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RESUMO

Aguiar, Leonardo Pacheco de. Andalise de desempenho de NOMA baseado em
Q-Learning em redes de retransmissao satélite-terrestre. 2025. 46 f. Dissertacao
por coletdnea (Mestrado em Sistemas de Energia) — Universidade Tecnoldgica Federal do
Parana, Curitiba, 2025.

Neste trabalho, é analisado o desempenho do Acesso Multiplo Nao-Ortogonal (NOMA)
baseado em @Q-learning em Redes de Retransmissao Satélite-Terrestre (STRNs),
abordando os principais desafios nas comunicagoes de Internet das Coisas (IoT) em
larga escala. Especificamente, focou-se nas métricas de eficiéncia energética e de taxa
de transmissao de dados normalizada em cenarios de uplink. Integrando um algoritmo
distribuido de Q-learning com o NOMA, os dispositivos IoT podem otimizar de forma
autonoma os parametros de transmissdao, como intervalos de tempo, canais e niveis de
poténcia, aprimorando o desempenho geral da rede. O esquema proposto supera as
estratégias de poténcia fixa, alcangando maior taxa de transmissao de dados normalizada
e eficiéncia energética sob diferentes densidades de rede, oferecendo uma melhoria de até
73% na eficiéncia energética. Os resultados da simulagao validam a eficdcia do protocolo,
demonstrando seu potencial para implementagoes em larga escala de IoT em STRNs, por
meio de alocacgao eficiente de poténcia e reducao das taxas de colisdo.

Palavras-chave: Internet das Coisas, Q-Learning, Acesso Multiplo Nao-Ortogonal,
Inteligéncia Artificial

(X) Nao autorizo a disponibilizagdo de enderego de correio eletronico para contato.
(V) Autorizo a disponibilizacio do seguinte correio eletronico para contato:
leonardoaguiar@alunos.utfpr.edu.br



ABSTRACT

Aguiar, Leonardo Pacheco de. Performance Analysis of Q-Learning-Based NOMA
in Satellite-Terrestrial Relay Networks. 2025. 46 f. Dissertacao por coletanea
(Mestrado em Sistemas de Energia) — Universidade Tecnolégica Federal do Parana,
Curitiba, 2025. Titulo original: Anéalise de desempenho de NOMA baseado em Q-Learning
em redes de retransmissao satélite-terrestre

In this work, we analyze the performance of ()-learning-based Non-Orthogonal Multiple
Access (NOMA) in Satellite-Terrestrial Relay Networks (STRNs), addressing key
challenges in massive Internet of Things (IoT) communications. Specifically, we focus on
energy efficiency and normalized throughput metrics in uplink scenarios. By integrating
a distributed @Q-learning algorithm with NOMA, IoT devices can autonomously optimize
transmission parameters — such as time slots, channels, and power levels — enhancing
overall network performance. The proposed scheme outperforms fixed-power strategies
by achieving higher normalized throughput and energy efficiency under varying network
densities, offering up to 73% improvement in energy efficiency. Simulation results validate
the protocol’s effectiveness, demonstrating its potential for large-scale IoT deployments
in STRNs through efficient power allocation and reduced collision rates.

Keywords: Internet of Things, Q-Learning, Non-Orthogonal Multiple Access, Artificial
Intelligence
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1 INTRODUCAO

A Internet das Coisas (em inglés Internet of Things, IoT) constitui uma tecnologia
transformadora que permite a comunicacao entre uma ampla gama de dispositivos. Sua
rapida ado¢ao no cotidiano tem sido impulsionada pela crescente disponibilidade de
produtos e servicos inteligentes, voltados a automacao e a conectividade em diversas
areas de aplicaggo (MENEGHELLO et al., 2019). Os casos de uso da IoT podem ser
classificados, de forma geral, em dois grandes dominios. O primeiro refere-se a IoT
critica, que demanda altas taxas de transmissao por dispositivo e requer uma comunicacao
ultra confidvel com baixa laténcia (em inglés Ultra Reliable Low Latency Communication,
URLLC). O segundo tipo diz respeito a IoT massiva, caracterizada por um elevado ntimero
de dispositivos com baixo consumo de energia, baixo custo e baixa taxa de dados de

transmissao.

Um dos principais desafios para a comunicacdo da IoT massiva é a limitada
capacidade de transmissao a longas distancias (BARICK; SINGHAL, 2022). Neste
contexto, satélites de baixa orbita terrestre (em inglés Low Earth Orbit, LEO) surgem
como uma solu¢ao promissora, oferecendo menor laténcia em comparacao com satélites
de orbitas mais elevadas. Devido a sua proximidade com a superficie terrestre, satélites
LEO proporcionam maior eficiéncia na conectividade de dreas remotas, ao mesmo tempo
em que reduzem as perdas por percurso, permitindo o uso de niveis de poténcia mais
baixos nos transmissores. Isso resulta em menor consumo energético e melhor desempenho
geral da rede (YUE et al., 2023). No entanto, a capacidade de uplink dos dispositivos
IoT costuma ser severamente limitada pela poténcia de transmissao, o que inviabiliza,
na maioria dos casos, a comunicagao direta com os satélites LEO. Para superar esta
restricdo, empregam-se estagoes terrestres atuando como repetidoras, formando o que se
denomina rede de retransmissao satélite-terrestre (em inglés Satellite-Terrestrial Relay
Network, STRN) (GUO et al., 2019). Uma evolugdo desta arquitetura é a rede hibrida
de retransmissao satélite-terrestre (em inglés Hybrid Satellite- Terrestrial Relay Network,
HSTRN), a qual integra segmentos espaciais e terrestres com o objetivo de otimizar as
taxas de transmissao, reduzir a degradacao do sinal e ampliar a cobertura em regioes com
conectividade limitada (GUO et al., 2022).

Diversos estudos tém explorado redes STRN e HSTRN com o objetivo de
aprimorar seu desempenho em cenérios de comunicagao avangada (ZHAO et al., 2023),
(ZHAO et al., 2021) e (AN; LIANG, 2019). Em (ZHAO et al., 2023), é proposto um
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esquema STRN, que divide a comunicagdo em duas fases distintas: deteccao e acesso
aleatorio. Essa abordagem contribui para a reducao de interferéncias e possibilita a
otimizacao dinamica da eficiéncia de transmissao. O impacto de obstaculos e efeitos de
sombreamento em redes HSTRN é discutido em (ZHAO et al., 2021), em que os autores
introduzem um mecanismo de escalonamento baseado na relagdo sinal-ruido (em inglés
Signal-to-Noise Ratio, SNR), visando a melhoria da taxa de erro de bit (em inglés Bit
Error Rate, BER). Por sua vez, o estudo apresentado em (AN; LIANG, 2019) investiga
um modelo hibrido HSTRN que utiliza repetidores terrestres para reduzir a degradagao
do sinal, promovendo maior cobertura, reducao de laténcia, e, consequentemente, melhor

eficiéncia geral da rede.

Uma preocupagao adicional nos cenarios de IoT massivo é a estratégia de acesso
ao meio e a escassez de recursos para garantir a conexao massiva. O esquema de
Transmissao sem Permissdo Prévia (em inglés Grant-Free, GF), quando integrado ao
Acesso Muiltiplo Nao-Ortogonal (em inglés Non-Orthogonal Multiple Access, NOMA),
surge como uma solugao promissora para mitigar esses desafios. Esta abordagem permite
que os dispositivos transmitam dados diretamente sem a necessidade de um processo
prévio de handshaking, reduzindo o congestionamento de dados e melhorando o acesso
aleatorio ao meio (LIU et al., 2021). O NOMA, por sua vez, oferece suporte adicional
a redes de IoT massivo, ao permitir que miltiplos usuarios compartilhem os mesmos
recursos de forma eficiente. Isso é viabilizado por meio da alocagdo de diferentes niveis
de poténcia aos usuarios, otimizando simultaneamente a eficiéncia espectral e a eficiéncia

energética (EMIR et al., 2021).

A alocacao eficiente de recursos em redes heterogéneas pode ser significativamente
aprimorada por meio da aplicagcao de técnicas de aprendizado de maquina.
Em (TUBIANA et al., 2022), os autores investigam a integragio do NOMA com o
algoritmo de @-Learning em redes STRN, com o objetivo de otimizar dinamicamente as
probabilidades de acesso ao meio e a estratégia de retransmissao. Esta abordagem resulta
em melhorias na taxa de transmissao de dados e na reducao da laténcia em cenarios de
[oT massiva. Em (GUO et al., 2020), é apresentado o modelo TROVE, voltado a redes Ad
Hoc veiculares (em inglés Vehicular Ad Hoc Networks, VANETS), que utiliza aprendizado
por reforgo para avaliar, em tempo real, a seguranca e a eficiéncia das comunicagoes entre
veiculos. Considerando a alta mobilidade e a natureza dinamica das redes, o TROVE
incorpora variaveis contextuais como geolocalizacao, condig¢oes de rede, densidade de nés

e clima, oferecendo um gerenciamento de confianca adaptativo.
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A influéncia de algoritmos de aprendizado de maquina supervisionados e nao
supervisionados na otimizacao de redes IoT com suporte via satélite é explorada
em (ZHOU et al.,, 2021). O sistema proposto realiza a distribuicdo equitativa de
recursos de rede entre os dispositivos remotos, adaptando-se as demandas individuais
de comunicagdo de tempo real, com foco na eficiéncia e escalabilidade. Em (ZHAO et
al., 2022), é proposta uma estratégia descentralizada de clusterizacio NOMA baseada
em (Q-Learning, na qual os dispositivos [oT sdo agrupados de acordo com a otimizagao
da poténcia de transmissao selecionada. Esta ¢ determinada por algoritmos baseados
nas condigoes de Karush-Kuhn-Tucker (KKT), permitindo um balanceamento eficiente
entre desempenho e consumo energético. Para reduzir a complexidade computacional,
os calculos sao realizados de forma offline pelos repetidores, com cada cluster utilizando
canais distintos para minimizar interferéncias. Por fim, o estudo apresentado em (GUO et
al., 2023) introduz a abordagem Abordagem de Roteamento Inteligente por Clusterizagao
(em inglés Intelligent Clustering Routing Approach, ICRA), que adota uma estratégia
inteligente de clusterizacdo descentralizada voltada a redes de veiculos aéreos nao
tripulados (em inglés Unmanned Aerial Vehicle, UAV). Devido & alta mobilidade e aos
recursos computacionais limitados destes dispositivos, o ICRA define, em cada cluster, um
no6 lider responsavel pelo gerenciamento das comunicagoes, reduzindo o congestionamento,

o consumo energético e o numero de falhas.

Com base nos estudos discutidos na literatura acima, este trabalho propoe a
aplicacao do algoritmo de Q)-Learning para a otimizacao do acesso aleatéorio ao meio
em redes STRN voltadas para dispositivos IoT. A estratégia adotada segue um modelo
descentralizado, no qual cada dispositivo mantém e gerencia sua propria tabela (), com
base em informacoes de retorno, do inglés feedback, fornecidas pelos repetidores. Este
retorno consiste em um unico bit, indicando se a tentativa de transmissao foi bem-
sucedida ou resultou em falha. Além disto, o esquema incorpora o cancelamento sucessivo
de interferéncia (em inglés Successive Interference Cancellation, SIC) em conjunto
com o NOMA, permitindo que miltiplos dispositivos compartilhem simultaneamente o
mesmo canal por meio da alocacao diferenciada de niveis de poténcia de transmissao.
Diferentemente de abordagens anteriores, como a de (TUBIANA et al., 2022), que
assume um nivel fixo de poténcia, ou de (GUO et al., 2020; GUO et al., 2023), que
exploram técnicas de aprendizado de maquina aplicadas ao gerenciamento de confianca
e a clusterizacao, respectivamente, este trabalho aprimora a abordagem do @Q-Learning
ao integrar mecanismos de alocagdo dinamica de poténcia. Esta integracdo permite

estratégias adaptativas de transmissdo, resultando em melhorias tanto na eficiéncia
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espectral quanto na escalabilidade de redes STRN aplicadas a IoT massiva. Além disto,
a metodologia proposta avalia nao apenas a taxa de transmissao de dados, mas também
a eficiéncia energética como métrica central de desempenho. Os resultados obtidos
demonstram que o algoritmo empregado melhora significativamente a taxa de sucesso
na transmissao e permite que os repetidores determinem os niveis ideais de poténcia,

otimizando o consumo energético e aprimorando a eficiéncia energética da rede.

1.1 Motivacao

A motivagao para este trabalho estd fundamentada nos diversos desafios impostos
pela evolugao das redes de comunicacao, com énfase no contexto do IoT. Em redes IoT
massivas, é comum a ocorréncia de restrigoes severas de recursos, como a disponibilidade
limitada de energia, a elevada probabilidade de colisoes entre transmissoes simultaneas
e a escassez de receptores dedicados. Neste contexto, solu¢oes baseadas em redes STRN
tém se destacado como alternativas promissoras, especialmente em regioes remotas, em
que a integragio entre satélites LEO e nds repetidores possibilita a entrega eficiente de

trafego de dados.

Para reduzir as limitagoes de recursos, a utilizacggo do NOMA permite o
compartilhamento eficaz de recursos de canal entre multiplos dispositivos, enquanto
a técnica SIC possibilita que os repetidores sejam capazes de decodificar multiplas

transmissoes simultaneas no mesmo canal e intervalo de tempo.

Este estudo baseia-se em abordagens consolidadas na literatura para desenvolver
solugoes aprimoradas voltadas a otimizagao de redes STRN. A introdugao de estratégias de
aprendizado de maquina visa elevar ainda mais o desempenho destas redes, promovendo
ganhos em termos de trafego de dados, taxa de transmissao normalizada e eficiéncia
energética. Como impacto direto, busca-se estender a extensao da vida 1til das baterias
dos dispositivos [oT, fator essencial para garantir a sustentabilidade operacional dessas

redes em longo prazo.

1.2 Objetivos

1.2.1 Objetivo Geral

Este trabalho segue o formato de coletanea de artigos ciéntificos em virtude do

artigo Performance Analysis of Q-Learning-Based NOMA in Satellite Terrestrial Relay
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Networks, publicado no periédico Physical Communication (DE AGUIAR et al., 2025).
Este estudo teve como objetivo investigar a aplicacao de técnicas de aprendizado de
maquina em cenarios de comunicagao envolvendo dispositivos de IoT massiva, utilizando
redes satelitais com retransmissao por estacoes terrestres. A arquitetura adotada basea-
se em uma rede STRN, na qual o acesso ao meio é realizado por meio do esquema GF,
combinado com NOMA. Para a decodificacao das transmissoes simultdneas, os repetidores
empregam a técnica SIC. A avaliacdo do desempenho do sistema proposto foi conduzida
com base em duas métricas principais: a taxa de transmissdo de dados e a eficiéncia
energética, permitindo uma andlise da viabilidade da solu¢ao em ambientes com restri¢oes

de recursos.

1.2.2  Objetivos Especificos

e Desenvolver um ambiente de simulacao computacional com o objetivo de modelar e

validar o desempenho da rede STRN proposta;

o Estabelecer as métricas de avaliacao de desempenho que serao utilizadas no estudo,
com énfase na andlise da taxa de transmissao de dados e da eficiéncia energética da

rede;

e Definir os niveis de poténcia de transmissao a serem adotados pelos dispositivos,

considerando as limitagdes energéticas e a viabilidade fisica do sistema;

o Configurar os principais parametros do algoritmo de aprendizado por refor¢co -
Learning — tais como a taxa de aprendizagem, o fator de desconto e a estratégia
de exploracdo — de modo a garantir a convergéncia eficiente da politica de decisao

adotada pelos dispositivos;

o Conduzir simulagbes sob diferentes configuragoes de recursos de rede, variando
aspectos como o numero de dispositivos, a quantidade de canais disponiveis e os
esquemas de alocagao de poténcia, a fim de avaliar a escalabilidade e a robustez do

sistema proposto.

o Comparar os resultados obtidos com os de modelos e abordagens consolidadas na
literatura, de forma a demonstrar as vantagens, melhorias de desempenho e possiveis

limitacoes da solugao proposta.
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1.2.3 Estrutura do Documento

Por se tratar de uma defesa por coletanea de artigos, este documento segue uma
estrutura mais sucinta. O Capitulo 1 apresenta uma introducao ao tema das redes STRN,
abordando a arquitetura proposta e contextualizando as principais abordagens utilizadas
pela comunidade cientifica para lidar com desafios semelhantes. O Capitulo 2 descreve em
linhas gerais o funcionamento do sistema proposto, incluindo as métricas adotadas para
avaliacao de desempenho e a definicio do protocolo de comunicacao desenvolvido. No
Capitulo 3, sao discutidas as conclusdes obtidas a partir do estudo. Por fim, o Anexo A
apresenta, na integra, o artigo publicado no periédico Physical Communication (DE
AGUIAR et al., 2025), enquanto o Anexo B apresenta a politica de copyright do periédico

em questao.
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2 MODELO DO SISTEMA

O cenario considerado contém D dispositivos [oT distribuidos em uma area de
raio R, comunicando-se com R nés terrestres repetidores, como ilustrado na Figura 1.
Os nés repetidores desempenham um papel fundamental na transmissao dos dados para
os satélites LEO. Esta suposicao se baseia em cendrios praticos, em que a comunicagao
direta entre dispositivos [oT e satélites é impraticavel devido as restrigoes de poténcia e

recursos computacionais (LIU et al., 2021; ZHAO et al., 2022).

Figura 1 — O modelo do sistema consiste em D dispositivos IoT distribuidos
dentro de uma area circular de raio R. Esses dispositivos sdao suportados por R
noés de retransmissao, que estabelecem conectividade com um satélite LEO.

& LEO Satellite
(_(A)) Relay
loT device

Fonte: Extraida de (DE AGUIAR et al., 2025).

O acesso ao meio é provido por meio do modelo GF slotted Aloha, no qual F
frames sao divididos em T intervalos de tempo. Cada dispositivo d-ésimo IoT transmite
no intervalo de tempo ¢ € [1,...,T], selecionando um canal ¢ € [1,..., C]. Além disso, é
implementada uma estratégia SIC-NOMA, utilizando K niveis de poténcia de transmissao
pré-definidos, permitindo que cada dispositivo [oT escolha um dos niveis de poténcia de

transmissao em cada intervalo de tempo.

Consequentemente, o sinal recebido pelo repetidor r-ésimo oriundo do dispositivo

[oT d-ésimo é expressado como

Yar =/ Prkayharxa+ne, (1)

onde P, é a poténcia de transmissao selecionada pelo dispositivo IoT d-ésimo entre os
K niveis de poténcia disponiveis, x4 ¢ o sinal transmitido e hg, é o coeficiente do

canal entre o dispositivo IoT d-ésimo e o repetidor terrestre r-ésimo, com magnitude
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que segue a distribuicdo Nakagami-m. Além disso, n, representa o ruido Gaussiano
aditivo (AWGN), com poténcia dada por N = NgBNy,onde Ny é a densidade de poténcia
espectral unilateral, B é a largura de banda e Ny ¢ a figura de ruido. Por fim, o parametro

de perda de caminho Ky, seguindo o modelo descrito em (3GPP, 2017), é definido por

kg, =—128.1—37.6logo(dq,), (2)
em que dg, ¢ distancia entre o d-ésimo dispositivo IoT e r-ésimo repetidor terrestre.

Como a estratégia empregada é um NOMA assistido, os repetidores sao capazes
de decodificar transmissoes oriundas de multiplos dispositivos, compartilhando o mesmo
intervalo de tempo e o mesmo canal, por meio da decodificagao SIC. Quando multiplas
mensagens sao recebidas simultaneamente, o processo de decodificacao é iniciado pelo
sinal com maior SNR, enquanto os outros sinais recebidos sao inicialmente tratados como
interferéncia. Apdés a decodificagao do primeiro sinal, o préximo sinal com maior SNR sera
processado, tratando-se os demais sinais como ruido. Esse processo iterativo continua até
que todas as mensagens sejam decodificadas corretamente ou até que o ruido se torne tao

grande que os sinais nao possam mais ser decodificados.

De acordo com a razdo sinal-ruido mais interferéncia (em inglés Signal-to-
Interference-plus-Noise Ratio,SINR) para o d-ésimo dispositivo e o r-ésimo repetidor,

tem-se que

Py alhar)?

I
Simgi1 Pral by

SINR(g,,) = (3)

2_|_N

Portanto, para a decodificagao correta do sinal transmitido e recebido pelo né

repetidor, o SINR recebido deve ser maior que um limiar pré-definido, como:
O = Pr{logy(1+SINR(y,)) > 8}, (4)

onde 3 define a taxa alvo (em bps/Hz). O evento de outage de transmissao ocorre quando a
transmissao cai abaixo do limiar do SINR, impedindo, assim, que o repetidor decodifique a
mensagem recebida. Quando multiplas mensagens sao recebidas no mesmo slot de tempo,
a Equagao 4 é aplicada sequencialmente, iniciando pela mensagem com o maior SINR.
Se uma mensagem for corretamente decodificada, a analise prossegue para a seguinte;

caso contrario, todas as mensagens subsequentes com SINR inferior sdo consideradas nao
decodificadas.
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2.1 Meétricas do Sistema

Para avaliar o desempenho do sistema proposto, foram definidas duas métricas:

a taxa de transmissao de dados normalizada e a eficiéncia energética.

2.1.1 Taxa de transmissao Normalizada

De acordo com (TUBIANA et al., 2022), a taxa de transmissao de dados ¢ definida
como uma métrica que qualifica a eficiéncia da utilizacao do quadro de transmissao pelos

dispositivos IoT. Essa métrica é expressa como

- é . % . Hdist
c T Mtotal

[bps/Hz], (5)

em que ds ¢ a média do nimero de mensagens corretamente decodificadas transmitidas
pelos dispositivos ToT. Além disso, pugist representa a média de mensagens distintas
corretamente decodificadas recebidas pelo satélite a partir de dispositivos IoT em cada
quadro, enquanto que fitota] ¢ 0 nimero total de mensagens corretamente decodificadas e

recebidas pelo satélite em cada quadro.

2.1.2 Eficiéncia Energética

O sistema também foi avaliado utilizando a métrica de eficiéncia energética,
definida como a divisao do nimero de mensagens distintas corretamente recebidas pelo
consumo total associado a essas transmissoes sobre o quadro. A métrica da eficiéncia

energética é expressa por

n= 5" [msg/W], (6)
total
onde
| K
Piotal = c > Pyor+D (Prx + Prx)- (7)
k=1

O termo Zle Py 65, representa a média total da poténcia de transmissao utilizada
por todos os usuarios, onde P é o nivel de poténcia associado ao k-ésimo usuario na
estratégia SIC-NOMA e 0, denota a média do nimero de usudrios que selecionam este
nivel de poténcia durante o quadro, com Zszl 0 =D. Além disso, os parametros Py e Py
representam a poténcia de consumo fixa de transmissao e recepc¢ao, devido aos circuitos
RF dos dispositivos [oT, respectivamente, enquanto ( representa a eficiéncia energética

do amplificador de poténcia.
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2.2 Protocolo Proposto

No protocolo proposto, denominado de QL-MP-NOMA, exploram-se os beneficios
do aprendizado por refor¢o distribuido por meio do algoritmo @ -Learning, permitindo que
cada dispositivo IoT selecione de forma auténoma a alocacgao ideal de parametros para
o acesso ao meio sem fio. O método do Q)-Learning é um algoritmo de aprendizagem de
maquina baseado no paradigma de agente-estado-acao. Sua operacao se fundamenta no
uso de uma tabela Q com dimensoes S X A, em que S representa o conjunto de estados
possiveis que o agente pode ocupar, e A corresponde as ag¢des disponiveis que o agente
pode executar em cada estado. Desta forma, o algoritmo opera sobre um espaco finito de
estados e ac¢oes, registrando em sua tabela () os valores de recompensa esperada associados
a cada par (S;, 4;). No contexto da rede STRN, cada dispositivo IoT mantém e atualiza
sua propria tabela () de forma independente. Em cada intervalo de tempo, um agente
7, ao encontrar-se em um determinado estado .S;, seleciona uma agdo A; com o objetivo
de maximizar a recompensa acumulada ao longo do tempo. A atualizacao da tabela @) é

realizada de acordo com a seguinte expressao:
Q(Si, Ay) (1= ) Q(Si, Ai) +a [e+ymax Q(Siy1,0)] (8)

onde v é o fator de desconto e a é a taxa de aprendizado. O pardmetro =y
regula o balanceamento entre a importancia das recompensas futuras e imediatas.
Especificamente, quando ~ utilizado é igual a 1, o sistema priorizara as recompensas
a longo prazo, fomentando estratégias com ganhos futuros. J&, para valores baixos de 7,
o sistema exerce grande importancia nas recompensas imediatas, priorizando a otimizacao
de curto prazo. Por outro lado, o parametro « influencia a taxa de aprendizado do sistema.
Quanto mais préximo de 1, mais rapido é o aprendizado, porém pode tornar o sistema
instavel, fazendo com que o sistema reaja de forma brusca as mudancas recentes. De uma
forma mais conservadora, valores baixos de a fazem com que o processo de aprendizado
seja mais lento, porém tornam o sistema menos sensivel a variagoes ocasionais. A continua
atualizacao da tabela () permite que o agente aprenda e otimize suas a¢oes ao longo do
tempo, através de ajustes com decisoes baseadas nas recompensas recebidas e recompensas
futuras estimadas (SPANO et al., 2019). A funcio de recompensa, e, é igual a 1 para

mensagens corretamente decodificadas, e -1 para mensagens nao decodificadas.

2.2.1 Proposta de Método de Alocacao baseado em Q-Learning

A operacao do esquema proposto, baseado no algoritmo )-Learning, pressupoe

que cada dispositivo mantenha e atualize sua prépria tabela () de forma independente. No



20

Algorithm 1: Metodo de Alocacao Baseado em Q)-Learning.

Input: Tabela () inicializada com todas as posi¢oes com o valor zero
1 forall f € [1,F] do
2 forall t € [1,7] do
3 Dispositivo IoT define o intervalo de tempo ¢, canal ¢ e nivel de
potencia Py correspondente ao valor mais alto em sua tabela () para
a transmissao;

4 Os repetidores aplicam o SIC para decodificar possiveis mensagens
sobrepostas transmitidas no mesmo canal e intervalo de tempo;

5 Os repetidores enviam em broadcast um tnico bit de retorno por
intervalo de tempo, de acordo com ¢;

6 end

7 forall i € [1,D] do

8 ‘ O dispositivo 10T i atualiza sua prépria tabela @ utilizando (8);

9 end

10 end

11 Os repetidores encaminham a mensagem decodificadas para os satélites;

inicio de cada quadro de transmissao, o dispositivo [oT seleciona a agao associada ao maior
valor de recompensa estimada em sua respectiva (). Essa agdo determina os parametros
de transmissao a serem utilizados, incluindo canal de comunicac¢ao, o intervalo de tempo
e nivel de poténcia de transmissao. Neste contexto, a tabela () é estruturada por uma

matriz tridimensional com as dimensoes (C x T x K).

Uma vez que selecionados os parametros de transmissao, o dispositivo envia sua
mensagem aos repetidores disponiveis que cobrem a respectiva area geografica. Cada
repetidor tenta decodificar os sinais recebidos utilizando o SIC. Apds a conclusao de todas
as transmissoes dentro de um quadro serem completadas, os repetidores emitem, em modo
broadcast, um bit de retorno para todos os dispositivos, indicando sucesso ou falha de suas
respectivas transmissoes. Com base neste retorno, cada dispositivo atualiza sua tabela @,
ajustando seus valores de recompensa estimada de acordo com o resultado obtido. Esse
processo de realimentagao e atualizacao permite o refinamento progressivo da politica de
decisdao adotada por cada n6 IoT. A cada novo quadro, os dispositivos tendem a selecionar
combinagoes de tempo, canal e poténcia mais adequadas, otimizando progressivamente o
desempenho da rede. A descrigao formal do protocolo proposto encontra-se apresentada

no Algoritmo 1.
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2.3 Aspectos Praticos

Nesta subsecao, sao discutidas as principais consideragoes praticas associadas a
implementagdo da abordagem proposta em cenarios reais. A andlise concentra-se em
aspectos relacionados a memoria, escalabilidade, complexidade computacional, com o

objetivo de garantir a viabilidade operacional e o desempenho.

o« Memoéria: O protocolo proposto adota uma abordagem distribuida, em que cada
dispositivo IoT mantém e atualiza sua prépria Tabela (). Para isso, cada n6 deve
dispor de capacidade de armazenamento suficiente para manter uma matriz de
dimensodes (C x T' x K), representando as escolhas de canal, intervalo de tempo e

poténcia para comunicagao.

« Complexidade Computacional: A atualizacdo dos valores na tabela @ ¢é
realizada por meio de uma equagao de primeira ordem, caracteristica do algoritmo
Q-Learning. Como resultado, a carga computacional de cada dispositivo permanece
minima, o que é particularmente adequado para atender aos requisitos rigorosos das

redes IoT de grande escala.

o Escalabilidade: A arquitetura descentralizada do sistema permite que cada
dispositivo otimize individualmente seus parametros de transmissao, dispensando
a necessidade de coordenacao centralizada. Além disso, como os repetidores
transmitem retorno de um unico bit por intervalo de tempo, sinalizando sucesso
ou falha de transmissao, independentemente da quantidade de dispositivos de rede.
Essa caracteristica contribui para a escalabilidade do sistema, possibilitando sua
operacao eficiente mesmo com densidade crescente de dispositivos. No entanto,
a medida que a populagao de dispositivos excede determinados limites, pode ser
necessario expandir os recursos da rede, como a adicdo de canais ou de novos

intervalos de tempo, para preservar o desempenho e evitar saturagao.

« Informagdo de Estado de Canal (CSI): Um dos desafios do uso do SIC em
canais NOMA reside na sensibilidade a precisdo da estimativa da informacao do
estado de canal. Erros de estimativa podem comprometer a eficicia do processo de
cancelamento sucessivo de interferéncia, introduzindo ruido residual e impactando
negativamente a taxa de decodificacdo (GAO et al., 2018; GRYBOSI et al., 2022).
Para reduzir este problema, propoe-se a inclusao de uma margem de seguranca

na definicdo dos niveis de poténcia. Essa margem pode ser adaptada com base na
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variancia esperada da estimativa de CSI, a fim de garantir robustez na decodificacao

e confiabilidade no desempenho do SIC.
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3 CONCLUSAO

Este trabalho apresenta uma abordagem distribuida baseada em ()-Learning para
otimizacao do acesso aleatério ao meio em redes STRN, visando aplicagoes de IoT massiva,
como o congestionamento de redes, ineficiéncia energética e a decodificagao confidvel.
A proposta integra técnicas NOMA o SIC, além de alocagdo dinamica de poténcia,
permitindo que dispositivos [oT transmitam dados de forma eficiente, otimizando de
forma dinamica seus parametros de transmissao, como o intervalo de tempo, canal e
nivel de poténcia, reduzindo as colisdes e se adaptando as condi¢oes da rede. Os
resultados das simulagbes mostram que o sistema proposto teve um alto desempenho em
comparac¢ao com estratégias de poténcia fixa, entregando uma maior taxa de transmissao
de dados, melhorando a eficiéncia energética e aumentando o tempo de vida da bateria

dos dispositivos IoT em cenarios de alta densidade.

Como perspectivas para investigagoes futuras, destaca-se a adogao de politicas
de acesso dependentes da idade da informacgao (em inglés Age of Information, Aol)
visando a priorizacao dinamica de dispositivos com informagoes mais desatualizadas,
potencializando a equidade na renovagao dos dados e a reducao do Aol médio na rede
como em(PEREIRA et al., 2025). Outra possibilidade de uma possivel extensao consiste
na consideragao de perdas no enlace entre o satélite e os repetidores terrestres, modelado
como um canal com apagamento. Essa abordagem permitiria representar de forma mais
realista os efeitos de interferéncia, bloqueios, sombreamento e condi¢oes atmosféricas
adversas que podem comprometer a entrega de pacotes. Neste caso, poderiam ser
investigados mecanismos de retransmissoes seletivas ou alocacao adaptativa de poténcia
e tempo para compensar as falhas de comunicacdo. Além disto, seria possivel analisar
o impacto do apagamento no desempenho global do sistema, especialmente na eficiéncia

energética e na taxa de sucesso da aprendizagem.
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ARTICLE INFO ABSTRACT

Keywords: In this paper, we analyze the performance of Q-learning-based Non-Orthogonal Multiple Access (NOMA) in
Internet of Things Satellite-Terrestrial Relay Networks (STRNs), addressing key challenges in massive Internet of Things (IoT)
Q-learning

Non-orthogonal multiple access
Artificial intelligence

communications. Specifically, we focus on energy efficiency and normalized throughput metrics in uplink
scenarios. By integrating a distributed Q-learning algorithm with NOMA, IoT devices can autonomously
optimize transmission parameters — such as time slots, channels, and power levels — enhancing overall network

performance. The proposed scheme outperforms fixed-power strategies by achieving higher normalized

throughput and energy efficiency under varying network densities, offering up to 73% improvement in energy
efficiency. Simulation results validate the protocol’s effectiveness, demonstrating its potential for large-scale
IoT deployments in STRNs through efficient power allocation and reduced collision rates.

1. Introduction

The Internet of Things (IoT) is a transformative technology that
enables seamless communication among a wide range of devices. Its
rapid adoption in daily life has been fueled by the proliferation of smart
services and products [1]. IoT use cases are broadly categorized into
two main types: (i) critical IoT, which involves a limited number of
high-data-rate devices requiring ultra-reliable low-latency communica-
tion (URLLC), and (ii) massive 10T, characterized by a vast number of
low-power, low-cost devices designed to transmit minimal amounts of
data.

A significant challenge in massive IoT communications is the limited
capacity of devices for long-distance transmission [2]. Low-Earth-Orbit
(LEO) satellites offer a promising solution, providing lower latency
compared to satellites in higher orbits. Due to their proximity to Earth,
LEO satellites enhance connectivity in remote areas by minimizing
signal loss, enabling transmitters to operate at reduced power levels,
which improves both energy efficiency and network performance [3].
However, the uplink capabilities of IoT devices are often constrained
by limited transmission power, which can impede direct communi-
cation with LEO satellites. Terrestrial relay stations are frequently
used as intermediaries to address this limitation, forming the Satellite—
Terrestrial Relay Network (STRN) [4]. An advanced version of this
framework, known as the Hybrid Satellite-Terrestrial Relay Network

* Corresponding author.
E-mail address: marcose@utfpr.edu.br (M.E. Pivaro Monteiro).
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(HSTRN), integrates satellite and terrestrial relay systems to optimize
data transmission by mitigating signal degradation and addressing
coverage gaps [5].

Several studies have analyzed STRNs and HSTRNs to enhance their
performance [6-8]. In [6], an STRN scheme is proposed, dividing com-
munication into detection and random access phases, with techniques
to minimize interference and dynamically optimize transmission effi-
ciency. The impact of obstacles and shadowing in HSTRNSs is examined
in [7], where a scheduling system based on Signal-to-Noise Ratio (SNR)
is introduced to improve bit error rates. Finally, [8] presents a hybrid
HSTRN model employing relays to mitigate signal degradation, en-
hance coverage, and reduce latency, thereby improving overall network
efficiency.

An additional concern in massive IoT scenarios is the medium
access strategy and the scarcity of resources needed to ensure massive
connectivity. Grant -Free (GF) schemes integrated with Non-Orthogonal
Multiple Access (NOMA) address these issues by enabling devices to
transmit without handshaking, reducing congestion, and improving
random access efficiency [9]. NOMA further supports massive [oT by
allowing multiple users to share resources effectively [10], employ-
ing different power levels to optimize spectral efficiency and energy
performance.

Efficient resource allocation can be effectively achieved through the
application of machine learning techniques. In [11], the integration of
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Fig. 1. The system model consists of D IoT devices distributed within a circular area of
radius R. These devices are supported by R relay nodes, which establish connectivity
to a LEO satellite.
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NOMA with Q-Learning in STRNSs is explored to dynamically optimize
access probabilities and relay strategies, thereby improving throughput
and reducing latency in massive IoT deployments. In [12], the TROVE
vehicular network model uses reinforcement learning to dynamically
assess communication security and efficiency in VANETs. Given the
constant motion of vehicles and the need for trusted exchanges, TROVE
evaluates interactions using parameters like geographical position, net-
work conditions, traffic density, and weather, ensuring adaptive trust
management. In [13], the influence of both supervised and unsuper-
vised machine learning algorithms on the optimization of IoT networks
with satellite communication is studied. The proposed system is capa-
ble of distributing network resources equitably among remote devices
in real-time, ensuring efficient and adaptive allocation based on the
communication needs of each device. In [14], a decentralized NOMA
clustering strategy is proposed, where IoT devices are grouped using
QO-Learning, and optimal power allocation is determined by an algo-
rithm based on the Karush-Kuhn-Tucker (KKT) conditions. To reduce
complexity, computations are performed offline by relays, with each
cluster using distinct channels to minimize interference. In [15], the
ICRA network employs an intelligent decentralized clustering approach
to improve UAV communication reliability and efficiency. With high
mobility and limited resources, ICRA assigns cluster leaders to man-
age communications, mitigating congestion, energy consumption, and
failures.

Building on the above literature, this work employs the Q-Learning
algorithm for optimizing random access in an STRN of IoT devices.
The optimization follows a decentralized strategy, where each IoT
device maintains its own Q-Table, updated by a single bit from the
relay indicating transmission success or failure. Additionally, succes-
sive interference cancellation (SIC) combined with NOMA is utilized,
enabling multiple users to share the same channel by allocating dif-
ferent transmission power levels. Unlike [11], which applies fixed
power allocation, and [12,15], which use machine learning for trust
management and clustering, respectively, this work enhances the Q-
Learning approach by incorporating dynamic power level allocation.
This allows for adaptive transmission strategies that improve both
network efficiency and scalability in IoT-based STRNs. Moreover, our
methodology evaluates not only system throughput but also energy
efficiency as a key performance metric. The results show that our
algorithm improves throughput and enables the relay to determine
optimal power levels, optimizing power consumption and significantly
improving energy efficiency.

2. System model

We consider a scenario in which D IoT devices, distributed within
a circular area of radius R, communicate with R terrestrial relay
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nodes, as illustrated in Fig. 1. These relay nodes play a critical role
in forwarding transmissions to a LEO satellite. This assumption reflects
practical situations where direct communication between IoT devices
and the satellite is infeasible due to constraints such as limited power
and computational resources,' [9,14].

Medium access is provided through a grant-free slotted Aloha
scheme, where F frames are divided into T time slots. Each dth IoT
device transmits in a time slot + € [I,...,T], selecting a channel
¢ €[l,...,C]. Additionally, a SIC-NOMA strategy is employed, utilizing
K predefined transmission power levels, enabling each IoT device to
choose one of these K power levels for its transmission in each time
slot.

Consequently, the signal received at the rth relay from the dth IoT
device is expressed as®

Yar = Pckayhayxq+n,, )

where P, is the transmit power selected by the dth IoT device from the
K available power levels, x, is the transmitted signal, and A, is the
channel coefficient between the dth IoT device and the rth terrestrial
relay, with its magnitude following a Nakagami-m distribution . Addi-
tionally, n, represents the additive white Gaussian noise (AWGN) with
power N = N, B N;, where N, is the unilateral noise power spectral
density, B is the bandwidth, and N; is the noise figure. Finally, the
path-loss parameter k,, follows the model described in [16], with

ky, = —128.1 = 37.6log(d,,), )

where d,, is the distance between the dth IoT device and the rth
terrestrial relay.

Since a NOMA-assisted strategy is employed, the relay can decode
transmissions from multiple devices sharing the same time slot and
channel using a SIC decoding approach. When multiple messages are re-
ceived simultaneously, the decoding process begins with the signal that
has the highest SNR, while others are initially treated as interference.
Once the first signal is decoded, the signal with the next highest SNR is
processed, treating the remaining signals as noise. This iterative process
continues until all messages are successfully decoded or the noise level
becomes too high to enable further decoding.

Accordingly, the signal-to-interference-plus-noise ratio (SINR) for
the dth device at the rth relay is given by

Pelhg,|?

— 3)
Z[:,H.l Pklhd.rl +N

SINR, ) =
Therefore, for successful decoding of the transmitted signal at the relay
node, the received SINR must exceed a predefined threshold, leading
to

O = Pr {logy(1 +SINR ) > #}, “

where g denotes the target rate (in bps/Hz). A transmission outage
event occurs when the SINR falls below the threshold, preventing the
relay from decoding the transmitted message.®

2.1. System metrics

To evaluate the performance of the proposed framework, we define
two metrics: normalized throughput and energy efficiency.

1 Consistently with [14] we assume that the relay nodes operate under more
relaxed computational and power constraints compared to the IoT devices.

2 We omit the indices  and ¢ for simplicity, as time slot-channel pairs are
mutually orthogonal.

3 We consider a scenario in which the relays are dedicated devices, resulting
in a negligible outage probability over the relay-satellite link compared to the
device-relay link.
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2.1.1. Normalized throughput
Following [11], we define normalized throughput as a metric that
quantifies the efficiency of frame utilization by IoT devices. This metric
is expressed as
b5 Maist
C T ol

where 6 is the average number of IoT devices that successfully trans-
mitted a message to at least one of the available relays during each
frame. In addition, u4q represents the average number of distinct
messages successfully received by the satellite from IoT devices in each
frame, while y,,; denotes the total number of messages received by the
satellite in each frame.

[bps/Hz], ()

2.1.2. Energy efficiency
We also evaluate the framework’s performance using an energy
efficiency metric, defined as the ratio of the average number of distinct
messages successfully received to the total power consumption associ-
ated with all transmissions over the frame. The energy efficiency metric
is expressed as
Hdist

n=——— [msg/W], 6
Piotal
where
L&
Ptotalzzzpk‘sk"'D(PTX+PRX)‘ @)
k=1

Here, the term Z,f:l P, 6, represents the average total transmission
power used by all users, with P, being the power level associated with
level k in the SIC-NOMA strategy and 6, denoting the average number
of users selecting this power level over the frame, with Zf:l 6, = D.
Additionally, the parameters Pry and Pyy account for the power con-
sumed by the transmission and reception circuitry of the IoT devices,*
respectively, while ¢ represents the efficiency of the power amplifier.

3. Proposed protocol

In the proposed protocol, referred to as QL-MP-NOMA, we leverage
the benefits of a distributed Q-learning approach to enable each IoT
device to select the optimal parameter allocation for accessing the wire-
less medium. The Q-learning method is a machine-learning algorithm
based on the concepts of agent, state, and action. The algorithm utilizes
a Q-table with dimensions .S x A, where S represents the set of possible
states the agent can occupy, and A represents the set of possible actions
the agent can take. In other words, Q-learning operates with a finite
number of states and actions, which are stored in its O-table. Each IoT
device stores and manages its own Q-table. Then, at each time slot, an
agent i belonging to a state .S; performs an action 4; in an attempt to
maximize its reward. The updates in Q-table are given by the following
expression

O(S;,A) «(1—a)O(S;,A) +a e +ym§1x O(Siy1.a)|, 8

where y is the discount factor and « is the learning rate. The parameter
y regulates the trade-off between the significance of future and immedi-
ate rewards. Specifically, when y approaches 1, the system emphasizes
long-term rewards, fostering a strategy that prioritizes future gains. In
contrast, lower values of y lead the system to assign greater importance
to immediate rewards, giving priority to short-term optimization. On
the other hand, the parameter a influences the learning rate of the
system. When close to 1, can speed up learning but may also introduce
instability by making the system overly reactive to recent changes. Con-
versely, lower values of « result in a more gradual learning process, but

4 The power consumed by the reception circuit corresponds to the energy
required for receiving the feedback bit. Furthermore, as all IoT devices trans-
mit within the frame, the power consumed by the transmission and reception
circuitry is influenced by the number of IoT devices in the network (D).
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Algorithm 1: Q-Learning Based Allocation Method.
Input: Q-Table initialized with 0’s in all positions
1 forall f € [1, F] do
2 forall 7 € [1,T] do

3 IoT devices choose the timeslot 7, channel ¢ and power
level P, corresponding to the highest Q-value to
transmit;

4 Relays employ SIC to decode possible superimposed
messages transmitted at the same channel and time
slot;

5 Relays broadcast a single feedback bit per timeslot,
following e;

6 end

7 forall i € [1,D] do

8 ‘ IoT device i updates its Q-Table using (8);

9 end

10 end

-

1 Relays forward the decoded messages to the satellite;

the system becomes less sensitive to sudden and occasional variations
that might occur in the environment. The continuous updating of the
Q-table enables the agent to learn and improve its actions over time
by adjusting its decisions based on received rewards and estimates of
future rewards [17]. The reward function, €, equals 1 for a correctly
decoded message and —1 otherwise.

3.1. Proposed Q-learning based allocation method

The operation of the proposed Q-learning-based scheme involves
each IoT device maintaining its own Q-table. At the beginning of
each frame, each IoT device selects the action corresponding to the
highest value in its O-table. This selection determines the transmission
parameters, including the channel, time slot, and transmission power
level. Therefore, the Q-table is represented as a three-dimensional
matrix with dimensions C X T x K.

Once the transmission parameters are selected, the device transmits
its message to all available relays within the coverage area. Each relay
attempts to decode the signal using SIC. After all transmissions in
the frame are completed, a feedback bit is broadcast to all devices
indicating the success or failure of its transmission. Based on this
feedback, the devices update their O-tables with the new information.
In the subsequent frame, the updated Q-table increases the likelihood
of optimizing transmissions by selecting the most appropriate time and
parameters for sending messages. The proposed protocol is detailed in
Algorithm 1.

3.2. Practical aspects

In this subsection, we focus on key considerations for implementing
the proposed approach in real-world scenarios. Specifically, we address
aspects related to memory, scalability, and computational complexity
to ensure practical feasibility and performance.

» Memory: The proposed protocol adopts a distributed approach,
where each IoT device computes its own Q-Table. For this, each
device must have adequate storage capacity to maintain a matrix
of dimensions C x T X K, representing the channel, time slot, and
power choices for communication.

Computational Complexity: The Q-learning approach uses a
first-order equation to update the values in the Q-Table. As a
result, the computational load for each device remains minimal,
which is particularly suitable for meeting the strict requirements
of large-scale IoT networks.
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+ Scalability: The system adopts a distributed approach, where
each IoT device is responsible for optimizing its own transmis-
sion parameters. Additionally, since the relays broadcast single-
bit feedback to the IoT devices at the end of each time slot,
independent of the system’s scale, this approach optimizes com-
munication across the network and ensures scalability. As the
number of devices in the network increases, the distributed nature
of the system minimizes the need for centralized coordination,
enabling the network to efficiently manage higher device den-
sities. However, when the number of devices exceeds a certain
threshold, additional resources, such as more channels or time
slots, can be introduced to allow the system to accommodate more
devices without significant performance degradation.

Channel State Information (CSI): A challenge for SIC-NOMA is
signal degradation caused by inaccurate CSI estimation, which
can introduce additional interference to the SIC process, as dis-
cussed in [18,19]. To mitigate this issue, one alternative is to
introduce an additional margin in the power level definition. This
margin can be appropriately allocated based on the average ex-
pected error in CSI estimation to ensure robust SIC and guarantee
successful decoding.

4. Numerical results

In this section, we evaluate the performance of the QL-MP-NOMA
scheme using the normalized throughput (¢) and energy efficiency
(n) metrics. Unless stated otherwise, we assume a single transmission
channel, a satellite altitude of 780 km, and a circular area of radius
R =5 km with R = 4 relays. Based on [11], we assume N; = 6 dB,
B = 100 kHz, § = 3 bps/Hz, « = 0.1, and y = 0.5. As for the
Nakagami-m fading, we assume m = 2, which represents environments
with moderate fading and a good line-of-sight, being a commonly used
value [11,20]. We also assume Prx = 0.025 W and Pyyx = 0.099 W [21],
Ny = -174 dBm/Hz [22], and ¢ = 0.667 [23]. The results are averaged
over 100 simulation runs, each consisting of 500 frames with 101 time
slots per frame [24]. For the proposed QL-MP-NOMA scheme, we
consider K = 4 power levels starting at 14 dBm with a 9 dB decrement,
ie., P, €{14,5,—4,-13} dBm.5

Figs. 2 and 3 show the normalized throughput and energy efficiency,
respectively, as functions of number of devices for the proposed QL-
MP-NOMA scheme and the QL scheme with two fixed transmission
powers. In Fig. 2, QL-MP-NOMA slightly outperforms the QL scheme
with P;;, = 14 dBm for up to D = 300 devices, beyond which the fixed
power scheme experiences a significant performance drop. At D = 500,
QL-MP-NOMA achieves a 41.5% improvement over the P;, = 14 dBm
scheme. This is due to QL-MP-NOMA ’s variable power allocation,
which mitigates collisions as the number of devices increases, unlike
the QL scheme, which becomes constrained by the number of time slots.
The scheme using the lowest fixed power (P, = —13 dBm) performs
worst due to insufficient power for reliable message decoding. In Fig. 3,
QL-MP-NOMA consistently outperforms both fixed power schemes. It
achieves a 73.4% improvement in energy efficiency compared to the
Py, = 14 dBm scheme at D = 500. The P;;, = —13 dBm scheme performs
poorly due to the relays’ inability to decode messages from insufficient
SINR.

Figs. 4 and 5 show 7 and # as functions of number of devices
for the proposed QL-MP-NOMA scheme with C € {1,2,3,4} channels.
Interestingly, = decreases as the number of channels C increases. While
more channels reduce collision probability, they do not necessarily
improve throughput, since r is measured per hertz in (5). In con-
trast, n improves with more channels, as increasing C provides more
orthogonal resources, reducing collisions in the QL-MP-NOMA scheme.

5 Implementing NOMA systems with a large number of power levels (K)
is challenging in real-world scenarios [25] However, our analysis shows that
even a small number of power levels can effectively enhance the proposed
metrics used to evaluate the performance of the scenario under consideration.
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Finally, Figs. 6 and 7 analyze the power distribution for P, €
{14,5,—4,-13} dBm and C € {l,4}. In a single-channel network,
saturation occurs at D ~ 300 devices, while in a four-channel network,
saturation is delayed and occurs at D =~ 1200, proportional to the
number of available slots. Up to saturation, transmissions at maximum
power increase. Once saturation is reached, the QL-MP-NOMA algo-
rithm becomes critical, as it optimizes the use of available transmission
powers to maintain and even improve the metrics.

5. Conclusions

This paper explores Q-learning-based NOMA in STRNs to address
challenges in massive IoT communications, such as network congestion,
energy inefficiency, and reliable decoding. The proposed approach
allows IoT devices to dynamically optimize transmission parameters,
such as time slots, channels, and power levels, reducing collisions
and adapting to network conditions. Simulation results show that the
proposed scheme outperforms fixed-power strategies, delivering higher
throughput, improved energy efficiency, and longer battery life in
dense IoT scenarios.
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Tell us what you think!

Elsevier policies

Home > About > Elsevier policies > Policies copyright

Copyright

Licensing and copyright option Comparing reuse rights Publishing Agreements CCl

Authors’ licensing and copyright options when
publishing research articles with Elsevier

In order for Elsevier to publish and disseminate research articles, we need authors to grant us
certain publishing rights, which are determined by the author’s choice of publishing model
and, in the case of open access articles, the author’s choice of end user license.

Irrespective of the model under which an article is published, Elsevier is committed to
protecting and defending authors’ works and their reputation. We take allegations of
infringement, plagiarism, ethical disputes, and fraud very seriously.

Elsevier offers two publishing routes for authors to choose from, which have different
implications for authors and others:

1. Pay-to-publish, also known as open access, which usually requires a fee from the author, or
their institution or funder, to publish. When publishing open access with Elsevier, the author
retains their copyright in the article and grants Elsevier a license to publish it. Authors have a
choice of end user license:

e Ifthe author selects a Creative Commons Attribution (CC BY) license, end users are bound
by this license. Each author can re-use their article themselves and also grant others
(additional to Elsevier) a license to re-use their article for any purpose without permission
from, or payment to, Elsevier.
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e Ifthe author selects a Creative Commons Attribution-NonCommercial-NoDerivatives (CC
BY-NC-ND) license or a Creative Commons Attribution-NonCommercial (CC BY-NC) license,
end users are bound by the license. Each author retains the right to re-use the article for
their own commercial and non-commercial purposes, including creating derivative works,
without permission from, or payment to, Elsevier.

2. Pay-to-read, where articles are free to publish, but usually require a subscription or payment
to read. When publishing subscription the author typically transfers copyright to the publisher.
However, each author retains the right to re-use the article for certain personal and scholarly
purposes, including the creation of some derivative works, without permission from, or
payment to, Elsevier.

In all cases, any rights the author grants to Elsevier apply only to the published article. Elsevier
does not require, nor ever request, rights to the underlying research itself. Authors (and
institutions or employers) will continue to retain patent, trademark and other intellectual
property rights relating to the research, as well as the right to use their research data freely
and without restriction.

Comparing reuse rights

The below tables compare rights for authors and others under the publishing agreements for
open access articles (OA) with CC BY, CC BY-NC and CC BY-NC-ND licenses and subscription
articles.

Authors’ rights in the article

OA with CC BY OA with CC BY- OA with CC BY-
Wi NC NC-ND
Receive proper Yes Yes Yes
attribution and
credit for their
published work
Re-use their Yes Yes Yes

article in their
own new works,
without
permission from
Elsevier or
payment to

https://www.elsevier.com/about/policies-and-standards/copyright 2/13
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OA with CC BY- OA with CC BY-
NC NC-ND

OA with CC BY

Elsevier,
including by:

- making copies
of the article (or
part of the
article) to
promote
companies or
products they
own, whether or
not such
promotion is
commercial;

« including the
article in a thesis
or dissertation;
. extending the
article to a book,
including the
articlein a
subsequent
compilation of
their own work,
or re-using
portions,
excerpts, and
their own
figures, tables
and images from
the article in
their own new
works (which in
each case may
be published
with Elsevier or
with a third
party
commercial or
non-commercial
publisher, at the
author’s
discretion)
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OA with CC BY- OA with CC BY-
NC NC-ND

OA with CC BY

Use and share Yes Yes Yes
their article for
scholarly
purposes,
including:

. for classroom
teaching;

. at conferences;
. for non-
commercial
Massive Open
Online Courses;
« Create
translations of
the article and
authorize others
to do so for non-
commercial
scholarly
collaborations
and sharing

Publicly share Yes Yes Yes
the preprint

anywhere at any

time

Publicly share Yes Yes Yes
the final

published article

immediately on

non-commercial

sites e.g.,

institutional

repositories,

ensuring

attribution
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A with BY- A with BY-
OA with CC BY OAwith CC OAwith CC
NC NC-ND
Publicly share Yes Yes Yes
the final

published article
immediately on
commercial
scholarly
collaboration
networks,
ensuring
attribution, for
the purpose only
of hosting by
those websites

Publicly share Yes No No
the final
published article
immediately on
commercial
scholarly
collaboration
networks,
ensuring
attribution, for
reuse by those
websites

Publicly share Yes Yes Yes
the accepted

manuscript on

non-commercial

sites after an

embargo period

and attaching a

CC BY-NC-ND

end user license
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Right to license
others to
exercise the
above rights for
commercial
purposes

Retain copyright
of their article

Notes:

OA with CC BY

Yes

Yes
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OA with CC BY- OA with CC BY-
NC NC-ND

No No

Yes Yes

® IThe list is exhaustive in the case of articles published under the subscription model;
additional uses/ sharing beyond those listed would require permissions to be requested

from Elsevier.

® 2In the case of articles published under the subscription model: Sharing the Accepted
Manuscript for non-commercial Massive Open Online Courses is permitted after the
embargo period and provided a CC BY-NC-ND end user license is attached. While the
author can create translations of the article for non-commercial scholarly collaborations
and sharing, they cannot authorize others to do so.

Authors’ institutions' rights in the article

Distribute copies
for classroom
teaching and
internal training
purposes

OA with CC BY

Yes

https://www.elsevier.com/about/policies-and-standards/copyright

OA with CC BY- OA with CC BY-
NC NC-ND
Yes Yes
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Include in
(online)
coursework and
courseware
programs for use
within the
institution

Include in non-
commercial
Massive Open
Online Courses

Include in
applications for
grant funding

Post publicly as
part of theses
and
dissertations,
with DOI links to
the formal
publication

Elsevier's rights in the article

Rights to
publish,

OA with CC BY

Yes

Yes

Yes

Yes

OA with CC BY

Yes
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OA with CC BY-
NC

Yes

Yes

Yes

Yes

OA with CC BY-
NC

Yes
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Yes

Yes

Yes

OA with CC BY-
NC-ND
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OA with CC BY- OA with CC BY-
NC NC-ND

OA with CC BY

reproduce,
display,
distribute and
otherwise use all
or any part of
the article,
including tables,
illustrations or
other materials,
in print,
electronic and
all other media
(whether now
known or later
developed)

To prepare Yes Yes Yes
derivative works,

in any form, in

all languages,

throughout the

world, for the full

term of

copyright

The right to Yes Yes Yes
license others to

exercise the

above rights

Manage No Yes Yes
permissions for

third party reuse

and adaptation

of the work for

commercial

purposes
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Others' rights to use the article without permission or

payment

OA with CC BY-

OA with CC BY

Distribute the Yes
article for non-
commercial

purposes

Distribute the Yes
article for

commercial

purposes

Include in a Yes
collective work

(such asan

anthology) for
non-commercial

purposes

Include in a Yes
collective work

(such asan

anthology) for
commercial

purposes

Create and Yes
distribute revised
versions,

adaptations or

derivative works

of or from an

article (such as a
translation) for

https://www.elsevier.com/about/policies-and-standards/copyright

NC

Yes

No

Yes

No

Yes

OA with CC BY-
NC-ND

Yes

No

Yes

No

No
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OA with CC BY

non-commercial
purposes

Create and Yes
distribute revised
versions,

adaptations or

derivative works

of or from an

article (such as a
translation) for
commercial

purposes

Text or data Yes
mine the article

for non-

commercial

purposes

Text or data Yes
mine the article

for commercial

purposes

Notes:

Copyright | Elsevier policy

OA with CC BY-
NC

No

Yes

No

OA with CC BY-
NC-ND

No

Yes

No

® Users accessing content as part of a subscription agreement may have additional rights
under that agreement. Users should contact their library or subscription management

group for more information.

® Further permission may be required from the rights owner for any content within an article
that is identified as belonging to a third party.

® n line with the terms of the end user license, adaptations cannot be shared with

others.

® 2Where legal access is obtained by a user, that user is able to text or data mine
subscription articles for non-commercial purposes without sharing any adaptation of

https://www.elsevier.com/about/policies-and-standards/copyright
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the original content with others.

Publishing Agreements at Elsevier

Authors publishing with Elsevier sign a Publishing Agreement. This has several important
functions, including to confirm the author has complied with publishing ethics policies and
that the published article will be the final version of record. When publishing open access, the
publishing agreement will set out the terms of the license the author grants to Elsevier to
publish their article. In the case of publishing subscription, the agreement will transfer
copyright to Elsevier and set out reuse rights to the work. Note: In some circumstances,
authors may instead grant Elsevier (or the learned society on whose behalf we publish) an
exclusive license to publish and disseminate their work. Please see links to sample Publishing
Agreements below.

Additional information on how Elsevier manages
commercial licenses for open access articles
published under CC BY-NC-ND or CC BY-NC
licenses

Our experience, based on requests from authors globally across decades, is that the rights that
authors themselves have, when publishing open access under a non-commercial Creative
Commons license (outlined above), cover the vast majority of the situations in which authors
wish to use their work. Authors who are unclear whether their intended use is covered by these
rights, should submit their enquiry here 71 to obtain further guidance.

Elsevier sometimes receives direct requests from third parties, such as pharmaceutical
companies, to re-use and adapt the article. Elsevier maintains relationships with service
providers (such as Rightslink and other reproduction rights organizations) to manage these
requests. Elsevier incurs costs in undertaking these activities, and may charge third parties a
fee when granting permissions for re-use or adaptation of the article.

Authors publishing under the CC BY-NC-ND or CC BY-NC licenses agree not to license any third
party to reuse their articles or any part of their articles for commercial purposes. Elsevier has
the exclusive right to license third parties to do this. This enables Elsevier to ensure compliance
with applicable laws and regulations and control over appropriate commercial use by third
parties.

Authors who are government employees

https://www.elsevier.com/about/policies-and-standards/copyright 11/13
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For US government employees, works created within the scope of their employment are
considered to be public domain and Elsevier's publishing agreements do not require a transfer
or license of rights for such works.

In the UK and certain commonwealth countries, a work created by a government employee is
copyrightable, but the government may own the copyright (Crown copyright). Click here for
information about UK government employees publishing open access.

Authors publishing in society-owned journals

Please note that the above terms may differ for society-owned journals. Please refer to the
journal homepage and Guide for Authors, or contact the journal for further information.

Find out more

e Download a sample publishing agreement for articles financed by journal subscriptions in
English &, French & and Spanish &

® Download a sample publishing agreement for articles published open access with a
commercial user license (CC BY) in English &, French &, and Spanish &

e Download a sample publishing agreement for articles published open access with a non-
commercial user license (CC BY-NC-ND) in English &, French ., and Spanish ¥,

® Download a sample publishing agreement for articles published open access with a non-
commercial user license (CC BY-NC) in English &, French &, and Spanish &

® For authors who wish to self-archive see our sharing guidelines
® See our author pages for further details about how to promote your article
e See our hosting page for additional information on hosting research published by Elsevier

® For use of Elsevier material not defined here please see our permissions page or visit
the Permissions Support Center 7

e If an author has become aware of a possible plagiarism, fraud or infringement we
recommend contacting their Elsevier publishing contact who can then liaise with our in-
house legal department

e Ifyou are publishing in a society or third party owned journal, they may have different
publishing agreements. Please see the journal's Guide for Authors for journal specific
copyright information

Frequently asked questions
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How have you arrived at this set of reuse and sharing rights? v
Which OA license is best? v
Why does Elsevier have more rights for articles published under the subscription model? v
Submit your paper About Elsevier Customer support

Shop Books & Journals 7 Careers Resource center 7

Open access Global Press Office

View all products Advertising, reprints &

supplements 7

Elsevier Connect
Modern slavery act statement
7|

Terms & Conditions Privacy policy Accessibility Cookie settings
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