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Abstract

Wireless ultraviolet (UV) communication is regarded as a promising

supplement to conventional wireless communications. The challenges lie in the

inter-symbol-interference (ISI) and the time-varying channel impulse response

(CIR), which deteriorate the detection/estimation of transmitted symbols from

the received signals. The existing coherent detection schemes that leverage

CIR estimation for ISI compensation, fall into two camps. They present either

an overhead burden of pilot sequences and computational complexity or poor

CIR acquisition that further hinders the detection performance.

The aim of this thesis is to design non-coherent detection schemes that

can transform the ISI contaminated sequential detection process into discrete

binary or multiple detection framework. This is achieved by extracting the UV

communication signal-related geometrical features that are inherently resistant

to ISI. Then, one-dimensional and high-dimensional non-coherent detection

schemes are proposed, by designing optimal linear and high-dimensional com-

binations of these features that minimize the theoretical bit error rate (BER).

Both theoretical and simulation verification are performed to validate the pro-

posed scheme, showing the comparable detection accuracy of the state-of-the-

art coherent schemes but at the expense of lower computational complexity.

To further expand the scope of the ISI-resistant features, machine learn-

ing is employed to discover nonlinear features that can express hidden rela-

tions from received signals to transmitted symbols. This is done by (i) a

supervised neural network (NN) based detector, and (ii) a more explainable

Parzen window technique based NN to approximate the detection likelihoods.

For future work, deep reinforcement learning will be utilized to explore better

ISI-resistant features for detection purposes. As such, by casting the com-

plex sequential detection into the concise discrete detection framework, and

xvi



combining the manual and machine learning-based ISI-resistant feature con-

struction, this work provides a novel idea, not only for UV communications

but can also be applied to other communication and signal detection scenarios

suffering from ISI.

xvii
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Chapter 1

Introduction

1.1 Background

With the rapid development of various electronic technologies, lifestyles be-

come deeply reliant on digital media, during the last twenty years. In this age

of data, communication networks not only supply social and entertainment

media, but also provides services to a massive number of new devices and

applications related to the Internet of Things (IoT) [2], Machine-to-Machine

(M2M) [3], and Cyber-Physical Systems (CPSs) [4].

Fibre optic builds the backbone of the communication networks, feeding

sufficient bandwidth to carry the exponential growth of the data demand. It

is noted that a fibre optic network can only deliver the message to the devices

that are tethered to it, while there are as many transmission demands for

mobile communication as that for wired communication. Most wireless com-

munications are conducted by radio frequency (RF) communication systems,

consequently, the shortage of spectrum resources is becoming a major obstacle

to the development of wireless communications [5]. According to Cooper’s

Law, the data-carrying capacity of the RF spectrum double every 2.5 years on

average [6]. An increase in research concentrating on exploiting new commu-

1



nication technologies to promote transmission capacity is thus required.

Optical Wireless Communication (OWC) has been widely studied and

researched in recent years, as an alternative or complementary to traditional

RF communication systems [7,8]. OWC refers to the use of light-emitting de-

vices(e.g., LEDs and lasers) to transmit information through the free air space,

offering a number of benefits including higher bandwidth, security, license-free,

and lower interference [9]. The main advantage of OWC is the higher band-

width compared to the limited and congested RF spectrum. This allows for

faster data transfer and increased capacity for a large number of users.

There are different forms of OWC such as infrared (IR) [10], visible

light communication (VLC) [11], and ultraviolet communication (UVC) [12].

IR and VLC are commonly used OWC technologies and have been applied in

short-range communication scenarios, such as television remote controls and

personal computer-to-peripheral communication [13–15]. UVC is a relatively

new technology, that offers improved bandwidth and security, and has recently

been proposed for use in communication networks and IoT devices.

Compared with visible light, ultraviolet light has a shorter wavelength

and its spectrum length ranges from 100nm to 400nm. According to the

wavelength ranges, ultraviolet light is divided into ultraviolet A rays (UV-

A 315nm to 400nm), ultraviolet B rays (UV-B 280nm-315nm) ultraviolet C

rays (UV-C 190nm-280nm) [16].

As the atmosphere has a strong absorption effect on ultraviolet light, the

UV-C rays generated by solar radiation are almost absorbed in the near-Earth

atmosphere, consequently, the UV-C is also known as the solar blind zone

[17]. Besides, different from UV-A and UV-B, the UV-C band is harmless to

humans. As such, the UV-C band is selected for supporting wireless ultraviolet

communication. Because of no interference from natural sunlight radiation,

UVC has the advantage of low interference from background noise [18]. In
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addition, the ultraviolet photons exhibit strong particle properties, due to

the short wavelength of the ultraviolet beam. This then leads to the strong

scattering characteristics of the ultraviolet communications. [19].

Due to the unique solar blind and scattering characteristics of UVC,

ultraviolet communication has acquired unique channel characteristics, which

will remedy the defects of IR and VLC. The main advantages of UVC are

summarized as follows.

i) Low background interference promises work day and night

The UV-C band light from solar radiation is easily absorbed by the atmo-

spheric layer, as a consequence it can hardly reach the near-earth atmosphere.

Thus, ultraviolet communications working in the UV-C band are free from the

background noise caused by solar radiation, both day and night. It means

this absorption characteristic promises UVC qualified for day and night work

scenarios [20].

ii) Non-line-of-sight communication adapts to complex communica-

tion environment

When ultraviolet light in the UVC band propagates in the atmosphere, it

shows strong scattering characteristics, which enable it to communicate in the

non-line-of-sight (NLOS) scene. It means the deployment of the transmitter

and the receiver could be in a relaxed alignment, whereas the IR and VLC

require strict alignment[10]. Due to this property, UVC presents a promising

candidate for complex and RF denial communication scenarios, e.g., in the

above sea marine communication scene, which is difficult to guarantee a strict

alignment, when suffering wave turbulence.
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iii) Good Confidentiality

The atmosphere produces strong absorption and scattering effect on ultravio-

let photons, which makes the fading of the ultraviolet communication channel

increase exponentially with distance. Therefore, UV wireless optical communi-

cation is mainly used for short-distance communication. Attributed to the fast

fading characteristic, signals cannot be detected from long-distance, avoiding

the transmitted information leaking in a wide rage. Thus, as a short-distance

communication system, it obtains good concealment [11].

Overall, UVC is a promising technology that has the potential to pro-

vide NLOS, secure wireless communication solutions, utilized in a variety of

environments and applications. However, further research is needed to address

the technical and practical challenges associated with its implementation and

deployment.

1.2 Motivation

As aforementioned, UVC is regarded as a promising supplement for conven-

tional wireless communication systems, due to its NLOS transmission charac-

teristic [21, 22] and solar-blind property [12, 21–24]. This has raised a large

number of researches, ranging from the developments of UVC devices [25–28],

the model formulations [22,29–33], designs of channel coding [34–37], to detec-

tion scheme designs [1,38–41], all of which aim to enhance the communication

accuracy for UVC scenarios.

From the perspective of signal detection, there are three challenges that

deteriorate communication performance and that are thereby required to be

addressed. (i) Due to the channel dispersion leading to the long impulse re-

sponse tail, the photon-detector suffers from the intensive inter-symbol inter-

ference (ISI) at the receiving point, especially when the communication rate is
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high [1,21,40]. (ii) The counting noise as well as the thermal noise induced by

the transceivers may deteriorate the communication performance [21, 36, 40].

(iii) Most of the research overlooked the time-varying channel effects, which al-

though can be addressed by repeated channel estimation via the usages of the

pilot sequences [1], may result in large overhead and extensive computational

and storage complexity.

In short, improving the detection accuracy and reducing the compu-

tational complexity would be meaningful for the application of UVC in real

communication systems. Thus, the goal of this thesis is to design appropriate

detection methods, which have high detection accuracy in terms of BER but

with low computing consumption.

1.3 Outline of Existing Approaches

To overcome the aforementioned challenges in UVC signal detection, exist-

ing methods are mainly classified into two genres: coherent detection and

non-coherent detection, according to whether or not the method relies on the

channel impulse response (CIR) in the detection process. A brief introduction

of what they are given, along with their drawbacks in this part. Their detailed

theories and implementations are provided in Chapter 2.

1.3.1 Channel Estimation Methods

For the coherent detection method, the CIR plays a significant role, as it is

inevitably necessary to acquire the underlying channel statement information

(CSI) for ISI compensation before the process of signal detection. Typical

channel estimation approaches include the least square (LS) channel estimator,

and the minimum mean square error (MMSE) estimator with the knowledge

of the CIR distribution. These techniques rely on a pre-designed UV channel-
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related pilot sequence to estimate the whole CIRs.

1.3.2 Coherent Signal Detection Schemes

Leveraging the estimated CIR, the coherent detection schemes in [1, 39–42]

aim to design either equalizer or construct the posterior or likelihood proba-

bility density functions (PDFs) to determine the transmitted symbols. To be

specific, a linear equalizer is proposed in [42], which tries to recover the trans-

mitted symbols from a linear filter of a window of received signals and their

corresponding CIRs, by minimizing the statistical mean squared error. Then,

to further improve the detection accuracy, the state-of-the-art maximum likeli-

hood sequence detection (MLSD) is proposed in [1] for the UVC system, which

firstly computes the likelihood PDFs conditioned on transmitted symbols us-

ing the estimated CIRs, and then select the optimal paths of the sequentially

transmitted symbols to maximize the likelihood trajectory. To implement this

idea, a Viterbi-like algorithm is proposed in [39], and demonstrates the optimal

performance over all model-based detection schemes.

Although MLSD is a practical method to combat the ISI in a time-

invariant system, however it has several drawbacks. The MLSD method gives

rise to either the long overhead of pilot sequences and huge computational

complexity for accurate channel estimations in time-varying scenarios or poor

CIR acquisition that further deteriorates the signal detection performance.

To realize a more computationally and resourcefully efficient MLSD scheme,

the study in [40] devised a UV channel-related Bayesian scheme. The idea

is to use a particle filter to adapt to the time-variant UV system, which can

simultaneously detect transmitted symbols and estimate the channel impulses.

However, the efficiency problem, though being sorted out to some extent,

still remains, given the trade-off between the number of particles and the

estimation/detection accuracy.
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1.3.3 Non-coherent Signal Detection Methods

In contrast to coherent detection, the non-coherent detection schemes do not

rely on the exact CIR to compensate ISI. Instead, they focus on first simplify-

ing the complex sequential detection variables, e.g., the posterior or likelihood

PDFs, and then design signal detection methods specific to these simplified

variables. The popular non-coherent schemes for OWC are listed in [38,43–45],

in which the advantages and drawbacks of these papers are recapped in the

following. The optimal non-coherent maximum likelihood (ML) detectors (for

multiple-symbol MS, and symbol-by-symbol SS) have been proposed and stud-

ied in [38, 43], which provided optimal (or suboptimal) detection algorithms

for OWC applications. The results showed a promisingly lower bit error rate

(BER) in the case of the negligible ISI.

However, the obvious drawback is their vulnerabilities to combat the

strong ISI. This is because their simplification processes omit the long tail

interference of the previously transmitted symbol. As such, new non-coherent

detection techniques that can resist ISI are needed, and this is what will be

done in this thesis.

It is noteworthy that non-coherent detection methods have been studied

in molecular communications, whereby the properties from chemical reactions,

and molecule structures and movements (e.g., diffusion, and flow) are leveraged

to reduce the ISI from previously transmitted molecules. One popular example

comes from the utilisation of enzyme [46,47], which, properly designed by the

receptor, can mitigate the long tail nature of the diffusive particles in the

free-space and vessel channels. A similar idea has been exploited by the work

in [48], which relies on the chemical reactions of the calcium ions to reduce

their lifetime for ISI cancelation. However, such non-coherent idea is hard to

be implemented on the OWC, given the lack of chemical cancelation properties

for ultraviolet photons.
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1.3.4 Other Techniques to Improve Detection Accuracy

Apart from the designing of signal detection schemes, other techniques to

protect the transmitted symbols from being contaminated by noise and ISI

include channel coding, and noise reduction approaches, which serve as the

pre/post-processing before/after the signal detection process. Here, a brief

introduction to these schemes will be provided, but the implementation details

will not be discussed in this thesis, as these do not involve in the designs of

the detection schemes.

Channel coding refers to schemes that introduce redundancy of the

information bits (e.g., generate the check bits of the information bits), in order

to protect the correctness of the information bits. The popular and widely used

schemes include but are not limited to the polar code [49–52], the low-density

parity check (LDPC) code [53], and the Luby transform (LT) code [54, 55].

These channel coding techniques provide a forward error correction (FEC)

limit, which means if the signal detection schemes can reach an order of 10−2

BER, then by deploying these codes for bit check and recovery, the BER can

be further reduced and suitable for practical usages.

Noisy reduction aims to filter the received signals, by the difference in

frequencies of signals and background noise. One example is the work in [56],

which uses the wavelet technique to remove the noise components by filtering

out high-frequency components from the frequency domain. By doing so as a

pre-processing step, the detection accuracy of signal detection schemes will be

promoted. Yet, one should notice the statistical modification of the probability

distribution of the received signals, e.g., the likelihood PDFs of MLSD may

not fit well as the Gaussian process and may lead to detection error given the

inaccurate computation of likelihood PDFs.
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1.4 Contributions of this Thesis

This thesis focuses on non-coherent detection, which aims to extract the fea-

tures from the received signals that are inherently resistant to the ISI, and

then transform the sequential detection problem into a discrete binary or mul-

tiple detection framework. To implement this idea, four ISI-resistant features

are first designed by exploiting the geometry shapes of the received UV sig-

nals. Then, two signal detection schemes are designed, respectively leveraging

the optimal feature linear combination (termed the optimally-weighted non-

coherent detection scheme in Chapter 4), and the high-dimensional feature

construction (called the high-dimensional non-coherent detection scheme in

Chapter 5).

To further expand the scope of the ISI-resistant features, a machine

learning based technique is employed to discover nonlinear features that can

express the hidden mapping from the received signals to the transmitted sym-

bols. This is done by (i) a supervised neural network (NN) based detector, and

(ii) a more explainable Parzen window technique based NN to approximate the

detection likelihood PDFs. The contributions of these detection methods are

elaborated in detail as follows.

1.4.1 1D Non-coherent Detection

In Chapter 4, the 1D non-coherent method tries to find the optimal linear com-

bination of the designed ISI-resistant features, by minimizing the theoretical

BER. To sum up, the main contributions of 1D method are listed as follows.

(1) Four linear features of UV signals are designed and extracted based

on the geometry shapes of the received signals. These include the intra-symbol

rising edge, the intra-symbol energy, the inter-symbol minimum inflection, and

the inter-symbol energy difference of the signal. Such features are inherently
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insensitive to ISI contamination.

(2) Leveraging the extracted four features, two novel non-coherent schemes

are proposed called equally-weighted non-coherent detection (EWNCD) and

optimally-weighted non-coherent detection (OWNCD), respectively by equally

and optimally weighting and combining such features. The proposed 1D non-

coherent schemes are able to convert the detection scenarios with ISI into

a binary detection framework, which avoids the complex channel estimation

process. Also, the proposed OWNCD method is able to adjust the optimal

weights with respect to the different levels of the ISI intensities and therefore

delivers a better detection performance.

(3) For the time-varying channel response, a heuristic algorithm is de-

signed to adaptively achieve the optimal weights. Such a heuristic algorithm

relies on the previous data that can reflect the continuous changes in the chan-

nel environment, thereby capable of addressing the time-varying UV channel

challenges, but with lower computational complexity.

(4) The detection performance of the proposed EWNCD and OWNCD

schemes are numerically evaluated. Compared to the state-of-the-art coherent

MLSD in the cases of static and time-varying CSI, the proposed OWNCD

can gain ∼ 1 dB and ∼ 8 dB in signal-to-noise-ratio (SNR) at %7 overhead

FEC limit (BER of 4.5×10−3 according to [57]), respectively. This means that

given appropriate channel coding schemes, our proposed OWNCD can conduct

practical communication (BER less than 10−6) with lower SNR, compared to

the coherent MLSD with imperfect CSI estimation. Also, the computational

complexity required by the proposed OWNCD is four order of magnitude

reduction when compared to the coherent MLSD scheme.
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1.4.2 HD non-coherent detection

In Chapter 5, a high dimensional combination of the designed geometrical fea-

tures is constructed for further non-coherent detection. The detection process

is then pursued by the revised Gaussian mixture model (GMM) based clus-

tering method. The main contributions of the HD method are listed in the

following.

(1) Leveraged on the extracted four features, a novel high-dimensional

non-coherent scheme is proposed, by constructing a high-dimensional feature

space. It transforms the ISI-caused sequential detection into the ISI-released

multi-hypothesis detection framework, therefore avoiding the high computa-

tional CIR estimation and sequential likelihood computations required by the

coherent schemes (a reduction of 4 magnitude orders of complexity is achieved).

(2) The BER performance of the HD method is analyzed, by deriv-

ing the theoretical BER of the HD feature-based non-coherent detection. It

mathematically shows the reason it is better than the previously proposed

one-dimensional feature-based non-coherent schemes.

(3) A clustering algorithm is designed to conduct the classification of the

HD features for signal determination, based on the Gaussian mixture model

(GMM) clustering framework.

(4) Numerical simulation is conducted to evaluate the HD method. This

illustrates that the proposed HD method is able to provide higher signal noise

ratio (SNR) for signal detection than current non-coherent schemes, which

leads to a very-close detection accuracy with the state-of-the-art coherent

MLSD (< 1dB in SNR at the FEC limit BER=4.5 × 10−3). These thereby

demonstrate the promising pathway of the proposed non-coherent scheme to-

wards a low-computational but high-accurate detection paradigm for optical

wireless communications with intensive ISI.

11



1.4.3 NN-based Nonlinear Feature for Non-coherent De-

tection

To deeply explore the hidden nonlinear characteristic of UV signals, machine

learning techniques are utilised to train the detector or feature construction

process via the combinations of linear weights and bias of neurons and the

nonlinear activation functions. To do so, the following two works will be

elaborated on in this thesis.

(1) A supervised fully connected NN is used to map the received UV

signals to their transmitted symbols. The neurons of the output layer of the

trained NN present the nonlinear features for non-coherent detection, which

outperforms the state-of-the-art MLSD in the low SNR region and gives a

comparable BER (the gap is less than 1dB) in high SNR region.

(2) The supervised NN-based detector requires data overhead for train-

ing and re-training in the time-varying channel scenarios and is difficult to be

explainable due to its black-box nature. This further makes the NN-based fea-

tures in-explainable. To solve this problem, a physical-aware Parzen window-

based NN detector is designed, which aims to approximate the likelihood PDF

of the received signals, and thereby is easily explainable via mathematical

deduction.

1.5 Organization of the Rest of this Thesis

In Chapter 2, there is a literature review of existing signal detection methods

that combat noisy and ISI contaminated received signals. The channel estima-

tion technique for coherent signal detection is introduced in detail in Section

2.1. Leveraging this, the minimum mean squared error criterion (MMSE)

equalizer for symbol detection is introduced in Section 2.2. Then, the state-of-

the-art MLSD method is provided in Section 2.3, which bases on my previous
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paper [39]. The sub-optimal Bayesian sequential detection approach based

on the particle filter is provided in Section 2.4, which relies on my previous

paper [40].

Chapter 3 conducts an introduction to the communication system, based

on which the non-coherent detection schemes are proposed in the later chap-

ters. In section 3.1, the generalized system model for ultraviolet communica-

tion is illustrated in detail. Then, section 3.2 evaluates the effect of ISI on

UV channel, in terms of varying the symbol rate and the different modulation

methods (i.e., J-PAM).

In Chapter 4, 1D non-coherent detection schemes are proposed, and

the relevant paper has been published, seen in [58]. In Section 4.1, the frame-

work of the 1D non-coherent detection method is given, following which is

a problem formulation. Section 4.2 focuses on the feature extraction of op-

tical signals. There are four features obtained (i.e., the intra-symbol rising

edge, the intra-symbol energy, the inter-symbol minimum inflection, and the

inter-symbol energy difference of the signal), which are insensitive to the ISI

contamination. Besides, the advantages of such feature-based metrics are eval-

uated. Section 4.3 introduces the EWNCD scheme which combines the metrics

with equal weight and demonstrates the influence of the weights by simula-

tion. Then, Section 4.4 elaborates on the OWNCD scheme, containing: i)

the construction of the OWNCD design, ii) the theoretical analysis of the

BER performance, iii) the optimal weight computation method, iv) the design

of a heuristic algorithm. Afte that, Section 4.5 evaluates the EWNCD and

OWNCD schemes, in terms of BER accuracy and computational complexity,

by numerical simulation. Finally, a conclusion of 1D non-coherent detection

methods will be given in Section 4.6.

In Chapter 5, a novel HD feature-based non-coherent detection is pro-

posed, and the relevant paper has been published, seen in [59]. In section 5.1,
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there is an illustration of the system model for the HD scheme along with

the problem formulation. Then, the construction of HD UV features will be

illustrated in section 5.2. Next, Section 5.4 will compute and compare the the-

oretical signal error ratio (SER) from this proposed HD non-coherent scheme

with the 1D methods. In Section 5.5, the proposed HD non-coherent detection

scheme and the algorithm design are elaborated. The simulation results are

provided in Section 5.6. The chapter finally concludes in Section 5.7.

Chapter 6 explores the nonlinear characteristic of UV signals, resorting

to machine learning techniques to train the detector or feature construction

process. The process and results of the supervised neural network (NN) frame-

work are provided in Section 6.1. Then, a half-supervised and explainable NN

is provided in 6.2.

Chapter 7 conducts a summary of this thesis in Section 7.1, followed

by the future work in 7.2. For the future work, I will try to utilize deep re-

inforcement learning method for extracting the nonlinear features from the

received signals, based on which builds a reliable and explainable artificial in-

telligence (X-AI) framework for signal detection combating ISI and adversarial

environment.

14



Chapter 2

Literature Review on Existing

Signal Detection Methods for

OWC

In this chapter, the literature on existing signal detection methods that com-

bat noisy and ISI contaminated received signals will be introduced. Typically,

a linear time-invariant (LTI) system-based ISI-contaminated signal can be ex-

pressed in terms of the CIR and the transmitted symbols. By denoting the

transmitted symbols from discrete time steps τ = 1, 2, · · · , k as s1, s2, · · · , sk,

the received signal for current k time-step is:

r̄k = q̄0 · sk +
L∑

τ=1

q̄τ · sk−τ + ϵk. (2.1)

In Eq. (2.1), q̄τ are the channel impulses of time step k− τ that influence the

current k time step, which causes ISI effect on current signal r̄k. L ∈ N+ is

the integer number of ISI components. ϵk are the noise effect at current k time

step.

With this signal model, the aim of signal detection is to detect/estimate
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the transmitted symbol sk given the received signal rk. By categorizing whether

or not the channel impulses q̄0, q̄1, · · · , q̄k−1 will be used, a signal detection

method can be categorised as coherent and non-coherent families. From the

conceptual point of view, coherent detection refers to the scheme to estimate

the transmitted symbols in the awareness of the channel state information

(or channel impulse response), while non-coherent detection is to estimate the

transmitted symbols without CSI and CIR. These schemes will be considered

respectively in the following.

2.1 Channel Estimation Technique for Coher-

ent Signal Detection

The coherent signal detection method at first requires channel estimation tech-

niques to estimate the CIR parameters, i.e., q̄0, q̄1, · · · , q̄L. This can be done

by sending L′ ∈ N+ predefined pilot symbols s1, s2, · · · , sL′ known by the

receiver, and computing the CIR parameters using the least square (LS) cri-

terion [60–62].

2.1.1 Least Square Channel Estimator

An LS-based channel estimator resorts to linear algebra and the quadratic

optimisation framework. To be specific, Eq. (2.1) may be rewritten in the
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matrix formulation as follows:

r̄1

r̄2
...

r̄L+1

...

r̄L′


=



s1 0 0 · · · 0

s2 s1 0 · · · 0
...

sL+1 sL sL−1 · · · s1
...

sL′ sL′−1 sL′−2 · · · sL′−L


·


q̄0

q̄1
...

q̄L

+



ϵ1

ϵ2
...

ϵL+1

...

ϵL′


r̄L′ = S · q + ϵL′

(2.2)

where r̄L′ , S, q and ϵL′ are to denote the corresponding parts in the ma-

trix equation. Then, the channel estimation of q is pursued by the following

unconstrained quadratic optimisation problem:

min
q∈RL+1

f ≜ ∥r̄L′ − S · q∥22 , (2.3)

where ∥ · ∥2 represents 2-norm.

Next, to solve Eq. (2.3), the first order derivative is computed and

made zero, i.e.,

∂f

∂q
=
∂
[(
r̄TL′ − qT · ST

)
· (r̄L′ − S · q)

]
∂q

=
∂
(
qT · STS · q− 2qT · ST r̄L′

)
∂q

=2 ·
(
STS · q− ST · r̄L′

)
=0.

(2.4)

By solving Eq. (2.4), the channel estimation result, denoted as q̂, can be

computed as:

q̂ =
(
STS

)−1
ST · r̄L′ . (2.5)
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From Eqs. (2.4)-(2.5), the selection of L′ should make the existence of the

inverse matrix, i.e., (STS)−1 exists. This requires L′ ≥ L+ 1.

2.1.2 Simulations of LS Channel Estimator

After the description of the channel estimation technique, the performance of

estimation accuracy versus both the SNR and the number of pilot symbols

are provided in the following, respectively. In this simulation, On-Off Keying

(OOK) modulation is considered, i.e., sk ∈ {0, 1}, and the length of ISI is

L = 12. The estimation accuracy is defined in terms of the normalised root

mean square error (RMSE), i.e.,

RMSELS ≜
∥q̂− q∥2
∥q∥2

. (2.6)

In Fig. 2.1, the x-coordinate represents the different values of SNR, and

the y-coordinate is the normalised RMSE. It is first seen that with the increase

of SNR, the channel estimation RMSE decreases, because of the reduction of

the noise effect.

Then, it is observed that the length of pilot sequences L′ affects drasti-

cally the channel estimation accuracy. For example, when SNR is 11dB, the

RMSE of L′ = 2L is 0.39, which is larger than that of L′ = 10L, i.e., 0.05,

not to mention the RMSE= 0.01 at L′ = 100L. This is because with the

increase of the length of pilot sequences, i.e., L′, the estimation error becomes

less, as more measurements, r̄L′ = [r̄1, r̄2, · · · , r̄L′ ]T , can be used to estimate

the CIR q̄0, q̄1, · · · , q̄L (with fixed length L + 1). This can be also explained

in a mathematical manner. The numerator of the normalised RMSE of Eq.

(2.6) can be further deduced and expended by taking the expression of r̄L′ in

Eq. (2.2). By defining the function λmin(·) as the minimum eigenvalues of a
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Figure 2.1: Performance of LS channel estimator: RMSE versus SNR and
length of the pilot sequence L′.

matrix, the detailed deduction of ∥q̂− q∥22 is provided in the following, i.e.,

∥q̂− q∥22 =
∥∥∥(STS

)−1
ST · r̄L′ − q

∥∥∥2
2

=
∥∥∥(STS

)−1
ST · (Sq+ ϵL′)− q

∥∥∥2
2

=
∥∥∥(STS

)−1
ST · ϵL′

∥∥∥2
2

≤
∥∥∥(STS

)−1
ST
∥∥∥2
2
· ∥ϵL′∥22

∝ 1

λmin(STS)
.

(2.7)

From Eq. (2.7), the LS estimation RMSE is directly dependent on the min-

imum eigenvalues of matrix STS. The increase of the length of the pilot
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sequence L′ makes STS full rank with a small conditional number, which then

decreases the upper bound of the estimation RMSE.

After the description of the channel estimation technique, the coherent

signal detection schemes then can be pursued relying on the channel estimation

results. In the following, the essential procedures of three popular coherent

detection schemes will be introduced, which are the minimum mean square

error-based linear equalizer, the state-of-the-art maximum likelihood sequence

detection method, and the sequential Bayesian detection approach.

2.2 Linear Equalizer based on MinimumMean

Squared Error Criterion

A linear equalizer is an algorithm used in wireless communication systems

to equalize the impulse response of the channel and mitigate the effect of

ISI [42, 63]. To be specific, the received signals at first go through a finite

impulse response (FIR) linear filter for CIR and ISI compensation, and then

the signal detection is pursued relying on the compensated signals, which can

lead to a more accurate estimation of the transmitted symbols. The goal

of the linear equalizer is to recover the transmitted symbols by correcting

the distortion caused by the channel, improving the BER performance of the

communication system. Linear equalization can be achieved through various

criteria such as zero-forcing (ZF), minimum mean square error, etc [64–66].

These methods differ in terms of the criteria they use to design the equalization

filter and the computational complexity they require. In the following, the

MMSE equalizer will be introduced in details.
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2.2.1 MMSE equalizer

The MMSE equalizer is a linear equalization technique used in communication

systems to mitigate ISI caused by channel distortion. The MMSE equalizer

tries to recover the transmitted symbol of (k − d)th time-step, denoted as

sk−d, via the usages of the received signals corresponding to (k − L)th to kth

transmitted symbols, i.e., r̄k−L, r̄k−L+1, · · · , r̄k, i.e., [63]

ŝk−d =
L∑

n=0

αn · r̄k−n, (2.8)

where ŝk−d is the recovered symbol of sk−d. The setting of d depends on the

length of ISI L, which is typically assigned as d = round((L+ 1)/2) [42,67].

The implementation of such MMSE equalizer in Eq. (2.8) is con-

verted to compute the taps α0, α1, · · · , αL, which relies on the minimisation

of the mean square error between the recovered and the transmitted symbols,

whereby the error is expressed as follows:

εk−d = sk−d − ŝk. (2.9)

With the help of the error expression in Eq. (2.9), the computation of the taps

α0, α1, · · · , αL is to make E(εk · r̄k−m) = 0 for all m = {0, 1, · · · , L}, where

E(·) denotes the expectation operator of a random variable, i.e.,

E (εk−d · r̄k−m) = E [(sk−d − ŝk−d) · r̄k−m]

=E

[(
sk−d −

L∑
n=0

αn · r̄k−n

)
· r̄k−m

]

=E (sk−d · r̄k−m)−
L∑

n=0

αnE (r̄k−n · r̄k−m) = 0.

(2.10)

Then, Vm,n ≜ E(r̄k−n · r̄k−m), and gm ≜ E(sk−d · r̄k−m) are defined for a compact
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notation. Vm,n is computed as:

Vm,n = E(r̄k−n · r̄k−m)

=E

[(
L∑

τ=0

q̄τ · sk−n−τ + ϵk−n

)
·

(
L∑

τ ′=0

q̄τ ′ · sk−m−τ ′ + ϵk−m

)]

=
L∑

τ=0

L∑
τ ′=0

q̄τ · q̄τ ′ · E(sk−n−τ · sk−m−τ ′) + σ2
ϵ δm,n

=
L+n∑
τ=n

L+m∑
τ ′=m

q̄τ−n · q̄τ ′−m · E(sk−τ · sk−τ ′) + σ2
ϵ δm,n

(2.11)

where δm,n is the Kronecker delta function, i.e., δm,n = 1 when m = n and

otherwise δm,n = 0. σ2
ϵ is the variance of noise component. gm is computed as:

gm = E(sk−d · r̄k−m)

=E

[
sk−d ·

(
L∑

τ=0

q̄τ · sk−m−τ + ϵk−m

)]

=
L∑

τ=0

q̄τ · E(sk−d · sk−m−τ )

(2.12)

For a specific J-PAM (J ∈ N+) transmitted symbols (e.g., OOK, 4-PAM)

where s1, s2, · · · , sk ∈ {0, 1, · · · , J − 1}, E(sm · sn) in Eqs. (2.11)-(2.12) can be

computed as:

E(sm · sn) =


(J − 1) · (2J − 1)

6
m = n,

(J − 1)2

4
m ̸= n.

(2.13)

By taking Eq. (2.13) into Eqs. (2.11)-(2.12), the matrix V ≜ [Vm,n] of size

(L+1)× (L+1) and the vector g = [g0, g2, · · · , gL]T of size L+1 are derived.

As such, the MMSE equalizer is performed by re-written E(εk · r̄k−m) = 0 for
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all m = {0, 1, · · · , L} in Eq. (2.10), i.e.,

g = V ·α, (2.14)

where α ≜ [α0, α1, · · · , αL]
T are the tap vector of the equalizer and can be

computed as:

α = V−1 · g. (2.15)

Then, the recovered transmitted symbols can be recovered by taking the com-

puted taps in vector α back into Eq. (2.8).

2.2.2 Simulation Results of MMSE Equalizer

After the description of the MMSE equalizer implementation, its symbol re-

covery performance in terms of the BER will be evaluated, via different SNR

and ISI intensities respectively. The existing MMSE signal detection method

is evaluated in different modulation types (e.g., OOK, 4-PAM), with ideal

CIRs. The reason that higher-order modulations are needed is because of

their abilities to increase the bit rates. So, here, making different modulations

at the same bit rates may confuse the readers, but making them with the same

symbol rate is more reasonable (as is done in Fig. 2.2).

Firstly, the detection accuracy is illustrated under different SNR, in

case of a fixed symbol transmission rate Rs = 106 bit/s.

In Fig. 2.2, the horizontal axis respects SNR, and the vertical axis

is BER. From left to right, the three lines indicate the BER performance

via MMSE equalizer, in the cases of OOK, 4-PAM and 8-PAM modulation,

respectively. It can be observed that a higher SNR can lead to a lower BER

when the modulation mode is fixed. This phenomenon is reasonable, as a

higher SNR means lesser noise contamination. Besides, if the SNR is a certain

value, the OOK has the best BER performance, followed by that of the 4-PAM,
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Figure 2.2: Performance of signal detection via MMSE equalizer, under differ-
ent SNR, with symbol transmission rate as Rs = 106 bit/s.

while 8-PAM conducts the worst BER performance. For example, when SNR

is 20dB, the BER of OOK is below 10−6, while that of 4-PAM and 8-PAM

are approximately 10−3.5 and 10−1. It is because of multi-intensity modulation

brings more ISI than OOK modulation, and the higher the multi-intensity, the

stronger the ISI influence, consequently leading to worse BER performance.

Then, the ISI’s influence on communication performance will be eval-

uated directly, by changing the symbol rate. To be specific, the BER perfor-

mance of the MMSE equalizer is evaluated via different symbol rate Rs, under

OOK, 4-PAM and 8-PAM modulation, as shown in Fig. 2.3.

The horizontal axis and the vertical axis indicate Rs and BER, in Fig.
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Figure 2.3: Performance of signal detection via MMSE equalizer, under differ-
ent ISI intensity (in terms of symbol rate Rs), with SNR as 20dB.

2.3. The blue, red and yellow lines illustrate the BER performance of the

MMSE equalizer, in cases of OOK, 4-PAM, and 8-PAM modulation, respec-

tively. It can be observed that a higher Rs can lead to a higher BER, with

a fixed modulation mode. The reason for it is the faster the symbol rate the

stronger the ISI, resulting in more contamination on the received signals, and

consequently worse BER performance. Besides, in terms of the same sym-

bol rate, the BER performance of OOK is better than that of the 4-PAM,

while 8-PAM conducts the worst BER performance. For instance, when Rs

is 5 × 106bit/s, the BER of OOK and 4-PAM are 10−6 and 10−1, while that
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of the 8-PAM are higher than them. It is because a higher multi-intensity

modulation (i.e., using multiple levels of photon intensities to modulate bit

streams, e.g., 4-PAM, and 8-PAM), gives rise to a stronger ISI, resulting in a

worse BER performance.

Here, MMSE is not focused on in this thesis; the aim of these figures

is to provide a comparison baseline for the non-coherent detection schemes

elaborated in this thesis. In the following comparison between the proposed

non-coherent detection and MMSE, the setting of the same modulation types

is considered for the fair evaluation.

2.3 Maximum Likelihood Sequence Detection

As a coherent detection scheme, the prerequisite of MLSD is the awareness of

CIR (or estimated CIR), i.e., q̄0, q̄1, · · · , q̄L in Eq. (2.1), which is required to

construct the CSI and its transition probability matrix (TPM). Then, MLSD

tries to traverses all paths of likelihood, and find the optimal symbol paths

with maximum likelihood PDFs [1,39].

2.3.1 Construction of CSI and TPM

The channel state for kth transmitted symbol sk is defined as:

sk ≜ [sk, sk−1, · · · , sk−L]
T , (2.16)

which characterises the all the transmitted symbols that interferes with the

current received signals, i.e., in the region of L ISI length.

The transitional TPM P captures the dynamic relationship between
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sk−1 and sk. Define the state space of the CSI for J-PAM symbols as :

S = {s̃1, s̃2, · · · , s̃S} ≜ {0, 1, · · · , J − 1}L+1,

S ≜ |S| = JL+1
(2.17)

where |S| is the cardinality of the set S, and therefore sk ∈ S. Then TPM can

be defined as the transitional mapping of probability values, indicating the

likelihood of transitioning from one state in S to another state in S. The TPM

is crucial in the Bayesian scheme, as it helps update the understanding of CSI

in each time step based on the previous observations and to make optimal

decisions regarding sequential signal detection. TPM is defined as follows:

P =



P1→1 P1→2 · · · P1→S

P2→1 P2→2 · · · P2→S

...
...

. . .
...

PS→1 PS→2 · · · PS→S


, (2.18)

where TPM element Pl→j represents the transitional probability from lth state

to jth state of set S, i.e., from s̃l to s̃j. Based on Eq. (2.18), the transitional

PDF of the CSI sk from sk−1, denoted as p(sk|sk−1), can be derived. For

example, if sk−1 = s̃i and sk = s̃j, then p(sk|sk−1) = Pi→j. This transitional

PDF of CSI provides a representation of the probability distribution of the

CSI at time slot k given the UV CSI at time slot k − 1. By utilizing this

PDF in the Bayesian estimation process, the system can perform sequential

detection of the transmitted symbols.
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2.3.2 Likelihood PDF of each Received Signal

In the receiver, CSI at kth time-step sk is measured as r̄k with noise ϵk, as

is shown in Eq. (2.1). Given the knowledge of the PDF of the noise ϵk (e.g.,

zero mean Gaussian distributed with variance σ2
ϵ ), the likelihood PDF of the

received signal r̄k conditioned on the CSI sk can be expressed as:

p(r̄k|sk) =
1√
2πσ2

ϵ

exp

(
−
(
r̄k − qT · sk

)2
2σ2

ϵ

)
. (2.19)

Here, the construction of the likelihood PDF uses the CIRs in vector q =

[q̄0, q̄1, · · · , q̄L]T , which is estimated by the channel estimation approach (e.g.,

LS in Section 2.1.1). The estimation accuracy therefore serves as the prereq-

uisite for the further detection accuracy of transmitted symbols.

2.3.3 Theory of MLSD

The coherent MLSD is an algorithm maximum a posteriori. It is a widely used

algorithm that maximizes the likelihood function by taking into account the

prior knowledge of the CSI. It is applied to the sequential detection problem

with ISI, where the goal is to determine the most possible symbol sequence

that maximizes the likelihoods, given the received signals.

To be specific, a sequence of transmitted symbols of length K ∈ N+

is denoted as s1, s2, · · · , sK , with the corresponding received signal sequence

as r̄1, r̄2, · · · , r̄K . Given Eq. (2.16), the corresponding CSIs are created as

s1, s2, · · · , sK . In this view, the overall posterior PDF can be defined as

p(s1, s2, · · · , sK |r̄1, r̄2, · · · , r̄K), and the desired symbol sequence in terms of

the state sequence will be derived by maximizing the posteriori, i.e., [39]

[ŝ1, ŝ2, ..., ŝK ] = argmax
sk∈S

k∈{1,2,··· ,K}

{p(s1, s2, · · · , sK |r̄1, r̄2, · · · , r̄K)} . (2.20)
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where ŝ1, ŝ2, ..., ŝK are the desired CSI sequences, and whose first elements are

the desired symbol sequence.

The implementation of Eq. (2.20) is via the Viterbi-like searching algo-

rithm, which is to present the right-hand side of Eq. 2.20 in a recursive mode,

i.e.,

max
sk∈S

k∈{1,2,··· ,K}

p(s1, s2, · · · , sK |r̄1, r̄2, · · · , r̄K)

=max
s1∈S

p(s1)p(r̄1|s1) ·max
s2∈S

p(s2|s1)p(r̄2|s2) · · · · ·max
sK∈S

p(sK |sK−1)p(r̄K |sK),
(2.21)

From Eq. (2.21), the MLSD can be pursued in an iterative manner, by itera-

tively maximizing p(sk+1, sk+2, · · · , sK , r̄k, r̄k+1, · · · , r̄K |sk), i.e.,

Θk(sk) ≜ max
sk+1,··· ,sK∈S

ln (p(sk+1, sk+2, · · · , sK , r̄k, r̄k+1, · · · , r̄K |sk))

= ln (p(r̄k|sk)) + max
sk+1,··· ,sK∈S

{ln (p(sk+1|sk)) + Θk+1(sk+1)} ,
(2.22)

with initial ΘK(sK) = ln (p(r̄K |sK)).

For each value of sk, the best transition from sk to sk+1 that maxi-

mizes ln(p(sk+1|sk)) + Θk+1(sk+1) is stored in memory. Once the iteration

ends at k = 1, ŝ1 can be determined by finding the maximum value of

Θ1(s1) among all possible values in set S. Then, s2 can be identified given

the stored best trajectory and so does ŝk, 2 ≤ k ≤ K in a recursive mode.

The estimated CSI sequence, i.e., ŝ1, ŝ2, ..., ŝK , can then be used to obtain

the corresponding transmitted symbol sequence, via their first value, i.e.,

ŝ1 = ŝ1(1), ŝ2 = ŝ2(1), · · · , ŝK = ŝK(1).

It is noteworthy that, accurate estimation of the CIR is vital for the

detection accuracy of the coherent MLSD, as it serves as the basis to con-

struct the likelihood PDF in Eq. (2.19). This process will give rise to large

consumption of computation and storage resources, especially in the case of
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time-varying environment [68].

2.3.4 Simulation Result of MLSD

After the description of the theory and the implementation of MLSD in ISI se-

quential symbol detection, its detection accuracy in terms of BER is illustrated

here, versus the values of SNR, under different accuracy of channel estimation

results.

Figure 2.4: Performance of signal detection via MLSD scheme, under different
SNR, with transmission rate as Rs = 106 bit/s.

In Fig. 2.4, x-coordinate represents the values of SNR, and y-coordinate

is the BER. Here, different L′ represents the length of pilot sequence used for

LS channel estimation, which is expressed in terms of the length of ISI L.

As is shown in Fig. 2.4, the BER of MLSD goes down with the increase of
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the SNR, showing that the noise reduction betters the detection performance.

Then, it is observed that the detection accuracy of MLSD depends heavily on

the accuracy of the channel estimation results. For example, with the same

SNR as 5dB, the BERs of MLSD with L′ = 2L and with L′ = 10L lengths

for channel estimation are greatly different (a BER gap from 0.2 to 10−2 is

shown). This is due to the fact that the estimated CIR directly contributes

to the likelihood computations in MLSD scheme, shown in Eq. (2.19), which,

if biases, will inevitably deteriorate the further symbol detection results. This

process will give rise to large consumption of computation and storage re-

sources, especially in the case of time-varying environment [68], which impairs

its applicable usages in real-time UV communications.

2.4 Sub-optimal Bayesian Sequential Detection

In practice, MLSD has some implementation issues. The major one is when

dealing with (J > 2)-PAM symbols, e.g., 4-PAM in UV communications, the

cardinality of the state space can be as huge as |S| = 412 = 1.6 × 107, which

is tremendous for Vieterbi trajectory searching in Eq. (2.21), i.e., finding

maximal value of likelihood PDF for one iteration requires the searching in

412 space. To cope with this huge computational and storaging challenge, an

sub-optimal Bayesian sequential detection method is proposed in [40].

2.4.1 Theory of Bayesian Sequential Detection

In Bayesian detection framework in [40,69], the aim is to sequentially estimate

the transmitted symbol detection using the current and previous received sig-

nals. This is different from the MLSD which requires the whole search of all

possible sequential trajectories.

For kth time step, given the transitional PDF of the CSI as p(sk|sk−1),
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its likelihood density as p(r̄k|sk), and the received signals as r̄k ≜ [r̄1, r̄2, · · · , r̄k]T ,

a Bayesian framework is provided to estimate the CSI, i.e.,

p(sk|r̄k−1) =

∫
p(sk|sk−1) · p(sk−1|r̄k−1) · d(sk−1), (2.23)

p(sk|r̄k) =
p(r̄k|sk) · p(sk|r̄k−1)∫

p(r̄k|sk) · p(sk|r̄k−1) · d(sk)
, (2.24)

where Eq. (2.23) refers to as the predict stage, and Eq. (2.24) accounts for the

update stage. In predict stage, the predicted density p(sk|z1:k−1) is constructed

by evolving the previously computed posterior density p(sk−1|r̄k−1) via the

transitional PDF p(sk|sk−1). Then, in the update stage, the posterior PDF,

p(sk|r̄k) is derived by updating the predicted PDF through the likelihood PDF.

In Eqs. (2.23)-(2.24), the transitional PDF p(sk|sk−1), and the likelihood PDF

p(r̄k|sk) are as same as those of MLSD.

After the computation of the posterior PDF p(sk|r̄k), the estimated CSI,

denoted as ŝk can be obtained by maximizing the posteriori, i.e.,

ŝk = argmax
sk

{p(sk|r̄k)} (2.25)

Then, the current kth state, i.e., ŝk is derived.

2.4.2 Particle Filter Realisation of Bayesian Framework

It is noteworthy that the computations of the predicted PDF p(sk|r̄1:k−1) in

Eq. (2.23) requires the complicated integral operation, which is infeasible in

real implementation. To cope with that, a particle filter based algorithm is

deployed in [40] to realise the two stages of the Bayesian approach. In essence,

particle filter relies on a bundle of random and discrete particles, denoted

as s(i), i = 1, 2, ..., I, with evolving probability weights, denoted as w̄(i), to
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approximate the evolution process of complex PDFs, i.e., [70, 71]

p(s) ⋍
I∑

i=1

δ
(
s− s(i)

)
· w̄(i) (2.26)

where δ(·) is the delta function with δ(0) = 1 and otherwise 0.

For sequential detection/estimation framework with ISI, the particles

for kth time step are assigned according to the constructed CSI in Eq. (2.16),

i.e.,

s
(i)
k =

[
s
(i)
k , s

(i)
k−1, · · · , s

(i)
k−L

]T
, i ∈ {1, 2, · · · , I}, (2.27)

which will be then propagated to approximate the predict and update stages

in Eqs. (2.23)-(2.24).

Particle Filter for Predict Stage

At the beginning of the kth time step, the initial particles are drawn from the

posterior PDF at (k − 1)th time step, i.e.,

s
(i)
k−1|k−1 ∼ p

(
s
(i)
k−1|r̄k−1

)
, (2.28)

whose corresponding weight w̄
(i)
k−1|k−1 satisfies

p(sk−1|r̄k−1) ⋍
I∑

i=1

w̄
(i)
k−1|k−1 · δ

(
sk−1 − s

(i)
k−1|k−1

)
. (2.29)

With the initial particles and their weights, the predict stage can be pursued

by simulating the transitional evolution of particles at (k−1)th time step, i.e.,

s
(i)
k|k−1 =

[
s
(i)
k = j, s

(i)
k−1, · · · , s

(i)
k−L

]T
,

j ∈ {0, 1, · · · , J − 1} with identical probability
1

J

(2.30)
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with their weights unchanged, i.e.,

w̄
(i)
k|k−1 = w̄

(i)
k−1|k−1. (2.31)

Particle Filter for Update Stage

After the predicted particles and their weights are acquired, i.e.,
{
s
(i)
k|k−1, w̄

(i)
k|k−1

}I
i=1

,

the update stage will be performed by a) remaining the particles, i.e.,

s
(i)
k|k = s

(i)
k|k−1, (2.32)

and b) updating the weights, i.e.,

w̄
(i)
k|k =

p(r̄k|s(i)k|k) · w̄
(i)
k|k−1∑I

i=1 p(r̄k|s
(i)
k|k) · w̄

(i)
k|k−1

, (2.33)

where the likelihood PDF p(r̄k|s(i)k|k) is computed by replacing sk with s
(i)
k|k in

Eq. (2.19).

Following the acquisition of the posterior PDF and the estimation re-

sults, a re-sample process should be pursued in order to eliminate parti-

cles with negligible weights and reproduce those whose weights are of im-

portance [70, 72, 73]. Finally, as the complete of the re-sample process, all

particles remaining are of identical importance and should be assigned with

identical weights, which will be used for the next round, i.e.(k+1)th time-slot,

particle filter algorithm.

Algorithm flow of the UV channel-related Bayesian scheme

To make the implementation process clear and easily to follows, a schematic

flow of the particle filter based Bayesian jointly channel estimation and symbol

detection algorithm is provided in Algorithm 1.
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Algorithm 1 Particle Filter scheme at kth time step

Input: Received signal of kth transmitted symbol, i.e., r̄k, particles and
weights of previous (k − 1)th time step, i.e., {s(i)k−1|k−1, w̄

(i)
k−1|k−1}Ii=1.

1: for i ∈ {1, · · · , I} do

2: Draw predicted particles s
(i)
k|k−1 via Eq. (2.30).

3: Remain weight w̄
(i)
k|k−1 = w̄

(i)
k−1|k−1.

4: Remain updated particles s
(i)
k|k = s

(i)
k|k−1.

5: Update weight w̄
(i)
k|k via Eq. (2.33).

6: end for
7: Pursue re-sampling procedure via [70,72,73].

8: Normalise the weights as w̄
(i)
k|k = 1/I.

Output: Return the particles and the weights {s(i)k|k, w̄
(i)
k|k}Ii=1 for next (k+1)th

round.

At the beginning of the kth time step, the inputs are the received signal

of kth transmitted symbol, and the particles and their corresponding weights

of the (k − 1)th time step. For iterating all the particles in line 1-6, line

2-3 are to obtain the predicted particles and their weights. Line 4-5 are to

derive the updated particles and the corresponding weights. Line 7 provides

the re-sample process to reproduce the particles with relatively large weights,

and eliminate those whose weights are negligible. Line 8 finally normalises the

weights as w̄
(i)
k|k = 1/I. The outputs are the particles and their weights which

will be used for the next-round Bayesian scheme.

2.4.3 Simulation Results of Bayesian Sequential Detec-

tion

In this section, the performance of the Bayesian sequential detection scheme

leveraging the particle filter is provided.
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Detection Accuracy

In Fig. 2.5, the detection BER versus different values of SNR is illustrated,

where x-coordinate represents the SNR, and the y-coordinate is BER. From

Fig. 2.5, it is at first seen that with the increase of the values of SNR, the

detection BERs become lower, showing better detection performance in the

sense of a smaller noise.

Figure 2.5: Performance of Bayesian sequential detection scheme: BER versus
SNR.

Then, it is observed that the performance of Bayesian sequential detec-

tion also heavily depends on the accuracy of channel estimation results. For

example, at a given SNR as 9 dB, the BER with the length of pilot sequence

as L′ = 100 · L reaches 10−4, which is much lower than that with L′ = 2 · L,

i.e., BER= 10−1. This is because that the estimated CIR is directly used in
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the construction of the likelihood PDF, whose accuracy inevitability affects

the detection accuracy of the transmitted symbols.

Next, it is noticed that the Bayesian scheme can be treated as a sub-

optimal solution to solve the maximization problem of the sequential likelihood

PDF. As is shown in Fig. 2.5, the BERs of the Bayesian detection scheme

with specific pilot sequences are closer to their counterpart MLSD scheme.

For example, when the pilot sequence with L′ = 10L is considered, the BER

gap between MLSD and Bayesian schemes is less than 2dB, which suggests the

potential of Bayesian sequential detection scheme as a sub-optimal solution of

the complex MLSD estimation process.

Complexity analysis

The computational complexity of the Bayesian sequential detection is further

evaluated in comparison to that of MLSD.

Figure 2.6: Complexity of proposed scheme as opposed to imperfect MLSD.
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In Fig. 2.6, x-coordinate represents the length of ISI L, and the y-

coordinate represents the number of computations of likelihood PDF. In gen-

eral, the complexity of the posteriori based schemes (e.g., MLSD, Bayesian)

can be roughly measured by the total times of computations of the likelihood

PDFs, each of which has been given an unit complexity as ϑ [74]. For the

Bayesian sequential detection scheme in this section, the times of likelihood

computations are proportional to the number of particles used in the particle

filter algorithm, i.e., I. In this view, the total computational complexity in

terms of the likelihood computations can be expressed as I ·ϑ multiplying the

number of transmitted symbolsK, which is I ·K ·ϑ By contrast, the total times

of likelihood computations in the MLSD scheme are actually the cardinality

of the state-space S = JL, multiplying the number of transmitted symbols K,

which is JL ·K · ϑ.

In this simulation, the number of particles for Bayesian sequential de-

tection is I = 100, and the length of ISI L = 12 with OOK modulations, i.e.,

J = 2. In this case, a huge gap of computational complexity can be computed

as I = 100 versus JL = 4096 between Bayesian sequential detection scheme

and the MLSD scheme. This gap is increased drastically when using J > 2-

PAM modulations (e.g., 4-PAM and 8-PAM in further chapters). To make

a practical comparison with MLSD in the following chapter, the sub-optimal

Bayesian sequential detection is used to avoid the searching of 412 = 1.6× 107

or 812 = 6.8× 1010 state-space for each time-step k in total K.

2.5 Conclusions & Discussions

In this chapter, the existing literature on channel estimation and signal detec-

tion approaches for ISI contaminated signals has been introduced with detailed

theories, implementation procedures, and simulation results. The state-of-the-
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art MLSD with perfect channel estimation results gives the best symbol de-

tection accuracy, yet at the expense of tremendous computational and storage

complexity, rendering its infeasibility for J > 2-PAM transmitted symbols. Its

sub-optimal Bayesian joint channel estimation and signal detection method,

sacrifices the a little amount of accuracy but makes it practical for detecting

general PAM symbols in the sequential ISI detection framework. However, the

challenges still lie in time, complexity, and resources consumption in sequen-

tial detection procedures, not to mention the overhead cost and the inaccuracy

channel estimation caused by the channel estimation schemes, which further

impairs their usages in real-time and low-cost signal detection with ISI. This

therefore motivates the design of non-coherent detection schemes, which do not

require the channel estimation and which is able to convert the sequential ISI

signal detection problem into a discrete binary/multiple detection framework.
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Chapter 3

Ultraviolet Signal Model &

System

This chapter conducts an introduction to the ultraviolet communication sys-

tem, based on which the non-coherent detection schemes are proposed in the

later chapters. In section 3.1 the generalised system model for ultraviolet

communication is illustrated in detail. Then, section 3.2 evaluates the effect

of ISI on the UV channel, in terms of varying the symbol rate and the different

modulation methods (i.e., J-PAM).

3.1 System Model

The generalised system model for ultraviolet communications is shown in Fig.

3.1, which consists of a UV transmitting module, a UV channel, and a UV

detector. These are elaborated on in the following.

3.1.1 UV Transmitting Module

The UV transmitting module aims at modulating and transmitting the input

information into the UV channel. In this work, the input information is the
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Figure 3.1: Illustration of the basic UVC system with a LED transmitter,
dynamic UV channel, and a UV photon-counting receiver.

binary signal string and will be modulated by the amplitude modulator (i.e.,

J-PAM). By denoting the binary information as sk = j ∈ {0, J − 1} (k =

1, · · · ,+∞), the modulated signal s(t) is expressed as:

s(t) =
∞∑
k=1

sk · δ (t− kTb) , (3.1)

where Tb is the symbol interval, and δ(·) represents the Dirac function. Then,

the modulated signal in Eq. (3.1) will be transmitted by the DC-supplied ultra-

violet LED transmitter, which transforms the signal into the intensities of the

ultraviolet photons and emits such photons into the UV channel. After that,

the photons are detected by the photo-multiplier tubes, which is photovoltaic

conversion. Such detected electric signals are sampled by an oscilloscope. Fi-

nally, digital signal processing is conducted, to recover the transmitted signals.

Such schematic flow of the UV transmitting module is illustrated in Fig. 3.1.

3.1.2 UV Channel

The UV CIR, denoted by h(t), is governed by the transmission distance (i.e.,

r), the transmitter’s beam divergence θT and apex angle βT , the receiver’s

half-field of view θR and apex angle βR, and the atmospheric based channel

parameters [1,40]. It is noted that the exact CIR formulas are not required for

41



the proposed non-coherent schemes, but only the transient shape of the CIR.

For the simulation part, a Monte Carlo process in [29, 30] to obtain different

CIRs h(t) with different channel parameters.

An illustration of two CIRs is provided in Fig. 3.2. Note that although

the exact shapes of the CIRs may change drastically with their channel pa-

rameters, the transient features of such CIRs are in common. For example,

there is an obvious rising edge for the appearance of a 1-bit, the inflections,

and the signal difference between two adjacent bits. These give inspiration

for designing the non-coherent detection scheme in the receiver, by exploiting

such inherent features of the UV signal.

3.1.3 UV Receiver Module

For this work, the UV receiver contains four components: (i) the Rx that re-

ceives the emitted photons, (ii) the photodetector (e.g., photo-multiplier tubes,

PMT [21]) that aims to detect the arrived photons based on photoelectric-

digital conversion, (iii) the oscilloscope sampling module for signal sampling,

and (iv) the non-coherent signal detection unit. It is worth noting that the

photo-multiplier tubes play a crucial role in ensuring high sensitivity and

signal-to-noise ratio in the UV receiver. The oscilloscope sampling module,

on the other hand, enables the accurate measurement of signal characteristics.

The non-coherent signal detection unit, in combination with the other com-

ponents, allows for effective detection and estimation of the UV signals. The

non-coherent detection unit is the critical part that will be focused on. All of

these components work together to achieve the desired performance in the UV

receiver.

The received signal is expressed in the form of the number of received

photons. To be specific, it is assumed the emitted symbol interval as Tb, and

the sampling rate for the oscilloscope sampling unit as Ts = Tb/M . Then, for
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any kth symbol sk, the UV receiver will evenly collect M samples, of which

any ith sample, denoted as ri, i ∈ {(k − 1)M + 1, · · · , kM} is the number of

received photons within time ((i − 1)Ts, iTs]. Given the studies in [1, 29, 40],

ri follows a Poisson distribution and can be expressed as:

ri ∼ P

(
k∑

l=k−L

NT · qi−(l−1)M · sl + ϵ̄

)
. (3.2)

In Eq. (3.2), P(·) denotes the Poisson distribution. NT is the number of

emitted photons for 1-bit. L is the length of ISI, indicating the influence of

the previous L symbols on the currently received signal. ϵ̄ is the expectation of

the number of received background noise photons. qi−(l−1)M is the probability

of receiving one photon emitted at lth symbol interval, and can be expressed

as [40]:

qi−(l−1)M =

∫ (i−(l−1)M)Ts

(i−(l−1)M−1)Ts

h(t)dt. (3.3)

Further, it is assumed that the background noise dominates (i.e., ϵ̄ ≫∑k
l=k−LNT · qi−(l−1)M · sl), such that the variance of ri is approximately ϵ̄. In

this view, by re-writing Eq. (3.2) as

ri = NT · qi−(k−1)M · sk︸ ︷︷ ︸
current signal

+
k−1∑

l=k−L

NT · qi−(l−1)M · sl︸ ︷︷ ︸
ISI

+ ϵi︸︷︷︸
noise

, (3.4)

an independently and identically distribution (i.i.d.) of ri with a constant

noise variance is offered.

3.2 Simulations of UV Channel

Here, the Monte Carlo method is adopted to simulate the UV channel [29,30],

of which the parameter assignment is listed in Table 3.1. As is shown in Table
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Table 3.1: Simulation Parameters
Parameters Configurations

Wavelength range λ ∈ [190nm, 280nm]
Number of Emitted Photons for Each ’1’-bit NT = 1010

Transmission Distance between Tx and Rx r = 250m
Transmitter’s Beam Divergence θT = π/12
Transmitter’s Apex Angle βT = π/4
Receiver’s Half-field of view θR = π/12
Receiver’s Apex Angle βR = π/4
Absorption Coefficient ka = 5× 10−4m−1

Scattering Coefficient ks = 4.9× 10−4m−1

Number of Sampling M = 20
Range of transmitted symbol interval Tb ∈ [106, 5× 106]bit/s
Range of SNR 5dB to 20dB

3.1, the number of emitted photons for a single symbol-unit (i.e., sk = 1) is

NT = 1010, over a transmission distance between Tx and Rx of r = 250m. The

Tx beam divergence and apex angle are set to be θT = π/12 and βT = π/4,

and the Rx half-field of view and apex angle are θR = π/12 and βR = π/4.

The atmospheric coefficients are κa = 5 × 10−4m−1 and κs = 4.9 × 10−4m−1.

For simulating different ISI intensities, the range of the symbol interval is

Tb ∈ [106, 5 × 106] (with units of bit/s). The SNR is assigned to range from

5dB to 25dB to illustrate the BER versus different levels of ambient noise.

In this section, the ISI in the transmission will be demonstrated, in

terms of varying the symbol rate and the different modulation methods (i.e.,

J-PAM), both of which have an interaction effect on the received signals.

Firstly, the ISI effect on the transmission signals will be illustrated on

the OOK modulation, with a given transmitted interval at 10−6s and a fixed

SNR at 8dB, as seen in Fig. 3.2.

It can be observed the sending signals, the CIR of the UVC channel

and the received signals are respectively shown in Fig. 3.2 (a)-(c). For Fig.

3.2 (a), the horizon axis is time with a unit ’s’, and the vertical axis is defined
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(a) (b)

(c)

Figure 3.2: Illustrations of binary (OOK) symbols that will be transmitted,
the CIR of UVC system, and the received signals with SNR=8dB.

as the amplitude of the OOK symbols (i.e., 0 or 1). It can be seen, ’1’-bit

signal last about 10−6s (therefore will affect the following signal processing

if the transmitted data interval is less than 10−6s). However, based on the

CIR in Fig. 3.2 (b), the impulse response of one bit is lasting for at least

5 × 10−6s, which will result in a symbol ISI. Then, in Fig. 3.2 (c) the ideal

signal is calculated by multiplying the transmitted symbols and the CIR, and

the noise-contaminated signal with the addition of the Gaussian noise is shown.

The existence of ISI can be observed, by the ideal signal. For instance, the

third bit has a high level of voltage, which should be a ’0-bit’ following the first

two ’1-bits’. Meanwhile, compared with the ideal signal, based on the noise-
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contaminated signal, it is more difficult to distinguish ’0-bit’ from ’1-bit’. It

is reasonable the added noise leads to extra damage to the transmitted signal,

consequently influencing signal detection.

Then, the symbol ISI will be demonstrated on the 8-PAM modulation,

with a given transmitted interval Ts = 10−6s and a fixed signal noise rate

SNR = 15dB, seen in Fig. 3.3.

(a)

(c)

(b)

Figure 3.3: Illustrations of 8-PAM symbols that will be transmitted, the CIR
of the UVC system, and the received signals with SNR=15dB.

In Fig. 3.3 (a)-(c), the transmitted 8-PAM symbol stream, the CIR of

the UVC channel and the received signals are respectively illustrated. Different

from the previous OOK modulation, in Fig. 3.3 (a), the vertical axis represents

the amplitude of the 8-PAM symbols, with 8 different levels of voltage. In the

simulation, a single bit symbol has a 10−6s transmitted interval, while the
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imposed response of one bit is lasting for about 5 × 10−6s according to the

CIR in Fig. 3.3 (b). Then, in Fig. 3.3 (c) the ideal signal and the noise-

contaminated signal are shown. The ideal signal suffers a serious ISI, as it is

difficult to figure out 8 types of amplitude.

Finally, the effect of transmission speed on ISI is illustrated by compar-

ing the signals under different symbol rates, in the case of OOK modulation,

and a fixed SNR is employed.

(a)

(b)

(c)

Figure 3.4: Illustrations of same OOK sequence undergoing different transmit-
ted interval (ISI level) with SNR=15dB.

As shown in Fig. 3.4, it demonstrates the influence of symbol rate on the

ISI, via transmitting the same OOK sequence with two different transmitted
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intervals (ISI levels). In Fig. 3.4(a), the horizon axis is the symbol indices,

and the vertical axis is defined as the amplitude of the OOK symbols (i.e., 0

or 1). It can be seen that 50 symbols are listed, which construct the given

symbol sequence for transmission.

Then, the symbol sequence is transmitted by two different transmission

speeds whose transmitted intervals are Tb = 10−6 and Tb = 5×10−7, under the

same SNR = 15dB. The ideal and real signals are displayed in the following

Fig. 3.4 (b) and Fig. 3.4 (c), separately indicated by the red and blue lines.

In both of these two figures, the horizontal axis indicates the time with a unit

’s’, and the vertical axis is the value of the UV signals. The ideal signals are

derived from the CIR, and real signals include additive noise. It shows that

the signals in fig. 3.4 (b) is easier to distinguish ’0-bit’ from ’1-bit’ than that

in fig. 3.4 (c). For instance, in the sequence’s 30th to 35th symbols ’111101’,

in Fig. 3.4 (b) five rising edges can be figured out, while there are only four

small rising edges that can be observed in Fig. 3.4 (c). Besides, the ’0-bit’ in

the 34th slot has a high energy level in Fig. 3.4 (c) at 0.5 which is similar to

that of the 35th slot with ’1-bit’, while in Fig. 3.4 (b) the energy of 34th slot

is 0.2 clearly distinct with the following ’1-bit’. The reason is that Fig. 3.4

(c) has a smaller transmitted interval than Fig. 3.4 (b), consequently leading

to more ISI to deteriorate the transmitted signals. It means the transmission

speed gives a rise to the ISI intensity. However, a higher transmission speed

is required in real communication systems.

3.3 Conclusions & Discussions

The basic ultraviolet communication system has been illustrated in this chap-

ter. Then, the effect of ISI on the UV channel has been evaluated by numerical

simulation, in terms of varying the symbol rate and the different modulation
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methods (i.e., J-PAM). Based on this model, the next 3 chapters will show

the designed non-coherent detection schemes, which are able to convert the

sequential detection challenges induced by ISI into ISI-resistant discrete de-

tection framework.
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Chapter 4

One-Dimensional Non-Coherent

Signal Detection

In this chapter, 1D non-coherent detection schemes are proposed, which lever-

aged on the linearly weighted combinations of the transient features of the UV

signal. It includes the EWNCD and the OWNCD schemes, in terms of the

addition methods that are respectively combined by equal weight and optimal

weights.

The main content of this chapter are listed as follows. In Section 4.1,

the framework of the 1D non-coherent detection method is given, following

which is a problem formulation. Section 4.2 focuses on the feature extraction

of optical signals. There are four features obtained (i.e., the intra-symbol

rising edge, the intra-symbol energy, the inter-symbol minimum inflection,

and the inter-symbol energy difference of the signal), which are insensitive to

the ISI contamination. Besides, the advantages of such feature-based metrics

are evaluated. Section 4.3 introduces the EWNCD scheme which combines

metrics with equal weight, and demonstrates the influence of the weights by

simulation. Then, Section 4.4 elaborates on the OWNCD scheme, containing:

i) the construction of the OWNCD design, ii) the theoretical analysis of the
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BER performance, iii) the optimal weight computation method, iv) the design

of a heuristic algorithm. After that, Section 4.5 evaluates the EWNCD and

OWNCD scheme, in terms of BER accuracy and computational complexity,

by numerical simulation. Finally, a conclusion of 1D non-coherent detection

methods will be given in Section 4.6.

4.1 System Models and Problem Formulation

In this part, there is an introduction to the framework of 1D non-coherent

detection, as seen in Fig. 4.1.

The 1D non-coherent detection communication system is based on the

basic UVC system, introduced by Chapter 3. As it is only suitable for OOK,

the signal is modulated by OOK modulation at the Tx point. Then, the

modulated UV signal passes through the UV channel. At the Rx point, the

non-coherent signal detection unit contains feature-based metric construction

and heuristic detection. The non-coherent signal detection unit, in combina-

tion with the other components, allows for effective detection and estimation

of the UV signals.

Oscilloscope 
sampling

RxTx

Binary bits 
stream 𝐬

LED 
transmitter

Metric
construction

Heuristic 
detection

Detected ොs

Non-coherent detection

Photo detector

OOK 
modulator

LED 
modulator

Figure 4.1: Illustration of UVC system with a LED transmitter, dynamic UV
channel, and a UV photon-counting receiver. The 1D non-coherent detection
scheme is deployed at the end of the receiver, whereby metrics are constructed
at first, followed by the Heuristic detection.
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Given the expressions of the received signals in Eq. (3.4), the purpose

of this work is to detect the current information bit sk from the received signal

r1:kM = [r1, ..., rkM ]T . Here, it is noteworthy that the expression of the CIR

h(t), and the variance of the noise εi are of unavailability, varying with the

changes of the channel parameters and the uncertainties of the Rx, and the

PMT detector.

As aforementioned, coherent detection heavily relays on the CSI which

will lead to (i) the heavy overheads of the pilot sequences in order to track the

changes of the CIR, and (ii) the computational and storage complexity for the

ISI compensation and the computation of posterior (or likelihood) probability.

This gives the motivation of this work, whereby non-coherent schemes will be

elaborated in the following.

4.2 Feature Extraction

Before elaborating on the proposed 1D non-coherent detection schemes, feature

extraction of UV signals is first illustrated in Section 4.2.1. Then, Section 4.2.2

will analyse the advantages of these features.

4.2.1 Feature Designs

Four features are extracted via the exploration of 1) the intra-symbol rising

edge, 2) the intra-symbol energy, 3) the inter-symbol minimum inflection, and

4) the inter-symbol energy difference. By exploiting the transient features of

the optical signals, the decision metric is directly derived from the observations

ri for signal detection, which completely excludes the complex CSI estimations.
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a) Intra-symbol rising-edge

Taking the kth interval with M = Tb/Ts samples as an example, in the case

of sk = 1, the output ri will produce a distinct rising edge. Otherwise, when

sk = 0, ri shows a slow decay.

𝒕

𝑟𝒊

𝐾𝑀 + 1

𝒔𝒌 = 𝟎

𝑀𝑥 𝐾(𝑀 + 1)+1

𝑹𝒎𝒂𝒙

𝑹𝟎

𝒔𝒌 = 𝟏

𝐾(𝑀 + 2)+1

Figure 4.2: Illustrations of the feature-based metrics: the intra-symbol rising-
edge.

As shown in Fig. 4.2, this rising edge can be expressed by the difference

of its maximum (computed by averaging its neighbourhood Rmax) from the

initially R0, i.e.,

z1,k ≜
∑

i∈Rmax

ri −
∑
i∈R0

ri. (4.1)

Here, the widths of Rmax and R0 are assigned to be |Rmax| = |R0| = M/4,

where | · | denotes the width (number of elements) of a set.

The distribution of z1,k is analyzed as follows. Given Eq. (4.1), z1,k is

the linear summation of the independent observations ri, whose distribution is

Gaussian according to Eq. (3.4). As such, the probabilistic distribution of z1,k

can be regarded as a Gaussian distribution, given the central limit theorem

53



(CLT), i.e.,

z1,k|sk ∼

N (µ1,0, σ2
1) sk = 0,

N (µ1,1, σ2
1) sk = 1,

(4.2)

where µ1,0 and µ1,1 are the expectations for cases sk = 0 and sk = 1 respec-

tively, and σ2
1 is the variance of metric z1,k.

b) Intra-symbol energy

𝒕

𝑟𝒊

𝐾𝑀 + 1

𝒔𝒌 = 𝟎

𝐾(𝑀 + 1)+1

𝑹𝒌

𝒔𝒌 = 𝟏

𝐾(𝑀 + 2)+1

Figure 4.3: Illustrations of the feature-based metric: the intra-symbol energy.

Intra-symbol energy refers to the summation of samples in the current

kth slot signal. This feature, overlooked by the previous study of a non-

coherent scheme for molecular communications in [75], cannot be ignored in

the context of UVCs. This is because the UV beam exhibits less of a particulate

nature than molecules, which suggests a shorter averaging suspended period

for each particle (i.e., UV photon), and thereby a reduced intensity of ISI. As

such, given the smaller ISI effect in UVCs, the intra-symbol energy is to some

extent able to distinguish the difference between sk = 1 and sk = 0. As is
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shown in Fig. 4.3, the Intra-symbol energy is defined as as:

z2,k =
∑
i∈Rk

ri, (4.3)

with Rk = {kM + 1, · · · , k(M + 1)}.

Similar to the distribution of z1,k, the distribution of z2,k is also Gaus-

sian, and can be expressed as:

z2,k|sk ∼

N (µ2,0, σ2
2) sk = 0,

N (µ2,1, σ2
2) sk = 1,

(4.4)

where µ2,0 and µ2,1 are the expectations for cases sk = 0 and sk = 1 respec-

tively, and σ2
2 is the variance of metric z2,k.

Then, the transient features between two adjacent symbols are analyzed.

For two successive symbols in the slots k − 1 and k, it may be noticed from

Fig. 4.4 and 4.5.

c) Inter-Symbol Minimum inflection

The transient shape at the beginning of the kth symbol is distinguishable

between sk = 1 and sk = 0.

z3,k ≜ −
∑

i∈Rinflx

ri +
1

2

 ∑
i∈Rleft

ri +
∑

i∈Rright

ri

 , (4.5)

where the widths are assigned as |Rinflx| = |Rleft| = |Rright| = M/4. Then, the

distributions of z3,k, given the CLT, may be given i.e.,

z3,k|sk ∼

N (µ3,0, σ2
3) sk = 0,

N (µ3,1, σ2
3) sk = 1,

(4.6)
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𝒕
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𝐾(𝑀 − 1)+1 𝐾𝑀 + 1

𝒔𝒌 = 𝟎

𝑹𝒍𝒆𝒇𝒕
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𝑹𝒓𝒊𝒈𝒉𝒕

𝐾(𝑀 + 1)+1

𝑟𝒊

Figure 4.4: Illustrations of the feature-based metric: the inter-symbol mini-
mum inflection.

In Eq. (4.6), µ3,0 and µ3,1 are the expectations for cases sk = 0 and

sk = 1 respectively, and σ2
3 is the variance of metric z3,k.

d) Inter-Symbol Energy Difference

𝒕

𝑹𝑲−𝟏 𝑹𝑲

𝐾(𝑀 − 1)+1 𝐾𝑀 + 1 𝐾(𝑀 + 1)+1

𝒔𝒌 = 𝟎

𝑟𝒊
𝒔𝒌 = 𝟏

Figure 4.5: Illustrations of the feature-based metric: the inter-symbol energy
difference.
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There exists an obvious successive energy difference. As such, two sub-

metrics are designed (i.e., the inter-symbol minimum inflection, and the inter-

symbol energy difference), which are given as follows:

z4,k ≜
∑
i∈Rk

ri −
∑

i∈Rk−1

ri, (4.7)

Then, the distributions of z3,k and z4,k given the CLT are,

z4,k|sk ∼

N (µ4,0, σ2
4) sk = 0,

N (µ4,1, σ2
4) sk = 1.

(4.8)

In Eq. (4.8), µ4,0 and µ4,1 are the expectations for cases sk = 0 and sk = 1,

and σ2
4 are the variance of z4,k.

4.2.2 Advantages of feature-based metrics

The derived features in Eqs. (4.1)-(4.7) have three advantages.

First, each one transforms the observation ri that is heavily contami-

nated by ISI into a new domain that is insensitive to ISI. For instance, given

a fixed intensity of the ISI and any of sk, the expectations of z1,k z2,k, z3,k

and z4,k remain quasi-constant, as they reflect only the common features of

the signal shapes. This suggests the inherent ability of the four features to

counteract the ISI, without any process of complex channel estimations for

ISI mitigation (as the coherent schemes do). As such, the extracted features

convert the detection with ISI into a binary detection framework, enabling the

potential designs of the non-coherent schemes.

Second, the utilisation of the neighbouring sets i.e., Rmax, R0, Rinflx,

Rleft, Rright and Rk avoids the sensitivity to channel parameter perturbation

induced time-varying channel response. Such neighbourhoods in which the
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expectations of the elements change smoothly help neutralize the noise effects

by the mechanism of averaging filters.

Third, the four features z1,k z2,k, z3,k, and z4,k share the same trends of

their conditional expectations. That is, µ1,1 − µ1,0, µ2,1 − µ2,0, µ3,1 − µ3,0, and

µ4,1 − µ4,0 are with the same sign (positive or negative). This sharing trend

gives rise to the idea of combining such four features in order to strengthen

the detection accuracy of the input sk. There now follows an elaboration of

the design of the optimally-weighted combination strategy.

4.3 Equal-Weighted Non-Coherent Detection

Method

Based on the UV feature-based metrics, the OWNCD method is designed,

detailed in Section 4.3.1. Then, the evaluation of the influence of combination

weights is conducted in Section 4.3.2.

4.3.1 EWNCD Design

Given the aforementioned mutual positiveness/negativeness property of the

four metrics, one intuitive combination strategy is the linear summation with

equal weights. As such, the EWNCD scheme is designed by deriving the

equally combined metric, and its probabilistic distribution, i.e.,:

zEWNCD
k = z1,k + z2,k + z3,k + z4,k, (4.9)

zEWNCD
k |sk ∼

N
(∑D

d=1 µd,0,
∑D

d=1 σ
2
d

)
sk = 0,

N
(∑D

d=1 µd,1,
∑D

d=1 σ
2
d

)
sk = 1.

. (4.10)
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Then, the detection process for EWNCD scheme can be regarded as a binary

detection framework, i.e.,

ŝk =

0, zEWNCD
k ≤ γ,

1, zEWNCD
k > γ,

. (4.11)

where ŝk is the decision of the kth symbol, and γ is the detection threshold

and can be computed as γ = (
∑4

d=1 µd,0 +
∑4

d=1 µd,1)/2.

It is noteworthy that for the case where the CIR h(t) is unknown, the

direct computation γ = (
∑4

d=1 µd,0 +
∑4

d=1 µd,1)/2 is infeasible. To deal with

it, for any kth symbol, γ is approximated by

γ ≈ 1

k

k∑
k′=1

zEWNCD
k′ , (4.12)

where a straightforward proof can be performed as:

lim
k=+∞

1

k

k∑
k′=1

zEWNCD
k′

= lim
k=+∞

1

k

 ∑
sk′=1,k′≤k

zEWNCD
k′ +

∑
sk′=1,k′≤k

zEWNCD
k′


=
1

2

(
4∑

d=1

µd,0 +
4∑

d=1

µd,1

)
=γ.

(4.13)

However, one obvious drawback of the EWNCD scheme cannot be over-

looked. The contribution of z1,k, z2,k, z3,k, and z4,k may not be the same for

different cases of the ISI intensity. For example, in the face of less intensive

ISI scenarios, the inter-symbol energy difference performs badly, as z3,k of the

successive two 1 bits, i.e., sk−1 = sk = 1 is close to that of successive two 0
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bits i.e., sk−1 = sk = 0. As such, this raises the necessity of assigning different

weights for the appropriate contributions of z1,k, z2,k, z3,k, and z4,k, and there

now follows computation of the optimal weights.

4.3.2 Influence of Weights

First, the influences of the weights on the BER performance is examined in

Fig. 4.6. To display the result in terms of 3D which demonstrates the result

in a more intuitive perspective, three features are selected to conduct linear

combinations.

Here, the linear combination of these metrics with different weights wi

is evaluated. The weights are normalised by setting w1 +w2 +w3 = 1, aiming

to illustrate the change of BER via only two of the three weights. To be

specific, w1 and w2 are recognised as two variates, based on which w3 can

be easily figured out, given that the values of w1, w2, w3 meet the condition

w1 +w2 +w3 = 1. Thus, in this simulation, only w1 and w2 will be shown, as

seen in Fig. 4.6.

In Fig. 4.6, the x-axis and y-axis represent w1 and w2, respectively,

w1, w2 ∈ [0, 1]. The z-axis indicts the BER, the value of which is also shown

by the gradient ramp with the color bar on the right. In can be observed that

there is a BER surface according to the continuous variable of the weights

setting. That means the BER performance is affected by the different values

of the weights. Besides, a minimum BER point exists in the BER surface

illustrating that minimum BER can be obtained by optimal assignment of the

weights.

To obtain a higher detection accuracy, an optimally-weighted non-coherent

detection scheme is designed, by calculating the optimal weight setting. The

following part provides more detail of the proposed OWNCD scheme.
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Figure 4.6: The BER performance with different settings of weights, nor-
malised by w1 +w2 +w3 = 1. The minimum BER corresponds to the optimal
weights computed in Eq. (4.25), i.e., w1 = 0.6, w2 = 0.32, and w3 = 0.08.

4.4 Optimally-Weighted Non-Coherent Detec-

tion Method

This part explains the details of the OWNCD method, which combines the

metrics with optimal weights. Then, the optimal weight calculation method

and application algorithm design are detailed in Section 4.4.4 and Section

4.4.5, respectively. Finally, the performance of the OWNCD is provided, by

deriving the theoretical BER, seen in Section 4.4.3.
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4.4.1 OWNCD Design

The key point of OWNCD is to derive optimal weights for the four extracted

features, in order to minimize the BER. To do so, the weighted combination

of the features is expressed as (and the decision process is leveraged on such a

metric):

zOWNCD
k = w1 · z1,k + w2 · z2,k + w3 · z3,k + w4 · z4,k

ŝk=1

≷
ŝk=0

ζ, (4.14)

where w1, w2, w3, and w4 are the corresponding weights, and ζ is the detec-

tion threshold. Next, the optimal weights are derived and also the detection

threshold by 1) analyzing the probabilistic distribution of the metric zOWNCD
k ,

2) computing the theoretical BER with respect to the optimal detection thresh-

old and different weights, and 3) computing the optimal weights w1, w2, w3,

and w4 by minimizing the theoretical BER.

4.4.2 Distribution of weighted combining metric

With the help of Eq. (4.14) and the distributions of z1,k, z2,k, z3,k, and z4,k,

the distribution of zOWNCD
k conditioned on sk is straightforward, i.e.,

zOWNCD
k |sk ∼

N (µ0, σ2) sk = 0,

N (µ1, σ2) sk = 0,

(4.15)

where µ0, µ1 is the the expectations under conditions of sk = 0 and sk = 1

respectively, and σ2 is the variance, i.e., µ0 =
∑4

d=1 wd ·µd,0, µ1 =
∑4

d=1 wd ·µd,1

and σ2 =
∑4

d=1w
2
d · σ2

d.
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4.4.3 Theoretical BER computation

Given the Gaussian distribution of zOWNCD
k in Eq. (4.15), the theoretical BER

of Eq. (4.14) can be computed as:

BER =Pr{sk = 0} · Pr{ŝk = 1|sk = 0}

+ Pr{sk = 1} · Pr{ŝk = 0|sk = 1}

=
1

2
√
2πσ

(∫ +∞

ζ

e−
(z−µ0)

2

2σ2 dz +

∫ ζ

−∞
e−

(z−µ1)
2

2σ2 dz

) (4.16)

where Pr{·} represents the probability of the event. Here, without loss of

generality, Pr{sk = 0} = Pr{sk = 1} = 0.5 is assumed, corresponding to equal

probabilities of the emitted symbols sk = 0 and sk = 1.

Accordingly, the optimal detection threshold that minimizes the BER

in Eq. (4.16) is straight forward, being

ζ =
µ1 + µ0

2
. (4.17)

By taking Eq. (4.17) back into Eq. (4.16), the BER can be further deduced

as a function of the weights w1, w2, w3, and w4, i.e.,

BER(w1, w2, w3, w4)

= Q

(√
(µ1 − µ0)2

4σ2

)

Q


√√√√(∑4

d=1wd(µd,1 − µd,0)
)2

4
∑4

d=1 w
2
dσ

2
d

 ,

(4.18)

where Q(x) =
∫ +∞
x

1/
√
2πe−z2/2dz. As such, given the relationship between

BER and the weights in Eq. (4.18), the optimal weights are computed by

minimizing Eq. (4.18).
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4.4.4 Optimal weight computation

First, the existence of the minimum BER is explained. This is due to the

fact that values of SNR for the four metrics z1,k, z2,k, z3,k, and z4,k are finite,

and therefore the SNR of the linear combination of such metrics is inevitable

bounded and there exists an upper-bound of SNR that is associated to the

lowest BER.

Given the theoretical BER in Eq. (4.18), the computation of its mini-

mum is to find the solution of w1, w2, w3, and w4 such that:

∂BER(w1, w2, w3, w4)

∂wn

= 0, n = 1, 2, 3, 4. (4.19)

Eq. (4.19) is further simplified by analyzing the SNR in the function

of Q(
√
SNR) in Eq. (4.18), where Q(x) is monotonically decreasing with the

increment of x. As such, by expressing the SNR as:

SNR(w1, w2, w3, w4) =

(∑4
d=1 wd(µd,1 − µd,0)

)2
4
∑4

d=1w
2
dσ

2
d

, (4.20)

solving Eq. (4.19) is converted to solving



∂SNR
∂w1

= 0,

∂SNR
∂w2

= 0,

∂SNR
∂w3

= 0,

∂SNR
∂w4

= 0.

(4.21)

By denoting ϱd = µd,1−µd,0 by d = 1, 2, 3, 4, the left hand side of this equation
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is further computed as:

∂SNR

∂wn

=
ϱn
∑4

d=1wdϱd
∑4

d=1w
2
dσ

2
d − wnσ

2
n

(∑4
d=1wdϱd

)2
2
(∑4

d=1 w
2
dσ

2
d

)2
=

∑4
d=1 wdϱd

2
(∑4

d=1w
2
dσ

2
d

)2
(
ϱn

4∑
d=1

w2
dσ

2
d − wnσ

2
n

4∑
d=1

wdϱd

)
.

(4.22)

Thus, it can be converted to:

ϱn

4∑
d=1

w2
dσ

2
d − wnσ

2
n

4∑
d=1

wdϱd = 0. (4.23)

Noticing from Eq. (4.23), that:

w1σ
2
1

ϱ1
=

w2σ
2
2

ϱ2
=

w3σ
2
3

ϱ3
=

w4σ
2
4

ϱ4
=

∑4
d=1 w

2
dσ

2
d∑4

d=1 wdϱd
= ξ, (4.24)

which indicates the proportional relationship among w1, w2, w3, and w4. To

be specific, by assigning ξ as any positive (real) value, a group of weights can

be derived to be:

wd = ξ · µd,1 − µd,0

σ2
d

, d = 1, 2, 3, 4 (4.25)

which ensures ∂SNR
∂w1

= ∂SNR
∂w2

= ∂SNR
∂w3

= ∂SNR
∂w4

= 0. Therefore, such derived

w1, w2, w3, and w4 can guarantee a minimum BER. It is noteworthy that,

the solutions are a series of values with any positive ξ, all of which give the

same BER that is not related to ξ in Eq. (4.26) by taking Eq. (4.25) into Eq.

(4.18), i.e.,

BERmin = Q


√√√√√ ∑4

d=1

(µd,1−µd,0)
2

σ2
d

4
∑4

d=1 (µd,1 − µd,0)
2

 . (4.26)

Thus, the best BER performance will be obtained when the weights of the
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metrics are derived from Eq. (4.25).

Compared with previous non-coherent detection methods, OWNCD is

able to achieve better communication accuracy, attributed to the derivation

of the optimal weights. However, such computation of the optimal weights

requires partial channel information (i.e., the expectations and the variances

of z1,k, z2,k, z3,k, and z4,k). Different from the coherent method which relies

on complex channel estimation to obtain the exact CIR, the OWNCD method

does not require the whole information of CIR, but only extracts the partial

channel information (i.e., the ISI insensitive geometrical channel features) via

simple mathematical operation. The traditional channel estimation technolo-

gies (e.g.the ML approach) require a large pilot sequence overhead (repeatedly

for time-varying UVC channels), and extensive computational resources due to

the computation of the exponential/logarithm -form of likelihood PDF, which

makes them unattractive. In real application, it is difficult to guarantee the

channel invariant through a communication period. In order to ensure detec-

tion accuracy, the repeat extraction of the signal features is necessary, which

is similar to the repeat channel estimation in a coherent detection method. To

do so, a heuristic algorithm is designed to recursively compute the designed

signal features from time-varying channel, which can ensure the detection per-

formance with the changes of the channels.

4.4.5 Heuristic Algorithm

Details of the heuristic algorithm now follow. For the first k0 symbols, the

assignment w1 = w2 = w3 = w4 = 1 is made, and EWNCD adopted for

metric combination zEWNCD
k , 1 ≤ k ≤ k0 and signal detection i.e., ŝk. Then,

for (k > k0)th symbol, the expectations and variances are computed (i.e., µd,1,
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Algorithm 2 Heuristic Detection Algorithm

Input: Samples of kth symbol [r(k−1)M+1, · · · , rkM ], previous metrics z1,k′ ,
z2,k′ , z3,k′ , z4,k′ and decisions ŝk′ (k

′ < k)
1: if k = 1 then
2: Compute z1,k via Eq. (4.1).
3: Initialize zk = z1,k, and threshold γ = 0.
4: Determine ŝk via Eq. (4.11).
5: else
6: Compute z1,k, z2,k, z3,k, and z4,k via Eqs. (4.1)-(4.5),
7: if 1 < k ≤ k0 then
8: Compute zEWNCD

k = z1,k + z2,k + z3,k + z4,k.
9: Compute decision threshold γ via Eq. (4.12).
10: Determine ŝk via Eq. (4.11).
11: else
12: Compute w1, w2 and w3 via Eq. (4.25).
13: Compute zOWNCD

k = w1z1,k + w2z2,k + w3z3,k + w4z4,k.
14: Compute decision threshold ζ via Eq. (4.17).
15: Determine ŝk via Eq. (4.14).
16: end if
17: end if
Output: Return metrics z1,k, z2,k, z3,k, z4,k and decision ŝk

µd,0, σ
2
d with d = 1, 2, 3) via the previous k0 data, i.e.,

µd,0 =
1

|K0|
∑
k′∈K0

zd,k′ , d = 1, 2, 3 (4.27)

µd,1 =
1

|K1|
∑
k′∈K1

zd,k′ , d = 1, 2, 3 (4.28)

σ2
d =

1

k0

(∑
k′∈K0

(zd,k′ − µd,0)
2 +

∑
k′∈K1

(zd,k′ − µd,1)
2

)
, (4.29)

where

K0 = {k′|ŝk′ = 0, k − k0 ≤ k′ < k} (4.30)

K1 = {k′|ŝk′ = 11, k − k0 ≤ k′ < k}, (4.31)
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with |K0| + |K1| = k0. Leveraged on such computed partial channel infor-

mation, the OWNCD metric cOWNCD
k can be derived and the decision can be

pursued.

The detailed algorithm is provided in Algo. 2. The inputs are the sam-

ples of kth symbol (i.e., [r(k−1)M+1, · · · , rkM ]), and the previously computed

metrics z1,k′ , z2,k′ , z3,k′ , z4,k′ with the decisions ŝk′ (k
′ < k). Steps 1-4 are to

detect the first symbol via only the intra-symbol maximal inflection z1,1, as

there is no previous data for the construction of inter-symbol based metrics

z2,1, z3,1 and z4,1. Steps 5-10 are to process the first k0th symbols by EWNCD,

since there is not enough information for the computation of partial chan-

nel information that will be used for OWNCD. Steps 11-17 are to detect any

(k > k0)th symbol using OWNCD. The outputs are the decision for current

kth symbol, and the metrics z1,k, z2,k, z3,k and z4,k for the next k+1 round of

signal detection.

As such, the heuristic algorithm avoids the usages of the pre-defined

pilot sequence and the complex channel estimation process, rather it relies

on only the basic adder and multiplier, which makes it easy for implementa-

tion and energy-saving. Next, there is and analysis of the complexity of the

proposed non-coherent heuristic scheme.

4.5 Performance Analysis and Numerical Sim-

ulations

4.5.1 Complexity Analysis

The complexity of the proposed non-coherent scheme contains the compu-

tational cost and the storage consumption. Here, the computational cost is

evaluated by counting the number of multiplication operations, and the stor-
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Table 4.1: Comparison of complexity among three detection schemes.

Methods Total complexity Storage

EWNCD (proposed) O(1) O(k)
OWNCD (proposed) O(k0) O(k0)
Coherent MLSD [1] O(k · 2L +NL2) O(k · 2L)

age cost is measured by the number of previous data saved. The complexity

comparison among different schemes is provided in Table. 4.1.

A) The complexity of EWNCD

For the EWNCD scheme, for any kth symbol, the computational complexity

comes from (i) the computations of the metrics in Eqs. (4.1)-(4.5), and (ii) the

computation of the decision threshold γ in Eq. (4.12). As such, the number

of multiplications is 7, computed as O(1). Given that the computation of γ

requires the summations of cEWNCD
1 , · · · , cEWNCD

k , the storage needed for the

EWNCD scheme is measured as O(k).

B) The complexity of OWNCD

The algorithm complexity of OWNCD is caused by four aspects: (i) the

computations of the three metrics in Eqs. (4.1)-(4.5), (ii) the calculation

of the weights in Eq. (4.25) and Eqs. (4.27)-(4.29), (iii) the combination

of these metrics in Eq. (4.14), and (iv) the computation of the threshold ζ

in Eq. (4.17). As such, the total number of multiplications for OWNCD is

5 + (2 + 1 + k0) · 3 + 3 + 3 = O(k0). According to the inputs of Algo. 2, the

storage required for OWNCD is measured as 4 · k0 = O(k0) for the storing of

previous k0 metrics and decisions.
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C) The complexity of coherent MLSD

Now, the computational complexity and the storage consumption of the co-

herent MLSD approach are analysed, which is provided in [1, 39]. The com-

plexity and storage costs contains two aspects. The first is the costs of

the Viterbi implementation. According to [39], finding the maximum pos-

terior density for current k time-step requires the recursive computations from

maxuk−1
p(uk|uk−1)p(ỹk|uk) to maxu1p(u2|u1)p(ỹ2|u2), with uk =

∑k
l=k−L+1Q ·

h̃l−k+1 · sl for k ≥ L, and uk =
∑k

l=1 Q · h̃l−k+1 · sl for 1 ≤ k < L. Hence,

for each L ≤ k′ ≤ k, 2L likelihood densities will be computed for enumer-

ating all potential sk′−L+1:k′ ∈ {0, 1}L. For 1 ≤ k′ < L, 2k
′
likelihoods are

computed. Given from [1], each logarithm-form likelihood PDF includes one

logarithm computation. As such, the total number of multiplications for the

MLSD detection can be measured as:

(k − L+ 2)× 2L − 2 = O(k2L). (4.32)

The second is the consumption for channel estimation. Take the ML

channel estimation approach as an example. In [1], a predefined pilot sequence

of length N is used to estimate the CSI. To do so, three matrices (of size

L× (N − L + 1)) multiplications, and a multiplication of such matrices with

a (N − L + 1) × 1 vector are used, which requires (N − L + 1) × (2L2 + L)

times of multiplications.

Combined with the detection process, the total number of multiplica-

tions for coherent MLSD with ML channel estimation is

(k−L+2)× 2L− 2+ (N −L+1)× (2L2+L) = O(k× 2L+N ×L2). (4.33)

For the storage needed, the Viterbi tracing requires k observations, L CSI, as

well as 2L(2k
′
) likelihood densities for each L ≤ k′ ≤ k(1 ≤ k′ < L). As such,

70



the storage required for the coherent MLSD is (k−L+ 2)× 2L − 2 +L+ k =

O(k×2L). Such complexity is compared with the proposed OWNCD in Table

1, and in Fig. 4.12 .

4.5.2 Numerical Simulations

In this part, the communication performance of both the EWNCD and the

OWNCD schemes are evaluated, by the numerical simulation based on the

MATLAB platform. Here, the detection accuracy is measured via the BER,

and the computational complexity is approximated by the number of multi-

plications needed.

The environment and parameters involved are configured in Table 3.1,

which is typical for a UVC scattering system using a UV-LED transmitter.

Briefly, the number of emitted photons for each ’1’-bit is taken as NT = 1010.

The transmission distance is set at 250m. The transmitter’s beam divergence

and apex angle are π/12 and π/4, respectively. The receiver’s half-field of view

and apex angle are π/12 and π/4, respectively. The atmospheric coefficients

are κa = 5× 10−4m−1 and κs = 4.9× 10−4m−1. For simulating different levels

of ISI, the symbol rate is set in the range Rb = 1/Tb ∈ [106bit/s, 5×106bit/s].

Similarly, SNR values from 5 dB and 25 dB are considered in order to test the

BER versus different intensities of ambient noise. Given the aforementioned

channel parameters, different CIRs of the UV channel are generated via the

Monte Carlo simulator [29, 30]. For both the EWNCD and the OWNCD

methods, a constant number of samples M = 20 are assigned, evenly sampled

for each symbol.

For comparison, EWNCD and the state-of-the-art coherent MLSD for

generic FSOs in [1] was chosen, for the following two reasons. First, the aim

was to show the necessity of the design of OWNCD, by testing the performance

of equally weighted combination. Second, in most cases (including UVC),
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MLSD has been proven to have the lowest BER when CSI is accurately derived,

but this consumes substantial computational and storage resources for CSI

estimation and signal detection. In this view, the communication performance

of the proposed OWNCD for UVCs could be demonstrated by comparing both

BER and resource consumption.

A) Analysis of Received UVC signals and the corresponding Metric

Here, the evaluation of the proposed EWNCD and OWNCD schemes will be

conducted, by analysing the received signals and the corresponding metrics

generated by them. In the following, the received signals and the derived

metrics are demonstrated in Fig. 4.7, meanwhile, the statistic histograms of

them will be calculated in Fig. 4.8.

In Fig. 4.7(a), the vertical axis is the amplitude of the received signals,

and the horizontal axis indicates time with a unit s. The ideal signals and

the received are represented by the red and blue lines. Following that, there

are three figures to illustrate the amplitude of unprocessed signal, EWNCD

metric, and OWNCD metric, all of which have the same horizon and vertical

axis.

It can be seen that the amplitudes of unprocessed signal are in the range

of −0.2 to 0.6, which is smaller than that of EWNCD at a range of [−0.3, 0.9]

approximately. Besides, the values of OWNCD have the largest range, almost

from −2.2 to 5. It is noted that the signals randomly indicate ’0-bit’ and ’1-bit’

with an equal ratio. The unprocessed signal in Fig. 4.8, is hard to distinguish

a ’0-bit’ from a ’1-bit’. On the contrary, the metric values of EWNCD and

OWNCD are easier to be divided into two kinds of signals, especially for the

metric values based on OWNCD. For instance, the last symbol should be a

’0-bit’, inferred by the ideal signal, however, it has high energy in Fig. 4.7 (b)

easily to be miss-determined as 1-bit”. However, the metric values accounted
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Figure 4.7: Illustration of received UVC signals and the corresponding
EWNCD and OWNCD metrics.

for by both the EWNCD and the OWNCD schemes may easily be recognised

as ’0-bit’, as shown in the Fig. 4.7 (c) and the Fig. 4.7 (d). For the marked

symbol (near the 1) in the figure, it should be a ’1-bit’, as there is an obvious

rising edge and a peak, in the ideal signal. But, the unprocessed signal of this

point is at a low amplitude, even apparently smaller than the amplitude of

the last symbol (’0-bit’). Based on the unprocessed amplitude, it is no doubt
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to be misjudged as ’0-bit’, while EWNCD scheme can achieve a little gain

and OWNCD can recover it to a high amplitude. In short, both the EWNCD

and OWNCD schemes are capable of improving the signal amplitudes for a

more accurate signal decision, and the OWNCD performance is better than

EWNCD.

In signal detection, a decision surface could be determined, if the prob-

ability distribution function of the amplitude or metric of the received signals

is given, based on which the theoretical BER will be derived. Thus, in the

following, received signals’ amplitudes, the EWNCD and the OWNCD metrics

will be evaluated, in terms of the probability distribution.

Here, the statistic histograms of the unprocessed signals, the EWNCD

and the OWNCD metrics are illustrated, respectively by Fig. 4.8 (a-c). In

these figures, the horizontal axis represents the amplitudes or the metrics of

the received signals, and the vertical axis indicates the possibility distribu-

tion function. It can be observed that the metrics generated by the EWNCD

and the OWNCD obey Gaussian distributions, as well as the unprocessed sig-

nals. It matches the previous analysis that the linear sum of several Gaussian

distributions is still a Gaussian distribution.

As is well-known, before conducting the signal determination, a decision

threshold should be placed in the middle of these two distributions, as shown

in the figures. Then, the amplitude over this threshold is ’1-bit’, and the

amplitude below it is ’0-bit’. It would be reasonable that a smaller overlap

can derive a better determination result, as the overlap part will result in a

misjudgment. In Fig. 4.8 (a), the PDF of unprocessed signals is demonstrated,

suffering a large overlap of the ’0-bit’ and the ’1-bit’, which consequently results

in a bad determination performance. It can be seen, the overlap is dramatically

reduced, by the EWNCD metric. Moreover, the OWNCD metric has the least

overlap, compared with the unprocessed signal and the EWNCD metric. It

74



Figure 4.8: Illustration of statistic histograms of unprocessed signals, proposed
EWNCD and OWNCD metrics.

means the proposed EWNCD and OWNCD schemes are capable of promoting

detection accuracy, and OWNCD can lead to an extra promotion.

B) BER performance evaluation in static channel

In this part, BER performance and computational complexity are conducted to

evaluate the communication performance of EWNCD and OWNCD schemes,in

the case with a static CIR, while the BER performance comparison in the face
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of changing CIR will be pursued in next part.

First, the detection accuracy of the proposed scheme with respect to

different levels of ISI intensity is evaluated. For this investigation, the SNR is

kept constant at 18 dB, and the symbol rate changed Rb to reflect different

intensities of ISI.

Figure 4.9: BER versus different intensities of ISI (whose increase is reflected
by the increase of symbol rate Rb). The slower growth of BER with the increase
of the ISI indicates the abilities of the proposed OWNCD to combat ISI.

In Fig. 4.9, it is observed that the proposed OWNCD improves the

BER, by at least two orders of magnitude, compared to the direct detection

and the proposed EWNCDmethod. Such BER advantage over direct detection

is attributed to the design of ISI-insensitive features, the combination of which

enables a robust performance to ISI contamination. Then, when it comes to
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the comparison with EWNCD method, the BER advantage comes from the

proposed OWNCD can derive the optimal weights, which indicates its ability

to appropriately adjust the four metrics in accordance with the time-varying

channel environment.

Figure 4.10: BER comparison between the proposed OWNCD, EWNCD, and
the state-of-the-art coherent MLSD [1] in a static channel.

It is seen from Fig. 4.10 that, the proposed OWNCD gains ∼ 4 dB in

SNR compared to the EWNCD method. This is for the same reasons that

the OWNCD scheme considers more crucially assigns optimal weights to each

feature with respect to the specific ISI intensity rather than equal weights as

in EWNCD method.

Then, compared to the state-of-the-art MLSD, the proposed OWNCD
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provides a lower BER in low SNR region (i.e., SNR < 15 dB), but higher

BER when SNR is large. For the high SNR regions, the simulation result

matches the common perception that the MLSD method approximates the

BER benchmark in signal detection, by maximizing the likelihood. It is be-

cause in the high SNR regions, channel estimation can achieve more accurate

CSI than the low SNR regions. Based on the accurate CSI, MLSD can ob-

tain its best detection performance. However, in the low SNR regions, the

OWNCD outperforms the MLSD. This phenomenon is caused by a combi-

nation of three factors. Firstly, the MLSD method heavily relies on channel

estimation accuracy, while the proposed OWNCD scheme does not need the

CSI. In the low SNR regions, the transmitted signals suffer from strong am-

bient noises. As channel estimation is vulnerable to ambient noise, it leads

to inaccuracy channel estimation results and consequently influences the de-

tection accuracy. Second, as a sequence detection method, MLSD method

has to face error propagation. Especially in this situation with inaccuracy

CSI, error propagation gives rise to further misjudgement. On the contrary,

OWNCD method transforms the ISI sequential detection into discrete and bi-

nary detection framework, and therefore does not rely on channel estimation,

and is free from error propagation as a discrete and binary detection method.

Furthermore, the extracted features of the proposed OWNCD can combat ISI

inherently, which guarantees it is less sensitive to ISI compared with MLSD.

However, it is noted that although the coherent MLSD shows a better

performance in the high SNR region, the proposed OWNCD can reach the

7% overhead hard-decision FEC limit (BER = 4.5 × 10−3) [57] faster than

MLSD (by more than 1 dB). This indicates that with a proper FEC code,

the OWNCD can achieve an error-free transmission faster compared to the

coherent MLSD.
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C) BER performance evaluation in time-varying channel

A BER comparison with changing CIR is illustrated in Fig. 4.11. Here, the

time-varying CIR is performed by adding process randomness to the channel

parameters, e.g., r(k) = r(k−1)+∆r, and θR(k) = θR(k−1)+∆θR , indicating

the slight disturbance given the flexible deployment of UVC.

Figure 4.11: BER comparison between the proposed OWNCD, EWNCD, and
the state-of-the-art coherent MLSD [1], in a time-varying channel.

In Fig. 4.11, it may be observed that the proposed OWNCD is robust

in the case of the time-varying CIR, since its BER does not deteriorate drasti-

cally when compared with static CIR. This is mainly attributed to the heuristic

algorithm, which updates the optimal weights and the threshold by the pre-

vious data that can reflect the continuous changes in the CIR. Meanwhile,
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it can be observed that the coherent MLSD performs unreliably in dealing

with the continuously varying channel (>8 dB loss in SNR is shown compared

to the proposed OWNCD). This is because MLSD relies heavily on the esti-

mated CIR from the pilot sequence, which may be unreliable in the face of the

time-varying channel environment, thereby resulting in unattractive detection

accuracy.

As such, the proposed OWNCD is more suitable for counteracting the

time-varying channel environment, which is closer to real UVC scenarios. Also,

compared with the coherent schemes, the proposed OWNCD does not rely

on complex channel estimation of the CIR, making them capable of saving

computational and storage resources.

D) Complexity comparison

Moreover, when combined with the cost in Fig. 4.12, it can be seen that the

proposed OWNCD has a great advantage in terms of both the computational

complexity and storage resources. The proposed OWNCD has a complexity of

the order of 106, which is much less than that of the MLSD (1010). Meanwhile,

the storage consumption required for the proposed scheme is smaller compared

with the coherent MLSD (around 104 versus 106).

Thus, the proposed OWNCD provides a low-complexity and low-storage-

based detection paradigm for the UVC scenarios, which can approach the

detection accuracy of the coherent MLSD but with the benefit of lower com-

putational resources.

4.6 Conclusions & Discussions

For most sequential optical wireless detection scenarios, signal detection with-

out explicit channel information is challenging. Current bottlenecks lie in how
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Figure 4.12: complexity comparison between the proposed OWNCD,
EWNCD, and the state-of-the-art coherent MLSD [1] in a static channel, based
on 104 bits.

to address the ISI from the long-tail and time-varying channel response. In

this work, a novel non-coherent paradigm has been proposed by exploiting the

inherent features, which are innately insensitive to ISI, of UV signals. Lever-

aged on the features, the OWNCD is developed, which enables the conversion

of signal detection with ISI into a binary detection framework. It is found

that, compared to the state-of-the-art coherent MLSD, the proposed OWNCD

scheme improves the detection accuracy by ∼1 dB for the static CSI and ∼8

dB for the time-varying CSI, in terms of SNR at the 7% overhead FEC limit

i.e., BER=4.5 × 10−3. In addition, it reduces the computational and storage
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resources by four orders of magnitude. As such, the proposed feature-based

non-coherent technique provides a promising pathway and novel insight for

the efficient detection in complex and dynamic optical channels with intensive

ISI.
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Chapter 5

High-Dimensional

Non-Coherent Detection for

Multi-Intensity Modulated

Communications

In the last Chapter, four ISI insensitive features of the UV signals’ geometric

shapes (e.g., rising edge and inflection) were extracted and exploited, showing

a reliable performance to counteract the intensive ISI. However, the linear

combination of the features does not fully employ the signal’s properties and

results in a loss of SNR and BER, e.g., a > 5dB loss in SNR when comparing

with the MLSD having exact CIR estimation. Besides, the linearly combined

1D non-coherent method is only suitable for OOK modulation systems.

In this chapter, a novel high-dimensional (HD) feature-based non-coherent

detection is proposed, which leads to a more accurate detection by constructing

a high-dimensional feature space. Moreover, the HD method can be deployed

in J-PAM communication systems. In section 5.1, there is an illustration of

the system model for the HD scheme along with the problem formulation.
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Then, the construction of HD UV features will be illustrated in section 5.2.

Next, Section 5.4 will compute and compare the theoretical SER from this pro-

posed HD non-coherent scheme with the 1D methods proposed in Chapter 4.

In Section 5.5, the proposed HD non-coherent detection scheme is elaborated

with the algorithm design. The simulation results are provided in Section 5.6.

This chapter finally concludes in Section 5.7.

5.1 System Models and Problem Formulation

In this part, there is an introduction about the framework of the HD non-

coherent detection, as seen in Fig. 5.1.

The HD non-coherent detection system is based on the basic UVC sys-

tem, introduced by Chapter 3. Different from the 1D non-coherent methods,

the HD scheme is not only suitable for OOK but also the (J > 2)-PAM mod-

ulation. In Tx, the binary input is modulated by the J ∈ N+ pulse amplitude

modulation (J-PAM), which then will be converted to different intensities of

UV photons for transmission. At the Rx point, the HD non-coherent sig-

nal detection unit contains feature-based metric construction and clustering

algorithm.

Given the expressions of the received signals in Eq. (3.4), the aim of this

work is to detect the current J-PAM sk from the received signals r1, ..., rkM .

The main challenge lies in how to combat the ISI with the unknown CIR

coefficients qi−(l−1)M , which, if multiplied by the multi-PAM symbols, i.e.,

qi−(l−1)M · sl, makes the ISI more severe. To cope with this, coherent detection

schemes (e.g., MLSD [1,39] and particle-filter methods [40]) demand heavy pi-

lot overheads for CIR estimation, and high computational complexity to search

the JL symbol space for a posteriori computation and symbol detection (given

J-PAM with L length ISI). Non-coherent schemes are all designed for binary
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Figure 5.1: Schematic flow illustrates the UVC system and the High-
Dimensional non-coherent detection scheme.

inputs [76], and offer poor detection accuracy when dealing with multi-symbol

detection. This thereby motivates us to design a pilot-less, computationally

efficient and more reliable non-coherent detection scheme for J-PAM UVC

systems.

5.2 HD Feature Construction

A D-dimensional feature space RD is constructed via the previously designed

UV sub-features, i.e.,

zk = [z1,k, z2,k · · · , zD,k]
T ∈ RD. (5.1)
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Figure 5.2: Illustrations of the feature-based metrics: the intra-symbol rising-
edge, in 4-PAM mode.
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Number of photons 𝑧2,𝑘

Figure 5.3: Illustrations of the feature-based metric: the intra-symbol energy,
in 4-PAM mode.

Here, D = 4 of the previously designed UV sub-features are used, seen in Figs.

5.2-5.5:

z1,k ≜
1

|Rmax|
∑

i∈Rmax

ri −
1

|R0|
∑
i∈R0

ri, (5.2a)

z2,k ≜
1

|Rk|
∑
i∈Rk

ri, (5.2b)

z3,k ≜ − 1

|Rinflx|
∑

i∈Rinflx

ri +
1

2

(∑
i∈Rleft

ri

|Rleft|
+

∑
i∈Rright

ri

|Rright|

)
, (5.2c)

z4,k ≜
1

|Rk|
∑
i∈Rk

ri −
1

|Rk−1|
∑

i∈Rk−1

ri, (5.2d)
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Figure 5.4: Illustrations of the feature-based metric: the inter-symbol mini-
mum inflection, in 4-PAM mode.
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Figure 5.5: Illustrations of the feature-based metric: the inter-symbol energy
difference, in 4-PAM mode.

In Eq. (5.2a), the sub-feature z1,k is referred to the rising edge of kth symbol-

interval, whose value is ISI-insensitive but only depends on the different PAM

input symbols sk. Rmax ≜ (k − 1)M + {imax − ⌊M/4⌋, · · · , imax + ⌊M/4⌋}

and R0 ≜ (k − 1)M + {1, · · · , ⌊M/4⌋} are set to determine the related index

areas for rising-edge computation. imax is the index corresponding to the

maximum value of discrete CIRs. Approximation of imax is by using the index

of the maximum value of the non-zero symbols related to received signals

in training data. Here, imax does not need to be very accurate, since Rmax is
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defined to include the adjacent area of imax for rising edge computation. In Eq.

(5.2b), z2,k is referred to as the number of received photons within kth symbol-

interval, where Rk ≜ {(k − 1)M + 1, · · · , kM}. In Eq. (5.2c), z3,k accounts

for the inflection feature, whose value is also ISI-insensitive and increases with

a larger symbol pulse sk. Here, the inflection feature is computed by the

left and right neighbours’ values subtracting the central area’s values. The

quantities below are hereby definedRinflx ≜ (k−1)M+{−⌊M/4⌋, · · · , ⌊M/4⌋},

Rleft ≜ (k − 1)M + {−⌊M/2⌋, · · · ,−⌊M/4⌋ − 1}, and Rright ≜ (k − 1)M +

{⌊M/4⌋ + 1, · · · , ⌊M/2⌋}. z4,k gives the received photon number difference

between successive symbol intervals k and k − 1.

From Eq. (5.2) and the corresponding sub-feature shapes in Figs. 5.2-

5.5, each of the sub-features is able to transform the received ISI contaminated

signals ri into a new detection space that is insensitive to ISI. For instance,

given a fixed ISI intensity and any of sk, the expectations of zk,1 zk,2, zk,3

and zk,4 remain quasi-constant, as they reflect only the common geometric

shapes of the UV signals (e.g., the rising edge and the inflection). In this

view, by stacking them into an HD signal feature, i.e., zk = [z1,k, · · · , z4,k]T ,

it is possible to counteract the ISI effect, and convert the sequential detection

with ISI into an ISI-insensitive detection framework (see Fig. 5.7(b)). Also,

differing from the previous 1D feature, i.e., zk =
∑D

d=1 wdzd,k, the HD feature

zk can provide an HD decision surface and result in a lower SER for signal

detection.

With the help of the HD feature zk in Eqs. (5.1)-(5.2), the likelihood

PDF of zk conditioned on different J-PAM symbol sk = j ∈ {0, 1, · · · , J − 1}

88



is provided, i.e.,

p(zk
∣∣sk = j)

=N (zk;µj,Σ)

≜
1√

(2π)d · det(Σ)
exp

(
−0.5

(
zk − µj

)T
Σ−1

(
zk − µj

))
,

(5.3)

where µj = [µ1,j · · · , µD,j]
T represents the expectation of zk = [z1,k, · · · zD,k]

T

conditioned on sk = j, Σ gives the covariance matrix (of size D ×D) among

the total D = 4 features in Eq. (5.2), and det(·) is the determinant operator

of a matrix. As such, the signal detection process is converted to determine

µj and Σ, and select sk ∈ {0, 1, · · · , J − 1} that corresponds to the maximal

likelihood PDF p(zk
∣∣sk = j), which can be viewed as a clustering problem, see

Fig. 5.7(b) for illustration.

5.3 Theoretical Symbol Rate Error

The theoretical SER of the HD feature zk will be computed and studied in

this part. This is done by firstly computing the theoretical BER in the OOK

symbol case, which then will be extended for J-PAM symbols.

The first case to consider is the binary one with OOK modulation.

According to the Bayesian rule, the detection of transmitted symbols is equiv-

alent to computing and comparing the posterior PDFs of zk corresponding to

different transmitted symbols of sk = 0 and sk = 1, i.e.,

p(sk = 1|zk)
p(sk = 0|zk)

=
P (sk = 1) · p(zk|sk = 1)

P (sk = 0) · p(zk|sk = 0)

(a)
=

p(zk|sk = 1)

p(zk|sk = 0)

ŝk=1

⋛
ŝk=0

1. (5.4)

In Eq. (5.4), p(sk|zk) represents the posterior PDF. (a) accounts for the fact

the probabilities of sending 1-bit and 0-bit are identical, i.e., P (sk = 0) =
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P (sk = 1) = 0.5.

The computation of the theoretical BER requires the decision surface

from Eq. (5.4), which can be transformed as the logarithm difference i.e.,

ln p(zk|sk = 1)− ln p(zk|sk = 0) = 0, (5.5)

Taken Eq. (5.3) into the left-hand side of Eq. (5.5), the decision surface is

defined and then computed as:

H(zk) ≜ (µT
1 − µT

0 )Σ
−1zk −

1

2
(µT

1Σ
−1µ1 − µT

0Σ
−1µ0) = 0. (5.6)

Given the expression of the decision surface in Eq. (5.6), the theoretical BER

for OOK symbols can be computed via two parts of error probabilities, i.e.,

BEROOK(zk) =

D︷ ︸︸ ︷∫
· · ·
∫

H(z)⩾0

p(z|sk = 0)dz+

D︷ ︸︸ ︷∫
· · ·
∫

H(z)<0

p(z|sk = 1)dz

= 2

D︷ ︸︸ ︷∫
· · ·
∫

H(z+µ0)⩾0

1√
(2π)D|Σ|

exp

(
−1

2
zTΣ−1z

)
dz1z2 · · · zD

(a)
= 2

D︷ ︸︸ ︷∫
· · ·
∫

H(Q·x+µ0)⩾0

|J|√
(2π)D|Σ|

exp

(
−1

2
xTΛ−1x

)
dx1x2 · · ·xD

(b)
= 2

D︷ ︸︸ ︷∫
· · ·
∫

H(Q·Λ0.5
·u+µ0)⩾0

1√
(2π)D

exp

(
−1

2
uTu

)
du1u2 · · ·uD

(c)
= 2 · Φ

(
−1

2

√
(µ1 − µ0)

TΣ−1(µ1 − µ0)

)
.

(5.7)

The computation of Eq. (5.7) is explained in the following.

(a) It is noticed that zT ·Σ−1 · z is the quadratic form, with a positive-
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definite symmetric covariance matrixΣ of sizeD×D. As such, eigen-decomposition

can be performed asΣ = Q·Λ·Q−1 = Q·Λ·QT , whereΛ = diag{[λ1, · · · , λD]}

is the composition of D different eigenvalues of Σ, and the columns of Q are

composed of the corresponding D normalised eigenvectors. Then, zT ·Σ−1 ·z =

xT ·Λ−1 · x by denoting z = Q · x. Next, to transform the integral space from

z to x, the determinant of the Jacobian matrix is needed, i.e.,

|J| =

∣∣∣∣∣∣∣∣∣∣∣∣

∂z1
∂x1

∂z1
∂x2

· · · ∂z1
∂xd

∂z2
∂x1

∂z2
∂x2

· · · ∂z1
∂xd

...
... . . . ...

∂zd
∂x1

∂zd
∂x2

· · · ∂zd
∂xd

∣∣∣∣∣∣∣∣∣∣∣∣
= |Q| = 1. (5.8)

(b) Further expressing u = Λ−0.5x to replace x, the equation of (ii) can

be obtained by offsetting the determinant of the Jacobian matrix and |Σ|, i.e.,

|Σ| = |Λ|.

(c) Before explaining the reason that holds for(c), the following equation

is proved with specific proof, i.e.,

+∞∫
−∞

1√
2π

exp

(
−z2

2

)
· Φ (az + b) dz ≡ Φ

(
b√

1 + a2

)
, (5.9)

where

Φ(x) ≜
∫ x

−∞

1√
2π

exp

(
−z2

2

)
dz, (5.10)

is the cumulative probability function (CDF) of the normal distributionN (0, 1),
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at the given point x. This is because

+∞∫
−∞

1√
2π

exp

(
−z2

2

)
· Φ (az + b) dz

=

∫ b

−∞

∂
(∫ +∞

−∞
1√
2π

exp
(
− z2

2

)
· Φ (az + x) dz

)
∂x

dx

=

∫ b

−∞

1√
2π(1 + a2)

exp

(
− x2

2(1 + a2)

)
dx

=Φ

(
b√

1 + a2

)
.

(5.11)

Then, by taking Eq. (5.9) back to (b) of Eq. (5.6), proof of (c) can be
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completed by the following deduction, i.e.,

2 ·

D︷ ︸︸ ︷∫
· · ·
∫

H(Q·Λ0.5
·u+µ0)⩾0

1√
(2π)D

exp

(
−1

2
uTu

)
du1 · · ·uD

=2 ·
+∞∫

−∞

1√
2π

exp

(
−u2

1

2

)
· · ·

+∞∫
−∞

1√
2π

exp

(
−
u2
D−1

2

)

·
+∞∫

−
∑D−1

i=1
ξi·ui−B

ξD

1√
2π

exp

(
−u2

D

2

)
du1 · · · duD

=2 ·
+∞∫

−∞

1√
2π

exp

(
−u2

1

2

)
· · ·

+∞∫
−∞

1√
2π

exp

(
−
u2
D−1

2

)

· Φ

(∑D−1
i=1 ξi · ui −B

ξD

)
du1 · · · duD−1

=2 ·
+∞∫

−∞

1√
2π

exp

(
−u2

1

2

)
· · ·

+∞∫
−∞

1√
2π

exp

(
−
u2
D−1

2

)

· Φ

(
ξD−1

ξD
uD−1 +

D−2∑
i=1

ξi
ξD

ui −
B

ξD

)
du1 · · · duD−1

=2 ·
+∞∫

−∞

1√
2π

exp

(
−u2

1

2

)
· · ·

+∞∫
−∞

1√
2π

exp

(
−
u2
D−2

2

)

· Φ

∑D−2
i=1 ξiui −B√
ξ2D + ξ2D−1

 du1 · · · duD−2

= · · · = 2 · Φ

(
− B∑D

i=1 ξ
2
i

)
= 2 · Φ

(
−0.5ξT · ξ

ξTξ

)
= 2 · Φ

(
−1

2

√
ξT · ξ

)
,

(5.12)

where ξ = [ξ1, . . . , ξD]
T = Λ−0.5Q−1 · (µ1 − µ0), and B = 0.5 · ξT · ξ.

After the proof, by moving back to Eq. (5.7), the general expression of

BER for any designed D-dimensional feature zk is provided, which shows the

insight to extend it to the J > 2-PAM symbol cases. Similar to the binary
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case (e.g., OOK), the theoretical SER for the J-PAM symbol is expressed

by the summation of the detection error probability for each symbol, i.e.,

p(ŝk ̸= m|sk = m), which then can be expressed in term of the SNR given the

Gaussian typed likelihood PDF in Eq. (5.1). As such, the theoretical SER is

provided as follows:

SER(zk)

=
J−1∑
j=0

P (ŝk ̸= j|sk = j)

=
J−1∑
j=0

Φ
(
−0.5

√
SNR

)
=

J−1∑
j=0

Φ

(
−0.5

√(
µj − µj−1

)T
Σ−1

(
µj − µj−1

))
(5.13)

5.4 Proof of Better than Lower-Dimensional

Methods

In this part, the aim is to prove that the detection accuracy (in terms of SER)

based the higher dimensional features outperforms those with lower dimen-

sional features. Specially, the HD non-coherent detection scheme proposed in

this chapter is better than the 1D OWNCD method.

5.4.1 Better SER than 1D feature

This is to prove that the proposed HD non-coherent detection can provide a

lower SER compared with the 1D non-coherent scheme, i.e.,

SER(zk) < SER(wT · zk), (5.14)
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where the latter is the SER of the 1D non-coherent scheme withw = [w1, w2, · · · , wD]
T

the optimal weights recalled in Chapter 4. By taking Eq. (5.13) into Eq. (5.14)

and using the monotonically increasing property of Φ(x), a stricter inequality

can be proved as follows:

ϱT ·
(
Σ−1 −w

(
wTΣw

)−1
wT
)
· ϱ ≥ 0, (5.15)

where ϱ = µj − µj−1, ∀j ∈ {0, · · · , J − 1}. Given the symmetric positive

definite property of the covariance matrix Σ, the eigenvalue decomposition is

Σ = Q·diag([λ1, · · · , λD]
T )·QT . Then, by assigning v = [v1, · · · , vD]T = QTw

and x = [x1, · · · , xD]
T = QTϱ, by rewriting the left-hand side of Eq. (5.15),

it remains to prove that it is no less than 0, i.e.,

xT ·

(
diag

([
1

λ1

, · · · , 1

λD

]T)
− vvT∑

d∈D λd · v2d

)
· x

=
∑
d∈D

∑
d′∈D\{d}

λd′v
2
d′ ·

x2
d

λd

− 2
∑

d,d′∈D,d̸=d′

vdvd′xdxd′

=
∑

d,d′∈D,d ̸=d′

(
λd′vd′

λd

xd −
λdvd
λd′

xd′

)2

≥ 0.

(5.16)

As such, it has been proved that the proposed HD feature-based non-coherent

detection scheme has a lower SER as opposed to that of the 1D non-coherent

scheme. This will be further demonstrated in Fig. 5.7, and via the Simulation

part.

5.4.2 Better SER than Lower Dimensional feature

The proof is next generalised to show that the SER of high-dimensional fea-

tures is lower than that of lower-dimensional features. SER comparison is

performed between the non-coherent schemes with the D-dimensional feature

zk, and a lower (D1 ≤ D)-dimensional feature, i.e., H · zk, where H is the
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construction matrix of size D1×D with rank(H) = D1 < D. The comparison

result is:

SER(zk) ≤ SER(H · zk), (5.17)

where the equality holds when D1 = D.

The proof of Eq. (5.17) provided in the following. Given the SER ex-

pression in Eq. (5.13), and the monotonically increasing property of Gaus-

sian CDF Φ(x) with respect to x, the comparison between SER(zk) and

SER(H · zk) can be converted as follows:

SER(zk)− SER(H · zk) ≤ 0

⇐
(
µj − µj−1

)T
(Σ−1 −HT (HΣHT )−1H)

(
µj − µj−1

)
> 0

∀j ∈ {0, 1, · · · , J − 1},

⇔ Σ−1 −HT (HΣHT )−1H is positive semidefinite

(5.18)

where HΣHT gives the covariance matrix of Hzk.

First, when rank(H) = D1 = D, then Eq. (5.18) can be computed as

the zero matrix, i.e.,

Σ−1 −HT (HΣHT )−1H = Σ−1 −HT ·
(
HT
)−1 ·Σ−1 ·H−1 ·H = O. (5.19)

For D1 < D, only D1 = D − 1 is studied, as other cases D1 < D − 1

can be recursively proved by replacing D as D − 1. First, H = H1 · QT

is divided (recalling Q is the matrix composed of D eigenvectors of Σ, and

therefore rank(Q) = D), with H1 = H · Q. Then, the lower dimensional

feature can be re-written as H ·zk = H1 ·QTzk whereby the covariance matrix

of QT · zk is the diagonal eigenvalue matrix of the original Σ, i.e., Λ. Also,

note that H1 = Π · H2, where Π is the multiplications of elementary row

transformation operators (rank(Π) = D1 = D − 1), and H2 = [ID1×D1 a]
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where a = [a1, · · · aD−1]
T . As such, by using SER(Q−1zk) = SER(zk), and

SER(H·zk) = SER(Π·H2·Q−1zk) = SER(H2·Q−1zk), the proof is converted

to proving Λ−1−HT
2 (H2ΛHT

2 )
−1H2 is positive semidefinite. This will be done

by showing that it has only non-negative eigenvalues:

Λ−1 −HT
2

(
H2ΛHT

2

)−1
H2

=Λ−1 −HT
2

(
diag([λ1, . . . , λD−1])

−1 − ζ · ρρT
)
H2

=ζ ·

ρρT −ρ

−ρT 1


=ζ ·Υ · diag

tr
ρρT −ρ

−ρT 1

 , 0, · · · 0

 ·Υ−1

=Υ · diag
([
ζ · tr

(
1 + ρTρ

)
, 0, · · · 0

])
·Υ−1,

(5.20)

where

ρ =

[
a1

√
λd

λ1

, a2

√
λd

λ2

, . . . , ad−1

√
λd

λD−1

]T
(5.21)

ζ =
1

1 + λD

∑D−1
i=1

a2i
λi

, (5.22)

with Υ, the eigenvector matrix. Therefore, Eq. (5.17) has been proved.

5.5 HD Non-Coherent Signal Detection Scheme

The initialization of µj is leveraging the increasingly equal difference charac-

teristics, i.e., µj−1 − 2µj + µj+1 = 0. This is because the increasingly equal

difference among the J-PAM symbols, i.e., j ∈ {0, 1, · · · , J−1}, remains after

passing through the LTI signal model in Eq. (3.4), and the linear sub-feature

constructions in Eq. (5.2). Here, this increasingly equal difference is charac-
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terised by the following equations:

[µ0, · · · ,µJ−1] ·Ψ = O, µj ≺ µj+1 (5.23)

Ψ =


1 −2 1 0 0 · · · 0

0 1 −2 1 0 · · · 0
...

0 0 · · · 0 1 −2 1



T

. (5.24)

where ≺ is the elemental-wise less than operator, and matrix Ψ of size J ×

(J − 2) is to ensure the equal difference.

The initialization of µj, denoted as µ
(0)
j = [µ

(0)
1,j , µ

(0)
2,j , · · · , µ

(0)
D,j]

T is to

implement Eqs. (5.23)-(5.24) via the first L′ (unlabelled) features, i.e.,

zd,k1 < · · · < zd,kL′ , with {k1, · · · , kL′} = {1, · · · , L′} (5.25a)

Ld,j =
{
k(j−1)L′/J+1, · · · , kjL′/J

}
, (5.25b)

cd,j =
1

|Ld,j|
∑
k∈Id,j

zd,k, cj = [c1,j, · · · , cD,j]
T . (5.25c)

[µ
(0)
0 , · · · ,µ(0)

J−1] = [c0, · · · , cJ−1]
(
[φ1,φ2]

†)T [φ1,φ2]
T . (5.25d)

Here, Eq. (5.25a) is to re-order the first L′ sub-features zd,1, · · · , zd,L′ into

a ascending order. Eqs. (5.25b)-(5.25c) are to assign J sets (clusters) given

the ascending order of zd,kl , and compute each cluster’s centre (mean). Eq.

(5.25d) is to ensure the increasingly equal difference of µ0, · · · ,µJ−1, or saying

to ensure [µ
(0)
0 , · · · ,µ(0)

J−1]
T in the null-space of Ψ according to Eq. (5.23).

This is done by firstly computing the null-space of ΨT (of size (J − 2) × J),

i.e., its two eigenvectors φ1 and φ2 corresponding to 0 eigenvalue. Then, the

null-space basis is used to approximate the centre of each set by least square

error, and assign the approximation as the initialization. As such, the initial

[µ
(0)
0 , · · · ,µ(0)

J−1] can be computed as Eq. (5.25d) following the increasingly
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equal difference and also located around the centres of the feature set.

After the initialization, the following part is the clustering algorithm,

where a heuristic clustering algorithm is designed, based on the GMM clus-

tering framework.

5.5.1 Constrained GMM Clustering

The GMM model is selected as the basic clustering model, according to the

characteristic of the extracted features. GMM is suitable for situations where

the data distribution is a mixture of multiple Gaussian distributions. In Eq.

(5.3), the likelihood PDF of zk conditioned on J-PAM symbol is given, which

is a multiple Gaussian distributions. Moreover, to overcome the issue of clas-

sic GMM potentially getting stuck in local optimal solutions, additional con-

straints based on the features are incorporated into the algorithm to ensure

convergence to a more reasonable region.

After the initialization of µj, the GMM clustering [77, 78] framework

is adopted to identify the expectation µj and the covariance Σ of the UV

feature zk|(sk = j) in Eq. (5.3). In essence, GMM clustering is to maximize

the log-likelihood, i.e.,

max
µ0:J−1,Σ

L(z1:L′ |µ0:J−1,Σ), (5.26)

where z1:L′ ≜ [z1, · · · , zL′ ], µ0:J−1 ≜ [µ0, · · · ,µJ−1]. For this work, L(z1:L′ |µ0:J−1,Σ)
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is computed as:

L(z1:L′ |µ0:J−1,Σ) =
I∑

k=1

log
J−1∑
j=0

N (zk|µj,Σ)

=
L′∑
k=1

log
J−1∑
j=0

wj,k

N (zk|µj,Σ)

wj,k

(5.27a)

≥
L′∑
k=1

J−1∑
j=0

wj,k log
N (zk|µj,Σ)

wj,k

(5.27b)

=
L′∑
k=1

J−1∑
j=0

wj,k

(
− log(wj,k)−

1

2
log(Σ)

)

−
L′∑
k=1

J−1∑
m=0

wj,k

(
1

2
(zk − µj)

TΣ−1(zk − µj)

)
. (5.27c)

In Eq. (5.27), wj,k is referred to as a hidden variable. Eq. (5.27b) is due

to the Jensen inequality and concavity of logarithms, where equality holds

if N (zk|µj,Σ)/wj,k is constant, i.e., wj,k = N (zk;µj,Σ)/
∑J−1

j=0 N (zk;µj,Σ).

Then, the maximization problem in Eqs. (5.26)-(5.27) can be pursued via the

expectation maximization (EM) algorithm, i.e., [79, 80]

w
(i)
j,k =

N (zk;µ
(i)
j ,Σ(i))∑J−1

j=0 N (zk;µ
(j)
m ,Σ(j))

, (5.28a)

µ
(i+1)
j =

∑L′

k=1 w
(i)
j,k · zk∑L′

k=1 w
(i)
j,k

, (5.28b)

Σ(i+1) =

∑J−1
j=0

∑L′

k=1 w
(i)
j,k(zk − µ

(i+1)
j )T · (zk − µ

(i+1)
j )∑J−1

j=0

∑L′

k=1w
(i)
j,k

. (5.28c)

where i is the iteration step. Eq. (5.28a) refers to the E-step, which rises the

previous jth iteration maximized lower-bound to the original log-likelihood,

by equalizing the Jensen Inequality. Eqs. (5.28b)-(5.28c) are to maximize the

lower-bound in Eq. (5.27c) given the fixed hidden variable w
(i)
j,k. As such, an
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optimal (local or global) solution of µj and Σ can be obtained by iteration

using Eqs. (5.28a)-(5.28c).

Figure 5.6: Illustration of clustering errors using classic GMM in Eq. (5.28):
four cases of GMM trapped in local optimal solutions.

However, it is noteworthy that directly using Eq. (5.28) may fall into

a local optimal solution, due to the likelihood approximation by Jensen’s in-

equality and the following successive optimization steps [79, 80]. This is illus-

trated in Fig. 5.6.

To avoid such local optimal solutions, the properties of the extracted

UV features are exploited and Eq. (5.28b) is converted into a convex problem.

This is done by re-writing the objective function corresponding to µj (the

second term in Eq. (5.27c)), and then adding convex constraints in accordance

with the characteristics of the UV features. The second term in Eq. (5.27c)
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(a)

(b)

𝑠𝑘 = 3
𝑠𝑘 = 2

𝑠𝑘 = 1
𝑠𝑘 = 0

Figure 5.7: Illustration of non-coherent schemes that transform the ISI-
caused sequential detection space into an ISI-released multi-hypothesis de-
tection framework. Under the same received UV signals, (a) shows the poor
detection accuracy from 1D non-coherent schemes, (b) gives the higher detec-
tion accuracy of the proposed HD non-coherent scheme.

can be re-written as:

−
L′∑
k=1

J−1∑
j=0

wj,k

(
1

2
(zk − µj)

TΣ−1(zk − µj)

)

=−
L′∑
k=1

tr
(
Wk (Zk −U)T Σ−1 (Zk −U)

)
,

(5.29)

where Wk ≜ diag([w0,k, · · · , wJ−1,k]
T ) is the diagonal matrix from vector

[w0,k, · · · , wJ−1,k]
T , Zk ≜ [zk, · · · , zk] reproduces J times the vector zk, U ≜

[µ0, · · · ,µJ−1], and tr(·) gives the trace operator of a matrix. Then, the maxi-
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mization problem over µ0:J−1 in Eq. (5.28b) can be converted to the following

convex problem with UV signal related constraints:

min
U

L′∑
k=1

tr
(
Wk (Zk −U)T Σ−1 (Zk −U)

)
(5.30a)

s.t. ∥UΨ∥2F < ε, (5.30b)

cTdUb = µd,J−1 − µd,0 > 0, ∀d ∈ {1, · · · , D}, (5.30c)

cT1Ub = µ1,J−1 − µ1,0 < max
1≤k,k′≤I

{z1,k − z1,k′}, (5.30d)

cT1Ub = µ1,J−1 − µ1,0 > 0.5
(
µ
(0)
1,J−1 − µ

(0)
1,0

)
(5.30e)

where ∥ · ∥F represents the Frobenius norm. Eq. (5.30a) is the objective func-

tion. Eq. (5.30b) is to ensure the equal difference expressed in Eq. (5.23), by

making the squared Frobenius norm of UΨ, i.e., ∥UΨ∥2F , less than some small

ϵ. Eqs. (5.30c)-(5.30e) are to confine the differences between the expectations

(clustering centres), where Eq. (5.30c) is to assign µJ−1 and µ0 corresponding

to the largest and smallest symbols, respectively. Eqs. (5.30d)-(5.30e) are to

confine the difference of the expectation of the rising-edge with respect to the

largest and the smallest symbols. The convex optimisation problem can be

solved using interior point method [81,82], or CVX toolbox [83].

After the derivation of µj and Σ, the signal detection process can be

pursued by computing and comparing the logarithm-form of the conditioned

likelihood PDF, i.e.,

ŝk = argmax
j∈{0,··· ,J−1}

− (zk − µj)
TΣ−1(zk − µj). (5.31)

5.5.2 Overall Non-Coherent Detection Algorithm

After the elaboration of the designed HD non-coherent detection scheme, the

algorithm flow is provided in Algo. 3. The inputs are the received UV sig-

103



Algorithm 3 HD Non-Coherent Signal Detection Algorithm

Input: Received UV signals r1, · · · rKN , modulation type J-PAM, and number
of features L′ for unsupervised training.

1: ∀k ∈ {1, · · · , K}, compute HD UV feature zk via Eqs. (5.1)-(5.2).

2: Initialize µ
(0)
m via Eq. (5.25).

3: Assign i = 0 and ∆(i) = ∥[µ(i)
1 , · · · ,µ(i)

M−1]∥F .
4: while ∆(i) > ϵ do
5: Assign i = i+ 1.
6: Update w

(i)
j,k via Eq. (5.28a).

7: Update µj by solving convex problem in Eq. (5.30).

8: Update Σ(i) via Eq. (5.28c).

9: ∆(i) = ∥[µ(i)
1 , · · · ,µ(i)

J−1]− [µ
(i−1)
1 , · · · ,µ(i−1)

J−1 ]∥F
10: end while
11: Assign µj = µ

(i)
j , and Σ = Σ(i).

12: for k ∈ {1, · · · , K} do
13: Determine the J-PAM symbol ŝk via Eq. (5.31).
14: end for
Output: Return the detected symbol ŝ1, · · · , ŝK .

nals, the modulation type J , and the number of features L′ for unsupervised

learning. Step 1 is to compute the HD feature zk from the received signals for

each symbol. Steps 2-11 are to learn the expectations µj and the covariance

matrix Σ for the conditioned likelihood PDF of zk. Steps 12-14 are to pursue

the signal detection for J-PAM symbol.

104



5.5.3 Convergence Analysis

The convergence of Algo. 3 can be proved via the non-decreasing likelihood

from iterations i to i+ 1, i.e., L(z1:L′|µ(i)
0:J−1,Σ

(i)) ≤ L(z1:L′|µ(i+1)
0:J−1,Σ

(i+1)):

L(z1:L′ |µ(i)
0:J−1,Σ

(i)) =
L′∑
k=1

log
J−1∑
j=0

N (zk|µ(i)
j ,Σ(i))

=
L′∑
k=1

log
J−1∑
j=0

w
(i)
j,k

N (zk|µ(i)
j ,Σ(i))

w
(i)
j,k

(5.32a)

=
L′∑
k=1

J−1∑
j=0

w
(i)
j,k log

N (zk|µ(i)
j ,Σ(i))

w
(i)
j,k

(5.32b)

=
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
− log(w

(i)
j,k)−

1

2
log(Σ(i))

)

−
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
1

2
(zk − µ

(i)
j )T (Σ(i))−1(zk − µ

(i)
j )

)
(5.32c)

≤
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
− log(w

(i)
j,k)−

1

2
log(Σ(i))

)

−
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
1

2
(zk − µ

(i+1)
j )T (Σ(i))−1(zk − µ

(i+1)
j )

)
(5.32d)

≤
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
− log(w

(i)
j,k)−

1

2
log(Σ(i+1))

)

−
L′∑
k=1

J−1∑
j=0

w
(i)
j,k

(
1

2
(zk − µ

(i+1)
j )T (Σ(i+1))−1(zk − µ

(i+1)
j )

)
(5.32e)

=
L′∑
k=1

J−1∑
j=0

w
(i)
j,k log

N (zk|µ(i+1)
j ,Σ(i+1))

w
(i)
j,k

(5.32f)

≤
L′∑
k=1

log
J−1∑
j=0

w
(i)
j,k

N (zk|µ(i+1)
j ,Σ(i+1))

w
(i)
j,k

(5.32g)

=
L′∑
k=1

log
J−1∑
j=0

N (zk|µ(i+1)
j ,Σ(i+1)) = L(z1:L′|µ(i+1)

0:J−1,Σ
(i+1)). (5.32h)
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Eq. (5.32a) describes the computation of the log-likelihood objective function.

Eq. (5.32b) holds for the equality condition in Jensen’s inequality, i.e., w
(i)
j,k =

N (zk;µ
(i)
j ,Σ(i))/

∑J−1
j=0 N (zk;µ

(i)
j ,Σ(i)) (corresponding to step 5 in Algo. 3).

Eq. (5.32c) is the expansion of Eq. (5.32b). Eq. (5.32d) holds since µ
(i+1)
0:J−1

is the optimal solution of the proposed convex problem, which maximizes Eq.

(5.32c) given fixed w
(i)
j,k and Σ(i) (corresponding to step 7 in Algo. 3). Eq.

(5.32e) holds since Σ(i+1) is the optimal solution that maximizes Eq. (5.32d),

given fixed w
(i)
j,k and µ

(i+1)
0:J−1 (corresponding to step 8 in Algo. 3). Eq. (5.32f)

is the direct computation from Eq. (5.32e). Eq. (5.32g) arises from Jensen’s

inequality, which then gives Eq. (5.32h). Meanwhile, it is noted that there

always exists a maximum of the log-likelihood in the GMM clustering. As

a consequence, combined with Eqs. (5.32a)-(5.32h), the convergence of the

proposed non-coherent detection algorithm can be proved.

5.6 Numerical Simulations

In this section, the performance of the proposed HD non-coherent detection

scheme is evaluated. Firstly, an analysis of the performance of GMM clustering

will be conducted. Then, the detection accuracy will be measured via the BER.

The computational complexity is represented by the number of multiplication

operations required.

For the UV channel modelling, Monte Carlo techniques are adopted

proposed by [29, 30], to obtain the discrete CIR coefficients in Eq. (3.4). The

relevant channel parameters are configured according to Table 3.1.

For comparison, the MMSE-based linear equalizer (a 1D non-coherent

scheme) as a benchmark and the state-of-the-art coherent MLSD using least

square channel estimator and Viterbi detection algorithm [1]. The aim is to

demonstrate that the BER here is close to that of MLSD, but at a lower com-
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putational complexity given the exploitation of the HD ISI-intensive features.

For fairness, the number of samples during one symbol interval Tb is assigned

as M = 20 for all three schemes.

5.6.1 GMM Clustering accuracy

The analysis on the performance of GMM clustering will be conducted in

this section, by showing the achieved clustering centres of the HD metrics,

with various SNR, under different modulation modes (i.e., OOK, 4-PAM and

8-PAM), seen in Figs. 5.8 - 5.10.

Revised GMM cluster centres 
HD metrics
Algorithm iteration results

Revised GMM cluster centres 
HD metrics
Algorithm iteration results

(a)

(b)

Figure 5.8: Illustration of revised GMM on OOK signal-based HD metrics,
showing the ability to achieve the correct clustering centres: (a) SNR=8dB,
(b) SNR=15dB.

Firstly, the clustering accuracy based on OOK modulation is evaluated
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using SNR values of 8dB and 15dB, as shown in Fig. 5.8.

Fig. 5.8 illustrates the revised GMM on OOK signal-based HD metrics,

showing the ability to achieve the correct clustering centres. It can be seen,

the blue dots represent every individual HD metrics which should be classified

into two types. The black squares are the iteration results of the revised GMM

algorithm for pursuing the centres of the clustering, while the red triangle is

the achieved cluster centres by the revised GMM. It may be observed that in

Fig. 5.8 (b) the blue dots are easy to be divided into two clusters, while in Fig.

5.8 (a) the dots gather into a mass without a boundary to distinguish them

from each other. That means the transmitted signal under a higher SNR is

easier to be classified into two types, compared with the signal delivered under

a lower SNR. It is noteworthy that the centres for the two clusters could be

figured out by the revised GMM clustering algorithm, in both of these two

scenarios, although in Fig. 5.8 (a) the signal contamination seriously leads to

boundary unclear.

Now, the clustering accuracy of the revised GMM algorithm, based

on the 4-PAM modulation is evaluated, respectively under SNR=15dB and

SNR=25dB, as shown in Fig. 5.9.

In Fig. 5.9, there is a demonstration of the revised GMM algorithm

employed in 4-PAM modulation, showing its ability to achieve the correct

clustering centres. As may be seen, the blue dots represent every individual

HD metric, belonging to four different kinds of signal. The black squares

and the red triangle are the iteration results and the finally achieved results

respectively, for pursuing the centres of the clustering by the revised GMM

algorithm. Same with the previous OOK scenario, in conditions of a higher

SNR the blue dots are easy to divide into four clusters as seen in Fig. 5.9 (b),

while in Fig. 5.9 (a) under a lower SNR the dots gather into a mass without

clear boundaries to distinguish them from each other. Moreover, the revised
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Figure 5.9: Illustration of revised GMM on 4-PAM signal-based HD metrics,
showing the ability to achieve the correct clustering centres: (a) SNR=15dB,
(b) SNR=25dB.

GMM clustering algorithm still can figure out four centres for the clustering,

in cases of these two SNR scenarios. According to 5.9 (b), the transmission

under a high SNR, it is obvious the achieved centres are reasonable by human

experience.

Finally, the clustering performance of the revised GMM algorithm in

the case of the 8-PAM modulation is evaluated, respectively under SNR=20dB

and SNR=30dB, as shown in Fig. 5.10.

There is an illustration of revised GMM on 8-PAM signal-based HD

metrics, showing the ability to achieve the correct clustering centres. It may

be observed that when the SNR is 20dB, blue dots are gathered to a mass,
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Figure 5.10: Illustration of revised GMM on 8-PAM signal-based HD metrics,
showing the ability to achieve the correct clustering centres: (a) SNR=20dB,
(b) SNR=30dB.

difficult to classify. Then, increasing the SNR to 30dB, the blue dots distribute

in eight parts naturally. It can be seen, in both of these two cases, the revised

GMM algorithm has a good performance in obtaining the clustering centres.

In Fig. 5.8 - Fig. 5.10, the iteration results show the traces of pursuing

the centres, represented by black squares. The OOK needs the least iterative

steps to figure out the results of clustering centres, which is followed by the

4-PAM modulation. Meanwhile, the 8-PAM modulation has the most iterative

steps to get the results. Besides, in terms of the SNR, the OOK modulation

can be clearly divided 0-bit from 1-bit utilizing the lowest SNR, while 8-PAM

modulation requires the highest SNR to distinguish them from each other
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distinctly. For instance, when SNR is 15dB, in Fig. 5.8 (b) the OOK signals

are classified clearly, on the contrary, the 4-PAM signals are in a mass as seen

in Fig. 5.9. The reason for this phenomenon is that operatng at the same SNR,

means that a 4-PAM signal has a smaller voltage gap between two adjacent

Amplitude levels, compared with OOK.

5.6.2 Communication Performance

The detection accuracy of the proposed HD non-coherent detection scheme

is determined in Figs. 5.11-5.16, versus different levels of SNR and various

symbol rates. This section divides into three parts according to the modulation

modes, i.e., OOK, 4-PAM, and 8-PAM.

A) HD method for OOK modulation

Fig. 5.11 provides the BER comparison of the four schemes versus different

levels of SNR, under OOK modulation (given that the compared scheme in [1]

and 1D non-coherent methods are designed only for OOK).

It is observed from Fig. 5.11 that, the proposed HD non-coherent de-

tection scheme outperforms the previous 1D non-coherent scheme (a gain of

5dB in SNR). This matches the theoretical error analysis in section 5.4.1. The

theoretical BER of the proposed scheme is also provided, which gives a tight

lower bound on numerical simulations. A small gap can be found between the

theoretical and the simulated curves, especially in the low SNR region. This

is because the training errors in the designed clustering method become worse

as the SNR decreases.

Besides, it is seen from Fig. 5.11 that the BER of the proposed HD non-

coherent scheme is lower than that of the MMSE equalizer benchmark, and is

close to the state-of-the-art MLSD. For example, a 1dB gap can be achieved

when the BER reaches the 7% overhead hard-decision forward error correction
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Figure 5.11: BER comparison versus SNR under OOK modulation. the pro-
posed HD non-coherent detection outperforms the MMSE equalizer and the
previous 1D non-coherent scheme, and approaches that of the MLSD method.

(FEC) limit (i.e., BER=4.5×10−3) [57], which suggests a comparable error-free

communication performance with MLSD method when adopting an appropri-

ate FEC code. This is attributed to the exploration of the ISI-insensitive UV

features (e.g., rising edge, inflection), which are able to inherently counteract

the ISI effect, and thereby offer a remarkable detection performance.

Fig. 5.12 illustrates the BER comparisons versus the different inten-

sities of the ISI effect. Here, a range of symbol rates are used (i.e., Rs ∈

[106, 1.5 × 107] bit/s) to reflect the different intensities of ISI, as a higher

symbol rate will introduce a more severe ISI and will then negatively impact

the performance of the communication system more significantly. Fig. 5.12
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Figure 5.12: BER comparison versus ISI (rendered by different symbol rates
Rs), under OOK modulation, with SNR=15dB. The result suggests the ro-
bustness of the proposed HD non-coherent detection scheme to different ISI
intensities and approaches that of the MLSD method.

shows that with the growth of the ISI intensities (i.e., the increase of sym-

bol rate Rs), the BERs of all schemes become larger, showing that the ISI

induced by the NLoS UV scattering effect causes deterioration in the com-

munication performance. For comparison among these schemes, two similar

results are obtained. Firstly, the HD non-coherent scheme outperforms the 1D

non-coherent scheme, which matches the proof in Section 5.4.1. Secondly, the

proposed scheme can approach the state-of-the-art MLSD method, given its

ability to transform (approximate) the ISI-caused sequential detection space

into the ISI-released detection framework.
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B) HD method under 4-PAM modulation

 

Figure 5.13: BER versus SNR under J = 4-PAM symbol. the proposed scheme
shows comparable accuracy with the MLSD and MMSE equalizer, suggesting
its suitability for multi-symbol UVC scenarios.

This part aims to evaluate the BER performance of the proposed HD

method, in account of 4-PAM signals which suffer from a higher intensity of ISI

compared to OOK modulating. Fig. 5.13 and Fig. 5.14 show the performance

of the proposed scheme deployed in 4-PAM modulation system, via different

SNR and symbol rates respectively. Here, it is only compared with the MMSE

equalizer and the MLSD requiring a 4L searching space, as the 1D non-coherent

scheme cannot address the (J > 2)-PAM situation.

It can first be seen that, similar to the OOK case, the deduced the-

oretical BER serves as a very tight lower bound. The gap between them is
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Figure 5.14: BER comparison versus ISI (rendered by different symbol rates
Rs), under 4-PAM modulation, with SNR=20dB. The result suggests the ro-
bustness of the proposed HD non-coherent detection scheme to different ISI
intensities and approaches that of the MLSD method.

induced by training errors, which are worse in the low SNR region, but tol-

erable with high SNR. Besides, in Fig. 5.13, it can be observed that for the

4-PAM symbol cases, the approach outperforms the benchmark provided by

the MMSE equalizer with approximately 2dB, and shows a comparable BER

accuracy with the MLSD method.

Fig. 5.14 demonstrates BER comparison versus different symbol rates

Rs, under 4-PAM modulation, with fixed SNR=20dB. A higher symbol rate

means a stronger ISI, consequently leading to a bad BER performance. Similar
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to OOK situation, the BER performance of the HD method is better than the

MMSE equalizer and gradually close to that of MLSD method in the high ISI

domain. It indicates that the HD method is effective in dealing with the ISI.

C) HD method under 8-PAM modulation

 

Figure 5.15: BER versus SNR under J = 8-PAM symbol. the proposed scheme
shows comparable accuracy with the MLSD and MMSE equalizer, suggesting
its suitability for multi-symbol UVC scenarios.

Here, the detection accuracy will be evaluated by 8-PAM modulation

(i.e., 8 different levels) which means a more complex ISI situation. By Fig.

5.15 and Fig. 5.16, the approach demonstrates better BER accuracy compared

to the benchmark MMSE equalizer for 8-PAM symbols and is comparable to

the MLSD method.
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Figure 5.16: BER comparison versus ISI (rendered by different symbol rates
Rs), under 8-PAM modulation, with SNR=25dB. The result suggests the ro-
bustness of the proposed HD non-coherent detection scheme to different ISI
intensities and approaches that of the MLSD method.

Fig. 5.15 illustrates BER versus SNR and Fig. 5.16 demonstrates

BER comparison versus ISI (rendered by different symbol rates Rs) with

SNR=25dB, under 8-PAM modulation. In Fig. 5.15, Here, similar to the

OOK and 4-PAM cases, the HD method obtains a close BER performance to

the deduced theoretical BER, which indicates the clustering algorithm is also

suitable for the 8-PAM signals. From both Fig. 5.15 and Fig. 5.16, it can

be seen that the HD method has a better BER performance than the MMSE
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equalizer, with a 2dB gain. Meanwhile, the HD method achieves a close BER

performance with MLSD, especially in the high ISI region.

Then, it is observed that for the J > 2 symbol cases, the approach

outperforms the benchmark provided by the MMSE equalizer, and shows a

comparable BER accuracy with the MLSD method. This, combined with

the previous OOK simulation results, demonstrates both the reliability and

the robustness of the proposed scheme, which is suitable for different signal

modulation schemes in UVC systems combating ISI distortion.

5.6.3 Complexity Comparison

After the demonstration of the comparable communication accuracy with the

state-of-the-art MLSD, it remains to show that the proposed HD non-coherent

scheme demands a smaller amount of computational complexity. The compu-

tational complexity is measured via the number of multiplications. For the

proposed HD non-coherent scheme, the number of multiplications in the de-

tection process in Eq. (5.31) is M · (D2 +D) ·N = O(MD2N). The detection

process for MLSD has an order of O(LMLN) multiplications (L is the length

of ISI). For the previous 1D non-coherent scheme, only (J = 2)-PAM (i.e.,

OOK) modulated signal can be detected and the number of multiplications

has an order of O(D2N). To further compare the computational complexity

in UV communications, Fig. 5.17 provides a comparison of the multiplication

numbers for different schemes, under D = 4 sub-features, N = 104 transmitted

symbols, and the length of ISI L = 8, for J = 2, 4, 8-PAM.

The proposed scheme has a very similar order of computational com-

plexity to the previous 1D non-coherent scheme, but a significantly smaller

order when compared to the MLSD. For OOK modulation, this gap is 2×(42+

4)×104 = 4×105 < 8×28×104 = 2×107, which, however, increases drastically

for (J = 4, 8)-PAM modulation (i.e., 4×(42+4)×104 = 8×105 < 8×48×104 =
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Figure 5.17: Computational complexity compared to the MLSD method,
emphasizing the computational efficiency of the proposed HD non-coherent
scheme.

5.2× 109, and 8× (42 + 4)× 104 = 1.6× 106 < 8× 88 × 104 = 1.3× 1012). As

such, by combining the results from Figs. 5.11-5.17, it may be concluded that

the proposed HD non-coherent scheme can provide a low-complexity-based

detection paradigm as well as comparable communication accuracy with the

state-of-the-art coherent MLSD method.

5.7 Conclusions & Discussions

For most OWC applications, signal detection with intensive ISI contamination

is of great difficulty. Current coherent schemes fall into high computational

119



consumption, and the non-coherent schemes cannot guarantee reliable detec-

tion accuracy. In this section, an HD feature-based non-coherent detection

scheme has been proposed, relying on the HD construction of the four ISI-

insensitive UV signals’ sub-features, with the following two merits. Firstly,

it transforms the ISI-caused sequential detection into the ISI-released multi-

hypothesis detection framework, therefore avoiding the high computational

CIR estimation and sequential likelihood computations required by the coher-

ent schemes (a reduction of 4 magnitude orders of complexity is achieved).

Secondly, the HD feature is able to provide higher SNRs for signal detection

than current non-coherent schemes, which leads to a very-close detection ac-

curacy with the state-of-the-art coherent MLSD (< 1dB in SNR at FEC limit

BER=4.5 × 10−3). These thereby demonstrate the promising pathway of the

proposed non-coherent scheme towards a low-computational but high-accurate

detection paradigm for optical wireless communications with intensive ISI.
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Chapter 6

Machine Learning based

Nonlinear Feature for

Non-coherent UV Signal

Detection

In the previous chapters 4 and 5, UV signal detection features were designed

manually via the geometry of ISI in the linear forms, which however does not

fully exploit the properties of UV signals for symbol detection (e.g., whether

and how the sequential nonlinearity can contribute to combating the ISI in-

tensities and noises are not clear). In this chapter, to explore the nonlinear

characteristic of UV signals, machine learning techniques are introduced to

train the detector or feature construction process via the combinations of lin-

ear weights and bias of neurons and the nonlinear activation functions.

In essence, machine learning is a subfield of artificial intelligence focus-

ing on the development of algorithms and models that can learn from and

make predictions on data. To implement this, neural networks [84, 85], in-

spired by the structure and functionality of the human brain, aim to learn the
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mapping/functions from a distribution of inputs to desired objective distribu-

tion of outputs. A neural network is composed of a graph of neurons, each of

which performs a weighted sum of its inputs and applies an activation func-

tion. The outputs of the neurons in one layer are connected as inputs to the

neurons in the next layer. A neural network can have one or multiple hidden

layers between the input and output layers. In the context of signal detection,

NNs can be created as a classifier (i.e., the outputs are the discrete symbols

classes) [86–88].

For the structure of this chapter, the process and results of the super-

vised neural network (NN) framework are first provided in Section 6.1. Then,

a half-supervised method embracing the previously constructed features is pro-

posed in 6.2.

6.1 Supervised NN based UV Detector

Supervised learning is a type of machine learning where the algorithm learns

from labelled training data to make predictions on new and unlabelled data

[89,90]. In this section, the labelled data for training can be generated via the

predefined pilot sequences. The NN is designed as a classifier to the received

UV signals (as input data) into the transmitted symbol categories (e.g., bi-

nary OOK class as predefined categories), based on the relationships of their

input and output distributions hidden reflected via the received signals and

the corresponding symbols.

6.1.1 Implementation Details

For UV signal detection, a 4-layer fully connected NN is constructed. The

input layer is the current kth and the previous (k− 1)th received signals, i.e.,

the inputs are 2×M neurons, which is to count the main ISI from the adjacent

122



Hidden Layer

Received Signal Symbol Class

…

…

…

s𝑘=0
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Input Layer Output Layer

Figure 6.1: Illustration fully connected NN based detector, where the input
layer is the received UV signals, and the output layer is the symbol classes
(here the symbols have two classes, representing the OOK modulations for
transmitter).

interval. The two hidden layers are with decreasing number of neurons and

with ReLU activation functions, i.e.,

Activation(x) = max{0, x}. (6.1)

The output layer is with neurons of which the number equals that of symbol

categories (e.g., 2 for OOK), and whose outputs are the probabilities of be-

longing to current categories. As such, at each kth transmission interval, the

forward function is to transform current and previous 2×M received signals

into the probabilities of symbol categories.

The training process involves adjusting the weights and biases of the

neurons in the network such that the output of the network matches the target

classes in the training data via minimizing a loss function. To be specific, as

Tx transmits a sequence of symbols that Rx is awareness of, the training data

can be specified as the knowledge of pairs of received signals and their corre-

sponding symbol categories. Then, the loss function is selected as cross entropy
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loss, which measures the dissimilarity between the predicted probabilities of

the symbol categories and the true symbol class labels.i.e.,

LossCE = − 1

|B|
∑
k∈B

sk · log2(yk). (6.2)

In Eq. (6.2), B is the batch set with size |B|, which are randomly selected from

total L pilot symbols transmitted at 1th, 2th, · · · , Lth transmission intervals,

sk is the exact symbol transmitted at kth transmission interval, and yk is the re-

sult of forward function of NN whose inputs are the corresponding received sig-

nals of kth and k−1th transmission interval, i.e., r(k−1)M+1, r(k−1)M+1, · · · , rkM
and r(k−2)M+1, r(k−2)M+1, · · · , r(k−1)M .

After the assignment of loss function with respect to the weights and

bias of each neuron, the training process is pursued via back propagation based

optimization algorithms, e.g., gradient descent, stochastic gradient descent,

Adam, to minimize the loss function. Here, the Adam optimiser [91, 92] is

selected, to derive the optimal/sub-optimal weights and bias for every neurons.

6.1.2 Simulation Results

In this part, the signal detection performance of the supervised NN-based UV

signal detector is evaluated. The simulation setting is shown in Table 3.1.

Here, only the OOK signal is provided for illustration. For the structure of

the NN, aside from the setting of input and output layers and the activation

functions, the number of neurons of the second and the third hidden layers

are assigned to be 128 and 64, respectively. In Fig. 6.2, the x-coordinate

of is the SNR in terms of dB, and the y-coordinate represents BER. Along

with the BER curve of the supervised NN detector, the previously proposed

HD non-coherent scheme and the state-of-the-art MLSD scheme are placed for

comparison. It is first observed that with the increase of SNR, the noise effect
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Figure 6.2: Performance of supervised NN based signal detector: BER versus
SNR in dB.

decreases and the BER of all schemes is decreased. Second, it is seen that the

supervised NN detector has better performance in the low SNR region. For

example, when SNR= 5dB, the BER of the supervised NN detector approaches

10−2, which is lower than that of the MLSD and the non-coherent scheme.

This is because in low SNR region, the performance of classical linear channel

estimation, e.g., LS, (serving as the prerequisite for coherent detection such as

MLSD) is compromised by the noise effect. In contrast, even if with the same

noisy pilot sequences as training data, the introduction of non-linearity via the

activation functions of NN paves its way to explore the hidden mapping from

the received signals to its transmitted symbols, which renders the lower BER

by a well trained supervised NN based detector. Next, it is shown in Fig. 6.2
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that with the SNR increases, MLSD outperforms the supervised NN detector,

consistent with the fact that MLSD with perfect CSI gives the optimal signal

detection performance.

6.2 Half-Supervised NN UVDetector with Ex-

plainable AI

It is noteworthy that the supervised NN detector inevitably suffers from the

heavy overhead burden of training data. This is especially worse when the

channel is time-varying, as NN requires to be re-trained for different CIR.

Moreover, fully connected NN does not have explainability given its black-box

nature. In this section, a half-supervised NN detector is provided, which is

able to adapt with the time-varying channel effect for UV communications.

Also, this NN is explainable by approximating the likelihood-based decision

surfaces in its core. The idea is to put the received UV signals as the input

of a Parzen window-based neural network (PNN), which aims to approximate

the likelihood PDF (conditioned on transmitted symbols). Then, a classifier

can be easily pursued given the approximated likelihood PDF.

The advantages here have two-folds. First, compared to the fully su-

pervised fully connected NN that requires data overhead for training and re-

training in the time-varying channel scenarios, the training process and over-

head of PNN is lightweight [93]. This is because the constructed feature is

in the binary detection framework, irrelevant with ISI, which makes its likeli-

hood PDF simple and therefore can be approximated by less samples (training

data). Second, other than the black-box fully connected NN that is opaque

and difficult for explanation, the essential of PNN is to approximate likelihood

for signal detection purposes, which is straightforward and is easily explainable

via mathematical deduction.
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6.2.1 Parzen Window PDF Approximation

The Parzen-windowing method [94] aims to approximate the desired PDF via

an assigned window and a function that is defined on it. The function here is

referred to as the window tailed function. As such, for the total M received

signals of kth symbol, i.e., rk ≜ [r(k−1)M+1, r(k−1)M+2, · · · , rkM ]T with the un-

known likelihood PDF conditioned on its transmitted symbol sk, i.e., p(rk|sk),

Parzen-windowing can approximate p(rk|sk) via the samples extracted by the

window function W (r), i.e. [94, 95],

p(rk|sk) ≃
1

L

L∑
l=1

1

ηd
·W

(
rk − r(l)

η

)
. (6.3)

In Eq. (6.3), r(1), r(2), · · · , r(L) are the L samples of the r. η represents the vir-

tual variance which will be discussed later. From Eq. (6.3), it is noticed that

the accuracy of the Parzen window approximation relies on how one designs

the window function W (r). Here, the general Gaussian Parzen window func-

tion is adopted as the stacked received signals rk follows the high-dimensional

Gaussian distribution (the received noise is assumed as independent Gaussian

distributed). As such, the window function is expressed as:

W (r) =
1√
(2π)d

· exp
(
−1

2
rT r

)
. (6.4)

Then, by taking Eq. (6.4) into Eq. (6.3), the approximated likelihood PDF

p(rk|sk) can be computed as:

p(rk|sk) ⋍
1

L

L∑
l=1

1√
(2πη2)d

· exp

[
−
(
rk − r(l)

)T ·
(
rk − r(l)

)
2η2

]
. (6.5)

After the approximation process of the likelihood PDF, it is shown in

the following equation that such approximation is unbiased with the increase
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of the number of samples. This is done by showing with the infinite number

of samples (training data), the approximated PDF equals the real PDF, i.e.,

lim
L→∞

1

L

L∑
l=1

1√
(2πη2)d

· exp

[
−
(
rk − r(l)

)T ·
(
rk − r(l)

)
2η2

]

=Er∗∼p(r∗)

{
1√

(2πη2)d
· exp

[
−(rk − r∗)T · (rk − r∗)

2η2

]}

=

∫
Rd

p(r∗) · 1√
(2πη2)d

· exp

[
−(rk − r∗)T · (rk − r∗)

2η2

]
dr∗

(a)
=

∫
Rd

p(r∗|sk) · p(rk|r∗)dr∗

(b)
=p(rk|sk).

(6.6)

In Eq. (6.6), (a) is due to the fact that the samples follow the distributions

of the real likelihood PDF, i.e., r∗ ∼ p(r∗|sk), and rk follows a Gaussian PDF

conditioned on r∗. (b) is because the Chapman-Kolmogorov function [96],

which suggests the unbiased likelihood approximation from the Parzen window

technique.

6.2.2 Parzen Window-based Neural Network Detector

After the description of the Parzen window technique, the implementation

details for likelihood approximation and further signal detection process are

elaborated. This is done by Parzen window-based probabilistic neural net-

works [97]. The structure of the PNN is shown in Fig. 6.3. The input layer

is the M received UV signals of kth transmitted symbol sk, which are then

forwarded to the pattern layer. The pattern layer is composed of the previous

L stacked received signals, i.e., r(L) = rk−1, r
(L−1) = rk−2, · · · , r(1) = rk−L, la-

belled by the corresponding symbols sk−1, sk−2, · · · , sk−L. Here, such symbols

can be the pilot sequences or from the previous signal detection results from

proposed non-coherent detection methods in Chapters 4-5. The output layer
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is the symbol classes, which are connected by the pattern neurons that are

labelled as belonging to those classes.

Pattern

…

s𝑘 = 1 𝑠𝑘 = 0

𝑠𝑘−𝐿 =0 𝑠𝑘−𝐿+1 =1
𝑠𝑘−𝐿+2 =1 𝑠𝑘−1 = 0

𝐫𝑘−𝐿

Input 𝑟 𝑘−1 𝑀+1

Class

𝑟 𝑘−1 𝑀+2 𝑟 𝑘−1 𝑀+3 𝑟𝑘𝑀

𝐫𝑘−𝐿+1 𝐫𝑘−𝐿+2 𝐫𝑘−1

Figure 6.3: Illustration of Parzen-PNN that consists of three layers, i.e., the
input layer fed by the designed metric zk, the pattern layer trained by the
labels sk−L, sk−L+1, · · · , sk−1, and the class layer for classification.

Training Process & Signal Detection

The training process of the PNN is straightforward from the samples, i.e.,

to directly assign L previous stacked received signals r(L) = rk−1, r
(L−1) =

rk−2, · · · , r(1) = rk−L as the values of the pattern neurons. Then, the output

of each pattern neuron rl (with 1 ≤ l ≤ L) is:

T (rk, r
(l)) = exp

[
−
(
rk − r(l)

)T ·
(
rk − r(l)

)
2η2

]
. (6.7)

In the output layer, for each output neuron (i.e., one symbol class), only the

pattern neurons that are labelled as that class will connect to it, which makes

the output of each neuron j as:

∆j(rk) =
∑

∀l, s.t. s∗l =j

T (rk, r
(l)). (6.8)
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Finally, the signal detection process can be pursued by the classification

decision, as

ŝk =

1, ∆1(rk) ≥ ∆0(rk),

0, ∆1(rk) < ∆0(rk).

(6.9)

In comparison with the fully connected NN detector with supervision,

the proposed PNN detector does not require training data overhead. Instead, it

directly extracts the previously received signals rk−1, rk−2, · · · , rk−L for further

likelihood PDF approximation and detection process. Also, PNN is relatively

simple compared with the other neural network architectures, e.g., recurrent

neural network (RNN) [98], and the radial basis function networks (RBFN)

[99].

Virtual Variance Assignment

One practical issue is how to assign the virtual variance η. The virtual vari-

ance η2 serves as the variance-like parameter in the exponential expression,

which will affect the accuracy of likelihood approximation and further the sig-

nal detection [100]. To be specific, a small η2 will produce a spike-like PDF

approximation, which leads to a curving decision surface and much extra false

detection (missing 1 bits). On the other hand, an over-smoothing likelihood

PDF would be provided with a large η2, which makes it insensitive to the re-

ceiving and thermal noises. Here, two guides to assign an appropriate virtual

variance are provided in the following.

Given the Gaussian distribution of the stacked received signals, an

straightforward way to assign the virtual variance as the variance of receiving

noise, i.e., η2 = σ2. The performance of this setting is provided in the following

simulation part.
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Whole Parzen-PNN Signal Detection Process

Parzen-PNN is a three-layer neural network. The first layer is the input layer

with M received samples of kth time-slot symbol, which then fully connect to

the second layer. The second layer is the pattern layer consisting of L neurons,

with the activation function as the exponential expression in Eq. (6.7). The

third layer is the output layer, whose neurons represent the classes. Recall that

the training process is to directly assign the pattern neurons as the vector of

the received signals of previous k − l (l = 1, · · · , L) time interval, and to

connect to the class neurons with the previous detection results. The process

of Parzen-PNN for kth time-slot is to (i) input the M received samples, (ii)

compute the exponential expression (pattern neuron activation function) by

Eq. (6.7), (iii) compute the value of each class neuron by Eq. (6.8), and (iv)

pursue symbol detection (classification) by comparing the computed values of

the class neurons via Eq. (6.9).

6.2.3 Simulation Results

In this part, the PNN based UV signal detector will be evaluated with OOK

modulation pattern for UV communications. The simulation configuration is

listed in Table 3.1.

The BER performance versus the SNR of the received signals is shown

in Fig. 6.4, where the x -coordinate of is the SNR in terms of dB, and the

y-coordinate represents BER. Also, the previously proposed HD non-coherent

schemes and the supervised NN detector are included for comparison. It is ob-

served that with increasing SNR, the noise effect decreases and the BER of all

schemes is decreased. Then, it is observed that the PNN scheme outperforms

the HD non-coherent scheme, but is worse than the supervised NN-based de-

tector. This is explained via the following two parts. First, when compared

with HD non-coherent detection scheme, PNN actually uses the full likelihood
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Figure 6.4: Performance of PNN based signal detector.

PDF, i.e., p(rk|sk), which contains more information than the compressed

one (compressed from M to D dimensions) used by HD non-coherent, i.e.,

p(zk = Hrk|sk). From this point of view, the detection of PNN can rely on

more signal-level features provided by the full likelihood, which leads to better

signal detection as opposed to the HD non-coherent scheme. Second, when

compared to the supervised NN-based detector, PNN has one layer less, which

makes it less effective to capture the nonlinearity and hidden relations between

the received signals and the transmitted symbols. In this view, as opposed to

the fully connected NN-based detector that is opaque to explainability, PNN

indeed sacrifices detection accuracy but has more explainable features given

its aims to approximate the likelihood PDF for signal detection.
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𝜂2 = 𝜎2

Figure 6.5: Selection of virtual variance η2, in which the suggested virtual
variance η2 gives the lowest BER.

Next, the effect of virtual variance on detection performance is consid-

ered. This is shown by Fig. 6.5, where the x -coordinate represents the virtual

variance η2 and the y-coordinate is the corresponding BER. As can be seen

from Fig. 6.5, with the increase of the virtual variance η2, the BER at first

goes down and then grows up. This can be explained by looking into Eq.

(6.5), in which a spiky Gaussian likelihood PDF will be achieved with a small

η2, but a smooth likelihood PDF will be reached if η2 is too large. The former

will cause false detection by missing the amount of 1− bit whereas the latter

will make the detector insensitive to the receiving noise. Then, it is found

that the suggested virtual variance setting, i.e., η2 = σ2 provides the optimal
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BER, which demonstrates the completion of the proposed PNN-based signal

detector.

6.2.4 Conclusion & Discussion

This chapter has deeply explored the hidden nonlinear characteristic of UV

signals, in which machine learning techniques have been utilised to train the

detector process via the combinations of linear weights and bias of neurons

and the nonlinear activation functions. Firstly, a supervised fully connected

NN has been used to map the received UV signals to their transmitted sym-

bols. The neurons of the output layer of the trained NN present the nonlinear

features for non-coherent detection, which outperforms the state-of-the-art

MLSD in the low SNR region and gives a comparable BER (the gap is less

than 1dB) in the high SNR region. The supervised NN-based detector re-

quires data overhead for training and re-training in the time-varying channel

scenarios and is difficult to be explainable due to its black-box nature. This

further makes the NN-based features in-explainable. To solve this problem,

a physical-aware Parzen window-based NN detector has been designed, which

aims to approximate the likelihood PDF of the received signals, and thereby

is easily explainable via mathematical deduction.
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Chapter 7

Summary & Future Works

7.1 Summary of this Thesis

Wireless UV communication is regarded as a promising supplement for conven-

tional wireless communication systems, due to its (i) strong scattering induced

NLoS to make flexible device alignment, and (ii) the solar-blind property to

prevent from contamination of solar beam. However, these characteristic also

leads to two challenges that cause communication performance deterioration.

Firstly, compared with other FSOs using different wavelength, the scattering

phenomenon gives rise to more intensive ISI. Secondly, the flexible device de-

ployment may produce a time-varying channel effect. Both are heavily deteri-

orating the estimation/detection of the transmitted symbols from the received

signals. To deal with the these issues, the coherent detection schemes leverag-

ing the CIR estimation have been well studied to compensate the ISI effect.

However, the coherent schemes are less attractive when addressing the signal

detection in the time-varying UV channel, as it will fall into either overhead

burden of pilot sequences and resources or poor CIR acquisition that further

hinders the detection performance.

In this thesis, a novel non-coherent detection framework has been pro-
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posed and studied, which aims to convert the sequential signal detection pro-

cess into a discrete binary detection framework, by the construction of ISI-

resistant features. By doing so, the complex channel estimation process and

the pilot sequence overhead issues for time-varying CIR scenarios have been

solved. To implement this idea, features were designed by (i) manually extract-

ing the signal geometric features (e.g., the rising edge, the inflection, and the

energy difference) that are inherently resistant to the ISI effect, and (ii) using

NN-based methods to learn more sophisticated nonlinear and hidden features

for signal detection. Theoretical proof and simulation have been performed to

demonstrate the feasibility and the performance of the proposed non-coherent

idea and algorithms, which show comparable symbol detection accuracy with

the state-of-the-art coherent detection scheme but with lower computational

complexity. In this view, by casting the complex sequential detection into

the concise discrete detection framework, and combining the manual and ma-

chine learning-based ISI-resistant feature construction, this work provides a

novel idea, not only for UV communications but also can be applied to other

communication and signal detection scenarios suffering from ISI.

In Chapter 2, a literature review on existing detection methods have

been conducted. These methods have been classified into two genres: coherent

detection and non-coherent detection. Several conventional methods have been

introduced with detailed theories and implementations.

In Chapter 3, the basic ultraviolet communication system has been

illustrated. Besides, the effect of ISI on the UV channel has been evaluated

by numerical simulation, in terms of varying the symbol rate and the different

modulation methods (i.e., J-PAM).

In Chapter 4, the 1D non-coherent method tries to find the optimal

linear combination of the designed ISI-resistant features, by minimizing the

theoretical BER. Firstly, four linear features of UV signals have been designed
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and extracted based on the geometry shapes of the received signals. These in-

clude the intra-symbol rising edge, the intra-symbol energy, the inter-symbol

minimum inflection, and the inter-symbol energy difference of the signal re-

spectively. Such features are inherently insensitive to ISI contamination. Sec-

ondely, leveraging the extracted four features, two novel non-coherent schemes

have been proposed (i.e., EWNCD and OWNCD). The proposed 1D non-

coherent schemes are capable of converting the detection scenarios with ISI

into a binary detection framework, which avoids the complex channel esti-

mation process. Moreover, the proposed OWNCD method is able to adjust

the optimal weights with respect to the different levels of the ISI intensities

and therefore delivers a better detection performance. Thirdly, in order to

automatically adjust the time-varying channel, a heuristic algorithm has been

designed to adaptively achieve the optimal weights. This heuristic algorithm

relies on the previous data that can reflect the continuous changes in the chan-

nel environment, thereby capable of addressing the time-varying UV channel

challenges, but with lower computational complexity. Finally, the detection

performance of the proposed EWNCD and OWNCD schemes have been nu-

merically evaluated. Compared to the state-of-the-art coherent MLSD in the

cases of static and time-varying CSI, the proposed OWNCD can gain ∼1 dB

and ∼8 dB in SNR at the 7% overhead FEC limit (BER of 4.5 × 10−3), re-

spectively, and has also reduced the computational complexity by four orders

of magnitude.

In Chapter 5, a high-dimensional non-coherent detection method has

been illustrated, which is capable of dealing with the multi-level PAM modu-

lations. To be specific, a high-dimensional combination of the designed geomet-

rical features has been constructed, which leads to a high-dimensional feature

space. Leveraging these extracted ISI-resistant features, the HD detection

method transforms the ISI-caused sequential detection into the ISI-released
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multi-hypothesis detection framework, which, therefore, avoids the high com-

putational CIR estimation and sequential likelihood computations required

by the coherent schemes. Then, the BER performance of the HD method

has been analyzed, by deriving the theoretical BER of the HD feature-based

non-coherent detection. It mathematically shows it is better than the previ-

ously proposed one-dimensional non-coherent schemes, in terms of the BER

performance. Next, a clustering algorithm has been designed to conduct the

classification of the HD features for signal determination, based on the GMM

clustering framework. Finally, numerical simulation has been conducted to

evaluate the HD method. This has illustrated that the proposed HD method

is able to provide higher SNR for signal detection than current non-coherent

schemes, which leads to a very-close detection accuracy with the state-of-the-

art coherent MLSD (< 1dB in SNR at the FEC limit BER=4.5 × 10−3).

These thereby have demonstrated the promising pathway of the proposed

non-coherent scheme towards a low-computational but high-accurate detec-

tion paradigm for optical wireless communications with intensive ISI.

In Chapter 6, to deeply explore the hidden nonlinear characteristic of

UV signals, machine learning techniques have been utilised to train the detec-

tor or feature construction process via the combinations of linear weights and

bias of neurons and the nonlinear activation functions. Two different machine

learning technologies have been investigated. First, a supervised fully con-

nected NN has been used to map the received UV signals to their transmitted

symbols. The neurons of the output layer of the trained NN present the nonlin-

ear features for non-coherent detection, which outperforms the state-of-the-art

MLSD in the low SNR region and gives a comparable BER (the gap is less

than 1dB) in the high SNR region. However,the supervised NN-based detector

requires data overhead for training and re-training in the time-varying channel

scenarios and is difficult to be explainable due to its black-box nature. This
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further makes the NN-based features in-explainable. To solve this problem,

a physical-aware Parzen window-based NN detector has been designed, which

aims to approximate the likelihood PDF of the received signals, and thereby

is easily explainable via mathematical deduction.

7.2 Future Works

The future works will mainly focus on pursuing deep machine learning method

to extract the hidden feature for accuracy detection, and try to build a reli-

able and explainable artificial intelligence (X-AI) [101] framework for signal

detection combating ISI.

7.2.1 Reinforcement Learning the Optimal Feature Con-

struction

In the Chapter 6, NN-based algorithms have been used as classifiers to map

the input received UV signals to the output symbol category for detection

purposes. The disadvantage is their reliance on labelled pilot sequences. In

the future, I would like to use reinforcement learning to learn the features

that can distinguish the transmitted symbols, which does not require pilot

sequences. The aim is to learn the mapping from the received signals to

detection features, which will then be used for classic signal detection method

(e.g., GMM in Chapter 5).

Given the continuous space of the features, the deep deterministic pol-

icy gradient (DDPG) based feature construction scheme will be used. This

is different from other popular reinforcement learning framework (e.g., deep

Q network, and Proximal Policy Optimization), where only discrete actions

or stochastic actions can be achieved [102–104]. In the following, the DDPG

based feature construction method will be provided, with preliminary schematic
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flow.

DDPG based Feature Construction

DDPG framework contains the actor and critic NNs. As is shown in Fig. 7.1,

the input of the actor NN is the state from environment, and the output is the

action corresponding to the input state. For the critic NN, the input is the

combination of the state from environment, and the action provided by the

actor NN. The output of the critic NN is the q value to evaluate the current

inputted state and action. Here, both actor and critic NNs contain the real-

time ones, denoted as πθ(state) and Qϖ(state, action), and the targeted ones,

denoted as πθ−(state) and Qϖ−(state, action), where the aim of the targeted

ones are to store the NN parameters θ and ϖ from speed updating (referred

to as the off-policy).

Actor Neural Network

State:
Received 

Signal

Action: 
UV features

Critic Neural Network

Q

Figure 7.1: Illustration fully connected NN-based detector, where the input
layer is the received UV signals, and the output layer is the symbol classes
(here the symbols have two classes, representing the OOK modulations for
transmitter).
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To implement the DDPG framework, the first step is to define the state

and action spaces, and the corresponding reward function. In the context of

the UV communication scenario, the state at kth time step, denoted as uk, is

set to be the received signals of (k − 1)th and kth transmitted symbols, i.e.,

uk =
[
r(k−2)M+1, ..., rkM

]T
(7.1)

Here, the inclusion of (k − 1)th symbol is to compensate main part of ISI

components. Then, the action for kth transmitted symbol is the features for

further detection purpose, denoted as z̃k, which is assigned as the output of

the actor network, i.e.,

z̃k = πθ(uk). (7.2)

After the description of the state and action pair, the reward is set as by the

GMM clustering results of z̃1, z̃2, · · · , z̃k. To be specific, by denoting the two

(for OOK symbols) clustering centres as µ0 and µ1, and the variance of clusters

as σ2
0 and σ2

1, the reward is set as:

reward = c1|µ1 − µ0|2 − c2(σ
2
0 + σ2

1) (7.3)

where c1 and c2 are the weights for the combination. In Eq. (7.3), the first

term is to make the gap between two clustering centres be huge to distinguish

the different symbols, and the second term is to make the variance of each

cluster be small to avoid the noise effect.

Training Process

The training process of DDPG can be revealed in Fig. 7.1. For the critic

network, the training process follows the Bellman function. To be specific,

given a batch set B, for ∀i ∈ B state ui, the wanted q value can be computed
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as:

yi = reward+ γQϖ−(ui, πθ−(ui)), (7.4)

where γ is the discount, and πθ−(ui) represents the current action computed

by the target actor NN. Then, the aim is to make the q value from current

critic network being close to the wanted q value, i.e.,

Losscritic =
1

|B|
∑
i∈B

(yi −Qϖ(ui, zi))
2 . (7.5)

Leveraging Eq. (7.5), the parameters in critic NN, i.e., ω can be learned by

the Adam optimiser via stochastic gradient descend.

Then, for the actor NN, the objective is to maximize the q values of

current state and the action. As such, the loss function is expressed as:

Lossactor = − 1

|B|
∑
i∈B

Qω(ui, πθ(ui)). (7.6)

As such, the parameters in the actor NN, i.e., θ, can be learned by the Adam

optimiser with stochastic gradient descend.

Next, a soft strategy is employed to update the target actor and critic

NNs. This is done by a small merging parameter τ to combine the current

updated NNs with the target ones, i.e.,

θ− = τθ + (1− τ)θ, (7.7)

ϖ− = τϖ + (1− τ)ϖ. (7.8)

Detection Process

After the convergence of the training process, the feature can be derived via

the trained actor NN. Then, the procedure to detect the transmitted symbol
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is to input the constructed feature into the classic GMM clustering algorithm.

7.2.2 Expand to Explainable AI

Then, in the future works, industrial engineering and applications will be taken

into account. This includes but is not limited to understanding their KPIs,

and also developing a more straightforward, interpretable, and trustworthy

approach is required. Machine learning is a useful tool in solving complex

problems with little expertise, which has been considered in this work to ex-

plore better and hidden features for detecting signals in the ISI contaminated

scenarios. However, there is still a gap between the manually designed features

and the NN trained features, and how to make those human expert features

guide the NN for better ones would be an interesting topic.

To explore better features that is explainable and can resist ISI better,

relying solely on the NN-based feature construction is inadequate. This is be-

cause the black-box nature of NN lacks transparency and interpretability via

its inexplainable weights and bias. From this point, this may also makes them

being susceptible to malicious/unintended inputs that will result in unreliable

results. Therefore, the next step involves enhancing the explainability of the

NN based feature construction schemes. Cutting-edge techniques and metrics,

such as neuron visualization and NN symbolic representation, will be employed

to create a trustworthy and interpretable artificial intelligence (X-AI) frame-

work for signal detection that addresses ISI and adversarial environments.
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