applied in the CPU scheduler, |Kact,LO| was config-
ured to LM

2 to maximize network capacity utilization.
• The arrival rate ak(t) was set as Bernoulli(pk) × Amax, where pk = 0.3, and every

4000 time slots, Amax changed to 4τc, 3τc, 2τc, 1.5τc, and 1τc, gradually reducing the
arrival rate. This meant that the traffic changed every 4000 time slots. It allowed
us to verify how each scheduling algorithm and power allocation method operated
in all traffic intervals. Assuming Vmax = 10,000 and Qmax = 100,000, each schedul-
ing algorithm was simulated while varying traffic over 20,000 slots to obtain the
simulation results.

• Based on the estimated channels, precoding was performed at the APs. In this paper,
a simple MR precoder was adopted to reduce the burden of APs. AP l simply obtained
the precoder of UE k as follows:

wkl =

√
ρlk

E{∥ĥlk∥2}
ĥlk (20)

4.1. Power Allocation Comparison

Figures 4 and 5 compare the performance of queue stabilization across time slots and
the cumulative distribution function (CDF) of the throughput performance for various
power allocation methods.

In Figure 4, the MMF allocation, optimizing user fairness from the SE perspective, is
more effective for queue elimination in low-traffic intervals than in high-traffic intervals.
Sum SE maximization aims to maximize network SE and exhibits the best performance in
high-traffic intervals but does not guarantee sufficient performance in low-traffic intervals.
When FPA with ν = 0.5 is utilized, it provides a simple power allocation that ensures
appropriate performance for queue stabilization. FPA + queue-based FPA with ν = 0.5
utilizes FPA with ν = 0.5 in high-traffic scenarios and switches to queue-based FPA in
low-traffic scenarios. It enters a low-traffic period starting from time slot 8000. Then, queue-
based FPA, which allocates more power to UEs with a high queue backlog, is applied.
Consequently, it removes the queue backlog faster than FPA with v = 0.5. In low-traffic
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intervals, it outperforms MMF by exhibiting lower queue backlogs, making it a viable
power allocation method in systems where low latency is crucial.

Figure 4. Queue backlog comparison across time slots for FPA + queue-based FPA with ν = 0.5, FPA
with ν = 0.5, MMF, and sum SE maximization.

Figure 5. CDF of throughput comparison for FPA + queue-based FPA with ν = 0.5, FPA with ν = 0.5,
MMF, and sum SE maximization.



Mathematics 2024, 12, 1515 12 of 16

Figure 5 shows that MMF exhibits good user fairness performance but low throughput
performance. However, due to good user fairness, the variation in throughput among
UEs is not significant. The sum SE maximization method exhibits the best performance
for intermediate UEs, with throughput performance ranging from 20% to 80%. FPA with
ν = 0.5 also demonstrates appropriate throughput performance compared to other power
allocations. The 95%-likely throughput performance is 6.2 times greater than that of sum
SE maximization. The throughput performance of FPA + queue-based FPA with ν = 0.5
is similar to that of MMF because it considers queue stabilization power allocation in
low-traffic intervals.

4.2. Comparison of Scheduling Algorithms

We compare the performance of scheduling algorithms using dynamic V and fixed V,
and we also evaluate a modified scheduling method where UEs with r∗k (t) > Qk(t) are not
scheduled. If a UE with r∗k (t) > Qk(t) is scheduled, it may incur a loss in system throughput.
Therefore, we combine it with scheduling considering throughput V = 10,000 and perform
a performance comparison. This scheduling method is represented as modified V = 10,000
in the performance graph. Figures 6 and 7 illustrate this comparison using FPA with ν = 0.5.
The fixed V approach is compared with V = 1 and V = 10,000.

Figure 6 compares the queue stabilization performance of the four scheduling methods.
When traffic is high, the performance of dynamic V is similar to that of V = 10,000. However,
in the case of modified V = 10,000, UEs with an effective rate larger than the queue backlog
are not scheduled, leading to more efficient removal of the system queue backlog. When
traffic is low, the performance of dynamic V is similar to that of V = 1, indicating that the
proposed dynamic V approach flexibly performs queue stabilization scheduling depending
on traffic conditions. However, modified V = 10,000 exhibits lower performance in low-
traffic scenarios. In low-traffic situations, there are fewer UEs with queue backlogs larger
than their effective rates, reducing the ability to remove the queue backlog.

Figure 6. Queue backlog with varying control parameter V.
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Figure 7. CDF of throughput with varying control parameter V.

Figure 7 compares the throughput performance of the four scheduling methods.
For V = 1, the weight of the penalty component reflecting the throughput is very low. There-
fore, most UEs with high queue backlogs are scheduled, limiting the maximum throughput
performance and resulting in poor throughput performance. For V = 10,000, the CPU
scheduler considers throughput performance, but UEs with r∗k (t) > Qk(t) are scheduled,
leading to a loss in throughput performance. The dynamic V approach minimizes this
throughput loss. It can be observed that dynamic V shows throughput performance that is
approximately 90% of V = 10,000. However, modified V = 10,000 shows degraded through-
put performance in low-traffic scenarios due to not scheduling UEs with r∗k (t) > Qk(t),
resulting in a significant loss in throughput performance.

4.3. SUS Algorithm versus Random Selection

We compare the SUS algorithm with random selection in terms of queue stabilization
performance and throughput performance. To ensure a fair comparison, both methods uti-
lize the dynamic V algorithm and FPA. Figure 8 shows a comparison of queue stabilization
performance between the SUS algorithm and random selection, while Figure 9 shows a
CDF comparing their throughput performance.

In random selection, when UEs scheduled using Lyapunov optimization exceed the
number of antennas at the AP, the UEs are randomly selected to match the number of
antennas. UEs scheduled via the SUS algorithm typically have good channel quality and are
semiorthogonal to each other. Therefore, when using MR precoding, the overall throughput
performance is superior compared to random selection, as depicted in Figure 9. This is
advantageous for effectively clearing queue backlogs and maintaining queue stability,
particularly in high-traffic scenarios. As shown in Figure 8, the decrease in traffic results in
a reduction in the amount of queue backlog. Hence, employing the SUS algorithm for UE
scheduling at the AP is essential.
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Figure 8. Comparison of queue stabilization performance between the SUS algorithm and random
selection.

Figure 9. CDF comparing throughput performance between the SUS algorithm and random selection.
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5. Conclusions

This paper proposes a scheduling and power allocation method for dense user-centric
scalable CF-MIMO networks. It maintains queue stabilization for each UE while ensuring
throughput performance. When Lyapunov optimization in the CPU scheduler is applied,
a scheduling method is proposed using the dynamic V approach, exhibiting suitable perfor-
mance across all traffic intervals. The simulation results show that this scheduling method
operates flexibly across all traffic intervals compared to scheduling methods with fixed
V values. The issue of UEs exceeding the number of antennas at APs, scheduled using
Lyapunov optimization, is addressed by utilizing the SUS algorithm, which reschedules
UEs with good channel quality and orthogonality. We propose a power allocation method
that combines conventional FPA with the queue-based FPA introduced in this paper. Fur-
thermore, we compare the high-computation complexity MMF and sum SE maximization
methods with FPA and FPA + queue-based FPA, which have low complexity. Based on
our research, signal processing algorithms combining power allocation and beamform-
ing to reduce latency in dense user-centric scalable CF-MIMO networks will be a future
research direction.
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