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Preface
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January 15-16, 2026, at the Higher School of Communication of Tunis (SUP’COM), Tunisia.
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ing researchers, practitioners, and graduate students to discuss cutting-edge advancements in

Artificial Intelligence, Wireless Communication, IoT, and Signal Processing.
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guished international experts and local leaders in the field. We are honored to host Pr. Moncef
Gabbouj (Tampere University, Finland) for the keynote session on Al in medical diagnostics.
We also extend a special thanks to Pr. Noureddine Lasla (ENSIA, Algeria) for his valuable

participation and expertise in secure systems.
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Trichili, Pr. Fatma Rouissi, Pr. Soumaya Hamouda, Pr. Wael Jaafar, Dr. Rahma
Gharslaoui, Dr. Yosra Abbes, Hend Baklouti, Akrem Hadji, Dr. Anis Youssef, Dr.
Ibtissem Malouche, and Dr. Hakim Ghazzai.

We also thank all the authors for their valuable contributions and the technical program com-
mittee for their diligent review process. A special thanks goes to our student participants in the

Poster Competition, whose innovative work represents the promising future of our field.

We deeply appreciate the unwavering support of our co-organizers and partners, without whom
this event would not have been possible: Agence Nationale des Fréquences (ANF), In-
stance Nationale des Télécommunications (INT), Tunisie Telecom, Sup’Com Alumni,
Federation of Arab Scientific Research Councils, Centre d’Etudes et des Recherches
des Télécommunications (CERT), Global Training and Consulting Services (GTC),
and ACTIA ES.

We hope that these proceedings will serve as a valuable reference for the scientific community

and inspire future research collaborations.

Tunis, January 2026
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Hichem Besbes, Sameh Najeh, Hakim Ghazzai, and Leila Nagjjar
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Predicting Human Attention States from EEG Signals
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Abstract

This article presents an approach for classifying lev-
els of human attention using Electroencephalography
(EEG) and machine learning techniques, specifically
combining unsupervised and supervised learning. We
used the K-means algorithm on the EEG Alpha-to-
Beta power ratio to automatically define three dis-
tinct levels of attention (High, Medium, Low) and
we classified these defined states using conventional
supervised machine learning models applied to key
EEG features. The results demonstrate that the Ran-
dom Forest algorithm achieve excellent classification
performance, confirming the value of exploiting both
frequency and spatial information within EEG signals
for robust attention level assessment.

Keywords: Attention prediction, EEG, Alpha-to-
Beta power ratio.

1 Introduction

Attention is a fundamental cognitive function which
permits to select and process relevant information
in the environment while filtering out distractions.
When driving, for example, sustained attention is es-
sential to stay focused on the road while ignoring the
scenery and other distractions. In learning, it is es-
sential for the initial encoding of information and its
transfer to memory.

This study focuses on action control, which en-
ables the planning and targeted execution of move-
ments and behaviors based on visual-spatial instruc-
tions and alerts. Subjects must visualize rectangles
of different colors and listen to a signal of constant or
variable intensity to alert them to the imminent task

to be performed. As a result, they must press a key
on a keyboard. The choice of keyboard key depends
on the type of alert he has been given. The aim is to
identify their level of attention based on the accuracy
of the task performed: whether or not they pressed
the correct key.

ElectroEncephaloGraphy (EEG) is a non-invasive
technique that records fluctuations in the brain’s elec-
trical activity, providing a direct measure of corti-
cal processing. The state-of-the-art literature show-
cases a variety of approaches and features derived
from EEG signals for attention recognition [1]. For
instance, methodologies based on energy descriptors
within specific frequency bands have emerged as key
indicators of the cognitive activation state [2,3]. Both
supervised classification techniques (e.g., [2]) and un-
supervised classification techniques (e.g., [5]) have
been successfully employed in this domain.

In this study, we explored the use of a well estab-
lished EEG feature (the energy ratio between alpha
and beta frequency bands), which is widely recog-
nized as a robust marker reflecting the status of cog-
nitive activation [4]. We used unsupervised classi-
fication to identify attention levels (Low, Medium,
High) and introduced classification methods which
use handcradt features and conventional machine
learners.

2 Methodology

2.1 Experience and Data

To conduct the study, a device called MEDE-
LOPT®V1 developed by SEENEL Imaging was used
[8]. It includes 8 EEG electrodes which where placed
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at occipital, parietal and frontal lobes.The data was
collected during an experiment conducted on 24 in-
dividuals. Each participant sat in front of a com-
puter and had to press one of two keys on the key-
board (/ at the bottom right or z at the top left)
depending on what was displayed on the screen. The
experiment included 256 trials with varying warn-
ing stimuli and conditions. Two types of conditions
(named congruence) were studied: when the border
of the rectangle is green, the response must be made
on the same side as the rectangle (congruent task)
whereas when the border is red, the response must
be made on the opposite side (incongruent), involv-
ing additional cognitive effort. In addition, a white
noise-type sound signal was used as an alert to pre-
pare participants for the task. It could have a con-
stant intensity throughout the experiment (endoge-
nous mode named ENDO) or an intensity that gradu-
ally increased over time (hydrid mode of endogenous
and exogenous named HYB). Furthermore, the de-
lay between the alert and the target stimulus, called
SOA (Stimulus Onset Asynchrony), varies randomly
between four values: 0 ms (no alert), 100 ms, 250 ms,
and 850 ms [7].

All of these different experimental conditions (16 in
total) ensure that a significant cognitive load is re-
quired and that a high level of attention is demanded
to each participant. This is what we are seeking to
determine through this study.

2.2 EEG Preprocessing

In order to ensure the quality of the EEG signals and
enable reliable analysis, preprocessing phase was ap-
plied to all recordings :

e Bandpass filtering between 0.5 Hz and 50 Hz.

e Independent Component Analysis (ICA) to reduce
artifacts.

e Extraction of frequency bands related to attention
: Alpha (8 — 13 Hz ) indicating relaxation, alert calm-
ness and reduction in sensory activity and Beta band
(13 — 30 Hz ) related to attention, concentration and
active cognitive activation.

e For each EEG segment, the spectral energies in the
Alpha and Beta bands (namely E, and Eg) across
all 8 EEG channels are calculated and merged in a
ratio form :

8
R = & _ Zi:l Ea1i

Eg N Z?:l Eﬁ,i.
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2.3 Unsupervised Attention Level La-
beling

To automatically and objectively categorize the par-
ticipant’s attention state from the EEG signals, it’s
necessary to associate each segmented trial with a
discrete label reflecting the cognitive load. We em-
ployed an unsupervised clustering approach based on
the Alpha-to-Beta Energy Ratio. This specific ratio
is recognized as a robust index of cortical activation
and engagement, with higher values typically indicat-
ing a decline in alertnes or low-attention state, and
lower values indicating higher engagement and atten-
tion [4,9].

The K-means clustering algorithm was applied di-
rectly to the gﬁ feature values across all trials.

The number of clusters was determined via the el-
bow method/silhouette analysis [10], which indicated
that the optimal reduction in within-cluster variance
(or optimal separation) was achieved at three parti-
tions.The resulting cluster assignments provided the
ground-truth labels for the subsequent supervised
classification stage.

2.4 EEG Features
Classification

for Supervised

Following the creation of these attention labels, the
next objective was to develop a predictive model ca-
pable of automatically classifying a participant’s at-
tention level based on a broader range of EEG fea-
tures.

The data preparation involved five key steps: i label-
ing based on k-means clustering results, i data clean-
ing to remove outliers, iii standardization (zero mean,
unit variance) to equalize scales, fvimbalance han-
dling using SMOTE principle to generate synthetic
examples for minority classes, and v data splitting us-
ing 5-fold stratified cross-validation to maintain class
balance in all partitions.

To ensure complementarity and non-redundancy
between the unsupervised labeling method and the
classification model, the features selected for the su-
pervised learning phase were deliberately chosen to
exclude the % ratio and to exhibit a low correlation
with this cluster-defining variable. This strategy en-
sures that the classification approach is not merely
replicating the clustering results but is instead lever-
aging novel information derived from the EEG signal
to predict the categorized states.

The univariate ANOVA test was utilized as the fea-
ture selection mechanism to identify the most dis-
criminative features (from an initial pool of 184 cal-
culated descriptors) that showed significant variance
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across the three established attention groups (Low,
Medium, High).

The final set of features retained for the classifier in-
cludes key parameters across the five standard fre-
quency bands (Delta, Theta, Alpha, Beta, Gamma)
are:

e Entropy per frequency band and per channel, serv-
ing as a measure of the uncertainty or complexity of
the neural oscillations.

e Maximum power of each frequency band, reflecting
the peak intensity of brain activity in the respective
frequency ranges.

e Peak-to-peak amplitude within each frequency
band, providing an indication of the magnitude of
the underlying neural oscillations.

e Total energy of each frequency band, representing
the overall amount of electrical activity concentrated
in these frequencies.

3 Results and Discussion

3.1 Attention Level Labelling

An unsupervised k-means clustering method was ap-
plied to all extracted R = g—; values (6,144 data

points) from all EEG segments (all subjects and con-
ditions combined). The number of clusters was set
at k = 3, corresponding to three levels of attention
defined as follows: sustained attention(low R), fluc-
tuating attention (intermediate R) and impaired at-
tention (high R.).

Tab. 1 gives cluster distributions related to atten-
tion levels across experimental conditions. Its analy-
sis revealed that participants exhibited consistently
high proportions of high attention level across all
modes, congruence levels, and SOA values, gener-
ally above 85%. Lower proportions were observed
for low and medium attention levels, typically below
10% and 7%, respectively. Notably, incongruent tri-
als tended to slightly reduce the proportion of high at-
tention states and increase low /medium states, while
longer SOAs generally favored high attention, sug-
gesting that both task difficulty and preparatory cue
timing modulate attentional engagement.

A three-way ANOVA with repeated measures was
performed on the proportion of high attention, treat-
ing the mode (ENDO/HYB), congruence (C/I), and
SOA (0, 100, 250, 850 ms) as factors. The results
indicated a significant main effect of congruence (F=
448,112, p< 0.001) and SOA (F = 325.59, p < 0.001),
whereas the main effect of mode was not signifi-
cant (F= 1.53, p = 0.346). These findings suggest
that the cognitive load induced by incongruent trials
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Mode  Cong- SOA High Low Med-

ruence ium
ENDO C 0 86.4 7.8 5.7
HYB C 0 86.6 7.9 5.5
ENDO I 0 85.6 7.8 6.5
HYB I 0 86.5 8.3 5.2
ENDO C 100 843 8.6 7.0
HYB C 100 86.6 8.4 5.0
ENDO 1 100 846 84 7.1
HYB I 100 86.2 84 5.5
ENDO C 250 87.0 8.1 4.9
HYB C 250 86.9 84 4.7
ENDO 1 250 86.2 84 5.5
HYB I 250 854 84 6.3
ENDO C 850 854 84 6.3
HYB C 850 86.9 84 4.7
ENDO I 850 859 8.6 5.5
HYB I 850 87.2 8.1 4.7

Table 1: Cluster distributions across experimental
conditions.

and the timing of alerting cues significantly modu-
lated the likelihood of observing high attention states,
while the attentional mode (ENDO vs HYB) did not
strongly influence these proportions.

Additionally, a global chi-square test on the full
contingency table confirmed that the distribution of
cluster assignments was significantly dependent on
the experimental conditions (Chi2 = 10,777.51, p <
0.001), corroborating the ANOVA findings and indi-
cating that both SOA and congruence systematically
affected attentional states across trials.

Note that the ANOVA applied here is appropriate
for repeated-measures designs, allowing the assess-
ment of within-subject effects, while the chi-square
test provides a complementary non-parametric con-
firmation of overall dependence between clusters and
conditions. Overall, these results quantitatively sup-
port the interpretation that task congruence and
preparatory timing influence attentional dynamics,
consistent with the patterns observed in the descrip-
tive percentages.

3.2 Attention Level Prediction based
on EEG Features

The performance of various classification algorithms
was compared using several key metrics: Accuracy,
Precision, Recall, and F1-score, as presented in Ta-
ble 2 :

e The Random Forest (RF) method provided the
best overall performance, achieving a high accuracy
of 98.14% and a high F1-score of 0.9468. Its low stan-
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Table 2: Comparison of classification algorithm per-
formances.
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[2] Nuamah, J. K., Seong, Y. and S. Yi, “Electroen-
cephalography (EEG) Classification of Cog-

nitive Tasks based on Task FEngagement In-

Algo Accuracy Fi-score Precision Recall dex,” IEEE Conference on Cognitive and Com

RF 0.9814 0.9468 0.9409 0.9530 ’ .

SVM 0.7063 0.6135 0.6306 0.7563 putational Aspects of Situation Management

LR 0.7961 0.6746 0.6486 08176 (C09SIMA), Savannah, GA, USA, 2017, pp. 1-6.

KNN 0.7837 0.6324 0.5999 0.7521 doi: 10.1109/COGSIMA.2017.7929581.

DT 0.9680 0.9111 0.8977 0.9257 [3] You, S.D. , “Classification of Relaxation
and Concentration Mental States with
EEG,” Information, 2021, 12(5):187. doi:

dard deviation (£0.0097) confirms its robustness and
reliability.

e The Decision Tree (DT) method yielded results very
close to those of the Random Forest, with an accu-
racy of 96.80% and good stability (£0.0077). While
it is slightly less performant than the Random For-
est, its superior interpretability offers a strong trade-
off between performance and simplicity for analyzing
feature importance.

e The Support Vector Machine (SVM), Logistic Re-
gression (LR) and K-Nearest Neighbors (KNN) meth-
ods showed significantly lower performance and sta-
bility (accuracy around 70% to 80%). While they
provide high Recall, their poor Precision and low F1-
scores suggest they struggled with the task and likely
produced a high number of false positives for the mi-
nority classes.

4 Conclusion

This study demonstrated an hybrid approach for
classifying three levels of human attention (Low,
Medium, High). The methodology combined unsu-
pervised learning to objectively generate attention
labels, with supervised classification strategies. The
results validated the hidg performances of Decision
Tree and Random Forest models based on EEG fea-
tures. Moving forward, this framework suggests that
future work should explore the fusion of this approach
with complementary modalities like functional Near-
Infrared Spectroscopy (fNIRS) to integrate real-time
hemodynamic data and further enhance the robust-
ness of attention monitoring systems.
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Abstract

Multi-temporal satellite-based change detection anal-
ysis requires addressing biases related to co-
registration and satellite jitter. This study compares
two workflows combining two co-registration strate-
gies with jitter filtering using Pléiades imagery from
2015 and 2023. The Time-SIFT approach shows im-
proved horizontal accuracy and comparable vertical
accuracy compared to the classical approach without
requiring GCPs or pre-georeferenced data, reducing
elevation difference dispersion from 1.71 to 1.32 m in
terms of NMAD. After jitter correction, dispersions
reach 1.13 m and 0.96 m NMAD for the classical and
the Time-SIFT approaches, respectively. These re-
sults demonstrate that the Time-SIFT co-registration
quality yields improved elevation difference after fil-
tering.

Keywords: Co-registration,
Pléiades, 3D change detection

satellite jitter,

1 Introduction

Multi-temporal surface elevation data from recurrent
acquisitions enable change detection through differ-
encing. Optical satellite systems can deliver very
high-resolution elevation products with minimal er-
rors. However, two key issues affect the reliability of
detecting surface changes: co-registration biases [1,2]
and biases related to the satellite acquisition geome-
try, in particular satellite attitude variations known
as jitter [3].

Co-registration biases manifest as horizontal mis-
alignment, where elevation differences exhibit terrain-
like patterns due to slope effects [3], and/or ver-
tical offsets characterized by predominantly posi-
tive or negative values [4]. Two main strategies
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exist for DEM co-registration. The first involves
co-registering independently generated DEMs using
methods such as iterative closest point variants [5, 6]
or terrain-based approaches [3,7], requiring georefer-
enced or coarsely co-registered DEMs. The second
integrates co-registration during DEM generation by
jointly processing multi-temporal images. All im-
ages from different epochs are aligned together in a
single bundle adjustment routine, producing inher-
ently co-registered DEMs that do not require fur-
ther alignment, herein referred as the Time-SIFT ap-
proach [8,9].

Biases associated with the satellite acquisition ge-
ometry can be substantial enough to require correc-
tion. Such corrections are applied to data products,
as DEMs or elevation difference, where jitter effects
are clearly observable. The jitter component is mod-
eled as a sinusoidal function [10], expressed as:

o(t) = Asin(2w ft + ¢) (1)
where ¢ (1) is the jitter component of satellite attitude
at imaging time t, and A, f, ¢ are the amplitude,
frequency and phase, respectively.

Filtering this noise can be applied either in the
spatial domain [4,11,12] or based on frequency do-
main using transformations such as the Fourier trans-
form [13]. However, [11] reported that spatial fil-
tering alone does not fully eliminate along-track
undulations, while [13] demonstrated improved re-
sults using frequency-domain—based filtering. The
filtering is performed using a finite-impulse-response
(FIR) high-pass filter, which effectively suppresses
the along-track oscillations.

While co-registration approaches could ensure ge-
ometric consistency across epochs, they do not ad-
dress systematic errors introduced by satellite jit-
ter. Complete multi-temporal processing workflows
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require combining co-registration strategies with jit-
ter filtering. Two workflow can be employed: clas-
sical co-registration (e.g., [3]) followed by jitter fil-
tering [13], or Time-SIFT co-registration [9] followed
by the same jitter filtering. The relative performance
of these workflows remains unquantified, yet under-
standing their trade-offs is essential for selecting opti-
mal processing strategies for multi-temporal studies.
This study compares the classical and the Time-
SIFT co-registration approaches, both followed by
the jitter filtering. The accuracy is evaluated at mul-
tiple processing stages to quantify each method’s con-
tribution to the final elevation difference quality.

2 Methodology
2.1 Dataset

The tri-stereo Pléiades images were ordered in 2015
and 2023 covering the Lebna watershed, located in
the coastal plain in northeastern Tunisia, through
the DINAMIS platform. The images ordered in 2015
were captured with Pléiades-1A, while the images or-
dered in 2023 were captured with Pléiades-1B, a plat-
form subject to jitter since 2021 [14].

2.2 Data analysis

In order to evaluate the performance of both work-
flows, some metrics are used to assess their impact
on the co-registration and the jitter filtering. For
the co-registration, the relative accuracy was deter-
mined by quantifying the offset between both models
in zy and z directions, using 9 ground control points
(GCP). For the jitter filtering, stable terrain is an
indicator of the quality of the corrections. The Nor-
malized Median Absolute Deviation (NMAD) is em-
ployed as a robust metric to evaluate accuracy after
co-registration and jitter filtering, allowing the per-
formance of each processing step to be quantitatively
assessed. It is defined as:

NMAD(AH) = 1.4826 - median(|AH — medianAH|)
(2)

where AH is the elevation difference.

3 Results and Discussion

3.1 DEM co-registration

As illustrated in figure 1, the elevation differences
after co-registration with the classical approach ex-
hibit a positive trend in the NW direction and neg-
ative trend in the SE direction. However, the Time-
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SIFT co-registration attenuates both this directional
trend and the jitter magnitude, reducing the elevation
differences dispersion from 1.71 to 1.32 m in terms
NMAD. In figure 1(C), the histograms of the eleva-
tion differences derived from the time-SIFT approach
tended mostly to 0, whereas the classical approach
revealed higher deviations.

(A) (B) (€
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Figure 1: DoD derived from (A) the classical ap-
proach, (B) the Time-SIFT approach, and (C) his-
tograms of the elevation differences.

The classical approach achieves relative accuracies
of 0.76 m in zy direction and 0.46 m in z direction,
while Time-SIFT achieves 0.52 m in zy direction and
0.49 m in z direction. Both fall within the typical
0.2-1 m range for relative DEM accuracy [3], suitable
for multi-temporal change detection.

The Time-SIFT approach shows improved horizon-
tal accuracy and comparable vertical accuracy com-
pared to the classical approach without requiring
GCPs or pre-georeferenced data, promoting its ap-
plication in areas with limited reference information.

3.2 Satellite jitter correction

The elevation difference derived from the classical
and the Time-SIFT approaches show an along-track
jitter effect with an amplitude A reaching on average
2 m, and an undulation wavelength A of about 2 km.

After filtering, the dispersion of elevation differ-
ences derived from the classical and the Time-SIFT
approach in terms of NMAD is 1.13 and 0.96 m, re-
spectively. As shown in figure 2, in the filtered DoD
obtained from the Time-SIFT approach, the artifacts
linked to the satellite jitter are further attenuated
compared to the classical approach. The histogram
of the filtered DoD obtained from the Time-SIFT ap-
proach indicates tighter elevation difference disper-
sion compared to the histogram of the filtered DoD
obtained from the classical approach.

As both workflows apply the same jitter filter-
ing, the qualitative and quantitative improvement re-
flects the co-registration quality of the Time-SIFT ap-
proach, demonstrating that it produces more reliable
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Figure 2: Filtered DoD derived from (A) the classi-
cal approach, (B) the Time-SIFT approach, and (C)
histograms of the elevation differences.

elevation difference for detecting surface changes.

4 Conclusion

Although both workflows achieve suitable accuracy
for multi-temporal change detection, the Time-SIFT
approach offers significant advantages. With no need
for GCPs, it substantially reduces processing time.
Since the Time-SIFT approach produces inherently
co-registered DEMs, applying jitter filtering on it
yields imporved elevation differences dispersion com-
pared to filtering classical co-registration outputs.
This shows that improved initial co-registration qual-
ity lead to improved final products. However, the en-
hancement could vary across different landscapes and
acquisition conditions.
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Abstract

This project addresses the challenge of effective en-
ergy consumption management due to the lack of de-
tailed, per-appliance visibility from traditional smart
meters. Our solution leverages Non-Intrusive Load
Monitoring (NILM) to disaggregate the total electri-
cal consumption into individual appliance contribu-
tions. The core of the system is the BERT4NILM
architecture, an innovative adaptation of the Trans-
former model that utilizes bidirectional attention to
capture complex temporal dependencies in electrical
time series. This architecture is deployed on a Rasp-
berry Pi 4 Model B acting as an edge computing de-
vice to perform real-time inference. Crucially, the
performance of BERT4NILM is benchmarked against
established NILM baselines, including Convolutional
Neural Networks (CNN) and Long Short-Term Mem-
ory (LSTM) networks. The disaggregation results are
communicated via a robust, low-latency pipeline us-
ing the MQTT protocol, stored in the InfluxDB time-
series database, and presented to the user through a
real-time dashboard on Grafana. Experimental vali-
dation, including cross-dataset fine-tuning (REFIT to
REDD), confirmed the model’s robustness and high
performance, achieving an F1-Score of 55.54% on the
REFIT dataset and demonstrating a significant im-
provement over the baselines. This edge-cloud ar-
chitecture provides a practical, scalable, and energy-
efficient solution for intelligent energy management.

Keywords: BERT4NILM, NILM, Raspberry Pi,
Edge Computing, Grafana, [oT.

1 Introduction

The growing imperative for energy efficiency is often
constrained by the ubiquitous smart meters, which
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typically provide only aggregated consumption data.
This limitation prevents end-users from identifying
the most energy-intensive appliances and optimizing
their usage. Non-Intrusive Load Monitoring (NILM)
offers a solution by computationally disaggregating
the total load into individual appliance contributions

).

1.1 Problem Definition

Traditional NILM methods, such as those based on
Hidden Markov Models (HMM) or basic neural net-
works (CNN, RNN), often struggle to capture the
complex, long-term temporal dependencies inherent
in electrical load profiles, limiting their generaliza-
tion capabilities [1]. There is a need for a model that
is both highly accurate and deployable on resource-
constrained, low-power embedded devices for a prac-
tical, real-time solution.

1.2 Contribution
This work’s main contributions are:

e Implementation and optimization of the
BERT4ANILM  architecture, a  powerful
Transformer-based model for NILM.

e A comprehensive comparative analysis of
BERT4NILM against established deep learning
NILM baselines (CNN and LSTM).

e Deployment of the real-time inference model on
a low-power Raspberry Pi 4 Model B for local
edge processing.

e Development of a complete, distributed Edge-
Cloud pipeline using MQTT, InfluxDB, and
Grafana to ensure real-time data flow and vi-
sualization.
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2 Methodology

This section explains how the research was con-
ducted.

2.1 BERT4NILM Architecture

The BERT4NILM (Bidirectional Encoder Represen-
tations from Transformers for Non-Intrusive Load
Monitoring) model [2] is a revolutionary approach
that adapts the bidirectional attention mechanisms
of the Transformer architecture [4] to energy time se-
ries. In this context, energy measurement points are
treated as ”temporal tokens,” and a time window of
consumption is treated as an ”energy phrase”. This
enables the model to leverage multi-headed attention
to simultaneously analyze context from both the past
and future of a given time step, significantly improv-
ing the accuracy of appliance state and power predic-
tion over sequential or simpler neural network mod-
els. The model was pre-trained on a large dataset like
REFIT and validated with a fine-tuning strategy on
diverse domains like REDD.

2.2 Baseline Models for Comparison

To contextualize the performance of BERT4NILM,
we implemented two widely adopted deep learning
architectures for NILM as baselines:

e Convolutional Neural Networks (CNN):
A one-dimensional CNN model is employed to
extract local temporal features from the input
power sequence. CNNs have shown strong per-
formance in NILM by identifying distinct load
shapes [5].

e Long Short-Term Memory (LSTM): A re-
current neural network (RNN) variant designed
to capture long-term dependencies in time-series
data. The LSTM baseline is used to assess how
the recurrent sequential processing compares to
the attention-based, bidirectional context mod-

eling of BERT4NILM [5].

All models were trained and evaluated under the
same conditions (datasets, window size, and evalu-
ation metrics) to ensure a fair comparison.

2.3 Edge Computing Platform

The inference engine is deployed on a Raspberry
Pi 4 Model B (4GB), chosen for its excellent
performance/consumption ratio. ~ The Broadcom
BCM2711, Quad-core Cortex-A72 @ 1.5GHz proces-
sor provides sufficient power for PyTorch inference
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with low latency (average 247ms for a batch size of 1),
meeting the real-time requirements of energy moni-
toring. The software stack on the edge device in-
cludes Raspberry Pi OS (64-bit), Python, PyTorch
(CPU version), and the Mosquitto MQTT broker.

3 Real-Time Pipeline and Vi-
sualization

The system utilizes a distributed Edge-Cloud archi-
tecture to ensure optimal performance and scalability

3.1 Data Flow via MQTT

The Raspberry Pi, acting as the edge layer, per-
forms the real-time BERT4NILM inference. The dis-
aggregation results—including the timestamp, aggre-
gate_power, predicted_power, appliance, and confi-
dence score—are encapsulated in a JSON message.
This data is published locally via the Mosquitto
MQTT broker. The lightweight and efficient MQTT
protocol [3] is central to the communication, enabling
low-latency data transfer to the cloud server.

3.2 Storage and Presentation with
Grafana

On the cloud layer, the Telegraf agent subscribes
to the MQTT topics, validates and transforms the
raw JSON messages, and writes the time-series data
into InfluxDB. InfluxDB is used as the time-series
database due to its high-performance architecture for
ingesting and querying high-frequency temporal data.

Finally, Grafana serves as the primary presenta-
tion layer. It is configured to query the InfluxDB
database and display the load disaggregation results
in a real-time dashboard. The visualization allows
users to monitor aggregated consumption, view per-
equipment predictions, and observe the model’s con-
fidence scores.

3.3 Qualitative Analysis

Experimental evaluation confirmed the superior per-
formance and robustness of the BERT4NILM model.

3.3.1 Comparative Performance Analysis

To strengthen our evaluation, we benchmarked the
BERT4NILM model against the CNN and LSTM
baselines on the REFIT dataset. The results, summa-
rized in Table 1, highlight the superior performance
of the attention-based approach.
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Table 1: Comparison of Model Performance on the
REFIT Dataset (F1-Score %)

[2] Z. Yue, C. R. Witzig, D. Jorde, and H.-A. Jacob-
sen. ”Bert4nilm : A bidirectional transformer
model for non-intrusive load monitoring.” In

Appllance CNN [5] LSTM [5] BERT4NILM Proceedings of the 5th International Workshop
Microwave  48.11 51.05 56.78 on Non-Intrusive Load Monitoring, pp. 89-93
Kettle 72.50 75.31 78.91 9020, ’ ’
Dishwasher  35.22 37.89 41.45

Fridge 58.90 60.12 65.01 [3] R. Silva and P. Costa. ”Mqtt for iot applications
Average 53.68 56.09 60.54 : Performance analysis and optimization.” Com-

The results clearly indicate that BERT4NILM sig-
nificantly outperforms both the CNN and LSTM
baselines across all tested appliances. The average
F1-Score of 60.54% for BERT4NILM is a notable im-
provement over the LSTM’s 56.09% and the CNN’s
53.68%, which validates the strength of the bidirec-
tional attention mechanism in capturing complex,
long-range dependencies crucial for accurate NILM.

3.3.2 Robustness and Transferability

Our optimized BERT4NILM architecture achieved
a reference F1-Score of 55.54% (on all appliances).
Moreover, the cross-dataset fine-tuning strategy
proved effective, showing an improvement of +14.13%
in accuracy when adapting the model from the RE-
FIT training domain to the REDD target domain,
validating the model’s transferability to heteroge-
neous environments.

4 Conclusion

In conclusion, the project successfully implemented
and validated the BERT4NILM model on a resource-
constrained Raspberry Pi, establishing a robust and
efficient edge-cloud pipeline using MQTT, InfluxDB,
and Grafana. The comprehensive experimental eval-
uation demonstrated that the BERT4NILM archi-
tecture achieved superior disaggregation performance
compared to conventional deep learning baselines
(CNN and LSTM), validating the efficacy of the
Transformer’s bidirectional attention for NILM. This
architecture provides a robust, low-power solution
that delivers detailed, real-time, per-appliance energy
data, opening new avenues for intelligent energy man-
agement systems.
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Abstract

The challenge of modern energy management lies in
the lack of detailed appliance-level consumption data
from conventional smart meters. This work pro-
poses an optimized solution for Non-Intrusive Load
Monitoring (NILM), which computationally disaggre-
gates the total electrical load into individual appli-
ance profiles. The core of the methodology is the
Super-State Hidden Markov Model (SSHMM) com-
bined with the Sparse Viterbi algorithm, specifically
chosen to mitigate the exponential increase in com-
putational complexity associated with the SSHMM
in multi-appliance scenarios. The primary contri-
bution is the successful migration and optimization
of this sophisticated NILM prototype, initially de-
signed for a PC, to a real-time embedded platform,
the STM32MP157F-DK2 development board. Vali-
dation on the REFIT dataset demonstrates the ef-
ficiency of the overall pipeline, with the SSHMM
achieving an F1-score exceeding 93% and an accuracy
above 95% on specific appliances. The system suc-
cessfully demonstrates real-time visualization of the
disaggregation results on the ThingSpeak cloud plat-
form. This project proves the feasibility of deploying
advanced NILM techniques on resource-constrained
microcontrollers for effective, on-device intelligent en-
ergy monitoring.

NILM, SSHMM, Viterbi, STM32, Embedded Sys-
tem, Load Disaggregation, Edge Computing

1 Introduction

The widespread adoption of smart metering provides
consumers with global visibility into their energy use.
However, without knowing the specific consumption
of each electrical device, it remains challenging to
implement effective strategies for energy reduction
and optimization [1]. Non-Intrusive Load Monitor-
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ing (NILM) is a field dedicated to estimating the
consumption of individual appliances from a single
aggregate measurement point [2].

NILM applications are often hindered by several
factors, including signal noise, signature similarity
between devices, and high computational complex-
ity [3]. These constraints are particularly severe when
attempting to integrate existing NILM methods onto
embedded platforms, such as microcontrollers, which
are limited in both memory and processing power
[4]. Addressing this requires an optimized algorithm
capable of delivering high accuracy under stringent
hardware limitations.
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Figure 1: Conceptual Diagram of the NILM Chal-
lenge.

This work’s main contributions are:

e Optimization and adaptation of the Super-State
Hidden Markov Model (SSHMM) using the
Sparse Viterbi algorithm to ensure computa-
tional efficiency.

e Demonstration of a real-time embedded solution
by migrating the optimized SSHMM/Viterbi
prototype from a PC environment to the
STM32MP157F-DK2 card.

e Validation of the system’s performance on a real-
world dataset (REFIT) and integration of real-
time visualization via the ThingSpeak platform.
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2 Methodology: SSHMM and
Sparse Viterbi

2.1 Super-State Hidden
Model (SSHMM)

The chosen approach for disaggregation is the
SSHMM [5]. In this model, it is assumed that each
appliance possesses a discrete number of operating
states. The ”super-state” corresponds to the carte-
sian product of all appliance states at a given in-
stant, representing the household’s global energy pro-
file. The challenge with this model is that the number
of super-states grows exponentially with the number
of monitored appliances.

To formalize this complexity, let N be the total
number of monitored appliances, and S; be the num-
ber of discrete states for appliance 7. The total num-
ber of super-states, Siotq1, is given by the formula:

N
Stotal = H Sz
=1

For instance, with N = 5 appliances, each having
S; = 2 (ON/OFF) states, the number of super-
states is 2° = 32. However, if N grows to 10 appli-
ances, Siorq explodes to 210 = 1024. This exponen-
tial growth clarifies the severity of the computational
problem the Sparse Viterbi algorithm addresses.

Markov

2.2 Sparse Viterbi Optimization

To overcome the exponential complexity of the
SSHMM, the system utilizes the Sparse Viterbi al-
gorithm for decoding the optimal state sequence [6].
The Sparse Viterbi algorithm achieves its signifi-
cant reduction in complexity by leveraging the in-
herent sparsity of the transition matrix in a real-
world SSHMM. In typical usage scenarios, many
super-state transitions are physically impossible (e.g.,
three appliances cannot all switch ON simultaneously
between two consecutive time steps). This means
the transition matrix contains many zero-value en-
tries. The Sparse Viterbi algorithm avoids computing
the probability of these impossible (zero-probability)
transitions. By considering only the ~ 2N valid tran-
sitions (i.e., those involving a single appliance change)
instead of Siorar X Stotar potential transitions, the
computational complexity of the Viterbi decoding is
reduced from O(S2,,,) to a complexity that is closer
to linear in the number of appliances, O(N - Siotar)s
making the disaggregation process much more effi-
cient in terms of calculation time and memory usage,
which is critical for successful embedded deployment.

2.3 Event Detection Pipeline

The overall pipeline involves several preprocessing
steps, followed by an event detection phase. This
phase, which identifies transitions between ON/OFF
states, is performed using the Cumulative Sum
(CUSUM) standard algorithm [7]. Evaluation con-
firms the robustness of CUSUM compared to other
methods, establishing it as the preferred choice for
segmenting the power sequences and extracting rele-
vant events prior to SSHMM modeling.

3 Implementation and Results

3.1 Embedded Platform and Deploy-
ment

The solution is deployed on the STM32MP157F-DK2
board, an advanced development kit, to achieve a
real-time, on-device NILM solution. This is a crucial
step towards Edge Computing for energy disaggrega-
tion. The deployment involves adapting the reference
Python code for the embedded Linux environment
on the STM32, ensuring performance meets the low-
latency requirements of real-time monitoring.

3.2 Visualization

For user interaction and monitoring, the real-time
disaggregation results (e.g., aggregate power, pre-
dicted power, and appliance states) are published to
the ThingSpeak cloud platform. A ThingSpeak dash-
board is configured to query the data and provides a
clear, real-time view of the energy breakdown.

3.3 Experimental Results

The model is evaluated primarily on the REFIT
dataset.

e Event Detection: The CUSUM standard al-
gorithm demonstrates high reliability for event
detection, achieving a precision of 0.87, a recall
of 0.93, and an F1-score of 0.90.

e Load Disaggregation: The SSHMM combined
with Sparse Viterbi yields highly satisfactory
and consistent results. For specific household
appliances (like the TV), the model achieves an
Fl-score of over 93% and an overall accuracy
exceeding 95%. This performance validates the
optimization and the feasibility of using this ad-
vanced NILM model on an embedded device.
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4 Conclusion

This work successfully demonstrates the optimization
and real-time implementation of a high-performance
Non-Intrusive Load Monitoring (NILM) solution
on a resource-constrained embedded platform, the
STM32MP157F-DK2. The core innovation lies in
adapting the Super-State Hidden Markov Model
(SSHMM) and mitigating its exponential complex-
ity by employing the Sparse Viterbi algorithm, whose
complexity reduction is essential for on-device op-
eration. The system is validated on the REFIT
dataset, where it achieves high metrics, such as an F1-
score exceeding 93% for specific loads, and integrates
real-time results visualization via the ThingSpeak
cloud platform. By effectively tackling the memory
and processing constraints of microcontrollers, this
project validates the possibility of shifting complex
NILM tasks to the network edge, providing a prac-
tical, scalable, and cost-effective solution for intelli-
gent energy management and detailed appliance-level
monitoring. Future research will explore integrating
advanced deep learning models within this optimized
embedded framework for enhanced accuracy and han-
dling of complex appliance signatures.
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Abstract

This paper presents a comparative study of Q-
learning and Particle Swarm Optimization (PSO)
for resource allocation in hybrid NOMA/OMA sys-
tems, focusing on Age of Information (Aol) mini-
mization. We develop a unified framework where a
base station dynamically switches between NOMA
and OMA modes while optimizing power allocation.
Through extensive simulations, we demonstrate that
Q-learning achieves superior performance with an av-
erage weighted Aol of 2.60 slots and throughput of
13.31 bps/Hz, outperforming PSO which achieves
3.45 slots and 12.87 bps/Hz respectively. Q-learning’s
model-free approach and long-term optimization ca-
pabilities make it more suitable for dynamic environ-
ments, while PSO offers faster convergence in static
scenarios.

Keywords: Age of Information, NOMA, PSO, Q-
Learning, Resource Allocation

1 Introduction

1.1 Background

The proliferation of real-time applications in 5G-
Advanced/6G networks has emphasized the im-
portance of information freshness, quantified by
the Age of Information (Aol) metric [1]. Hybrid
NOMA/OMA systems combine the spectral effi-
ciency of Non-Orthogonal Multiple Access with the
reliability of Orthogonal Multiple Access, making
them suitable for Aol-sensitive applications [2].

1.2 Problem Definition

Existing approaches often optimize Aol, throughput,
and fairness independently. A comprehensive com-
parison of learning-based methods for joint optimiza-
tion in hybrid NOMA/OMA systems remains unex-
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plored. The challenge involves dynamic mode selec-
tion and power allocation under stochastic channel
conditions.

1.3 Contributions

e Comparative analysis of Q-learning and PSO un-
der identical conditions

e Multi-objective optimization framework for Aol
and throughput

e Practical guidelines for algorithm selection

2 System Model

2.1 Age of information metric:

To evaluate the freshness of the information received
by each client, we use the Age of Information (Aol)
metric. Aol quantifies the time elapsed since the
generation of the most recently received update at
the destination. Formally, the Aol of client i at time
t, denoted A\;(t), is defined as t —u;(t), where u;(t) is
the generation time of the latest successfully received
status update at time t. Under the generate-at-will
model adopted at the BS, if client i successfully
receives its update during a time slot, its Aol is reset
to 1; otherwise, the Aol increments by 1 [3], [4]. This
dynamic can be expressed mathematically as:

At 41) = {Ai(t) +1, i wift) =0

1, if u;(t) =1
where u;(t) is an indicator equal to 1 when client i
receives its information from the BS in time slot t
and u;(t)= 0 otherwise. The weighted sum of the
expected Aol of the two clients is adopted to mea-
sure the network-wide information timeliness, which
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is given by

where w; is the weight coefficient for wser; with
the constraint > w; = 1, and the expectation is
calculated across all potential system dynamics.

2.2 OMA mode

In the OMA mode, we assume the base station
(BS) allocates dedicated time slots to each user
for individual transmissions. ~When a time slot
is assigned to a user i, the observation y; can be
mathematically expressed as follows

yi = hiV'Pm; + n;, (3)
where:

e P is the BS’s constant transmission power (in
Watts)

e m; € C represents the status update message for
user;

e h; =1/d;"g; ,v denotes the path loss exponent.
and

gi ~ CN(0,,1) (4)

e n; is the complex additive Gaussian noise with
variance o?.

We assume that o? = o2 Vi.

2.3 NOMA mode

In the NOMA mode the observation at user ¢ can be
expressed as

y; = hi(v/ a1 Pmy +

asPmsg) + n; (10)
where,

e «; represents the power allocation coefficient,

o o1 + ag =1.

We assume that the BS possesses only stochastic
Channel State Information (CSI) about its channels
to both users, while the users, as receivers, have
perfect knowledge of CSI.

Assumption: Consequently, we maintain a; < as
in accordance with the NOMA principle.

Then, for usery , who is the far user, decodes its
message from the BS directly by treating m; as
interference. The received SINR ~9o relative to the
users is can be written as

Va2 = avzlha|*/(a1|ho|® 4+ 1/p) (11)

Proposition 2:
The probability of outage PY9M4 relative to the user
2 under NOMA technique, can be expressed as

PNOMA — — 1 _ P(logs(1 + v22) > R)

_ (2R-1)dy (12)
=1- 6(7;)(012—041(25'/2—1)))
Proposition 3:
The outage probability relative to a usery
in the NOMA system is given as below

NOMA
Pl

After receiving the signal, the information can be de- PNMA =1 — P(loga(1 + 422) > R, loga(1 4 711) > R)

coded in an interference free manner with a SNR, [4]: 1 - e(-maz (28 — 1)dv (2R — 1)dT)
i = |hil*p () plaz —en(2f=1))"  pay
(13)
where
p=P/o? (6) 2.4 Particle Swarm Optimization

The rate in OMA case is defined as
RPMA = logy(1 4 ;) (7)

Proposition 1:
The outage probability relative to a user 4, defined as

POMA = P(ROMA < ) (5)

using OMA is given as follows

R;
(2% —1)ay

POMA 1 =7 (9)

where R; represents the target rate relative to a user i.
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Particles represent power allocation solutions, opti-

mized for immediate reward maximization [5]. The
PSO algorithm based on :
vf“ = wfuic + c171(pbest; — xf) + cora(gbest — xf)
(14)
P = ok oft! (15)
Where :

e V;(t + 1): The velocity of particle ¢ at the next
time step.

e X,(t 4+ 1)position of particle ¢ at the next time
step.
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16



e w: The inertia weight.

e V;(t): The velocity of particle ¢ at the current
time step.

e X;(t): The current position of particle i at the
current time step.

e c1,cy: The cognitive learning factors.
e 71,72 A random numbers between 0 and 1.

e pbest;(t): The personal best position of particle
i at the current time step.

o gbest(t): The global best position.

Algorithm 1 in [5] seeks to maximize the overall
throughput by following an optimal policy that main-
tains information freshness.

2.5 Q-Learning

2.5.1 Fundamental Principles of Reinforce-
ment Learning

Machine learning comprises a range of techniques
that allow systems to learn from data, with super-
vised learning, unsupervised learning, and reinforce-
ment learning (RL) being among the most widely
used paradigms.

Supervised learning relies on labeled data, where
each input is associated with a target output, allow-
ing the model to learn a mapping function. Unsu-
pervised learning, in contrast, operates on unlabeled
data, aiming to discover hidden structures or intrinsic
groupings within the data. Reinforcement learning
(RL) distinguishes itself from these two approaches
by focusing on learning through interaction with a
dynamic environment.

2.5.2 Agent-Environment Interaction and
Policy

The agent observes the state (s;) of the environment
and selects an action (a;) according to a policy ().
This action leads to a transition to a new state (s;11)
and generates a reward (r;). The agent’s objective is
to learn an optimal policy 7* that maximizes the total
expected reward over the long term.

2.5.3 The Bellman Equation

The Bellman equation is central to reinforcement
learning. It recursively defines the optimal value of a
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state (V*(s;)) or a state-action pair (Q*(s¢,a)). For
optimal state values, it is expressed as:

V*(s) = max r(se,ar) + 7y Z P(st, at, St41)V ™ (St41)

St41

(16)
where r(s¢,a) is the expected immediate reward for
taking action a; in state s;, P(s, at, S¢11) is the prob-
ability of transitioning to the next state sy after
taking action a; in the current state s;, and ~ is the
discount factor that determines the importance of fu-
ture rewards.

2.5.4 The Q-table and Update Rule

In Q-learning, a Q-table is used to estimate the Q-
value (Q(st,at)), which represents the expected fu-
ture reward for taking action a; in state s;. The
Q-table is updated iteratively using the Q-learning
update rule [6]:

Q(st,a1) < Q(st, a¢)+a <7“t +73}3>1<Q(3t+1:at+1) - Q(Stﬂlt))

(17)
where « is the learning rate that controls the magnitude
of the update.

2.5.5 Exploration-Exploitation Trade-off and
Convergence

The agent must manage an exploration-exploitation
trade-off. Exploration allows for the discovery of new,
potentially more rewarding actions, while exploitation in-
volves using current knowledge to maximize immediate
rewards. A common strategy to manage this trade-off is
the e-greedy approach, where the action a; at time ¢ is
determined as follows:

a € II with probability Pr =€
" ] arg max, Q(s,a) with Probability Pr =1 —¢

(18)

Over time and through numerous interactions with the

environment, the Q-values converge towards the optimal

Q-values (Q*(s,a)), and the agent’s policy tends towards

an optimal policy () that maximizes the cumulative

reward.

2.5.6 Multi-Objective Reinforcement Learn-
ing

While the preceding sections have focused on the single-
objective reinforcement learning paradigm, many real-
world problems naturally involve the simultaneous op-
timization of multiple, potentially conflicting objectives.
Multi-Objective Reinforcement Learning (MORL) ex-
tends the standard RL framework to address such sce-
narios. In MORL, the agent receives a vector of re-
wards ry = [re,1,7,2, ...,m’m]T at each time step, where
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m represents the number of distinct objectives. In our
study, we specifically focus on optimizing two key met-
maximizing throughput (to ensure efficient data
transmission) while simultaneously minimizing the Age
of Information (Aol) (to guarantee the freshness of sta-
tus updates). These objectives often conflict, as aggres-
sive throughput maximization may lead to increased Aol
due to network congestion or resource contention, making
MORL particularly suited for this trade-off analysis.

rics:

2.5.7 Optimization Problem

The multi-objective optimization problem is:

Maximize [RTOtal, —E[r(s, a)]}
a1 (t),az(t)
2
subject to Cl: pit < P
2 )
C2: Rz‘,t > Rmin, Vi € {1,2}
2Rmin — 1
C3: aq(t) > BTy e
where the total rates are:
e NOMA:
Pg1 OéQsz
RTotal — l 1 ag l 1
o2 (1 F a2Pg1 + No Hosa |1 No
(20)
e OMA:
R™ = log, (1+ [h|’p) (21)

e C1: represents that the total transmit power of base
stations (BS) at each time slot ¢ should not exceed
P.

e C2: The second constraint ensures that the rate R; ;
for each user i at time ¢t meets or exceeds the mini-
mum required rate Rpmin.

e C3: Ensures the feasibility of successive interfer-
ence cancellation (SIC) in NOMA mode. This con-
dition guarantees that useri can successfully decode
users’s message before applying SIC, as established
in [7,8].

3 Results and Discussion

3.1 Performance Comparison

Q-learning outperformed PSO in Aol minimization (2.60
vs 3.45 slots) while maintaining higher throughput (13.31
vs 12.87 bps/Hz).

3.2 Mode Selection Analysis

Q-learning demonstrated intelligent mode selection:
e OMA for user 1: 51%
e OMA for user 2: 18%
e NOMA: 31%

PSO showed more uniform distribution but lower over-
all performance.
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3.3 Computational Efficiency

PSO converged faster (45 iterations vs 120 episodes) but
Q-learning achieved better final performance, highlight-
ing the trade-off between convergence speed and solution
quality.

4 Conclusion

Q-learning is recommended for dynamic environments
requiring long-term Aol optimization, while PSO suits
scenarios needing quick deployment in stable conditions.
The hybrid NOMA/OMA framework effectively balances
spectral efficiency and information freshness.
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Abstract

In 5G/B5G Heterogeneous Networks (HetNets), op-
timizing power allocation and base station (BS) ON-
OFF switching is crucial for improving Energy Ef-
ficiency (EE) [1]. This paper presents a novel dy-
namic switching technique for Small BSs, aiming to
minimize total power consumption (PC) while serv-
ing user traffic. Given that BSs account for 70-80%
of network energy use [2], the proposed method em-
ploys Artificial Intelligence (AI)-specifically Genetic
Algorithms (GA) and Particle Swarm Optimization
(PSO)-to develop an optimal cell switch-off scheme.
Simulations show the scheme enhances scalability and
efficiency, achieving a competitive EE of 7.43 bit/J.
Keywords: HETNETs, Power Allocation (PA),
Energy Efficiency (EE), ON-OFF Switching, Ge-
netic Algorithm (GA), Particle Swarm Optimization
(PSO).

1 Introduction

1.1 Background

To address the energy demands of increasing 5G traf-
fic and promote environmental sustainability, this re-
search employs dynamic ON-OFF switching of BS.
The strategy deactivates idle cells, especially Small
BSs (SBSs), during low-traffic periods, forcing them
into sleep mode to achieve significant energy savings
proportional to the number of cells switched off.

1.2 Problem Definition

The objective is to minimize total power consumption
while ensuring uninterrupted service. As detailed in

Table 1, key challenges include accurately estimating
traffic load to avoid service degradation, managing
disruptive user handovers, and preventing coverage
holes. This makes the EE optimization a complex,
nonlinear, and multidimensional problem [3]. Quality
of service is maintained by reserving capacity above a
threshold for prioritized traffic, ensuring low latency
and high reliability. Users associate with BSs based
on the strongest received signal strength and avail-
able capacity, addressing the coverage and capacity
trade-off highlighted in the table. If a BS nears its
capacity threshold, new users may be handed off to
neighboring BSs to preserve QoS for existing connec-
tions, directly managing the handover challenge iden-
tified.

1.3 Contributions

Small cells are essential to 5G HetNets for enhancing
network capacity and coverage, particularly in dense
urban areas, by offloading traffic from macrocells and
enabling efficient spectrum reuse [4]. This dense de-
ployment supports stringent 5G requirements for high
data rates and ultra-low latency, forming a founda-
tional layer for ubiquitous connectivity [5].

This study enhances EE in HetNets by apply-
ing AT tools (GA and PSO) to dynamically manage
small cell switching. A key contribution is a novel,
low-complexity distributed algorithm that simplifies
the BS selection problem. Simulations show that
the proposed approach significantly reduces energy
consumption and confirms its scalability for large-
scale network deployments. The algorithms employ
a threshold to decide when BS can be switched on or
off, ensuring the required QoS.
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Table 1: Key Issues in Base Station ON-OFF Switch-
ing Optimization

Issue Description
Traffic Accurate prediction of user de-
Load Es- mand to determine when BS
timation  deactivation is justified, avoid-
ing  both  under-provisioning
(service degradation) and over-
provisioning (wasted energy).
Handover Minimization of disruptive and un-
Manage- necessary user handovers during
ment BS switch-off events to maintain
seamless connectivity and service
continuity.
Coverage Ensuring no areas of insufficient
Hole signal strength are created when
Preven- BSs are deactivated, maintaining
tion adequate coverage for all active
users.
QoS Maintaining required QOS metrics
Guaran-  (data rate, latency, reliability) for
tee all users following network recon-

figuration.

Algorithm Addressing the nonlinear, com-

Com- binatorial optimization problem

plexity with  computationally efficient
methods suitable for real-time
or near-real-time operation in
large-scale networks.

Scalability Ensuring the switching solution re-
mains effective as network size in-
creases, handling potentially hun-
dreds of BSs and thousands of
users.

2 Methodology

2.1 Theoretical Framework

The system is modeled as a hierarchical HetNet com-
prising a Macro BS (MBS, j = 0), assumed to be
always active, and J SBSs (j € {1, ..., J}), which can
be dynamically activated or deactivated. User con-
nectivity to BS j is defined by the binary variable
Zy,j, and the SBS ON-OFF state is defined by y;.
The optimization problem seeks to maximize EE
(1), defined as the ratio of the total system through-
put (C) to the total PC. The total system through-
put C is derived from the fundamental Shannon ca-
pacity theorem, which provides the upper bound for

the achievable data rate on a communication link un-
der additive white Gaussian noise (AWGN). For a
given user k connected to BS j, the throughput C}, ;
depends on the achieved Signal-to-Interference-plus-
Noise Ratio (SINR). The SINR, denoted 7 ;, for a
user k served by BS j is defined as the ratio of the
received power from its serving BS to the sum of the
received interference power from all other active BSs
and the thermal noise. This is expressed as:

P hy
Vej = =7 — 2 (1)
di—oyi Pihi,+o
i#£]

where P; is the transmit power of BS j, hy ; is the
channel power gain between user k and BS j, 02 is the
variance of the AWGN, and the term ), 4 yi Pihg i
represents the aggregate inter-cell interference. The
bandwidth available for transmission is denoted by
B. The achievable throughput C}, ; is therefore given
by:

Cr,j = Blogy (1 4+v,;(X,Y,P)). (2)

Consequently, the total network throughput C', which
is the sum of the individual throughputs of all users,
is defined as:

J K
C=>> ak;Cry (3)

=0 k=1

where K is the total number of users in the system.

The optimization problem seeks to maximize the
EE (u), defined as the ratio of the total system
throughput (C) to the total PC:

p=m # : (4)
XYPPO+Z 1111

The constraints ensure that each user connects to
only one BS, i.e., Zj:() xy; = 1, Vj, and that users
only connect to an SBS j if it is active, formally ex-
pressed as x ; < y;, Vk,Vj. Py is the transmit power
of the MBS, bounded by its maximum value Py, .x.
Similarly, P; is the transmit power of SBS j, limited
by its maximum power P!

2.2 Datasets and Tools

The system was evaluated using a Python simulation.
The setup featured one MBS and three SBSs serving
29 total users. Key parameters included a 1 MHz
bandwidth, with maximum transmit powers of 12 W
for the MBS and 1 W for each SBS.
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2.3 Algorithm Description

Two Al algorithms were implemented for dynamic
SBS switching. The Genetic Algorithm (GA)
evolves a population of binary-coded solutions, where
each bit represents an SBS’s ON/OFF state. Solu-
tions are evaluated by a fitness function measuring
EE and improved via crossover and mutation.

The Particle Swarm Optimization (PSO) uses
a swarm of particles, each representing a potential
SBS configuration. The algorithm iteratively refines
solutions by updating each particle’s position based
on its own best state and the global best state found
by the swarm, guided by an EE objective function.

3 Results and Discussion

The proposed GA and PSO algorithms were eval-
uated across four parameter scenarios and bench-
marked against the established JOS scheme [6], with
user association initially based on proximity and bal-
anced via an MBS offloading mechanism. The quan-
titative results revealed significant performance dif-
ferences. The GA achieved a superior EE of 7.43
bit/J, substantially outperforming both PSO at 6.58
bit/J and the JOS scheme at 4.2 bit/J (Fig. 1). Fur-
thermore, GA proved computationally more efficient,
converging to its optimal solution in just 23 gener-
ations, which was twice as fast as PSO’s 44 genera-
tions. However, scalability tests in larger networks
using 128-bit encoding showed that PSO’s explo-
ration capability gave it a slight EE advantage over
GA, indicating its potential for more complex, dense
network deployments. Qualitatively, the steady fit-
ness improvement in GA confirms its effective evolu-
tion toward a solution that balances SBS deactivation
with QoS requirements. Performance is influenced by
factors like user placement and association strategies,
and while PSO excels in dense networks, this comes
with increased computational demands (Fig. 2).

GA demonstrate superior performance in small,
dense networks due to their robust exploration ca-
pabilities and disruptive search operators. The
crossover mechanism promotes a broad exploration of
the complex, constrained solution space, effectively
escaping local optima prevalent in high-interference
environments. Conversely, PSO tends toward prema-
ture convergence as particles rapidly cluster around
suboptimal attractors, limiting its search efficacy. In
contrast, within ultra-dense network deployments,
the search landscape and scalability challenges al-
ter this dynamic. The enhanced particle diversity
and gradient-like information flow in PSO can miti-
gate premature convergence, allowing it to navigate
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the expanded solution space more efficiently. Conse-
quently, PSO can achieve superior convergence speed
and identify global optima with greater reliability
than the more computationally exploratory GA in
such high-density scenarios.

4 Conclusion

This study confirms that Al-driven dynamic SBS
switching significantly enhances EE in HetNets. Both
GA and PSO effectively reduce PC while maintaining
QoS, with GA performing best in the tested scenar-
ios; notably, GA converges faster (23 generations vs.
PSO’s 44), which helps explain its superior perfor-
mance in scenarios with fewer SBSs. Future work will
focus on integrating advanced Al, such as Deep Rein-
forcement Learning, with real-time network data to
enhance adaptability. furthermore, investigation into
cell-free architectures can address scalability for 6G
systems. Finally, cross-layer optimization incorpo-
rating network slicing cab be also explored for green
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networking.
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Abstract

Collaborative perception is a fundamental aspect of au-
tonomous driving enabling connected autonomous vehicles
(CAVs) to share sensory data and enhance their environ-
mental awareness. This collaborative approach is especially
valuable in complex scenarios, such as the detection of oc-
cluded objects at intersections. In such cases, limited visi-
bility can compromise safety and hinder real-time decision-
making. Various methodologies have been proposed for inte-
grating multi-vehicle data, among which, early fusion of raw
LiDAR data has proven particularly effective in achieving
high-quality perception. However, despite its robustness,
early fusion imposes substantial communication and com-
putational demands. To overcome this limitation, we pro-
pose an optimized framework where each CAV generates its
own Bird’s Eye View (BEV) map and divides it into sectors.
A roadside unit (RSU) evaluates then the quality and size
of these sectors and selectively instructs vehicles to share
only the most valuable ones. This selective sharing strategy
minimizes redundant transmissions while preserving accu-
rate perception.

Keywords: Autonomous vehicle, collaborative percep-
tion, LiDAR, BEV, V2V communication.

1 Introduction

While autonomous driving relies on robust environmen-
tal perception, sensors such as LiDAR remain limited by
occlusions, hardware constraints, and dynamic environ-
ments [1,2]. Collaborative perception mitigates these issues
through real-time sensor data sharing, expanding the col-
lective field of view and improving risk anticipation, which
is further enhanced by Bird’s Eye View (BEV) maps that
fuse and compress multi-sensor data into occlusion-resilient
representations for reliable situational awareness [4,5].

1.1 Background

Sensor fusion and Al are critical for autonomous systems,
and intelligent transportation [3]. Sensors such as LiDAR,
radar, and cameras generate voluminous data that require
real-time processing. Individual perception is constrained
by occlusions and traffic complexity. Collaborative percep-
tion enables CAVs to share data, improving awareness and
safety [3]. Common fusion strategies include early fusion of
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raw data [6], intermediate feature-level fusion [7], and late
fusion of independent outputs [8].

1.2 Problem Definition

Although multi-vehicle early fusion ensures high-quality per-
ception, it imposes substantial communication and compu-
tational overhead, especially in urban intersections [6], while
intermediate and late fusion reduce data load at the cost of
accuracy [7,8], highlighting the need for a framework that
maintains accurate detection with minimal communication.

1.3 Contribution
This paper:

e Proposes an optimized collaborative perception frame-
work for CAVs at urban intersections.

e Uses sectorized LiDAR-derived BEV maps with RSU-
based selective sharing to reduce redundant transmis-
sions.

e Applies BEV fusion to mitigate occlusions and enhance
environmental awareness.

e Evaluates performance on a dataset generated with
CARLA and OpenCDA, showing near-full collabora-
tive accuracy with lower data exchange.

2 Methodology

2.1 Theoretical Framework

The proposed algorithm employs an Integer Linear Pro-
gramming (ILP) formulation to optimize collaborative per-
ception among connected vehicles. Each vehicle divides its
BEV map into sectors, each characterized by data size and
quality score. These metrics are sent to a Roadside Unit
(RSU), which solves the ILP to select the optimal combina-
tion of sectors to share between vehicles. The objective is to
maximize the overall perception quality under a bandwidth
constraint, while a distance-based weighting promotes data
sharing among distant vehicles, reducing redundant infor-
mation exchange.

2.2 Datasets and Tools

The dataset is generated using the CARLA simulator inte-
grated with the OpenCDA framework to model cooperative

Page 1

23



CAV from CARLA

Sensor Data

Sectorization

Local BEV Generation

GPS LIDAR

BEV-Based

Sector Sharing and BEV Map
Object Detection

Generation
Required sectors.

AR ()

¢ N,
@, 3 - =) %, o0,
o o - ° ha
%%, £
5%
sevrusion ¥ 54,
» RSU T T
+ OkN | | ™ o5 ol _ olo
CAV1 Conventional CAvV2
vehicle

Figure 1: Overview of the proposed architecture for sector-
ized collaborative perception using early fusion technique.

driving in a four-leg intersection with four connected au-
tonomous vehicles (CAVs) and random 20-40 non-connected
vehicles. Each CAV employs a 64-channel LiDAR sensor
capturing 3D point clouds within a 120 m range at 1.3 million
points per second. The simulation setup requires a 64-bit
Ubuntu system (16.04/18.04/20.04 recommended), a GPU
with at least 3 GB of memory (8 GB recommended for Un-
real Engine 4), 100 GB of disk space, and Python 3.7 or
higher.

2.3 Algorithm Description
The framework is structured into five key steps (Fig. 1):
1. Local BEV Generation: Encode LiDAR data to a
2D BEV map.

2. Sectorization: Divide BEV into S sectors; compute
0i,s and S s.

3. Optimization: Select high-quality sectors under bud-
get B.

4. Sector Sharing & Fusion: Share sectors via V2V;
fuse locally using max-value strategy.

5. Object Detection: Detect  obstacles
COOPER [6] with PIXOR on fused BEV maps.

using

3 Results and Discussion

We evaluate our optimized collaborative perception frame-
work in 57 four-leg intersection scenarios simulated with
CARLA and OpenCDA. Each scenario includes 4 CAVs and
20-40 non-CAVs, equipped with 64-channel LiDAR sensors
and V2V/RSU connectivity. We compare five strategies: no
collaboration, full collaboration, and optimized sharing at
25%, 50%, and 75% of B with S = 4 and S = 8 sectors.
Performance is measured using AP@Q.5, the number of de-
tected objects, and the in-memory transmitted data volume.
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3.1 Quantitative Results

The results show that full collaboration achieves an AP@0.5
of 0.87 and the highest number of detected objects, while
no collaboration scores 0.69 with the fewest detections. Op-
timized strategies approach full performance; for example,
using 4 sectors at 75% B reaches 0.83. Data transmission
is greatly reduced, with optimized sharing requiring only
210.51 KB versus 363.42 KB for full collaboration.

3.2 Qualitative Analysis

The results show that sector-based optimization preserves
perception accuracy while greatly reducing communication
overhead. Lower thresholds or more granular sectorization
slightly reduce AP, highlighting the trade-off between data
reduction and sector granularity. Careful tuning of B and
the sectorization enables near-full collaborative performance
efficiently, demonstrating the framework’s scalability and ef-
fectiveness compared to existing approaches [5,6].

4 Conclusion

This paper presents an optimized collaborative perception
framework for connected autonomous vehicles at urban in-
tersections, where sectorized LiDAR-derived BEV maps re-
duce data transmission while approaching near-full collabo-
ration, demonstrating the potential for efficient and scalable
CAV deployment. Limitations include reliance on accurate
sector quality estimation, and future work will explore ad-
vanced optimization and dynamic sectorization for diverse
traffic scenarios to further enhance smart vehicle collabora-
tion.
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Abstract

Non-intrusive load monitoring (NILM) plays a key
role in enhancing smart grid technologies, since it ad-
dresses the estimation of an appliance’s power usage
based on whole-house power measurements. To en-
sure high accuracy of NILM algorithms, real-world
smart meter data collection is mandatory. In that
sense, this work presents an IoT platform that builds
a Tunisian dataset from smart meter data collected
and stored locally and in the cloud. A method com-
bining Factorial Hidden Markov Models (FHMM)
and Adaptive Density Peak Clustering (ADPC) en-
ables automatic appliance-level disaggregation with-
out manual configuration. Experiments achieved
~96% accuracy, demonstrating the system’s poten-
tial for automatic real-time power disaggregation.

Keywords:  Energy Monitoring, IoT, Non-
Intrusive Load Monitoring, Factorial Hidden Markov
Models, Adaptive Density Peak Clustering

1 Introduction

Efficient energy management is increasingly impor-
tant as electricity demand and environmental con-
cerns grow. NILM addresses this need by esti-
mating individual appliance consumption from ag-
gregate power data, improving energy optimization
and user awareness [1]. Recent work has combined
FHMM with ADPC to enhance disaggregation per-
formance [2]. However, the absence of Tunisian-
specific datasets reflecting local grid conditions and
usage patterns limits the applicability of such NILM
models. Current systems also face challenges with
real-time processing and often require manual con-
figuration. To address these limitations, this work
proposes an IoT platform for real-time energy moni-
toring and the generation of a Tunisian dataset, along
with an adapted FHMM-ADPC method that enables
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automatic appliance-level disaggregation.

2 Methodology

2.1 System Architecture

The system consists of a smart meter that records a
household’s electrical parameters at a 1Hz resolution.
This data is then trasmitted via UART to an ESP32
microcontroller. The latter publishes it using MQTT
to a Node red server responsible for the dashboard
interface and dual data storage (SQLite and Firebase)
as shown in Fig. 1. The ESP32 is also equipped with
an SD card for local storage in case of connectivity
loss, and once the connection is restored, the stored
data is sent in a burst.

Monitored

loT Gateway wart

stthe

oS

Node-RED

7 Firebase

Figure 1: System architecture.

2.2 Theoretical Framework

The aggregate power is the sum of individual appli-
ance consumptions. Each appliance is modeled as a
Hidden Markov Model (HMM) with multiple states,
each following a Gaussian emission. Let P;(t) denote
the active power of appliance 4, s;(t) its current state,
f'i(t), is'i(t)) the Gaussian parameters:

and (p o

N
Potat(t) = Y Pi(t), - Pilt) ~ N (07 @) (1)
i=1
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ADPC marks a power level p as a state if d, > drp
and ¢, > grp, where g, is its local density and d,, its
minimum distance to higher-density levels. In [2],
drp = 0.1max(Pappliance), but this single threshold
often merges low-power states, reducing accuracy. To
avoid this, we use two thresholds:

dE" — 0.1 max(Pappliance) diew = 35,

applying dlq?% for p values below 60 W and dl}i]gjh for
ones above. The 60 W split is chosen heuristically.
ADPC-FHMM operates in 3 phases. First, ADPC
is applied to identify appliances’ states. These are
then used as parameters for training the FHMM
model with the Baum-Welch algorithm. Finally, the
trained FHMM is evaluated with the Viterbi algo-
rithm, which computes the most likely sequence of
hidden appliance states given the observed power.

2.3 Experimental Setup

The monitoring system recorded data from four ap-
pliances (fridge, 100 W lamp, fan, and scooter bat-
tery) in the Smart House at LSE-ENIT to build
the dataset. However, since the latter has been un-
der construction and not publicly available, we ap-
plied ADPC-FHMM to 30,000 measurements from
September 1, 2023, covering five appliances from
Plegma [3], which contains one year of data from 13
Greek households sampled at 10-second intervals and
was chosen for its similarity to the Tunisian context.
Evaluation was performed on a separate 30,000-point
sample starting at timestamp 39,000.

2.4 Quantitative Results

37,568 readings were collected. Figure 2, for example,
shows the data corresponding to a 4-hour charging
cycle of an electric scooter battery. As for the model,
it reached ~96% accuracy acroos the 5 appliances as
shown in figure 3:

Actve Powerva Time

Figure 2: Electric scooter battery charging cycle
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Figure 3: Model accuracy for each of the 5 appliances

2.5 Qualitative Analysis

The ADPC-FHMM approach achieved high accuracy
with fully automated disaggregation. Our threshold
formulation outperformed [2], whose original thresh-
olds reached only 89% under the same conditions.
Limitations lies with overlapping appliance signa-
tures and generalization to diverse datasets.

3 Conclusion

This work presented a data acquisition system ca-
pable of building a Tunisian energy dataset, and an
ADPC-FHMM model that achieves approximately
96% accuracy in fully automated appliance-level dis-
aggregation. Remaining challenges include appliance
overlaps and limited generalization. Future work
will focus on parameter optimization, broader dataset
evaluation, and real-time deployment.
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Abstract

Intelligent Transportation Systems (ITS) require
ultra-low-latency and energy-efficient computing to
support autonomous vehicles’ telematic tasks, such
as real-time navigation, traffic monitoring, and ve-
hicular data processing. We propose an aerial edge
computing framework using a High-Altitude Plat-
form Station (HAPS) and Reconfigurable Intelligent
Surface (RIS)-equipped Unmanned Aerial Vehicles
(UAVs) to enhance wireless connectivity and compu-
tational resources for vehicular task offloading. RIS-
integrated UAVs intelligently shape signal propaga-
tion to improve uplink reliability, while the HAPS
enables wide-area coordination. Our method jointly
optimizes task offloading and RIS configuration to
minimize delay and energy consumption for next-
generation ITS.

Keywords: UAV, HAPS, RIS, MEC, ITS.
1 Introduction

The advent of truly autonomous and connected vehi-
cles is fundamentally constrained by the limitations
of terrestrial networks, which struggle to provide
the ultra-low-latency, high-reliability, and energy-
efficient computing required for safety-critical appli-
cations. To overcome these barriers, our research in-
troduces a novel aerial edge computing architecture
built upon a Non-Terrestrial Network (NTN). This
framework synergistically combines a High-Altitude
Platform Station (HAPS) for wide-area orchestra-
tion with agile Unmanned Aerial Vehicles (UAVs)
equipped with Reconfigurable Intelligent Surfaces
(RIS). The RIS-equipped UAVs act as intelligent re-
lays, actively shaping the wireless environment to
guarantee robust communication links for vehicu-
lar task offloading, thereby eliminating signal dead
zones.
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1.1 Background

Recent research demonstrates benefits of integrat-
ing UAVs, MEC, and RIS. Earlier work used terres-
trial and building-mounted RIS to enhance ground-
to-UAV-MEC links [1], showing substantial improve-
ments in static or low-mobility environments. To ad-
dress mobility challenges, recent studies have inves-
tigated aerial RIS architectures with RIS-equipped
UAVs (UAV-RIS), enabling flexible deployment, ag-
ile beamforming, and enhanced spatial adaptability
in MEC systems [2].

1.2 Problem Definition

Despite existing works that use RIS and MEC, they
fail to address the high-mobility and scalability de-
mands of vehicular networks, often relying on static
RIS or single-UAV systems. A fully integrated, multi-
layered aerial architecture is needed.

1.3 Contribution

e A novel multi-layered aerial architecture combin-
ing a HAPS for wide-area orchestration with ag-
ile, dual-function UAVs.

e A joint optimization framework for task assign-
ment, RIS configuration, and power allocation.

e A comparison with baseline methods.

2 Methodology

Our methodology leverages a cooperative aerial
network with a HAPS and dual-function UAVs
(equipped with both RIS and MEC) to support au-
tonomous vehicle telematic tasks in remote highway
segments with no ground infrastructure. Each UAV
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performs both RIS-assisted signal shaping and lo-
cal MEC computation for nearby vehicles, while the
HAPS coordinates UAVs and can process aggregated
tasks if needed. We formulate a joint optimization
problem to minimize a weighted sum of task delay
and energy consumption. Given its NP-hard nature,
we propose an efficient iterative algorithm that de-
couples and sequentially optimizes task assignment,
RIS configuration, and power control, yielding a high-
performing, convergent solution.

2.1 Theoretical Framework

The core of our model is the ability to intelligently
manipulate the signal-to-noise ratio (SNR) using
UAV-mounted RIS. The received SNR at an aerial
node u,, from ground user m, via a reflecting UAV-
RIS w,/, is given by

P [|(075,,)" €0 b3S, |
)

RIS
SNRm%n’%n =

— (1)
where the aerial node wu, can be either a MEC-
enabled UAV or the HAPS, depending on the of-
floading path. Here, P,, is the transmit power of
user m, hRS . is the channel vector from the user
to the UAV-RIS, hRS is the channel vector from
the UAV-RIS to the receiving aerial node, ©,, is the
diagonal phase-shift matrix of the UAV-RIS, and o2
is the receiver noise power at the aerial node.

2.2 Algorithm Description

Fig. 1 illustrates the proposed iterative algorithm,
which decouples the joint optimization problem into
three tractable subproblems—task offloading, RIS
phase configuration, and power control—solved se-
quentially until convergence.

3 Results and Discussion

3.1 Experimental Setup

The results are averaged over 1,000 independent sim-
ulation runs for statistical validity, with all simula-
tions conducted in MATLAB R2024a. Autonomous
vehicles enter the highway segment from multiple di-
rections. Each vehicle travels at its preferred speed
while dynamically adjusting its velocity based on sur-
rounding traffic to maintain safe distances, capturing
realistic I'T'S mobility patterns.

Our experiments use 1 HAPS node and 3 UAV-
RISs, all equipped with MEC capabilities. The
UAVs are strategically deployed to cover distinct,
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Figure 1: Proposed Algorithm Flowchart.

non-overlapping areas along a 3 km two-lane high-
way. The scenario considers 51-64 autonomous vehi-
cles performing telematic tasks. We compare our pro-
posed JOPPO method against several benchmarks:
SAO2 with random RIS, Full HAPS Offloading, Equi-
librium Offloading, Local UAV, and our previous
work (NoRIS-GA).
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w
(5]
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251 1600
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1400
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Mean Task Offloading Delay (ms)

Offloading Methods

Figure 2: Energy efficiency and mean task offloading
delay.

3.2 Quantitative Results

As shown in Fig. 2, our proposed collaborative
HAPS-UAV-RIS framework achieves the lowest mean
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Figure 3: Task offloading success rate versus the num-
ber of RIS elements.

task delay and highest energy efficiency, successfully
completing 72.7% of autonomous vehicle telematic
tasks. It provides an optimal balance, outperforming
Full-HAPS (fast but energy-intensive) and NoRIS-
GA (slow and less reliable).

Fig. 3 shows the impact of varying the number of
RIS elements on the task offloading success rate for
our proposed scheme compared to the SAO2 (Ran-
dom phase-shift). Both methods improve as more
RIS elements are deployed, highlighting the benefit
of larger RIS configurations for better communica-
tion quality. However, JOPPO consistently outper-
forms SAO2, achieving significantly higher success
rates across all configurations. This demonstrates the
advantage of jointly optimizing task assignment and
RIS phase adjustments for optimal performance.

3.3 Qualitative Analysis

Our results demonstrate a fundamental shift from
simple aerial offloading (as in [3]) to actively man-
aging the wireless environment with RIS , which in-
telligently shapes the channel to boost SNR at the
MEC server. This SNR gain directly enables higher
data rates, reducing task offloading delay and increas-
ing success rate. The comparison with NoRIS-GA in
Fig. 2 quantifies this benefit: RIS is not merely an
add-on, but a critical enabler of reliable, low-latency
vehicular computing.

4 Conclusion

This work shows that HAPS-UAV networks with
RIS-enhanced links improve task success, latency,
and energy efficiency through joint optimization. The
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results emphasize the critical role of intelligent chan-
nel management and aerial-assisted computing in en-
abling reliable and scalable vehicular networks under
dynamic traffic conditions. Future research will fo-
cus on real-world experimental validation, mobility-
aware channel modeling, and the development of
decentralized and learning-based optimization algo-
rithms to further improve adaptability and scalability
in large-scale ITS deployments.
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Abstract

With the increasing integration of renewable en-
ergy sources and the need for efficient energy man-
agement, microgrids have become essential for sus-
tainable power systems. However, optimizing energy
dispatch in real time while respecting physical con-
straints remains challenging due to the computational
complexity of traditional optimization methods. This
paper presents an artificial intelligence—based ap-
proach for microgrid energy consumption optimiza-
tion using a Physics-Informed Convolutional Neu-
ral Network (Pi-CNN). The proposed model embeds
domain-specific physical constraints directly into its
loss function, ensuring power balance and generation
limits while minimizing operational costs [1]. Using
adapted real-world data from the ”Ouessant Island
microgrid in France”, the Pi-CNN was trained to
predict optimal dispatch decisions for photovoltaic,
wind, and diesel generation units, achieving R? val-
ues above 0.97 for all active sources. The trained
model was quantized and converted to TensorFlow
Lite format for prospective deployment on the Bea-
gleBone AI-64 edge platform. Although full DSP
execution could not be completed due to software
limitations, results confirm the feasibility of physics-
informed deep learning for efficient, edge-based mi-
crogrid energy optimization.

Keywords: Microgrid, Energy optimization, Edge
AT, Physics-informed CNN (Pi-CNN), Real-time dis-
patch, Embedded systems

1 Introduction

Microgrid energy dispatch requires fast and reliable
coordination of multiple generation units under oper-
ational constraints. This work investigates a physics-
informed learning approach to improve the reliability
of Al-based microgrid dispatch.
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1.1 Background

A microgrid is a localized energy system composed
of renewable sources such as Photovoltaic (PV)
and Wind (W), conventional generators including
Diesel (DS), Natural Gas (NG), and Combined
Heat and Power (CHP), along with energy stor-
age units. These components must be coordinated
to ensure stable operation and cost-effective energy
supply [2].

Recent advances in deep learning have enabled
learning-based approaches for power system analysis
and control [3]. In parallel, Edge AI allows trained
models to be executed directly on embedded plat-
forms close to the data source, enabling low-latency
and autonomous operation [4]. Such capabilities are
particularly relevant for microgrid applications where
real-time response and local control are essential.

1.2 Problem Definition
The Microgrid Economic Dispatch (MED) prob-

lem aims to minimize generation cost while meeting
demand and respecting each unit’s operational lim-
its [1]. Classical optimization methods (e.g. linear or
quadratic programming), though effective, are com-
putationally intensive and unsuitable for real-time in-
ference on embedded systems. Recent studies have
explored deep neural networks to approximate opti-
mal dispatch more efficiently; however, these mod-
els are rarely constrained by physical laws and have
not been deployed on resource-limited devices. This
gap motivates the development of a Physics-Informed
Convolutional Neural Network (Pi-CNN) that em-
beds physical constraints to achieve accurate and ef-
ficient energy dispatch.

1.3 Contribution

e Development of a Physics-Informed Convolu-
tional Neural Network (Pi-CNN) integrating
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physical laws in its loss function.

e Adaptation of real-world Ouessant Island micro-
grid data to the Pi-CNN input/output format.

e Quantization and conversion of the model to
TensorFlow Lite for embedded deployment.

e Experimental validation showing R? > 0.97 for
all generation units.

e Attempted deployment on BeagleBone AI-64,
identifying DSP-related software limitations and
proposing future solutions.

2 Methodology

2.1 Theoretical Framework

The Microgrid Economic Dispatch (MED) prob-
lem aims to determine the optimal power generation
schedule that satisfies the energy demand at mini-
mum cost while respecting operational and physical
constraints. Mathematically, the MED problem for
diverse generation sources including CHP, NG, DS,
PV, and W, ie., G € {CHP, NG, DS, PV, W}, can
be formulated as follows:

e Objective function (minimize generation
cost):

T Ng T Ng
minZZFiG(t) = minZZciPiG(t) (1)
=1 i=1 t=1 i=1

Where ¢; denote the cost coefficient of generation
unit 4, PY(t) its generated power at time ¢, and Ng
the total number of available units.

e Power balance constraint:
Ng
S PE(H) = Proaa(t) (2)
i=1

Equation (2) ensures that total generated power
matches the load demand at every time step.
e Operational constraints:

Each generator must operate within its technical
limits. Renewable units such as photovoltaic (PV)
systems and wind (W) turbines are constrained by
minimum and maximum generation limits:

Pimin < ]Dle(t) < P)imaz’ G e {PV,W} (3)

Conventional thermal generators (CHP, NG, Diesel)
must additionally satisfy ramp-rate constraints that
limit rapid changes in output between consecutive
time steps:

|PE(t) - PE(t—1)| < R;, G e{CHP,NG,DS}

(4)
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Traditional numerical optimization methods such
as linear programming and mixed-integer program-
ming can solve this dispatch problem accurately;
however, their computational cost increases signifi-
cantly in real-time and embedded contexts, especially
when high-resolution temporal forecasts and uncer-
tainty are included. To address this limitation, a
Physics-Informed Convolutional Neural Network (Pi-
CNN) is employed. This model integrates domain
physics directly into the learning framework, allow-
ing it to learn dispatch rules that remain consistent
with fundamental system behavior.

The Pi-CNN loss function incorporates multiple
terms to enforce both learning accuracy and physical
feasibility:

2

+ *CCon
2

Na

Z PiG(t) - Pload(t)

i=1

Lpr=Lyuse+ M

(5)
where:

e Ly sg ensures that predictions remain close to
optimal dispatch values.

e the second term penalizes any violation of the
power-balance constraint in (2).

e Lcon enforces constraints such as generator lim-
its and ramp-rate bounds.

By integrating physics into the loss function, the
Pi-CNN enforces energy-balance constraints while
learning economic behavior, improving robustness
under unseen conditions and supporting real-time
smart-grid deployment.

Compared to classical optimization solvers that
rely on iterative constrained optimization at each
time step, the proposed PI-CNN performs inference
through a single forward pass with fixed computa-
tional complexity, making it more suitable for real-
time and embedded microgrid deployment.

2.2 Datasets and Tools

This work uses real-world microgrid data from the
publicly available Ouessant Island 2016 dataset [5],
which provides hourly measurements of electrical load
and meteorological variables (solar irradiance, tem-
perature, and wind speed) for an isolated microgrid
in France. To ensure compatibility with the reference
Pi-CNN architecture using 11 input features [1], the
dataset was cleaned, validated, and reformatted, with
missing or inconsistent entries removed.
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2.2.1 Physics-Based Feature Engineering

To reconstruct renewable generation profiles consis-
tent with the reference model assumptions, physi-
cal power generation equations were applied. First,
photovoltaic (PV) output was estimated through the
NOCT (Nominal Operating Cell Temperature)-based
temperature model and power production formula,
accounting for irradiance and temperature-dependent
efficiency effects. Similarly, wind generation was com-
puted using a piecewise turbine power curve that
considers cut-in, rated, and cut-out wind speeds.
These physics-informed transformations ensured real-
istic renewable production profiles aligned with true
microgrid operation.

2.2.2 Output Label Generation via Economic
Dispatch Optimization

Since the Ouessant dataset does not directly include
dispatch decisions, ground-truth labels were gener-
ated by solving a constrained linear optimization
problem at each time step. The objective was to
minimize total generation cost while meeting power
balance and respecting generator capacity limits.
Cost coefficients for PV, wind, and diesel units were
adapted from the reference literature, incorporating
capital investment, operation and maintenance, and
fuel consumption terms. Unlike the original case
study, combined heat-and-power (CHP) and natural
gas (NG) units are not present in the Ouessant mi-
crogrid; therefore, their contributions were set to zero
to preserve the 11-input / 5-output architecture.

2.2.3 Temporal Extraction and Final Dataset

To mirror the experimental setup of the refer-
ence study which focuses on one month of high-
resolution data this work extracted the June 2016
window from the yearly series. Although the sam-
pling frequency remains hourly, this subset cap-
tures seasonal fluctuations in renewable availability
and load profiles. The resulting dataset, saved as
ED_labeled_hourly_2016-06.csv, includes:

e Timestamp.
e 11 input features:

max max
[Poads Prv, Pwind, Ppvs Piings

min max min max
P, P, P

CHP> *CHP> + NG» £ NG »
min max
PDS » DS ]

e 5 dispatch target outputs:

disp disp disp disp disp
[PCHP7 PNG7PDS 7PWind’ PPV ]
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e For compatibility with the original architecture
[1], CHP and NG dispatch values are set
to zero (these units are absent in the Ouessant
microgrid).

e A load-shedding indicator for infeasibility cases.

An 80/20 split was adopted for training and val-
idation, ensuring that the Physics-Informed Convo-
lutional Neural Network (Pi-CNN) learns dispatch
behavior under realistic operating conditions while
maintaining generalization capability.

2.3 Algorithm Description

The proposed Pi-CNN architecture consists of a 1D
convolutional layer with 16 filters followed by a max-
pooling layer of size 2, then a second 1D convolu-
tional layer with 32 filters and another max-pooling
layer of size 2. The extracted features are passed
through fully connected layers, ending with a five-
neuron output layer representing the dispatch power
of CHP, NG, DS, PV, and Wind units. The model
was trained using the Adam optimizer for 60 epochs
and subsequently quantized to 8-bit integers before
conversion to TensorFlow Lite format for prospective
BeagleBone deployment.

3 Results and Discussion

3.1 Experimental Setup

Model training and testing were performed on a
local x86-based computer (Python 3.10, TensorFlow
2.x).

For deployment on the BeagleBone AI-64
(TDA4VM  SoC), model training, quantization,
TensorFlow Lite conversion, TIDL compilation, and
artifact generation were performed on an x86 host,
and the resulting binaries were transferred to the
board for inference. However, full DSP execution
was not possible due to an error in the firmware
(vx_app-rtos_linux_c7x_1l.out), which prevented ini-
tialization of the C7x runtime. The firmware failure
prevents proper allocation of memory carveouts and
mapping of shared buffers between the A72 and C7x
cores, thereby blocking DSP initialization.

3.2 Results

The proposed PI-CNN effectively captures the non-
linear relationship between renewable availability,
load demand, and economic dispatch decisions. Fig-
ure 1 shows that the predicted dispatch closely follows
the optimal trajectories for photovoltaic, wind, and
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diesel units, while CHP and NG outputs remain at
zero, consistent with the Ouessant microgrid config-
uration.

In addition to the coefficient of determination, the
proposed PI-CNN achieved an average Mean Abso-
lute Error (MAE) of 7.31 kW across all generation
units, with overall average R? score of 0.99. Re-
newable units exhibit low prediction error (MAE =
1.10 kW for PV and 18.30 kW for wind), while the
diesel generator maintains accurate dispatch tracking
(R? = 0.9867).

P_PV_dispatch

500 — Ground Truth 700
—— PI-CNN Prediction

P_Wind_dispatch

—— Ground Truth
—— PI-CNN Prediction

0 20 40 60 80 100 120 140 0O 20 4 60 80 100 120 140

sample Index
P_Diesel_dispatch

eeeeeeeeeee

Figure 1: Dispatch predictions vs. ground truth
for all generation units (CHP, NG, Diesel, PV, and
Wind).

Physics-constraint validation shows zero viola-
tions for all generation limits and an average power-
balance error of 1.65%, demonstrating the effective-
ness of the physics-informed loss formulation.

Compared to a standard CNN trained without
physical constraints, the proposed PI-CNN achieves
higher predictive accuracy while strictly satisfying
power balance and generation limits. This confirms
that embedding physics into the learning process im-
proves both reliability and feasibility, which are crit-
ical for real-time microgrid operation.

4 Conclusion

e This work introduced a Physics-Informed Con-
volutional Neural Network (Pi-CNN) for opti-
mizing microgrid energy dispatch. The model
achieved high predictive accuracy (R? > 0.97)
while maintaining power balance and respecting
generation constraints, confirming the effective-
ness of physics-informed learning for realistic en-
ergy management.
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e Compared to purely data-driven baselines, the
PI-CNN demonstrates superior accuracy and
guaranteed physical feasibility while maintain-
ing low computational complexity, making it well
suited for real-time edge deployment in micro-
grid environments.

e The results highlight the potential of combin-
ing deep learning with edge computing to enable
fair, autonomous, and efficient power allocation
in microgrids helping prevent localized blackouts
by ensuring equitable energy distribution across
all consumers.

e Deployment on the BeagleBone AI-64 was lim-
ited by DSP firmware issues, which restricted full
utilization of the heterogeneous hardware.

e Future work includes using our own custom
datasets, deploying the Pi-CNN on alternative
platforms such as NVIDIA Jetson Nano, extend-
ing it to larger and more complex microgrids,
and applying model compression to enhance in-
ference speed and scalability on edge devices.
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Abstract

Non-Intrusive Load Monitoring (NILM) enables appliance-level en-
ergy disaggregation from aggregate consumption data. A key limi-
tation of traditional methods is their dependence on prior knowledge
of appliance signatures. To address this, this paper proposes a robust,
two-stage unsupervised hybrid framework that automatically discov-
ers appliance states without such prior knowledge. The methodology
consists of an appliance state identification phase, where a compara-
tive study of three density-based clustering algorithms (ADPC, DB-
SCAN, and HDBSCAN) is presented, followed by a disaggregation
phase using a Factorial Hidden Markov Model (FHMM). The study
evaluates the framework on the AMPds dataset, measuring cluster-
ing quality, parameter sensitivity, and disaggregation accuracy. Re-
sults demonstrate that HDBSCAN outperforms both ADPC and DB-
SCAN, achieving 85.4% disaggregation accuracy with minimal pa-
rameter tuning.

Keywords: NILM, load disaggregation, clustering algorithms, HDB-
SCAN, ADPC, HMM

1 Introduction

Non-Intrusive Load Monitoring (NILM), introduced by Hart
in 1992 [1], identifies individual appliances from total power
usage without separate meters, providing a cost-effective way
to manage energy. Modern NILM uses machine learning,
especially clustering, to detect appliance states (OFF, ON,
standby), thereby eliminating the need for manual labeling.
However, traditional clustering methods such as K-means re-
quire the number of clusters K,, to be specified in advance.
This is a significant limitation, as K,, varies per appliance and
an incorrect specification can severely degrade performance,
hindering real-world deployment where appliance characteris-
tics are often unknown.
The main contributions of this work are as follows:

1. The authors propose a hybrid model, combination of clus-
tering algorithms with FHMM. The clustering algorithms
are used to identify automatically the operational states
of the system’s devices, while HMM are trained for each
device to capture consumption dynamics. These HMMs
are then combined to form an FHMM, a factorial model,
to disaggregate power using those state.

2. The authors conduct a systematic comparison of three
density-based clustering algorithms—ADPC, DBSCAN,
and HDBSCAN—for identifying automatically appli-
ance operating states and associated powers.

3. The authors provide a comprehensive evaluation on the
AMPds dataset, measuring clustering quality, parameter
sensitivity, and disaggregation accuracy.

2 Methodology

2.1 Theoretical Framework

Let y; denote aggregate power consumption at time ¢. NILM

estimates individual contributions xgn):

N
ye=> a" +e (1)
n=1

where N is the appliance count and ¢, represents noise. Each
appliance operates in discrete states sin) e {1,2,..,K,},
where K, is the number of operational states for appliance n.
The key challenge is determining K,, automatically without
prior knowledge.

2.2 Proposed Two-Stage Framework

Stage 1 - Automatic State Discovery via Clustering: Ap-
ply density-based clustering to power consumption features
to automatically identify operational states K,, for each appli-
ance without supervision. This approach eliminates the man-
ual specification of state numbers required by traditional meth-
ods.

Stage 2 - Temporal Modeling via HMM/FHMM: Clus-
tering provides static state identification but ignores tempo-
ral dependencies. For each appliance n, we train a Hidden
Markov Model (HMM) [2] using discovered cluster centers as
initial emission means, with transition matrix A and emis-
sion probability B(™):

P(s"[s") = AW, P("]s") =B (@)
where A" = [al(?)] is the state transition probability matrix
with al(;) = P(s{™ = j|s\™, = i), and B™ represents the
emission probability distribution, typically modeled as Gaus-
sian NV (pug, o7) for state k. Individual HMMs are combined
into a Factorial HMM (FHMM) for joint disaggregation .

2.3 Dataset

AMpds dataset [3]: Vancouver residential data (April 2012-
March 2013), 1-minute sampling, 11 appliances, 10,080 train-
ing samples (one week).

2.4 Clustering Algorithms

The Density Peaks Clustering (DPC) algorithm identifies clus-
ters based on density but requires manual selection of cluster
centers from its decision graph [5] . To address this limitation,
an ADPC algorithm that automatically determines the cluster
centers.
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Adaptive Density Peak Clustering (ADPC) computes lo-
cal density and minimum distance to identify cluster centers:
pi= Y X(dij —de), & = 3)

J

min (d;;
j:pj>m( ”)

where d;; represents the Euclidean distance between data
points ¢ and j, d. is the cutoff distance threshold, x(z) = 1

if x < 0 and x(x) = 0 otherwise, p; denotes the local density
of point 7, and §; represents the minimum distance from point ¢
to any other point with higher density. Points with high density
p; and large separation J; are selected as cluster centers.

Density-Based Spatial Clustering (DBSCAN) finds
density-connected clusters. For a point p, its e-neighborhood
is:

Ne(p) = {q € D : dist(p, q) < ¢}

p is a core point if | N.(p)| > minPts.

Hierarchical DBSCAN (HDBSCAN) operates by first
transforming pairwise distances using local density: for each
point p;, its core distance 0 (p;) is the distance to its k-th
nearest neighbor and d(p;, p;) is the original distance between
points p; and p;. The mutual reachability distance between
two points is then defined as

“

dmreach (i ;) = max{0x(pi), or(ps), dpi;p;)}, ()
which emphasizes denser regions. A minimum spanning tree
(MST) is constructed from these distances, and edges are re-
moved in decreasing order to form a cluster hierarchy. Each
cluster c in the hierarchy is assigned a persistence value A(c),
often as

1

9
€birth — €death

Ae) = (6)

where €pirth and €geqrn are density thresholds at which the clus-
ter appears and splits. The condensed tree is obtained by max-
imizing total persistence

TP =Y Ao),

ceC

@)

subject to constraints. Finally, for each unassigned point z,
the probability of belonging to cluster c; is computed using a
distance-based measure such as

exp(—d(z, ¢;))

P = = o diw. )

®)

3 Results and Discussion
3.1 Experimental Setup

The authors use dynamic parameter tuning for all clustering
methods. DBSCAN with adaptive epsilon parameter selection
per appliance using k-NN (k=5) and KneeLocator. For HDB-
SCAN, the authors cross-validate min_cluster_size over
the range [5, 30] and set min_samples using k-NN (k = 5).
ADPC automatically optimizes its density and distance thresh-
olds. ADPC automatically optimizes its density and distance
thresholds.

3.2 Quantitative Results
3.2.1 Identification of device operating states

The identified operating states directly influence the initializa-
tion of the HMM parameters and thus affect disaggregation
accuracy.

Figure 1 illustrates the raw power consumption patterns for
two representative appliances from the AMPds dataset: (a)
Fridge and (b) Dishwasher. The authors apply ADPC, DB-
SCAN, and HDBSCAN algorithms to discover each appli-
ance’s operating states.

FGE Power C Over One Week

1400 — FGE

1200

wer Consumption (W)

Time

(a)

DWE Power Consumption Over One Week

— owe

(b)
Figure 1: Power consumption of two appliances in AMPds:
(a) Fridge, (b) Dishwasher.

The operating states of the appliances are identified using
three distinct clustering algorithms. Figure 2 provides a com-
parative visualization of the states discovered by each algo-
rithm, with a separate set of bars representing each algorithm’s
output; each bar corresponds to a discovered state and its as-
sociated mean power consumption level.

For the refrigerator (FGE) in Figure 2(a), HDBSCAN iden-
tifies three states (1.15, 88, 130W), while DBSCAN and
ADPC identify only two (1.15, 130W). For the dishwasher
(DWE) illustrated in Figure 2(b), both HDBSCAN and DB-
SCAN identify four operating states, whereas ADPC only
detects three. The intermediate power levels differ between
HDBSCAN (470.2 W) and DBSCAN (249.3 W), which could
correspond to different low-consumption or normal-operation
phases. Notably, the fourth state identified by HDBSCAN, at
757.9 W, is consistent with the high-power demand expected
for a drying cycle.

3.2.2 Clustering Performance

Table 1 summarizes the clustering silhouette scores, which
measure clustering quality by assessing both cluster cohe-
sion and separation. HDBSCAN achieves the highest av-
erage silhouette score of 0.9854, indicating well-separated
and cohesive clusters, compared to DBSCAN (0.9712) and
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(b)
Figure 2: Comparison of operating states obtained with HDB-
SCAN, ADPC, DBSCAN algorithms: (a) Fridge, (b) Dish-
washer.

ADPC (0.947). Notably, HDBSCAN achieves perfect clus-
tering (score of 1.0) for the clothes dryer and demonstrates
substantial improvements for the fridge (0.969 vs. 0.835 for
ADPCQ).

Table 1: Clustering Performance (Silhouette Score)

Appliance ADPC DBSCAN HDBSCAN
‘Washing Machine 0.979 0.987 0.987
Clothes dryer 0.995 0.994 1.0
Heat Pump 0.934 0.969 0.973
Fridge 0.835 0.914 0.969
Dishwasher 0.992 0.992 0.998
Average 0.947 0.9712 0.9854

3.2.3 Disaggregation Accuracy
Table 2 reports the appliance-level disaggregation accuracy.

HDBSCAN demonstrates superior performance for appliances
with distinct consumption patterns, achieving near-perfect
accuracy for the washing machine (99.9%) and dishwasher
(98.9%), and perfect accuracy (100%) for the clothes dryer.
However, the fridge remains low at 41.7%, despite high clus-
tering quality.

Table 2: Appliance-Level Disaggregation Accuracy (%)

Appliance ADPC DBSCAN  HDBSCAN
+HMM +HMM +HMM

Washing Machine 64.5 63.8 99.9
Clothes dryer 20.3 212 100
Heat Pump 86.5 86.7 86.7
Fridge 473 41.7 41.7
Dishwasher 2.6 19.8 98.9
Average 44.24 46.64 85.44

3.3 Qualitative Analysis

HDBSCAN achieves superior performance because it adapts
to different data densities, identifies clusters reliably, and ex-
hibits minimal sensitivity to parameter settings. This leads
to more accurate HMM initialization and better FHMM dis-
aggregation performance. DBSCAN struggles with varying
densities across appliances, and ADPC performs poorly with
high-dimensional NILM data. The dishwasher accuracy im-
provement (2.6% to 98.9%) demonstrates how robust cluster-

ing and low parameter sensitivity enhance both state detection
and temporal sequence modeling.

The paradox of high clustering quality (0.969) but low dis-
aggregation accuracy (41.7%) for the fridge stems from two
interconnected challenges that the FHMM cannot overcome.
First, the fridge’s irregular, high-frequency state transitions
(cycling rapidly between OFF, compressor ON, and defrost
modes) multiple times per hour, violate the FHMM’s assump-
tion of stable state durations, making its temporal sequence
hard to model. Second, state ambiguity in the aggregate signal
is critical: the fridge’s intermediate state (88W ) fall within a
crowded low-power range where other appliances (e.g., heat
pump ) also operate. While clustering cleanly separates these
states in feature space, the FHMM fails to correctly attribute
them during disaggregation because its independence assump-
tion cannot resolve overlapping power draws from simultane-
ously operating devices. Thus, high clustering quality con-
firms that an appliance’s signature is recognizable, but low dis-
aggregation accuracy indicates that its temporal behavior is ex-
ceptionally hard to model with standard sequential approaches.

4 Conclusion and Future Work

The authors have introduced a robust, two-stage unsupervised
framework for NILM that overcomes a major limitation of tra-
ditional methods by automatically discovering appliance states
without prior knowledge. By effectively combining density-
based clustering with a Factorial HMM (FHMM), the frame-
work enables fully unsupervised load disaggregation. Eval-
uation on the AMPds dataset demonstrates that HDBSCAN
clearly outperforms ADPC and DBSCAN, achieving an aver-
age disaggregation accuracy of 85.4%. The framework shows
particular strength for appliances with distinct operational pat-
terns, while also providing critical insights into the challenge
of modeling appliances with highly complex or irregular tem-
poral dynamics.

Future work will focus on three main directions: (1) con-
structing a comprehensive NILM dataset within the ENIT
smart home laboratory to validate and test the framework’s
generalization capabilities; (2) applying the proposed frame-
work to this new dataset as a critical benchmark; and (3) ex-
ploring the integration of deep learning models, such as recur-
rent or attention-based architectures, to better capture complex
temporal patterns and improve accuracy for appliances with
highly variable or transient consumption states.
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Abstract

In precision livestock farming, computer vision solu-
tions have been developed to track cows in farms for
monitoring their behaviour and enabling timely in-
terventions. In this work, a tracking by detection ap-
proach is considered: it involves YOLOv8n as the de-
tector and BotSort as the tracker. Its performance is
evaluated and discussed on three public datasets with
different properties. The proposed solution achieves
promising multiple object tracking performance even
for challenging scenes.

Keywords: cattle, multi-object detection, multi-
object tracking, deep neural network.

1 Introduction

In smart cattle rearing, computer vision techniques
are gaining considerable attention due to their non-
intrusive nature and low cost. In this respect, in [1], a
method called CowXNet was developed to track cows
in order to decide on their estrus state. Recently
[2], we have proposed a novel tracking-by-detection
method using YOLOvS8n [3] as the detector and Bot-
Sort [4] as the tracker of cows in barns. However, the
performance was only assessed on a single dataset [1].
The present study aims at studying the generaliz-
ability of our tracking-by-detection solution by eval-
uating its performance on other video datasets with
varying contents captured under different conditions.
Also, we pay attention to benchmark our tracker-by-
detection with the recent method CowXNet [1].

2 Methodology
2.1 Considered datasets

This study considers three open datasets, namely
CowXNet [1], MmCows [5] and CoBRA [6]. Their
properties are different as summarized in Table 1
where all the frames in each dataset are RGB. In-
deed, CowXNet features a relatively small pen and
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a specific camera configuration, leading to appear-
ance variation challenges, an example frame of this
datatset is illustrated in Figure 1a. MmCows has the
highest sampling rate, and the pen is illuminated con-
tinuously by natural and artificial light during dur-
ing the 20 hours of recording, an example frame from
this dataset is shown in Figure 1b. Lastly, CoBRA
dataset departs from the two other ones as it includes
images captured by night-vision cameras, Figures
1c and 1d illustrate, respectively, day-captured and
night-captured frames. All the datasets suffer from
occlusions due to the spatial regrouping of the cows.
This aspect is very pronounced in the case of CoBRA.
Regarding annotations, the first two datasets provide
bounding boxes (BB) and an identifier (ID) for each
cow in every frame. The third dataset CoBRA does
not provide annotations for the video set. Indeed, it
is accompanied by a separate set of 621 still images
along with the coordinates of six keypoints in spe-
cific parts (nose, head, wither, tail-head, left hip, and
right hip) of each cow identified by its ID.

2.2 Data preparation

The adopted tracking by detection method requires
training the detector, which entails training a sep-
arate YOLOv8n model for each dataset. Such
trainings involve still images. Specifically, for both
CowXNet and MmCows, we extract frames from
the available annotated videos, whereas for CoBRA
dataset, the 621 annotated still images are used. It is
worth noting that for the latter dataset, since BBs are
not provided, we delineate them from the available
keypoints. A 70% — 20% — 10% partition is followed
for the training, validation, and test sets. Table 2-(a)
describes the content of each set for the underlying
datasets.

Regarding the tracker, as aforementioned, the Bot-
Sort algorithm [4] is retained in inference mode with-
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Table 1: Considered dataset specifications. N stands for Natural and A stands for Artificial.

Dataset Resolution # Videos Duration Sampling rate | # Cows Pen size Camera Nlumination
CowXNet [1] | 1280 x 960 1 ~17 min 0.5s 3 3x 6m top-down N (day)
MmCows [5] | 4480 x 2800 1 ~20 hours 15s 16 20 X 12 m | corner angle N (day), A

CoBRA [6] 2688 x 1520 100 1 min 0.5s 8 NA roof-mounted | N (day, night)

(b) MmCows frame example.

(c) CoBRA (day) frame example.

(d) CoBRA (night) frame example.

Figure 1: Example frames from the considered datasets.

out needing any learning step. However, for measur-
ing its performance, sequences of consecutive frames
(clips) have to be extracted. For both CowXNet and
MmCows datasets, the test sets that are unseen dur-
ing YOLOVS training are employed to construct these
evaluation clips. For CoBRA, we manually annotate
four videos: two day videos and two night videos. A
subsampling 1:2 is chosen to merely facilitate the an-
notation. Table 2-(b) gives information on the eval-
uation clips.

3 Experimental results

All experiments are conducted on an Ubuntu system
equipped with NVIDIA GeForce GTX 1080 Ti with
11 GB dedicated memory. To ensure a fair bench-
marking, the CowXNet method [1] is also learned
on the aforementioned datasets by keeping the same
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Table 2: Dataset preparation.

(a) Detector training

Dataset # train # val # test
CowXNet 1420 400 180
MmCows 3528 1008 504
CoBRA 416 105 100
(b) Tracker evaluation
Dataset # clips | # frames/clip
CowXNet 3 60
MmCows 146 4
CoBRA (day) 2 60
CoBRA (night) 2 60

training and evaluation data (see Table 2). More pre-
cisely, its detector (YOLOv4) is trained and, a simple
Intersection Over Union (IoU) between BBs in two
consecutive frames is used as the tracker.
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Table 3 summarizes the performance of our detector
(YOLOv8n) and the benchmarked one (YOLOv4).
Both detectors achieve strong and comparable re-
sults across all datasets in terms the localization
metric, the mean Average Precision at a 50% IoU
threshold (mAP@50), and classification metric, the
Fl-score. In most cases, YOLOv8n outperforms
YOLOv4, while offering the additional advantage of
a considerably smaller model size.

The retained tracker metrics are Multiple Object
Tracking Accuracy (MOTA), as defined in Equation
1, which aggregates all tracking errors into a sin-
gle measure. Multiple Object Tracking Precision
(MOTP), as given in Equation 2, quantifies the lo-
calization precision of detected objects, and the ID
Fl-score (IDF1), as expressed in Equation 3, mea-
sures how consistently a tracker maintains the same
identity for each object throughout a video sequence.

> (FNy+ FP, +1DS,)

MOTA =1 -
Zt GTt

(1)

where F'N; is the number of false negatives (missed
targets), F'P; is the number of false positives (false
detections), IDS; is the number of identity switches
(assigned different IDs in two consecutive frames),
and GT; is the number of ground truth objects at

frame t.
- d;
Zz,t it (2)
Zt Ct

where d; ; is the IoU between the detected object and
the ground truth object ¢ at frame ¢, and ¢; is the
number of matches found at frame t.

2x IDTP
2xIDTP+IDFP+IDFN

MOTP =

IDF1 = (3)
where I DT P is the number of true positive identifi-
cations, IDF P is the number of false positive identi-
fications, and IDF' N is the number of false negative
identifications.

Results are reported in Table 4. Our proposed
method outperforms CowXNet method for all the
metrics on the three datasets, especially for the chal-
lenging CoBRA night data.

Table 3: Performance of the detectors.

Dataset YOLOvS8 YOLOv4
mAP@Q@Q50 Fl-score | mAP@50 Fl-score
CowXNet 0.9690 0.9562 0.9988 0.9900
MmCows 0.9930 0.9835 0.9928 0.9700
CoBRA (day) 0.9480 0.9100 0.9088 0.9100
CoBRA (night) 0.8880 0.8569 0.8385 0.8400
CoBRA (overall) 0.9180 0.8834 0.8736 0.8750
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Table 4: Tracking on diff datasets.

Method Dataset MOTA | MOTP IDF1
Proposed CowXNet 89.63% 90.62% 82.88%
MmCows 89.67% 90.74% | 91.38%

CoBRA (day) 65.41% 75.08% | 77.89%

CoBRA (night) 40.62% 68.69% | 65.90%

CoBRA (overall) 53.01% 71.88% | 71.89%

CowXNet [1] CowXNet 69.44% | 81.51% | 80.62%
MmCows 81.06% 85.79% | 87.73%

CoBRA (day) 21,88% 67,25% | 45,73%

CoBRA (night) 23,44% 66,97% | 44,37%

CoBRA (Overall) | 22.66% | 67.11% | 45.05%

4 Conclusion

The proposed tracking-by-detection method, consist-
ing of YOLOv8n followed by BotSort, shows ro-
bust results across datasets with different visual cues.
These include occlusions in high-density cow sce-
narios, appearance variations due to different cam-
era configurations, and detection difficulties in night-
vision setups. Furthermore, the proposed method
is evaluated against the CowXNet method. Further
work will focus on integrating our tracker by detec-
tion into a downstream application to analyze cow
behaviour.
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Abstract

This paper presents a novel dual-varactor reconfig-
urable unit cell inspired by the Phoenix passive struc-
ture, designed for X-band weather radar reflectarray.
The dual-varactor unit cell design achieves approx-
imately 281 degrees, near-linear phase control, and
reflection losses around 4 dB arise primarily from the
varactor’s internal resistance and inductance.

Keywords: Reflectarray, Phoenix cell, varactor
diode, X-band, weather radar, reconfigurable.

1 Introduction

High-gain, electronically steerable apertures are cen-
tral to weather surveillance radars that require pre-
cise beam control with compact, low-loss hardware
suitable for cost-sensitive deployments. By employ-
ing spatial feeding and per-element phase control
without RF combiners, reflectarray offer a convinc-
ing alternative to large, expensive phased arrays and
unwieldy parabolic reflectors [1]. A critical design
challenge lies in realizing unit cells capable of wide-
range, smooth, and low-loss phase shifting across the
operational X-band. This challenge is compounded
by resonant dispersion effects that tend to limit band-
width in medium-sized reflectarrays.

To address the above challenges, this work lever-
ages the Phoenix passive motif [2] to derive reconfig-
urable unit cells with electronically controlled phase.
The proposed unit cells are directly inspired by the
concentric square-ring geometry, which provides mul-
tiple current flow paths as well as strong capaci-
tive coupling, thus enabling continuous and extended
phase control under linear polarization in the X-
band [3]. First, by shifting the unit cell reference
plane between two neighboring cells by half a pe-
riod and recombining the facing halves, an equiva-
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lent single varactor version is obtained. This first
configuration was previously presented in [4]. Then,
by using the original shape of the Phoenix unit cell,
a reconfigurable topology is obtained by integrating
two varactor diodes. The latter are placed symmetri-
cally across the inter-gap to preserve mirror symme-
try, allowing for balanced biasing, and minimizing the
cross-polarization by suppressing odd-mode currents.
This dual-varactor configuration constitutes the sec-
ond reconfigurable version. Fig. 1 presents the trans-
formation scenarios from the passive Phoenix tiling
leading to these two versions. This paper presents
the second version in details, starting with the unit
cell design and HFSS-based setup. The validation of
the structure is then presented in section 3.

Original Shape

=]

Varactor diodes

Inspired structure

Figure 1: Structural design of single- and dual-
varactor Phoenix-inspired unit cells within the com-
plete reflectarray antenna.
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2 Simulation Setup

This study focuses on extending this concept to a re-
configurable dual-varactor cell 16 x 16 mm in size,
whose performance was evaluated using electromag-
netic simulations under HFSS. Simulations were con-
ducted in a central frequency of 10 GHz to accurately
model an infinite periodic by exciting the unit cell
with a Floquet port while imposing periodic (master-
slave) boundaries conditions on the lateral faces un-
der a normal incidence, as presented in Fig. 2. Per-
fect conductor assumption (PEC) was adopted. The
metal patch was printed on a 0.508 mm thick met-
alized Rogers RO4003 substrate with a relative per-
mittivity e, = 3.55 and a loss tangent tan é = 0.0027.

Metallic pattern

Metallic Vias

ww z9z's
—

’—|Feed line (hidden below)

Figure 2: Illustration of the unit cell boundaries with
periodic boundary conditions applied.

3 Results and Discussion

The dual-varactor structure unit cell exhibits a wide
range and near-linear tuning law at 10 GHz, deliv-
ering approximately 281 degrees of continuous phase
control, with a capacitance ranging from 0.02 to 0.2
pF as shown in Fig. 3. To span the required capaci-
tance range, the MAVR-011020-1411 was adopted as
a varactor device [5] These low-cost varactors intro-
duced losses of 4 dB maximum on the reflected wave
because of their internal resistance (R= 0.3 Ohm)
and inductance (L= 0.4 nH) and of their DC biasing
circuits.

4 Conclusion

This study has introduced the inspiration of two re-
configurable unit cells designed for X-band weather
radar applications, with low-losses and fabrication
simplicity suitable for low-cost deployable weather
surveillance radar reflectarrays. This paper focuses
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Figure 3: Phase variation of the proposed unit cell
under normal incidence, across the practical range of
the selected varactor capacitance values.

on the dual-varactor diodes cell version that reach an
acceptable phase-shifting range of 281 degrees, with
reflection losses kept below 4 dB mainly due to the
varactor diodes and DC biasing network. It achieve
a nearly linear and parallel phase response across 10
GHz. This design is the last step toward developing
a complete dual-polarization reflectarray antenna.
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Abstract

This paper proposes a cooperative resource allocation
framework for multi-user underwater acoustic (UWA) net-
works by jointly leveraging repeated game theory and Q-
learning. Repeated interactions allow the detection of self-
ish behaviors and the enforcement of long-term coopera-
tion through punishment strategies, while a Q-learning ap-
proach with centralized training and decentralized execu-
tion (CTDE) enables adaptive power and subcarrier allo-
cation under dynamic underwater channel conditions. A
composite reward function balancing throughput, fairness,
and energy consumption is introduced. Simulation results
under a realistic UWA channel model demonstrate signifi-
cant improvements in cooperation level, global utility, fair-
ness, and convergence speed compared to non-cooperative
and classical benchmark schemes.

Keywords: Underwater acoustic networks, repeated
games, Q-learning, cooperative resource allocation, fair-
ness.

1 Introduction

Underwater acoustic (UWA) networks play a critical role
in maritime surveillance, environmental monitoring, au-
tonomous underwater vehicle (AUV) coordination, and off-
shore exploration. Unlike terrestrial wireless networks,
UWA communications suffer from extremely limited band-
width, long propagation delays due to the slow speed of
sound in water, severe frequency-dependent attenuation,
and strong multipath effects [1]. These unique character-
istics significantly degrade communication reliability and
make efficient resource allocation particularly challenging.
As a result, power control, spectrum allocation, fairness,
and energy efficiency must be jointly considered when de-
signing UWA communication systems.

A considerable amount of prior work has investigated
resource allocation in UWA networks using centralized
optimization or heuristic-based approaches. While these
methods can achieve good performance under static con-
ditions, they often require full channel state information
and incur high signaling overhead, which is impractical in
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dynamic underwater environments. To reduce complex-
ity, non-cooperative game-theoretic formulations have also
been proposed, where each user selfishly maximizes its own
utility. However, such approaches typically converge to
inefficient Nash equilibria, leading to poor global perfor-
mance in interference-limited and bandwidth-constrained
UWA networks.

To overcome these limitations, cooperative and
bargaining-based game models have been introduced
to improve system efficiency and fairness [2]. Although
cooperation enhances global performance, it usually
requires explicit coordination and information exchange
among users, which can be costly in underwater net-
works characterized by long delays and limited feedback
capabilities.

Repeated game theory has emerged as an effective frame-
work to enforce cooperation among selfish agents with-
out requiring full centralization. By exploiting repeated
interactions, agents can detect non-cooperative behavior
and apply punishment strategies, thereby sustaining long-
term cooperation. Such mechanisms have been widely ap-
plied to power control, spectrum sharing, and access co-
ordination in terrestrial wireless networks [3]. However,
despite their demonstrated effectiveness in terrestrial sys-
tems, there are relatively few studies exploring repeated
game models specifically for multi-user underwater acous-
tic (UWA) networks, where interactions are naturally long-
term and delay-tolerant but subject to severe bandwidth
limitations and high propagation delays.

In parallel, reinforcement learning (RL), and in particu-
lar Q-learning, has gained significant attention for adaptive
resource allocation in dynamic and partially unknown envi-
ronments. RL-based approaches allow agents to learn opti-
mal policies directly from interaction with the environment,
without relying on explicit channel models. Recent stud-
ies have demonstrated the potential of RL for underwater
communications, showing improved adaptability to slow-
varying and highly uncertain UWA channels. Moreover, it
has been shown that combining game-theoretic frameworks
with reinforcement learning can naturally promote cooper-
ative behavior, as agents learn to balance short-term gains
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with long-term rewards [4].

Despite these advances, the joint integration of repeated
game mechanisms and learning-based resource allocation
for multi-user UWA networks remains largely unexplored.
In particular, how to enforce cooperation, ensure fairness,
and adapt resource allocation under realistic underwater
channel conditions is still an open research challenge.

Contributions: Motivated by these observations, this
paper proposes a novel cooperative resource allocation
framework that integrates repeated game theory with Q-
learning for multi-user UWA networks. The main contri-
butions of this work are summarized as follows:

e We formulate the multi-user UWA resource allocation
problem as a repeated game, enabling the detection of
selfish power allocation behaviors and the enforcement
of punishment strategies to sustain long-term cooper-
ation under severe bandwidth and propagation delay
constraints.

e We develop a Q-learning-based solution with central-
ized training and decentralized execution (CTDE),
which mitigates multi-agent non-stationarity and en-
ables adaptive power and subcarrier allocation over
slow-varying, frequency-selective UWA channels.

e We design a composite reward function that jointly
accounts for spectral efficiency, Jain’s fairness index,
and energy consumption, addressing key performance
requirements of long-term underwater deployments.

e Through extensive simulations under a realistic UWA
channel model, we demonstrate that the proposed
framework significantly outperforms non-cooperative
learning approaches and classical proportional fairness
benchmarks in terms of system throughput, fairness,
and convergence speed.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the system model and problem formula-
tion. Section 3 presents the proposed repeated game and
Q-learning framework. Simulation results are discussed in
Section 4, and Section 5 concludes the paper.

2 Problem Formulation and Un-

derwater Acoustic Channel
Model

The underwater acoustic channel is characterized by
frequency-dependent attenuation, long propagation delays,
and severe multipath propagation. The channel gain h; , (¢)
incorporates spreading loss, absorption loss, and slow tem-
poral variations, following the statistical model proposed
in [5]. This model captures the specific physical charac-
teristics of underwater propagation and distinguishes the
considered scenario from terrestrial wireless channels.

We consider an underwater acoustic (UWA) network
composed of K users, indexed by i € {1,..., K}, sharing
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N;c orthogonal subcarriers indexed by n € {1,..., Ns}.
Each user dynamically allocates its transmission power
Din(t) over the available subcarriers at iteration ¢ in or-
der to maximize its achievable utility.

The utility of user 7 is defined as

2

1 sc
NSC

n

u;(P,t) = log,(1 + SINR, ,,(P, 1)),

1

(1)

where P = {p; ,}i » denotes the global power allocation
vector.
Each user is subject to a total transmit power constraint:

NbC
O S sz,n(t) S Pmaxa Vivta (2)
n=1

where Py is the maximum allowable transmit power.
The signal-to-interference-plus-noise ratio (SINR) expe-
rienced by user ¢ on subcarrier n is given by

pi,n(t) hi,n (t)

SINR,; ,(P,t) = )
~(B0) Zj;ﬁi Pin(t) hjin(t) + o2

(3)

where h; ,, (t) denotes the direct UWA channel gain of user i,
hj.in(t) represents the interference channel gain from user
j to user i, and o2 is the noise power.

2.1 Objective and Reward Function

Each agent aims to maximize its long-term cumulative re-
ward over a repeated-game horizon of T, iterations:

Trep

max > Ri(1). (4)

The instantaneous reward R;(t) balances spectral effi-
ciency, fairness, and energy consumption, and is defined
as
ui(P,t)

max

R;(t) = WraTE + Wrairngss F(t)
—_—

Fairness

Pi(t)\’
Pmax ’

Rate utility

— WENERGY <

Energy penalty

where P;(t) = Zgi“l Pin(t) is the total transmit power of
user 2, and umax 1S & normalization constant.

WRATE7 WFAIRNESS» WENERGY S [07 1] control the trade-
off between throughput, fairness, and energy efficiency, and
satisfy Wrate + Wratrness + Wenergy = 1.

Fairness among users is measured using Jain’s fairness
index:

(S, we,n)’
K Y ud(Pt)

F(t) = , 0<F@#) <1  (6)
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3 Proposed Repeated Q-Learning
Framework

3.1 State, Action, and Q-Table Structure

Each agent follows a reinforcement learning policy based
on a finite state and action space.

Action space A: At each iteration, an agent selects
one subcarrier and one discrete transmit power level from
a predefined set.

State space S: The state observed by agent i at itera-
tion t is defined as

si(t) = (ha(t), Ii(t)), (7)

where h;(t) and I;(t) denote the quantized direct channel
gain and quantized interference level, respectively.

3.2 Repeated Game Principle

The system is modeled as a repeated game in which agents
interact over Tj.p iterations. At each iteration ¢, an agent
observes the current state s;, selects an action a;, receives
a reward R;(t), and generates interference that affects the
next state s;41. This repeated interaction enables agents
to detect selfish behaviors and learn cooperative strategies
over time.

3.3 Q-Learning Update with CTDE

To mitigate non-stationarity in the multi-agent environ-
ment, a Centralized Training, Decentralized Fxecution
(CTDE) approach is adopted. Each agent maintains a lo-
cal Q-table @Q;, while a global critic aggregates information
during training:

K
Qglobal (s, a) = %Z Qi(s, a). (8)
i=1

The Q-learning update rule for agent i is given by

Qulst,01) = (1= 1) Qilsi, ar) + e | Ri(t)
+ ymax, leobal(StJrh (l) s (9)

where oy is the learning rate and + is the discount factor.

4 Simulation Setup and Results
4.1 Simulation Setup

Simulations consider K = 20 users and Ny, = 128 subcar-
riers over Trp = 2000 iterations. The discount factor is set
to v = 0.9, and the initial exploration rate is ¢g = 1.0. The
UWA channel follows the statistical model described in [5].

4.2 Results:

Analysis
Figure 1 illustrates the evolution of the system’s aggregated
rate (Total Rate) over the iterations for the different ap-
proaches.

Comparative Performance
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Figure 1: Convergence of total rate (Total Rate)

e Q-CTDE (Proposed): This approach achieves the
highest overall rate, stabilizing at approximately 3.4.
The convergence is relatively fast, occurring around
1000 iterations. The superior performance can be at-
tributed to two key factors: (i) the repeated game
structure, which enforces cooperation among agents
and discourages selfish behavior through long-term
reward shaping, and (ii) the centralized aggrega-
tion of Q-values (CTDE), which mitigates the non-
stationarity inherent in multi-agent environments and
allows agents to better coordinate subcarrier and
power allocation. As a result, Q-CTDE exploits the
spectrum more efficiently and reaches a cooperative
equilibrium that maximizes global utility.

e Q-IQL (Independent Q-Learning): Achieves high
performance but is lower than Q-CTDE, stabilizing.
The fact that each agent learns independently leads to
a Nash equilibrium that is globally less efficient than
the cooperative optimum found by Q-CTDE. Its con-
vergence is also slower (stabilizing beyond 1400 itera-
tions).

e Prop. Fair (Proportional Fair): The reference
level for the Proportional Fair solution is 2.8. Both
learning schemes (Q-CTDE and Q-IQL) significantly
outperform this classical benchmark.

e Random: As expected, the random approach main-
tains a very low and fluctuating rate, situated around
2.2.

Figure 2 shows the evolution of Jain’s Fairness Index
(which measures fairness among users, with 1 being perfect
fairness) over the iterations.

¢ Q-CTDE (Proposed): Achieves the best fairness,
converging toward a value close to 1.0 (approximately
0.99), indicating near-perfect fairness among users.
This validates the effectiveness of the penalty term in
the reward function and the cooperative effect of the
repeated game mechanism.

e Q-IQL (Independent Q-Learning): Also achieves
a very good level of fairness, stabilizing around 0.97.
Although its rate was slightly lower than Q-CTDE, its
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Figure 2: Convergence of Jain’s Index

fairness level is very close, showing that even indepen-
dent learning manages to achieve a good distribution
of resources.

e Prop. Fair (Proportional Fair): The Proportional
Fair fairness reference is set at 0.815. Again, the learn-
ing schemes (Q-CTDE and Q-IQL) achieve fairness
levels significantly superior to this benchmark.

e Random: The random approach exhibits low and
fluctuating fairness, settling around 0.72, confirming
that without intelligent optimization, fairness is not
guaranteed.

5 Power Allocation

Power (W

0 5 10 15 20
User Index

Figure 3: Distribution of allocated power

The power allocation presented by Figure 3 provides
further insight into the strategy learned by the system.
Power is allocated in a differentiated manner between
users: some users receive higher power levels—up to 2
W-—while others consume as little as 0.5 W. This dynamic
allocation reflects the adaptive behavior of the Q-learning
algorithm, where users experiencing poor channel condi-
tions are granted more transmission power to maintain
acceptable data rates. Conversely, those with better
channel quality can sustain satisfactory performance with
reduced power. This demonstrates the energy-aware and
throughput-optimized nature of the policy, contributing to
the overall system efficiency.
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The simulation results clearly demonstrate that the pro-
posed Q-CTDE framework provides the best performance
across both key metrics: Total Rate and Jain’s Index. It
maximizes spectral efficiency while guaranteeing the high-
est level of fairness and achieving faster convergence com-
pared to the non-cooperative Q-IQL approach.

5 Conclusion

The proposed framework integrates repeated game theory
with Q-learning to enhance cooperation and optimize re-
source allocation in multi-user underwater acoustic net-
works. By modeling user interactions as a repeated game,
the approach enables the detection and penalization of self-
ish behavior, thereby encouraging sustained cooperation.
At the same time, Q-learning allows agents to adapt power
and subcarrier allocation strategies to dynamic underwater
channel conditions without requiring explicit channel mod-
els. Simulation results under realistic UWA environments
show that the proposed solution achieves higher system
utility, improved fairness, and stable convergence, making
it a practical and scalable approach for underwater acoustic
communications.
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Abstract

This paper presents a compact printed circularly po-
larized antenna for 1U CubeSat applications. De-
ployed in orbit by a miniaturized actuator to a sep-
aration of A\/10 (34.5 mm), it reduces coupling with
the satellite structure. Optimized for nadir-pointing
radiation, the 100 x 100 x 1.6 mm?® antenna achieves
a maximum gain of 6.12 dB and an axial ratio be-
low 3 dB over 853-879 MHz, demonstrating effective
circular polarization and suitability for CubeSat mis-
sions.

Keywords: CubeSat, printed antenna, circular
polarization, compact design, S-band, axial ratio,
gain, space communication.

1 Introduction

Satellite-based IoT requires compact, robust, high-
performance antennas [1]. Miniature circularly po-
larized antennas maintain reliable connections re-
gardless of device orientation and provide high
gain for bidirectional communication with satellites.
This work presents a high-gain, circularly polarized
printed antenna designed for CubeSat applications.

2 Results

Our antenna prototype was simulated on an FR4
substrate with a permittivity of ¢, = 4.4 and a
thickness of A = 1.6 mm.

In Fig. 2, the antenna is shown separated by
34.5 mm from the CubeSat after actuator deploy-
ment. The design focuses radiation toward Earth,
maximizing gain for ground stations while maintain-
ing circular polarization. Future work will integrate
a miniaturized actuator and study the deployment
mechanism for reliable in-orbit operation.
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Figure 1: Top view of the designed patch antenna.
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Figure 2: Placement of the proposed patch antenna
on the CubeSat in orbit (Top view).
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Fig. 3 shows the simulated reflection coefficient.
At 871 MHz, a 17 dB return loss is achieved with
a 34.5 mm separation, reducing electromagnetic cou-
pling with the CubeSat structure.

XY Plot 1

Figure 3: Simulated reflection coefficient of the pro-
posed antenna.

Circular polarization is required in satellite appli-
cations to avoid up to 3 dB of mismatch loss and
to maintain signal quality when the CubeSat rotates
or tumbles in orbit. Optimizing the antenna’s ax-
ial ratio along the desired direction improves power
transfer and link reliability.

Fig. 4 shows the simulated axial ratio (AR) versus
frequency along § = ¢ = 0°. The 3 dB AR band-
width is 25.5 MHz (853.5-879 MHz), covering the
target frequency range and accommodating potential
Doppler shifts.

XY Plots M A

Figure 4: Simulated axial ratio (AR) of the proposed
antenna.

Antenna gain is related to directivity, with higher
gain achieved when energy is concentrated in the
main lobe. Fig. 6 shows the 3D radiation pattern,
with a peak gain of 6.12 dB, demonstrating efficient
radiation. Such directivity is essential for CubeSat
applications to maximize transmitted power.

3 Future Perspectives

Future work may focus on metamaterial-based an-
tennas that can be mounted directly on the CubeSat
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Figure 5: 3D gain pattern of the proposed antenna.

surface, reducing volume and simplifying integration
while maintaining performance for a 100 x 100 mm
patch [2].

Deployable mechanisms, such as miniaturized ac-
tuators or arms, can extend the antenna post-
launch. While separation of A/10 reduces coupling
with the metallic structure, CubeSat space is lim-
ited. AMC/EBG metamaterials enable direct sur-
face mounting with high radiation efficiency, and de-
ployable arms can further enhance gain or directivity
while minimizing stowed volume.

4 Conclusion

The proposed antenna provides circular polarization
with an axial ratio below 3 dB over 853-879 MHz,
ensuring stable communication regardless of satellite
orientation. Its simulated peak gain of 6.12 dB de-
livers sufficient power, and its compact 100 x 100 x
1.6 mm? size allows easy integration into a 1U Cube-
Sat.
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Abstract

This paper presents an efficient and low-complexity
energy management strategy (EMS) for a residential
microgrid composed of a photovoltaic (PV) array, a
battery (BT), and the utility grid. The proposed EMS
optimizes the use of PV generation to reduce
electricity costs and limit rapid variations in battery
power, thereby enhancing overall system reliability.
The control algorithm manages energy flow between
components, ensuring stable operation across different
power flow modes. The microgrid was modeled and
simulated in MATLAB/Simulink, and the results
demonstrate stable operation and show the
effectiveness of the proposed EMS in reducing grid
dependency and limiting battery power fluctuations.

Keywords: Residential Microgrid, Energy
Management Strategy, Photovoltaic, Li-ion Battery.

1 Introduction

In recent years, microgrids have gained significant
attention as an effective solution for integrating
renewable energy sources into residential power
systems. Their ability to operate in both grid-
connected and islanded modes enhances reliability
and resilience during disturbances. Among renewable
energy sources, photovoltaic (PV) systems are
particularly attractive for residential applications due
to their sustainability and decreasing installation
costs. However, the intermittent and weather-
dependent nature of solar energy limits the ability of
PV generation to continuously meet load demand. To
address this issue, energy storage systems (ESS),
especially battery-based solutions, are commonly

integrated into residential microgrids. Batteries
provide energy balancing over extended periods,
improve system reliability, and enable higher

utilization of locally generated renewable energy[4-8].
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As a result, efficient energy management strategies (EMS)
are required to coordinate power flows between PV
generation, storage systems, loads, and the utility grid,
with the objectives of maximizing renewable energy
utilization, ensuring stable operation, and reducing
electricity costs. Several studies have investigated EMS

approaches for residential and hybrid microgrids,
including coordinated control schemes, stochastic
optimization, and supervisory control architectures,

demonstrating the critical role of energy management in
improving microgrid performance and economic
efficiency[9-10]. Recently, advanced EMS approaches
based on Model Predictive Control (MPC) and artificial
intelligence techniques, such as reinforcement learning,
have been widely explored[1-3]. Although these methods
can achieve high performance, they generally require
accurate forecasting, high computational resources, and
complex tuning, which limit their practical deployment in
low-cost residential systems. In contrast, rule-based EMS
remain attractive due to their simplicity, robustness, and
ease of real-time implementation.

In this paper, we propose a residential microgrid
configuration combining PV generation, battery storage,
and the utility grid. The proposed EMS focuses on
reducing grid dependency, improving photovoltaic energy
utilization, and explicitly limiting battery power
fluctuations while maintaining cost-effective energy
management.

2 System Description and Modeling

Figure 1 presents the configuration of the proposed
residential microgrid system, which integrates multiple
distributed energy sources and load units connected to
both DC and AC buses. The interconnection between the
AC and DC networks is achieved through a bidirectional
AC/DC converter, enabling flexible power exchange
between the two sides. The overall microgrid architecture
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is modeled and simulated in MATLAB/Simulink to
analyze the dynamic behavior, power flow, and
control performance of the system. In this
configuration, photovoltaic (PV) arrays are interfaced
with the DC bus via a DC/DC boost converter,
supplying power to the AC loads through the
bidirectional AC/DC converter. A battery energy
storage system is also linked to the DC bus through a
bidirectional DC/DC converter, providing both
charging and discharging functionalities depending on
system conditions. The utility grid and AC loads are
connected to the AC bus, facilitating energy exchange
with the utility grid when necessary.

In this microgrid framework, the battery serves as a
key component for maintaining power balance among
distributed generation units and load demands, as well
as for enhancing voltage stability across the system.
The control objectives of various power electronic
converters are coordinated by an energy management
system, which optimizes the operation of each
subsystem. The main converter is responsible for
maintaining a stable and high-quality AC bus voltage,
while the PV subsystem operates under Maximum
Power Point Tracking (MPPT) control to ensure
efficient and continuous energy extraction under
varying environmental conditions.

Energy Management
Strategqy

--->

Power flow

DC bus

Figure 1: Structure of Residential Microgrid.
2.1 PV Model

To maximize efficiency under varying sunlight
and temperature conditions, the PV strings are
interfaced with a DC/DC converter controlled by

an MPPT algorithm. The total power Ppy
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generated by the PV surface S, is monitored, as
shown in Figure 2, and the overall PV efficiency npy
is calculated using the following equations [10-11]:

Pov (Ta ,Gror) = n(Tc,Gtot)Spv Grot

Mpv (Tc,Gtot) = MNmanuf (1 - pr (Tc 'Tr)) (1)
Tc= Tat(TnocT -TanocT) GGNtOOET

Where T, is the ambient temperature, Gy is the total solar
radiation received by the PV panel, T, the cell temperature,
Gnoct IS the nominal solar radiation, T, is the reference
temperature, Bpy is the temperature coefficient, and Nmanys IS

the nominal efficiency.
Power-Current

50 STC f— T
Inape_STC =+

Power Curve

GsTC

— 33

—\

WMPF_STC Wee sTC Voltage

Figure 2: PV characteristic at different solar irradiance

levels (25°C)[12].
2.2 Battery Model

To ensure the simulation stability, a filtered battery
current, instead of the actual battery equivalent, is used to
account for the polarization resistance[13]. The model
parameters are derived from datasheets or simple dynamic
tests. From Figure3, the battery voltage can be expressed

as follows [14]:

Jba
1N pops '—P

0y 100 L0 | S
x=mom = |y
p - i Grom
hat et y| Modele de Via
VN pora la cellule L e
X r
Figure 3: Li-ion Battery Model.
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Supply Load &
Excess Power to grid

Pv & grid to Load

where Eq is the battery constant voltage (V), K is the
polarization constant (V/Ah), Qum is the nominal
battery capacity (Ah), I* is the filtered battery current
(A), A is the exponential zone amplitude (V), B is the
exponential zone time constant inverse (Ah™) and R
is the battery internal resistance (). Equation (2)
recalls the equations of the Shepherd model for a Li-
ion accumulator distinguishing between the charge
phase (I <0) and the discharge phase (1> 0).

3 Energy Management
Strategy

Present results and The energy flow control in the
residential microgrid is divided into two main
operating modes: the grid-connected mode and the
islanded mode. In the grid-connected mode, two
distinct energy flow paths can be identified, while in
the islanded mode, two additional energy flow paths
are also considered, as illustrated in Figure 4. These
operating scenarios will be discussed in detail in the
following sections. The control of the different energy
flows within the residential microgrid is determined
by four main input variables Py,: Power supplied by
the photovoltaic (PV) array.

Pgria: Power exchanged with the main distribution
grid. Ppy: Power available from the battery storage
system. P,q: Power demanded by the AC load, which
consists of two loads, Load 1 and Load 2, with
respective powers Pig; and Pygp, such that: Py = Py +
Piaz.

Grid-tied mode
and battery
disconnected

Supply Load & Excess
Power to Battery

Pv & bt to Load

Figure 4: The proposed Energy Management Strategy.
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The first mode is the islanded mode where the microgrid
and relies on the energy storage system (battery) to ensure
energy balance between PV energy production and load
demand. In this mode, there are two energy flows as
follows:

Flow 1:PV power is greater than or equal to load
demand ( Py, = Pyg). If the PV power is equal to the load
demand (Pyy = Pig), the PV power only supplies the loads.
If Py, is strictly greater than Pld, the battery absorbs the
excess power (Ppa = Ppy - Pig).

Flow 2: PV power is less than the load demand (Pp, <
Pig). If Pyy is less than Pyg, then the battery will supply the
loads (P|d = va + Pbat)-

In the second mode, where the microgrid is connected to
the utility grid, it is based on two power flows as follows:

Flow 3: PV power is greater than or equal to load
demand ( P, = Pyg). Flow 3 is identical to flow 1 when
the load demand is satisfied by Py, if the power (P, =
Pia), Py only supplies the loads. If the power Py, is greater
than the power Pyq, then the excess power is injected into

the grid (Pgia = Ppy - Pia).

Flow 4: PV power is less than the load demand (Pp, <
Pig). when the power Py, is less than the power Pjg, the
loads will be supplied by the utility grid (Pig = Ppy + Pgrig)-

The main contribution of the proposed EMS lies in its low
computational complexity and its explicit consideration of
battery power smoothing, making it suitable for real-time
residential microgrid applications.

4 Results and Discussion

To validate the proposed design and evaluate the
effectiveness of the implemented energy management
strategies, the residential microgrid system was modeled
using the MATLAB/Simulink environment. During the
simulation tests, the power was defined as P, = 5 kW for
the photovoltaic generation unit and P,y = 6 kW for the
total load, divided into Pig; = 3 kW and Py, = 3 kW).
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Figure 10:State of charge (SOC) of the Battery.
Mode 1

Energy flow from PV to battery:

Att={2-2.5s, 3.5-4 s}, with Py, =5 kW and P,y = 0 kW, as
illustrated in Figures 6 and 10, the power generated by the
PV system is entirely absorbed by the battery.

Energy flow from PV to battery and load:
At t = {2.5-3 s}, when Py, =5 kW and P,q = 3 kW, the PV
array supplies the load, and the excess PV power is used to
charge the battery, as shown in Figure 10.

Energy flow from PV and battery to load:

At t = {3-3.5 s}, when Py, = 5 kW and Pload = 6 kW, both
the PV system and the battery coordinate to supply the load.
The battery discharges to meet the additional power demand,
as illustrated in Figure 10.

Mode 2

Power flow from PV to the grid:

Att={0-0.5s, 1.5-2s, 4-5 s}, with P,, =5 kW and P,4 = 0
kW, the power generated by the PV system is injected into
the utility grid, as shown in Figure 5.

Power flow from PV to grid and load:
At t = {0.5-1 s}, when Py, =5 kW and P4 = 3 kW, the PV
system supplies the load, and the surplus power is injected
into the grid, as illustrated in Figure 5.

Power flow from grid and PV to load:

At t = {1-1.5 s}, when Py, = 5 kW and Py = 6 kW, both the
PV system and the grid operate in coordination to supplies
the load.

5 Conclusion

This work presented an energy management strategy for a
residential hybrid microgrid integrating photovoltaic
generation, battery storage, and the utility grid. The proposed
strategy effectively coordinates energy flows between these
sources to ensure continuous and reliable power supply while
improving overall system efficiency. Simulation results
confirmed that the integration of battery storage enhances
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energy stability and reduces grid dependency. Future
work will focus on experimental validation and
comparison with advanced EMS approaches, such as
Model Predictive Control (MPC) based strategies, to
further evaluate the trade-off between performance and
computational complexity.
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Abstract

The rapid evolution of 5G and the forthcoming
6G technologies has enabled massive connectivity
and high data rates for emerging applications such
as the Internet of Things (IoT), autonomous vehi-
cles, and smart cities. However, this advancement
has also intensified energy consumption and com-
putational demand in modern communication sys-
tems. This work presents a multi-layer simulation
framework that integrates terrestrial base stations
(BS), High-Altitude Platform Stations (HAPS), and
Low-Earth Orbit (LEO) satellites to study energy-
efficient ON/OFF control of computing servers in
Non-Terrestrial Networks (NTNs). The goal is to op-
timize server activation and task assignment while
maintaining high Quality of Service (QoS). Four op-
timization algorithms, namely Particle Swarm Opti-
mization (PSO), Genetic Algorithm (GA), Differen-
tial Evolution (DE), and Q-Learning, are compared
with heuristic approaches such as Closest Node and
HAPS-only assignment.

Keywords: LEO, HAPS, MEC, ON/OFF Control

1 Introduction

The evolution of 5G and the upcoming 6G networks
aims to deliver global connectivity, ultra-low latency,
and massive data throughput. However, these ad-
vances come at a significant energy cost: mobile net-
works are projected to account for a growing share
of global electricity consumption, raising urgent con-
cerns about sustainability and carbon footprint.

To address these challenges while extending cov-
erage, Non-Terrestrial Networks (NTNs)—including
High-Altitude Platform Stations (HAPS) and Low-
Earth Orbit (LEO) satellites—are emerging as es-
sential complements to traditional Terrestrial Net-
works (TN). When equipped with Mobile Edge Com-
puting (MEC) capabilities, NTN nodes can pro-
cess data closer to users, reducing backhaul traffic
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and latency. Yet, keeping MEC servers perpetu-
ally active across all layers—terrestrial, HAPS, and
LEO—Ileads to substantial idle energy waste, espe-
cially in sparsely populated or low-demand regions.
This is particularly critical for energy-constrained
NTN platforms, such as solar-powered HAPS or
battery-limited LEO satellites, where every joule
counts. Inspired by cell-switching strategies in ter-
restrial networks—where inactive base stations are
turned off to save energy—this work extends the con-
cept to multi-layer NTN-MEC systems through in-
telligent ON/OFF control. We propose a multi-tier
simulation framework that dynamically activates or
deactivates computing servers based on real-time user
demand, network load, and QoS requirements. By
doing so, we aim to maximize energy efficiency with-
out compromising service reliability, paving the way
toward sustainable, green NTN architectures for 6G
and beyond.

1.1 Background

Integrating NTNs—such as HAPS and LEO satel-
lites—with terrestrial infrastructure has been widely
explored to extend coverage and improve energy ef-
ficiency. Prior work highlights NTN-TN hybrid sys-
tems’ ability to enable traffic offloading, adaptive re-
source allocation, and reduced reliance on grid power
through renewable energy sources like solar. How-
ever, challenges persist in managing latency dispar-
ities and coordinating heterogeneous nodes, calling
for intelligent control mechanisms to jointly optimize
performance and energy efficiency [1,2].

1.2 Problem Definition

We consider a multi-layer NTNs composed of terres-
trial base stations, one HAPS, and one LEO satel-
lite, each equipped with a switchable MEC server.
Let U = {1,...,U} be the set of user requests, and
N = Ngs U {HAPS} U {LEO} the set of computing
nodes.
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We formulate our problem as follows:

1< 1 &
——
Success Rate (SR) Remaining Energy (RE)
(P1)
st. Tom Tun <Dy, Yuel,neN, (Pl.a)
E;Ot — E;:Lomp +E:Lrans + EZCtyn S Ev;nax7 VTL c N,
(PLb)
d aun=1, Vuel, (Pl.c)
neN
Zun € {0,1}, Vu,n, (P1.d)
yn € {0,1}, VYn €N, (Pl.e)
sy € {0,1}, Vuel, (P1.f)

In problem (P1), the decision variables are defined as
follows:

e z,, € {0,1}: binary assignment variable, where
Zyn = 1 if user request u is offloaded to node
n € N (terrestrial BS, HAPS, or LEO), and 0
otherwise;

e y, € {0,1}: binary activation variable, where
yn = 1 if node n is switched ON to serve re-
quests, and 0 if kept OFF to conserve energy;

e s, € {0,1}: satisfaction indicator, where s, =1
if request wu is successfully completed within its
deadline D,,, and 0 otherwise.

The constraints ensure physical feasibility and system
requirements: (P1l.a) enforces that the total service
delay T3') (transmission + computation + queuing)
for any assigned request does not exceed its dead-
line D,. (P1.b) limits the total energy consumed by
each node E!°'—comprising computation, transmis-
sion, and activation costs—to its maximum available
energy budget E®*. (Pl.c) guarantees that each
user request is assigned to exactly one computing
node. (P1l.d—e) enforce binary decisions for assign-
ment and activation. (P1.f) defines user satisfaction:
a request is marked as satisfied only if it is both as-
signed and completed before its deadline.

1.3 Contribution

e Proposes an integrated architecture using ter-
restrial, HAPS, and LEO nodes for low-latency,
energy-efficient processing of IoT and mobile ap-
plications.

e Formulates the request assignment problem with
energy, activation cost, and load balancing con-
straints.

e Compares the proposed approach with baseline
methods.
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2 Methodology

(B — B Our methodology leverages a heterogeneous network

of terrestrial, HAPS, and LEO nodes. We model
request assignment with constraints on energy, ac-
tivation cost, and task deadlines. To evaluate per-
formance, we implement a Python-based simulator
incorporating transmission and computation energy
models. Both online (QL, Closest Node) and offline
(GA, PSO, DE) strategies are tested, providing in-
sights on energy consumption, request success rate,
and overall energy/QoS efficiency.

2.1 Theoretical Framework

This work is grounded in established models for het-
erogeneous NTN. The transmission rate between user
u and node n is computed using Shannon’s capacity:

Pu,nGu,n)

2
NOBu,n ( )

Dy = Bynlog, <1 +

where B, , is bandwidth, P, ,, transmit power, G, ,,
effective channel gain (including free-space path loss,
atmospheric attenuation for HAPS, and Doppler ef-
fects for LEO), and Ny noise spectral density.

2.2 Datasets and Tools

To model the heterogeneous network, we designed
and implemented a modular Python-based simulator
using libraries such as NumPy, PyQt, pymoo, and
pandas.

2.3 Algorithm Description

We evaluate both online and offline strategies for task
assignment under OnDemand server activation:

e Q-Learning (online):

— State space: (NBS,  NHAPS NLEO N

active’ * Vactive 7 * Yactive
number of active users per layer.
— Action space: Assign the current task to
one of {BS, HAPS, LEO} (3 discrete ac-
tions).

— Reward function: Positive reward for suc-
cessful task completion, penalty for failure;
inversely proportional to energy consumed
(Joule/Dbit).

e GA, PSO, DE (offline):

— Search wvector: A flattened binary assign-
ment matrix x € {0,1}Y*Y | where z,,,, =
1 if task u is assigned to node n.
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— Fitness function: Directly derived from the
scalarized objective of (P1): maximize suc-
cess rate and remaining energy.

e Heuristics (Closest Node, HAPS-only) use On-
Demand activation but make greedy assignment
decisions without learning or global optimiza-
tion.

3 Results and Discussion

3.1 Experimental Setup

Our experiments consider a multi-layer NTN with
four terrestrial BS (1 km coverage each), one HAPS at
20 km, and one LEO satellite at 480 km, all equipped
with switchable MEC servers. User requests follow
three types: Type 1 (1-3 MB, 0.2 s deadline), Type
2 (36 MB, 0.5 s), and Type 3 (6-10 MB, 1.0 s).
Node capacities are 3 GHz (BS), 5 GHz (HAPS), and
10 GHz (LEO). Transmit powers are 30 dBm (BS),
33 dBm (HAPS), and 40 dBm (LEO), with antenna
gains of 10 dBi, 15 dBi, and 8 dBi, respectively. Ac-
tivation costs are 5 J, 20 J, and 50 J, and residual
energy budgets are 10 KJ (HAPS) and 15 KJ (LEO).
The channel uses Ng = —174 dBm/Hz noise.

3.2 Quantitative Results

We define the energy/satisfaction ratio (also referred
to as energy/QoS) as the number of successfully com-
pleted tasks per joule of total energy consumed across
all nodes, providing a unified metric that balances
service reliability and energy sustainability.

As shown in Fig. 1, the Q-Learning model con-
verges after approximately 1000 training episodes,
achieving a significantly better energy /satisfaction
ratio than the ClosestNode heuristic, with Q-
Learning requiring approximately 15% less energy per
successful task at convergence. This demonstrates Q-
Learning’s ability to learn energy-aware assignment
policies that outperform greedy strategies.

Figure 2 presents the success rate as a function
of the number of concurrent users, ranging from 10
to 100. At peak load (100 users), PSO achieves the
highest success rate at 94%, followed closely by Q-
Learning at 92%, while GA and DE reach 88% and
85%, respectively. In contrast, heuristic methods suf-
fer severe degradation: ClosestNode drops to 48%
and HAPSOnly to only 27%. These results confirm
that intelligent optimization is essential for maintain-
ing high QoS under heavy demand, whereas static or
proximity-based assignment fails to scale in dynamic
multi-layer NTN environments.

NTRICS2026, 3rd Edition, 15-16 January 2026, SUP’COM, Tunisia —

10600 -

10400 [

Random

10200 TimeGreedy
ClosestNode
Q-Learning

10000 -

9800 -

9600 -

9400

Energy (Joule) / QoS

9200 -

9000 -

8800

8600

8400
0

100 200 300 400 500 600 700 800 900 1000
Number of episodes

Figure 1: Q-Learning Model Training

P NP S S S
90 - -
80 -
70 -

60

50

Success Rate (%)

40 -

30 || —®— OnDemand + ClosestNode

OnDemand + DE 9

20 [{~ #- -OnDemand + GA

----- ¢ OnDemand + HAPSOnly

10 |{—%— OnDemand + PSO

~ %~ -OnDemand + QLearning
. . .

. . . . . . .
10 20 30 40 50 60 70 80 920 100
Number of Users

Figure 2: Success Rate vs Users

4 Conclusion

This work demonstrated that intelligent ON/OFF
control of computing servers in Non-Terrestrial Net-
works can significantly improve energy efficiency and
service reliability. Among the evaluated methods,
PSO and Q-Learning achieved the best balance be-
tween success rate and scalability, outperforming
heuristic approaches.
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Abstract

The uneven distribution of LIDAR point cloud (PCL)
data frequently leads to poor clustering quality, that
significantly affects the accuracy of 3D road object
detection. This paper presents a LiDAR-based de-
tection pipeline designed to alleviate this problem.
First, the approach limits clustering inconsistencies
by defining regions of interest (ROIs) and evalu-
ating several clustering methods. Then, it applies
object-oriented bounding box (OBB) fitting strate-
gies adapted to different object classes, using Prin-
cipal Component Analysis (PCA) to guarantee sta-
ble and reliable OBB fitting results. Finally, a Ran-
dom Forest (RF) model is employed for object classi-
fication. Experimental results on the KITTI dataset
demonstrate that the proposed method achieves ro-
bust and consistent 3D object recognition perfor-
mance

Keywords: Autonomous driving, Environment
perception, LiDAR, Clustering, Vscore

1 Introduction

Accurate 3D object detection from LiDAR point
clouds (PCL) is critical for the safety and naviga-
tion of autonomous vehicles. However, the PCL dis-
tribution variation represents a significant challenge
for the 3D OBB detection. Specifically, while the
PCL density is highest for points closest to the sen-
sor, it decreases as the square of the distance from the
sensor[1]. As a result, as the distance from the sen-
sor increases, the points become sparser and are thus
more difficult to cluster using conventional methods
based on fixed density thresholds. This leads to miss-
classification between neighboring clusters and the
consideration of distant clusters as noise due to re-
duced clustering density [2]. To address this issue,
Y. Tian et al. introduced the elevation-reference con-
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nected component labeling (ER-CCL) algorithm with
a flexible search range [3], though at the cost of high
computational complexity. Subsequent work pro-
posed adaptive approaches such as A-DBSCAN and
improved L-Shape algorithms for oriented bounding
box (OBB) fitting [4]. PointNet [5] introduced a new
way to use neural networks for classification and seg-
mentation of point cloud data. The recently updated
PointPillars architecture, as noted in [6], uses a com-
bination of multiple pooling and multi-scale fusion in
order to improve classification accuracy on the KITTI
dataset.

However, one major limitation still persists : the
existing method for separation of foreground are poor
or incomplete. Without a reliable separation between
foreground and background, selection of clustering
parameters becomes difficult. In this paper, it is
shown that by properly segmenting foreground and
background, conventional clustering approaches can
continue to be very successful in detecting objects on
the roadway and achieve equal or better performance
compared to when using complex adaptive methods.

The key contributions of this paper include the fol-
lowing;:

e (Clustering evaluation on kitti validation set.

e A comprehensive evaluation of the object classi-
fication performance.

2 Methodology

2.1 Theoretical Framework

A multilevel DBSCAN approach is used in this
pipeline to resolve the problem of points’ density
variation in LiDAR data. Typically, DBSCAN only
uses one threshold value (density) based on the two
parameters ¢ (maximum possible distance between
two points that can be considered neighbors) and
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minPoints (the minimum number of points needed
to determine whether a cluster exists). Therefore,
it will not work properly on LiDAR data that have
varying densities of points close together and far away
from each other. In order to overcome this issue, a
three-level approach is taken to mitigate the effects
of this particularity in clustering (it uses 3 layers of
DBSCAN). First, relatively small € values and a high
number of minPoints are used to find compact clus-
ters of closely related objects. Secondly , we consid-
ered larger ¢ values and fewer minPoints, simultane-
ously, to accommodate for the sparse nature of some
of these clusters that may have been missed during
the first phase of clustering. In this way, by applying
DBSCAN in three levels, the number of instances in
which adjacent objects are incorrectly merged, and
the potential for incorrectly disrupting large clusters,
should be greatly diminished. Parameters of both
clustering algorithms are mentioned in Table 1.
OBBs are then computed using Principal Compo-
nent Analysis (PCA) [7] on the 2D horizontal pro-
jection of the 3D point cloud. Let pgxy] = [z, y]T
denote the 2D projection of the i-th 3D point onto
the zy-plane. To perform PCA, these points must

first be centered by subtracting the mean of the point
/[zy]

cloud. The centered 2D points p; are calculated

as:

1 n
Pl = p — ™, where piY =~ pl
i=1

(1)
The covariance matrix C is then computed from the

centered points pg[xy] as:

1 n
C=_> e 2)

i=1

Then, eigenvalue decomposition is applied to C to ex-
tract the principal directions. The orientation angle 6
of the OBB is derived from the dominant eigenvector.

2.2 Algorithm Description

The 3D object detection pipeline described in Fig-
ure 1 consists of several stages. It starts with gen-
erating the PCL annotation given 3D OBB annota-
tions based on the camera’s coordinate frame. The
OBBs are then transformed from the camera’s co-
ordinate system into the LiDAR coordinate system.
The LiDAR points in the car, cyclist, and pedestrian
boxes were assigned the same label as their corre-
sponding box. Any points that were found outside
of the Regions of Interest (ROIs) were considered
background points and removed from consideration.
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The remaining foreground points were then clustered
using five separate algorithms (DBSCAN [8], Mul-

2{e]]
definition

Clustering

Detected

T Classification

Figure 1: Lidar Pipeline

tilevel DBSCAN, HDBSCAN [9], OPTICS [8], and
Spectral Clustering [10]) in order to create a bench-
mark for comparing the clusters. These five clus-
tering methods support model interpretability and
have relatively low computational requirements; en-
tity clustering is relevant to the development of robot-
ically autonomous agents. The clusters that result
from the clustering methods were each fitted to a 3D
OBB, and subsequently, a set of 10 descriptors were
generated for each cluster. It includes cluster centroid
coordinates, length, width, and height of each cluster,
density, cluster reflectance, occlusion status, and ori-
entation. To provide balanced classification results,
training data was equilibrated across the three differ-
ent classes (car, cyclist, pedestrian) and a machine
learning model was trained to predict the classes of
the 3D OBB. Performance of the model was evaluated
on the KITTT validation dataset.

The KITTI dataset [11] is commonly used in re-
search related to Autonomous Driving. It contains
7,481 unique images which have been labeled. Ac-
cording to [12],the set is split into 3,712 images used
for training and 3,769 images for testing. In total,
the KITTI dataset has 17,558 labeled objects.

Table 1: Comparison of clustering methods on KITTI
LiDAR data (validation set); V: Vscore, H: Homo-
geneity, C: completeness

Method \Y% H C
DBSCAN 0.96 096 0.98
(n=8, eps=1)

Multilevel 0.95 098 0.95
(n=10, 9, 8; eps=0.8, 0.9, 1)

HDBSCAN 0.86 0.96 0.88
(n=10)

OPTICS 0.85 096 0.86

(n=10, eps=0.1, xi=0.05)
Spectral Clustering

(n=8, kernel=rbf) 0.58

0.87 0.57
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Table 2: Model Performance Metrics with Percentage Breakdown

Metric Precision Recall F1-Score TP % FP % FN %

RF-Multilevel 0.94 0.88 0.91 87.6 5.7 12.4

RF-DBSCAN 0.94 0.87 0.90 86.9 5.3 13.1

Table 3: Performance by Difficulty Level and Class
Metric Car Cyclist Pedestrian
Easy | Moderate | Hard Easy | Moderate | Hard Easy | Moderate | Hard

Precision | 0.9866 0.9832 0.9812 | 0.8824 0.6043 0.2703 | 0.8765 0.8343 0.7494
Recall 0.9156 0.9019 0.9005 | 0.8824 0.5904 0.2041 | 0.8656 0.8218 0.7222
F1-Score | 0.9498 0.9408 0.9391 | 0.8824 0.5973 0.2326 | 0.8710 0.8280 0.7355

3 Results and Discussion

3.1 Experimental Setup

Using a systematic grid search optimization method,
optimal values were found for the parameters asso-
ciated with each of the five clustering algorithms.
The results of the grid search optimization are sum-
marized in Table 1. Each algorithms performance
was assessed using standard measures: V-measure,
homogeneity and completeness. We also compared
the performance of three different machine learning
classifiers: Support Vector Machine (SVM), eXtreme
Gradient Boosting (XGBoost), and Random Forest
(RF). Among these, the RF classifier performed the
best and was used for all future tests and analy-
ses. The RF model constructed 200 trees of vari-
able depths. Similar to traditional tree-based clas-
sification models, the RF model made use of sqrt
feature sampling and bootstrap aggregation to cre-
ate the random patterns observed in the trees. The
splits of a given node in the tree required a minimum
number of two samples to create a viable candidate
for the next branch. This allows single sample leaves
to support fine-grained classification patterns. We
evaluated classification performance using standard
metrics: Precision, Recall, Fl-score, as well as de-
tection statistics: True Positive (TP), False Positive
(FP), and False Negative (FN). We used the Hun-
garian algorithm to match ground-truth objects with
those predicted by the RF classifier with a maximum
distance of two meters.

3.2 Quantitative Results

Based on the clustering and classification results
showed in Tables 1 and 2, the proposed multilevel
DBSCAN algorithm realized the best performance
compared to the other methods in terms of highest
TP rates and V-measure scores. It demonstrates that
it can provide improved performance by effectively
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dealing with points distributions variations, by pre-
venting the merging of adjacent objects and the over-
segmentation of larger objects. The overall recall of
scenes is improved for the proposed method.

The classification results listed in Table 3 further
support that this proposed clustering method yields
TP rates high enough to be reliable and accurate for
classifying objects.

3.3 Qualitative Results

The quality of the detection compared to the ground
truth can be seen in Figure 2: the further an object
is from a vehicle, the more challenging its 3D OBB
accurat prediction (especially their size and orienta-
tion). The smaller clusters produced in Tracks 4 and
5 resulted from having fewer PCL available to prop-
erly capture the volume of the objects being detected.

Cluster 1

Track 4

Car

Dim: 1.6x1.1x2.6
Orientation: 5.97 rad

Cluster 2 Type: BBox OBB

Track 3

Cluster 3 Car
Cluster 4 Track 1
Track 0 Car
Car Dim: 471637
Dim: 1.5x1.24QcRnigkipp 55.86 rad
Orientation: 5ypead@iox OBB
Type: BBox OBB __g

Cluster 0

Track 5

Dim: 1.8x1.4x3.8 Car

Orientation: 5.72 rad Dim: 1.6x1.5x1.7
Type: BBox OBB Orientation: 4.20 rad
Type: BBox OBB

Figure 2: visualisation of OBB detected in frame 8;
ground truth: green OBB and detection: red OBB

4 Conclusion

This study developed an effective LiDAR-based 3D
detection pipeline, demonstrating that traditional
clustering methods, particularly DBSCAN and Mul-
tilevel DBSCAN, remain highly competitive when
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combined with reliable foreground—background sep-
aration, achieving V-scores up to 0.9593. The pro-
posed approach to estimate the object orientation
by PCA produced geometrically accurate object ori-
entations and yielded to very sufficient results from
the entire pipeline across object classes. The vehicle
class having an Flscore of 0.9498 highlights the per-
formance of the proposed method . However, there
are still challenges associated with detecting distant
objects and cyclists in difficult conditions as a result
of point sparseness and occlusions. Future work will
investigate more robust background filtering meth-
ods and adaptive clustering strategies to improve the
detection reliability from these types of objects.
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Abstract

This work investigates the relationship between con-
tinuous transformation groups and their discrete
equivalent in image texture analysis using the no-
tion of rational closure I(H,T'). We focus on the
behavior of rational and irrational orbits generated
by subgroup actions on a discrete lattice I' = Z2.
Rational orbits produce periodic and structured tra-
jectories, while irrational orbits exhibit quasi-ergodic
distributions over the discrete grid. These results are
illustrated by numerical simulations.

Keywords: Rational colusre, irrational, Ergodic,
Heisenberg Group, Nilpotency, Image, Texture.

1 Introduction

Image texture analysis is a central problem in visual
information processing, as it provides critical cues for
object recognition, surface characterization, and pat-
tern understanding. Textures often combine local
regularity with global variability [7] , making them
challenging to model within a unified mathemati-
cal framework. Although traditional approaches rely
on statistical descriptors or frequency-based meth-
ods [8], recent advances highlight the need for ge-
ometric and algebraic models that can help texture
analysis.By introducing the notion of rational closure,
defined as the smallest connected and normal sub-
group compatible with the discrete structure of T,
we can determine which continuous transformations
can be discretized consistently without disrupting the
structural coherence of the representation. This con-
tribution is interpreted in the context of Texture im-
age analysis.
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2 Background

In this section, we give a brief review of certain re-
sults from rational structures and uniform subgroups
of connected simply connected nilpotent Lie groups
which will be used in the main part of the paper. The
general references used in this section are [3].

Let G be a connected, simply connected nilpotent
Lie group with Lie algebra g. Then the exponential
map

exp:g — G

is a diffeomorphism. Let
log: G— g
denote the inverse of exp.

Definition 2.1 (Totally irrational subalgebra)
Let G be a connected simply connected nilpotent Lie
group with Lie algebra g, and let T' be a discrete
uniform subgroup of G. A subalgebra by of g is said
to be totally irrational if b is not contained in any
proper rational Lie subalgebra of g.

Theorem 2.1 Let G be a connected simply con-
nected milpotent Lie group with Lie algebra g and T’
a discrete uniform subgroup of G. Let H be a con-
nected closed subgroup of G. Then the action of H
on GJT is ergodic if and only if its Lie algebra b is
totally irrational in g.

Remark 2.1 The above result is well known in the
case where H is a one-parameter subgroup.

In [1], we give a new criterion of ergodicity of nil-
flows in terms of I(H,T).

Theorem 2.2 Let G be a connected simply con-
nected nilpotent Lie group and I' a discrete uniform
subgroup of G. Let H be a connected closed subgroup
of G. Then the nilflow (G/T,H) is ergodic if and
only if I(H,T') =G.
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g (The Directions):
The Lie algebra of G, representing
the “infinitesimal” directions of

transformations. \

exp:g—>G

(The exponential map connects
directions to transformations).
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Figure 1: The continuous space G: A connected, simply connected nilpotent Lie group. Think of this
as the smooth space of all possible transformations(e.g, translations, rotations,..), The discrete grid T'): a
discrete uniform subgroup of G. This represents a structured lattice , analogous to the pixel grid in an image.

Example 2.1 (The 3-dimensional Heisenberg grampge processing, using the Heisenberg group as the

Consider the 3-dimensional Heisenberg algebra
g = R-span{X,Y, Z} with Lie brackets given by

X,Y]=Z

and the non-defined brackets being equal to zero or
obtained by antisymmetry.

Let G be the connected, simply connected nilpotent
Lie group with Lie algebra g. For k € N\ {0}, let

Iy = exp(%ZZ) exp(ZY ) exp(ZX).

FEach uniform discrete subgroup of G is isomorphic
to exactly one T'y. Let T =T for some k € N\ {0}.

1. Let H = exp(RX) be a one-parameter subgroup
of G. Then

(H,T) = exp(RX) exp(ZZ) exp(ZY),
and
I(H,T) = exp(RX) exp(ZZ) = exp(ZZ)H.

2. Let H = exp(R(X + aY)), where « € R\ Q. It
is clear that (H,T') = G and so I(H,T') = G.

Thus
N&L(H) =G,

and H acts ergodically on G/T.

3 Application to image texture
analysis

In this section, We demonstrate how the theoreti-
cal concepts can be related to an application such as
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underlying mathematical model.

In the context of digital image processing, the oper-
ations applied to an image are performed on a pixel
grid, which corresponds to a discrete lattice (or net-
work) I C G.

Rational orbit (a = 0.5) rrational orbit (e = v2)
8inary mask - Rational orit )

Binary mask - Irrationa orbit

Figure 2: first line: rational orbit with o = 1/2 (and
irrational orbit with a = /(2) ) orbit. Second line:
Their corresponding binary mask..

We recall that G is the 3-dimensional Heisenberg
group:

G = (z,y,1) € R, [(2,9,1).(«", ¢/, )] = (0,0, 2y ~ya')

describes local transformations in the space of signals
or images. Then, we consider its discrete network (or
lattice):
' ={(m,n,p)lm,n,p € Z}

modeling pixels grid and phases. Therefore, the ra-
tional closure I(H,T) represents the set of consistent
translations with the discrete grid, i.e those that pre-
serve the structure of the pixel and phase network.if
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we introduce an oblique sub-group:
H, = {(z,az,0)|z € R}

then we can easily demonstrate that the ergodic-
ity criterion distinguishes between rationnel and ir-
rationnel transformation:

o if @ € Q (rationnel transformation), I(H,I') #
G, why? Let « be a rationnel number (e.g.1/2).
The transformation aligns with the discrete un-
derlying lattice I'. After applying the criterion,
calculation shows the rationnel closure I(H,T)
is a proper subgroup of G( I(H,T') # G). In this
case, the rationnel transformation produces a pe-
riodic,structured trajectory. The orbit is sparce
and aligns with the underlying grid, creationg a
predictable patter,

e if ¢ Q (irrationnel transformation), I(H,T") =
G, why? Let a be a rationnel number (e.g.v/2).
The transformation fundamentally misaligned
with the discrete underlying lattice I'. After
applying the criterion, calculation shows the ra-
tionnel closure I(H,T) spans the entire group G
(I(H,T) = G). The action is ergodic. It is space-
filling and aperiodic. In this case, the irrationnel
transformation produces a a quasi ergodic distri-
bution. The orbit densely fills the space, creating
a complex, aperiodic texture without discernable
repetition: it is the signature and unfolding of er-
godicity,

This reflects a fundamental distinction between
periodic and aperiodic textures in image analy-
sis.

Simulations results in figure 2 demonstrate the
effectiveness of our approach for @ =-1/2 (ratio-
nal) and o = —/2 (irrational). The two images
definition is 256*%256. The orbit is generated for
different scenarios by varying the number of it-
erations n. The results shown in figure 2 are the
trajectory reached by the orbit in the last itera-
tion i.e. n = 256 * 256.

4 Conclusion

The main contributions of this paper are summarized
as follows: we introduced a new elegant criterion in
nilpotent Lie group: the action of H is ergodic if only
if I(H,T) = G and we demonstrated that this ab-
stract mathematical condition provides a direct and
powerful explanation for the visual difference between
periodic and ergodic image texture.

As clear directions for future work, we plan to de-
velop quantitative metrics of ergodicity to move be-
hind the binary ergodic/non-ergodic distinction and
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implement large-scale simulations to validate the pro-
posed model on real-world image datasets. Finally,
we will explore the utility of this framework in other
areas of signal processing and pattern recognition.
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Abstract

The accurate analysis of brain activity during rapid
cognitive tasks is crucial for neuroergonomics and
brain-machine interfaces. This study investigates
the combined effects of type of attentional alerting,
cognitive conflict, and temporal delays on cerebral
oxygenation using functional Near-Infrared Spec-
troscopy. We employed a pipeline including signal
preprocessing, featuring and modelling. Statistical
analysis revealed significant main effects for both con-
gruence and SOA on signal intensity (amplitude and
overall oxygen delivery over task time), with no effect
observed for mode. For instance, congruence signif-
icantly enhanced oxygenation responses at shortest
and longest delays.

Keywords: fNIRS, Attentional orienting,
GLM, attentional modulation.

1 Introduction

The study of the brain mechanisms involved in
decision-making, motor coordination and cognitive
load is of major importance in fields such as neuroer-
gonomics, motor rehabilitation and brain-machine
interfaces. In this context, it is essential to be
able to accurately record and analyse brain activ-
ity during simple but rigorously controlled cogni-
tive and motor tasks. Besides established techniques
like functional Magnetic Resonance Imaging (fMRI),
MagnetoEncephaloGraphy (MEG), Positron Emis-
sion Tomography (PET) and electroencephalography
(EEG), a widely used modality is functional Near-
Infrared Spectroscopy (fNIRS). It measures varia-
tions in cerebral oxygenation with high spatial res-
olution. The portability, low cost, and tolerance

to motion of fNIRS make it an invaluable tool for
conducting ecological studies, often in combination
with EEG, thereby overcoming the constraints inher-
ent to other high-resolution methods like fMRI and
MEG [1].

Specifically in the field of attentional research,
fNIRS has been instrumental in mapping the neural
correlates of working memory, cognitive load, and ex-
ecutive control. In [2], {NIRS was employed to study
tasks requiring the inhibition of distracting informa-
tion and the temporal orienting of attention. In [3], a
multi-factor complex paradigm, allowed the study of
the hemodynamic cost associated with various cogni-
tive demands, etc.

This study employs a paradigm to investigate
the dynamic interplay between anticipation (SOA),
attentional alerting (Mode), and cognitive conflict
(Congruence) on Oxygenated Hemoglobin (HbO) dy-
namics [4]. The primary objective is to determine
how these combined factors affect brain oxygenation
in a rapid-event paradigm by quantifying key fea-
tures of the hemodynamic response: the Amplitude,
reflecting the peak intensity of the brain’s response
or activation level, and the Area Under the Curve
(AUC), representing the cumulative intensity and du-
ration of the response, or the total overall oxygen de-
livery over the task time.

Paper is organized as follows. Section 2 details
the experimental approach. It is followed by fNIRS
preprocessing, GLM modelization with SS regressors,
features extraction and cleaning. Section 3 validates
the GLM model and gives the main statistical find-
ings, focusing on the significant Congruencex SOA in-
teraction. Finally, Section 4 provides the conclusion
and perspectives.

65



NTRICS2026, 3rd Edition, 15-16 January 2026, SUP’COM, Tunisia

2 Methodology

2.1 Experimental paradigm

Fourteen brain optodes were placed in order to tar-
get the brain specific areas of interest : frontal lobe
(particularly the prefrontal cortex), the parietal lobe
(focusing more on its posterior part), and the upper
part of the temporal lobe. The data was collected
during an experiment conducted on 24 individuals.
Each participant sat in front of a computer and had
to press one of two keys on the keyboard (‘/’ at the
bottom right or ‘z’ at the top left) depending on
what was displayed on the screen. There were two
categories of alerts: endogenous alert (a mechanism
where participants prepared to act on their own in
presence of an auditive stimuls with fixed intensity)
and hybrid alert of endogenous and exogenous (use
of an external auditive stimulus with a temporary in-
crease in volume). Each trial consisted of displaying
a coloured rectangle with two squares. If the rect-
angle was green (congruent), the participant had to
press / if the square on the right lit up, or z if it was
the square on the left lit down. If the rectangle was
red (incongruent), the responses were reversed: z for
the square on the right and / for the square on the
left. In addition, the time interval between the warn-
ing signal (sound) and the imperative stimulus, called
Stimulus Onset Asynchrony (SOA), varied in order to
assess its impact on participants’ performance. Four
SOA conditions were tested: no delay (0 ms), 100 ms,
250 ms, and 850 ms [4].

2.2 fNIRS preprocessing

Raw fNIRS signals are often affected by noise, par-
ticularly due to movement or intrinsic physiological
processes. In this work, fNIRS data processing was
performed using the Homer3 interface [5]. The pre-
processing steps are :

e Data conversion: the raw data was first converted
into intensity, then into absorbance changes. Next,
optical signals were transformed into concentrations
of Oxyhemoglobin (HbO).

e Motion artefact removal: to correct for disturbances
caused by participant movement, an automatic arte-
fact detection method, followed by robust local re-
gression were applied. This combination effectively
eliminates transient anomalies while preserving the
essential characteristics of the hemodynamic signal.

e Bandpass filtering: a filter between 0.03 and 0.15
Hz was applied to eliminate physiological and instru-
mental noise, while preserving the slow components
related to brain activity.
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2.3 GLM modelisation

The slowness of the hemodynamic response combined
with the proximity of the trials causes activations to
overlap, making it difficult to separate them tempo-
rally. In fact, the Hemodynamic Response Function
(HRF) which reflects the change in blood oxygena-
tion, typically peaks between 5 and 8 seconds after
the stimulus onset and can take up to 20-30 seconds
to fully return to baseline. Conversely, in this exper-
miment, the button-press trials are often separated
by only a few seconds which causes the hemodynamic
responses from successive trials to significantly over-
lap.

To successfully separate these successive trials and
accurately estimate the brain’s response to each ex-
perimental condition, a process called deconvolution
is essential. It is achieved using the General Linear
Model (GLM) which is based on a canonical hemo-
dynamic model allowing to estimate the amplitude of
the cerebral response for each experimental condition
[6]. In presence of external noise, Short-Separation
(SS) channels are added as nuisance regressors in the
design.

The general formulation of GLM-SS is the following
(7] :

Y = Xtask/@task + XSSﬁSS +e (1)
where Y is the measured fNIRS signal (here HbO)
as a time series of length IV, Xi.qkis task-related re-
gressor (stimulus convolved with HRF), Xgs is short-
separation regressor modeling superficial physiologi-
cal noise, 3,4 are coeflicients of interest representing
task-related activation and Bgqq are nuisance coeffi-
cients accounting for scalp/systemic components.

2.4 fNIRS based features

In order to characterise the hemodynamic response,
nine robust features from the GLM model are ex-
tracted [8].They are illustrated in Fig. 1 and resumed
as follows: Amplitude (maximum intensity or acti-
vation level), Latency or Time To Peak (time dura-
tion from the start of the response to peak), Time to
Trough (duration from the start to maximum nega-
tive intensity), Rise Slope (rate of increase from the
onset towards the peak), Fall Slope (rate of decrease
from the peak towards the baseline), Peak to Trough
(duration from the peak to the trough), Area Under
the Curve or AUC (total energy of the activation) and
Full Width at Half Maximum or FWHM (duration of
activation above 50% of the maximum).
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Figure 1: HRF signal and its parameters of interest

2.5 Statistical tests

To assess the effects of the experimental manipu-
lations on the HbO hemodynamic response, Linear
Mixed-Effects (LME) models were implemented for
each extracted feature to know if the selected fea-
ture makes a statistical difference between the exper-
imental conditions.This method was chosen in order
to analyze data where measurements were repeatedly
taken from the same participants (one to eight trials
for each participant for each condition).

The LME considered the three experimental fac-
tors, namely the mode, the congruence and the SOA,
along with their one way and two-way interactions.
The one-way effects allow to examine how each vari-
able individually modulated the HbO signal. The
two-way interactions provides deeper insight into how
these factors jointly influences the neural activation
patterns.

To further explore the interaction effects, contrast
analyses were performed to test specific hypotheses
regarding the congruence factor within each SOA
level. The post-hoc comparisons allow to determine
whether the difference between congruent and incon-
gruent trials remained constant or varied across tem-
poral intervals. Hence, Bonferroni correction can be
applied across all SOA levels.

3 Results
3.1 GLM modelisation
Fig. 2 compares fNIRS signal quality before (No

GLM) and after applying a GLM-SS. The dashed
lines represent the raw HbO signal (No GLM), while
the solid lines show the reconstructed responses es-
timated by the GLM-SS, which better match the
canonical hemodynamic response function (black
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line). Boxplots show that the GLM+SS correction
significantly increases the correlation of HbO with the
expected response (pvalue < 0.001). The RMSE =

N2
\/Jb Zfil (Y; — Y;) decreased from 0.19 uMol to

0.08 nMol. These results demonstrate that GLM-
SS removes superficial physiological noise, yielding
cleaner and more physiologically consistent hemody-
namic responses.
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Figure 2: GLM modelisation results.

3.2 Statistical results

Results from these univariate models revealed that
Congruence significantly influenced Amplitude (p =
0.047), indicating stronger hemodynamic responses
in congruent compared to incongruent trials. Ad-
ditionally, SOA showed a significant main effect on
both Amplitude (p < 0.001) and RecoverySlope
(p = 0.048), suggesting a temporal modulation of the
hemodynamic response across stimulus onset asyn-
chronies. No significant main effects of Mode were ob-
served for any descriptor. Crucially, features related
to temporal aspects of the response (PeakTime, La-
tency, OnsetTime, RecoveryTime, FWHM) did not
show significant variations, possibly due to the tem-
poral proximity of events and the averaging effect of
the HRF model.

To investigate the temporal dependence of the at-
tentional effect, a mixed-effects ANOVA was con-
ducted to examine the interaction between Congru-
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ence and SOA on the two primary descriptors of in-
tensity. The model revealed a significant main effect
of Congruence (p = 0.044 for AUC and p = 0.030
for Amplitude), as well as a robust significant inter-
action effect between Congruence and SOA for both
descriptors (p < 0.001 in both cases). This crucial
finding indicates that the effect of congruence on the
hemodynamic response depends on the temporal sep-
aration between cue and target.

Post-hoc contrasts (coefTest), corrected using a
Bonferroni adjustment (p < 0.0125), further specified
this modulation: the Congruence effect was signifi-
cant for the shortest (0 ms) and longest (850 ms) SOA
levels, for both AUC and Amplitude. These results
suggest a bimodal modulation of attentional process-
ing, where congruence enhances neural efficiency at
the immediate and delayed stages of attentional de-
ployment.

Fig. 3 illustrates these effects by displaying the
mean HbO responses across SOA levels for both con-
gruent and incongruent conditions. As shown, the
AUC values are higher in the congruent condition at
the shortest SOA, reflecting an early facilitation ef-
fect in attentional orienting. For longer SOAs, the
difference between conditions diminishes, suggesting
that the temporal separation between cue and tar-
get reduces the congruence-driven enhancement of
the hemodynamic response. In contrast, Amplitude
exhibits a similar but less pronounced modulation,
indicating that while the total activation (AUC) is
sensitive to temporal dynamics, the peak intensity of
the response remains more stable across conditions.

*
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0.170042 0.0100044
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0.170036 - 0.0100038
0.170034 - 0.0100036

0.170032T 0.0100034

AUC moyenne + SEM
AMPLITUDE moyenne + SEM

0.17003 |- 0.0100032¢
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Figure 3: Interaction effects of Congruence and SOA
on HbO’s Amplitude and AUC.

4 Conclusion

This study investigated the dynamic temporal alloca-
tion of attention using fNIRS. It addressed the chal-
lenges of a rapid-event paradigm through a pipeline
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including signal preprocessing tasks and GLM+SS
to ensure reliable HbO features. Statistical analy-
sis, performed using LME, demonstrated a significant
Congruence x SOA interaction which is maximized at
immediate (SOA=0ms) and delayed (SOA=850ms)
intervals. For future work, a multimodal integration
by co-analyzing these fNIRS findings with EEG data
will allow a critical alignment of the slow hemody-
namic changes with fast electrophysiological activity,
providing a complete spatio-temporal understanding
of the observed bimodal attentional control pattern.
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