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ABSTRACT

Noise-Driven Communication for Next-Generation Wireless Networks

and IoT Systems

ERKİN YAPICI

Master of Science in Electrical and Electronics Engineering

7 July, 2025

Current advancements in the wireless communications have opened new oppor-

tunities for low-data-rate Internet-of-Things (IoT) systems. Legacy communication

frameworks which rely on high-complexity operations on signal processing and strict

synchronization requirements, often fail to meet the low bit error rate (BER), en-

ergy harvesting capability, and ability to operate reliably at low data rates, key

requirements of modern and future IoT networks. To address these limitations,

noise-domain modulation techniques have emerged, encoding data not into the de-

terministic parameters like frequency or phase, but into the statistical properties

such as mean, variance and the correlation of the artificially generated Gaussian

noise. These schemes eliminate the need for power allocation and also the successive

interference cancellation (SIC), which reduces the complexity and energy consump-

tion. To clarify, by eliminating the need for synchronization and equalization, these

techniques enable suitable communication for dynamic and unpredictable wireless

environments.

Chapter 3, presents an innovative joint energy harvesting (EH) and communi-

cation scheme for IoT devices by leveraging the emerging noise modulation (Noise-

Mod) technique. The proposed approach embeds information into the mean value

of real Gaussian noise samples to enable wireless energy and information harvest-

ing. We propose a mean-based detector to decode the information and derive the

analytical bit error probability (BEP) of the proposed scheme under Rician fading

channels. We utilize a nonlinear rectenna model to demonstrate the feasibility of the

proposed scheme in terms of energy harvesting capability. Simulation results demon-

strate that the proposed method outperforms conventional modulation techniques

in terms of EH performance across various channel conditions while maintaining

reliable communication performance for next-generation IoT networks.
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In Chapter 4, noise-domain non-orthogonal multiple access (ND-NOMA), an in-

novative communication scheme that utilizes the modulation of artificial noise mean

and variance to convey information, is presented. Distinct from traditional methods

such as power-domain non-orthogonal multiple access (PD-NOMA) that heavily

rely on SIC, ND-NOMA utilizes the noise domain, considerably reducing power

consumption and system complexity. Inspired by noise modulation, ND-NOMA

enhances energy efficiency and provides lower BEP, making it highly suitable for

next-generation IoT networks. Our theoretical analyses and computer simulations

reveal that ND-NOMA can achieve exceptionally low bit error rates in both uplink

and downlink scenarios, in the presence of Rician fading channels. The proposed

multi-user system is supported by a minimum distance detector for mean detection

and a threshold-based detector for variance detection, ensuring robust communi-

cation in low-power environments. By leveraging the inherent properties of noise,

ND-NOMA offers a promising platform for long-term deployments of low-cost and

low-complexity devices.

Ultimately, in the Chapter 5, a novel three-user noise-domain non-orthogonal

multiple access ND-NOMA scheme by introducing the correlation as a new dimen-

sion besides mean and variance quantities used in two-user ND-NOMA is proposed.

The new three-user ND-NOMA scheme includes both uplink and downlink scenar-

ios, with detectors designed to decode the information embedded in mean, variance,

and correlation. Our theoretical analysis and simulation results under Rician fad-

ing channels show that the proposed system is capable of achieving promising BER

performance while preserving the low power and low complexity advantages of ND-

NOMA. This new ND-NOMA design enables simultaneous communication among

three users using different dimensions, paving the way for scalable multi-user com-

munication in noise-domain systems and in the IoT environments.



ÖZETÇE

Yeni Nesil Kablosuz Ağlar ve Nesnelerin İnterneti (IoT) Sistemleri için

Gürültü Tabanlı İletişim

ERKİN YAPICI

Elektrik ve Elektronik Mühendisliği, Yüksek Lisans

7 Temmuz 2025

Kablosuz iletişimdeki mevcut gelişmeler, düşük veri hızlı Nesnelerin İnterneti

(IoT) sistemleri için yeni fırsatlar açmıştır. Yüksek karmaşıklıkta işlemler üzerine

kurulu sinyal işleme ve katı senkronizasyon gereksinimlerine dayanan eski iletişim

çerçeveleri, modern ve gelecekteki IoT ağlarının temel gereksinimleri olan düşük

bit hata oranı (BER), enerji toplama kabiliyeti ve düşük veri hızlarında güvenilir

şekilde çalışabilme yeteneğini sıklıkla karşılayamamaktadır. Bu sınırlamaları gider-

mek için, veriyi deterministik olan frekans veya faz gibi parametreler yerine yapay

olarak üretilen Gauss gürültüsünün istatistiksel özellikler olan, ortalama, varyans ve

korelasyon parametrelerine kodlayan gürültü-temelli modülasyon teknikleri ortaya

çıkmıştır. Bu yaklaşımlar güç tahsisi ihtiyacını ve ayrıca ardışık girişim iptalini (SIC)

ortadan kaldırır, bu da karmaşıklığı ve enerji tüketimini azaltır. Daha açık ifade et-

mek gerekirse, senkronizasyon ve denkleştirme gereksinimini ortadan kaldırarak bu

teknikler dinamik ve öngörülemeyen kablosuz ortamlarda uygun iletişim sağlar.

Bölüm, gelişmekte olan gürültü modülasyonu (Noise-Mod) tekniğinden yarar-

lanarak gelecekteki Nesnelerin İnterneti (IoT) cihazları için yenilikçi bir birleşik

enerji toplama (EH) ve iletişim şeması sunmaktadır. Önerilen yaklaşım, bilgiyi

gerçek Gauss gürültüsü örneklerinin ortalama değerine gömerek kablosuz enerji ve

bilgi toplama imkanı sağlar. Bilgiyi çözmek için ortalama-temelli bir algılayıcı

öneriyoruz ve önerilen şemanın Rician solma kanallarındaki analitik bit hata

olasılığını (BEP) türetiyoruz. Ayrıca, önerilen şemanın enerji toplama kabiliyeti

açısından uygulanabilirliğini göstermek için doğrusal olmayan bir rektanna modeli

kullanıyoruz. Simülasyon sonuçları, önerilen yöntemin çeşitli kanal koşullarında ge-

leneksel modülasyon tekniklerine kıyasla enerji toplama performansını üstün şekilde

gerçekleştirdiğini ve gelecek nesil IoT ağları için güvenilir iletişim performansını ko-

ruduğunu göstermektedir.
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Bölümde, bilgiyi ortalama ve varyansın modülasyonu ile aktaran yenilikçi bir

iletişim şeması olan gürültü-temelli ortogonal olmayan çoklu erişim (ND-NOMA)

sunulmaktadır. Gücün farklı seviyelerine dayanan ve büyük ölçüde ardışık girişim

iptaline (SIC) bağımlı geleneksel güç-temelli ortogonal olmayan çoklu erişim (PD-

NOMA) yöntemlerinden farklı olarak, ND-NOMA gürültü alanını kullanır ve

böylece güç tüketimini ve sistem karmaşıklığını önemli ölçüde azaltır. Gürültü

modülasyonundan ilham alan ND-NOMA enerji verimliliğini artırır ve daha düşük

bit hata oranları sağlar, bu da onu yeni nesil IoT ağları için son derece uygun hale

getirir. Teorik analizlerimiz ve bilgisayar simülasyonlarımız, ND-NOMA’nın Rician

solma kanallarında hem yükselen bağlantı hem de düşen bağlantı senaryolarında son

derece düşük bit hata oranlarına ulaşabildiğini göstermektedir. Önerilen çok kul-

lanıcılı sistem, ortalama tespiti için minimum mesafe algılayıcı ve varyans tespiti için

eşik temelli algılayıcı ile desteklenmekte olup düşük güçlü ortamlarda sağlam iletişim

sağlar. Gürültünün doğasında bulunan özelliklerden yararlanarak ND-NOMA,

düşük maliyetli ve düşük karmaşıklıklı cihazların uzun vadeli konuşlanmaları için

umut verici bir platform sunmaktadır.

Son olarak, 5. Bölümde, iki kullanıcılı ND-NOMA’da kullanılan ortalama ve

varyans boyutlarına ek olarak korelasyonu yeni bir boyut olarak tanıtan yenilikçi

bir üç kullanıcılı gürültü-temelli ortogonal olmayan çoklu erişim ND-NOMA şeması

önerilmektedir. Yeni üç kullanıcılı ND-NOMA şeması, hem yükselen bağlantı hem de

düşen bağlantı senaryolarını kapsamakta ve bilgiyi ortalama, varyans ve korelasy-

ona gömerek kodlayan algılayıcılar tasarlamaktadır. Rician solma kanallarındaki

teorik analizimiz ve simülasyon sonuçlarımız, önerilen sistemin umut verici bit hata

oranı performansına ulaştığını ve ND-NOMA’nın düşük güç ve düşük karmaşıklık

avantajlarını koruduğunu göstermektedir. Bu yeni ND-NOMA tasarımı, üç kul-

lanıcının farklı boyutları kullanarak eşzamanlı iletişim kurmasını sağlamakta ve

gürültü-temelli sistemlerde ölçeklenebilir çok kullanıcılı iletişimin önünü açarak IoT

ortamlarında yeni bir dönemin kapılarını aralamaktadır.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

In the speedly evolving field of wireless communications, the push towards the

6G networks is accelerating the development of innovative techniques that address

the demands of ultra-reliable, low-latency, and energy efficient connectivity. As the

amount of IoT devices increases and applications such as smart cities become more

widespread, the need for novel communication methods has never been greater.

Conventional modulation schemes, while effective in traditional scenarios, had

some challenges under the contraints imposed by the next generation IoT use cases.

In these IoT use cases, there were some limitations in energy availability, low-

complexity device architecture, and the necessity for simultaneous energy and data

transmission. To add on, many existing multiple access strategies, such as PD-

NOMA rely on SIC technique that increase receiver complexity and degrade perfor-

mance under imperfect channel conditions.

To overcome these challenges, promising research has explored alternative mod-

ulation domains and system architectures that utilize the statistical properties of

noise signals. Among these alternative modulation domains, NoiseMod has been a

promising candidate duo to its ability to embed information in the mean, variance,

or correlation of the Gaussian noise samples. This innovative paradigm enables en-

ergy efficient communication and supports simple receiver designs, which are ideal

for constrained IoT environments.

Building on this foundational research, ND-NOMA has been proposed as a low

complexity alternative to conventional NOMA schemes, eliminating the need for

SIC by simultaneously encoding user data in distinct noise domain features. Addi-

tionally, joint energy and information harvesting using Gaussian noise signals offers
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a promising future to the power batteryless IoT devices while maintaining reliable

data transmission.

This thesis introduces three frameworks enhancing the noise domain commu-

nication: a mean based joint energy information harvesting scheme, a two-user

ND-NOMA using mean and variance modulation, and a new three user ND-NOMA

scheme using correlation, mean and variance; targeting efficient, low complexity IoT

communication.

1.1 Contributions

Firstly, we propose an innovative joint energy and information harvesting (JEIH)

scheme based on mean modulated Gaussian noise, and it is called JEIH-Noise Mod.

In this framework, information bits are encoded into the mean of real Gaussian noise

samples, enabling low complexity mean based detection at the receiver. The trans-

mission is being operated in a time-switching manner, where a portion of each bit

interval is dedicated to energy harvesting using a nonlinear rectenna model. Analyt-

ical expressions for the bit error probability (BEP) are derived under Rician fading

conditions. Simulation results indicate that JEIH-Noise Mod achieves reliable com-

munication while enhancing energy harvesting capability compared to concentional

schemes, making it suitable for next-generation low-power IoT applications.

Secondly, we propose a two-user ND-NOMA scheme, where each user’s data is

embedded into a distinct statistical property of the Gaussian noise. In this work,

it is mean and variance respectively for User 1 (U1) and User 2 (U2). In this work,

the separation thus eliminates the need for SIC, enabling a simple yet low BER

multiple access framework. The mean modulated user employs a minimum distance

detector, on the other hand variance modulated user employs a variance threshold

detector. Analytical BEP expressions are derived under Rayleigh and Rician fading

conditions, and simulations validate the system’s low complexity and high reliability

performancce. Our proposed scheme demonstrates significant potential for energy

efficient, low data rate communication in future IoT environments.

Finally, we propose a new ND-NOMA framework to support three users by in-
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troducing correlation as a third independent modulation dimension, in addition to

mean and variance. In this new system, each user encodes data using one of the

three noise domain properties: mean, variance or the correlation of Gaussian noise

samples. A distinct detection architecture is designed, where each user’s signal is

extracted using a dimension specific simple detector without requiring any interfer-

ence cancellation technology. Theoretical BEP analyses are provided for all users

under Rician fading, and simulation results confirms that the proposed three user

ND-NOMA system maintains reliable performance under various Rician channel

condition. This contribution holds the potential to provide multi-user, lower-power

communication in dense IoT environments.
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Chapter 2

NOISE MODULATION

NoiseMod is a novel communication paradigm that, unlike traditional systems

which treat noise as a harmful effect, utilizes noise itself as an information carrier.

Instead ofmodulating the amplitude, frequency, or phase of a high-frequency carrier

signal, NoiseMod encodes digital information into the statistical parameters of noise,

like mean, variance, or correlation. The concept is categorized into two schemes:

TherMod, which leverages inherent thermal noise from passive components like re-

sistors, and external NoiseMod, which employs artificially generated and modulated

noise signals. For instance at the receiver, the signal is downconverted and samples,

and the sample variance is computed to extract the embedded information using a

threshold-based detector. This approach enables non-coherent detection, time di-

versity, and even ultra-low power communication, making it attractive for covert

and secure wireless systems.

2.1 A Literature Survey on Noise Modulation

Back in foundational research, to carry information, thermal noise modulation (Ther-

Mod) was introduced [Kish, 2005, Basar, 2024]. On top of this foundational concept,

subsequent studies proposed modulating information through the statistical param-

eters of the noise signal itself, such as the variance or mean [Basar, 2024, Kish,

2006, Kramer and Bessai, 2017, Basnayaka and Haas, 2017, Kozlendrakov and Boysi,

2018, Anand, 2019, Yapici et al., 2025]. These studies jointly demonstrate that noise

modulation has the potential for simplifying receiver design, increasing robustness

towards the channel imperfections, achieving covert and secure communications, en-

abling low complexity communication. Specifically, certain noise modulation forms

allow for non-coherent detection, where the receiver can extract information solely
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by estimating signal statistics such as variance, without the need of any knowledge

of the instantaneous channel state. Furthermore, phase and frequency synchro-

nization is not required in these schemes, which significantly reduces the receiver

complexity. To add on, by distributing the noise samples corresponding to a sin-

gle information bit across multiple time slots, noise modulation inherently enables

time diversity, which enhances robustness in fading environments without requiring

complex combining techniques or multiple antennas. Finally, noise-alike waveforms

provide significant advantages in terms of secure and covert communications. These

features make noise modulation suitable for low-data-rate scenarios, where minimiz-

ing receiver complexity and maximizing energy efficiency are critical. Building on

this foundation and the fascinating property of the Gaussian distribution, where the

sum of two independent Gaussian variables remains Gaussian [Ding et al., 2014],

our prior work introduced a two-user noise-domain non-orthogonal multiple access

(ND-NOMA) scheme, where user information was encoded through the mean and

variance of artificially generated noise, offering a promising solution for emerging

energy-constrained applications [Yapici et al., 2024, Butt et al., 2024]. Distinct

from PD-NOMA schemes that rely heavily on SIC, ND-NOMA inherently avoids

the need for such complex receiver operations by employing statistical noise pa-

rameters for information encoding. Moreover, as the scheme operates purely in the

noise domain, it eliminates the requirement for precise frequency and phase syn-

chronization, further reducing receiver complexity and making it highly attractive

for low-data-rate applications. On the other hand also, ND-NOMA system has a

simple detection structure thus it avoids typical error propagation problems which

we observe in PD-NOMA systems. This foundational progression sets the stage for

our current work, where we reshape the ND-NOMA paradigm to support a third

user by leveraging correlation as a new statistical dimension, thereby enhancing the

scalability and flexibility of noise-domain communication. It is worth noting that

some earlier schemes considered correlation to carry information in secure and covert

noise-driven communications, but not in the context of multiple accessing [Salbert

and Hanssen, 1999, Xu et al., 2017].

NoiseMod operates by embedding digital bits into the variance levels of Gaussian
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Figure 2.1: Transceiver architecture of noise modulation. v(t): thermal or
externally-generated noise waveform, sRF (t): received signal scaled by a com-
plex factor due to channel, fc/fs: carrier/sampling frequency. For NoiseMod,
v(t) = ℜ

{
u(t)ej2πfct

}
with u(t) being the complex baseband noise waveform [Basar,

2024].

noise signals, leveraging a simple yet effective transceiver design as illustrated in

Figure 2.1. During each bit duration, the transmitter emits noise samples with either

low or high variance depending on the bit value. Specifically, a bit-0 is represented

by a noise waveform with variance σ2
0, while a bit-1 corresponds to a higher variance

σ2
1 = ασ2

0. At the receiver, the complex baseband samples sn are used to estimate

the sample variance as

σ̂2 =
1

N

N∑

n=1

|sn|2,

which is then compared to a predefined threshold γ to make a binary decision:

b̂ =





0, σ̂2 < γ

1, σ̂2 ≥ γ

This simple threshold-based detection scheme does not require knowledge of

the instantaneous channel state, thus allowing non-coherent operation. The system

design and performance analysis for this approach are extensively detailed in [Basar,

2024].
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Chapter 3

NOISE MODULATION OVER WIRELESS ENERGY

TRANSFER: JEIH-NOISE MOD

In this chapter we present an innovative joint EH and communication scheme for

future IoT devices by leveraging the emerging noise modulation NoiseMod technique.

The proposed approach embeds information into the mean value of real Gaussian

noise samples to enable wireless energy and information harvesting. We propose a

mean-based detector to decode the information and derive the analytical BEP of

the proposed scheme under Rician fading channels. We utilize a nonlinear rectenna

model to demonstrate the feasibility of the proposed scheme in terms of energy

harvesting capability. Simulation results demonstrate that the proposed method

outperforms conventional modulation techniques in terms of EH performance across

various channel conditions while maintaining reliable communication performance

for next-generation IoT networks.

This chapter is structured as follows. Section 3.1 presents the detailed system

model for both information transmission and energy harvesting. Section 3.2 provides

a theoretical analysis of the BEP expressions. Section 3.3 discusses simulation results

for both BER and energy harvesting performance.

3.1 JEIH-Noise Mod System Model

In this section, we present the transceiver architecture of the proposed JEIH-Noise

Mod scheme that is illustrated in Fig. 3.1. We consider a total number of N

samples per bit duration for joint energy and information harvesting, employing the

TS mode as the operation mode [Zhou et al., 2013]. In the TS mode, during the first

Ne = αN samples, the information harvester is inactive, and the entire signal power

is dedicated to energy harvesting, where α is the portion of time that the energy
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Sampler

Matching
Network

101011...

bit-1

bit-0 NoiseMod

Mean
Detector

Bit Mapper

Energy Harvesting

Information Harvesting

101011...

Figure 3.1: Transceiver scheme of the proposed JEIH-Noise Mod system. Bits are
mapped into mean and variance of Gaussian noise in the transmitter and energy
harvesting/information harversting are implemented in the receiver, respectively.

harvester is active. For the remaining Ni = (1 − α)N samples, the information

harvester is active, and all signal power is utilized for information decoding. In this

proposed scheme, the mean value of the RG noise samples is modulated to encode

information. Therefore, this scheme utilizes noise samples with a fixed variance

and controllable mean to simultaneously facilitate information transfer and energy

harvesting.

3.1.1 Information Harvesting

The transmission of bit-b (bit-0 or bit-1) is realized using Ni consecutive, randomly

generated Gaussian noise samples, and a sample is defined as xn ∼ N (µ, σ2
x), ,

where n = 1, . . . , Ni, µ and σ2
x denote the corresponding mean value for bits and the

variance of the noise samples (i.e., serves as the overall transmit power factor). µ is

selected as follows:

µ =





µl, if bit-0 is transmitted,

µh, if bit-1 is transmitted,

(3.1)

Herein, µl = −m and µh = +m represent the symmetric mean values corresponding

to bit-0 and bit-1, respectively. Under the transmit power constraint, ΣNi

n=1E[x
2
n] =

µ2 + σ2
x = PT , where PT is normalized to unit power, this symmetric mean selection

ensures equal average transmit power for each bit.

Afterward, we express the n-th received complex baseband sample yn over a
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wireless channel as

yn = hxn + wn, (3.2)

where wn ∼ CN (0, σ2
w) corresponds to additive white Gaussian noise (AWGN) sam-

ple with variance σ2
w. Additionally, for a forthcoming analysis to evaluate the error

performance of the system, we define δ = σ2
x/σ

2
w, which represents the ratio of vari-

ances between the useful signal and the additive Gaussian noise components. This

parameter is analogous to the signal-to-noise ratio (SNR) in conventional digital

communication systems. A higher value of δ indicates increased robustness of the

receiver against the effects of additive disruptive noise, leading to a lower bit error

probability (BEP). Moreover, h = h̄/
√
L is the complex baseband channel coeffi-

cient of the transmitter and receiver link. Here, L denotes the attenuation due to

the distance between the transmitter and receiver, and it is calculated as

L =

(
4π d fc
c

)2

, (3.3)

where d, fc, and c correspond to the distance in meters, carrier frequency, and the

speed of light, respectively. Furthermore, h̄ = h̄R + jh̄I is the small-scale channel

coefficient for Rician fading with parameterK and h̄R, h̄I ∼ N
(√

K
2(1+K)

, 1
2(1+K)

)
. h̄

is normalized to have unit gain in average, i.e. E[|h̄|2] = 1. Furthermore, we assume

block fading, that is h remains constant during each transmission (bit) interval.

At the receiver, the sample mean estimation of the received signals is computed

to decode the information bits as

ȳ =
1

Ni

Ni∑

n=1

yn. (3.4)

The estimated information bit, b̂, is detected using the minimum distance rule, which

is formulated as

b̂ =





0, if |ȳ − hµl|2 < |ȳ − hµh|2

1, if |ȳ − hµh|2 < |ȳ − hµl|2.
(3.5)
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3.1.2 Energy Harvesting

In the EH phase, Ne Gaussian noise samples are fed to the rectenna to scavenge

energy from received Gaussian signals. The harvested power can then be used di-

rectly or stored in a battery. A rectenna, consisting of an antenna and a rectifier,

plays a crucial role in the EH process. The rectifier specifically converts the received

radio frequency (RF) power into DC power. Herein, we employ a single-diode rec-

tifier model. After passing through a matching network, which ensures impedance

matching between the antenna and the rectifier, the single-diode rectifier converts

the received Gaussian noise samples into DC power as shown in Fig. 3.1. To ac-

count for the practical characteristics of the rectenna based on design preferences,

the authors in [Clerckx and Bayguzina, 2016] proposed a nonlinear rectenna model.

This model exploits the Taylor series expansion of the diode characteristic function

to investigate the effect of different signaling/modulation schemes on the system’s

energy harvesting capability. This expression is mathematically given by,

zDC = k2RantE[|yn|2] + k4R
2
antE[|yn|4], (3.6)

where k2 and k4 are rectifier-dependent parameters, and Rant represents the antenna

impedance.

Unlike conventional linear rectenna models, where the energy harvesting capa-

bility depends only on the received power and not on the utilized waveform, [Pi-

htili et al., 2024] highlights the influence of different waveforms on the system’s

energy harvesting capability. The term E[|yn|2] represents the linear component

and depends exclusively on the received power, while E[|yn|4] accounts for the non-

linear characteristics of the rectenna and varies with the type of transmit signal

[Clerckx and Bayguzina, 2016]. Thus, using RG signals instead of CSCG or lin-

ear modulated ones is beneficial for energy harvesting, as indicated in [Kim et al.,

2020]. However, using the mean of RG signals for information harvesting affects

the system’s energy harvesting capability. Under the transmit power constraint
∑Ne

n=1 E[x
2
n] = µ2 + σ2

x = PT , where PT is normalized to unit power, increasing the

mean parameter µ reduces the variance σ2
x accordingly. This reduction diminishes

the amplitude fluctuations of the RG signal, thereby reducing the energy harvesting
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capability, whereas waveforms with amplitude fluctuations are beneficial for enhanc-

ing energy harvesting capability [Pihtili et al., 2024, Clerckx and Bayguzina, 2016].

3.2 Error Analysis

In this section, we derive the theoretical BEP expressions for the proposed scheme.

We assume that the channel is perfectly known at the receiver in this analysis, as

well as in computer simulations.

At the receiver, we can further express the sample mean ȳ in (3.4) as

ȳ =
1

Ni

Ni∑

n=1

yn = hx̄ + w̄, (3.7)

where x̄ = 1
Ni

∑Ni

n=1 xn and w̄ = 1
Ni

∑Ni

n=1wn. In order to simplify the analysis,

we exploit a standard trick of removing the complex phase of the channel. Let us

rewrite complex baseband channel coefficient h as h = r ejφ, and ϕ is the phase of

the channel. By removing the phase, we have

ỹ = e−jφȳ, (3.8a)

w̃ = e−jφw̄, (3.8b)

r = e−jφh. (3.8c)

Since AWGN is circularly symmetric, w̃ ∼ CN (0, σ2
w/Ni) has the same distribution

as w. We have the rotated sample mean signal ỹ, which can be expressed as follows

ỹ = rx̄+ w̃, (3.9)

where x̄ follows N (µl, σ
2
x/Ni). For b = 0, an error occurs when error event below

holds,

|ỹ − rµh|2 < |ỹ − rµl|2. (3.10)

It can be shown that the error event in (3.10) can be rewritten as a threshold

condition on a real Gaussian variable

z = r (x− (−m)) + ℜ{w̃}. (3.11)
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Let us define an auxiliary variable such that ω = µh−µl = 2m. Then z ∼ N
(
0, r2σ2

x

Ni

+

σ2
w

2Ni

)
. Conditioned on amplitude r, the instantaneous probability of error is

Pr(error | b = 0, r) = Pr
{
z > 1

2
rω
}
= Q




1
2
rω√

r2σ2
x

Ni

+ σ2
w

2Ni


 . (3.12)

By symmetry, the same holds for b = 1. Since h̄ has unit second moment, |h̄| follows
a Rician distribution with probability density function (pdf)

f|h̄|(x) =
x

σ2
s

exp

(
− x2 + s2

2 σ2
s

)
I0

(
x s

σ2
s

)
, x ≥ 0, (3.13)

where s2 + 2 σ2
s = 1 and K = s2

2σ2
s

. With path loss L, we get r = x/
√
L. Therefore,

the scaled Rician pdf can be expressed as

fr(r) =

(√
L r

σ2
s

)
exp

(
− L r2 + s2

2 σ2
s

)
I0

(
r
√
Ls

σ2
s

)
, r ≥ 0. (3.14)

Finally, we average Q function in (3.12) over the distribution of r, and the

unconditional BEP is found below

Pe =

∫ ∞

0

Q


 rm√

1
2Ni

(2r2σ2
x + σ2

w)


 fr(r) dr. (3.15)

We numerically evaluate the integral in (3.15) with the adaptive quadrature

method [Press, 2007].

3.3 JEIH-Noise Mod Simulation Results

In this section, we validate the analytical BER derivations and show the energy

harvesting capability based on (6) through computer simulations. The theoretical

BEP curves are obtained from (3.15). Table 3.1 summarizes the simulation param-

eters, including antenna impedance, rectifier coefficients, carrier frequency, and TS

factors.

3.3.1 Energy Harvesting Capability

Fig. 3.2 illustrates the energy harvesting capability, denoted as zDC, for diverse mod-

ulation schemes, including the TS and PS modes of the proposed JEIH-Noise Mod,
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Figure 3.2: Energy harvesting capability (zDC) vs. distance for different modulation
schemes.

16-QAM, 16-PSK, BPSK, RG, and CSCG signals. In the PS baseline scenario, the

signal power is divided with a power-splitting factor of ρ for energy harvesting and

1 − ρ for information harvesting through the power divider block before the sam-

pling process. In this simulation, we set Ne = 100. The proposed JEIH-Noise Mod

scheme significantly improves energy harvesting capability, particularly at shorter

distances. As expected, when the distance increases due to the path loss effect, the

energy harvesting capability decreases for all modulation schemes. However, JEIH-

Noise Mod in TS mode consistently outperforms conventional modulation schemes.

Notably, its performance is comparable to RG, which is considered ideal for energy

harvesting.
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Figure 3.3: δ versus theoretical and simulated BER for varying Ni values .

3.3.2 Error Performance

Fig. 3.3 illustrates the BER performance as a function of the variance ratio δ for

different values ofNi. We chooseK = 5, d = 3m and use the α values from Table 3.1,

where the Ni values are set to match the corresponding α values. As Ni increases,

the BER improves significantly due to the more accurate averaging of noise samples.

Expectedly, Ni = 120 achieves the lowest BER across all δ values, demonstrating

the benefits of processing more samples for reliable detection. Compared with the

conventional NoiseMod scheme and our proposed scheme JEIH-Noise Mod with

Ne = 120, there is a slight difference in terms of error performance. The reason for

the slight difference is due to the number of noise samples; for the JEIH-Noise Mod

cases, Ni was used, which splits the N accordingly. Expectedly, since N is not split

and is used only for information reception in conventional NoiseMod, a difference
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Figure 3.4: δ versus theoretical and simulated BER for varying distances.

can be observed for various Ni values that are less than N . Furthermore, NoiseMod

uses mean values to carry information.

The BER performance for varying transmitter-receiver distances d for K = 5

is illustrated in Fig. 3.4 to demonstrate the effect of increasing path loss on the

JEIH-Noise Mod scheme. Shorter distances result in better BER performance due

to reduced path loss and stronger received signal power, where the proposed scheme

showcases reasonable energy harvesting capability. The BER performance degrades

as the distance increases, with d = 10 meters showing the highest BER across all δ

values. Moreover, the theoretical and simulated results align closely, validating our

analytical expressions.

The impact of the Rician fading parameter K on the BER performance is eval-

uated in Fig. 3.5, where d = 3 m and Ni = 90 samples are used. Higher values
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Figure 3.5: δ versus theoretical and simulated BER for varying Rician K-factor
values.

of K, indicating a stronger line-of-sight (LoS) component, result in improved BER

performance. For K = 10, the system achieves the lowest BER, demonstrating the

advantage of a dominant LoS channel. When K = 5, the proposed system maintains

satisfactory error performance. Notably, even in the absence of an LoS component

(K = 0), the system ensures reliable communication, highlighting its robustness

under severe multipath conditions.

The impact of channel estimation errors on the BER performance is illustrated

in Fig. 3.6for distances of d = 1m and d = 3m under different estimation error

variances σ2
e . In computer simulations, we set K = 5 and Ni = 90 samples are used.

The imperfect CSI is modeled as ĥ = h+ ϵ, ϵ ∼ CN (0, σ2
e), and ĥ is used instead

of h in(3.5). As σ2
e increases, only slight BER degradations are observed across all
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Figure 3.6: δ versus theoretical and simulated BER for varying σ2
e values.

δ values, demonstrating that the proposed JEIH-Noise Mod scheme remains robust

even with channel estimation errors. This resilience arises from our simple threshold-

based detection rule (3.5), which relies on the sample mean rather than precise

channel amplitude estimates. Thus, erroneous channel coefficients have minimal

impact on the decision metric. The close alignment between the perfect CSI and

imperfect CSI curves confirms that the mean detector effectively mitigates the effect

of estimation errors across varying distances.

Despite the inherently low bit rate characteristic of backscatter communication

and IoT-based systems [F. Jameel and Lee, 2019], our proposed scheme effectively

integrates both information and energy harvesting without compromising perfor-

mance. This demonstrates its ability to ensure reliable data transmission while ben-

efiting from Gaussian signaling for energy harvesting, making it a suitable choice for
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Table 3.1: Simulation Parameters

Parameter Value

Rant [Ω] [Kim et al.,

2020]

50

k2, k4 [Kim et al.,

2020]

0.0034, 0.3829

fc [MHz] 433

N [samples] 150

d [m] [1, 10]

µH , µL

√
0.5,−

√
0.5

α 0.2, 0.3, 0.4, 0.5

σ2
x 1

ρ 0.5

low-power applications. Consequently, by utilizing the NoiseMod scheme, the pro-

posed system maintains strong energy harvesting capability and error performance,

showcasing its potential for future energy-constrained IoT applications.
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Chapter 4

NOISE-DOMAIN NON-ORTHOGONAL MULTIPLE

ACCESS

In this chapter, by taking the noise modulation concept one step further, we

propose an innovative communication scheme called ND-NOMA. The fascinating

property of the Gaussian distribution is that the sum of two independent Gaussian

variables remains Gaussian [Ding et al., 2014]. In ND-NOMA, we exploit this by

adding two Gaussian noise signals, each carrying different user information. The

resulting signal retains its Gaussian nature, simplifying processing and detection at

the receiver, which allows the ND-NOMA to efficiently handle multiple signals with

minimal error, ideal for low-power IoT networks. This scheme utilizes the mean and

variance of the artificial noise signals to transmit data. Basically, bits of one user

are modulated using the mean of the noise samples, while bits of the other user are

modulated using the variance of the noise samples. Since ND-NOMA leverages noise

samples, the system does not require processing steps such as frequency synchro-

nization and equalization for the downlink scenario. Thus, ND-NOMA significantly

reduces power consumption and system complexity, making it ideal for the low power

consumption requirements of next-generation applications such as Internet-of-things

(IoT) networks. Our theoretical analysis and computer simulations demonstrate

that ND-NOMA can achieve exceptionally low bit error rate (BER) in both up-

link and downlink scenarios. The robust performance of the system is supported

by a minimum distance detector for mean detection and a threshold-based detector

for variance detection, ensuring reliable communication even in low-power scenarios.

Our findings indicate that ND-NOMA has excellent performance, particularly in Ri-

cian fading channels, and can be utilized for long-term and large-scale deployments

of low-cost, low-complex devices.
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In emerging IoT use-cases, legacy systems were not performing well enough in

terms of scalability, so the low-data-rate communication schemes were essential. Un-

like PD-NOMA or CD-NOMA, designed for high-throughput scenarios, ND-NOMA

offers a noise-domain access strategy well suited for low-data-rate IoT environments.

As next-generation multiple access technology is a key candidate for 6G, ND-NOMA

aligns well with the access needs of future wireless communication scenarios. ND-

NOMA is well-suited for integration with Device B types of ambient IoT systems,

as highlighted in [Butt et al., 2024]. Device B, with its limited energy storage and

semi-passive operation, aligns with ND-NOMA’s low-power and low-complexity de-

mands, essential for sustainable IoT deployments. For Device Type B, the goal

is to have low complexity, and with its simple receiver architecture, ND-NOMA is

well suited for low-data-rate scenarios (0.1–5 kbps). Device B is semi-passive, uses

backscattering with limited energy storage, and has power consumption below 1

mW. By utilizing noise mean and variance and its low-complex receiver structures

for data transmission, ND-NOMA reduces the need for power-intensive processes

like synchronization, making it ideal for energy-efficient systems. Its robustness in

low-power scenarios further enhances the performance of ambient IoT networks, po-

sitioning ND-NOMA as a strong contender for next-generation applications. Studies

in ISAC show that random waveforms enhance spectral efficiency, complementing

ND-NOMA’s goals of low-power communication [Koivunen et al., 2024]. Moreover,

energy harvesting techniques such as SWIPT further support ND-NOMA’s energy-

efficient design [Song et al., 2014, Ashraf et al., 2021]. As illustrated in Fig. 4.1, the

ND-NOMA scheme is not designed for broadband cellular communication scenarios,

but instead it is designed for low-power and low-data-rate IoT environments, and

our main motivation is to decompose the signals without using SIC.

The remainder of ths section is organized as follows: Section 4.1 covers uplink

ND-NOMA theory and BEP optimization, Section 4.2 addresses downlink perfor-

mance, and Section 4.3 presents numerical results.
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Figure 4.1: Illustration of a potential ND-NOMA use-case in low-data-rate, low-
energy IoT environments, where (a) represents the downlink transmission and (b)
represents the uplink transmission.

Figure 4.2: Uplink ND-NOMA scheme with two users using real Gaussian signals.

4.1 Uplink ND-NOMA: System Model and Performance Analysis

In this section, we first provide the system model for uplink ND-NOMA for two users

and then introduce a general framework to assess the theoretical BEP performance

of the two users.

4.1.1 System Model

As shown in Fig. 4.2, in the uplink transmission of two users, one of the users (User

1, U1) uses the mean of the transmitted Gaussian samples. In contrast, the other

user (User 2, U2) exploits the variance as in noise modulation schemes. Specifically,

denoting the nth noise samples of U1 and U2 respectively by sn1 and sn2 , for U1,



Chapter 4: Noise-Domain Non-Orthogonal Multiple Access 22

the transmission of information bits is accomplished by alternating the mean of

the samples between low and high values, that is, for bit-0 and bit-1, we have,

sn1 ∼ N (m1,l, σ
2
1) and sn2 ∼ N (m1,h, σ

2
1). As discussed later, we set m1,h = −m1,l

for optimum performance. We assume that two users consider N noise samples for

each bit.

On the other hand, for U2, we apply noise modulation by alternating the noise

variance only, and for bit-0 and bit-1, we have sn2 ∼ N (m2, σ
2
2,l) and s

n
2 ∼ N (m2, σ

2
2,h).

At this point, we set the mean of samples to zero, that is, m2 = 0, to minimize the

interference to U1. This initial model assumes binary-level signaling, while a gener-

alization is subject to further studies.

In this setup, we assume an average transmission power of P for each user,

which corresponds to the second moment of the transmitted samples1: E[(sn1 )
2] =

E[(sn2 )
2] = P , which equals to the sum of squared mean and variance of their

samples. In light of this, P = m2
1,l + σ2

1 for U1. Here, U1 dedicates β portion of its

available power for the variance of its samples while dedicating a (1−β) portion for

the mean, that is, σ2
1 = βP and m2

1,l = m2
1,h = (1− β)P . Since m2 = 0, all power of

U2 is dedicated to the variance of its samples, P = (σ2
2,l + σ2

2,h)/2.

In what follows, we use the terminology considered in the study of [Basar, 2023]

and define δ = σ2
2,l/σ

2
w as the ratio of useful and disruptive noise variances. Ad-

ditionally, α stands for the ratio of high and low variance values for U2, that is,

σ2
2,h = ασ2

2,l. Accordingly, we obtain η = σ2
1/σ

2
w = (1 + α)δβ/2.

In light of the model in Fig. 4.2, the received nth noise sample at the receiver is

expressed as

yn = h1s
n
1 + h2s

n
2 + wn, n = 1, . . . , N. (4.1)

Here, h1 and h2 are the complex baseband channel coefficients of the links between

U1-base station (BS) and U2-BS, respectively, and wn ∼ CN (0, σ2
w) is the com-

plex baseband additive white Gaussian noise sample at the BS. Our analysis and

computer simulations assume either unit-gain Rayleigh or Rician fading models.

1Assuming equiprobable U2 bits, over a long sequence, half of its samples will have σ2

2,l variance

while the other half having σ
2

2,h. As a result, the second moment of U2 samples converges to P .
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Figure 4.3: Uplink ND-NOMA scheme with two users using real Gaussian signals.

Accordingly, for Rayleigh fading, we have h1, h2 ∼ CN (0, 1) while for Rician fad-

ing with K parameter, we have h1,R, h1,I , h2,R, h2,I ∼ N
(√

K
2(1+K)

, 1
2(1+K)

)
. Then,

conditioned on channel coefficients, we obtain

E[yn] =h1m1,i

VAR[yn] =|h1|2σ2
1 + |h2|2σ2

2,k + σ2
w, i, k ∈ {l, h}. (4.2)

The task of the BS is to process the received samples of (4.1) through statistical

tests to detect the information bits of both users. The following two subsections

present minimum distance-based detection rules for both users and derive their

theoretical BEP performance.

4.1.2 Uplink - User 1 Detection

The task of the BS during the detection of U1’s bit involves calculating the sample

mean of the received samples, yn, n = 1, . . . , N , followed by a decision process. In

light of this, the sample mean is calculated as

ȳ =
1

N

N∑

n=1

yn, (4.3)

which is complex Gaussian distributed with mean E[ȳ] = h1m1,i (unbiased estimate)

and VAR[ȳ] = (|h1|2σ2
1+ |h2|2σ2

2,k+σ
2
w)/N variance with i, k ∈ {l, h}. Based on this,

the following binary hypothesis test is considered at the BS to detect U1’s bit:

b̂1 =





0, if |ȳ − h1m1,l|2 < |ȳ − h1m1,h|2

1, if |ȳ − h1m1,h|2 < |ȳ − h1m1,l|2 .
(4.4)
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The above detector is a “minimum distance detector” and considering the complex

Gaussian distribution of ȳ, it is a maximum likelihood one. In light of this and also

considering the symmetry for bit-0 and bit-1, conditioned on channel coefficients,

the BEP of U1 becomes

Pb = P
(
|ȳ − h1m1,h|2 < |ȳ − h1m1,l|2

∣∣ b1 = 0
)
. (4.5)

Expanding the terms in (4.5) and considering m1,h = −m1,l, we obtain

Pb = P (4Re {ȳh∗1m1,l} < 0 | b1 = 0) . (4.6)

Defining the Gaussian distributed random variable D = Re {ȳh∗1m1,l}, we obtain,

Pb = P (D < 0 | b1 = 0) = Q (mD/σD), where E[D] = mD and VAR[D] = σ2
D are

conditional statistics of D. While mD can be easily obtained as mD = |h1|2m2
1,l,

derivation of σ2
D is not straightforward due to correlation of ȳR and ȳI . Specifically,

we obtain

σ2
D = VAR [Re {(ȳR + jȳI)(h1,R + jh1,I)m1,l}]

= VAR [m1,l (ȳRh1,R + ȳIh1,I)]

= m2
1,l

(
h21,RVAR [ȳR] + h21,IVAR [ȳI ]

+ 2h1,Rh1,ICOV(ȳR, ȳI)) . (4.7)

Substituting the following variance values in (4.7) that are obtained after tedious

calculations,

VAR [ȳR] =
1

N

(
h21,Rσ

2
1 + h22,Rσ

2
2,k + σ2

w/2
)

VAR [ȳI ] =
1

N

(
h21,Iσ

2
1 + h22,Iσ

2
2,k + σ2

w/2
)

COV(ȳR, ȳI) =
1

N

(
h1,Rh1,Iσ

2
1 + h2,Rh2,Iσ

2
2,k

)
, (4.8)

BEP of U1 can be obtained as Pb = Q (mD/σD), which is conditioned on h1, h2,

and σ2
2,k. Due to the complexity of the terms inside the Q function, we resort to

numerical integration methods over the probabilistic distributions of h1 and h2 to

derive the unconditional BEP. Specifically, we obtain

P̄b =

∫∫∫∫
Pbf(h1,R)f(h1,I)f(h2,R)f(h2,I)dh1,Rdh1,Idh2,Rdh2,I , (4.9)
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where a further averaging is needed over the two equiprobable values of σ2
2,k for

k ∈ {l, h}. In order to calculate the unconditional BEP, we encountered a highly

complex integral that cannot be solved analytically. Consequently, we utilized nu-

merical methods, specifically Monte Carlo integration, to perform the evaluation.

The detailed methodology for this approach is provided in Appendix A and is used

to calculate the unconditional BEP among the users on both downlink and uplink

scenarios.

Finally, we note that, as NoiseMod schemes, conditional BEP is a decaying

function of
√
N (through σ2

D).

4.1.3 Uplink - User 2 Detection

In contrast to U1’s mean detection problem, the task of the BS is to formulate a

variance detection problem to extract U2’s bits. While we work on a real and positive

search space for this problem, complex distributions of yn and ȳ, more importantly,

their correlated real and imaginary components, pose a severe challenge to the BEP

derivation of U2.

In light of this, the sample variance of the received samples is calculated as

s2y =
1

N − 1

N∑

n=1

|yn − ȳ|2 . (4.10)

Considering the two possible variance values of yn, given as s20 = σ2
1|h1|2+σ2

2,l|h2|2+
σ2
w and s21 = σ2

1|h1|2 + σ2
2,h|h2|2 + σ2

w, further we obtain,

s20 = σ2
w

(
1 + η |h1|2 + δ |h2|2

)

s21 = σ2
w

(
1 + η |h1|2 + αδ |h2|2

)
. (4.11)

Here, η, δ, and α are system-related constants defined in Section II.A. Defining a

variance threshold as γ = χσ2
w, where χ is the scaled threshold value [Basar, 2024],

and it is defined as

χ =
2(1 + δ)(1 + αδ)

2 + δ(1 + α)
. (4.12)
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Figure 4.4: Downlink ND-NOMA scheme with two users using real Gaussian signals.

Thus, U2 detection problem is formulated as

b̂2 =





0, if s2y < γ

1, if s2y > γ,

(4.13)

Accordingly, BEP of U2 bits is obtained as

Pb =
1

2
P
(
s2y > γ

∣∣ b2 = 0
)
+

1

2
P
(
s2y < γ

∣∣ b2 = 1
)
. (4.14)

This calculation requires the statistics of s2y, which will be derived next.

At this point, for large N , to simply the theoretical derivations due to correlated

components, we assume s2y ≈ 1
N−1

∑N
n=1 |yn − h1m1,i|2, where ȳ is replaced by its

mean E[ȳ] = h1m1,i, i ∈ {l, h}. Accordingly, (5.12) can be expressed in the quadratic

form of 2N real Gaussian random variables:

s2y =
1

N − 1

N∑

n=1

(ynR − h1,Rm1,i)
2 + (ynI − h1,Im1,i)

2

= yTΛy, (4.15)

where y ∼ N (0,Σ) is a 2N × 1 vector with Gaussian distributed elements and Λ is

a 2N × 2N diagonal matrix. Here, Σ is a banded covariance matrix, given as

Σ =




σ2
R c 0 . . . 0

c σ2
I 0 . . . 0

0 0
. . . 0

...
... . . . 0 σ2

R c

0 0 . . . 0 c σ2
I




2N×2N

(4.16)
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where σ2
R = VAR[ynR] = h21,Rσ

2
1 + h22,Rσ

2
2,k + σ2

w/2, σ
2
I = VAR[ynI ] = h21,Iσ

2
1 +

h22,Iσ
2
2,k + σ2

w/2, and c = COV((ynR − h1,Rm1,i) , (y
n
I − h1,Im1,i)) for i, k ∈ {l, h} and

n = 1, . . . , N . After simple manipulations, we obtain c = h1,Rh1,Iσ
2
1 + h2,Rh2,Iσ

2
2,k.

At this point, interested readers might resort to advanced statistics by consider-

ing series expansions for the distribution of Gaussian quadratic forms or advanced

mathematical packages on generalized chi-square distributions [Mathai and Provost,

1992]. To simplify our analysis, we consider the central limit theorem (CLT) and

assume that s2y ∼ N (µs, σ
2
s) for large enough N .

From [Paolella, 2018], we obtain the mean and variance of s2y as

µs =
1

N − 1
tr[ΛΣ] =

N(σ2
R + σ2

I )

N − 1

σ2
s =

2

(N − 1)2
tr[ΛΣΛΣ] =

2N

(N − 1)2
(
σ4
R + σ4

I + 2c2
)
, (4.17)

which are consistent with the definition of s2y in (5.12). Accordingly, BEP is obtained

as

Pb =
1

2
Q

(
γ − µs |b2=0

σs |b2=0

)
+

1

2
Q

(
µs |b2=1 − γ

σs |b2=1

)
(4.18)

where µs and σs are conditioned on the transmitted bit through σ2
2,k. Selecting the

threshold for equal bit error probabilities of bit 0 and bit 1 yields

γ =
σs |b2=0 × µs |b2=1 + σs |b2=1 × µs |b2=0

σs |b2=0 + σs |b2=1

. (4.19)

Substituting this value in (4.18) yields the conditional BEP as

Pb = Q

(
µs |b2=1 − µs |b2=0

σs |b2=0 + σs |b2=1

)
. (4.20)

As U1’s BEP, for N ≫ 1, we observe that U2’s BEP is a decaying function of
√
N

through the σ2
s term in the Q function.

Despite its simple detection architecture and our assumptions above, the final

result for the BEP is still too complicated for taking an average over channel re-

alizations, and we have to use numerical integration as in (4.9) to obtain uncondi-

tional BEP. Nevertheless, the computational complexity of our approach remains

significantly lower than traditional PAM demodulation methods with SIC, which
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Table 4.1: Statistics of the transmitted and received signals for Downlink ND-NOMA

U1/U2 bits snBS ynp , p ∈ {1, 2}
00 N (m1,l, σ

2
2,l) CN (hpm1,l, |hp|2 σ2

2,l + σ2
w)

01 N (m1,l, σ
2
2,h) CN (hpm1,l, |hp|2 σ2

2,h + σ2
w)

10 N (m1,h, σ
2
2,l) CN (hpm1,h, |hp|2 σ2

2,l + σ2
w)

11 N (m1,h, σ
2
2,h) CN (hpm1,h, |hp|2 σ2

2,h + σ2
w)

require iterative interference cancellation and complex computations. In contrast,

our detection methods rely solely on straightforward mean, variance, and threshold

calculations, making them far more efficient and less computationally demanding.

The following steps outline the key aspects of the uplink system model, summa-

rizing the transmission and detection processes:

• Step 1 : U1 encodes bits by adjusting the mean of its Gaussian noise signal

(low for bit-0, high for bit-1), while U2 encodes bits by varying the variance

(low for bit-0, high for bit-1) with its mean kept at zero to avoid interference.

• Step 2 : The base station receives the combined signals from U1 and U2, af-

fected by channel fading and noise.

• Step 3 : The base station decodes U1’s bit by computing the mean of received

samples and uses a minimum distance detector, while U2’s bit is decoded by

computing the variance and applying a threshold-based detector.

4.2 Downlink ND-NOMA: System Model and Performance Analysis

In this section, we emphasize downlink ND-NOMA for two users by defining its

system model and then presenting its theoretical BEP performance.

4.2.1 System Model

As shown in Fig. 4.4, for the downlink scheme, a composite signal is generated

by the BS considering the information bits of two users. Here, we again consider



Chapter 4: Noise-Domain Non-Orthogonal Multiple Access 29

binary modulation for simplicity. Accordingly, BS’s transmitted noise samples follow

snBS ∼ N (m1,i, σ
2
2,k) distribution for i, k ∈ {l, h}. In other words, the mean of the

transmitted signal is dictated by U1’s bit while its variance is determined according

to U2’s bit. In this case, the received signals at two users are given by

yn1 = h1s
n
BS + wn

1

yn2 = h2s
n
BS + wn

2 , (4.21)

for n = 1, . . . , N . Here, h1 and h2 stand for the downlink channel fading coeffi-

cients between the BS and users, and wn
1 and wn

2 are AWGN samples at users with

CN (0, σ2
w) distribution. Specifically, Table I lists the distribution of the transmit-

ted and received signals at all terminals depending on four user bit combinations,

00, 01, 10, and 11, where the first and second bits respectively stand for U1 and U2

bits for a given bit duration.

Here, we assume that the total transmission power is fixed to P , that is, E[(snBS)
2] =

P . Similar to the β parameter of the uplink scheme, we define a new parameter,

ψ, as the portion of U1’s allocated power, that is, m2
1,l = m2

1,h = ψP (dc power of

the transmitted signal). Accordingly, for U2, we have (σ
2
2,l + σ2

2,h)/2 = (1−ψ)P (ac

power of the transmitted signal). We again consider m1,h = −m1,l and σ
2
2,h = ασ2

2,l.

Since the users’ signals do not overlap as in the uplink scheme, the detection

model of the downlink system is much simpler, and there is no interaction among

user signals. Furthermore, there is no need for successive interference cancellation

and error propagation issues as in the downlink PD-NOMA scheme. In what follows,

we provide detector architectures for both users.

4.2.2 Downlink - User 1 Detection

The receiver architecture of the downlink scheme for U1 is very similar to that of the

uplink scheme, and the BEP can be evaluated by simple modifications. Specifically,

U1 calculates the sample mean of its received samples as ȳ1 =
1
N

∑N
n=1 y

n
1 , which is

also Gaussian distributed with E[ȳ1] = h1m1,i and VAR[ȳ1] = (|h1|2σ2
2,k + σ2

w)/N for
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i, k ∈ {l, h}. Accordingly, the minimum distance detector is formulated as

b̂1 =





0, if |ȳ1 − h1m1,l|2 < |ȳ1 − h1m1,h|2

1, if |ȳ1 − h1m1,h|2 < |ȳ1 − h1m1,l|2 .
(4.22)

Similar to the uplink scheme’s BEP in (4.5), BEP for this case is obtained as

Pb = P
(
|ȳ1 − h1m1,h|2 < |ȳ1 − h1m1,l|2

∣∣ b1 = 0
)
.

= P (Re {ȳ1h∗1m1,l} < 0 | b1 = 0)

= P (D < 0 | b1 = 0) = Q (mD/σD) . (4.23)

Here, Gaussian distributed variableD has the following statistics: mD = |h1|2m2
1,l

and σ2
D = m2

1,l(h
2
1,RVAR [ȳ1,R]+h

2
1,IVAR [ȳ1,I ]+2h1,Rh1,ICOV(ȳ1,R, ȳ1,I)). With sim-

ple manipulations, variance values are obtained as

VAR [ȳ1,R] =
1

N

(
h21,Rσ

2
2,k + σ2

w/2
)

VAR [ȳ1,I ] =
1

N

(
h21,Iσ

2
2,k + σ2

w/2
)

COV(ȳ1,R, ȳ1,I) =
1

N
h1,Rh1,Iσ

2
2,k. (4.24)

Conditional BEP is obtained by substituting these values in σ2
D first and then con-

sidering (4.23).

4.2.3 Downlink - User 2 Detection

Finally, this subsection investigates the receiver architecture and performance of U2

for the downlink scheme. Fortunately, the same analytical framework of Section II.C

can be considered here for slight modifications.

For U2’s variance detection in the downlink scheme, the sample variance is ob-

tained as

s2y2 =
1

N − 1

N∑

n=1

|yn2 − ȳ2|2 (4.25)

where ȳ2 is the sample mean for the samples of U2. Here, in a similar manner to

uplink detection, we define a variance threshold as γ = χσ2
w and formulate the U2
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detection problem as

b̂2 =





0, if s2y2 < γ

1, if s2y2 > γ.

(4.26)

In light of this, BEP of the U2 bit is obtained as

Pb =
1

2
P
(
s2y2 > γ

∣∣ b2 = 0
)
+

1

2
P
(
s2y2 < γ

∣∣ b2 = 1
)
. (4.27)

To use the same analysis of Section III.C, we again resort to the strong law of

large numbers by assuming s2y2 ≈ 1
N−1

∑N
n=1 |yn2 − h2m1,i|2. Expressing, this new s2y2

in the quadratic form of 2N real Gaussian random variables as s2y2 = yTΛy, where

y and Λ are as defined in (4.15), we obtain the same banded covariance matrix of

(4.16) with the following updated parameters:

σ2
R = VAR[yn2,R] = h22,Rσ

2
2,k + σ2

w/2

σ2
I = VAR[yn2,I ] = h22,Iσ

2
2,k + σ2

w/2

c = COV(
(
yn2,R − h2,Rm1,i

)
,
(
yn2,I − h2,Im1,i

)
)

= h2,Rh2,Iσ
2
2,k. (4.28)

Considering CLT and substituting the new values of (4.28) first in (4.17), then

updating (4.18)-(4.20) accordingly, conditional BEP is obtained.

As mentioned in the uplink scheme, the detection methods employed maintain

the same computational complexity, avoiding the intensive iterative interference can-

cellation and numerical computations required in traditional PAM demodulation

with SIC.

The following steps outline the key aspects of the downlink system model, sum-

marizing the transmission and detection processes:

• Step 1 : The BS transmits a Gaussian noise signal where the mean and variance

encode U1’s and U2’s bits, respectively.

• Step 2 : U1 estimates its bit by computing the mean of received samples using

a minimum distance detector.
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Table 4.2: Simulation Parameters

Parameter Value

KdB 5, 10

N 50, 100

δdB [-40, 5]

α 10

PdBm 30

β 1/100

• Step 3 : U2 estimates its bit by computing the variance of received samples

using a threshold-based detector.

4.3 Numerical Results

In this section, we analyze the bit error rate BER performance of the proposed ND-

NOMA system in both uplink and downlink scenarios. In our analysis, the channel

coefficients are modeled as if their envelopes are Rician distributed, h1,R, h1,I , h2,R, h2,I ∼
N
(√

K
2(1+K)

, 1
2(1+K)

)
, where K being the Rician factor. This choice of distribution

reflects the presence of a line-of-sight component along with multipath effects, cap-

turing the realistic propagation conditions for the wireless channels considered in our

study. Moreover, we employed the Monte Carlo integration method, as described

in Appendix A, to compute the unconditional BEP for uplink and downlink scenar-

ios so as to verify our computer simulation results. The simulation parameters are

outlined in Table II.

4.3.1 Uplink Scenario

Figs. 4.5(a) and 4.5(b) illustrate the BER performance of U1 and U2 for K ∈ {5, 10}
respectively where our theoretical derivations verify our simulation results. Herein,

the increase in the Rician K-factor improves the BER performance of the proposed
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Figure 4.5: Theoretical BEP and simulated BER for uplink ND-NOMA versus δ =
σ2
2,l/σ

2
w, with Rician K-factor values of (a) K = 5 and (b) K = 10 dB

ND-NOMA system. This enhancement is attributed to the stronger line-of-sight

component in the Rician channel, which enhances detection performance for both

U1 and U2 in the uplink scenario. In Fig. 4.5(b) where K = 10, U1 exhibits better

BER performance compared to U2, since U1’s detection mechanism leverages the

mean of the transmitted Gaussian samples, which is more resilient to noise variations

compared to U2’s variance-based detection in our scenario.

The impact of δ on BER is also critical in the uplink scenario. In Figs. 4.5

and 4.6, increasing δ, which represents the higher ratio of useful to disruptive noise

variances, results in improved BER performance as depicted in Figs. 4.5(a) and

4.5(b). However, in Fig.4.5 (b), after the δ value of −5, BER saturates where N = 50

for U1, since there is an interference between the users. This trend is evident in Figs.

4.5(a) and 4.5(b), where higher δ values correlate with improved BER performance.

The ability of ND-NOMA to maintain low BER even in scenarios with significant

noise variance is demonstrated, indicating its effectiveness in environments with

varying noise conditions. It is worth noting that the users of ND-NOMA are not

interference-free; nevertheless, its unique nature allows the BS to distinguish user

signals without SIC.

Furthermore, another important parameter that significantly affects the BER
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Figure 4.6: Theoretical BEP and simulated BER for downlink ND-NOMA versus
δ = σ2

2,l/σ
2
w, with Rician K-factor values of (a) K = 5 and (b) K = 10 dB

performance of the proposed ND-NOMA system is the number of noise samples per

bit (N), which stands for the number of samples that are taken to estimate the mean

for U1 and estimate the variance for U2. As can be seen in Figs. 4.5 (a) and 4.5 (b),

increasing N boosts the performance of the system’s uplink scenario. Our findings

also underscore the importance of sample size N in reducing BER, highlighting that

the transition from N being 50 to 100 sample size allows better estimation accuracy

of the Gaussian noise parameters, thus minimizing the impact of noise as well as

improving overall detection performance.

4.3.2 Downlink Scenario

As in the uplink scenario, the downlink scenario’s simulation results coincide with

our theoretical derivations, in Figs. 4.6(a) and 4.6(b), demonstrating the system’s

reliability even in the highly disruptive noise conditions. As expected, the increase

in δ as well as K enhances the BER performance of the proposed system in the

downlink scenario for U1 and U2. Increasing δ as well as N and K improves the

system performance. Different from the uplink scenario where K = 10, the BER

performance of the ND-NOMA system of U1 does not saturate after a specific δ

value since there is no interference.

We note that the impact of the sample size N on the BER in the downlink
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Figure 4.7: Comparative BER performance of OMA-NoiseMod and ND-NOMA
(uplink and downlink) with respect to δ, with Rician K-factor values of (a) K = 5
and (b) K = 10 dB

scenario is significant. As N increases, the BER decreases for both U1 and U2.

This is due to the fact that larger sample sizes allow for better averaging of the

noise parameters, which are supported by a minimum distance detector for mean

detection at U1 and a threshold-based detector for variance detection at U2, which

improves the accuracy of related parameters. Consequently, the ND-NOMA system

achieves lower BER with higher N , demonstrating its efficiency and reliability in

maintaining high-quality communication in downlink scenarios.

Comparing Fig. 4.5(b) with Fig. 4.6(b), where uplink and downlink scenarios

are considered respectively, the BER performance of U2 exhibits similar results for

both scenarios. However, two bits are transmitted in the downlink scenario, unlike

the uplink scenario, where one bit of information is conveyed at every transmission

instant. Furthermore, U1 BER gets saturated since there is an interference in the

uplink scenario; however, in the downlink scenario, since we assume that U1 signal

does not interfere with U2 signal, its performance does not reach saturation. Addi-

tionally, we have presented the OMA-NoiseMod scenario in the following subsection

to prevent interference between users.
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4.3.3 Comparison with OMA-NoiseMod Scenario

In scenarios where two users communicate simultaneously over N noise samples in

uplink/downlink, the communication can be divided into two equal parts, N/2 -

N/2, allowing classic NoiseMod communication without interference. This scheme

can be referred to as OMA-NoiseMod. For the evaluation of the BER of ND-

NOMA under comparable modulation principles, we introduce OMA-NoiseMod as

a benchmark. Unlike conventional OMA schemes employing standard amplitude

and phase modulations, OMA-NoiseMod enables a fairer comparison by operating

under similar noise-domain constraints. While traditional OMA inherently avoids

multi-user interference and thus achieves superior BER, such a comparison would

not be meaningful given the fundamentally different transmission mechanisms of

traditional amplitude/phase modulation and NoiseMod schemes. It would not be a

fair comparison to compare ND-NOMA schemes with the traditional (for instance,

phase shift keying-based) NOMA schemes since δ dictates the ratio between useful

and disruptive noise variances, its effect on detection performance is fundamentally

different.

Figs. 4.7(a) and 4.7(b) illustrate the comparative BER performance of ND-

NOMA and the OMA-NoiseMod scenario for both uplink and downlink transmis-

sions. As shown in Fig. 4.7(a), ND-NOMA outperforms OMA-NoiseMod in terms of

BER under the same conditions, particularly as the Rician K-factor and δ increase.

In the higher Rician K-factor scenario (K = 10), as shown in Fig. 4.7(b),

ND-NOMA continues to exhibit superior BER performance compared to OMA-

NoiseMod. The key advantage of ND-NOMA over OMA-NoiseMod lies in its ability

to manage user interference through the simultaneous transmission of data. The

results clearly show that with an increased number of noise samples (N) and higher

Rician K-factors, ND-NOMA achieves lower BER compared to OMA-NoiseMod.

This makes ND-NOMA a more efficient and reliable communication scheme.

In the OMA-NoiseMod scenario, both U1 and U2 experience the same BER

performance because the communication process is divided into non-overlapping

time slots or frequency bands, ensuring that both users have identical conditions for
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transmitting and receiving data. This means there is no interference between the

users, and both experience the same signal quality and noise conditions, leading to

identical BER outcomes. This explains the reason why their performances are the

same in the OMA-NoiseMod scheme.
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Chapter 5

THREE USER NOISE-DOMAIN NON-ORTHOGONAL

MULTIPLE ACCESS

In this chapter, we propose a novel ND-NOMA framework that enables simulta-

neous communication among three users by utilizing independent statistical proper-

ties of the Gaussian noise: mean, variance, and correlation. In this setup, the first

user embeds information into the mean of the noise samples, the second user manip-

ulates the variance, and the third user cleverly modulates the correlation between

consecutive noise samples to convey data. We present system models for both uplink

and downlink scenarios and develop dedicated detection mechanisms customized to

each user’s encoding strategy. Simulation results and theoretical analysis are pro-

vided under Rician fading channels to evaluate BER performance. The numerical

results confirm that our proposed scheme retains the low BER and low-complexity

characteristics over Rician fading channels, while significantly enhancing multi-user

support. Hence, our proposed scheme specifically reduces the system complexity,

which enables suitability for Internet-of-Things (IoT) environments. In order to

support reliable multi-user communication under the power constraints of future

IoT cities, the three-user ND-NOMA system uses a diverse detection architecture:

mean-based detection for the first user, variance thresholding for the second user,

and correlation detection for the third user. This layered detection structure of

the three-uesr ND-NOMA significantly enhances robustness, maintaining reliability

even under challenging channel conditions, while entirely eliminating the need for

SIC thanks to its orthogonal modulation over mean, variance, and correlation.

The rest of the chapter is organized as follows. Section 5.1 presents the system

model and detection rules for the uplink scenario. Section 5.2 extends the analy-

sis to the downlink case. Section 5.3 provides simulation results and performance
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Figure 5.1: Uplink ND-NOMA scheme with three users using real Gaussian signals.

discussions.

5.1 Uplink ND-NOMA for Three Users: System Model and Perfor-

mance Analysis

In this section, we introduce the ND-NOMA for three users scheme. In the proposed

scheme, each user utilizes a distinct noise-domain property to encode data: mean,

variance, and correlation. Building on the two-user ND-NOMA framework, we pro-

pose a new model by introducing a third user whose information is embedded in

the correlation between pairs of Gaussian noise samples. We also provide a general

framework to evaluate the uplink BER performance for all users under Rician fading

channel scenarios.

5.1.1 System Model

As illustrated in Fig. 5.1, the uplink transmission of the ND-NOMA for three users

system encodes the information through the distinct statistical features of the Gaus-

sian noise. To be specific, User 1 (U1) modulates the mean, User 2 (U2) modulates

the variance, and User 3 (U3) modulates the correlation between the Gaussian sam-

ples. In our new scheme, each user transmits its bit using N real Gaussian noise
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samples per bit period.

For U1, information bits are transmitted by altering the mean of Gaussian

samples, while keeping the variance constant. That is, for bit-0 and bit-1, we

have sn1 ∼ N (m1,l, σ
2
1) and sn1 ∼ N (m1,h, σ

2
1), with fixed variance σ2

1 and means

m1,h = −m1,l assumed for symmetry and optimal detection. Each sn1 is real-valued

and independently generated.

U2 follows a variance modulation scheme, transmitting zero-mean Gaussian sam-

ples with two possible variances depending on the bit. That is, for bit-0 and bit-1,

we have sn2 ∼ N (0, σ2
2,l) and s

n
2 ∼ N (0, σ2

2,h), with fixed mean 0 and variances satis-

fying σ2
2,h = ασ2

2,l, where α > 1. Here, α represents the ratio between the high and

low variance levels used by U2. Unlike phase and frequency modulations, variance

modulation encodes information in the power level of noise rather than its shape or

position.

U3 modulates the correlation structure between pairs of noise samples to encode

its bits. Each bit period consists ofN real samples grouped intoN/2 correlated pairs.

The samples are jointly Gaussian with a non-zero mean vector m3 = [m3, m3]
⊤ and

a covariance matrix determined by the information bit:

sn3 ∼ N (m3,Σk), Σk = σ2
3


 1 ρk

ρk 1


 , k ∈ {l, h}

where ρl and ρh correspond to bit-0 and bit-1, respectively. Here, b1, b2, and

b3 represent the information bits of U1, U2, and U3, respectively. Specifically, b1 is

conveyed by modulating the mean of the Gaussian noise samples, b2 by modulating

the variance, and b3 by modulating the correlation coefficient between two jointly

Gaussian noise samples.

We assume an average transmit power of P for each user, which corresponds

to the second moment of the transmitted samples. For U1, this leads to P =

m2
1,l+σ

2
1. A power allocation parameter β ∈ (0, 1) is defined such that σ2

1 = βP and

m2
1,l = (1− β)P . For U2, assuming equiprobable bits, the average power is given by

P = (σ2
2,l+σ

2
2,h)/2. For U3, the power constraint is satisfied by keeping the marginal

variances fixed at σ2
3, such that each individual sample still satisfies E[(sn3 )

2] = P .
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To facilitate the analysis, we define δ = σ2
2,l/σ

2
w as the normalized low-variance

parameter of U2, and α = σ2
2,h/σ

2
2,l as the high-to-low variance ratio. Additionally,

the normalized variance of U1 becomes η = σ2
1/σ

2
w = (1+α)δβ

2
.

The nth received sample at the base station is expressed as

yn = h1s
n
1 + h2s

n
2 + h3s

n
3 + wn, n = 1, . . . , N, (5.1)

where h1, h2, and h3 denote the complex baseband fading coefficients between U1,

U2, U3 and the base station, respectively, and wn ∼ CN (0, σ2
w) represents the ad-

ditive white Gaussian noise (AWGN). We assume that our channel conditions are

under the effects of Rician fading. Under Rician fading with factor K, we have:

hi,R, hi,I ∼ N
(√

K

2(1 +K)
,

1

2(1 +K)

)
, i = 1, 2, 3. (5.2)

where R and I correspond to the real and imaginary components of the complex

channel coefficient hi, respectively, and i denotes the user index in the system.

Conditioned on the transmitted bits and channel coefficients, the received signal

has the following mean and variance:

E[yn] = h1m1,i + h3m3,

VAR[yn] = |h1|2σ2
1 + |h2|2σ2

2,k + |h3|2σ2
3 + σ2

w,
(5.3)

where i, k ∈ {l, h} refer to the mean and variance bit indices of U1 and U2, respec-

tively.

The base station (BS) jointly receives all users’ signals over different channels

and must extract each bit via statistical inference on the received samples. The next

sections present the detection strategies and theoretical bit error probability (BEP)

derivations for all three users.

5.1.2 Uplink – User 1 Detection

In the ND-NOMA for three users uplink system, the BS detects U1’s bit by leveraging

the fact that U1 uses mean modulation. That is, each bit is transmitted over N

independent real Gaussian samples whose mean alternates depending on the bit
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value, while the variance remains fixed. To retrieve this embedded information, the

BS computes the empirical mean of the received signal across the N samples:

ȳ =
1

N

N∑

n=1

yn, (5.4)

where yn denotes the received signal at time index n. Due to the presence of multiple

users and additive noise, ȳ is a complex-valued random variable following a Gaussian

distribution whose mean and variance are influenced by all three users’ transmission

parameters and the instantaneous channel realizations.

Specifically, the conditional mean of ȳ, given the channel coefficients and trans-

mitted bits, is expressed as E[ȳ] = h1m1,i + h3m3, where m1,i represents the bit-

dependent mean value transmitted by U1 andm3 is the constant mean of the samples

transmitted by U3. Here, h1 and h3 denote the complex baseband fading coefficients

between the BS and U1 and U3, respectively. The term h1m1,i reflects the desired

signal component, while h3m3 acts as structured interference due to the non-zero

mean of U3’s signal.

The variance of ȳ, conditioned on the transmitted bits, is given by

VAR[ȳ] =
1

N

(
|h1|2σ2

1 + |h2|2σ2
2,k + ηP |h3|2 + σ2

w

)
, (5.5)

where σ2
1 is the fixed variance used by U1, and σ

2
2,k is the bit-dependent variance of

the zero-mean samples sent by U2, with k ∈ {l, h} indicating low or high variance

depending on the bit. The parameter ηP represents the average power allocated

to U3’s correlation-modulated signal, which contributes additional variability to the

received signal. Finally, σ2
w is the variance of the AWGN at the BS.

Given this statistical structure, the BS applies a minimum-distance decision rule

to determine U1’s transmitted bit. The detector compares the received mean to two

hypotheses, each corresponding to one of the possible transmitted means:

b̂1 =





0, if |ȳ − h1m1,l − h3m3|2 < |ȳ − h1m1,h − h3m3|2,

1, if |ȳ − h1m1,h − h3m3|2 < |ȳ − h1m1,l − h3m3|2.
(5.6)

This rule corresponds to a minimum distance detector applied in the mean do-

main. The detector compares the sample mean of the received signal with two
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predefined reference means, each representing one of the two possible transmitted

symbols. These reference means incorporate the average power contributions from

the other two users, making the detector resilient to their interference without re-

quiring explicit cancellation.

Under the assumption of symmetry between bit-0 and bit-1, and without loss of

generality, we consider the probability of error when bit-0 is transmitted. Letting

m1,h = −m1,l for analytical simplicity, the conditional BEP becomes

Pb = P
(
|ȳ − h1m1,h − h3m3|2 < |ȳ − h1m1,l − h3m3|2 | b1 = 0

)
. (5.7)

This expression is further simplified by defining a decision variable D = Re{(ȳ−
h3m3)h

∗
1m1,l}, which is a real-valued Gaussian random variable with mean mD =

E[D] = |h1|2m2
1,l and variance VAR[D] = σ2

D. The BEP is thus rewritten in Q-

function form as

Pb = Q

(
mD

σD

)
(5.8)

where the variance σ2
D captures the uncertainty in the detection variable and is given

by

σ2
D = m2

1,l

(
h21,RVAR[ȳR] + h21,IVAR[ȳI ] + 2h1,Rh1,ICOV(ȳR, ȳI)

)
(5.9)

ȳR, ȳI being the corresponding components of ȳ. The individual variances and

covariances in this expression are computed as follows:

VAR[ȳR] =
1

N

(
h21,Rσ

2
1 + h22,Rσ

2
2,k + ηPh23,R +

σ2
w

2

)
,

VAR[ȳI ] =
1

N

(
h21,Iσ

2
1 + h22,Iσ

2
2,k + ηPh23,I +

σ2
w

2

)
,

COV(ȳR, ȳI) =
1

N

(
h1,Rh1,Iσ

2
1 + h2,Rh2,Iσ

2
2,k + ηPh3,Rh3,I

)
(5.10)

Since this BEP expression depends on the random fading coefficients h1, h2, h3,

and the bit-dependent variance σ2
2,k, we average over all distributions to obtain the

unconditional BEP. Respectively, we obtain

P̄b =

∫ ∫ ∫ ∫ ∫ ∫
Pb · f(h1,R)f(h1,I)f(h2,R)f(h2,I)f(h3,R)f(h3,I) dh1,R dh1,I dh2,R dh2,I

· dh3,R dh3,I , (5.11)
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where averaging is also performed over the two equiprobable values of σ2
2,k. Since

this integral is analytically intractable due to the complex dependencies within the

Q function, we employ Monte Carlo integration method, as detailed in Appendix A,

to numerically estimate the unconditional BEP.

5.1.3 Uplink – User 2 Detection

Unlike the U1’s mean detection scheme, this time BS involves a variance-based

detection process in order to detect the bit of U2. In this detection setting, the

BS aims to detect whether U2 has sent a Gaussian signal with low or high variance

by observing the total energy of the received signal. While the decision process

takes place in the real and positive domain, deriving an exact theoretical model is

difficult as the simultaneous presence of three overlapping signals, each influenced

by complex fading, noise, and especially the correlation-shaped samples originating

from U3.

To begin, the BS computes the sample variance of the received signal using

s2y =
1

N − 1

N∑

n=1

|yn − ȳ|2 , (5.12)

where yn is the nth complex-valued received sample and ȳ is the sample mean.

The conditional variances of yn, corresponding to bit-0 and bit-1 of U2, are given

by:

s20 = σ2
1|h1|2 + σ2

2,l|h2|2 + ηP |h3|2 + σ2
w,

s21 = σ2
1|h1|2 + σ2

2,h|h2|2 + ηP |h3|2 + σ2
w

(5.13)

The BS applies a decision rule that compares the observed sample variance s2y

with a reference threshold γ, which is chosen to balance the detection likelihoods

under both bit hypotheses. This threshold can be computed optimally with the

given conditional variances s20 and s21 as [Alshawaqfeh et al., 2024]

γ = ln

(
s21
s20

)
s21 s

2
0

s21 − s20
. (5.14)
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Then, the detection rule is:

b̂2 =





0, if s2y < γ,

1, if s2y > γ.

(5.15)

The conditional bit error probability (BEP) of U2 is expressed as:

Pb =
1

2
P (s2y > γ | b2 = 0) +

1

2
P (s2y < γ | b2 = 1). (5.16)

To analytically approximate this BEP for large N , we replace ȳ in (5.12) with

its expected value E[ȳ] = h1m1,i + h3m3, yielding the approximation:

s2y ≈
1

N − 1

N∑

n=1

|yn − h1m1,i − h3m3|2

=
N∑

n=1

[
(ynR − h1,Rm1,i − h3,Rm3)

2

+ (ynI − h1,Im1,i − h3,Im3)
2
]
. (5.17)

By stacking the real and imaginary parts into a 2N × 1 real vector y, this

expression can be rewritten as a quadratic form:

s2y = yTΛy, (5.18)

where y ∼ N (0,Σ) and Λ is a diagonal matrix. Here, c denotes the covariance

between the real and imaginary components of the received signal. The covariance

matrix Σ includes real-valued variances and off-diagonal correlation terms between

the real and imaginary components due to channel fading:

Σ =




σ2
R c 0 · · · 0

c σ2
I 0 · · · 0

0 0
. . .

...
...

... σ2
R c

0 0 · · · c σ2
I




2N×2N

, (5.19)
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Here, ϵ ≜ η· P
σ2
w

denotes the normalized power contribution of User-3’s correlation-

modulated signal relative to the noise power.

σ2
R = h21,Rσ

2
1 + h22,Rσ

2
2,k + ϵσ2

wh
2
3,R +

σ2
w

2
,

σ2
I = h21,Iσ

2
1 + h22,Iσ

2
2,k + ϵσ2

wh
2
3,I +

σ2
w

2
,

c = h1,Rh1,Iσ
2
1 + h2,Rh2,Iσ

2
2,k + ϵσ2

wh3,Rh3,I

(5.20)

Assuming N is large enough, we invoke the central limit theorem and approxi-

mate s2y ∼ N (µs, σ
2
s), where

µs =
N

N − 1
(σ2

R + σ2
I ),

σ2
s =

2N

(N − 1)2
(
σ4
R + σ4

I + 2c2
) (5.21)

Substituting into the BEP formula yields:

Pb =
1

2
Q

(
γ − µs|b2=0

σs|b2=0

)
+

1

2
Q

(
µs|b2=1 − γ

σs|b2=1

)
. (5.22)

The threshold for equal error probabilities is

γ =
σs|b2=0 µs|b2=1 + σs|b2=1 µs|b2=0

σs|b2=0 + σs|b2=1

, (5.23)

leading to a simplified BEP expression:

Pb = Q

(
µs|b2=1 − µs|b2=0

σs|b2=0 + σs|b2=1

)
. (5.24)

As with U1, the conditional BEP of U2 decays with increasing
√
N due to the

averaging in the variance estimate. However, due to the presence of multiple in-

terfering signals and nonlinear dependence on channel coefficients, a closed-form

expression for the unconditional BEP is not tractable. Therefore, numerical inte-

gration over the distributions of h1, h2, and h3 is used. Despite the mathematical

complexity, the detection process remains computationally simple, requiring only

variance computation and comparison with a fixed threshold, which is expectedly a

simpler detection model than traditional SIC-based demodulation.
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5.1.4 Uplink – User 3 Detection

In the proposed ND-NOMA for three users uplink system, U3 encodes its infor-

mation bits by modulating the correlation between consecutive Gaussian samples.

This method introduces a new dimension of modulation, referred to as correlation

modulation, and allows U3 to communicate independently of the mean and variance

dimensions used by U1 and U2.

For each bit duration, U3 transmits N real-valued Gaussian samples that are

grouped into N/2 correlated pairs. These sample pairs are jointly drawn from a

bivariate normal distribution with a specified correlation coefficient ρk ∈ {ρl, ρh},
corresponding to bit-0 and bit-1, respectively.

At the base station, the received signal is denoted as y = [y1, y2, . . . , yN ], and is

composed of contributions from all three users and noise. To recover U3’s bit, the

base station divides y into two equal-length segments:

y1 = [y1, . . . , yN/2], y2 = [yN/2+1, . . . , yN ], (5.25)

and calculates the empirical covariance between them:

ρ̂y =
2

N

N/2∑

n=1

Re
{
(yn − ȳ1)(y

n+N/2 − ȳ2)
∗} , (5.26)

where ȳ1 and ȳ2 are the respective sample means of y1 and y2. This estimator

targets the underlying second-order correlation imposed by U3’s transmitted noise

structure.

The base station then compares ρ̂y to the expected correlation values under each

hypothesis:

ρ̂l = |h3|2ρlηP,

ρ̂h = |h3|2ρhηP,
(5.27)

where ηP represents the power allocated by U3 and ρl, ρh are the correlation values

used to modulate bit-0 and bit-1. The detection rule is a minimum distance test:

b̂3 =





0, if |ρ̂y − ρ̂l|2 < |ρ̂y − ρ̂h|2,

1, if |ρ̂y − ρ̂l|2 > |ρ̂y − ρ̂h|2.
(5.28)
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Figure 5.2: Downlink ND-NOMA scheme with three users using real Gaussian sig-
nals.

To characterize the BEP, we define a Gaussian random variable D = ρ̂y − (ρ̂l +

ρ̂h)/2, and under the assumption of large N , D is approximately Gaussian due to

averaging. Thus, the conditional BEP is written as:

Pb = Q

( |ρ̂h − ρ̂l|
2σC

)
, (5.29)

where σ2
C is the variance of ρ̂y and captures the uncertainty due to both interference

and noise. Specifically, it includes contributions from all three users. Here, σ2
1,C , σ

2
2,C ,

and σ2
w,C denote the contributions of U1’s mean-modulated symbols, U2’s variance

modulation, and the additive channel noise, respectively, to the variance of the

correlation estimate ρ̂y.:

σ2
C ≈ 1

N/2

(
σ2
1,C + σ2

2,C + σ2
w,C

)
. (5.30)

These terms represent the impact of U1’s mean-modulated samples, U2’s variance

modulation, and the additive channel noise. In practice, these variances are com-

puted numerically in simulation using the channel realizations and transmitted bits.

Due to the complexity of closed-form expressions, the integral of the uncon-

ditional BEP is once again evaluated via Monte Carlo integration, as outlined in

Appendix A. As observed in U1 and U2 detection, the conditional BEP of U3 also

decays with increasing N due to the law of large numbers, improving the accuracy

of the empirical covariance estimation.
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Table 5.1: Statistics of the transmitted and received signals for downlink ND-NOMA
for three users

U1/U2/U3 bits snBS ∼ yni ∼ for i = 1, 2, 3

000 N (ml,Σl,l ) CN (himl, |hi|2σ2
2,l + σ2

w)

001 N (ml,Σh,l ) CN (himl, |hi|2σ2
2,l + σ2

w)

010 N (ml,Σl,l ) CN (himl, |hi|2σ2
2,h + σ2

w)

011 N (ml,Σh,l ) CN (himl, |hi|2σ2
2,h + σ2

w)

100 N (mh,Σl,h ) CN (himh, |hi|2σ2
2,l + σ2

w)

101 N (mh,Σh,h ) CN (himh, |hi|2σ2
2,l + σ2

w)

110 N (mh,Σl,h ) CN (himh, |hi|2σ2
2,h + σ2

w)

111 N (mh,Σh,h ) CN (himh, |hi|2σ2
2,h + σ2

w)

5.2 Downlink Three User ND-NOMA: System Model and Performance

Analysis

In this section, we present the downlink architecture of ND-NOMA for three users,

where user data is simultaneously embedded into the mean, variance, and correlation

of Gaussian noise samples.

5.2.1 System Model

As shown in Fig. 5.2, for the ND-NOMA for three users downlink scheme, the BS

simultaneously serves three users by embedding their bits into different statistical

domains of a common Gaussian noise signal. Specifically, U1’s bit is mapped to

the mean of the noise samples, U2’s bit is encoded in the variance, and U3’s bit

is represented through the correlation between consecutive sample pairs. Binary

modulation is considered among each of the users. The complete statistical charac-

terization of the transmitted and received signals for each possible bit combination

in the downlink ND-NOMA for three users system is summarized in Table 5.1.

The BS transmits a sequence of N real-valued Gaussian noise samples per bit
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duration, with distribution defined as:

snBS ∼ N (m1,i,Σk,j), i, j, k ∈ {l, h}, (5.31)

where m1,i is the bit-dependent mean associated with U1 (bit b1,i), and σ2
k is the

variance corresponding to U2’s bit b2,k. To embed U3’s information, we group the

N real-valued samples into N/2 bivariate pairs. Each pair (s2n−1
BS , s2nBS) uses a bit-

dependent correlation coefficient ρj ∈ {ρl, ρh}. To jointly embed the bits of U2 and

U3 in the noise domain, we define the combined covariance matrix as:

Σk,j = σ2
2,k


 1 ρj

ρj 1


 , k, j ∈ {l, h} (5.32)

This formulation captures the bit-dependent power allocation of U2 through the

variance term σ2
2,k, and the bit-dependent correlation imposed by U3 via ρj, resulting

in a noise structure that encodes both users’ information simultaneously.

The resulting noise sequence, jointly modulated in mean, variance, and correla-

tion, is transmitted through fading channels. The received signals at the three users

are:

yn1 = h1s
n
BS + wn

1 , (5.33.a)

yn2 = h2s
n
BS + wn

2 , (5.33.b)

yn3 = h3s
n
BS + wn

3 , (5.33.c)

for n = 1, . . . , N . Here, h1, h2, and h3 denote the complex downlink channel fading

coefficients between the BS and each user, and wn
i ∼ CN (0, σ2

w) is the AWGN at Ui

for i = 1, 2, 3.

We assume the BS transmits with a total power budget of P , such that:

E[(snBS)
2] = P. (5.34)

To divide this power among the three users, we define a power partitioning parameter

ψ for U1 and (1− ψ) for the remaining variance and correlation modulation. More

specifically, the mean of the signal is allocated a portion ψ of the total power (DC

component), and the variance, which supports both U2 and U3, receives (1 − ψ)P
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(AC component). The bit-dependent means satisfy m1,h = −m1,l and m
2
1,l = ψP ,

while the variances are chosen such that:

σ2
2,l + σ2

2,h

2
= (1− ψ)P, σ2

2,h = ασ2
2,l. (5.35)

To facilitate correlation modulation, each pair of noise samples has a correlation

coefficient ρj determined by U3’s bit. These correlation values are selected such that

the second moment of each sample remains within the overall power constraint,

preserving the total energy allocated to the ac component.

Unlike in uplink ND-NOMA, the downlink signals do not overlap in terms of

physical transmission — a single superimposed signal is broadcast by the BS. How-

ever, since each user extracts their bit from a different statistical property of the

signal, there is no need for SIC, and detection can be performed independently at

each receiver using straightforward statistical operations. As a result, the down-

link ND-NOMA system benefits from reduced complexity and avoids typical error

propagation problems encountered in PD-NOMA systems.

In the subsequent sections, we detail the detection mechanisms used by each

user to extract their respective information from the received signal and provide

analytical expressions for their corresponding BEP.

5.2.2 Downlink – User 1 Detection

In the downlink transmission of the ND-NOMA for three users scheme, U1 recovers

its bit by exploiting the mean modulation embedded by the BS in the transmitted

noise samples. This detection mechanism mirrors that of the uplink, but the compos-

ite interference now also includes contributions from both U2’s variance modulation

and U3’s correlation-based structure.

ȳR and ȳI denote the real and imaginary components of ȳ, respectively. Their

individual variances and covariance are
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VAR[ȳR] =
1

N

(
h21,R σ

2
1 + h22,R σ

2
2,k +

βP 2

σ2
w

h23,R +
σ2
w

2

)
,

VAR[ȳI ] =
1

N

(
h21,I σ

2
1 + h22,I σ

2
2,k +

βP 2

σ2
w

h23,I +
σ2
w

2

)
,

COV[ȳR, ȳI ] =
1

N

(
h1,Rh1,I σ

2
1 + h2,Rh2,I σ

2
2,k +

βP 2

σ2
w

h3,Rh3,I

)
,

(5.36)

where m1,i ∈ {m1,l,m1,h} is the bit-dependent mean used by the BS to represent

U1’s bit, and σ2
2,k is the variance selected based on U2’s bit. The term βP 2

σ2
w

ac-

counts for the power allocated to U3’s correlation-modulated signal, which appears

as structured interference at all users, scaled by the downlink channel coefficient h1.

Given this distribution, the optimal minimum-distance detector for U1 is ex-

pressed as:

b̂1 =





0, if |ȳ1 − h1m1,l|2 < |ȳ1 − h1m1,h|2,

1, if |ȳ1 − h1m1,l|2 > |ȳ1 − h1m1,h|2.
(5.37)

This rule leads to the following expression for the conditional BEP:

Pb = P
(
|ȳ1 − h1m1,h|2 < |ȳ1 − h1m1,l|2 | b1 = 0

)

= P (Re {ȳ1h∗1m1,l} < 0 | b1 = 0)

= Q

(
mD

σD

)
, (5.38)

where D = Re {ȳ1h∗1m1,l} is a real Gaussian variable with

mD = |h1|2m2
1,l,

σ2
D = m2

1,l

(
h21,RVAR[ȳ1,R] + h21,IVAR[ȳ1,I ]

+2h1,Rh1,ICOV(ȳ1,R, ȳ1,I))

(5.39)

The variances and covariance of the real and imaginary parts of ȳ1 are given by:

VAR[ȳ1,R] =
1

N

(
h21,Rσ

2
2,k +

βP 2

σ2
w

h21,R +
σ2
w

2

)
,

VAR[ȳ1,I ] =
1

N

(
h21,Iσ

2
2,k +

βP 2

σ2
w

h21,I +
σ2
w

2

)
,

COV(ȳ1,R, ȳ1,I) =
1

N

(
h1,Rh1,Iσ

2
2,k +

βP 2

σ2
w

h1,Rh1,I

)
(5.40)
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Substituting these into the expression for σ2
D yields the full conditional BEP for

U1.

Finally, as in the uplink case, the unconditional BEP is obtained via numerical

averaging over the fading distribution of h1, as well as over the equiprobable values

of σ2
2,k. The resulting performance illustrates that, despite the added interference

from U3, U1’s detection remains efficient due to its orthogonal mapping into the

mean of the signal.

5.2.3 Downlink – User 2 Detection

In the downlink phase of the ND-NOMA for three users system, U2 extracts its bit

from the variance of the received signal, in a fashion similar to the uplink detec-

tion scheme. However, the downlink environment introduces a different interference

pattern since the transmitted signal now embeds the bits of all users in a single

waveform. While U2 still detects variance changes, its observation is affected by

both U1’s mean modulation and U3’s correlation modulation.

To begin, the receiver at U2 computes the sample variance of the received signal

over N samples:

s2y2 =
1

N − 1

N∑

n=1

|yn2 − ȳ2|2 , (5.41)

where ȳ2 = 1
N

∑N
n=1 y

n
2 is the sample mean. Based on the signal structure, the

received signal is impacted by the mean and variance chosen by the BS according to

U1 and U2’s bits, and further distorted by U3’s correlation-induced sample structure.

This results in conditional variance expressions:

s20 = |h2|2σ2
2,l + |h2|2(1− ψ)P + σ2

w,

s21 = |h2|2σ2
2,h + |h2|2(1− ψ)P + σ2

w,
(5.42)

where σ2
2,l and σ

2
2,h represent the bit-dependent variances for U2, and (1 − ψ)P de-

notes the average power contribution of U3’s signal, which adds structured variance

interference that scales with |h2|2.
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To decide between the two variance hypotheses, U2 applies a threshold test:

b̂2 =





0, if s2y2 < γ,

1, if s2y2 > γ,

(5.43)

with threshold γ, which can be calculated optimally as [Alshawaqfeh et al., 2024]

γ = ln

(
s21
s20

)
s21 s

2
0

s21 − s20
. (5.44)

The conditional BEP becomes:

Pb =
1

2
P (s2y2 > γ | b2 = 0) +

1

2
P (s2y2 < γ | b2 = 1). (5.45)

To analyze this statistically, we approximate s2y2 ≈ 1
N−1

∑N
n=1 |yn2 − h2m1,i|2, re-

placing ȳ2 by its conditional expectation E[ȳ2] = h2m1,i as done in the uplink model.

This lets us express s2y2 as a quadratic form of a 2N × 1 real Gaussian vector:

s2y2 = yTΛy, (5.46)

where y ∼ N (0,Σ), and Λ is a diagonal matrix. The covariance matrix Σ remains

banded and is updated for the current scenario:

Σ =




σ2
R c 0 · · · 0

c σ2
I 0 · · · 0

0 0
. . .

...
...

... σ2
R c

0 0 · · · c σ2
I




, (5.47)

with:

σ2
R = h22,Rσ

2
2,k + (1− ψ)P h22,R +

σ2
w

2
,

σ2
I = h22,Iσ

2
2,k + (1− ψ)P h22,I +

σ2
w

2
,

c = h2,Rh2,Iσ
2
2,k + (1− ψ)P h2,Rh2,I .

(5.48)

for k ∈ {l, h}, depending on the bit transmitted.

Assuming sufficiently large N , we invoke the central limit theorem and approxi-

mate s2y2 ∼ N (µs, σ
2
s) with:

µs =
N

N − 1
(σ2

R + σ2
I ),

σ2
s =

2N

(N − 1)2
(σ4

R + σ4
I + 2c2).

(5.49)
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Substituting into the BEP equation, we obtain:

Pb =
1

2
Q

(
γ − µs|b2=0

σs|b2=0

)
+

1

2
Q

(
µs|b2=1 − γ

σs|b2=1

)
. (5.50)

The optimal threshold γ for equal error probabilities is:

γ =
σs|b2=0µs|b2=1 + σs|b2=1µs|b2=0

σs|b2=0 + σs|b2=1

, (5.51)

and the simplified expression for BEP becomes:

Pb = Q

(
µs|b2=1 − µs|b2=0

σs|b2=0 + σs|b2=1

)
. (5.52)

As with the uplink case, the conditional BEP decays with increasing N , and the

unconditional BEP is computed via numerical integration over the fading coefficients

h2 and U3’s interference profile. Despite the added complexity from U3, the detection

remains computationally light and does not require interference cancellation.

5.2.4 Downlink – User 3 Detection

In the ND-NOMA for three users downlink system, U3 decodes its bit based on

correlation modulation—mirroring the structure used in the uplink case. Specif-

ically, the BS encodes U3’s information into the correlation between consecutive

noise samples. Each bit of U3 is transmitted by shaping the joint distribution of

N real-valued noise samples into N/2 bivariate Gaussian pairs with low or high

correlation, corresponding to bit-0 and bit-1, respectively.

The transmitted signal snBS ∼ N (m1,i,Σk,j) is further structured such that each

sample pair (s2n−1
BS , s2nBS) follows a bivariate normal distribution with correlation co-

efficient ρj ∈ {ρl, ρh} depending on the bit of U3. The received signal at U3 is

modeled as it was in (5.33.c).

To extract the embedded bit through correlation, U3 splits its received vector

into two halves:

y1 = [y13, . . . , y
N/2
3 ], y2 = [y

N/2+1
3 , . . . , yN3 ],

and computes the real part of the sample correlation estimate:

ρ̂y =
2

N

N/2∑

n=1

Re
{
(yn3 − ȳ1)(y

n+N/2
3 − ȳ2)

∗
}
, (5.53)
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where ȳ1 and ȳ2 denote the sample means of the respective halves. This statistic

estimates the correlation introduced at the transmitter and distorted by fading and

additive noise.

The BS’s correlation structure results in two reference correlation levels at the

receiver:

ρ̂l = |h3|2ρl (1− ψ)P,

ρ̂h = |h3|2ρh (1− ψ)P.
(5.54)

Based on these references, the detection rule is given by

b̂3 =





0, if |ρ̂y − ρ̂l|2 < |ρ̂y − ρ̂h|2,

1, if |ρ̂y − ρ̂l|2 > |ρ̂y − ρ̂h|2.
(5.55)

Assuming ρ̂y is approximately Gaussian due to averaging over a large number of

samples, the conditional bit error probability becomes:

Pb = Q

( |ρ̂h − ρ̂l|
2σC

)
, (5.56)

where σ2
C denotes the variance of ρ̂y. This variance captures the impact of U1’s mean,

U2’s variance modulation, and noise, all passed through the same fading channel h3.

An analytical approximation for the covariance variance is given by:

σ2
C ≈ 1

N/2

(
σ2
1,C + σ2

2,C + σ2
w,C

)
, (5.57)

where each term quantifies the covariance uncertainty due to mean interference (from

U1), variance interference (from U2), and thermal noise.

Since a closed-form solution for the unconditional BEP is analytically intractable,

as detailed in Appendix A, integration over the Rician fading coefficients to estimate

the unconditional BEP.

5.3 Numerical Results

In this section, we examine the BER performance of the proposed ND-NOMA for

three users system for both uplink and downlink scenarios. We assume that each

user’s wireless channel is subject to Rician fading. To obtain average BEP values
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Table 5.2: Simulation Parameters for 3-User ND-NOMA System

Parameter Value

δdB [-30, 10] , [-40, 10]

α 10

PdBm 40

β 1/100 (UL), 1/1024

(DL)

ρ -1, +1

ψ 0.5

across fading conditions, we adopt the Monte Carlo integration technique whose

details are given in Appendix A. This approach enables accurate evaluation of the

unconditional BEP for all users under realistic channel conditions. The simulation

outcomes are compared with theoretical predictions to validate the effectiveness of

the system. Simulation parameters used throughout the analysis are presented in

Table 5.2.

5.3.1 Uplink Scenario

Figs. 5.3 and 5.4 illustrate the uplink BER performance of U1, U2 and U3. The

BS jointly receives the superimposed signals from all users under a Rician fading

channel, with varying noise configurations. Figs. 5.3(a) and 5.3(b) shows the BER

performance of the three users for N = 150 and N = 200 samples, respectively,

under a fixed Rician K-factor of K = 10 dB.

It is observed that U1 achieves the lowest BER among all users due to its use

of mean modulation, which is more robust to noise and channel variations. On the

other hand, U2 and U3, employing variance- and correlation-based modulation re-

spectively, exhibit relatively higher BERs. This is mainly because their detection

relies on more sensitive statistical features, which are more easily affected by in-
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Figure 5.3: Simulated BER and theoretical BEP (shown as dashed black lines) for
the uplink ND-NOMA for three users system versus δ, under Rician fading with
K = 10 dB. Results are shown for (a) N = 150 and (b) N = 200 samples.

terference and noise. Ultimately it must be stated that expectedly, increasing the

number of noise samples from N = 150 to N = 200 improves BER performance for

all users, as larger N provides more reliable statistical estimates at the receiver.

As expected, increasing δ leads to improved BER performance for all users. A

higher δ implies stronger signal components relative to noise, making it easier for

the receiver to distinguish.

Fig. 5.4 extends the analysis by comparing uplink BER performance for two

different Rician K-factors, namely K = 5 dB and K = 10 dB where N is fixed

to 200. As expected, stronger line-of-sight conditions (higher K) lead to improved

performance for all users, validating the analytical model’s accuracy across channel

conditions. The theoretical BEP expressions align well with simulation results,
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Figure 5.4: Theoretical BEP and simulated BER for uplink ND-NOMA versus δ
with Rician K-factors of 5 and 10.

confirming the validity of our approximations.

5.3.2 Downlink Scenario

Figs. 5.5 and 5.6 illustrate the BER performance of U1, U2, and U3 in the downlink

ND-NOMA system, where each user recovers their bit independently using simple

detection rules. Fig. 5.5(a) and Fig. 5.5(b) display BER results for N = 150 and

N = 200 samples, respectively, while Fig. 5.6 compares performance across different

Rician K-factors, with K ∈ {5, 10} dB at a fixed N = 200.

As shown in Figs. 5.5(a) and 5.5(b), U1 achieves the best performance among all

users just like the uplink scenario, benefiting from the robustness of mean-based de-

tection under noise and fading. In contrast, U2 and U3 show relatively higher BERs
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Figure 5.5: Simulated BER and theoretical BEP (shown as dashed black lines) for
the downlink ND-NOMA for three users system versus δ, under Rician fading with
K = 10 dB. Results are shown for (a) N = 150 and (b) N = 200 samples.

due to their reliance on variance and correlation features, which are more susceptible

to interference and statistical estimation error. Notably, U3 slightly outperforms U2

in the downlink case. This is attributed to the fact that correlation-based detection,

while sensitive, benefits from the symmetrical structure of the broadcast signal, and

offers simpler bit-level decisions based on a single statistic. Increasing the number

of noise samples and δ improves BER performance for all users once again, as larger

sample sizes yield more accurate statistical estimates.

Fig. 5.6 further supports this by demonstrating that a higher Rician K-factor

improves performance for all users. With K = 10 dB providing stronger line-of-

sight conditions than K = 5 dB, resulting in lower BER. The exact match between

theoretical and simulated curves confirms the accuracy of the analytical model in
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Figure 5.6: Theoretical BEP and simulated BER for downlink ND-NOMA versus δ
with Rician K-factors of 5 and 10.

characterizing the downlink system. Furthermore, the satisfactory BER performance

observed across users in the downlink scenario stems from the absence of mutual in-

terference, as each user’s information is embedded in orthogonal statistical domains,

enabling reliable detection without the need for complex receiver processing.
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Chapter 6

CONCLUSION

In this thesis, three novel noise-domain communication frameworks were intro-

duced to address the limitations of the conventional modulation methods and mul-

tiple access techniques in low-power and low-adata-rate IoT applications. These

schemes utilize the statistical properties of Gaussian noise, which are mean, variance,

and correlation as carriers of information, eliminating the need for SIC, frequency

synchronization, and power allocation.

Initially, a Joint Energy and Information Harvesting scheme using Noise Modu-

lation was proposed to embed information into the mean of Gaussian noise samples

while enabling energy harvesting at the receiver through a time-switching approach.

Analytical expressions for the BEP were derived under Rician fading and nonlinear

rectenna models. Simulation results have shown that JEIH-Noise Mod specifically

enhances the energy harvesting capability without sacrificing the BER performance,

making it well-suited for the energy-constrained semi-passive IoT devices.

Secondly, a ND-NOMA scheme was proposed, where data of the two user are

multiplexed using the mean and variance of the noise samples. Unlike PD-NOMA,

ND-NOMA eliminates the need for SIC at the receiver side, which simplifies the

receiver architecture. The system was analyzed under the Rayleigh and Rician

fading scenarios. Our simulation results confirmed the low BER and efficiency of

ND-NOMA, especially for the Device Type B IoT use cases, which prioritize minimal

hardware complexity and energy usage.

Ultimately, a new ND-NOMA framework was proposed, which supported a three-

user scenario by introducing correlation modulation as a third orthogonal dimension

alongside mean and variance. The resulting system enables simultaneous transmis-

sion of the data of the three users at the same time. Both theoretical and simulation-

based analyses confirmed the scalability and the reliability of this scheme in various
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channel environments.

Collectively, these contributions show the potential of noise-domain communica-

tion systems as viable solutions for next-generation IoT networks. The simplicity of

receiver design, compatibility with energy harvesting, and elimination of synchro-

nization requiremets position these methods as strong candidates for future 6G and

ultra-low-power wireless applications.

6.1 Publications Derived from This Thesis

As a result of the work carried out in this thesis, the following research papers have

been published or are under review.

1. E. Yapici, Y. I. Tek, M. E. Pihtili, M. C. Ilter, and E. Basar, “Noise modulation

over wireless energy transfer: JEIH-Noise Mod,” IEEEWirel. Commun. Lett.,

Jun. 2025, early access

2. “Noise-Domain Non-Orthogonal Multiple Access” under review at IEEE Open

Journal of the Communications Society.

3. “Noise-Domain Non-Orthogonal Multiple Access for Three Users” under re-

view at IEEE Transactions on Wireless Communications.
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Appendix A

A.1 Monte Carlo Integration Method

Monte Carlo integration is a powerful technique for numerically estimating integrals,

particularly in high-dimensional spaces or when the integrand has a complex form.

In this appendix, we have addressed the problem of unconditional BEP integrals

mentioned in previous sections. As an initial step, we can rewrite (4.9) as

P̄b =

∫

V

g(h1,R, h1,I , h2,R, h2,I)dĥ, (A.1)

where

g(h1,R, h1,I , h2,R, h2,I) = Pbf(h1,R)f(h1,I)f(h2,R)f(h2,I)

and dĥ = dh1,Rdh1,Idh2,Rdh2,I . Here, V is the whole integration volume. Then, we

will utilize importance sampling to compute the integral efficiently. We choose an

appropriate joint PDF z(h1,R, h1,I , h2,R, h2,I) that matches the form of the integrand

as

z(h1,R, h1,I , h2,R, h2,I) = z(h1,R)z(h1,I)z(h2,R)z(h2,I), (A.2)

where z(·) denotes the sampling function in the integral volume V (z > 0,
∫
V
fn dV =

1). Specifically, z(·) represents a PDF characterized by the same mean and vari-

ance as the PDFs of channel gains f(·), as described in (4.9). Incorporating this

expression, (A.1) can be reformulated as

P̄b =

∫

V

g(h1,R, h1,I , h2,R, h2,I)z(h1,R, h1,I , h2,R, h2,I)

z(h1,R, h1,I , h2,R, h2,I)
dĥ (A.3)

Afterwards, we generate J random points for all integral variables from corre-

sponding sampling functions as {h(1),h(2), . . . ,h(J)} where h(j) = [h
(j)
1,R, h

(j)
1,I , h

(j)
2,R, h

(j)
2,I ]

for j = 1, 2, . . . , J . Then the importance weights are calculated as follows

w(h(j)) =
g(h

(j)
1,R, h

(j)
1,I , h

(j)
2,R, h

(j)
2,I)z(h

(j)
1,R, h

(j)
1,I , h

(j)
2,R, h

(j)
2,I)

z(h
(j)
1,R, h

(j)
1,I , h

(j)
2,R, h

(j)
2,I)

. (A.4)
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The integral is estimated using the average of these weights as expressed below:

[Yuan et al., 2020]

P̄b =
1

J

J∑

j=1

w(h(j)). (A.5)

For unconditional BEP curves, J = 106 random sample points are used for all

integral estimations.

A.2 Monte Carlo Integration Method for the ND-NOMA for three

users system

Monte Carlo integration is a widely utilized technique for estimating integrals that

are difficult or impossible to compute analytically, especially in high-dimensional

problems [Yapici et al., 2024]. In the context of the ND-NOMA for three users

system, the unconditional BEP can be expressed as the following multidimensional

integral:

P̄b =

∫

V

g(h1,R, h1,I , h2,R, h2,I , h3,R, h3,I) dĥ, (A.6)

where the function g(·) is defined as:

g = Pb · f(h1,R)f(h1,I)f(h2,R)f(h2,I)f(h3,R)f(h3,I), (A.7)

and the integration differential is denoted by dĥ = dh1,Rdh1,Idh2,Rdh2,Idh3,Rdh3,I .

Here, f(·) represents the marginal probability density functions of the Rician dis-

tributed channel coefficients. The integration region V spans the entire range of

possible channel realizations.

To enhance computational efficiency, we employ importance sampling by intro-

ducing a joint sampling distribution that factorizes across all variables:

z(·) =
3∏

i=1

z(hi,R)z(hi,I), (A.8)
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where z(·) is selected to closely match the actual distributions of the fading

variables.

The integral is then estimated using a Monte Carlo approximation based on J

independently drawn samples h(j) = [h
(j)
1,R, h

(j)
1,I , h

(j)
2,R, h

(j)
2,I , h

(j)
3,R, h

(j)
3,I ]. The estimate

becomes:

P̄b ≈
1

J

J∑

j=1

g(h(j))

z(h(j))
. (A.9)

In our simulations, we set J = 106 sample points to ensure high-accuracy es-

timates for the BEP under various Rician fading conditions in the ND-NOMA for

three users system.


