








Fig. 9. Validation accuracy and loss heatmap for GA, PSO, PSOBA, PSOGA, and PSOBAGA

4.7. STATISTICAL ROBUSTNESS ANALYSIS

Since PSOBAGA incorporates stochastic optimiza-
tion mechanisms through Particle Swarm Optimiza-
tion, Genetic Algorithm, and Bat Algorithm operators,
the optimization process may exhibit run-to-run vari-
ability. To evaluate the robustness and stability of the
proposed optimization framework, the experiments
were repeated 30 independent times using different
random initializations. The mean and standard devia-

Table 12. Statistical Analysis of Validation Accuracy
after 30 Independent Runs

Optimizer acncn:ri:cy Stc:;/?)ev. Best (%)) Worst (%)
GA 93.72 0.41 94.35 92.96
PSO 94.08 0.36 94.68 9342
PSO+BA 94.87 0.31 95.29 94.18
PSO+GA 96.15 0.22 96.48 95.72
PSOBAGA 97.18 0.11 97.42 96.95

Table 13. Statistical Analysis of Validation Loss after
30 Independent Runs

Optimizer MainLoss Std. Dev. (%) Best (%) Worst (%)
GA 231 0.18 2.05 2.72
PSO 1.23 0.09 1.11 1.39
PSO+BA 1.15 0.07 1.04 1.28
PSO+GA 1.09 0.05 1.01 1.18
PSOBAGA 1.04 0.02 1.01 1.08
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tion of validation accuracy and loss were computed
and are reported in Tables 12 and 13. Furthermore, a
Wilcoxon signed-rank statistical test was conducted to
assess the significance of the observed improvements.
The obtained p-values confirm that the performance
gains achieved by PSOBAGA are statistically significant
(< 0.05), demonstrating the reliability and reproduc-
ibility of the proposed optimization strategy shown in
Table 14.

Table 14. Wilcoxon Signed-Rank Statistical Test

Comparison P-value
PSOBAGA vs GA 0.0008
PSOBAGA vs PSO 0.0016
PSOBAGA vs PSO+BA 0.0031
PSOBAGA vs PSO+GA 0.0094

4.8. Model Compilation

For Dataset 1, preprocessing and data augmentation
using Gaussian blur, noise injection, and brightness
enhancement are applied, followed by resizing images
from 1500x1500 to 224x224. The pre-split Kaggle da-
taset is trained using the proposed IARUMV2 architec-
ture for 350 epochs with a batch size of 16 and learning
rate of 0.001.

For Dataset 2, images of size 512x512 are resized to
224x224 and normalized to [0-1], with an 80:20 train-
validation/test split and 3-fold cross-validation, where
each fold is trained for 60 epochs. As suggested in [25],
feature channels are doubled at each down-sampling
stage until a 14x14 resolution is reached, resulting in
4096 channels at the deepest layer.

The decoder mirrors this structure using inception
blocks, up-sampling layers, and attention gates, with
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concatenate features fed into the prediction module.
Table 15 reports the effective training time required to
achieve stable convergence. Although PSOBAGA intro-
duces additional computations during hyperparame-
ter optimization, it identifies effective hyperparameter
configurations at an early stage, allowing the model
to converge more rapidly. Consequently, PSOBAGA
achieves stable performance within approximately 50-
60 epochs, whereas competing optimization strategies
require 100-350 epochs to attain comparable perfor-
mance. Therefore, the reduction in training time shown
in Table 15 reflects improved convergence efficiency
rather than a reduction in optimization complexity.

To further evaluate the computational efficiency
of the proposed PSOBAGA-IARUMV2 framework, ad-
ditional metrics including parameter count, FLOPs,
GPU memory consumption, and inference time were
analyzed. As shown in Table 16, the proposed model
achieves a favorable balance between segmentation
performance and computational cost.

Table 15. Comparison of effective training time
required to achieve stable convergence for
IARUMV2 with and without PSOBAGA optimization

No. of Epochs Time without Time with PSOBAGA

PSOBAGA (s) (s)

30 17.7 71

60 35.2 143

20 525 214

120 69.6 285

150 86.6 356

210 120.5 495

270 1543 63.2

350 183.2 753

Table 16. Computational Efficiency Comparison of
Segmentation Models

Parameters GPU Memory Inference
Model ™) FLOPs (G) (GB) Ry
U-Net 31.0 55.2 438 28
SegNet 29.4 485 43 25
Attention
U-Net 346 62.8 54 33
CT-UNet 36.2 67.4 5.8 36
IARUMV2 24.8 421 39 22
PSOBAGA-
IARUMV2 23.8 41.1 3.9 21
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4.9. REPRODUCIBILITY AND
IMPLEMENTATION DETAILS

To ensure reproducibility, all experiments were con-
ducted using a fixed random seed of 42 for TensorFlow,
NumPy, and Python random libraries. The PSOBAGA op-
timizer employed a population size of 30 particles, maxi-
mum iterations of 350, crossover probability of 0.8, muta-
tion probability of 0.05, inertia weight decreasing linearly
from 0.9 to 0.4, and acceleration coefficients ¢,=c,=15.

The hyperparameter search space included learning
rate € [107, 107%], batch size € {8,16,32,64}, dropout
rate € [0.1,0.5], and weight decay € [107%,107]. Particle
positions were initialized uniformly within these rang-
es, while velocities were initialized randomly within
+10% of the corresponding parameter bounds.

Optimization terminated when either the maximum
iteration limit was reached or when the improvement
in global best fitness remained below 10~ for 20 con-
secutive iterations. Training stability was enhanced
through batch normalization, gradient clipping with a
maximum norm of 1.0, adaptive learning-rate schedul-
ing, and checkpoint-based model recovery.

The computational complexity of PSOBAGA is ap-
proximately O(NTD), where N denotes the population
size, T denotes the number of optimization iterations,
and D denotes the number of hyperparameters being
optimized. The proposed framework maintained prac-
tical training times while providing improved conver-
gence and segmentation accuracy.

5. CONCLUSION

To improve model accuracy, achieve fast convergence,
and enhance the prediction capability in HR-RSI, this
work suggested a novel IARUMV2 model. IARUMV2 in-
corporates MobileNetV2, Inception modules, attention
mechanisms, and residual connections into the stan-
dard U-Net model. These modules enable the effective
and efficient extraction of both contextual and spatial
features. The novel algorithm PSOBAGA is applied to the
suggested model to fine-tune the hyperparameters. The
PSOBAGA combines the PSO, GA, and BA. In PSOBAGA,
when stagnation is detected in PSO after a predefined
number of iterations, the BA dynamically updates the
positions of the particle. Due to this, enhancing the
exploratory behavior of the swarm and preventing lo-
cal optima entrapment. Experimental results show that
the integration of IARUMV2 with PSOBAGA suggestively
outper-forms conventional models and optimization
strategies. The suggested model achieves high seg-
mentation accuracy and convergence speed, indicating
its effectiveness in remote sensing image analysis. Al-
though the proposed framework demonstrated strong
performance on two benchmark building-segmentation
datasets, future work will focus on evaluating its gener-
alization capability across additional remote-sensing
datasets and diverse land-use categories, including agri-
cultural, residential, industrial, and forest regions.
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Future research will also focus on validating the mod-
el on large-scale multi-class remote sensing datasets,
cross-domain benchmark datasets, and noisy real-world
scenarios to further assess the robustness, scalability
and generalization capability of the proposed IARUMV2-
PSOBAGA framework.

Even though the proposed framework demon-
strates superior performance compared with several
established remote-sensing segmentation methods,
future work will include comprehensive comparisons
with recent transformer-based architectures, such as
SegFormer, Swin-UNet, HRFormer, Mask2Former, and
foundation-model-based approaches. Such investiga-
tions will provide additional insights into the trade-offs
between segmentation accuracy, computational com-
plexity, and model efficiency.
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Abstract - Cell-free (CF) large multiple-input multiple-output (MIMO) with reconfigurable intelligent surfaces (RIS) systems and energy
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optimization difficult problems, the study first develops a block coordinate alternating optimization to decompose the problem into
multiple smaller sub-problems. The proposed alternating optimization algorithm with the Intermediate Value Theorem (IVT), namely AO-
IVT, efficiently solves the non-convex task. Simulations verify that the deployment of RISs in CF-loT scenarios improves the IoT connectivity,
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and random phase shift) for a 5% anticipated rate outage, the suggested method shows a notable improvement of over 83% in terms of
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1. INTRODUCTION

Conventional cellular systems have intrinsic drawbacks
such as high infrastructure costs, cell-edge effects, inter-
cell interference, and substantial cell-free multiple-input
multiple-output (CF-MIMO) appears as a potential tech-
nique to address these issues. Several base stations (BS)
are dispersed throughout the coverage region under
this paradigm, efficiently serving a number of consum-
ers [1,2]. By lowering the distance separating devices
and the BSs in their immediate vicinity, this strategy pro-
motes macro-diversity and lessens route loss [3,4]. Recent
developments have improved system performance by
smoothly integrating reflecting surfaces or Reconfigu-
rable intelligent surfaces (RIS) into wireless networks. Sig-
nificantly, a reflecting surface can alter radio signals at the
electromagnetic scale, eliminating the need for digital
signal processing methods and power amplifiers [5,6].
The potential of reflecting surfaces in the environment of
CF-MIMO WTIE networks has been largely untapped, de-
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spite the fact that their implementation has unquestion-
ably improved the energy harvesting (EH) performance in
a variety of settings. Furthermore, the core technologies
supporting RIS and their various uses in the Internet of
Things (loT), automotive, drone, and marine communica-
tion sectors were examined by S. Han et al. [7].

2. RELATED WORK

Studies in CF-MIMO systems, energy harvesting tech-
niques, and communications using RIS have received con-
siderable attention from researchers. However, much re-
mains to be explored regarding the relationship between
these three areas: the combined optimization of phase
values in RIS systems, LSFD parameters, uplink power
control, and downlink power aggregation for maximal
and minimum fairness. This subsection provides a critical
analysis of some key studies conducted in these areas.

Peng et al. suggested a cell-free radio network in [8]
that uses an IRS as a secondary transmitter. The main
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transmission from CF-MIMO and the secondary back-
scatter from IRS work at the same time in the same time-
frequency bands. The authors devised a combined opti-
mization of active beamforming in the base stations and
passive beamforming in the IRS to reduce the bit error
rate while maintaining low power levels. It was solved by
alternating optimization, and the results of the simula-
tion were shown for 4 BSs, 4 users, and 32 RIS elements.
At 15 dB SNR, the proposed method had a BER of about
10, which was two orders of magnitude better than the
standard no-RIS baseline. On the other hand, there were
no limits to energy harvesting, phase transitions in RIS
were treated as continuous variables, equity between
the maximum and minimum of loT devices was not tak-
en into account, and LSFD processing was not used.

Zeping et al. [9] investigated RIS-enabled CF-MIMO
utilizing reflection pattern modulation. In this type of
scheme, the RIS reflection patterns directly modulate
the information, which lets you send more data with-
out needing more RF chains. The authors found closed-
form solutions for outage probability and ergodic rate
with Rician fading, regardless of whether the channel
state information (CSI) was optimal or not. Monte Carlo
simulations with 10 APs, 5 users, and 50 RIS elements
confirmed the formulas that were found. Compared to
regular RISs with a 10 dB SNR, the algorithm increases
the sum rate by 40% when there are outages. The study
primarily concentrated on outage probability and ergo-
dic rate analysis, neglecting optimization, power control,
and LSFD optimization; energy harvesting was also not
addressed; max-min fairness was overlooked; and phase
constraints on the RIS were disregarded.

Han et al. [7] did a complete study on the uses of
RIS in mobile communications, focusing on things like
vehicle-to-everything, and the Internet of Things. The
researchers in the survey have divided the literature on
RIS into groups based on the application area, channel
modeling, and optimization method used. They empha-
sized that while robust designs and the segmentation
of phase shift control are essential features of practical
systems, most current research on RIS optimization re-
lies on the assumption of continuous phase shifts and
accurate channel state information (CSI). Therefore, this
study serves as a valuable guide for future RIS research.
However, as it is merely a review paper, it does not intro-
duce any new methods or numerical results.

Aine et al. [10] used tools from random array theory to
study the performance of the asymptotic signal-to-noise
ratio. They validated their theoretical results by conduct-
ing a simulation using 50 access points, 10 users, and
4 antennas per access point. They found that the LSFD
is very close to the SINR performance achievable with
a centralized MMSE scheme in a line-of-sight environ-
ment, with a difference of only 0.5 dB. Thus, this work
demonstrates that the LSFD is superior in this respect.
However, this evidence does not address the issue of
power pooling, nor does it focus on maximal-minimum
fairness optimization.
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Khalil et al. [11] proposed an architecture for energy
harvesting by CF-MIMO UAVs, aided by RIS. In the pro-
posed system, a twofold optimization approach is pre-
sented, wherein RIS phases are controlled to optimize
the minimum energy collection, and the trajectory of
UAVs is optimized to minimize energy expenditure. In
simulations conducted with 4 APs, 8 loT devices, and
64 RIS elements, the suggested approach boosts the
minimum energy collection by 45% and prolongs the
lifetime of loT devices by 3.2 times. Nevertheless, in the
above system, no LSFD approach is applied, the energy-
harvesting mechanism is linear, no saturation effect is
taken into account, no max-min rate fairness is assumed,
and the objective is energy-harvesting only.

Mohammed et al. [12] proposed a hybrid beamform-
ing scheme for mmWave networks using Riemannian
geometry. In this study, a framework and application
of Riemannian manifold optimization approach under
the constraint of unit modulus for hybrid analog/digital
beamforming are proposed. Retraction is performed after
projecting the Euclidean gradient onto the tangent space
of the complex circle manifold. For simulation with 64 BS
antennas, 4 RF chains, and 8 users, the Riemannian opti-
mization approach provides up to 95% of the fully digi-
tal solution with only 8 times the computational cost of
the SDR approaches. However, the approach is restricted
to the downlink, targets mmWave hybrid beamforming
only, and does not include energy harvesting or LSFD.

The above-mentioned analysis and literature review
highlight the necessity of studying the CF-MIMO WTIE
method's efficiency in self-powered loT networks. In
the present paper, the AO-IVT scheme optimizes all four
components together for the min-max rate problem: up-
link powers, LSFD coefficients, downlink energy harvest-
ing beamforming, and phase shifts of discontinuous RIS
elements. In particular, it employs a nonlinear sigmoidal
EH function, imposes the discrete nature of phase shifts
using the Riemannian manifold approach, incorporates
LSFD into RIS optimization, and presents a complete ab-
lation study that analyzes the contribution of each fea-
ture. In contrast to the approach in [8], where the bit er-
ror rate of the communication system is optimized, this
paper explores an RiS-assisted CF-MIMO system to maxi-
mize the minimum rate of loT devices, or, alternatively,
the minimum SINR under device-specific and aggregate
transmit power constraints. As all the uplink power allo-
cation, receive combining vectors, and RIS phase shifts
are coupled in the min-max rate problem, its solution
becomes highly non-convex and hard to solve. To attain
a scalable solution, the task is reformulated by introduc-
ing a slack variable (SINR threshold) and solving it via an
alternating optimization framework combined with bi-
section search, where each iteration consists of convex
second-order cone programming (SOCP) subproblems
with respect to one variable block while fixing the others.
The main contributions of the research are as follows:

«  Provides a unified alternating optimization frame-
work that addresses the aforementioned challeng-
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es, where the suggested LSFD-based algorithm
exploits second-order cone programming (SOCP)
for efficient uplink power control and downlink EH
feasibility checks. The algorithm leverages the In-
termediate Value Theorem (bisection search over
the min. SINR target) with certified convergence
via monotonic feasibility properties.

« Introduces the complexity analysis and demon-
strates the performance gains over benchmarks’
schemes, where the algorithm’s efficiency is vali-
dated for different system parameter settings by
numerical simulation results.

3. SYSTEM MODEL

Network Architecture: The considered model consists
of a cell-free massive MIMO network with B base sta-
tions (BS), each provided with M antennas, serving K
loT- single-antenna devices. An RIS with N passive in-
telligent elements is deployed to enhance both uplink
communication and downlink wireless power transfer.
As seen in Fig. 1, each BS is supported by R numbers
of RISs, each surface is made up of N passive reflective
segments, and the Central Processing Unit (CPU) con-
trols these RIS units via wired or wireless back-haul. The
transmission from BSs to devices is managed by the
TDD technique, which includes two steps for each co-
herence period: the uplink training phase (UL) and the
downlink information dispatch (DL). A complex matrix
of F € C"™K represents the direct route to the k' loT-de-
vice, h € C" represents the RIS-loT-device route, and
a channel complex matrix H of dimension C"*" repre-
sents the pathways between the BSs and the intelligent
reflecting surfaces. The diagonal matrix represents the
phase-shifting matrix of the gathered signal at the in-
telligent reflecting surface ¢ € C""Vre R[12]:

¢r=diag(e®,...,e"), (1)

Hence, the expression for each part of the analog-
phase shifter is 6 € [0, 2m) represents the discrete
phase-shift levels. This study considered a discrete val-
ue (a finite number) for the phase shift angles of intelli-
gent surface segments in order to simplify the practical
implementation. If the level numbers or phase-shifting
precision are represented by b-bits, the number of
these levels will be 2%,

Regonfigurable Intelligent Surface (RIS) .
D- ": |xfﬂ
P}‘I 4 ’]‘EJ [}‘-:f-

¢
= === BS-device link / ‘ iq
== BS-RIS link — §§
- 95|

o

- device-RIS link [ 1|

{ rosrreeren - e =5

Fig. 1. A schematic of a multi-RIS-assisted CF-MIMO
self-powered loT network
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To keep things simple, the current study additionally
assumed that the phase shifter levels were uniformly
quantized in the range of [0;27]. Finally, the discrete
phase shift values set for a single RIS element can be
written as follows [12]:

6rm € {0, , 2 —l)zbl}VreR&nEN 2)

F,

Theoretically, the elements’ amplitude of reflection
C,, can be changed for some reasons, including system
efficiency optimization and CSI measurement. Never-
theless, it is fundamentally costly to consider an inde-
pendent control strategy for both the phase shifter and
the reflection amplitude simultaneously. Therefore, an
individual reflecting segment is typically considered to
enhance the signal’s phase shift for the sake of a simple
implementation. For every K loT-devices at the b BS,
the transmitted baseband unit variance signal vector
x, can be stated as follows, x = Zkem v, S, where, the
vector V,EC™*VYbEB,Iis the BS actlve beamformer
for the k"’ loT device, and S¥is the data to be delivered
to the k" device. The channel between BS b and loT-de-
vice kis modeled as, Fbk=\/,6’bkgbk, where B, is the large-
scale fading coefficient and g,,~CN(O, 1) is the small-
scale fading component. Additionally, for the two com-
ponents RIS-assisted channel, let's use the symbol Q,
to represent the total effective or aggregate cascading
channel from device k to BS b through RISs belonging
to BS b as follows [12]:

Q,=F,+G, b, (3)

Here, F,, € C" is the direct channel component from
BS b to the loT-device, G=H dzag(h ) E C"" models the
cascaded loT-device- RIS base station channel, with H
being the RIS-to-base station channel and h_, € C"" is
the channel from reflecting surface to loT- deV|ce k. In
addition, to simplify the notation and mathematical ex-
pression, stack across BSs to describe the overall effec-
tive channel to all BS's antennas as Q, € C***! formed by
stacking the channels, Q,,, @,,,... @, All the loT devices
transmit a unity variance symbol s,, each with transmit
powers p,, consequently, the received signal across all
BSs can be given as follows, y= Zkem Q, \/pk s, +n, where,
p, is the transmit power of device k, 5,~CN(0,1) is the
transmitted symbol, and n~CN(0, ¢? 1,,) represents the
additive noise. It's crucial to keep in mind that the time-
division duplex protocol-based uplink-pilot sequences
from loT devices can be utilized to evaluate the down-
link (DL) channel utilizing the channel's reciprocity tech-
nique. Compressive sensing (CS) based on the sparse
features of the cascaded channel or the linear minimum
mean square error technique can be used to obtain the
channel state information (CSI) by establishing the RIS-
assisted linkage through the cascaded channel.

3.1. UPLINK SIGNAL MODEL AND LSFD

For the uplink signal decoding, a two-stage process-
ing is employed, the first is the BS local MMSE combining
and the second is the CPU distributed LSFD decoding [9].
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Optimizing local combiners v,, (MMSE): Based on pilot
estimates for the loT-device k, BS b forms the Local MMSE
combiner via maximizing the instantaneous uplink SINR
at this BS independent of the other BSs as follows:

* . 2
Vo = argr‘llll}IPE [”Sk = VEkYb ||F]
) 4)
= argmin{p, — PV Qo — Pk Qb Vo

+Vii ( Z i E{Qpi Qpi} + 013'1\/1) Vhi} (5)
i€|K|,i+k

Setting gradient w.r.t v, tozero, (@()/(@, )=0,yields:

Vbk

—PiQpr + ( Z pi E{Qp Q5 + UI?IM) Vik =0 (6)

i€|K|,i#k

mmse

Vi o = Pr( i E{Qpk Q53 + 0 1) ™! Qpr 7)

i€|K|, ik

Then, each BS computes the vector of locally com-
bined uplink signals for loT-device k: §, =v, "™ y,. For
the second stage, each BS sends the vectors vb’k’ Q, to
CPU for LSFD process. With linear MMSE combining,
most interference is suppressed locally, while LSFD
mainly exploits macro-diversity across BSs.

Distributed LSFD process at the CPU: Each BS applies a
local linear combiner v,, € C" to its local received vector
to produce a scalar local estimate for loT-device k, then
the CPU performs the weighted combining through
collecting of the vectors §b’k from all BSs: $,=Y(b € |B|)
a, §b’ = as,, where a,, € C are LSFD coefficients col-
lected in a, € C®. Next, after applying LSFD vector a*, the
estimated signal is:

S = allSe = Jpeall Qs + ) Qs +alin (g
ik

given that, a,=la,, ... aBk]T, and $,=18, e §Bk 7. Next, with
local combining v,, (LMMSE), after deterministic LSFD
combining vector a, the Use-and-then-Forget (UatF)
[10, 11] bounded uplink SINR of loT-device k for the
aforementioned scheme can be represented as a gen-
eralized Rayleigh quotient as follows:

laf s, |?
Vst = Pi|ak Sk 9

all (T 12k 0i BV QiQf Vi Jieys) + 02Dy )ay,

where, s,=E{v, " Q}, . 5 ) is the mean effective channel
for loT-device k, Q, denotes the effective channel for the
interfering loT-device i (the contribution of loT-device i in-
terference to loT-device k), p, is the uplink transmit power
of the loT-device i, the operator | . | is the vector norm
(Frobenius), v, is the local combining vector intended for
loT-device k at BS b, and D,=diag(E{|v,, |}, \BI)’ which for
independent BSs, the off-diagonal entries [D,].,,, are zeros.
The denominator collects interference and noise covari-
ances at BS outputs.

The vector a, in (9) denotes the LSFD combining co-
efficients for loT-device k, which are deterministic and
designed solely based on large-scale channel statistics
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(e.g., path loss, shadowing, and long-term RIS statis-
tics), and hence remain fixed within each coherence
block and independent of the instantaneous small-
scale fading realizations. The optimal LSFD weights a,
maximize the instantaneous SINR of each loT-device in
(9), so it can be determined through forcing the deriva-
tive w.r.t. a,* to be zero, (0,,)/ (aak* )=0, ak*=arg max-(a,
) {I","*"}. For fixed local combiners {v, }, powers {p,} and
¢, the problem of the centralized LSFD vector a, reduc-
es to maximizing a generalized Rayleigh quotient for
each loT device k. The closed-form solution is obtained
by using the generalized eigenvector that corresponds
to the biggest eigenvalue. For fixed uplink powers {p }
and RIS phases ¢, the optimal LSFD vector that maxi-
mizes SINR, is given by the MMSE receiver:

aj = ( Z PE{VL Quc Q Voidye

telkl, inter—loT—device
ik covariance matrix

+UZDk)_1\/ﬁSk p

Where a larger inter-loT device covariance matrix means
more residual interference. For the loT-device k, the de-
terministic Large-Scale Fading Decoding vector (LSFD)
performs a second-stage linear combining across the
locally processed signals of all base stations a, € C*. This
combining weight is designed solely based only on
large-scale statistics (path loss, shadowing, and long-
term RIS statistics). It does not depend on instantaneous
small-scale fading; hence, it is deterministic and remains
fixed within each coherence block. Under the UatF
bound, this determinism is essential; it allows separa-
tion of mean signal and interference powers. It is worth
noting that, reflecting surface dimension N only affects
the large-scale statistics entering s, and inter-loT-device
covariance but not affects the LSFD dimension. Since
s, D,, and inter-loT-device covariance all depend only
on large-scale channel statistics, the MMSE-LSFD vec-
tor a, is deterministic and can be computed offline. The
statistics in s, and inter-loT-device covariance naturally
incorporate the long-term RIS response while preserv-
ing the deterministic nature of the LSFD weights. Since
all expectations are taken with respect to the small-scale
fading, the MMSE-LSFD vector depends only on large-
scale channel statistics and is therefore deterministic.
The closed-form SINR for loT-device k is then obtained
by substituting equation (10) into equation (9):

(10)

UatF _ H
L = sk (
i€|K|, ik
+ O'ZDk)_lsk

pi ]E{Vglengka}bam
(11

So, under the UatF bound, the uplink SINR admits
the closed-form expression in (11), which is maximized
by the MMSE-LSFD vector in (10), with LMMSE local
combining affecting only the underlying second-order
statistics, i.e, LSFD mainly exploits macro-diversity
(channel statistical quantities) to get a smaller inter-
loT-device covariance matrix. The k% loT-device sum
rate (in nats/sec/Hz) is thus represented by the follow-
ing expression: R =(t /t ) In(1+I","*), where, T is uplink
data fraction of the coherence interval length, T=T+T,.
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3.2. PROBLEM FORMULATION

The study aims to enhance the minimum loT-device
achievable rate, or equivalently, the minimum SINR
subject to per-device and total transmit power con-
straints. The essential challenge in cell-free loT net-
works with WTIE lies in the complex coupling between
three fundamental design aspects: the uplink transmit-
ted power allocation, the distributed large-scale fading
decoding (LSFD) combining at the CPU, and the down-
link wireless energy harvesting beamforming (EH-BF)
at the BSs. These variables are mutually dependent
over energy causality constraints and interference-lim-
ited performance metrics.

In particular, each loT device's maximum uplink trans-
mit power budget is determined by the energy captured
from downlink beamforming, and the uplink power al-
location influences the possible spectral efficiency (SE)
through interference management. Simultaneously, the
LSFD combining weights must be optimized to suppress
both inter-device interference and noise, with their effec-
tiveness depending on the uplink power levels. This cre-
ates a circular dependency that prevents straightforward
decoupled optimization. In order to overcome these diffi-
culties, the job is rewritten by adding a slack variable (SINR
threshold) and using bisection search in conjunction with
an alternating optimization framework to solve it. Convex
second-order cone programming (SOCP) subproblems
with respect to one variable block and fixing the rest com-
prise each iteration. The main system objective is:

Po: max minfy(d,V,a,, )

dVpiag) k (12)

subjectto: C1: 0 < p, < PP, Vk

C2: Z E{ll vy I} < PP™*, Vb

KkelK|

C3: |pal=1, Vn

C4: my (z "Vglkak"i +p Il &H, ||2> > Ef™, Vk
belB|

where, f0 (¢, V, a,, p,)=t, In(1+T', (p, V, a,, p,) [nats/s/Hz],
Using hardening bound, 7, is the device energy conver-
sion efficiency, C4 represents energy harvesting con-
straint with efficiency n,, and E," is the minimum en-
ergy required by the loT sensor for regular performance,

Ekreq = Tp pkp+Tu pk’ and.. Ekmin = Tu pk+Ekcircuit (1 3)

Due to rectifier inefficiencies and diode saturation
at high input power, the conversion of RF power to DC
energy in practical RF energy harvesting circuits is non-
linear. While a linear model with an efficiency factor n,
captures the low-power regime, for generality, a sig-
moidal nonlinear model will be considered, where the
harvested energy saturates at a maximum value E,"™*.
Furthermore, for wireless transfer of information and
energy (WTIE), both time-switching (TS) and power-
splitting (PS) architectures can be considered, where a
fraction of time or received power is allocated to energy
harvesting [8]. A common sigmoid or logistic model is:
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E=(E">)/(1+e% (Pk"" -bk)), where, E 1S the harvested DC
energy at loT-device k, E e is the maximum harvested
or saturation energy, P," =%, . Ilv, " F, Il 7 +p I¢H II?
is the total received RF power, g, is the steepness of the
sigmoid, b, is the midpoint of the logistic curve. The util-
ity function to be maximized in P, of eq.(12) is the mini-
mum SE, and this task, in turn, is equivalent to maximiz-
ing the minimum SINR, since the function In(1+1"k (¢, V,
a, p)) is strictly increasing in r, for I,>0. Therefore, for
any fixed feasible power allocation p,, both terms, min,
In(1 +I (&, V,a,p)), and In(1 +min, I' (¢, V,a,, p,)) repre-
sent complementary formulations of the same underly-
ing SINR balancing and power minimization objectives.
Without loss of generality, the max-min SINR in problem
PO can be expressed by defining a new slack variable ¢
as the minimum required or target SINR for loT-device k
I, as follows:

Py max t
AR PrVbkP

(13)

subject to: Cl_rkmm >t Vk

Cc2: 0<pk<PmaX, VkE/K/

C3: 2 E{l vy 12} < PP, Vb € /B/
T/

ca: /=1, & =diag(e’®) vne N/

csimicf D IVEFull +p 1 GH, i 1 /> EP™, Vi

be/B/

where, t is the minimum SINR target, akECB’ is the LSFD
vector for loT-device k, p, is the uplink transmit power
of loT-device k, vbkECM is the wireless EH beamformer
from BS b to loT-device k, 1, is the energy harvesting
efficiency of loT-device k, p is the RIS reflection coef-
ficient, T, is the uplink transmission time, Ek”"”“"t is the
circuit power consumption of loT-device k. Problem P1
is non-convex due to coupling between P Vs Qe and
¢. However, alternating optimization (AO) technique
can be employed to optimize one block at a time while
keeping others fixed.

3.3. UPLINK POWER CONTROL SUBPROBLEM

The quadratic transform for the SINR inequality in the
first constraint C1 of P, can be obtained through rear-
ranging it to a linear or a convex Second-Order Cone
(SOQ) form using standard techniques. In other words,
to satisfy the max-min SINR target t while respecting
per-loT-device power budgets, the SINR constraints
I'"">t have to be reformulated as a convex SOCP. Using
the multidimensional complex quadratic transform,
the fractional SINR constraints in problem P, with the
aid of eq. (11) can be handled as follows:

prlaf Ql* = t(z pi 1afQl? + % Il a "2> (14)
i+k

where, p, |a/ Q, |* is the signal power, and |a, Q, | is
the effective channel gain after LSFD combining for de-
vice i as seen by loT-device k’s combiner.
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The right-hand side is the total interference-plus-
noise power for loT-device k can be written as (squared
Frobenius norm representation):

2
\/Ela;’f%l

. \/E|35Q2|
Zpi laj Q:|* + o2 Il a I°= :
0 Vprlag Qgl

ollagll

Put (15) back in (14) and rearrange the inequality to
yield:

where, 0 < p,<P ). This inequality is a convex SOC
constraint in {p,}, so it can be solved efficiently using
standard solvers. Consequently, the joint optimization
problem P, can be reformulated as follows:

(15)

{(af QL)\/7}1¢k

allagl, I,

{(aI’jQi)\/E}iik

ollagl,

< L {af Qu/pr),
F

Py max t
{prht (16)

subject to: C,"V(p,) |a Q,|=VtlIY,Il,, C1,C2.
where the diagonal interference matrix is,
Y =l{(a Q) V(p)}.,, olla, II]. The max-min SINR optimi-
zatlon is equwalent to a sequence of convex power-min-
imization SOCPs under fixed SINR targets. Once ¢™ is
fixed, maximizing SINR is equivalent to minimizing total
power while satisfying the SINR constraints. This gives:

Ps: minz D
keE|K| (17)

subject to: C1'+(p)|a @ |=VtlY, I, €2, C3

3.4. EH DOWNLINK BEAMFORMING
SUBPROBLEM

To capture practical RF-DC conversion, a nonlinear
logistic energy harvesting model is adopted. Since the
harvesting function is monotonic, the EH constraint
can be equivalently inverted into a minimum received-
power constraint, which admits a standard second-
order cone representation for fixed RIS phases. Hence,
the resulting EH beamforming subproblem remains
convex and can be efficiently solved as an SOCP within
the AO framework. The energy harvesting constraint
C5 in eq. (14) for the linear EH model can be reformu-
lated as follows:
min

E ok
— (18)

2
<Z "VII;Ikak"F +p Il $H, ||2> >
beB|

min
Orin simpler form: Il x; 12+ p | $H, 2= EZ—k,Vk,

H
ViicFoie
H
— | Vb F 2
where, i = | "PEPR| and YibelB| ||V£Ikak||F =1l xx N7
H
ViiFpredp
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which in turns can be rewritten as a convex SOC con-
straint Frobenius norm representation after taking the
square root (both sides are nonnegative):

E};nin
Mk

{(VirFoipeis|

=
Jo  dH il

This constraint is a standard and convex SOC inequal-
ity in {p,}, so it can be solved efficiently using standard
solvers (CVX-ready). On the other hand, employing eq.
(13), the nonlinear EH threshold is:

11 (Eps=
2 o _ln min

p VP % \Eg
where the variable p€[0,1] is the fraction of power for

EH in case of employing the power-splitting mode. The
downlink EH beamforming subproblem becomes:

Yk (19)

{Vlla.lkak}belBl

Jo Il H, |

. i 2
I DID I R
be|B| kEK|

subject to: C 5:llx Il 2+ pllpH |I>= E""/n,, VKE|K]

which is also a convex SOCP problem, the objective is a
convex quadratic, the constraints are affine in squared
norms. This enforces the energy-causality constraints
induced by the uplink max-min SE objective, and its
feasibility determines whether a candidate SINR tar-
get is achievable within the AO-bisection framework.
Therefore, the feasibility of the downlink EH problem
is monotone in the SINR target justifying and ensuring
convergence of the bisection search.

3.5. RIS PHASE SHIFT OPTIMIZATION
SUBPROBLEM

The RIS phase optimization is solved via Riemannian
gradient ascent on the complex unit-modulus mani-
fold M, guaranteeing feasibility at every iteration. The
manifold gradient ascent update produces a non-de-
creasing surrogate objective and preserves the feasibil-
ity of the SINR constraints in the AO-bisection loop. The
expected combined channel gain from eq. (3) can be
defined as follows:

U, =alEQ}=A4A, +B, P, (22)

where, 4, .= a”F and B, .= G a,. Moreover, the cova-
riance matr|x of the effectlve channel component for
loT-device i becomes:

al E{Q,Q/} a, = ¢" R, p+2Refr, ' pt+d,,  (23)

where the second-order covariance-like matrix of the ef-
fective cascaded RIS channel after LSFD weighting, G
a, isdenoted by R, =E{G/a, a/ G }anditis Hermitian
p05|t|ve semldeﬁnlte (PSD) matrlx R, >0 which captures
the power coupling or spatial correlatlon between RIS
elements as seen through the BS combiner. The vector
r, EC", is the cross-correlation vector between the RIS-
S|de cascaded effective channel, and the BS-side direct
channel after LSFD combining ie, r, .= E{G" a, a " F.},
so it measures coherent coupling between RIS- reﬂected
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path and Direct BS path. If these paths are statistically in-
dependent then r, =0. The total average received power
from all loT-devices (including loT-device itself) that ar-
rives via the direct loT-device-to-BS paths, after process-
ing by the LSFD combiner a, is denoted by the real, non-
negative scalar dk,,E R, dk,i: aE{F.F'}a,.

3.6. SINR CONSTRAINT UNDER BISECTION
TARGET

For a given target SINR ¢, the SINR constraint of eq.
(14) is equivalent to,

2
Pie|Uki|” = t(Z p; afE{Q;Q{ }ay + 02 Il ay ”2> (24)
i*k
The rearranged feasibility SINR constraint after col-
lecting quadratic terms in ¢ can take the form:

"My + 2Re{mjl¢p} > t(dy + 0% I @, I?) = C  (25)

where the matrices M, and vectors m, arise from rewrit-
ing the UatF SINR constraints as quadratic forms in the
RIS phase vector and depend explicitly on the current
bisection target ¢, they collect all RIS-dependent signal
and interference terms, these are, respectively:

My, = py G arai Gy — t Z p; G{ araj G;
(€K

(26)

_ H., H H_  _H
my = prGr aa Fre — t pi G aray F
i€k

(27)

The constant C, in (25) is related to the signal power
term from the direct path p, |a,”" E{F }|> non-RIS i.e, it is
the coherent desired-signal power that does not involve
the RIS. It represents the RIS-independent coherent
desired-signal power under the UatF bound and there-
fore appears as a constant offset in the quadratic SINR
constraint (separates RIS-dependent vs RIS-independent
terms), C,=0 when the direct link is blocked. The real, non-
negative scalar dkzziel,q p,d, ,is the total average received
deterministic interference power from all loT devices
(non-coherent terms) scaled by the user transmit powers
(including loT device itself) that arrives via the direct loT-
device-to-BS paths, it is independent of the RIS configura-
tion ¢ i.e, the constant term on the right-hand side of (25)
is irrelevant for the gradient computation w.r.t ¢.

3.7. EUCLIDEAN GRADIENT FOR MANIFOLD OPT.

In the proposed algorithm, a surrogate objective is
maximized to find a feasible point that meets the SINR
target t. A suitable objective is the sum of the left-hand
sides of the per-loT-device quadratic constraints of in-
equality (25). From the feasibility test at a fixed target
t, define the aggregate function, given a real-valued
objective function:

Ap)=¢" Mp+2Re{m" ¢}, (28)

where the aggregated matrices, M=% ka and
m=Y,(k€|K])m,, address the contributions of the desired
signal enhancement (through |a,” G,|*and |a," F, |?) and
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the interference suppression scaled by the SINR target ¢
(through R, and r,). Maximizing f(¢)) promotes the satis-
faction of the individual SINR constraints. The Euclidean
gradient of flg) in the complex domain is required for the
Riemannian gradient computation on the unit-modulus
manifold M={¢p€C™:|¢p |=1, Vn}. Using Wirtinger calculus,
the Euclidean gradient of fl)) with respect to the com-
plex conjugate ¢* (treating ¢ and ¢* as independent) is:

V, f=2M¢+2m (29)

3.8. COMPUTE GRADIENT ON MANIFOLD

The Riemannian gradient is then obtained by project-
ing the aggregate Euclidean standard (unconstrained)
gradient of the objective function in the embedding
space onto the Unit-Modulus Manifold, or the tangent
space of the manifold M. This can be applied to the RIS
phase shifter optimization update. The complex circle
manifold for the RIS phase-shift vector is M={¢p€C":|¢p_
|=1, ¥n}. And this is suitable for the unit-modulus con-
straints on RIS elements where each element satisfies
¢n=e/9", 6 €[0, 2m). The tangent space for the complex
circle manifold at pointat ¢ is, T¢ Mz{zeC"’:Re{zn ¢ *1=0}%
Where the product is element-wise multiplication.

Algorithm-I; Proposed Iterative AO approach

Input: Channel statistics {b, C, Q, ,}, BS power limits
PbBS, RIS coefficients p, EH efficiencies 1, circuit ener-
gies E, ™", tolerance €40 Eny

Output: SINRt*, p,, LSFD vectors a,, EH-beamformers
v, RIS phases @.

Initialize parameters:

AO iteration index n=0, RIS phases @ randomly
on the unit circle, LSFD vectors a,, uplink powers

p%=P ., Vk SINRbounds:t =0,t =t ©.

X max

Repeat (AO approach Main loop (n)):
2. Bisection approach (on SINR target t): Set,
t=(t +t )2
3. Update Uplink Power Allocation p,™*" using eq.
(17) for fixed a,™" and @™
4. Update LSFD coefficients a,, using closed-form
(10) with fixed @, p, ™.
5. Update DL EH-Beamforming, v,, ™" employing
eq. (22) for fix @,
6. Update RIS Phase @™ (Algorithm ) for fixed
p,""v,.,anda,™".
7. Compute Minimum Required Energy:
Ekmin=1-u pk+Ekcircuit
8. Update Bisection limits:
If EH-problem is feasible: Then: t "=t
Else:t "V=t, End If
9. Bisection convergence check,
If |t <€,

-t
max min

Then: Accept t* = t o and,
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Break bisection loop
End If

10. Until bisection converges otherwise update
the iteration index, n=n+1.

11. Return: Optimal SINR t*, uplink powers p,,

LSFD vectors a,, EH-beamformers v _ ,RIS
phases ®.

mk "’

The gradient on the manifold (the Riemannian gra-
dient) is obtained by the orthogonal projection of the
Euclidean gradient onto the tangent space:

V., f=Proj, (V,f)=V, f-Re{V fOP* }O¢p (30)
The third step after the gradient step is the retraction
onto the manifold: ¢=¢+aV,, f. Then, the normalized re-
traction onto the manifold is, ¢ =¢ /[ [, Vn. Where VM f
will be the direction associated with the gradient, and
ais the size of the search step. The aggregate Euclidean
gradient combines contributions from all constraints
and objective in standard complex calculus, while
the manifold projection ensures that the movement
is in directions that preserve the unit-modulus con-
straints of RIS elements. The projection step removes
the component of the gradient that would change the
modulus, keeping only the component that affects the
phases. The three steps of the Riemannian manifold
optimization are described in detail in the pseudocode
provided in Algorithm-Il. The complete pseudocode
for the suggested AO-algorithm is also presented in
Algorithm-I. A non-decreasing SINR feasibility region is
produced by each AO step, which optimizes one vari-
able block while holding the others constant.

Algorithm-II; Riemannian Manifold Gradient Descent.

Input: EH-beamformers Vi En
Output: Optimal RIS phases @*.
Initialize parameters: ¢, m=0
1.  Repeat Manifold Optimization inner loop (m):
2. Compute Euclidean Gradient w.r.t @,
V(T (P)=E,c 2 (M, D+m,).
3. Update Riemannian gradient: grad, I"  (®)
=Vor -Rel{Vv, I .&*1&,
4. Update phase shift: @™'=
Ret® (agrad, I’ ™)=vect.[(®"+a n"™)
/(@)
Quantize @ to the nearest points in the ¢ _ set.

6. Check Manifold convergence:
€, 2 [|@m - @i || F

7. m=m+1
Until Manifold converges
Return: Optimal RIS phases @*= @™,

«  Riemannian gradient of the SINR on the unit-modu-
lus manifold in step 3 is the projection of V ,-f(®) onto
the tangent space,
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«  phase shift updating in step 4 is performed via de-
scent and retraction of a tangent vector a n™ at the
current point @™ to the unit circle space, a is the size
of the search step, and n is the direction associated
with grad, I’ (®).

4. COMPUTATIONAL COMPLEXITY

The computational complexity of the proposed
methods will depend on the number of alternating
optimization (AQ) iterations and their level of difficulty
(required to solve each subproblem). The BS beam-
forming subproblem’s complexity is polynomial in K
in dense cell-free systems with many loT-devices. How-
ever, because the RIS optimization complexity rises
linearly with N, the algorithm can effectively handle a
large number of RIS elements. For every iteration, the
complexity of solving the SOCP for the BS beamform-
ing task is, O((MBK?? MBK)=0(K**(MB)% ). The RIS pas-
sive beamforming computation cost is O(K?N) which
is updated via Euclidean gradient. Consequently, the
alternating algorithm’s total complexity per iteration,
O(NK*+1,,, log2 (1/¢)((MB)** K*?)) where ¢ is accuracy of
the variable updating and I, signifies the number of
iterations of the A0 algorithm to converge.

5. NUMERICAL RESULTS

This section presents simulation results that evaluate
the following system configurations for comparative
analysis:

The proposed optimized RIS aided cell-free MIMO
loT scheme, namely, AO-IVT, where the scheme vari-
ables are optimized utilizing Algorithm |, while the
RIS phase shifts are refined through Algorithm II.

« AO-IVT (no power control) where in this bench-
mark, loT devices were assigned equal power, with
the other variables designed using Algorithm-Il.

Random ¢ and Equal p, in which the reflecting sur-
face phase shift angles are selected arbitrarily in
the range ¢€(0,2m].

«  The traditional CF-MIMO loT system without em-
ploying the reflecting surface assistant.

The SDR-WMMSE scheme, which merges the ro-
bust Weighted Minimum Mean Square Error tech-
nique with Semidefinite Relaxation to tolerate the
non-convex, NP-hard constraints for the power
control in CF-MIMO systems.

Without loss of generality, the structure is assumed to
include BSs and RISs that are uniformly spread in circles
(within a radius of 400 m) about the loT-devices. The
various single-antenna loT-devices are positioned with
uniform distribution in a circle of radius 20m. For the
model of the propagations, a distance-dependent chan-
nel path loss is assumed, and for the small-scale fading
model, a Rician fading channel of factor 4 is adopted,
with the simulation settings based on prior research. For
the energy-consuming model, the static or fixed energy
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costs of the hardware circuit per BS and loT device are,
respectively, (P,*, P,"*) {10 dB and 10 dBm}. The hard-
ware energy costs per reflecting element for {1, 3, 4, and
infinite} phase shift resolution bits are, respectively, {10,
15, 20, and 25} dBm. The numerical results for channel
realizations and network architecture both are aver-
aged over 4x10? trials with a convergence tolerance of
€=10"* and a minimum SINR {& of 0 dB, noise variance
is -96 dBm. Each coherence interval consists of T =200
symbols (pilot-training length 7=10 symbols, uplink
data transmission length 7 =190 symbols), the path loss
exponent is set to {2.3, 2.5, and 3.5} for the BS-IRS chan-
nel, device-IRS channel, and the direct channel, respec-
tively. The values of additional parameters, BS antennas
M, number of loT devices K, and number of RIS elements
N) will all be specified within each simulation figure.

5.1. RATE-OUTAGE PROBABILITY ANALYSIS

The cumulative distribution function (CDF) provides
crucial insights into the distribution of performance met-
rics, reflecting the probability that all loT devices simulta-
neously satisfy a QoS requirement and characterizing loT
device fairness and reliability beyond average metrics.
Therefore, the simulation will evaluate the CDF of the
minimum achievable rate (or equivalently, SINR). Specifi-
cally, the rate outage probability is definedas P, (R ) =
Primin(k€K) R, < R}, where R = log, (1+I,) denotes the
attainable uplink rate of loT device k,and R is a target rate
threshold. All simulations have been carried out with BS =
2,K=5,M =4, N = 64. First, Fig. 2 shows the outage prob-
ability (CDF) of the loT-device uplink rate for the proposed
RIS-aided cell-free MIMO scheme and the benchmark
schemes; AO-IVT (no power control); Equal p, the tradi-
tional cell-free MIMO structure without IRS; and the SDR-
WMMSE scheme. The CDF plots for RIS-aided schemes are
plotted using 4-bit RIS phase shifting. For the indicated
5% likely rate-outage, the proposed scheme under opti-
mized variables exposes a noteworthy minimum target
rate enhancement of almost 83% (minimum rate rises
from 0.24 to 1.5 nat/s/Hz) in comparison to a traditional
case (equal power and random phase shift), while the20®
percentile increases from 0.82 to 2.51 nat/s/Hz.

a ;9:9:9:9:9:¢
o

CF-MIMO (No RIS)
—0—Rondom ® & Equal-p
—#— AO-IVT (No p-control)
—O—AO-IVT
>— SDR-WMMSE

0.8
0.6

0.4
/5 0.08
20% likely  0.06
Tate-outage .04
7 0.02

Probability of rate-outage (Rate-CDF)

3 4 5 6
Trget Uplink Rate (nat/s/Hz)

Fig. 2. CDF of the target uplink rate against
different schemes
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Next, Fig. 3 shows the outage probability results of the
scheme simulation across two values of the quantization
bits for the discrete phase shift levels. As shown by CDF
curves of this figure, e.g., for the 90 percentile, increas-
ing quantization by 2 bits results in almost a 0.5 nat/s/
Hz boost in the minimum target rate. Switching from
2-bit to 4-bit IRS phase shifters results in significant per-
formance benefits, which can be attributed to precise
phase shift selection. As a result, to build RIS systems and
achieve considerable gains over typical cell-free MIMO
schemes, there is no necessity for employing expen-
sive high-resolution phase-shift circuits. Fig. 4 (a) shows
that the outage probability gap between the proposed
scheme (marked as LSFD) and the conventional system
(with fixed LSFD coefficients) is approximately 1.2 for a
5% likely rate-outage. In the former approach, the re-
ceiver power assignments and the CPU filtering coeffi-
cient vectors are made optimal via Algorithm-I, while in
the latter approach, they are not optimized.

1r

_ _Rondom ¢ & Equal-p
(2-bit Quan.)
Rondom @ & Equal-p
v (4-bit Quan.)

7/ —— = AO-IVT (2-bit Quan.)
‘ /’«. (—O— AO-IVT (4-bit Quan.)
/ SDR-WMMSE (2-bit Quan.)
SDR-WMMSE (4-bit Quan.)

0.8 +

0.6+ /

0.4 F

Probability of rate-outage (Rate-CDF)

- - - 5% likely rate-outage

0 1 2 3 4 S 6
Trget Uplink Rate (nat/s/Hz)

Fig. 3. The target uplink data rate’s CDF against the
quantization bits for the discrete phase shift levels
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z —o—AO-IVT (MRC) 3, LT T T
=y —O0—AO-IVT (LSFD) &' 14 ,
I S /
QE_ 1@ _d1_ _5°f, Iike:y <5 /l
rate-outage
0 utag 1 I } ) )
0 2 4 5 10 15 20 25

Trget Uplink Rate (nat/s/Hz) Number of AO-iteration

(a) (b)

Fig. 4. (a) The target uplink data rate’s CDF against
different receiving combining approaches.
(b) Proposed algorithm Convergence performance

The rate convergence behavior of the proposed sys-
tem is shown in Fig. 4(b). As shown in this figure, about
six iterations are sufficient to achieve about 80% of the
average rate.

635



5.2. AVERAGE UPLINK DATA RATE ANALYSIS

The scaling performance of the algorithm with the
network size is depicted in Fig. 5. Here, the simulation
outcomes are acquired through independent Monte
Carlo analyses (N,,,=1000 independent realizations
of the channel) to confirm statistical resilience. The
95% confidence interval (CI) is determined as follows,
CI=1.96~(STD/\/Nsim) where, 1.96 is the Gaussian factor
for 95% CI, STD is the standard deviation from simula-
tions, and N, is the number of Monte Carlo runs. This
certifies that the achieved performance improvements
are statistically considerable with 95% confidence. First,
for a number of RISs = BSs, M = 4 antennas, Fig. 5(a) de-
picts that the average uplink data rate increases with
the growth in the number of BSs because more BSs can
achieve more diversity and antenna gain. In addition,
increasing the number of RIS's elements from 16 to 64
elements can carry a notable scheme performance gain
(about 13% for B=10 BSs). Next, Figure 5(b) shows the
impact of increasing the number of loT devices on the
uplink average rate for B=2 BSs, R=2 RISs, M= 4 anten-
nas, N=16, 32, 64 elements, and Tp=105ymbols. As the
density of the devices increases in the network, the per-
device average data rate decreases since a limited length
of the pilot sequence results in anincrease in the interfer-
ence due to pilot contamination. It is worth noting that
increasing the number of RIS elements can alleviate the
performance decrease caused by the increased number
of loT devices. In actuality, RIS passive-beamforming can
improve interference control. This highlights how crucial
it is to implement RIS in densified networks.
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Fig. 5. Proposed algorithm performance scalability
w.r.t: (@) number of Base Stations, (b) number of
served loT devices

6. CONCLUSION

This study developed a low-complexity framework
for max-min rate optimization in RIS-assisted loT cell-
free MIMO systems. By exploiting the monotonic equiv-
alence between max-min SINR and max-min data-rate,
the originally nonconvex problem was reformulated
into a sequence of convex SOCP subproblems solv-
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able via an alternating optimization scheme with the
intermediate value theorem. The proposed algorithm
provides definite convergence to a stationary solution
with polynomial per-iteration complexity, making it
scalable to large numbers of IoT devices and RIS ele-
ments. According to simulation results, the proposed
approach outperforms the conventional ones in terms
of rate-outage probability. For example, the proposed
scheme under optimized variables exposes a notewor-
thy minimum target rate enhancement of almost 83%
(minimum rate rises from 0.24 to 1.5 nat/s/Hz) in com-
parison to a traditional case (equal power and random
phase shift), while the 20" percentile increases from
0.82 to 2.51 nat/s/Hz. The theoretical study and numer-
ical results yield key conclusions that can be applied to
address the aforementioned challenges in the design
of RIS-assisted loT cell-free systems.

CONFLICTS OF INTEREST

The authors declare that they have no known com-
peting financial interests or personal relationships that
could have appeared to influence the work reported in
this paper.

DECLARATION OF THE USE OF AITOOLS

"No artificial intelligence tools were used in the prep-
aration of this manuscript".

REFERENCES:

[11 X Li, M. Zhang, H. Chen, C. Han, L. Li, D. T. Do, A.
Nallanathan, “UAV-enabled multi-pair massive
MIMO-NOMA relay systems with low-resolution
ADCs/DACs" IEEE Transactions on Vehicular Tech-
nology, Vol. 73, No. 2, 2023, pp. 2171-2186. doi:
10.1109/tvt.2023.3315556

[2] Q. Xue, X. Fang, M. Xiao, S. Mumtaz, J. Rodriguez,
“Beam management for millimeter-wave beam-
space MU-MIMO systems”, IEEE Transactions on
Communications, Vol. 67, No. 1, 2018, pp. 205-217.
doi: 10.1109/TCOMM.2018.2865749.

[3]1 H. Mohammed, “Internet of Vehicles Security Im-
provement Based Controller Area Network and
Artificial Intelligence”, Komunikacie-vedecké listy
Zilinskej univerzity v Ziline, Vol. 27, No. 2, 2025, pp.
14-23. doi: 10.26552/com.c.2025.017.

[4] I Hburi, H. F. Khazaal, “An efficient two-stage user
association scheme for green C-RAN systems’,
Indonesian Journal of Electrical Engineering and
Computer Science, Vol. 16, No. 2, 2019, pp. 794-
802. doi: 10.11591/ijeecs. v16.i2. pp794-802.

International Journal of Electrical and Computer Engineering Systems



(5]

(7]

(8]

H. A. Ajeel, R. Q. Muhammed, I. S. Bager, “Enhanc-
ing the open-RANs performance with meta-surface
technique’, Proceedings of the AIP Conference, Vol.
3264,No. 1,2025,p.020011. doi: 10.1063/5.0260395.

M. Hassan, K. Hamid, R. A. Saeed, H. Alhumyani, A.
Alenizi, “Reconfigurable intelligent surfaces in 6G
mMmMIMO NOMA networks: A comprehensive anal-
ysis”, International Journal of Electrical and Com-
puter Engineering Systems, Vol. 16, No. 2, 2025,
pp. 87-97. doi: 10.32985/ijeces.16.2.8

S.Han, G. Luo, F. Qu, M. Lestas, F.Y.Wang, “Empow-
ering vehicle connectivity-the SOTA and future
prospects of reconfigurable intelligent surfaces in
mobile communications: A review”, |IEEE Sensors
Journal, Vol. 25, No. 12, 2025, pp. 20789-20806.
doi: 10.1109/jsen.2025.3586678.

X. Peng, Q. Tao, X. Gan, C. Zhong, “Intelligent-
reflecting-surface-enhanced cell-free symbiotic
radio sysems”, IEEE Internet of Things Journal, Vol.
10, No. 22, 2023, pp. 19545-19557. doi: 10.1109/
jiot.2023.3267658.

S. Zeping, H. Ngo, T. Van Chien, “RIS-assisted cell-
free massive MIMO relying on reflection pattern

Volume 17, Number 8, 2026

modulation”, |EEE Transactions on Communi-
cations, Vol. 73, No. 2, 2025, pp. 968-982. doi:
10.1109/tcomm.2024.3446589.

N. Ain, L. Miretti, S. Staniczak, “On the Optimal Per-
formance of Distributed Cell-Free Massive MIMO
with LoS Propagation’, Proceedings of the IEEE
Wireless Communications and Networking Con-
ference, Milan, ltaly, 24-27 March 2025, pp. 1-7.
doi: 10.1109/wcnc61545.2025.10978201.

A. Khalil, M. Y. Selim, M. A. Rahman, “CURE: En-
abling RF Energy Harvesting Using Cell-Free
Massive MIMO UAVs Assisted by RIS’ Proceed-
ings of the IEEE 46th Conference on Local
Computer Networks, Edmonton, AB, Canada,
4-7 October 2021, pp. 533-540. doi: 10.1109/
LCN52139.2021.9524984.

S. Mohammed, D. A. Khader, |. Hburi, H. F. Kazal, B.
K. Al-Shammari, “A Riemannian Geometry-based
Hybrid Beamforming for mmWave Systems’,
Proceedings of the International Conference on
Computer Science and Software Engineering,
Duhok, Irag, 2025, pp. 239-245. doi: 10.1109/
csase63707.2025.11054020.

637






Advancements in BCl-Based Neurofeedback
Systems for Working Memory:
A Systematic Review

Review Paper

Iffa Nurlatifah*

Institute of Visual Informatics, Universiti Kebangsaan Malaysia,
Bangi, Selangor, Malaysia

p146656@siswa.ukm.edu.my

Norshita Mat Nayan
Institute of Visual Informatics, Universiti Kebangsaan Malaysia,
Bangi, Selangor, Malaysia
norshitaivi@ukm.edu.my

*Corresponding author

Abstract - Brain-Computer Interface (BCl)-based neurofeedback has emerged as a potentially effective, non-invasive method for
enhancing working memory and facilitating cognitive training. Conversely, the methodological heterogeneity characterizing the current
research presents a challenge in establishing consistent conclusions concerning system design and efficacy. This systematic review
seeks to synthesize the existing body of evidence concerning the design, evaluation, and reported efficacy of BCl-based neurofeedback
systems, with a particular focus on their application in enhancing working memory. Adhering to PRISMA guidelines, a structured
literature search was performed across Scopus, Web of Science, PubMed, and IEEE Xplore, culminating in the inclusion of 21 studies
in qualitative synthesis. The results indicate the clear dominance of EEG-based architectures, with frequency-domain neural features,
particularly those derived from alpha-, theta-, and ratio-based measures, being the most prevalent signals utilized. Visual feedback
interfaces were the most commonly used, even though some studies used gamified, mobile, or immersive environments. Regarding
the evaluation of the results, sham and passive control groups were often used. However, the methods were highly heterogeneous, and
long-term follow-up assessments were relatively rare. The reported effectiveness findings were positive but varied. Some studies showed
improvements in working memory, while others reported mixed, task-specific, or null effects. A consistent pattern observed was that the
successful alteration of the specific neural characteristic did not invariably correlate with demonstrable cognitive enhancement. Based
on these findings, this review proposes design and validation guidelines aimed at improving methodological consistency, strengthening
evaluation practices, and enhancing comparability across future BCl-based neurofeedback studies.
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1. INTRODUCTION Working memory relies on the coordination of fronto-
parietal brain systems and is tightly linked to oscillatory
activity in particular frequency bands, particularly theta
(4-8 Hz) and alpha (8-12 Hz) rhythms [4, 5]. These neural
signatures provide a physiological basis for neurofeed-
back interventions aimed at enhancing cognitive per-

formance. In non-invasive BCl, electroencephalography

Recent neurotechnology breakthroughs have in-
creased the pace of brain-computer interface (BCl) de-
velopment, especially closed-loop interfaces that can
modulate brain processes in real time. By translating
neural activity into computational commands, BCls have

expanded opportunities for human-computer interac-
tion across healthcare, assistive technology, and cogni-
tive training [1, 2]. Within these applications, working
memory has become an especially important target be-
cause of its central role in executive functioning, reason-
ing, learning, and goal-directed behavior [3].
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(EEG) or functional near-infrared spectroscopy (fNIRS) is
typically used to record brain activity. Neural responses,
such as spectral power changes, are then extracted and
converted into visual or auditory feedback [6, 7]. Gener-
ally, neurofeedback systems based on BCl are designed
to adhere to a typical signal-processing pipeline, which
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includes signal acquisition, preprocessing (e.g., filtering
and artifact removal), feature extraction, and the con-
version of neural features into real-time feedback signals
[8]. Through this closed-loop process, users can observe
and gradually regulate the neural activity associated
with their cognitive states.

Despite promising findings, BCl-based neurofeed-
back systems for working memory remain highly het-
erogeneous in both design and evaluation. Studies
differ considerably in signal acquisition methods, pre-
processing procedures, feature extraction techniques,
feedback modalities, adaptive thresholding, and out-
come measures [3, 9, 10]. Such methodological vari-
ability complicates the comparison of results across
studies, the determination of common design prin-
ciples, and the transition to standardized system de-
velopment. Consequently, there is mixed reporting on
the benefits of working memory enhancement, which
in many cases is highly influenced by the experimental
protocol used [7, 11, 12].

The existing literature on BCl-based neurofeedback
and working memory can be grouped into several the-
matic strands. Design-oriented reviews have explored
the problems of usability, engagement, personalization,
and adaptive feedback in working-memory interven-
tions, especially from a design-element viewpoint [13].
Conceptual and human-computer interaction-oriented
reviews have examined working memory in EEG-based
systems, emphasizing theoretical foundations and inter-
face design rather than neurofeedback system integra-
tion [14]. Systematic reviews and meta-analyses have
been outcome-oriented to examine the effectiveness
of neurofeedback in enhancing memory, frequently in
a particular population or frequency band, e.g., older
adults or theta-based protocols [15, 16]. Implementation
challenges and practical applicability have also been re-
viewed in population- and application-oriented reviews
in groups like healthy older adults and individuals with
mild cognitive impairment [17]. Despite the useful infor-
mation presented in these studies, they primarily focus
on specific aspects of the area but not on the overall
design and assessment of BCl-based neurofeedback sys-
tems in relation to working memory.

Combined, the current literature remains incomplete
in terms of a systematic synthesis of the design and
evaluation of BCl-based neurofeedback systems for
working memory in the entire closed-loop workflow.
The key technical and evaluative aspects of these sys-
tems, such as signal acquisition, preprocessing, feature
extraction, feedback architecture, adaptive control,
and validation strategies, have not been adequately
incorporated in prior reviews. Consequently, it is still
hard to tell how these design decisions are integrated
in practice and how they affect the reported neural and
behavioral results.

To fill this gap, the current systematic review takes
a system-level approach based on the closed-loop ar-
chitecture of BCl-based neurofeedback systems. It inte-
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grates empirical research to determine common trends
in signal acquisition, feature extraction, feedback de-
sign, control strategy, and outcome evaluation, and
evaluates the evidence of working memory improve-
ment. This review offers a more integrated foundation
to the current design practice and seeks to inform fu-
ture methodological refinement and standardization
by uniting these dimensions.

The research questions (RQs) in this study are as fol-
lows:

RQ1: How are BCl-based neurofeedback systems
for working memory designed in terms of signal
acquisition, feature extraction, feedback mecha-
nisms, and adaptive control strategies?

« RQ2: How are these systems evaluated, including
the experimental design, control conditions, per-
formance metrics, and methodological rigor?

«  RQ3: What evidence supports the effectiveness of
BCl-based neurofeedback in improving working
memory?

2. METHODOLOGY

This systematic review was conducted to ensure trans-
parency and reproducibility in the evaluation of BCl-neu-
rofeedback systems for working memory in accordance
with PRISMA 2020 [18]. The review was not prospectively
registered in a public database such as PROSPERO. How-
ever, it followed a predefined methodology based on
PRISMA 2020 guidelines. The inclusion criteria and search
strategies were established before data extraction.

2.1. SEARCH STRATEGY AND INCLUSION
CRITERIA

A predefined search strategy and inclusion criteria
were used before starting the screening process. The
review included articles published between 1 January
2014 and 28 February 2026. This timeframe was cho-
sen to capture the time when BCl systems, especially
portable and non-invasive EEG-based systems, became
more practically feasible and were more frequently
used in real-time, closed-loop neurofeedback applica-
tions. It is also associated with the transition of previ-
ous offline signal processing research to more practical
and user-friendly applications, particularly in the cog-
nitive training and working memory literature.

The literature search was conducted using four ma-
jor databases: Scopus, Web of Science (WoS), PubMed,
and |IEEE Xplore. These databases were chosen for their
wide interdisciplinary coverage, spanning biomedical
engineering, signal processing, human-computer in-
teraction, and cognitive neuroscience. The search strat-
egy was a combination of controlled vocabularies and
free-text terms with standard Boolean operators (AND,
OR). Synonyms and related keywords were added to
enhance the accuracy of retrieval, including terms as-
sociated with brain-computer interface and neuro-
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feedback, working memory and task-specific terms,
and EEG and fNIRS. Besides general working memory
terms, task-specific keywords like n-back, Sternberg,
Corsi, and complex span were also added to identify
the relevant experimental studies.

The search strategy was developed based on three
conceptual blocks: (1) brain-computer interface and
neurofeedback; (2) working memory descriptors; and

(3) EEG or fNIRS modalities. These blocks were linked
by the AND operator, whereby the studies retrieved
had to meet all three elements. Where needed, syntax
modifications and field limitations such as title-abstract
searching were used based on the needs of each data-
base, but the same underlying Boolean logic was used.
Table 1 shows the complete database-specific search
queries used in this review.

Database

Scopus

Table 1. Database-specific search queries

Search Query

TITLE-ABS-KEY ((“brain-computer interface” OR “brain computer interface” OR BCl OR neurofeedback OR “EEG neurofeedback” OR
“neurofeedback training” OR “closed-loop” OR “closed loop”) AND (“working memory” OR “working memory training” OR "memory
training” OR “cognitive training” OR “cognitive enhancement” OR n-back OR nback OR Sternberg OR Corsi OR “complex span”) AND

(EEG OR electroencephalography OR fNIRS OR “functional near-infrared spectroscopy”))

TS = (("brain-computer interface” OR “brain computer interface” OR BCl OR neurofeedback OR“EEG neurofeedback” OR

Web of
Science

“neurofeedback training” OR “closed-loop” OR “closed loop”) AND (“working memory” OR “working memory training” OR “memory
training” OR "cognitive training” OR “cognitive enhancement” OR n-back OR nback OR Sternberg OR Corsi OR “complex span”) AND

(EEG OR electroencephalography OR fNIRS OR “functional near-infrared spectroscopy”))

(“brain-computer interface” OR “brain computer interface” OR BCl OR neurofeedback OR“EEG neurofeedback” OR “neurofeedback

PubMed

training” OR “closed-loop” OR “closed loop”) AND (“working memory” OR “working memory training” OR “memory training” OR

“cognitive training” OR “cognitive enhancement” OR n-back OR nback OR Sternberg OR Corsi OR “complex span”) AND (EEG OR
electroencephalography OR fNIRS OR “functional near-infrared spectroscopy”)

(“brain-computer interface” OR “brain computer interface” OR BCl OR neurofeedback OR "EEG neurofeedback” OR “neurofeedback
IEEE training” OR “closed-loop” OR “closed loop”) AND (“working memory" OR "working memory training” OR “memory training” OR

Xplore

"cognitive training" OR “cognitive enhancement” OR n-back OR nback OR Sternberg OR Corsi OR “complex span”) AND (EEG OR

electroencephalography OR fNIRS OR “functional near-infrared spectroscopy”)

The eligibility criteria were defined using a modified
PICO framework and have been summarized in Table 2.

Table 2. PICO-based eligibility criteria

Y Description
Component P
Population Human participants that went through training

sessions in working memory regardless of their age and
cognitive status.

BCl-based neurofeedback programs (EEG or fNIRS) that

(P

Intervention

() should be implemented to improve cognitive ability.
Comparison Experimental studies with control or comparison
:)C) groups, e.g., randomized controlled trial, or quasi-
experimental studies, and user-testing protocols.
Outcome Empirical data about the improvements of
©) working memory performance, changes to the

neurophysiological parameters, and system usability.

Studies were included if they employed a closed-
loop BCl-based neurofeedback system aimed at im-
proving working memory and provided empirical
validation using human participants. Peer-reviewed
journal articles and conference proceedings for Eng-
lish language studies only were considered eligible.
Meanwhile, the exclusion criteria were limited to stud-
ies that were only focused on theoretical models, those
that only performed offline signal processing without
coming up with neurofeedback intervention, animal
experiments, or studies that applied non-BCl cognitive
interventions. Studies were also excluded if they lacked
sufficient methodological detail to allow for a compre-
hensive technical evaluation.
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2.2, STUDY SELECTION AND DATA
EXTRACTION

The study selection process followed the PRISMA
guidelines and consisted of four stages: identification,
screening, eligibility assessment, and inclusion. The
first database search returned 1,448 records. After re-
moving 612 duplicate records, 836 records remained
for title and abstract screening. Of these, 780 records
were excluded as they were not relevant to BCl-based
neurofeedback systems or working memory. During
the full-text assessment phase, 56 articles were as-
sessed for their eligibility with 35 failing to satisfy the
predetermined inclusion criteria and eliminated ac-
cordingly. As a result, 21 studies were included in the
qualitative synthesis. The overall selection process is
illustrated in Fig. 1.

Two reviewers independently selected the studies
and extracted the data. The variables extracted were
system-level features, including signal-acquisition mo-
dality, electrode configuration or sensor arrangement,
preprocessing and feature-extraction algorithm, feed-
back structure, training protocol, control strategy, and
any neural and behavioral results reported. Any dis-
agreements between reviewers were resolved through
discussion until consensus was reached. The reviewers
showed consistent agreement on the extracted vari-
ables due to the well-defined eligibility criteria and the
relatively objective nature of the variables. Therefore, a
formal inter-rater reliability statistic (e.g., Cohen’s kap-
pa) was not calculated.
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Identification of studies via databases and registers

—
Records identified from
database searching (n = 1448):
8 - Scopus (n = 526)
B - Web of Science Core Records removed before screening:
E Collection (n= 480) Duplicate records removed (n = 612)
= - IEEE Xplore (n=210)
3 - PubMed (n=232)
_J |
) l
Records screened »| Records excluded™
(n=836) (n=780)
Reports sought for retrieval Reports not retrieved
2| | (n=59) " n=3)
: I
3
Reports assessed for eligibility
(n=56) — Reports excluded (n= 35):
- Not BCl-based neurofeedback systems (n
=14)
Did not evaluate working memory
outcomes (n = 9)
Review articles or non-empirical studies (n
= 8)
= Insufficient methodological details or
b unavailable full text (n = 4)
° Studies included in review
3 (n=21)
=

Fig. 1. PRISMA flow diagram illustrating the literature search, screening, and study selection process

2.3. QUALITY ASSESSMENT AND RISK OF BIAS

The methodological quality of the included studies
was evaluated using the Joanna Briggs Institute (JBI)
critical appraisal tools for randomized and quasi-exper-
imental studies [19, 20]. Two reviewers independently
assessed the experimental design, allocation proce-
dures, control conditions, outcome reporting, and po-
tential sources of bias.

Overall, the included studies were generally of mod-
erate methodological quality. Common limitations in-
cluded relatively small sample sizes, limited blinding
due to the operational characteristics of BCl hardware,
and short follow-up durations for assessing long-term
effects. A summary of the methodological appraisal
and principal limitations of the included studies is pre-
sented in Table 3. These methodological constraints
were taken into account during the qualitative synthe-
sis of system effectiveness.

Across the included studies, several recurring sourc-
es of bias were identified. Selection bias was mainly
related to the small and non-representative sample
populations. Performance and detection bias were also
relevant due to limited blinding and the interactive na-
ture of neurofeedback interventions. In addition, vari-
ability in the control conditions, including the absence
of sham or active controls in some studies, introduced
challenges in isolating intervention-specific effects.
Short intervention durations and limited follow-ups
further contributed to the uncertainty in assessing
long-term outcomes. These sources of bias were con-
sidered when interpreting the findings of the review.
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Table 3. Summary of the methodological appraisal
and principal limitations of the included studies

Methodological

S Appraisal

Design Principal Limitation

[21] RCT
[22] Quasi-exp.

Higher rigor Short training duration

Moderate rigor No randomization

[23]  Quasi-exp.  Moderate rigor Historical control

[24] RCT Moderate rigor Reduced training dosage
[25] RCT Higher rigor Short-term validation only
[26] RCT Moderate rigor Unblinded waitlist control
[27] RCT Moderate rigor Small sample size (n=17)
[28] RCT Moderate rigor Restricted demographic
[29] RCT Moderate rigor Passive control group
[30] RCT Higher rigor Baseline memory differences

[31] Quasi-exp.  Moderate rigor Quasi-random assignment

[32] RCT Moderate rigor High attrition rate

[33] RCT Moderate rigor Open-label design

[34] RCT Moderate rigor Small sample size (n=30)

[35] RCT Moderate rigor Vel et Bk
(n=16)

36] RCT Higher rigor Relatively small sample size

(n=40)

[37]1 Quasi-exp.  Moderate rigor Historical control

Restricted demographic (LD

[38] RCT Moderate rigor students only)

[39] RCT Moderate rigor Passive control group

[40]  Quasi-exp.  Moderate rigor Lacked a control group

[41] RCT Higher rigor Single-session protocol
Note: RCT = Randomized Controlled Trial,

Quasi-exp. = Quasi-experimental study.
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2.4. LIMITATIONS OF THE SEARCH AND
METHODOLOGY

Despite drawing from a considerably wide pool of
databases, this study is not without limitations. The re-
view was restricted to English language publications,
which may have resulted in the exclusion of relevant
studies published in other languages. Additionally, al-
though major interdisciplinary databases were includ-
ed, some relevant studies indexed exclusively in other
repositories may not have been captured.

Furthermore, there was substantial methodological
heterogeneity across the included studies. Variations
in participant populations, signal modalities (EEG and
fNIRS), feature extraction approaches, neurofeedback
protocols, control conditions, and working memory
outcome measures limited the comparability of the
results. Due to this variability, conducting a quantita-
tive meta-analysis was not considered appropriate, as it
could lead to unreliable or non-interpretable effect size
estimates. Therefore, this review adopted a structured

qualitative synthesis to provide a more meaningful in-
terpretation of the findings.

3. RESULTS

Atotal of 21 studies met the inclusion criteria and were
included in the qualitative synthesis. The main charac-
teristics of the included studies are summarized in Table
4. Rather than reviewing each study sequentially, the fol-
lowing subsections synthesize the findings based on re-
curring patterns in signal acquisition, signal processing,
feedback architecture, experimental design, and behav-
ioral outcomes. The populations of the studies included
were diverse and comprised of students, healthy adults,
older adults, athletes, and clinical populations, including
stroke patients, individuals with mild cognitive impair-
ment (MCI), and students with learning disabilities. The
sample sizes were between 15 and 227. Because of the
heterogeneity of the methods and outcomes among
the studies, the results are described as a qualitative syn-
thesis but not a statistical aggregation.

Table 4. Summary characteristics of the included studies

Stud Sample Size Signal Modality / Training Protocol /
Y (Population) Neural Target Comparator
[21]  48(Healthy)  EEG:theta/alpharatic  ° 92YSisham, behavioral, and
no-training controls
22] 64 (Stroke/ EEG: SMR or upper Up to 10 sessions; treatment-as-
Healthy) alpha usual comparator
63 (Older EEG: motor imagery . .
[23] Adults) bands (12, 18, 21 Hz) 5 weeks; passive control
[24] 30 (Older EEG: individualized 8 days; sham, cognitive training,
Adults) alpha and theta and combined training arms
[25] 30 (Healthy) EEG: alpha (8-12 Hz) 12 sessions; active sham control
227 (Older . . 24 sessions plus booster
(26] Adults) EEG: personalized score sessions; waitlist control
17 (Older . 10 sessions; sham and no-
271 Adults) ARG b Placd neurofeedback controls
[28] 20 (Healthy) fNIRS 3 sessions; passive control
[29] 27 (Students) 3% ther';iﬂ)ow—beta 3 days; passive control
EEG: upper alpha Lo
[30] 27 (MCl) (PAF-based) 10 sessions; sham control
X 5 days; active VR-based
[31] 21 (Healthy) EEG: upper alpha comparison
86 (Older -
[32] Adults) fNIRS 4 weeks; active control
[33] 36 (Students) EEG: alpha 20 sessions; passive control
[34] 30 (Healthy) EEG: alpha 5 days; passive control
[35] 16 (Healthy) EEG: alpha 8 sessions; passive control
[36] 40 (Healthy) EEG: alpha 5 days; sham control
[371 101 (Healthy)  EEG: theta or high alpha Single session; active control
34(LD ) o
[38] Students) EEG: alpha/theta 20 sessions; passive control
[39] 40 (Students) EEG: alpha 8 days; passive control
15 (Stroke/ . .
[40] MCI/HO) EEG: sample entropy 3 days; no control
[41] 48 (Athletes) EEG: alpha (PAF-based) Single session; sham control
Note:

PAF = Peak Alpha Frequency, VR = Virtual Reality.
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Main Findings
Increased theta/alpha ratio and improved WM accuracy compared
with controls

SMR improved visuospatial memory, while upper alpha improved
WM

Increased trained-band power and broader memory-related
improvement

Increased alpha/theta activity and improved matrix rotation
performance

Increased alpha activity and improved WM and episodic memory
No significant overall WM improvement; subgroup improvement
in delayed memory and language

Improved visual WM accuracy and increased neural efficiency

Increased functional connectivity and improved 3-back accuracy
and reaction time

Improved episodic and semantic memory, but not WM

Improved composite memory score, maintained at 30-day follow-up
Improved 3-back distractor accuracy associated with
neurofeedback learning

Improved general cognition and memory-related outcomes, but
not specific WM

Both groups improved behaviorally; only the neurofeedback
group showed stronger theta-band connectivity

WM updating improved only in successful learners
Increased alpha power and reduced n-back error rates

Improved visual WM capacity and precision, but not all task
outcomes

Increased target frequencies, but WM improvement was non-specific
Improved WM and attention, maintained at 2-month follow-up
Increased alpha amplitude, but no WM improvement beyond

practice effects

Improved task scores and distinct EEG patterns across participant
groups

Improved n-back accuracy and visuospatial memory recall

WM = Working Memory, HC = Healthy Controls, LD = Learning Disabilities, MCl = Mild Cognitive Impairment, SMR = Sensorimotor Rhythm,
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A generalized closed-loop BCl architecture synthe-
sized from the reviewed studies is illustrated in Fig. 2. As
the figure shows, these systems typically involve a se-
quence of signal acquisition, preprocessing, feature ex-
traction, state estimation or thresholding, and finally, the
delivery of feedback through a visual or auditory inter-
face. This general framework forms the basis of the tech-
nical synthesis presented in the following subsections.

Feature

Preprocessing Bt
raction

Signal
Acquisition
State Estimation /
Thresholding

Neural
Signals

?’l

Fig. 2. General architecture of a closed-loop BCl-based
neurofeedback system for working memory training

Visual / Auditory

Feedback Feedback

Interface

3.1. SIGNAL ACQUISITION MODALITIES AND
HARDWARE CONFIGURATION

The most common signal acquisition modality in
the reviewed studies was EEG. EEG-based neurofeed-
back systems were used in 19 out of 21 implementa-
tions [21-27, 29-31, 33-41]. Conversely, two studies
employed fNIRS [28, 32]. This distribution suggests a
strong dominance of EEG in neurofeedback studies of
working memory based on BCl.

There was a high degree of heterogeneity in both
EEG hardware configuration and electrode placement.
Some studies used site-specific montages that focus on
frontal or parietal areas (including Fz, Pz, Cz, F7, F3, F4,
F8 and prefrontal electrodes Fp1 and Fp2) [27, 29, 30,
33-35, 37]. These placements are consistent with the
frontoparietal networks that are constantly involved
in the working memory processes. Other studies used
a wider channel coverage, such as 8-channel systems
[31], 14-channel devices [39], 16-channel portable plat-
forms [35], and 64-channel high-density EEG systems
[40], demonstrating a wide range of complexity in the
acquisition of various systems.

A clear trend toward portable and easy-to-use EEG
solutions is evident in the literature. Besides the tra-
ditional laboratory designs, other studies combined
wireless devices, dry-electrode headbands, OpenBCl
platforms, Emotiv systems, and smartphone-assisted
interfaces [25], [26], [33], [35], [39]. This tendency indi-
cates the growing interest in reducing the amount of
required hardware and the improvement of the acces-
sibility of neurofeedback programs. However, some of
the studies had more organized clinical or laboratory
designs, especially those that used multi-channel re-
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cordings, immersive conditions, or highly controlled
training models [31], [40].

Comparatively, fNIRS provides a more region-specific
hemodynamic monitoring approach, aimed at moni-
toring frontoparietal functional connectivity through
hemoglobin oxygenation (HbO) measurements. Ace-
vedo et al. [32] tracked the activities of the prefrontal
region using a special sensor platform. Such systems
were in contrast to the EEG implementations in terms
of the focus on regional blood-oxygenation responses
and not on oscillatory electrical activity.

Taken together, these results indicate that EEG is
the primary acquisition modality of BCl-based work-
ing memory neurofeedback, and that fNIRS is used
less and in more specific applications. The variability
in channel density, electrode positioning, and the por-
tability of hardware used in the EEG studies highlights
the absence of an established standard for acquisition
setup in the EEG domain.

3.2. FEATURE EXTRACTION AND SIGNAL
PROCESSING STRATEGIES

Frequency-domain neural features were most com-
monly used for analysis. The summary of the distribu-
tion of these targeted features is provided in Fig. 3. As
demonstrated, alpha-based strategies were the most
used, then theta-based, ratio-based and sensorimotor
rhythm (SMR) or band-specific strategies. Conversely,
the features based on connectivity, entropy, and per-
sonalized system scores were only found in a limited
number of studies.

Alpha

Theta

Ratio-based

SMR / band-specific
Connectivity-based

Entropy-based

Personalized score

o

i 2 3 4 5 6 7

8 9 10 11 12 13

Number of Studies

Fig. 3. Distribution of the feature extraction plans
applied in BCl-based neurofeedback research on
working memory. Note: There were studies that used
more than once in the category of features; thus, the
number of studies is less than the total frequency

The most common frequency-based protocols were
alpha-based neurofeedback, fixed-band alpha, upper
alpha, individualized alpha, and high-alpha targets
[22], [24], [25], [30], [31], [33], [34], [35], [36], [41]. One
of the interesting engineering trends in this subgroup
was the application of individual spectral calibration.
Instead of using fixed frequency bands only, various
studies obtained the Individual Alpha Frequency (IAF)

International Journal of Electrical and Computer Engineering Systems



or Peak Alpha Frequency (PAF) to customize neuro-
feedback targets [22], [24], [30], [41]. This implies that it
is an attempt to explain the inter-individual variability
in neural oscillations, as well as make feature extraction
more specific.

The second most common pattern was that of theta-
based and ratio-based features. Some of the systems
were direct theta or combined measures (like theta/
alpha or theta/low-beta ratios), indicating efforts to
measure more dynamic changes related to attentional
regulation and executive control [21], [24], [29], [38].
The use of ratio-based techniques is especially interest-
ing as it combines the data of different spectral com-
ponents, as opposed to using only a single spectral
band. SMR and protocols based on motor imagery with
trained bands at 12, 18, and 21 Hz were also reported
[22], [23], [27].

Though frequency-based features were predomi-
nant, fewer systems used non-spectral or highly-de-
rived features. HbO-based frontoparietal functional
connectivity was extracted by HbO signals in the fNIRS
in [28], and prefrontal activity scores were used in
Acevedo et al. [32]. Suhail et al. [40] used a non-linear
method by calculating real-time EEG sample entropy
to produce an attention score. Furthermore, Yeo et al.
[26] applied a subject-specific Brain Score that was op-
timized using a Stroop task. These studies suggest that
connectivity-, complexity-, and personalized score-
based strategies are starting to be used in addition to
traditional band-power strategies.

Despite the dominance of frequency-based ap-
proaches, several signal-processing limitations remain
relevant in BCl-based neurofeedback systems. These
include low signal-to-noise ratio, nonlinear neural sig-
nal behavior, trade-offs between processing speed and
model complexity, and identification limitations related
to channel configuration, number of classes, and classi-
fication performance. In addition, although most of the
reviewed studies relied on relatively conventional fea-
ture extraction strategies, Al- and machine-learning-
based approaches, including deep learning, are receiv-
ing increasing attention in broader BCl research. These
methods can improve feature representation and clas-
sification performance, as shown in deep-learning-
based BCl implementations [42]. However, they also
introduce challenges related to computational cost,
interpretability, and real-time deployment.

Regarding the reported neural outcomes, a signifi-
cant number of studies revealed a neural modulation
of the target feature, including a higher alpha power,
higher theta/alpha ratio, or stronger frontoparietal
connectivity [21], [23], [24], [25], [28], [35]. Neverthe-
less, this feature modulation was not necessarily as-
sociated with the consistent changes in the working
memory performance [30], [37], [39]. This suggests that
although frequency-based feature extraction is still the
predominant signal processing approach in present
BCl-based neurofeedback, the connection between
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neural modulation and behavioral outcome is still het-
erogeneous across the sampled studies.

3.3. FEEDBACK ARCHITECTURES AND
TRAINING PROTOCOLS

The most commonly used interface modality ob-
served in the reviewed systems was visual feedback.
Graphical interfaces, such as rotating balls, bars, puzzle
pieces, score gauges and object-control games, were
often part of the EEG-based neurofeedback systems
[21], [24], [27], [36]. Other studies used more interac-
tive or gamified interfaces, including a smartphone-
assisted interface, Unity3D-based workspace, motor-
imagery-cursor control, game based on apps, and 3D
visual-arena interface [23, 25, 31-33, 35, 40].

The use of auditory feedback was less frequent, but it
was also evident in several studies as the dominant feed-
back or as a component of a multimodal setup. These ex-
periments used tones, music, waves or individual beeps
as a means of communicating the feedback informa-
tion [29, 30, 38, 41]. Audiovisual combinations were also
used in some of the protocols [22, 30]. Shen et al. [34]
directly compared visual and auditory neurofeedback
and found no significant neurofeedback learning differ-
ence between the two groups. However, learners who
succeeded in neurofeedback learning showed better
neurofeedback updating across the two conditions.

The training schedules differed greatly among the
studies. Others leaned more toward a short intensive
protocol, which usually lasted three to eight days or
one week of intense training [21, 24, 28, 29, 36]. Other
studies utilized multi-week protocols (between three
and ten weeks), where the sessions were offered once
or multiple times a week [23, 25-27, 32, 33]. Some of the
studies also included a follow-up assessment or boost-
er session as a way of evaluating the long-term effects
of the training [26, 28, 38].

There was significant variability in the within-session
structures. Numerous EEG-based protocols split the train-
ing into repeated short blocks, each three to five minutes
long with a short period of rest between them [24, 25, 34,
35, 36, [39]. Research that applied longer one to two-hour
sessions was mainly done in traditional neurofeedback or
rehabilitation facilities [22, 41]. The majority of EEG-based
systems provided feedback in a continuous or near-real-
time form. The fNIRS-based system used by Acedevo et
al. [32] used delayed feedback, which shows the slower
temporal nature of hemodynamic signals.

The synthesis of the reviewed studies shows that there is
a high preference for visual screen-based neurofeedback
interface and, simultaneously, there is the emergence of
the tendency to use gamified and immersive interaction
design. At the same time, the high level of heterogeneity
in terms of training duration, the frequency of sessions,
and the modality of feedback delivery indicates that there
is no standardized framework of protocols in terms of
training working memory using the BCI.
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3.4. EXPERIMENTAL DESIGN AND CONTROL
STRATEGIES

Most studies included some form of comparison
condition, and these findings imply that controlled
evaluation designs are fairly prevalent in neurofeed-
back research using BCl to study working memory.
Sham neurofeedback and passive and no-training
controls were the most commonly used control strat-
egies. Seven studies [21, 24, 25, 27, 30, 36, 41] used
sham-controlled designs. Another seven studies used
passive or no-feedback control conditions, such as no-
training groups, no-neurofeedback groups, or control
groups who only underwent pre- and post-testing [23,
28,29, 33, 34, 35, 38]. All 14 of these studies point to an
increasing awareness of the necessity to differentiate
between specific neurofeedback and general practice,
as well as expectancy and time-related increases.

Fewer studies applied active comparison designs.
These were behavioral training and no-training compar-
ators [21], cognitive training and combined neurofeed-
back-cognitive training arms [24], treatment-as-usual
rehabilitation situations [22], app-based active control
with Tetris [32], and control conditions based on up-reg-
ulating randomly selected frequency bands [37]. Instead
of a traditional sham, Accoto et al. [31] utilized an alter-
native condition design and compared varying degrees
of virtual reality (VR) vividness with neurofeedback per-
formance as a measure of how interface characteristics
influence neurofeedback performance. These multi-arm
or active-controlling methods are methodologically
useful in that they assist in disentangling the neurofeed-
back effects due to general task engagement, interface
novelty or parallel cognitive stimulation.

Regardless of the popularity of the use of control
groups, the methodological rigor was not consistent
across the studies. Other protocols used powerful sham
designs based on non-contingent or pre-recorded feed-
back [25, 36, 41], whereas others used open-label waitlist
controls or passive comparisons [26]. Suhail et al. [40], on
the other hand, did not involve a sham or active control
group, which the authors stated as a limitation. This con-
trol design difference affects the interpretability of the
reported effects, particularly in studies where practice
effects, expectancy effects or familiarity with the inter-
face might have affected the results.

Each type of control strategy has its own advantages
and limitations. Sham-controlled designs are more rig-
orous and help to isolate neurofeedback-specific effects
but they are difficult to implement, especially when
maintaining participant blinding. No-training or passive
controls are simpler to implement but are more prone to
expectancy effects and fail to explain task engagement
comprehensively. Active control designs provide a more
realistic comparison and can be used to differentiate the
effects of neurofeedback and general cognitive stimula-
tion, but they can also add more confounding variables
because of the variations in task demands.
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3.5. REPORTED EFFECTIVENESS ON WORKING
MEMORY

The results of the reviewed studies point to the fact
that BCl-based neurofeedback could lead to the im-
provement of the working memory performance, even
though the reported effects were not consistent in
terms of protocols, outcome measures, and popula-
tions. In order to give an overview of the reported neu-
ral modulation, working memory improvement, effects
of cognitive transfer, and follow-up retention at the
study level, the outcome matrix is provided in Fig. 4. To
ensure consistency in the interpretation of Fig. 4., we
have used the same coding scheme across the studies,
so then the outcomes of neural-modulated working
memory improved. Transfer effects (defined as cogni-
tive effects beyond working memory) were coded Yes
when neurofeedback produced better results, Mixed
when they were more inconsistent or subgroup-spe-
cific, No when neurofeedback had no effects, and Not
reported when they were not reported in a clear way.

A number of studies have found working memory
gains that are usually manifested as higher accuracy
and/or lower error rates in tasks like n-back and back-
wards digit span, and in some cases, an increase in vi-
suospatial working memory paradigms. The articles that
reported working memory improvement used n-back
performance [21, 22, 28, 35, 38, 41], backward digit span
[25], and other working memory-related measures, in-
cluding Corsi or visual working memory accuracy mea-
sures [36]. These results indicate that in specific training
and targeting parameters, neurofeedback can produce
quantifiable working memory benefits.

Meanwhile, working memory results were often con-
founded, task-related or individual learning achieve-
ment-based. According to Gomez-Pilar et al. [23], the
authors found improved memory-related domains more
consistently than others, and their results indicated a
mixed profile, and not a homogenous enhancement of
working memory. Yeo et al. [26] did not see any overall
improvement in the full sample, but subgroup patterns
(e.g. sex-dependent effects) indicated heterogeneous
responsiveness. Shen et al. [34] also reported similar
results, finding the greatest effects of working memory
updating related to the benefits of the participants who
managed to learn to control the neurofeedback target.
By contrast, small and selective (as opposed to gener-
alized) changes in working memory indices (like a few
improvements in specific n-back components) were re-
ported by Accoto et al. [31]. These trends indicate that
there is significant between-study and within-study vari-
ability, showing that working memory effectiveness can
vary as per the protocol design, sensitivity of the out-
comes, and the ability of the participants to learn how to
control the specific target neural feature.

Several studies notably demonstrated that neural
modulation is not necessarily converted into working
memory improvement. Other studies were able to show
the manipulation of the desired neural activities with no
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reported behavioral working memory performance. In
one example, Chikhi et al. [37] found that the target fre-
quencies were modulated but there were no differences
in the improvement of working memory according to
the conditions, referring to practice-related or non-spe-
cific performance increases. Diotaiuti et al. [39] reported
an increase in alpha amplitude, but no working memory
improvement beyond practice effects.

BYes BNo

Mixed [ Not reported

Outcome Domain

Neural Modulated

WM Improved

Transfer Effect

Retention

Similar neural changes (e.g., connectivity differenc-
es) were also demonstrated by Nawaz et al. [33], but
behavioral working memory performance increased
equally in both neurofeedback and control groups,
implying that the observed working memory change
could not be estimated as being caused by neurofeed-
back in particular.

Study

Fig. 4. Outcome matrix summarizing the reported neural and cognitive effects in BCl-based neurofeedback
studies for working memory. Green indicates a positive reported effect, red indicates no significant effect,
orange indicates mixed or subgroup-dependent findings, and gray indicates that the outcome was not
assessed or was not clearly reported

Moreover, other studies have found a positive effect
in other cognitive domains without an equivalent in-
crease in working memory, including Tseng et al. [29].
They found an advantage in episodic and semantic
memory but not working memory. The evidence basis
is encouraging, although imbalanced. Although several
studies report working memory benefits, the effects dif-
fer according to the target features, training parameters,
population and outcome measures, while the extent to
which measurable neural modulation can take place in
the absence of evident working memory gains has been
reported in many studies. It is important to note that
such variability highlights the necessity of more stan-
dardized choices of outcome, the better reporting of
intervention-specific effects compared to controls, and
the systematic assessment of people benefiting most of
all of neurofeedback-based working memory training.

4. DISCUSSION

In this part, the key findings of the systematic review
are interpreted concerning system design, evaluation
practice, and reported effectiveness. It also addresses
the implication of these results related to future BCI-
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based neurofeedback research on working memory
that focuses on better methodological reliability, the
rigor of validation and practical system development.

4.1. CURRENT CHALLENGES AND RESEARCH
OUTCOMES

The reviewed literature shows that EEG-based archi-
tectures have been the dominant platform for work-
ing memory neurofeedback, most commonly imple-
mented with visual feedback interfaces and frequen-
cy-domain signal processing. The alpha, theta, SMR,
and ratio-based features are the most popular neural
targets that have been developed based on the prac-
tical advantages of the spectral measures in real-time
application [21, 22, 24, 33, 41]. Some studies have also
employed individualized calibration techniques, such
as IAF-based targeting or PAF-based targeting, with a
greater sensitivity to inter-individual variations in neu-
ral oscillations [22, 24, 30, 41]. Even though such fre-
quency-domain features still prevailed, a smaller num-
ber of studies have examined alternative approaches
such as sample entropy and fNIRS-based hemodynam-
ic measurements [28, 32, 40]. The combination of EEG
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and fNIRS modalities offers complementary advantag-
es in BCl systems. EEG captures rapid neural dynamics
due to its high temporal resolution, while fNIRS pro-
vides better spatial localization and is less sensitive to
electrical noise. Together, they can improve signal reli-
ability and provide a more complete representation of
neural activity, which may enhance classification per-
formance and system robustness. Feedback design is
becoming more diversified, and some systems started
to go beyond mere visual displays to more interactive,
game-like, and immersive experiences [23, 31-33, 35].

The heterogeneity of the participant groups that were
utilized in the reviewed experiments is another factor
that results in the variability found among the studies.
The chosen studies have covered a wide range of diverse
groups of participants, such as healthy young adults,
university students, older adults, athletes, and clinical
populations like stroke patients, stroke patients with
mild impaired memory (MCI), and students with learning
disabilities. The differences in underlying cognitive abil-
ity, neural plasticity and learning ability could determine
the differences in responsiveness to neurofeedback
training. Therefore, the variations in the characteristics of
the participants can partly explain the reason why some
studies have claimed to have strong improvements in
working memory performance, and some studies have
indicated less significant or task-specific effects.

Simultaneously, methodological rigor varied across
the reviewed studies. Although there were numerous
studies that used control groups, passive or no-training
controls were still frequent, and more powerful sham
or active comparison designs were used less often [21,
24, 25, 27, 30, 33, 41]. Most studies prioritized cogni-
tive and neural outcomes, and fewer studies reported
usability evaluation and system-oriented assessment.
Several challenges remain in the practical implementa-
tion of BCl systems, including low signal-to-noise ratio,
nonlinear signal behavior, trade-offs between process-
ing speed and model complexity, and limitations in
classification performance and generalization. These
issues have been widely discussed in system-level BCl
reviews [43], and are also evident in practical applica-
tion-oriented implementations [44].

Specifically, differences in responsiveness to neuro-
feedback, commonly referred to as BCl illiteracy [45],
can contribute to the effectiveness of working memory
neurofeedback systems. Prior research indicates that
some users might have problems with reliable BCI
control because of variations in their neural patterns,
cognitive tactics or the compatibility between the sys-
tem and the user [45]. Meanwhile, the notion of BCl
illiteracy has been subjected to critical scrutiny, with
some scholars claiming that performance constraints
might be the phenomenon that points to the flaw in
the design of the BCI system, rather than an intrinsic
performance constraint [46].

Such observations indicate that more adaptive and
personalized neurofeedback systems are needed to bet-
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ter accommodate user variability. Meanwhile, it would
be easier to compare study results when there is more
uniformity in the way that the signals are obtained, fea-
tures described and results assessed. Neural pattern and
learning response differences are also one of the major
challenges, and it is important to note that user-specific
calibration and system adaptation are also important.
Multimodal and data-driven methods are also under
investigation, but their implementation is not yet easily
available. Further research is required, particularly by us-
ing suitable control conditions, longer follow-ups, etc., in
order to get a clearer picture of the true efficacy of these
systems. These considerations form the basis for the de-
sign principles presented in the next section.

4.2. GUIDELINES TO FUTURE STUDIES ON
BCI-BASED NEUROFEEDBACK AND
WORKING MEMORY

Continuing from the design patterns, evaluation
constraints and effectiveness results outlined regard-
ing RQ1-RQ3, future research should have a more uni-
form method for developing and validating BCI neu-
rofeedback systems applied to working memory. The
literature review has found several common strengths,
including the extensive use of EEG-based architectures
and frequency domain features of the neural signal,
which are more suited to real-time implementation.

To overcome these hurdles, Fig. 5. gives a list of rec-
ommended design and validation rules based on the
discoveries of the current review. These guidelines are
intended to provide a systematic guide to upcoming
BCl-based neurofeedback studies that concern work-
ing memory, with the objective of increasing meth-
odological reliability and allowing more interpretable
comparisons across experimental procedures.

The proposed guidelines are divided into three inter-
connected elements, as shown in Fig. 5. The former fo-
cuses on system design, which involves signal modal-
ity selection, feature extraction strategy selection and
individualized calibration in the event of suitability. The
second element deals with feedback and protocol de-
sign, with the emphasis being on the modality of the
interface, the dosage of the session, the organization
of the training blocks, and the fact that there is a need
to control user engagement and fatigue over repeated
training sessions. The third element is related to vali-
dation and outcome assessment and emphasizes the
significance of sham or active control conditions as
well as the use of more standardized working memory
measures, the simultaneous reporting of neural and
behavioral results, and the follow-up evaluation being
longer than the immediate post-test.

These three elements exist in sustained system re-
finement cycle, whereby the initial design decisions
affect the protocol structure, which subsequently dic-
tates the amount of rigor that the validation needs to
achieve.
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Fig. 5. Proposed design and validation guidelines for future BCl-based neurofeedback studies targeting
working memory, synthesized from the technical, methodological, and outcome patterns identified in the
present systematic review

Evidence from studies outside the included set fur-
ther supports the need for such guidelines. General
reviews on neurofeedback and meta-analytic research
have indicated that a-based programs might be es-
pecially pertinent to working memory enhancement,
but they have also identified long-term issues like the
heterogeneity of responder profiles and methodologi-
cal non-standardization. Also, studies using real-time
connectivity-based neurofeedback in conjunction with
functional magnetic resonance imaging (fMRI) have
produced complementary evidence on the function
of the frontoparietal network modulation in working
memory. Even though these systems are no longer
the focus of the current review because they use non-
portable EEG - or fNIRS -based BCl systems, the results
support the necessity of better neural target selection,
increased validation designs, and the systematic fol-
low-up evaluation of future studies [10, 47, 48].

Taken together, these recommendations are aimed
at being used as a more practical guide to improve
the consistency of the designs, methodological rigor
and comparability of future studies involving neuro-
feedback based on BCI. They also justify the continued
research directions on adaptive and user-oriented BCI
applications, such as neurofeedback-based methods of
cognitive rehabilitation training that customizes train-
ing with the help of EEG-based feedback [49].

4.3. LIMITATIONS OF THE REVIEW

There are several limitations that should be consid-
ered in the interpretation of the findings of this sys-
tematic review. To start with, the literature search was
limited to the English-language articles included in the
four selected databases, i.e.,, Scopus, Web of Science,
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PubMed, and IEEE Xplore. As a result, other relevant
studies published in other languages, available in other
databases or in other grey literature might have been
excluded.

Second, there is the significant methodological het-
erogeneity of the studies under consideration. Differ-
ences in signal modality, feature extraction goals, train-
ing time, feedback form, control variables and control
conditions and working memory evaluation instru-
ments barred cross-study comparisons. Despite the cur-
rent increase in research activity in the field, the field is
still methodologically uneven. Heterogeneity was also
observed in the process of screening the studies as a sig-
nificant proportion of the retrieved records could not be
included because of the lack of closed-loop neurofeed-
back implementation, emphasis on other areas of cogni-
tive functioning, or a lack of methodological description.
Although this heterogeneity indicates the state of cur-
rent development in the field, it also limits the possibility
of broader generalizations on effectiveness.

Lastly, publication bias is not to be ruled out, as is
typical in the still developing fields of research. Stud-
ies that record good cognitive or neurophysiological
results might have a better chance of being published
compared to those studies that show null results or
negative results.

5. CONCLUSION

This systematic review synthesized the information
available on the design, evaluation, and effectiveness of
BCl-based neurofeedback systems of working memory.
The analyzed literature demonstrates that under certain
conditions, BCl neurofeedback, especially EEG-based
systems using frequency-domain features, can be used
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to elevate working memory performance. Regardless,
the field is still typified by significant methodologi-
cal diversity in signal modality, feature extraction and
feedback design, control strategy and result evaluation.
Another trend that is repeated in the literature is that
the successful induction of the desired neural property
does not always correspond to any significant cognitive
change, which implies that there is not a consistent re-
lationship between technical and behavioral measures.
Passive control conditions remained widespread, and
follow-up assessments were relatively rare, limiting con-
clusions on specificity and long-term retention. In order
to mitigate these concerns, the current paper suggests a
list of design and validation guidelines that can be used
in upcoming research. These guidelines can help im-
prove comparability and rigor in future working mem-
ory neurofeedback studies based on BCl by promoting
clarity in their choice of features, protocol consistency,
control, and the better incorporation of neural, behav-
ioral, and follow-up data.
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Abstract - This paper proposes an adaptive control approach for the ball and beam system using a Single Neuron Adaptive PID (SNA-
PID) controllerintegrated with a Recurrent Fuzzy Neural Network Identifier (RFNNI). The main contribution of this study is the development
of an online identification and parameter adaptation scheme, in which the RFNNI is employed to identify the nonlinear system dynamics
and provide real-time Jacobian estimation, while the SNA-PID controller updates its parameters online to improve tracking accuracy
and robustness against uncertainties. The combination of the single-neuron adaptive structure and the recurrent fuzzy neural network
enables effective compensation for nonlinearities and dynamic variations of the system. The proposed control framework s first validated
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1. INTRODUCTION nonlinear characteristics make the ball and beam system
an ideal platform for testing modern control algorithms,
from classical PID control to intelligent methods such as
fuzzy control, neural networks and hybrid methods [4-
51. Specifically, Nguyen et al. in [4] focused on the design
and experimental evaluation of a PID controller for sta-
bilizing the ball and beam system. However, due to fixed
control parameters, the conventional PID controller ex-
hibits limited adaptability when the system is subject
to nonlinearities and disturbances. Consequently, many
studies have proposed intelligent control approaches to

The ball and beam system is one of the classic models
in the research and teaching of automatic control, due
to its unstable and nonlinear characteristics [1]. In terms
of physical structure, the system consists of a ball roll-
ing freely on a long beam. This beam has one fixed end,
and the other end can be tilted by controlling a motor
through a connecting rod attached to it. The control
goal is to maintain the ball in a stable position at a de-
sired location on the beam [2]. Due to the influence of

gravity, the material of the ball and the beam, when ad-
justing the tilt angle of the beam (even very small), the
ball will roll quickly to one side, causing the system to
fall into an unbalanced state easily [3]. The unstable and

Volume 17, Number 8, 2026

improve control performance. For instance, Nur Sakinah
Abdul Aziz et al. in [6] applied a Fuzzy-PID controller to
the ball and beam system and achieved improved per-
formance compared to the classical PID controller. More
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recently, C. N.Nguyen et al. in [3] proposed a supervisory
control strategy based on a radial basis function (RBF)
neural network to enhance the adaptability and robust-
ness of the system. However, classical PID and Fuzzy-PID
controllers are often designed with fixed parameters,
leading to poor performance when the control object
changes or when there are large noise and signal delays.

To enhance the adaptability and control accuracy of
the system, an effective approach is to employ a single
neuron adaptive network to optimize the PID controller,
in which the control gains K, K, and K, are adjusted on-
line by the neural network [7]. Moreover, due to the non-
linear and time-varying characteristics of the ball and
beam system, system identification plays a crucial role
in providing accurate dynamic information for adaptive
control. In this context, the RFNNI is a suitable tool for
modeling and identifying nonlinear systems, as it is ca-
pable of capturing temporal dynamics and incorporat-
ing fuzzy inference mechanisms [8]. Based on these con-
siderations, this paper proposes a control strategy that
integrates the SNA-PID controller with the RFNNI and
applies it to the ball and beam system.

2. MATHEMATICAL MODELING

The ball and beam system comprises a round ball
that moves along the length of a beam. The beam’s
inclination angle is controlled by a motor positioned
at one end, which is mechanically linked to the beam
through a connecting rod attached to a rotating disk
[9]. The overall architecture of the proposed system is
illustrated in Fig. 1, and its key parameters are summa-
rized in Table 1.

Fig. 1. Technical drawing of the ball and beam
system

Table 1. Model parameters

Parameters  Unit Value Meaning

L m 0.4 Length of the beam
m kg 0.1 Mass of the ball
M kg 0.4 Mass of the beam
g m/s? 9.8 Gravitational acceleration
r m 0.2 Ball position
R m 0.015 Radius of the ball
a rad 0 Beam angle coordinate
6 rad 0 Servo gear angle
d m 0.02 Lever arm offset
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The motion of the ball is mainly affected by gravity
and moment of inertia, making the system an unstable
and nonlinear object. To build an effective controller, it
is necessary to build an accurate mathematical model
of the system [1].

According to the literature [9-13], we get the mathe-
matical equation of the beam and ball system as follows:

- .. L
(mr2 +JM)a+2mrra+5gMcosa+gmrcosa:z'
)

2 L M
T 2mxxx, — Eg COS X; — gMmX, COS X,
oa=

2
mx; +J,,

( ij.. i .
m+—2 i —mra”+mgsina =0
R

2 .
_ mx,x; —mgsin x;

— 7
m+ I
With J,,J being the moments of inertia of the beam
and the ball, 7 is the torque generated by the motor.

The mathematical model derived from equations (1)
and (2) is implemented in MATLAB/Simulink, as shown
in Fig. 2.

L

S e SHIS
theta E

Fig. 2. Diagram of the ball and beam system in
Simulink

3. DESIGN OF THE CONTROLLER

3.1. THE SNA-PID CONTROLLER

The PID controller is built by a linear neuron as shown
in Fig. 3 [14].

Ael
Ae2 Z n i duy(K) e u;(k)
Ae3 ] b=0 f(n)=n

PB ‘ """"" Jacobian (from RFNNI)

Fig. 3. Structure of the SNA-PID controller

According to the literature [14-15], the SNA-PID con-
troller is designed based on a linear neuron architec-
ture, in which the output neuron directly serves as the
control signal of the system. The proportional, integral
and derivative components are constructed from the
difference between the system response and the refer-
ence signal, as expressed in (3).
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Ael = e(k)’AeZ = J‘:e(k)dk,Ae:i _ Olle(k%c
u(k)=uk-1)+K Ael+KAe2+K,Ae3  (4)

Where, e(k) with k = 1,2,3 is the difference between
the reference signal and the system response.

The goal of training the single neuron PID is to adjust
the network's weight set w ., . to minimize the cost
function (5).

_1,

E(k) =3¢ (k) =i

2
k)= (k)] (5)
Whereyref (k) is the reference signal and y(k) is the sys-
tem response. To adjust the weight set w the gra-
dient descent method was applied [14]:

1i(i=1,2,3)"

K, =w, (k+1)=w, (k)+Aw, (k)
K, =wy, (k+1)=w, (k)+Aw, (k) 6)
K, =w; (k+1)=w;(k)+Awg, (k)

Where Aw, (k) are gradients defined in referenc-

es [14] and [16].

li=1.23

The SNA-PID controller is implemented using MAT-
LAB S-functions, which are fully compatible with the
standard Simulink library. The structure of the SNA-PID
controller is illustrated in Fig. 4 [15].

e(k)

SingleNeural_PID2 .
N

Kp, Kd, Ki

Fig. 4. The SNA-PID controller in Simulink

3.2. THE RFNN IDENTIFIER

The RFNN identifier has 4 layers, described as follows
[14]:

Fig. 5. The structure of the RFNN identifier
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Layer 1 - Inputlayeris described as (7):
0! (k)= (k)+60} (k-1), i=1,2 @)

With 6 is the connection weight at the current time
k. The input of the corresponding RFNN identifier is
the current control signal and the past output of the
response:

x (k) =u(k)

x (k)=y(k-1)

Layer 2 - Fuzzy layer: This layer consists of (2x5)
nodes, each node representing a related function of
the Gaussian form with a mean value m, and standard
deviation, as defined in (9).

(O’U{)_)Zm"f)},i:l,z;j=l,2,---,5 (9)

(8)

(o,
g

Layer 3 - Law class: The output of the g node in this
class is as follows:

(k) =TT0% (k).i=12...5:4,=1,2,...5
Layer 4 - Output layer: This layer includes 1 linear
neuron with the defined output as follows:

O' (k)= w403( =Ly =12 05

g

0; (k)= exp{

(10)

(11

Where w; * is the connecting weights from the 3
layer to the 4% layer. The output of this layer is also the
output of the RFNN identifier:

Of (k)=

A

m (k)= f[ (k),x
= Flu(k).y(k-1)]

The objective of the online training algorithm for
the RFNNI is to adjust the network weight sets and the
parameters of the fuzzy class-dependent functions to
minimize the cost function defined in (13):

£)=3[p (-2, (B =3 [y(0)-0 ()]

The objective of RFNNI is to minimize the error be-
tween the estimated output and the actual system out-
put by adaptively adjusting its connection weights and
fuzzy parameters using an online backpropagation al-
gorithm as reported in [14-17].

2 (k)]

(12)

(13)

A particularly important role of the RFNNI is to com-
pute the Jacobian information, which serves as a key
element in facilitating the adaptive updating process
of the SNA-PID controller. By providing accurate and
timely sensitivity information, the RFNNI enables the
control system to better capture the relationship be-
tween input variations and output responses, thereby
enhancing system stability and reducing steady-state
errors, even in the presence of noise and parameter un-
certainties, as discussed in [14-15], and [16,19-20].

The RFNN identifier for the system is built in MAT-
LAB's S-function as Fig. 6 [15].
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RFNN_Identifier1

Errm(k)

RFNN

Fig. 6. The RFNN identifier in Simulink

The Jacobian information provided by the RFNNI is
incorporated into the neuron weight update law, en-
abling the SNA-PID controller to assess the sensitivity
of the system responds to control actions and to adapt
the PID gains more flexibly over time [21].

4. DESIGN OF THE HARDWARE

4.1. SCHEMATIC DIAGRAM

The schematic diagram illustrates the ball and beam
control system, in which an Arduino Mega 2560 serves
as the central processing unit (Fig. 7). An infrared (IR)
sensor is employed to measure the ball position and

transmit analog signals to the Arduino via an analog
input pin. The system is powered by an external adapt-
er, and the supply voltage is regulated using an LJ245
buck converter, which steps down the input voltage
from 12 V to appropriate levels (5 V) for the electronic
components. Control signals generated by the Arduino
are electrically isolated through a TLP281-4 optocou-
pler before being delivered to the motor driver. This
isolation effectively protects the microcontroller from
electrical noise and back electromotive force (back
EMF) generated by the motor. Overall, the proposed
hardware configuration ensures stable and safe opera-
tion, providing a reliable platform for implementing
intelligent control algorithms.

H TLP281-4
| "’ITIEI’;I ‘H"’I'i’i"i'ké l‘l"i‘l"l’lﬁi ARD2 B o
EEEERZ 3 ' g [~ £ 1ol ¥
ADAPTER i3 l;] H 2?% §§§§ gé §=§§§§5§ Al o
] g BiE §§g5= g8
35 2y gg i!g §§ EEed & S0008  SILI0008
@mﬁ ARDUINO Lo \commemon, | bR
s IR SENSOR
=‘:u= o @ é Peam GUR0Y
ATMEGAZS60 =]
el 155} ) BE OO0
-1 J2 J4 oo | =
g (e o & i
S0 SL0042 Arduino Mega 2560 /ﬁ s = g
[ www. TheEngineeringProjects.com N 23?5 gf fLoncea [
—=- O .l SRS

[IJEIJ gT:HvH:IaH dalslzloelsld
8

ARDUING MEGAZS60

Fig. 7. Schematic diagram

4.2. EXPERIMENTAL MODEL

The system shown in Fig. 8 is an experimental ball
and beam model designed to study adaptive control
algorithms. The ball rolls freely along a horizontal beam
equipped with a measurement scale to determine its
position. The beam’s tilt angle is adjusted by a motor
driven through a 3D-printed gear mechanism. An Ar-
duino Mega 2560 microcontroller serves as the central
unit, collecting signals from an infrared (IR) sensor and
sending control signals to the motor. Power is regulat-
ed through a buck converter to ensure system safety.
Control algorithms such as PID or SNA-PID-RFNNI are
executed on a computer and communicated to the Ar-
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duino via USB. When the ball deviates from the refer-
ence position, the controller adjusts the beam angle to
return the ball to the desired position.

Fig. 8. Experimental model
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Scan the QR code in Fig. 9 to watch the demonstra-
tion clip of the experimental setup for the ball and

beam system. .
(=55 i

Fig. 9. 3D technical drawing video
5. RESULTS AND DISCUSSION

5.1. SIMULATION

The control architecture of the proposed model is de-
veloped in MATLAB/Simulink, as illustrated in Fig. 10. The
mathematical representation of the ball and beam sys-
tem is derived from the differential equations described
in Section 2. The parameters of the SNA-PID controller
are determined using a trial-and-error approach com-
bined with guidelines from reference [4]. The RFNNI
consists of four primary layers: input, fuzzification, rule,

and defuzzification. The identification network enables
online adaptation through gradient backpropagation,
generating both the system output signal and the Jaco-
bian derivative, which reflects the sensitivity of the out-
put to input variations. These outputs are utilized for the
adaptive training process of the controller [22].

The ball and beam system controlled by the PID and
SNA-PID-RFNNI algorithms is simulated under two op-
erating conditions. In the first case, a fixed reference po-
sition of 21 cm, represented by a step input, is applied
without output noise, and the corresponding responses
are shown in Fig. 11.In the second case, a fixed reference
position of 30 cm, represented by a constant input, is ap-
plied with output noise, and the resulting responses are
presented in Fig. 12.

In Fig. 11, both the SNA-PID-RFNNI and PID controllers
return the ball to the reference position (21 cm). Howev-
er, the PID controller causes large oscillations and higher
initial overshoot (27 cm), while the SNA-PID-RFNNI con-
troller provides a smoother response, shorter recovery
time, and less oscillation (23 cm).

* k_indentifer }17

simjac

l

simerror

ball and beam

< \

Fig. 10. The SNA-PID-RFNNI controller diagram

SNA-PID-RFNNI and PID, r = 21 cm
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Fig. 11. Simulation results with r=21 cm

SNA-PID-RFNNI and PID, r = 30 cm
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Fig. 12. Simulation results with r =30 cm

When disturbances are present, in Fig. 12, the differ-
ence becomes more pronounced. The PID controller
continues to have large overshoots (45 cm) and long
settling times, while the SNA-PID-RFNN maintains a re-
sponse close to the reference position (30 cm - 31 cm)

with smaller oscillations.
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The results in Table 2 indicate that the proposed
SNA-PID-RFNNI controller provides a notable improve-
ment over the conventional PID controller in terms of
stability and steady-state performance. Specifically, the
overshoot is significantly reduced from 44.26% (PID) to
6.28% with the SNA-PID-RFNNI scheme, while the set-
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tling error decreases from 0.37 cm to 0.08 cm. Although
the rise time (3.73 s) and settling time (17 s) of the pro-
posed controller are longer than those achieved by the
optimized Fuzzy-PID and GA-PID controllers, this be-
havior reflects a more conservative control action that
prioritizes smooth responses and reduced oscillations.

Table 2. Compare some simulation quality
indicators with four controllers

Controllers Rise Overshoot Settling Settling
time (s) (%) time (s) error (cm)
PID [4] 235 44.26 23 0.37
Fuzzy-PID [24] 0.30 9.98 1.45 0.10
GA-PID [25] 0.225 3.68 1.08 0
SNA-PID-RFNNI 3.73 6.28 17 0.08

The ability of the SNA-PID-RFNNI controller to up-
date its parameters online using Jacobian informa-
tion provided by the RFNNI contributes to improved
robustness and adaptability, particularly for nonlinear

Ref position

ARDUINO

FaVAN o

Pin: A0

ADC to Distance Lowpass Filter

systems with uncertainties. These results demonstrate
that the SNA-PID-RFNNI controller offers more accurate
and stable control performance, particularly in reduc-
ing oscillations [23].

5.2. EXPERIMENT

The communication diagram between the DSP board
and the IR sensor for both the SNA-PID-RFNNI controller
and the conventional PID controller,implemented in the
MATLAB/Simulink environment and applied to the ball
and beam system, is illustrated in Fig. 13. The IR sensor
signal is acquired through Arduino analog pin A0, con-
verted from ADC values to distance, and then processed
by a low-pass filter to reduce measurement noise. The
filtered position signal is compared with the reference
position (e.g., 20 cm) to generate the position error. This
error signal is simultaneously supplied to the conven-
tional PID controller and the proposed SNA-PID-RFNNI
controller. A switching mechanism is used to select the
active controller, and the selected control signal is trans-
mitted to the actuator via Arduino digital pin 9.

SNA_PID

ARDUINO

Pin9

PID

Fig. 13. The experimental diagram in Simulink for the two controllers

With the SNA-PID-RFNNI controller, the ball moves
more gradually and stabilizes at the reference position
(within the first 8 sin Fig. 14 and the first 10 s in Fig. 15).
If a small external force displaces the ball, the control-
ler successfully restores it to the desired position with
only minor oscillations (observed from the 11" second
onward in Figs. 14 and 15).

SNA-PID-RFNNL r =22 cm
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Fig. 14. Experimental result of the SNA-PID-RFNNI
controller with r =22 cm
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Fig. 15. Experimental result of the SNA-PID-RFNNI
controller with r =24 cm

Fig. 16 shows the experimental results of the ball po-
sition using two controllers: the traditional PID and the
SNA-PID-RFNNI, with a reference position set at 20 cm.

With the conventional PID controller, the system out-
put exhibits strong oscillations around the reference
value of 20 cm. The transient response is characterized

International Journal of Electrical and Computer Engineering Systems



by large oscillation amplitudes (28 cm), multiple over-
shoots, and a long settling time (13 s) [26]. Although
the signal eventually approaches the desired position,
the tracking accuracy remains limited and the stability
in the initial phase is relatively poor.

SNA-PID-RFNNI and PID, r = 20 cm

Ball position (cm)

0 reference position
------------- SNA-PID-RFNNI actual position
"""""""" PID actual position

0 5 10 15 20
Time (s)

Fig. 16. Experimental results of the two controllers

In contrast, the SNA-PID-RFNNI controller enables
the system output to quickly track the reference posi-
tion (5 s) with minimal oscillation. The settling time is
significantly shorter compared to PID, while overshoot
is effectively suppressed [27, 28]. Notably, the response
remains stable throughout the entire process, converg-
ing rapidly to 20 cm without sustained oscillations.

The quality indicators between the two controllers
obtained from the experimental results are presented
in Table 3.

Table 3. Compare some experimental quality
indicators between the two controllers

Controllers Overshoot  Settling time Settling error
(%) (s) (cm)
PID 35.26 15 232
SNA-PID-RFNNI 18.54 5 085

This demonstrates the superior adaptability and con-
trol quality of the intelligent controller compared to
the conventional PID.

Scan the QR code in Fig. 17 to watch the demonstra-
tion clip of the experimental operation of the ball and
beam system.

!

Fig. 17. Experiment video

6. CONCLUSION

This paper has presented the design, simulation, and
experimental validation of an SNA-PID-RFNNI control-
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ler for the nonlinear and unstable ball and beam sys-
tem. The proposed controller integrates a single neuron
adaptive PID structure with a recurrent fuzzy neural net-
work identifier, enabling online updating of the control
parameters based on the system Jacobian information
[29]. Simulation results demonstrate that the SNA-PID-
RFNNI controller significantly improves control perfor-
mance compared with the conventional PID controller,
with the overshoot reduced from 44.26% to 6.28% and
the steady-state error decreased from 0.37 cm to 0.08
c¢m, while maintaining smooth and stable responses.
Although the rise time and settling time are longer
than those of some offline-optimized controllers, the
obtained results clearly indicate the adaptability and ro-
bustness of the proposed control scheme [30, 31].

Compared with the study by C. N. Nguyen et al. in
[14], the proposed approach in this work has been
successfully implemented on a physical experimental
model. The experimental results further confirm the
effectiveness of the proposed method, with the over-
shoot reduced from 35.26% to 18.54%, the settling time
shortened from 15 s to 5 s, and the steady-state error
decreased from 2.32 cm to 0.85 cm in comparison with
the conventional PID controller. These results demon-
strate the feasibility and practical effectiveness of the
SNA-PID-RFNNI controller under real operating condi-
tions. In future work, both simulation and experimental
studies will be extended by applying other intelligent
control techniques, such as the Genetic Algorithm (GA),
Firefly Algorithm (FA), and Bee Algorithm (BA), to fur-
ther evaluate and compare system performance.
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