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ABSTRACT 

Air pollution has detrimental impacts on the people, the environment, and the global 

economy; however, this issue is somewhat under-recognised in many nations, despite 

having an advanced healthcare infrastructure. Accurate, reliable, and real-time 

forecasting of air pollutants is critical to minimise adverse health outcomes, and 

improving the quality of human life. In comparison with other developed nations, 

Australia has a relatively higher standard of air quality. Despite this, approximately 

5,000 annual deaths are attributable to air-borne issues (AAS 2021). The Environment 

Protection Agency (EPA-VIC 2016) forecasts that population growth, increased 

urbanisation, and uncontrolled fossil-fuel emissions may result in summer smog, 

getting significantly pronounced after 2030. Australia’s arid nature with frequent dust-

storms and bushfires could further exacerbate the particle-borne air pollutants. 

Therefore, scientifically verified, and robust artificial intelligence methods are 

essential for efficient air quality forecasting that can support the Australian 

Government's health and environment protection policies.   

This doctoral research presents a novel study based on the development of 

computationally efficient artificial intelligence models that can provide early warnings 

through an air quality forecasting system. In the first objective, a novel hybrid artificial 

intelligence framework based on machine learning or an online sequential-extreme 

learning machine algorithm is developed to emulate hourly air quality variables i.e., 

fine particulates (PM2.5), coarse particulates (PM10), and the visibility reducing 

particles. These are associated with increased respiratory-induced mortality resulting 

in recurrent healthcare costs. The second objective further advances the first objective 

by introducing deep learning algorithms to develop a forecasting system for suspended 

particulate matter. As remote sensing data are also an important predictor for 

meteorological variables, the third objective has constructed a one-dimensional 

convolutional neural network (CNN) integrated with a one-directional fully gated 

recurrent unit (GRU) model using satellite and ground-based observations producing 

reliable estimates of PM10. The study areas considered are all major Australian air 

pollution hotspots, posing a growing hazard to public health. The results reflect that 

meteorological data, geographical information, and important statistical metrics have 

further improved the prediction accuracy in all the objectives. 
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By providing a high-resolution spatiotemporal forecasting system, the doctoral 

research results may provide scientific innovation and knowledge contributions 

facilitating further studies, enhancing the understanding and dynamic evolution of 

airborne pollutants. These findings could also facilitate the necessary pre-emptive 

actions during bushfires seasons, frequent dust storms in real-time warnings so our 

citizens can plan and minimise exposure risks. Another significance of the doctoral 

study is protecting vulnerable population groups (e.g., frail elderly, people with 

sickness, expectant mothers, and children) so the proposed models can be updated 

when new, higher-resolution satellites are launched. 

In synopsis, the novel state-of-the-art artificial intelligence models in this 

doctoral research have the potential to provide significant economic and advisory 

benefits for the government, particularly in air quality and health policy development. 

The predictive system can also be of global importance, where air quality poses a 

serious health risk. Therefore, the outcomes of this doctoral research can be adopted 

in constructing a real-time forecasting system tailored for environment protection 

industries, public health, governments, and other stakeholders.  
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hybrid CLSTM model. Note: The selected variables are captioned in 

red (a) Brisbane (b) Townsville (c) Hopeland, (d) Miles Airport 

Figure 4 Partial autocorrelation of TSP time-series. The green symbol shows 

the most significant lagged TSP used to develop the proposed APF 
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system using the hybrid CLSTM model. (a) Brisbane (b) Townsville 

(c) Hopeland, (d) Miles Airport. 

Figure 5 (a) Testing performance of CLSTM vs. the five other competing 

models evaluated using Legates & McCabe Index (L). (b) 3D-Bar 

graph of the mean absolute error (MAE). 

Figure 6 Scatterplot of forecasted (‘For’) vs. observed (‘Obs’) TSP in the model 

test phase. (a) Brisbane, (b) Townsville, (c) Hopeland, (d) Miles 

Airport. Note that the coefficient of determination (R2) is indicated in 

each subplot. 

Figure 7 Relative forecasted error (%) in TSP generated by CLSTM vs. five 

other competing models. (a) Brisbane, (b) Townsville, (c) Hopeland, 

(d) Miles Airport sites. Note that the axis from origin denotes the 

proportion of model error per hour. 

Figure 8 Forecasted vs. observed TSP in the test phase. (a) Brisbane, (b) 

Townsville, (c) Hopeland, (d) Miles Airport. 

Figure 9 (a-d). Performance evaluation with epoch = 2000 at Townsville in 

the test phase (July–December 2018). 

 

Chapter 5 

Novel hybrid deep learning model for satellite-based PM10 forecasting in most 

polluted Australian hotspots  

 

Figure 1 
(A) A color-coded heatmap with a visual overview of low, average, or 

high correlation of the variables considered in the study for the state 

(a) Queensland, (b) New South Wales, (c) South Australia, and (d) 

Victoria. The acronyms are discussed in Table 2.  

(B) Study sites in Australia where the proposed hybrid CNN-GRU was 

implemented.  

(C) The Structure of the GRU cell.  
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(D) Flowchart detailing the methodology in the model designing  

phase, as adopted for the construction of the proposed deep learning 

hybrid CNN-GRU model forecast PM10 (µg/m3) at an hourly time 

horizon.  

Figure 2 (A) Cross-correlations (rcross) showing co-variance between the air 

quality vs. its predictor variables (acronyms described in Table 4) used 

for designing the objective air forecasting tool with a hybrid CNN-

GRU model for Queensland state.  

(B) Partial autocorrelation of PM10 (µg/m3) showing the most 

significant lag for (a) Queensland, (b) New South Wales, (c) South 

Australia, and (d) Victoria. 

Figure 3 

 

 

 

 

Figure 4  

(A) Hotspots chosen in the research to forecast hourly PM10 (µg/m3). 

(B) Testing performance of CNN-GRU vs. the six others competing 

 models evaluated using the Willmott index of agreement (WI). 

 (C) A 3D-Bar graph of root mean square error (RMSE, µg/m3). 

 (A) A combo-clustered column and a line chart showing the Kling-  

 Gupta efficiency (KGE; RKG) and mean bias error (MBE; %),      

 comparison of the states of Qld, NSW, SA, and VIC. 

 (B) Training and Validation loss comparison of CNN-GRU for 

Queensland site in the testing phase. 
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CHAPTER 1 INTRODUCTION 

 

1.1 Background 

Air quality (AQ) affects our health, the liveability of our cities, towns, and our natural 

environment. Air quality is one of the major issues within an urban area that affects 

people's lives while existing observations of AQ are not adequate to provide 

comprehensive information to help vulnerable populations to a better plan. Australia 

is a developed nation and compared with other nations around the world, it has a 

relatively higher air quality standard. Despite this, challenges to maintaining clean air 

still exist that include population growth, increased urbanisation, surging demand for 

transportation (especially air transportation), and energy consumption. Considering 

some recent statistics, from October 2019 to February 2020, as Australia grappled with 

mega-fires with unprecedented intensity, more than 3 billion animals and around 

437,000 people were exposed to air with a PM 2.5 concentration of least 25 

micrograms per cubic meter of air, which is substantially more than the 15 micrograms 

per cubic meter of air that the World Health Organization considers an acceptable level 

for short-term exposure. At times, PM2.5 concentrations increased by more than 3.5-

fold because of the fires, as indicated by the authors (Graham et al. 2021) estimate. 

Every year in New South Wales, at least 279 people die prematurely because of toxic 

air pollution from the state’s five coal-fired power stations. The health impacts of poor 

air quality also include 233 babies born with reduced birthweight, 361 people 

developing type 2 diabetes and 2,614 years of life lost each year due to uncontrolled 

air pollution from the power stations. 

A significant challenge is the insufficient spatial measurement of AQ 

parameters. The ground-based weather stations continuously collect data but are only 

available in a limited number of locations. On the other hand, the remotely sensed 

satellite-based data are more suited for spatial studies however, satellites may pass a 

given location at the same time each day and miss out on the emissions variations at 

different hours over the whole day. This, combined with the arid nature of Australia 

with frequent wind-blown dust storms and bushfires, can exacerbate the particulate air 

pollution both temporally and spatially. Therefore, a robust forecasting method, used 

to constantly monitor the quality of air, which can consider these factors, is needed to 
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forecast the AQ more accurately and efficiently whilst supporting the Federal and 

Local Government’s policy development. 

        This doctoral thesis aims to investigate the feasibility of AI models that can 

predict ‘particulate matter (PM or particle pollution)’, as a critical indicator for 

measuring and controlling the degree of air pollution (measured in µg/m3) and 

referring to extremely small solid particles and liquid droplets found in the air (NSW 

2021a).   

Particulate matter, in the context of this doctoral thesis, includes the following: 

• Fine particles or PM2.5: Extremely fine inhalable particles, with diameters that 

are generally 2.5 micrometres and smaller (Squizzato et al. 2017). The main 

sources of PM2.5 are road dust, emissions from combustion of gasoline, oil, 

diesel fuel, wood products or coal- or natural gas-fired power plants, and 

fireplaces to name a few (Broome et al. 2020). This has been the subject of 

several research studies that have indicated that long-term PM exposure has 

adverse effects on mortality from cardiovascular and respiratory diseases 

(O’Neill, Zanobetti & Schwartz 2003; Bateson & Schwartz 2004; Glinianaia 

et al. 2004; Dominici et al. 2006; Zhou et al. 2010; Leitte et al. 2011; Langrish 

et al. 2012; Zhou et al. 2014). Owing to its severity and to address rising health 

issues arising from it, precise and real-time prediction of PM2.5 is of vital 

importance.     

• Coarse particles or PM10: Inhalable but coarser particles, with diameters that 

are generally between 2.5 µm and 10 µm (Andrews 2008). The main sources 

of PM10 are dust from construction sites, landfills and agriculture, wildfires and 

brush/waste burning, industrial sources, wind-blown dust from open lands, 

pollen, and fragments of bacteria (Chan et al. 1999). The severity of ill health 

impacts arising from high exposure to PM10 range from asthma to bronchitis to 

strokes and even premature death (Krzyzanowski et al. 2005; Walsh 2014; 

Kim, Kabir & Kabir 2015). 

• Total Suspended particles or TSP or SPM: Airborne particles up to about 

100 µm in diameter are referred to as TSP (total suspended particles or 

suspended particulate matter) (Qld 2021). The main source of these particles is 

combustion and non-combustion processes, including windblown dust, sea 
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salt, earthworks, mining activities, industrial processes, motor vehicle engines, 

and fires (Chaulya 2004). This pertinent air pollutant is mainly responsible for 

the increased nuisance, aspect of soiling of property and materials. 

• Visibility-reducing particles (aerosols) are also monitored to assess loss of 

visual amenity (the distance one can see clearly) (Qld 2021). The agricultural, 

industrial activity remnants, and wildfires are some of its common sources with 

safety implications in areas such as the aviation industry (Hyslop 2009). 

        Fundamentally, PM comes under one of the most challenging optimisation 

problems in present times, both for air quality and for climate change policies 

(Valavanidis, Fiotakis & Vlachogianni 2008). Forecasting air quality and designing a 

practical air quality system is a very difficult problem. This is due to the chaotic 

behaviour of air pollutants (Lee & Lin 2008). It also creates further difficulties in 

tracking their three-dimensional movement over several temporal domains. Their high 

importance for environmental policy is also one of the reasons for the growing 

scientific interest in published literature. When we forecast spatially correlated time 

series data, this becomes more challenging due to linear and non-linear dependencies 

in the temporal and spatial dimensions (Lin et al. 2018). To alleviate the urgency of an 

early warning system, accurate and robust air quality models for forecasting are needed 

which will assist in decision making and policy formulation. (Shaban, Kadri & Rezk 

2016).   

       Recent decades have seen the forecasting of air pollutants undertaken largely by 

three main categories of models: Physically driven (Kukkonen et al. 2012), data-driven 

or statistical or machine learning model (Karatzas & Kaltsatos 2007), and deep 

learning models in air quality (Sharma et al. 2020). Physically driven models, also 

addressed by dynamic models offer good accuracy and generally focus on the scientific 

evaluations and are considered the gold standard in the industry such as the 

Community Multiscale Air Quality (CMAQ) model that provides good accuracy (Byun 

& Schere 2006). An important issue leading to their fading importance in forecasting 

air quality is higher run-times due to the non-stationarity of predictor variables and 

sometimes overfitting (Pan et al. 2017). Such limitations can lead to substandard 

results, providing another pathway for an improved version of data-driven or machine 

learning models (Ghimire et al. 2019b, 2019a). These statistical models have limited 
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forecasting accuracy due to their inability to handle multivariate and nonlinear time 

series datasets (Tao et al. 2019).  Other factors affecting air pollution forecasting are 

various meteorological factors, traffic, etc. When considering these, sometimes 

statistical and machine learning models fail to consider parameter correlations and 

substantial multivariate air quality datasets (Zhu, Liang & Chen 2021). In recent years, 

with the rapid growth of artificial intelligence and big data techniques, deep learning 

(DL) has attracted considerable attention. Becoming an active research field for air 

quality forecasting, several studies show that the following characteristics help deep 

learning in attaining a forecasting and competitive edge in comparison to the earlier 

counterparts (Zhang et al. 2015): 

• Greater precision (Zhang et al. 2015) 

• Superior capability to address complex data problems and relatively complex 

function approximations (Ahmed et al. 2021). 

• Nonlinear mapping capability (Saxe, McClelland & Ganguli 2013). 

• Analysis of convoluted (i.e. stochastic) dataset (Reznikov et al. 2020). 

• Ability to use in multiple application areas such as pain intensity estimation 

(Bargshady et al. 2020), solar radiation forecasting (Ghimire et al. 2019b, 2019a), 

and seizure diagnosis (Al-Hadeethi et al. 2020) to name a few. 

Using deep learning methods, this PhD thesis aims to explore the feasibility of 

existing machine learning methods to create improved hybrid machine learning 

models that offer an efficient performance of air quality forecasting. The work aims to 

also recommend new and advanced models that may, therefore, be of potential use in 

the health environment and useful to governments globally in the planning and policy-

making aspects related to air quality. The following subsections of this chapter present 

the air pollution problem in more depth, providing the research motivation and 

objectives, the expected contribution, and finally, the structure of the rest of the thesis.  

   

1.2 Research Problem 

Air quality monitoring and modeling have become equally important to ensure that the 

public gets real-time health alerts and advice based on their areas' pollution levels. This 



 

5 

 

need has advanced air quality forecasting as the major research area in environmental 

data engineering. Timely forecasting is also beneficial for supporting environmental 

management decisions as well as averting serious accidents caused by air pollution. 

Furthermore, several time horizons in the future can also have an immense impact on 

air pollution management, consequently improving social, economic growth, and 

public health. 

       Australia is a developed nation with generally good air quality measurements; 

however, the current air pollution regulatory standards are not strong enough to protect 

human health. National air pollution limits currently exceed the World Health 

Organisation’s recommended thresholds and by international comparison, lag 

significantly. Much stricter standards have been adopted in many other countries, 

including the United States of America, China, and the European Union (EJA 2021). 

Each year, more than 5000 Australians die from exposure to air pollution – that’s four 

times the national road toll and could be prevented (AAS 2021). Most of the air 

pollution in Australia comes from aging coal-fired power stations and motor vehicles. 

Unlike most other countries, Australia’s laws, regulations, and standards for these two 

sources of toxic pollution are incredibly weak (Dean & Green 2017). 

       The detrimental health risks of unprecedented Australian bushfire smoke levels 

have further raised alarming concerns regarding air quality monitoring. The ‘Black 

summer fires’ of 2019-20 resulted in the worst-ever air emission footprints to date with 

critical environmental pollutants, particularly particulate matter (PM) reaching nearly 

400µg/m3; described as hazardous by the World Health Organisation (Davey & Sarre 

2020). A massive 80% of Australians were impacted, 27.2 million acres burnt, with 

over $10 billion in national financial impacts (Ryan, Silver & Schofield 2021). There 

seem to be discrepancies in the presentation of existing air quality metrics used by 

states, territories, and the Australian government departments such as the composite 

Air Quality Index, stratifying health messages into colour-coded bands (very good, 

good, fair, poor). This air quality information and related health advice across 

jurisdictions are confusing for the public. Further government investment is needed in 

air quality forecasting models, public health messaging, and exposure reduction for 

futuristic measures to protect Australians from the hazards of bushfires and dust 

storms. 
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       Analysing Australia National Pollutant Inventory (NPI) data to estimate air 

pollutants, coal mines accounted for 42.1% of national PM10 air emissions from NPI 

sites. PM2.5 from coal mines accounted for 19.5% of the national total, metals for 

12.1%, and nitrogen oxides for 10.1% (Hendryx et al. 2020). Air pollution in the Upper 

Hunter, one of the most polluted regions of Australia was reviewed (Higginbotham et 

al. 2010) to highlight the inaction of Australian States in addressing residents’ health 

concerns. However, (Broome et al. 2015) studied ambient PM2.5 and ozone in 

metropolitan Sydney and the public health impacts. Mount Isa, Queensland, Port Pirie 

Smelter in South Australia, La Trobe Valley in Victoria are some of the top particulate 

producing hotspots in Australia (Price et al. 2012).  

       Motivated by the critical reasons mentioned above, this doctoral thesis focuses on 

forecasting the air quality, especially all forms of particulates at short and medium 

temporal horizons for Australia using the machine and deep learning approach. The 

thesis also assesses the impact of several potential satellite-extracted and ground-based 

meteorological variables on forecasting air quality. The study regions are the major 

Australian hotspots where particulate matter concentration is high such as parts of 

Queensland, New South Wales, Victoria, and South Australia. 

 

1.3 Research Aims and Objectives 

Within the scope of the research gaps already identified in this doctoral thesis, the 

primary purpose of this research is to develop a robust and computationally efficient 

hybrid model based on the artificial intelligence applied to the problem of air quality 

forecasting. The thesis reports on the research which examined a set of case studies in 

Australia across short and long-term horizons. This is presented as a collection of three 

high-impact, Scopus Q1 publications as a core contribution of this PhD thesis by 

Publications. 

To achieve the aim of this study, the following objectives are presented: 

i. Develop and evaluate a novel hybrid air quality early-warning framework 

ICEEMDAN-OS-ELM (Improved Complete Ensemble Empirical Mode 

Decomposition with Adaptive Noise (ICEEMDAN) with the Online 

Sequential-Extreme Learning Machine (OS-ELM)) that emulated hourly 

particulates (PM2.5 and PM10) with atmospheric visibility reducing particles 
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(VIS). It was benchmarked with ICEEMDAN-multiple-linear regression 

(MLR), ICEEMDAN-M5 model tree, and standalone: OS-ELM, MLR, M5 

model tree using Queensland and New South Wales data. The article has been 

published in Science of the Total Environment (Vol: 709 (2020):  Page(s): 

135934 – 135957, ISSN: 0048-9697).  

ii. Design deep learning techniques for hourly suspended particulate matter 

forecasting with Convolutional Neural Network (CNN) and Long Short-Term 

Memory (LSTM) networks to create a novel CNN-LSTM framework for 

Australia. The article has been published in IEEE ACCESS (Vol: 8 (2020):  

Page(s): 209503 – 209516, ISSN: 2169-3536) 

iii. Investigate the association of meteorological parameters in forecasting hourly 

air quality for the most polluted Australian hotspots through hybrid deep 

learning of Convolutional Neural Network (CNN) and Gated Recurrent 

Network (GRU) to create CNN-GRU architecture. The article has been 

published in Atmospheric Environment. (Vol. 279 (2022),  Pages(s): 119111-

24.) 

Other than the three primary objectives identified as a core part of the PhD program, 

the doctoral research has also focussed on a further two research objectives covering:  

(1) a systematic review paper on air quality and COVID-19, and  

(2) an original research paper on Artificial Intelligence-based Bit-wise Decoding of 

Error-correction Codes for Radio Communications for future defence applications. For 

this aspect, an APR. Intern PhD internship program (over 5 months) was conducted 

with external funding from the Australian Department of Defence. A media article by 

APR.Intern is here. 

The details of these additional articles are given in section 1.5 thesis layout and 

Appendix A and B. 

 

1.4 Significance of the Research study 

Using an artificial intelligence approach this thesis reports the potential utility of an 

air pollution forecasting system that was developed and evaluated at short and 

https://www.usq.edu.au/news/2021/09/ai-radio-system
https://aprintern.org.au/2021/09/23/making-waves/
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medium-scale timesteps with case studies in Australia. The models developed in the 

study carry significant merits, as summarised below: 

i. A significant literature gap has been bridged in this work where novel 

frameworks have been modelled in all three prime objectives for pollutant 

modelling, particularly for Australia, and therefore, can be used as a pragmatic 

tool in monitoring the atmospheric environment. 

ii. The atmospheric modelling effort assists in the evaluation of the impact of 

pollutants on health, and the environment, and contributes to research on air 

quality and general risk assessments. It can be used as an early warning 

decision support system for the government of any country. 

iii. This research work is a paramount step regarding the construction of an 

effective air pollutant forecasting technology making a vital impact on the 

environment and health risk alleviation.   

iv. The developed hybrid artificial intelligence and deep learning models are vital 

for health policymakers and state governments for better future planning and 

policy development. These modelling strategies can provide timely 

information for rapid decision-making during extreme events such as bushfires 

and dust storms.  

v. In modelling the air pollution forecasting frameworks, efficient and practical 

architectures have been designed.  This exemplified the proposed methods as 

a superior tool for forecasting air quality magnitudes both at short and medium 

scales. This has positive implications for providing advice on air quality and 

addressing the current challenges to the public health sector.    

vi. The limitations of traditional statistical models in modelling the proposed 

architecture have been identified leading to an understanding of the hybrid 

frameworks, their advantages, and how they can overcome the challenges 

experienced in the conventional statistical methods. 

The programming algorithms implemented in this research were developed on a 

Windows 10 platform Intel® core™ i7 Generation 9 @ 3.7 gigahertz processing unit, 

16 GB memory, MATLAB, and Python programming language (Sanner 1999) and 



 

9 

 

freely available open-source libraries (i.e., Keras (Ketkar 2017), Tensor Flow (Abadi 

et al. 2016),  and Scikit-learn (Pedregosa et al. 2011)). 

1.5 Thesis Layout 

This thesis is organised into six chapters, comprising three major studies, presented as 

a PhD Thesis by Publications. They are followed by the conclusion that summarises 

the challenges, findings, significance, and scientific contributions of this study and 

recommendations for future works. Furthermore, the details of the one article under 

review and one submitted are given in Appendix A and B. 

The thesis schematic and the six chapters are as follows: 

Chapter 1 describes the introductory background and the statement of the problem of 

the research and presents the objectives of this study. 

Chapter 2 presents the area of study, data, and general methodology used in this study 

and lays the background for the forthcoming chapters. This chapter provides general 

viewpoints while the specific study area, data, and methods are presented in the 

respective chapters. 

Chapter 3 presents a published journal article in Science of the Total Environment 

(Vol: 709 (2020):  Page(s): 135934 – 135957, ISSN: 0048-9697). This chapter 

formulates a novel hybrid air quality early-warning framework for Australia, that was 

modelled at an hourly temporal horizon with online sequential extreme learning 

machines and improved complete ensemble empirical mode decomposition with 

adaptive noise for particulate matter 2.5, 10, and visibility reducing particles.  

 

Publication Type: Journal  

Scopus Rated: Q1 

Percentile: 96%, Category: Environmental Science  

Impact Factor: 7.96 

SCImago Journal Rank (SJR): 1.795  

SNIP: 2.015 

DOI: https://doi.org/10.1016/j.scitotenv.2019.135934 

 

https://doi.org/10.1016/j.scitotenv.2019.135934
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Chapter 4 presents a published journal article in IEEE ACCESS (Vol: 8 (2020):  

Page(s): 209503 – 209516, ISSN: 2169-3536). This chapter discusses deep learning 

techniques for hourly suspended particulate matter forecasting using convolutional 

neural and long short-term memory networks to create a novel CNN-LSTM framework 

for Australia.  

Publication Type: Journal  

Scopus Rated: Q1 

Percentile: 87%, Category: Engineering 

Impact Factor: 3.367 

SCImago Journal Rank (SJR): 0.587 

SNIP: 1.421 

DOI: https://doi.org/10.1109/ACCESS.2020.3039002/ 

 

Chapter 5 presents a journal article accepted subject to minor revision in Atmospheric 

Environment. This chapter presents the association of meteorological parameters in 

forecasting hourly air quality for the most polluted Australian hotspots through hybrid 

deep learning of convolutional neural network and gated recurrent unit to create CNN-

GRU architecture. 

Publication Type: Journal  

Scopus Rated: Q1 

Percentile: 95%, Category: Pollution 

Impact Factor: 4.79 

SCImago Journal Rank (SJR): 1.4 

SNIP: 1.4 

DOI: https://doi.org/10.1016/j.atmosenv.2022.119111 

 

Chapter 6 presents the summary of the thesis with concluding remarks, limitations, 

and recommendations for future works. 

Appendix A:  

https://doi.org/10.1109/ACCESS.2020.3039002/
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This chapter blends our main thesis chapters by discussing the association of air 

pollutants and novel Coronavirus with deep learning as a systematic literature review 

with the case studies in Asia and Oceania. The findings of this work are under review 

in a high-impact research journal of Sustainable Cities and Society.  

Publication Type: Journal  

Scopus Rated: Q1 

Percentile: 97%, Category: Civil and Structural Engineering. 

Impact Factor: 7.59 

SCImago Journal Rank (SJR): 1.65 

SNIP: 2.35 

DOI: TBA 

 

Appendix B:  

This chapter discusses the work done during the student internship with Defence 

Science and Technology Group (DST) and Australian Postgraduate Research (APR). 

The journal article was submitted to IEEE ACCESS. Artificial Intelligence-based Bit-

wise Decoding of Error-correction Codes for Radio Communications was discussed. 

Publication Type: Journal  

Scopus Rated: Q1 

Percentile: 87%, Category: Engineering 

Impact Factor: 3.367 

SCImago Journal Rank (SJR): 0.587 

SNIP: 1.421 

DOI: TBA 

 

For a better understanding of the connection among the studies and articles, the flow 

story of the thesis is graphically represented in Fig. 1.1. 

 

https://doi.org/10.1016/j.scitotenv.2019.135934
https://doi.org/10.1109/ACCESS.2020.3039002/
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Figure 1.1: Thesis flow chart.
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1.6 Chapter Summary  

Over time, the patterns of air pollution are changing in Australia, but the presence of 

air pollution is an increasing challenge for Australian cities and often for rural areas. 

This is because of changes in the growing population, climate, industry, and 

technology. The co-occurrence of multiple factors has a significant impact on weather 

variables and air quality. State and Territory governments in Australia would benefit 

from a powerful tool to better understand and quantify atmosphere-related risks. 

Although several physical models have been developed worldwide, they often fail to 

measure a complex dependence structure. The deep learning models provide a better 

way to describe the joint behaviour of compound events. The main contribution of this 

research is to attract considerable attention to a potential and novel integration of deep 

learning in emulating air quality at several temporal resolutions in regions of Australia 

where air pollution is becoming a significant problem to public health. The models 

developed in this work can also be used globally to develop policies and strategies to 

control air pollution, now and in the future.  
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CHAPTER 2   DATA AND METHODOLOGY 

 

2.1 Foreword 

This chapter provides an overview of all the study locations used in this thesis in 

developing the early warning hybrid deep learning models for air quality forecasting. 

These study areas are of paramount importance to Australia where air quality presents 

a health issue while the proposed models are of global significance. The chosen 

hotspots have a high concentration of particulate matter, and their importance is 

described in detail in each of the chapters. The availability, description of data used, 

duration and limitations if any, are also discussed. Although detailed model 

development techniques have been presented in the respective chapters, this chapter 

also presents a brief account of the methodology that was used in developing the deep 

learning and artificial intelligence models developed for air quality forecasting. 

 

2.2 Study Area 

 Figure 2.1 shows the study region showing geographical sites considered in Australia   

 for the research.  

2.2.1 Queensland (Qld) 

Queensland located between 22.57° S (latitude) and 144.08° E (longitude) is the 

second largest state of Australia and one of the primary study areas considered 

in this thesis. Being a sunshine state, as the temperatures surges, it becomes 

important to control and reduce the emission of air particles, particularly when 

the temperature surges (Ren & Tong, 2006). Qld records Australia’s highest 

greenhouse gas emissions per capita (CWA 2018) and is also home to nine out 

of the worst 10 mines for causing air pollution in Australia. These mines are 

known for generating PM10 which is the cause of rising respiratory problems, 

cancer, and chemicals in the bloodstream (NPE 2016). Queensland stations 

considered in the study are- 

• Gladstone (Boyne Island)- A project named Clean & Healthy Air for 

Gladstone (CHAG) was undertaken by Qld Health and the Department 
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of Environment and Resource Management to measure the cumulative 

impacts of hazardous pollutants. 

• Mackay Region (West Mackay)- Located in the West Mackay, Mackay 

Region provides important information about air pollutants such as PM10 

and VIS, from the industrial site that faces increasing community 

concerns from the industrial air emissions on human health (DERM 

2011). 

• Brisbane (Cannon Hill, South-East (SE) Qld)- Capital of Queensland, 

this station is situated next to the metropolitan railway and transports coal 

to the Port of Brisbane. PM is measured to evaluate the progress of 

ongoing measures focussed on reducing coal dust emissions from rail 

wagons. The station also measures most air pollutants i.e., PM10, PM2.5, 

TSP, and VIS, considered in the study, and therefore, is a critical site to 

assess the efficiency and feasibility of the proposed DL hybrid AI models.  

• Townsville (Townsville Coast Guard)- With the ‘Townsville Dust 

Monitoring Program’ AQ monitoring started in Townsville in 2007. This 

site registers community concerns about dust impacts from the Port of 

Townsville operations.  

• Miles Airport (Western Downs region)- The station started its 

monitoring in 2015 and is based in Southwest (SW) Qld. This is important 

to consider evaluating deep learning (DL) hybrid models as it measures 

12 air pollutants. 

• Hopeland (Darling Downs region)- Hopeland is a rural station in SW 

Qld. It assesses AQ near an area of intensive coal seam gas (CSG) 

production run by Origin Energy. Hopeland station is managed by 

CSIRO’s Gas Industry Social and Environmental Research Alliance 

(GISERA) as part of the Surat Basin Air Quality research.  

• Mount Isa mines- The Mount Isa Mine has been in operation since the 

mid-1920s with smelting commencing in the 1930s. Mount Isa has 

been declared the most polluted postcode in Queensland (ABC 2018) 

with 12 polluting facilities (NPI 2021). However, it is also being 
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challenged as the most polluted postcode in Australia (NWSN 2021), 

with a claim from the National Pollutant Inventory  (NPI 2021) that 

Mount Isa’s mining facilities are the highest polluting facility, with 

almost double the air emissions of the next highest facility in Australia.  

2.2.2 New South Wales (NSW) 

NSW located between 31.25° S (latitude) and 146.92° E (longitude) is a south-

eastern Australian state and the most populous state of Australia. NSW stations 

considered in the study are- 

• Sydney (Campbelltown)- Sydney, the capital of NSW is the economic 

and financial centre of Australia and registers a high concentration of 

PM2.5. It also measures most air pollutants i.e., PM10, PM2.5, and VIS, 

considered in the study. Many researchers have taken Sydney as an area 

of interest (Mannes et al. 2005; Gupta et al. 2007; Morgan et al. 2010) 

but there is an absence of air quality forecast models based on techniques 

considered in the thesis. 

• Newcastle in (Lower Hunter Region)- This station has the world's largest 

black coal exporting port with three power stations and 34 mines (HVRA 

2009) while the Hunter region residents are exposed to industrial air 

pollution concentrations rivalling any region in Australia (Higginbotham 

et al. 2010). 

• Hunter Valley – It has the highest concentration of coal mines and coal 

train operations in Australia. The national standard of coarse particulates 

pollution was exceeded 171 times as compared to earlier years in the 

Hunter region,  making it the highest air-polluting region of NSW (NPI 

2021) and a major contributor to exacerbated heart and lung diseases in 

the population. 

2.2.3 Victoria (VIC) 

VIC located between 36.98° S (latitude) and 143.39° E (longitude) is a south-

eastern Australian state. VIC stations considered in the study are- 
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• La Trobe Valley- It is the location of large coal-fired power stations in 

Victoria, along with the paper mill, and open-cut coal mines. This makes 

it the third-largest source of particulates along with the emission of 30 

toxic substances. The (EPA-VIC 2016) air monitor readings show PM2.5 

readings of up to 67.4 micrograms per cubic meter in the valley – nearly 

three times the ambient air goal for PM2.5 making it a very important 

hotspot for the study. 

2.2.4 South Australia (SA) 

SA located between 31.25° S (latitude) and 146.92° E (longitude) is a south-

central part of the Australian state. The station that has been considered in the 

study is- 

• Port Pirie Smelter- Port Pirie hosts one of the world’s biggest lead and 

sulphur dioxide smelters. This facility is the reason that at least 95% of 

children in Port Pirie had elevated lead levels in the blood over the last 

decade. Other pollutants levels that are also substantially high are one-

hour sulphur dioxide levels. The standard of which is 0.2 parts per 

million and > 1000 times since 2003. It has been the topic of research in 

several studies due to its importance (Baghurst et al. 1999; Taylor & Isley 

2014; Taylor, Isley & Glover 2019) 
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Figure 2.1: The study region shows geographical sites in Australia for the research 

 

2.3 Data Description 

Two main data sources were utilised in developing artificial intelligence and hybrid 

deep learning forecasting models for air quality. Table 2.1 concisely describes the 

data used with respective sources and other relevant details in achieving each 

objective.  
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Table 2.1 Details of all data used in this research. 
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   Paper 2 

(Chapter 4) 
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WD (°TN), WS (°), 
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(°C), AT (%), RH 

(hPa), BP(µg/m3),   

PM10 (µg/m3), 

PM2.5(µg/m3), 
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   Paper 3 

(Chapter 5) 

Predictors ϯ:  

 

DSA (-), TAE (Nm), 

TAS (Nm), TCZ 

(Dobsons) 

CTP (hPa), CTT (K) 

TCA (-), CAFL (-) 

CAFM (-),  

CAFH (-), 

TPW (kg/m2),  

DSA (m/s) 

NASA 

GIOVANNI,  
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EPA VIC 
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Note: OEH- Office of Environment and Heritage; DoES - Department of Environment 

and Science, EPA- Environment Protection Authority, DoPIE- Department of Planning, 

Industry, and Environment. 

* = WD- Wind Direction, WS- Wind Speed, WST- Wind Sigma Theta, WSSD- Wind 

Speed Standard Deviation, AT- Air Temperature, RH- Relative Humidity, BP- 

Barometric Pressure, PM10-Coarse particulate matter, PM2.5-Fine Particulate matter, O3 

- Ozone, NO2 – Nitrogen Dioxide, CO – Carbon Monoxide, RAD - Solar radiation. 

ϯ = DSA- Dust Scattering AOT, TAE- Total Aerosol Extinction, TAS- Total Aerosol 

Scattering, TCZ- Total column ozone, CTP- Cloud top pressure, TCA- Total cloud area 

fraction, CAFL- Cloud area fraction for low clouds, CAFM- Cloud area fraction for 

middle clouds, CAFH- Cloud area fraction for high clouds, TPW- Total precipitable 

water vapour, and SWS- The surface wind speed. 

 

For objective 1, the aggregated data from the entire state of New South Wales 

(NSW), and Queensland (Qld), Australia were used and acquired from the NSW Office 

of Environment and Heritage and the Qld Government Department of Environment 

and Science repositories. The data providers regularly assess the reliability of air 

quality monitoring stations and adopt preliminary quality checks to ensure an accurate, 

effective, and cost-efficient mechanism is in place. The data are for the hourly 

temporal horizon and the period of 01-January-2015 to 31-December-2017. Chapter 3 

provides more details regarding data processing and its usage. 

 For objective 2, the data from the same source as objective 1 were adopted. 

However, the study focussed on all the hotspots in Australia where suspended 

particulate matter data were available. These locations were found to be in Queensland 

(four stations). Hourly data was extracted to forecast TSP from 01-01–2015 to 31–12–

2018. The data is validated before use for modelling purposes. Chapter 4 provides 

more details of these data. 

 For objective 3, the study adopts a wide range of datasets extracted from five 

sources: 30 meteorological variables or Satellite data are extracted from (NASA-

GIOVANNI 2021) for the input variables. GIOVANNI is the repository ‘Goddard 

Online Interactive Visualization and Analysis Infra-structure’ belonging to the 

National Aeronautics and Space Administration (NASA). This enables feeding the 

model with critical variables like aerosol optical depth, tropopause pressure, air 

https://disc.gsfc.nasa.gov/information/glossary?keywords=giovanni%20measurements&title=Giovanni%20Measurement%20Definitions%3A%20Ozone
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temperature to name a few that are highly likely to influence the variability of air 

pollution. The ozone monitoring instrument (OMI) spectrometer, the Atmospheric 

Infrared Sounder (AIRS) satellite, and the Modern-Era Retrospective analysis for 

Research and Applications (MERRA) satellite variables were adopted in the study since 

historical data related to the target variable plays the main role in evaluating air 

pollutants. The ground-based PM10 values were sourced from four government sources 

for each state.  

For Queensland, the data were sourced from the Queensland Government 

Department of Environment and Science (DoES 2021). For New South Wales (NSW) 

the repository was considered by the New South Wales Government Department of 

Planning, Industry, and Environment (NSW 2021b). South Australian repository was 

sourced from The Environment Protection Authority  South Australia (EPA-SA 2021), 

and finally, the data for Victoria was sourced from The Environment Protection 

Authority, Victoria (EPA-VIC 2021). The data sourced were from 01-Jan-2018 to 31-

Dec-2018 for the hourly horizon. A complete list of all variables, including their details 

is provided in Chapter 5. 

 

2.4 General Methodology 

Before the development of hybrid deep learning and artificial intelligence models, it is 

essential to do a quality check on the data. The missing data imputation was done 

through a calendar averaging technique during this phase. The data used in the study 

naturally display stochastic behaviour. In addition, we normalise/scale the input data 

to avoid dominance and to bring the data to a common scale. This also avoids large 

numeric ranges from the values of the predictor variables, which in turn may 

undermine the effects of lower range values. The data are normalized between [0, 1] 

(Hsu, Chang & Lin 2003). The following formula is used for normalisation which in 

turn helps in handling large variations in the data (Hsu, Chang & Lin 2003). The 

formula used in objective 1 is shown below as an example: 

                                           

2.5 2.5
2.5

2.5 2.5

MIN
NORM

MAX MIN

PM PM
PM

PM PM

−
=

−
                                         (1) 
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In Eq. 1. 2.5

MINPM = The minimum values of PM2.5,  

              2.5

MAXPM
= The maximum values of PM2.5 

                    2.5

NORMPM = The normalised PM2.5 and similarly for the other variables in 

subsequent equations used for modelling.  

Thereafter to complete the objective of this thesis, the inputs, and the target data were 

converted into their respective forecast horizons by using the partial autocorrelation 

function (PACF). This step selects most of the best statistically significant lag from 

the target air quality variable (different PM in this study). Furthermore, to address the 

non-stationarity issues associated with the data, the data were decomposed using an 

improved version of empirical mode decomposition with adaptive noise 

(ICEEMDAN). For the further objectives, as we had more input variables, we also 

employed the statistic of the cross-correlation (CCR) between the target (PM) and the 

inputs (State governments data or satellite extracted data) to choose the best variables 

for input for the third objective.   

Finally, the grid search was employed to finalise the boundary conditions and 

best parameters of the models developed in the respective objectives of this study. The 

optimisation and trial-and-error methods are discussed comprehensively in their 

respective chapters 3, 4, and 5. 

In this thesis, various data intelligent air quality forecasting models and 

competitive benchmarking approaches were considered and developed, since a robust 

modelling approach is necessary. The models ranged from the well-known artificial 

intelligence models such as online sequential extreme learning machine (OSELM), 

Volterra, extreme learning machine (ELM), random forest (RF), M5 model tree, 

multiple linear regression (MLR), and deep learning models such as ICEEMDAN-

multiple-linear regression (MLR), ICEEMDAN-M5 model tree, Convolutional long 

short-term memory (CLSTM), long short-term memory (LSTM), Bidirectional long 

short-term memory (BiLSTM), CNN-BiLSTM, CNN-LSTM, gated recurrent unit 

(GRU), and CNN-GRU.  

            This evaluated their abilities to forecast air quality data and compare the 

preciseness, robustness, and limitations of different approaches over the hourly 

forecast horizon. Pre-processing approaches and data filtering techniques involved 

ICEEMDAN, grid search, and CNN that were used to handle the non-stationarity 
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features or extract the spatial features from the inputs and create a hybrid model. These 

filtering techniques are necessary to enhance the forecast accuracy by decomposing 

the data into low and high pass filters and selecting the best input parameters for the 

models used as a hybrid or later in modelling. A trial-and-error method was utilized in 

this research to select the appropriate parameters of all the models used in the study. 

Finally, the bootstrap (B) technique was incorporated in this research to create an 

ensemble model that has a good ability to estimate the forecast uncertainty.  

In the literature, the MLR model is a statistical technique that examines the cause 

and effect relationship between objective i.e. and predictor variables (Deo & Şahin 

2017). 

Random Forest is an ensemble of decision tree algorithms that can be used for 

classification and regression predictive modeling (Rajarethinam, Aik & Tian 2020). 

The main advantage of the M5 model tree is that it provides the results in a simple and 

comprehensible form of regression equations (Kisi et al. 2017) which can be easily 

used. In air forecasting and other applications, the OS-ELM model is considered a fast 

and powerful data intelligent approach that can offer better performance compared to 

other algorithms (Liang et al. 2006; Lan, Soh & Huang 2009). On the other hand, 

ICEEMDAN and B are filtering robust techniques. These pre-processing techniques 

have been applied in many forecasting studies to improve traditional models (Xiao et 

al. 2021). This helps in the selection of the best parameters for models and generating 

prediction bands through an ensemble model (Tiwari & Adamowski 2013; Li & Li 

2016; Quilty & Adamowski 2018). 

For objective 1 of Chapter 3, i.e., hourly (1.0 hour) forecasting horizon, standalone 

OS-ELM, MLR, M5 model tree was used, and two hybrid approaches were constructed 

namely ICEEMDAN-MLR, ICEEMDAN-M5 model tree. They were all benchmarked 

against ICEEMDAN-OSELM which was found to outperform the approaches in 

forecasting PM2.5, PM10, and VIS. In Chapter 4, which was our objective 2, a hybrid 

predictive model (i.e., CLSTM) was designed to forecast the TSP. CLSTM was 

integrated between CNN with LSTM to attain optimal performance. It was compared 

against the ensemble of five other competing models namely Random Forest, Volterra, 

MLR, M5 model tree, and LSTM that lagged in their capability to generate satisfactory 

TSP forecasts to the deep learning CLSTM hybrid model. In the next objective 3 i.e., 

Chapter 5, there is an integration of CNN and GRU model to make the CNN-GRU 
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model. The objective model was competitively benchmarked with competitive CNN, 

LSTM, BiLSTM, GRU, and two hybrids CNN-LSTM and CNN-BiLSTM.  

Figure 2.2 illustrates the classification of the models discussed in this section into 

their respective chapters. Also, the theoretical backgrounds and techniques used to 

develop the objective models are shown in detail in the related chapter. In summary, 

the novel and main hybrid models developed in this study were: 

i. The novel early warning AI-based framework ICEEMDAN-OSELM was 

proposed to forecast all air quality variables (i.e., PM2.5, PM10 & VIS). The 

ICEEMDAN was adopted to decompose the target data into intrinsic mode 

functions (IMF) and a residual component while the OSELM robustly extracted 

predictive patterns by fine-tuning the model generalisation to a near-optimal 

global solution, representing modelled AQ at hourly forecast horizons. Chapter 

3 illustrates the complete model development. 

ii. A practical and novel approach for Australia was generated through a 

computationally efficient architecture with a deep learning hybrid ‘CLSTM’ 

model. This addressed gaps in modelling the hourly TSP that can help design 

a user-friendly air pollution forecasting system. A three-layered CNN model 

robustly extracted the data features from ‘four’ benchmarked models. The last 

layer analyses all features to forecast the next hour's TSP (µg/m3). The details 

of the model development steps are clearly shown in Chapter 4.  

iii. The CNN and GRU models are integrated with an extensive list of 

meteorological parameters as predictor variables to forecast PM10 (µg/m3) for 

an hourly forecasting horizon. A new and novel approach for air quality 

forecasting was presented in Chapter 5 where six other DL models were 

developed. 
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Figure 2.2: Types of data intelligent models developed in each chapter (objective) in 

this doctoral thesis. 

In this doctoral thesis, a wide range of statistical criteria have been used as 

performance criteria. They include- correlation coefficient (r), root-mean-square error 

(RMSE; µg/m3), mean absolute error (MAE; µg/m3), and relative mean square error 

(RMSE; µg/m3), mean absolute percentage error (MAPE; %), mean bias error (%), 

Willmott’s Index (WI), Nash–Sutcliffe efficiency coefficient (ENS) and Legates and 

McCabe’s Index (L) were employed to evaluate the performance of the models to 

forecast air quality data (PM in this thesis). The details and mathematical equations 

for these statistical indices are shown in each chapter of this thesis. Additionally, 

several plots including a colour-coded heatmap, polar plots, combination plots of 

column and line charts, box plots, scatter diagrams, time series plots, relative error 

Data intelligent 
air quality 
forecasting 

models

ICEEMDAN-OSELM

vs.

OS-ELM, MLR, M5 model 
tree, ICEEMDAN-MLR,and 
ICEEMDAN-M5 model tree  

(First objective)

(Chapter 3)

CNN-GRU

vs.

CNN, LSTM, BiLSTM, GRU 
CNN-LSTM and CNN-

BiLSTM. 

(Third objective)

(Chapter 5)

CLSTM

vs.

Random Forest, Volterra, 
MLR, M5 model tree, and 

LSTM

(Second objective)

(Chapter 4)
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analysis plot, bar graphs, Taylor plots, and Python training and validation loss 

comparisons, as well as performance evaluation plots, were also introduced to assess 

the ability of the models developed in this study for air quality forecasting.  
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CHAPTER 3 A HYBRID AIR QUALITY EARLY-

WARNING FRAMEWORK: AN HOURLY 

FORECASTING MODEL WITH ONLINE 

SEQUENTIAL EXTREME LEARNING MACHINES 

AND EMPIRICAL MODE DECOMPOSITION 

ALGORITHMS 

 

3.1 Foreword 

This chapter presents an exact copy of the published article in Science of the Total 

Environment journal (Vol: 709 (2020):  Page(s): 135934 – 135957, ISSN: 0048-9697). 

This work focussed on significant challenges of air quality such as the chaotic, 

non-linear, and high dimensional nature of predictor variables. A practical tool was 

formulated that produces real-time forecasts to mitigate public health risks. The 

novelty of this research is the development of the proposed hybrid early warning 

artificial intelligence (AI) framework that can emulate hourly AQ variables (i.e., 

Particulate Matter 2.5, PM2.5; Particulate Matter 10, PM10 and lower atmospheric 

visibility, VIS), associated with increased respiratory induced mortality and recurrent 

health-care cost. Firstly, hourly AQ data series (January-2015 to December-2017) are 

demarcated into their respective intrinsic mode functions (IMFs) and a residual sub-

series that reveal patterns and resolve data complexity characteristics, followed by a 

partial autocorrelation function applied to each IMF and residual sub-series to unveil 

historical changes in AQ. To design the prescribed hybrid model, the data are 

partitioned into training (70%), validation (15%), and testing (15%) sub-sets. The 

online sequential-extreme learning machine (OS-ELM) algorithm integrated with 

improved complete ensemble empirical mode decomposition with adaptive noise 

(ICEEMDAN) is designed to robustly extract predictive patterns by fine-tuning the 

model generalisation to a near-optimal global solution, representing modelled AQ at 

hourly forecast horizons. The resulting early warning AI-based framework denoted as 

ICEEMDAN-OS-ELM is individually constructed by aggregating the sum of 

forecasted IMFs and residual sub-series. The results are benchmarked with several 

competing approaches- e.g., ICEEMDAN-multiple-linear regression (MLR), 



 

28 

 

ICEEMDAN-M5 model tree, and standalone: OS-ELM, MLR, M5 model tree. 

Statistical metrics including the root-mean-square error (RMSE), mean absolute error 

(MAE), Willmott’s Index (WI), Legates McCabe’s Index (ELM), and Nash–Sutcliffe 

coefficients (ENS) also evaluated the model’s accuracy. Both visual and statistical 

results register superior results for the ICEEMDAN-OS-ELM model, outperforming 

alternative approaches for all AQ variables (i.e., PM2.5, PM10 & VIS). For instance, for 

PM2.5, ELM values ranged from 0.65–0.82 vs. 0.59-0.77 (ICEEMDAN-M5 tree), 0.59-

0.74 (ICEEMDAN-MLR), 0.28-0.54 (OS-ELM), 0.27-0.54 (M5 tree) and 0.25-0.53 

(MLR). Furthermore, ICEEMDAN-OS-ELM registered the lowest errors, ranging from 

0.7-1.03 µg/m3 (MAE), 1.01-1.47 µg/m3 (RMSE) for PM2.5 whereas for PM10, these 

metrics value were 1.29-3.84 µg/m3 (MAE), 3.01-7.04 µg/m3 (RMSE) and for 

Visibility, they were 0.01-3.72 µg/m3 (MAE (Mm-1)), 0.04-5.98 µg/m3 (RMSE (Mm-

1)). Visual analysis of forecasted and observed AQ through a Taylor diagram illustrated 

the objective model’s preciseness, confirming the versatility of the AI model in 

generating AQ forecasts. The excellent performance ascertains the AI model’s 

potential utility for AQ monitoring and subsequent public health risk mitigation. 

 

3.2 Research Highlights 

• An artificial intelligence predictive framework devised for air quality 

prediction. 

• Efficient forecasting of air quality with five modelling approaches was 

recorded. 

• OS-ELM coupled with ICEEMDAN outperformed the other models. 

• AI models show potential in health informatics and Australia's environment 

sector. 

• AI models can empower public health risk mitigation to create a liveable 

society. 
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3.3 Graphical Abstract 
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CHAPTER 4 A DEEP AIR QUALITY FORECASTS: 

SUSPENDED PARTICULATE MATTER MODELING 

WITH CONVOLUTIONAL NEURAL AND LONG 

SHORT-TERM MEMORY NETWORKS 

ALGORITHMS 

4.1 Foreword 

This chapter presents an exact copy of the published article in IEEE ACCESS (Vol: 8 

(2020):  Page(s): 209503 – 209516, ISSN: 2169-3536). 

          Total Suspended Particulate (TSP) was the subject of this paper, built on Chapter 

3. Models were developed for forecasting visibility reducing particles and PM using 

conventional artificial intelligence models, albeit without considering TSP. This study 

built a deep learning hybrid CLSTM model where a convolutional neural network 

(CNN) is amalgamed with the long short-term memory (LSTM) network to forecast 

hourly TSP. The CNN model entailed a data processer including feature extractors that 

draw upon statistically significant antecedent lagged predictor variables, whereas the 

LSTM model encapsulated a new feature mapping scheme to predict the next hourly 

TSP value. The hybrid CLSTM model was comprehensively benchmarked and was 

seen to outperform an ensemble of five machine learning models. The efficacy of the 

CLSTM model was elucidated in the model testing phase at study sites in Queensland, 

Australia. Using performance metrics, visual analysis of TSP simulations relative to 

observations, and detailed error analysis, this study ascertained the CLSTM model's 

practical utility for air pollutant forecasting systems in health risk mitigation. This 

study captured a feasible opportunity to emulate air quality at relatively high temporal 

resolutions in global regions where air pollution is a considerable threat to public 

health. 

4.2 Research Highlights 

• A hybrid CLSTM model was generated by integrating with CNN and LSTM for 

air quality forecasting. 

• CLSTM is evaluated against an ensemble of five other competing models.  
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• A comprehensive evaluation with statistical metrics, charts, and plots of tested 

data demonstrated that the hybrid CLSTM model was able to yield relatively 

better forecasts and has potential applications in air quality systems.  

• CLSTM architecture was considerably robust in forecasting hourly data, and 

therefore indicated its possible application in the air pollution model and future 

public health and air quality studies. 

4.3 Graphical Abstract 

 

 

 

 

 

 

 

 

 

4.4 Published Article II
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CHAPTER 5 NOVEL HYBRID DEEP LEARNING 

MODEL FOR SATELLITE-BASED PM10 

FORECASTING IN MOST POLLUTED AUSTRALIAN 

HOTSPOTS 

5.1 Foreword 

This chapter presents an exact copy of the published article in Atmospheric 

Environment, (Vol: 279 (2022):  Page(s): 119111-119124). 

       This chapter has built upon earlier chapters 3 and 4 by studying the association of 

meteorological parameters in forecasting hourly air quality for the most polluted 

Australian hotspots through hybrid deep learning methods. The early warning tool 

built for coarse particulates has been done after assessing the impact of the 30 satellite-

derived and ground-based environmental pollutants on hourly data from January 2018-

December 2020. A one-dimensional convolutional neural network (CNN) was 

integrated with a one-directional fully gated recurrent unit (GRU) to forecast the 

consecutive hour’s air quality. The CNN model acted as a spatial feature extractor, 

whereas the new generation GRU made it computationally efficient. The hybrid ‘CNN-

GRU’ was comprehensively benchmarked outperforming an ensemble of six deep 

learning models. The efficacy of the proposed model was demonstrated in the testing 

phase at the four most air polluted Australian postcodes. A detailed error analysis with 

visual and statistical metrics for air quality forecasting ascertains the proposed model’s 

countermeasures to reduce harm and loss. The practical tool can be widely deployed 

in regions where air pollution poses a significant hazard to public health. 

5.2 Research Highlights 

• A hybrid CGRU model was generated by integrating with CNN and GRU for 

air quality forecasting. 

• CNN-GRU was evaluated against an ensemble of six other competing models.  

• A detailed error analysis with visual and statistical metrics for air quality 

forecasting ascertained the proposed model’s countermeasures to reduce harm 

and loss.  
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5.3 Graphical Abstract 
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CHAPTER 6 CONCLUSIONS AND FUTURE SCOPE 

 

6.1 Synthesis 

The findings of this doctoral thesis have advanced new knowledge in artificial 

intelligence and its applications to the field of atmospheric sciences and acknowledge 

the vital problem of accurately modeling and forecasting air quality to assist decision-

makers. An important contribution to the novel research with new generation early 

warning artificial intelligence models has been accomplished in the work done. Careful 

attention has been paid to the choice of models and state-of-the-art procedures for 

designing final algorithms in all the objectives considered in the study. This makes the 

resultant hybrids smart, robust, and computationally efficient. The modelling strategy 

has used advanced machine learning and particularly deep learning approaches for 

forecasting particulate matter, meteorological parameters, and atmospheric visibility 

for four important states and regions of Australia.  

       Utilising the advanced techniques with comprehensive benchmarking, the 

pollutants were forecasted at an hourly temporal horizon. Given the complexity and 3-

dimensional nature of air particles, a diverse range of data intelligence algorithms was 

utilized to construct a set of hybrid models. Early warning hybrid and novel algorithms 

developed in this study for Australian air quality are listed as follows- 

• ICEEMDAN-OS-ELM (Improved complete ensemble empirical mode 

decomposition (ICEEMDAN) was integrated with the online sequential-extreme 

learning machine (OS-ELM) algorithm; wherein ICEEMDAN acted as an 

excellent de-noising algorithm on the chosen noise amplitude, and OS-ELM 

worked as a fast-paced adaptive algorithm that robustly extracted predictive 

patterns to fine-tune the model generalization to a near-optimal global solution; 

objective 1, 

• CLSTM (Convolutional neural network (CNN) amalgamed with long short-term 

memory (LSTM). Here one of the most popular and effective deep learning 

algorithms, CNN was used to entail a data processer including feature extractors 

that drew upon statistically significant antecedent lagged predictor variables, 
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whereas the LSTM, another superior algorithm encapsulated a new feature 

mapping scheme for prediction; objective 2,  

• CNN-GRU (convolutional neural network (CNN) was integrated with a one-

directional fully gated recurrent unit (GRU). Here CNN acted as a spatial feature 

extractor for classification whereas the new generation GRU made it 

computationally efficient; objective 3. 

The machine learning algorithms and the hybrids that were developed and used as a 

comparative benchmark in this study are as follows. The main advantage and the 

reason for using each of them are also stated along with: 

• Online sequential-extreme learning machine (OSELM) – OSELM is one of the 

popular learning algorithms and has several advantages such as fast learning 

speed, strong generalization ability, and simple implementation, which make it 

very suitable for machine learning applications.  

• Extreme learning machine (ELM) – This machine-learning algorithm is famous 

for its usage, quicker speed of learning, greater generalisation performance, and 

appropriateness for several nonlinear kernel functions.  

• Random forest (RF) – This model can perform both regression and classification 

tasks. A random forest produces good predictions that can be understood easily. 

It can handle large datasets efficiently. Moreover, this algorithm provides a higher 

level of accuracy in predicting outcomes over certain other algorithms such as 

decision trees. 

• M5 model tree - M5 model tree can simulate the phenomena with very high 

dimensionality and even up to hundreds of attributes. This ability sets M5 apart 

from regression tree learners at the time (like Multivariate Adaptive Regression 

Splines (MARS)), whose computational cost grows very quickly when the number 

of features increases. 

• Multiple linear regression (MLR) - MLR algorithm allows the program to account 

for all the potentially important factors in one model. The advantages of this 

approach are that this may lead to a more accurate and precise understanding of 

the association of each factor with the outcome. 
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• Volterra (VOL) - Its main advantage lies in its generality. This means it can 

represent a wide range of systems. Thus, it is sometimes considered a non-

parametric algorithm.  

• ICEEMDAN-MLR – The hybrid model captures IMFs with less noise and more 

meaning through ICEEMDAN and leads to a more precise understanding via the 

MLR model.  

• ICEEMDAN-M5 model tree- This hybrid captures high dimensionality through the 

M5 model tree and extracts several IMFs from a single channel through the 

ICEEMDAN algorithm. 

The deep learning algorithms and the hybrids (apart from optimal ones) that were 

developed and used as a comparative benchmark in the study are: 

• Long-Short Term Memory (LSTM) – One of the most popular deep learning 

algorithms, LSTM is well-suited for classification, processing, and predicting 

time series given time lags of unknown duration. Relative insensitivity to gap 

length provides them with a major advantage over other algorithms. 

• Convolutional Neural Networks (CNN) - The main advantage of CNN compared 

to its predecessors is that it automatically detects the important features without 

any human supervision. 

• Gated Recurrent Unit (GRU) – A type of Recurrent Neural Network (RNN) who 

have advantages over LSTMs in certain cases as they use less memory and are 

very faster than LSTMs. However, LSTM is preferred when datasets with longer 

sequences exist, and more accuracy is needed. 

• Bidirectional LSTM (BiLSTM) – An RNN variant, that acts as a discriminative 

classifier that models the decision boundary between different classes. Therefore, 

they learn weights associated with data points and perform better in certain cases. 

       The efficacy of these proposed models was demonstrated in the testing phase at 

the carefully chosen postcodes of Australia. A detailed error analysis with visual and 

statistical metrics for air quality forecasting ascertained the objectives’ 

countermeasures to reduce harm and loss. The practical tools designed in the thesis 

can be widely deployed in regions where air pollution poses a significant hazard to 

public health. Subsection 6.2 provides challenges in the route of air quality and issues 
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associated with machine learning and deep learning. The important results with novel 

contributions of this study are summarised in subsection 6.3. Finally, potentially 

interesting paths for future research are suggested at the end of this chapter.       

6.2 Challenges faced in air quality forecasting  

Air quality forecasting is a recent development, with most programs initiated only in 

the last 25 years (Ryan 2016).  However, our published literature does contain a 

discussion section where the difficulties and limitations experienced during the 

research implementations are discussed in more detail. This section summarises issues 

encountered while completing the objectives and challenges in both developments and 

applications of air forecasting models particularly deep learning technology, that could 

potentially form interesting subjects for further investigation to address these 

limitations in the future-  

• Complexity: Some air quality models use complex mathematical techniques to 

simulate the physical and chemical processes that affect air pollutants as they 

disperse and react in the atmosphere.  

Recommendation: Artificial intelligence models assist in easier and faster 

modelling algorithms both through machine learning and deep learning models. 

• Real-time satellite data availability: There is a need for real-time and preciseness 

in forecasting air quality models. This warrants robust methodologies for 

predicting air quality, largely over short-term and real-time scales so the 

forecasts can be employed effectively by the public for health risk advisory and 

air pollution prevention.  

Recommendation:  Satellite data can be of immense help here, warranting more 

effective forecasts.  

• The cost involved in downloading data: The cost involved in subscribing to the 

available satellite data even with a student subscription is a discouraging factor 

in the present times. This might be due to the dearth of real-time data availability 

for satellite extracted air quality variables. 

Recommendation: A nominal or waved-off cost can make future research much 

more precise and reliable.  
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• Underlying uncertainties: As air quality forecasts must diagnose and predict 

several pollutants and their precursors in addition to standard meteorological 

variables, they are, compared with weather forecasts, a higher uncertainty 

forecast.  These uncertainties, or assumptions in the model when estimating the 

parameters could influence the result. They also include the potential sources of 

error that are derived from data management, estimating methods, and model 

structures generated by a purely statistical approach (i.e., goodness-of-fit tests). 

In addition, choosing the best parameter combination may lead to an 

underestimation of the uncertainties of the entire model.  

Recommendation: Based on the research findings, practices to facilitate the 

incorporation of uncertain information should be suggested.  

• Limited length of the data: Deep learning currently lacks a mechanism for 

learning abstractions through explicit definitions and works best when we have 

enough quality training data (Marcus 2018). This factor can plausibly affect the 

accuracy of the model design by increasing the uncertainties.  

Recommendation: The techniques of data augmentation and synthetic data can 

come to the rescue here and they do not have the problem of a copyright too.  

• Minimal implementation of data: Traditionally, the concentrations of air 

pollutants are measured using air quality monitoring (AQM) stations that are 

highly reliable, and precise, and can measure a wide spectrum of pollutants using 

standardized analysers. However, these stations have three main drawbacks the 

significant infrastructure needed for installation due to their bulky size, the 

complicated operational requirements, e.g., access to grid power, 

heating/cooling, and secure shelters, and the prohibitive costs of acquiring, 

setting up, and performing regular maintenance and calibration. These 

drawbacks reduce the number of installations and result in sparsely distributed 

AQM networks with limited spatial resolution air pollution data. 

Recommendation: An integrated air quality monitoring network may be 

established that can provide air quality data for various purposes, e.g., to monitor 

regulatory compliance and to assess the effectiveness of control strategies. This 

may assist in removing the limitation of sparse AQM networks. 
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Overcoming such challenges and advancing in the construction of intelligent 

algorithms will be a promising direction for future research.  

6.3 Summary of important findings and novelty of the study 

This study focuses majorly on the application of deep learning technologies in 

forecasting air quality. Currently, deep learning is the spearhead of artificial 

intelligence and perhaps one of the most exciting technologies of the decade. Putting 

aside future scopes of research, the deep learning research carried out in all the articles 

has significant merits in ongoing air quality research and health risk mitigation. This 

is a key step toward ensuring progress and well-being in any nation’s meteorology. To 

summarise, the following are the value propositions of the study- 

• This research initially proposed a novel early warning (hourly-step) AI model 

(denoted as the ICEEMDAN-OS-ELM) hybrid system for air quality prediction in 

several cities and regional locations in Australia.  

• There was a comprehensive consideration of the importance and synergistic 

effects of atmospheric variables to establish a hybrid model for hourly forecasting, 

to emulate time-series of data on particulate matter 2.5, 10 and atmospheric 

visibility reducing particles.  

• Considering the high predictive utility with an enhanced model testing accuracy 

of the proposed models, the machine learning models robustly extracted predictive 

variables necessary to model the air quality target variables. The findings, 

elucidated by performance metrics and visual analysis of forecasted and observed 

air quality, clearly captured the improved performance of the early warning AI 

model developed as compared to the other AI models.  

• In further articles, the research involved an ensemble of the latest neural network 

techniques such as the deep learning (DL) framework which are known to generate 

a superior accuracy. These models use multiple feature extraction layers and learn 

the complex relationships within the data more efficiently.  

• To increase testing performance and accuracy, in the second article, a hybrid DL 

predictive algorithm CLSTM was developed. The hybrid was produced by 

integrating the Convolutional Neural Networks (CNN) algorithm with Long 

Short-Term Memory Networks (LSTM). The former automatically detect and 
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extracted important features from predictor variables while the latter collated these 

features to generate a time series for the next modelling phase. The paper bridged 

the gap in modelling hourly total suspended particles for an air pollution 

forecasting system, especially for Australia, presenting constructive research. 

• In the third article, the paper reported on research to model an early warning tool 

for coarse particulates when assessing the impact of the 30 satellite-derived and 

ground-based meteorological pollutants using hourly Australian data. 

• A one-dimensional convolutional neural network (CNN) was integrated with a 

one-directional fully gated recurrent unit (GRU) to forecast consecutive hours’ air 

quality. The CNN model acts as a spatial feature extractor, whereas the new 

generation GRU makes it computationally efficient. The resultant hybrid ‘CNN-

GRU’ is then comprehensively benchmarked outperforming an ensemble of six 

other deep learning models. 

• The research has also attempted to bridge the gap in modeling hourly coarse 

particulate matter with a diameter between 2.5 and 10 μm and evaluated the 

potential impact of ground and important satellite-derived predictors, where 

PM10 levels are high in Australia. 

• Appendix Article A paper reported on the research that does a systematic review 

of the ongoing COVID-19 pandemic with deep learning and machine learning 

algorithms, with particular emphasis on air quality in continents of Asia and 

Oceania. The inter-continent in-depth research based on selective demography 

carries importance to determine whether the spread of the virus is correlated to 

atmospheric and meteorological factors. 

• Appendix Article B paper harnessed the robustness and adaptivity of deep 

learning (DL) long short-term memory (LSTM) architecture to design error-

correction decoding algorithms that scale with high-dimensional codes. The 

paper proposed computationally efficient, binary classification-based, linear 

architecture ‘LSTM’ to assist in solving dimensionality issues. LSTM 

encapsulated a feature mapping scheme to reduce the complexity, number of 

errors, and computational time. 
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• The Deep Learning (DL) and machine learning (ML) methods are proving to be 

powerful and hence an increasingly popular choice in forecasting air quality, 

Overall, deep learning technology in the research conducted has proven to be a 

potential tool to be tested for air quality predictions given the complexity of air 

quality variables.   

• A detailed error analysis in all the studies conducted with visual and statistical 

metrics for air quality forecasting ascertains the proposed model’s countermeasure 

to reduce harm and loss. 

• The comprehensive analysis of systemic weather risk and potential adaptation 

strategies are expected to support the development of atmospheric models. 

Therefore, the knowledge achieved from this study will be important for better 

understanding the influences of the weather on air pollutants, particularly in 

Australia.  

• The novel methods and the practical tools evolved from this study are immensely 

beneficial and can be widely deployed to the regions of public health concern 

where air pollution is a significant hazard. 

• The tools can also find an important place in health policy or Government policy 

designing and may be extended to other regions.   

Summarising the above points, the novelty of this research is to propose an innovative, 

robust, self-adaptive, and computationally efficient artificial intelligence-based 

modelling framework that can be helpful in air quality regulatory planning, especially 

at an hourly horizon. This research employs intelligent, versatile, and powerful tools, 

adopted to decompose original air quality data in high and low-frequency patterns. The 

use of data sub-series, which reveal better clarity of the patterns embedded in air 

quality predictor variables increases the computational efficacy, as such methods can 

address issues of non-stationary, repeats, periodic behaviours, and jump type 

perturbations before such data are utilised. Therefore, the air regulatory plans 

established through an hourly-based forecast model have potential benefits for human 

health, especially for the vulnerable factions of the society such as the elderly, children, 

pregnant women, and people with health problems.    
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6.4 Recommendations for the future works 

The air quality framework based on machine learning and deep learning has been 

successfully developed in this study for investigating the influence of atmospheric 

conditions on air quality with special reference to case studies in Australia. However, 

careful attention needs to be provided to address the limitations, despite the success of 

the hybrid models developed in this study. Therefore, the following pointers can be a 

promising step for future research to enhance the understanding of atmospheric and 

meteorological impact as well as the extent of the impact of the deep learning and 

feature extraction methods.  

• Testing at several timescales- The models have been tested at hourly temporal 

domains. Additionally, the proposed model can be tested at various other 

temporal horizons such as a real-time (minute), 5-minute, or 10-minute scale. 

This will be beneficial for the provision of proactive advice at various 

forecasting horizons however the provision of high-resolution data will affect 

the success of a real-time system.  

• Better spatially resolved data sets- A range of long-term and short-term 

challenges to atmospheric composition such as Volcanic ash, desert dust, natural 

and anthropogenic gas emissions on aviation and human health with changing 

atmospheric composition requires considerable additional demands of data 

timeliness and temporal and spatial resolutions. This near-real-time need for 

resolutions and observations is indeed a common and an important requirement 

across a range of impacts, but one that is not always conducive to the significant 

processing involved in producing fully assured atmospheric composition data.  

• Development of Hybrid model with Bayesian approach- Construction of an air 

quality forecast hybrid model with Bayesian Model average (BMA) can assist in 

developing more reliable, and robust (probabilistic) predictions. This can be 

possible from uncertainty evaluations, ranked models, and multiple competing 

predictions to further improve the credibility of the hybrid model.  

• Involving Explainable AI (XAI)- Rapidly evolving state-of-the-art technology 

of XAI produces more explainable models while maintaining a high level of 

learning performance/prediction accuracy. The resultant framework and tools 
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may further assist in understanding and interpreting predictions made by the 

deep learning models developed. Such an empirical study and benchmark 

framework will also help humans understand, trust, and effectively manage the 

results of artificial intelligence technology.  
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ADDITIONAL ARTICLE I (APPENDIX A) ASSOCIATION 

OF AIR POLLUTANTS AND NOVEL CORONAVIRUS 

WITH DEEP LEARNING: A SYSTEMATIC LITERATURE 

REVIEW OF THE CASE STUDIES IN ASIA AND 

OCEANIA 

Sharma, E, Deo, RC, Soar J, & Yaseen, ZM 2022, ‘Association of Air Pollutants and Novel 

Coronavirus with Deep Learning: A systematic literature review of the case studies in Asia and 

Oceania’, Sustainable Cities and Society, Under-review. (Q1, Impact Factor: 7.59, H Index: 

61, SNIP: 2.35, and 97th percentile in Civil and Structural Engineering). 

  

A.1 Foreword 

Appendix A presents an exact copy of the article Under-review in Sustainable Cities and 

Society. 

In this work, the candidate has focussed on the severe acute respiratory syndrome 

coronavirus-2 (SARS-CoV-2) that has caused approximately 2 billion confirmed coronavirus 

disease (COVID 19) cases and 4.25 million deaths globally, putting worldwide healthcare 

systems into crisis. The Deep Learning (DL) and machine learning (ML) methods are powerful 

and hence an increasingly popular choice in the challenge to overcome the COVID-19 

pandemic. A novel and an extensive literature review about Asia and Oceania have been 

conducted to integrate the knowledge and correlation between COVID-19 and air pollutants. 

The inter-continent, in-depth research based on selective demography carries importance to 

determine whether the virus spread is correlated to atmospheric and meteorological factors. 

From an initial set of 545 articles, a total of 33 articles were finally selected through rigorous 

rounds.  

The study shortlisted the countries in Asia (China, India, Bangladesh, Jordan, Jakarta, 

Korea) and Oceania (Australia and New Zealand) that published the literature relevant to the 

criteria considered. It was observed that most of the research belonged to China, the epicenter 

of the COVID-19 and most researchers in Asia and Oceania focused on particulate matter PM 

2.5, followed by meteorology and PM10. Random Factor seems to be the most preferred choice 

in ML for modeling and long short-term memory is the most preferred DL choice. The study in 

the end has summed up four future research opportunities in this review.  



 

106 

 

A.2 Research Highlights 

• This systematic review shows that most research papers focused on forecasting or 

predicting the number of air pollutants.  

• All these articles focused on forecasting through ML and DL techniques and prioritized 

accuracy over interpretability.  

• The analysis reveals that the extent of the forecasting accuracy is lesser as compared to 

that of the models that used estimation.  

• The 3-d chaotic nature of air pollutants may demand the application and better suited 

computationally efficient algorithms such as machine learning or deep learning.  

• The preciseness of ML for particulate matter prediction as well as forecasting got to 

maximum numbers in comparison with the other pollutants. In general, it was observed 

that the preciseness of peaks with a higher rate of pollution was lesser as compared to 

the low or medium pollution peaks.  

• In the end, from the analysis of the selection, it was noteworthy that harmful and 

increased contamination concentration of particulate in the southern hemisphere and 

the Asia pacific is understudied when combined with deep learning or machine 

learning.  

 

A.3 Under Review Appendix Article I 
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ADDITIONAL ARTICLE II (APPENDIX B) ARTIFICIAL 

INTELLIGENCE-BASED BIT-WISE DECODING OF 

ERROR-CORRECTION CODES FOR RADIO 

COMMUNICATIONS 

Sharma, E, Shakeel I, Sancho SS, & Deo, RC 2022, 'Artificial Intelligence-based Bit-wise 

Decoding of Error-correction Codes for Radio Communications’, IEEE Access, Under review. 

(Q1, Impact Factor: 3.367 H Index: 127, SNIP: 1.421, and 87th percentile in Engineering). 

 

B.1 Foreword 

Appendix B presents an exact copy of the article under review in IEEE ACCESS. 

In this work, the candidate has developed several popular artificial intelligence-driven 

approaches and then investigated to decode error correction codes (ECC). A systematic and 

comprehensive comparative strategy has been undertaken to investigate the merits and demerits 

involving both machine and deep learning (ML/DL) technologies for bit-wise decoding of 

binary linear block codes. All the technologies considered are known for prediction and 

recognition problems. The paper considers the complexity of the problem, the error-rate 

performance, and the overall computational time. The efficacy of the comparison 

methodologies are assessed using the benchmark codes: the extended binary Golay and the 

Hamming code. The practicality of the study is advocated through performance evaluation 

using block error rate (BLER) and power efficiency metrics, including the illustrated error-rate 

simulations over varying levels of Signal-to-Noise Ratio (SNR) for the designated 

communication channel. The authors discuss our analysis through the correlation of  SNR 

selections for model training, and the choice of comparative models from an ensemble of 

ML/DL models. In the proposed model setting, (LSTM) gives the best comparative results 

(showing BLER ≈ 0.175, ≈ 0.076, ≈ 0.0332, ≈ 0.0129, ≈ 0.0037, and ≈ 0.0003, with the 

Hamming code), and also reached the theoretical optimum (BLER ≈ 0.315, ≈ 0.0656, ≈ 0.0065, 

≈ 0.0008, and ≈ 0.0002 for SNR 0-5 with the Golay code) compared to the  CLSTM, CNN, OS-

ELM, and ELM models. This makes the work a good starting point towards the possibility of 

future research for longer codes and implementation of the best practices for a robust and 

resilient architecture. This may offer a powerful toolkit to facilitate quick learning and feature 

analysis to autonomously generate robust receiver algorithms. The improvements made can 
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enable reliable and uninterrupted radio communications for longer codes that may be 

challenging to decode efficiently with traditional error correction techniques. 

B.2 Research Highlights 

• To address the literature gap and propose a feasible, practical, and computationally 

efficient ML/DL architecture after comparing with several approaches to minimize loss 

function (e.g., block error rate BLER). 

• To develop several models for error correction that may be standalone such as extreme 

learning machine (ELM), online sequential extreme learning machine (OS-ELM), etc., 

or hybrid such as integrating a convolutional neural network (CNN) with LSTM 

generating a hybrid convolutional-LSTM (C-LSTM) method. 

• Generate low error rate performance and secondly, evaluate all the algorithms through 

BLER metrics at various Signal to Noise Ratios (SNR) for the benchmark codes: Binary 

extended Golay Code (24,12) and Hamming Code (7,4). 

• Suggest which of the comparative architecture may be considered by future studies and 

used effectively with longer error correction codes. The developed ML/DL architectures 

are designed by setting ‘N’ nodes at the output layer to make the decoder implementable 

for larger and relatively complex codes. The proposed framework after comparison is 

likely to be competitive with the current state-of-the-art framework in improving the 

transmission reliability of communication systems. 

• To compare best practices and procedures by evaluating all ML/DL models’ efficacy 

through visual and statistical metrics on tested data sets. 

• To investigate whether any of the comparative architectures can offer a powerful 

unified toolkit to facilitate the development of computationally efficient and practically 

implementable ML/DL-based decoding algorithms for codes such as Polar codes and 

low-density parity-check (LDPC) codes that may be challenging to handle with the 

existent techniques in the literature.  

B.3  Under Review Appendix Article II 

 

 


